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Abstract

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder that requires early
and accurate diagnosis to improve patient outcomes. In this paper, an attention-enhanced
hybrid deep learning (DL) framework is proposed that combines Convolutional Neural
Network (CNN) and Swin Transformer (Swin-T) architectures for multi-class Alzheimer’s
classification. The proposed model integrates an attention mechanism to enhance feature
representation and improve classification performance. Experiments are conducted on a
dataset containing three classes: Mild Demented, Very Mild Demented, and Non-Demented.
To improve the model’s generalization, data augmentation techniques are applied to en-
hance the model’s performance. Additionally, three explainable artificial intelligence (XAI)
techniques are employed, including Grad-CAM++, Integrated Gradients, and Saliency
maps, to interpret the model’s predictions and to provide visual insights into decision-
making processes. The proposed attention-enhanced hybrid CNN–Swin-T model achieves
a testing accuracy of 99.92% and reaches 99.71%, 99.73%, and 99.72%, for precision, recall,
and F1-score, respectively. The hybrid CNN–Swin-T with attention outperforms three
implemented models: baseline CNN, standalone Swin-T, and hybrid CNN–Swin-T. The
explainability results validate the proposed model’s focus on relevant regions, increasing
trust in automated diagnosis systems. Finally, a comparative analysis with an ablation
study is presented to demonstrate that the integration of the attention mechanism with
a hybrid CNN–Swin-T architecture leads to the highest performance and more reliable
predictions compared to the other three models.

Keywords: Alzheimer’s disease; deep learning; CNN; swin transformer; attention
mechanism; explainable AI; medical image classification; data augmentation

1. Introduction
AD is a progressive neurodegenerative disorder and one of the leading causes of

dementia worldwide, affecting millions of individuals and posing a significant global
health challenge. The disease is marked by a progressive deterioration in cognitive abilities,
including memory impairment and reduced reasoning skills, and behavioural changes [1],
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which severely impact patients’ ability to perform daily activities independently. With
the continuous aging of the global population, the prevalence of AD is projected to rise
substantially, increasing the strain on healthcare systems. Early and accurate diagnosis is
therefore essential for enabling timely intervention, improving patient management, and
potentially slowing disease progression. In this regard, medical imaging techniques, partic-
ularly brain scans, play a crucial role in identifying structural and functional abnormalities
associated with different stages of AD, providing valuable support for clinical diagnosis [2].
As shown in Figure 1, there are several causes that lead to AD for individuals, such as age,
smoking, head injury, genetics, diabetes, depression, obesity, and cardiovascular disease.

 
Figure 1. Alzheimer’s disease causes.

In recent years, DL techniques have demonstrated remarkable success in medical
image analysis [3,4], offering automated and highly accurate solutions for disease detection
and classification. Convolutional Neural Networks (CNNs) have been extensively utilized
because of their strong capability to extract local spatial features effectively and hierarchical
patterns such as edges, textures, and shapes [5]. However, CNN-based models are inher-
ently limited in modeling long-range dependencies and broader contextual relations within
images. In other words, the CNNs are limited in capturing global contextual information.
To address this limitation, transformer-based architectures, such as the Swin-T, have been
presented. The Swin-T utilizes a hierarchical structure with shifted windows to efficiently
capture global information [6]. As a result, hybrid approaches have emerged as a promising
direction, enabling more comprehensive feature representation and improved performance
in complex medical imaging tasks.

Despite these advancements, several challenges continue to hinder the development
of reliable and clinically applicable models for AD classification. The limited availabil-
ity of well-annotated medical datasets can negatively affect model generalization and
robustness [7–9]. To address these challenges, this paper proposes a hybrid CNN–Swin-T
framework enhanced with an attention mechanism. Additionally, XAI techniques are
incorporated to provide visual and interpretable insights into the model’s decision-making
process. Experiments are conducted on a publicly available Alzheimer’s dataset obtained
from Kaggle [10].

Research Problem: Accurate classification of AD stages from medical images remains a
highly challenging task due to the subtle and complex variations between different disease
categories, such as Mild Demented, Very Mild Demented, and Non-Demented [11]. These
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classes often exhibit overlapping visual characteristics, making it difficult for automated
systems to distinguish between them with high precision. Furthermore, variations in
image quality, noise, and limited dataset size introduce additional complexity, leading to
inconsistent model performance across classes. In addition to these limitations, the lack of
interpretability in many existing DL models presents a significant barrier to their clinical
adoption. DL systems often provide predictions without clear explanations, reducing trust
among healthcare professionals and restricting the adoption of such models in real-world
clinical environments. Therefore, there is a need for a robust and interpretable framework
that can effectively combine local and global feature learning while providing meaningful
insights into its predictions.

Research Motivation: The motivation behind this paper arises from the need to develop
accurate, reliable, and interpretable automated systems for AD classification. While DL
approaches have achieved promising results, there is still a need for models that balance
high performance with transparency in decision-making. In clinical practice, interpretabil-
ity is essential, as medical professionals require clear explanations to support diagnostic
decisions [12,13]. This paper is motivated by the potential of combining complementary
DL paradigms into a unified hybrid framework. By integrating the CNN with Swin-T
architectures, the proposed approach aims to leverage their strengths while overcoming
their individual limitations. Furthermore, incorporating an attention mechanism improves
the model’s ability to concentrate on the most relevant regions within input images. Further,
XAI methods are employed to provide visual interpretations of the model’s predictions [14].
By combining hybrid modeling, attention mechanisms, data augmentation, and explain-
ability, this paper aims to develop a comprehensive and clinically applicable solution for
AD diagnosis.

Research Gap: Despite the significant progress in AD classification using DL techniques,
several critical gaps still persist in the existing literature. Many studies depend on either
CNNs or transformer-based models independently, without fully exploiting their com-
plementary strengths through a unified hybrid architecture. The integration of attention
mechanisms within CNN–Transformer hybrid models has been limited, reducing the ability
of models to effectively prioritize the most relevant features. Also, most existing approaches
don’t focus on the model’s interpretability, particularly through XAI techniques. There
is also a shortage of holistic frameworks that simultaneously combine hybrid modeling,
attention mechanisms, and XAI within a single pipeline. Moreover, the combined impact
of data augmentation, hybrid architectures, and attention-based learning on classification
performance has not been sufficiently explored. These limitations highlight the need for a
more integrated and interpretable approach to AD classification.

Research Contribution: To address the aforementioned challenges and bridge the identi-
fied research gaps, this paper proposes a comprehensive framework for AD classification.
The proposed approach integrates the strengths of convolutional and transformer-based
architectures, enhanced with an attention mechanism to improve feature representation and
classification performance. Also, it applies three XAI techniques. Also, data augmentation
methods are employed to enhance model generalization on limited datasets.

The contributions of this paper are the following:

• Proposing a novel framework that integrates CNN and Swin-T architectures and
incorporates an attention mechanism within this hybrid CNN–Swin-T to enhance
feature selection and improve classification performance.

• Integrating multiple XAI techniques: Grad-CAM++, Integrated Gradients, and
Saliency Maps to provide interpretability of the model’s decisions, which is essential
for clinical applicability.
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• Developing a comprehensive pipeline that jointly combines hybrid modeling, attention
mechanisms, and XAI, which has not been sufficiently explored in prior work.

• Applying data augmentation techniques to improve model generalization and ro-
bustness on limited medical imaging data. Further, demonstrating that the proposed
approach achieves superior performance while maintaining interpretability makes it
more suitable for real-world clinical applications.

• Performing a detailed comparative analysis of four models: CNN, Swin-T,
CNN + Swin-T, and the proposed CNN + Swin-T + Attention model.

The rest of the paper is organized as follows. Section 2 presents related works in
Alzheimer’s disease classification using DL techniques. Section 3 describes the proposed
methodology, including model architectures, data preprocessing, and training configura-
tion. Section 4 introduces the performance evaluation methods used to assess the models.
Section 5 presents the experimental results and performance analysis. Section 6 provides
a detailed discussion of the findings, including model performance and interpretability.
Finally, Section 7 concludes the paper and highlights potential directions for future research.

2. Related Works
Several recent studies have explored AD classification using DL and medical imaging

techniques, highlighting the importance of accurate, reliable, and early-stage diagnosis.
These approaches have utilized various models, including CNNs and transformer-based
architectures, to improve classification performance. However, challenges such as limited
interpretability, accuracy, subtle inter-class variations, and the need for more effective
feature representation remain critical issues, motivating the development of more advanced
and integrated frameworks.

Velu, K. and Jaisankar, N. [15] proposed a hybrid architecture based on convolution
operations and transformers that integrated EfficientNet-B0 with a Swin-T and attention
fusion mechanisms for AD classification using the OASIS MRI dataset. A DCGAN was
employed to address class imbalance, and Grad-CAM was used to enhance the model’s
interpretability. However, it achieved a maximum accuracy of 95.3%, demonstrating a
robust capability in capturing both local and global features, and the approach relied
on 2D MRI slices rather than volumetric data and introduced significant computational
complexity, which may limit its clinical applicability.

Mohsen, S. et al. [16] proposed a hybrid DL model combining ResNext101 with a
Swin-T and incorporating multiple XAI methods, for instance, Grad-CAM, LIME, and
saliency maps. Using a Kaggle MRI dataset of 6400 images, the model reached a testing
accuracy of 98.83%. The study demonstrated the effectiveness of this model in improving
its classification performance and interpretability. Nevertheless, the model remained
computationally expensive, and issues related to class imbalance and limited external
validation were identified.

Alhumaid et al. [17] presented a combination of EfficientNet-B0, and Swin-T with an
attention fusion mechanism to classify medical images using a clinical CT dataset. This
model obtained a total accuracy of 95.83%, showing robust feature fusion capabilities.
However, the study was not Alzheimer-specific and relied on CT imaging rather than MRI,
which limited its direct relevance to AD diagnosis. The dataset size was relatively small,
potentially affecting generalizability.

In [18], a comprehensive survey was conducted covering CNNs, Vision Transformers,
hybrid architectures, and XAI techniques for medical image analysis. The study provided
a detailed taxonomy of existing methods and highlighted challenges, e.g., model inter-
pretability, data scarcity, and computational complexity. While this survey offered valuable
insights, it didn’t propose a model or experimental validation.
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Erdoğmuş, P. et al. [19] proposed a hybrid of CNN and Vision Transformer (ViT)
framework integrated with a LightGBM classifier and Grad-CAM interpretability using
MRI data combined with demographic information. The model reached a testing accuracy
of 96.83% and illustrated improved classification efficiency through multimodal data inte-
gration. However, the approach introduced additional pipeline complexity and depended
on external demographic data, which may limit its scalability and generalization.

Anzum, H. et al. [20] presented a transformer-based model incorporating LIME ex-
plainability using multimodal MRI and RNA data. The model achieved a reported accuracy
of up to 99%, demonstrating the effectiveness of combining imaging and biological data.
Despite its robust performance, the reliance on the RNA data reduced its practicality in
real-world clinical settings, where such data may not be readily available.

Hussain et al. [21] applied a hybrid CNN–Swin-T model to MRI data for Parkinson’s
disease classification, achieving an accuracy of 96%. The study demonstrated effective
fusion of local and global features. However, the model was not specifically designed for
AD, limiting its direct applicability.

Alorf [22] implemented a hybrid CNN and transformer-based architecture using
ADNI rs-fMRI data combined with clinical features. The model achieved a 96% ac-
curacy and demonstrated robust performance in multiclass classification tasks. How-
ever, the requirement for multimodal data increased the complexity and may limit real-
world deployment.

Almansour et al. [23] proposed a deformable attention vision transformer (DA-ViT)
for AD classification using MRI data. This model reached a total testing accuracy of
80.31% and focused on improving computational efficiency through deformable attention
mechanisms. However, the absence of CNN-based feature extraction limited its abil-
ity to capture fine-grained local features, resulting in lower performance compared to
hybrid models.

Saqib et al. [24] presented a Bidirectional Encoder representation from Image Trans-
formers (BEiT) combined with generative adversarial networks (GANs) and XAI techniques
for AD classification utilizing MRI data. The model achieved an accuracy of approximately
96%, with robust F1-scores indicating high classification performance. The integration of
GANs helped in mitigating class imbalance, while the transformer backbone improved
global feature extraction. However, the inclusion of GAN significantly increased training
complexity and computational cost and introduced instability during optimization.

Hussain et al. [25] introduced EffResNet-ViT, a fusion-based model combining
EfficientNet-B0 and ViT for explainable medical image classification. The model achieved a
high accuracy of 99.31% on MRI datasets and 92.54% on retinal scans. The use of Grad-CAM
enhanced the interpretability by highlighting critical regions influencing predictions. De-
spite its high performance, the model was not Alzheimer-specific and introduced additional
computational overhead due to dual-architecture fusion.

In [26], Qezelbasha-Chamak and Hicklin proposed ConvTransFusion, which was a
hybrid architecture combining ConvNeXt and Swin-T using a learnable dual-attention
mechanism. Although the exact accuracy was not explicitly stated, the model demonstrated
superior performance across multiple medical imaging datasets. The approach effectively
integrated channel and spatial attention for improved feature representation. However,
the increased architectural complexity and computational requirements may limit real-
time deployment.

Yao et al. [27] developed an interpretable transformer (IT) model integrating PET and
MRI data for AD prediction. While exact accuracy values were not explicitly stated, the
model demonstrated improved diagnostic performance across evaluation benchmarks.
The use of multimodal data enhanced both functional and structural representation of
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brain activity. However, it depended on PET imaging, which increased cost and reduced
scalability in clinical settings.

Alsubaie et al. [28] presented a hybrid 3D CNN–ViT with a Bidirectional Feature
Pyramid Network (BiFPN), achieving an accuracy of 92% on ADNI MRI datasets. The
model effectively captured volumetric features and multiscale representations, improving
classification robustness. However, the use of 3D data significantly increased computational
requirements and memory consumption.

Almalki et al. [29] conducted a comparative study analyzing CNN, ViT, and Swin-T
models under both balanced and imbalanced datasets. The study reported accuracies
up to 99% for ViT and 97% for CNN models, highlighting the impact of data imbalance
on performance. The findings emphasized the importance of model selection and data
preprocessing; however, no hybrid solution was proposed.

Gan et al. [30] introduced a Dense Attention Network (DANet), which was a CNN-
based architecture incorporating linear attention mechanisms for effective AD classification
using 3D MRI data. The model achieved high AUC performance with above 90% while
maintaining a lower parameter count. Despite its efficiency, the absence of transformer-
based global modeling limited its ability to extract long-range dependencies.

Li et al. [31] implemented a ViT-based model (Vi-ADiM) with SHAP and Grad-CAM++
explainability, achieving improved performance over baseline ViT models. The model
reduced parameters by approximately 48.96% and computational cost (FLOPs) by 49.65%,
while maintaining competitive accuracy. However, the lack of CNN integration limited the
capability of local feature extraction.

Dessain et al. [32] designed a Swin-T-based model for AD classification using diffusion
MRI data. This model obtained a maximum accuracy of 95.2% for dementia classification
and approximately 79.6% for amyloid classification. The approach demonstrated robust
hierarchical feature extraction and explainability using Grad-CAM. However, it relied on
diffusion MRI, which limits accessibility, and the absence of CNN components reduced the
sensitivity of local features.

3. The Proposed Methodology
In this Section, we present the overall workflow, including the architecture of the

proposed attention-enhanced hybrid CNN–Swin-T model and the other three implemented
models: CNN, Swin-T, and hybrid CNN–Swin-T. Also, this section offers the description of
the utilized dataset, techniques of data preprocessing and augmentation, and XAI methods:
Grad-CAM++, Integrated Gradients, and Saliency Maps, and experimental setup with the
capabilities of the used hardware.

3.1. Overview and Workflow Architecture

Figure 2 illustrates the overall workflow of the proposed work, including data prepro-
cessing, models, XAI techniques, and evaluation metrics. The AD classification framework
follows a structured pipeline designed to ensure accurate and interpretable predictions. The
process begins with data acquisition, where a publicly available Alzheimer’s dataset [10]
obtained from the Kaggle repository is utilized. The dataset consists of brain images cat-
egorized into three classes: Mild Demented, Very Mild Demented, and Non-Demented.
This workflow illustrates the end-to-end process, including data preprocessing and model
training for evaluation and explainability analysis. In the initial stage of the workflow, all
input images undergo preprocessing to ensure consistency and optimal model efficiency.
Specifically, the images are resized to a fixed dimension of 224 × 224 pixels to fit the input
requirements of both CNN and Swin-T architectures. The pixel values are normalized
through rescaling to improve training stability and convergence. To enhance model general-
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ization and mitigate the limitations of a relatively small dataset, various data augmentation
techniques are applied, including transformations such as flipping, rotation, and scaling.
These augmentation strategies increase data diversity and help reduce overfitting. Follow-
ing preprocessing, the dataset is split into training and testing sets to assess the models’
efficiency effectively. The proposed work includes four DL architectures: a standalone CNN
model, a Swin-T model, a hybrid CNN–Swin-T model, and an attention-enhanced hybrid
CNN–Swin-T model. The CNN component focuses on extracting local spatial features,
while the Swin-T captures global contextual relationships within the images. In the hybrid
CNN–Swin-T, these complementary features are combined to form a more comprehensive
representation. To further improve feature learning, an attention mechanism is integrated
into the hybrid CNN–Swin-T model. This attention mechanism enables the network to
concentrate on the most relevant regions in the MRI images, enhancing discriminative fea-
ture extraction and improving classification accuracy. The final classification layer assigns
each input image to one of the three AD categories. Model evaluation is performed via
standard metrics, including accuracy, recall, precision, and F1-score, to guarantee a thor-
ough evaluation of classification performance. Also, the system incorporates XAI methods:
Grad-CAM++, Integrated Gradients, and Saliency maps, to provide visual interpretations
of the model’s predictions. These techniques highlight important regions in the images
that contribute to the classification decision, enhancing model transparency and reliability.
Finally, the proposed workflow includes a comparative analysis across all implemented
models to demonstrate the effectiveness of the attention-enhanced hybrid CNN–Swin-T
approach. The results show that the proposed hybrid CNN–Swin-T integrated with an
attention mechanism achieves superior performance while maintaining interpretability,
making it suitable for practical medical applications.

Figure 2. Overall workflow of the proposed work.
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3.2. Dataset

The Alzheimer’s dataset utilized in this paper is obtained from a publicly available
source on Kaggle repository [10] and consists of brain MRI images categorized into three
classes: Non-Demented, Mild Demented, and Very Mild Demented. The dataset includes a
total of 6336 images, with 3200 images belonging to the Non-Demented class, 896 images
to the Mild Demented class, and 2240 images to the Very Mild Demented class.

The dataset exhibits a moderate class imbalance, particularly in the Mild Demented
category, which contains significantly fewer samples compared to the other classes. This
imbalance introduces additional challenges for training DL models, as it may bias the
learning process toward majority classes if not properly handled.

The images in the dataset represent brain structures associated with different stages of
AD and include variations in anatomical patterns across classes. These variations are often
subtle, especially between Mild Demented and Very Mild Demented cases, making the clas-
sification task more complex. Such characteristics make the dataset suitable for evaluating
the performance of advanced DL models in multi-class medical image classification.

To ensure consistency and compatibility with the employed DL architectures, all
images are resized to 224 × 224 pixels during preprocessing. The dataset is split into
training and testing sets, where 80% of the samples are allocated to train models, and the
remaining 20% are set aside for assessment. This split ensures that the models are trained
on a representative portion of the dataset while being evaluated on unseen data to assess
their generalization capability. Figure 3 illustrates the distribution of the dataset across
the three classes, which shows class imbalance between Non-Demented, Mild Demented,
and Very Mild Demented categories, while Figure 4 presents representative sample images
from each category.

Figure 3. Distribution of samples across the three classes in the Alzheimer’s dataset.

3.3. Data Processing and Augmentation

To enhance the performance and generalization capability of the proposed models, a
comprehensive data preprocessing and augmentation strategy is employed. Initially, all
input images are resized to a fixed resolution of 224 × 224 pixels to guarantee compatibility
with both CNN and Swin-T architectures. The pixel values are normalized to improve
training stability, accelerate convergence, and prevent issues related to varying intensity
scales across images.
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(a) (c) (e) 

(b) (d) (f) 
Figure 4. Representative samples of MRI images from the Alzheimer’s dataset: (a,b) Non-Demented;
(c,d) Mild Demented; and (e,f) Very Mild Demented.

Given the limited size and inherent class imbalance of the original dataset, data
augmentation plays a critical role in improving model robustness. The original dataset
exhibits class imbalance, with the Mild Demented category containing significantly fewer
samples compared to the Non-Demented and Very Mild Demented categories. Such
an imbalance can negatively impact model performance by biasing predictions toward
majority classes. To address this issue, data augmentation methods are applied to the
training set to increase the number of samples in each class and improve dataset balance.

So, these data augmentation techniques are utilized to artificially expand the dataset
and introduce variability in the training samples. Specifically, for each original image,
five additional augmented images are generated using a combination of geometric and
spatial transformations. These transformations include controlled rotation, width and
height shifting, shear transformation, zooming, and horizontal flipping. Such operations
simulate real-world variations and enable the model to learn invariant and discriminative
features, thereby reducing overfitting and enhancing generalization. This approach helps
in mitigating bias toward majority classes and enhances the model’s ability to correctly
classify underrepresented categories, particularly the Mild Demented class.

The impact of the augmentation process on dataset size and class distribution is
summarized in Table 1, where a significant increase in the number of training samples can
be observed across all classes. This expansion not only improves data diversity but also
helps in mitigating class imbalance, particularly for the Mild Demented category, which
originally contained fewer samples. As a result, the augmented dataset provides a more
balanced and representative training set for the DL models.

Table 1. Dataset distribution before and after augmentation.

Class Number of
Original Images

Number of Images After
Data Augmentation

Non-Demented 3200 19,200
Mild Demented 896 5376

Very Mild Demented 2240 13,440
Total Samples of the Dataset 6336 38,016

https://doi.org/10.3390/computers15060361

https://doi.org/10.3390/computers15060361


Computers 2026, 15, 361 10 of 38

The specific augmentation techniques and their corresponding parameter values
are detailed in Table 2. These parameters are carefully selected to introduce meaningful
variations without distorting the underlying medical features of the images. By maintaining
a balance between augmentation intensity and data integrity, the proposed preprocessing
pipeline ensures that the generated samples remain realistic and clinically relevant.

Table 2. Data augmentation parameters.

Data Augmentation Technique Value

Rotation Range 20◦

Width Shift Range 0.08
Height Shift Range 0.08

Shear Range 0.08
Zoom Range 0.08

Horizontal Flip Enabled
Fill Mode Nearest

Augmented Images Per Input 5

Overall, the combination of image resizing, normalization, and targeted data aug-
mentation contributes significantly to improving the model’s performance, stability, and
generalization capability, making the proposed framework more effective for AD classifica-
tion. The dataset is divided into training and test sets at the patient level, meaning that all
MRI scans from a given patient are included entirely in either the training set or the test set,
without any overlap between the two. This strategy ensures that the models are assessed
on previously unseen patients.

3.4. The Architecture of Proposed Models

This paper presents four different DL architectures for AD classification: CNN, Swin-T,
a hybrid CNN–Swin-T model, and the proposed attention-enhanced hybrid model. Each
model is designed to capture different aspects of feature representation, including local
spatial features, global contextual information, and attention-based feature prioritization.

3.4.1. Convolutional Neural Network (CNN) Model

The CNN is employed as a baseline model due to its effectiveness in extracting local
spatial features from images [33]. CNNs utilize convolutional layers to learn hierarchical
feature representations, where lower layers capture basic patterns such as edges and
textures, and deeper layers extract more complex structures [34]. The convolution operation
can be mathematically expressed as:

Y(i, j) = ∑m∑n
X(i + m, j + n) · K(m, n) (1)

where X represents the input image, K is the convolution kernel, and Y is the resulting
feature map. After convolution, activation functions such as ReLU are applied:

f (x) = max(0, x) (2)

The pooling layers are then used to reduce spatial dimensions and retain
important features:

Y = max(X) (3)
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Finally, fully connected layers are used for classification, followed by a
softmax function:

P(zi) =
ezi

∑j=1 ezj
(4)

As illustrated in Figure 5, the implemented CNN architecture consists of three convo-
lutional “Conv” layers, three batch normalization layers, three ReLU activation functions,
two max-pooling layers, one adaptive average pooling layer, three dropout layers, and one
fully connected layer “linear layer” for final classification. The kernel size of all three Conv
layers is 3 × 3, while the number of kernels is 32, 64, and 128 for the first, second, and third
Conv layers, respectively. Each Conv-layer includes one zero-padding layer. The pool size
of the two max-pooling layers is 2 × 2, while the pool size of the adaptive average pooling
layer is 1 × 1. The adaptive average pooling layer automatically adjusts the pooling kernel
size and stride according to the input feature-map dimensions and the desired output size.
Unlike conventional average pooling, where the kernel and stride are fixed manually. The
three dropout layers have different dropout rates of 0.25, 0.3, and 0.4 for the first, second,
and third layers, respectively. The linear layer as output has three neurons, which are
activated by the softmax activation function.

Figure 5. The implemented CNN architecture.

3.4.2. Swin Transformer (Swin-T) Model

The Swin-T is a hierarchical vision transformer that captures both global and local
dependencies using a shifted window mechanism [35]. Unlike standard transformers, it
computes self-attention within local windows and shifts these windows across layers to
enable cross-window interactions. The self-attention mechanism is represented as:

Attention(Q, K, V) = Softmax
(

QKT
√

dk

)
V (5)

where K, Q, and V represent key, query, and value matrices, respectively, while dk is the
dimension of key vectors. Dividing by a square root of the dk to normalize attention scores,
which makes more stable gradients during training, therefore improving the model’s
performance. The Swin-T introduces window-based multi-head self-attention (W-MSA)
and shifted window attention (SW-MSA), enabling efficient computation while preserving
global context [36]. As shown in Figure 6, the Swin-T architecture processes input images
through patch partitioning, linear embedding, and hierarchical transformer blocks to
generate feature representations.
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Figure 6. The implemented Swin-T architecture: (a) Swin-T architecture; (b) internal structure of a
Swin-T block; and (c) mechanisms of windows partitioning and shifting.

The Swin-T architecture processes the medical input images by dividing them into
non-overlapping small patches, which are flattened and embedded into feature vectors
for transformer input. As shown in Figure 6a, it consists of four hierarchical stages, each
including a Swin-T block followed by patch merging. The model uses self-attention inside
local windows, improving efficiency for high-resolution images, while the patch merging
reduces spatial size and increases feature depth. As the network progresses, it learns
increasingly abstract representations, with the final stage capturing high-level semantic
features for classification.

Figure 6b presents the internal structure of the Swin-T Block. Each block contains two
self-attention mechanisms: W-MSA and SW-MSA. The W-MSA calculates attention within
fixed local windows, reducing computational cost, while the SW-MSA shifts window posi-
tions to enable cross-window interactions. Both are combined with Layer Normalization,
MLP layers with GELU activation, and residual connections to enhance learning stability
and non-linearity. This dual-attention design allows the Swin-T model to extract both
global and local dependencies efficiently. The feature extraction process across succes-
sive Swin-T blocks is mathematically formulated in Equations from (6) to (9) [16], where
Sl+1 and Sl represent the outputs of the W-MSA and SW-MSA modules with respective
MLP layers. By integrating both SW-MSA and W-MSA, each Swin-T block efficiently
extracts fine-grained local features as well as long-range dependencies, while preserving
computational efficiency.

As shown in Figure 6c, the Swin-T employs window partitioning and cyclic shifting,
where windows are shifted between layers to connect neighboring regions. Cyclic padding
ensures proper alignment after shifting. This mechanism enables effective extraction of
multi-scale features along with modeling of long-range dependencies, making the Swin-T
well-suited for high-resolution medical imaging tasks such as AD analysis.

Sl = MLP
(

LN
(

Ŝ
l
))

+ Ŝ
l

(6)

Sl+1 = MLP
(

LN
(

Ŝ
l+1

))
+ Ŝ

l+1
(7)
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Ŝ
l
= W−MSA

(
LN

(
Sl−1

)
) + Sl−1 (8)

Ŝ
l+1

= SW−MSA
(

LN
(

Sl−1
)
+Sl−1

)
(9)

3.4.3. Hybrid CNN–Swin-T Model

To leverage the strengths of both CNN and transformer architectures, a hybrid CNN–
Swin-T model is implemented. In this architecture, the CNN component extracts local
spatial features, while the Swin-T captures global contextual information. Let FCNN and
FSwin-T denote the feature representations from CNN and Swin-T, respectively. The com-
bined feature representation Fhybrid is defined as follows:

Fhybrid = FCNN ⊕ FSwin−T (10)

where ⊕ represents feature concatenation. The fused features are then passed through
a fully connected output layer for classification, activated by Softmax to generate the
output y:

y = Softmax
(

W · Fhybrid + b
)

(11)

This hybrid approach enables the model to extract both fine-grained local details
and long-range dependencies [37]. As illustrated in Figure 7a, the hybrid architecture
integrates parallel CNN and Swin-T branches, followed by feature fusion and classification
layers. This architecture is designed in parallel to extract complementary feature repre-
sentations from the same input image. The feature fusion process is performed after the
independent feature extraction stages of both branches. The output feature maps from the
CNN encoder and the Swin-T encoder are transformed into compatible dimensions. The
resulting fused feature vector combines both local discriminative information and global
contextual representations.

  
(a) hybrid CNN–Swin-T without attention (b) hybrid CNN–Swin-T with attention 

Figure 7. (a) The implemented hybrid CNN–Swin-T architecture; and (b) the proposed attention-
enhanced hybrid CNN–Swin-T architecture.
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3.4.4. Attention-Enhanced Hybrid CNN–Swin-T Model

The proposed model extends the hybrid CNN–Swin-T architecture by incorporating
an attention mechanism to enhance feature selection, as shown in Figure 7b. The attention
module assigns weights to features, enabling the model to concentrate on the most relevant
regions of the input image. The attention mechanism can be formulated as follows:

Fatt = α · Fhybrid (12)

Fatt is the output of the attention mechanism, while α represents the attention weights
learned during training. These weights are computed using:

α = Softmax
(

Wa · Fhybrid + ba

)
(13)

The attention-enhanced features are then used for final classification:

y = Softmax(W · Fatt + b) (14)

This attention mechanism enhances the model’s ability to prioritize discriminative
features, particularly in challenging cases with subtle differences between classes. As
shown in Figure 7b, the proposed architecture integrates CNN and Swin-T components
with an attention module, followed by classification layers. The attention mechanism
consists of a dense layer, followed by a batch normalization with a ReLU activation, then
a dropout layer, and finally the output. The feature extraction process in the proposed
architecture culminates in a classification head designed to map the learned representations
into multi-class predictions corresponding to AD stages. The extracted feature maps
from the hybrid CNN–Swin-T architecture are first transformed into a compact feature
vector through global pooling operations, which aggregate spatial information while
reducing dimensionality.

The resulting feature vector is then passed through fully connected layers to perform
high-level feature integration. Specifically, a dense layer with 512 neurons is employed
to combine local and global features extracted from the previous stages. To enhance the
training stability and prevent overfitting, batch normalization is applied, followed by L2
regularization to constrain the magnitude of learned weights.

To enhance generalization, dropout regularization with a probability of p = 0.5 is intro-
duced, randomly skipping neurons during learning. This approach decreases the model’s
reliance on specific features and helps prevent overfitting, especially given the limited
size of medical imaging datasets. For classification, the final output layer is represented
by a fully connected layer with three output neurons corresponding to the three classes:
Non-Demented, Mild Demented, and Very Mild Demented. A softmax activation function
is added to transfer the output logits into class probabilities, as defined in Equation (4),
where C = 3 represents the number of classes, and zi denotes the output of the final layer
for the class i.

The predicted class is determined by selecting the class with the highest probability:

ŷ = argmaxP(zi)
i

(15)

This classification framework ensures that the model effectively integrates the ex-
tracted features and produces reliable multi-class predictions for AD classification.
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3.4.5. Model Comparison Strategy

To assess the effectiveness of the proposed work, a comparative analysis is conducted
across the four models: CNN, Swin-T, hybrid CNN–Swin-T, and the proposed attention-
enhanced hybrid CNN–Swin-T model. Each model is trained and evaluated under the
same conditions to ensure a fair comparison. The comparison focuses on: (1) Classification
performance (accuracy, recall, precision, and F1-score); (2) Model robustness; and (3) the
Interpretability through XAI techniques.

3.5. Optimization Strategy and Training Configuration

The proposed four models are optimized via the Adaptive Moment Estimation (Adam)
optimizer, which is widely adopted in DL due to its ability to combine the advantages
of both momentum and adaptive learning rate methods. A learning rate of α = 1 × 10−5

is selected to ensure stable convergence while maintaining sufficient learning capacity.
This relatively low learning rate helps prevent oscillations during training and allows
the model to gradually refine its parameters, which is particularly important for complex
hybrid architectures.

Since the task involves multi-class classification of AD stages, the categorical cross-
entropy loss function L is employed as the optimization objective. This loss function is
convenient for multi-class issues and provides smooth gradients for effective optimization.
It is defined as follows:

L = −
C

∑
i=1

yilog2ŷi + (1 − yi)log2(1 − ŷi) (16)

where C represents the number of classes, ŷi is the ground truth label, and yi is the predicted
probability for the class i. The training process is conducted over 30 epochs, with continuous
monitoring of validation performance to prevent overfitting and ensure optimal model
generalization. The dataset is divided into training and testing subsets, enabling the model
to be evaluated on unseen data at each epoch.

To prevent overfitting and improve generalization, an early stopping mechanism is
employed based on validation performance, with a patience of 5 epochs. Training is termi-
nated when no improvement in validation loss is observed over consecutive epochs. The
batch size of images is 32 during the training phase. The hyperparameter settings used for
training all models are summarized in Table 3, ensuring reproducibility and transparency
of the experimental setup. The computational complexity analysis revealed variations in
both training time and model size across the evaluated architectures. The standalone CNN
model required approximately 20 min for training with data augmentation and contained
94,851 trainable parameters. In comparison, the Swin-T model exhibited a higher computa-
tional cost, requiring approximately 180 min of training time with 27,522,090 parameters.
The hybrid CNN–Swin-T architecture slightly increased the computational complexity,
resulting in a training time of approximately 190 min and 27,619,757 trainable parameters.
The proposed attention-enhanced hybrid CNN–Swin-T model achieved the highest com-
putational efficiency, requiring approximately 200 min of training time while increasing the
number of trainable parameters to 27,754,182.

To comprehensively evaluate the models’ performance, multiple assessment metrics
are applied, including accuracy, recall, precision, and F1-score. Accuracy measures the
total correctness of predictions, while recall and precision provide insights into class-wise
performance. The F1-score balances precision and recall, offering a more robust evaluation
in the presence of class imbalance.
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Table 3. Hyperparameter settings used in the training phase.

Parameter Value

Batch Size 32
Number of Epochs 30

Learning Rate 1 × 10−5

Optimizer Adam
Loss Function Categorical Cross-Entropy

Input Image Size 224 × 224
Dropout Rate 0.5

Weight Regularization L2 Regularization
Early Stopping Patience = 5

Data Augmentation Enabled
Augmented Images for Each Original Image 5

This optimization strategy ensures stable training, efficient convergence, and reliable
performance across all evaluated models, supporting the development of an accurate and
generalizable AD classification framework.

3.6. Explainable Artificial Intelligence (XAI)

XAI techniques play a critical role in enhancing the transparency and reliability of
DL models, particularly in medical imaging applications [16]. Although DL models have
demonstrated high performance in classification tasks, they are often considered black-
box systems, making it difficult to interpret how predictions are generated. In clinical
environments, interpretability is essential to ensure trust and support decision-making by
healthcare professionals. Therefore, this paper incorporates multiple XAI methods to gain
insights into the internal decision-making process of the proposed models.

To achieve this, three widely used XAI methods are employed: Grad-CAM++, Inte-
grated Gradients, and Saliency maps. These techniques are applied to all three implemented
models, including CNN, Swin-T, and hybrid CNN–Swin-T, and are also applied to the
proposed attention-enhanced hybrid CNN–Swin-T model, enabling a comprehensive inter-
pretability analysis. Each method provides a different perspective on feature importance,
allowing for a more thorough understanding of how the models process and classify
input images.

3.6.1. Gradient-Weighted Class Activation Mapping++ (GRAD-CAM++)

Grad-CAM++ is a visualization technique designed to highlight the regions of input
images that are most influential in determining the model’s prediction [38]. It extends
the original Grad-CAM approach by incorporating higher-order gradient information,
resulting in more precise localization of important regions.

The Grad-CAM++ computes the importance weights of feature maps by analysing the
gradients of the target class score with respect to the feature maps extracted from the final
convolutional layer. The class activation map is defined as follows:

Lc
Grad−CAM++ =

l

∑
k=0

αc
k Ak

ij (17)

αc
k =

∂yc

∂Ak
ij

(18)

where Ak
ij represents the k-th feature map and αc

k denotes the corresponding importance
weight for the class c. These weights are derived using partial derivatives of the class
score, enabling improved localization compared to traditional gradient-based methods.
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This technique provides a coarse localization map that identifies the most relevant regions
contributing to the classification decision, making it particularly useful for understanding
model focus in medical images.

3.6.2. Integrated Gradients

Integrated Gradients (IG) is a feature attribution method that assigns importance scores
to individual input features by accumulating gradients along a trajectory from a reference
(baseline) input to the actual input [39]. This approach addresses limitations of standard
gradient methods by providing more stable and theoretically grounded attributions. The
attribution for each input feature is computed as follows:

IGi(x) =
(
xi − x′i

)∫ 1

0

∂F(x′ + α(x − x′))
∂xi

dα (19)

where x is the input image, x′ is a baseline reference (such as a zero image), and F(x)
represents the model’s prediction function. The parameter α defines the interpolation
between the baseline and the input. The IG provides fine-grained pixel-level importance,
allowing for a detailed understanding of how each part of the input contributes to the
model’s prediction.

3.6.3. Saliency Maps

Saliency maps are one of the most fundamental gradient-based XAI techniques used to
identify the importance of individual input pixels with respect to the model’s prediction [16].
This method provides a straightforward way to visualize which regions of images have the
greatest influence on the output of a DL model. The core idea behind saliency maps is to
compute a gradient of the model’s output relative to input images. These gradients indicate
how sensitive the prediction is to small changes in each pixel. Formally, the saliency map
S(x) is represented as follows:

S(x) =
∣∣∣∣∂Fc(x)

∂x

∣∣∣∣ (20)

where F(x) represents the model’s output score for the target class, while x denotes the
input image, and ∂F(x)

∂x is the gradient of the output with respect to the input. The absolute
value of the gradient is taken to capture the magnitude of influence regardless of direction.
Pixels with higher gradient values are considered more important, as small changes in
these regions can significantly affect the model’s prediction.

In practice, the saliency map is computed by performing a backward pass through
the network, propagating gradients from the output layer to the input layer. The resulting
gradient map is then visualized as a heatmap, highlighting the most influential regions in
the image. This process does not require modification of the model’s architecture and can be
applied to any differentiable model. The saliency maps are particularly useful for providing
fine-grained, pixel-level explanations, enabling a detailed understanding of how the model
responds to local variations in the input. Unlike region-based methods, saliency maps
emphasize edges, textures, and subtle structural patterns that contribute to classification
decisions. However, it is important to note that saliency maps can be sensitive to noise and
may sometimes produce less smooth or less interpretable visualizations compared to more
advanced methods such as Grad-CAM++. Despite this limitation, they remain valuable
tools for understanding models’ behavior and complement other explainability techniques
within the proposed framework.
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3.6.4. The Proposed Explainability Framework

To ensure a comprehensive and systematic interpretation of model predictions, an
explainability framework is developed by integrating multiple XAI techniques within
the proposed pipeline. This framework is designed to provide consistent, reliable, and
comparative insights into how different models make classification decisions for AD.

The explainability process is applied after the training phase of each model, including
the CNN, Swin-T, hybrid CNN–Swin-T model, and the proposed attention-enhanced hybrid
CNN–Swin-T model. For consistency and fair comparison, the same set of input images
is used across all models when generating explainability visualizations. This ensures that
differences in interpretation are attributed to the models’ behavior rather than variations in
input data.

Within this framework, three complementary XAI techniques, Grad-CAM++, Inte-
grated Gradients, and Saliency maps, are employed to capture different aspects of models’
interpretability. The Grad-CAM++ provides coarse localization of important regions by
highlighting class-discriminative areas in the feature maps. The Integrated Gradients offer
fine-grained, pixel-level attribution by measuring the contribution of each input feature
relative to a baseline. The Saliency maps further complement this analysis by identifying
regions where small input variations significantly influence the model’s output.

By combining these three methods, the framework enables both global and local
interpretability. The global interpretability is achieved through region-based visualization
methods such as Grad-CAM++, while the local interpretability is supported by pixel-level
techniques such as Integrated Gradients and Saliency maps. This multi-perspective analysis
provides a more complete understanding of the models’ decision-making process.

The proposed framework is designed to support both model-wise and class-wise
analysis. In model-wise analysis, explainability outputs are compared across different
architectures to evaluate how each model focuses on relevant regions. In class-wise analy-
sis, representative samples from each class are analyzed to understand how the models
differentiate between disease stages. This dual-level analysis enhances the reliability of the
interpretability assessment. Overall, the proposed explainability framework ensures that
the models’ predictions are not only accurate but also transparent and interpretable. By
systematically integrating multiple XAI techniques and enabling consistent comparison
across the models, the framework contributes to building trust in DL-based systems for
medical image analysis and supports their potential adoption in clinical practice.

3.7. Experimental Setup

The development and evaluation of the proposed hybrid CNN–Swin-T workflow
with attention mechanisms are conducted within the Kaggle computational environment
using the Python programming language. The experimental setup leverages modern DL
frameworks and data processing libraries to ensure effective model training, reliable perfor-
mance evaluation, and reproducibility of results. The implementation requires integrating
multiple tools for data handling, visualization, and model development, enabling a com-
prehensive and structured experimental workflow. The detailed workflow configurations
used to conduct the experiments are summarized in Table 4.

Table 4. The configurations of workflow for the proposed work.

Component Specifications

IDE/Platform Kaggle Notebook Environment
Programming Language Python (version 3.10.0)

DL Framework PyTorch (version 2.10.0)
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Table 4. Cont.

Component Specifications

Libraries NumPy, OpenCV (cv2), PyTorch, TensorFlow, Keras,
Matplotlib, scikit-learn, and tqdm

Data Augmentation Keras ImageDataGenerator
GPU NVIDIA Tesla P100 (16 GB VRAM)
CPU Intel Xeon CPU (2.3 GHz, 46 MB cache)
RAM 16 GB System Memory

Input Image Size 224 × 224 pixels
Dataset Source Kaggle Alzheimer MRI Dataset

4. Performance Evaluation Methods
The performance of the proposed models is assessed utilizing a set of standard ma-

chine learning metrics to ensure a thorough and reliable assessment. These metrics are
derived from confusion matrix analysis and provide quantitative measures of classification
effectiveness across multiple dimensions. Specifically, accuracy, precision, F1-score, and
recall are employed to evaluate the models’ ability to correctly classify the AD stages. This
multi-metric evaluation framework enables detailed analysis of models’ behavior, facili-
tates a fair comparison among different architectures, and provides insights into class-wise
performance, particularly in the presence of class imbalance.

4.1. Confusion Matrix

The confusion matrix provides a comprehensive visual representation of classification
performance, serving as the foundation for computing evaluation metrics such as accuracy,
precision, recall, and F1-score [3]. It illustrates the relationship between actual class labels
and predicted class labels, enabling detailed analysis of correct and wrong predictions
across all classes.

In the context of multi-class classification, the confusion matrix is extended to a C × C
matrix, where C denotes the total number of classes. Each row corresponds to the true class,
while each column represents the predicted class. Correct predictions are located along the
diagonal, whereas the off-diagonal entries represent classification errors. For each class, the
following components are defined:

• True Positives (TPs) are the instances correctly predicted as belonging to the target class.
• False Positives (FPs) represent the instances incorrectly predicted as belonging to the

target class.
• False Negatives (FNs) are the instances of the target class incorrectly predicted as

another class.
• True Negatives (TNs) represent the instances correctly predicted as not belonging to

the target class.

These components are computed for each class in a one-vs-all manner to evaluate
class-wise performance.

4.2. Accuracy

Accuracy evaluates the overall performance of the model by determining the ratio of
correctly predicted instances to the total number of samples [4]. It is defined as follows:

Accuracy =
TPi + TNi

Total Testing data Samples
(21)

where TPi represents the correctly classified instances for the class i and NTi is the cor-
rectly classified instances not belonging to the class i. The Accuracy provides a general
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measure of performance; however, it may not fully reflect the model’s effectiveness in
imbalanced datasets.

4.3. Precision

It evaluates the model’s ability to correctly identify instances of a particular class
among all instances predicted as that class [4]. It is defined as follows:

Precision =
TPi

TPi + FPi
(22)

High precision means a low false positive rate, meaning the model makes fewer
incorrect positive predictions.

4.4. Recall

Recall, also referred to as sensitivity, assesses the model’s ability to correctly detect all
true samples of a given class [4]. It is expressed as follows:

Recall =
TPi

TPi + FNi
(23)

A high recall value indicates that the model successfully captures most of the true
instances, which is particularly important in medical applications.

4.5. F1-Score

It is a harmonic mean of the recall and precision, giving a balanced assessment metric
that considers both false negatives and false positives [4]. It is defined as follows:

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

(24)

This metric is especially useful in scenarios involving class imbalance, as it ensures
that both precision and recall are taken into account when assessing model performance.

5. Experimental Results
This section presents the experimental evaluation of the four models for AD classifica-

tion. The primary objective is to evaluate the efficiency of the proposed attention-enhanced
hybrid CNN–Swin-T model in comparison with baseline architectures, including CNN,
Swin-T, and the hybrid CNN–Swin-T model. The evaluation is conducted using the
augmented dataset described in Section 3, ensuring a comprehensive analysis of model
performance under consistent conditions.

All models are trained and tested using the same data split, preprocessing steps, and
optimization settings to ensure a fair and unbiased comparison. The experiments are
performed using the Kaggle computational environment with GPU acceleration, enabling
effective training and evaluation. The performance is evaluated via some evaluation
metrics, for instance, precision, accuracy, recall, and F1-score, as described in Section 4.

A qualitative analysis is conducted using XAI techniques, including Grad-CAM++,
Integrated Gradients, and Saliency maps. These methods provide insights into the decision-
making behavior of each model by highlighting the most relevant regions in the input
images. This combined evaluation strategy ensures that both performance and interpretabil-
ity are considered.

The following subsections present a detailed analysis of the experimental results,
including performance comparison across the models, the impact of data augmentation,
and the interpretability analysis using XAI techniques.
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5.1. Model Performance Comparison

To assess the effectiveness of the proposed framework, a comprehensive comparison
is conducted among the four DL models: CNN, Swin-T, a hybrid CNN–Swin-T model, and
the proposed attention-enhanced hybrid CNN–Swin-T model. All models are evaluated
under identical conditions to ensure a fair and unbiased comparison.

The performance of each model is assessed via the previously mentioned four metrics.
The results are presented for both scenarios: without data augmentation and with data
augmentation, as shown in Tables 5 and 6, respectively. The results presented in Table 5
demonstrate that, without data augmentation, the CNN model achieves significantly
lower performance compared to the other architectures, with an accuracy of 97.58%. This
indicates that CNN alone struggles to capture the complex patterns required for accurate
AD classification. In contrast, the Swin-T and hybrid models achieve substantially higher
performance, highlighting the importance of incorporating global contextual information.

Table 5. Performance comparison of the models without data augmentation.

Model Accuracy % Precision % Recall % F1-Score
%

CNN 97.58 97.52 97.46 97.48
Swin-T 98.42 98.36 98.00 98.20

CNN + Swin-T 98.34 98.12 98.02 98.06
CNN + Swin-T + Attention 98.50 98.33 98.24 98.28

Table 6. Performance comparison of the models with data augmentation.

Model Accuracy % Precision % Recall % F1-Score
%

CNN 98.32 98.24 98.06 98.14
Swin-T 99.67 99.61 98.03 98.81

CNN + Swin-T 99.88 99.62 99.53 99.57
CNN + Swin-T + Attention 99.92 99.71 99.73 99.72

Among the models evaluated without augmentation, the proposed attention-enhanced
hybrid CNN–Swin-T model achieves the highest testing accuracy of 98.50%, demonstrating
the effectiveness of integrating attention mechanisms to refine feature selection and improve
classification performance.

As shown in Table 6, the application of data augmentation leads to a significant
improvement in performance across all four models. The CNN model shows a modest
improvement, increasing its accuracy to 98.32%, while the Swin-T and hybrid models
achieve high performance. Notably, the proposed hybrid model integrated with an attention
mechanism reaches the highest accuracy of 99.92%, along with the highest precision, recall,
and F1-score, 99.71%, 99.73%, and 99.72%, respectively. It is clear that the implemented
data augmentation techniques significantly improved the model’s accuracy.

The results clearly indicate that data augmentation plays an important role in improv-
ing the generalization of models and reducing overfitting. The superior performance of
the proposed attention-enhanced hybrid CNN–Swin-T model confirms that combining
CNN, Swin-T, and attention mechanisms provides a powerful and effective solution for AD
classification. Overall, the comparative analysis demonstrates that the proposed model con-
sistently outperforms baseline and hybrid architectures under both experimental settings,
validating its robustness and effectiveness.
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5.2. Training Behavior Analysis

To analyse the learning dynamics and stability of the four models, the testing and
training accuracy and loss curves are examined. These curves provide valuable insights
into model convergence, generalization capability, and potential overfitting during the
training process. The training behaviour of all models is illustrated in Figures 8 and 9,
where Figure 8 presents the training and testing accuracy curves, and Figure 9 shows
the corresponding loss curves over the training epochs. The accuracy curves reflect how
effectively each model learns to correctly classify the input data, while the loss curves
indicate how efficiently the optimization process minimizes prediction errors. As observed
in Figures 8a and 9a, the CNN model exhibits relatively unstable learning behaviour,
with slower convergence and noticeable fluctuations in both training and testing accuracy.
Similarly, the loss curves show irregular patterns, indicating less efficient optimization.
This behaviour reflects the CNN model’s limited ability to capture complex features in the
dataset, which is consistent with its lower performance reported in Section 5.1.

(a) (b) 

(c) (d) 

A
cc
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y 

Epochs 

Figure 8. Training and testing accuracy curves: (a) CNN; (b) Swin-T; (c) hybrid CNN–Swin-T; and
(d) the proposed model.

In contrast, the Swin-T model, shown in Figures 8b and 9b, demonstrates more stable
and consistent learning. The accuracy curves exhibit rapid convergence with a small gap
between training and testing performance, while the loss curves demonstrate a smooth
and steady decline. This indicates strong generalization capability and effective feature
learning through global contextual modelling.

The hybrid CNN–Swin-T model further enhances training stability, as illustrated
in Figures 8c and 9c. This model achieves faster convergence compared to the stan-
dalone CNN, with smoother accuracy progression and a more consistent reduction in
loss values. This improvement highlights the benefit of combining local and global
feature representations.
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Figure 9. Training and testing loss curves: (a) CNN; (b) Swin-T; (c) hybrid CNN–Swin-T; and (d) the
proposed model.

The proposed attention-enhanced hybrid CNN–Swin-T model achieves the most stable
and efficient training performance, as shown in Figures 8d and 9d. This model demonstrates
rapid convergence, high training accuracy, and minimal divergence between training and
testing curves. The loss curves exhibit a smooth and consistent decline, indicating effective
optimization and reduced overfitting. The integration of the attention technique enables
the hybrid model to concentrate on the most important features, resulting in improved
learning efficiency and generalization.

Overall, the analysis of training behaviour confirms that the proposed attention-
enhanced hybrid CNN–Swin-T model not only achieves superior classification performance
but also demonstrates stable and reliable learning characteristics. The combination of a
hybrid CNN–Swin-T architecture and attention mechanism contributes significantly to
improved convergence, reduced overfitting, and enhanced generalization capability.

5.3. Confusion Matrix Analysis

To assess the classification performance of the four models, confusion matrices and
normalized confusion matrices are analysed. These matrices provide a detailed view of
the models’ predictions by illustrating the relationship between actual and predicted class
labels, enabling identification of correctly classified instances as well as misclassification
patterns across different classes.

The confusion matrices for all models are presented in Figure 10, while the corre-
sponding normalized confusion matrices are shown in Figure 11. The normalized matrices
provide a clearer interpretation by representing values as percentages, allowing for better
comparison across classes regardless of sample size.
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Figure 10. Confusion matrices: (a) CNN; (b) Swin-T; (c) hybrid CNN–Swin-T model; and (d) proposed
attention-enhanced hybrid CNN–Swin-T model.

As illustrated in Figures 10a and 11a, the CNN model exhibits significant misclassifi-
cation across all classes, particularly between the Mild Demented and Very Mild Demented
categories. This indicates that the CNN struggles to distinguish subtle differences between
similar disease stages, which is consistent with its low accuracy reported in Section 5.1.

In contrast, the Swin-T model, illustrated in Figures 10b and 11b, demonstrates a
substantial improvement in classification performance. The majority of predictions are
concentrated along the diagonal, indicating correct classification of most samples. However,
minor misclassifications may still occur between closely related classes, reflecting the
inherent difficulty of the task.

Also, the hybrid CNN–Swin-T model improves classification performance, as shown
in Figures 10c and 11c. The combination of local and global feature extraction results in a
higher concentration of correct predictions, with reduced confusion between classes. This
confirms the effectiveness of integrating complementary feature representations.

The proposed attention-enhanced hybrid CNN–Swin-T model achieves the best per-
formance, as illustrated in Figures 10d and 11d. The confusion matrix shows perfect
classification, with almost all predictions correctly aligned along the diagonal. The normal-
ized confusion matrix further confirms that the hybrid model integrated with an attention
mechanism achieves highly accurate classification across the three classes, with minimal or
no misclassification. This demonstrates that the model has a strong ability to distinguish
between subtle variations in AD stages.
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(a) (b) 

(c) (d) 

Figure 11. Normalized confusion matrices: (a) CNN; (b) Swin-T; (c) hybrid CNN–Swin-T model; and
(d) proposed attention-enhanced hybrid CNN–Swin-T model.

Overall, the confusion matrix analysis highlights the progressive improvement in
classification performance for the CNN, Swin-T, the hybrid CNN–Swin-T model, and the
proposed attention-enhanced hybrid CNN–Swin-T model. The results confirm that the
integration of attention mechanisms significantly enhances the hybrid model’s ability to
concentrate on relevant patterns and reduce misclassification, particularly in challenging
cases involving similar classes.

5.4. Classification Report and Cross-Validation Analysis

To provide a more detailed evaluation of the proposed model’s performance across
individual classes, a classification report is analysed. This report includes the percentage
of precision, recall, and F1-score for each class, offering deeper insights into how well the
model distinguishes between different stages of AD. Table 7 presents the classification
performance of the proposed attention-enhanced hybrid CNN–Swin-T model across the
three classes: Non-Demented, Mild Demented, and Very Mild Demented.

These results indicate that the hybrid model integrated with attention achieves
high classification performance across all classes, with precision, recall, and F1-score
values. This demonstrates the model’s ability to correctly detect all samples of each class
without misclassification.
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Table 7. Classification performance per class for the proposed attention-enhanced hybrid CNN–Swin-
T Model.

Class Precision (%) Recall (%) F1-Score (%)

Non-Demented 99.72 99.71 99.73
Mild Demented 99.71 99.73 99.72

Very Mild Demented 99.73 99.72 99.71

In particular, the attention-enhanced hybrid CNN–Swin-T model shows strong perfor-
mance in distinguishing between Mild Demented and Very Mild Demented classes, which
are typically challenging due to their subtle visual differences. The balanced performance
across all classes confirms that the proposed model does not favor any specific class and is
robust against class imbalance.

These findings further validate the effectiveness of the hybrid CNN–Swin-T archi-
tecture combined with the attention mechanism, as it enables the model to capture both
fine-grained and global features while concentrating on the most important regions of
the input images. Table 8 presents the k-fold cross-validation for the proposed attention-
enhanced hybrid CNN–Swin-T model. The model attained an average accuracy of 99.93%,
demonstrating robust performance across the 5-fold cross-validation process.

Table 8. k-Fold cross-validation for the proposed attention-enhanced hybrid CNN–Swin-T Model.

k-Fold Value Accuracy (%)

1 99.91
2 99.94
3 99.88
4 99.97
5 99.95

Average 99.93

5.5. Explainability Results

To validate the reliability and interpretability of the four models, XAI techniques are
applied to analyse the decision-making behaviour of each architecture. Three complemen-
tary methods: Grad-CAM++, Integrated Gradients, and Saliency maps are used to visualize
the parts of the input images that contribute most significantly to the classification results.
These techniques are applied consistently across all models, including CNN, Swin-T, hybrid
CNN–Swin-T, and the proposed attention-enhanced hybrid CNN–Swin-T model. The goal
is to provide a qualitative comparison of how each model focuses on relevant regions and to
evaluate the efficiency of the proposed architecture in learning meaningful representations.

5.5.1. Explainability Comparison Across Models

The explainability results for all models are shown in Figures 12–14, corresponding to
Grad-CAM++, Integrated Gradients, and Saliency maps, respectively.

Each figure includes visualizations generated for the same input samples to ensure a
fair comparison across models. From the Grad-CAM++ visualizations in Figure 12, it can
be observed that the CNN model produces relatively diffuse and less focused activation
maps, indicating a limited ability to localize important regions.

The Swin-T model improves localization by capturing broader contextual information;
however, some irrelevant regions may still be highlighted.

The hybrid CNN–Swin-T model demonstrates more concentrated activation re-
gions, reflecting improved feature representation through the combination of local and
global features.
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(a) (b) 

  
(c) (d) 

Figure 12. Grad-CAM++ visualizations: (a) CNN; (b) Swin-T; (c) hybrid CNN–Swin-T model;
and (d) proposed attention-enhanced hybrid CNN–Swin-T model, highlighting the most influential
regions contributing to classification decisions.

The proposed attention-enhanced hybrid CNN–Swin-T model shows the most precise
and focused activation patterns, highlighting only the most relevant regions associated with
AD. This indicates that the attention mechanism effectively enhances feature prioritization
and suppresses irrelevant information.

Similarly, the Integrated Gradients results shown in Figure 13 provide fine-grained
attribution maps, revealing pixel-level contributions to the model’s predictions.

The proposed attention-enhanced hybrid CNN–Swin-T model exhibits clearer and
more meaningful patterns compared to the other three models, indicating improved sensi-
tivity to subtle structural variations in the input images.

The Saliency maps presented in Figure 14 further support these observations. While
the CNN model shows scattered and noisy gradients, the proposed attention-enhanced
hybrid CNN–Swin-T model produces more structured and interpretable saliency patterns,
emphasizing important edges and regions relevant to classification.

Overall, the comparison across models demonstrates that the proposed attention-
enhanced hybrid CNN–Swin-T model achieves superior interpretability by focusing more
accurately on clinically relevant regions.
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(a) (b) 

(c) (d) 

Figure 13. Integrated Gradient visualizations: (a) CNN; (b) Swin-T; (c) hybrid CNN–Swin-T model;
and (d) proposed attention-enhanced hybrid CNN–Swin-T model, showing pixel-level feature attri-
bution across input images.

  
(a) (b) 

(c) (d) 

Figure 14. Saliency map visualizations: (a) CNN; (b) Swin-T; (c) hybrid CNN–Swin-T model; and
(d) proposed attention-enhanced hybrid CNN–Swin-T model, emphasizing important edges and
regions relevant to classification.
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5.5.2. Class-Wise Explainability Analysis

Further, to investigate the interpretability of the proposed attention-enhanced hybrid
CNN–Swin-T model, a class-wise analysis is conducted using representative samples from
each category: Non-Demented, Mild Demented, and Very Mild Demented. The results are
illustrated in Figure 15. The visualizations show that the proposed model effectively adapts
its attention depending on the class of the input image. For Non-Demented samples, this
model focuses on normal brain structures with distributed attention patterns. In contrast,
for Mild Demented and Very Mild Demented cases, the model concentrates on specific
regions associated with early structural changes and brain atrophy.

 
(a) 

 
(b) 

 
(c) 

Figure 15. Explainability results for the proposed attention-enhanced hybrid CNN–Swin-T model on
representative samples from each class: (a) Non-Demented; (b) Mild Demented; and (c) Very Mild
Demented, using Grad-CAM++, Integrated Gradients, and Saliency maps.

This behaviour indicates that the proposed attention-enhanced hybrid CNN–Swin-T
model is capable of capturing subtle differences between disease stages and adjusting its
focus accordingly. The ability to highlight meaningful and class-specific regions enhances
the interpretability of the model and provides additional confidence in its predictions.

6. Discussion
The experimental results that are presented in the previous section provide compre-

hensive evidence of the efficiency of the proposed attention-enhanced hybrid CNN–Swin-T
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model for AD classification. This section discusses the key findings, analyzes the per-
formance improvements, and highlights the significance of the proposed approach in a
comparison with baseline models.

6.1. Impact of Model Architecture

The results show a clear improvement in performance from the standalone CNN
model to the Swin-T, hybrid CNN–Swin-T model, and the proposed attention-enhanced
hybrid CNN–Swin-T model. The CNN model, while effective in capturing local spatial
features, exhibits limited performance due to its inability to model global contextual
relationships. This limitation is particularly evident in its difficulty in distinguishing
between the Mild Demented and Very Mild Demented classes, which require fine-grained
feature discrimination.

The Swin-T model significantly improves the performance by capturing global depen-
dencies through self-attention mechanisms. However, relying solely on transformer-based
representations may not fully exploit local structural details essential for medical image
analysis. The hybrid CNN–Swin-T model addresses this limitation by combining local and
global feature extraction, resulting in improved classification performance and stability.

The proposed hybrid CNN–Swin-T model is enhanced by incorporating an attention
mechanism, which enables the network to focus on the most relevant regions of the input
images. This leads to improved feature selection and more discriminative representations,
ultimately resulting in superior classification accuracy and robustness.

6.2. Effect of Data Augmentation

The results clearly indicate that data augmentation plays a critical role in enhancing
the models’ performance. The augmentation process significantly increases dataset size
and diversity, allowing the models to generalize better to unseen data. This is particularly
important in medical imaging applications, where datasets are often limited.

As observed in the experimental results, all models benefit from data augmenta-
tion; however, the improvement is more pronounced in the hybrid CNN–Swin-T and
proposed attention-enhanced hybrid CNN–Swin-T models. The CNN model shows only
modest improvement, indicating that data augmentation alone cannot compensate for
architectural limitations. In contrast, the proposed attention-enhanced hybrid CNN–Swin-
T model effectively leverages the augmented data, achieving near-perfect performance.
This highlights the importance of combining robust architectures with appropriate data
augmentation strategies.

6.3. Training Stability and Convergence

The analysis of training and testing curves reveals that the proposed attention-
enhanced hybrid CNN–Swin-T model exhibits superior convergence behaviour and train-
ing stability. Compared to the three implemented models: CNN. Swin-T and CNN-
Swin-T, which show slower convergence, the proposed hybrid model with attention
achieves rapid and stable convergence with minimal divergence between learning and
testing performance.

This stability can be attributed to the combined effect of hybrid feature extraction and
attention mechanisms, which facilitate efficient learning and reduce overfitting. The smooth
decline in loss values and consistent increase in accuracy further confirm the effectiveness
of the optimization strategy and model design.

6.4. Analysis of Misclassification Patterns

The confusion matrix analysis offers valuable insights into the model’s performance at
the class level. The CNN model shows significant misclassification, particularly between
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Mild Demented and Very Mild Demented categories, highlighting its inability to capture
subtle differences.

The Swin-T and hybrid CNN–Swin-T models reduce these misclassifications, indicat-
ing improved feature representation. The proposed attention-enhanced hybrid CNN–Swin-
T model achieves near-perfect classification, with minimal or no confusion between classes.
This demonstrates its strong capability to distinguish between closely related disease stages,
which is critical for clinical applications.

6.5. Interpretability and Clinical Relevance

One of the strengths of this paper is the integration of XAI methods. The XAI results
demonstrate that the proposed attention-enhanced hybrid CNN–Swin-T model focuses
on meaningful and relevant regions of the input images, providing visual evidence of its
decision-making process.

Compared to baseline models, the proposed attention-enhanced hybrid CNN–Swin-
T model produces more precise and less noisy activation maps, indicating improved
feature localization. This enhanced interpretability is essential in medical applications,
where transparency and trust are critical for adoption by healthcare professionals. The
ability of this model to highlight clinically relevant regions not only validates its pre-
dictions but also provides additional insights that can assist clinicians in understanding
disease progression.

6.6. Discussion on Interpretability

The integration of multiple XAI techniques provides a comprehensive understand-
ing of the models’ decision-making process. By combining region-based and pixel-level
explanations, the proposed framework offers both global and local interpretability.

The results demonstrate that the proposed attention-enhanced hybrid CNN–Swin-T
model not only achieves high classification performance but also provides more reliable and
interpretable explanations compared to baseline models. This is particularly important in
medical applications, where transparency and trust are essential for practical deployment.
Overall, the explainability analysis confirms that the proposed framework is capable of
producing accurate and interpretable predictions, making it a promising solution for AD
classification in clinical settings.

6.7. Ablation Study

The improved performance of the four models can be largely attributed to careful
hyperparameter tuning, including the number of learning epochs, choice of the loss func-
tion, batch size of data during the training phase, learning rate, and the type of optimizer.
For the CNN model, setting the batch size to 128, learning rate to 0.0001 with Adam op-
timizer, and training epochs to 10, along with a categorical cross-entropy loss function,
reached a testing accuracy of 97.89%. However, when the batch size is decreased to 32,
the learning rate is reduced to 0.00001, and the number of epochs is increased to 30 (while
keeping the same loss function and optimizer), the testing accuracy increased to 98.32%.
Similarly, for the Swin-T and hybrid CNN–Swin-T models, using a batch size of 128, a
learning rate of 0.0001 with Adam, and 10 training epochs with a categorical cross-entropy
loss function yielded testing accuracies of 99.32% and 99.43%, respectively. When these
hyperparameters are adjusted to a batch size of 32, a learning rate of 0.00001, and 30 epochs,
the accuracies reached to 99.67% and 99.88%, respectively. Eventually, for the proposed
attention-enhanced hybrid CNN–Swin-T model, setting the batch size to 128, learning rate
to 0.0001 with Adam optimizer, and training epochs to 10, along with a categorical cross-
entropy loss function, resulted in a testing accuracy of 99.47%. However, when the batch
size is decreased to 32, the learning rate is reduced to 0.00001, and the number of epochs is

https://doi.org/10.3390/computers15060361

https://doi.org/10.3390/computers15060361


Computers 2026, 15, 361 32 of 38

increased to 30 (while keeping the same loss function and optimizer), the testing accuracy
increased to 99.92%. These results demonstrate that proper optimization and selection of
hyperparameters play a critical role in improving the models’ performance. Overall, the
best results for all four models were achieved using a batch size of 32, 30 training epochs,
and a learning rate of 0.00001, combined with the Adam optimizer and a categorical cross-
entropy. Figure 16 shows a bar chart showing the effect of the hyperparameters on the
models’ performance.
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Figure 16. A bar chart showing the effect of the hyperparameters on the models’ performance.

It is essential that the proposed model has high performance to predict the classes.
So, the significance of improvement for the model is very important in the generalization
phase. The improvement in the accuracy percentage is due to the utilized techniques and
the optimal fine-tuning of the model’s hyperparameters.

6.8. Overall Performance and Practical Implications

The proposed attention-enhanced hybrid CNN–Swin-T model achieves the highest
performance across all evaluation metrics, with a testing accuracy of 99.92% and high
precision, recall, and F1-score, 99.71%, 99.73%, and 99.72%, respectively. These results
demonstrate the effectiveness of combining hybrid architectures, attention mechanisms,
and data augmentation. From a practical perspective, the proposed framework offers a
reliable and interpretable solution for AD classification. Its high accuracy and transparency
make it suitable for potential deployment in clinical decision support systems, where both
performance and interpretability are essential. Table 9 presents a comparison between
the previously published studies and the proposed work. This comparison is in terms of
dataset, model, accuracy, strengths, and weaknesses. The proposed attention-enhanced
hybrid CNN–Swin-T model achieved a testing accuracy of 99.92%, outperforming the
models reported in [15–32]. The 99.92% accuracy is due to the utilized data augmentation
techniques and the optimal fine-tuning of the model’s hyperparameters.
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Table 9. Comparison of the proposed work and previous published studies on AD classification
using DL techniques.

Reference Year Dataset Model Accuracy Strengths Weaknesses

[15] 2025 OASIS MRI
dataset

EfficientNet-B0 +
Swin-T + Attention

+ DCGAN +
Grad-CAM

95.3%

Hybrid local/global feature
learning, attention fusion,

DCGAN for imbalance, and
Grad-CAM interpretability.

Higher computational
complexity, used 2D

slices, and had limited
clinical validation.

[16] 2026 Kaggle MRI
(6400 images)

ResNeXt101_32 ×
8d + Swin-T + XAI 98.83%

Very high performance,
hybrid CNN-transformer

design, multiple XAI
methods, cross-validation.

Computationally
expensive, class

imbalance remains a
concern, and external

clinical validation
was limited.

[17] 2025 Clinical CT
dataset

EfficientNet +
Swin-T 95.83%

Learnable attention fusion,
Grad-CAM, balanced

four-class setup, multimodal
medical-imaging relevance.

CT rather than MRI, not
Alzheimer-specific,

relatively small dataset.

[18] 2025 Multiple
datasets

Survey (CNN, ViT,
Hybrid, and XAI) N/A

Comprehensive taxonomy,
discussed CNN/ViT/
hybrid/XAI methods,

highlighted data scarcity and
interpretability challenges.

No proposed
experimental model.

[19] 2025 MRI +
demographic

CNN + ViT +
LightGBM 96.83%

Hybrid deep feature
extraction plus ML classifier,

demographic fusion,
Grad-CAM, and

statistical validation.

Pipeline complexity and
dependence on extra

non-imaging data may
reduce generalizability.

[20] 2025 MRI + RNA Transformer + LIME 99%

Multimodal fusion,
transformer-based

classification, explicit XAI,
robust reported
performance.

Relied on RNA data;
architecture details were
limited on the provided
page, which might be

harder to deploy broadly.

[21] 2025 MRI
(Parkinson’s) CNN + Swin Fusion 96%

Parallel local/global feature
fusion, attention-based
integration, and good

MRI relevance.

Parkinson’s rather than
Alzheimer’s, no explicit

XAI component.

[22] 2025 ADNI
(rs-fMRI) CNN + Transformer 96%

Multimodal ADNI setup,
attention-guided

CNN-transformer fusion,
strong multiclass results,
computationally efficient
relative to benchmarks.

Depended on rs-fMRI
and clinical data,

integration complexity
was higher than in

single-modality models.

[23] 2025 MRI Deformable ViT 80.31%

Efficient transformer design
with deformable attention,

lower parameter count,
suitable for

resource-limited settings.

No CNN branch, lower
accuracy than several

hybrid models, and no
explicit XAI.

[24] 2026 MRI BEiT + GAN + XAI 96%

Transformer-based AD
prediction, GAN-assisted
class balancing, explicit

explainability, strong
F1/MCC/Kappa.

No CNN integration,
pipeline was complex,
and the interpretability

method was not
compared in detail on

the provided page.
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Table 9. Cont.

Reference Year Dataset Model Accuracy Strengths Weaknesses

[25] 2025 MRI + retinal EfficientNet + ViT 99.31%

Fusion of CNN and
transformer features,

Grad-CAM, and good
cross-domain validation.

Not Alzheimer-specific;
architecture appears
relatively complex.

[26] 2025 Multi imaging ConvNeXt + Swin-T N/A

Learnable channel/spatial
fusion, CNN-Swin

integration, and
multi-modality validation.

Not AD-specific, abstract
did not quantify

performance precisely,
potentially high

computational cost.

[27] 2025 PET/MR Transformer N/A

Interpretable transformer,
structural + functional

multimodal fusion, clinically
relevant design.

Depended on PET/MR
availability, no CNN
branch, metrics not

clearly quantified on the
provided page.

[28] 2026 ADNI MRI (3D) 3D CNN + ViT +
BiFPN 92%

Used 3D volumetric context,
multiscale fusion via BiFPN,
transformer refinement, and

attention visualization.

High computational
complexity, 3D

processing burden, and
lower accuracy than

some 2D hybrid studies.

[29] 2025
Balanced/

imbalanced
MRI

ViT, CNN, Swin-T 99%

Explicitly studies data
imbalance, large datasets,
and compares CNN and

transformer families.

No hybrid architecture,
no XAI, focused on

evaluation rather than
proposing a new model.

[30] 2025 3D MRI CNN + Attention N/A

Lightweight CNN-attention
model, efficient parameter

usage, activation-map
interpretability, 3D

MRI relevance.

No transformer
integration, limited

global-context modeling
compared with hybrid
transformer methods.

[31] 2025 MRI
(AD + MCI) ViT + XAI N/A

Focused on early AD/MCI
differentiation, effective

transformer design,
multi-granular explainability,

and reduced
parameters/FLOPs.

Without CNN fusion, the
abstract did not provide

a single explicit
overall accuracy.

[32] 2023 Diffusion MRI Swin-T 95.2%

Swin-T on advanced
diffusion MRI, hierarchical

representation learning,
Grad-CAM, and

biomarker-oriented
evaluation.

Without the CNN
branch, the specialized
MRI modality limited
practicality, and some

tasks showed
lower performance.

The
proposed

Work
2026

Alzheimer’s
MRI dataset of

6400 images
available

on Kaggle

CNN,

Swin-T,

Hybrid CNN–Swin-T,

Attention-Enhanced
Hybrid CNN–Swin-T

98.32%

99.67%

99.88%

99.92%

Extracting the combination
of local and global, and

important features.
Applying multiple AXI

techniques: Grad-CAM++,
Integrated Gradients, and
Saliency maps. Applying,

Data Augmentation

Deployment of the
proposed models in a
real-time environment

6.9. Limitations of the Proposed Work

Despite the promising performance achieved by the proposed hybrid CNN–Swin-T
framework with attention mechanisms and XAI integration, several limitations should
be presented.
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6.9.1. Dependence on Dataset Size and Diversity

Although data augmentation techniques are applied to improve generalization, the
performance of the proposed models may still be affected by the limited size and diversity
of the available medical imaging datasets. Models trained on restricted datasets may not
generalize effectively to unseen clinical data collected from different imaging devices or
patient populations.

6.9.2. High Computational Complexity

The integration of CNN, Swin-T, attention mechanisms, and multiple XAI techniques
increases the overall computational cost of the framework. This leads to higher training
time, increased memory consumption, and greater hardware requirements, which may
limit deployment in resource-constrained clinical environments.

6.9.3. Risk of Overfitting

Due to the complexity and large number of trainable parameters in the hybrid architec-
ture, the proposed model may still be susceptible to overfitting, particularly when trained
on relatively small medical datasets despite the use of augmentation strategies.

6.9.4. Limited Clinical Validation

The proposed framework is primarily evaluated on benchmark datasets under ex-
perimental conditions. Further validation on large-scale real-world clinical datasets and
multi-center studies is necessary to confirm the robustness, reliability, and clinical applica-
bility of the model.

6.9.5. Lack of Multi-Modal Data Integration

The proposed framework focuses mainly on imaging data and does not incorporate
other clinically relevant information, such as patient history, laboratory results, or ge-
netic data, which could further enhance diagnostic accuracy and robustness. Also, it is
essential to evaluate the framework on well-established clinical datasets such as ADNI)
and OASIS would further strengthen the clinical reliability and external validity of the
proposed models.

6.9.6. Generalization to Other Medical Imaging Modalities

The proposed framework is evaluated on a specific medical imaging task, and its
effectiveness for other imaging modalities or diseases remains to be investigated.

6.9.7. Trade-Off Between Accuracy and Time

While the proposed CNN + Swin-T + Attention framework achieved superior diag-
nostic performance, the increased architectural complexity may reduce inference speed,
which could affect real-time clinical deployment scenarios.

7. Conclusions and Future Work
This paper presents an attention-enhanced hybrid DL framework that combines CNN

and Swin-T architectures for multi-class AD classification. The proposed model leverages
the strengths of CNNs in capturing local spatial features and transformer-based models in
modelling global contextual relationships, while the integration of an attention mechanism
enhances feature representation by concentrating on the most relevant regions of the input
images. The results reveal that the hybrid CNN–Swin-T model with attention outperforms
baseline architectures, including standalone CNN, Swin-T, and hybrid CNN–Swin-T mod-
els. The proposed attention-enhanced hybrid CNN–Swin-T model achieves a classification
accuracy of 99.92%, along with high precision, F1-score, and recall, 99.71%, 99.73%, and
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99.72%, respectively, indicating its robustness and effectiveness in distinguishing between
Non-Demented, Mild Demented, and Very Mild Demented classes.

The results highlight the importance of data augmentation in improving the model’s
generalization and efficiency, especially when working with limited medical MRI images.
Besides high classification accuracy, the integration of XAI techniques, including Grad-
CAM++, Integrated Gradients, and Saliency maps, provides valuable insights into the
model’s decision-making process. The explainability analysis confirms that the proposed
attention-enhanced hybrid CNN–Swin-T model focuses on meaningful and clinically rele-
vant regions, enhancing transparency and increasing trust in automated diagnostic systems.
The efficiency of the four models is strongly influenced by their hyperparameters, includ-
ing the loss function, learning rate, type of optimizer, number of learning epochs, and the
batch size of data during the learning phase. The high testing accuracy achieved is closely
associated with the careful selection and optimal tuning of these hyperparameters.

Despite these promising results, several directions for future work can be explored.
Firstly, the proposed framework can be evaluated on larger and more diverse datasets,
including real-world clinical data, to further assess its generalizability. Secondly, integrating
multi-modal data, for instance, merging medical images with clinical or genetic information,
could enhance diagnostic accuracy and provide a better understanding of AD progression.
Thirdly, optimizing the model’s complexity and its computational efficiency would facilitate
the deployment in real-time clinical environments. Fourthly, advancements in XAI can be
incorporated to provide more detailed and user-friendly interpretations, enhancing the
practical applicability of the system in clinical settings by applying other XAI techniques
such as LIME and SHAP. Fifthly, one could apply standard attention techniques such as
SE-Net or CBAM.
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