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ABSTRACT:Alzheimer’s disease (AD) is a brain degenerative disease, so the Magnetic Resonance Imaging (MRI) and Positron Emission
Tomography (PET) of cerebral images are effective data in detecting the onset of the disease. In this work, a framework consisting of a
cross attention multimodal fusion deep neural network and a patches weight optimization strategy is proposed. First, multiple points are
randomly selected from the region of interest (ROI), and multiple 3-axial-plane patches are extracted centered on these points. Then, the
patches from MRI and PET are fused using a fusion neural network to output diagnostic information for each patch. Finally, a weight is
set for each patch, and a particle swarm optimization algorithm is used to find the optimal weights for multiple patches; the diagnostic
information from multiple patches is merged using these weights; and the final diagnostic results are output. The experiments on ADNI
dataset show that this method has an accuracy of 94.03% in diagnosing AD and outperforms other methods of fusing MRI and PET data,
which demonstrates the promising performance of this method.

1. INTRODUCTION

Alzheimer’s disease is a neurodegenerative disorder that usu-
ally occurs in the elderly population. The patient’s brain

is affected by amyloid deposits, and nerve cells are destroyed,
thus affecting the patient’s brain function. The patient may suf-
fer from memory loss, language disorders, disorientation, etc.
Ultimately, it may affect the body function and thus lead to
death [1]. The onset of Alzheimer’s disease is a gradual pro-
cess, patients may experience several years from the happening
of brain lesions to the noticeable symptoms. Detecting brain
lesions in patients through cerebral medical imaging can there-
fore detect the onset of the disease in a timely manner.
Since Alzheimer’s disease causes damage to nerve cells and

disruption of connectivity, especially pathological changes in
the hippocampus [2], structural Magnetic Resonance Imaging
(MRI) can be used to detect atrophy of the brain in Alzheimer’s
patients [3, 4], especially in the hippocampus. Many studies
have been done using different machine learning techniques
to identify AD with MRI images. A hybrid MRI meta-ROI
for AD detection was introduced by Zheng [5], and the best-
performing cortical and volumetric ROIs were used as input
nodes to the artificial neural network for AD classification af-
ter the detectability of AD in certain cortical and volumetric
brain regions had been investigated. Al Shehri [6] proposed a
deep learning-based method for the MRI diagnosis and catego-
rization of Alzheimer’s disease that makes use of DenseNet-
169 and ResNet-50 architectures. Ghosh et al. [7] trained a
MobileNet in a federated manner to identify Alzheimer’s dis-
ease from brainMRI data, and the proposed model uses coronal
plane images after an orientation selection procedure. Liu et
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al. [8] applied statistical and unsupervised learning techniques,
and used a small number of labeled structural MRI images, to
distinguish between scans from normal control (NC) and those
with AD.
On the other hand, the Positron Emission Tomography (PET)

scan, such as Fluorodeoxyglucose PET (FDG-PET), is also
widely used in the diagnosis and research of Alzheimer’s dis-
ease [9], since it can objectively evaluates neuronal activity in
the brain. As an objective biomarker of neuronal damage, like
MRI, FDG-PET has been shown to be an important research
standard that can play an important role in both the diagnosis of
AD and the determination of the severity of the disease. More-
over, FDG-PET is useful for the early diagnosis of AD because
it can show the characteristic patterns of Alzheimer’s disease
neurodegeneration in people with mild cognitive impairment
(MCI) earlier than MRI. For example, De Santi et al. [10] de-
veloped a convolutional neural network (CNN) that can classify
volumetric 18F-FDG PET images into multiple AD classes.
They also tested two distinct post hoc explanation methods that
are developed in the Explainable Artificial Intelligence field.
Bi et al. [11] investigated the quantitative cerebral blood flow
and glucose metabolism in AD patients as determined by FDG-
PET diagnostic values. Frings et al. [12] used deformation-
based morphometry to test whether cerebral atrophy could be
imaged with FDG-PET, and the findings revealed abnormali-
ties in AD, primarily in the bilateral hippocampus. In order
to detect AD-related metabolic patterns in neurodegenerative
subjects with FDG-PET, Beheshti et al. [13] employed a ma-
chine learning-based Alzheimer’s disease designation frame-
work. They then generated subject scores using five distinct
machine-learning algorithms for AD diagnosis.
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Although MRI and PET can be used individually for the di-
agnosis and research of AD, data from different modalities re-
flect the progression of the AD condition from different aspects.
Therefore, fusion of MRI and PET data can further improve
the diagnostic accuracy of AD. Many researches have been
conducted on multimodal data fusion for the diagnosis of AD.
For example, using multimodal neuroimaging data, Hojjati and
Babajani-Feremi [14] predicted the neuropsychological scores
and looked into the nonlinear progression trend of the cogni-
tive declines. The multimodal approach improved the clinical
dementia score prediction performance in the converting and
stable stages of MCI and AD compared to a single modal ap-
proach. In order to learn the interaction between modalities for
AD diagnosis withmulti-modal data, Zhang et al. [15] proposed
a novel multi-modal cross-attention AD diagnosis framework.
This frameworkmakes use of cross-modal attention to reinforce
relationships between modalities.
Deep neural networks have received extensive attention and

research in the automatic detection of medical images [16, 17],
but for brain MRI and PET images are 3D data, and the 3D
neural network model is hard to be implemented with a com-
plex architecture, which are constrained by the need for high
computing capability and graphics memory. In this study, we
used multiple 3-axial-plane patches extraction from 3D neu-
roimaging to reduce the demand on device performance while
still serving the purpose of data augmentation. A neural net-
work architecture for multimodal data fusion was then built,
which consisted of a two-wayResNet-18 architecture [18] and a
content-guided attention (CGA) [19] module to fuse the patches
from MRI and PET and output AD diagnostic information for
each pair of MRI and PET patches. For the center points of
patches at different points in the region of interest (ROI) of the
neuroimaging, their contribution to the final diagnosis would
be different. Therefore, we assigned different weights to the
outputs of patches before merging. In order to find the optimal
weights, particle swarm optimization (PSO) algorithm was em-
ployed. After several PSO iterations, the optimal weights were
found, and all the patches diagnostic information was merged
by weights to generate the final AD diagnosis.
The main contributions of this work are as follows:
1. A deep neural network architecture for the multimodal

fusion of MRI and PET 3-axial-plane patches was designed to
effectively fuse multimodal data and improve AD diagnosis.
2. PSO algorithm was used to optimize the weights of multi-

ple 3-axial-plane patches to improve the combined patches di-
agnosis.

2. MATERIALS AND METHODS

2.1. MRI and PET Samples and Image Preprocess
The ADNI database, known as the Alzheimer’s Disease Neu-
roimaging Initiative (ADNI), is a large, multicenter, long-term,
publicly available database. The goal of ADNI is to measure
the progression of AD through quantitative neuroimaging tech-
niques (e.g., MRI and PET) and other biomarkers, as well as
through clinical and neuropsychological measures. We down-
loaded 2031 pairs of MRI and PET images from 945 partici-

pants, which means that some images were obtained from dif-
ferent follow-up examination times of the same participant.
The ages and clinical dementia scores, including mini-mental
state examination (MMSE) and clinical dementia rating (CDR),
of these samples are listed in Table 1. These MRI and PET
images needed to be preprocessed because these images dif-
fered in size, head position, and orientation. The preprocessing
includes skull stripping and rigid registration. The MRI im-
ages were firstly subjected to N4 bias field correction using the
ANTs tool, then skull stripping using the FSL software, rigor-
ous registration to the MNI152 template using the IRTK tool,
and finally created a 182×218×182 sized 3D brain image. The
PET images were first registered with the rawMRI image, skull
stripped using the MRI skull stripping mask, then aligned with
the registered MRI. The preprocession of images are shown in
Fig. 1. After registration, all images have the same size and
orientation. To avoid data variability introduced by inconsis-
tencies in image brightness, after the preprocessing process, all
images were normalized by subtracting the mean and dividing
by the standard deviation.

TABLE 1. Ages and clinical dementia scores of samples.

Group Samples Age MMSE CDR

NC 648 75.9± 5.8 29.0± 1.1 0.05± 0.5

MCI 741 74.4± 7.5 27.2± 2.1 1.71± 1.0

AD 642 75.9± 7.3 22.0± 3.9 5.31± 2.5

After preprocessing, all images were utilized for 3-axial-
plane patch extraction. The bounding boxes of the left and right
hippocampi were treated as two ROI regions, each with a size
of 30×40×45 according to the size and orientation of the hip-
pocampus. Then, 64 points in each ROI region were randomly
selected as extraction locations for the 3-axial-plane patches,
so a total of 128 random points were generated. To avoid du-
plicate points, during the generation process, each new point is
compared with previous points, and if the minimum distance
from these previous points is less than 2 voxels, the point is
discarded, and new points continue to be generated until the
number of points meets the requirement. Finally, after all 128
random points were generated, they were utilized for all the
images for patch extraction. Three 80 × 80 size patches were
extracted from coronal, transverse, and sagittal planes centered
on each point, and these three patches were combined into a
3-channel image. The reason for choosing the patch size of
80 × 80 is that although the center points of these patches are
distributed inside the ROI region, outside the ROI region there
is also some information that is useful for diagnosing AD. So
the larger the size of the patch is, the more information it could
contain. However, if the size is too large, the patch would go
beyond the edge of the image, so the size of 80× 80 was cho-
sen, which is large andwill not go beyond the edge of the image.
After 128 3-axial-plane patches were extracted from each im-
age, these patches were fed into the neural network model for
the next processing. The extraction of 3-axial-plane patches is
demonstrated in Fig. 2.
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FIGURE 1. The preprocession of MRI and PET scans (2 samples).

FIGURE 2. The extraction of 3-axial-plane patches. The green regions are left and right hippocampal, and the red regions are ROIs.

2.2. Multimodal Patches Fusing Deep Neural Network Architec-
ture
After 3-axial-plane patch extraction, each sample will get 128
pairs of MRI/PET patches. As shown in Fig. 3, each pair of
patches will be processed by a multimodal fusion neural net-
work, and then 128 results will be obtained. These pieces of
patch diagnostic information are weighted and merged to get
the final diagnostic result. PSO algorithm will be used to find
the optimized weighting coefficients to improve the merging
effect.
The multimodal fusion neural network mainly consists of

two ResNet-18 models, which process MRI and PET patches
individually. The structure of ResNet-18 can be divided into
three parts: A 7× 7 convolutional layer at the beginning of the
network for extracting the low-level features of the input im-
age; the main body of the network consists of multiple ResNet
layers, each of which contains two residuals blocks, and each

residual block has 2 convolutional layers; a fully-connected
layer at the end of the network, which is used for mapping
the features into the classification space and outputting the fi-
nal classification results. It should be noted that, starting with
ResNet-layer2, the stride of the first convolutional layer of the
first residual block is 2, so the size of the feature map output
from each ResNet layer will be one-half of the size of the input.

To fuse information of MRI and PET features efficiently,
CGA was utilized [19], which could enhance the interrelation-
ship between modalities through an attentional mechanism to
optimize the information complementarity between these two
modalities. In the two-way ResNet-18 structure, the MRI and
PET feature maps output from ResNet-layer2 are taken as in-
puts to the CGA module. As shown in Fig. 4, the CGA first
sums the two inputs and then performs spatial attention and
channel attention processing, respectively. These two pieces
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FIGURE 3. The architecture of multimodal 3-axial-plane patches fusion based framework for AD diagnose.

FIGURE 4. The architecture of multimodal 3-axial-plane patches fusion based framework for AD diagnose.

of attention information are channel-wise concatenate with fea-
tures, and after processing using 3×3 convolution, the attention
weight P is computed by Sigmoid function. The MRI features
are multiplied by P , and the PET features are multiplied by
(1−P ). Finally, these two attention weighted features and the
original features are merged as the output of the CGA.
The fused features output from the CGA module are pro-

cessed by the two ResNet layers, then it is concatenated with
the MRI and PET features as the third type feature. These mul-
timodal features are then processed by the fully connected layer
to be transformed into classification information as the output
of the neural network.

2.3. Patch Weights Optimization with PSO Algorithm
After being processed by the multimodal fusion network, the
output of each MRI/PET pair of patches can be used for the

diagnosis of AD. And the diagnostic information from 128
patches can be combined to diagnose ADmore precisely. How-
ever, the locations of these 128 patches are randomly selected
from ROI, so the contributions of different patches may not be
the same. Although combining them by same coefficients is a
feasible method, a better way to combine them is by weight-
ing coefficients. To find the optimal weight coefficients, PSO
algorithm is adopted.
PSO is a stochastic search algorithm based on group collab-

oration [20], and the basic idea is to find the optimal solution
through the collaboration and information sharing between in-
dividuals in the group. PSO firstly initializes a group of random
particles (random solution) and then iteratively updates these
particles to finally find the optimal solution. The steps of the
PSO algorithm are as follows.
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(1) Initialization: Initialize 100 particles, and each particle is
a randomly generated 1×128weight coefficient vector (particle
position) with weights in the range of [0, 1]. In addition, each
particle has a velocity attribute that represents the direction and
magnitude of the position updating. Meanwhile, the AD diag-
nostic accuracy of the merged 128 patches with these weights is
used as the optimization function to calculate the fitness value
of these particles.
(2) Iterative search: In each iteration, the particle updates it-

self by tracking two best fitness values. The first is the optimal
solution found by the particle itself, called the personal best
(pBest). The other is the optimal solution found by the entire
group, called the global best (gBest). The particle adjusts its
velocity and position according to these two values, thus con-
tinuously approaching the optimal solution.
(3) Stop searching: When the iterations reaches a preset max-

imum value (which is 200 in this work), or minimum error cri-
teria are attained, the PSO stops iterative search and outputs the
best particle as the optimal solution.
The following pseudo-code in Algorithm 1 explains the PSO

algorithm in more detail.

Algorithm 1 PSO algorithm for patches weights optimization.
Input: Patch classification information output of neuronal
network
Output: Best particle (best weights) pgbest
Settings: particle_number =200, particle_dimension =
128, weight_range = [0, 1],maximum_iterations = 100,
optimal_function = AD diagnose accuracy;
for each particle pi do

for each dimension d do
initialize position (or weight) wid randomly within
weight_range
initialize velocity vid randomly

end for
end for
iteration k = 1
while k <= maximum_iterations do

for each particle pi do
fitness value fi = optimal_function(pi)
if fi > fi,pbest then
fi,pbest = fi
pi,pbest = pi

end if
end for
pgbest = pi,pbest of the particle have the best fitness value
fi,pbest
for each particle pi do

for each dimension d do
update velocity: vid = vid+ c1r1(wid,pbest−wid)+
c2r2(wd,gbest − wid)
update position: wid = wid + vid

end for
end for
k ++

end while

3. EXPERIMENTS AND RESULTS

3.1. Experimental Settings
The data used in this work includes 2031 samples, so there are
2031 pairs of MRI and PET images, which belong to 945 par-
ticipants. These data were randomly divided into training set,
validation set, and test set in the ratio of 70%, 10%, and 20%.
To prevent data leakage, which may result from the samples of
the same participants appearing in different data sets, the data
set was divided based on participants, making sure that the sam-
ples from same participant would only appear in the same data
set.
The patches from training set were firstly shuffled and then

fed into neuronal network model during the training phase. The
selection of hyperparameters was conducted through an em-
pirical process involving multiple rounds of testing. Specifi-
cally, the key parameters such as learning rate, batch size, and
dropout rates were adjusted based on their impact on model
performance. Each configuration was evaluated using a vali-
dation set, and the final hyperparameters were chosen based on
their greatest performance over multiple trials, ensuring robust-
ness and minimizing the risk of suboptimal results. Finally, the
model was trained in 120 epochs adoptingAdam optimizer with
the batch size of 256, and the learning rate is set to 0.0001. In
the last 40 epochs, the performance is verified using the valida-
tion set for each epoch, and themodel with the best performance
was saved. When the training was over, the saved model would
be used in the test set for performance testing.
The model was trained on an NVIDIA GeForce GTX 3090

GPU, and the THOP package was used to profile the pro-
posed model. The number of parameters is 31.1M; the size
of model is 118.65MB; and the computational complexity is
507.34 GFlops. During training phase, it took 134 seconds to
train an epoch in GTX 3090 GPU. In the validation phase, it
took only 0.035 seconds to process one sample.
The patches from the validation and test sets were processed

through the trained model, and each sample would get diag-
nostic information of 128 patches. In order to optimize the
weights of these 128 patches’ information using PSO algorithm,
the samples of validation set were used for the training of PSO
algorithm. The PSO algorithm was set up with 100 particles,
and the optimized weight coefficients were outputted after 200
iterations. These weight coefficients were used for merging the
patch diagnostic information of the test set, and the diagnostic
results of the test set would be attained. The performance of the
model was verified by comparing the diagnostic results with the
actual diagnostic results of test set. The experiment was con-
ducted 10 times using repeated random-split validation, where
the dataset was randomly divided into training, validation, and
test sets in each iteration to ensure independence between it-
erations. The final performance metrics were calculated as the
mean± standard deviation across all 10 trials, providing a mea-
sure of model performance and stability.

3.2. Evaluation Criteria
To evaluate the performance of AD diagnostics, several com-
monly usedmetrics are adopted as evaluation criteria, including
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TABLE 2. The AD diagnosis performances.

classification ACC (%) SEN/REC (%) SPE (%) PRE (%) F1 (%) AUC (%)

NC vs. AD 94.03± 0.97 91.85± 2.01 96.22± 0.9 96.06± 0.86 93.89± 1.04 97.22± 0.45

NC vs. MCI 71.02± 2.91 70.73± 13.62 71.33± 10.26 73.99± 3.88 71.22± 6.48 75.72± 2.05

MCI vs. AD 81.52± 3.75 84.37± 4.87 79.02± 10.31 79.03± 7.73 81.15± 2.53 88.43± 1.0

accuracy (ACC), sensitivity (SEN), specificity (SPE), precision
(PRE), recall (REC, equivalent to SEN), F1-score (F1), and the
area under the receiver operating characteristic curve (AUC).
Assuming that TP, FP, FN, and TN denote the true positive,
false positive, false negative, and true negative, the definitions
of these metrics can be as follows:

ACC =
TP + TN

TP + TN + FP + FN
(1)

SPE =
TN

FP + TN
, SEN =

TP

TP + FN
(2)

PRE =
TP

TP + FP
, REC =

TP

TP + FN
(3)

F1 = 2× PRE ×REC

PRE +REC
(4)

3.3. Results of AD Diagnosis
In order to demonstrate the contribution of each step in this
methodology to the improvement of AD diagnostic accuracy,
experiments by adding different modules step by step were con-
ducted. As can be seen in Fig. 5, the accuracy of AD diagnosis
improved as different steps were added to the framework. In
Fig. 5, the first two results indicate that when onlyMRI and PET
data were used, the AD diagnostic accuracy was 87.85% and
90.29%, respectively, which shows that the accuracy using PET
images is higher than MRI images. The third result (labeled as

FIGURE 5. The contributions of each step.

“Concat”) was gained when a two-way ResNet network was
adopted for AD diagnosis, and the features of MRI and PET
were concatenated before the fully connected layer. It can be
seen that the diagnostic accuracy was improved to 91.88% be-
cause of the use of two modal data information. Subsequently,
the CGAmodule was introduced into the neural network model
for effective fusion of the two modalities through the attention
mechanism, which have the performance as the fourth result
(labeled as “+CGA”) in Fig. 5, and it can be seen that the CGA
further improved the diagnostic accuracy to 93.18%. Finally,
with the addition of PSO algorithm, the weighting coefficient
of multiple patches was optimized, and the diagnostic accuracy
reached 94.03%, as shown in the last result (labeled as “+PSO”)
in Fig. 5. From these step-by-step experiments, it can be seen
that each step used in this method plays an obvious role in the
improvement of AD diagnostic performance.
The experiment results of various metrics of AD diagnosis

are listed in Table 2, from which it can be seen that except
the accuracy of 94.03%, the sensitivity (recall), specificity, and
precision are 91.85%, 96.22%, and 96.06%, respectively, while
the value of F1-score is 93.89%, and especially, the AUC is as
high as 97.22%. These metrics are all indicators of the promis-
ing performance of the proposed method for AD diagnosis. In
addition to the experiments of NC vs. AD, we also conducted
experiments to categorize NC vs. MCI andMCI vs. AD.MCI is
a prodromal stage of AD, and it is difficult to diagnose MCI by
neuroimaging because the symptoms of this stage are not ob-
vious, and the effect on the brain is very mild. As can be seen
from the results of the experiment, the accuracy of these two
classifications is also relatively low, amounting to 71.02% and
81.52%. While F1-scores were 71.22% and 81.15%, and AUCs
were 75.72% and 88.43%, respectively. The receiver operating
characteristic (ROC) curves for NC vs. AD, NC vs. MCI, and
MCI vs. AD are also shown in Fig. 6.

3.4. Comparison with Other Studies

Wehave also evaluated the proposed approach against prior AD
diagnosis studies. The comparison results are listed in Table 3.
From these results, it can be found that the proposed method
surpasses other methods in accuracy, F1 score, and AUC. There
is at least a 2.1% improvement in accuracy compared with [5]
and a 2.7% improvement in F1-score compared with [15], and
compared to the method of [22], the present method also has
1% higher AUC. These results demonstrate the promising AD
diagnosis performances of the proposed method compared to
other methods.
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TABLE 3. Comparison with other studies on AD diagnosis.

Studies Methods ACC (%) F1 (%) AUC (%)

[15] Multi-modal cross-attention neuronal network 91.07 91.11 94.07

[5] Artificial neural network with hybrid meta-ROI 91.9 - -

[22] Multi-modal feature selection algorithm with anchor graph 86.33 - 93.76

[21] Spatially-constrained Fisher representation network 91.44 90.24 96.26

this study Patch fusion neuronal network with PSO patch optimization 94.03 93.89 97.22

FIGURE 6. The receiver operating characteristic curves of AD diagno-
sis.

4. DISCUSSION
In this study, multiple 3-axial-plane patches were extracted
from 3D MRI/PET images, and a multimodal fusion neural
network was designed to process these patches. PSO algo-
rithm was employed to optimize the patch weights to merge
the diagnostic information of multiple patches, and promising
diagnostic results were obtained. Usually, neuroimaging such
as MRI/PET is 3D images, and processing 3D images takes a
long time and a lot of computational power. When using neu-
ral network models to process 3D images, complicated neural
network architectures and advanced algorithms usually cannot
be applied due to the limited computational power and graphic
memory. Moreover, the number of samples of 3D images is
usually not large enough to adequately train the neural net-
work model, resulting in insufficient generalization ability of
the model. In this study, benefited from the patch extraction
method, a deeper and complex neural network model and at-
tention approach can be used for multimodal data fusion, and
multiple patches can be extracted for each 3D image sample,
which serves as data augmentation, and therefore effectively
enhances the efficiency of multimodal fusion and improves the
accuracy of AD diagnosis.
From the experiment results of AD diagnosis, it can be found

that a high accuracy can be achieved using neuroimaging for
the classification of NC vs. AD; however, the accuracy for the

classification of NC vs. MCI and MCI vs. AD is relatively low,
especially for NC vs. MCI, which has the lowest accuracy rate.
We believe that this is because MCI is the prodromal stage of
AD, and the lesions in the patient’s brain caused by the dis-
ease are relatively mild. These mild lesions are difficult to dif-
ferentiate by neuroimaging, and therefore the diagnosis of NC
and MCI by neuroimaging is less accurate. As the disease pro-
gresses, the lesions become more severe, and the difference in
neuroimaging becomes more obvious, so the classification of
MCI vs. AD is somewhat more accurate than that of NC vs.
MCI.
In the design of the AD diagnostic method in this work,

we focus on the use of neuroimaging in the diagnosis of AD,
so only two types of image data, MRI and PET, are utilized.
There are actually other non-imaging data that can be used
for AD diagnosis, such as aberrant levels of Beta-amyloid and
Tau in cerebrospinal fluid are biomarkers of AD, making Beta-
amyloid and Tau buildup useful information for the diagnosis of
AD [23]. Other AD-related risk factors including APOE4 gene
and age are also helpful in the diagnosis of AD [24]. If these
non-imaging data are added into the diagnostic approach, it will
certainly further improve the diagnosis of AD. However, just
concatenating these data is not enough, if the neural network
can be carefully designed, and methods such as cross-attention
are used to improve the fusion effect of image and non-image
data, the improvement of the diagnostic accuracy of AD will be
even greater, and this is also our future research direction.
In the proposed framework, for the optimization of the

weight coefficients for the merging of patches, we use PSO
algorithm. Of course, the weight coefficients can also be op-
timized using other optimization algorithms such as Adam and
SGDwithmomentum. However, we found that PSO algorithm,
although not a gradient-based optimization, can achieve the
same performance as Adam and slightly better than SGD. This
observation may stem from task-specific characteristics: in pa-
rameter spaces with moderate dimensionality and parallelizable
computational resources, PSO’s swarm collaboration effec-
tively balances exploration and exploitation, mitigating over-
reliance on singular gradient directions. Furthermore, PSO’s
elimination ofmanual learning rate tuning reduces hyperparam-
eter calibration costs. Thus, for optimization scenarios for our
task, PSO proves to be an efficient and feasible choice. Future
work may investigate dynamic optimizer switching strategies
to address more complex task requirements.
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In this study, MMSE and CDR scores were not included as
features because they are highly association with the labels.
These metrics serve as established diagnostic criteria for AD
in clinical practice, so the diagnose results in ADNI, which are
used as labels in the training and validation of model, mainly
come fromMMSE and CDR. Although integrating these scores
as predictive features could improve model performance, such
practice risks introducing diagnostic bias and overestimated
findings for the model. Therefore, in this work, we did not in-
clude MMSE and CDR scores as feature sets.

5. CONCLUSION
In this work, a neural network model for multimodal patch
fusion based on the attention mechanism is proposed. Multi-
ple 3-axial-plane patches are extracted from the coronal, trans-
verse, and sagittal planes of 3D MRI and PET images, and
then fed into a neural network model, which is based on a two-
way Resnet-18 and content-guided attention module, for mul-
timodal feature fusion. After processing by the neural network
model, each patch gets AD diagnostic information. In order to
merge these pieces of diagnostic information of patches effi-
ciently, PSO algorithm is used to find the optimal patch weight
coefficients. Eventually, the experiment results show that the
merged information can diagnose AD with promising accuracy
of 94.03% and demonstrates the effectiveness of the proposed
method.
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