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Abstract—Functional brain connectivity networks capture
complex relationships and temporal evolution between brain
regions, which have become increasingly important for diagnos-
ing neurological disorders. However, existing methods, which are
primarily based on vector or graph representations, struggle to
adequately characterize the intricate spatio-temporal topological
architecture of functional brain networks. Additionally, they
predominantly rely on data-driven paradigms and lack priors
pertaining to cross-windows network interactions. To address
these issues, we propose a spatio-temporal hypergraph attention
network framework for brain network analysis. Specifically,
we first propose a temporal attention network architecture
embedded with temporal similarity-driven prior knowledge,
which effectively extracts long-range dependency information
from fMRI by combining multi-head self-attention mechanisms
and cross-window temporal prior knowledge. Second, we design
a hierarchical hypergraph generation module that fuses local
and global brain topological information to achieve multi-scale
modeling of high-order spatio-temporal structures. Additionally,
the spatial attention network, developed based on transformer
architecture, employs hypergraph message passing mechanisms
to effectively construct multi-level spatial interaction relationships
between brain regions. Finally, a multi-layer perceptron (MLP)
is adopted for classification. Experiments on the ADNI and PD
datasets demonstrate that our method outperforms several state-
of-the-art approaches in diagnostic performance and provides
discriminative graph features for relevant brain disease diagnosis.

Received 20 September 2025; revised 17 January 2026; accepted 22 Febru-
ary 2026. Date of publication 12 March 2026; date of current version
17 March 2026. This work was supported in part by the National Natu-
ral Science Foundation of China under Grant 62371234, Grant 62076129;
in part by the Basic Research Program of the Bureau of Science and
Technology under Grant ILF24001; in part by the Natural Science Foun-
dation of Jiangsu Province under Grant BK20231438; in part by the
National Key Research and Development Program of China under Grant
2023YFF1204803; and in part by the Key Research and Development
Plan of Jiangsu Province under Grant BE2022842. The associate editor
coordinating the review of this article and approving it for publication was
Dr. Sicheng Zhao. (Corresponding author: Qi Zhu.)

Chaojun Li and Ran Wang are with the College of Computer Science and
Technology, Nanjing University of Aeronautics and Astronautics, Nanjing
211106, China (e-mail: lichaojun@nuaa.edu.cn; wangran@nuaa.edu.cn).

Peiliang Gong, Shengrong Li, Daoqiang Zhang, and Qi Zhu are
with the College of Artificial Intelligence and the Key Labora-
tory of Brain-Machine Intelligence Technology, Ministry of Education,
Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China
(e-mail: plgong@nuaa.edu.cn; lisrong@nuaa.edu.cn; dqzhang@nuaa.edu.cn;
zhuqinuaa@163.com).

Chunwei Tian is with the School of Computer Science and Tech-
nology, Harbin Institute of Technology, Harbin 150001, China (e-mail:
chunweitian@hit.edu.cn).

Yinbo Yu is with the College of Artificial Intelligence, Nanjing University
of Aeronautics and Astronautics, Nanjing 210016, China, and also with
Shenzhen Research Institute, Northwestern Polytechnical University,
Shenzhen 518057, China (e-mail: yinboyu@nuaa.edu.cn).

Digital Object Identifier 10.1109/TIP.2026.3671657

Index Terms—Brain network, brain disease diagnosis, atten-
tion mechanism, hypergraph, prior knowledge.

I. INTRODUCTION

IN RECENT years, interdisciplinary research between brain
science and artificial intelligence has opened new pathways

for understanding complex brain functions and diagnosing
neurological disorders. The brain can be modeled as a func-
tional brain connectivity network, where nodes represent
brain regions and edges represent functional interactions [1].
This network reveals brain information processing mecha-
nisms and provides potential biomarkers for early diagnosis
[2]. Studies show neurodegenerative diseases are associated
with abnormal functional connectivity, as observed in the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) [3] and
Parkinson’s disease (PD) [4]. Traditional diagnosis relies on
physicians’ experience and limited imaging, whereas deep
learning automatically extracts important features, improv-
ing accuracy. However, given the profound complexity and
marked heterogeneity of brain functional network atlases, it
is crucial to develop robust functional brain network anal-
ysis approaches to facilitate the precise diagnosis of brain
diseases.

Functional magnetic resonance imaging (fMRI) examines
brain functional connectivity by tracking blood oxygen level-
dependent (BOLD) signal variations across brain regions [5],
and has become the primary imaging modality for construct-
ing functional brain networks. Research on functional brain
networks encompasses two main paradigms: static functional
brain networks (SFBN) and dynamic functional brain networks
(DFBN) [6]. SFBN analyzes connectivity at discrete time
points using methods such as Pearson correlation; however,
it assumes stable connectivity throughout the scanning pro-
cess, thus neglecting temporal variability. In contrast, DFBN
captures temporal changes in connectivity patterns, offering a
framework to investigate the brain’s spatio-temporal dynamics.
Compared to SFBN, DFBN better reflects the brain’s intrinsic
dynamic nature by accounting for time-varying connectivity
[7], [8]. Researchers typically construct DFBN using sliding
window approaches, which segment fMRI time series into
multiple windows and calculate inter-regional connectivity
within each window.

Most prior brain network analyses have employed vector-
based or graph-based learning for feature extraction. Ming and
Kundu [9] integrated Bayesian inference with support vector
machines (SVM) [10] for network classification. Hu et al. [11]
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Fig. 1. Comparison between the proposed method and existing brain network feature extraction approaches: (a) vector-based and GNN-based methods, (b) static
information and expert knowledge-based prior methods, and (c) our spatio-temporal hypergraph attention networks that construct hypergraph representations
of brain networks, embedding dynamic prior knowledge for joint spatio-temporal feature extraction.

employed tensor component analysis to uncover latent network
responses. Zhang et al. [12] employed graph convolutional
networks (GCN) [13] for functional annotation of human
cognitive states using fMRI data. However, vector-based
approaches lose topological information, while graph methods
only process binary relationships and inadequately capture
high-order relationships. Hypergraph-based techniques better
extract complex features by representing multi-node relation-
ships. Xiao et al. [14] proposed multi-hypergraph learning
with multi-paradigm fMRI data, improving classification.
Wang et al. [15] developed a dynamic weighted hypergraph
convolutional network enhancing functional connectome rep-
resentations. However, the spatio-temporal structure of brain
functional networks is highly coupled, and individual het-
erogeneity remains exceptionally high. Therefore, to enable
precise diagnosis of brain diseases and the discovery of
biomarkers, it is critical to develop more effective feature
extraction methods for brain functional networks.

Furthermore, data-driven brain network analysis methods
excel in prediction tasks but inadequately incorporate neu-
roscientific prior knowledge, limiting interpretability [16],
[17]. Recent efforts extract prior constraints from fMRI data.
Greaves et al. [18] developed structurally informed Bayesian
models that use DTI-derived structural priors as regulariz-
ing factors for directed connectivity estimation, enhancing
both accuracy and interpretability of brain network analysis.
Wen et al. [19] developed a multi-view graph convolutional
network integrating knowledge-guided structure learning with
multi-task embeddings for neurological disorder classifica-
tion. Li et al. [20] introduced spatio-temporal tensor graph
convolutional networks with hierarchical representations and
functional subnetwork constraints, yet still rely on predefined
static functional parcellations that cannot adapt to individual-
ized dynamic network variation patterns. Static priors fail to
capture dynamic brain network changes across tasks or states.

Current methods, despite using multi-modal data and expert
priors, inadequately address nonlinear temporal interactions
and long-range functional coupling phenomena.

To address these limitations, we propose a spatio-temporal
hypergraph attention network for fMRI data capturing tem-
poral prior knowledge and high-order brain network features.
Specifically, we first embed temporal similarity-driven prior
knowledge with a temporal attention network architecture,
effectively extracting long-range dependency information from
fMRI by fusing multi-head self-attention mechanisms and
cross-window temporal prior knowledge. Next, we devise a
hierarchical hypergraph generation module that integrates local
and global brain topological attributes, thereby enabling multi-
scale modeling of high-order spatio-temporal architectures
inherent in functional networks. Moreover, the spatial attention
network, built on a transformer framework, utilizes hypergraph
message-passing paradigms to effectively map multi-level
spatial interaction patterns across brain regions. Finally, multi-
layer perceptron (MLP) is deployed to generate the diagnosis.

Figure 1 compares traditional brain network analysis
with our approach. Figure 1(a) illustrates vector-based and
graph-based methods that neglect topological structures or
extract only binary relations, missing high-order informa-
tion. Figure 1(b) depicts conventional methods incorporating
static priors, inadequately representing dynamic interactions.
Both approaches overlook dynamic prior knowledge and fail
to extract high-order spatio-temporal features. Figure 1(c)
presents our spatio-temporal hypergraph attention frame-
work, providing a unified approach for extracting high-order
spatio-temporal information while enhancing interpretabil-
ity. In summary, our proposed method offers the following
contributions:

1) We developed a novel spatio-temporal hypergraph
attention network framework that effectively extracts high-
order spatio-temporal features from fMRI data, significantly
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advancing the characterization of functional brain connectivity
networks.

2) We integrated cross-window temporal similarity-driven
prior knowledge to guide model training, coupled with our
temporal attention network architecture that captures complex
long-range temporal dependencies and dynamic state transi-
tions in fMRI signals.

3) The proposed hierarchical hypergraph generation mod-
ule constructs multi-scale hypergraphs from both local and
global topological perspectives, while our interpretable spatial
attention network efficiently captures high-order connectivity
patterns through hypergraph message passing mechanisms.

4) Comprehensive evaluations conducted on the ADNI
and PD datasets demonstrate that our proposed approach
outperforms existing state-of-the-art brain network analysis
methods, providing discriminative graph features and revealing
significant potential for identifying neuroimaging biomarkers
associated with neurological disorders.

The remainder of the paper is delineated as follows:
Section II provides a comprehensive review of the relevant
literature. Section III introduces our novel spatio-temporal
hypergraph attention networks. In Section IV, we detail the
experimental materials and present compared results against
existing methodologies for brain disease diagnosis. Section V
offers an in-depth analysis and interpretation of the experimen-
tal findings. Finally, Section VI concludes with a summary of
our work.

II. RELATED WORK

A. Attention-Based Hypergraph Feature Extraction

Traditional brain network topological features are predom-
inantly based on graph convolutional networks and graph
attention networks (GAT) [21]. While these methods cap-
ture node relationships through neighborhood aggregation
operations, they fail to effectively model high-order inter-
action characteristics inherent in hypergraphs. Consequently,
hypergraph-based feature extraction methodologies have
progressively been incorporated into brain network analysis.
For example, Liu et al. [22] introduced a deep multi-
template fusion approach based on spatio-temporal weighted
multi-hypergraph convolutional networks, which substantially
enhanced brain disease classification and diagnostic perfor-
mance through the integration of multiple brain templates and
implementation of weighting mechanisms. Concurrently, the
self-attention mechanism of transformers, capable of capturing
global characteristics, has generated significant interest in
graph data analysis applications. Recent research attempts to
incorporate transformer architectures into graph data analy-
sis, leveraging their global properties to enhance functional
connectivity modeling between brain regions [23]. However,
existing approaches predominantly focus on traditional graph
structures, while the integration of transformers within hyper-
graph frameworks remains challenging. This study introduces
a hierarchical hypergraph generation methodology and an
attention-based spatial network that dynamically models multi-
level hypergraph interactions through multi-head attention
mechanisms.

B. Self-Attention Mechanism

In recent years, transformer architecture has achieved
remarkable advancements in deep learning due to its distinc-
tive self-attention mechanism. Vaswani et al. [24] initially
introduced this mechanism into neural networks, demonstrat-
ing exceptional performance in machine translation tasks. The
fundamental advantage of the self-attention mechanism lies
in its capacity to establish associations between heteroge-
neous data nodes through feature space projection, revealing
extensive application potential in medical image analysis [25],
[26]. When processing time-series signals such as fMRI,
this mechanism can effectively model brain regions as data
nodes with BOLD signals serving as node features, thereby
revealing brain functional connectivity patterns by quanti-
fying correlations between nodes. For topological structure
data processing, researchers have proposed improvements to
the traditional transformer architecture. Notably, He et al.
[27] developed a spatio-temporal graph transformer approach
for Alzheimer’s disease diagnosis using resting-state fMRI,
enhancing the extraction of topological features from brain
networks. Since existing methods inadequately leverage the
transformer architecture for extracting spatio-temporal features
of brain networks, we designed a spatial attention mechanism
as illustrated in Figure 3.

III. PROPOSED METHOD

In this section, we present a comprehensive overview of
our proposed spatio-temporal hypergraph attention network
(STHAN) for analyzing brain networks, with the framework
architecture illustrated in Figure 2.

A. Temporal Similarity-Driven Prior Knowledge

In this study, we use fMRI signals as input data, recording
neural activity across regions of interest (ROIs) during resting
state, denoted as X = (x1, x2, . . . , xN)T ∈ RN×M , where xi ∈ R

M

represents the time series signal of the ith brain region, N is
the number of brain regions, and M is the total time points. To
capture temporal dynamics, we segment the fMRI time series
into T subsequences using non-overlapping sliding windows
of length L. For the tth window, the time series is X(t) =�

x(t)
1 , x

(t)
2 , . . . , x

(t)
N

�T
∈ RN×L, where x(t)

i ∈ R
L(t ∈ {1, 2, . . . ,T })

is the ith region’s time series in the tth window. To characterize
dynamic patterns between time windows, we employ dynamic
time warping (DTW) to calculate inter-window similarity.
For the rth brain region, with series x(ti)

r and x(t j)
r from time

windows ti and t j, the DTW distance is:

dr(ti, t j) = min
π

|π|X
k=1

||x(ti)
r (pk) − x(t j)

r (qk)||2, (1)

where π = {(pk, qk)}|π|k=1 represents the alignment path between
time series, pk, and qk are time indices in this path, |π| denotes
the path length, and P represents all possible paths. DTW
enables dynamic warping to identify the optimal alignment
between time windows, thus accurately characterizing their
similarity. To capture inter-window similarity, we compute a
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Fig. 2. The architecture of the proposed spatio-temporal hypergraph attention network.

Fig. 3. Schematic diagram of the spatial attention network. Node features
H are projected into query, key, and value spaces ( fq, fk , fv) and integrated
with hyperedge embeddings fE(Ahyper). The final output Hout is generated via
residual connection and layer normalization.

distance matrix for each brain region. For the rth brain region,
its distance matrix is represented as:

Dr = [dr(ti, t j)]1≤i< j≤T , (2)

where Dr ∈ R
C , and C = T (T−1)

2 represent the number of
pairwise combinations between time windows. The temporal
window similarity prior knowledge is represented as a distance
matrix D = (D1,D2, . . . ,DN)T ∈ RN×C . This similarity-
based prior knowledge provides dynamic constraints for brain
network modeling, enabling accurate representation of the
dynamic functional connectivity between brain regions.

B. Temporal Attention Network

We developed a temporal attention network for fMRI
dynamic feature extraction. The network processes input X ∈
RT×N×L divided by sliding windows. For the tth window, the

series is X(t) =
�

x(t)
1 , x

(t)
2 , . . . , x

(t)
N

�T
∈ RN×L, with x(t)

i ∈ R
L

representing the ith region’s signal. Positional encoding pre-
serves sequential information, with positions encoded from
zero to the subsequence length, serving as input Z(t) =�

z(t)
1 , z

(t)
2 , . . . , z

(t)
N

�T
∈ RN×L. A multi-head attention mechanism

models global contextual relationships by mapping feature z(t)
i

to query (Q(t)
i )), key (K(t)

i ), and value (V (t)
i ) feature spaces

according to the following formulas:

Q(t)
i = fQ(z(t)

i ),K(t)
i = fK(z(t)

i ),V (t)
i = fV (z(t)

i ), (3)

where fQ, fK , fV are linear mapping functions that generate
query, key, and value features, respectively, with weights
shared across all brain regions. The similarity between queries
and keys is calculated through dot products and normalized
using the SoftMax function to obtain attention scores:

α(t)
i = so f tmax j

 
Q(t)

i · (K
(t)
i )T

√
d

!
, (4)

where d is a normalization parameter equal to the dimension of
K(t)

i , i.e., d = L. To enhance modeling capability, the temporal
attention network employs a multi-head attention mechanism.
By computing M attention heads in parallel, each head learns
features from different subspaces. Outputs from all heads
are concatenated and integrated into a global representation
through linear mapping, as formulated below:

ztemp
i = fO

�
||Mm=1

�
α(t)

i,mV (t)
i,m

��
, (5)

where M is the number of heads of attention, ztemp
i represents

the attention layer output for the ith region, || denotes the
concatenation operation, and fO is a linear mapping func-
tion. The network applies non-linear transformations through
a feedforward neural network with residual connections to
enhance training efficiency. This transforms each window’s
time series into z f inal

i ∈ Rd. Features from all windows are
concatenated. For implementation with a batch size of B, the
resulting feature matrix is denoted as Z ∈ RB×N×d, preserving
temporal dynamics while integrating cross-regional patterns.
To incorporate prior knowledge of time series similarity, we
fuse the feature matrix Z with the prior knowledge matrix D
through an element-wise product with broadcasting:

H = Z � (DWD + bD), (6)
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where WD ∈ R
N×d is the weight matrix, bD ∈ R

d is the bias
term, and � denotes the element-wise product. Additionally,
the feature matrix is H ∈ RB×N×d, where B represents the
batch size, N denotes the number of brain regions, and d
is the feature dimension. The resulting feature H captures
long-range dependencies between time points and generates
temporal representations with global dynamic characteristics.

C. Hierarchical Hypergraph Generation

We employ an implicit hypergraph construction strategy
leveraging the feature matrix H to robustly model complex
brain interactions. Unlike explicit methods reliant on fixed
anatomical connections, this data-driven approach dynamically
reveals latent functional dependencies, effectively filtering out
spurious signals. To reflect the brain’s small-world topology,
we integrate local hyperedges constructed via the K-nearest
neighbors algorithm to capture fine-grained functional spe-
cialization with global hyperedges generated via Louvain
community detection to extract module-level integration. This
dual-perspective design ensures a comprehensive represen-
tation of both micro-level details and macro-level network
organization. We quantify inter-regional similarity by calcu-
lating the correlation matrix R ∈ RB×N×N from H using
normalized covariance, formulated as follows:

Ri j =

Pd
k=1(Hik − µi)(H jk − µ j)qPd

k=1(Hik − µi)2 ·

qPd
k=1(H jk − µ j)2 + ε

, (7)

where µi and µ j represent the feature means of nodes i and
j, and ε is a regularization term for numerical stability. High
values in the correlation matrix R indicate stronger functional
similarity between brain regions, providing the foundation for
subsequent hyperedge construction.

In the local hyperedge construction phase, we capture
neighboring relationships between brain regions using the
K-nearest neighbors algorithm based on the correlation matrix
R. For each node i, we calculate its similarity with other nodes
and select the K most similar neighbors to generate a local
incidence matrix Alocal ∈ R

B×N×N , defined as follows:

Alocal(i, j) =

(
1, j ∈ Nk(i)
0, otherwise

, (8)

where Nk(i) represents the K-nearest neighbors of node i.
This local incidence matrix captures neighboring character-
istics between brain regions, reflecting local connectivity. In
the global hyperedge construction phase, we mine global
functional modules by calculating an adjacency matrix based
on Alocal and applying the Louvain community detection
algorithm. For each batch, the algorithm divides regions into
several functional communities, generating partitioning results
ρ = {C1,C2, . . . ,CQ}, where Q represents the number of
communities. Based on these results, we construct a global
incidence matrix Aglobal ∈ R

B×N×Q, defined as follows:

Aglobal(i, c) =

(
1, i ∈ comm(c)
0, otherwise

, (9)

where comm(c) denotes the community c. This global inci-
dence matrix captures tight connectivity within functional

modules. After completing both construction phases, we gener-
ate the final hypergraph incidence matrix Ahyper ∈ R

B×N×(N+Q)

by concatenating the local and global incidence matrices:

Ahyper = concat(Alocal, Aglobal), (10)

where concat represents the concatenation. Matrix Ahyper inte-
grates local connectivity and global modular information for
comprehensive functional modeling. This hypergraph captures
both neighboring relationships between brain regions and
structural information of global functional modules. Local
hyperedges reflect fine-grained connections, while global
hyperedges reveal high-order functional characteristics, pro-
viding robust support for classification tasks and brain network
analysis.

D. Spatial Attention Network

This study introduces a spatial attention network module
integrating the node feature matrix H with the hyperedge
feature matrix Ahyper, capturing the interactions of the global
brain regions through a self-attention mechanism. The archi-
tecture of this module is illustrated in Figure 3. As shown
in the schematic, the network projects node features into
latent spaces while explicitly embedding the hypergraph
structure Ahyper to guide the attention learning process.
By incorporating hypergraph features for high-order struc-
tural information, it outperforms traditional graph attention
networks. We map Ahyper to obtain hyperedge embedding
features:

Ehyper = fE(Ahyper), (11)

where fE is a linear mapping function, Ehyper ∈ R
B×N×M′

denotes the hyperedge embedding feature, and M′ is the
dimension after linear transformation. Concurrently, we define
the input feature matrix as H = [h1, h2, . . . , hN] ∈ RB×N×d,
where hi ∈ R

d represents the feature vector corresponding to
the ith brain region. These node features undergo transforma-
tions to generate the query, key, and value feature spaces:

qi = fq(hi), ki = fk(hi), vi = fv(hi), (12)

where fq, fk, fv are linear mapping functions generating query,
key, and value features, respectively. The attention weights
between nodes incorporate both node feature relationships and
hyperedge-derived structural information to model complex
brain region interactions. The attention weight between node
i and node j is defined as:

αi j = so f tmax j

�
qi · k j
√

d
� ei j

�
, (13)

where
√

d is a scaling factor, � denotes element-wise
multiplication, and ei j represents the structural connectiv-
ity strength derived from the hypergraph incidence matrix
Ehyper. Specifically, ei j quantifies the topological correlation
between brain regions i and j based on their shared hyper-
edges. This approach incorporates hypergraph structural priors
directly into attention weight calculations, enhancing dynamic
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modeling of inter-node relationships. The node feature update
formula based on attention weight αi j is:

hatt
i = f h

o

0@‖Mm=1

0@ NX
j=1

αm
i jv

m
j

1A1A , (14)

where ‖Mm=1 represents the concatenation of M attention heads,
and f h

o is a linear mapping function that fuses features from
multiple attention heads, obtaining the updated feature hatt

i for
node i. To enhance training stability and prevent gradient van-
ishing, the network incorporates residual connections and layer
normalization operations after feature updates. The specific
formulas are:

H1 = Norm(H + Hatt), (15)
H2 = W2 · σ(W1H1), (16)

Hout = Norm(H1 + H2), (17)

where σ represents the activation function, W1 and W2 denote
feed-forward network weight matrices, and Norm refers to
layer normalization. These residual connections and normal-
ization enable stable training while enhancing node feature
expressiveness. The spatial attention network generates node
features Hout with spatial interaction characteristics, which are
fused with the temporal dynamic features H from the temporal
attention network. The integrated features combine spatio-
temporal dynamics with hypergraph relationships, effectively
representing brain functional characteristics while enhancing
classification performance. Algorithm 1 provides a summary
of the proposed method in this work.

IV. EXPERIMENT

A. Materials

1) Data Acquisition: In this study, we utilize two datasets:
the publicly available ADNI dataset (http://adni.loni.usc.edu/)
and the PD dataset collected from the Affiliated Brain Hospital
of Nanjing Medical University. The ADNI dataset includes
fMRI data from 203 subjects, comprising 73 normal con-
trol (NC), 70 significant memory concerns (SMC) patients,
and 60 early mild cognitive impairment (EMCI) patients.
The PD dataset contains 162 samples, including 54 NC, 44
tremor-dominant Parkinson’s disease (TDPD) patients, and
64 postural instability and gait disorder-Parkinson’s disease
(PIGD-PD) patients. The fMRI data from both datasets were
collected using a Siemens MAGNETOM Verio 3.0T MRI
scanner (repetition time = 2000 ms, echo time = 25 ms, and
flip angle = 90◦).

2) Data Preprocessing: We applied consistent preprocess-
ing to both datasets using the DPARSF toolbox. The raw
fMRI data first underwent slice timing correction to align
acquisition times followed by realignment to correct for head
motion. The functional images were then spatially normalized
to the EPI template and resampled to a uniform voxel size of
3×3×3mm3. To ensure robust signal quality, we implemented
detailed denoising procedures where linear detrending was
performed to reduce signal drift and a bandpass filter was
applied to eliminate physiological noise. Furthermore, nui-
sance covariates including head motion parameters along with

Algorithm 1 The Training Procedure of STHAN

white matter and cerebrospinal fluid signals were regressed out
to minimize non neuronal interference. Following preprocess-
ing, we used the automated anatomical labeling atlas for brain
segmentation. For the ADNI dataset, the data were segmented
into 90 regions of interest with 197 time points. For the PD
dataset, we divided the brain into 90 regions of interest with
220 time points.

B. Comparison Methods

To validate our method’s effectiveness, we compared it
with fourteen brain network analysis approaches, comprising
three traditional machine learning methods and eleven deep
learning methods. The traditional methods include support
vector machine (SVM) [10], canonical correlation analysis
(CCA) [28], and least absolute shrinkage and selection oper-
ator (LASSO) [34]. The deep learning methods encompass
temporal feature extraction approaches, namely recurrent neu-
ral network (RNN) [29] and long short-term memory network
(LSTM) [30]. Regarding spatial feature extraction, we selected
brain network convolutional neural network (BrainNetCNN)
[31], graph convolutional network (GCN) [13], and graph
attention network (GAT) [21]. Additionally, we examined
spatio-temporal feature extraction techniques, such as spatio-
temporal graph convolutional network (ST-GCN) [32], brain
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Fig. 4. ROC curves showing the performance of the proposed method and comparison approaches for brain disease diagnosis on the ADNI and PD datasets.

network transformer (BNT) [23], spatio-temporal graph neural
networks with dynamic functional and effective connection
(FE-STGNN) [35], and spatio-temporal interactive graph rep-
resentation framework (STIGR) [36]. Finally, we compared
our approach with two hybrid architectures, RNN+GAT [27]
and LSTM+GCN [33], which sequentially process temporal
and spatial features.

C. Implementation

The proposed method was implemented using Python and
the PyTorch framework on an NVIDIA GeForce RTX 3080
GPU. We utilized a single STHAN layer to extract spatio-
temporal features, incorporating parallel computing for DTW
distance calculations. Specifically, the temporal attention net-
work employed a 5-head self-attention mechanism, whereas
the spatial attention network utilized a single-head architec-
ture to capture hypergraph features. The output of STHAN
was processed via average pooling and flattening, followed
by a multilayer perceptron consisting of layers with 4096,
2048, and 512 neurons, culminating in SoftMax activation.
Optimization was performed using the Adam optimizer with
a learning rate of 5 × 10−4 and a weight decay of 1 × 10−4.
The model was trained for 300 epochs with a batch size of 20,
a dropout rate of 0.5, and a batch normalization parameter of
1 × 10−5. To facilitate reproducibility and further research,
the complete source code is publicly available at https://
github.com/xbrainnet/STHAN.git.

We evaluated performance on both datasets using 10-fold
cross-validation, with nine subsets for training and one for test-
ing. To strictly prevent data leakage, basic fMRI preprocessing
was conducted independently for each subject. Subsequently,

the data splitting for cross-validation was performed before
any model training or hyperparameter optimization took place.
This process was repeated ten times, reporting average met-
rics with standard deviations while preventing data leakage.
Grid search optimized key hyperparameters, including sliding
window count {2-10} and local hyperedge degrees {2-10}. We
conducted four binary classification tasks for each dataset:
NC vs. SMC, NC vs. EMCI, NC vs. SMC&EMCI, and SMC
vs. EMCI for the ADNI dataset; and NC vs. TDPD, NC vs.
PIGD-PD, NC vs. TDPD&PIGD-PD, and TDPD vs. PIGD-PD
for the PD dataset. Performance was assessed using accuracy
(ACC), area under the receiver operating characteristic curve
(AUC), and F1-score (F1).

D. Classification Performance

Experimental results in Tables I and II show our method’s
superior performance, achieving accuracies of 93.71%,
95.60%, 94.10%, and 85.38% on the ADNI dataset tasks and
90.78%, 85.68%, 85.88%, and 85.09% on the PD dataset
tasks, consistently outperforming all comparative methods.
ROC analysis in Figure 4 confirms this superiority, with
our method’s curves optimally positioned in the upper left
corner and showing the highest AUC values. This enhanced
performance stems from our framework’s ability to cap-
ture spatio-temporal dynamics while extracting multi-level
high-order features with comprehensive prior information
preservation. Unlike traditional approaches (SVM, CCA,
LASSO), our method effectively models both temporal and
topological characteristics. Compared to neural architectures
(RNN, LSTM, BrainNetCNN, GCN, GAT), our temporal
similarity-driven prior knowledge module enhances temporal
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TABLE I
THE COMPARISON OF CLASSIFICATION PERFORMANCE BETWEEN THE PROPOSED METHOD AND OTHER APPROACHES ON THE ADNI DATASET (%)

feature representation. Beyond existing spatio-temporal frame-
works (ST-GCN, RNN+GAT, LSTM+GCN, BNT), our hier-
archical hypergraph generation and spatial attention network
explore multi-level high-order relationships within brain net-
works, yielding superior neurological disorder identification.
Specifically, on the ADNI dataset, the significant accuracy
improvement suggests that our hierarchical hypergraph struc-
ture effectively captures the complex, high-order functional
deficits associated with Alzheimer’s disease, which are often
missed by pairwise connectivity models. On the PD dataset,
the superior performance is primarily driven by the temporal
similarity-driven prior knowledge, which enhances the model’s
sensitivity to the subtle temporal synchronization disruptions
characteristic of Parkinson’s disease pathology.

E. Ablation Study

To validate the performance of the three modules in
our proposed method, including temporal similarity-driven
prior knowledge (TSDPK), hierarchical hypergraph generation
(HHG), and spatial attention network (SAN), we conducted
ablation studies on both datasets. The results are presented in
Table III. The baseline employed only the temporal attention
network with MLP for classification. Our findings demonstrate

the significant contribution of each module: (1) Removing
TSDPK decreased accuracy by 5.43% to 8.38% on the ADNI
tasks and 3.79% to 6.11% on the PD tasks, confirming its
effectiveness in leveraging fMRI prior knowledge for temporal
feature extraction; (2) Eliminating HHG reduced accuracy by
3.93% to 9.13% on the ADNI tasks and 3.64% to 5.66% on
the PD tasks, validating its capacity to preserve multi-level
high-order brain network features; and (3) Excluding SAN
diminished accuracy by 3.85% to 5.52% on the ADNI tasks
and 3.49% to 6.29% on the PD tasks, verifying its ability to
efficiently extract high-order features from hypergraph brain
networks. These results collectively substantiate the essential
role of each component in the superior performance of our
framework.

V. DISCUSSION

A. Analysis of Parameter Sensitivity

We investigated two critical hyperparameters: local hyper-
edge degrees (k) and sliding window count (T ) using grid
search optimization. For k in range {2-10}, classification
accuracy exhibited a non-monotonic relationship as shown in
Figure 5(a), initially increasing before reaching an optimum
and subsequently declining. This pattern reflects a fundamental
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TABLE II
THE COMPARISON OF CLASSIFICATION PERFORMANCE BETWEEN THE PROPOSED METHOD AND OTHER APPROACHES ON THE PD DATASET (%)

TABLE III
THE ABLATION STUDY RESULT OF GLOBAL AND LOCAL ATTENTION NETWORK(%)

trade-off: insufficient degrees constrain hyperedge interactions
and limit node relationship modeling, while excessive degrees
introduce redundancy through overly dense connections. For
T in range {2-10}, we identified task-dependent optimal values
as illustrated in Figure 5(b): T = 5 for NC vs. SMC and SMC
vs. EMCI tasks, and T = 7 for NC vs. EMCI and NC vs.
SMC&EMCI tasks. Performance diminished at both extremes

of T , as too few windows limited temporal ROI interactions,
while excessive partitioning generated redundant information,
both adversely affecting classification accuracy.

B. Visualization of Embedding Features
To validate our model’s discriminative capability, we

performed t-SNE visualization of features extracted from
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Fig. 5. The influence of hyperparameters on different classification tasks on the ADNI dataset: (a) is the effect analysis of degrees of local hyperedge (from 2
to 10). (b) is the effect analysis of sliding window length (from 2 to 10).

Fig. 6. T-SNE visualization of learned feature representations across different methods. (a) distribution of original samples in the representation space.
(b)-(e) the representation spaces generated by our proposed method on multiple diagnostic tasks. (f)-(h) the representation spaces produced by compared
methods on the NC vs. SMC classification task.

STHAN’s final pre-softmax layer for the NC vs. SMC task
on the ADNI dataset, as shown in figures 6(b)-(e). We
also provide visualizations of original data and comparative
methods in Figure 6(a) and 6(f)-(h), respectively. Analysis of
Figure 6 revealed the following findings: (1) STHAN effec-
tively clusters same-class samples while establishing clearer
inter-class boundaries compared to raw data, (2) while healthy
and patient groups demonstrated effective separation, SMC
and EMCI classifications exhibited less distinct boundaries,
potentially due to shared pathological brain regions across
cognitive impairment levels, and (3) STHAN outperformed
alternative spatio-temporal feature extraction methods in both
intra-class cohesion and inter-class separation, corroborat-
ing our superior ACC and AUC metrics from experimental
evaluations.

C. Discriminative and Interpretable Brain Connections
We evaluated our method’s effectiveness in identifying

interpretable and discriminative high-order brain connections
for the ADNI. To enhance interpretability, we transformed
hyperedge features through residual connections, layer nor-
malization, and feed-forward neural networks after multiplying
hyperedge topology and attention matrices in SAN. To assess
discriminative capability, we employed non-negative elastic
net regression to link transformed features with diagnostic
labels [37]. Through 10-fold cross-validation, we identified the
top 20 most discriminative connections, visualized in Figure 7
and 8.

In NC vs. SMC, significant connections concentrated in
the Right Inferior Parietal Lobule, Left Mid Cingulate, and
Right Paracentral Lobule. These neural substrates have been
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Fig. 7. Visualization of brain views highlighting important brain connections
under different tasks: (a) NC vs. SMC, (b) NC vs. EMCI, (c) NC vs.
SMC&EMCI, and (d) SMC vs. EMCI.

Fig. 8. The top 20 most crucial brain connections identified across multiple
classification tasks.

extensively documented to subserve spatial cognition, memory
integration, and emotional regulation processes [38], [39],
[40]. These are aligned with reported SMC symptoms includ-
ing spatial orientation deficits and memory impairments. For
NC vs. EMCI, key connections appeared in the Right Parahip-
pocampal Gyrus, Left Superior Temporal Gyrus, and Left
Middle Frontal Gyrus. These regions are critically implicated
in memory processing and emotional regulation mechanisms
[41], [42], corresponding to EMCI symptoms of memory

Fig. 9. The spatial distribution of the top 10 most discriminative brain regions
across different classification tasks.

loss and executive dysfunction. In NC vs. SMC&EMCI,
important connections are concentrated on the Right Fusiform
Gyrus, Right Middle Temporal Gyrus, and Right Thalamus.
These neural structures are fundamentally involved in visual
recognition, memory processing, and perceptual integration
[43], [44], [45], representing common functional processing
areas in Alzheimer’s disease. For SMC vs. EMCI, significant
connections appeared in the Left and Right Middle Frontal
Orbital Gyri and Right Middle Frontal Gyrus. These regions
are integral to emotional regulation and executive function
[40], [44], highlighting differential impacts on these functions
between SMC and EMCI patients.

D. Discriminative Brain Regions

Additionally, we evaluated our method’s effectiveness in
identifying discriminative brain regions. Using non-negative
elastic net regression, we linked SAN-transformed hypergraph
features with diagnostic labels. The regression coefficients
represent brain region importance. To ensure robust identifica-
tion despite variations in cross-validation, we aggregated the
regression coefficients for each brain region by summing them
across all ten validation folds. Based on these accumulated
coefficient values, we ranked and determined the top 10 most
discriminative regions for each classification task. Figure 9
highlights distinct regional patterns across different stages of
cognitive impairment.

For the NC vs. SMC task, discriminative power is concen-
trated in the Left Inferior Frontal Gyrus and the Right Angular
Gyrus. The former is associated with cognitive functions
and emotional regulation [46], while the latter contributes
to language comprehension and information integration [47].
These findings align with the subtle cognitive complaints and
emotional dysregulation often reported in SMC patients. In
contrast, for the NC vs. EMCI task, the identification of the
Left Hippocampus as a critical region corroborates its central
role in memory encoding [48], reflecting the overt memory
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loss characteristic of EMCI. Concurrently, the Right Median
Cingulate Gyrus emerges as significant, potentially reflecting
altered attention allocation demands during cognitive decline.
Regarding commonalities across tasks, we observe overlapping
patterns in sensory and perceptual regions, validating the
robustness of our biomarkers. Specifically, the Right Heschl’s
Gyrus and Right Postcentral Gyrus appear as critical nodes for
auditory processing and sensory integration [49], suggesting
widespread sensory network disruption serves as a shared
feature. Furthermore, regions like the Right Lingual Gyrus,
which is implicated in visual memory [50], and the Left
Superior Frontal Gyrus, which relates to emotional regula-
tion [51], demonstrate consistent discriminative roles. These
specific regional alterations, driven by long-term cognitive
demands [52], confirm that our method can isolate reliable
and interpretable biomarkers for ADNI diagnosis. Notably, in
the NC vs. SMC&EMCI task, we observe overlapping patterns
that further validate these findings.

VI. CONCLUSION

In this paper, we introduce a novel spatio-temporal
hypergraph attention network framework that addresses key
challenges in functional brain connectivity networks analysis.
Our approach captures high-order spatio-temporal topological
patterns and incorporates dynamic prior knowledge effec-
tively. The framework extracts long-range dependencies from
fMRI time series by introducing temporal similarity-driven
prior knowledge with attention mechanisms, enabling adap-
tive representation of brain state dynamics. We implement
a hierarchical hypergraph generation module that integrates
both local and global topological information, facilitating
multi-scale modeling of complex spatio-temporal structures.
Additionally, our transformer-based spatial attention network
utilizes hypergraph message passing to establish multi-level
spatial relationships among brain regions, enhancing the
representation of intricate functional network structures. Eval-
uations on real-world neurological datasets demonstrate that
our method substantially enhances diagnostic accuracy over
existing approaches and successfully isolates salient biomark-
ers. Importantly, by unveiling the underlying mechanisms
linking high-order spatio-temporal patterns to cognitive dys-
function, our framework delivers high clinical value, ultimately
supporting more precise diagnosis and personalized treatment
strategies.
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