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ABSTRACT

Objectives: Alzheimer’s disease (AD) begins with subtle symptoms, making early detection of mild cognitive impairment 

(MCI) crucial for timely intervention. Current deep learning models for brain imaging often process different modalities 

separately, failing to account for demographic variations and the need for integrated analysis of structural and functional 

data from the same brain regions. This approach can result in reduced sensitivity to early cognitive decline due to 

oversmoothing effects in Graph Convolutional Networks (GCNs). 

Methods: This study proposes a hybrid multi-channel transformer graph attention network (HMT-GAT) for MCI identifi-

cation. First, a structurally constrained fused brain network is constructed by incorporating DTI-derived anatomical 

information into rs-fMRI-based functional connectivity estimation. A locally weighted clustering coefficient (LWCC) is 

then used to extract multi-scale local topological features from the fused network. Demographic and acquisition-related 

variables, including acquisition site, age, and sex, are further integrated into a sparsely connected population graph to 

model inter-subject relationships. 

Results: Under the same evaluation protocol, HMT-GAT achieved competitive and generally superior performance 

compared with implemented baseline models. For NC vs. EMCI classification, HMT-GAT obtained an ACC of 87.97

%, SEN of 80.46%, and SPE of 91.45%. For NC vs. LMCI classification, it achieved an ACC of 87.63%, SEN of 95.13%, 

and SPE of 94.46%, indicating balanced classification performance for MCI-related identification tasks. 

Discussion:Interpretability analysis identified disease-related regions, including the inferior temporal gyrus and amyg-

dala, suggesting that HMT-GAT may provide biologically meaningful evidence for MCI-related brain network alterations 

within the AD continuum.

alzheimer's disease, brain imaging patterns, graph convolutional network, LWCCl, HMT-GAT
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INTRODUCTION

Alzheimer’s disease (AD) and mild cognitive impairment (MCI) are neurodegenerative disorders that often 

remain undiagnosed until advanced stages, underscoring the need for early detection. Early identification 

of MCI can potentially delay or prevent progression to AD, improving patient outcomes [1,2]. Integrating 

neuroimaging modalities, such as resting-state functional MRI (rs-fMRI) and Diffusion Tensor Imaging (DTI), 

allows for capturing both functional brain activity and structural connectivity disruptions associated with 

cognitive decline [3,4]. The fusion of these modalities offers a comprehensive understanding of neurodegen

erative diseases, crucial for accurate early diagnosis [5,6]. Deep learning models have demonstrated promise 

in neuroimaging-based disease classification, enabling the integration of multi-modal data and accounting for 

functional and structural brain changes, thus providing a reliable approach for early AD detection [7,8].

Representative studies have explored multi-scale graph convolution and local weighted clustering coefficients 

for MCI-related brain network analysis [9,10] MSE‐GCN uses parallel, multi‐scale graph convolutions to cap

ture hierarchical connectivity patterns, and its LWCC‐based fusion integrates complementary features from 

both modalities [11,12]. This design improved classification accuracy in MCI detection. However, MSE‐GCN 

has notable limitations: by merging modalities into a single graph, it does not explicitly disentangle structural 

versus functional information, so one modality can overwhelm the other during message passing. Its deep 

GCN layers also risk over‐smoothing, causing node representations to become too similar across the network. 

Moreover, MSE‐GCN ignores non‐imaging covariates (e.g. age, gender) when building the graph, potentially 

reducing robustness to demographic variability.

Other graph-based multimodal studies further introduced population graph construction, non-imaging infor

mation, and multi-channel filtering to improve disease classification performance [13,14]. Like MSE‐GCN, 

MMP‐GCN fuses DTI and fMRI into a single subject‐level graph, but it introduces three key mechanisms to 

improve performance. It applies a DTI‐strength penalty when constructing functional connectivity, thereby 

biasing edges to reflect underlying white‐matter strength. It also constructs a multi‐center attention graph 

over subject nodes, where edge weights are learned based on factors such as data source (site), gender, 

scanner model and disease status. This attention mechanism lets the model weight connections according to 

known cohort and demographic differences. Finally, MMP‐GCN employs a multi‐channel convolution scheme 

and a label‐guided pooling strategy: different filters are applied to subgroups of features, and a pooling 

operator uses the known diagnostic labels to evaluate and retain high‐quality node features [15,16]. These 
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innovations yielded state‐of‐the‐art accuracy on AD/MCI benchmarks. Still, MMP‐GCN has limitations: it 

continues to process a single fused graph without separate modality channels, so structural and functional 

signals remain entangled. Its use of label‐informed pooling risks overfitting (since training labels guide the 

pooling) and may not generalize well to new cohorts. The overall design is also quite complex (multi‐center 

attention, multi‐channel filters), which can demand large datasets and careful tuning to avoid instability

Multi-scale and phenotype-aware graph learning has also been investigated in neurological and psychiatric 

imaging studies, showing the value of incorporating auxiliary information into graph construction [17,18] 

MAMF‐GCN creates parallel graph “channels” for different atlas scales: an encoder network integrates non‐

imaging covariates (phenotypic attributes) to compute subject similarities, while other channels extract node 

features from fMRI under each atlas definition. An adaptive attention module then fuses these specific 

(atlas‐dependent) and common embeddings, learning weights that highlight the most relevant features for 

diagnosis. This multi‐scale, multi‐modal fusion significantly improved performance on psychiatric and neuro

logical datasets. However, MAMF‐GCN’s graph construction relies on predefined atlas templates, so it cannot 

dynamically adapt to individual differences in connectivity. Its multi‐channel architecture also adds heavy 

computation. Like the other models, MAMF‐GCN may suffer from over‐smoothing in deep GCN layers, and 

although attention is used, there is no explicit mechanism to keep structural and functional representations 

fully separate beyond the parallel channel design. prior multi-modal GCN methods have made important 

strides in fusing DTI and fMRI for early MCI detection, but each has gaps [19,20]. None enforces a fully 

disentangled treatment of modalities, deep GCNs can still over‐smooth, atlas‐based graphs lack flexibility, and 

most ignore richer demographic factors.

To address these limitations, this study proposes HMT-GAT for multimodal graph learning in early MCI 

identification. Unlike approaches that process imaging modalities independently or rely mainly on late 

fusion, HMT-GAT first constructs a structurally constrained fused brain network by incorporating DTI-derived 

anatomical connectivity into rs-fMRI-based functional connectivity estimation. On this fused network, LWCC is 

used to characterize multi-scale local weighted clustering patterns rather than serving as a standalone latent-

factor fusion method. This choice is motivated by the fact that MCI-related brain alterations may appear 

as subtle changes in local network organization, which can be overlooked when multimodal information 

is projected only into a global latent space. Compared with fusion strategies such as canonical correlation 

analysis or joint non-negative matrix factorization, LWCC preserves region-wise topological information and 
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produces interpretable node-level descriptors that are suitable for subsequent population graph construction 

and graph attention learning [21,22]. Related sparse CCA and joint NMF studies have also shown that latent-

space fusion can be useful for multimodal biomedical data integration [23]. In addition, HMT-GAT incorporates 

demographic and acquisition-related information into the population graph and applies a multi-channel graph 

attention architecture to improve feature filtering. Overall, the proposed framework aims to capture comple

mentary structural and functional information while maintaining graph topology and regional interpretability.

MATERIALS AND METHODS

Workflow of this study

A detailed framework description of the proposed HMT-GAT method is depicted in Figure 1.

Figure 1. Overall workflow of the proposed HMT-GAT framework for MCI classification using multimodal brain networks

This study presents a structured workflow for early mild cognitive impairment (MCI) identification within 

the Alzheimer’s disease (AD) continuum. As shown in Fig. 1, the proposed HMT-GAT framework consists of 

three main stages: multimodal brain network construction, population graph modeling with non-imaging 

information, and graph-based classification using the multi-channel attention architecture.
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In the second stage, the upper triangular elements of the fused network are extracted and reorganized into 

subject-specific descriptors. These descriptors are then integrated into a cross-center population graph, where 

each node represents an individual subject and each edge is defined according to similarities in both brain 

connectivity patterns and phenotypic information, such as demographic characteristics and scanner-related 

factors. This design enables the model to capture inter-subject relationships while reducing the impact of site-

related heterogeneity in multi-center data.

The third stage processes the graph using a multi-channel Graph Attention Network (GAT) equipped with 

dynamic multi-head self-attention. This mechanism learns refined connectivity features within each modality 

subgraph and incorporates non-imaging phenotypic data adaptively, mitigating biases related to cohort 

diversity and acquisition settings. The resulting unified embeddings—combining imaging and phenotypic in

formation—are classified to discriminate between patients with mild cognitive impairment (MCI) and healthy 

controls (HC).

The logical transition between stages is essential to the model’s success. The initial fusion of multimodal data 

enables a seamless shift to graph-based representation in the second stage, effectively capturing complex 

feature relationships. This graph encoding facilitates the subsequent integration of phenotypic data in the 

final stage, where a GAT with self-attention refines embeddings by correcting for cohort heterogeneity, 

significantly enhancing prediction accuracy. The combined use of imaging and phenotypic features ensures 

a robust and interpretable model, even under small-sample conditions. This integrated approach produces a 

unified embedding that incorporates both brain connectivity and phenotypic context, which is then classified 

for early MCI identification detection. The entire architecture is trained end-to-end with cross-entropy loss, 

emphasizing generalization ability, and progresses coherently from fusion to graph modeling to phenotype 

adjustment, ensuring scientific rigor and translational relevance.

Brain Network Construction

Fused Brain Network Construction

The first step of the proposed framework is to construct a fused brain connectivity network that jointly reflects 

functional interactions and structural constraints. A fusion strategy is implemented whereby DTI-derived 

structural connectivity constrains the estimation of functional connectivity obtained from resting-state fMRI 

signals. Rather than treating functional and structural modalities as independent or sequential inputs, this 

approach embeds anatomical priors directly into the functional network construction process. The resulting 
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connectivity matrix—termed the fused brain network—captures not only temporally correlated activity 

patterns but also respects the physical wiring constraints of the brain, thereby yielding a more coherent and 

neurobiologically plausible representation for downstream analysis.

In conventional sparse representation (SR)-based methods, the functional connectivity matrix W is estimated 

under l1-norm or l2-norm regularization to enforce sparsity. In order to incorporate structural priors derived 

from DTI, we further embed a DTI-related penalty term into the optimization framework and simultaneously 

introduce a structural-consistency regularizer. Accordingly, the objective function can be written as:

min
𝑊

1
2

∥ 𝑌 − 𝑋𝑊 ∥
2

𝐹
+𝜆 ∥ 𝐶 ⊙ 𝑊 ∥

1
+𝜇 ∥ 𝑊 − 𝑆 ∥

2

𝐹
(1)

𝑌 is the target matrix, 𝑋 is the input data matrix (e.g., the functional connectivity matrix obtained via Pear

son correlation), and W is the weight matrix to be optimized. This term represents the prediction error, aiming 

to make 𝑋 transformed by 𝑊 as close as possible to Y. Allowing different input and output matrices provides 

greater flexibility. λ is the regularization parameter, 𝐶 is a weighting matrix, and ⊙ denotes element-wise 

multiplication. This sparse regularization enhances the model’s generalization ability and reduces overfitting. 

S (the DTI-derived reference matrix) is obtained by using fractional anisotropy (FA) as feature vectors and 

partitioning the brain space into 90 ROIs via the AAL template on DTI images-regional structural connectivity 

was represented by the mean fractional anisotropy of the fiber bundles linking paired regions. The resulting 

subject-specific structural network was then organized as a 90 × 90 connectivity matrix. This term ensures

𝑊 remains close to 𝑆 , improving model stability and potential generalization. This formulation preserves 

structural prior information and reduces redundant functional connections, thereby improving the stability 

of the fused network.

Rationale for using LWCC-based topological feature extraction

After constructing the fused brain connectivity network, it is necessary to transform the high-dimensional 

connectivity matrix into informative and compact graph descriptors. In this study, LWCC was selected because 

it characterizes local weighted clustering patterns around each brain region while preserving the topological 

organization of the fused network. This property is important for MCI identification, since early pathological 

changes may appear as subtle alterations in local connectivity organization rather than as isolated connection-

level changes.
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Alternative multimodal fusion methods, such as canonical correlation analysis (CCA) and joint non-negative 

matrix factorization (joint NMF), are useful for learning shared latent representations across modalities. 

However, these methods mainly project multimodal data into a latent feature space and may reduce the 

explicit region-to-region topological structure of brain networks. In contrast, LWCC operates directly on the 

weighted brain connectivity graph and produces node-level topological descriptors that retain local clustering 

information, edge-weight information, and regional interpretability. Therefore, LWCC is more consistent with 

the graph-based design of HMT-GAT, where each subject is represented by topology-aware features derived 

from the fused brain network.

In addition, LWCC has relatively low computational complexity and does not introduce a large number of 

trainable parameters. This is beneficial under the small-sample setting of the present study, especially consid

ering the limited number of LMCI subjects. For these reasons, LWCC was adopted as the main topological 

feature extraction strategy after fMRI–DTI network fusion.

In Equation (1), the structural connectivity penalty matrix 𝐶 plays a pivotal role in enhancing model perfor

mance. To ensure robustness, both the structural connectivity patterns and the inter-group variability in 

connectivity strength across the population are taken into account. Specifically, given a training set comprising

𝑇 subjects with known diagnostic labels, the cohort is stratified into two groups according to their clinical 

classification. Additionally, heterogeneity arising from multi-center data acquisition is incorporated to better 

reflect real-world variability and improve generalizability across sites. The training subjects were divided into 

two diagnostic groups, and the corresponding DTI-based connectivity matrices were organized separately for 

subsequent analysis,SC+=[SC1+，SC2+，…，SCT1+] and SC−=[SC1−，SC2−，…，SCT2−], where T1 and T2 are 

the numbers of subjects in each group (T1+T2= T). A group-difference matrix SC# was then constructed to 

quantify disparities in structural connectivity strength between the two diagnostic groups:

𝐒𝐂# = |
1
𝑇1

∑𝑇1
𝑖=1 𝐒𝐜𝑖+ − 1

𝑇2
∑𝑇2

𝑗=1 𝐬𝐜𝑗−

1
𝑇1

∑𝑇1
𝑖=1 𝐬𝐜𝑖+ + 1

𝑇2
∑𝑇2

𝑗=1 𝐬𝐜𝑗−
| (2)

Here, SC#∈R90×90matrix characterizes region-wise differences in DTI-derived connectivity between the two 

groups, and SC∈R90×90denotes the DTI connectivity network. 𝑆𝐶𝑖 + and 𝑆𝐶𝑗 − are the DTI connectivity 

strength matrices for subjects 𝑖 and 𝑗 from different groups.
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For each subject, the structural connectivity penalty matrix 𝐶 , with elements 𝐶𝑖𝑗 , is defined based on its 

structural connectivity matrix 𝑆𝐶 and strength diversity matrix $SC#$:

𝐂𝑖𝑗 = exp(
−𝐬𝐜2

𝑖𝑗

𝜎1
) × (1 + exp(

−𝐒𝐂#
𝑖𝑗

𝜎2
)) (3)

where 𝜎1 and 𝜎2 are the average standard deviations of 𝑆𝐶 and 𝑆𝐶# across all subjects.

LWCC Feature Extraction

Based on the above rationale, a multi-scale LWCC feature extraction strategy was applied to the fused fMRI–

DTI brain connectivity network. Instead of treating the fused matrix as a simple vector of independent edges, 

LWCC summarizes the local weighted clustering structure around each brain region. LWCC values were com

puted at multiple neighborhood scales and then concatenated to form topology-aware subject-level features 

for classification. In brain network models, local connectivity patterns at different scales can reveal distinct 

functional and structural properties; hence, LWCC is evaluated for various neighbor orders (e.g., 1-hop, 2-hop, 

3-hop) and the resulting multi-scale coefficients are concatenated. Formally, for each node i, the multi-scale 

LWCC is defined as:

𝑓 (𝑘)
𝑖 =

2 ∑𝑗:𝑗∈𝜀(𝑘)
𝑖

(𝑤𝑖𝑗)𝛼

| 𝜀(𝑘)
𝑖 | (| 𝜀(𝑘)

𝑖 − 1) |
(4)

𝑓 (𝑘)
𝑖 : LWCC value of node 𝑖 at 𝑘 -hop neighbors. 𝜀(𝑘)

𝑖 : Set of 𝑘 -hop neighbors for node 𝑖 . 𝑤𝑖𝑗 : Connection 

weight between nodes 𝑖 and 𝑗 : Exponent controlling weighted clustering (e.g., α=1/3), adjusting the influence 

of weights.

Integration of Non-Imaging Data into Model Construction

To further enhance the biological relevance and population-level robustness of the constructed brain graph, 

demographic and phenotypic information is explicitly integrated into the modeling process. Rather than 

treating non-imaging covariates (e.g., gender, site, scanner type) as isolated metadata, a dynamic multi-head 

self-attention mechanism is introduced to transform these discrete attributes into meaningful phenotypic 

similarities between nodes. These learned similarities are subsequently fused with image-derived affinities to 
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construct a more expressive and context-aware adjacency matrix. The structure of the proposed non-imaging 

information encoding module is illustrated in Fig. 2.

Figure 2. Dynamic multi-head self-attention module for encoding non-imaging covariates and generating phenotypic similarity weights

Learning of non-imaging attention coefficients

The non-imaging attributes used as input include gender, scanner type, acquisition equipment, and imaging 

center/site. These categorical variables were encoded as discrete indices and then mapped into low-dimen

sional embedding vectors through trainable embedding layers. Diagnostic labels were used only to define 

supervised classification tasks and to compute the classification loss during training; they were not used as 

input attributes for test samples during model evaluation.

For a subject 𝑝𝑎𝑖𝑟(𝑖, 𝑗) , attribute-level similarity scores were computed from the corresponding embeddings. 

Specifically, 𝑠𝑖𝑗𝑠, 𝑠𝑖𝑗𝑔, 𝑠𝑖𝑗𝑒 , and 𝑠𝑖𝑗𝑐 denote the pairwise similarity scores derived from scanner type, 

gender, acquisition equipment, and imaging center/site, respectively. These scores describe whether two 

subjects share similar non-imaging characteristics and provide phenotypic information for population graph 

construction. The five attention coefficients 𝑎𝑠, 𝑎𝑔, 𝑎𝑒, 𝑎𝑐 , and 𝑎0 are not manually assigned. Instead, they 

are learnable parameters optimized jointly with the classification objective during model training. Before 
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normalization, a trainable coefficient vector 𝛽 = [𝛽𝑠, 𝛽𝑔, 𝛽𝑒, 𝛽𝑐, 𝛽0] is introduced. The normalized attention 

coefficients are obtained through a softmax function:

[𝑎𝑠, 𝑎𝑔, 𝑎𝑒, 𝑎𝑐, 𝑎0] = 𝑠([𝛽𝑠, 𝛽𝑔, 𝛽𝑒, 𝛽𝑐, 𝛽0]) (5)

Here, 𝑎𝑠, 𝑎𝑔, 𝑎𝑒 , and 𝑎𝑐 represent the learned contributions of scanner type, gender, acquisition equipment, 

and imaging center/site to the phenotypic similarity graph. The residual base term a_0 represents a task-

adaptive baseline weight. It is introduced to preserve a minimum non-imaging contribution when two subjects 

do not share strong similarity in the observed categorical attributes or when some attribute information is 

weakly informative. Therefore, 𝑎0 functions as an intercept-like residual component rather than as an addi

tional clinical variable. The phenotypic similarity between subjects 𝑖 and 𝑗 is computed as:

𝑆𝑝ℎ𝑒𝑛𝑜(𝑖, 𝑗) = 𝑎𝑠𝑠𝑠
𝑖𝑗 + 𝑎𝑔𝑠

𝑔
𝑖𝑗 + 𝑎𝑒𝑠𝑒

𝑖𝑗 + 𝑎𝑐𝑠𝑐
𝑖𝑗 + 𝑎0 (6)

The learned phenotypic similarity matrix is incorporated into the final adjacency matrix through element-wise 

modulation:

𝐴𝑓𝑖𝑛𝑎𝑙 = 𝐴𝑖𝑚𝑔 ⊙ 𝑆𝑝ℎ𝑒𝑛𝑜 (7)

where 𝐴𝑖𝑚𝑔 denotes the image-derived adjacency matrix obtained from the fused brain network, 𝑆𝑝ℎ𝑒𝑛𝑜

denotes the learned phenotypic similarity matrix, and ⊙ denotes the Hadamard product. In this way, non-

imaging covariates do not replace the imaging-based graph structure; instead, they adaptively adjust the 

strength of inter-subject edges according to demographic and acquisition-related similarities. It should be 

noted that the attention coefficients are learned separately for each classification task under the correspond

ing training folds. Therefore, the values reported in Table 1 are the average learned coefficients obtained after 

model training, rather than fixed prior weights. The variation of 𝑎𝑠, 𝑎𝑔, 𝑎𝑒, 𝑎𝑐 , and 𝑎0 across NC vs. EMCI, 

NC vs. LMCI, and EMCI vs. LMCI tasks indicates that the proposed mechanism does not treat all non-imaging 

attributes as equally important. Instead, it learns task-specific attribute importance from the training data.

Table 1. Learned attention weights across classification tasks
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Tasks/Atten coef as ag ae ac a0

NC vs EMCI 0.203 0.191 0.213 0.208 0.179

NC vs LMCI 0.209 0.192 0.206 0.205 0.183

EMCI vs LMCI 0.196 0.189 0.212 0.214 0.184

The embedding layer maps discrete categorical features into continuous low-dimensional vectors to capture 

semantic similarity. It takes discrete integer indices as input (e.g., gender=0, equipment type=2) and outputs 

continuous vectors (e.g., gender mapped to an 8-dimensional vector, equipment type mapped to an 8-

dimensional vector). The formula is as follows:

𝑒gender = 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑔𝑖), 𝑒center = 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑐𝑖), 𝑒𝑡𝑐 (8)

All embedded vectors of non-imaging information are concatenated into a joint vector, which serves as input 

for the subsequent self-attention mechanism:

𝑒𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = [𝑒𝑔𝑒𝑛𝑑𝑒𝑟; 𝑒𝑒𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡; 𝑒𝑐𝑒𝑛𝑡𝑒𝑟; 𝑒𝑠𝑡𝑎𝑡𝑢𝑠] (9)

The input data is transformed into continuous vectors through the embedding layer, then linearly projected 

into Q (Query), K (Key), and V (Value) matrices:

𝑄 = 𝐸𝑊𝑄, 𝐾 = 𝐸𝑊𝐾 , 𝑉 = 𝐸𝑊𝑉 (10)

where 𝑊𝑄 , 𝑊𝐾 , and 𝑊𝑉 are learnable weight matrices, and 𝑑𝑘 denotes the dimensionality of each atten

tion head. For each head ℎ , the attention score is calculated as:

Attentionℎ = softmax (𝑄ℎ𝐾𝑇
ℎ

√𝑑𝑘
)𝑉ℎ (11)

𝑄ℎ𝐾𝑇
ℎ The similarity between nodes is computed (dot product), 𝑑𝑘 with a scaling factor to prevent gradi

ent vanishing/explosion, then normalized into probability distributions representing the attention weights 

between nodes. The outputs from all heads are concatenated and linearly transformed to obtain the final 

result:
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MultiHead (𝑄, 𝐾, 𝑉 ) = Concat (Attention1, Attention2, …, Attention𝐻)𝑊𝑂 (12)

here 𝑊𝑂 ∈ RH is the output weight matrix. The phenotypic similarity matrix Spheno​ is generated from the 

multi-head self-attention output to produce a dynamic weight matrix:

𝑆pheno = softmax (MultiHead (𝑄, 𝐾, 𝑉 )) (13)

The fused multi-modal adjacency matrix is combined with the non-imaging adjacency matrix through 

element-wise multiplication:

𝐴 = 𝑆feat ⊙ 𝑆pheno (14)

where ⊙ denotes element-wise multiplication (Hadamard product).

Multi-channel Pooling GAT

Once the enriched adjacency matrix—infused with functional, structural, and phenotypic affinities—is 

obtained, the framework transitions to a refined graph-based learning phase. In this stage, a multi-channel 

Graph Attention Network (GAT) is employed to extract nuanced connectivity patterns that differentiate Mild 

Cognitive Impairment (MCI) from normal cognition. This approach enhances the traditional GCN by integrating 

a learnable attention mechanism, enabling the model to automatically assign varying importance to different 

neighbors rather than treating all adjacent nodes uniformly.

Formally, let each node 𝑖 in the graph possess input features xi and neighbor set 𝒩︀(𝑖) . Through a shared 

linear transformation W∈RF′×F, intermediate features 𝑊𝑥𝑖 are computed. Attention scores between 𝑗 and 𝑖

are calculated as:

𝑒𝑖𝑗 = 𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(𝐚⊤[𝐖𝐱𝑖 ∥ 𝐖𝐱𝑗]) (15)

These coefficients are normalized via a softmax over 𝑖 ‘s neighbors:

𝛼𝑖𝑗 =
exp(𝑒𝑖𝑗)

∑𝑘∈𝑁(𝑖) exp(𝑒𝑖𝑘)
(16)
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This enables each neighborhood’s contribution to be adaptively weighted based on learned relevance. The 

node’s updated representation is:

𝐡′
𝑖 = 𝜎

(
 ∑

𝑗∈𝑁(𝑖)
𝛼𝑖𝑗𝐖𝐱𝑗

)
 (17)

To enhance expressivity, the model employs multi-head attention:

𝐡𝑚𝑢𝑙𝑡𝑖
𝑖 = ∥

𝐾

𝑘=1
𝜎
(
 ∑

𝑗∈𝑁(𝑖)
𝛼𝑘

𝑖𝑗𝐖𝑘𝐱𝑗
)
 (18)

where outputs from K parallel attention heads are concatenated, or averaged in the final layer. Each modal-

specific channel—for functional, structural, or phenotype-enhanced graphs—utilizes an independent GAT 

branch. Outputs are then pooled via attention-guided selection (akin to Self-Attention Graph Pooling) to 

emphasize diagnostically significant sub-networks. The pooled representations from all channels are fused, 

delivering a hierarchically enriched graph embedding for downstream MCI classification. This multi-channel 

GAT design takes advantage of learnable attention to both distinguish informative connections and integrate 

cross-modal signals, resulting in embeddings that are both biologically meaningful and diagnostically pow

erful.

To further enhance the specificity of the graph filtering process and improve the model’s ability to discriminate 

between different disease states, a specialized graph filtering mechanism is introduced. This mechanism 

employs a multi-channel approach, where distinct graph filters are assigned to feature subsets based on their 

statistical characteristics, and a pooling mechanism is utilized to prune edges according to the disease status 

of the training samples.

In this study, the multi-channel mechanism operates on disjoint feature subsets. Specifically, after feature 

ranking, the full feature matrix 𝑋 ∈ ℝ𝑁×𝑀 is divided into 𝑊 non-overlapping subsets:

∥ 𝑀𝑒𝑎𝑛(𝐗+) − 𝑀𝑒𝑎𝑛(𝐗−) ∥
𝑆𝑡𝑑(𝐗+) + 𝑆𝑡𝑑(𝐗−)

(19)
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where 𝑀𝑤 denotes the number of features assigned to the 𝑤 -th channel. For a given 𝑤 the first 𝑤 −1 

channels contain 𝑀 / 𝑊 features, and the remaining features are assigned to the last channel. Therefore, 

each feature is used in one and only one channel. The graph filters in different channels are independent, 

but they operate on non-overlapping feature dimensions. This design avoids duplicating the full feature space 

across all channels.

Each feature subset is then associated with a channel-specific graph filter and processed by an independent 

lightweight graph branch. Importantly, each branch receives only its assigned feature subset rather than the 

full feature vector. Therefore, although the filters are channel-specific, their input dimensions are reduced 

according to the feature partition, which keeps the total number of channel-specific transformation parame

ters controlled. The outputs of all channels are concatenated and passed to the subsequent classification 

module. This design allows statistically different feature groups to be filtered separately while preserving the 

overall feature dimension after concatenation.

Inspired by previous feature selection and statistical filtering strategies, where feature mean and standard 

deviation are commonly used to characterize discriminative differences, the ranking criterion for splitting 

features is defined as:

𝑋 = [𝑋1, 𝑋2, …, 𝑋𝑊 ], 𝑋𝑝 ∩ 𝑋𝑞 = ⌀(𝑝 ≠ 𝑞), ∑
𝑊

𝑤=1
𝑀𝑤 = 𝑀 (20)

In Eq. (20), assume that the graph contains 𝑁 subjects, with 𝑇 samples used for training and 𝑀 features for 

each subject. Let 𝑇1 and 𝑇2 denote the numbers of training samples in the two diagnostic groups, where

𝑇1 + 𝑇2 = 𝑇 . 𝑋+ ∈ 𝑅𝑇1×𝑀 and 𝑋− ∈ 𝑅𝑇2×𝑀 represent the feature matrices of the two groups. Mean 

(·) and Std (·) denote the mean and standard deviation functions, respectively. Features with larger ranking 

scores are considered more discriminative and are assigned earlier in the ranked feature list.

Selection of channel number 𝑊

The channel number 𝑊 was selected through a validation-based hyperparameter search rather than being 

learned during backpropagation. In this study, candidate values were set to 𝑊 ∈ 1, 2, 3, 4, 5, 6 . For each 

candidate value, feature partitioning, graph filtering, and classification were performed under the same strat

ified 10-fold cross-validation protocol. The validation performance was compared using the mean ACC across 

the evaluated MCI-related classification tasks. The final value of 𝑊 was selected according to the best mean 
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validation performance while avoiding unnecessary feature fragmentation. In the present experiments, 𝑊

=5 was adopted as the default setting for the final model, while 𝑊 =4 was also reported because it achieved 

the best performance in the NC vs. EMCI task. The test fold was not used for selecting 𝑊 .

Parameter analysis of the multi-channel design

The parameter-efficiency claim of the proposed multi-channel mechanism holds under the disjoint feature 

partitioning setting described above. In a conventional single-channel graph filtering layer, if each subject has

𝑀 input features and the hidden dimension is 𝑄1 , the feature transformation contains 𝑀 × 𝑄1 trainable 

parameters.

In the proposed multi-channel setting, the input features are divided into 𝑊 non-overlapping subsets. 

The www-th channel contains 𝑀𝑤 input features and uses an independent transformation matrix 𝑊𝑤 ∈

ℝ𝑀𝑤×𝑄1 . Therefore, the total number of parameters across all channel-specific filters is:

∑
𝑊

𝑤=1
𝑀𝑤𝑄1 = (∑

𝑊

𝑤=1
𝑀𝑤)𝑄1 = 𝑀𝑄1 (21)

After feature ranking according to Eq. (20), the full feature matrix X∈R
N×M

 is divided into 𝑊 disjoint subsets, 

denoted as 𝑋 = [𝑋1, 𝑋2, …, 𝑋𝑊 ] . The ranked features are assigned to different channels in descending 

order of their discriminative scores. For a given 𝑊 , the feature allocation follows the deterministic rule 

described above: the first 𝑊 − 1 channels contain M/W features, and the last channel contains the remaining 

features. Based on these feature subsets and the non-imaging covariates, channel-specific adjacency matrices

𝐴1, 𝐴2, …, 𝐴𝑊 are constructed in parallel. To preserve the global population graph structure, each channel-

specific adjacency matrix is refined by the initial adjacency matrix 𝐴0 through element-wise multiplication:

𝐴𝑤 = 𝐴0 ⊙ 𝐴𝑤, 𝑤 = 1, 2, …, 𝑊, (22)

Where ⊙ denotes the Hadamard product. The resulting channel-dependent subgraphs are then processed 

by their corresponding graph branches for feature filtering.

For graph pooling, let the population graph contain 𝑁 subjects, including 𝑇1 labeled training samples from 

Class 1 and 𝑇2 labeled training samples from Class 2. For each node, two class-specific similarity matrices 

are computed: 𝑆1 ∈ ℝ𝑁×𝑇1 , which measures its affinity to labeled samples from Class 1, and 𝑆2 ∈ ℝ𝑁×𝑇2 , 
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which measures its affinity to labeled samples from Class 2. A node-level discriminative score vector is then 

obtained from the discrepancy between 𝑆1 and 𝑆2 :

𝐝 =∥ 𝑀𝑒𝑎𝑛(𝐒1) − 𝑀𝑒𝑎𝑛(𝐒2) ∥ (23)

Nodes are ranked according to their discriminative scores, and the top-k nodes are retained. The selected 

node subset induces a pooled graph ( ̄𝐴, 𝑋̄ ), where ̄𝐴 and 𝑋̄ denote the pooled adjacency matrix and pooled 

feature matrix, respectively. The overall pooling procedure is shown in Fig. 3.

Figure 3. Overview of the proposed pooling mechanism

EXPERIMENTS

Data Sources and preprocessing

Data from a total of 133 participants were obtained from the Alzheimer’s Disease Neuroimaging Initiative 

(ADNI) database. All participants gave their written informed consent before the data for this paper were 

collected, and the research was approved by the ethics committee of Shanghai Maritime University. Each 

subject was assessed using both Diffusion Tensor Imaging (DTI) and resting-state functional MRI (r-fMRI), 

providing comprehensive multi-modal neuroimaging data. In addition to imaging data, demographic and 

acquisition-related information, including age, gender, scanner type, and imaging center, was collected to 
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support phenotype-informed graph modeling. Diagnostic labels, including EMCI, LMCI, and NC, were used 

only for supervised training and performance evaluation, and were not used as input features for test samples 

during model evaluation. See Table 2.

Table 2. The demographics of the participants

Groups EMCI LMCI NC

Number 52 21 60

Gender(M/F) 20/32 10/11 30/30

Age(mean ± std) 74.8±6.1 74.5±6.9 75.4±6.5

Functional connectivity (FC) in rfMRI is commonly derived by quantifying the temporal synchronization 

of BOLD (blood oxygen level-dependent) signal fluctuations across anatomically or functionally defined 

brain regions [24,25]. The standard analytic pipeline begins with rigorous preprocessing steps—comprising 

slice timing correction, realignment for head motion, spatial normalization to a common template, spatial 

smoothing, and temporal band-pass filtering—to mitigate physiological noise and scanner-related artifacts. 

Subsequently, BOLD time series are extracted from regions of interest (ROIs), identified either through atlas-

based parcellation (e.g., AAL) or data-driven approaches such as independent component analysis (ICA). 

Functional connectivity is then estimated, most frequently via Pearson correlation, yielding a symmetric con

nectivity matrix that reflects the strength of inter-regional coupling. Alternative statistical metrics, including 

mutual information, partial correlation, or time-resolved dynamic connectivity, may also be employed to 

capture more nuanced patterns of neural co-activation. These connectivity profiles are typically visualized 

as matrices or network graphs, enabling the characterization of intrinsic brain network organization at rest. 

To enable integrative analysis across imaging modalities, such FC networks provide a biologically grounded 

scaffold, serving as a fundamental representation of the brain’s intrinsic functional architecture for subsequent 

multi-modal data fusion.

To integrate DTI information into the functional connectivity network derived from rs-fMRI, structural 

connectivity was extracted by analyzing white matter fiber tracts. The DTI preprocessing procedure included 

head-motion correction, eddy-current correction, tensor fitting, and estimation of fractional anisotropy (FA) 

and principal diffusion directions. Fiber tracking was then performed to reconstruct white matter pathways. 

Brain regions were defined using the AAL atlas, and inter-regional structural connectivity was quantified using 
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tract-related measures such as fiber count, tract length, or mean FA. The resulting structural connectivity 

matrix provided anatomical constraints for multimodal brain network fusion.

Validation strategy and overfitting control under limited LMCI samples

Considering the relatively limited number of LMCI samples in the present cohort, special attention was paid to 

validation strategy and overfitting control. Although the overall dataset included 133 subjects, the LMCI group 

contained only 21 participants, which may increase the risk of unstable estimation and reduced generalization 

ability. To address this issue, a stratified 10-fold cross-validation strategy was adopted. In each fold, samples 

from NC, EMCI, and LMCI groups were distributed as evenly as possible between the training and testing 

subsets, so that the minority LMCI class could be represented in both model training and evaluation. The data 

split was performed at the subject level, and all feature extraction, graph construction, and model training 

procedures for each fold were conducted using only the corresponding training subset to avoid information 

leakage.

In addition, several measures were used to reduce overfitting. First, the fused brain network was constructed 

with sparsity regularization, which constrains redundant connections and reduces the risk of fitting noise 

in small-sample settings. Second, dropout regularization was applied during model training, and the model 

was trained with a compact architecture rather than an excessively deep graph network, thereby alleviating 

over-smoothing and limiting the number of trainable parameters. Third, the multi-channel design partitions 

features into several subsets without increasing the total parameter scale under the same hidden dimension 

setting, which helps improve feature filtering while maintaining parameter efficiency. Finally, model perfor

mance was evaluated using multiple metrics, including ACC, SEN, SPE, and AUC, instead of relying only on 

accuracy [26]. This is important for imbalanced MCI classification tasks because sensitivity and specificity 

provide complementary information about the model’s ability to identify clinically relevant minority samples.

Influence of the Regularization Parameter

The construction of the fused brain connectivity network involves a single regularization coefficient, λ, which 

controls the sparsity level of the estimated network. The influence of λ on classification performance was 

evaluated by varying its value from 2
-10

 to 2
-0

. The results show that classification accuracy changes with 

different values of λ, and relatively stable performance is generally observed when λ falls within the range 

from 2
-6

 to 2
-4

.
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To clarify the influence of non-imaging covariates on population graph construction, Table 1 reports the 

learned attention coefficients for each classification task. These coefficients—denoted as as, ag, ae, ac, and 

a0—correspond respectively to the learned weights for scanner type, gender, acquisition equipment, data 

center (site), and a residual base term, obtained after training via the multi-head self-attention mechanism. 

Each coefficient quantifies the relative contribution of its associated attribute to the edge-weighting process 

in the phenotypic similarity graph.

As shown in Table 1, the learned coefficients are not identical across classification tasks, indicating that the 

model assigns different importance to non-imaging attributes according to the diagnostic comparison being 

performed. The coefficients associated with acquisition equipment and imaging center/site are relatively 

high in all tasks, suggesting that scanner-related and site-related heterogeneity plays an important role in 

population graph construction. In contrast, the coefficient for gender is lower and more stable, indicating a 

relatively weaker contribution in this cohort. The residual base term a_0 remains non-zero across tasks, which 

helps maintain a baseline phenotypic contribution when the observed categorical attributes provide limited 

discriminative information.

Figure 4 visualizes the task-specific learned attention coefficients reported in Table 1. The figure shows that 

the attention mechanism assigns different weights to non-imaging attributes across classification tasks, rather 

than treating all attributes as equally important.

Figure 4. Visualization of learned attention weights for non-imaging attributes across different classification tasks
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To evaluate the influence of the regularization parameter λ on classification performance, Figure 5 presents a 

comparative analysis of accuracy across different λ values.

Figure 5. Influence of λ on classification accuracy

Overall, the mean ACC attains its peak when λ is set to 2−5. Varying λ leads to an average ACC fluctuation of 

6.2%, suggesting that the regularization setting has a noticeable impact on fused brain network construction 

and the downstream classification results. Meanwhile, the proposed construction strategy remains relatively 

concise in terms of formulation and implementation.

Comparison of different fusion and feature extraction strategies

To further justify the use of LWCC-based topological feature extraction, we compared several representative 

fusion and feature extraction strategies under the same downstream HMT-GAT classifier and the same 

stratified 10-fold cross-validation protocol. The compared strategies included direct fMRI–DTI feature con

catenation, CCA-based latent fusion, joint NMF-based latent fusion, the SC-guided fused network without 

LWCC, and the proposed SC-guided fused network with LWCC. The purpose of this comparison was to examine 

whether preserving local weighted graph topology provides additional benefit beyond latent-space fusion or 

direct feature concatenation.

As shown in Table 3, direct fMRI–DTI feature concatenation produced the lowest mean ACC, indicating 

that simple feature-level integration may not sufficiently capture the relationship between structural and 
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functional brain connectivity. CCA-based and joint NMF-based fusion achieved higher performance than direct 

concatenation, suggesting that latent-space fusion can improve multimodal representation to some extent. 

However, these strategies still performed lower than the SC-guided fused network, probably because they 

do not explicitly preserve region-wise graph topology. When LWCC was further applied to the SC-guided 

fused network, the mean ACC increased to 87.80%, with ACC values of 87.97% and 87.63% for NC vs. EMCI 

and NC vs. LMCI, respectively. These results suggest that LWCC-based topological feature extraction provides 

complementary local clustering information and is consistent with the graph-based design of HMT-GAT.

Table 3. Comparison of different fusion and feature extraction strategies under the same HMT-GAT classifier

Strategy Graph topology NC vs EMCI ACC(%) NC vs LMCI ACC(%) Mean ACC (%)

Feature concatenation Not explicitly preserved 83.42 84.76 84.09

CCA-based fusion Partly preserved 84.58 85.21 84.90

Joint NMF-based fusion Partly preserved 85.16 85.83 85.50

SC-guided fusion without LWCC Preserved 86.31 86.52 86.42

SC-guided fusion + LWCC Preserved 87.97 87.63 87.80

The classification performance, measured by Accuracy (ACC), Sensitivity (SEN), and Specificity (SPE), is 

compared across various multi-modal configurations (fMRI, DTI, and fMRI+DTI) and analytical methods (GCN, 

SVM, MLP, GAT). The results show that models using both fMRI and DTI generally achieve better classification 

performance than single-modality settings. This finding suggests that integrating structural and functional 

brain information can improve the discriminative capacity of the model. Among the evaluated methods, HMT-

GAT achieves the highest ACC in both NC vs.  EMCI and NC vs.  LMCI tasks, while maintaining a favorable 

balance between sensitivity and specificity. Notably, the proposed HMT-GAT model demonstrates significant 

enhancement in sensitivity, a critical indicator for early-stage detection of Mild Cognitive Impairment (MCI), 

thus emphasizing its potential clinical utility.

To comprehensively assess the effectiveness of different models and modality combinations, Figure 6 presents 

a heatmap comparison of classification performance (ACC, SEN, SPE) across multiple methods.
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Figure 6. Classification performance comparison of different modality-method combinations on NC vs. EMCI and NC vs. LMCI tasks

The heatmap illustrates the performance of various multi-modal classification methods for distinguishing 

cognitive states, using key metrics: Accuracy (ACC), Sensitivity (SEN), and Specificity (SPE). It shows that 

combining modalities like fMRI+DTI generally enhances Sensitivity and Specificity, particularly with models like 

GAT. Some configurations, such as fMRI+DTI (MLP), perform less effectively, especially in Sensitivity. Overall, 

the heatmap highlights the importance of model selection and multi-modal integration in improving early 

Alzheimer’s disease classification.

DISCUSSION

Impact of Non-Imaging Information on Classification Performance

In earlier Graph Convolutional Network (GCN) studies, non-imaging information has been identified as an 

important factor influencing classification performance, where nodes sharing the same attribute are often 

assigned higher edge weights. For example, the experimental results in showed that incorporating gender 

and scanner type into GCN construction can lead to a 3% improvement in classification accuracy (ACC) 

for Alzheimer’s Disease (AD) and Autism Spectrum Disorder (ASD) prediction tasks. Similarly, the results in 

TEXTILE & LEATHER REVIEW | 2026 | 9 | 4034‐4069

https://doi.org/10.31881/TLR.2026.4034 4055

https://doi.org/10.31881/TLR.2026.4034


 SU P et al.

indicated that these attributes can yield an average ACC improvement of 7.1% for Normal Control (NC) and 

Mild Cognitive Impairment (MCI) classification. In addition, different data sources, such as those encountered 

in multi-center studies, also influence prediction performance for ASD

To evaluate the influence of non-imaging covariates, experiments were conducted to examine the classifica

tion performance under different combinations of demographic and acquisition information. As shown in Fig. 

7, when only one type of non-imaging information is used, the average ACCs across the evaluated classification 

tasks are 84.2%, 84.9%, 83.8%, and 88.2% for gender, equipment type, data source, and training-label-related 

grouping information, respectively. The label-related grouping information was used only within the training 

fold and was not provided as an input for test samples.

Figure 7. Effect of different non-imaging attribute settings on classification accuracy across MCI-related classification tasks

The corresponding attention coefficients learned for each non-imaging attribute during training are presented 

in Table 1. These coefficients were optimized jointly with the classification loss and incorporated into the 

phenotypic similarity matrix through a weighted combination of attribute-level similarities. Therefore, they 

provide an interpretable description of how demographic and acquisition-related factors modulate the final 
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population graph. The non-zero residual base term further ensures that the phenotypic graph retains a 

baseline contribution even when specific categorical attributes are weakly informative.

Influence of Feature Channel Partitioning on Model Accuracy

The selected features may exhibit heterogeneous statistical properties and different sensitivity to noise, 

which motivates the use of channel-wise processing. To better accommodate this heterogeneity, the selected 

features are partitioned into several subsets according to their statistical characteristics, and separate graph 

filters are assigned to each subset. As shown in Fig. 8, classification performance varies with the number of 

feature channels, indicating that feature partitioning affects graph filtering. As described in Section 3.4, the 

channel number W was treated as a validation-selected hyperparameter rather than a learnable parameter. 

Candidate values were set to W∈{1,2,3,4,5,6}, and W=5 was selected as the default setting because it achieved 

the best mean ACC across the evaluated MCI-related tasks.

Figure 8. Effect of the number of feature channels on classification accuracy.

As shown in Fig. 8, classification performance varies with the number of feature channels, indicating that 

feature partitioning affects graph filtering.

In the current setting, a moderate number of channels leads to more stable performance than using too 

few or too many channels. Specifically, the NC vs. EMCI task reaches its highest ACC when four channels 
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are used, whereas the NC vs.  LMCI and EMCI vs.  LMCI tasks achieve their best performance with five 

channels. Since W=5 gives the best mean performance across the evaluated tasks, it was selected as the 

default channel number in the final model. These results suggest that channel-wise feature partitioning helps 

balance discriminative feature extraction and model stability. From the perspective of model complexity, 

the parameter-efficiency claim holds under the disjoint feature partitioning setting. Specifically, the ranked 

features are divided into non-overlapping subsets, and each feature is assigned to only one be the number of 

features assigned to the w-th channel, where ∑𝑊
𝑤=1 𝑀𝑤 = 𝑀 . If each channel-specific graph filter uses the 

same hidden dimension 𝑄1 , the total number of channel-specific filtering parameters is:

∑
𝑊

𝑤=1
𝑀𝑤 × 𝑄1 = 𝑀 × 𝑄1 (24)

This is the same as the parameter count of a conventional single-channel transformation with 𝑀 input fea

tures and 𝑄1 hidden units. Therefore, the multi-channel design preserves parameter efficiency because each 

branch operates only on its assigned feature subset rather than on the full feature vector. The concatenation 

operation itself is parameter-free; any additional projection layer after concatenation is counted separately 

and kept identical across the compared settings.

In the final classification stage, stratified 10-fold cross-validation was conducted to evaluate the model’s 

performance. The stratified setting was used to preserve the class distribution of NC, EMCI, and LMCI samples 

in each fold as much as possible, which is particularly important because the LMCI group contained a relatively 

small number of subjects. For each validation round, the model was trained on nine folds and tested on 

the remaining fold. The testing fold was kept completely independent from model training and parameter 

selection. The evaluation metrics included Accuracy (ACC), Sensitivity (SEN), Specificity (SPE), and the Area 

Under the Receiver Operating Characteristic Curve (AUC). These metrics were reported together to provide 

a more balanced evaluation under class-imbalanced conditions. Key training parameters were set as follows: 

dropout rate of 0.1, learning rate of 0.005, and 200 training epochs. Dropout and sparsity-constrained graph 

construction were used to reduce overfitting, while the relatively compact multi-channel graph attention 

architecture helped control model complexity.
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To validate the effectiveness of the proposed model, several representative baseline algorithms were imple

mented for comparison. These include Support Vector Machine (SVM), which achieved an average ACC of 

73.3%, and Logistic Regression, which obtained an average ACC of 76.6%.

As shown in Table 4, HMT-GAT achieves the highest ACC in both NC vs. EMCI and NC vs. LMCI tasks among the 

implemented methods. For the NC vs. EMCI task, HMT-GAT improves ACC from 85.54% obtained by fMRI+DTI-

GCN to 87.97%, while also improving SEN from 76.74% to 80.46% and SPE from 90.38% to 91.45%. For the NC 

vs. LMCI task, HMT-GAT achieves an ACC of 87.63%, which is slightly higher than fMRI+DTI-GCN, and obtains 

a more balanced performance with SEN of 95.13% and SPE of 94.46%. Although DTI-GCN shows a higher SEN 

in the NC vs. LMCI task, its ACC and SPE are lower, suggesting that HMT-GAT provides a better overall balance 

between sensitivity and specificity.

Table 4. Performance Comparison of Different Methods and Modalities on NC vs. EMCI and NC vs. LMCI Classification Tasks

Modality Method
ACC(%) SEN(%) SPE(%) ACC(%) SEN(%)

                             NC vs EMCI                                                         NC vs LMCI
SPE(%)

fMRI GCN 80.56 65.69 90.95 83.33 95.13 71.68

DTI GCN 78.19 63.53 86.67 73.83 97.69 77.36

fMRI + DTI GCN 85.54 76.74 90.38 87.35 80.67 84.06

fMRI + DTI SVM 76.66 36.37 90.39 79.56 74.76 84.85

fMRI + DTI MLP 72.56 44.28 78.63 80.69 80.45 79.38

fMRI + DTI GAT 73.97 58.46 82.45 79.46 74.58 84.06

fMRI + DTI HMT-GAT 87.97 80.46 91.45 87.63 95.13 94.46

Baseline implementation and fair comparison protocol

To ensure a fair comparison, all implemented baseline models were evaluated using the same dataset, pre

processing procedure, subject-level feature representation, and stratified 10-fold cross-validation splits as the 

proposed HMT-GAT model. The baseline methods included SVM, MLP, GCN, and GAT, because these models 

represent conventional machine learning, standard fully connected neural networks, graph convolution-based 

learning, and attention-based graph learning, respectively. For SVM, the regularization parameter and kernel-

related parameters were selected through grid search within the training folds [27]. For MLP, GCN, and GAT, 

the hidden dimension, learning rate, dropout rate, and number of training epochs were tuned using only the 

training folds. The test fold was kept independent and was not used for model selection or hyperparameter 

tuning.
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For graph-based baselines, the same population graph construction strategy and the same input features were 

used whenever applicable. The GCN baseline used graph convolution layers with the same fused fMRI–DTI 

features as input. The GAT baseline replaced graph convolution with graph attention layers while keeping the 

same data split and training protocol. The proposed HMT-GAT was evaluated under the same cross-validation 

setting, with dropout rate set to 0.1, learning rate set to 0.005, and 200 training epochs. This unified evaluation 

protocol was used to reduce bias caused by different data splits or preprocessing settings.

Influence of Edge Pooling Rate on Classification Accuracy

To reduce redundant connections and improve the stability of graph filtering, an edge pooling strategy without 

additional trainable parameters is introduced. Based on the proposed HMT-GAT framework, experiments are 

conducted by varying the pooling rate from 0% to 30% to investigate its influence on classification perfor

mance. The corresponding results are illustrated in Fig. 9.

Figure 9. Effect of the pooling rate on classification accuracy across MCI-related classification tasks

Experimental findings indicate that the edge pooling rate has a noticeable influence on classification accuracy. 

As shown in Fig. 9, the NC vs. LMCI task achieves the highest ACC when the pooling rate is set to 15%, while 
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the NC vs. EMCI task reaches its best performance at 5%. For the EMCI vs. LMCI task, the ACC increases as the 

pooling rate rises from 0% to 15%, and then gradually decreases when the pooling rate is further increased. 

Overall, a moderate pooling rate, especially around 10%–15%, tends to preserve useful graph structure while 

reducing redundant connections. In contrast, excessive pooling may remove informative edges or nodes, 

leading to a decline in classification performance.

Overall, the average accuracy across the evaluated MCI-related classification tasks is highest when the pooling 

rate is around 15%. This result suggests that a moderate edge pooling rate can reduce redundant or noisy 

connections while preserving informative graph structure.

Discriminative Connectivity Features and Related ROIs

To interpret the effectiveness of the proposed framework from a biological perspective, an analysis of the 

discriminative features is conducted following the classification stage. The proposed model achieves the 

highest classification accuracy across all tasks, and a key contributing factor lies in the dual-modality brain 

connectivity network, which captures more robust and biologically relevant interactions by fusing rs-fMRI and 

DTI data. This fusion facilitates the identification of brain ROIs that are closely associated with AD and MCI, 

thus enhancing the model’s interpretability and diagnostic value.

In the fused connectivity network, several well-established AD/MCI-related ROIs were consistently identified 

[28]. Representative regions included the right inferior temporal gyrus (ITG.R), right amygdala (AMYG.R), right 

insula (INS.R), left olfactory cortex (OLF.L), left angular gyrus (ANG.L), and right precuneus (PCUN.R). These 

regions are broadly consistent with previous evidence that AD/MCI-related alterations involve distributed 

cortical and subcortical networks [29]. Among them, the ITG.R is especially notable for its involvement in 

advanced cognitive functions and emerges as the most significant region across multiple tasks.

Table 5 lists the top 10 ROIs most strongly associated with each classification task. When ROIs are extracted 

from single-modality connectivity networks (based on either fMRI or DTI), only a portion of them are found 

to be closely related to early-stage AD. In contrast, most of the top 10 ROIs derived from the proposed 

dual-modality fusion network show strong and consistent associations with early AD pathology. For instance, 

from fMRI-derived features, regions such as the hippocampus (HIP.L), putamen (PUT.L), amygdala (AMYG.L), 

and middle occipital gyrus (MOG.R) are identified all of which are known to be implicated in early AD [30]. 

Similarly, in the DTI-based features, the insula (INS.R), postcentral gyrus (PoCG.R), precuneus (PCUN.R), and 
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supplementary motor area (SMA.R) are highlighted as structurally affected in the early stages of neurodegen

eration.

Table 5. Top 10 Discriminative Features extracted by HMT-GAT framework

DTI fMRI Ours

ROI Index ROI abbr ROI Index ROI abbr ROI Index ROI abbr

86 MTG.R 24 SFGmed.R 90 ITG.R

87 TPOmid.L 37 HIP.L 30 INS.R

59 SPG.L 71 CAU.L 21 OLF.L

30 INS.R 61 IPL.L 61 IPL.L

78 THA.R 73 PUT.L 65 ANG.L

58 PoCG.R 41 AMYG.L 42 AMYG.R

68 PCUN.R 84 TPOsup.R 68 PCUN.R

75 PAL.L 87 TPOmid.L 40 PHG.R

56 FFG.R 36 PCG.R 74 PUT.R

20 SMA.R 52 MOG.R 78 THA.R

Figure 10 summarizes, for each classification task, the 20 most discriminative connectivity patterns together 

with the 10 most influential ROIs. These results reveal that distinct connectivity patterns and ROIs are 

emphasized across different diagnostic group comparisons, supporting the biological heterogeneity of AD 

progression.
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Figure 10. Discriminative ROIs and connectivity patterns identified from the dual-modality fused brain network

Overall, the incorporation of dual-modality fusion not only improves classification accuracy but also enables 

the discovery of clinically meaningful biomarkers, demonstrating the potential of the proposed model for 

precision diagnosis and early detection of neurodegenerative diseases.

Limitations and generalizability under limited LMCI samples

Although the proposed HMT-GAT framework achieved promising performance in MCI-related classification 

tasks, the relatively small number of LMCI samples remains an important limitation of this study. In the current 

dataset, the LMCI group contained only 21 subjects, which may reduce statistical power and increase the risk 

of unstable model estimation. To mitigate this issue, stratified 10-fold cross-validation was adopted to preserve 

the class distribution of NC, EMCI, and LMCI samples as much as possible in each fold. In addition, dropout 

regularization, sparsity-constrained brain network construction, and a compact multi-channel graph attention 

structure were used to reduce overfitting. Multiple evaluation metrics, including ACC, SEN, SPE, and AUC, 

were also reported to provide a more balanced assessment under class-imbalanced conditions. Nevertheless, 

the results involving LMCI should still be interpreted with caution. Future studies will further validate the 
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proposed framework on larger, more balanced, and independent multi-center cohorts, and external validation 

will be introduced to better assess the generalizability of the model.

Methodological comparison with other GCN variants

Several improved GCN variants, including HGNN, Graph U-Net, GraphSAGE, GAT, and AGNN, have been 

proposed to enhance graph representation learning from different perspectives. In this study, these models 

are discussed as representative graph neural network architectures rather than as directly re-implemented 

experimental baselines, unless otherwise specified in table 4. The quantitative comparison in this manuscript 

is limited to the implemented methods listed in table 4, including SVM, MLP, GCN, GAT, and the proposed 

HMT-GAT, all of which were evaluated under the same data split and validation protocol.

HGNN extends conventional pairwise graph modeling by introducing hyperedges to capture high-order rela

tionships among multiple nodes. Graph U-Net introduces graph pooling and unpooling operations to learn 

hierarchical graph representations. GraphSAGE learns aggregation functions from local neighborhoods and 

is useful for inductive graph learning. AGNN dynamically updates node interactions according to feature 

similarity, while GAT uses attention coefficients to assign different weights to neighboring nodes. These 

methods provide valuable directions for improving graph representation learning. However, they either 

require additional architectural components, introduce extra trainable parameters, or focus mainly on struc

tural propagation without explicitly modeling multimodal brain connectivity and non-imaging covariates in 

the same framework.

Compared with these representative GCN variants, the proposed HMT-GAT focuses on phenotype-aware 

multimodal brain network learning for MCI identification. Its main difference lies in the combination of 

three components: structurally guided fMRI–DTI fusion, non-imaging information-driven population graph 

construction, and multi-channel graph attention learning. Therefore, the purpose of this subsection is to clarify 

the methodological relationship between HMT-GAT and existing GCN variants, rather than to claim direct 

quantitative superiority over methods that were not re-implemented in the present experiments.

CONCLUSION

This study addresses the need for accurate early identification of MCI, a prodromal stage of AD, by proposing 

the HMT-GAT framework. Conventional approaches often process fMRI and DTI separately or fuse them at 

a later stage, thereby failing to exploit their synergistic potential. Moreover, inter-site heterogeneity and the 

oversmoothing effect inherent in deep GCNs further hinder classification accuracy.
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A structural connectivity–guided fusion strategy is introduced to constrain the construction of functional 

connectivity networks using DTI‐derived structural information. This biologically grounded integration at 

the graph level substantially improves the network’s discriminative capacity in distinguishing MCI from NC. 

Comparative experiments indicate that the proposed fusion strategy improves classification performance 

compared with the implemented baseline settings under the same evaluation protocol.

The impact of demographic and acquisition-related covariates, including acquisition site, gender, scanner 

type, and training-fold label-related grouping information, was also assessed. The label-related grouping 

information was used only within the training folds and was not provided as an input feature for test samples. 

Notably, embedding disease status into graph construction yields the most substantial performance gain, 

followed by multi-center attributes, thus confirming the impact of site-specific heterogeneity. The proposed 

attention mechanism effectively incorporates these covariates into the graph architecture, boosting model 

robustness and generalization.

Experimental findings also underscore the efficacy of the multi-channel GAT design, which enables fine-

grained filtering by assigning dedicated channels to statistically distinct feature subsets. This architecture 

minimizes noise propagation and enhances the representation of discriminative features. Additionally, a 

pooling mechanism based on disease-state similarity refines the graph structure by excluding diagnostically 

irrelevant nodes, leading to an observed accuracy gain of up to 2.3%.

In summary, HMT-GAT substantially improves feature filtering and classification outcomes, as validated by 

consistently superior accuracy, sensitivity, and specificity metrics. Beyond the context of MCI detection, 

the proposed framework provides a robust, interpretable, and transferable solution for multi-modal graph 

learning in neuroimaging-based diagnostic applications.
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