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Abstract

Dynamic brain networks provide a powerful representation
for capturing temporal variations in functional brain con-
nectivity and have gained increasing attention in brain dis-
ease diagnosis. However, most existing methods extract fea-
tures from isolated time windows, making it difficult to
capture the high-order dynamic evolution of brain activity.
Moreover, these methods often neglect the functional het-
erogeneity among brain regions, thereby limiting diagnos-
tic performance. To address these limitations, we propose
HyperDiag, a novel temporal-regional Hypergraph learn-
ing via topology-enhanced state propagation for brain dis-
ease Diagnosis. Specifically, we first design a dual-level hy-
pergraph learning strategy: a temporally-evolving hypergraph
message passing strategy to capture dynamic high-order de-
pendencies within and across time windows, and mean-
while, a region-wise functional hypergraph learning strategy
to capture regional dependencies. Subsequently, we construct
a topology-enhanced selective state-space propagation net-
work to integrate complementary information from both the
temporally-evolving and region-wise features. Extensive ex-
periments on four brain disorder datasets (ABIDE-I, ADNI,
REST-meta-MDD, and Epilepsy) demonstrate that Hyper-
Diag not only outperforms state-of-the-art methods but also
identifies biologically meaningful abnormal connections, of-
fering potential biomarkers for clinical interpretation.

Introduction

Accurate and early diagnosis of brain disorders, such as
autism spectrum disorder (ASD), Alzheimer’s disease (AD),
major depressive disorder (MDD) and epilepsy, is essen-
tial for enabling timely intervention and improving patient
outcomes (Lord et al. 2018). However, reliable diagno-
sis remains challenging due to subtle, dynamic, and het-
erogeneous brain alterations that are difficult to detect us-
ing standard clinical assessments (Ma et al. 2024). Recent
studies have shown that dynamic brain networks derived
from resting-state functional magnetic resonance imaging
(rs-fMRI) are both reliable and sensitive for detecting ab-
normal brain patterns associated with various neurological
and psychiatric disorders (Wen et al. 2025).
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Conventional dynamic brain networks primarily model
pairwise brain regions of interest (ROIs) correlations from
isolated time windows, which are insufficient to capture the
complex high-order interactions of brain activity (Yang et al.
2019; Cui et al. 2023b). To improve model performance,
hyper-connectivity networks (HCNs) have been introduced
to characterize high-order functional dependencies across
multiple ROIs, offering a more comprehensive representa-
tion (Liu et al. 2024; Han, Lei, and Li 2025). However,
most existing HCNs only capture spatial topologies, while
neglecting the intrinsic temporal dynamics embedded in rs-
fMRI signals. Furthermore, growing evidence suggests that
brain activity is inherently non-stationary and continuously
evolves over time (Xu et al. 2025). Therefore, a novel high-
order brain network construction approach that integrates
temporal dynamics is required to facilitate the discovery of
meaningful functional biomarkers for brain disorder.

In addition to temporal dynamics, the human brain ex-
hibits a modular anatomical organization, including regions
like the limbic region, frontal region, and subcortical nuclei,
each of which supports specific cognitive and emotional pro-
cesses (Jiao et al. 2024; Van Overwalle 2024; Shao, Li, and
Wu 2025). Many existing brain network models treat the
brain as a homogeneous network, neglecting regional modu-
larity and anatomical priors, which reduces diagnostic speci-
ficity and limits their ability to detect localized pathological
disruptions (Makhlouf et al. 2025; Han, Lei, and Li 2025).
Moreover, brain disorders affect distinct brain regions, and
the functional interactions between these regions are crucial
for characterizing disease manifestations (Chen, Dang, and
Zhang 2021). Therefore, a feature learning network is re-
quired that not only captures connectivity patterns within
individual brain regions but also models functional interac-
tions across regions.

After analyzing brain activity patterns, effectively inte-
grating discriminative features is critical for robust brain
disorder diagnosis. For example, MMTGCN (Yao et al.
2021) adopts a mutual multi-scale triplet graph convolu-
tional network to integrate deep features of brain connec-
tivity. STGHP (Zhu et al. 2024) develops a multi-channel
spatio-temporal graph convolutional network that collabora-
tively extracts both temporal and spatial features. DCLNet
(Zhou et al. 2025) leverages both collaborative encoders and
contrastive learning to capture complementary information



from static and dynamic functional connectivity. Despite im-
provements in performance, integrating different connectiv-
ity patterns remains challenging due to the spatial modu-
larity and dynamic nature of brain activity, which require
capturing long-range dynamic dependencies and more ro-
bust modeling (Béna and Goodman 2025). Recently, struc-
tured state-space models (SSMs), exemplified by Mamba
(Gu and Dao 2023), have demonstrated remarkable perfor-
mance in long-range context modeling tasks within natural
language processing and computer vision by enabling effi-
cient and selective information flow (Yu and Wang 2025).
However, their application to neuroimaging, particularly in
non-Euclidean data like rs-fMRI, remains underexplored,
since current SSMs ignore the underlying topological depen-
dencies, which are crucial for accurately modeling the spa-
tial modularity and dynamic interactions in brain networks.

To address the aforementioned challenges, we propose
HyperDiag, a novel temporal-regional Hypergraph learn-
ing via topology-enhanced state propagation for brain dis-
ease Diagnosis. Specifically, we first design a temporally-
evolving hypergraph message passing strategy to capture dy-
namic high-order interactions within and across time win-
dows. Next, we construct region-wise functional hypergraph
learning strategy, which leverages location prior information
to explore regional dependencies through region-specific hy-
pergraphs and a spectral-aware diffusion mechanism. Fi-
nally, we develop a topology-enhanced selective state-space
propagation network to deeply explore complementary in-
formation within evolving and regional features. Exten-
sive evaluations on the ABIDE-I, ADNI, REST-meta-MDD,
and Epilepsy datasets demonstrate that HyperDiag not only
achieves superior diagnostic performance but also uncovers
biologically meaningful abnormal connections, offering po-
tential biomarkers for clinical interpretation. Our contribu-
tions are:

* We propose HyperDiag, a novel temporal-regional hy-
pergraph learning via topology-enhanced state propaga-
tion for brain disease diagnosis, achieving superior per-
formance and identifying potential biomarkers for clini-
cal interpretation.

* We design a dual-level hypergraph learning strategy: a
temporally-evolving hypergraph message passing strat-
egy to capture dynamic high-order dependencies within
and across time windows, and a region-wise functional
hypergraph learning strategy to explore anatomical mod-
ularity and fuse them via spectral diffusion.

* We introduce a topology-enhanced selective state-space
propagation network that incorporates a novel mecha-
nism to integrate topological cues from both temporal
dynamics and anatomical structures, facilitating selective
and long-range fusion of complementary information.

Related Work
High-order Brain Network for Disease Analysis

High-order brain network modeling, has shown great poten-
tial for brain disorder diagnosis. For example, NHCM (Du,
Niu, and Calhoun 2021) introduced a hypergraph cluster-
ing framework to identify latent biotypes in mental illnesses.
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DHGI (Zhu et al. 2019) proposed a dynamic hypergraph in-
ference model; however, the term “dynamic” refers to iter-
ative structural optimization rather than the explicit model-
ing of temporal dynamics. More recently, ’HBN (Han et al.
2024) developed an inter—intra high-order brain network
framework for ASD diagnosis. HGFM (Han et al. 2025) pre-
sented a hypergraph foundation model to improve diagnos-
tic performance. Despite these advances, existing methods
fail to capture the dynamic high-order dependencies among
three or more brain regions that evolve over time (Liu et al.
2024). In addition, most current models treat the brain as
a homogeneous network, neglecting region-specific high-
order interactions shaped by anatomical and functional mod-
ularity (Makhlouf et al. 2025; Shi et al. 2025).

State Spaces for Sequence Modeling

State space models (SSMs) offer a principled framework for
modeling dynamical systems by representing latent tempo-
ral processes. While classical SSMs are limited in model-
ing long-range dependencies due to time-invariant transition
mechanisms, recent developments have revisited SSMs with
data-dependent and structured enhancements. Among these,
Mamba (Gu and Dao 2023) introduces a selective scan-
based state space formulation that dynamically modulates
the information flow via input-conditioned transition matri-
ces, achieving superior performance in long-sequence mod-
eling. Mamba and its variants have demonstrated remark-
able success in natural language processing (Zhang et al.
2024), vision (Ahamed and Cheng 2024; Liu et al. 2025),
and content-based reasoning (Sarem et al. 2024), yet their
application to non-Euclidean data.

Method

The proposed framework is presented in Fig. 1, further de-
tails of each step are described in the following sections.

Temporally-Evolving Hypergraph Message Passing

Evolutionary Hypergraph Construction Understanding
the temporal evolution of brain connectivity patterns is es-
sential for accurately modeling dynamic functional brain
networks. To this end, we propose temporally-evolving hy-
pergraph message passing that jointly captures intra-window
high-order functional relationships and inter-window se-
mantic transitions. Given the fMRI time series X € RT*¥
for a subject with 7" time points and N brain ROIs, we first
segment the data into W non-overlapping temporal windows
of fixed length L. This results in a set of sub-sequences
{XwIW_ . where each segment X* € RL*¥ corresponds
to the signal within the w-th window. For each temporal
window, we construct a window-specific sparse hypergraph
HY = (V,EY), where the vertex set V corresponds to brain
ROIs, and the hyperedge set £ captures high-order inter-
actions among them. To capture functional relationships, we
express the time series x? € RL of n-th ROI as a sparse lin-

ear combination of the remaining ROIs X € RE*(N-1);

1 5 2 ,
min 5 s = Xeat |+ el

(1)
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Figure 1: The schematic diagram of the proposed HyperDiag.

where a¥ € R¥~! is the sparse coefficient vector quan-
tifying the influence of other ROIs on the n-th ROI, and
A is a regularization parameter that controls the sparsity.
Higher values in o’ indicate stronger functional interac-
tions. By applying sparse representation to each ROI, we
obtain the interactive relationships between the centroid ROI
and other ROISs that serve as hyperedges. Repeating this pro-
cess for all ROIs results in a set of M hyperedges £¥ =
{e¥,ey,..., e }. The hypergraph is then represented by
incidence matrix H* € {0, 1}, where H”(n, e) = 1 if ROI
n participates in hyperedge e*.

Intra-Inter Hypergraph Message Passing Subse-
quently, we extract high-order semantic representations
from each hypergraph via a stack of hypergraph convolu-
tion (HyConv) layers, which propagate information across
ROIs through shared hyperedges. The [-th HyConv layer is
formulated as:

Z;U - (H“)WeDe_l(Hw)TZ;il@l) , (2)
where Z§ = X", ©, is a learnable projection matrix, and
D. denotes the hyperedge degree matrix. To enhance gener-
alization and mitigate overfitting to overly dominant nodes,
we introduce DropMax regularization after the second Hy-
Conv layer:

Zy' = DropMax(Zy) = Z§ © M, 3)
where M is a binary mask applied to suppress highly ac-
tivated nodes. Ultimately, three HyConv layers are applied
to each window, yielding intra-window hypergraph features
{Z}

To further capture temporal evolution and semantic tran-
sitions across adjacent brain states, inter-hypergraph kernel-
ized attention is introduced to propagate information across
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windows. For a sequence of intra-window hypergraph fea-
tures {Z“}"_,, we aim to propagate information from
Z¥ 1 to Z% forall w € {1,. — 1}. Each Z¥ is pro-
jected into queries Q¥ = Zqu, keys Kvtl = Zvtiw,,
and values V¥t = Z*+1W  using shared linear projec-
tions. To enable efficient inter-graph propagation, we apply
a random feature approximation approach. Each query vec-
tor q;’ (i.e., the i-th row of Q") and each key vector k“’+

(i.e., the j-th row of K%*!) are independently mapped 1nto a
shared kernel space using a learnable projection matrix M.
Moreover, to enhance stochasticity and exploration in learn-
ing inter-graph dependencies, Gumbel noise is injected into
the kernelized transformation:

.
#(p) exp (Nlerg 1

||p||2) R

2

1
- /m
where p € {qY¥, k;’“} denotes a node-level feature vector
from either the current or next window, G ~ Gumbel(0, 1)
is sampled per entry, and 7 is a temperature parameter. The
message from Z* 1! to ZV is aggregated as:

(ZS(Qw) . (¢(Kw+l)va+l)
Q) (1, ok )T) + e

where the denominator ensures row-wise normalization, and
€ is a small constant added for numerical stability.

In addition to updating node representations, we also ex-
tract an inter-hypergraph affinity matrix for each transition
to capture temporal structural cues:

) o

Zv =

®)

$(Q”) - p(K“ )T
Vi

w—w+1
Amter

= softmax(



which reflects node-level influence across adjacent time
windows and provides a differentiable structure for model-
ing inter-hypergraph transitions. In summary, this module

yields a sequence of interactive features {Z*“}" "', which
capture dynamic high-order dependencies within and across
time windows. Meanwhile, it also produces the correspond-
ing inter-hypergraph affinity matrices { A>T}V 1,

nter

Region-Wise Functional Hypergraph Learning

Region-Wise Functional Hypergraph Construction Con-
sidering that brain activity involves both temporal dynam-
ics and region-specific dependencies, where functional pat-
terns are often similar within the same anatomical region, we
further propose a region-wise functional hypergraph learn-
ing strategy to capture these localized interactions. Specif-
ically, we divide the whole-brain fMRI time series for a
subject into eight macro-regions according to the AAL at-
las (Tzourio-Mazoyer et al. 2002; Cui et al. 2023b): the
frontal region (FR), central region (CR), limbic region (LR),
temporal region (TR), occipital region (OR), parietal region
(PR), subcortical region (SR), and cerebellar region (CER).
Accordingly, the global fMRI time series X € RT*¥ is
decomposed into a collection of regional sub-series {X"}
(r € {FR, CR, LR, TR, OR, PR, SR, CER}), where X" €
RT*Nr denotes ROI time series in region 7. For each region,
a functional sub-hypergraph is constructed to capture latent
high-order dependencies among its ROIs. In particular, each
ROI time series xI € R” is represented as a sparse linear
combination of remaining ROIs within the same region:

kel s 2 e
xi = X'B; ||, + A2 1Bi s

)

1 ‘
min —
By 2
where X" € RT*(N+—1) is obtained by removing x! from
X", and B] € RN~ is a sparse coefficient vector that re-
flects the contribution of other ROISs to the :-th ROI. The reg-
ularization parameter A, controls the sparsity level. Larger
values in 3] indicate stronger functional associations. By
applying sparse representation to each ROI, we obtain the
interactive relationships between the centroid ROI and other
ROIs in each region, which are regarded as hyperedges. Re-
peating this process for all ROIs results in £ hyperedges.
These define a region-specific hypergraph H"™ = (V", "),
where V" is the vertex set of ROIs and £7 is the set of hy-
peredges in region r. The incidence matrix H" € {0,1} is
defined H" (i, e) = 1 if ROI ¢ participates in hyperedge e.
After constructing the hypergraph Laplacian-inspired ad-
jacency matrix to model local high-order dependencies:

A"=HW.D_'H")", ®)
where W, is a diagonal hyperedge weight matrix and D,
is the diagonal hyperedge degree matrix. We then apply
HyConv with DropMax regularization to model local high-

order dependencies among ROIs. The region-level hyper-
graph convolution is formulated as:

Z" =DropMax (0 (A" 0o (A"X"©®1)0O3)), (9
where @1, are learnable projection matrices and o (-)

denotes a non-linear activation (e.g., ReLU). This intra-
hypergraph encoding is independently applied to each
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of the eight anatomical regions. The resulting region-
specific features Z" are concatenated along the ROI di-
mension to obtain the unified representation Ziyseq
Concat (ZMR ZR ... ZCER),

Inter-Region Topological Interactions Next, we en-
hance inter-region topological interactions using a spectral-
aware diffusion mechanism. Specifically, we define a fused
region adjacency matrix Afyed = Aful + Aregion, Which inte-
grates both global and region-specific high-order functional
topologies. Here, A cgion = BlockDiag(AFR ... ACER)
is a block-diagonal functional connectivity matrix con-
structed from region-wise hypergraphs, while Ay is the
global functional connectivity matrix computed using Pear-
son correlation across all time series, with ROIs arranged in
the same order as in A egion. We then perform eigendecom-
position of the normalized Laplacian:

L=I-D Y2AuD Y?2=UAU", (10)

where U contains the eigenvectors and A holds the eigen-
values. Based on this spectrum, the heat diffusion kernel is
defined as:

K; = Uexp(—tA)U ", (11)

where t € RE*N controls the diffusion scale, is class-
specific and learnable. The operation K;Z" produces a topo-
logically smoothed representation, which is concatenated to
obtain Zgy = Concat(Zgyed, K+Z"). Finally, a two-layer
HyConv is used to integrate the concatenated features and
perform global hypergraph learning:

Zrcgion = O (A o (Azwel) @2) , (12)

where Zyegion denotes the fused region-wise hypergraph fea-
tures, A = D™ /2(Agyea + I)D~/2 is the normalized ad-
jacency matrix with self-loops, and D is its degree matrix.

Topology-Enhanced Selective State-Space
Propagation

After analyzing brain activity patterns, effectively inte-
grating discriminative features is critical for robust brain
disorder diagnosis. Therefore, we propose a topology-
enhanced selective state-space propagation network to ef-
fectively integrate the aforementioned temporally-evolving
and region-wise hypergraph features. Specifically, given
the temporally-evolved representations {Z*}"_! and the
fused region-wise hypergraph features Ziegon, we first
construct a unified dynamic input sequence: F
Concat (Zregions Z', - .., Z" 1), which serves as input to
a hypergraph-aware selective state-space system. We initial-
ize the modeling with a linear continuous-time state-space
formulation:

h'(t) = Ah(t) + Bx(t),

y(t) =CTh(t), (13)

where A is a fixed diagonal matrix, initialized with non-
positive real numbers, ensuring numerical stability in the
matrix exponential. 3, C are input and output projection ma-
trices, respectively. To adapt this formulation to discrete se-



quences over brain nodes, we apply zero-order hold dis-
cretization with a learnable timescale parameter A:

A =exp(A- A, (14)
B=(exp(A-A) -I)(A- A HA-B). (5

To incorporate both anatomical modularity and temporal
transition structures, we define a composite topological op-
erator:

wW—1
G =Aneat+ Y ApUt (16)
w=1
where Afﬁgwﬂ denotes the inter-hypergraph affinity ma-

trix that models semantic transitions across adjacent hyper-
graphs, Agyeq represents the fused region adjacency ma-
trix that encodes anatomical modularity. Before integrating
them, we align the brain regions of the two topologies and
apply linear layers to dynamically rescale and balance the
contributions of the two topological structures.

Each brain node 7 is associated with a latent state L; that
evolves under a topology-informed dynamic process:

L, = AL;,_; + BF;,
Fi=CL],

)
(18)

where the node-specific parameters Aj;, B;, and C; are mod-
ulated by the corresponding topological structure G;:

B; = G; - Linear(F;), (19)
C; = G; - Linear(F;), (20)
A; = softplus(Linear(F;)). 2n
The final latent outputs Foy = [F1,Fa,...,Fn]| are

passed through two fully connected layers followed by a
softmax function to produce classification probabilities.

Experiment
Datasets

We evaluate our method on four datasets, all based on rs-
fMRI modality, including three public datasets and one clin-
ical epilepsy dataset. ABIDE-I: 1035 subjects (530 NC, 505
ASD) were selected from the Preprocessed Connectomes
Project after resampling. ADNI-2: 640 samples (219 NC,
257 EMCI, 164 LMCI) were retained from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) database. REST-
meta-MDD: Following (Chen et al. 2022; Yan et al.
2019), 2034 subjects (917 NC, 1117 MDD) were included.
Epilepsy: The rs-fMRI data were acquired from Xuanwu
Hospital, including 23 patients with temporal lobe epilepsy
(TLE) and 26 patients diagnosed with frontal lobe epilepsy
(FLE).

Implementation Details and Evaluation Metrics

The experiments are performed on the Intel Core i9-
13900KF 3.0GHz CPU and NVIDIA RTX 3090 Ti GPU.
The software environment includes Matlab R2021a, Python
3.10.11, Pytorch 2.0.1, and CUDA 11.8. We train Hyper-
Diag! by setting the batch size as 16, the learning rate as

'Code: https://github.com/mylbuaa/HyperDiag.
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Method ACC | SEN | SPE
ST-Transformer (Deng et al. 2022) 71.0 72.0 70.0
MAHGCN (Liu et al. 2023a) 72.7 69.8 75.4
DG-DMSGCN (Cui et al. 2023a) 72.0 73.3 70.5
STCAL (Liu et al. 2023b) 73.0 79.8 65.9
MGCA-RAFFNet (Ma et al. 2024) 75.1 76.0 74.1
Ours 76.8 77.2 76.4

where bold fonts indicate the best performance.

Table 1: Performance comparison of different methods on
the ABIDE-I dataset (NC vs. ASD).

0.001. The model is optimized by using the Adam optimizer
and the cross-entropy loss function. To ensure reliable eval-
uation results, we employ a nested 10-fold cross-validation
strategy (Li et al. 2022). We repeat the nested scheme 10
times by changing the sample division to obtain reliable
evaluation results. Accuracy (ACC), sensitivity (SEN) and
specificity (SPE) are adopted for performance evaluation.

Comparison with State-of-the-art Methods

We conduct comprehensive comparisons with recent state-
of-the-art methods on four brain disorder datasets. The re-
sults are summarized in Tables 1-4. As shown in Table 1, our
model achieves the highest ACC of 76.8% on the ABIDE-I
dataset, outperforming existing state-of-the-art methods. On
the ADNI-2 dataset (Table 2), our method achieves an ACC
of 84.7%, demonstrating its strength in multi-class diagno-
sis. Table 3 reports an ACC of 67.0% on the REST-meta-
MDD dataset, with at least a 1.9% gain over prior methods,
demonstrating superior generalization to depressive hetero-
geneity. As shown in Table 4, our model also achieves the
highest ACC of 73.5% on the Epilepsy dataset, with an ACC
gain of at least 2.1% compared to previous methods. We em-
ploy two-sample t-tests, and the results indicate that the dif-
ferences between our model and the compared methods are
statistically significant (p-values < 0.05 and < 0.001). These
consistent improvements across all datasets highlight the ro-
bustness and generalizability of our method. Notably, the
superior performance stems from task-driven innovations
specifically tailored to neuroimaging analysis. Each com-
ponent is purposefully designed to address a specific issue
and is tightly integrated into a cohesive architecture, thereby
achieving strong performance and facilitating the discovery
of clinically meaningful biomarkers.

Ablation Studies

We conduct ablation studies to evaluate the contribution of
each component in our proposed method. As shown in Ta-
ble 5, the ablation analysis includes the following settings:

* Removing the temporally-evolving hypergraph message
passing (w/o TEHMP), including its variants without
intra-window (w/o TEHMP;,,) and inter-window mes-
sage passing (w/o TEHMPjy;).

* Removing the region-wise functional hypergraph learn-
ing (w/o RWFHL), along with its variants that exclude



Method ACC | SENy | SENg | SENL
MMTGCN 7 (Yao et al. 2021) 80.3 | 779 | 83.3 | 79.1
STA-BiGRU (Huang et al. 2022) | 81.5 - - -
PFC-STAA (Cui et al. 2023b) 833 | 80.5 | 89.3 | 78.3
STW-HCN (Liu et al. 2024) 83.0 | 82.8 | 839 | 81.8
ACI-FBN * (Zhang et al. 2025) | 83.6 | 84.0 | 84.4 | 81.7
Ours 84.7 | 849 | 852 | 83.5

where 1 means the result is from MGCA-RAFFNet (Ma et al. 2024) and * means
the method is reproduced by ourselves.

Table 2: Performance comparison of different methods on
the ADNI-2 dataset (NC vs. EMCI vs. LMCI).

Method ACC SEN SPE
MDGL (Ma et al. 2024) 58.0 65.0 -

BrainGSLs { (Wen et al. 2023) 62.5 62.5 62.2
BrainMass { (Yang et al. 2024) 64.0 65.7 61.4
HGFM (Han et al. 2025) 65.1 67.5 61.5
Ours 67.0 67.9 66.2

where 1 means the result is from HGFM (Han et al. 2025).

Table 3: Performance comparison of different methods on

the REST-meta-MDD dataset (NC vs. MDD).
Method ACC | SEN | SPE
PFC-STAA * (Cui et al. 2023b) 67.4 65.2 | 69.2
MGCA-RAFFNet * (Maet al. 2024) | 694 | 69.6 | 69.2
ACI-FBN * (Zhang et al. 2025) 714 | 69.6 | 73.1
Ours 735 | 739 | 73.1

where * means the method is reproduced by ourselves.

Table 4: Performance comparison of different methods on
the Epilepsy dataset (TLE vs. FLE).

intra-region (w/o RWFHL,,,) and inter-region hyper-
graph learning (w/o RWFHLjy;).

* Removing the topology-enhanced selective state-space
propagation (w/o TESSP).

Effectiveness of Temporally-Evolving Hypergraph Mes-
sage Passing (TEHMP). From Table 5, removing
TEHMP (w/o TEHMP) leads to at least a 2.8% drop in
ACC across all four datasets, indicating its effectiveness
in capturing high-order dynamic dependencies both within
and across time windows. Further ablation reveals that re-
moving intra-window message passing (w/o TEHMP; )
causes an additional decrease in ACC, highlighting the im-
portance of intra-window interactions. Similarly, removing
inter-window message passing (w/o TEHMP;;) results in
a smaller performance decline, underscoring the role of tem-
poral relationships across windows.

Effectiveness of Region-Wise Functional Hypergraph
Learning (RWFHL). Table 5 shows that removing
RWFHL leads to ACC drops of 3.7%, 4.1%, 3.4%, and 8.2%
on four datasets, respectively. Removing intra-region learn-
ing (w/o RWFHL;,,) results in a larger performance de-
cline than removing inter-region learning (w/o RWFHL; ),
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Figure 2: Comparison of different fusion strategies.

Figure 3: The influence of the hyper-parameters on classifi-
cation performance. (a) NC vs. ASD, (b) NC vs. EMCI vs.
LMCI, (c) NC vs. MDD, and (d) TLE vs. FLE.

highlighting the importance of region-specific hypergraphs
for modeling functional heterogeneity, while inter-region
modeling enhances cross-regional integration.

Effectiveness of Topology-Enhanced Selective State-
Space Propagation (TESSP). TESSP is designed to
aggregate temporally-evolving hypergraph features and
topology-enhanced region-wise hypergraph features. As
shown in Table 5, removing TESSP consistently leads to
performance drops of 1.2%, 1.2%, 1.1%, and 2.1% across
the four datasets, highlighting its crucial role in aggregating
discriminative features. In addition, from Fig. 2, we com-
pare TESSP with two alternative fusion strategies: feature
concatenation and feature selective aggregation. The results
show that TESSP outperforms these alternatives.

Hyperparameter Sensitivity Analysis

The hyperparameters A\; and Ay control the sparsity of the
temporally-evolving and region-wise hypergraphs, respec-
tively. We vary them from 0.05 to 0.3 with a step of 0.05,
and report the ACC values in Fig. 3. The optimal settings are
A1 = 0.15, Ay = 0.2 for NC vs. ASD and NC vs. EMCI vs.
LMCI; Ay = 0.1, Ao = 0.2 for NC vs. MDD; and A\; = 0.1,
A2 = 0.25 for TLE vs. FLE. Both overly large and small val-
ues degrade performance by over-penalizing the topology or
retaining redundant connections.



Method NC vs. ASD NC vs. MDD NC vs. EMCI vs. LMCI TLE vs. FLE
ACC SEN SPE | ACC SEN SPE | ACC SENy SENg SENp | ACC SEN SPE
w/o TEHMP 74.0 74.5 73.5 64.3 65.0 63.7 80.9 81.7 80.9 79.9 61.2 609 61.5
w/o TEHMP;ra 75.1 75.3 74.9 65.9 66.5 65.4 82.2 82.2 82.1 82.3 63.3 69.6 57.7
w/0 TEHMP;er 75.7 76.0 753 65.2 65.8 64.8 83.4 84.5 84.1 81.1 63.3 652 61.5
w/o RWFHL 73.1 73.8 72.5 63.2 639 62.7 81.3 81.3 81.7 80.5 65.3 69.6 61.5
w/0 RWFHL;a 74.2 74.7 73.7 64.4 64.8 64.0 82.5 82.2 82.5 82.9 67.4 69.6 654
w/0 RWFHLer 74.9 75.5 74.3 64.9 654 645 82.8 83.1 82.9 82.3 69.4 739 654
w/o TESSP 75.6 762 749 66.1 66.0 66.3 83.6 84.5 84.1 81.7 71.4 739 69.2
Ours (complete) 76.8 772 764 67.3 68.7 66.2 84.7 84.9 85.2 83.5 73.5 739 73.1

Table 5: Experimental results of the ablation study on different brain disease tasks.
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Figure 4: Most discriminative brain regions across differ-
ent diagnostic tasks: (a) NC vs. ASD, (b) NC vs. EMCI vs.
LMCI, (c) NC vs. MDD, and (d) TLE vs. FLE.

Discriminative Brain Regions and Connections

Discriminative Brain Regions. To identify potential neu-
robiomarkers, we compute ROI importance weights and
project them onto the AAL template. Each diagnostic task
exhibits distinct discriminative regions. For instance, in
Fig. 4 (a), MFG.R, SFGdor.R, IPL.L, and IFGtriang.LL are
highly weighted, aligning with ASD-related impairments in
social cognition and executive function (Wen et al. 2023). In
Fig. 4 (b), regions such as HIPR and PCUN.R, implicated
in memory and cognitive decline (Raine and Rao 2022).
In Fig. 4 (c), discriminative areas include IFGoperc.L and
INS.R, associated with affective processing. In Fig. 4 (d),
prominent regions like HIP.R and THA.L reflect abnormal
motor and memory pathways.

Discriminative Brain Connections. To further inves-
tigate abnormal connectivity patterns, we perform inter-
pretability analysis on the confidence matrix. As shown
in Fig. 5, each diagnostic task exhibits distinct discrim-
inative connections, where chords with the same color
indicate membership in the same hyperedge. For exam-
ple, in Fig. 5(a), temporal-frontal hyperedges (e.g., TPO-
mid.L-ITG.L-IFGtriang.L) suggest social-executive dys-
function. Fig. 5(b) highlights parietal-limbic-frontal interac-
tions (e.g., IPL.L-OLF.R-PHG.L) indicative of MClI-related
memory decline. In Fig. 5(c), frontal-limbic couplings dom-
inate, linked to emotional dysregulation. For Fig. 5(d),
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Figure 5: Most discriminative brain connections across dif-
ferent diagnostic tasks: (a) NC vs. ASD, (b) NC vs. EMCI
vs. LMCI, (c) NC vs. MDD, and (d) TLE vs. FLE.

discriminative hyperedges include HIPL-PHG.L-AMYG.L
and PHG.L-INS.R-PCG.L, which reflect both mesial tem-
poral and motor-related abnormalities. These findings not
only corroborate prior evidence but also reveal previously
underexplored abnormal connections, demonstrating the
model’s ability to capture high-order interactions.

Conclusion

We propose HyperDiag, a novel and robust framework
that integrates temporally-evolving and region-wise hyper-
graph modeling with topology-enhanced selective state-
space propagation. Experiments on four datasets demon-
strate superior performance and the ability to identify mean-
ingful biomarkers.
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