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Spatio-Temporal Graph Hubness Propagation
Model for Dynamic Brain Network Classification
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Abstract— Dynamic brain network has the advantage
over static brain network in characterizing the variation
pattern of functional brain connectivity, and it has attracted
increasing attention in brain disease diagnosis. However,
most of the existing dynamic brain networks analysis meth-
ods rely on extracting features from independent brain
networks divided by sliding windows, making them hard to
reveal the high-order dynamic evolution laws of functional
brain networks. Additionally, they cannot effectively extract
the spatio-temporal topology features in dynamic brain net-
works. In this paper, we propose to use optimal transport
(OT) theory to capture the topology evolution of the dy-
namic brain networks, and develop a multi-channel spatio-
temporal graph convolutional network that collaboratively
extracts the temporal and spatial features from the evolu-
tion networks. Specifically, we first adaptively evaluate the
graph hubness of brain regions in the brain network of
each time window, which comprehensively models informa-
tion transmission among multiple brain regions. Second,
the hubness propagation information across adjacent time
windows is captured by optimal transport, describing high-
order topology evolution of dynamic brain networks. More-
over, we develop a spatio-temporal graph convolutional
network with attention mechanism to collaboratively extract
the intrinsic temporal and spatial topology information from
the above networks. Finally, the multi-layer perceptron is
adopted for classifying the dynamic brain network. The
extensive experiment on the collected epilepsy dataset and
the public ADNI dataset show that our proposed method
not only outperforms several state-of-the-art methods in
brain disease diagnosis, but also reveals the key dynamic
alterations of brain connectivities between patients and
healthy controls.
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I. INTRODUCTION

THE brain is an intricate nervous system consisting of a
vast number of neurons and connectivities, which can be

described as the brain network [1]. Brain network analysis
has become a popular tool for diagnosing brain diseases and
studying cognitive neuroscience mechanisms, as it provides a
comprehensive understanding of the complex topology struc-
ture among brain regions [2]. Recent studies have shown
that many neurodegenerative or psychiatric diseases, such as
epilepsy [3], Alzheimer’s disease [4], and major depressive
disorder [5] often lead to alterations in the connection pattern
of the brain network. Therefore, it is of great significance to
investigate effective brain network representation and classifi-
cation methods for the precise diagnosis of brain diseases and
the discovery of biomarkers.

Functional magnetic resonance imaging (fMRI) has been
widely used to study functional brain networks by measuring
changes in blood flow and oxygenation in the brain, which
can reflect the activation patterns of connectivity between
different brain regions that support various cognitive and
behavioral processes. In recent years, many static functional
brain network (SFBN) analysis methods have been proposed
in brain disease diagnosis [6], [7]. SFBN approaches aim to
exploit a relatively stable network to describe the brain region
correlation pattern over a period of time. Nevertheless, an in-
creasing body of physiological evidence [8], [9] indicates that
the functional brain network undergoes constant reconstruction
with temporal variations, which cannot be comprehensively
described by SFBN.

Different from SFBN based methods, dynamic functional
brain networks (DFBNs) analysis methods treat the connection
strength between brain regions as a series of values that change
over time, which can reflect the time evolution tendency
of the network structure. For dynamic brain networks, it is
necessary to divide the functional sequence signal into several
time windows and construct brain networks at each time
window for analysis. For example, Jie et al. extracted temporal
variability and spatial variability from each subnetwork in
DFBNs, and integrated them for mild cognitive impairment
(MCI) recognition [10]. Noman et al. used graph convolutional
network (GCN) to encode the structure of each subnetwork in
DFBNs, and then captured the dynamic changes of network
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Fig. 1. Comparison of different dynamic brain networks feature
extraction strategies. (a) Independently extracting temporal or spatial
features from non-graph structure, (b) collaboratively extracting the
spatio-temporal features by using the graph structure learning, and (c)
the proposed spatio-temporal graph hubness propagation model can
simultaneously reveal the network topology evolution and extract spatio-
temporal graph topology features from dynamic brain networks.

topology for autism spectrum disorder classification [11]. In
fact, due to the continuity of brain activity, the network
structure information propagation in brain networks occurs in
both spatial and temporal dimensions. Specifically, the global
interaction among brain regions enables each brain region to
indirectly influence its neighbors in the adjacent time window.
However, the conventional dynamic brain networks methods
rely solely on feature learning of independent brain networks
within each time window, and they are unable to extract
high-order network topology evolution information across the
different time windows within the dynamic brain network.

In general, the existing works on feature extraction of
dynamic brain networks can be divided into the following two
categories. The first category of methods converts the brain
network into a vector and then separately extracts temporal
and spatial features from the dynamic network, as shown in
figure 1(a). However, it is difficult to effectively decouple
the highly correlated spatio-temporal topology structures in
dynamic brain networks by independently extracting shallow
temporal and spatial features or simply concatenating them
[12]–[14]. The second category of methods directly learns
the topological features from the dynamic brain networks
without disrupting the graph structure information of the brain
network, presented in figure 1(b), such as using graph learning
[15] and tensor decomposition [16]. It is worth noting that the
methods from both above two categories are hard to reveal the
network structure evolution law of dynamic brain networks.
Therefore, it remains a challenging task to effectively extracte
the variation of spatio-temporal topology features from dy-
namic brain networks to improve the performance of brain
disease diagnosis and biomarker identification.

In order to address the above problems, we propose a graph
hubness propagation model to investigate the network topology
evolution in dynamic brain networks, and develop a multi-
channel spatio-temporal graph convolutional network (MCST-
GCN) to extract the discriminative features from the above
evolution network, as shown in figure 1(c). We first adaptively
learn the graph hubness of each brain region in the brain
network of each sliding window, considering the correlation
among multiple brain regions. Second, we utilize optimal

transport [17] to learn the dynamic evolution of graph hubness
between adjacent sliding windows. Specifically, the graph
hubness of the two adjacent brain networks is treated as the
attribute before and after transportation, while the structural
brain network from diffusion tensor imaging (DTI) is used
as the transport cost. By solving the above optimal transport
problem, the most economical graph hubness transport can be
determined, which can be viewed as the high-order topology
evolution networks (HOTENs) across the brain networks of
the adjacent windows. Moreover, we design a MCST-GCN
with attention mechanism to extract the discriminative features
from the HOTENs. It preserves the topology information
of the dynamic brain networks and effectively characterizes
its dynamic evolution simultaneously in feature extraction.
Finally, we feed the extracted features into a multi-layer
perceptron for classification. In brief, the proposed method
has the following advantages:

1) In this paper, we investigate the spatio-temporal graph
structure propagation mechanism within dynamic brain net-
works, which effectively captures high-order topology evolu-
tion information from the brain network sequence and extracts
the intrinsic spatio-temporal features for brain disease diagno-
sis.

2) By considering the correlation among multiple brain
regions, we adaptively learn the graph hubness of the brain
regions within each brain network divided by sliding window.
Simultaneously, we use optimal transport to solve the graph
hubness propagation model between adjacent brain networks.

3) We develop a spatio-temporal graph convolutional net-
work with an attention mechanism for effectively extracting
discriminative topology information from the obtained high-
order topology evolution networks.

4) The proposed model has been evaluated on the diagnosis
of epilepsy and cognitive impairment. The experimental results
demonstrate that the proposed method outperforms state-of-
the-art brain network analysis methods and provides spatio-
temporal topological biomarkers for brain disease diagnosis.

The remainder of the paper is organized as follows: In
Section II, we elaborated on the related works. Then our
proposed spatio-temporal graph hubness propagation is pre-
sented in Section III. Section IV describes the materials
and provides the experimental results compared with several
previous brain disease diagnosis approaches. In Section V, we
give a discussion of the experimental results. The summary of
our work and the conclusion are presented in section VI.

II. RELATED WORK

A. Dynamics in Brain Network

Effective modeling of brain networks is conducive to under-
standing the complex organizational structure and cognitive
process of the brain. The dynamic model has been proven
to be a powerful tool to explore the potential mechanisms
of the complex nervous system [18]. Wang and Song et al.
applied complex network theory to brain network analysis and
mined abnormal changes in the static characteristics of brain
networks, such as degree distribution, small-world attributes,
etc [19], [20]. However, these approaches cannot trace the
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Fig. 2. The framework of the proposed spatio-temporal graph hubness propagation analysis method for brain disease diagnosis.

process of the variation of the brain network structure. The
emergence of network dynamics compensates for this defi-
ciency by adopting static features with dynamics. Watanabe et
al. used fMRI to analyze the characteristics of brain dynamics
in patients with autism, and found that compared with healthy
people, the functional coordination pattern and over-stable
neurodynamic system in the brain of patients with autism
caused the occurrence of autism [21]. Zhang et al. used hidden
Markov models to estimate the time-varying connectivity of
functional network and capture both stationary and abrupt
brain activity states [22].

However, the brain is a dynamic system of constant re-
modeling, showing complex forms of organization in both
temporal and spatial dimensions. Some spatio-temporal feature
extraction methods have been proposed to further understand
the pathogenesis of brain diseases. For example, Gadgil et
al. proposed to simultaneously capture the functional depen-
dencies between brain regions and the temporal information
of brain activities with spatio-temporal maps [23]. Kim et al.
employed the spatio-temporal attention mechanism to learn
a dynamic graph representation of brain connectivities to
capture the changing characteristics of functional connectivity
fluctuations over time [24]. It is worth noting that they only
studied the independent changes of the brain network within
each time window, which ignores the evolution process of
functional brain networks. In this work, we propose the graph
hubness propagation model to explore the high-order spatio-
temporal interactions among adjacent subnetworks, so as to
capture the dynamic evolution of brain network topology.

B. Graph Convolutional Network
Graph convolutional network is an extension of convolu-

tional neural network (CNN) for feature extraction on irregular

graphs. It has achieved superior performance in various tasks
based on graph structure, such as brain network [6], traffic
flow prediction [25], etc. GCN is divided into two categories,
spatial domain-based graph convolution and spectral domain-
based graph convolution. The spatial GCN achieves high-level
graph feature extraction by continuously aggregating neighbor
node information [26], and its single-layer convolution can be
defined as:

G(A,X) = σ(AXW ) (1)

where A is the adjacency matrix, X is the node feature,
and W is the learnable weight coefficient. σ is the activation
function. Spatial GCN has been widely used in brain network.
For example, Qin et al. used raw fMRI signals as features
and SFBN as the adjacency matrix to extract the structural
information of brain network using GCN [27]. Spectral domain
graph convolution is inspired by the field of signal processing
and smooths node features based on graph Fourier transform
[28]. For a signal x ∈ Rn, spectral domain graph convolution
can be described as follows:

Θ ∗G x = UΘ(Λ)UTx (2)

where Θ is a kernel, U ∈ Rn×n is the matrix of eigenvectors
of the normalized graph Laplacian. Spectral domain graph
convolution has also been used in brain network analysis. For
example, Ktena et al. used the Siamese spectral domain GCN
to measure the similarity between a pair of brain networks,
and achieved superior classification results in brain disease
diagnosis [29].

III. PROPOSED METHOD

In this section, we provide a detailed introduction to the
proposed method for the analysis of dynamic brain networks,
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and its schematic diagram is depicted in figure 2.

A. Network Dynamics Model of Functional Brain Network
Brain region importance based on multi-region corre-

lation: In this work, we assume that the rs-fMRI time-series
data for each subject is X = (x1, x2, · · · , xN )T ∈ RN×M ,
where N is the number of brain regions and M denotes the
number of consecutive time series acquired. We first divide
the original fMRI signal into T sub-sequences using non-
overlapping sliding windows, and then use Pearson correlation
coefficient (PC) [30] to construct a functional connectivity
network for each sub-time series to obtain DFBN. In addition,
we retain the edges with connection weights greater than a
threshold α and discard the edges with connection weights less
than α to eliminate weak connectivities in the network. Next,
we use PageRank to measure the network hubness to derive
the importance of each node based on the graph structure in
the subnetwork. The hubness of the node u depends on the
number and hubness of its neighbors, which can be formulated
as [31]:

h(u)i+1 =
∑

v∈B(u)

h(v)i
Dv

(3)

where B (u) represents the set of the nodes connected to node
u. Dv denotes the degree of node v, which is used to average
the contribution of neighboring nodes v to the hubness of the
node u. In addtion, h(v)i is the hubness scores of nodes v at
the ith iteration, and the initial hubness of each node is set to
1
N at iteration 0, where N denotes the number of nodes in the
graph. We need to iterate Eq. (3) until it converges to get the
hubness scores of nodes. Eq. (3) shows that the importance
of nodes mainly depends on the following two conditions.
On one hand, a brain region is more important if it has more
neighboring nodes. On the other hand, if the neighboring nodes
of a brain region are more important, the brain region itself is
considered more important.

By substituting each brain region into Eq. (3), we can get the
hubness distribution ht (t ∈ {1, 2, · · · , T}) of all brain regions
for each subnetwork in DFBNs. Therefore, the hubness of all
subnetworks of the dynamic brain networks are represented
by H = [h1, h2, · · · , hT ] ∈ RN×T .

Hubness propagation in functional brain network with
optimal transport: In order to capture the dynamic evolution
of brain network spatial topology, we construct a node hubness
propagation model across adjacent subnetworks by optimal
transport. Specifically, we take the node hubness distribution
of the t− 1th subnetwork as the source domain, the hubness
distribution of the tth subnetwork as the target domain, and
use optimal transport to realize the propagation process of
the hubness of brain regions from the source domain to the
target domain. It simulates the global interaction among brain
regions, and captures the topology evolution of the DFBNs.
The transport process is shown in figure 3.

Kantorovich discrete optimal transport [17] allows each
brain region and multiple other brain regions in the brain
network to transmit hubness, and this many-to-many transport
strategy is consistent with the global high-order interaction
between brain regions. The purpose of optimal transport is
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Fig. 3. Schematic diagram of the node hubness propagation process
of brain regions in adjacent brain networks. The size of the nodes
corresponds to the node hubness of the brain region, and the node
hubness propagation of brain regions in adjacent brain networks is
represented by blue dashed lines, where thicker lines indicate more
transmitted hubness and stronger correlation.

to find the optimal transport matrix ft−1 between the two
node hubness distributions of the t− 1th and tth subnet-
work. Considering that the structural brain network provides
a physiological basis for functional brain network, we refer to
the structural brain network as the transport cost matrix Ws.
The hubness transport between adjacent subnetworks can be
learned by:

min
ft−1∈RN×N

⟨Ws, ft−1⟩F ,

s.t. ft−11N = ht−1, ft−1
T1N = ht,

ft−11N = Σjft−1ij , ft−1
T1N = Σift−1ij

(4)

where ⟨·, ·⟩F denotes the Frobenius inner product of matrices,
⟨Ws, ft−1⟩F =

∑
i

∑
j Wsijft−1ij , Wsij and ft−1ij denote

the transport cost and the hubness movement from ht−1(i) to
ht(j), respectively, and 1N is an N -dimensional vector taking
all values of 1.

Next, we use the Sinkhorn [32] algorithm to solve the opti-
mal transport problem, Specifically, the entropy regularization
function is first introduced as follows :

H
(
ft−1

)
= −

∑
i,j

ft−1ij (log
(
ft−1ij

)
− 1) (5)

The entropy regularization function is used to regularize Eq.
(4), so that the objective function of the entropy-regularized
optimal transport plan is:

min
ft−1∈RN×N

⟨Ws, ft−1⟩F − εH
(
ft−1

)
,

s.t.ft−11N = ht−1, ft−1
T1N = ht

(6)

where ε is a regularization factor. Next, the optimal value is
calculated using the matrix deflation method. Two nonnegative
deflation vectors u, v are introduced as unique product factors,
and the optimal mass transport scheme is expressed as:

ft−1ij = diag(ui)Kijdiag(vj) (7)

where Kij = exp (−Wsij/ε). The total hubness of the brain
regions remains constant during transport, so K satisfies:

u ◦ (Kv) = ht−1, ν ◦ (KTu) = ht (8)

where ◦ denotes the product corresponding to each element in
a matrix or vector. To solve the problem, we solve for u and
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v using the iterative method shown in Eq. (9), we repeat this
process iteratively until convergence is achieved.

uℓ+1 =
ht−1

Kvℓ
, vℓ+1 =

ht

KTuℓ+1
, v0 = 1N (9)

When both equations are satisfied simultaneously, we then
take u and v into Eq. (7) to solve for the optimal transport
matrix. Finally, we denote the optimal transport matrix ft−1

computed between the t− 1th and tth subnetwork as the high-
order topology evolution networks. Thus, HOTENs can be
denoted as F = (f1, f2, · · · , fT−1)

T ∈ R(T−1)×N×N .

B. Multi-Channel Spatio-Temporal Graph Convolutional
Network

We design a multi-channel spatio-temporal graph convolu-
tional network to collaboratively capture high-order spatio-
temporal features in HOTENs. Specifically, we first use the
spatio-temporal attention mechanism to automatically focus
on the valuable temporal and spatial information in HOTENs.
Then, multi-channel graph convolution is used to extract the
topological structure information in the network. Considering
that HOTENs can comprehensively represent temporal and
spatial features, we use 2D CNN, which is better at capturing
contextual relationships, to extract the temporal information.

Spatial attention module: In the spatial dimension, dif-
ferent brain regions and connections have different effects on
brain diseases. To be able to automatically extract valuable
spatial dynamic information, we exploit spatial attention P ∈
RN×N , defined as follows:

P = softmax(Vp · sigmoid((FTZ1)Z2(Z3F
T )T + bp)) (10)

where Vp, bp ∈ RN×N , Z1 ∈ RT−1, Z2 ∈ RN×(T−1), and
Z3 ∈ RN all denote learnable parameters. · represents the mul-
tiplication of the corresponding elements of the two matrices.
When performing the graph convolution operation, we first use
the spatial attention matrix P to focus on the valuable spatial
information. For ease of understanding, we provide a descrip-
tion about the output dimensions of some matrix multiplica-
tions in Eq. (10). Specifically, FTZ1 ∈ RN×N , (FTZ1)Z2 ∈
RN×(T−1), (Z3F

T )T ∈ R(T−1)×N , (FTZ1)Z2(Z3F
T )T ∈

RN×N , and Vp · sigmoid((FTZ1)Z2(Z3F
T )T + bp)) ∈

RN×N .
Temporal attention module: In the temporal dimension,

correlations exist between adjacent brain networks, and the
correlations vary with time. Therefore, the temporal attention
mechanism is used to capture important temporal information
between dynamic brain networks. The temporal attention Q ∈
R(T−1)×(T−1) is defined as follows:

Q = softmax(Vq · sigmoid((FM1)M2(M3F
T ) + bq)) (11)

where Vq, bq ∈ R(T−1)×(T−1), M1,M3 ∈ RN , M2 ∈
RN×N denote the learnable parameters. We use the temporal
attention matrix Q to caputre important temporal informa-
tion: F̂ = (f̂1, f̂2, · · · , f̂T−1) = (f1, f2, · · · , fT−1)Q.
We also provide a description about the output dimensions
of some matrix multiplications in Eq. (11). Specifically,
FM1 ∈ R(T−1)×N , (FM1)M2 ∈ R(T−1)×N , M3F

T ∈

RN×(T−1), (FM1)M2(M3F
T ) ∈ R(T−1)×(T−1), and Vq ·

sigmoid((FM1)M2(M3F
T ) + bq) ∈ R(T−1)×(T−1).

Spatio-temporal convolutional module: As shown in fig-
ure 2, this module is designed as a sandwich architecture
to quickly aggregate spatio-temporal information [25]. Since
the brain’s physical connections change over time, we use
2D CNN to capture the temporal information transfer across
time windows. In spectral GCN, the structural brain network
provides the adjacency matrix A, and HOTENs are used
as node features to extract the topology information in the
brain network. The Chebyshev graph convolution [28] using
a polynomial of order K − 1 is defined as:

gΘ ∗G x = gΘ(L)x =

K−1∑
k

ΘkTk(L̃)x (12)

where gΘ denotes the convolution kernel, ∗G is the graph
convolution operation, Θ ∈ RK represents the convolution
kernel the Chebyshev coefficient vector, and x is the node
feature. L = D − A represents the Laplace matrix, where
D ∈ RN×N denotes the degree matrix. L̃ = 2

λmax
L − IN ,

where λmax is the maximum eigenvalue of the Laplace matrix,
and IN is the identity matrix. Tk(x) = 2xTk−1(x)−Tk−2(x)
denotes the recursive Chebyshev polynomial, where T0(x) =
1, and T1(x) = x. By using the approximate expansion of the
Chebyshev polynomial, the feature of neighboring 0 to K− 1
order neighbors centered at each node is extracted.

In this work, we generalize the above definition of spectral
graph convolution to node features with multiple channels.

The input for layer lth is F̂ (l−1) =
(
f̂1, f̂2, · · · , f̂T−1

)(l−1)

∈
RN×Cl−1×(T−1), where cl−1 denotes the number of channels
per node, i.e., l = 1, C0 = N , and T denotes the number of
sliding windows. For each f̂i, we use a filter cl on the obtained
topology evaluation networks f̂i to acquire gΘ ∗G f̂i, where
Θ = (Θ1,Θ2, ...,ΘCl

) ∈ RK×Cl−1×Cl are the parameters of
the convolution kernel. Hence, the hubness from 0 to K − 1
order neighbors is aggregated to each node. For the output F̂ (l)

of lth layer of the lth spatio-temporal convolutional block, it
can be calculated as follows:

F̂ (l) = CNN(Relu(gΘ ∗G (CNN(F̂ (l−1))))) (13)

Finally, two fully connected layers are used to learn the
mapping relationship between dynamic features and disease
progression prediction. Algorithm 1 provides a summary of
the proposed method in this work.

IV. EXPERIMENT

A. Materials
1) Data Acquisition: In this work, we conduct experiments

on the epilepsy dataset and the Alzheimer’s Disease Neu-
roimaging Initiative (ADNI) dataset (http://adni.loni.usc.edu/).
The datasets are described as follows:

Epilepsy: The rs-fMRI and DTI data used in the experi-
ment were collected from Jinling Hospital, Nanjing University
School of Medicine. The dataset contains 306 subjects, includ-
ing 114 normal controls (NC), 103 patients with frontal lobe
epilepsy (FLE), and 89 patients with temporal lobe epilepsy

This article has been accepted for publication in IEEE Transactions on Medical Imaging. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMI.2024.3363014

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Univ of Calif San Francisco. Downloaded on March 05,2024 at 22:13:08 UTC from IEEE Xplore.  Restrictions apply. 



6 IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. XX, NO. XX, XXXX 2020

Algorithm 1 The Algorithm of the Proposed Method.
Input: fMRI data, DTI data, ground truth label Y , hyperpa-

rameters α, ε, the number of sliding window T , v0 = 1N ,
max epoch;

Output: model parameter set;
1: Construct DFBNs {Wft}Tt=1 and structural network Ws;
2: Set a threshold α for {Wft}Tt=1;
3: Calculate the node hubness {ht}Tt=1 by Eq. (3);
4: for t = 1, 2, 3,· · · ,T do
5: Calculate the OT matrix ft−1 between ht−1 and ht by

Eq. (4);
6: Use Sinkhorn to solve OT matrix ft−1 by Eq. (5);
7: Calculate the element-wise exponential K of Ws:

Kij = exp (−Wsij/ε);
8: while not converged do
9: uℓ+1 = ht−1

Kvℓ , vℓ+1 = ht

KTuℓ+1 ;
10: end while
11: ft−1 = diag(u)Kdiag(v);
12: end for
13: while epoch < max epoch do
14: Obtain valuable spatio-temporal information by Eq. (10)

and Eq.(11);
15: Extract spatio-temporal feature of {ft}T−1

t=1 by Eq. (13);
16: Calculate the cross-entropy loss of the predicted label

and the Y ;
17: Back-propagate cross-entropy loss to update model pa-

rameters;
18: end while
19: return model parameter set;

(TLE). The equipment for collecting data is the Siemens Trio
3T scanner. The scan parameters of rs-fMRI are as follows:
repetition time = 2000ms, echo time = 30 ms, flip angle = 90◦,
and voxel size = 3.75×3.75×3.75mm3. DTI scan parameters
are repetition time = 6100 ms, echo time = 93 ms, flip angle
= 90◦, and voxel size = 0.94× 0.94× 3mm3, respectively.

ADNI: We collected 226 samples from ADNI2 and ADNI3,
each containing fMRI and DTI modalities. The ADNI dataset
contains 82 normal controls (NC), 76 patients with significant
memory concern (SMC), and 69 patients with early mild
cognitive impairment (EMCI). Among them, the NC group
contained 40 males and 42 females with an average age of
74.31. The SMC group consisted of 50 males and 29 females
with a mean age of 77.24, and the EMCI group consisted of
37 males and 32 females with a mean age of 74.77.

2) Preprocessing: Epilepsy and ADNI datasets are prepro-
cessed in the same way. Specifically, We use the SPM8 as
implemented in the DPARSF toolbox for all rs-fMRI data
preprocessing. To correct and realign the initial images, the
serialized data is split into several pieces and then adjusted to
the EPI template. We utilize detrending to reduce the influence
of head motion and the interference from CSF and white
matter. After the preprocessing, the Automated Anatomical
Labeling (AAL) atlas is used to divide rs-fMRI of epilepsy
into 90 ROIs with 240 time points, and the AAL atlas is
used to divide rs-fMRI of ADNI into 90 ROIs with 197 time

points. In addition, PANDA is applied to the preprocessing of
DTI data. The FSL toolbox is used to correct DTI distortion,
and TrackVis is used to generate fiber images and to specify
anatomical regions using AAL criteria based on the subject’s
T1 images. Finally, the number of fibers can be considered as
a measure of the structural connection.

B. Comparison Methods
To verify the validity of the proposed method, we compared

it with several brain network analysis methods, including 10
brain network construction methods and 14 feature extraction
methods. The following brain network construction methods
compared, including static brain network methods: sparse low-
rank (SLR) [33], PC [30], functional brain network gener-
ation (FBNetGen) [34], effective functional brain network
(EFBN) [35] and topographical profile similarity-based high-
order functional connectivity (tHOFC) [36], and dynamic brain
networks methods: dynamic functional connectivity (DFC)
[37], subtractive dynamic functional brain networks obtained
by subtracting adjacent subnetworks (SDFBNs), dynamic
high-order functional connectivity (DHOFC) [38], high-order
dynamic functional connectivity networks (Ho-D-FCNs) [39]
and hybrid high-order functional connectivity networks (Hy-
bridNet) [40]. In the compared feature extraction methods,
DTI-based methods include convolutional neural networks
for brain networks (BrainNetCNN) [41], graph convolutional
neural networks (GCNN) [42] and multi-task graph structure
learning framework based on node clustering (MNC-Net) [43].
FMRI-based methods include graph sample and aggregate
(GraphSAGE) [26], self-attention graph pooling (SAGPool)
[44], complementary graph representation learning (CGRL)
[45], dynamic functional and effective connectivity fusion
(FE-STGNN) [46] and spatio-temporal functional MRI (ST-
fMRI) [23]. DTI&fMRI-based methods include graph at-
tention networks (GAT) [47], adaptive multi-channel graph
convolutional networks (AM-GCN) [48], multi-modal graph
convolutional network (M-GCN) [49], Siamese community-
preserving graph convolutional network (SCP-GCN) [50],
spatio-temporal graph convolution network (ST-GCN) [51]
and spatio-temporal attention graph isomorphism network
(STAGIN) [24]. In particular, for the multi-modal comparison
methods with graph learning, we use DTI as the adjacency
matrix and fMRI as node features. Table I lists the features and
classifiers used by the proposed method and the comparison
methods.

C. Implementation
The proposed method is implemented using Python based

on Pytorch, and the model is trained on a single GPU
(NVIDIA GeForce RTX 3080). We optimize the proposed
method via the Adam algorithm, with the learning rate of 5e-
3, and weigh decay is set to 1e-3. The number of epochs
is set to 300, and the batch-size is set to 20. We use one
layer of MCST-GCN for spatio-temporal feature extraction. In
the temporal convolution block, the size of each convolution
kernel is 3*3 and the stride is 1. In the spatial convolution
block, the size of the graph convolution kernel is 45, and the
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TABLE I
FEATURE EXTRACTORS AND CLASSIFIERS USED BY THE PROPOSED

METHOD AND THE COMPARISON METHODS.

Method Feature Classifier
SLR [33]
PC [30] SFBN SVM

FBNetGen [34]
GraphSAGE [26]

SAGPool [44]
SFBN MLP

EFBN [35]
tHOFC [36] High-order SFBN SVM

DFC [37]
SDFBNs

CGRL [45]
FE-STGNN [46]

DFBNs SVM

DHOFC [38]
Ho-D-FCNs [39]
HybridNet [40]

High-order DFBNs SVM

BrainnetCNN [41]
GCNN [42]

MNC-Net [43]
Structural network MLP

ST-fMRI [23] Spatio-temporal
feature of DFBNs MLP

GAT [47]
AM-GCN [48]
M-GCN [49]

SCP-GCN [50]

Complementary feature of
structural network

and SFBN
MLP

ST-GCN [51]
STAGIN [24]

Spatio-temporal feature of
DFBNs and structural network MLP

Ours Spatio-temporal feature of
HOTENs and structural network MLP

order of the Chebyshev polynomial is set to 3. Based on the
output of MCST-GCN, we first use the flatten operation to pull
the features into one-dimensional vectors, and then apply the
multi-layer perceptron to predict the category for each subject.
The number of neurons in the two fully connected layers is
1024, 256, respectively, where softmax is used as the activation
function of the last fully connected layer. Our code is available
at: https://github.com/xbrainnet/OT-MCSTGCN.

In this paper, we evaluate the performance of different
algorithms on epilepsy and ADNI datasets by 10-fold cross
validation. Specifically, we divide the whole dataset into ten
mutually exclusive subsets, nine of which are used as training
set and the remaining subset is used as for testing. We divided
20% of the samples in the training set into the validation set,
and the best performing model on the validation set is selected
for testing. The experiment is repeated for ten times, and the
average results of these ten experiments are reported.

In the experiments, we employ grid search to determine
the optimal combination of hyperparameters, including the
number of sliding windows T , the threshold α, and the
regularization coefficient ε. Specifically, in dynamic brain
networks construction, to avoid the arbitrariness of the number
of sliding windows and threshold α, we set the numbers of
sliding windows located in {2, 3, 4, 5, 6, 7, 8, 9, 10}, while α
ranges from 0.1 to 0.9 with a step size of 0.05. In solving the
optimal transport, ε in Eq. (6) is selected in the range of {1e-4,
1e-3, 1e-2, 1e-1, 1}. With each hyperparameter combination,
we construct the dynamic brain network by optimal transport
and then train MCST-GCN on the training set in 10-fold cross
validation. The classification accuracy on the validation set is
used to evaluate the model performance under the hyperparam-

(a) NC vs. TLE&FLE (b) NC vs. TLE

(c) NC vs. FLE (d) TLE vs. FLE

Fig. 4. ROC curves of the proposed method and comparison algorithms
for brain disease diagnosis on different tasks.

eter combination. In addition, the parameters of the proposed
MCST-GCN are determined by 10-fold cross validation. In
the 10-fold cross validation, we also use the validation set
to determine the parameters of the proposed MCST-GCN,
and the parameters that perform best on the validation set
are selected. The training set, validation set and test set are
independent of each other. We also follow the same parameter
determination principles for all the comparison methods. We
conduct experiments under four classification tasks on epilepsy
dataset: NC vs TLE&FLE, NC vs. TLE, NC vs. FLE, and TLE
vs. FLE. For the ADNI dataset, we conduct experiments under
four classification tasks NC vs. SMC&EMCI, NC vs. SMC,
NC vs. EMCI, and SMC vs. EMCI. The performance of the
classification is evaluated by accuracy (ACC), F-Measure (F1),
and the area under the receiver operation characteristic curve
(AUC).

D. Classification Performance

Table II and Table III show the classification results of our
proposed method and the comparison methods on two datasets.
It can be seen from the table that the accuracies of the proposed
method on the four classification tasks on the epilepsy dataset
are 81.05%, 80.21%, 81.56% and 71.92%, respectively, the
accuracies of the proposed method on the four classification
tasks on the ADNI dataset are 94.75%, 91.71%, 94.67% and
90.52%, respectively. The proposed method performs the best
among all comparison methods. In addition, we plotted the
ROC curve of the proposed method and all other comparison
methods in each classification task on epilepsy dataset, as
shown in figure 4. As can be seen in figure 4, the ROC curve
of our method is located at the top left of all the comparison
methods and has the highest AUC value. These experimental
results demonstrate the effectiveness of our proposed method
in identifying epilepsy and its subtypes. The reason why our
method can perform better is that we do not only capture the
dynamic evolution information of the brain network, but also
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collaboratively extract discriminative spatio-temporal features.
Compared with the static brain networks, such as SLR and
PC, which lose the dynamic characteristics, and the dynamic
brain networks such as DFC and DHOFC, which ignore
the high-order information propagation process of the brain
network, our method based on optimal transport can simulate
the dynamic evolution of brain regions across time windows.
In addition, compared with other feature extraction methods
such as BrainNetCNN, SAGPool, ST-GCN, which lose dis-
criminative spatio-temporal features, our MCST-GCN with
spatio-temporal attention mechanism can automatically focus
on more valuable spatio-temporal information. Therefore, our
method can achieve promising classification performance in
brain network classification.

V. DISCUSSION

A. Analysis of Parameter Sensitivity

In the proposed method, there are two hyperparameters,
including the brain network threshold α and the regulariza-
tion coefficient ε. We discuss the diagnostic performance of
brain diseases under different parameter combinations. In the
experiment, we employ grid search to investigate whether
these two parameters are sensitive to the experimental results.
Specifically, we set α to range from 0.1 to 0.9 with a step
size of 0.05, and set ε in the range of {1e-4, 1e-3, 1e-2, 1e-
1, 1}. The experimental results are presented in figure 5. It
can be found from figure 5 that when α is too small or too
large, it will produce relatively low classification results, which
is because a small threshold will lead to a large amount of
redundant information in the preserved connectivities, and a
large threshold will make the brain network very sparse and
lead to a reduction in topology information in the obtained
brain network. However, when the threshold is between 0.4
and 0.75, no matter what the value of the other parameter is,
the results will not be greatly affected. In general, the proposed
method is insensitive to these two hyperparameters.

B. Visualization of Dynamic Brain Networks

To intuitively demonstrate the ability of the construction
methods on different dynamic brain networks in describing
the dynamic evolution and high-order interactions of brain
topology, we visualize HOTENs and the other three dynamic
brain networks in figure 6. As can be seen from figure 6,
DFBNs and HO-D-FCNs only focus on the topological struc-
ture information within each time window and do not extract
the relationship between windows. Although SDFBNs can
capture the local changes in independent connections between
brain regions to some extent, it is crucial to acknowledge
that the connections among real brain regions involve intricate
high-order relationships. Disregarding the global evolution
of the high-order brain network information may lead to a
potential decrease in classification accuracy. The proposed
HOTENs can capture the spatio-temporal connectivity patterns
in the dynamic brain network. Figure 6(d) shows the hubness
propagation between brain networks from the adjacent time
windows. Specifically, the horizontal blue line indicates that

less hubness is transmitted from the corresponding brain re-
gion to other brain regions, and the vertical blue line indicates
that the corresponding brain region receives less hubness from
other brain regions.

(a) NC vs. TLE&FLE (b) NC vs. TLE

(c) NC vs. FLE (d) TLE vs. FLE

𝛼

𝜀

𝛼

𝛼 𝛼

𝜀

𝜀 𝜀

Fig. 5. The influence of hyperparameters α and ε on different
classification tasks.

C. Ablation Study
To verify the effectiveness of dynamic networks, optimal

transport, and MCST-GCN in our proposed method, we
conduct ablation experiments on two datasets and present
experiment results in Table IV. In Table IV, we use ✓to
indicate that this corresponding component is used, otherwise
it is not used. Compared with Ours5, Ours6 and Ours7, we
can find that discarding any of the dynamic network, optimal
transport or MCST-GCN components will reduce the accuracy
of brain disease diagnosis. Comparing Ours2, Ours3, Ours4
with Ours5, Ours6, Ours7, we can find that discarding any
two of the three components will cause a decrease in accuracy,
which further indicates that these components can effectively
improve the accuracy of brain diseases. For ours5, the exper-
imental results obtained by combining dynamic network and
optimal transport to construct brain network for classification
are significantly better than the results of other ablation
experiments, which indicates that our HOTENs constructed

… SDFBNs(b)

OT OT OT OT OT

Node hubness

distribution

…

… (d) HOTEN

…

Sub Sub Sub Sub Sub

DFBNs(c)

… Ho-D-FCNs(a)

Temporal Features
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Space
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Fig. 6. The dynamic brain networks construction methods: (a) Ho-D-
FCNs constructed with correlation’s correlation strategy, (b) SDFBNs
obtained by subtraction (Sub) of adjacent subnetworks, (c) DFBNs, and
(d) The proposed HOTENs constructed with OT.
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TABLE II
THE CLASSIFICATION RESULT OF THE PROPOSED METHOD AND DIFFERENT BRAIN NETWORK CONSTRUCTION METHODS (%)

Dataset Brain network
construction Method

NC vs. TLE&FLE NC vs. TLE NC vs. FLE TLE vs. FLE
ACC F1 AUC ACC F1 AUC ACC F1 AUC ACC F1 AUC

Epilepsy

Static

SLR [33] 69.32 77.48 74.17 66.40 54.95 71.71 63.66 59.26 70.05 53.68 69.22 54.84
PC [30] 64.05 76.96 76.72 64.36 58.49 70.42 60.84 52.18 70.19 55.32 58.41 58.07

FBNetGen [34] 69.26 80.01 65.13 66.88 50.63 57.76 61.36 52.08 54.65 58.89 66.03 51.24
EFBN [35] 69.20 75.72 73.80 68.36 55.59 76.93 62.19 59.40 70.55 56.34 68.50 60.73
tHOFC [36] 69.20 74.71 73.69 71.26 65.23 77.65 66.30 63.30 74.20 60.00 59.52 56.92

Dynamic

DFC [37] 69.97 78.22 73.18 71.80 63.23 76.65 62.12 56.79 65.86 56.37 60.68 60.22
SDFBNs 69.97 75.72 65.52 70.83 66.95 68.90 63.05 59.79 62.66 57.79 61.24 52.67

DHOFC [38] 74.42 80.38 67.33 75.00 73.68 75.00 65.00 53.33 59.52 56.22 62.25 58.31
Ho-D-FCNs [39] 72.90 79.55 73.65 71.69 65.80 77.55 64.52 61.76 73.33 57.76 61.82 59.83
HybridNet [40] 72.26 79.12 73.40 72.69 61.86 76.69 67.66 65.63 73.53 55.74 59.56 57.11

Ours 81.0581.0581.05 85.5485.5485.54 80.7980.7980.79 80.2180.2180.21 76.7376.7376.73 78.1478.1478.14 81.5681.5681.56 73.7073.7073.70 81.2781.2781.27 71.9271.9271.92 71.2771.2771.27 69.5169.5169.51

Dataset Brain network
construction Method

NC vs. SMC&EMCI NC vs. SMC NC vs. EMCI SMC vs. EMCI
ACC F1 AUC ACC F1 AUC ACC F1 AUC ACC F1 AUC

ADNI

Static

SLR [33] 77.43 82.21 87.61 81.62 76.49 86.45 78.00 70.44 86.06 56.76 59.96 62.06
PC [30] 83.60 86.38 88.41 80.29 77.22 88.66 80.67 76.74 89.84 65.14 66.62 64.23

FBNetGen [34] 81.84 87.37 85.55 80.83 72.17 76.62 78.67 72.68 79.37 70.76 70.48 58.32
EFBN [35] 81.82 87.50 88.54 81.25 82.35 82.54 80.00 72.73 75.93 71.43 71.43 85.71
tHOFC [36] 76.05 81.73 82.84 81.00 76.88 83.61 70.60 64.16 75.08 59.48 60.40 60.67

Dynamic

DFC [37] 75.28 80.68 82.52 82.92 80.17 90.58 70.66 64.48 82.54 56.95 60.28 63.79
SDFBN 78.77 82.38 84.44 75.25 74.84 81.50 73.33 70.62 79.75 68.90 71.73 65.50

DHOFC [38] 73.08 77.73 78.44 73.42 69.23 78.91 70.67 64.73 76.58 64.29 61.54 81.25
Ho-D-FCNs [39] 73.97 80.00 82.06 76.71 67.44 84.70 69.33 59.87 80.95 59.95 55.95 67.20
HybridNet [40] 77.89 79.62 88.01 77.92 71.2 90.79 74.67 65.96 86.67 60.52 54.65 64.17

Ours 94.7594.7594.75 92.3292.3292.32 90.2190.2190.21 91.7191.7191.71 89.2189.2189.21 93.0093.0093.00 94.6794.6794.67 93.3293.3293.32 91.6191.6191.61 90.5290.5290.52 90.7290.7290.72 91.7991.7991.79

based on graph hubness propagation model is effective, and
can characterize the dynamic evolution of brain networks.
Ours5 does not extract spatio-temporal features collaborative,
so its performance is inferior to the proposed method, which
also proves the importance of MCST-GCN in extracting spatio-
temporal features.

In addition, we explore the influence of temporal attention
mechanism (TA) and spatial attention mechanism (SA) on
brain disease diagnosis. Specifically, we keep the same ex-
perimental settings and only consider whether TA or SA is
added, and the experimental results are shown in Table V. As
can be seen from Table V, if both TA and SA are not used,
the classification accuracy will be greatly reduced. Adding
either TA or SA will enhance the experimental results, and the
performance is optimal when both of them are utilized. This
indicates that our proposed SA and TA are able to focus on
the spatio-temporal features related to brain diseases, thereby
improving the disease diagnosis performance.

D. Discriminative Brain Connectivity and Regions
The spatio-temporal properties of brain networks can show

the differences between healthy group and patient group,
which has a significant role in disease diagnosis [3], [4].
Under such case, we compare the hubness propagation vari-
ability of different groups on two datasets. We obtain the
average HOTENs based on each group and calculate the sum
of variances of hubness propagation between brain regions
to measure the information propagation variability. For the
epilepsy dataset, the hubness propagation variability of NC,
TLE and FLE are 0.846, 1.095 and 0.994, respectively. For

the ADNI dataset, the hubness propagation variability of NC,
SMC and EMCI are 0.667, 6.579 and 2.609, respectively. We
can find that both epilepsy and cognitive impairment lead
to more significant changes in hubness propagation between
brain regions, while healthy people have more stable hubness
propagation.

We investigate the effectiveness of the proposed method
in identifying discriminative high-order brain connectivity
associated with epilepsy. We evaluate the discriminative power
of brain connectivities and regions using non-negative elastic
networks [52]. Specifically, we employ the non-negative elastic
network to establish a regression model from HOTENs to their
corresponding diagnosis labels. These regression coefficients
obtained in above model represent the significant alteration of
each connectivity between patient group and healthy group.
Then we rank the connectivities according to the values of
their representation coefficients to find the discriminative brain
connectivities. In addition, the discriminative power of each
brain region is obtained by summing the regression coefficients
of the connectivities associated with the corresponding brain
region. We locate the 25 most discriminative brain connectivity
from HOTENs by significant alteration of connectivity (SAC)
[52] and visualize them in figure 7. For example, in NC vs.
TLE, discriminative connections are mainly distributed in the
Temporal pole: middle temporal gyrus, Inferior temporal gyrus
and Hippocampus.L and these regions are closely related to
memory function [53], [54]. The occurrence of TLE can lead
to memory impairment, which indicates that these discrimina-
tive brain connections can distinguish NC from TLE to some
extent. For NC vs FLE, key connections are mainly located in
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TABLE III
THE CLASSIFICATION RESULT OF THE PROPOSED METHOD AND DIFFERENT BRAIN NETWORK FEATURE EXTRACTION METHODS (%)

Dataset Modality Method
NC vs. TLE&FLE NC vs. TLE NC vs. FLE TLE vs. FLE

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

Epilepsy

DTI
BrainnetCNN [41] 64.08 77.37 76.22 69.83 56.77 76.37 66.93 65.11 71.08 60.00 55.56 55.21

GCNN [42] 66.68 75.16 57.59 67.31 57.97 64.26 68.66 54.68 59.11 55.79 58.12 54.74
MNC-Net [43] 73.19 79.86 63.25 70.36 53.49 65.43 67.32 60.01 61.14 66.68 56.35 57.34

fMRI

GraphSAGE [26] 73.19 80.80 64.39 70.37 56.31 62.81 73.27 64.91 65.77 65.55 65.36 63.34
SAGPool [44] 75.00 80.80 69.58 74.46 56.62 66.59 70.95 66.36 65.53 67.16 69.18 64.02

CGRL [45] 76.91 80.41 67.31 74.00 55.58 64.95 73.37 69.15 61.20 68.16 65.95 58.75
FE-STGNN [46] 72.84 78.69 64.18 72.81 70.68 68.31 76.75 55.60 61.90 68.74 64.42 55.56
ST-fMRI [23] 76.18 83.26 70.58 71.79 53.53 69.39 72.84 67.02 72.68 68.79 62.77 63.06

DTI &fMRI

GAT [47] 75.87 82.75 73.16 71.29 62.37 69.58 71.52 68.30 69.97 63.50 63.63 68.04
AM-GCN [48] 75.54 81.07 71.67 75.21 60.31 74.36 74.70 71.05 70.63 66.74 66.38 61.40
M-GCN [49] 77.42 83.72 67.32 75.00 61.53 58.70 78.33 68.29 69.38 65.00 66.67 61.84

SCP-GCN [50] 78.75 80.00 65.16 71.67 60.47 59.06 72.98 54.39 68.08 65.56 62.86 62.23
ST-GCN [51] 75.58 76.58 71.23 75.71 60.08 71.17 76.06 70.59 69.52 69.76 70.84 66.58
STAGIN [24] 76.46 83.54 71.50 77.67 66.65 76.45 76.97 71.19 69.80 68.18 69.56 60.53

Ours 81.0581.0581.05 85.5485.5485.54 80.7980.7980.79 80.2180.2180.21 76.7376.7376.73 78.1478.1478.14 81.5681.5681.56 73.7073.7073.70 81.2781.2781.27 71.9271.9271.92 71.2771.2771.27 69.5169.5169.51

Dataset Modality Method
NC vs. SMC&EMCI NC vs. SMC NC vs. EMCI SMC vs. EMCI
ACC F1 AUC ACC F1 AUC ACC F1 AUC ACC F1 AUC

ADNI

DTI
BrainnetCNN [41] 79.41 84.09 84.52 77.08 79.25 85.42 84.44 84.44 90.87 79.55 80.00 84.92

GCNN [42] 86.30 89.92 81.06 86.67 83.47 77.82 86.68 70.23 83.92 84.23 82.89 85.07
MNC-Net [43] 79.19 85.42 81.80 82.83 80.61 86.80 75.33 69.13 67.57 72.38 74.03 71.18

fMRI

GraphSAGE [26] 86.70 89.42 89.48 89.21 87.49 90.28 91.33 90.58 91.7491.7491.74 78.48 71.97 74.35
SAGPool [44] 77.27 85.71 62.50 74.54 61.40 65.21 73.33 71.43 69.64 71.43 83.33 66.25

CGRL [45] 83.43 80.82 83.58 85.62 86.23 86.42 84.86 79.90 83.46 82.76 78.56 80.82
FE-STGNN [46] 82.61 88.23 87.50 81.25 84.21 82.54 80.00 80.00 81.48 78.57 80.00 83.67

ST-fMRI [23] 86.25 89.36 88.98 87.92 85.39 87.73 88.04 86.74 88.72 82.00 81.28 82.23

DTI &fMRI

GAT [47] 86.26 88.91 84.54 89.29 86.90 91.42 86.67 81.75 86.47 78.48 79.22 79.89
AM-GCN [48] 89.43 91.60 89.62 87.50 75.00 76.36 88.67 85.21 86.08 78.57 85.71 86.67
M-GCN [49] 88.04 90.08 88.34 88.63 87.51 92.06 90.00 84.16 86.77 79.71 77.48 79.40

SCP-GCN [50] 87.17 89.24 89.20 86.16 86.12 84.94 84.67 76.19 84.48 79.90 79.13 81.78
ST-GCN [51] 87.63 89.88 84.17 87.33 85.52 85.38 86.00 76.17 84.91 81.29 82.70 81.29
STAGIN [24] 91.30 88.89 90.7790.7790.77 87.42 85.46 87.67 85.33 82.79 85.97 82.05 79.14 75.59

Ours 94.7594.7594.75 92.3292.3292.32 90.21 91.7191.7191.71 89.2189.2189.21 93.0093.0093.00 94.6794.6794.67 93.3293.3293.32 91.61 90.5290.5290.52 90.7290.7290.72 91.7991.7991.79

TABLE IV
THE RESULTS OF ABLATION EXPERIMENTS ON DIFFERENT TASKS (%)

Dataset Method Dynamic
networks

Optimal
transport

MCST-
GCN

NC vs. TLE&FLE NC vs. TLE NC vs. FLE TLE vs. FLE
ACC F1 AUC ACC F1 AUC ACC F1 AUC ACC F1 AUC

Epilepsy

Ours1 73.50 79.52 68.44 71.43 66.67 67.27 76.36 69.50 73.20 63.94 64.66 59.23
Ours2 ✓ 76.25 77.10 66.83 78.13 64.11 64.77 75.00 59.05 67.82 68.50 63.69 61.55
Ours3 ✓ 74.14 78.88 63.55 74.55 63.48 71.02 72.25 56.03 60.51 65.17 67.05 53.88
Ours4 ✓ 77.76 81.53 76.83 75.02 70.64 73.79 73.75 60.88 67.21 67.66 58.02 59.54
Ours5 ✓ ✓ 79.33 79.55 58.75 79.09 75.64 76.06 77.00 61.58 66.11 70.34 63.65 60.27
Ours6 ✓ ✓ 77.37 83.27 75.36 78.00 68.39 68.73 75.00 70.59 75.76 58.31 62.60 58.36
Ours7 ✓ ✓ 78.00 78.33 58.18 78.50 56.18 63.21 79.75 70.79 77.40 64.58 61.02 61.08
Ours ✓ ✓ ✓ 81.0581.0581.05 85.5485.5485.54 80.7980.7980.79 80.2180.2180.21 76.7376.7376.73 78.1478.1478.14 81.5681.5681.56 73.7073.7073.70 81.2781.2781.27 71.9271.9271.92 71.2771.2771.27 69.5169.5169.51

NC vs. SMC&EMCI NC vs. SMC NC vs. EMCI SMC vs. EMCI

ADNI

Ours1 84.09 86.23 89.81 86.75 85.14 90.58 88.00 84.44 91.48 73.52 73.29 64.94
Ours2 ✓ 85.81 87.94 82.35 88.04 86.61 90.84 88.67 80.48 90.44 77.76 79.88 78.71
Ours3 ✓ 88.93 90.96 89.63 89.92 89.4489.4489.44 91.91 89.33 83.45 90.00 87.52 87.80 83.90
Ours4 ✓ 88.06 90.30 88.06 89.88 88.46 92.96 88.67 88.50 90.75 86.05 84.46 85.61
Ours5 ✓ ✓ 89.41 91.23 89.01 90.50 88.95 90.32 93.33 87.76 91.00 88.24 87.22 88.00
Ours6 ✓ ✓ 88.06 89.79 89.84 91.13 88.63 89.95 88.67 84.95 87.06 83.47 83.27 79.15
Ours7 ✓ ✓ 88.91 91.02 90.5890.5890.58 90.50 88.81 90.43 92.00 87.28 91.52 84.00 83.15 85.20
Ours ✓ ✓ ✓ 94.7594.7594.75 92.3292.3292.32 90.21 91.7191.7191.71 89.21 93.0093.0093.00 94.6794.6794.67 93.3293.3293.32 91.6191.6191.61 90.5290.5290.52 90.7290.7290.72 91.7991.7991.79

the precentral gyrus, middle frontal gyrus and inferior frontal
gyrus in the frontal lobes. These brain regions are responsible
for coordinated message processing and transport necessary

for advanced cognition [55], [56], and cognitive dysfunction
is the dominant manifestation of FLE, which proves that these
brain connections may indeed be different between NC and
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Fig. 7. The top 25 most key brain connections from HOTENs on
different diagnosis tasks.

FLE patients. In addition, for NC vs. TLE&FLE, the identified
SACs from HOTENs are mainly concentrated in regions such
as Rolandic operculum, Insula, and Superior temporal gyrus.
SACs in TLE vs. FLE are mainly distributed in the middle
frontal gyrus, supplementary motor area and hippocampus,
which have been shown to be closely related to epilepsy [53],
[57], [58].

From figure 7, we can find that some discriminative
brain connectivities are located in regions beyond the
frontal and temporal lobes. For example, for the task
of NC vs. TLE&FLE, the discriminative brain connec-
tivities include Heschl.R-Insula.R, Occipital.Sub.L-Insula.R,
Rolandic.Oper.L-Precuneus.R, etc. For the task of NC vs. TLE,
the discriminative brain connectivities include Palidum.R-
Temporal.Mid.L, Fusiform.R-Temporal.Pole.Mid.L, etc. For
the task of NC vs. FLE, the discriminative brain connectivi-
ties include Postcentral.R-Precentral.R, Paracentral.Lobule.R-
Supp.Motor.Area.L, etc. For the task of TLE vs. FLE, the
discriminative brain connectivities include Occipital.Sub.R-
Hippocampus.L, Caudate.L-Supp.Motor.Area.L, etc. This phe-
nomenon could arise from the propagation of abnormal neural
electrical activity due to epilepsy as well as compensatory
mechanisms [59], [60]. Specifically, epilepsy is typically as-
sociated with abnormal electrical activity of neurons, which
can be propagated to non-focal areas (such as Hippocampus,
Insul, etc.) along with the information transmission between
brain regions. In addition, epilepsy patients usually exhibit
structural and functional abnormalities in the frontal and tem-
poral regions. These irregularities can prompt other areas of
the brain to undertake supplementary functions, compensating
for the deficits in the affected regions.

To further reveal the changing patterns of brain network
connectivity between different groups, we show the evolution
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Fig. 8. The average values of the top 3 most discriminative dynamic
connections of different groups on the four diagnosis tasks.

TABLE V
THE DIAGNOSIS ACCURACY OF ABLATION STUDY ON SPATIAL FEATURES

ATTENTION AND TEMPORAL ATTENTION (%)

Method NC vs.TLE & FLE NC vs. TLE NC vs. FLE FLE vs. TLE
w/o SA+TA 79.35 78.00 75.73 66.73

w/o SA 79.81 78.75 76.75 67.18
w/o TA 80.89 80.25 78.71 69.84

Ours 81.0581.0581.05 80.2180.2180.21 81.2781.2781.27 71.9271.9271.92
w/o means without.

of the three most important SACs on the four classification
tasks in figure 8, respectively. As shown in figure 8, there are
significant differences in SACs between the different groups,
so the discriminative connectivity in HOTENs can be used as
a biomarker for the diagnosis of epilepsy and its subtypes.
For example, in NC vs. TLE, HIP.L-MTG.R, and PCG.L-
HIP.L show stronger connectivity strength in TLE than thats
in NC. STG.R-HIP.L shows weaker connectivity strength in
TLE than thats in NC. TLE is a long-term memory disorder
disease, and Hippocampus controls human memory function
[54]. Therefore, it is reasonable to use these connections as
biomarkers for the diagnosis of TLE. In addition, such strong
and weak patterns of key connections are also observed in
the other three tasks. The analysis shows that our proposed
HOTENs may help to find epilepsy related biomarkers and
better understand the pathological mechanism of epilepsy.

We also investigate the top 10 most important brain regions
from the HOTENs on different classification tasks and visual-
ize them in figure 9. For example, the key brain regions of NC
vs. TLE mainly include Inferior temporal gyrus, Hippocampus
and middle temporal gyrus, etc., which are closely related
to memory, and studies have shown that these brain regions
play an important role in epilepsy diagnosis [61]. Therefore,
we can task these brain regions as biomarkers to distinguish
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(b) NC vs. TLE
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Fig. 9. Distribution locations of the 10 most discriminative brain regions
on different classification tasks.

NC from epilepsy patients. In the other three tasks, key brain
regions include Temporal.Sup.L, Supplementary motor area,
Precental gyrus, etc., which have been proven to be useful
for recognizing epilepsy and its subtypes [53], [57], [58].
These experiments show that our method can provide effective
biomarkers for epilepsy diagnosis.

E. Computational Efficiency Analysis
To investigate the computational efficiency of the model,

we compare the quantities of model parameters (#Param) and
floating-point operations (FLOPs) of the proposed method and
several spatio-temporal feature extraction methods, including
ST-fMRI, ST-GCN and STAGIN, shown in Table VI. As
can be seen from Table VI, the proposed method has 4.14
million model parameters and involves 6.97 million FLOPs.
Our method achieves the lowest FLOPs among all the spatio-
temporal models, which indicates that our method requires less
computational resources. Although our method has a slightly
larger number of parameters than other spatio-temporal mod-
els, it achieves the best classification performance.

TABLE VI
COMPUTATIONAL EFFICIENCY OF THE PROPOSED METHOD AND OTHER

SPATIO-TEMPORAL FEATURE EXTRACTION METHODS

Method #Param (M) FLOPs (M)
ST-fMRI 2.99 1045.02
ST-GCN 2.40 13.30
STAGIN 1.06 96.50

Ours 4.14 6.97

VI. CONCLUSION

In this paper, we propose a spatio-temporal graph structure
propagation model to capture the topology evolutionary fea-
tures in dynamic brain networks, It not only captures the net-
work topology structure evolution information across the entire
duration of the dynamic brain networks, but also effectively
identifies discriminative spatio-temporal topology features for
diagnosing brain diseases. First, we adaptively measure the
graph hubness of each brain region of the brain network
within each sliding window, which helps characterizes the

complex correlations among multiple brain regions. Second,
we propose an optimal transport based network dynamics
model that simulates the network topology evolution process
between adjacent brain networks, leveraging the structural
brain network as the transport cost. These two steps facilitate
the discovery of high-order interactions among brain regions,
both spatially and temporally. Then, we develop a spatio-
temporal graph convolutional network with an attention mech-
anism to extract spatio-temporal features from the obtained
high-order dynamic brain networks. Finally, we employ a
multi-layer perceptron approach to categorize these extracted
spatio-temporal features. The experimental results demonstrate
that our method outperforms various state-of-the-art brain
network analysis approaches in identify epilepsy and cognitive
impairment. Moreover, our approach could identify robust
spatio-temporal topological biomarkers that offer promising
prospects for enhancing the diagnosis of brain disorders.
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