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Abstract: Medical imaging plays an important role in the field of modern medicine. It provides key information about the 

internal structure and biological activities of the human body for clinical diagnosis and treatment. However, single-modality 

medical imaging is limited by the imaging principle and is difficult to fully present the characteristics of specific organs or lesions, 

which restricts the accuracy and comprehensiveness of clinical diagnosis. Multimodal medical image fusion technology can 

more comprehensively and accurately reflect the characteristics of lesions by integrating the complementary information of 

different imaging modalities. In recent years, it has become a research hotspot in the field of medical image analysis. In this 

paper, model-based and model-independent multimodal fusion methods are first introduced, and then the most popular neural 

network model and its application in multimodal medical images are elaborated in detail. Finally, the future development trend 

of multimodal medical image classification is prospected. 
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1. Introduction 

Medical imaging plays an important role in the field of 

modern medicine. It provides key information about the 

internal structure and biological activities of the human body 

for clinical diagnosis and treatment. However, due to the 

technical characteristics of different imaging devices, single-

modality images are often difficult to fully present the 

characteristics of specific organs or lesions, which to a certain 

extent restricts the accuracy and comprehensiveness of 

clinical diagnosis. Therefore, in order to make full use of the 

rich and heterogeneous features presented by different modal 

medical images and improve the accuracy of image 

interpretation, the use of multimodal medical images for 

disease classification has become a research field that has 

attracted much attention [1, 2]. 

In the field of medical diagnosis and treatment, medical 

imaging technology plays an indispensable role and provides 

key characteristic information for clinical decision-making. 

Different medical imaging modalities have different 

sensitivities and resolution characteristics for human tissue 

structure and pathological changes based on their unique 

imaging principles [3,4]. Taking computed tomography (CT) 

as an example, this technology obtains cross-sectional images 

through X-ray rotation scanning. Its advantage is that it can 

provide high-resolution anatomical structure information, 

which is of great value in the detection and diagnosis of 

craniocerebral injuries, tumor lesions and cardiovascular 

diseases. In contrast, magnetic resonance imaging (MRI) uses 

strong magnetic fields and radiofrequency pulses for imaging. 

Its outstanding soft tissue contrast resolution gives it a unique 

advantage in the detection of neurological diseases (such as 

brain and spinal lesions), motor system injuries (such as joint 

lesions) and tumors. In addition, nuclear medicine imaging 

technology achieves disease diagnosis and evaluation by 

introducing radioactive tracers. Among them, positron 

emission tomography (PET), as a representative technology 

in this field, plays an important role in tumor metabolic 

imaging and neurological function evaluation. Traditional 

medical diagnosis mainly relies on single-modality imaging 

examinations. However, this mode has obvious limitations. 

Single-modality images are often limited by the imaging 

principle and may have problems such as noise interference, 

insufficient contrast, and limited resolution. These factors will 

affect the accuracy of diagnosis. Multimodal image fusion 

technology can help to make up for these shortcomings and 

improve image quality and the accuracy and reliability of 

diagnosis [5]. 

In this article, we first introduce the multimodal fusion 

method. Then we discuss the most popular neural network 

method in detail. Finally, we analyze the challenges of using 

deep learning to assist multimodal image diagnosis, and look 

forward to future research methods. 

2. Multimodal Fusion Method 

To date, a large number of multimodal fusion methods have 

been proposed, which can be primarily categorized into 

model-agnostic and model-based approaches. 

2.1. Model-agnostic approach 

The model-agnostic method does not rely on a specific 

deep learning method in the multi-modal fusion process. 

According to feature fusion, this method can be divided into: 

early fusion, late fusion and hybrid fusion. The structures of 

the three fusion methods are shown in Figure 1. 
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Fig.1 Three model-independent multimodal fusion methods 

 

(1) Early Fusion: In order to solve the heterogeneity 

problem of multimodal medical imaging data in the original 

space, this strategy first extracts independent features from 

each modality data, and then fuses them in the feature space, 

so it is also called feature-level fusion. This fusion method 

makes full use of the complementarity and correlation of the 

underlying features between different modalities. Through 

the interactive integration of feature space, it can achieve 

effective fusion of multi-source information in the early 

processing stage, providing richer feature representation for 

subsequent analysis. Specifically, early fusion achieves 

preliminary integration of multimodal information by 

extracting basic features such as edges and textures of each 

modality and establishing a mapping relationship between 

features. This processing method helps to retain more original 

data information and provide a reliable feature basis for 

subsequent diagnostic decisions. A commonly used fusion 

rule is addition, which is a simple addition operation of all 

features corresponding to all modalities. The formula is as 

follows: 

𝑧 = 𝑓(𝑤1
𝑇𝑣1 + 𝑤1

𝑇𝑣1 +⋯+𝑤𝑛
𝑇𝑣𝑛) (1) 

where 𝑧 is the fused multimodal feature, 𝑤 is the weight 

matrix, and 𝑣𝑛  is the feature input of modality 𝑛 . This 

method is simple to operate, but its disadvantage is that it is 

easy to cause semantic loss in the later stage. 

Another fusion rule is the multiplication rule, which uses 

tensor calculation to fuse the eigenvectors of all modes into a 

unified tensor. The formula is as follows: 

𝑧 = [𝑣
1

1
]⨂ [𝑣

2

1
]⨂⋯[

𝑣𝑛

1
] (2) 

where 𝑣𝑛 represents the feature input of different modes, 

and ⨂ represents the outer product operator. 

(2) Late Fusion: This method integrates information at the 

decision-making level, so it is also called decision-level 

fusion. The core idea is to build an independent deep learning 

model for each modality for training, and then integrate the 

output results of each sub-model through specific fusion rules 

to obtain the final diagnostic decision. The advantage of this 

method lies in its high flexibility: on the one hand, different 

modalities can adopt the network architecture and training 

strategy that best suits their data characteristics; on the other 

hand, each model maintains relative independence to avoid 

mutual interference between modalities. In terms of fusion 

strategy, late fusion mainly adopts rule-based integration 

methods, including but not limited to maximum fusion, 

average fusion, probability-based Bayesian fusion, more 

complex ensemble learning and other methods. This 

hierarchical processing strategy not only reduces the 

complexity of model training, but also can effectively 

integrate the discriminative information of each modality and 

improve the reliability of the final decision. 

(3) Hybrid Fusion: As an integrated fusion strategy, this 

method organically combines the technical advantages of 

early fusion and late fusion to form a multi-level feature 

fusion system. Specifically, hybrid fusion first realizes the 

preliminary integration of multimodal data at the feature level 

(early fusion), and then performs deep information fusion at 

the decision level (late fusion). This dual fusion mechanism 

can fully explore the complementary information of 

multimodal data at different levels. It is worth noting that in 

this multi-level fusion framework, the strategy combination 

and weight distribution at different fusion stages are the key 

factors that determine the performance of the model. They 

need to be carefully designed and optimized according to 

specific task requirements and data characteristics to achieve 

the best synergy of each fusion level. 

Through in-depth analysis of the three fusion methods, the 

following conclusions can be drawn: Each fusion strategy has 

its own unique advantages and limitations. Although early 

fusion performs well in capturing feature correlation, it is easy 

to cause the model to overfit the training data and reduce the 

generalization ability due to premature feature integration. 

Late fusion can effectively integrate the high-level semantic 

information of each modality, but due to its independent 

training characteristics, it cannot achieve the collaborative 

optimization of multimodal data at the classifier level. 

Although hybrid fusion combines the advantages of the first 

two methods and provides greater design flexibility, its 

complex network structure and multi-level fusion mechanism 

significantly increase the computational burden and training 

difficulty of the model. Therefore, in practical applications, 

there is no universal optimal fusion solution, but it is 

necessary to weigh the advantages and disadvantages of each 

method according to specific clinical needs, data 

characteristics, and computing resources, and select the most 

suitable fusion strategy. This task-oriented adaptive selection 

is the key to realizing intelligent diagnosis of medical images. 

2.2. Model-based approach 

The model-based approach solves the multimodal fusion 

problem from the perspective of implementation technology 

and models. Common methods include Multiple Kernel 

Learning (MKL), Graphical Model (GM) and Neural 

Networks (NNs) methods. 

(1) MKL is an extension of the kernel support vector 

machine (SVM) method. This method regards the kernel as a 

similarity function between data points and uses different 

kernels to correspond to different perspectives of the data, so 

it can better and more flexibly fuse heterogeneous data. The 

advantage of this method lies in the flexibility of kernel 

selection. Through the feature mapping capabilities of 

different basic kernels, different feature components of 

heterogeneous data can be solved through corresponding 

kernel functions. 
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(2) GM mainly uses technical means such as image 

segmentation, feature splicing and relationship prediction to 

achieve the fusion processing of shallow or deep image 

features, and finally generates a comprehensive modality 

fusion result. The significant advantage of this type of method 

is that it can make full use of the spatial structure information 

and time series characteristics of medical imaging data, and 

at the same time supports embedding domain expert 

knowledge into the model in the form of a graph structure, 

which not only enhances the interpretability of the model, but 

also improves the rationality of feature representation. 

However, this modeling method that strongly relies on prior 

knowledge limits the generalization ability of the model to a 

certain extent, and may cause the model to perform poorly 

when facing out-of-distribution data. However, this modeling 

method that strongly relies on prior knowledge limits the 

generalization ability of the model to a certain extent, and 

may cause the model to perform poorly when facing out-of-

distribution data. 

(3) As one of the most mainstream fusion technologies, 

NNs have the core advantage of powerful feature learning 

capabilities and end-to-end training mechanisms. This type of 

method can automatically learn the complex nonlinear 

relationships between multimodal data, and achieve effective 

fusion of different modal features through a deep network 

architecture, with good scalability and adaptability. 

Compared with traditional non-neural network methods, deep 

neural networks can learn more complex decision boundaries, 

thereby better capturing the potential correlations between 

multimodal data. However, this type of method also has 

obvious limitations: first, its "black box" characteristics lead 

to poor interpretability of the model, which is an important 

challenge in fields that require high credibility, such as 

medical diagnosis; second, deep neural networks usually 

require large-scale annotated data sets for training to achieve 

ideal performance, which may limit its scope of application 

when medical imaging data is relatively difficult to obtain; 

finally, this type of method has high computing resource 

requirements and may face challenges in scenarios with high 

real-time requirements. 

3. Neural network models and 
applications 

3.1. Convolutional Neural Networks 

3.1.1. Brief Introduction of Convolutional Neural 

Network 

Convolutional neural networks (CNNs) are a type of deep 

learning architecture specifically designed to process grid-

like data structures (such as images) and play an important 

role in the fields of computer vision and pattern recognition 

[6,7]. By performing multi-level feature extraction and 

nonlinear transformation, it can automatically learn 

meaningful feature representations from raw data [8]. The 

main structure of CNNs is convolutional layer [9], activation 

layer, pooling layer and fully connected layer. The function of 

the convolutional layer is feature extraction. Based on local 

correlation, it focuses on the influence of pixels around each 

pixel. Global feature extraction is achieved by continuously 

sliding the convolution kernel. Global feature extraction is 

achieved by continuously sliding the convolution kernel. The 

activation layer performs nonlinear mapping on the data 

processed by the convolutional layer. Common activation 

functions include Sigmoid, ReLU [10], GELU [11], etc. The 

pooling layer is also called the downsampling layer [12]. It 

retains important features and prevents overfitting of the data. 

The neurons in each layer of the fully connected layer are 

connected to all neurons in the previous layer and usually play 

the role of classification. As shown in Figure 2, the CNN 

model with brain tumor images as input includes 

convolutional layer, pooling layer and fully connected layer. 

 

 
Fig.2 Classic CNN framework diagram 

 

3.1.2. Convolutional Neural Networks for Multimodal 

Medical Image Diagnosis 

Multimodal medical images contain patient case 

information from different observation angles. The fusion of 

multimodal images helps to make full use of the 

complementary information provided by different modalities, 

which plays an important role in disease diagnosis [13,14]. 

With the continuous research of CNNs, the network has 

shown excellent performance in multimodal medical image 

diagnosis tasks. 

In brain disease detection, Kong et al. [15] combined MRI 

and PET images into a composite fusion mode, which not 

only provides information on the brain's anatomical structure 

and metabolic function, but also effectively highlights key 

features through image registration and noise reduction. To 

further improve feature extraction capabilities, Ismail et al. 

[16] proposed an integrated learning architecture based on 

multimodal image fusion, UltiAz-Net. This architecture 

cleverly fuses the output features of three classic networks, 

AlexNet [17], Inception-V3 [18], and ResNet [19], and 

introduces the MOGOA nature-inspired algorithm to achieve 

automatic optimization of the network structure, significantly 

improving the accuracy of brain image classification. 

However, multimodal fusion also brings about the problem of 

increased computational complexity. Although the multi-

stream deep CNN architecture proposed by Ge et al. [20] 

effectively alleviates the overfitting phenomenon through 

multi-sensor feature fusion and 2D image enhancement 

technology, its complex network structure may lead to 

reduced computational efficiency. Considering that different 

modalities have different dimensional characteristics [21], Tu 
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et al. [22] developed an innovative multimodal feature 

conversion and fusion diagnosis model. The model first uses 

a feature filtering algorithm based on the degree of influence 

to remove redundant features, and then designs a hybrid 

framework combining artificial neural networks (ANN) and 

CNN to successfully achieve accurate diagnosis of 

Alzheimer's disease. This hierarchical feature processing 

strategy not only reduces the computational complexity, but 

also improves the generalization ability of the diagnostic 

model. 

In the field of ocular disease diagnosis, researchers have 

significantly improved the diagnostic effect through 

innovative multimodal fusion methods. Li et al. [23] proposed 

a hierarchical fusion strategy that systematically integrates 

the multidimensional features of the network by deeply 

mining the complementary information between modalities, 

and achieved the best performance in the classification task 

of diabetic retinopathy dataset. To further improve the 

generalization ability of the model and reduce the dependence 

on training data, Yoo et al. [24] innovatively designed a two-

stage multimodal transfer learning framework: the first stage 

uses a pre-trained CNN to extract deep features from fundus 

images, and the second stage effectively fuses these features 

with standardized clinical data, and finally achieves accurate 

detection of retinopathy by training the classifier. In the field 

of glaucoma detection, Huang et al. [25] developed a 

probabilistic deep learning framework that not only extracts 

features through CNN, but also innovatively introduces a 

probability layer to quantify the uncertainty of the prediction, 

so that the model can simultaneously output the diagnosis 

results and their corresponding confidence scores, providing 

more reliable support for clinical decision-making. 

CNNs also shows excellent performance in other disease 

detection. Qian et al. [26] combined ultrasound B-mode 

images with color Doppler data for accurate classification of 

breast masses. Specifically, they used CNN to extract spatial 

patterns and texture information related to mass features from 

ultrasound B-mode images, and captured hemodynamic and 

vascular distribution features from color Doppler data, and 

finally achieved classification through feature fusion. To 

further improve the multimodal feature fusion effect, Le et al. 

[27] designed a new similarity loss function, combined it with 

the traditional classification loss function, and integrated it 

into the back-propagation training process of CNN, which 

significantly improved the diagnostic accuracy of prostate 

diseases. Ge et al. [28] proposed an innovative deep 

convolutional neural network (DCNN) architecture and 

developed a significant feature descriptor. The model can 

simultaneously process clinical images and dermoscopic 

images of a single lesion, effectively learn single-modal 

features and cross-modal representations, and thus achieve 

accurate classification of skin cancer. In response to the 

heterogeneity challenge of stem cell cancer, Li et al. [29] 

introduced a discriminative feature learning mechanism: first, 

by designing a specific loss function to narrow the feature 

distance of tumors in the same category, while expanding the 

feature differences between tumors in different categories; 

second, an adaptive weighting strategy was proposed to 

dynamically adjust the contribution of each modality, increase 

the weight of low loss value modalities, and reduce the 

influence of high loss value modalities, thereby optimizing 

the overall performance of the model. 

Multimodal neuroimaging data, due to its complementary 

information features, provides an important foundation for the 

development of advanced network architectures. Studies have 

shown that the effective fusion of neuroimaging information 

of different modalities can not only build a more complex 

network system, but also significantly improve the diagnostic 

performance of the model. In particular, in the application of 

transfer learning, pre-trained models, as network initialization 

or feature extractors, have been proven to significantly 

accelerate the model convergence process while improving 

the learning efficiency and performance of network terminal 

tasks [30,31]. However, as the network depth increases, the 

improvement of model accuracy is often accompanied by an 

exponential increase in computational complexity. This trade-

off requires researchers to carefully consider when designing 

the model: on the one hand, it is necessary to ensure that the 

network has sufficient expressive power to capture complex 

pathological features, and on the other hand, it is necessary to 

control the model complexity to avoid overfitting and waste 

of computational resources. Therefore, how to find the 

optimal balance between reducing model complexity and 

maintaining diagnostic accuracy has become an important 

research direction in the current field of medical image 

analysis. 

Table 1 summarizes some representative works of CNNs 

on multimodal medical images. 

 

Tab.1 CNNs on Multimodal Medical Images 

Autor Model Disease 

Kong et al. 3D CNN Alzheimer’s disease 

Ismail et al. UltiAz-Net Alzheimer’s disease 

Ge et al. CNN Glioma 

Tu et al. 
ANN + 

CNN 
Alzheimer’s disease 

Li et al. CNN Glaucoma 

Yoo et al. 
DeepPDT-

Net 
Glaucoma 

Huang et al. CNN Glaucoma 

Qian et al. CNN Breast masses 

Le et al. CNN Prostate 

Ge et al. DCNN Skin disease 

Li et al. AGDAF 
Hepatocellular 

carcinoma 

3.2. Vision Transformer 

3.2.1. Brief Introduction of Vision Transformer 

Transformer [32] is a revolutionary neural network 

architecture. Its core innovation lies in the use of the self-

attention mechanism. It was originally designed to solve 

sequence-to-sequence (seq2seq) learning tasks in the field of 

natural language processing (NLP) [33]. Compared with the 

traditional recurrent neural network (RNN) and its improved 

version, the long short-term memory network (LSTM), the 

Transformer model shows significant advantages in capturing 

long-distance dependencies, mainly due to its global attention 

mechanism. At the same time, since it abandons the recursive 

structure and is completely based on matrix operations, it has 

also greatly improved the efficiency of parallel computing. 

However, the original Transformer architecture is mainly 

designed for sequence data processing and cannot be directly 

applied to computer vision tasks. This limitation was 

overcome by the Google research team in 2020. They 

proposed the Vision Transformer (ViT) [34], which 

successfully extended the Transformer architecture to 

computer vision tasks such as image classification by 

segmenting the image into a fixed-size patch sequence and 
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introducing position encoding. 

3.2.2. Vision Transformer for Multimodal Medical Image 

Diagnosis 

ViT abandons the hierarchical convolutional structure of 

traditional CNN and adopts an architecture based on the self-

attention mechanism, which successfully achieves effective 

modeling of the global context information of the image. This 

innovative design has shown great potential in the field of 

medical image diagnosis, and many studies have confirmed 

its application value. 

To solve the problem of limited sample size of brain 

imaging data, Lyu et al. [35] innovatively adopted a transfer 

learning strategy to transfer the pre-trained ViT model to the 

brain imaging dataset. They used 2D MRI images as input and 

ViT as the backbone network, and achieved an accuracy of 

95.3% in the Alzheimer's disease (AD) diagnosis task, which 

was significantly better than the traditional method. Zhu et al. 

[36] proposed the BraInf, which innovatively integrated 

representation learning, feature distillation and classification 

tasks into a unified framework. By introducing a multi-head 

self-attention mechanism, BraInf can effectively process 

high-dimensional MRI data, and at the same time use the 

structured distillation layer to perform feature downsampling, 

which significantly reduces the computational complexity 

while retaining key diagnostic features. In response to the 

special needs of 3D medical image analysis, Jang et al. [37] 

developed the M3T classification model. The model adopts 

an innovative two-stage feature extraction strategy: first, 3D 

CNN is used to extract disease-related local features from 3D 

MRI images, and then these features are input into ViT for 

multi-plane and multi-slice feature fusion, thereby achieving 

an overall representation of 3D MRI images. This hybrid 

architecture fully leverages the advantages of CNN in local 

feature extraction and ViT in global feature modeling, 

providing a new solution for 3D medical image analysis. 

Although ViT has achieved remarkable success on large 

natural image datasets, its application in medical image 

analysis faces an important challenge: medical datasets 

usually have limited sample size, which makes it difficult to 

meet ViT's requirement for large-scale pre-training data. To 

address this problem, researchers have proposed a hybrid 

architecture strategy that combines ViT with convolutional 

neural networks (CNNs) [38]. This scheme can fully utilize 

the advantages of CNN in local feature extraction and ViT in 

global context modeling. The TransMed framework proposed 

by Dai et al. [39] is a typical representative in this direction. 

This framework innovatively integrates CNN and ViT for 

parotid tumor diagnosis. TransMed adopts a two-stage feature 

learning strategy: first, CNN is used to process multimodal 

medical images and convert them into feature sequences; then, 

ViT is used to learn the complex relationships between these 

feature sequences and finally achieve tumor classification. 

This architectural design not only retains the ability of CNN 

to extract low-level visual features, but also takes advantage 

of ViT's advantage in modeling high-level semantic 

relationships. Zhang et al. [40] proposed a more advanced 

MMIF (Multi-Modal Interaction Framework) framework, 

which contains two core components: category-constrained 

parallel ViT (CCPViT) and multimodal representation 

alignment network (MRAN). CCPViT learns the key features 

of different modalities through a parallel processing 

mechanism, effectively solving the problem of misaligned 

multimodal data. MRAN uses a cross-attention mechanism to 

deeply explore the interactive representations between cross-

modal data by cascading encoded images and decoded texts, 

which not only achieves modality alignment but also 

significantly improves the accuracy of abnormality 

recognition. This dual architecture design provides a new 

research paradigm for multimodal medical data analysis. 

Table 2 summarizes some representative works of ViT on 

multimodal medical images. 

 

Tab.2 ViT on Multimodal Medical Images 

Autor Model Disease 

Lyu et al. ViT Alzheimer’s disease 

Zhu et al. BraInf Alzheimer’s disease 

Jang et al. M3T Alzheimer’s disease 

Dai et al. 
Trrans

Med 

Parotid gland 

tumors 

Zhang et al. MMIF Fetal distress 

3.3. Graph Neural Networks 

3.3.1. Brief Introduction of Graph Neural Networks 

Graph neural network (GNNs) is a deep learning model 

specifically designed to process data with complex 

relationships. Its core advantage is that it can directly use 

graph structures for information processing. Compared with 

CNNs and ViT models, GNNs can effectively process 

complex graph structure data by modeling irregular non-

Euclidean data [41]. 

The architecture of the graph neural network is shown in 

Figure 3. The model iteratively updates the feature matrix and 

adjacency matrix of the input graph by stacking multiple 

graph convolution layers, thereby gradually extracting and 

optimizing the high-level feature representation of the node 

and its neighborhood. The core lies in the design of the graph 

convolution operation. Different graph convolutions define 

different information aggregation methods. Specifically, the 

graph convolution generates a new feature representation by 

combining the features of the node itself with the features of 

its neighboring nodes. This flexible information aggregation 

mechanism enables the graph convolutional neural network 

to effectively capture local and global patterns in graph 

structured data, thereby improving the performance of the 

model. 
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Fig.3 Fundamental Architectures of Graph Neural Networks 

 

3.3.2. Graph Neural Networks for Multimodal Medical 

Image Diagnosis 

As an emerging neural network, GNN has been widely 

used in the field of multimodal medicine. For example, Xing 

et al. [42] proposed a multimodal depression detection 

framework called EMO-GCN. The model introduced an 

institutional learning mechanism to reconstruct the graph 

structure through sparse attention after pooling, and used 

multiple GNNs to extract structural and acoustic features 

from EEG signals and speech respectively, achieving 

effective multimodal feature fusion. Considering the high 

heterogeneity and limited sample size of medical image data, 

Liu et al. [43] constructed a VMM-DGCN network, which 

used convolutional filters with different kernel sizes to 

capture the multi-scale feature representation of each subject, 

and introduced non-imaging information into the feature 

representation of each scale to construct multiple group 

graphs. Secondly, DeepGCN was used to extract high-level 

features of the group graph to complete the diagnosis of 

autism. However, most models ignore the spatiotemporal 

topological characteristics of brain networks. Xu et al. [44] 

developed an adaptive multi-channel GCN fusion framework 

with graph contrast learning. They first divided the ROI-

based sequence signals into multiple overlapping time 

windows to construct a dynamic brain network representation. 

Secondly, they used adaptive multi-channel GCN to extract 

multimodal spatial features with contrast constraints, and 

input two stacked long short-term memory units to capture the 

temporal information transmitted by the time windows. 

Finally, they used MLP to realize the prediction of multimodal 

brain networks. 

In the diagnosis of brain diseases, Chen et al. [45] selected 

structural magnetic resonance imaging (sMRI) and resting-

state functional magnetic resonance imaging (rs-fMRI) data, 

analyzed the node features and edge characteristics, and 

finally achieved an accuracy of 95.8% through GNN. In order 

to avoid reconstructing the graph network and utilize the 

relationship between subjects, Tian et al. [46] proposed an 

scalable hierarchical graph convolutional network (EH-GCN). 

This network combines ResNet and GCN modules to 

integrate image features and connection features between 

different brain regions of interest (ROIs) into the feature 

representation of each subject, thereby extracting structural 

and functional connection features between brain ROIs. 

However, the limitation of this method is that it uses all brain 

ROIs for analysis without in-depth exploration of the impact 

of ROI selection on the final classification results, which may 

cause redundant information to interfere with model 

performance. Zhang et al. [47] proposed a method that 

combines imaging data with phenotypic data, captures 

individual features by constructing a brain network, and uses 

these features to represent the association between individuals 

and subjects in the potential population. This method further 

enriches the feature representation by introducing phenotypic 

data, but does not fully consider the multidimensional 

characteristics of image features. In terms of interpretability, 

Li et al. [48] constructed an interpretable iGLCN network by 

learning the optimal underlying latent graph to dynamically 

adjust the graph structure, which can better assist physicians 

in diagnosis. 

Overall, these methods have made significant progress in 

processing multimodal medical images using graph 

convolutional networks, but they still face some challenges, 

such as optimizing ROI selection, improving computational 

efficiency, and further exploring multimodal data fusion. 

Future research can dig deeper in these directions to improve 

the performance and application scope of the model. 

Table 3 summarizes some representative works of GCNs 

on multimodal medical images. 

Tab.3 GCNs on Multimodal Medical Images 

Autor Model Disease 

Xing et al. EMO-GCN Depressive disorder 

Liu et al. 
VMM-

DGCN 

Autism spectrum 

disorder 

Xu et al. MSTGC Epilepsy 

Chen et al. GCN Schizophrenia 

Tian et al. EH-GCN Alzheimer’s disease 

Zhang et al. GCN Alzheimer’s disease 

Li et al. iGLCN Parkinson’s disease 

4. Challenges and Prospects 

4.1. Challenges 

In recent years, the field of multimodal medical image 

classification has made significant progress, providing strong 

support for disease diagnosis, prognosis prediction and 

treatment plan formulation. By integrating medical image 

information of different modalities, such as CT, MRI, PET, 

etc., deep learning models can more comprehensively capture 

lesion characteristics and improve classification accuracy and 

robustness. However, this field still faces many challenges 

and also has great development potential. 
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(1) Multimodal medical image data comes from various 

sources, including CT, MRI, X-ray, ultrasound, pathological 

images, etc. Different modal data have significant differences 

in resolution, dimension, grayscale range, imaging principle, 

etc. For example, CT images provide high-resolution 

anatomical structure information, while MRI images are 

better at soft tissue imaging. This heterogeneity makes it 

difficult to directly fuse different modal data, and it is 

necessary to develop specialized algorithms to align and fuse 

multimodal information. 

(2) Medical image annotation requires the participation of 

professional doctors, which is costly, time-consuming, and 

the annotation results may be subjective. In the medical field, 

different medical institutions use different equipment, set 

parameters, and scan times, which results in different 

presentation effects in images even for the same disease. 

(3) The lack of model interpretability is a problem that all 

neural networks need to solve. Deep learning models are often 

viewed as “black boxes” and their decision-making process is 

difficult to explain. This is particularly important in the 

medical field, because doctors need to understand the basis of 

the model’s judgment in order to be confident in the diagnosis 

and make correct clinical decisions. Some studies use model 

visualization to analyze the model’s output results, such as 

using Grad-CAM [49] to visualize the decision area of the 

image, but there is still a certain gap between this and actual 

clinical needs. 

4.2. Prospects 

Deep learning eliminates the complex feature extraction 

work of traditional diagnostic methods, extracts deep features 

from image data, and assists doctors in quickly determining 

the grade and type of brain tumors. Looking ahead, 

multimodal medical image classification methods will 

continue to expand in the following areas: 

(1) Researching more effective multimodal fusion 

algorithms is the key to improving model performance. For 

example, attention-based methods can automatically learn the 

importance weights of different modal data, while graph 

neural networks can model the complex relationships 

between different modal data. In addition, multimodal data 

generation methods based on generative adversarial networks 

(GANs) can also be explored to expand the training dataset 

and improve the robustness of the model. 

(2) Classification models for 3D medical images have great 

potential, and using 3D imaging data for disease diagnosis 

will definitely be a future development trend. Unlike 

traditional 2D images, 3D images can provide more 

comprehensive tumor morphology and spatial information, 

allowing the model to more accurately identify tumor 

boundaries and sizes, thereby significantly improving the 

accuracy of classification. However, the computational 

complexity of processing 3D data is very high, and more 

efficient algorithms and model frameworks need to be 

developed. 

(3) Federated learning is a distributed machine learning 

method that can achieve data sharing and model training 

across medical institutions while protecting data privacy. This 

is particularly important for medical image analysis, because 

medical data is usually scattered across different medical 

institutions and involves patient privacy. Federated learning 

can effectively utilize multi-center data, improve the 

generalization ability of the model, and promote the 

development of medical artificial intelligence. 
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