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ABSTRACT

Alzheimer’s disease (AD) is a progressive neurodegenerative
disorder that affects millions worldwide. Early detection is
critical for effective intervention, but current diagnostic
methods often rely on subjective clinical assessments or
invasive procedures. This paper proposes a novel deep learning-
based approach for the early detection of Alzheimer’s disease
using multi-view MRI image fusion and explainable artificial
intelligence (XAI). The proposed method integrates structural
MRI (sMRI) and functional MRI (fMRI) data to capture both
anatomical and functional brain changes associated with AD. A
multi-stream convolutional neural network (CNN) architecture
is designed to process sMRI and fMRI data separately, followed
by a fusion module that combines features from both modalities.
To enhance efficiency, gradient-weighted class activation
mapping (Grad-CAM) to visualize regions of interest (ROIs)
contributing to the diagnosis was employed. Experiments on the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset
demonstrate that our approach achieves superior performance
compared to state-of-the-art methods, with an accuracy of
95.3%, sensitivity of 94.7%, and specificity of 95.8%. This
paper provides a novel approach for early AD detection, which
improved clinical decision-making.
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1. INTRODUCTION

Alzheimer’s disease is the most common cause of dementia,
characterized by progressive memory loss, cognitive decline,
and behavioral changes. Early diagnosis is challenging due to
the subtle and heterogeneous nature of early-stage symptoms.
Magnetic resonance imaging (MRI) is a widely used non-
invasive tool for studying brain structure and function.
However, traditional MRI analysis methods often fail to capture
the complex patterns associated with AD. Recent advances in
deep learning have shown promise in analyzing medical
images, but most approaches rely on single-modality data,
limiting their diagnostic accuracy. The World Health
Organization (WHO) defines dementia as a general term
encompassing a number of illnesses that impair memory, other
cognitive functions, and behavior and substantially impair a
person's capacity to carry out everyday tasks. It is not a typical
aspect of aging, even though age is the greatest known risk
factor for dementia [1]. Given that AD is one of the causes of
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dementia, early detection is essential to preventing the condition
from gradually getting worse for individuals. Alzheimer's
disease is a slowly developing brain disorder that impairs
thinking, behavior, and memory. It is serious and even fatal if
left untreated. However, technological advancements like cloud
computing and artificial intelligence (Al) make it possible to
monitor Alzheimer's patients in previously unheard-of ways.
Artificial neural networks have been improved using deep
learning techniques to address[2].

This paper introduces a novel multi-view MRI fusion approach
that leverages both structural and functional MRI data to
improve AD detection. By combining sMRI and fMRI, our
method captures complementary information about brain
atrophy and functional connectivity changes. Additionally, the
study incorporates explainable Al techniques to provide insights
into the decision-making process, enhancing the clinical utility
of the model.

2. LITERATURE REVIEW

The early detection of Alzheimer’s disease (AD) using
neuroimaging data has been a focal point of research in both
neuroscience and machine learning communities. Traditional
approaches have relied on manual feature extraction from
structural MRI (sMRI) and functional MRI (fMRI) data, such
as hippocampal volume measurements [3] and functional
connectivity analysis[4]. While these methods have provided
valuable insights, they are often limited by their reliance on
handcrafted features and subjective interpretations [5].

Recent advances in deep learning have revolutionized the
analysis of medical imaging data, enabling the automatic
extraction of complex patterns  associated  with
neurodegenerative diseases. Convolutional neural networks
(CNNs) have been widely applied to sMRI data for AD
classification, achieving promising results[6], [7], [7]. For
instance, 3D CNNs have been used to capture spatial
information from volumetric brain scans, outperforming
traditional machine learning methods[8], [9]. Similarly, graph
neural networks (GNNs) have been employed to model
functional connectivity networks derived from fMRI data,
demonstrating improved classification accuracy [10], [11].[2],
(12], [13]

Despite these advancements, most deep learning approaches
focus on single-modality data, either sMRI or fMRI, which
limits their ability to capture the multifaceted nature of AD[14].
To address this limitation, multi-modal fusion techniques have
been proposed. Zhang et al. [15] introduced a multi-modal deep
learning framework that combines sMRI, fMRI, and positron
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emission tomography (PET) data, achieving superior
performance compared to single-modality approaches.
Similarly, Liu et al. [16] proposed a hybrid model that integrates
sMRI and diffusion tensor imaging (DTI) data for AD
classification. However, these methods often lack
interpretability, making it difficult for clinicians to understand
the underlying decision-making process[17], [18].

Explainable AI (XAI) has emerged as a critical tool for
enhancing the transparency of deep learning models in medical
applications. Techniques such as gradient-weighted class
activation mapping (Grad-CAM) [19] and layer-wise relevance
propagation (LRP) [20] have been used to visualize the regions
of interest (ROIs) contributing to model predictions. For
example, Rieke et al. [21] applied Grad-CAM to interpret CNN-
based AD classification models, providing insights into the
brain regions most affected by the disease. However, these
studies have primarily focused on single-modality data, leaving
a gap in the interpretability of multi-modal approaches.

In summary, while considerable progress has been made in AD
detection using deep learning, there remains a need for a robust,
multi-modal framework that integrates structural and functional
brain data while providing interpretable results. Our work
addresses this gap by proposing a novel multi-view MRI fusion
approach combined with explainable Al, offering both high
diagnostic accuracy and clinical interpretability.

Below is a summarized version of the Related Work section in
tabular form, highlighting key approaches, methodologies, and
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limitations in the field of Alzheimer’s disease (AD) detection
using neuroimaging data:

Traditional Methods: Relied on manual feature extraction,
which is subjective and time-consuming. Single-Modality Deep
Learning: Improved accuracy but limited by the inability to
capture complementary information from multiple modalities.
Multi-Modal Fusion: Enhanced performance by integrating
multiple data types but lacked interpretability. Explainable Al:
Improved transparency but was rarely applied to multi-modal
approaches. Proposed Method: Addresses these limitations by
combining multi-view MRI fusion with explainable AL, offering
both high accuracy and interpretability.

This table provides a concise overview of the existing literature
and positions the proposed method as a novel contribution to
the field.

3. MATERIALS AND METHODS

This section provides a detailed description of the proposed
methodology for early detection of Alzheimer’s disease (AD)
using multi-view MRI image fusion and explainable artificial
intelligence (XAI). The framework consists of four main
components: (1) data preprocessing, (2) multi-stream
convolutional neural network (CNN) architecture, (3) feature
fusion module, and (4) explainable Al for model interpretability.
Each component is described in detail below.

Table 1: Summary of the related work results.

Category Methods Key Contributions Limitations

o - Manual feature extraction (e.g., . . - Reliance on handerafted
Traditional hippocampal volume functional|” Established biomarkers for AD (e.g.,|features.
Approaches colillzlectivipty) ’ hippocampal atrophy, DMN disruptions).|- Subjective and time-

consuming.

- 3D CNNs for sMRI (Payan & Montana,
Single-Modality 2015) [4]. -
Deep Learning

[10].

Automated  feature
- GNNs for fMRI (Parisot et al., 2018)|- Improved classification accuracy. - Cannot

- Limited to single-modality
extraction.|data.

capture
complementary information.

- Integration of sMRI, fMRI, and PET
Multi-Modal (Zhang et al., 2019) [15].

Fusion - Hybrid sMRI and DTI models (Liu et
al., 2020) [16].

- Captures complementary information|- Lack of interpretability.
from
- Higher accuracy.

modalities. |-
expensive.

multiple Computationally

- Grad-CAM for CNN interpretability
Explainable Al|(Selvaraju et al., 2017) [20].

(XAD - LRP for relevance propagation (Bach et
al., 2015) [21].

- Provides visual explanations for model

predictions modality data.
- Enhances.clinica] trust - Limited use in multi-modal
) fusion.

- Primarily applied to single-

3.1 Data Preprocessing

The proposed method utilizes structural MRI (sMRI) and
functional MRI (fMRI) data from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) dataset [22]. Preprocessing is
performed to ensure high-quality input data for the deep
learning model.

3.1.1 sMRI Preprocessing

The sMRI preprocessing stage consists of five sub steps
including  skull  stripping, intensity = normalization,
segmentation, spatial normalization, and volumetric cropping
as shown in figure 1.

The first step, Skull Stripping is a crucial preprocessing step
in medical image analysis, particularly in brain MRI studies. It
involves the removal of non-brain tissues, such as the skull,
scalp, and dura, to isolate the brain region for further processing

and analysis. This step enhances the accuracy of downstream
tasks like segmentation, registration, and classification by
eliminating irrelevant structures. Various algorithms, including
BET (Brain Extraction Tool) and U-Net-based deep learning
models, are commonly used for skull stripping. In the context
of the Adani dataset, which contains brain MRI images, skull
striping can be applied to improve the clarity of tumor
segmentation and anomaly detection. For instance, when
analyzing T1-weighted MRI scans from the Adani dataset,
applying a deep learning-based skull-stripping method ensures
that only brain tissues are retained, reducing noise, and
improving the precision of detecting lesions or abnormalities.
Second step. Intensity Normalization is a fundamental
preprocessing step in medical image analysis that standardizes
the intensity values of MRI images to ensure consistency across
different scans. Variations in scanner settings, patient
positioning, and acquisition protocols can lead to intensity
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inconsistencies, making it difficult to compare images or apply
machine learning models effectively. Techniques like Z-score
normalization, histogram matching, and min-max scaling are
commonly used to normalize intensities. In the Adani dataset,
which contains brain MRI images, intensity normalization
plays a critical role in improving the accuracy of tumor
segmentation and classification. For example, when analyzing
T2-weighted MRI scans from the Adani dataset, normalizing
intensity values ensures that variations due to scanner
differences do not affect the identification of anomalies, such
as tumors or lesions. This step helps in making deep learning
models more robust and generalizable across different patients
and imaging conditions.

The third step, Segmentation: The brain is segmented into gray
matter (GM), white matter (WM), and cerebrospinal fluid
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(CSF) using the Statistical Parametric Mapping (SPM12)
toolbox. Statistical Parametric Mapping (SPM12) [23] is a
widely used MATLAB-based software toolbox designed for the
analysis of brain imaging data, particularly functional and
structural MRI, PET, and EEG/MEG data. Developed by the
Wellcome Centre for Human Neuroimaging, SPM12
provides a comprehensive framework for pre-processing,
statistical analysis, and visualization of neuroimaging data.
The fourth step, Spatial Normalization: The images are
spatially normalized to the Montreal Neurological Institute
(MNI) standard space using affine and non-linear
transformations.

The fifth step, Volumetric Cropping: The 3D MRI volumes
are cropped to focus on regions of interest (ROIs) associated
with AD, such as the hippocampus and entorhinal cortex.

Input Data
sMRI Preprocessing Skull Stripping
Preprocessing Module . L.
. Intensity Normalization
fMRI Preprocessing

\ 4

Multi-Stream CNN

A

SMRI Stream (3D CNN)

Segmentation

Spatial Normalization

Feature Fusion Module

1 fMRIStream (2D CNN)

Volumetric Cropping

Classification Module

|

Explainable Al Module

|

v

Evaluation Module

Figure 1: The proposed system block diagram.

3.1.2 fMRI Preprocessing

To ensure high-quality functional MRI (fMRI) data for

analysis, a series of preprocessing steps were applied using

AFNI (Analysis of Functional Neurolmages) and standard

neuroimaging pipelines. The following steps were performed:
Motion Correction: Head motion artifacts were
corrected using a rigid-body transformation in AFNL
This step aligns all functional volumes to a reference
image, minimizing motion-induced variability.

2. Slice Timing Correction: To correct temporal
misalignment between slices, slice timing correction
was applied. This adjustment accounts for
differences in acquisition time across slices, ensuring
accurate temporal alignment for subsequent analyses.

3. Spatial Smoothing: A Gaussian kernel with a full-
width half-maximum (FWHM) of 6 mm was applied
to enhance signal-to-noise ratio and reduce high-
frequency noise. This step improves the detection of
functionally relevant activation patterns by
mitigating spatial variability.

4. Temporal Filtering: A band-pass filter (0.01-0.1 Hz)
was applied to remove low-frequency signal drift and
high-frequency noise. This filtering process enhances
the detection of relevant neural oscillations and
improves signal stability.

5. Functional Connectivity Analysis: Functional
connectivity was estimated by computing Pearson’s
correlation coefficient between brain regions defined
by the Automated Anatomical Labeling (AAL) atlas.
This approach generates functional connectivity
matrices, which represent pairwise correlations
between predefined brain regions, enabling the study
of neural network interactions.

3.2 Multi-Stream CNN Architecture

The proposed model employs multi-stream CNN architecture
to process sMRI and fMRI data separately, capturing
complementary information about brain structure and function.
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3.2.1 sMRI Stream

The structural MRI (sMRI) processing pipeline employs a deep
learning-based approach to extract meaningful spatial features
from preprocessed 3D sMRI volumes. The methodology
consists of the following components:
Input:
The model takes as input preprocessed 3D sMRI volumes of
dimensions 128 x 128 x 128 voxels.
Network Architecture:
A 3D Convolutional Neural Network (3D CNN) is designed
with five convolutional layers, each followed by batch
normalization and Rectified Linear Unit (ReLU) activation to
enhance feature extraction and stability. Down sampling is
performed using max-pooling layers to progressively reduce
spatial dimensions while preserving essential features. The
detailed layer configuration is as follows:

e  Convl: 32 filters, kernel size 3 x 3 x 3

o  Conv2: 64 filters, kernel size 3 x 3 x 3
e  Conv3: 128 filters, kernel size 3 x 3 x 3
L)

Conv4: 256 filters, kernel size 3 X 3 x 3
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e  Conv5: 512 filters, kernel size 3 x 3 x 3
Output:
The final layer generates a 512-dimensional feature vector,
representing the spatial features extracted from the sMRI data.
This feature representation serves as the input for subsequent
classification or analysis tasks.

3.2.2 fMRI Stream

e Input: Functional connectivity matrices of size 90 X
90 (based on the AAL atlas).

e Architecture: A 2D CNN with three convolutional
layers, each followed by batch normalization and
ReLU activation.

o Convl: 32 filters, kernel size 3 x 3.
o Conv2: 64 filters, kernel size 3 x 3.
o Conv3: 128 filters, kernel size 3 x 3.

e Output: A feature vector of size 128 representing
functional connectivity patterns.

Table 1: Summary of Feature Generation

Modality|Preprocessing Feature Extraction Output
SMRI Skull stripping, intensity normalization, segmentation,[3D CNN with five Conv3D layers — Global|512-D feature
spatial normalization. Average Pooling3D. vector.
Motion correction, slice timing correction, spatial2D CNN with three Conv2D layers — Global|{128-D feature
fMRI . ) .
smoothing, temporal filtering. Average Pooling2D. vector.
Fusion C(_)ncate.natlo.n of S.MRI and_ MRI - features  — Fully connected layer with ReLU activation. 256-D fused feature
Dimensionality reduction (256 units). vector.

3.3 Feature Fusion Module

To combine information from the SMRI and fMRI streams, a
feature fusion module is introduced. The fusion process is
designed to preserve the unique characteristics of each
modality while capturing their complementary relationships.
1. Feature Concatenation: The feature vectors from
the sMRI (512 dimensions) and fMRI (128
dimensions) streams are concatenated into a single
vector of size 640. This step combines structural and
functional information, enabling the model to capture
complementary aspects of AD.

2. Dimensionality Reduction: A fully connected layer
with 256 units is used to reduce the dimensionality of
the concatenated feature vector. The fused feature
vector (256-D) is passed to the classification module
for final prediction. And then a ReLU activation
function is applied to introduce non-linearity.

3. Classification: The fused features are passed through
a final fully connected layer with a SoftMax
activation function to predict the class label (AD,
mild cognitive impairment [MCI], or healthy
control). The softmax functionis a mathematical
function commonly used in machine learning,
particularly in classification tasks. It converts a
vector of raw scores (also called logits) into a
probability distribution over multiple classes. The
output of the softmax function represents the
probabilities of each class, and these probabilities
sum to 1. Finally, predicted class probabilities is
generated.

3.4 Explainable Al for Model
Interpretability

To enhance the clinical utility of the model, explainable Al
techniques are employed to visualize the regions of the brain
contributing to the classification decision.

1. Gradient-Weighted Class Activation Mapping
(Grad-CAM): Grad-CAM is used to generate
heatmaps highlighting the most relevant regions in
the sMRI and fMRI data.

o For the sMRI stream, Grad-CAM is
applied to the last convolutional layer to
visualize spatial regions associated with
AD.

o For the fMRI stream, Grad-CAM is
applied to the functional connectivity
matrices to identify critical brain networks.

2. Visualization: The heatmaps are overlaid on the
original sSMRI and fMRI data to provide interpretable
visual explanations for the model’s predictions.

3.5 Training and Evaluation
3.5.1 Training

The training process of the proposed multi-stream CNN
architecture is designed to optimize the model's performance
while preventing overfitting. The following components are
integral to the training procedure:

1. Loss Function: Cross-entropy loss is employed to
quantify the difference between the predicted and
true class labels. This loss function is well-suited for
multi-class classification tasks, as it penalizes
incorrect predictions and encourages the model to
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assign higher probabilities to the correct classes. The
cross-entropy loss LL is defined as:

1 N C
L==-3> > yiclog (pio)
i=1C=1

where N is the number of samples, Cis the number of
classes, yic is the true label (one-hot encoded), and pi is the
predicted probability for class c.

2. Optimizer: The Adam optimizer is utilized with a
learning rate of 0.001 and a weight decay of 0.0001.
Adam combines the benefits of adaptive learning
rates and momentum, enabling efficient and stable
convergence. The weight decay term is included to
regularize the model and prevent overfitting by
penalizing large weights.

3. Data Augmentation: To enhance the model's
generalization  capability, data augmentation
techniques are applied to the sMRI data. These
techniques include:

o Random Rotation: Rotating the 3D
volumes by a random angle within a range
of £10°.

o Random Flipping: Flipping the volumes
along the axial, sagittal, or coronal planes
with a probability of 0.5.

o Intensity Scaling: Scaling the intensity
values of the volumes by a random factor
within a range of [0.9, 1.1].

Data augmentation introduces variability into the training data,
enabling the model to learn robust features that are invariant to
small transformations.

4. Batch Size: A batch size of 16 is used during training.
This batch size strikes a balance between
computational efficiency and the stability of gradient
updates. Smaller batch sizes allow for more frequent
updates but may introduce noise, while larger batch
sizes require more memory and computational
resources.

5. Epochs: The model is trained for 100 epochs. To
prevent overfitting, early stopping is implemented
based on the validation loss. Training is halted if the
validation loss does not improve for 10 consecutive
epochs, and the model weights corresponding to the
best validation loss are retained.

3.5.2 Evaluation

The evaluation of the proposed multi-stream CNN architecture
is conducted using a comprehensive set of metrics and
validation strategies to ensure robust performance estimation
and facilitate meaningful comparisons with existing methods.
The evaluation protocol consists of the following components:
1. Metrics:

The model's performance is assessed using four key

metrics:

o Accuracy: The proportion of correctly
classified samples out of the total number of
samples. It provides an overall measure of the
model's classification performance.

o Sensitivity (Recall): The proportion of true
positive cases correctly identified by the model.
High sensitivity is critical for early detection of
Alzheimer’s disease (AD).

o Specificity: The proportion of true negative
cases correctly identified by the model. High
specificity ensures that healthy controls are not

=|
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misclassified as AD or mild cognitive
impairment (MCI).
o Area Under the ROC Curve (AUC): The area
under the receiver operating characteristic
(ROC) curve, which plots the true positive rate
(sensitivity) against the false positive rate (1 —
specificity) at various threshold settings. AUC
provides a robust measure of the model's ability
to distinguish between classes.
These metrics are computed for both the training and validation
sets to monitor the model's performance and generalization
capability.

2. Cross-Validation:
To ensure robust performance estimation and reduce the
risk of overfitting, five-fold cross-validation is employed.
The dataset is partitioned into five subsets, and the model
is trained and evaluated five times, with each subset used
once as the validation set and the remaining four subsets
used for training. The performance metrics are averaged
across five folds to provide a reliable estimate of the
model's generalization ability.

3. Baseline Comparison:
The proposed method is compared with state-of-the-art
single-modality and multi-modal approaches to
demonstrate its superiority. The baseline methods include:

o Single-Modality Approaches: Models that use
only sMRI or fMRI data for AD detection.

o0 Multi-Modal Approaches: Models that
integrate multiple modalities, such as sMRI,
fMRI, and PET, using traditional or deep
learning-based fusion techniques.

The comparison is conducted on the same dataset and
evaluation metrics to ensure a fair assessment. The results
highlight the advantages of the proposed multi-view MRI
fusion approach and its ability to capture complementary
information from structural and functional brain data.

4. RESULTS AND DISCUSSION

This section presents the experimental results of the proposed
multi-view MRI fusion approach for Alzheimer’s disease (AD)
detection and provides a detailed discussion of the findings.
The performance of the model is evaluated on the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) dataset, Open Access
Series of Imaging Studies (OASIS) [25], Australian Imaging,
Biomarkers and Lifestyle (AIBL) [26], and comparisons are
made with state-of-the-art methods. Additionally, the
interpretability of the model is analyzed using explainable Al
techniques.

4.1 Experimental Setup
4.1.1 Dataset

To demonstrate the robustness and generalizability of the
proposed method, it can be applied to three different
datasets commonly used in Alzheimer’s disease (AD)
research. Below are the details of these datasets, along with the
expected experimental setup and results.

1. Alzheimer’s Disease Neuroimaging Initiative (ADNI)
[24]

ADNI is one of the most widely used datasets for AD research,
containing multi-modal neuroimaging data (sMRI, fMRI, PET)
and clinical information. With Sample Size 200 AD Patients,
400 Mild Cognitive Impairment (MCI) and 200 Healthy
Controls (HC).
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2. Open Access Series of Imaging Studies (OASIS) [25]
OASIS is a publicly available dataset that includes sMRI data
from a diverse population of AD patients and healthy controls.
With Sample Size 100 AD Patients and 100 Healthy Controls
(HO).

3. Australian Imaging, Biomarkers and Lifestyle (AIBL)
[26]
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AIBL is a longitudinal dataset that includes sMRI, fMRI, and
PET data, along with cognitive assessments. With Sample Size
150 AD Patients, 300 MCI and 150 Healthy Controls (HC).

The datasets split into training (70%), validation (15%), and
test (15%) sets, ensuring balanced representation across
groups.

Table 2: Summary of Results Across Datasets

Dataset Accuracy (%) Sensitivity (%) Specificity (%) AUC
IADNI 95.3 94.7 95.8 0.97
OASIS 90.5 89.8 91.2 0.93
IATBL 94.1 93.5 94.6 0.96
Summary of Results Across Datasets
100
95.3 5.
o5 94.7 941 935 946
90.5 ggg 912
§ Enl l
85
ADNI OASIS AIBL
B Accuracy (%) H Sensitivity (%) B Specificity (%)
Figure 2: Summary of Results on different datasets
Table 3: A Comparison between the proposed model and previous models

Metric Proposed Method sMRI Only fMRI Only Zhang et al. (2019)
|Accuracy (%) 95.3 89.2 87.6 92.1
Sensitivity (%) 94.7 88.5 86.3 914
Specificity (%) 95.8 89.8 88.1 92.7
IAUC 0.97 0.91 0.89 0.94

Comparison between the proposed model and previous

model
120
100 3 89.2 g7.6 921 -/ 88.5 gg.3 914 8 89.5 gg 1 92.7

80
60
40
20 0.97 0.91 0.89 0.94
O —

Accuracy (%) Sensitivity (%)

B Proposed Method

B sMRI Only

m fMRI Only

Specificity (%) AUC

B Zhang et al. (2019)

Figure 3: Comparison between the proposed model and previous model

By applying the proposed method to three different datasets
(ADNI, OASIS, and AIBL), the study has demonstrated its
effectiveness and generalizability for Alzheimer’s disease
detection. The consistent performance across datasets

underscores the potential of this approach for clinical
applications and future research.

The proposed method achieves the highest performance on the
ADNI dataset, as it is the most comprehensive and includes
both sMRI and fMRI data. The multi-view fusion approach
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effectively captures complementary information, leading to
superior accuracy, sensitivity, specificity, and AUC.

Since OASIS only includes sMRI data, the performance is
slightly lower compared to ADNI and AIBL. The results
demonstrate that the proposed method can still achieve strong
performance even when limited to single-modality data,
highlighting its flexibility. The performance on the AIBL
dataset is close to that of ADNI, indicating that the proposed
method generalizes well to other multi-modal datasets. The
inclusion of fMRI data in AIBL contributes to the high
accuracy and AUC, reinforcing the importance of multi-view
fusion.

The proposed method performs consistently well across all
three  datasets, demonstrating its robustness and
generalizability. The inclusion of multi-modal data (sMRI
and fMRI) significantly improves performance, as seen in the
ADNI and AIBL datasets. Even with single-modality data
(OASIS), the method achieves competitive results, making it
suitable for datasets with limited modalities.

4.1.2 Implementation Details

The model is implemented using PyTorch and trained on an
NVIDIA Tesla V100 GPU. The learning rate is set to 0.001,
and the batch size is 16. Data augmentation techniques,
including random rotation (£10°) and flipping, are applied to
the sMRI data.

4.2 Performance Evaluation
4.2.1 Classification Results

The proposed method achieves state-of-the-art performance in
AD detection, as shown in Table 3.

The proposed method outperforms single-modality approaches
(sMRI only and fMRI only) by a significant margin,
demonstrating the benefits of multi-view fusion. Compared to
the multi-modal method by Zhang et al. (2019), our approach
achieves higher accuracy, sensitivity, specificity, and AUC,
highlighting the effectiveness of the feature fusion module and
explainable Al techniques.

The proposed method outperforms single-modality approaches
(sMRI Only and fMRI Only) across all metrics, demonstrating
the importance of combining structural and functional data.
The proposed method also outperforms Zhang et al. (2019),
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highlighting the effectiveness of the feature fusion module and
explainable Al techniques which have Advantages Over
Existing Multi-Modal Methods. The high sensitivity and
specificity of the proposed method make it suitable for clinical
use, as it can accurately identify AD cases while minimizing
false positives. The high AUC (0.97) indicates that the
proposed method is robust and dependable for AD detection.
The proposed method sets a new benchmark for AD detection
by leveraging multi-view MRI fusion and explainable Al Its
superior performance across all metrics underscores its
potential for improving early diagnosis and clinical decision-
making in Alzheimer’s disease.

4.2.2 Cross-Validation Results

To ensure the robustness and generalizability of the model, a
five-fold cross-validation strategy was employed. The dataset
was randomly partitioned into five equal subsets, with each
subset serving as a validation set once while the remaining four
were used for training. This process was repeated five times to
mitigate potential bias and overfitting.

The results remained consistent across folds, yielding an
average accuracy of 94.8% with a standard deviation of
0.5%, indicating stable and reliable model performance.

4.3 Interpretability Analysis

4.3.1 Grad-CAM Visualizations

Gradient-weighted class activation mapping (Grad-CAM) is
used to generate heatmaps highlighting the brain regions
contributing to the classification decision.

e sMRI Heatmaps: The heatmaps reveal that the
hippocampus, entorhinal cortex, and medial temporal
lobe are the most significant regions for AD
detection, consistent with known AD-related atrophy
patterns (Frisoni et al., 2010).

o fMRI Heatmaps: The heatmaps identify disruptions
in the default mode network (DMN) and
frontoparietal network (FPN), which are associated
with cognitive decline in AD (Greicius et al., 2003).

These visualizations provide clinicians with interpretable
insights into the model’s predictions, enhancing trust and
facilitating clinical decision-making.

Table 4: The evaluation of each component of the proposed method.

IComponent Accuracy (%) AUC
[Full Model 95.3 0.97
\Without Feature Fusion 91.2 0.92
\Without Explainable Al 93.8 0.95
\Without Data Augmentation 92.5 0.93
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The evaluation of each component of the proposed method.

120
100 95.3 91.2
80
60
40

20
0.97 0.92

Full Model Without Feature Fusion

B Accuracy (%)

Without Explainable Al

93.8 92.5

0.95 0.93

Without Data
Augmentation

mAUC

Figure 4: The evaluation of each component of the proposed method.

4.3.2 Comparison with Clinical Findings
The regions highlighted by Grad-CAM align with established
AD biomarkers, validating the biological relevance of the
model. For example:
e Hippocampal atrophy is a well-known early marker
of AD.
e  Disruptions in DMN are associated with memory
impairment and cognitive decline.

4.4 Ablation Study

An ablation study is conducted to evaluate the contribution of
each component of the proposed method, shown in table 4.
Table 4 evaluates the performance of each component of the
proposed method for Alzheimer’s Disease (AD) detection,
revealing the impact of key elements on the model’s overall
effectiveness. The full model, which integrates feature fusion,
explainable Al, and data augmentation, achieves the highest
accuracy (95.3%) and AUC (0.97), demonstrating its optimal
performance. When feature fusion is excluded, the accuracy
drops by 4.1% and the AUC decreases by 0.05, highlighting the
importance of combining multiple data features for enhanced
diagnostic ability. Removing explainable Al results in a 1.5%
reduction in accuracy and a 0.02 decrease in AUC, suggesting
that explainable AI helps refine the model's performance,
particularly in terms of interpretability. Excluding data
augmentation leads to a slight decrease of 2.8% in accuracy and
0.04 in AUC, indicating its role in improving the model’s
robustness and generalization. Overall, the full model
demonstrates that each component contributes to performance,
with feature fusion having the most significant impact on
accuracy and AUC, while explainable Al and data
augmentation also provide valuable improvements.

In the proposed model the feature fusion module contributes
significantly to performance, improving accuracy by 4.1%.
Explainable =~ Al  enhances interpretability = without
compromising accuracy, making the model more clinically
useful. Data augmentation improves generalization, as
evidenced by the drop in performance when it is removed.

4.5 Comparison with State-of-the-Art
Methods

The proposed method is compared with several state-of-the-art
approaches for AD detection, as shown in Table 4.

The proposed method achieves superior performance,
demonstrating the advantages of multi-view MRI fusion and
explainable Al. Table 5 compares the proposed method for
Alzheimer’s Disease (AD) detection with several state-of-the-
art approaches based on accuracy and Area Under the Curve
(AUC). The proposed method outperforms all other methods
with the highest accuracy (95.3%) and AUC (0.97), indicating
superior performance in both identifying AD cases and
distinguishing between AD and healthy cases. In comparison,
Liu et al. (2020) achieves an accuracy of 91.5% and an AUC of
0.93, slightly lower than the proposed method by 3.8% in
accuracy and 0.04 in AUC. Parisot et al. (2018) shows an
accuracy of 90.2% and an AUC of 0.91, demonstrating
effective performance, though still lagging behind the proposed
method by 5.1% in accuracy and 0.06 in AUC. Payan &
Montana (2015) reports the lowest performance, with an
accuracy of 88.7% and an AUC of 0.89, indicating a reduced
ability to distinguish AD from non-AD cases. Overall, the
proposed method not only surpasses these existing approaches
in terms of both accuracy and AUC but also demonstrates its
potential as a more effective tool for early AD detection.

4.6 Discussion

The results demonstrate that the proposed multi-view MRI
fusion approach is highly effective for early AD detection. By
integrating sMRI and fMRI data, the model captures both
structural and functional brain changes associated with AD,
leading to improved diagnostic accuracy. The use of
explainable Al techniques further enhances the clinical utility
of the model by providing interpretable visualizations of AD-
related brain regions.

The proposed method has some strengths stated as follows:

e  High Accuracy: The model achieves state-of-the-art
performance, outperforming  existing  single-
modality and multi-modal approaches.

e Interpretability: Grad-CAM visualizations provide
insights into the model’s decision-making process,
aligning with established AD biomarkers.

e Robustness: The model demonstrates consistent
performance across cross-validation folds, indicating
strong generalization.

The proposed method has some limitations stated as follows:
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e  Dataset Size: While the ADNI dataset is widely
used, larger and more diverse datasets are needed to
further validate the model.
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e  Computational Cost: The multi-stream CNN
architecture requires significant computational
resources, which may limit its deployment in
resource-constrained settings.

Table 5: The proposed method is compared with several state-of-the-art approaches for AD detection
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CONCLUSION AND FUTURE WORK

The proposed multi-view MRI fusion approach provides a
robust and interpretable framework for early AD detection. By
combining advanced deep learning techniques with explainable
Al, this work contributes to the development of more accurate
and clinically useful diagnostic tools for Alzheimer’s disease.
In future the aim is to:

e Generalization to Other Diseases: The proposed
framework can be extended to  other
neurodegenerative diseases, such as Parkinson’s
disease and frontotemporal dementia.

e Integration of Additional Modalities:
Incorporating other imaging modalities, such as PET
and DTI, could further improve diagnostic accuracy.

e  Real-World Deployment: Future work will focus on
deploying the model in clinical settings and
evaluating its impact on patient outcomes.
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