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ARTICLE INFO ABSTRACT

Keywords: Convolutional neural networks (CNNs) have been widely used in medical imaging applications, including brain
CNN diseases such as Alzheimer’s disease (AD) classification based on neuroimaging data. Researchers extract the
ViT

potential brain regions related to AD disease using CNN from various imaging modalities due to its architectural
inductive bias. The major limitation of the current CNN-based model is that it doesn’t capture long-range
relationships and long-distance correlation within the image features. Vision transformers (ViT) have proven an
astounding performance in encoding long-range relationships with strong modeling capacity and global feature
extraction due to the self attention mechanism. However, ViT doesn’t model the spatial information or the
local features within the image and is hard to train. Researchers have demonstrated that combining CNN and a
transformer yields outstanding results. In this study, two new methods are proposed for Alzheimer’s disease
diagnosis. The first method combines the Swin transformer with an enhanced EfficientNet with multi-head
attention and a Depthwise Over-Parameterized Convolutional Layer (DO-Conv). The second method consists of
modifying the CoAtNet network with ECA-Net and fused inverted residuals blocks. We evaluated the effectiveness
of our proposed methods based on the Open Access Series of Imaging Studies (OASIS) and the Alzheimer’s
Disease Neuroimaging Initiative (ADNI). Further, we evaluated the proposed methods using the Gradient-based
Localization (Grad-CAM) method. The first method achieved 93.23% accuracy of classification on the OASIS
dataset. The second method achieved 97.33% accuracy of classification on the OASIS dataset. We applied
different multimodal image fusion methods (MRI and PET, MRI and CT) using our proposed method. The
experimental results demonstrate that the fusion method based on PET and MRI outperforms the fusion method
based on MRI and CT achieving 99.42% accuracy. Our methods outperform some traditional CNN models and
the recent methods that are based on transformer for AD classification.
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1. Introduction mented. These stages represent the progression of the disease. Another
well known stages are cognitively normal (CN), Mild cognitive impair-

Neurodegenerative diseases are a range of disorders that are char- ment (MCD), and Alzheimer’s disease (AD). Data collection about the

acterized by a progressive structural and functional deterioration of ~ Patient is a critical step, this involves the patient’s medical history, en-
brain neurons, which causes cognitive decline, cognitive impairment, vironment, genetic information, and various medical tests that extract
mental functioning, the loss of balance and movement control. These the patient’s functional and anatomical structures through diagnostic
diseases are becoming more prevalent across the world. Alzheimer’s imaging methods. Neuroimaging is an attractive field that is devoted
disease is one of the most challenging and complex neurodegenera- to studying brain structure and discriminative brain biomarkers using
tive diseases. It is vital to building comprehensive information and imaging tools. The imaging modalities present powerful tools that illus-
an accurate disease characterization for an early diagnosis. This dis- trate the potential biomarkers that enhance the understanding of the
ease has different stages of cognitive decline and impairment, such as anatomical and functional neural changes related to the disease. Mag-
mild demented, moderate demented, non-demented, and very mild de- netic resonance images (MRI) and positron emission tomography (PET)
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the most powerful tools used for disease characterization and to gain
insights for accurate diagnosis. The use of these modalities generates a
huge amount of unstructured, heterogeneous, and complex healthcare
data. There is an unmet need for extracting insights from these data and
individualized representations of the disease. Deep learning techniques
such as convolutional neural networks (CNN) achieved impressive re-
sults and have shown outstanding performance on brain diseases such
as AD diagnosis [1], [2]. The CNN has been widely used to classify, de-
tect, and predict AD disease based on brain modalities such as MRI and
PET. The CNN has been applied to 2D and 3D images to extract useful
biomarkers in brain modalities, such as amyloid-beta plaques and tau
protein tangles. In addition, it extracts the relevant brain region associ-
ated with the AD disease Several studies have reported the success of the
application of CNN to Alzheimer’s disease (AD), including image clas-
sification and disease progression prediction. However, CNN requires a
huge amount of data, and the main challenge is the limited training AD
imaging data. Furthermore, the brain modalities are complex because
they have big variations in quality due to various factors such as im-
age acquisition technique, scanner type, and patient movement during
the scan. These variations can make it challenging for CNNs to extract
meaningful features from the images. Today, vision transformers rep-
resent an emerging method and a promising new application for deep
learning in computer vision. ViT has shown promising results in med-
ical image analysis. The key technique behind the ViT is the attention
mechanism. The main advantage of transformers over CNNs is that they
capture complex relationships and long-range dependencies between
the image features due to the self attention mechanism. In contrast,
CNN cannot handle the long dependencies between the image features,
but it has great potential to extract local and translation-invariant fea-
tures from the input image, allows the model to focus on different parts
of the input when making predictions. This attention mechanism can
be visualized and interpreted, making it easier to understand how the
model is making predictions. In contrast, CNNs typically have more
opaque representations that are harder to interpret due to their ability
to extract complex and non-linear relationships within brain modali-
ties. However, CNN cannot encode long range dependencies within the
image. Vision transformers (ViTs) [3], [4], [5] incorporate more global
information than CNN, which ensures the extraction of more features.
However, ViT is a data-hungry that relies on a huge amount of data and
is hard to optimize. Furthermore, ViT is lacks inductive bias. In this pa-
per, we overcome these issues by proposing two new methods based on
combining the strengths of CNN and ViT.

+ The first method is an hybrid method based on the Swin trans-
former and an enhanced EfficientNet. We add a multihead atten-
tion layer and a DO-Conv layer to the EfficientNetbO to capture
global dependencies within the MRI image.

The second method consists of modifying the CoAtNet network,
we replace the SE module with the ECA module within the MB-
Conv, and we add an improved fused MBConv as an early layers to
enhance the generalization capability and reduce the model com-
plexity.

We applied different multimodal image fusion methods (MRI and
PET, MRI and CT) using our proposed method. The first method
combines the PET and MRI modality. The second method combines
the MRI and CT modality.

The first method achieved 93.23% accuracy of classification on the
OASIS dataset. The second method achieved 97.33% accuracy of classi-
fication on the OASIS dataset for Alzheimer’s disease classification into
four classes (mild demented, moderate demented, non-demented, and
very mild demented) and 98.87% on ADNI dataset for Alzheimer’s dis-
ease classification into three classes (AD, CN, and MCI). The experimen-
tal results demonstrate that our methods outperform some traditional
CNN models and the recent methods that are based on transformers for
AD classification.
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2. Related work

Brain disease diagnosis and classification, such as Alzheimer’s dis-
ease, using deep learning has shown promising results. In this sec-
tion, we explore and investigate state-of-the-art research insights on
Alzheimer’s disease (AD) using various deep-learning methods. We
compare methods based on deep networks with and without attention
mechanisms and with recent architectures such as vision transformers
and hybrid methods that combine CNN and transformers. CNN is widely
adopted for Alzheimer’s disease diagnosis. [6] performed 3D CNN on
FDG PET for AD detection. They achieved an accuracy of 75% using
the ADNI dataset [7] also used 2D CNN using the same modality. This
model achieved an accuracy of 59.73%. [8] improved the CNN archi-
tecture and adopted a multi-stream convolutional neural network to
classify the progression of the MCI stage into stable MCI and progres-
sive MCI for an early diagnosis. This model obtained 85.96% accuracy.
MRI [9] have developed an AD classification model based on VGG16
as a feature extractor using the OASIS dataset. This model achieved
71% accuracy. Within the same task, [10] figures out that the current
CNN methods cannot encode the global features from the input image.
They improve the VGG16 by integrating a convolutional block attention
module to the model to extract more complex features. They obtained
an accuracy of 98%.

[11] asserted that the sSMRI modality cannot efficiently capture the
structural changes related to AD disease. They overcome these issues
by proposing an attention multi-instance deep learning network (DA-
MIDL) to extract more local and global features of abnormally changed
behavior and improve feature representation for the whole brain using
the ADNI dataset.

[12] add a wise attention mechanism to the densely connected neu-
ral network to extract deep, high-level, and multi-scale features from
MRI images from the ADNI dataset. They pointed out that the atten-
tion mechanism improves the denseNet. This model obtained 87.28%
accuracy of classification.

[13] proposed a model that combines representation learning, fea-
ture distilling, and classifier modeling. They adopted a multi-head Prob-
Sparse self-attention block to select the most discriminative features
that represent the disease. To reduce the space complexity, they used a
patch merging technique during the distillation operation. This model
reached 92.8% as accuracy of classification. [14] adopted the Squeeze
and Excitation (SE) mechanism with the Pyramid Squeeze Attention
(PSA) mechanism combined with a Fully Convolutional Network (FCN)
model to extract the feature information of the disease probability map
for each MRI image. The authors demonstrated that image-filtering
approaches and attention mechanisms improve Alzheimer’s disease di-
agnosis. In [15] a new model based on 3D CNN that combines the kernel
attention mechanism with a new global context was proposed. The at-
tention mechanism enforces the CNN feature extraction compared to
the previous works, reaching an accuracy of 97.28%. Recent studies ad-
dressed the issues of CNN and applied transformers to extract global
features and encode long-range relationships among image features.
[16] implemented ViT architecture on the PET modality for AD diagno-
sis reaching accuracy of 91%.

[17] add a multi-layer perception head to the ViT for AD detection
using MRI modality. They obtained an accuracy of 89.58%. [18] no-
ticed that CNN methods do not encode and extract the changes of these
regions related to the disease. To address this issue, they incorporated
3D deformable self-attention module into the ViT architecture. The key
feature of this network is that can encode the position of the selected
patch based on the structural changes in sMRI related to the AD dis-
ease. They selected data from the ADNI and AIBL datasets. Transformer
extracted global features from the image. However, it requires a huge
amount of data and these architectures are hard to train. Recent studies
combined CNN and transformers to address these issues. For example
[19] combined VGG16 and Swin transformer for AD diagnosis. [20]
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combine ViT, 2D CNN and 3D CNN to capture global dependencies and
ensure good generalization. They achieved an accuracy of 93%.

[21] outlined that the main limitation of the recent studies based
on the vision transformer on AD detection is that they don’t extract
the local features and don’t encode the low-level feature interactions
between the brain modalities within the feature extraction. They ad-
dress this issue with a new model that combines dual-branch vision
transformer with cross-attention and graph pooling. They obtained an
accuracy of 98% using an MRI modality from the ADNI dataset. [22]
proposed a multiple instance learning and self-supervised Data-Efficient
Image Transformer (DeiT) for AD diagnosis. They obtained higher accu-
racy (93%) than the vision transformer. [23] combined ConvNeXt with
an ensemble of machine learning classifiers. They reached an accuracy
of 92%.

[24] proposed a multimodal fusion method that combines the MRI
and PET modality using the harnessing demon algorithm and discrete
wavelet transform. They perform ResNet-50 to extract features from
the fused image, and then these features are classified using SVM. This
method has an accuracy of 73%. [25] have implemented fusion models
that combine the PET and MRI modality and extract deep multi-features
using 3D convolutional neural networks. [26] applied a fusion modality
that combined PET and MRI modality using 3D CNN. They achieved an
accuracy of 71%. [27] developed a new fusion method between the
MEG and MRI modalities. Here, the authors fused the features from
the MEG and MRI modalities, and for classification, they used support
vector machines (SVM). This model obtained an accuracy of 77%. [28]
applied a contrastive self-supervised fusion of fMRI and MRI for AD
classification.

[29] compare between CNN and the vision transformer and inves-
tigate the application of these models in Alzheimer’s diagnosis. They
applied the vanilla vision transformer, deep vision transformer, and
class attention image transformer (CaiT). They pointed out that the vi-
sion transformers outperform CNN with a big dataset and lack inductive
biases with a small dataset. Most of the multimodal methods that com-
bine different brain modalities are based on CNN models. Thus, these
methods didn’t capture the long-term dependencies within each brain
modality. Furthermore, these methods didn’t extract the global features
within the brain modalities and didn’t capture the main interactions be-
tween the features extracted from the brain modalities. There are few
studies [31] that used attention mechanism to address these issues. As
depicted in the Table 1 the methods that are based on attention mech-
anism outperformed the methods that are based on CNN. The relevant
choice of the modality and the architecture is crucial to obtain accurate
results. For example, the studies that are based on the MRI modality
outperformed the studies based on the PET modality. The studies that
are based on vision transformer have an accurate accuracy compared to
some CNN models. Furthermore, the studies that are based on the com-
bination of CNN and transformers obtained more accurate results than
ViT.

3. Methods

In this section, we describe the overall architecture of the proposed
methods for AD diagnosis.

3.1. Vision transformer

The vision transformer is a subtype of transformer devoted to com-
puter vision. The core blocks of the ViT are the patch embedding,
transformer encoder, and multilayer perceptron (MLP) classifier. The
self attention layer is the key compound of the vision transformer
that overcomes the main limitation of CNN through dynamic feature
reweighting. This mechanism enhances the network by learning the
main connections and relationships between the patches.

The ViT split the input image into a grid of sub-image patches as
depicted in Fig. 1. Given a 3D Image (X) € resolutionR"*"*C and patch
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size p. The image is divided into multiple patches of the same height
and width. x € RFXW*C 5 x g RNXP?C

HW .
N = =5 is the number of patches

P is the height and width of the patch with a patch dimension (P, P,C)
C is the number of channels

Then the patches are flattened and fed into a feed forward layer that
takes each patch as input for patch projection and maps these features
into a feature vector of large size, which refers to the patch embedding.
The Fig. 2 illustrates the application of ViT for AD diagnosis.

Position embeddings are then linearly added to the sequence of
image patches to retain positional information by adding information
about the relative or absolute position of the image patches in the
sequence. The output embedded patches are then passed through a vi-
sion encoder that involves a Multi-Head Self Attention (MSA) layer and
a Multi-Layer Perceptron (MLP) layer. The Multi-Head Self Attention
layer divides the input into various heads to extract the deep features
from the image and obtain a global representation. This layer applies
several times the self attention to each head. The outputs of all the
heads are then concatenated and fed into the Multi-layer perceptron for
classification. The layer norm (LN) is applied before every block. The
Fig. 3 visualize the attention map within the application of ViT.

ViT has such limitations specifically with the high-resolution im-
ages. The computational complexity is quadratic to the input image
size. This makes it hard to optimize. Another limitation is that ViT pro-
cesses the input images as patches or tokens all with fixed sizes which
are unsuitable. However, the visual elements of the input image are not
unsuitable. The ViT is based on a global self-attention that measures
the relationships between a token and all other tokens which leads to
quadratic computational complexity.

3.1.1. Swin transformer with an improved EfficientNet BO for AD diagnosis

The first method combines the Swin transformer with an improved
EfficientNet BO as depicted in 4.

Convolutional neural network models are commonly designed with
manual tuning that consists of fixing the network parameters (Depth,
Width, and Resolution) and then scaling these parameters to enhance
accuracy. EfficientNet is a CNN model that is based on the compound
scaling method that scales the dimensions of the network effectively.
This method applies a grid search strategy to extract the main corre-
lations between the different network parameters based on fixed con-
straint. The compound scaling method balances the scale in all three
dimensions (width, depth, and image resolution) to improve the net-
work as it flows:

depth: d = a®
width: w = p®

resolution: r = y®

The EfficientNet consists of stacking multiple inverted bottleneck
convolution (MBConv). The self-attention module is adopted to boost
CNN and enable it to focus more on the relevant information within
the input image rather than learning non-useful information such as
background information that increases the model’s complexity. Scaled
dot-product attention is the core mechanism behind self-attention. It is
defined as:

. OKT
Attention(Q, K, V') = softmax < \/d— ) 14 (@D)]
k
The scaled dot product attention is applied over a single sequence,
which cannot emphasize all the important features within the input
image. The solution is to apply the attention mechanism several times.
Multihead self attention is an attention module that applies an attention
mechanism several times in a parallel way. This module transforms the
queries, keys, and values into linearly projected queries, keys, and val-
ues A times independently through multiplication with weight matrices
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Table 1
Recent works in Alzheimer’s disease diagnosis using different deep learning methods.
Model  Architecture Modality Classes Dataset Accuracy
[6] 3D CNN FDG PET AD, CN, MCI ADNI 75%
[91 VGG16 MRI nondemented, very mild to OASIS 71%
mild Alzheimer’s,
nondemented, and
nondemented
[10] VGG16-+attention mechanism MRI nondemented, very mild to OASIS 98%
mild Alzheimer’s,
nondemented, and
nondemented
[13] multilayer MRI AD, CN, MCI ADNI 92.8%
perceptrom+multihead
ProbSparse self-attention
+structural distilling+
[15] 3DCNN+ kernel attention MRI AD, CN, MCI ADNI 97.28%
mechanism +global attention
[12] 3D DenseNet+ wise attention MRI AD, CN, MCI ADNI 87.28%
mechanism
[8] 3Multi-Stream CNN MRI AD, CN, MCI ADNI 85.96%
[7] 2 CNN PET AD, CN, MCI ADNI 59.73%
[16] Vision Transformer (ViT) PET AD, CN, MCI ADNI 91%
[3] Cascaded Modality MRI AD, CN, MCI ADNI+AIBL 94%
Transformers architecture
with cross-attention
[24] ResNet-50+SVM PET+MRI AD, CN, MCI ADNIL 94%
[23] ConvNeXt and ensemble of MRI AD, CN, MCI ADNIL 92%
machine Learning classifiers
[17]1 Multi-layer perceptron+ ViT MRI AD, MCI, CN ADNI 89.58%.
[27]1 multi-kernel learning of MEG+MRI EMCI, LMCI, MCI ADNI 77%
support vector machine
[20] 2D,3DCNN+ViT MRI AD, MCI, CN ADNI 93.21
[21] dual-branch vision MRI AD, MCI, CN ADNI 98%
transformer with
cross-attention and graph
pooling
[22] DeiT+Instance learning MRI AD, MCI, CN ADNI 93%
[30] Resnet18 PET+MRI EMCI, LMCI, MCI ADNI 73.90%
[26] 3DCNN PET+MRI AD, CN, MCI ADNI 71%

PTIENG

Patch+Position —3 ©
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MLP Head

E L X
Rl
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MRI image

Fig. 1. ViT architecture.
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Fig. 2. The application of ViT for AD diagnosis.

Attention head: 0 Attention head: 1

v

Attention head: 4 Attention head: 5

Attention head: 8 Attention head: 9

v

Attention head: 2 Attention head: 3

.

Attention head: 6 Attention head: 7

.

Attention head: 11

Attention head: 10

Fig. 3. Attention map visualization.

WC, WK and WY Then a single attention mechanism is applied for
each head projection in a parallel manner. The multi-head attention
function can be defined as

MultiHead (Q,K, V) = [head,, ..., head,| W,

where head; = Attention (QW?,KWf,VW?). The final step is to con-
catenate the outputs of all the output of all the heads head; and apply
the linear projection to the output with the weight matrix W€ to obtain
the final output.

The multihead attention enables the proposed model to learn and
extract richer data representations. We also introduce the Depthwise
Over-Parameterized (DO) module to the Efficient net BO to improve the
training speed of the network without adding parameters and to de-

crease computational complexity. An over-parameterized convolutional
layer consists of a depthwise convolutional layer with a trainable kernel
and a traditional convolutional with a trainable kernel.

3.1.2. Depthwise Over-Parameterized Convolution

Depthwise Over-Parameterized Convolution is introduced by [32].
It based on the combination of a depthwise convolution D €
RM=#N)Dyur*Cin and conventional convolution kernels W € RCour* P *Cin
to speed up the model training and to boost its convergence. The over-
parameterization refers to the combination of the two convolutions and
adding learnable parameters to the model. The figure illustrates the
flowchart of the DO-Conv. P represent the size of the input feature
channel with spatial dimension M = N. C,, is the number of the input
channels within the input feature maps. Whereas the C,,, is the number
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Fig. 4. Swin transformer with an improved EfficientNet BO.

of the channels within the output feature map. The Dy € RPmu*(M*N)+Cyy
is the transposition of D € RIM*N)*Dwu*Cin The first step is to combine
the depthwise trainable kernel D and the conventional convolution
kernel W, which results in a transformed feature map W' = D'oW.
Secondly, a conventional convolution operator is applied between the
output W' and P to obtain the output O = W’ x P. The DO-Conv is
defined as:

O=D,W)®P
(&)
=(D'oW)x P

3.1.3. Swin transformer

The Swin transformer is a subtype of transformer that creates reli-
able hierarchical representations of features using patch merging and
ensures linear computational complexity proportional to the size of the
input image using a shifted window approach. The main drawback of
Vit transformer is the use of standard MSA that calculates a global self-
attention between each patch and the relationship between each patch
over all other patches. This method has quadratic complexity accord-
ing to the number of patches. The Swin transformer overcomes this
problem by adopting a window-based MSA approach. This new method
calculates the self attention window within each window with a fixed
size. Hence, the quadratic complexity is linear according to the num-
ber of patches and not with respect with the size of the input image,
which decreases the quadratic complexity of standard MSA. The key
feature of the Swin transformer is the multi-scale processing strategy,
which enables the model to encode local dependencies within the input
image.

The Swin Transformer divides the input MRI image into patches.
A linear embedding layer is then applied to each patch, resulting in
a feature vector with dimensions. C. Then these patches are passed
through a set of Patch Merging and Swin Transformer Block layers.
The transformer block used in Swin Transformer replaces the standard
multi-head self-attention (MSA) module used in ViT with a Window
MSA (W-MSA) and a Shifted Window MSA (SW-MSA) module, followed

by a 2-layer MLP with GELU nonlinearity. The transformer block in-
volves a LayerNorm (LN) layer before each MSA module and each MLP.

After passing through the transformer block, the input patch is fed
into the patch merging layer. This layer represents a downsampling
technique used by the Swin transformer to reduce the feature map.

The patch merging concatenates the features of each group of n *
neighbors to obtain a feature map n * n.

The first patch merging layer concatenates the features of each
group of neighboring patches and produces the 4C-dimensional con-
catenated features. Then a linear layer is applied to these features to
reduce the number of patches.

3.2. Modified CoAtNet for Alzheimer’s disease diagnosis

Combining the convolution layer and the attention mechanism im-
proves model generalization and capacity. The convolutional neural
network has reliable generalization, and the attention mechanism has
robust model capacity due to the effective global feature extraction. The
CoAtNet, introduced by [33] combines the strengths of the CNN and
transformer, such as translation equivariance, input-adaptive weight-
ing, and a global receptive field. CoAtNet is built on two key insights,
the relative attention and MBConv blocks, and combines depthwise con-
volution with self-attention through the relative attention block. It is
based on stacked convolutional layers and attention layers in a vertical
way to improve generalization, capacity, and efficiency. The convolu-
tion operation is an expensive operation due to the application of this
operation on the full input and combining all the channels, which in-
creases the number of parameters. The depthwise convolution solves
this problem by performing a separate convolution operation for each
channel, such as channelwise and spatial-wise, and dividing the opera-
tion into two steps.

1. The depthwise convolution that applied a single convolution for
each channel.

2. The next step is a pointwise convolution with a 1*1 convolution on
the M channels to reduce the depth dimension.
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Fig. 5. MBConv and Fused MBConv blocks.

Given a feature map F, C is the number of input channels. H represents
the height of the input feature map and W is the width of this input
feature map. The depthwise convolution applied the convolution for
each channel and a separate kernel to each channel. Here, the size of the
kernel is D, x D * 1 with M filters the output has the size of D, xD; * M.

The convolution operation requires a number of parameters propor-
tional to the product of input channels, output channels, and kernel
size. The key feature of the depthwise convolution is the reduction of
the parameters since the number of these parameters is proportional to
the number of input channels multiplied by the filter size which reduces
the computational cost of the proposed model.

In addition, the application of the convolution to each channel sep-
arately allows the application of specific kernels to each input channel,
which enable the network to capture and extract multi-scale features.
The use of depthwise convolution enhances the network’s ability to ex-
tract the local patterns in the input image.

Another key block of CoAtNet is the relative attention mechanism,
which is a specific type of attention that takes into account the position
of the image patches or tokens. The traditional attention mechanism
is based on the dot product between the query and key vectors with-
out computing the distance between the image patches and without
considering its position in the calculation of attention. Whereas com-
puting the distance between the tokens enables the model to better
capture the long dependencies within the input image. The relative at-
tention incorporates relative positional encodings to capture the relative
relationship between image patches and the contextual relationships
within the input image. This relative attention is coupled with the MB-
Conv block to extract deep features and make the network more faster
and generalize better. The MBConv block is a type of residual block
that incorporates an inverted residual as depicted in Fig. 5. It consists
of a depth-wise separable convolution with an inverse bottleneck and
Squeeze-and-Excitation module. The module uses a 1*1 convolution
flowed by an SE block to enhance the feature representation and uses a
dynamic channel-wise feature recalibration. Then the module adopts a
3*3 depthwise convolution, which decreases the number of parameters.
The output is passed again through a 1*1 which reduces the number of
channels. The input is fed into the depth-wise convolution to reduce the
number of the parameter. Then the output is fed into the convolution
1*1 layer to increase the number of channels and improve the feature
representation to capture high level features.

The combination of depthwise convolution and relative self-attention
within CoAtNet promotes it to encode and extract multi-scale features,
including local and global features within the input brain modality. Fur-
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thermore, this new technique decreases the computational cost and the
complexity of the model. This enables it to handle the complex brain
modalities of images and process various sizes and modalities.

The input image is passed through a stem stage (SO) consisting of
convolution layers as depicted in 6. Then, the image is fed into two
MBConv blocks that adopt depthwise convolution stages (S1 and S2) to
reduce the dimensionality of the input.

The first MBConv blocks encode the spatial interaction between the
image features. The second block compresses it before adding a resid-
ual.

The output of MBConv block stages is passed through transformer
blocks with relative attention (S3 and S4). The network adopts pooling
between stages. The final stage is to obtain the output class.

The output of MBConv block stages is passed through a transformer
block with relative attention (S3 and S4). The network uses pooling
between stages. The output class is obtained in the final stage.

Inspired by [34] we modify the structure of the MBConv by replac-
ing the SE block with an ECA module within the mbconv as depicted in
7. Efficient Channel Attention (ECA) is a lightweight, efficient channel
attention module that encodes and enhances the cross channel inter-
action within the input image by considering every channel and its
neighbors. It is based on the squeeze excitation module. The Fig. 8 il-
lustrates the Modified CoAtNet structure.

The key feature of the ECA module is the reduction of model com-
plexity without dimensionality reduction. We also include fused in-
verted residuals as early blocks in the model. Fused inverted residuals
modify the structure of the MBConv by fusing the depthwise conv3*3
and the conv1+1 into a single regular conv3*3 to make the model faster
as depicted in 7. Hence, the input MRI passes through Fused EMBConv
and is then fed into EMBConv blocks. The output from the first stage
is then passed through the transformer blocks. Then the output from
the stage 2 is fed into global average pooling and soft max layers for
classification.

3.3. Data collection

In this study, we selected different AD stages based on the MRI
and PET images from the OASIS-1 and OASIS-3 datasets. The Open Ac-
cess Series of Imaging Studies dataset (OASIS) is a public multi-modal
dataset consisting of various longitudinal multimodal neuroimaging
data, clinical, cognitive data, and brain modalities. The main objective
of the dataset is to make the neuroimaging data freely available to en-
hance the Alzheimer’s diagnosis. It involves demographic information
from structural MRI, functional MRI, and PET scans.

The OASIS dataset is publicly available for research purposes, and
can be accessed through the OASIS website or various data reposito-
ries, such as the OpenNeuro platform. Access to the dataset requires a
registration process and acceptance of a data usage agreement.

The OASIS-1 dataset consists of cross-sectional data and MRI data
about 416 subjects with 434 sessions aged 18 to 96 of middle-aged,
nondemented and demented. The OASIS-2 is a longitudinal collection of
150 subjects about nondemented and Demented Older Adults. OASIS-3
is multimodal neuroimaging, clinical, and cognitive dataset that con-
tains different brain modalities such as MRI, PET and CT. This dataset
contains 2842 MR sessions with different types: T1w, T2w, FLAIR, ASL.
It contains also 2157 PET imaging includes various tracers, PIB, AV45,
and FDG. OASIS-3 includes 1472 CT sessions.

We also evaluated our proposed models based on the Alzheimer’s
Disease Neuroimaging Initiative (ADNI). We selected different stages of
AD disease (AD, CN, MCI) and different brain modalities (MRI, PET and
CT). This dataset is a well-known multimodal dataset created in 2003
by the National Institute on Aging, the National Institute of Biomedical
Imaging and Bioengineering, the Food and Drug Administration, and
private pharmaceutical companies to promote the early diagnosis of
Alzheimer’s disease.
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Fig. 6. CoAtNet architecture adapted from [33].
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It involves various biomarkers such as brain modalities and hetero-
geneous data (genetics, cognitive tests) about subjects with different
disease stages (Alzheimer’s disease, mild cognitive impairment, and
healthy controls) to study the disease progression. The dataset. In ad-
dition, it encompasses data about over 1,500 participants who were
followed longitudinally for up to 10 years. Each participant is charac-
terized by different data, such as clinical and cognitive assessments,
brain modalities, and genetic data.

3.4. Data pre-processing

The vital step for effective feature extraction is image pre-processing.
We applied skull stripping to remove irrelevant information from the
MRI and PET images, such as the non-brain tissues. This technique
reduces the complexity by focusing only on the relevant regions asso-
ciated with the disease. We applied bias field correction to the MRI
images using the N4ITK method to correct the intensity. The image
resizing is also a crucial step to prepare the MRI image and adjust
it size according to the proposed model. We enhance the input im-
age by removing background noise from these images. We adopted the
FreeSurfer software to apply motion correction, intensity normaliza-
tion, and skull stripping for the brain image modalities.

3.5. Data augmentation

Data augmentation is a technique to increase the size of the training
data. It consists of applying a set of transformations such as crop-
ping, rotation, scaling, flipping, zooming, and translation to the existing
dataset to generate new examples. This technique improves the model
generalization to capture more deep features from the images.

3.6. Multimodal methods

In the first part, we developed a unimodal method based on the
MRI modality. Multi-modal image fusion consists of combining differ-
ent brain modalities for AD detection, such as MRI and PET. MRI is a
non-invasive imaging tool that detects changes in the brain’s structure
related to the disease such as the shrinkage of the hippocampus. This
technique also measures the volume of relevant brain regions that can
be affected by the disease and illustrates the atrophy of these regions.

PET scans have also shown promising results in the detection of
Alzheimer’s disease. This technique illustrates critical hallmark features
of AD disease, such as the existence of beta-amyloid plaques and tau
tangles in the brain. Furthermore, the PET modality provides valuable
information about the metabolic activity in the brain, which can be use-
ful for diagnosing early-stage AD. Several studies applied deep learning
to the MRI modalities to track and analyze structural changes related
to the disease, such as brain volume, cortical thickness. Deep learn-
ing methods have also been applied to the PET modality to analyze the
abnormal metabolic activity and the abnormal protein accumulation re-
lated to the disease. In addition, deep learning methods are used based
on this modality to track and predict disease progression by detecting
the structural changes that occur in the brain. The key step toward an
effective diagnosis of Alzheimer’s disease is building a comprehensive
and complete picture of the biomarkers related to the disease. Several
studies have noticed that combining brain modalities provides an accu-
rate and comprehensive view for the diagnosis of Alzheimer’s disease.

Each modality provides information related to the disease, and ex-
tracting and combining this information enhances the disease diagnosis.
In this section, we propose two different multi fusion modalities for
Alzheimer diagnosis. The first method consists of combining the MRI
and PET modalities. The second method is based on the fusion of the
MRI and CT modalities.

1. The first step is data preprocessing, which is a vital step that con-
sists of preparing the images to have the same resolution and be
aligned spatially. This includes image registration, image resizing,
intensity normalization.

2. The second step is to feed each modality into the proposed model
for feature extraction. The proposed model extracts features from
the MRI and the PET modality, and then we fuse the obtained fea-
tures.

3. The fusion step consists of fusing the vector features of each modal-
ity into a single vector using a fusion technique such as the late or
early fusion technique. The fusion stage consists of fusing the fea-
tures extracted from the MRI and PET modality and feeding the
result into a single classifier, as depicted in Fig. 9.

4. The last step is the classification, which consists of passing the ob-
tained fused features for classification and obtaining the output
class of the disease.

We proposed two multi-modal methods, the first combining the MRI
and the PET modality. Each modality is fed into the network in parallel
way and we fuse the extracted features from each modality. The second
method is based on the fusion of MRI and CT.
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4. Experimental results and discussion

4.1. Evaluation metrics

The metrics used to evaluate our proposed methods are accuracy,
precision, recall and F1-score. Where the accuracy is defined as the ratio
of the number of correct predictions and the total number of samples.
Recall is a metric that represents the ratio between the actual correct
prediction (true positives) and the total prediction made by the pro-
posed network (true positives + false positives). The precision is the
ratio of true positives over the sum of false positives and true negatives.
F1 score is a weighted average of precision and recall.

TP+TN

Accuracy = 3
TP+TN+FP+FN
Precision = 7TP Q)]
TP+ FP
Recall = — 12 5)
TP+ FN

Fl= 2% Pre.a.ston # Recall )
Precision + Recall

4.2. Comparison between the classification results of the proposed methods
and basic convolutional neural networks

We evaluate different CNN models such as ResNet50, VGG19,
Densenet 169, and EfficientNet. The main advantage of the CNN mod-
els is that they have strong inductive biases that ensure an effective
model generalization. CNN models have the reliable capability to ex-
tract deep features from the MRI and PET modalities. Furthermore, CNN
adopted parameter sharing which reduced the number of parameters.
It extracts patterns at different levels. The first layers capture low-level
features, whereas the high-level layers identify deep features. However,
CNN requires a large amount of data, which is a big challenge due to
the limited labeled neuroimaging data. In addition, It relies on a lim-
ited receptive field due to the fixed size of the filters used in feature
extraction, while expanding the CNN receptive field increases network
complexity and computational cost. This limited receptive field makes
the CNN focusing only on the local features. CNN has demonstrated
its unique effectiveness as a local feature extractor. Nevertheless, The
brain modalities are potential biomarkers that involve spatial informa-
tion and capture the different regions that are affected by the disease. In
addition, the brain modalities capture the changes that occur in the en-
tire brain, making it crucial to capture global features to understand the
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Fig. 12. Application of Modified CoAtNet on ADNI dataset.

overall brain structure and identify patterns associated with Alzheimer’s
disease. Whereas CNN cannot capture long-range dependencies and the
complex relations or interactions between the different modalities or
image regions. Thus, CNN cannot extract the global features within the
brain modalities and cannot encode the subtle changes depicted in the
input brain modality. The proposed models extracted global and local
features and outperformed the CNN models, as depicted in the Table 2.
We compared our proposed models with some CNN models based on
various metrics. VGG16 achieved 78%, ResNet50 85%, Densenet 169
89% and EfficientNetbO 87% as test accuracy. In addition, compared
to the CNN models, our proposed models capture long-range dependen-
cies between the image regions associated with the disease and extract
global feature.
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4.3. Comparison between the classification results of the proposed methods
and the vision transformer

Vision transformer relies on a self attention mechanism that enables
it to capture long-range dependencies between the MRI image regions.
It handles a great potential in extracting global features from the image.
Vision transformer require large-scale datasets, which is a big challenge.
Furthermore, it lacks from the inductive bias, which makes it harder to
train and has an high computational complexity. The transformers en-
sure better scalability than CNNs. The hyperparameters, the dataset,
network depth, and the regularization methods are key factors in the
vision transformer’s performance. The network is hard to optimize. Self-
attention is a core component of vision transformer. However, the main
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Table 2

Comparative table between our proposed models, CNN models and Vision Transformer.
Network Accuracy (Test) Recall Precision  Training Accuracy
VGG16 78% 74.45% 77.65 79.95
ResNet50 85% 85.78% 86.72 88.87
Densenet 169 89% 89.9% 89.92 91.97
EfficientNetb0 87% 87.22% 79.07 89.49
ViT 79% 79.36% 79.59 81.87
Proposed model 1 93.23% 93.86% 93.52 99.92
Proposed model 2 (OASIS 97.33% 97.34% 97.35% 99.96%
dataset)
Proposed model 2 (ADNI 98.87% 98.88% 98.89% 99.98%
dataset)
Multi-modal (PET and MRI) 99.42% 99.42% 99.42% 99.99%
Multi-modal (CT and MRI) 94.55% 94.57% 94.59% 99.62%

Table 3
Comparative table between our proposed models and recent models based on the test accuracy.

Source Model Modality Accuracy

[35] ensemble CNN models (DenseNet196, VGG16 and MRI 89%
ResNet50)

[12] 3D DenseNet+ wise attention mechanism MRI 87.28%

[8] 3Multi-Stream CNN MRI 85.96%

[13] Multilayer perceptromt+-multihead ProbSparse MRI 92.8%
self-attention +structural distilling

[17] Multi-layer perceptron+ ViT MRI 89.58%.

[23] ConvNeXt and ensemble of machine Learning MRI 92%
classifiers

[3] Cascaded Modality Transformers architecture MRI 94%
with cross-attention

[30] Resnet18 PET+MRI 73.90%

[24] ResNet-50+SVM MRI+PET 94%

[26] 3DCNN PET+MRI 71%

Proposed model 1 (Ours) Enhanced EfficientNet and Swin transformer MRI 93.23%

Proposed model 2 (OASIS Modified CoAtNet MRI 97.33%

dataset) (Ours)

Proposed model 2 (Ours) Modified CoAtNet MRI 98.87%

(ADNI dataset)

Multi-modal (Ours) Modified CoAtNet MRI+PET 99.42%

Multi-modal (Ours) Modified CoAtNet MRI+CT 94.55%

Fig. 13. Visualizations with Gradient-based Localization (Grad-CAM).
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limitation of the self attention is the quadratic computational complex-
ity with the size of the image, which that make the model hard to train.
Furthermore, Vit cannot extract local features. We evaluated the ViT ar-
chitecture and we obtained an accuracy of 79%. Our proposed methods
address these issues. It extracts global and local information within the
MRI data compared to the CNN models that capture only local features
and the vision transformer that capture only global features. Our pro-
posed methods combine the generalization capability of CNN with the
robust feature representation of Transformer. The first model, which
combines the EfficientNet and the Swin transformer achieves a 93.23%
accuracy as depicted in Fig. 10.

We improve the EfficientNet by using multi-head attention to extract
the relevant feature of the MRI image and the DO-Conv layer to boost
the network performance without increasing the model complexity. The
second method is based on an improved CoAtNet using the ECA mod-
ule and fused mbconv to enhance the model’s feature extraction and
performance. The second method achieved 97.33% accuracy of classifi-
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cation on the OASIS as depicted in Fig. 11 and 98.87% on ADNI dataset
(Fig. 12). Another advantage of our proposed models is that we applied
two different multi-fusion modalities. We combine the PET and MRI
modalities to extract more accurate information from different brain
modalities. See Fig. 13. This method achieved 99.42% accuracy, as il-
lustrated in the Fig. 14. The second method combines the fusion of the
MRI and CT modalities. This method has 94.55% accuracy, as depicted
in Fig. 15.

4.4. Comparison of the proposed models with recent methods

In this section, we compare our proposed models with recent meth-
ods based on CNN, vision transformer and hybrid methods that combine
CNN and vision transformer. Our experiments were conducted based on
two datasets (ADNI and OASIS). The Table 3 provide a comparison of
the proposed models with recent methods.

As depicted in 3 our proposed methods outperformed various state-
of-the-art Alzheimer’s disease diagnosis methods based on CNN, ViT,
and hybrid methods. The main advantage of Our multi-modal method is
among the first fusion modalities methods that applied recent architec-
ture transformers and CNN for AD diagnosis because most multimodal
studies are based on CNN. Thus, our methods combine the strengths of
CNN and transformers and address the issues of the methods that are
based on CNN and the ViT based methods. Our proposed methods ex-
tract global and local features. Further, it ensures good generalization,
enhances feature representation, and extraction with reduced computa-
tion and memory requirements.

12

5. Conclusion

In this paper, we have proposed two new methods based on recent
architectures. The first method consists of a Swin transformer and an
improved EfficientNet using multihead attention and a DO-Conv layer.
The second method is based on an improved CoAtNet. We modify the
structure of the building blocks of this network, the MBConv, by replac-
ing the SE module with the ECA module, and we add an improved fused
MBConv as early layers to enhance the generalization capability and
reduce the model complexity. Our proposed model shows astonishing
results compared to CNN models. We improved the disease diagnosis
by proposing two multi-modalities methods. The first method combines
features from the PET and MRI modalities. Whereas the second method
fuses the CT and MRI modalities. The fusion method based on PET and
MRI outperforms the fusion method based on MRI and CT. The ap-
propriate choice of brain modalities is critical for an affective disease
diagnosis.
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