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Abstract—Embedding multi-modal brain network analysis
technology into consumer electronics, such as smart wearables,
helps enable early intelligent diagnosis of brain diseases. Recent
studies confirm that the functional-structural coupling in certain
regions is more tightly correlated than in others. However,
existing multi-modal methods often directly fuse functional brain
networks (FBN) and structural brain networks (SBN), ignoring
the regional heterogeneity between them. Additionally, identity
information encoded in brain networks may interfere with
disease diagnosis. In this paper, we develop a multi-modal brain
network fusion method with regional heterogeneity constraints,
and design a feature decoupling module to alleviate disease-
irrelevant information. Specifically, we first divide FBN and SBN
into multiple subnetworks, and introduce penalty weights to re-
duce the communication cost between cross-modal brain regions
within the subnetwork while increasing the cost between different
subnetworks. Then, under the regional heterogeneity constraints,
we adopt optimal transport to simulate the transfer of brain
region hubness from FBN to SBN, thereby effectively integrating
the complex cross-modal interactions. Furthermore, we design a
feature decoupling module to suppress ineffective features and
enhance the discrimination between modality-specific features
and multi-modal features. Experimental results show that the
proposed method has promising performance and can identify
multi-modal biomarkers for brain disease diagnosis.

Index Terms—Multi-modal brain network, regional hetero-
geneity, optimal transport, feature decoupling, brain disease
diagnosis.

I. INTRODUCTION

ITH the rapid development of artificial intelligence

and Internet of Things technology, telemedicine has
garnered increasing attention [1]. As a critical component of
healthcare, brain disease diagnosis also benefits from these
cutting-edge technological advancements. Wearable devices
and intelligent diagnostic systems can identify brain diseases
earlier and more accurately by detecting and analyzing the
brain’s physiological activities [2]-[4]. Therefore, intelligent
brain disease diagnosis possesses substantial application po-
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tential in both the healthcare and consumer electronics markets
[5].

Brain networks can comprehensively describe the complex
interactions and association patterns between brain regions,
making them a powerful tool for brain disease diagnosis
and cognitive science research [6]. Brain networks can be
divided into functional brain network (FBN) and structural
brain networks (SBN). The FBN is typically constructed using
functional magnetic resonance imaging, while the SBN is
constructed using diffusion tensor imaging. They can provide
complementary information for brain disease diagnosis from
different perspectives. However, due to the complex topolog-
ical coupling relationship between FBN and SBN, it is still
a challenge to develop effective multi-modal brain network
fusion methods to improve the diagnostic performance of brain
diseases.

Recently, several multi-modal brain network analysis meth-
ods have been proposed. As shown in Fig. 1, they are primarily
divided into two categories: simple fusion and interactive
fusion. The simple fusion strategy is shown in Fig. 1(a), it
involves the straightforward concatenation or addition of FBN
and SBN, and then extracts the shallow structural features from
them. For example, Dai et al. first used multiple kernel learning
to integrate FBN and SBN, and then employed support vector
machine to distinguish between healthy individuals and those
with attention deficit disorders [7]. Sebenius et al. adopted
graph convolutional network (GCN) to extract the structural
information from both FBN and SBN respectively, and con-
catenated the features of the most important & nodes from
each network for classification [8]. In fact, there is a nonlinear
mapping relationship between FBN and SBN, and the simple
fusion method may lose rich multi-modal coupling informa-
tion. In order to model the complex intrinsic dependencies
between FBN and SBN, researchers have developed an interac-
tive fusion strategy. The interactive fusion strategy is presented
in Fig. 1(b), it refers to adaptively mining complementary
information between functional and structural networks, and
revealing potential associations between different modalities.
For instance, Zhu et al. designed a triplet network combining
FBN and SBN, and used the attention mechanism to adaptively
extract the most important features in the two modalities [9].
Yang et al. proposed a cross-modal graph neural network to
capture the deep dependencies between FBN and SBN through
dynamic graph learning and mutual learning [10]. However,
FBN and SBN are not a one-to-one perfect relationship, and
the direct interactive fusion method may ignore the regional
heterogeneity between function and structure in the brain.
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Fig. 1.
multi-modal fusion strategy with regional heterogeneity constraints.

The anatomical structure of the brain can partially limit
functional activity, and functional activity also shapes struc-
tural connectivity through neuromodulation and plasticity pro-
cesses [11]. Although there is a certain correlation between
structural connection strength and functional activation, the
brain still possesses a wide range of indirect connections
to support more complex cognitive functions. For instance,
homologous visual cortices with similar visual field mappings
exhibit functional connectivity even in the absence of direct
structural connectivity [12]. Moreover, neuroscience studies
have confirmed that the functional-structural coupling of some
brain regions is more closely correlated than other regions. For
example, the visual and auditory cortex show strong coupling,
while parietal lobe and occipital lobe show weak coupling
[13]. This regional heterogeneity reflects the brain’s integration
and segregation at both functional and structural levels. The
brain network fusion strategy based on regional heterogene-
ity aligns closely with the brain’s biological characteristics,
facilitating a better representation of the intrinsic functional-
structural interactions within the brain. Additionally, FBN and
SBN also encode information unrelated to brain diseases,
such as age and gender. Therefore, effectively decoupling the
ineffective information is not only beneficial to improve the
diagnostic accuracy, but also helps to further mine the regional
heterogeneity multi-modal features related to diseases.

To address the aforementioned problems, we propose a re-
gional heterogeneity multi-modal brain network fusion model
based on optimal transport, and design a feature decoupling
module to eliminate ineffective features unrelated to diseases
from multi-modal brain networks. The brain is a modular sys-
tem composed of multiple subnetworks, characterized by tight
coupling within subnetworks and loose coupling between them
[14]. Because brain regions with structural connections tend
to have stronger functional synchronization, regions within
the same subnetwork also tend to exhibit tighter functional-
structural coupling [15], [16]. Given that the pre-defined sub-
network closely aligns with the brain structure and functional
organization [17], it is beneficial to investigate the impact of
brain diseases on various cognitive functions. Therefore, we
first divide FBN and SBN into multiple subnetworks according

o
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Comparison of different multi-modal brain network fusion methods. (a) Simple fusion strategy. (b) Interactive fusion strategy. (c) The proposed

to predefined clustering [18], and reorder brain regions so that
brain regions belonging to the same subnetwork are adjacent,
yielding regional FBN and SBN. Next, we introduce penalty
weights to reduce the communication cost between cross-
modal brain regions within the subnetwork and increase the
cost between the subnetworks, thereby reflecting the regional
heterogeneity between FBN and SBN. Then, we adopt optimal
transport to simulate the transfer process of brain region
hubness from FBN to SBN under the regional heterogeneous
constraint. This process not only captures the intricate mapping
between brain function and structure, but also effectively fuses
the regional heterogeneity features between them. In addition,
we design a feature decoupling module. It not only enhances
the discriminability of specific and multi-modal information,
but also helps the model to learn features most relevant to dis-
ease diagnosis, thereby effectively improving diagnostic per-
formance. Finally, we fuse the effective multi-modal features
and specific features for classification. The proposed multi-
modal fusion strategy with regional heterogeneity constraints
is shown in Fig. 1(c). In summary, the proposed method offers
the following contributions:

(1) In this paper, we develop a multi-modal brain network
analysis framework with regional heterogeneity constraints,
which not only captures the complex association between FBN
and SBN, but also alleviates the disease-unrelated information
in brain networks.

(2) We design the cross-modal communication cost matrix
that can reflect the regional heterogeneity, and simulate the
transmission of hubness from FBN to SBN under the regional
heterogeneity constraint through optimal transport. This pro-
cess can effectively fuse the complex interactive information
between FBN and SBN.

(3) To alleviate disease-irrelevant information in brain net-
works, we introduce a feature decoupling module that re-
tains only effective multi-modal features, and apply difference
constraints to enhance the discrimination of these feature
representations.

(4) Extensive experiments on epilepsy and ADNI datasets
demonstrate that the proposed method outperforms existing
brain network analysis methods and provides multi-modal
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biomarkers for brain disease diagnosis.

The remainder of the paper is organized as follows: we de-
scribe the related work in Section II. In Section III, we present
the proposed multi-modal brain network analysis method in
detail. Next, we introduce the two datasets used and show
extensive experimental results in Section IV. After that, we
discuss the experimental performance in Section V. Finally,
we summarize this work and draw a conclusion.

II. RELATED WORK
A. Optimal Transport-Based Brain Network Analysis

Optimal transport is a theoretical framework for studying
probabilistic transformations, aiming to convert the original
distribution to the target distribution in the most economical
way. Since brain networks can be represented as probability
distributions through graph theory or network embedding, op-
timal transport has been widely used in brain network analysis.
For example, Zhu et al. utilized optimal transport to construct
a graph hubness propagation model between adjacent dy-
namic FBNG, effectively capturing the brain’s spatio-temporal
evolution characteristics [6]. Ma et al. proposed an optimal
transport-based ordered pattern tree kernel to measure the
similarity between paired brain networks, and achieved good
performance in disease classification and regression tasks [19].
Dadashkarimi et al. employed optimal transport to estimate the
relationship between source and target atlas, which leads to
a more accurate estimate of brain connectivities on the target
atlas [20]. Numerous studies have shown that optimal transport
is a powerful tool for analyzing brain networks.

However, these optimal transport-based methods focus on
unimodal brain network analysis, ignoring its potential to mea-
sure information communication between multi-modal brain
networks. Additionally, the functional-structural coupling be-
tween brain regions located within the same subnetwork
is stronger than that between other regions. Therefore, by
designing a reasonable cost matrix for brain region commu-
nication, we can capture the complex regional heterogeneous
association between FBN and SBN through optimal transport.

B. Multi-Modal Features Decoupling

In brain disease diagnosis, multi-modal feature fusion refers
to integrating complementary information from different brain
networks to enhance feature representation. In fact, brain
networks of different modalities contain both modality-specific
and common information. Effectively decoupling different
types of features can provide a more comprehensive view of
brain disease diagnosis. In order to capture richer feature infor-
mation, several multi-modal feature decoupling methods have
been proposed. For example, Jiang et al. firstly constructed
a specific modal graph for each data, and then established a
decoupled representation model to learn both common and
private information across modalities [21]. Ye et al. used
subgraph convolution to extract the regional features of FBN
and SBN, then applied a fusion bottleneck-based transformer
to simulate the indirect interaction between them, and finally
integrated these three features for brain disease diagnosis [22].
Xu et al. designed a multi-channel GCN to extract the specific

and common features of FBN and SBN respectively, and
introduced contrastive learning to enhance the discrimination
of different features [23].

However, these methods only consider decoupling the spe-
cific features and common features from the multi-modal brain
network, ignoring the disease-unrelated information encoded
in the brain. Not only do brain diseases affect neural activity
and brain topology, but factors such as age and gender can also
alter connectivity properties [24]. Separating the ineffective
information from the brain network is beneficial to provide
more accurate features for brain disease diagnosis, thereby
improving the diagnostic performance.

III. PROPOSED METHOD

In this section, we design a novel multi-modal brain
network fusion method, which effectively captures the re-
gional heterogeneity characteristics between FBN and SBN
and suppresses the disease-irrelevant information in brain
networks.The schematic diagram of the proposed method is
shown in Fig. 2.

A. Regional Functional and Structural Brain Network Con-
struction

We assume that the fMRI time series of each subject is
represented by X € RV*M where N denotes the number of
brain regions and M is the number of recorded time points. In
order to measure the functional correlations between brain re-
gions, we employ Pearson’s correlation coefficient to construct
the FBN Ay. Considering the sparsity of the brain network,
we set all the elements smaller than threshold « in the FBN to
zero. In addition, we denote the SBN extracted from the DTI
modality as A;. The brain is a highly regionalized system
consisting of multiple subnetworks, and regional features are
also shown as subnetwork features [22]. In order to obtain
the regional FBN and SBN, we divide each brain network
into multiple subnetworks according to the predefined clus-
tering [18], including default mode network (DMN), fronto-
parietal network (FPN), salience network (SAN), attention
network (ATN), somatosensory and motor network (SMN),
visual network (VN), and auditory network (AN). Then, we
reorder the brain regions so that those belonging to the same
subnetwork are located in adjacent positions. Subsequently,
regional FBN and SBN are formed in an approximately block-
diagonal manner.

B. Regional Heterogeneous Fusion with Optimal Transport

To capture the complex coupling between functional and
structural networks, we develop a cross-modal hubness propa-
gation model with regional heterogeneity constraints via opti-
mal transport. Specifically, we first introduce penalty weights
to reduce the communication cost of cross-modal brain region
interactions within subnetworks and increase the cost between
different subnetworks, thereby reflecting the regional hetero-
geneity between FBN and SBN. Then, we utilize optimal
transport to simulate the hubness propagation process from the
FBN to the SBN under the regional heterogeneity constraint.
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Fig. 2. The framework of the proposed novel multi-modal brain network analysis method. In the regional FBN and SBN, diagonal blocks represent different
subnetworks. PageRank is used to compute the hubness distributions of the regional FBN and SBN, which serve as the initial distribution and target distribution
for the optimal transport process, respectively. The transport constraint refers to the cost matrix, which ensures that the optimal transport transforms the initial

distribution into the target distribution with minimal cost.
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Fig. 3. Schematic diagram of regional heterogeneous multi-modal brain
network analysis based on optimal transport. The cost matrix represents
the cost required to transport hubness from functional brain regions to
structural brain regions. The solid green arrows indicate the hubness transport
process between functional and structural brain regions. DMN, FPN, and SAN
represent different subnetworks.

This process can effectively capture the intricate interactions
between functional and structural brain regions. The multi-
modal fusion process based on optimal transport is shown in
Fig. 3.

Measure of Node Hubness: Since PageRank [25] can
efficiently measure the node importance according to the brain
topology, we use it to calculate the hubness of each brain
region in regional FBN and regional SBN. The hubness h" of
the brain region u depends on the number and hubness of its

neighbors:
u hv
W= > o
vEN (u)

ey

where N (u) denotes the set of neighbors of the brain region

u, and D,, is the degree of brain region v. Therefore, we can
obtain that the hubness distribution of regional FBN is h; =
(ht, %, .- ,hﬁ(‘v) € R™N_ and the hubness distribution of
regional SBN is hy = (hl,h2, .- hN) € RPN,

Construction of Regional Heterogeneity Cost Matrix: In
order to characterize the communication efficiency between
functional and structural brain regions, we first use cosine
similarity to measure the correlation between cross-modal
brain regions: o

< A%, Al >

ST 2)
1AL As ]

ij =
where B;; represents the correlation between the it" functional
brain region and the ;%" structural brain region, < A%, A7 > is
the inner product of A% and A7, and ||-|| denotes the Frobenius
norm. Neuroscience studies have shown that there is regional
heterogeneity in the function-structure coupling, characterized
by intensive information exchange between cross-modal brain
regions within the same subnetwork, and sparse information
transfer between different subnetworks [15], [16]. In order
to align with the brain’s intrinsic topology, we introduce
penalty weights to enhance connections within subnetworks
and weaken those between them:

Wintra X BZ]
Winter X Bij

1,7 € same subnetwork

Cij = 3)

otherwise

where W,1rq and Wy, are penalty weights, which are used
to strengthen and weaken correlations, respectively. A higher
correlation between functional and structural brain regions
suggests a lower communication cost across modal brain
regions. To this end, we introduce a penalty factor related
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to the strength of cross-modal coupling, and the resulting
communication cost matrix P for the regional heterogeneity
constraint can be formulated as follows:
c2.
K]

P === (4)

where ¢ is used to adjust the weight decay speed for the cross-
modal connectivity strength.

Multi-Modal Fusion with Optimal Transport: We use the
cost matrix constrained by heterogeneity as the transport cost
and apply optimal transport to simulate functional-structural
interactions at minimal cost. This process not only facilitates
the integration of multi-modal information with regional het-
erogeneity but also aligns with the brain’s complex economic
characteristics. Specifically, we take the functional hubness
distribution as the source domain, the structural hubness
distribution as the target domain, and the communication cost
P as the transport cost to establish the cross-modal hubness
propagation model with regional heterogeneity constraints:

min < P, M >p,
MeRNxN
S.t.]\le:f7,f,Z\4T:l]\[=h,S7 (5)

M1y =%;M;;, M" 1y = %; M;;

where < -,- >p is the Frobenius inner product of matrices,
< P,M >p= ¥;3;P;;M;;, M;; denotes the hubness trans-
port from hzj} to hJ, and 1y represents the N-dimensional
all-ones vector. Optimal transport aims to transfer the hubness
of functional brain regions to multiple structural brain regions
at the lowest cost. Moreover, the total hubness transmitted
from each functional brain region to structural brain regions
equals its initial hubness, while the total hubness received
by each structural brain region equals its target hubness.
This low-cost many-to-many interaction is highly consistent
with the brain’s high-order property and economic principle
[26], [27]. Therefore, the proposed method is beneficial for
capturing the intrinsic interactions between functional and
structural brain networks, enabling more effective integration
of multi-modal brain network information. In this paper, we
use Sinkhorn algorithm [28] to solve the optimal transport
problem. Therefore, the obtained optimal transport plan M
can effectively fuse the regional heterogeneity characteristics
between FBN and SBN.

In order to extract the rich spatial structure information in
multi-modal brain networks with regional heterogeneity, we
take the SBN A, as the adjacency matrix and M as the node
feature, and adopt GCN [29] to learn the complex interactions
representations between brain regions:

Z' = Relu(D7Y? A, D7V 211w (6)

where Z! (Z° = M) is the topological feature obtained after
l-layer graph convolution, Relu is the nonlinear activation
function [30], [31], D; represents the degree matrix of A,
and W' denotes the learnable weight matrix in the [-layer
graph convolution.

C. Feature Decoupling Module

The brain network also encodes identity information [24],
such as age and gender, which will interfere with the brain

disease diagnosis. To address this issue, we design a feature
decoupling module aiming to separate the specific information
related to the disease from the ineffective information unre-
lated to the disease in both the FBN and SBN. Specifically, we
first employ GCN to extract the nonlinear structural features
of regional FBN and SBN, respectively:

Z! = Relu(D; "? A;D;V? 7w )

where i € {f,s}, Zf(Z?c = X,Z° = A,) represents the
feature embedding obtained after [-layer graph convolution,
D; is the degree matrix of A;, and Wil denotes the learnable
weight matrix in the [-layer graph convolution.

To decouple the specific and ineffective features in FBN
and SBN, we design two encoders (e.g., GCN) Gf and G
(1 € {f,s}) for each brain network to obtain the latent
representation of the two types of features:

H} = G3(Z,), Hi* = GI*(Z) ®)

Then, the difference constraint L pcq is used to remove the
correlation between specific features and ineffective features:

Lpc1 = CS(H}, HY) + CS(HS, HY) )

where C'S(-,-) denotes the cosine similarity. In addition, to
further identify ineffective features, we feed H}e into a multi-
layer perceptron (MLP) to predict the class of each subject
and maximize the cross-entropy loss CE(-, -) between the true
label y and the predicted label:

Lepy =CE (y MLP (H,)) Y CE (y MLP (H))

10)

In order to improve the discrimination between specific and

multi-modal features, we also introduce difference constraints
between them:

Lpcs = CS(H;, Z) +CS(H, Z) (11)

Next, we fuse ineffective, specific and multi-modal features

to generate reconstructed features, and introduce the MSE

loss [32] to constrain the similarity between the reconstructed

feature representation and the original feature representation:

Lap=| Hf @ H} @ 7~ Z; |3+ || Hf @ H: © Z — 7, |3

(12)
where ||||2 denotes the squared L2 norm, and & is the element-
wise addition. We introduce difference constraints and recon-
struction loss to ensure that the decoupled disease-relevant
modality-specific features, disease-irrelevant modality-specific
features, and multi-modal features are distinct yet complemen-
tary, effectively reducing disease-irrelevant information in both
modality-specific and multi-modal features.

Finally, we sum the function-specific features, structure-
specific features, and multi-modal features into the MLP for
classification, and minimize the cross-entropy loss between the
true label y and the predicted label:

Leps =CE (y, MLP(H} & H; @ Z)) (13)
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D. Model Optimization

In the training process, the loss function of the proposed
model consists of three components: cross-entropy classifica-
tion loss, difference constraint loss and reconstruction loss.
where cross-entropy loss Lcg = Loga—Log1, and difference
constraint loss Lpc = Lpc1 + Lpce. Therefore, the overall
loss function can be expressed as follows:

L=Lcg+MLpc+ ALre (14)

where A\; and Ao are hyperparameters that determine the
relative importance of the three types of losses.

IV. EXPERIMENT
A. Materials

Epilepsy and cognitive impairment are among the most
damaging neurological disorders, disrupting brain structure
and leading to neurological abnormalities. Therefore, studying
their pathological mechanisms and diagnostic methods is of
great significance for early intervention and treatment. Next,
we will present the details of the two datasets used.

1) Data Acquisition: We conduct extensive experiments on
fMRI and DTT data from the collected epilepsy dataset and the
publicly available ADNI dataset (https://adni.loni.usc.edu/).
Epilepsy: This dataset is collected by Jinling Hospital, Nan-
jing University School of Medicine, and contains a total of 306
subjects, including 114 healthy controls (HC), 103 frontal lobe
epilepsy patients (FLE), and 89 temporal lobe epilepsy patients
(TLE). The data acquisition equipment is Siemens Trio 3T
scanner. The scanning parameters of fMRI are: repetition time
= 2000ms, echo time = 30 ms, flip angle = 90°, and voxel size
= 3.75 x 3.75 x 3.75mm?3. The scanning parameters of DTI
are: repetition time = 6100 ms, echo time = 93 ms, flip angle
=90°, and voxel size = 0.94 x 0.94 x 0.94mm?, respectively.
ADNI: We download a total of 227 samples from ADNI2 and
ADNI3, including 82 healthy controls (HCs), 76 patients with
significant memory concern (SMC), and 69 patients with early
mild cognitive impairment (EMCI). The HC group consists of
40 males and 42 females, the SMC group includes 50 males
and 26 females, and the EMCI group comprises 37 males and
32 females.

2) Data Preprocessing: We use the same way to process
the epilepsy dataset and the ADNI dataset. Specifically, all
fMRI data are processed by SPM8 in DPABI toolbox. We first
split the serialized data into multiple pieces and adjust them
according to the EPI template, thus achieving correction and
alignment of raw images. Next, detrending is used to reduce
the effects of head motion and the interference of CSF and
white matter. After that, we employ the Automated Anatomical
Labeling (AAL) atlas [33] to divide the fMRI of the epilepsy
dataset into 90 brain regions with 240 time points, and the
fMRI of the ADNI dataset into 90 brain regions with 197
time points. For DTI data, we first employ FSL to correct
DTI distortions, then generate fiber images using TrackVis,
and designate anatomical regions based on the subject’s T1
images using the AAL atlas. Finally, the number of fibers
obtained is used as the strength of the structural connections.

B. Comparison Methods

To measure the effectiveness of the proposed method, we
compare it with 13 state-of-the-art brain network analysis
methods. Among them, DTI-based methods are: convolutional
neural networks framework for brain networks (BNetCNN)
[34], graph convolutional neural networks (GCNN) [35] and
multi-task graph structure learning framework (MNC-Net)
[36]. FMRI-based methods are: graph attention networks
(GAT) [37], brain network transformer (BNT) [38], functional
brain network generation (FBNetGen) [39], spatio-temporal
fMRI (ST-fMRI) [40] and learnable subdivision graph neu-
ral network (LSGNN) [41]. DTI&fMRI-based methods are:
weighted summation (W-Sum) [42], feature concatenation
(F-Concat) [43], multi-kernel Learning (MKL) [44], multi-
modal graph disentangled representation (MGDR) [21], adap-
tive multi-channel graph convolutional networks (AM-GCN)
[45], cross-modal graph neural network (Cross-GNN) [10],
transformer-based self-supervised graph reconstruction frame-
work (TSGR) [46] and regional heterogeneous multi-modal
brain networks fusion strategy (RH-Brains) [22].

(1) BNetCNN: This method designs edge-to-edge, edge-to-
node, and node-to-graph convolutional filters to capture the
local topological properties in the SBN.

(2) GCNN: This method designs a multi-class graph con-
volutional classifier to extract the non-euclidean structure in
SBNs.

(3) MNC-Net: This method designs a graph learning strat-
egy based on node clustering to reduce the influence of
irrelevant noise on brain disease diagnosis.

(4) GAT: This method can learn different weights for
different nodes in the neighborhood, enabling the adaptive
aggregation of structural features in brain graphs.

(5) BNT: This method uses FBN as node features and loca-
tion information, and learns the connection strength between
brain regions based on transformer.

(6) FBNetGen: This method can transform the raw fMRI
time signals into task-oriented functional brain networks, and
it is interpretable.

(7) ST-fMRI: This method designs a novel spatio-temporal
graph convolutional framework to explicitly model long-range
dynamic interactions in DFBNs.

(8) LSGNN: This method first encodes the brain network
into multiple feature subnetworks corresponding to the func-
tional configuration, and extracts the spatial structure features
of each subnetwork separately.

(9) W-Sum: This method first performs a weighted sum
of FBN and SBN, and then uses a multilayer perceptron for
disease prediction.

(10) F-Concat: This method first concatenates FBN and
SBN, and then uses multi-layer perceptron for disease pre-
diction.

(11) MKL: This method maps SBN and FBN to a high-
dimensional space by kernel functions and applies linear
fusion.

(12) MGDR: This method constructs a specific modal graph
for each data, and then establishes a decoupled representation
model to learn both common and private information across
modalities.
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TABLE I

CLASSIFICATION PERFORMANCE (MEAN£STD) OF THE PROPOSED METHOD AND ALL COMPARISON METHODS ON THE EPILEPSY DATASET (%).

Modality Method

HC vs. Patient HC vs. FLE HC vs. TLE TLE vs. FLE

ACC F1 AUC ACC F1 AUC ACC F1 AUC ACC F1 AUC

DTI

BNetCNN
GCNN
MNC-Net

71.2710671 79.24106.15 62.15:09.63 71.970723 65.80+19.59 68.10+10.44 74.19205.60 57.55+26.05 66.98+09.12 71.84+04.91 72.16+10.05 68.12+09.65
71.25:04.24 78.86105.78 61.98+06.21 71.43208.65 54.30+31.89 63.93115.29 73.24+07.86 67.48+17.80 68.94+10.76 72.47+08.98 67.44+2599 68.51+12.26
73.00:06.40 79.34108.41 66.76+1026 73.50:0391 61.25+1938 63.90:09.73 73.50208.38 64.4713.04 65.46208.84 71.88x11.61 70.95+20.82 60.39+17.69

fMRI

GAT
BNT
FBNetGen
ST-fMRI
LSGNN

73.85:06.14 79.94:04.83 70.83209.31 75.1920880 71.02:16.85 71.58%18.02 73.79209.41 57.53 21254 71.64209.52 69.76210.26 74.53212.15 66.65:09.38
69.29:07.53 74.50:08.48 64.44209.60 72.00206.78 67.11x11.40 52.00+16.39 75.00207.42 66.0313.58 68.1421092 69.50206.69 63.04+27.32 52.23114.78
74.8006.99 80.18205.78 70.52+11.09 72.00%07.48 71.87x07.41 64.13115.23 70.63208.86 68.45+14.00 59.72:+11.89 68.75207.40 69.16211.00 58.20+12.97
73.19206.93 81.08:05.77 63.35215.11 75.2220852 71.40=11.12 70.41£12.90 76.76204.82 66.57x1552 75.49:00.67 70.34204.46 74.59:205.17 70.94:09.98
71.5720527 80.27104.82 62.04212.24 70.48208.13 63.74+22.84 68.86+11.28 68.38212.45 58.22+18.49 65.46213.82 65.58205.53 67.09209.48 60.0211.43

DTI&
fMRI

W-Sum
F-Concat
MKL
GMDR
AM-GCN

TSGR

Ours

73.56:06.97 78.8707.60 72.34207.60 74.72207.50 69.77x11.07 71.89211.51 76.26208.34 56.77+2855 70.66212.05 71.32207.12 68.69=1455 67.69+13.13
72.85z0451 78.32104.89 70.95205.79 73.33207.30 64.75£1933 71.81206.63 72.76206.43 62.17+21.98 71.40209.44 68.74+10.55 68.7816.83 63.35+14.22
68.91:07.56 74.40:00.38 72.8709.27 65.76+09.09 64.21:09.18 71.2712.35 67.29211.99 62.70x13.53 65.52213.08 54.1109.29 58.41:09.52 58.80:09.87
74.88+09.97 79.70+1033 68.63210.33 75.17x08.13 67.28x15.84 73.44112.11 T4.T4211.06 68.24x16.81 72.1421343 72.42205.05 72.03211.96 67.55209.49
76.50206.34 80.6304.45 65.65212.54 75.09200.25 63.38:21.77 67.6715.50 75.86206.46 67.48+12.48 69.09211.55 71.45209.66 70.0213.07 65.35+15.39

Cross-GNN 75.13:04.41 82.30:03.11 72.81207.35 76.52+05.47 70.6709.04 76.29208.91 75.24+03.90 71.97+04.78 78.97+06.94 71.340635 73.96:04.42 66.80+12.14

74.49105.84 80.05206.25 70.80+1034 74.72106.65 71.20+12.53 71.40211.99 75.26206.00 68.40x15.53 72.98+11.06 72.48+05.43 76.04205.65 71.01:08.94

RH-BrainFS 75.55:06.90 80.78107.07 70.71£11.46 73.7710696 66.81117.87 67.3811351 76.50207.43 66.05214.71 69.72+09.81 72.50205.73 65.45+25.02 65.25+16.69

79.04:06.69 82.80:07.64 76.62:07.45 77.90:08.33 76.93:06.84 71.97+1098 82.71106.85 76.69+14.92 84.47+10.39 74.50+05.34 73.95:13.69 73.0709.44

(13) AM-GCN: This method introduces a multi-channel
GCN to extract the specific information and shared informa-
tion of SBN and FBN, respectively, and introduces similarity
constraints and difference constraints to enhance the discrim-
ination of different feature representations.

(14) Cross-GNN: This method first obtains the explicit com-
plementary features of FBN and SBN through the inter-modal
correspondence matrix, and then uses the self-knowledge dis-
tillation mechanism to learn the implicit correlation between
them.

(15) TSGR: This method uses GCN to fuse topological
features in FBN and SBN, and reconstructs the brain map
through a self-supervised model to identify key information.

(16) RH-BrainFS: This method introduces a subgraph con-
volution to extract the regional features of FBN and SBN, and
further uses a Transformer-based fusion bottleneck to fuse the
indirect interaction between them.

C. Experimental Setup

The proposed model is trained on an NVIDIA GeForce RTX
3080 GPU. During training, the number of epochs is 300 and
batch size is 20. We use the Adam [47] with a learning rate
of le-3 to optimize the proposed method. In the experiments,
we use grid search to determine the different hyperparameters.
Specifically, the brain network threshold « ranges from 0.1 to
0.9 with a step size of 0.05. The intra-subnetwork penalty
weight Winie is {1.2, 1.4, 1.5, 1.6, 1.8}, and the inter-
subnetwork penalty weight W, is varied within the range
of {0.2, 0.4, 0.5, 0.6, 0.8}. The experimental results show that
the diagnostic performance is optimal when Wi,ier/Wintra
is between 3 and 4. This may be because the brain network
constructed under such conditions not only enhances efficient

interactions between nodes within subnetworks, but also main-
tains appropriate connectivity between subnetworks to support
cross-subnetwork collaboration. A\; and Ay in Eq. (14) vary
within the range of {le-3, le-2, le-1, 1, 10}. In the network
framework, all feature encoders are implemented as 2-layer
GCNs, and the number of neurons in the three fully connected
layers is 256, 64 and 2, respectively.

In the experiments, we employ ten-fold cross-validation
to evaluate the performance of all methods. Specifically, we
divide the whole dataset into 10 approximately equal but mu-
tually exclusive subsets, with 9 subsets used for training and
1 subset for testing. The experiment is repeated ten times, and
we record the mean and standard deviation of all test results.
To prevent overfitting, we introduce the early stopping method.
Futhermore, In order to ensure the stability and effectiveness
of model training, we set the dropout to 0.5 and introduce
a gradient clipping strategy to promote model convergence.
When the training loss does not decrease for 30 consecutive
epochs, the model parameters at this time are saved for testing.
For the epilepsy dataset, we design four classification tasks:
HC vs. Patients (FLE&TLE), HC vs. FLE, HC vs. TLE and
FLE vs. TLE. For the ADNI dataset, we also set up four
classification tasks: HC vs. Patient (SMC&EMCI), HC vs.
SMC, HC vs. EMCI and SMC vs. EMCI. All classification
tasks are evaluated by accuracy (ACC), fl-score (F1), and the
area under the receiver operation characteristic curve (AUC).

D. Classification Performance

Table I and Tabel II show the diagnostic performance of
different methods on epilepsy and ADNI datasets, respec-
tively. From these tables, we can find that the proposed
method significantly outperforms other comparison methods.
Specifically, for the epilepsy dataset, the proposed method
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TABLE II
CLASSIFICATION PERFORMANCE (MEAN£STD) OF THE PROPOSED METHOD AND ALL COMPARISON METHODS ON THE ADNI DATASET (%).

HC vs. Patient

HC vs. SMC

HC vs. EMCI SMC vs. EMCI

Modality Method

ACC F1 AUC ACC F1

AUC ACC F1 AUC ACC F1 AUC

BNetCNN
GCNN
MNC-Net

DTI

80.64+14.890 84.06+12.63 85.55+11.12 75.52+1625 78.36+10.83 79.53+11.01 81.2620831 76.46+1387 83.52+1058 77.69:07.26 78.41:08.06 72.56+09.40
75.65:07.40 79.92107.19 76.38x16.71 81.5820729 77.06+12.50 82.47+10.80 77.33108.54 67.03+2298 71.02+14.89 75.08+12.04 80.25:08.52 78.8711.65
77.50412.00 85.13108.11 86.48107.60 84.38+11.07 83.04+11.04 88.8920845 85.83206.51 81.56+12.55 85.1720935 81.6707.26 75.14117.92 78.2711355

GAT

fMRI BNT

81.86+08.33 68.3021346 79.80x11.51 84.71209.71 81.80x11.34 86.12409.60 80.67+14.13 73.44+1858 78.06+1434 80.62:08.47 80.84+08.53 80.8809.66
82.00:06.40 84.63207.04 66.60:23.97 86.67207.64 85.42+090.41 76.02420.17 79.17x1070 71.3022651 78.76+11.51 78.33106.67 69.84+27.99 64.94+15.28

FBNetGen 80.63:07.63 82.55200.60 62.02+1532 86.25206.12 84.20+07.93 78.90+11.44 78.3311354 76.29+1586 65.67+17.93 76.6708.98 72.29+16.23 58.30+27.04

ST-fMRI
LSGNN

81.34+07.84 85.26207.29 77.41209.35 85.50206.81 82.79200.04 86.14+10.02 84.0020952 80.44+11.74 80.70+14.68 79.24+06.80 77.14+1596 76.93+14.84
72.53104.08 80.30:0531 66.95:0928 70.38107.60 66.10215.70 62.45+17.75 69.33+10.83 45.2343329 68.06+11.06 71.33+12.67 54.87131.20 64.08119.07

W-Sum
F-Concat
MKL
MGDR

DT1& AM-GCN

fMRI

73.50=04.50 73.70208.06 85.04205.70 78.33x15.46 73.06 +20.00 70.80218.75 85.8321121 79.33220.14 82.6621829 79.17=x10.70 77.40212.28 74.35220.30
80.45+1063 80.2921320 94.62:06.58 85.00+12.80 85.81:09.06 81.74x16.69 81.6720726 71.35214.17 76.27x1504 76.6713.33 75.2 121506 76.77213.73
68.38:08.94 66.23:11.38 80.14212.04 83.96x10.51 83.35:12.84 86.80211.72 77.88x07.84 59.45:23.08 73.51219.37 71.54200.92 65.82x1082 72.80x14.27
77.24+07.56 75421471 81.43+ 0591 80.48209.69 74.76+ 1497 82.96213.58 76.76200.58 58.85223.91 74.65= 16.51 78.46=1231 71.22:2088 76.51+19.10
88.19:06.67 88.93207.38 90.13207.45 86.19211.78 79.03218.60 85.62=1521 87.690857 84.07x14.19 91.50:08.81 84.89:09.62 84.16211.55 85.17209.57

Cross-GNN 86.14+06.60 88.42:0628 90.56:07.04 88.33+11.87 84.17217.79 89.26z10.16 86.43x06.60 77.31£19.98 82.48+1325 83.08:04.62 80.13114.05 77.50+1539

TSGR

86.64+05.08 89.58+04.26 92.48+05.74 87.50206.72 84.97+09.10 91.49406.99 83.33+1291 76.22+19.75 84.66+1559 83.33:0833 84.3021090 85.88+09.71

RH-BrainFS 85.63+07.93 87.34+07.84 84.45+06.77 85.83409.17 83.4341007 86.49+11.14 84.1710583 82.84+04.72 73.77+1532 82.50206.92 78.51+09.33 86.08+00.34

Ours

91.14:06.07 92.41:05.08 94.87:05.62 90.19:06.43 87.71:09.11 91.61+08.69 89.23+06.15 86.31:09.16 88.99:07.00 88.02:08.36 87.22:09.88 87.39+11.88

TABLE III
ABLATION EXPERIMENTS UNDER DIFFERENT CLASSIFICATION TASKS ON EPILEPSY AND ADNI DATASETS (%).

HC vs. Patient

HC vs. FLE HC vs. TLE FLE vs. TLE

Dataset Method

ACC F1 AUC

ACC

F1 AUC  ACC F1 AUC  ACC F1 AUC

66.73 7430  55.05
75.78  79.88  70.72
76.25 8248 7276
7355 79.23  65.14
79.04 82.80 76.62

baseline
w/o regional heterogeneity
Epilepsy w/o optimal transport
w/o feature decouple

ours

68.18
73.27
75.63
73.71
77.90

63.02  65.07
67.80  66.25
66.30 61.93
6491  63.77
76.93  71.97

74.19  51.87
78.83  72.86
80.63 7234
78.50  75.56  76.98
82.71 76.69 84.47

63.69
74.73
74.19

68.13  60.89
71.87  72.62
71.25  70.77
73775 7251  70.74
7450 7395 73.07

58.14
64.70
65.76

HC vs. Patient

HC vs. SMC HC vs. EMCI SMC vs. EMCI

70.88  67.30  80.78
89.21 9095 91.62
88.50 89.85 89.82
88.05 89.11 8797
91.14 9241 94.87

baseline
w/o regional heterogeneity
ADNI w/o optimal transport
w/o feature decouple

ours

80.48
86.81
86.19
86.67
90.19

74.76
83.93
84.78
78.94
87.71

82.22
92.58
86.33
82.24
91.61

7599  56.90 @ 75.16
88.79 8439  88.10
87.50 8330 90.44
87.50  80.83  95.00
89.23 86.31 88.99

76.92  74.08 80.73
8495 8397 86.11
86.67 84.83  89.78
84.16 8250  86.90
88.02 87.22 87.39

w/o means without.

achieves accuracy improvements of 2.54%, 1.38%, 5.95% and
2.00% across the four classification tasks, respectively. For
the ADNI dataset, the proposed method achieves accuracy
improvements of 2.95%, 1.86%, 1.54%, and 3.13% across the
four classification tasks, respectively. Notably, the proposed
method also achieves almost optimal performance on other
metrics, providing strong evidence of its effectiveness.

The reason why our method performs better is that it
not only captures the regional heterogeneous interaction be-
tween FBN and SBN, but also removes the disease-irrelevant
features from brain networks. Unlike single-modal methods
such as BNetCNN, BNT and LSGNN, which ignore the
information fusion between different brain networks and re-
sult in suboptimal diagnostic performance. Compared with
multi-modal methods such as MKL, Cross-GNN, and TSGR,
they overlook the fact that some brain regions have stronger

function-structure coupling than others. Therefore, they fail to
comprehensively explore the nonlinear associations between
these networks. In contrast, our method effectively simulates
the regional heterogeneity mapping between FBN and SBN
using optimal transport, and introduces a feature decoupling
module to remove ineffective information, thereby enhancing
the discriminability of brain disease-related features.

E. Ablation Study

The proposed method consists of three important modules:
regional heterogeneity, optimal transport, and feature decou-
pling. To evaluate the contribution of each module, we conduct
ablation experiments on the epilepsy and ADNI datasets, and
the experimental results are shown in Table III. The simplified
models used in the experiments include:
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TABLE IV
RESULTS OF INDEPENDENT ABLATION EXPERIMENTS FOR DIFFERENT MODULES (%).

Dataset Method HC vs. Patient HC vs. FLE HC vs. TLE FLE vs. TLE
ACC Fl1 AUC  ACC Fl1 AUC  ACC Fl1 AUC  ACC Fl1 AUC
baseline 66.73 7430 5505 68.18 63.02 6507 7419 51.87 63.69 68.13 60.89 58.14
method with regional heterogeneity ~ 71.42 7839 6453 73.00 6698 66.71 7450 6991 7235 6875 69.57 64.65
Epilepsy method with optimal transport 70.71 7755 6758 7200 64.06 63.68 7550 69.62 7150 70.88 7253  65.90
method with feature decouple 7393 78.62 64.61 7150 65.02 66.68 7550 67.82 7083 71.12 69.76  65.26
ours 79.04 82.80 76.62 7790 7693 7197 8271 76.69 8447 7450 7395 73.07

HC vs. Patient HC vs. SMC HC vs. EMCI SMC vs. EMCI

baseline 70.88 67.30 80.78 80.48 7476 8222 7599 5690 7516 7692 7408 80.73
method with regional heterogeneity =~ 86.00 85.83  91.14 85.83 8343 9125 8583 8129 9348 8333 81.08 83.21]
ADNI method with optimal transport 86.50 88.72 90.25 85.00 82.09 90.67 86.67 78.68 9327 80.83 7544  80.69
method with feature decouple 87.50 88.31 88.17 8583 80.60 84.63 85.63 81.19 89.88 8250 8251 8243
ours 91.14 9241 94.87 90.19 87.71 91.61 89.23 8631 8899 88.02 87.22 87.39

(1) baseline: SBN and FBN are used as adjacency matrix
and node features, respectively, and GCN is used to extract
multi-modal fusion information.

(2) wlo regional heterogeneity: Both W1, and Wiy ¢e, in
Eq. (3) are set to 1.

(3) w/o optimal transport: The multi-modal optimal trans-
port matrix is replaced by the function-structural correlation
matrix in Eq. (3).

(4) wlo feature decouple: The difference constraint is re-
moved.

The experimental results in Table III present that each
module significantly improves the diagnostic performance
compared to the baseline. Firstly, removing regional hetero-
geneity leads to a decline in performance. This is because
the functional-structural coupling in some brain regions is
tightly correlated, and regional heterogeneity constraints can
more accurately describe the intrinsic functional-structural
interactions. Second, the multi-modal optimal transport matrix
achieves better results than the function-structural correlation
matrix, as the relationship between FBN and SBN is nonlinear.
The optimal transport helps capture the complex high-order
mapping between them by simulating hubness transmission
from FBN to SBN. In addition, the feature decoupling module
effectively alleviates information unrelated to the brain disease
and enhances the discrimination between different feature rep-
resentations. Finally, the classification performance is optimal
when all modules are used in combination. These results sug-
gest that the proposed modules are closely related and promote
each other, which improves the recognition performance.

To verify the unique contributions of each module and the
interactions between them, we conduct independent ablation
experiments for different modules. The experimental results
are shown in Table IV. The simplified models used in the
experiments include:

(1) baseline: SBN and FBN are used as adjacency matrix
and node features, respectively, and GCN is used to extract
multi-modal fusion information.

(2) method with regional heterogeneity: The multi-modal
optimal transport matrix is replaced by the function-structure
coupling matrix in Eq. (3) , and the A\; and A, in Eq. (14) are
set to 0.

(3) method with optimal transport: Both W,,1.q and W4,
in Eq. (3) are set to 1, and A\; and )\, in Eq. (14) are set to 0.

(4) method with feature decouple: Both W,,1rq and Wiy e,
in Eq. (3) are set to 1, and the multi-modal optimal transport
matrix is replaced by the function-structure coupling matrix
in Eq. (3).

From Table IV, we can draw the following conclusions.
First, compared with baseline, each independent module can
improve the diagnostic performance, proving the effectiveness
of the three modules we proposed. In addition, compared with
Table III, we can observe that the diagnosis accuracy is higher
when the two modules are used jointly than when only one
module is used. These phenomena further present that the
three modules all contribute positively to enhancing disease
diagnostic performance and that they promote each other.

V. DISCUSSION
A. Parameter Sensitivity Analysis

There are two hyperparameters A\; and Ao in the objective
function, which are used to control the relative importance
of the classification loss, the difference constraint, and the
reconstruction loss. Both \; and Ay vary within the range
of {le-3,1e-2,1e-1,1,10}. In Fig. 4, we explore the impact of
different parameter combinations on diagnostic performance.
The experimental results show that the classification accuracy
remains stable within the candidate range and does not fluc-
tuate significantly with changes in A\; and \5. Therefore, the
proposed method is robust and insensitive to hyperparameters.

B. Embedding Features Visualization

To present the feature representation abilities of different
methods, we adopt T-SNE to map high-dimensional features
to a low-dimensional space for visualization. As shown in
Fig. 5, compared to the original data with chaotic distribution,
Cross-GNN is able to cluster intra-class data but struggles to
identify shared features across different groups of subjects.
RH-BrainFS can separate inter-class data but cannot effec-
tively cluster intra-class data. This is because these methods
fail to accurately describe the mapping relationship between
FBN and SBN, resulting in weak discrimination of feature
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Fig. 4. The influence of A\; and A2 on different classification tasks. A
and A2 represent hyperparameters used to control the relative importance of
classification loss, discrepancy constraint loss, and reconstruction loss. The
Z-axis represents the classification accuracy under different combinations of
these parameters.

representation. Notably, our method captures the regional
heterogeneous interactions between function and structure, and
also removes the disease-unrelated information, thus effec-
tively distinguishing the features of different categories.

® NC - ® NC
® SMC

e el

e

(b) Cross-GNN

® NC
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® SMC ..

(c) RH-BrainFS

(d) Ours

Fig. 5. T-SNE visualization for different methods on the NC vs. SMC task.
Green circles represent the NC, while red circles represent SMC patients. The
more closely the circles of the same color are clustered and the farther apart
the circles of different colors are, the better the classification performance.

C. Decoupled Representation visualization

In this paper, we design a feature decoupling module
to extract ineffective features, specific features and regional
heterogeneous multi-modal features from FBN and SBN,
respectively, and introduce the difference constraint to en-
hance the discrimination of these feature. To demonstrate the
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Fig. 6. Feature decoupling visualization. Circles of different colors represent
different features. The closer the circles of the same color are clustered and
the more dispersed the circles of different colors are, the better the decoupling
performance.

effectiveness of decoupling, we illustrate the distribution of
the aforementioned features before and after decoupling. As
seen in Fig. 6, while FBN and SBN contain rich feature
information, these features are entangled before decoupling,
potentially interfering with the diagnosis of brain diseases.
After applying feature decoupling, it not only aggregates
features of the same kind but also extends the distance between
different features. This indicates that the feature decoupling
module can effectively reduce the interference of disease-
unrelated information in modal-specific and multi-modal fea-
tures, thus providing more valuable information for brain
disease diagnosis.

D. Brain Network Visualization

To intuitively demonstrate the capability of different meth-
ods in capturing the interactions between FBN and SBN, we
visualize the multi-modal brain networks constructed by the
simple fusion method MKL, the interactive fusion method
TSGR, and the proposed method in Fig. 7. To ensure con-
sistency in numerical ranges, we normalize the brain net-
works. It can be seen from the figure that the brain networks
constructed by MKL and TSGR exhibit an almost uniform
distribution of strong and weak functional-structural couplings.
This phenomenon suggests that both MKL and TSGR can

(a) MKL

(b) TSGR (c) Ours

Fig. 7. Multi-modal brain networks constructed by different methods. Each
element in the heatmap represents the connection strength between paired
brain regions.
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(a) NC vs. FLE

Fig. 8. The 100 most important Multi-modal brain connection on different classification tasks. Each node in the circular graph represents a brain region, and
the lines between paired nodes indicate the presence of connections between these brain regions.

(b) NC vs. TLE

integrate multi-modal information to a certain extent, they
treat the functional-structural coupling of all brain regions
equally, making it difficult for them to effectively capture the
intrinsic functional-structural interaction. Different from these
methods, the proposed method can strengthen the interactions
within subnetworks while weakening the interactions between
subnetworks in the multi-modal brain network. This is be-
cause we simulate the hierarchical function-structural coupling
between different brain regions through optimal transport,
which comprehensively captures the regional heterogeneous
interaction information in multi-modal brain networks.

E. Discriminative Brain Connections

We further investigate the effectiveness of the proposed
method in detecting biomarkers. For each diagnostic task, we
use a t-test to identify the 100 most discriminative (P <
0.05) brain connections in multi-modal brain networks, as
shown in Fig. 8. Specifically, for NC vs. FLE, discriminative
brain connections are concentrated in the Precentral gyrus,
Middle frontal gyrus, and Superior occipital gyrus. These
regions are mainly responsible for motor control, cognitive
regulation, and visual processing, which are closely related
to FLE [48]. For NC vs. TLE, key brain connections focus
on the Parahippocampal gyrus, Superior temporal gyrus, and
Middle temporal gyrus, which are involved in memory and
auditory processing [49]. TLE can cause memory deficits
and auditory abnormalities, making these regions important
biomarkers for distinguishing between HC and TLE patients.
Additionally, we find some key connections outside the frontal
and temporal lobes. This may be due to the abnormal electrical
activity spreading through the brain network and affecting non-
focal areas [50]. For the NC vs. SMC task, discriminative
connections are concentrated in the Inferior frontal gyrus, Hip-
pocampus, and Superior temporal gyrus. The identified brain
connections correspond to regions associated with functional
deficits in SMC patients, such as memory loss and blurred
vision [51]. For NC vs. EMCI, the key brain connections are
concentrated in the Superior frontal gyrus, Olfactory cortex,
and Heschl gyrus, all of which have been proven to be related
to cognitive impairment [52]. Therefore, the proposed method
can effectively detect multi-modal biomarkers related to brain
diseases.

(c) NC vs. SMC (d) NC vs. EMCI

F. Discriminative Brain Regions

To evaluate the proposed method’s ability to identify im-
portant brain regions, we use t-test to detect the top 10 most
significant (P < 0.05) brain regions for different diagnostic
tasks. The experimental results are shown in Fig. 9. Specif-
ically, for NC vs. FLE, the important brain regions include
the Middle Frontal Gyrus, Frontal.Sup.L and Putamen. These
brain regions play crucial roles in motor control and cognitive
regulation and may serve as important markers for FLE [48].
For NC vs. TLE, key brain regions are concentrated in the
Temporal.Pole.Sup.R, Temporal. Mid.L and Parahippocampal
gyrus, which are typically involved in memory processing,
language control and emotion perception, and are closely
related to the occurrence of TLE [49]. For NC vs. SMC, the
discriminative brain regions include the Superior Temporal
Gyrus, Caudate Nucleus, and ParaHippocampal.R. Patients
with SMC are usually accompanied by emotional anxiety
and memory decline, which may be closely associated with
abnormalities in the brain regions responsible for these func-
tions [51]. For NC vs. EMCI, the important brain regions
are concentrated in Temporal.Pole.Mid.R, Superior Temporal
Gyrus and Frontal. Mid.R, which are responsible for semantic
memory, functional execution and emotion regulation, respec-
tively. Functional and structural abnormalities in these regions
are key features in the development of EMCI [52]. Therefore,
the proposed method can provide reasonable brain region
markers for brain disease diagnosis.

VI. CONCLUSION

In this paper, we propose a regional heterogeneous multi-
modal brain network analysis method based on optimal trans-
port, and develop a feature decoupling module to eliminate
disease-irrelevant multi-modal information. Specifically, we
first divide the FBN and SBN into multiple subnetworks to
obtain regional FBN and SBN. Then, we introduce penalty
weights to reduce the communication cost between cross-
modal brain regions within a subnetwork while increasing the
cost between subnetworks to reflect the regional heterogeneity
between FBN and SBN. Next, we apply optimal transport to
simulate the transfer process of brain region hubness from
FBN to SBN under regional heterogeneity constraints. This
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Fig. 9. Distribution of the 10 most important brain regions under different
diagnostic tasks.

process not only fuses the features of multi-modal brain net-
works with regional heterogeneity, but also reveals the intrinsic
functional-structural interactions of the brain. In addition,
we design a feature decoupling module to suppress ineffec-
tive information and enhance the discrimination of specific
and multi-modal features. Extensive experiments show that
the proposed method can accurately diagnose temporal lobe
epilepsy, frontal lobe epilepsy, significant memory concerns
and early mild cognitive impairment, which proves the gener-
alizability and reliability of the method. In future research, we
will conduct validation on other types of brain disease datasets
to further verify the robustness and broad applicability of the
method.
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