
  

Abstract- Alzheimer's Disease (AD) poses a significant global 

neurodegenerative challenge, underscoring the urgency of early 

clinical intervention. Our paper presents a novel approach for 

early AD diagnosis, focusing on a dual attention graph 

convolutional network that integrates multi-modal data. This 

methodology involves constructing image and gene graphs 

based on the image and genetic information of the subject. 

Graph convolution networks are then employed to extract 

embedded information from each graph. Enhanced diagnostic 

precision is achieved by utilizing self-attention and cross-

attention mechanisms, facilitating the fusion of multi-modal 

state information crucial for early AD identification. Rigorous 

validation of the Alzheimer's Disease Neuroimaging Initiative 

(ADNI) dataset underscores the model's efficacy. Our method 

has demonstrated remarkable proficiency in diagnosing early-

stage AD through experimental verification, assisting doctors in 

making accurate diagnoses of AD. 

Keywords—Alzheimer's Disease, Multi-Modality, Graph 

Convolutional Network, Image and Gene, Cross Attention. 

 

I. INTRODUCTION 

Alzheimer's disease (AD), a prevalent neurodegenerative 

condition exhibiting cognitive decline, poor judgment, and 

memory loss, displays an escalating prevalence with age[1]. 

Given its rising prevalence and lack of effective therapies, 

AD poses significant burdens on affected individuals[2]. 

Consequently, early clinical AD diagnosis and disease 

progression delay are crucial. Deep learning technology is 

progressively utilized for early AD diagnosis[3]. However, 

most existing methods primarily focus on the use of unimodal 

data, which overlooks the fact that AD is a neurodegenerative 

disease caused by a multitude of factors. Structural magnetic 

resonance imaging (sMRI) has illustrated changes in the 

relevant brain structures of the human body[4]. Single 

nucleotide polymorphisms (SNP) and clinical data, including 

age, gender, and body weight, have provided insights into AD 

pathogenesis[5]. Based on this background, our research will 

integrate imaging and genetic data to facilitate the early 

diagnosis of AD. 

Integrating multi-modal information facilitates the 

acquisition of comprehensive patient data for accurate disease 

predictions from diverse perspectives, thus enhancing 

prediction outcomes. Wang et al. [6] developed a deep 

multimodality-disentangled association analysis network for 

neurodegenerative diseases classification. Wang et al. [7] 

employed hypergraph-regularized multi-modal learning by 

graph diffusion for AD diagnosis. Therefore, multi-modal 

information enhances diagnostic precision by extracting 

patient data from various angles. 

As neuroimaging and pattern recognition continue to 

advance, early diagnosis of AD through graph convolutional 

learning methods is increasingly emerging as a viable 

approach[8]. Researchers can train classification models using 

graph characteristics by constructing a graph where the nodes 

represent the features of each individual's image and the edges 

represent the similarity between each pair of nodes. Graph 

Convolutional Network (GCN) [9] have gained significant 

recognition due to their exceptional filtering performance, 

which is invaluable for AD diagnosis. Song et al. [3] 

employed similarity awareness and adaptive calibration in AD 

diagnosis using GCN. Song et al. [10] utilized a multi-center, 

multi-channel pooling GCN based on dual-modal fusion brain 

networks for early AD diagnosis. Bi et al. [11]developed 

community GCN for AD classification. 

The attention mechanism has demonstrated potential in 

early AD diagnosis, as recently studied by researchers. Zhu et 

al. [12] used multi-modal triple attention networks for 

neurological disorder diagnosis. Additionally, Zhu et al. [13] 

further applied sMRI with dual attention multi-instance deep 

learning for AD diagnosis. Incorporating attention 

mechanisms enhances the ability to comprehensively extract 

deep information from MRI images, leading to more effective 

deep learning models. 
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Fig. 1. Overview of the proposed method. 

Based on the aforementioned background, this paper 

proposes a dual-attention GCN that integrates multimodal 

data for the diagnosis of AD (Fig. 1). For image data and 

genetic data, we constructed two graphs, namely the Imaging-

Graph and Gene-Graph. Subsequently, we employed two 

GCN modules to extract the respective embedded information 

from each graph. Then, we utilized self-attention and cross-

attention mechanisms to achieve the fusion of the two sets of 

embedded information. Finally, we employed fully connected 

layers and a Softmax function to implement disease 

classification. The model was validated on the Alzheimer's 

Disease Neuroimaging Initiative (ADNI) dataset and 

demonstrated effective performance in disease classification. 

II. METHODOLOGY 

A.  Data Acquisition and Preprocessing 

The data utilized was extracted from the ADNI 

dataset[14]. We used sMRI, clinical information(age, gender, 

body weight), and genetic information from 726 subjects. The 

data in this study is categorized into four distinct groups: AD, 

normal control (NC), early mild cognitive impairment 

(EMCI), and late mild cognitive impairment (LMCI). The 

details of the data are shown in Table 1.  

For the preprocessing of sMRI, we used Statistical 

Parametric Mapping (SPM)[15] and Computational Anatomy 

Toolbox(CAT)[16]. The preprocessing steps are as follows: 

1) filtering noise; 2) resampling; 3) bias field correction; 4) 

bias field correction; 5) skull stripping; 6) linear alignment; 7) 

tissue segmentation; 8) spatial normalization; 9) cropping 

bound-aries; 10) gray matter and white matter extraction. 

After preprocessing, we use the AAL116 template[17] to get 

the ground truth 116 brain regions of interest (ROIs), and we 

use the top 90 ROIs[18].  

The genetic data were processed using Plink[19] software 

for quality control operations. It includes: 1) missing value 

check for each subject and SNP; 2) sex check; 3) minor allele 

frequency check; 4) Hardy-Weinberg balance test; 5) 

controlling for heterozygosity rate bias; 6) removal of related 

samples; 7) population stratification. 

TABLE 1.THE DEMOGRAPHIC INFORMATION OF OUR DATASET 

Label Number 

Age(years) 

(mean ± 

SD) 

Gender 

(F/M) 

Weight 

(kg) (mean 

± SD) 

AD 205 74.86±5.63 94/111 76.62±15.94 

NC 166 74.73±8.12 72/94 73.96±14.78 

EMCI 192 70.64±7.11 87/105 80.51±16.41 

LMCI 163 72.74±7.54 69/94 77.96±18.10 

B.  Graph Construction 

Graph construction plays a pivotal role in graph-based 

classification. A well-designed graph structure effectively 

guides the input and propagation of features, thereby 

enhancing classification performance. Our study focuses on 

constructing two critical graph structures: the Image-Graph ��= (�, �� ) and Gene-Graph ��= (�, �� ). For the image 

graph node feature ��, we constructed the graph node feature �� based on the ROIs, which have a structural correlation with 

AD. As for the gene node features �� , we used the 

preprocessed SNP data to construct the gene node features ��, which can well reflect the patient's genetic information. � 

represents the number of patients, �	  represents the image 

feature dimension, �
 represents the SNP data feature 

dimension. 

�� ∈  �
×�� �1� �� ∈  �
×�� �2� 

In AD diagnosis, gender, age and weight information are 

valuable because different gender, age and weight 

information can reflect differences in patient images and 

genetic information. Therefore, both Image-Graph and Gene-

Graph were constructed based on the patient's gender, age and 

weight information. The adjacency matrix �  is defined as 

follows: 

��v, w� =   ����� , ��� + � �!� , !�� + ���"� , "�� �3� 

where g , a , w  respectively represent the gender, age and 

weight information of the subject, r (·) represents the distance 

between phenotypic characteristics, �� represents the gender 

distance, �  represents the age distance, ��  represents the 
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weight distance, and we define r as a unit step function as 

follows: 

�'(�) , �*+ = ,1,        �) = �*  
0,        �) ≠ �*  �4� 

�0(!) , !*+ = ,1,        |!) − !*|  ≤ !45�0,        |!) − !*|  ≥ !45� �5� 

�8(") , "*+ = ,1,        |") − "*|  ≤ "45�0,        |") − "*|  ≥ "45� �6� 

where !45� and "45� represent the standard deviation of age 

and the standard deviation of weight, respectively. 

C.  Graph Convolutional Network 

Building upon the foundation of the graph G=(A, X), 

where : ∈  �
×
 is a symmetric adjacency matrix with n 

nodes, ; ∈  �
×� represents the node feature matrix, we 

employed two specialized graph convolution modules to learn 

Image-Graph �< =( � , �� ) and Gene-Graph �� =( � , �� ) 

respectively. These modules yield two distinct embedded 

information =< and =� respectively. 

>	? = �@AB CDE FGH�EDE FGH=<?FGI<?J �7� 

>
? = �@AB CDE FGH�EDE FGH=�?FGI�? J �8� 

where I<M  is the weight matrix of the lth layer in 

GCN_IMAGE, the initial =<N  is the feature matrix �� .IOM  is 

the weight matrix of the lth layer in GCN_GENE, the initial =�N  is the feature matrix �� . �E = � + �, A is the adjacency 

matrix, and I is the identity matrix.  DE  is the diagonal angle 

matrix of �E. 

D.  Multi-modal Fusion 
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Fig. 2. Principle diagram of attention mechanism. 

We set up a dual attention mechanism to fully mine the 

above-mentioned embedded information. This mechanism 

adaptively fuses the embedded information with the learned 

weights, enhancing the accuracy of early AD diagnosis. The 

dual attention mechanism encompasses both the self-attention 

mechanism and the cross-attention mechanism. The self-

attention module is implemented as follows (Fig.2): 

Q = RIS  T = RIU  V = RIW �9� 

Y = Softmax `QTa
√� c V �10� 

where Y is the input, IS , IU and IW  are the parameter 

matrices used to generate queries, keys, and values 

respectively, which are updated through backpropagation of 

the network during the model training process. We capture the 

attentional coefficients between brain regions by computing 

the scaled dot product correlation between Q and K, which 

we then feed into the Softmax function. Finally, the feature 

matrix f with self-attention is calculated using the product of 

the attention weight and V. 

To fully explore the relationship between the two 

embedded information, we set up a cross-attention module in 

this work. The specific implementation details are as follows: 

Yd� = Softmax `Y�Y<O
√� c Y< �11� 

where Y<  and Y�  are the results obtained by =< and =� 

respectively after passing through the self-attention module, Yd� is the result of the cross-attention module. 

III. EXPERIMENTAL AND RESULTS 

A.  Experimental Setup 

We used PyTorch for distributed parallel training of 

algorithmic models. We utilized a five-fold cross-validation 

method on the ADNI dataset. To ensure the fairness of the 

experimental results, all settings in the experiment are 

consistent with different comparison methods. In this article, 

we evaluate the network performance through some standard 

evaluation metrics such as accuracy (ACC), sensitivity 

(SEN), specificity (SPE), and area under the ROC curve 

(AUC).  

  
Fig. 3. The ROC curves of four classification tasks. 

B. Experimental Results 

In this study, we perform four binary classification tasks: 

AD vs. NC, LMCI vs. NC, EMCI vs. NC, EMCI vs. AD. To 

demonstrate the advantages of our proposed method, we 

compare it with Linear Discriminant Analysis(LDA)[20], 

Multilayer Perceptron (MLP)[21], GCN[9], Graph Attention 

Networks(GAT)[22], similarity-aware adaptive calibrated 

GCN (SACGCN)[3]. Table 2 presents the performance of 

different methods for these tasks. Our model exhibits superior 

performance, achieving accuracy rates of 85.95%, 67.99%, 

67.51%, and 83.20% for the four binary classifications. The 

ROC curves of different models and tasks are shown in Fig. 

3. Generally, our proposed method performs best among four 

binary classification tasks. These results show that our 

method can effectively identify early AD subjects from NC or 

several subcategories.  
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TABLE 2. COMPARISON OF DIFFERENT METHODS WITH FOUR 

CLASSIFICATION TASKS(%). 

Task Method ACC SEN SPE AUC 

AD 

vs. 

NC 

LDA 68.92±4.98 66.67±7.90 64.71±5.19 73.88±5.90 

MLP 61.89±2.62 53.90±6.28 68.02±4.84 70.09±2.66 

GCN 69.46±5.96 62.42±11.27 67.47±8.87 73.91±4.90 

GAT 78.38±5.27 75.76±9.77 75.81±5.11 84.26±4.75 

SACGCN 85.68±4.95 82.14±9.88 89.27±2.97 92.72±3.59 

Ours 85.95±3.15 83.03±11.59 85.81±4.76 93.05±3.06 

LMCI 

vs. 

NC 

LDA 57.07±2.67 52.77±6.19 51.41±2.72 61.67±4.21 

MLP 57.31±4.33 45.08±8.83 66.80±8.11 57.50±6.37 

GCN 59.74±6.65 52.59±8.71 54.00±8.11 62.27±4.35 

GAT 64.28±5.20 63.82±6.28 65.21±7.00 66.02±5.08 

SACGCN 65.14±4.14 61.29±6.80 68.57±5.30 66.87±2.52 

Ours 67.99±4.14 70.80±5.52 65.10±2.49 71.18±6.26 

EMCI 

vs. 

NC 

LDA 57.54±5.15 58.62±7.44 55.20±5.28 58.93±3.25 

MLP 53.46±5.71 52.50±8.60 54.54±7.21 57.59±5.87 

GCN 55.50±6.01 51.07±7.94 53.94±6.79 56.09±5.23 

GAT 64.18±4.25 67.70±5.33 61.36±4.27 68.78±2.58 

SACGCN 63.45±5.55 60.75±6.74 65.98±8.78 71.17±4.26 

Ours 67.51±4.59 67.20±4.01 66.02±5.49 74.46±4.93 

EMCI

vs. 

AD 

LDA 60.43±7.25 56.36±7.81 58.65±8.66 67.98±5.21 

MLP 65.81±2.02 59.70±2.87 72.67±4.18 73.69±4.09 

GCN 71.80±4.96 65.45±6.53 71.91±5.29 77.57±4.47 

GAT 79.50±4.69 75.76±9.58 79.63±3.71 87.60±3.86 

SACGCN 81.21±5.46 76.40±3.16 86.25±9.24 90.34±2.33 

Ours 83.20±5.17 81.82±10.67 82.82±6.05 91.29±3.61 

IV. CONCLUSION 

This study constructs two graphs to use imaging data, 

genetic information, and primary patient demographic data. 

We employ two GCN to extract the respective embedded 

information from each graph. Subsequently, we adopt an 

attention mechanism to integrate multimodal information to 

accomplish the classification task for early AD. The model is 

validated on the ADNI dataset, demonstrating the 

effectiveness of our approach. However, there are limitations 

to this work: we should have considered specific modalities 

of data, such as proteins and scales from AD patients. 

Therefore, in future work, we aim to integrate a broader range 

of modalities for more accurate AD diagnosis. 
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