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A B S T R A C T

Correctly diagnosing Alzheimer’s disease (AD) and identifying pathogenic brain regions and genes play a vital
role in understanding the AD and developing effective prevention and treatment strategies. Recent works
combine imaging and genetic data, and leverage the strengths of both modalities to achieve better classification
results. In this work, we propose MCA-GCN, a Multi-stream Cross-Attention and Graph Convolutional Network-
based classification method for AD patients. It first constructs a brain region-gene association network based
on brain region fMRI time series and gene SNP data. Then it integrates the absolute and relative positions
of the brain region time series to obtain a new brain region time series containing temporal information.
Then long-range and local association features between brain regions and genes are sequentially aggregated
by multi-stream cross-attention and graph convolutional networks. Finally, the learned brain region and gene
features are input to the fully connected network to predict AD types. Experimental results on the ADNI dataset
show that our model outperforms other methods in AD classification tasks. Moreover, MCA-GCN designed a
multi-stage feature scoring process to extract high-risk genes and brain regions related to disease classification.
1. Introduction

Alzheimer’s disease (AD) is a chronic neurodegenerative disease
that is a form of dementia. It causes severe impairments in memory,
thinking skills, mobility, and language (Bellenguez et al., 2022). In
addition to the huge impact of this disease on the patients themselves,
it also burdens their families and society. Since no effective cure has
been found, it is important to correctly diagnose Alzheimer’s disease
and identify the corresponding brain regions and genes to prevent and
treat AD (Yu, Sporns, & Saykin, 2021).

Brain imaging genetics is an emerging field that combines brain
imaging techniques, such as structural magnetic resonance imaging
(sMRI) and functional magnetic resonance imaging (fMRI), with ge-
netic data, such as single nucleotide polymorphisms (SNPs), to study
the relationships between brain structure, function, and genetic varia-
tions (Abbas, Chi, & Chen, 2023; Scelsi et al., 2018; Smith et al., 2021).
By integrating these different data types, researchers aim to explore the
complex interactions between genes and brain function, gain insights
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into the underlying molecular mechanisms that contribute to human
cognition and behavior, and understand how changes in these mech-
anisms may relate to neurological and psychiatric disorders (Li et al.,
2020; Mahmud, Kaiser, McGinnity, & Hussain, 2021; Zhao et al., 2023).
As a commonly used brain imaging technique, functional magnetic
resonance imaging measures changes in blood oxygen levels to infer
brain activity in different regions. Researchers can analyze fMRI data
to investigate brain function in different cognitive states and disease
conditions (Micheloyannis, Sakkalis, Vourkas, Stam, & Simos, 2005;
Stam, van Walsum, & Micheloyannis, 2002). In recent years, there have
been some brain imaging genetics approaches to reveal associations
between brain function and genetic variation by integrating fMRI data
and genetic data, thus providing a more comprehensive view of AD
diagnosis (Bi et al., 2023; Golovanevsky, Eickhoff, & Singh, 2022;
Sharma, Goel, Tanveer, Lin, & Murugan, 2023; Zhou et al., 2020). These
methods can be categorized into two groups: correlation analysis-based
and machine learning-based methods.
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data mining, AI training, and similar technologies. 
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Correlation analysis-based methods focus on establishing links be-
tween brain regions and genes through regression and typical correla-
tion analyses to extract discriminative features for AD diagnosis (Wei,
Kong, & Wang, 2022). For example, Wang et al. (2012) proposed a

ethod called G-SMuRFS to study the effects of genetic variants on
rain structure and functions. It performs regression analysis to model

the relationship between genetic variants (SNPs) and brain imaging
features, aiming to identify the most relevant and informative genetic
markers that contribute to AD-related imaging phenotypes. Greenlaw
et al. (2017) used a multitask regression model to investigate the rela-
tionship between genetic variations and brain structure by integrating
information from 486 single nucleotide polymorphisms (SNPs) with
MRI measurements of brain volume and cortical thickness. Du et al.
(2020) utilized sparse typical correlation analysis (SCCA) to estab-
lish associations between SNP data and MRI data, providing insights
nto how genetic variations may influence brain structure or func-
ion. Wang, Shao, Hao, Huang, and Zhang (2022) proposed a method

called Deep Self-Reconstructing Sparse Typical Correlation Analysis
(DS-SCCA) for analyzing the associations between genetic variants and
fMRI data. Although traditional brain imaging genetics methods have
bridged the gap between genetic variation and disease phenotypes in
AD, they often assume a linear relationship between genetic variation
and disease phenotypes in Alzheimer’s disease and other neurological
disorders. They are prone to ignoring the complex interactions between
genetic molecules and disease phenotypes. In recent years, machine
learning methods have successfully fused multi-modal and multi-omics
data for AD diagnosis. For example, Bi, Hu, Wu and Wang (2020)
btained fusion features by calculating the correlation between a brain
egion and gene sequences. Then, a genetic evolutionary strategy and
andom forest (RF) were taken to integrate multiple classifiers to
dentify AD patients and discover some brain regions and genes sig-
ificantly associated with AD. Batmanghelich, Dalca, Quon, Sabuncu,
nd Golland (2016) used a Bayesian framework to infer the posterior
robability of correlations between image features and genetic variants
nd identify associations contributing to AD disease. In addition, sev-
ral graph convolutional neural network (GCN)-based approaches have
merged in recent years approaches, which abstract multimodal data
nto graph structures with interconnections and learn new representa-
ions from their topologies (Gao, Shi, Shen, & Liu, 2021; Peng, Chen, &

Dai, 2021; Peng, Tang, Dai, & Chen, 2022; Song, Mao, & Qian, 2021).
For example, Bi, Zhou, et al. (2022) constructed a brain region-gene
network using fMRI and SNP sequence data, where brain regions and
enes were nodes and correlations were weighted for edges. A method
alled FAGCN was proposed to update the features of each node by
ggregating information from neighbors and leveraging a full-gradient
aliency graph mechanism to score and identify brain regions and genes

associated with diseases. Shang et al. (2023) constructed a correlation
map of brain imaging and genetic data of patients with mild cognitive
mpairments and ran a graph capsule convolutional network (GCCN)
o learn their complex relationships. However, GCN-based methods still
ave some limitations (Jin, Zeng, Xia, Huang, & Liu, 2021). First, GCNs

are primarily designed for processing graph-structured data. They are
less suited for directly processing sequential data, such as time-series
data from brain imaging. The sequences have temporal dependencies
and order information recording the changes in brain regions over time.
The position encoding strategy in the Transformer model can capture
changes in brain regions over time and enhance the representation
of brain regions, which is also essential for capturing long-distance
dependencies of brain areas in time. Second, most of current GCN-based
methods consider local effects between the genes and brain regions and
ignore their long-range effects.

However, there are varying degrees of long-distance correlations
between brain regions and genes to affect human cognition and be-
haviors. Studies have shown strong correlations between brain regions
ar apart in physical location (Alexander-Bloch, Giedd, & Bullmore,

2013). For example, gray matter volume in the hippocampus co-varies
2 
significantly with gray matter volume in other distant areas involved in
memory systems, such as the amygdala and parahippocampal cortex,
entorhinal cortex, and orbitofrontal cortex (Bohbot, Lerch, Thorndy-
craft, Iaria, & Zijdenbos, 2007). For genetic data, recent studies have
shown that many known AD risk genes are under the long-range
regulation of promoter-enhancer interactions (Meng et al., 2023). For
example, Cursano et al. (2021) identified long-distance interactions
between AD risk SNPs and the promoters of AD risk genes, such as

IN1, CR1, ARHGEF7, CEP72, MAPT and CRHR1, which may influence
he transcription and activity of these genes in AD. On the other
and, multiple genes with long distances in the physical network
an be co-regulated in the same brain region (Roshchupkin et al.,

2016). Multiple distant brain regions can also be affected by a gene
simultaneously, e.g., the frontal, parietal, temporal and occipital lobes
nd cerebellum are all associated with reduced levels of SNAP25 pro-

tein in AD patients (Furuya et al., 2012; Greber, Lubec, Cairns, &
Fountoulakis, 1999). It is, therefore, necessary to design a method to
mine the complex long-range interaction information between imaging
henotypes and genetic molecules (Arranz & De Strooper, 2019). In

addition, fMRI data contain time-series information, which can capture
changes in brain activity and help to understand the evolution of
brain function over time (Hindriks et al., 2016). Researchers typically
construct dynamic functional connectivity (dFC) to capture temporal
changes in functional connectivity during fMRI acquisition (Hindriks
et al., 2016; Kong et al., 2021). However, traditional dFC methods us-
ing sliding window-based correlations have several limitations, includ-
ing increased data dimensionality, potentially redundant information,
and sensitivity to window parameters. Transformer model (Vaswani
et al., 2017) excels in capturing multilevel feature interactions be-
tween sequence data as well as mining long-range associations between
data (Zhang, Han, Zhu, Sun, & Zhang, 2021). Moreover, the attention
mechanism in Transformer can naturally consider feature contributions
that are effective for downstream tasks, thereby providing intuitive
interpretability for the prediction results (Hu, Wang, Jin, & Hou, 2023;
Li, Zeng, Zhang, Wu, & Li, 2023; Qin, Liu, Guo, & Zhu, 2022; Xing et al.,
2020). Some attention-based methods have been proposed for diagnos-
ing AD. Most of them either adopt a self-attentive neural network to
capture features from sMRI images for AD diagnosis Zhang et al. (2021)
or Liu et al. (2023) use multiple cross-attention blocks to integrate
information from different modalities between sMRI and clinical data
o make AD predictions. However, few approaches efficiently combine
maging and genetic data and simultaneously consider the long-range
nd local interactions between both modalities.

To address the above challenges, we propose MCA-GCN, a Multi-
tream Cross-Attention and Graph Convolutional Network-based classi-
ication method for AD patients. It first constructs a brain region-gene
ssociation network based on brain region fMRI time series and gene
NP data. Then it integrates the absolute and relative positions of
he brain region time series to obtain a new brain region time series
ontaining temporal information. To achieve a robust performance of
ur method, we partition it into three sub-modules: a Multi-view Long-
ange Information Fusion (MLIF) Module with multi-stream cross-
ttention, a Local Information Aggregate (LIA) Module with graph

convolutional network and a prediction module with the fully con-
nected network. Moreover, we introduced a multi-stage feature scoring
process for identifying brain regions and genes that are significantly
associated with an AD diagnosis. This process breaks down predictions
into multiple stages based on the sub-modules. It leverages different
eature scoring strategies for these modules, generating score curves for
ssential genes and brain areas of diagnostic results. Compared with the
xisting methods, the contributions of our method are as follows:

• We introduce a learnable positional encoding method to incorpo-
rate absolute and relative temporal information at brain region
nodes. This model can better capture changes in brain regions
over time and enhance the representation of brain regions.
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Fig. 1. The framework of MCA-GCN.
• We use a multi-stream cross-attention mechanism to learn brain
region feature-based gene attention vectors and gene feature-
based brain region attention vectors separately. This approach
allows the model to learn long-range correlations between brain
regions and genes from multiple perspectives and also consider
the difference in genes in brain regions features.

• Learning brain region-gene associations both long-range and lo-
cally. A brain region-gene association network was constructed
based on brain region fMRI time series and gene SNP data.
Furthermore, a Graph Convolutional Network (GCN)-based lo-
cal information transfer module is designed to learn local as-
sociations between brain regions and genes, providing a more
comprehensive view of their relationships.

• MCA-GCN introduced a multi-stage feature scoring process that
applies different feature scoring strategies to assigning weights
to features (genes and brain areas) based on their importance or
relevance to the classification task. By analyzing the score curves,
the model identifies high-risk genes and brain regions that are
associated with AD classification.

2. Data acquisition and pre-processing

2.1. Data acquisition

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) study is
a longitudinal, multicenter research initiative focused on the early
detection and tracking of Alzheimer’s disease. The study includes par-
ticipants with different cognitive statuses, including AD patients, cog-
nitively normal controls (NC), and individuals with mild cognitive
impairment (MCI). Mild cognitive impairment (MCI) is recognized as
a potential precursor to AD and other types of dementia. According to
the new criteria defined by ADNI, patients with MCI are categorized
into two groups: early MCI (EMCI) and late MCI (LMCI). In this paper,
869 samples were obtained from ADNI, excluding samples disturbed by
large head movements (exclusion criteria: maximum head movements
of 2.0 mm and 2.0 degrees) (Jr et al., 2008). A final sample of 817
comprises 222 AD patients, 213 cognitively NC samples, 190 EMCI
samples, and 192 LMCI samples. Among them, AD samples were from
ADNI-2, ADNI-3, and ADNI-DOD. NC samples were from ADNI-3. EMCI
and LMCI samples were from ADNI-GO, ADNI-2, and ADNI-3. The
sample information is shown in Table 1, which includes which of
the four types of samples came from which ADNI centers and their
numbers.
3 
Table 1
Sample information.

Variables AD NC EMCI LMCI

Total sample number 222 213 190 192
ADNI-GO samples / / 14 3
ADNI-2 samples 88 / 125 114
ADNI-3 samples 11 213 51 75
ADNI-DOD samples 123 / / /
Age (mean ± std) 71.83 ± 6.60 74.61 ± 7.86 73.64 ± 6.67 74.84 ± 8.00
Gender (F/M) 45/177 91/122 84/106 89/103

2.2. Data pre-processing

The MCA-GCN takes resting-state functional magnetic resonance
imaging (rs-fMRI) data and single-nucleotide polymorphism (SNP) ge-
netic data as input. To ensure the accuracy of the experiment, we took
the following data preprocessing steps for rs-fMRI and genetic data.

We used DPARSF (Yan & Zang, 2010) to process the rs-fMRI data
and in order to extract the time series of brain regions of interest (ROIs),
the relevant parameters followed the standard settings in DPARSF (Yan,
Wang, Zuo, & Zang, 2016) as follows: (1) Format Conversion: Converts
rs-fMRI data in DICOM format to NIFTI format recognized by DPARSF.
(2) Deletion of the first 10 time points: The instrument’s magnetic field
may be unstable and noisy during the first few time points. By deleting
the first 10 time points for each subject, these potential confounding
factors can be eliminated, ensuring that subsequent analyses are based
on more stable and reliable data. (3) Time Layer Correction: Since brain
scans are usually layered, there may be differences in scan times for the
same brain region. The purpose of time layer correction is to correct
these scans to the same point in time for more accurate time series
analysis. (4) Head Motion Correction: With head motion correction,
the image can be accurately corrected to the correct position, reducing
the image position shift caused by the subject’s head movement. (5)
Spatial normalization: Normalizes brain imaging data from all subjects
to match the echo planar imaging (EPI) template, ensuring that brain
imaging data from different subjects can be aligned to the same stan-
dard space. (6) Image smoothing: Gaussian smoothing is performed on
the image to improve the sex-to-noise ratio with smoothing parameters
FWHM of [6, 6, 6]. Smoothing can help to reduce noise, highlight
potential signals, as well as improve the overall quality of the image.
(7) Filtering: By setting the filtering parameter to 0.01–0.08 Hz, low
and high frequency noise can be removed, thus improving the qual-
ity of the image. (8) Covariate removal: eliminating some potential
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interfering factors, including global signal, noise in gray matter white
matter, etc. (9) Brain region time series extraction: using the AAL-116
template (Tzourio-Mazoyer, Landeau, Papathanassiou, Crivello, Etard,

elcroix, Mazoyer, & Joliot, 2002), the brain was divided into 116
rain regions aligned with the template, and the somatostatin blood
xygenation level-dependent (BOLD) signals of each brain region were
alculated to obtain the functional average time series of the brain
egions.

Quality control and pre-processing of SNP genetic data was per-
formed using PLINK (Purcell et al., 2007) and MAGMA (de Leeuw,
Mooij, Heskes, & Posthuma, 2015), with parameters set according
to Marees et al. (2018), as follows: (1) Missing rate control: samples

ith excessive SNP missing rates and SNPs with excessive missing
ates within the sample were filtered by a loose threshold (20%) and
 strict threshold (2%), respectively. (2) Minimum allele frequency
MAF) control: in genomic association analysis, too low allele frequency
ay lead to unstable statistical effects, so setting a reasonable MAF

hreshold can help to improve the reliability and generalization of the
esults, in this paper, we set the MAF threshold to 0.05 to exclude

the effect of rare variant loci. (3) Hardy-Weinberg equilibrium (HWE)
test: The HWE test can be used to detect possible data errors and is
an important quality control step in genomics research. Genotypes that
do not conform to HWE may be affected by selection, mutation, or
technical factors, and thus require quality control. In this paper, the
threshold is set to 0.000001. (4) Linkage Disequilibrium (LD) pruning:
removing highly correlated SNPs by calculating the LD levels among
hem can reduce genome-wide redundant information, avoid multiple
omparison errors as well as reduce false positive results in genetic
ssociation analysis. In this paper, 200 SNPs were used as a sliding win-

dow to screen for SNPs with strong LD levels between them and other
SNPs, based on a paired r2 threshold of 0.98 (Hinds, Kloek, Jen, Chen,
 Frazer, 2006). (5) Mapping SNPs to genes: quality-controlled SNPs
ere mapped to the genes to which they belonged according to their
hysical location using MAGMA (reference human genome version as
uild-37 (Consortium, 2004)) to allow for further subsequent extraction
f SNP-coding data from each sample. (6) Filtering genes using the

Protein-Protein Interaction (PPI) network: these genes need to have
edges in all 4 PPI networks (database-based PPI, experimental-based
PPI, co-expression-based PPI, and text-mining-based PPI) downloaded
from STRING (Szklarczyk et al., 2023). We verified the existence of
dense network associations for these genes in the experimental part. In
the end, we retained 42 genes to ensure that the dataset was sufficiently
nformative and relevant. (7) Gene coding: Finally, the gene SNPs
ata were coded into 0, 1, and 2 number sequences representing the
ure common genotypes, heterozygous genotypes, and pure uncommon
enotypes, respectively. For example, AA was coded as 0, AC as 1, CC

as 2, and finally, each gene was represented as sequence data with a
ength of 90.

3. Methodology

3.1. Overview of MCA-GCN

Fig. 1 demonstrates the framework of MCA-GCN. It consists of five
parts, 1. Brain Region-Gene Network (BG-NET) Construction: Brain
region-gene association network BG-NET was constructed based on
brain-region time series and gene SNP data. 2. Time-signal Position
Encoding: the MCA-GCN introduces a learnable positional encoding
method to integrate absolute and relative information of the brain
region time series. 3. Multi-View Long-Range Information Fusion Mod-
le: Considering the differences between brain regions and genes, the

MCA-GCN used the multi-stream cross-attention mechanisms to get
the long-range correlations between brain regions and genes from the
two perspectives of brain regions and genes, respectively. 4. Local
Information Aggregate Module: the outputs in the multi-view long-
range information fusion module are used as the initial features of
4 
brain regions and genes, and the graph convolutional neural network
model is utilized to converge the local neighboring features in the
brain region-gene network to learn the brain-region and gene feature
representations. 5. Prediction: finally, we input the brain region and
gene features into a fully-connected network to predict the disease type
of AD.

3.2. BG-NETs network construction

The aim of this paper is to categorize AD patients by fusing rs-
MRI and genetic data, and to explore the brain regions and genes

associated with AD. In order to correlate brain regions and genes,
educe the impact of inertia effects and accurately reflect steady-state

neural activity, we retained the leaning time points and cropped the
ength of the brain region time series to the same length as the gene

coding sequence (Fair et al., 2007; Fransson, 2005). That is, the number
of brain region time points is 90. We constructed brain region-gene
ssociation networks (BG-NETs) by calculating the Pearson coefficients
PCC) between brain regions and genes. In mathematical form, BG-
ETs are defined as 𝐺 =

{

1,2,… ,𝑛
}

, where 𝑛 denotes the sample
number, and 𝑖 means the BG-NET of the 𝑖th sample. The labeling of
the samples has been omitted in the rest of this section for ease of
representation.

For any of the  = (𝐀,𝐗), 𝐗 ∈ R𝑁×𝑑 represents the embedding of 𝑁1

rain regions and 𝑁2 gene nodes, the 𝑁 = 𝑁1 +𝑁2. 𝐗 =
[

𝑋𝑏
𝑋𝑔

]

, where

𝑏 ∈ R𝑁1×𝑑 denotes the brain-region time series, 𝑁1 and 𝑑 represent
the number of brain regions and time points respectively. 𝑋𝑔 ∈ R𝑁2×𝑑

denotes gene coding sequence, where 𝑁2 and 𝑑 represent the number of
genes selected after pre-processing and retained SNPs, and 𝐴 ∈ R𝑁×𝑁

means the association strength between nodes. The correlation strength
𝐀𝑢,𝑣 between node 𝑢 and node 𝑣 is measured by calculating the Pearson
correlation coefficient between the sequence feature vectors of genes
and brain regions. Some research work has proved the feasibility of
this measurement (Bi, Wang, et al., 2022; Bi, Zhou, et al., 2022; Wang,
Han, et al., 2022). The correlation calculation is as Eq. (1):

𝐀𝑢,𝑣 =
𝑑
∑𝑑

𝑡=1𝑥
𝑡
𝑢𝑥

𝑡
𝑣−

∑𝑑
𝑡=1𝑥

𝑡
𝑢
∑𝑑

𝑡=1𝑥
𝑡
𝑣

√

𝑑
∑𝑑

𝑡=1
(

𝑥𝑡𝑢
)2−

(
∑𝑑

𝑡=1𝑥𝑡𝑢
)2−

√

𝑑
∑𝑑

𝑘=1
(

𝑥𝑡𝑣
)2−

(
∑𝑑

𝑡=1𝑥𝑡𝑣
)2

(1)

Where 𝐱𝑢 ∈ R𝑑 corresponds to the embedded of node 𝑢, and 𝐱𝑡𝑢
represents the 𝑡th element of the embedded of node 𝑢.

3.3. Time signal position encoding

To better capture dynamic changes in brain regions over time, we
added an additional positional encoding vector with the same dimen-
sion of the brain-region embeddings from the rs-fMRI data to reflect the
position of each time point in the sequence (Dosovitskiy et al., 2020;
Vaswani et al., 2017). Let 𝑋𝑏 ∈ R𝑁1×𝑑 be the original brain region
embedding and 𝑋𝑏_𝑝𝑜𝑠 ∈ R𝑁1×𝑑 be the new brain region embedding that
adds the learned brain-region time point position information. 𝑋𝑏_𝑝𝑜𝑠
can be calculated by Eq. (2). We proposed a novel position encoding
approach that incorporates absolute and relative temporal information
at brain region nodes by a learnable position encoding function 𝑃 𝐸(⋅)
in Eq. (3).

𝑋𝑏_𝑝𝑜𝑠 = 𝑋𝑏 + 𝑃 𝐸 (

𝑋𝑏
)

(2)

𝑃 𝐸 (

𝑋𝑏
)

= 𝐹
(

𝑋𝑏
)

+𝑊𝑏 (3)

Where 𝐹 (⋅) is an absolute position encoding function, and 𝑊𝑏 ∈ R𝑁1×𝑑

is a learnable temporal position embedding with the same dimension
of 𝑋𝑏. The mathematical form of 𝐹 (⋅) is shown below:

𝐹 (𝑝𝑜𝑠, 2𝑖) = 𝑠𝑖𝑛
(

𝑝𝑜𝑠∕100002𝑖∕𝐿
)

( 2𝑖∕𝐿) (4)

𝐹 (𝑝𝑜𝑠, 2𝑖 + 1) = 𝑐 𝑜𝑠 𝑝𝑜𝑠∕10000
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Where 𝑝𝑜𝑠 ∈ [0, 𝑑 − 1] denotes the time-point position of the 𝑋𝑏, and
= 𝑁1 denotes the dimension of the time series vector, and 𝑖 ∈ [0, 𝐿∕2)

epresents the 𝑖th component of the time series vector at position 𝑝𝑜𝑠.
t is worth noting that 𝑋𝑏_𝑝𝑜𝑠 has the same dimension with 𝑋𝑏 and
 𝐸(⋅) position encoding function enables the model to learn the relative
osition easily. Since for any fixed offset 𝑘, 𝑃 𝐸𝑝𝑜𝑠+𝑘 can be expressed
s a linear function of the 𝑃 𝐸𝑝𝑜𝑠.

The positional encoding used in MCA-GCN combines both absolute
and relative temporal information of brain region time series, which is
crucial for capturing the dynamics of functional connectivity relevant to

D. The integration of absolute positional information allows the model
to maintain a consistent reference point in the temporal dimension,
ensuring that the sequential nature of the time series is preserved.
This aspect is particularly important for tasks that require an under-
tanding of the timing of events across different brain regions. On the
ther hand, relative positional information captures the relationships
etween different time points, enhancing the model’s ability to identify
atterns and changes that may signify early indicators of AD.

3.4. Multi-view long-range information fusion (MLIF)

We combined brain region time series (𝑋𝑏_𝑝𝑜𝑠) and gene coding
equences (𝑋𝑔) as the input features of the multi-view long-range
nformation fusion module. This module utilizes a multi-stream cross-
ttention mechanism to learn brain region feature-based gene attention
ectors and gene feature-based brain region attention vectors sepa-
ately (Ruan & Jin, 2022). The multi-stream cross-attention mechanism

enables interaction and information transfer between two views of
enes and brain regions to obtain their long-range information fusion,
hich captures a richer feature representation of brain regions and

genes. We first introduce the self-attention (SA) mechanism, which
serves as the foundation of the Multi-view Long-range Information
Fusion (MLIF) module. Mathematically, the self-attention mechanism
can be formulated as follows:

𝑆 𝐴(𝑄, 𝐾 , 𝑉 ) = 𝑠𝑜𝑓 𝑡𝑚𝑎𝑥
(

𝑄𝐾𝑇
√

𝑑𝑘

)

𝑉 (5)

where 𝑄, 𝐾 and 𝑉 represent the query, key, and value, respectively.
1

√

𝑑𝑘
is the scaling factor of the dot product attention. We achieve

nteraction and information transfer between the gene and brain region
iews by assigning different features to the query (𝑄), key (𝐾), and
alue (𝑉 ) matrices. Specifically, for brain region attention based on
ene features, we assign 𝑄 = 𝑋𝑏_𝑝𝑜𝑠𝑊𝑞1, 𝐾 = 𝑋𝑔𝑊𝑘1 and 𝑉 = 𝑋𝑔𝑊𝑣1,

allowing the model to focus on the brain regions while incorporating in-
formation from the gene features. Conversely, to obtain gene attention
based on brain region features, we assign 𝑄 = 𝑋𝑔𝑊𝑞2, 𝐾 = 𝑋𝑏_𝑝𝑜𝑠𝑊𝑘2
and 𝑉 = 𝑋𝑏_𝑝𝑜𝑠𝑊𝑣2, which enables the model to concentrate on the
genes while leveraging information from the brain region features.
Where 𝑋𝑏_𝑝𝑜𝑠 denotes the brain features, 𝑋𝑔 denotes the gene features,
and 𝑊𝑞 , 𝑊𝑘, 𝑊𝑣 are the transformation matrices. Building upon this,

e extend the framework to incorporate a multi-head attention (𝑀 𝐴)
mechanism, which enables the model to capture multiple attention
representations simultaneously, as shown in Eq. (6) as follows:

𝑀 𝐴(𝑄, 𝐾 , 𝑉 ) = 𝑛𝑜𝑟𝑚
(

𝑐 𝑜𝑛𝑐 𝑎𝑡 (𝑆 𝐴1, 𝑆 𝐴2,… , 𝑆 𝐴ℎ
)

𝑊
)

(6)

where ℎ is the number of heads, and 𝑊 is the learnable parameter
atrix, and concat (⋅) denotes the concatenation operation, and nor m(⋅)

means the normalization function. 𝑆 𝐴 denotes the single-head atten-
tion, whose mathematical form is expressed as Eq. (5). Finally, we
aggregate the outputs of each cross-attention head to obtain the final
hidden features 𝐻 , which is calculated by Eq. (7):

𝐻 = 𝑐 𝑜𝑛𝑐 𝑎𝑡 (𝑀 𝐴 (

𝑋𝑏_𝑝𝑜𝑠, 𝑋𝑔 , 𝑋𝑔
)

, 𝑀 𝐴 (

𝑋𝑔 , 𝑋𝑏_𝑝𝑜𝑠, 𝑋𝑏_𝑝𝑜𝑠
))
(7)

5 
where 𝐻 ∈ R(𝑁1+𝑁2)×𝑐1 are the feature matrices updated with multi-
stream cross-attention, 𝑐1 represents the feature dimension of multi-
stream attention output, the 𝑀 𝐴 (

𝑋𝑏_𝑝𝑜𝑠, 𝑋𝑔 , 𝑋𝑔
)

and 𝑀 𝐴
(

𝑋𝑔 , 𝑋𝑏_𝑝𝑜𝑠, 𝑋𝑏_𝑝𝑜𝑠
)

denote the brain region attention features based on
gene features and the gene attention features based on brain region
features, respectively, and the two cross-attention do not share the
weights. 𝑀 𝐴(⋅) denotes the multi-head attention mechanism, which can
e expressed as Eq. (6).

3.5. Local information aggregation (LIA)

In the MLIF module, long-range associations between multimodal
ata features are considered. To further consider local associations
etween features, an association matrix 𝐴̂ ∈ R𝑁×𝑁 is formed by
iltering out edges in the BG-NETs with low association strength (see
q. (8)). Then, a graph neural network model is used to learn the local

features in the nodes by passing information from neighboring nodes
in the BG-NETs.

𝐴̂𝑢,𝑣 =
{

1
0

, 𝑖𝑓 𝐀𝑢,𝑣 > 𝜆
, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(8)

Where 𝜆 denotes the association strength threshold. We tested the
optimal value of 𝜆 for different classification tasks in the experimental
part. The mathematical form of GCN can be expressed as Eq. (9):

𝐻 (𝑙+1) = 𝑅𝑒𝐿𝑈
(

𝐷̂− 1
2 𝐴̂𝐷̂− 1

2 𝐻 (𝑙)𝑊 (𝑙)
)

(9)

Where 𝐻 (𝑙) denotes the node feature matrix of layer 𝑙, 𝑊 (𝑙) ∈ R𝑐1×𝑐2

represents the learnable filter of layer 𝑙, 𝑐2 represents the feature
dimension output by the convolutional layer, 𝐴̂ = 𝐴̂ + 𝐼 denotes the
adjacency matrix 𝐴̂ plus self-loop, and 𝐷̂ ∈ R𝑁×𝑁 represents the degree
matrix of 𝐴̂. We take the long-range association features learned in
the previous step (𝐻 , see Eq. (7)) as the node initial features of the

CN model, i.e: 𝐻 (0) = 𝐻 ∈ R(𝑁1+𝑁2)×𝑐1 . Fusion features were obtained
by aggregating long-range and local information from multimodal data
through MLIF module and LIA module, respectively.

Finally, the fused features output from LIA module are input into
the multilayer fully connected (FC) to obtain the predicted probability
value 𝑃 of the sample. Binary cross-entropy loss was employed as the
oss function for MCA-GCN training, and the loss function formula is
hown in Eq. (10):

𝐵 𝐶 𝐸
(

𝐲𝑖,𝐩𝑖
)

= − 1
𝑁
∑

𝑖
[

𝑦𝑖⋅𝑙 𝑜𝑔
(

𝑝𝑖
)

+
(

1−𝑦𝑖
)

⋅𝑙 𝑜𝑔 (1−𝑝𝑖
)]

(10)

Where 𝑦𝑖 denotes the actual label of the sample 𝑖, and 𝑝𝑖 is the predicted
robability of the sample 𝑖, and 𝑁 is the number of samples.

3.6. Significant causal factor identification

In order to reveal the brain regions and genes that play an important
role in the classification of AD and thus to identify the causative
actors, we designed a multi-stage feature scoring process. For the
hree sequential modules of the model: MLIF module, LIA module and
rediction, MCA-GCN uses different feature scoring strategies to assign
eights to features (genes and brain areas) based on their importance
t different stages of the diagnostic process, aiming at the identification
f causative factors.

Specifically, for the MLIF module, in each multi-stream attention,
e first calculate the weight matrix for each head (Li et al., 2023).
he weighted average of the weight matrices across all the heads
ields the attention weight score for each brain region or gene, which
epresents the importance of different brain regions or genes for the
iven prediction task. The attention weight score can be calculated by
q. (11):

𝛼 = 1
𝐻1
∑ 𝑄ℎ(𝐾ℎ)𝑇

√
(11)
𝐻1 ℎ=1 𝑑ℎ
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Where 𝛼 is the weight matrix, and ℎ is the number of heads. When
= 𝑋𝑏_𝑝𝑜𝑠𝑊𝑞1, 𝐾 = 𝑋𝑔𝑊𝑘1, 𝛼𝑔 ∈ R𝑁1×𝑁2 in Eq. (11) denotes the

weight matrix of brain regions based on genetic features. Similarly,
when 𝑄 = 𝑋𝑔𝑊𝑞2, 𝐾 = 𝑋𝑏_𝑝𝑜𝑠𝑊𝑘2, 𝛼𝑏 ∈ R𝑁2×𝑁1 denotes the gene weight

atrix based on brain region features.
Next, the weighted score vectors 𝑍𝑏 ∈ R𝑁1×1, 𝑍𝑔 ∈ R𝑁2×1 of brain

regions and genes are obtained according to Eqs. (12) and (13).

𝑍𝑏
(1)𝑖 =

𝑑
∑

𝑗=1

(

𝛼𝑏 ⋅𝑋𝑏_𝑝𝑜𝑠
)

𝑖𝑗 (12)

𝑍𝑔
(1)𝑖 =

𝑑
∑

𝑗=1

(

𝛼𝑔 ⋅𝑋𝑔
)

𝑖𝑗 (13)

Among them, (⋅)𝑖𝑗 represents the 𝑗th score of the 𝑖th brain region or

ene feature. Finally, the score Z(1) =

[

zb(1)
zg(1)

]

∈ R(𝑁1+𝑁2)×1 of the feature

n the MLIF module is obtained.
For the LIA module, the learnable filter 𝑊 (𝑙)in Eq. (9) represents

the contribution of each feature to classification (Bi et al., 2023). The
arameters in the filter are analyzed through Eq. (14), and brain regions
nd genes related to AD are scored to obtain a score 𝑍(2) ∈ R(𝑁1+𝑁2)×1.

𝑍(2)𝑖 =
𝑐2
∑

𝑗=1

(

𝐻 (𝑙) ⋅𝑊 (𝑙))
𝑖𝑗 (14)

SHapley Additive exPlanations (SHAP) (Lundberg & Lee, 2017) is
a unified framework for interpreting machine learning models. The
core idea of SHAP value is derived from the concept of Shapley value
in cooperative game theory, which aims to measure the contribution
f each feature to the overall model prediction by considering the

interaction between features. Inspired by existing research, we utilize
HAP to associate the prediction results of a fully connected classifier

(FC) with the generated features (Qiu et al., 2022). Analyzing the SHAP
alues yields the feature score 𝑍(3) ∈ R(𝑁1+𝑁2)×1 of the prediction stage:

𝜙𝑖(𝑓 ) =
∑

𝑆 ⊆{1,2,…,𝑞}⧵{𝑖}

|𝑆|!(𝑞 − |𝑆| − 1)!
𝑞!

[𝑓 (𝑆 ∪ {𝑖}) − 𝑓 (𝑆)] (15)

𝑍(3)𝑖 =
𝑐2
∑

𝑗=1
𝜙𝑖𝑗 (16)

where 𝜙𝑖(𝑓 ) is the SHAP value of feature 𝑖, 𝑓 is the model, 𝑆 is the
subset of features, 𝑞 is the total number of features, |𝑆| is the size of
the subset of features, and 𝑓 (𝑆 ∪ {𝑖}) − 𝑓 (𝑆) calculates the difference
between the predicted outputs of the samples that include feature 𝑖 and
those without the features.

Finally, considering the average contribution of each feature over
all sample, the feature score 𝑍 ∈ R(𝑁1+𝑁2)×1 of the model is calculated
by Eq. (17):

𝑍 = 1
𝑁

(

𝑍(1) +𝑍(2) +𝑍(3)
)

(17)

Where 𝑁 represents the number of samples. The features (i.e., genes
and brain areas)that have the higher 𝑍 score are essential in AD
diagnosis. Fig. 2 shows an example of how the brain regions and gene
features are scored and gradually summed up at each stage to the
AD classification task. For example, the highest scoring brain region,
PHG.R (𝑍 = 23.516), scored fourth in MLIF module (𝑍(1) = 8.404) but
nded up with the highest final score as the next two scores (𝑍(2) =
2.854, 𝑍(3) = 2.258) were accumulated. The gene CDH4 (𝑍 = 10.835),
hich scored fourth in LIA module (𝑍(1) = 5.662, 𝑍(2) = 5.148),
ecame ninth in the final score because of the low scores (𝑍(3) = 0.025)
ccumulated at the end.

3.7. Computation complexity analysis

Given the length of the brain region time series is 𝑁1 (number
of brain regions) and the length of the gene coding sequence is 𝑁2
(number of genes), the time complexity of the cross-attention is 𝑂(𝑁 ×
1

6 
𝑁2), because there are two cross-attention layers, the time complexity
of the MLIF module is 𝑂(2 × 𝑁1 × 𝑁2), where N1 > N2. For the LIA
module, there are 𝑁(𝑁 = 𝑁1 +𝑁2) nodes and 𝐸 edges, then for each
node, the characteristics of its neighboring nodes need to be considered,
so the time complexity is 𝑂(𝑁 × 𝐸). The time complexity of the fully
onnected layer is 𝑂(𝑁𝛼 × 𝑀), where 𝑁𝛼 is the fully connected input
imension and 𝑀 is the output dimension. So the total time complexity
f the model is 𝑂(2 ×𝑁1 ×𝑁2) + 𝑂(𝑁 × 𝐸) + 𝑂(𝑁𝛼 ×𝑀).

4. Experiment and result analysis

We evaluated the MCA-GCN model on four independent classifi-
cation tasks, AD diagnosis (NC vs AD), early MCI diagnosis (NC vs
LMCI), AD and its early subtype distinction (LMCI vs AD), and MCI two
subtype distinction (EMCI vs LMCI). At the same time, the performance
of each method when using multi-modal data and unimodal data was
compared, including using only fMRI data, using only genetic data,
and using both fMRI data and genetic data (Dual). We compared
the performance of the MCA-GCN model when using both fMRI and
genetic data (Dual) and unimodal data (fMRI only, genetic only). In
each independent classification task, we randomly split all the data
into a training set and a test set, where 80% is used for training and
the remaining 20% is used for testing. We then used five-fold cross-
validation on the training set to optimize the hyperparameters of the
MCA-GCN models, and the independent test set was used for the final
evaluation of the models’ performance. All models were tuned to their
respective hyperparameters to ensure the fairness of the experiments.

In addition, to analyze the contribution of each module in MCA-
CN, we conducted ablation experiments by removing different com-
onents of the model and evaluating the performance. Then, we also
ompared our proposed location coding method with several main-
tream location coding methods to validate its effectiveness. Then, we
horoughly analyzed the experimental results to verify the reliability
f the results. Finally, we compared our model with state-of-the-art
aseline methods.

4.1. Evaluation indicators

The classification performance measures used in this work include:
ccuracy (ACC), sensitivity (SEN), specificity (SPE), f1 score (F1),
atthews correlation coefficient (MCC), and area under the ROC curve

(AUC). These metrics were calculated as follows:

𝐴𝐶 𝐶 = 𝑇 𝑃 + 𝑇 𝑁
𝑇 𝑃 + 𝐹 𝑃 + 𝑇 𝑁 + 𝐹 𝑁 (18)

𝑆 𝐸 𝑁 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑁 (19)

𝑆 𝑃 𝐸 = 𝑇 𝑁
𝑇 𝑁 + 𝐹 𝑃 (20)

𝐹1 = 2 ∗ 𝑇 𝑃
2 ∗ 𝑇 𝑃 + 𝐹 𝑃 + 𝐹 𝑁 (21)

𝑀 𝐶 𝐶 = 𝑇 𝑃 ∗ 𝑇 𝑁 − 𝐹 𝑃 ∗ 𝐹 𝑁
√

(𝑇 𝑃+𝐹 𝑃 ) ∗ (𝑇 𝑃+𝐹 𝑁) ∗ (𝑇 𝑁+𝐹 𝑃 ) ∗ (𝑇 𝑁+𝐹 𝑁)

(22)

AUC = ∫

∞

−∞
𝐹 𝑃 𝑅(𝑥)𝑑 𝑇 𝑃 𝑅(𝑥) (23)

where 𝑇 𝑃 , 𝐹 𝑃 , 𝑇 𝑁 , and 𝐹 𝑁 denote true positive, false positive, true
egative, and false negative, respectively. 𝐹 𝑃 𝑅 = 𝐹 𝑃

𝑇 𝑁+𝐹 𝑃 represents
the false positive rate, and 𝑇 𝑃 𝑅 = 𝑇 𝑃 means the true positive rate.
𝑇 𝑃+𝐹 𝑁
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Fig. 2. Scoring curves of brain areas and genes across different stages of the model. P: the initial state of the model, all feature scores are initialized to 0. The scores at each
stage include the scores from all previous stages.
Fig. 3. Parametric sensitivity experiments for correlation strength threshold 𝜆 and attention head count ℎ.
4.2. Optimization parameters

The parameter 𝜆 denotes the association strength threshold, con-
trolling the correlation pattern between brain regions and genes. The
parameter ℎ determines the number of heads for the multi-head atten-
tion mechanism. To analyze the impact of the two parameters on the
classification performance, we set various values of the two parameters
from the range 𝜆 = {0.05, 0.1, 0.15,… , 0.95}, ℎ = {1, 2, 3,… , 10} in the
cross-validation, respectively. Fig. 3 demonstrates the results of the
parameter sensitivity experiments under four classification tasks. We
observed that the association strength threshold 𝜆 the results, suggest-
ing that the correlation pattern between brain regions and genes can
improve the model performance, the optimal range for 𝜆 is [0.55, 0.75].
In this paper, the optimal values 𝜆 in the four tasks were 0.55 (NC
vs AD), 0.60 (NC vs LMCI), 0.70 (LMCI vs AD), and 0.75 (EMCI vs
LMCI). For another parameter ℎ, the multiple attention mechanism
allows the MCA-GCN to jointly attend to the diversity of interaction
patterns from different representation subspaces. In most cases, a mod-
erate increase in head numbers improves the model’s classification
accuracy. However, a continued increase in the head numbers beyond
an optimal value leads to decreased model performance, which suggests
that adding too many heads may lead to overfitting or inefficiencies in
capturing relevant information. The optimal range for ℎ is [2, 7]. The
optimal values ℎ taken in the four tasks were 2 (NC vs AD), 5 (NC vs
LMCI), 6 (LMCI vs AD), and 7 (EMCI vs LMCI).
7 
4.3. Analyzing MCA-GCN candidate genes

MCA-GCN selected 42 candidate genes to learn discriminative fea-
tures for Alzheimer’s diagnosis based on the length of the gene SNPs
and whether they appeared in the PPI. To further analyze the ef-
fectiveness of these candidate genes for AD classification, we used
Metascape (Zhou et al., 2019) to perform the KEGG pathway and
the GO function enrichment analysis on the 42 candidate genes (see
Fig. 4). We observed that these genes have axon development, neuron
identification, and trans-synaptic signaling functions, and they were
enriched in signaling pathways such as disruption of postsynaptic
signaling and hippocampal signaling regulation. We further analyzed
these 42 genes and found 900 edges between them, with an average
degree of 19, a maximum degree of 36 (appearing in gene PTPRD),
and an average aggregation coefficient(The weight of the edge in the
network) of 45.50, constituting a denser subnetwork (Fig. 5). These
genes interact with each other and perform functions closely related
to the development of brain diseases such as AD, thus validating the
reliability of our method for selecting candidate genes.

4.4. Comparative experiments with ML and DL methods

We conducted comparative experiments between several popular
machine learning (ML) methods and deep learning (DL) methods, in-
cluding Random Forest (RF), Support Vector Machine (SVM) (Tanveer
et al., 2020), Convolutional Neural Network (CNN), Transformer, Graph
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Fig. 4. Results of GO and KEGG enrichment analysis of 42 candidate genes by Metascape.
Fig. 5. 42 candidate genes between the four PPI networks. The thickness of the line represents the weight of the relationship.
Convolutional Network (GCN) and three advanced fMRI analysis mod-
els: BrainNetworkTransformer (BNT) (Kan et al., 2022), Community-
Aware Transformer (Com-BNTF) (Bannadabhavi, Lee, Deng, Ying, &
Li, 2023) and BolT (Bedel, Sivgin, Dalmaz, Dar, & Çukur, 2023). In
addition, we compare two variants of MCA-GCN, namely EX-GCN and
MA-GCN. EX-GCN exchanges the order of the Multi-view Long-range
Information Fusion (MLIF) module and Local Information Aggregation
(LIA) module, and it first splices brain region time series and gene
coding sequences as input features for GCN models. Then, it uses a
single-stream multi-head attention mechanism to learn gene features
and brain region features from the output features of the GCN. MA-
GCN differs from MCA-GCN by transforming MLIF module from a
multi-stream multi-head attention structure to a single-stream multi-
head attention structure, with the same module order as MCA-GCN.
Four classification tasks related to AD and MCI were compared using
8 
brain region time series and gene coding sequences as input. When
utilizing unimodal data, we directly use the corresponding input fMRI
data or gene data for machine learning models such as Random Forest
(RF), Support Vector Machine (SVM) and deep learning models such
as Convolutional Neural Network (CNN), and Transformer. For GCN-
based methods, including GCN, MCA-GCN, and its variants EX-GCN and
MA-GCN, we include fMRI data or gene data along with the adjacency
matrix, which is constructed using the Pearson correlation coefficient
(PCC) and a thresholding procedure to filter weak correlations. When
employing multimodal data, we concatenate fMRI data and gene data
as input for RF, SVM, CNN, and Transformer, while GCN-based methods
also incorporate the adjacency matrix of the concatenated data. For the
three advanced fMRI analysis models BNT, Com-BNTF, and BolT, the
time series of every brain regions were employed as the input.
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The results when brain regions are extracted using the AAL-116
template are detailed in Tables 2 and 3. To validate the robustness
and effectiveness of our model, we further expanded our analysis. We
reprocessed all resting-state fMRI (rs-fMRI) data to extract 400 brain
regions using the Schaefer-400 atlas (Ewers et al., 2021). Apart from
the differences in the atlas used, the remaining fMRI data processing
procedures remain consistent with those employed when using the AAL
atlas, the time series data of 400 ROIs were extracted. The results are
presented in Tables 4 and 5. When using the AAL-116 template to
divide 116 brain regions, the MCA-GCN method that fuses fMRI and
SNP data achieves the optimal classification performance among the
six evaluation metrics under three classification tasks (NC vs LMCI,
LMCI vs AD, EMCI vs LMCI). Its performance was slightly inferior
to that of BNT and Com-BNTF while higher than BolT in the AD vs
NC classification task. When using the Schaefer-400 template as the
rain region atlas, the MCA-GCN method that fuses fMRI and SNP data
ontrols the best classification performance in the AD vs NC task and
as the second-best performance under three classification tasks (NC
s LMCI, LMCI vs AD, EMCI vs LMCI). Its performance was slightly
nferior to itself when only using gene data. The results indicate that
ncorporating the association information between brain regions and
enes is beneficial for predictive performance but also highlight the
ffectiveness of the proposed multi-modal and multi-stream attention
echanism in MCA-GCN, which enables the model to extract relevant

nformation from both global and local associations between brain
egions and genes.

Compared with three advanced fMRI analysis models, BNT, Com-
BNTF, and BolT, MCA-GCN only using fMRI data was inferior to BNT
and Com-BNTF while is comparable with BolT in the AD vs NC and
NC vs LMCI task under both AAL-116 and Schaefer-400 brain region
atlas. In the following two tasks (LMCI vs AD, EMCI vs LMCI), the
performance gap between MCA-GCN only using fMRI data and the
three advanced fMRI analysis models gradually diminished. It performs
better than Com-BNTF and BolT while being slightly worse than BNT
in the LMCI vs AD task and performing better than the three methods
n the EMCI vs LMCI task under the two brain atlas.

We also observed that all methods performed lower under the
chaefer-400 Atlas than under the AAL-116 Atlas. The Schaefer 400
tlas provides 400 distinct brain regions parcellation, while the AAL-
16 Atlas provides 116 ROIs. The finer granularity of the Schaefer
00 Atlas may introduce more noise due to the smaller size of each
OI, leading to a decreased signal-to-noise ratio as these smaller re-
ions might capture less coherent neural activity. Additionally, the
ntegration of gene and imaging data may be more challenging with
he Schaefer 400-Atlas due to the complexity of interactions among
 larger set of brain regions, which can introduce noisy interactions
etween brain regions and between brain regions and genes. We also
otice that under the Schaefer-400 Atlas, MCA-GCN only using gene
ata performs better than that integrating gene data and fMRI data in
hree classification tasks(NC vs LMCI, LMCI vs AD, EMCI vs LMCI).

The performance change of all methods under the two brain region
tlas highlights the noisiness of the fMRI data, which is expected to
evelop methods to effectively extract fMRI features for AD diagnosis.
NT and Com-BNTF exhibit impressive performance in AD vs NC and

NC vs LMCI classification tasks, which may be because they take
advantage of the community structure of normal brains. However, our

CA-GCN model considers global and local associations between brain
egions, so it surpassed the three advanced fRMI data analysis models
n LMCI vs AD and EMCI vs LMCI tasks. MCA-GCN outperformed its
wo variants, EX-GCN and MA-GCN, demonstrating that the specific
rder and combination of long-range information fusion and local
nformation transfer modules in MCA-GCN contribute to its superior
erformance. Future work should still focus on designing methods to
earn fMRI features effectively.
9 
4.5. Ablation experiments

To investigate the contribution of each module in MCA-GCN, we
conducted ablation experiments by removing the Multi-view long-
range information fusion (MLIF) module, local information transfer
LIA) module, and location coding in MCA-GCN, respectively, and

evaluating the performance. Tables 6 and 7 show that (1) increasing
positional encoding of time series in brain regions is beneficial to im-
prove the model’s ability to classify AD diseases. (2) local information
ggregation significantly affects the performance of the classification,

suggesting that local association information between brain regions
and genes is closely related to disease development. MCA-GCN can
ake advantage of long-range and local information aggregation and
chieve more significant performance improvement. (3) genetic and
MRI data fusion improves performance compared to single-modality
ata. Genetic data demonstrated an advantage in most tasks compared
o fMRI data, suggesting that genetic mutations may more directly
ontribute to brain disorders. The advantage of Dual is that for AD, it
an provide a complete chain of evidence from micro genetic molecules
o the macro brain level.

4.6. Comparison of positional encoding methods

This section compares the proposed positional encoding method
with four popular positional encoding methods. The four positional
encoding methods are:

• Transformer (Vaswani et al., 2017): uses sine and cosine functions
to encode positional information in an input sequence.

• ViT (Dosovitskiy et al., 2020): adds a trainable position coding
matrix to represent the position information.

• Swin-T (Liu et al., 2021): divides the input sequence into regions
and represents the positional information by learning the relative
positional biases between the regions.

• MAE (He et al., 2022): encodes positional information using sine
and cosine functions in two dimensions of the input sequence.

The positional encoding used in MCA-GCN combines absolute and
elative temporal information of brain-region time series. Therefore,
ransformer and ViT can be considered as the ablation of the MCA-
CN positional encoding method. The experimental results in Fig. 6

show that the positional encoding used by Transformer enables the
odel to perform better AD disease classification. ViT also effectively

xtracts the positional information of the time series of functional
signals in brain regions. The MCA-GCN positional encoding combines
Transformer and ViT by incorporating the absolute positional informa-
tion of temporal coding and the learned time-varying information, thus
ffectively encoding brain region features related to AD diseases.

4.7. Comparison with state-of-the-art methods

To validate the effectiveness of our method, we compared MCA-
CN with other state-of-the-art methods for Alzheimer’s disease di-
gnosis. These state-of-the-art methods include the approaches using
nimodal (Bi et al., 2023; Gan et al., 2021; Xing et al., 2020) and

multimodal data (Bi et al., 2023; Bi, Wang, et al., 2022; Bi, Zhou,
t al., 2022; Tian et al., 2023; Wang, Li, Li, & Lu, 2022; Zhou et al.,

2020)and the approaches with attention mechanisms (Qin et al., 2022;
Tian et al., 2023; Wang, Li, et al., 2022; Xing et al., 2020) or without
attention mechanisms (Bi et al., 2023; Bi, Wang, et al., 2022; Bi,
hou, et al., 2022; Gan et al., 2021; Zhou et al., 2020). As shown in

Table 8, we found that MCA-GCN achieved the highest ACC and AUC in
most classification tasks compared to existing state-of-the-art methods.
Additionally, we also listed the input formats of fMRI data used by
each method in the Table. These results indicate that MCA-GCN can
effectively fuse information from different sources and achieve superior
performance by combining a multi-stream attentional mechanism with

graph convolutional networks.
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Table 2
Performance comparison of different methods using AAL-116 atlas for time series extraction (NC vs AD and NC vs LMCI).

Data Method NC versus AD NC versus LMCI

ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.) ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.)

fMRI

RF 54.85(1.06)* 54.20(0.65)* 56.19(0.49)* 55.35(0.63)* 22.08(0.81)* 55.93(0.47)* 52.55(0.37)* 56.99(1.24)* 50.96(0.69)* 52.44(0.67)* 19.99(0.89)* 52.37(0.63)*
SVM 56.96(0.69)* 57.51(0.85)* 57.05(0.66)* 57.33(0.77)* 20.96(0.81)* 56.50(0.81)* 55.67(0.85)* 59.73(0.89)* 47.94(1.16)* 52.75(0.62)* 25.09(0.91)* 58.71(1.54)*
CNN 62.32(1.19)* 63.37(0.77)* 62.00(0.47)* 62.70(1.35)* 27.90(0.73)* 62.49(1.07)* 60.07(1.00)* 61.17(1.03)* 59.37(0.55)* 59.71(0.65)* 27.31(0.76)* 60.07(0.62)*
Transformer 70.02(0.54)* 69.37(0.5)* 70.55(1.04)* 70.09(0.78)* 33.27(0.76)* 70.46(1.43)* 66.01(0.82)* 70.37(0.34)* 64.62(0.85)* 66.18(0.62)* 30.65(0.42)* 65.84(1.01)*
GCN 67.99(1.00)* 67.75(0.95)* 68.99(0.74)* 68.38(0.67)* 29.36(0.79)* 68.17(0.80)* 64.55(0.46)* 69.39(0.54)* 59.60(0.84)* 63.66(0.87)* 27.61(0.58)* 64.30(0.68)*
EX-GCN 76.19(0.50)* 77.42(1.29)* 75.21(1.35)* 75.75(0.66)* 44.88(0.77)* 76.20(0.64)* 73.32(0.33)* 76.98(0.76)* 64.90(0.99)* 69.27(0.93)* 43.73(1.36)* 72.83(1.09)*
MA-GCN 85.10(0.31)* 83.83(1.01) 86.69(1.69) 85.60(1.29) 62.06(0.78)* 85.14(0.62)* 84.18(0.57)* 84.49(0.69)* 82.25(1.87) 83.77(1.26) 60.18(0.47)* 84.14(1.06)*
BNT 94.94(1.74) 93.18(1.61) 96.74(2.65) 94.91(1.72) 89.97(3.51) 94.96(1.75) 86.42(3.60) 78.95(4.93) 93.02(8.22) 84.58(3.50) 73.60(7.44) 85.99(3.39)
Com-BNTF 95.17(2.21) 93.63(1.02) 96.74(3.89) 95.17(2.12) 90.44(4.48) 95.19(2.23) 87.41(1.61) 90.53(1.45) 84.65(4.22) 87.12(1.26) 75.14(2.79) 87.59(1.44)
BolT 85.29(5.88) 81.36(14.5) 89.30(10.5) 84.37(7.77) 72.22(10.4) 95.42(2.25) 81.73(13.0) 74.74(33.4) 87.91(9.21) 74.78(27.1) 65.46(22.5) 93.64(2.16)
MCA-GCN 86.22(0.53) 84.37(0.95) 88.20(0.81) 86.39(1.08) 65.39(0.56) 86.17(0.54) 85.67(0.45) 87.08(0.70) 83.15(0.95) 84.25(0.76) 61.47(0.76) 85.50(0.85)

Gene

RF 61.69(1.55)* 62.93(0.69)* 61.31(1.83)* 61.96(1.77)* 29.01(0.64)* 68.64(0.89)* 59.86(0.88)* 60.82(0.80)* 59.34(2.44)* 58.67(1.28)* 28.74(0.94)* 67.11(0.47)*
SVM 65.89(0.45)* 59.71(0.78)* 71.11(1.06)* 65.51(1.16)* 34.64(0.41)* 68.54(0.58)* 63.06(1.09)* 69.64(1.19)* 53.98(0.78)* 61.23(0.82)* 31.39(1.68)* 66.49(0.43)*
CNN 68.61(0.37)* 67.90(0.84)* 69.15(1.72)* 68.86(0.97)* 39.99(0.41)* 68.83(0.48)* 67.56(0.91)* 70.45(0.38)* 64.81(0.88)* 66.51(1.51)* 35.96(2.24)* 67.44(0.75)*
Transformer 70.38(0.71)* 69.33(0.71)* 70.8(1.23)* 71.34(0.38)* 41.31(1.30)* 70.61(1.17)* 68.64(1.35)* 73.69(1.26)* 64.37(0.80)* 70.22(0.67)* 35.64(1.38)* 69.34(0.82)*
GCN 73.77(0.74)* 73.07(1.20)* 75.28(1.61)* 74.15(0.71)* 45.44(0.87)* 73.98(0.52)* 70.83(0.82)* 74.06(0.88)* 70.69(1.00)* 69.70(2.29)* 41.25(1.25)* 70.68(0.80)*
EX-GCN 82.57(0.29)* 80.03(0.64)* 85.22(1.32)* 83.36(0.74)* 58.73(0.42)* 82.50(0.70)* 80.17(0.81)* 81.35(0.94)* 79.33(0.79)* 79.69(0.63)* 57.49(1.32)* 80.22(1.06)*
MA-GCN 86.48(0.48)* 83.94(1.05)* 88.14(1.07) 87.14(0.80)* 64.26(0.58)* 86.42(0.55)* 84.93(0.75)* 85.30(0.95)* 84.72(0.67)* 84.39(1.22)* 61.36(1.44)* 84.89(1.03)*
MCA-GCN 87.34(0.60) 85.84(0.99) 89.05(1.34) 87.86(1.08) 67.14(0.70) 87.32(0.43) 86.90(0.69) 92.34(0.50) 85.13(1.37) 85.44(1.05) 62.08(0.93) 86.61(1.24)

Dual

RF 62.57(0.61)* 63.61(1.29)* 62.35(1.04)* 62.99(0.90)* 36.28(1.26)* 66.12(0.85)* 62.62(0.95)* 63.76(0.80)* 61.57(1.37)* 62.04(0.70)* 34.80(0.82)* 65.03(0.90)*
SVM 65.90(0.16)* 64.70(0.87)* 66.10(1.03)* 68.51(1.36)* 39.64(0.85)* 73.53(0.64)* 67.93(0.35)* 74.22(1.01)* 61.14(1.12)* 66.16(0.90)* 36.96(1.04)* 71.61(0.90)*
CNN 75.66(0.29)* 72.01(0.74)* 78.30(0.78)* 75.56(0.81)* 48.80(0.49)* 75.96(0.41)* 73.42(0.74)* 76.38(0.73)* 70.29(0.91)* 72.39(1.25)* 43.22(0.83)* 73.13(0.58)*
Transformer 76.94(1.14)* 72.3(0.83)* 81.66(0.67)* 77.06(0.88)* 76.93(0.51)* 51.46(0.87)* 74.65(0.67)* 77.97(1.19)* 70.33(1.36)* 73.48(0.75)* 42.69(1.01)* 74.53(0.68)*
GCN 80.47(0.29)* 80.03(0.64)* 81.74(1.32)* 80.91(0.74)* 53.89(0.42)* 80.68(0.70)* 77.66(0.81)* 82.70(0.94)* 72.26(0.79)* 76.46(0.63)* 48.81(1.32)* 77.28(1.06)*
EX-GCN 85.91(0.69)* 84.83(1.19)* 87.43(1.62)* 85.43(1.28)* 64.72(0.42)* 86.01(0.61)* 82.95(0.90)* 87.68(0.59)* 82.10(0.89)* 83.98(1.40)* 64.66(0.55)* 82.85(0.64)*
MA-GCN 92.53(0.92) 90.72(0.68)* 93.62(1.27) 92.40(1.56)* 80.58(0.81)* 92.36(0.53)* 90.10(0.46)* 92.60(0.38)* 87.42(0.80)* 89.44(0.94)* 74.27(0.83)* 89.95(0.80)*
MCA-GCN 93.27(0.59) 92.98(1.04) 93.89(1.16) 93.12(0.97) 80.59(0.91) 92.55(0.65) 91.31(0.44) 92.72(0.79) 88.12(1.24) 90.18(0.92) 75.79(0.57) 91.09(0.76)

* Significantly different from our MAC-GCN results (𝐩 < .05, t-test).
Table 3
Performance comparison of different methods using AAL-116 atlas for time series extraction (LMCI vs AD and EMCI vs LMCI).

Data Method LMCI versus AD EMCI versus LMCI

ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.) ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.)

fMRI

RF 52.12(0.90)* 46.12(0.86)* 57.55(0.90)* 47.24(1.16)* 20.27(0.72)* 57.64(1.36)* 50.62(0.47)* 50.44(0.49)* 50.97(0.78)* 50.50(0.95)* 20.36(0.59)* 50.60(0.88)*
SVM 55.84(1.08)* 45.88(0.85)* 60.77(0.78)* 52.68(0.91)* 23.64(0.85)* 63.71(1.64)* 51.73(0.86)* 50.18(0.59)* 53.43(0.53)* 51.39(0.88)* 21.48(1.13)* 57.30(0.77)*
CNN 56.30(0.72)* 50.02(0.44)* 62.11(0.71)* 61.79(0.66)* 27.62(1.11)* 64.87(0.68)* 56.49(0.75)* 57.22(0.72)* 55.98(0.57)* 54.40(0.74)* 26.09(0.49)* 56.40(0.66)*
Transformer 64.69(0.95)* 59.65(0.73)* 71.19(0.81)* 63.95(0.39)* 33.76(1.06)* 64.91(0.78)* 62.55(0.82)* 63.16(1.25)* 61.82(0.69)* 61.54(0.89)* 30.06(0.73)* 62.35(0.69)*
GCN 62.90(0.93)* 58.37(0.78)* 67.23(0.89)* 60.39(0.69)* 31.29(0.93)* 62.60(0.77)* 62.32(0.60)* 61.81(0.76)* 62.97(0.64)* 60.16(0.58)* 29.74(0.85)* 62.19(1.04)*
EX-GCN 71.19(0.71)* 69.86(0.67)* 72.82(0.71)* 70.38(0.82)* 36.00(0.80)* 71.22(0.72)* 70.34(0.68)* 58.59(0.81)* 77.53(1.01)* 64.14(0.80)* 32.84(1.92)* 69.44(0.77)*
MA-GCN 81.76(0.58)* 79.72(0.73)* 84.38(0.63)* 81.22(0.68)* 55.95(0.60)* 81.92(0.85)* 79.29(0.64)* 77.42(0.70)* 80.54(0.61)* 80.16(0.88)* 49.04(1.20)* 79.36(0.55)*
BNT 86.75(2.95) 80.53(6.06) 92.00(5.58) 84.73(3.53) 73.71(5.78) 86.26(2.96) 71.95(2.17) 82.10(7.06) 62.05(8.96) 74.24(2.00) 45.49(3.79) 72.08(2.12)
Com-BNTF 83.86(2.64) 80.00(2.35) 87.11(5.53) 81.99(2.32) 67.59(5.17) 83.56(2.41) 79.74(2.85) 76.84(8.81) 82.56(5.25) 78.73(4.06) 59.92(5.41) 79.70(2.90)
BolT 77.83(11.3) 80.53(6.34) 75.56(23.8) 77.90(8.31) 57.83(20.6) 85.24(7.19) 69.09(6.19) 76.32(16.5) 62.05(22.7) 70.56(5.50) 40.84(10.0) 77.81(5.79)
MCA-GCN 84.76(0.60) 80.07(0.42) 89.02(1.33) 83.04(0.32) 58.32(0.96) 84.43(0.61) 83.01(0.82) 84.07(0.62) 82.19(0.76) 83.00(1.03) 56.97(0.80) 83.01(0.50)

Gene

RF 58.12(0.69)* 54.60(1.33)* 61.17(0.60)* 56.46(1.18)* 24.23(0.66)* 66.07(0.73)* 56.75(0.50)* 52.75(0.78)* 60.89(0.89)* 55.66(0.90)* 24.77(1.10)* 65.14(0.44)*
SVM 60.95(0.70)* 60.74(1.78)* 67.08(0.77)* 60.66(0.57)* 31.13(0.69)* 68.13(0.64)* 60.59(0.61)* 55.52(0.33)* 65.86(0.92)* 61.22(1.26)* 27.60(1.43)* 68.39(0.72)*
CNN 65.73(0.71)* 65.77(1.02)* 65.76(0.89)* 64.66(0.55)* 35.78(0.56)* 65.56(0.63)* 60.96(0.42)* 56.17(0.43)* 64.91(1.27)* 61.20(0.48)* 32.35(1.17)* 60.84(0.49)*
Transformer 67.20(0.93)* 65.38(0.65)* 68.79(0.66)* 67.73(0.82)* 36.42(0.87)* 66.04(0.82)* 61.46(0.72)* 58.31(1.15)* 62.97(0.73)* 60.29(1.37)* 32.75(0.90)* 61.30(1.11)*
GCN 69.52(1.29)* 68.98(0.78)* 70.29(0.80)* 68.53(0.35)* 37.50(1.33)* 69.43(0.86)* 64.06(0.93)* 62.63(0.52)* 65.64(1.33)* 63.89(0.38)* 32.93(1.14)* 63.94(0.39)*
EX-GCN 78.56(0.53)* 76.03(0.75)* 80.77(0.72)* 76.71(0.30)* 53.82(0.93)* 78.21(1.07)* 75.49(0.79)* 73.91(0.81)* 77.26(1.45)* 74.65(0.80)* 47.16(0.94)* 75.39(0.41)*
MA-GCN 81.66(1.21)* 76.87(0.68)* 85.39(0.67)* 77.69(0.74)* 50.15(0.95)* 80.93(0.86)* 79.86(0.48)* 78.28(0.98)* 81.35(0.93)* 79.59(0.90)* 51.50(0.81)* 79.72(0.24)*
MCA-GCN 83.83(1.40) 81.05(0.82) 86.31(0.84) 82.06(0.57) 58.58(1.14) 83.48(0.43) 83.55(0.85) 84.60(0.84) 82.67(0.90) 83.53(0.67) 57.32(0.93) 83.43(0.56)

Dual

RF 62.55(2.12)* 60.44(0.67)* 64.45(1.36)* 61.50(0.71)* 33.53(0.99)* 66.47(0.33)* 61.93(0.53)* 59.86(0.79)* 64.15(0.79)* 61.43(0.74)* 34.31(0.69)* 66.23(0.55)*
SVM 67.22(0.52)* 69.37(0.90)* 65.40(0.94)* 66.42(1.36)* 35.19(0.77)* 70.20(0.92)* 66.25(0.76)* 60.63(1.01)* 71.07(0.88)* 66.72(0.77)* 35.47(0.72)* 72.07(0.59)*
CNN 71.43(1.68)* 69.78(1.45)* 73.48(0.72)* 70.76(0.69)* 41.25(0.87)* 71.43(0.64)* 70.52(0.66)* 67.26(0.70)* 73.97(1.03)* 70.71(0.66)* 40.66(1.34)* 70.41(0.24)*
Transformer 72.21(1.29)* 67.54(0.89)* 75.18(1.05)* 71.3(0.67)* 41.92(0.80)* 71.75(1.47)* 71.76(0.85)* 66.82(0.60)* 74.49(1.06)* 71.35(0.99)* 42.49(1.26)* 70.98(0.67)*
GCN 74.42(0.50)* 71.11(0.74)* 80.92(0.66)* 72.55(0.82)* 45.10(1.02)* 73.82(0.54)* 72.09(0.62)* 71.44(0.79)* 73.55(1.07)* 72.02(0.88)* 44.20(1.12)* 71.96(0.44)*
EX-GCN 83.35(1.44)* 80.68(0.73)* 83.66(0.93)* 79.53(0.92)* 64.87(0.89)* 82.56(0.74)* 83.46(0.40)* 82.55(0.66)* 84.54(0.89)* 83.35(0.54)* 63.56(0.86)* 83.43(0.46)*
MA-GCN 88.64(1.55) 84.76(0.75)* 91.05(0.68) 87.25(0.66)* 68.16(0.86)* 88.36(0.48)* 86.95(0.49)* 86.28(0.55)* 86.70(1.20)* 86.87(0.89)* 64.52(0.98)* 86.95(0.62)*
MCA-GCN 90.01(0.95) 88.53(0.72) 91.20(0.52) 89.00(0.92) 69.41(0.92) 89.29(0.23) 88.61(0.71) 87.96(1.02) 89.21(1.12) 88.17(0.90) 67.99(1.10) 88.59(0.85)

* Significantly different from our MAC-GCN results (𝐩 < .05, t-test).
Fig. 6. Comparison of Position Encoding Methods in Four Tasks.
4.8. Independent center data testing

To further validate the robustness and generalization of the model,
we used the ADNI-2 data as an independent test set and the data
from the remaining centers (ADNI-GO, ADNI-3, and ADNI-DOD, which
include 134 AD, 65 EMCI, and 78 EMCI samples) to train and validate
10 
the models. The ratio of training set, validation set and test is set to
6:2:2. We compared our model with the baselines in two classification
tasks (LMCI vs AD and EMCI vs LMCI) on the independent test set. The
results are shown in Table 9. We observed that although all the methods
decrease their performance on the independent test set, MCA-GCN still
controls the best ACC, F1, MCC and AUC values in the two classification
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Table 4
Performance comparison of different methods using Schaefer-400 atlas for time series extraction (NC vs AD and NC vs LMCI).

Data Method NC versus AD NC versus LMCI

ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.) ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.)

fMRI

RF 52.41(7.16)* 55.89(8.18)* 48.85(7.22)* 54.46(7.02)* 4.76(14.4)* 55.62(11.1)* 52.35(3.76)* 29.15(6.90)* 73.26(3.37)* 36.48(7.27)* 2.53(8.74) 53.18(2.76)*
SVM 54.71(4.85)* 59.98(9.33)* 49.31(8.65)* 57.26(5.59)* 9.45(10.0)* 55.88(4.32)* 54.57(1.83)* 18.72(3.65)* 86.87(1.12) 28.01(5.04)* 7.49(6.12)* 55.75(3.62)*
CNN 58.62(7.49)* 55.93(34.3) 61.44(30.5) 52.79(22.6)* 20.10(16.8)* 58.68(7.15)* 60.99(6.85)* 44.57(33.9) 75.43(28.9) 45.09(28.0)* 22.61(15.5) 60.00(7.55)*
Transformer 57.01(3.41)* 58.18(30.2) 55.81(31.7) 54.67(13.5)* 09.51(6.94)* 56.99(3.47)* 56.05(3.10)* 56.84(8.85) 55.34(11.4)* 54.58(3.87)* 09.74(3.23)* 56.10(2.76)*
GCN 56.09(3.39)* 33.64(17.1)* 79.07(13.7) 41.27(16.2)* 04.77(3.50)* 56.35(3.29)* 54.32(2.89)* 23.16(13.6)* 81.86(10.8)* 40.60(7.84)* 04.08(2.88)* 52.51(3.15)*
EX-GCN 57.93(2.52)* 61.36(14.6)* 54.42(14.2)* 58.99(6.01)* 09.87(5.92)* 57.89(2.50)* 58.27(2.68)* 22.11(14.7)* 90.23(11.1) 31.03(14.4)* 06.90(3.47)* 56.17(3.07)*
MA-GCN 72.64(5.71) 77.73(17.5) 67.44(15.0) 73.44(8.81) 37.11(13.2) 72.58(5.67) 74.07(2.31) 70.53(3.43)* 77.21(6.67)* 71.88(1.44) 36.29(2.61) 73.87(2.06)
BNT 76.78(1.26) 78.64(6.14) 74.88(5.55) 77.34(1.98) 53.86(2.62) 76.76(1.24) 76.05(3.22) 62.11(6.86) 88.37(4.03) 70.73(4.76) 52.85(6.26) 75.24(3.35)
Com-BNTF 81.15(1.92) 83.64(1.90) 78.60(4.47) 81.80(1.51) 62.41(3.74) 89.40(1.04) 79.26(2.68) 72.63(3.00) 85.12(3.53) 76.67(2.90) 58.44(5.48) 82.77(0.82)
BolT 77.93(0.96) 81.36(2.96) 74.42(3.29) 78.84(1.05) 56.02(1.86) 77.89(0.97) 73.08(5.05) 71.05(12.8) 74.89(16.1) 71.03(5.05) 47.29(8.57) 72.97(4.67)
MCA-GCN 77.47(5.43) 79.09(4.37) 75.81(11.2) 78.06(4.50) 43.23(9.19) 77.45(5.48) 76.54(1.75) 57.37(8.20) 93.49(5.55) 69.41(4.08) 35.07(4.90) 75.43(2.00)

Gene

RF 61.69(1.55)* 62.93(0.69)* 61.31(1.83)* 61.96(1.77)* 29.01(0.64)* 68.64(0.89)* 59.86(0.88)* 60.82(0.80)* 59.34(2.44)* 58.67(1.28)* 28.74(0.94)* 67.11(0.47)*
SVM 65.89(0.45)* 59.71(0.78)* 71.11(1.06)* 65.51(1.16)* 34.64(0.41)* 68.54(0.58)* 63.06(1.09)* 69.64(1.19)* 53.98(0.78)* 61.23(0.82)* 31.39(1.68)* 66.49(0.43)*
CNN 68.61(0.37)* 67.90(0.84)* 69.15(1.72)* 68.86(0.97)* 39.99(0.41)* 68.83(0.48)* 67.56(0.91)* 70.45(0.38)* 64.81(0.88)* 66.51(1.51)* 35.96(2.24)* 67.44(0.75)*
Transformer 70.38(0.71)* 69.33(0.71)* 70.8(1.23)* 71.34(0.38)* 41.31(1.30)* 70.61(1.17)* 68.64(1.35)* 73.69(1.26)* 64.37(0.80)* 70.22(0.67)* 35.64(1.38)* 69.34(0.82)*
GCN 73.77(0.74)* 73.07(1.20)* 75.28(1.61)* 74.15(0.71)* 45.44(0.87)* 73.98(0.52)* 70.83(0.82)* 74.06(0.88)* 70.69(1.00)* 69.70(2.29)* 41.25(1.25)* 70.68(0.80)*
EX-GCN 82.57(0.29)* 80.03(0.64)* 85.22(1.32)* 83.36(0.74)* 58.73(0.42)* 82.50(0.70)* 80.17(0.81)* 81.35(0.94)* 79.33(0.79)* 79.69(0.63)* 57.49(1.32)* 80.22(1.06)*
MA-GCN 86.48(0.48)* 83.94(1.05)* 88.14(1.07) 87.14(0.80)* 64.26(0.58)* 86.42(0.55)* 84.93(0.75)* 85.30(0.95)* 84.72(0.67)* 84.39(1.22)* 61.36(1.44)* 84.89(1.03)*
MCA-GCN 87.34(0.60) 85.84(0.99) 89.05(1.34) 87.86(1.08) 67.14(0.70) 87.32(0.43) 86.90(0.69) 92.34(0.50) 85.13(1.37) 85.44(1.05) 62.08(0.93) 86.61(1.24)

Dual

RF 59.31(3.69)* 47.68(11.7)* 71.33(7.06)* 53.75(9.41)* 19.58(6.98)* 59.50(3.67)* 61.48(1.15)* 43.79(4.64)* 77.45(5.05)* 51.62(1.22)* 22.90(2.56)* 67.29(2.31)*
SVM 57.47(9.16)* 99.56(0.99) 13.78(18.6)* 70.72(4.73)* 19.50(22.3)* 67.57(3.11)* 55.80(2.82)* 15.12(1.68)* 92.54(10.6) 21.32(17.6)* 13.99(5.66)* 72.65(3.75)*
CNN 63.22(14.3)* 75.39(37.6) 50.70(47.2)* 63.45(23.2)* 31.52(28.0)* 63.05(14.6)* 57.04(6.84)* 42.39(42.5) 69.78(38.0) 37.14(34.1)* 14.72(16.8)* 56.08(7.52)*
Transformer 78.39(1.26)* 90.00(3.45)* 66.51(4.22)* 80.81(1.09)* 52.36(3.86) 78.25(1.27)* 61.23(3.56)* 43.68(10.9)* 76.74(4.93)* 50.84(8.00)* 13.01(5.87)* 60.21(3.92)*
GCN 81.15(1.31)* 80.91(4.13)* 81.40(5.20)* 81.27(1.25)* 50.20(3.16)* 81.15(1.33)* 68.40(2.56)* 67.37(6.06) 69.30(9.07)* 66.64(1.77)* 27.34(2.72)* 68.34(2.22)*
EX-GCN 80.23(2.75)* 70.45(7.87)* 90.23(5.04)* 78.10(4.28)* 43.47(7.14)* 80.34(2.70)* 63.95(3.54)* 48.95(14.1)* 77.20(10.7) 55.05(9.99)* 16.96(5.59)* 63.08(3.82)*
MA-GCN 85.05(1.63)* 84.55(5.42)* 85.58(5.55)* 85.09(1.79)* 59.30(5.54)* 85.06(1.63)* 78.77(2.03) 71.58(7.54) 85.12(8.48) 75.91(2.21) 43.88(4.32) 78.35(1.85)
MCA-GCN 94.48(0.51) 94.09(2.03) 94.88(1.95) 94.52(0.53) 83.64(2.32) 94.49 (0.51) 80.49(1.61) 74.21(6.81) 86.05(8.22) 78.08(1.35) 47.75(2.82) 80.13(1.31)

* Significantly different from our MAC-GCN results (𝐩 < .05, t-test).
Table 5
Performance comparison of different methods using Schaefer-400 atlas for time series extraction (LMCI vs AD and EMCI vs LMCI).

Data Method LMCI versus AD EMCI versus LMCI

ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.) ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.)

fMRI

RF 51.20(3.81)* 21.36(5.08)* 77.00(3.16) 28.79(6.34)* −2.07(8.94)* 46.36(2.36)* 53.41(6.08) 47.37(8.11) 59.39(4.86) 50.16(7.56) 06.78(12.3) 51.92(8.10)
SVM 52.64(3.82)* 5.16(4.04)* 93.65(6.31)* 9.00(6.88)* −1.36(15.3)* 47.34(5.92)* 48.16(3.98)* 44.74(7.21) 51.61(5.81)* 46.03(5.30)* −3.67(8.01)* 49.78(2.47)*
CNN 53.62(0.60)* 0.0(0.0)* 100.0(0.0) 0.0(0.0)* 0.0(0.0)* 50.00(0.0)* 50.26(0.74)* 29.47(44.4) 71.05(44.2) 23.08(32.2)* 02.11(1.18)* 50.26(0.59)*
Transformer 56.87(4.12)* 36.32(16.3)* 74.22(12.6) 41.91(12.8)* 08.51(5.08)* 55.27(4.48)* 55.06(4.91) 57.89(16.4) 52.31(17.6) 55.07(8.40) 06.96(7.85) 55.10(4.88)
GCN 55.18(1.01)* 05.26(4.56)* 97.33(4.82) 09.22(6.83)* 02.43(0.84)* 51.30(0.87)* 49.14(4.04)* 22.63(21.0)* 72.56(22.1) 25.49(17.7)* 0.84(1.77)* 47.59(3.63)*
EX-GCN 60.48(1.98) 27.37(9.23)* 88.44(7.60) 38.07(7.94)* 09.64(2.63)* 57.90(2.14)* 58.70(3.60) 57.37(15.9) 60.00(19.6) 57.03(6.14) 10.82(4.14) 58.68(3.48)
MA-GCN 60.96(2.90) 48.95(9.95)* 71.11(9.03) 53.06(5.79)* 14.29(3.88)* 60.03(2.93) 56.10(5.06) 54.21(11.3) 57.94(11.0) 54.58(6.52) 07.81(6.46) 56.08(5.07)
BNT 61.93(1.08) 45.79(12.4)* 75.56(10.4) 51.67(6.71)* 22.98(2.58) 60.67(1.47) 49.35(5.59)* 42.11(11.2) 56.41(14.5) 44.51(8.37)* −1.57(11.3)* 49.25(5.53)*
Com-BNTF 59.28(3.45)* 51.58(14.4) 65.78(11.1)* 52.95(8.00)* 17.91(7.87) 58.68(3.81)* 52.21(3.10)* 65.79(11.5) 38.97(11.5)* 57.31(4.70) 05.17(6.58) 52.38(3.10)*
BolT 58.79(5.08) 56.32(5.77) 60.89(5.58) 55.59(5.75) 20.10(8.21) 62.84(1.19) 49.35(3.18)* 52.63(6.15) 46.15(2.53)* 50.59(5.02) −1.25(6.47)* 50.07(1.53)*
MCA-GCN 63.37(3.14) 61.58(6.34) 64.89(7.43) 60.55(3.32) 20.10(4.31) 63.23(2.99) 58.96(3.96) 51.05(8.24) 66.67(8.51) 54.87(5.89) 10.09(5.02) 58.86(3.96)

Gene

RF 58.12(0.69)* 54.60(1.33)* 61.17(0.60)* 56.46(1.18)* 24.23(0.66)* 66.07(0.73)* 56.75(0.50)* 52.75(0.78)* 60.89(0.89)* 55.66(0.90)* 24.77(1.10)* 65.14(0.44)*
SVM 60.95(0.70)* 60.74(1.78)* 67.08(0.77)* 60.66(0.57)* 31.13(0.69)* 68.13(0.64)* 60.59(0.61)* 55.52(0.33)* 65.86(0.92)* 61.22(1.26)* 27.60(1.43)* 68.39(0.72)*
CNN 65.73(0.71)* 65.77(1.02)* 65.76(0.89)* 64.66(0.55)* 35.78(0.56)* 65.56(0.63)* 60.96(0.42)* 56.17(0.43)* 64.91(1.27)* 61.20(0.48)* 32.35(1.17)* 60.84(0.49)*
Transformer 67.20(0.93)* 65.38(0.65)* 68.79(0.66)* 67.73(0.82)* 36.42(0.87)* 66.04(0.82)* 61.46(0.72)* 58.31(1.15)* 62.97(0.73)* 60.29(1.37)* 32.75(0.90)* 61.30(1.11)*
GCN 69.52(1.29)* 68.98(0.78)* 70.29(0.80)* 68.53(0.35)* 37.50(1.33)* 69.43(0.86)* 64.06(0.93)* 62.63(0.52)* 65.64(1.33)* 63.89(0.38)* 32.93(1.14)* 63.94(0.39)*
EX-GCN 78.56(0.53)* 76.03(0.75)* 80.77(0.72)* 76.71(0.30)* 53.82(0.93)* 78.21(1.07)* 75.49(0.79)* 73.91(0.81)* 77.26(1.45)* 74.65(0.80)* 47.16(0.94)* 75.39(0.41)*
MA-GCN 81.66(1.21)* 76.87(0.68)* 85.39(0.67)* 77.69(0.74)* 50.15(0.95)* 80.93(0.86)* 79.86(0.48)* 78.28(0.98)* 81.35(0.93)* 79.59(0.90)* 51.50(0.81)* 79.72(0.24)*
MCA-GCN 83.83(1.40) 81.05(0.82) 86.31(0.84) 82.06(0.57) 58.58(1.14) 83.48(0.43) 83.55(0.85) 84.60(0.84) 82.67(0.90) 83.53(0.67) 57.32(0.93) 83.43(0.56)

Dual

RF 62.79(3.69)* 41.67(1.84)* 81.10(3.31) 50.74(3.75)* 25.38(7.34)* 69.00(3.39)* 56.79(7.56)* 50.00(4.37)* 63.47(1.94)* 53.34(3.45)* 13.64(17.1)* 58.01(8.98)*
SVM 58.21(5.61)* 13.10(10.9)* 97.29(1.91) 21.41(15.4)* 18.16(14.4)* 86.64(1.18) 53.89(7.31)* 16.84(23.7)* 90.73(9.67) 20.64(28.6)* 4.37(19.8)* 75.30(4.20)*
CNN 57.96(8.73)* 19.03(36.9)* 91.39(15.8) 18.56(32.5)* 11.18(21.3)* 55.21(10.6)* 61.03(8.12)* 69.47(23.2) 52.82(21.7)* 62.40(12.9) 24.04(15.5) 61.15(8.02)*
Transformer 65.06(1.21)* 52.11(11.8)* 76.00(10.4) 57.16(5.56)* 19.41(3.46)* 64.05(1.40)* 63.63(5.36)* 66.31(25.1) 61.03(14.9) 62.10(14.2) 21.93(14.0) 63.67(5.59)*
GCN 69.88(3.40)* 72.10(4.41)* 68.00(4.87)* 68.67(3.44)* 32.13(5.86)* 70.05(3.37)* 64.42(4.74)* 74.74(12.7) 54.36(7.99)* 67.07(6.97) 23.89(9.30) 64.55(4.80)*
EX-GCN 67.71(5.48)* 58.95(16.3)* 75.11(8.94) 61.62(10.9)* 25.41(10.5)* 67.03(6.07)* 65.45(3.85)* 76.31(15.2) 54.87(11.6)* 68.05(6.27) 26.59(17.7) 65.59(3.93)*
MA-GCN 75.42(2.19)* 77.37(3.00) 73.78(4.82)* 74.26(1.86)* 42.23(3.49)* 75.57(2.03)* 68.83(1.84) 78.95(18.4) 58.97(15.6) 70.73(5.86) 33.88(13.1) 68.96(1.98)
MCA-GCN 81.45(2.78) 80.53(8.03) 82.22(5.21) 79.78(1.30) 53.39(8.11) 81.37(3.00) 72.98(6.26) 71.05(18.1) 74.87(10.3) 71.24(9.85) 35.42(16.5) 72.96(6.37)

* Significantly different from our MAC-GCN results (𝐩 < .05, t-test).
Table 6
Ablation study (NC vs AD and NC vs LMCI).

Data Method NC versus AD NC versus LMCI

ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.) ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.)

fMRI

MCA-GCN(no LIA) 75.24(1.17)* 74.59(0.59)* 75.77(0.68)* 75.31(0.78)* 39.26(0.52)* 75.68(0.47)* 71.23(0.46)* 75.59(0.87)* 66.84(0.85)* 71.40(0.67)* 32.79(0.84)* 71.06(0.61)*
MCA-GCN(no MLIF) 81.58(1.25)* 82.19(0.55)* 81.26(0.81)* 81.55(0.91)* 57.41(0.46)* 81.80(0.59)* 78.34(0.74)* 82.11(0.39)* 74.52(1.06)* 78.29(0.51)* 45.14(0.91)* 79.31(0.65)*
MCA-GCN(no Location) 83.67(0.55)* 83.19(0.86)* 85.24(1.14)* 84.20(0.92)* 61.62(0.47)* 84.33(1.02)* 82.39(0.68)* 85.24(0.42)* 79.94(1.33)* 78.97(0.55)* 50.31(0.73)* 80.77(0.58)*
MCA-GCN 86.22(0.53) 84.37(0.95) 88.20(0.81) 86.39(1.08) 65.39(0.56) 86.17(0.54) 85.67(0.45) 87.08(0.70) 83.15(0.95) 84.25(0.76) 61.47(0.76) 85.50(0.85)

Gene
MCA-GCN(no LIA) 82.47(0.82)* 84.23(0.71)* 81.75(1.29)* 83.03(0.83)* 58.12(0.49)* 82.45(0.68)* 79.51(0.54)* 81.62(0.40)* 75.92(1.03)* 78.65(0.34)* 48.51(0.77)* 78.03(0.58)*
MCA-GCN(no MLIF) 84.86(0.87)* 84.19(0.63)* 86.24(1.23)* 85.52(0.78)* 60.39(0.68)* 85.08(0.51)* 84.41(0.36)* 87.22(0.36)* 82.67(0.84)* 83.99(0.50)* 58.44(0.85)* 84.43(0.50)*
MCA-GCN 87.34(0.60) 85.84(0.99) 89.05(1.34) 87.86(1.08) 67.14(0.70) 87.32(0.43) 86.90(0.69) 92.34(0.50) 85.13(1.37) 85.44(1.05) 62.08(0.93) 86.61(1.24)

Dual

MCA-GCN(no LIA) 86.72(0.76)* 85.14(1.47)* 86.77(1.26)* 85.59(0.92)* 64.27(0.81)* 85.65(0.47)* 84.38(0.69)* 88.99(0.77)* 85.46(0.76)* 85.56(0.84)* 61.30(0.78)* 84.23(0.62)*
MCA-GCN(no MLIF) 90.54(0.90)* 89.33(1.02)* 90.67(0.82)* 90.75(1.14)* 76.93(0.86)* 90.71(0.49)* 88.76(0.70)* 90.14(0.78)* 87.19(0.73) 88.09(0.93)* 65.86(0.79)* 88.66(0.65)*
MCA-GCN(no Location) 92.36(0.60)* 91.74(0.98)* 92.64(0.81)* 92.31(0.86) 79.11(0.56)* 92.17(0.61) 89.14(0.60)* 92.26(0.64) 84.31(0.82)* 87.59(0.69)* 73.15(1.00)* 88.78(0.90)*
MCA-GCN 93.27(0.59) 92.98(1.04) 93.89(1.16) 93.12(0.97) 80.59(0.91) 92.55(0.65) 91.31(0.44) 92.72(0.79) 88.12(1.24) 90.18(0.92) 75.79(0.57) 91.09(0.76)

* Significantly different from the non-bold values (𝐩 < .05, t-test).
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Table 7
Ablation study (LMCI vs AD and EMCI vs LMCI).

Data Method LMCI versus AD EMCI versus LMCI

ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.) ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.)

fMRI

MCA-GCN (no LIA) 69.11(0.81)* 64.07(0.67)* 74.61(0.43)* 66.37(0.79)* 29.64(0.91)* 69.33(0.77)* 65.97(0.95)* 66.58(0.40)* 65.24(0.95)* 64.96(1.31)* 25.42(0.72)* 65.77(0.30)*
MCA-GCN (no MLIF) 75.34(0.77)* 76.89(1.02)* 75.86(0.75)* 76.24(0.50)* 44.86(0.76)* 76.38(0.60)* 74.84(0.90)* 72.06(0.53)* 79.74(0.91)* 72.36(0.98)* 44.19(0.80)* 74.27(0.59)*
MCA-GCN (no Location) 80.66(0.66)* 78.84(0.96)* 86.69(0.86)* 78.65(0.90)* 48.63(0.74)* 80.33(0.57)* 78.62(0.83)* 81.94(0.76)* 78.85(0.78)* 80.22(0.96)* 50.08(0.52)* 78.64(0.60)*
MCA-GCN 84.76(0.60) 80.07(0.42) 89.02(1.33) 83.04(0.32) 58.32(0.96) 84.43(0.61) 83.01(0.82) 84.07(0.62) 82.19(0.76) 83.00(1.03) 56.97(0.80) 83.01(0.50)

Gene
MCA-GCN (no LIA) 75.08(0.94)* 74.55(0.80)* 76.31(0.72)* 74.62(0.88)* 46.83(0.76)* 75.61(0.70)* 72.69(0.89)* 68.91(0.83)* 72.94(0.72)* 71.33(0.94)* 45.07(0.72)* 71.64(0.64)*
MCA-GCN (no MLIF) 80.64(0.63)* 80.76(0.82) 81.89(0.79)* 80.06(0.81)* 56.69(1.03)* 81.05(0.68)* 78.66(0.76)* 76.65(0.53)* 80.61(0.52)* 78.07(0.82)* 51.39(0.83)* 79.24(0.62)*
MCA-GCN 83.83(1.40) 81.05(0.82) 86.31(0.84) 82.06(0.57) 58.58(1.14) 83.48(0.43) 83.55(0.85) 84.60(0.84) 82.67(0.90) 83.53(0.67) 57.32(0.93) 83.43(0.56)

Dual

MCA-GCN (no LIA) 82.22(0.85)* 81.03(0.82)* 84.92(0.77)* 81.89(0.71)* 60.04(0.87)* 82.74(0.48)* 82.03(0.88)* 79.43(0.60)* 85.67(0.89)* 82.55(0.60)* 61.79(0.97)* 82.31(0.52)*
MCA-GCN (no MLIF) 86.73(0.92)* 83.51(0.76)* 89.82(0.60)* 86.17(0.75)* 67.82(0.81)* 86.41(0.51)* 85.27(0.97)* 82.16(0.96)* 87.30(0.96)* 85.42(0.76)* 65.38(1.15)* 85.51(0.90)*
MCA-GCN (no Location) 86.55(0.83)* 82.72(0.75)* 89.79(0.64)* 83.66(0.93)* 65.58(0.67)* 85.87(0.40)* 85.33(0.99)* 84.43(1.01)* 86.09(0.83)* 85.14(0.83)* 66.24(0.80)* 86.03(1.03)*
MCA-GCN 90.01(0.95) 88.53(0.72) 91.20(0.52) 89.00(0.92) 69.41(0.92) 87.29(0.23) 88.61(0.71) 87.96(1.02) 89.21(1.12) 88.17(0.90) 67.99(1.10) 88.59(0.85)

* Significantly different from the non-bold values (𝐩 < .05, t-test).
Table 8
Comparison with other advanced methods.

Method Attention Modality MRI input format Subjects ACC AUC

Zhou et al. (2020) No MRI+PET Jacob atlas, time series of 93
ROIs

226 (NC)/362 (MCI) 0.746 0.748

362 (MCI)/186 (AD) 0.748 0.755
Xing et al. (2020) Yes MRI 3D MRI data, no time series of

ROIs extracted
51 (NC)/49 (AD) 0.910 /

Gan et al. (2021) No fMRI AAL atlas, time series of 116
ROIs

48 (NC)/59 (AD) 0.888 0.902

Bi, Wang, et al. (2022) No fMRI+SNP AAL atlas, time series of 116
ROIs

237 (NC)/233 (AD) 0.882 0.907

197 (EMCI)/203 (LMCI) 0.838 0.862
203 (LMCI)/233 (AD) 0.851 0.870

Wang, Li, et al. (2022) Yes MRI+SNP 3D MRI data, no time series of
ROIs extracted

205 (NC)/174 (AD) 0.838 0.924

Bi, Zhou, et al. (2022) No fMRI+SNP AAL atlas, time series of 116
ROIs

237 (NC)/233 (AD) 0.894 0.914

197 (EMCI)/203 (LMCI) 0.850 0.884
203 (LMCI)/233 (AD) 0.864 0.902

Tian et al. (2023) Yes DTI+fMRI+T1 AAL atlas, time series of 116
ROIs

167(NC)/191(AD) 0.857 0.859

160(MCI)/191(AD) 0.801 0.793
160(MCI)/167(NC) 0.775 0.777

Bi et al. (2023) No fMRI+SNP AAL atlas, time series of 116
ROIs

237 (NC)/233 (AD) 0.883 /

197 (EMCI)/203 (LMCI) 0.838 /
203 (LMCI)/233 (AD) 0.849 /

Qin et al. (2022) Yes MRI 3D MRI data, no time series of
ROIs extracted

114 (NC)/98 (AD) 0.927 /

MCA-GCN Yes fMRI+SNP AAL and Schaefer atlas, time
series of 116/ 400 ROIs

213 (NC)/222 (AD) 0.932 0.926

213 (NC)/192 (LMCI) 0.913 0.911
192 (LMCI)/222 (AD) 0.900 0.893
190 (EMCI)/192 (LMCI) 0.886 0.886
tasks. This indicates the outperformance of MCA-GCN than the baseline
method on the independent test set.

4.9. Pathogenic brain regions and genes

We extracted the causative brain regions and genes associated with
AD classification by calculating feature scores at multiple stages of
the model, which enabled the interpretation of the diagnostic results.
Tables 10 and 11 show the important brain regions and genes that
distinguish NC and AD patients, and Fig. 7 shows the location of these
brain regions in the brain. Figs. 8 and 9 illustrate the highly pathogenic
brain regions and genes found in the four prediction tasks. We note that
there is a high degree of consistency in the pathogenic brain regions and
pathogenic genes identified by MCA-GCN across different predictions.

Brain regions PHG.R (parahippocampal gyrus, right), HIP.R (hip-
pocampus, right), and INS.L (insula, left) contributed significantly in
all four categorization tasks. The parahippocampal gyrus is one of the
structures in the brain that is closely associated with memory formation
12 
Fig. 7. Location of significant pathogenic brain regions.
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Table 9
Classification performance of different comparison methods on ADNI-2 database.

Data Method LMCI versus AD EMCI versus LMCI

ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.) ACC(std.) SEN(std.) SPE(std.) F1(std.) MCC(std.) AUC(std.)

fMRI

RF 51.06(0.84)* 27.12(0.93)* 97.16(0.90) 47.91(0.36)* 14.20(0.95)* 50.60(0.98)* 50.89(0.42)* 82.90(1.25)* 47.58(0.78)* 53.74(0.95)* 14.17(0.75)* 50.95(1.15)*
SVM 54.78(0.76)* 26.88(0.64)* 98.34(0.99) 51.15(0.96)* 17.57(0.98)* 55.67(1.10)* 52.34(0.75)* 82.64(0.69)* 52.04(1.06)* 53.63(0.52)* 13.29(1.40)* 52.65(1.34)*
CNN 55.24(1.42)* 31.02(0.53)* 97.76(0.60) 55.99(0.63) 21.55(0.44)* 56.83(0.52)* 54.10(1.09)* 83.68(0.70) 48.59(0.98)* 57.64(0.70)* 15.90(1.07)* 55.75(1.23)*
Transformer 63.53(0.83)* 40.65(1.16) 95.85(1.11)* 55.87(1.08) 27.69(0.76) 62.87(0.76)* 60.16(0.72)* 84.62(1.26) 54.43(0.60)* 61.78(0.63)* 19.87(1.15)* 60.70(0.45)*
GCN 61.74(0.67)* 39.37(0.74) 97.23(1.06) 54.59(1.37) 25.22(0.97)* 60.56(0.89)* 59.93(0.90)* 84.27(0.54) 55.58(1.36) 60.40(0.92)* 19.55(1.28)* 60.54(0.99)*
EX-GCN 61.28(1.31)* 37.33(1.29)* 97.61(0.83) 49.74(0.81)* 23.16(0.56)* 61.32(0.26)* 63.96(0.67)* 81.05(1.14)* 50.14(0.46)* 64.38(1.62)* 22.65(1.35)* 63.79(0.70)*
MA-GCN 65.59(0.98)* 49.62(1.07) 95.55(0.98)* 52.67(0.61)* 27.29(1.26) 64.54(1.08)* 64.91(1.39)* 82.88(0.92)* 53.15(0.55)* 66.40(0.85)* 24.85(0.92)* 64.71(0.67)*
MCA-GCN 67.67(0.83) 40.00(0.77) 98.26(1.33) 58.15(0.76) 28.52(1.46) 67.26(0.79) 66.63(1.00) 84.53(0.82) 55.80(1.42) 69.24(1.16) 26.97(1.03) 67.36(1.21)

Gene

RF 56.42(0.59)* 24.03(1.13)* 98.15(1.21) 48.74(1.20)* 18.60(0.83)* 55.97(0.93)* 51.57(1.32)* 80.41(0.63)* 47.20(1.39)* 51.89(0.61)* 14.08(0.74)* 50.45(0.97)*
SVM 55.28(0.87)* 24.91(0.93)* 97.63(0.91) 47.22(1.20)* 16.43(1.52)* 54.35(0.66)* 55.41(0.47)* 83.18(0.93)* 54.17(0.76)* 55.45(1.09)* 17.91(0.97)* 53.70(1.09)*
CNN 56.08(0.76)* 22.27(1.16)* 96.28(1.01)* 47.91(1.03)* 16.62(0.77)* 56.37(0.47)* 55.78(0.99)* 83.83(1.02)* 53.22(1.16)* 55.43(0.62)* 16.66(0.84)* 56.15(0.74)*
Transformer 57.30(0.63)* 23.15(1.08)* 98.46(0.92) 48.37(0.55)* 17.28(0.74)* 57.49(0.88)* 56.28(1.03)* 84.97(1.11)* 51.28(0.57)* 54.52(0.87)* 18.06(0.83)* 56.61(0.90)*
GCN 57.48(1.22)* 21.16(0.88)* 97.64(0.98) 49.31(0.80)* 17.95(0.90)* 56.34(1.31)* 58.88(0.75)* 83.29(1.30)* 53.95(1.00)* 58.12(0.88)* 17.24(0.48)* 59.25(0.82)*
EX-GCN 62.59(0.92)* 27.18(0.78)* 98.12(1.23) 48.29(0.97)* 21.02(1.03)* 62.25(0.64)* 61.02(0.55)* 81.57(0.72)* 55.57(0.95) 59.01(1.13)* 24.47(0.60)* 60.70(0.73)*
MA-GCN 66.67(0.88)* 34.07(1.06)* 98.26(0.67) 53.71(0.99)* 25.88(0.93)* 66.66(1.54) 65.39(0.83)* 83.94(1.11)* 54.66(0.96)* 65.95(0.90)* 31.81(0.49)* 65.03(0.87)*
MCA-GCN 68.15(1.03) 38.52(0.30) 97.78(1.48) 55.19(0.71) 27.93(0.71) 68.48(1.93) 69.08(0.51) 85.26(1.04) 56.67(0.93) 68.89(0.91) 37.29(0.75) 68.74(1.22)

Dual

RF 56.64(1.01)* 27.34(1.07)* 98.45(0.94) 55.34(0.98)* 16.37(0.98)* 56.45(1.08)* 58.79(0.94)* 84.53(1.03)* 54.94(1.00) 57.95(0.76)* 17.97(0.98)* 58.60(0.47)*
SVM 57.18(1.22)* 25.14(0.39)* 96.67(0.92)* 52.77(1.30)* 17.19(0.60)* 58.61(0.95)* 57.11(0.78)* 85.30(1.17)* 52.86(0.33) 60.24(1.47)* 19.13(1.04)* 58.44(0.47)*
CNN 61.33(0.47)* 26.48(0.46)* 97.96(1.19) 53.14(1.28)* 21.47(0.93)* 61.05(0.84)* 61.38(0.94)* 82.93(1.28)* 53.76(1.17) 64.23(0.76)* 24.32(0.87)* 61.78(0.69)*
Transformer 61.24(1.23)* 31.36(1.02)* 98.77(0.86) 52.30(0.73)* 21.49(0.48)* 61.57(1.62)* 62.62(0.68)* 84.49(0.80)* 54.94(1.29) 64.87(0.86)* 26.15(0.86)* 62.35(1.37)*
GCN 65.93(1.34)* 33.33(0.59)* 97.85(1.00) 56.83(1.04)* 26.37(0.84)* 65.59(0.75)* 62.95(0.83)* 86.11(0.98) 52.31(1.24) 65.54(0.80)* 27.86(1.46)* 61.33(1.32)*
EX-GCN 68.89(0.50)* 38.52(0.78)* 98.26(0.86) 57.58(1.10)* 28.94(0.99)* 68.33(0.65)* 64.32(0.92)* 82.76(0.59)* 56.61(1.22) 69.53(1.02)* 34.22(0.48)* 64.80(1.12)*
MA-GCN 71.27(0.74)* 43.70(0.99)* 97.18(0.91)* 61.49(0.72)* 32.71(0.76)* 71.27(0.80)* 67.81(1.15)* 86.49(0.63) 55.56(1.02) 72.05(0.97)* 37.41(0.60)* 67.35(1.02)*
MCA-GCN 73.70(1.18) 48.89(0.97) 98.52(0.81) 65.54(1.04) 37.45(1.04) 73.89(0.85) 71.11(1.09) 86.67(0.90) 53.33(1.08) 74.31(1.20) 39.64(0.88) 71.37(1.38)

* Significantly different from the non-bold values (𝐩 < .05, t-test).
Fig. 8. Risk brain regions identified in four categorization tasks.
Fig. 9. Risk genes identified in four classification tasks.
and storage, and numerous studies have shown that the parahippocam-
pal gyrus is severely impaired in patients with Alzheimer’s disease,
resulting in impaired memory function (Teipel, Fritz, Grothe, & Ini-
tiative, 2020). The hippocampus is one of the first regions to show
signs of AD neuropathology, which is involved in the process of AD
memory degradation and, in advanced cases, is the most profoundly
affected region (West, Coleman, Flood, & Troncoso, 1994; Yi, Jin, Xu,
Wei, & Rui, 2021). The insula is a deep brain structure involved in a
variety of cognitive and emotional processes. It is closely associated
with emotion regulation, social cognition and self-awareness. People
with Alzheimer’s disease typically experience cognitive and emotional
problems such as memory loss, emotional apathy and interpersonal
difficulties (Rosenberg, Nowrangi, & Lyketsos, 2015).

ASIC2, CNTN5 have high contribution in all four classification tasks.
The ASIC gene family is widely expressed in the mammalian nervous
13 
system, especially in the brain (Cherninskyi, Storozhuk, Maximyuk,
Kulyk, & Krishtal, 2023). Increasing evidence suggests that ASIC ac-
tivation may be a factor in AD progression (Gonzales & Sumien, 2017;
Mango & Nisticò, 2021). CNTN5 has been implicated in the regulation
of certain neuronal orientations and the organization of axon-axon
connections (Ashrafi et al., 2014). In previous AD studies, CNTN5
variants were determined to be associated with white matter lesion
(WML) volume, entorhinal cortex thickness (ECT), parahippocampal
gyrus thickness, and temporal pole cortex thickness (TPT) (Biffi et al.,
2010).

To investigate the relationship between the extracted pathogenic
brain regions and pathogenic genes, we calculated the Pearson cor-
relation coefficients between pathogenic brain-region time series and
pathogenic gene SNP coding in the AD and NC samples, respectively,
and then analyzed the significantly different associations between the
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Fig. 10. Heatmap showing brain region-gene pairs of P -values in the NC(a),AD(b) group. Marked with an asterisk when p < 0.05(c).
Table 10
Significantly pathogenic brain regions in NC vs AD.

Brain area Full name of the brain
region

Pathogenicity score

PHG.R Parahippocampal gyrus
Right

23.52

INS.L Insula Left 21.82
HIP.R Hippocampus Right 20.14
TPOsup.L Temporal pole: superior

temporal gyrus Left
20.12

SOG.R Superior occipital gyrus
Right

19.31

LING.R Lingual gyrus Right 19.28
PAL.L Lenticular nucleus

pallidum Left
19.16

CAL.L Calcarine fissure and
surrounding cortex Left

18.52

SOG.L Superior occipital gyrus
Left

18.26

MOG.L Middle occipital gyrus
Left

18.23

INS.R Insula Right 18.22
FFG.R Fusiform gyrus Right 18.16
STG.R Superior temporal gyrus

Right
17.94

PreCG.R Precentral gyrus Right 17.88

Table 11
Significantly pathogenic genes for NC vs AD.

Gene Full name of gene Pathogenicity score

ASIC2 Acid Sensing Ion
Channel Subunit 2

16.09

NRXN3 Neurexin 3 14.88
CNTN5 Contactin 5 14.36
NTM Neurotrimin 13.05
RORA RAR Related Orphan

Receptor A
13.04

WWOX WW Domain Containing
Oxidoreductase

12.91

CNTNAP2 Contactin Associated
Protein 2

11.82

RYR3 Ryanodine Receptor 3 10.93
CDH4 Cadherin 4 10.83
PDE4D Phosphodiesterase 4D 10.81

two groups of samples by standardized T-test. Fig. 10(c) demonstrates
the pathogenic brain region-gene associations that are very different
in AD and NC samples (P < 0.05, marked with an asterisk). We ob-
served differential associations between the brain region PHG.R (right
parahippocampal gyrus) and the genes ASCI2 and PDE4D in AD and NC
14 
samples. The genes significantly associated with HIP.R (hippocampus,
right) were ASCI2, CNTNAP2, and CDH4. Among these genes, the
gene ASCI2 was significantly associated with several brain regions,
including PHG.R (Parahippocampal gyrus Right), HIP.R (Hippocampus
Right), LING.R (Lingual gyrus Right), CAL.R (Calcarine fissure and
surrounding cortex Left), SOG.L (Superior occipital gyrus Left), MOG.L
(Middle occipital gyrus Left), and PreCG.R (Precentral gyrus Right).
Figs. 10(a) and 10(b) show the association between NC and PCC values
of significantly different associations between pathogenic brain regions
and genes in AD patients, respectively. These results suggest that the
association between pathogenic brain regions and genes extracted by
MCA-GCN differed between the two types of samples. Our approach
finds patterns of brain region and gene associations that distinguish
AD patients. Interestingly, we noticed that the gene ASCI2 had a small
correlation coefficient with the brain region PreCG.R in NC (𝑃 𝐶 𝐶 =
−0.14), whereas in AD they had a higher correlation coefficient (𝑃 𝐶 𝐶 =
0.8). On the other hand, the correlation coefficient of ASCI2 gene with
brain regions LING.R and SOG.L was higher in NC (𝑃 𝐶 𝐶 = 0.8) and
lower in AD (𝑃 𝐶 𝐶 = −0.35). These provide a reference for exploring
the pathogenesis of AD and finding therapeutic targets.

To further analyze the significant brain regions and genes identified
by the MCA-GCN in the four tasks, the significant factors were com-
pared with existing imaging genetics studies, and as shown in Table 12,
most of the significant brain regions and genes were validated in the
literature, especially in the NC-AD group.

5. Conclusion

This work proposed MCA-GCN incorporating a multi-stream cross-
attention and graph convolutional network for Alzheimer’s disease
diagnosis and pathogenesis gene and brain-region identification. This
model can learn brain region-gene associations from long-range and
local aspects, providing a more comprehensive view of their relation-
ships.

The model also introduces a learnable position encoding method
that combines absolute and relative position information of fMRI time
points to generate brain region embeddings containing dynamic infor-
mation. In addition, the model explains classification and diagnostic
results by calculating weights for brain regions and genes based on their
importance or relevance to the classification task. Experimental results
on the ADNI dataset show that the model outperforms competing
methods on four independent classification tasks and can identify some
brain regions and genes associated with Alzheimer’s disease. The model
provides a new perspective and tool for the study of Alzheimer’s disease
and the analysis of other neurodegenerative diseases.

However, due to the scarcity of data, there remains significant
potential for development in the utilization of multimodal data. In
our future work, we plan to explore innovative methodologies for
effectively measuring non-linear relationships between genes and brain
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Table 12
Brain regions and genes for which the four categorization tasks remain significant in other imaging genetics articles.

NC versus AD NC versus LMCI LMCI versus AD EMCI versus LMCI

ROIs Genes ROIs Genes ROIs Genes ROIs Genes

PHG.R (Bi, Hu,
et al., 2020; Bi
et al., 2023)

ASIC2 (Bi, Hu,
et al., 2020; Bi
et al., 2023;
Bi, Mao, et al.,
2022; Bi,
Wang, et al.,
2022; Bi, Zhou,
et al., 2022)

HIP.R (Bi, Liu,
Xie, Hu, &
Jiang, 2020)

ASIC2 (Bi, Liu,
et al., 2020)

INS.L (Bi et al.,
2024)

WWOX (Bi
et al., 2024)

SOG.R (Bi, Li,
et al., 2022)

ASIC2 (Bi, Li,
et al., 2022)

SOG.R (Bi
et al., 2023;
Bi, Mao, et al.,
2022; Bi,
Wang, et al.,
2022; Bi, Zhou,
et al., 2022)

CNTN5 (Bi,
Hu, et al.,
2020; Bi et al.,
2023; Bi,
Wang, et al.,
2022; Bi, Zhou,
et al., 2022)

MOG.L (Bi,
Liu, et al.,
2020)

CNTNAP2 (Bi,
Liu, et al.,
2020)

SOG.R (Bi
et al., 2024)

PreCG.R (Bi,
Li, et al., 2022)

NRXN3 (Bi, Li,
et al., 2022)

LING.R (Bi,
Hu, et al.,
2020)

NTM (Bi, Hu,
et al., 2020)

INS.R (Bi, Liu,
et al., 2020)

CNTN5 (Bi,
Liu, et al.,
2020)

CAL.L (Bi, Hu,
et al., 2020)

WWOX (Bi,
Hu, et al.,
2020)

WWOX (Bi,
Liu, et al.,
2020)

MOG.L (Bi,
Wang, et al.,
2022)

CNTNAP2 (Bi,
Hu, et al.,
2020; Bi et al.,
2023; Bi, Mao,
et al., 2022; Bi,
Wang, et al.,
2022; Bi, Zhou,
et al., 2022)

GRM7 (Bi, Liu,
et al., 2020)

INS.R (Bi, Hu,
et al., 2020)
PreCG.R (Bi,
Mao, et al.,
2022; Bi,
Wang, et al.,
2022; Bi, Zhou,
et al., 2022)
F
6

areas,involves incorporating advanced activation functions or consider-
ing dynamic weighting networks, allowing for adaptive adjustments to
he significance of various features based on contextual information and
he specific characteristics of the input data. This adaptability could

provide a more nuanced understanding of the interactions between
brain regions and genes.
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