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A B S T R A C T

Multimodal neuroimaging data, including magnetic resonance imaging (MRI) and positron emission tomography 
(PET), provides complementary information about the brain that can aid in Alzheimer’s disease (AD) diagnosis. 
However, most existing deep learning methods still rely on patch-based extraction from neuroimaging data, 
which typically yields suboptimal performance due to its isolation from the subsequent network and does not 
effectively capture the varying scales of structural changes in the cerebrum. Moreover, these methods often 
simply concatenate multimodal data, ignoring the interactions between them that can highlight discriminative 
regions and thereby improve the diagnosis of AD. To tackle these issues, we develop a multimodal and multi- 
scale deep learning model that effectively leverages the interaction between the multimodal and multiscale of 
the neuroimaging data. First, we employ a convolutional neural network to embed each scale of the multimodal 
images. Second, we propose multimodal scale fusion mechanisms that utilize both multi-head self-attention and 
multi-head cross-attention, which capture global relations among the embedded features and weigh each 
modality’s contribution to another, and hence enhancing feature extraction and interaction between each scale 
of MRI and PET images. Third, we introduce a cross-modality fusion module that includes a multi-head cross- 
attention to fuse MRI and PET data at different scales and promote global features from the previous attention 
layers. Finally, all the features from every scale are fused to discriminate between the different stages of AD. We 
evaluated our proposed method on the ADNI dataset, and the results show that our model achieves better 
performance than the state-of-the-art methods.

1. Introduction

Alzheimer’s disease (AD) is the most prevalent neurodegenerative 
disorder that can significantly impact daily life of elderly [1]. The Alz
heimer’s Association reports that at least 50 million individuals world
wide are currently living with AD. Furthermore, it is projected that by 
2050, the number of people living with AD in the United States will have 
more than doubled [2]. As the disease progresses, patients often expe
rience a significant decline in cognitive function, including memory loss, 
difficulty with language, and impaired thinking skills [3]. The impact of 
AD is not limited to the individual affected, as family members and 
caregivers also bear a substantial burden in providing care and support 
for the patients [4]. Even though no therapy helps stop the progression 

of AD, an early diagnosis of AD is still significant for future therapies that 
aim to avoid developing cognitive symptoms. Additionally, early AD 
detection and mild cognitive impairment (MCI) progression predictions 
are both essential for developing effective interventions and improving 
patient care [5].

The development of neuroimaging techniques has allowed for the 
acquisition of both anatomical and functional information about the 
human brain using various imaging modalities, such as magnetic reso
nance imaging (MRI) and positron emission tomography (PET) [6]. MRI 
provides detailed features on the structural integrity of brain tissues and 
offers high contrast between gray matter and white matter, while PET 
captures functional changes in the brain, providing valuable insights 
into metabolic processes. Consequently, MRI and PET are often used 
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together to study the anatomical differences between the brains of AD 
patients and normal controls (NC) [7].

Recent studies, including those utilizing machine learning and deep 
learning techniques, have been developed to differentiate among 
different stages of the disease with the aid of the rich information in 
multimodal images enabling more precise and early detection of AD. For 
example, Goel et al. [8] fused multimodal data, including MRI and PET, 
using wavelet transform. The random vector functional link then uti
lized features extracted from ResNet-50 for the early detection of AD. 
Zhang et al. [9] introduced a feature selection method utilizing multi
modal data, including MRI, PET, functional MRI, and diffusion tensor 
imaging, to identify the most discriminative features for AD classifica
tion. Tu et al. [10] developed two deep learning techniques. The first 
network was a generative adversarial network for PET generation, while 
the second fused multimodal data, including MRI and PET, for AD 
classification. Liu et al. [11] proposed a new fusion method for AD 
diagnosis that combined multimodal and multi-level data from MRI and 
PET. They used two types of convolutional neural network (CNN) net
works to extract high-level features from patched data obtained from 
both imaging modalities. The extracted features were then combined at 
a compact level for classification.

Cross-modality attention explores and leverages complementary in
formation from multiple modalities to enhance interaction between 
them. By aligning and integrating features from different sources, cross- 
modality attention directs attention to discriminative regions, thereby 
improving the diagnosis of AD. For example, Lu et al. [12] developed a 
technique using MRI, genetic, and clinical data to predict the progres
sion from MCI to AD. They introduced a hierarchical attention mecha
nism to assign weights to each modality and understand the interactions 
between them. Zhang et al. [13] developed a multi-modal cross-
attention algorithm utilizing MRI, PET, and CSF biomarkers to distin
guish between AD, MCI, and NC. Their cross-modal attention 
mechanism integrated both imaging and non-imaging information, 
while also minimizing discrepancies between the modalities, resulting in 
improved diagnostic performance. Liu et al. [14] used a cascaded mo
dality transformer architecture with cross-attention to integrate 
different types of data, including MRI, gender, age, and the mini-mental 
state examination score for disease classification.

Although previous approaches have demonstrated promising results, 
significant challenges still remain in diagnosing AD using multimodality 
data. One key challenge is that these approaches often focus on the 
interaction between multimodal data at a single scale, while ignoring 
the interactions across multiple scales of multimodal data [13,15,16]. 
However, multiscale approaches provide discriminative features that 
single-scale methods often miss because large-size images contain more 
detailed and small-scale features, while small-size images capture 
large-scale positional features. This combination enhances the net
work’s adaptability, reduces scale inconsistency problems, and im
proves the performance of AD diagnosis [17,18]. Additionally, the 
heterogeneity between multimodal data, which exhibits minimal cor
relations, make it difficult to effectively fuse low-level features from 
different biomarkers for DL techniques [10,19]. Moreover, most existing 
learning methods still rely on manual pre-defined ROIs, which may not 
take into account individual differences or capture all of the 
atrophy-related features spread throughout the entire brain. As a result, 
many learning methods currently in use rely on domain knowledge and 
expert input to determine informative regions or patches within MRI to 
create diagnostic models since most regions offer limited useful infor
mation for distinguishing between healthy and diseased brains [20–22]. 
As the early stage of AD only causes minor structural changes in the 
brain, developing an effective end-to-end model for AD classification 
without guidance remains challenging.

To address the challenges mentioned above, we propose a multi
modal and multi-scale deep learning model (MMSDL) to improve the 
diagnosis of AD. The proposed method is trained on MRI and PET images 
via an end-to-end approach. Specifically, MMSDL comprises three main 

parts, i.e., modality embedding, multimodal scale fusion (MSF), and 
cross-modality fusion (CMF). Firstly, we embed each scale of the 
multimodal images using a CNN, which extracts image feature repre
sentations that are learned and transformed into a vector format. Sec
ondly, we propose an MSF that includes a series of multi-head self- 
attention and multi-head cross-attention mechanisms. The multi-head 
self-attention mechanism is designed to effectively capture the global 
interdependencies among these features. Furthermore, the multi-head 
cross-attention mechanism enables the weighing of the contribution of 
each modality to the other. Finally, we utilize a cross-modality fusion 
(CMF) module that includes multi-head cross-attention to fuse MRI and 
PET data at every scale, leveraging both data types at various scales of 
the network to improve the model’s ability to detect differences between 
the various stages of AD.

In contrast to the current approaches. Our distinctive contributions 
can be summarized as follows. 

1. We propose a multi-scale, multimodal learning approach that cap
tures complex structural and metabolic changes in brain MRIs and 
PET scans, respectively, improving prediction accuracy by 
leveraging local and global features to reduce noise and variability 
across different scales and modalities.

2. Our method integrates an MSF mechanism with multi-head self- 
attention to understand intra-modality relationships and multi-head 
cross-attention for inter-modality interactions. These could enhance 
feature extraction, offering valuable insights into AD progression and 
significantly improving diagnostic accuracy.

3. We introduce a CMF module that fuses MRI and PET data at various 
scales using multi-head cross-attention, leveraging complementary 
features, to improve feature representation and enhance the detec
tion of various stages of AD.

The remainder of this paper is organized as follows. The related work 
is presented in section 2. The materials and methods are introduced in 
section 3. The experimental results and discussion are given in section 4. 
Lastly, the conclusion is summarized in section 5.

2. Related work

2.1. Multimodal AD diagnosis with deep learning

In recent research, a variety of studies have focused on classifying AD 
by leveraging multimodal data [23,24]. For instance, Zhou et al. [25] 
designed a multimodal deep learning framework aimed at the early 
diagnosis of AD. This framework addresses the heterogeneity between 
different types of data, such as MRI and PET scans, by projecting them 
into a shared latent space. Utilizing these unified latent representations, 
the framework employs multiple diversified classifiers to enhance the 
accuracy and reliability of AD classification. Tu et al. [26] introduced a 
new fusion method that integrates multimodal data, including MRI, 
patient profiles, gene sequences, and mental state examination data, for 
AD diagnosis. Initially, they developed a feature transformation tech
nique to reduce heterogeneity among the different data modalities. 
Subsequently, they combined the transformed features with 
MRI-derived features to enhance the accuracy of AD diagnosis. Ning 
et al. [27] proposed a bi-directional mapping technique to project 
multimodal data—specifically, MRI and PET into a shared representa
tion space. This shared representation is then further projected into 
another space known as the label space, which is utilized for classifi
cation tasks. Yang et al. [28] introduced two distinct models for AD 
diagnosis utilizing multimodal data, including genotype and phenotype 
data. The first model is a spectral graph attention model that learns 
varying weight representations among nodes. The second model is a 
bilinear aggregation model, designed to improve the degree of abnor
malities across different population categories. Additionally, they 
developed an adaptive fusion module that dynamically integrates the 
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outputs of both models to improve AD prediction accuracy. Dwivedi 
et al. [29] utilized multimodal data, including MRI and PET, for AD 
diagnosis. Initially, they employed a discrete wavelet transform to fuse 
the MRI and PET images. Subsequently, the fused data was used in 
ResNet-50 for feature learning. Finally, the extracted features were used 
for classification employing a robust energy-based least square twin 
support vector machine classifier. Odusami et al. [30] enhanced the 
classification of AD using MRI and PET scans by modifying a ResNet18 
network to learn the multimodal data. They introduced a 3-channel 
phase feature learning model which enabled the use of the maximum 
number of samples, subsequently improving the accuracy of AD diag
nosis. Tang et al. [31] developed a 3D CNN to learn multimodal data 
from MRI and PET scans for the purpose of classifying the disease stages 
of AD. They enhanced the correlation among the multimodal features 
using an enhanced Transformer model. Additionally, they integrated the 
discriminative features extracted from both MRI and PET scans to 
identify the stages of AD accurately. Wu et al. [32] developed a deep 
learning network that incorporated a CNN and convolutional block 
attention modules. This approach aimed to extract discriminative fea
tures from multimodal neuroimaging data, specifically MRI and PET 
scans, to improve the accuracy of AD diagnosis.

2.2. Cross-modality attention

Recently, various studies have used a straightforward approach by 
combining multimodal data through the direct concatenation of features 
from different modalities. However, there is increasing interest in 
employing cross-modal fusion techniques to integrate multimodal data 
more effectively, rather than just concatenating them [33,34]. For 
instance, Cheng et al. [15] developed a deep learning framework to 
diagnose AD using MRI and PET imaging. Their framework included two 
distinct feature extractors: the first, called a feature similarity discrim
inator, was designed to capture discriminative features from multimodal 
data. The second, known as the mutual attention feature fusion module, 
enabled interactions between features, allowing for the adjustment of 
feature weights within each modality. Zhang et al. [16] introduced a 
new approach for the early detection of AD by employing adversarial 
learning to align MRI and PET features into a unified representation 
space, followed by using a transformer-based cross-attention mechanism 
to effectively fuse these features, enhancing the diagnostic process. Yu 
et al. [35] proposed a deep learning approach that utilized MRI and PET 
scans to predict the progression of cognitive decline. Initially, they used 
a generative adversarial network to generate missing PET samples. 
Subsequently, a multimodality feature extraction module was employed 
to extract highly learned features from both the MRI and PET data. These 
features were then applied to inter-modality and intra-modality feature 
selection using a multimodality fusion module, ultimately for classifi
cation. Dai et al. [36] introduced an AD classification framework that 
utilized MRI scans and non-imaging data, such as age and mini-mental 
state examination scores. They developed two distinct encoders to 
extract high-level features: the first encoder used a CNN to learn MRI 
data, while the second employed a linear encoder for the non-imaging 
data. A joint attention module was then applied to integrate these 
multimodal data, enabling interaction between them, and the extracted 
features were inputted into a multi-layer perceptron for classification. 
Sun et al. [37] employed a multimodal dataset comprising MRI and 
electronic health records to predict brain degeneration accurately by 
designing an encoder-decoder framework. Initially, they developed two 
distinct encoders to integrate the complementary information through 
both inter- and intra-modality interactions. Subsequently, the extracted 
features were fed into a decoder module to identify the most discrimi
native features for predicting brain degeneration. Wang et al. [38] 
designed a multi-task deep learning framework utilizing MRI and PET 
imaging to predict the progression of MCI. Initially, they employed 
adversarial learning to address missing samples within the multimodal 
dataset. Following this, they integrated two cross-attention blocks. 

These blocks were designed to leverage associations between the 
multimodal data, thereby enhancing the accuracy of predicting MCI 
conversion. Leng et al. [39] developed a multimodal cross-enhanced 
fusion network, a patch-based 3D CNN that used MRI and PET scans 
to diagnose AD and its early stages. The network comprised two mod
ules: the first extracted features at various scales, while the second 
emphasized the correlation and complementarity between the features 
from MRI and PET, enabling automatic detection of discriminative 
structural and metabolic regions.

3. Materials and methods

3.1. Subjects

In our study, we utilize the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI) database to evaluate our model with a sample of 956 
subjects, including both MRI and PET scans. Table 1 provides a detailed 
overview of the demographic and clinical characteristics of these sub
jects. Our dataset includes 263 individuals with NC, 272 with stable MCI 
(sMCI), 203 with progressive MCI (pMCI), and 218 diagnosed with AD.

3.2. Data preprocessing

In this study, we followed the pipeline of Zhou et al. [40] to pre
process the MRI and PET data. For MRI preprocessing, we used the 
MIPAV program to correct the AC-PC, followed by the N3 algorithm to 
correct the bias field. The brain extraction technique in Ref. [41] was 
used to strip the skull, and the cerebellum was subsequently removed. 
We then registered the skull-stripped image with the Montreal Neuro
logical Institute template [42]. In contrast, For PET preprocessing, we 
applied an affine registration to align each PET data with its corre
sponding T1 MR image.

3.3. Overview of the proposed method

Fig. 1 illustrates the proposed MMSDL framework, which comprises 
three main components: image embedding, MSF, and CMF. Initially, we 
employ three different scales at varying resolutions: 64 × 64 × 64, 32 ×
32 × 32, and 16 × 16 × 16, from both MRI and PET scans. These scales 
capture both local and global complementary features of the disease. 
The larger scale (64 × 64 × 64) captures the overall structure, while the 
smaller scales (32 × 32 × 32 and 16 × 16 × 16) focus on finer details and 
boundaries. Utilizing multiple scales allows the network to extract rich 
multi-scale spatial features from multimodal data, thereby enhancing 
the diagnosis of AD.

Specifically, we employed a CNN to obtain the vector embedding 
from each scale of each modality. These embedded features were then 
passed to the MSF module, which includes three multimodal attention 
sub-modules for each scale. This design enables both inter- and intra- 
modality interactions within the same scale, as well as intra-scale in
teractions. Consequently, this approach captures both local and global 
interactions, thereby highlighting discriminative regions. Next, we 
passed the features from each scale to the CMF module to enable 
interaction between MRI and PET at each scale, achieving a deeper 

Table 1 
Characteristics of the ADNI dataset utilized in this study (mean ± standard 
deviation).

NC sMCI pMCI AD Total

M/F 136/127 167/105 117/86 124/94 544/412
Age 
(years)

74.10 ±
5.76

72.41 ±
7.38

73.26 ±
7.36

74.85 ±
7.82

73.61 ±
7.12

MMSE 29.03 ±
0.69

27.39 ±
1.11

26.62 ±
1.01

23.36 ±
1.36

26.76 ±
2.30

CDR- 
GLOB

0 0.50 ±
0.00

0.50 ±
0.00

0.77 ±
0.16

0.42 ±
0.29
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feature representation and obtaining highly discriminative features. 
Ultimately, the different scales were fused and passed through fully 
connected layers, followed by flattening for classification.

3.4. Image embedding

We employed a series of convolutional layers to convert each subject 
from its raw format into appropriate vector embeddings, considering 
input sizes of 64 × 64 × 64, 32 × 32 × 32, and 16 × 16 × 16. For the 64 
× 64 × 64 input size, we utilized four convolutional layers, progres
sively increasing the number of channels from 32 to 256. For the 32 ×
32 × 32 input size, we employed three convolutional layers, increasing 
the number of channels from 32 to 128. For the 16 × 16 × 16 input size, 
we used two convolutional layers, incrementing the number of channels 
from 32 to 64. Ultimately, the feature maps obtained from the final 
convolutional block were flattened into sequences, yielding 256, 128, 
and 64 features for the 64 × 64 × 64, 32 × 32 × 32, and 16 × 16 × 16 
input sizes, respectively.

The initial convolutional layer utilized a kernel size of 4 × 4 to 

effectively capture larger spatial features and reduce the spatial di
mensions efficiently, while the subsequent convolutional layers utilized 
a filter size of 3 × 3 to extract more detailed and localized features, 
enhancing the resolution and detail of the feature maps. To reduce the 
input size, we utilized a max pooling layer with a filter size of 2 × 2 and a 
stride length of 2 units. It is worth noting that all convolutional layers 
were trained with non-zero-padding feature maps using a stride length 
of 1 unit. Additionally, after each convolutional layer, we applied batch 
normalization and rectified linear unit activations to ensure the stability 
and effectiveness of the learning process.

3.5. Multimodal scale fusion

The MSF is a cascaded of multimodal attentions modules that include 
multi-head self-attention and multi-head cross-attention networks, as 
depicted in Fig. 2. The multi-head self-attention module obtains a query 
input Q from either the previous layers or the latent feature, depending 
on whether it is the initial multi-head self-attention layer or not, to 
create a representation that emphasizes the most relevant features 

Fig. 1. Illustration of the proposed MMSDL architecture which is made up of three main parts; modality embedding, MSF, and CMF.

Fig. 2. Multimodal attentions module that has a cascaded multi-head self-attention and multi-head cross-attention network.
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across inter-scale and inter-modality. This is followed by a multi-head 
cross-attention layer, which facilitates interactions within intra-scale 
and intra-modality, enhancing the model’s ability to capture complex 
dependencies and further refine feature representation. Subsequent to 
each network, a multilayer perceptron (MLP) is employed, comprising 
two feed-forward networks augmented with the Gaussian error linear 
unit activation function to inject inductive bias into the network, thus 
addressing the lack of inductive bias in the self-attention operation.

Given an input sequence of length L (from the output of the previous 
multimodal attentions module or from Ql if it is the first modality in the 
sequence), denoted as X = {x1,x2,…,xL}, we first transform each input 
element into a query vector, a key vector, and a value vector using 
learnable weight matrices: 

Q=WQ × X (1) 

K=WK × X (2) 

V =WV × X (3) 

where WQ , WK, and WV are learnable weight matrices that transform 
each input element X into a query vector Q, a key vector K, and a value 
vector V, respectively.

Next, the attention weights between each pair of Q and K vectors are 
calculated as follows: 

Score(Q,K)= Softmax
(

QKT
̅̅̅̅̅
dk

√

)

(4) 

where dk is the dimensionality of the K vector, and the dot product be
tween the query vector Q and the key vector K is normalized by the 
square root of dk.

The attention weights are then Softmax-normalized over all the key 
vectors as follows: 

Attention (Q,K,V)= Similarity(Q,K) × V (5) 

where K = {k1, k2,…, kL} and V = {v1, v2,…, vL} are the key and value 
matrices, respectively. The Attention (Q,K,V) represents the weighted 
sum of the value vectors, where the attention weights are computed 
based on the similarity between Q and K. Next, we pass the 
Attention (Q,K,V) vectors through an MLP with two fully connected 
layers: 

Z=MLP (Attention (Q,K,V)) (6) 

Then, we compute the output vector Y as follows: 

Y =Z + X (7) 

where Z is the output of the MLP and X is the original input vector X 
enhanced by adding the self-attended output. This is known as the re
sidual connection, which allows information to flow directly from the 
input to the output, helping to mitigate the vanishing gradient problem.

Then, we pass the output sequence Y to the cross attention as Q, 
while the K and V from the embedded sequence. Subsequently, the 
output from the cross-attention mechanism is passed through an MLP) 
with two fully connected layers. The final cross-attention output O is 
computed as the sum of the MLP outputs and Y. Then, the final output 
vector F is computed using: 

F=O + Y (8) 

where Y represents the output sequence Y enhanced by a cross-attended 
output, forming a residual connection that allows direct information 
flow from input to output to mitigate the vanishing gradient problem. 
Also, we perform all the previous steps to each scale in each modality to 
produce six outputs including, Fmri 64 , Fpet 64, Fmri 32, Fpet 32, Fmri 16, 
Fpet 16 sequentially from left to right as shown in Fig. 1.

3.6. Cross-modality fusion

The proposed module incorporates several sub-modules to enhance 
the feature representation and accuracy of the model. In the third sub- 
module, a new fusion module named CMF was developed based on a 
multi-head cross-attention mechanism to effectively combine the enco
ded features from every scale, as shown in Fig. 1. Specifically, the MSF 
module generates two types of features for each scale, which are then 
passed to the CMF. In the CMF, the cross-attention layer obtains the 
output sequence from the MRI scale as K and V and the Q from the PET 
scale, and vice versa, to identify the discriminative features from each 
modality and effectively combine them. Additionally, to further improve 
the feature representation, the cross-attentioned output is passed 
through an MLP with two fully connected layers for each scale, which 
apply non-linear transformations and refinements to capture detailed 
and high-level features. After extracting features from different scales, 
the resulting features are fused together and then fed into a series of fully 
connected layers for classification.

4. Results and discussion

4.1. Experimental settings

We performed experiments on a computer system with Ubuntu, 506 
Nvidia GTX Titan Xp x2, and i7-6800K installed, using the Keras library 
with TensorFlow as the backend. We demonstrated the effectiveness of 
our approach by implementing different configurations for three binary 
tasks (NC vs. AD, NC vs. MCI, and sMCI vs. pMCI). We then compared 
our results with those obtained from several state-of-the-art machine 
learning and deep learning techniques. We evaluated the effectiveness of 
the proposed method using different classification metrics, including 
accuracy (ACC), specificity (SPE), sensitivity (SEN), precision (PRE), 
receiver operating characteristic (ROC), and F1-score (F1).

In our experiments, we initialized the network randomly with a 
mean of 0 and a standard deviation (SD) of 1 to avoid any bias from 
predetermined values. We used binary cross-entropy as the loss function 
and the Adam optimizer for its fast and efficient convergence during 
training. We set the number of epochs to 50, selected a batch size of 64, 
assigned a learning rate of 10− 4, and determined the value of k to be 10 
for k-fold cross-validation. We conducted ten independent experiments 
and computed the mean and standard deviation of the results to enhance 
the reliability and robustness of our findings.

4.2. Comparison with the conventional methods

Table 2 compares the performance of the MMSDL approach with 
several deep learning techniques, including ResNet [43], ResNext [44], 
MobileNet [45], ShuffleNetv2 [46], and EfficientNet [47], where the 
best method is in boldface and the second-best is underlined. Fig. 3
presents the ROC curves for the proposed method and these deep 
learning models, highlighting their overall performance. Across all three 
classification tasks—NC vs. AD, NC vs. MCI, and sMCI vs. pMCI—our 
proposed method demonstrates superior performance across various 
metrics, such as ACC, SEN, SPE, F1-score, and AUC. For the NC vs. AD 
task, MMSDL achieves the highest ACC (95.25 %), F1-score (95.74), and 
AUC (94.68), outperforming all conventional methods. In the more 
challenging NC vs. MCI classification, MMSDL continues to perform the 
best, achieving the highest ACC (85.22 %) and SPE (94.00 %), while 
maintaining a competitive AUC (81.36). Even in the most complex task 
of sMCI vs. pMCI, MMSDL shows notable improvements over baseline 
methods, with an ACC of 75.16 % and a SPE of 93.81 %, outperforming 
others in these key metrics.

However, there are inherent challenges in interpreting AUC in tasks 
like NC vs. MCI and sMCI vs. pMCI due to the subtle distinctions between 
classes and the potential class imbalances. AUC measures the trade-off 
between true positives and false positives across different thresholds, 
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making it more sensitive to misclassifications in borderline cases, 
especially in imbalanced datasets. While MMSDL shows a slightly lower 
AUC in this task, its higher ACC and SPE indicate that it correctly clas
sifies the majority of cases, outperforming others in these key metrics. 
This demonstrates that our method can effectively handle the com
plexities of challenging cases while maintaining strong performance in 
metrics like ACC and SPE. The use of multi-modality fusion and multi- 
scale feature extraction enables MMSDL to capture subtle differences 
between classes better than other models, proving its ability to compete 
effectively in challenging classification tasks.

Furthermore, Fig. 4 compares the t-SNE visualizations from various 
deep learning models—ResNet50, ResNext, EfficientNet, MobileNet, 
ShuffleNetv2, and MMSDL—applied for the three different classification 
tasks. The results highlight clear differences in the models’ ability to 
separate class clusters. ResNet50 and ResNext show moderate separa
tion, with some overlap, particularly in distinguishing between NC and 
MCI, as well as sMCI vs. pMCI. EfficientNet demonstrates significantly 
better separation, especially for NC vs. AD, due to its architecture’s 
ability to scale effectively across multiple dimensions, allowing for more 
efficient feature extraction and class distinction. This enables Effi
cientNet to capture subtle differences between normal and diseased 
brain images more effectively than ResNet-based models, which, while 
deep, may not scale as well across various parameters. In contrast, 

MobileNet and ShuffleNetv2 exhibit scattered clusters with substantial 
overlap, especially in more complex comparisons like sMCI vs. pMCI, 
reflecting their trade-off between efficiency and the ability to identify 
complex features in the data. Meanwhile, MMSDL outperforms the other 
models by producing the most distinct and well-separated clusters across 
all categories, especially in the challenging task of differentiating stable 
MCI from progressive MCI, suggesting that it is more proficient at 
capturing the fine-grained distinctions required in medical imaging 
diagnostics.

4.3. Effectiveness of attention modules

Table 3 presents a comparison of the performance of the MMSDL 
approach with its corresponding counterparts. Namely, the model with 
only embedding (E-MMSDL), the model with only PET (PET-MMSDL), 
the model with only MRI (MRI-MMSDL), the model with only multi- 
head cross-attention in MSF (C-MMSDL), the model with only multi- 
head self-attention in MSF (S-MMSDL), the model with only CMF, and 
the model with only MSF, to assess the efficiency of the MSF module and 
determine its impact on the overall effectiveness of the MMSDL method. 
On the other hand, comparing these models enables us to identify the 
impact of each attention module and determine the optimal configura
tion for a given task.

Our findings revealed that the proposed attention modules could 
significantly enhance classification performance. Specifically, our 
MMSDL approach, which incorporates both cross-modality and cross- 
scale attention mechanisms, has demonstrated its superiority over 
other models in our study, emphasizing the importance of fusing com
plementary information from different modalities and scales to achieve 
better performance.

Generally, the proposed method showed higher levels of accuracy, 
specificity, precision, recall, and F1 scores across all three tasks. Spe
cifically, in the NC vs. AD task, our approach demonstrated an accuracy 
rate of 95.25 %, a sensitivity of 97.35 %, a specificity of 92.71 %, an F1- 
score of 95.74 %, and an AUC of 94.68 %, which were significantly 
higher than those achieved by other configurations of our method. For 
the NC vs. MCI task, our method delivered high accuracy of 85.22 %, a 
sensitivity of 69.36 %, a specificity of 94.00 %, an F1-score of 76.21 %, 
and an AUC of 81.36 %, which were significantly better than the results 
of other versions. Lastly, in the sMCI vs. pMCI task, our method 
demonstrated significant performance with an accuracy of 75.16 %, a 
sensitivity of 50.20 %, a specificity of 93.81 %, an F1-score of 61.90 %, 
and an AUC of 71.87 %, which were significantly higher than those of 
other configurations of our method.

These classification metrics highlight the high effectiveness of our 
proposed methodology in accurately distinguishing the disease. The 
superior performance is attributed to the integration of the MSF and 
CMF fusion modules. The MSF attention module is designed to capture 
interactions between different modalities and scales, ensuring the model 
effectively learns from both. Meanwhile, the CMF attention module fo
cuses on extracting and fusing features from various scales. By incor
porating these attention modules into the MMSDL model, we can 
leverage complementary information from different modalities and 
scales, significantly enhancing the model’s overall performance.

We also performed t-SNE feature visualizations for different config
urations of the MMSDL method across three classification tasks: NC vs. 
AD, NC vs. MCI, and sMCI vs. pMCI, as shown in Fig. 5. The configu
rations include E-MMSDL, PET-MMSDL, MRI-MMSDL, C-MMSDL, S- 
MMSDL, CMF, MSF, and the proposed MMSDL. The variation in per
formance arises from the specific design and characteristics of each 
configuration. For example, the PET-MMSDL model, which uses only 
PET data, shows more scattered points and overlaps, indicating that PET 
alone may not capture all necessary features for clear class separations. 
In contrast, the MRI-MMSDL and proposed MMSDL, which integrate 
both MRI and PET data, demonstrate clearer cluster separations, 
particularly in NC vs. AD. The superior performance of the proposed 

Table 2 
Classification comparison between the proposed method and different conven
tional methods for three different tasks (mean ± SD %).

Symbol Quantity ACC SEN SPE F1 AUC

NC vs. 
AD

ResNet50 91.20 
± 3.26

97.15 
± 3.13

86.54 
± 7.10

91.35 
± 3.81

93.34 
± 1.20

ResNext 91.89 
± 3.20

96.91 
± 2.63

87.76 
± 6.72

92.10 
± 3.57

93.77 
± 1.13

MobileNet 86.04 
± 2.43

90.09 
± 3.36

82.04 
± 3.14

86.80 
± 2.32

86.75 
± 2.37

ShuffleNetv2 90.14 
± 3.07

99.09  
± 1.29

83.05 
± 5.73

90.08 
± 3.40

94.14 
± 1.13

EfficientNet 88.61 
± 1.68

97.62 
± 1.49

81.16 
± 2.45

88.62 
± 1.85

89.62 
± 2.14

MMSDL 95.25  
± 0.72

97.35 
± 2.00

92.71  
± 3.14

95.74  
± 0.61

94.68  
± 0.86

NC vs. 
MCI

ResNet50 77.81 
± 3.00

80.47 
± 8.79

77.63 
± 3.34

61.62 
± 7.85

81.14 
± 3.19

ResNext 78.81 
± 4.85

86.98 
± 9.69

77.63 
± 5.15

60.86 
±

14.15

85.63  
± 2.47

MobileNet 79.78 
± 5.07

92.72  
± 
11.59

79.46 
± 8.93

61.36 
±

16.36

84.27 
± 1.93

ShuffleNetv2 78.85 
± 3.19

78.13 
± 11.17

80.95 
± 4.67

66.46 
± 8.00

80.25 
± 3.54

EfficientNet 74.68 
± 2.92

67.38 
± 8.87

80.65 
± 4.11

63.59 
± 4.66

75.08 
± 2.06

MMSDL 85.22  
± 3.91

69.36 
± 14.93

94.00  
± 3.70

76.21  
± 8.71

81.36 
± 6.26

sMCI vs. 
pMCI

ResNet50 69.35 
± 3.56

86.48  
± 
11.19

66.82 
± 3.91

48.82 
±

12.20

76.06 
± 3.69

ResNext 68.72 
± 5.03

84.08 
± 9.03

66.64 
± 5.04

46.92 
±

17.16

75.32 
± 3.24

MobileNet 69.12 
±

16.34

71.94 
± 21.00

84.98 
±

11.37

69.09  
± 7.73

80.78  
± 3.79

ShuffleNetv2 65.92 
± 5.01

65.15 
± 10.00

70.75 
± 6.54

56.34 
±

11.99

68.31 
± 3.56

EfficientNet 66.60 
± 5.50

62.17 
± 7.35

72.73 
± 4.53

61.71 
± 6.34

68.00 
± 4.18

MMSDL 75.16  
± 5.82

50.20 
± 17.16

93.81  
± 8.85

61.90 
±

13.04

71.87 
± 6.61
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MMSDL can be attributed to its combination of multi-head self-atten
tion, which captures global interdependencies across features, and 
multi-head cross-attention, which weighs the contributions of different 
modalities, such as MRI and PET. Additionally, the CMF module in the 
proposed MMSDL effectively fuses MRI and PET data at various scales, 
allowing the model to leverage features from both modalities to improve 
classification accuracy. For NC vs. MCI, E-MMSDL and MRI-MMSDL 
show better separation of clusters compared to PET-MMSDL, as MRI 
data provides more detailed structural information that aids in class 
distinction. In the challenging task of sMCI vs. pMCI, the proposed 
MMSDL stands out with the most distinct cluster separations, while 
other configurations like MRI-MMSDL and MSF show some overlap, 
further highlighting the importance of integrating multi-modal data and 

attention mechanisms for enhanced feature extraction and classifica
tion. Overall, the proposed MMSDL consistently achieves superior re
sults due to its advanced multi-head attention mechanisms and effective 
cross-modality fusion.

Additionally, we evaluated the ROC curves, presented in Fig. 6, to 
assess the performance of different configurations of our method. The 
ROC curves provide a visual representation of the true positive vs. the 
false positive rates for each configuration across the three tasks: NC vs. 
AD, NC vs. MCI, and sMCI vs. pMCI. These configurations include: E- 
MMSDL, PET-MMSDL, MRI-MMSDL, C-MMSDL, S-MMSDL, CMF, MSF, 
and the proposed MMSDL model. As shown in Fig. 6, our proposed 
method achieves the highest AUC in all classification tasks, indicating 
superior performance in distinguishing between classes. For the NC vs. 

Fig. 3. ROC curves comparison between he proposed method and different conventional method for three the different classification tasks.

Fig. 4. The t-SNE visualization comparison of features between the proposed method and different conventional methods for the three different classification tasks.
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AD task, MMSDL reaches an AUC of 0.947, outperforming other con
figurations such as MRI-MMSDL and MSF, which also show strong re
sults with AUCs of 0.918 and 0.936, respectively. In the NC vs. MCI task, 
MMSDL again performs best with an AUC of 0.814, while MSF and MRI- 
MMSDL follow with competitive AUCs of 0.789 and 0.78. For the most 
challenging task, sMCI vs. pMCI, MMSDL continues to demonstrate su
perior performance with an AUC of 0.719, while the other configura
tions show lower AUC values, indicating that MMSDL can handle the 
subtle differences between stable and progressive MCI more effectively.

4.4. Effectiveness of multi-scale models

Figs. 7–9 present a comparison of the performance of four different 
scales of MMSDL on three distinct brain image analysis tasks: NC vs. AD, 
NC vs. MCI, and sMCI vs. pMCI. Specifically, the six scales evaluated are 
denoted as MMSDL_16, MMSDL_32, MMSDL_64, MMSDL_64_32, 
MMSDL_64_16, and MMSDL_32_16, where the numbers indicate the 
input image size and the scales fused during the training process. 
Notably, MMSDL_16, MMSDL_32, MMSDL_64, MMSDL_64_32, 

MMSDL_64_16, and MMSDL_32_16 correspond to the input image sizes 
of 6x16x16, 32x32x32, 64x64x64, fusing 64x64x64 with 32x32x32, 
fusing 64x64x64 with 16x16x16, and fusing 32x32x32 with 16x16x16, 
respectively. The model with different scales was found to outperform 
the single-scale models regarding classification accuracy. Moreover, the 
results demonstrate that the fusion of different scales can further 
improve classification accuracy.

For instance, the study found that in the NC vs. AD task, our proposed 
method achieved an accuracy of 95.25 %, which was higher than the 
accuracies achieved by single or double scale fusion techniques models. 
On the other hand, the MMSDL_16, MMSDL_32, MMSDL_64, 
MMSDL_32_16, MMSDL_64_16, and MMSDL_64_32 achieved accuracies 
of 83.92 %, 87.86 %, 90.66 %, 91.8 %, 91.93 %, and 93.82, respectively. 
Similarly, in the NC vs. MCI task, our proposed method achieved an 
accuracy of 85.22 %, compared to 70.75 %, 72.82 %, 80.7 %, 75.49 %, 
82.66 %, and 83.53 % for the MMSDL_16, MMSDL_32, MMSDL_64, 
MMSDL_32_16, MMSDL_64-16, and MMSDL_64-32, respectively. Like
wise, in sMCI vs. pMCI, our proposed method achieved an accuracy of 
75.16 %, outperforming the MMSDL_16, MMSDL_32, MMSDL_64, 
MMSDL_32_16, MMSDL_64-16, and MMSDL_64-32 models, which ach
ieved accuracies of 58.16 %, 58.11 %, 71.11 %, 63.63 %, 73.12 %, and 
72.32 %, respectively. These results verify the effectiveness of multi- 
scale fusion and its ability to extract features from multiple scales and 
combine them to enhance classification performance.

Our findings highlight the importance of incorporating multi-scale 
information in AD tasks, as the disease involves subtle changes at 
various levels. Specifically, MMSDL_64 demonstrates higher accuracy 
compared to MMSDL_32 and MMSDL_16 due to its higher resolution, 
which facilitates more precise detection and analysis of variations pre
sent in AD. However, integrating any two scales together yields higher 
accuracy than using a single scale. This suggests that combining multi- 
scale information can effectively capture a broader range of disease 
features, leading to more robust and accurate AD diagnosis. Therefore, 
our results emphasize the essential role of multi-scale approaches in 
enhancing the performance of AD detection models.

Fig. 10 shows the t-SNE feature visualization across various fusion 
scales of our method for the classification tasks of NC vs. AD, NC vs. MCI, 
and sMCI vs. pMCI, respectively. In the NC vs. AD task, MMSDL_64 and 
the proposed MMSDL demonstrate clearer separations, while configu
rations like MMSDL_16 and MMSDL_32_16 show scattered clusters and 
overlaps, indicating that smaller input sizes may not capture all relevant 
features for accurate class distinction. For NC vs. MCI, MMSDL_64_32 
and the proposed MMSDL show better separation compared to 
MMSDL_16 and MMSDL_64_16, suggesting that the fusion of larger input 
sizes improves feature representation. In the sMCI vs. pMCI task, 
MMSDL_64 and MMSDL_64_32 show the most distinct cluster separa
tions, while smaller input sizes like MMSDL_16 and MMSDL_32 display 
more scattered and overlapping clusters. Overall, the fusion of larger 
input sizes, as seen in MMSDL_64_32 and the proposed MMSDL, which 
incorporates all scales, consistently produces superior results across all 
classification tasks. This highlights the importance of capturing detailed 
multi-scale information for effective feature extraction and classifica
tion, with the extensive fusing of multi-modality inputs achieving better 
separation and enhancing the model’s ability to distinguish between 
disease stages.

Furthermore, Fig. 11 presents the ROC curves for different fusion 
scales of our method, providing a comprehensive comparison across the 
three classification tasks. The fusion scales compared include 
MMSDL_16, MMSDL_32, MMSDL_64, MMSDL_32_16, MMSDL_64_16, 
MMSDL_64_32, and the proposed MMSDL. As shown in Fig. 11, the 
proposed MMSDL configuration consistently achieves the highest AUC 
across all tasks, indicating its superior ability to fuse multiple scales and 
extract relevant features for accurate classification. For the NC vs. AD 
task, the proposed MMSDL achieves an AUC of 0.947, significantly 
outperforming lower-scale configurations such as MMSDL_16 (AUC =
0.827) and MMSDL_32 (AUC = 0.876). In the NC vs. MCI task, the 

Table 3 
Classification comparison between different configurations of our method for 
three different tasks (mean ± SD %).

Symbol Quantity ACC SEN SPE F1 AUC

NC vs. 
AD

E- 
MMSDL

84.63 
± 2.42

97.12 
± 1.62

69.49 
± 4.72

87.39 
± 1.86

83.20 
± 2.53

PET- 
MMSDL

88.42 
± 2.57

83.37 
± 6.49

94.54  
± 5.53

88.66 
± 2.85

88.79 
± 2.37

MRI- 
MMSDL

92.55 
± 1.98

97.08 
± 1.75

87.06 
± 5.08

93.48 
± 1.62

91.77 
± 2.19

C- 
MMSDL

88.65 
± 2.35

96.82 
± 2.89

78.76 
± 5.24

90.35 
± 1.93

87.56 
± 2.47

S- 
MMSDL

89.23 
± 3.00

92.08 
± 8.73

85.78 
± 6.74

90.20 
± 3.43

88.73 
± 2.58

CMF 90.73 
± 2.73

96.06 
± 3.20

84.27 
± 8.42

91.96 
± 2.04

89.91 
± 3.14

MSF 94.11 
± 1.21

95.76 
± 2.57

92.11 
± 4.08

94.69 
± 1.02

93.61 
± 1.35

MMSDL 95.25  
± 0.72

97.35  
± 2.00

92.71 
± 3.14

95.74  
± 0.61

94.68  
± 0.86

NC vs. 
MCI

E- 
MMSDL

76.93 
± 4.47

44.05 
± 14.85

95.14 
± 8.91

56.44 
± 12.03

69.29 
± 5.50

PET- 
MMSDL

78.69 
± 4.33

57.01 
± 12.08

90.69 
± 5.69

65.14 
± 8.27

73.58 
± 5.53

MRI- 
MMSDL

83.36 
± 4.33

60.87 
± 12.84

95.81 
± 2.20

71.61 
± 9.32

78.05 
± 6.18

C- 
MMSDL

76.90 
± 4.11

44.89 
± 12.27

94.61 
± 2.33

57.21 
± 10.98

69.42 
± 5.84

S- 
MMSDL

78.57 
± 2.91

47.08 
± 9.23

95.99 
± 1.06

60.54 
± 8.10

71.18 
± 4.33

CMF 77.57 
± 4.74

43.71 
± 13.74

96.31  
± 1.44

56.96 
± 13.96

69.74 
± 6.70

MSF 83.62 
± 4.61

63.82 
± 12.32

94.57 
± 2.56

72.95 
± 9.39

78.87 
± 6.25

MMSDL 85.22  
± 3.91

69.36  
± 14.93

94.00 
± 3.70

76.21  
± 8.71

81.36  
± 6.26

sMCI vs. 
pMCI

E- 
MMSDL

68.37 
± 3.51

45.37 
± 25.49

85.55 
± 23.21

83.21 
± 17.42

52.10 
± 11.59

PET- 
MMSDL

68.03 
± 2.55

39.41 
± 10.99

89.41 
± 7.19

50.53 
± 8.01

64.32 
± 3.09

MRI- 
MMSDL

72.31 
± 5.92

37.50 
± 13.86

98.31  
± 1.02

52.27 
± 15.66

67.90 
± 6.77

C- 
MMSDL

66.75 
± 7.01

32.11 
± 24.90

92.64 
± 14.04

87.47 
± 15.52

40.05 
± 24.75

S- 
MMSDL

70.00 
± 5.03

40.34 
± 21.37

92.16 
± 21.00

91.37  
± 14.83

51.44 
± 10.79

CMF 71.49 
± 3.39

38.28 
± 12.47

96.30 
± 6.23

52.39 
± 10.16

67.29 
± 4.16

MSF 72.12 
± 6.86

40.64 
± 19.61

95.64 
± 7.48

52.72 
± 20.49

68.10 
± 8.09

MMSDL 75.16  
± 5.82

50.20  
± 17.16

93.81 
± 8.85

61.90 
± 13.04

71.87  
± 6.61
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proposed MMSDL again demonstrates its effectiveness with an AUC of 
0.814, outperforming other configurations such as MMSDL_32_16 (AUC 
= 0.686) and MMSDL_64 (AUC = 0.75). The sMCI vs. pMCI task, which 
presents the most significant challenge, shows the proposed MMSDL 
achieving the highest AUC of 0.719, while other configurations, such as 
MMSDL_64 (AUC = 0.671) and MMSDL_64_32 (AUC = 0.698), perform 
slightly lower. These results demonstrate that the fusion of larger scales, 
as seen in the proposed MMSDL, enhances the model’s ability to capture 
subtle features and improve classification performance across all tasks. 
The ROC curves highlight the advantage of combining multiple scales, 
leading to better feature representation and superior classification 
results.

4.5. Discriminative ROIs

Figs. 12–14 illustrate the top 10 ROIs identified for MRI and PET data 
across the three distinct classification tasks. The top 10 ROIs were 
determined by registering the extracted network weights to the auto
mated anatomical labeling (116 ROIs) and ordering them in descending 
order based on the average values for each ROI [48]. Additionally, Ta
bles 4 and 5 present the top 10 names of significant MRI and PET ROIs, 
along with their weighted averages, as detected by the proposed method 
for the three tasks. The ROIs identified in this study, including the 
hippocampus, cingulum, and occipital regions, have been previously 
associated with AD pathology. Notably, these identified ROIs align with 

Fig. 5. The t-SNE visualization comparison of features between different configurations of our method for the three different classification tasks.

Fig. 6. ROC curves comparison between different configurations of our method for three the different classification tasks.
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findings from previous studies on AD diagnosis [49–52]. These regions 
have significant roles in various cognitive and emotional functions of the 
brain. For example, the hippocampus is one of the earliest and most 
consistently affected regions in AD, having a vital role in learning and 
memory. The cingulum, particularly the posterior cingulate cortex, is 
another region frequently impacted by AD. This region is involved in 
several cognitive processes, such as attention, emotion regulation, and 
episodic memory. The occipital lobe, located at the caudal end of the 

cerebral hemisphere, serves as the primary center for visual processing. 
Overall, the hippocampus, cingulum, and occipital lobe are essential 
regions of the brain that serve crucial roles in various cognitive and 
emotional functions, and their association with AD pathology highlights 
their importance in AD research.

Fig. 7. Classification comparison between different fusion scales of the proposed method for NC vs. AD.

Fig. 8. Classification comparison between different fusion scales of the proposed method for NC vs. MCI.
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4.6. Comparison with the previous studies

Table 6 compares the classification performance of our approach 
with previous studies across key metrics, highlighting the effectiveness 
of our method in various AD classification tasks. In the NC vs. AD 
classification, the proposed method achieves an ACC of 95.25 %, second 
only to the top-performing method reported by Zhang et al. [54], which 
achieved an ACC of 96.68 %. This high ACC indicates the capability of 
our approach to correctly classify a substantial majority of cases, 
demonstrating its robustness in distinguishing NC from AD. In terms of 
SEN, our model attains a rate of 97.35 %, again ranking second among 
the studies listed. Moreover, our model’s SPE of 92.71 % indicates a low 
false-positive rate, ensuring that individuals without AD are less likely to 
be misclassified. This balance between SEN and SPE sets our method 
apart from others, as it not only detects AD accurately but also 

minimizes false positives, providing more reliable diagnoses.
In the NC vs. MCI task, a more complex classification problem due to 

the subtle differences between normal aging and mild cognitive 
impairment, our method achieves an ACC of 85.22 %, the second- 
highest among the listed studies, and the highest SPE at 94.00 %. This 
high specificity is especially important for avoiding over diagnosis, as 
false positives can lead to unnecessary treatments or interventions. The 
proposed method’s ability to maintain high specificity, while still 
achieving competitive sensitivity, makes it highly effective for clinical 
settings where precision is essential. Unlike other methods that may 
trade off SPE to improve SEN, our approach achieves a balance, thereby 
providing a more reliable diagnostic tool for early intervention in MCI 
cases.

For the sMCI vs. pMCI task, the most challenging due to the difficulty 
in distinguishing between stable and progressive MCI, our method 

Fig. 9. Classification comparison between different fusion scales of the proposed method for sMCI vs. pMCI.

Fig. 10. The t-SNE visualization comparison of features between different fusion scales of our method for the three different classification tasks.
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achieves an ACC of 75.16 %, the second-highest among the listed 
studies, and the highest SPE at 93.81 %. Although this task is particu
larly difficult, the method’s performance shows a strong balance be
tween detecting progressive MCI and reducing false positives. This 
balance is important because patients classified as progressive MCI are 
at higher risk of developing AD, and early, accurate detection allows for 
timely intervention. Many previous studies have struggled with this 
task, often prioritizing sensitivity over specificity or vice versa. The 
proposed method, however, achieves a balance that maximizes both, 
demonstrating its effectiveness and robustness even in the most difficult 
classification tasks.

Overall, the results shown in Table 6 emphasize the superiority of our 
method. It consistently performs at a high level across all tasks, 

balancing key metrics like SEN, SPE, and ACC. By leveraging cross- 
modality attention and multiscale feature extraction, our method cap
tures both local and global features, allowing it to handle complex 
classification tasks with greater precision. This combination of sensi
tivity and specificity makes our approach particularly effective for 
clinical applications, where reliable and balanced performance is 
essential for early and accurate diagnosis of AD and its early stages. The 
consistent performance across all tasks, especially in comparison to 
existing methods, highlights the practical value of our approach and its 
potential for clinical medical use.

Fig. 11. ROC curves comparison between different fusion scales of our method for three the different classification tasks.

Fig. 12. Top 10 brain regions identified in MRI and PET data for NC vs. AD.
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Fig. 13. Top 10 brain regions identified in MRI and PET data for NC vs. MCI.

Fig. 14. Top 10 brain regions identified in MRI and PET data for sMCI vs. pMCI.

Table 4 
Top 10 significant MRI ROIs and their weighted averages detected by the proposed method for the three tasks.

NC vs. AD NC vs. MCI sMCI vs. pMCI

ROIs Weighted averages ROIs Weighted averages ROIs Weighted averages

Thalamus_R 0.9057 Thalamus_R 0.9069 Hippocampus_R 0.9159
Cuneus_R 0.9028 SupraMarginal_R 0.9058 SupraMarginal_R 0.9156
Occipital_Sup_L 0.9024 Occipital_Sup_R 0.8989 Thalamus_L 0.9145
Hippocampus_R 0.9014 Lingual_L 0.8988 Hippocampus_L 0.9090
Calcarine_R 0.8994 Cingulum_Post_L 0.8980 Occipital_Mid_R 0.9055
Lingual_R 0.8988 Occipital_Inf_R 0.8973 Lingual_L 0.9040
Heschl_R 0.8975 Calcarine_L 0.8969 Occipital_Inf_R 0.9040
Occipital_Sup_R 0.8964 Cuneus_R 0.8964 Calcarine_L 0.9023
Cuneus_L 0.8943 Hippocampus_R 0.8961 Cuneus_R 0.9006
SupraMarginal_R 0.8935 Cuneus_L 0.8936 Cuneus_L 0.8994
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5. Conclusion and future work

In this paper, we developed an end-to-end learning network, named 
MMSDL, which offered several advantages over state-of-the-art 
methods. Our method included three different modules: modality 
embedding, MSF, and CMF. Initially, the modality embedding module 
transformed neuroimaging data into high-dimensional vector features. 
The MSF module utilized cascading multi-head self-attention and cross- 
attention to capture global relations among embedded features, weigh 
each modality’s contribution to another modality, and extract complex 
relationships across different scales of MRI and PET data. Additionally, 
we applied an effective CMF to fuse MRI and PET data at each scale, 
enhancing global features from the previous attention layers. By inte
grating features from every scale, our model achieved superior perfor
mance compared to state-of-the-art methods when evaluated on the 
ADNI dataset.

Although our approach demonstrated superior performance 
compared to many recent studies, few limitations need to be addressed. 
One limitation is that our method utilizes only neuroimaging data, 
excluding genetic and clinical data. Integrating our proposed method 
with clinical and/or genetic data could enhance the accuracy of disease 
diagnosis and prediction. Another limitation is that we do not consider 
the interdependence or correlation among the ROIs during the training 
phase. Incorporating the interconnectivity and relationships among the 
ROIs, particularly those highly associated with AD. In our future ana
lyses, we will focus on providing a deeper understanding of the neural 
mechanisms underlying AD, ultimately enhancing the accuracy and 
reliability of AD diagnosis.
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