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Abstract 

Alzheimer's disease (AD) is a highly heritable 
neurodegenerative disease, and brain imaging genetics (BIG) 
has become a key area for understanding its pathogenesis. 
However, existing methods often ignore the complex 
interrelationships between the multiple factors that lead to AD, 
especially when exploring the intrinsic connection between 
brain imaging features and gene variation. To address this 
challenge, we proposed a multimodal association modeling 
framework (MAM-GAN) based on generative adversarial 
networks, which aims to deeply reveal the association between 
genes and brain imaging features and apply it to disease state 
prediction. To verify the effectiveness of the framework, we 
conducted experiments using public datasets, and the results 
showed that MAM-GAN performed well in two classification 
tasks and successfully identified biomarkers closely related to 
AD. 

Keywords: Alzheimer's disease; Brain Imaging Genetics; 
Generative Adversarial Networks; Multimodal Association 
Modeling 

Introduction 
As a complex neurodegenerative disease, the pathological 
mechanism of Alzheimer's disease (AD) has always been a 
core problem in medical research (Liss et al., 2021; Du et al., 
2021). Despite the fact that no specific cause or specific 
treatment for AD has been proven to be effective, many 
studies have shown that early intervention in its early stages 
can delay disease progression in clinical practice (Cummings 
et al., 2022; Hampel et al., 2018). Therefore, elucidating the 
biological and physiological mechanisms of AD progression 
is a key factor in effectively controlling AD. However, most 
current studies focus on revealing damage to specific brain 
regions through neuroimaging methods (Li et al., 2021; Sarli 
et al., 2021) or identifying genetic variants through 
genotyping and sequencing (Choobdar et al., 2019; 
Wightman et al., 2021). This single-modality study is 
difficult to fully reveal the complex pathological mechanisms 
of Alzheimer's disease, because AD involves the interaction 
of multiple biological levels and factors. 

With the development of the field of brain imaging 
genetics (BIG), the fusion of multimodal data has become an 
important direction for studying AD (Lorenzi et al., 2018; 
Ghosal et al., 2022). Du et al. (2020) proposed a multi-task 
sparse canonical correlation analysis (MTSCCALR) to detect 
genetic associations with imaging phenotypes in AD. 
However, they did not consider nonlinear relationships and 

did not provide intrinsic explanations for imaging genetic 
biomarkers. Zuo et al. (2022) used a specific autoencoder to 
identify consistent imaging genomic biomarkers. However, 
the autoencoder-based method does not consider the 
information of the interactions between a large number of 
gene variants that interact through various biological 
processes. Ghosal et al. (2021) designed an interpretable 
genetic and imaging graph neural network (GUIDE) based on 
the gene ontology level for schizophrenia analysis. However, 
GUIDE ignores the potential ability of genetic information to 
represent the region of interest in neuroimaging. In addition, 
most methods use relatively simple ways to jointly analyze 
phenotypic and genotypic data, such as connecting features, 
rather than learning the complex distribution relationship of 
data (Ning et al., 2018; Venugopalan et al., 2021). 

Although some studies in recent years have attempted to 
use generative adversarial networks to explore deep 
interactions between modalities and data generation, these 
studies have mostly focused on image generation and data 
augmentation, with less attention paid to how to incorporate 
genetic information into the adversarial learning process, 
resulting in the potential of genetic factors in brain image 
generation and classification not being fully explored. 

In summary, the purpose of most methods is to establish a 
multimodal deep learning framework rather than specifically 
obtain new insights into the relationship between them. They 
still have some limitations, especially in capturing complex 
associations between modalities and achieving efficient 
information fusion. 

To overcome the limitations of existing methods, this 
paper proposes an innovative framework MAM-GAN, which 
combines a data-driven feature selection strategy based on 
prior knowledge and effectively models the relationship 
between neuroimaging and genetic data through adversarial 
training, accurately capturing the complex nonlinear 
association between the two. Our contributions are as follows: 

1) In terms of extracting gene network features, a graph 
convolution-based module combined with edge enhancement 
and self-attention mechanism (GCN-EESA) is proposed, 
which can effectively capture long-range dependencies in 
gene networks and promote deep interactions between genes; 

2) In multiple classification tasks on the Alzheimer's 
Disease Neuroimaging Initiative (ADNI) dataset, our 
framework shows significant advantages, further verifying its 
effectiveness; 

3) Through a series of analyses, we reveal the nonlinear  
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Figure 1: MAM-GAN Framework: A Deep Learning Approach for Multimodal Integration of Genetic and Brain Imaging 

Data for Disease Diagnosis. 
 

relationship between the neuroimaging features learned by 
the framework and genetic features, and identify potential 
imaging biomarkers driven by genetic information； 

 Method 

Model Framework 
This study proposes a deep learning-based multimodal 
association modeling framework (MAM-GAN) to jointly 
represent the association between genetic information and 
neuroimaging. The framework includes a gene embedding 
module, an association module, and a diagnosis module, and 
its structure is shown in Figure 1.  

The gene embedding module effectively captures the 
complex interactions between nodes in the gene network by 
combining the GCN with the self-attention mechanism, 
generating high-quality gene embedding vectors. The 
generated embedding vector is used as a latent feature input 
generator to guide the subsequent generation process. The 
association module uses these latent features to construct an 
attention mask matrix and continuously optimizes the 
attention area of the mask through generative adversarial 
training. To further ensure that the mask focuses on key 
association areas, the module introduces sparse 
regularization constraints to strengthen the model's attention 
to important features. The diagnostic module acts on the 
neuroimaging data based on the attention matrix output from 
the correlation module, thus efficiently realizing the 
classification of diseases and providing accurate disease 
prediction for clinical decision-making. 

The framework adopts a joint loss function to combine the 
adversarial loss, sparse regularization loss, and classification 

loss, thereby ensuring the effective fusion of cross-modal 
information and improving the performance and stability of 
the model in classification tasks. 

 
Gene Embedding Module  The gene network constructed 
based on genetic information can be represented by a graph 
structure, where each gene is a node  𝒗𝒑 (𝒑 = 𝟏, . . . , 𝒏) ，

and the edge 𝑬 = ൛ 𝒂𝒑,𝒒 ∣∣ ൫𝒗𝒑, 𝒗𝒒൯ ∈ 𝑽 × 𝑽 ൟ represents the 
genetic similarity between genes. The adjacency matrix 𝑨 ∈
𝑹𝒏×𝒏 of the graph uses the cosine similarity between genes 
as weight to quantify the strength of the edge. The gene 
feature matrix 𝑯 = [𝒉𝟏, … , 𝒉𝒏] ∈ 𝑹𝒏×𝒌 describes the feature 
vector 𝒉𝒑 of each node 𝒗𝒑, which consists of SNP codes (0, 
1, 2). 

In the topological processing of the gene network, we use 
the graph convolutional network (GCN) to aggregate the 
features of neighboring nodes through convolution 
operations, thereby updating the features of each node. The 
specific formula is: 

𝑯(𝓵ା𝟏) = 𝑓௘൫𝑨෩𝑯𝓵𝑾𝓵൯ (1) 

Where  𝑨෩ = 𝑫ି
𝟏

𝟐𝑨𝑫ି
𝟏

𝟐 + 𝑰  is the normalized adjacency 
matrix, 𝐻ℓ is the node feature matrix of the ℓ th layer, 𝑾(𝓵) 
is the weight matrix of this layer, 𝑓௘ is the activation function, 
and 𝑯𝓵ା𝟏 is the updated node feature. 

However, although GCN can expand its ability to capture 
long-range dependencies in the network by stacking more 
layers, GCN may encounter the problem of over-smoothing 
when stacking deep layers, causing the representation of 
nodes to tend to be similar, thereby reducing the model's 
discrimination. Therefore, in order to better capture long-
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range dependencies in gene networks, we propose the GCN-
EESA module. Specifically, the feature update formula of 
node 𝑝 in the ℓ layer is: 

𝒉௣
ℓ = 𝑂௛

ℓ||௛ୀଵ
ு ൮ ෍  

௤∈𝒩೛

𝒘௣௤
௛,ℓ൫𝑽௛,ℓ𝒉௤

ℓ ൯൲ + 𝒉௣
ℓ (2) 

where 𝒉௣
ℓ  represents the feature of node 𝑝 in the ℓ layer, 𝑯 

represents the number of attention heads, ||௛ୀଵ
ு  represents the 

concatenation operation of multi-head attention output, 𝒩௣ is 

the neighbor node set of node 𝑝, 𝒘௣௤
௛,ℓ is the attention weight 

between nodes 𝑝 and 𝑞 , 𝑽௛,ℓ is the value matrix, and 𝑂௛
ℓ  is 

the linear projection operation of the ℓ layer. 
The edge enhancement mechanism further adjusts the 

edge weight by calculating the edge embedding feature 𝑬௣௤
(௟), 

the formula is: 

       𝒘௣௤
௛,ℓ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 ൬

𝑸೛
೓,ℓ

⋅(𝑲೜
೓,ℓ

)೅

ඥௗℓ
+ 𝛼 ⋅ 𝑬௣௤

௛,ℓ൰             (3)         

 
𝑬௣௤

௛,ℓ = 𝜎൫𝑐𝑜𝑛𝑐𝑎𝑡൫𝒉௣
(௟)

; 𝒉௤
(௟)

൯𝑾௘൯ (4) 

where 𝑸௣
௛,ℓ and 𝑲௤

௛,ℓ are the query vector and key vector of 
node 𝑝 and node 𝑞 respectively, 𝛼 is the hyperparameter of 
the edge feature, 𝑐𝑜𝑛𝑐𝑎𝑡൫𝒉௣

(௟)
; 𝒉௤

(௟)
൯  is the feature 

concatenation of node 𝑝  and node 𝑞 , 𝑾௘  is the linear 
transformation matrix, and 𝑬௣௤

௛,ℓ  is the edge embedding 
feature. 

Then, we introduce multi-layer GCN in the last layer ℎ௣
௅  

of GCN-EESA to further capture the local topological 
characteristics of the gene network. 

𝒉௣
g

= 𝜎 ቌ ෍
1

ඥ𝑑𝑒𝑔(𝑝)𝑑𝑒𝑔(𝑞)
௤∈𝒩೛

𝑾𝒉௣
௅ ቍ (5) 

Where, 𝒉௣
௅  is the node feature output by the last layer of 

GCN-EESA.  𝑞  is the neighbor of node  𝑝,  𝑑𝑒𝑔(𝑝)  is the 
degree of node 𝑝, and 𝑾 is the learnable weight matrix. 

Finally, we aggregate the node features into a global 
feature vector via global pooling: 

𝑔𝑒𝑛𝑒_𝑒𝑚𝑏 =
1

|𝑽|
෍ 𝒉௣

g

௣∈௏

(6) 

Where: 𝑽 is the node set. 

Compared with traditional graph convolutional networks, 
this method introduces edge enhancement and self-attention 
mechanisms, which effectively improves the influence of 
edge features on node updates and enhances the representation 
ability of the graph, especially in capturing the spatial 
associations and complex relationships of gene networks. In 
this way, the model provides effective prior constraints for 
downstream tasks and prepares the generator for reasoning 
about the attention matrix. 

Association Module In this module, our framework 
generates latent distribution data through gene network 
embedding vectors to guide the generation of mask matrices 
and further learn the association between neuroimaging data 
and gene data. Given the high complexity of neuroimaging 
data, it is still challenging to generate neuroimaging-assisted 
attention matrices relying solely on genetic information. In 
order to better learn the joint representation of neuroimaging 
and genetic data, we design a strategy that enables the 
generator to implicitly learn the distribution information of 
neuroimaging data. Specifically, we introduce the Generative 
Adversarial Network (GAN) (Goodfellow et al., 2014), 
which is widely used in generation tasks because it can 
effectively estimate the true distribution of data. 

We define a generator network (𝑮) and a discriminator 
network (𝑫). The generator 𝐺 accepts the gene vector 𝑪௚௘௡௘  
as input and generates an attention mask 𝑴 ∈ 𝑅ிಾೃ಺  and fake 
brain image data 𝑿෡ெோூ ∈ 𝑅ிಾೃ಺ . Where 𝐹ெோூ represents the 
feature dimension of the brain image data. The discriminator 
𝑫 accepts real and fake brain image data and distinguishes 
them. 

In order to make the generated attention mask focus on 
key brain areas, we introduce a sparse regularization term to 
constrain the sparsity of the mask by applying a ℓ1 norm 
penalty to the elements of the mask 𝑴. This constraint forces 
the model to focus on areas that have a greater impact on 
brain image features and reduce interference from irrelevant 
areas, thereby improving biological significance. The 
introduction of sparse regularization enables the generator to 
more accurately generate brain image features that reflect the 
impact of genetic variation. 

In the association module, the training objective loss 
function combines the GAN loss and the ℓ1 regularization 
term as follows: 

𝐿ீ஺ே = 𝐿𝑫 + 𝐿𝑮 + λห|𝑴|ห
ଵ

(7) 

Where λ is the weight of the sparse regularization. The loss 
term is defined as: 

𝐿𝑫 = −𝐸[𝑙𝑜𝑔𝐷(𝑿ெோூ)] − 𝐸 ቂ𝑙𝑜𝑔 ቀ1 − 𝑫൫𝑿෡ெோூ൯ቁቃ (8) 

𝐿𝑮 = −𝐸ൣ𝑙𝑜𝑔𝐷൫𝑿෡ெோூ൯൧ (9) 

During the training process, the generator generates brain 
imaging data that is consistent with gene embedding 
consistency by minimizing 𝐿𝑮  and 𝜆ห|𝑴|ห

ଵ
, while focusing 

on key areas; the discriminator distinguishes between real 
and fake images by minimizing 𝐿𝑫. This adversarial training 
can enhance the model's ability to learn the biological 
significance of brain imaging features, ensure that the mask 
focuses on brain areas that contribute to disease classification, 
and be used for downstream diagnostic tasks. 

Diagnostic Module The diagnosis module is used for 
downstream diagnosis tasks of brain diseases. The input 
neuroimaging data 𝑿𝑴𝑹𝑰   is modulated by the gene-guided 
attention mask 𝑴. It is sent to the classification network 𝑪 for 
disease diagnosis. Specifically, we perform Hamiltonian 
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product on the generated attention mask 𝑴 and the real brain 
imaging data 𝑿𝑴𝑹𝑰  to obtain the representation 𝒚ෝ for brain 
disease diagnosis: 

𝒚ෝ  = 𝑪൫(𝑿ெோூ ⊙ 𝑴)൯ (10) 

Where ⊙ represents Hamiltonian product. 

The diagnosis network consists of multiple independent 
feedforward layers. First, the intermediate feature vector 𝑓(𝑖) 
is extracted by the following formula: 

                 𝒇(𝑖) = σ൫(𝑿ெோூ ⊙ 𝑴)𝑾 + 𝑏൯                 (11)

Where 𝜎 is a nonlinear activation function, 𝑾 ∈ 𝑅ிಾೃ಺×ௗ௙ is 
a weight matrix, and 𝑏 is a bias term. 

In order to perform the classification task, we define a 
feedforward layer to output the prediction results of brain 
diseases:  

𝒚ෝ  = 𝜎௖(𝑓(𝑖)𝑾𝒄 + 𝑏௖) (12) 

Where 𝑾𝒄 ∈ 𝑅ௗ௙×ଵ  and 𝑏௖  are the classification weight 
matrix and bias term respectively. 

In order to deal with the problem of class imbalance, we 
use focal cross entropy (FCE) as the classification loss 
function. FCE reduces the influence of easy-to-classify 
samples by adjusting the weights of difficult-to-classify 
samples. For a given model's predicted result 𝑦ො  and true 
label 𝑦, the FCE loss function is defined as: 

                   𝐿𝑪 = −𝐸[𝛼(1 − 𝑃௧)ఊ𝑙𝑜𝑔𝑃௧]  

Where,
𝑃௧ = 𝑃( 𝑦 ∣∣ 𝑿ெோூ ⊙ 𝑴 ) (13) 

FCE loss evaluates the model training effect by comparing the 
predicted labels and the true labels. 

Experiment 

Dataset 
All subjects in this paper were from the ADNI database 
(Mueller et al., 2005), including 179 CN, 191 MCI and 96 
AD, a total of 466. All subjects had matched structural 
magnetic resonance imaging (SMRI) and genetic data, and 
detailed statistical information is shown in Table I. 

 
Table 1:   Subjects  information 

 
Disease CN MCI AD 
Number 179 191 96 
Age(mean) 74.02 71.82 75.25 
Gender(M/F) 91/88 106/85 53/43 
Education(mean) 16.42 15.88 15.25 

Data Preprocessing and Feature Extraction 
After preprocessing the structural MRI (sMRI) scans of all 
subjects using the recon-all command of FreeSurfer (version 
7.2.0) (Fischl, 2012), 308 cortical regions were segmented 
based on the Desikan-Killiany atlas (Romero-Garcia et al . , 
2012). Next, we extracted gray matter volume and cortical 

thickness from the brain of each subject. These 
morphological indicators were used as brain region features 
for the input of brain imaging data. 

In the gene data processing step, we used the PLINK tool 
(Purcell et al., 2007) for quality control, and the screening 
conditions included missing rate, minimum allele frequency, 
Hardy-Weinberg equilibrium test significance, and linkage 
disequilibrium. To reduce the high-dimensional redundancy 
of SNPs, we screened out significant SNPs through genome-
wide association analysis (GWAS) and mapped them to the 
corresponding gene ontology. After screening, 132 related 
genes were identified. 

In addition, to further enrich the gene ontology information, 
we also included other SNPs nearby, giving priority to sites 
located in introns and coding regions. These SNPs jointly 
characterize the gene ontology characteristics represented by 
the significant SNPs. All SNPs are coded with {0, 1, 2}, 
representing homozygous common genotypes, heterozygous 
genotypes, and homozygous minor genotypes, respectively, 
to more comprehensively characterize the gene ontology 
characteristics. 

Experiment Settings 
The experiment uses five-fold cross-validation to ensure the 
reliability of the performance evaluation. During each 
iteration, four subsets are used for training and the remaining 
one subset is used for validation and testing. All experiments 
were conducted under the same conditions and with the same 
hyper-parameter settings to guarantee the fairness of the 
comparison. The Adam optimizer was chosen for model 
training in the experiments, specifically, the learning rate was 
set to 0.0001 and the weight decay parameter was set to 0.001. 
The optimal model was ultimately determined by minimizing 
the classification error in the validation set. 

Evaluation Metrics 
In order to verify the effectiveness of the model, the 
experiment adopted the evaluation indicators commonly used 
in classification tasks. We combined multiple indicators to 
comprehensively evaluate the performance of the model, 
including accuracy (ACC), area under the curve (AUC), 
sensitivity, and specificity, and the F1-Score. 

Results 
To verify the effectiveness of the model, we conducted 
comprehensive classification experiments on the ADNI 
dataset, including comparative experiments and ablation 
experiments. 

Comparative Experiments 
In this study, we compared the proposed framework with 
several classic representation methods and current 
mainstream deep learning representation methods (see Table 
2). Baseline methods include linear discriminant analysis 
(LDA) (Sharma & Dey, 2021), canonical correlation analysis 
(CCA) (Hardoon et al., 2004), and multi-layer perceptron 

1572



 
Table2: Classification performance (%) of comparative experiments 

 

Methods 
CN.VS AD  CN.VS MCI 

Accuracy AUC SEN SPE F1-score  Accuracy AUC SEN SPE F1-score 

LDA 78.96 82.60 61.52 82.24 69.81  59.24 49.85 67.09 62.70 64.82 

CCA 81.28 78.12 62.57 75.48 68.42  62.22 58.25 73.45 68.14 70.69 

MLP-Concat 82.93 85.19 68.14 83.83 73.66  64.18 66.80 68.64 70.22 70.70 

MLP-Fusion 85.14 87.89 74.27 84.46 77.99  72.10 69.35 72.84 73.52 73.72 

SWDNN 86.15 88.68 73.84 83.69 76.55  72.25 76.30 69.68 72.24 72.20 

G-MIND 82.74 85.58 78.24 86.68 80.55  73.60 73.58 74.35 77.75 75.11 

IGNET 85.98 89.32 82.68 90.26 84.64  75.26 74.58 75.82 78.82 76.56 

Ours 92.59 94.93 87.50 95.24 91.20  77.32 79.52 77.82 80.64 78.98 

directly cascaded after feature extraction (MLP-Concat) 
(Zhou et al., 2019) and multi-layer perceptron with more  
advanced fusion strategies (MLP-Fusion) (Venugopalan et 
al., 2021). Deep learning methods include staged deep neural 
network (SWDNN) (Zhou, Thung, Zhu, & Shen, 2019), 
neural network framework for genetic and multimodal 
imaging data (G-MIND) (Ghosal et al., 2021), and imaging 
genetic deep neural network system (IGNET) (Wang et al., 
2022). 

Experimental results show that our proposed framework 
outperforms other methods in two classification tasks when 
inputting the same modal data. This highlights the 
effectiveness and robustness of the MAM-GAN methods in 
disease classification using multimodal data, and strongly 
demonstrates its effectiveness in modeling the association 
between neuroimaging and genetics. 

Ablation Experiments 
In ablation experiments, we remove different modules in the 
framework separately to evaluate their respective impact on 
the overall performance. 

First, the gene embedding and gene-neuroimaging 
association modules are removed, and only neuroimaging 
data is used for diagnosis (Case I). 

Second, GCN-EESA is removed, and a single GCN is used 
to process the original gene graph data to generate the 
attention mask (Case II).    Finally, the gene-neuroimaging 
association module is not used, that is, after obtaining the 
guidance of gene prior information, the generator directly 
generates the attention mask matrix (Case III). 

The results are shown in Table 3. Our proposed framework 
performs better in all ablation scenarios. 

 
Table3: Classification accuracy (%) of ablation experiments 
 

Methods Metrics CN.VS AD CN.VS MCI 
Case I ACC 85.17 72.12 
Case II ACC 90.14 74.68 
Case III ACC 90.25 75.02 

Proposed ACC 92.59 77.32 
    

By comparison, it can be seen that the performance of Case 
I is significantly lower than that of the complete model, 
indicating that genetic information is crucial in revealing 
pathological factors and providing rich information. For Case 
II, after losing GCN-EESA, the model cannot fully capture 
the spatial distribution and complex relationships of the gene 
network, and the prior guidance provided to the generator is 
significantly weakened. For Case III, in the absence of a 
discriminator, genetic information is difficult to effectively 
guide neuroimaging representation, resulting in the mask 
matrix being unable to fully learn deep cross-modal 
associations. 

Based on the above results, we conclude that the proposed 
overall architecture design and learning strategy are 
reasonable and effective, and each module in the framework 
plays a key role in parameter optimization under limited 
sample conditions. 

Discussion 

Identification of Risk Gene Associated With AD 
This section aims to evaluate the effectiveness of our 
framework in identifying genes with significant 
representational power. To this end, we systematically 
analyzed the global node attention weighted average gene 
scores generated after processing by the GCN-EESA module 
at the population level. In order to verify whether the key 
genes identified by our framework are closely related to the 
progression of neurodegenerative diseases, we took the CN 
and AD classification task on the test set as an example, 
normalized the gene scores, and displayed the top 25 genes, 
as shown in Figure 2. 

Among them, APOE, TOMM40, and APOC1 have been 
widely identified as core risk genes for AD (Corder et al., 
1993; Roses et al., 2010; Zhou et al., 2014), while genetic 
variation in CSMD1 suggests that it may play an important 
role in neuronal synaptic plasticity and immune regulation 
(Jansen et al., 2022). 

In the study of the molecular mechanism of AD, PAK2 and 
AKT3 have been proposed as potential regulatory genes. 
PAK2 promotes abnormal phosphorylation of tau protein, 
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exacerbating the formation of neurofibrillary tangles (Chen 
et al., 2023), while AKT3 may affect the balance between 
neuronal survival and apoptosis by regulating the PI3K/AKT 
signaling pathway (Li et al., 2022). Notably, epigenetic 
studies have shown that dysregulated expression of the 
imprinted gene SNRPN may be associated with 
neurodevelopmental defects in early-onset AD (Smith et al., 
2022). These AD-associated risk genes exemplify the ability 
of the proposed framework to enhance the diagnosis of brain 
diseases by effectively representing data. 

 
Figure 2: Importance scores of the top 25 risk genes. 

Discriminative Brain Regions 
In order to reveal which ROIs the proposed framework 
focuses on, we extracted the attention matrices of correctly 
classified samples in the CN and AD classification 
experiments and averaged the attention matrices of each type 
of sample at the group level. Subsequently, a statistical 
multivariate t-test (p-value < 0.01) was used to distinguish 
the key brain regions of CN and AD. We projected the top 20 
significant brain regions onto the cortical surface (as shown 
in Figure 3(a)), and presented detailed information in 
descending order of brain region importance in Figure 3(b). 

We found that regions such as the hippocampus, temporal 
lobe, cingulate gyrus, and entorhinal cortex showed higher 
attention levels in the CN-AD group (marked in red). These 
regions have been shown to be morphological biomarkers of 
Alzheimer's disease (AD) progression. In addition, the lateral 
occipital lobe and inferior parietal lobule also showed 
relevant changes. Studies have shown that the lateral occipital 
lobe is closely related to visual symptoms such as visual 
agnosia in AD patients and may be significantly affected in 
the late stage of the disease（Johnson et al., 2022）; damage 
to the inferior parietal lobule will aggravate AD patients' 
problems in spatial perception and sensory integration, which 
is usually associated with spatial disorientation and abnormal 
sensory information processing (Smith et al., 2023). 

 In summary, the framework we proposed can effectively 
identify brain regions closely related to AD pathology, 
providing strong support for the early diagnosis of AD and 
the study of pathological mechanisms. 

 
Figure 3: Spatial locations of the top-20 significant brain 
regions. (a) CN-AD significant regions. (b) List of top-20 

significant brain regions from (a). 

Conclusion 
In this paper, we proposed a multimodal association 

framework (MAM-GAN) based on deep learning. This 
framework fully explores the potential of genetic factors in 
characterizing morphological indicators and associated 
lesion areas by promoting deep interactions between genes 
and neuroimaging features, thereby providing a new idea for 
achieving accurate diagnosis and identification of key 
pathogenic factors. Experimental results show that MAM-
GAN has achieved significant performance improvements 
compared with existing models. In addition, considering the 
important information contained in other neuroimaging 
modalities (such as positron emission tomography, PET), 
future work can further integrate multimodal neuroimaging 
data to further improve the performance and application 
value of the model. 
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