
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2026

MULTI-SCALE ADAPTIVE HYPERGRAPH LEARNING
FOR HIGH-ORDER BRAIN CONNECTIVITY ANALYSIS

Anonymous authors
Paper under double-blind review

ABSTRACT

Understanding complex interactions between brain regions is critical for early
neurodegenerative disease classification such as Alzheimer’s Disease (AD) and
Parkinson’s Disease (PD). Graph-based models are typically employed to investi-
gate brain networks with regional features and their interconnectivity. However,
traditional approaches primarily focus on pairwise node interactions between di-
rectly connected nodes, limiting their ability to capture higher-order dependencies
from multiple brain regions. Although hypergraph-based approaches have been
proposed to capture higher-order relations beyond pair-wise connectivity, many
existing methods rely on predefined hyperedges or restrict learning to hyperedge
weights, limiting their flexibility and ability to capture multi-resolution structural
patterns. In this regard, we introduce an adaptive multi-scale hypergraph learning
framework, i.e., MASH, which constructs hierarchical node features and dynam-
ically learns high-order interaction through continuous hyperedge construction
over multi-resolution graph signals. Through extensive experiments on brain net-
work benchmarks, we demonstrate the superiority of MASH by improving clas-
sification of different disease stages. Our model further identifies key regions of
interest (ROIs) and their group-wise interactions from the learned hyperedges that
are associated with disease progression, highlighting its potential as a powerful
tool for brain network analysis with neurodegenerative disorders.

1 INTRODUCTION

Capturing relationships of multiple variables beyond one-to-one interaction is an important problem
in various domains such as social network analysis (e.g., modeling social groups) (Benson et al.,
2016; Zhu et al., 2018; Battiston et al., 2020), computer vision (e.g., scene graph generation) (Xu
et al., 2017; Zellers et al., 2018; Johnson et al., 2018) and systems biology (e.g., complexes of pro-
teins) (Pavlopoulos et al., 2011; Hu et al., 2021; Feng et al., 2021). Similarly in neuroimaging,
characterizing high-order interactions between brain regions of interest (ROIs) is crucial for early
neurodegenerative disease detection. For this, typical approaches derive a complex wiring repre-
sentation of the brain as a brain network, e.g., structural connectivity from Diffusion Tensor Image
(DTI) or functional connectivity from functional MRI, to investigate the interactions between ROIs.

For example, Alzheimer’s Disease (AD) and Parkinson’s Disease (PD) are neurodegenerative dis-
orders characterized by disruptions in structural brain connectivity (Reid et al., 2013; Matthews
et al., 2012) and regional variation such as cortical atrophy and reduced brain volume (Thompson
et al., 2007; Mrdjen et al., 2019). These abnormalities reflect regionally distributed neuronal de-
generation and have been widely adopted as imaging biomarkers for early diagnosis and disease
progression monitoring. Recent neuroimaging techniques provide complementary information on
disease-specific alterations. For instance, Diffusion Weighted Imaging (DWI) characterizes connec-
tivity disruption by constructing structural brain networks with bundles of white matter pathways,
whereas region-wise measures from Magnetic Resonance Imaging (MRI) and Positron Emission To-
mography (PET) provide a comprehensive multi-modal characterization of disease-specific changes.

Given the complex structure of brain connectivity, graph-based models provide an effective way to
analyze these multi-sensing features by representing both connectivity structures and regional char-
acteristics (Cui et al., 2022b;a; Kan et al., 2022; Zhou et al., 2024). However, existing methods based
on conventional graph convolution typically neglect higher-order relationships among brain regions
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(Kipf et al., 2016; Veličković et al., 2018; Chen et al., 2020b), and stacking graph convolution lay-
ers indirectly consider these interactions at the cost of oversmoothing problem (Chen et al., 2020a).
Therefore, standard graph models, relying on pairwise interactions denoted by adjacency, struggle
to capture group-wise dependencies effectively and have difficulties in modeling the complex topo-
logical changes associated with neurodegenerative disorders. Such limitations are especially critical
for brain networks, where functional and structural interactions often arise from the coordinated ac-
tivity of multiple regions. Capturing these group-wise dependencies is essential for characterizing
structural and functional patterns that reflect disease-related alterations in brain organization.

In this regime, a more flexible framework is required for in-depth analysis of complicated brain net-
works that investigate higher-order relationships among different regions of interests (ROIs) in the
brain. We address this issue from two perspectives: 1) learning adaptive multi-resolution graph rep-
resentation that derives novel representations of nodes incorporating multi-order node-wise neigh-
borhood information, and 2) learning hypergraph whose hyperedges connect multiple nodes simul-
taneously to model high-order group interaction that is not explicit in the original graph. The graph
multi-scale representation captures ROI characteristics over spatial resolutions, where “multi-scale”
refers to diffusion scales in spectral graph filtering. Different diffusion levels regulate the extent
of node-wise smoothing, forming coarse-to-fine neighborhoods on a single atlas. Applied to brain
networks, this diffusion hierarchy naturally expands ROI localization ranges, allowing the model
to capture multi-resolution structural variation without requiring multiple anatomical parcellations.
Moreover, with the hypergraph, we expect that disease-specific patterns that manifest as an inter-
action of multiple ROIs can be captured. Despite progress in hypergraph learning, many methods
rely on predefined hyperedge candidates or focus on adjusting hyperedge weights (Jie et al., 2016;
Li et al., 2019; Qiu et al., 2024; Mei et al., 2025), which limits their flexibility in capturing struc-
tural variations across different scales. To address these limitations, we design our model to learn
continuous scale-wise hyperedges directly from multi-resolution representations, providing a more
expressive characterization of high-order relationships. Implementing the two key ideas above, we
propose a framework named as Multi-scale Adaptive Structural learning in Hypergraph (MASH).

The key contributions of our work are 1) proposing a novel framework to dynamically learn rich
and implicit group-wise node dependencies (i.e., hyperedges), 2) adaptively capturing structural
variations at different scales for hypergraph construction to enhance downstream classification, and
3) demonstrating theoretical insights that the adaptive hyperedges are derived by modulating node
features in the graph wavelet space. Extensive validation was performed on two independent public
benchmarks: the Alzheimer’s Disease Neuroimaging Initiative (ADNI), using structural networks
from DTI and ROI measurements from functional imaging, and the Parkinson’s Progression Mark-
ers Initiative (PPMI), using fMRI-derived Blood-Oxygen-Level-Dependent (BOLD) signals, which
demonstrates superiority of MASH over state-of-the-art methods while providing biological inter-
pretability of brain networks by identifying key sub-structure based on the learned hyperedges.

2 RELATED WORKS

High-order Graph Learning. The vanilla GCN (Kipf et al., 2016) and variant Graph Neural Net-
works (GNNs) utilize graph convolution to perform feature aggregation from neighbors. GCNII
(Chen et al., 2020b) extends a vanilla GCN with residual connection and identity mapping, and
Graph Attention Network (GAT) (Veličković et al., 2018) introduces an effective attention mecha-
nism on graphs to assign relationships to neighboring nodes. These works primarily rely on pairwise
interactions and local message passing, which makes it difficult to capture rich group-wise depen-
dencies in complex graphs (e.g., structural/functional brain connectomes).

Several studies have incorporated higher-order structures into graphs to better capture complex ge-
ometric relationships. In particular, hypergraphs have been widely adopted to model group-wise
interactions among multiple nodes. For example, HGNN (Feng et al., 2019) captures high-order
correlations using hypergraph representations, HNHN (Dong et al., 2020) introduces nonlinear ac-
tivations on both nodes and hyperedges, UniGCNII (Huang et al., 2021) mitigates over-smoothing
in hypergraph learning via residual connections and identity mapping, HyperDrop (Jo et al., 2021)
employs hypergraph-based edge pooling to remove task-irrelevant edges, and HyperGT (Liu et al.,
2024) encodes both global and local structure by integrating a transformer architecture with a hy-
pergraph. Recently, DHHNN (Mei et al., 2025) proposes a dynamic hyperbolic hypergraph neural
network that iteratively updates hyperedge weights through hyperbolic attention during training.
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Brain Network Analysis. Recent works have been designed to analyze the brain networks. They
adopted or developed GNN and its variants, as the nodes (i.e., ROIs) within the same brain template
have distinct locations and unique identities. IBGNN (Cui et al., 2022b) proposes an interpretable
framework to analyze disorder-specific ROIs and prominent connections, and BrainGB (Cui et al.,
2022a) standardizes the process by summarizing brain network construction pipelines and modular-
izing GNN designs, and SGCN (Zhou et al., 2024) proposes an interpretable framework by defining
the importance probability of multiple brain imaging data. Notably, BrainNetTF (Kan et al., 2022)
learns fully pairwise attentions with transformer-based models, ALTER (Yu et al., 2024) also adopts
a transformer with a biased random walk to capture long-range dependencies, BioBGT (Peng et al.,
2025) captures the small-world architecture of brain graphs using network entanglement, and Brain
Quadratic Network (BQN) (Yang et al., 2025) adopts quadratic networks for brain network analysis.

Beyond conventional graph-based approaches, recent studies have explored hypergraph-based
frameworks to better capture higher-order interactions in brain networks. Dynamic Weighted Hyper-
graph Convolutional Network (dwHGCN) (Wang et al., 2023) focuses on learning weights for prede-
fined hyperedges to characterize high-order relations among brain regions, and HyBRiD (Qiu et al.,
2024) constructs discrete hyperedges by sampling binary masks and assigning a learnable weight to
each hyperedge. While previous works primarily optimize hyperedge weights, our method directly
refines connectivity patterns through adaptive soft hyperedges derived from multi-scale spectral dif-
fusion, providing a more flexible and hierarchically expressive representation of connectivity.

3 PRELIMINARIES

Hypergraph. An undirected graph G={V, E} withN nodes comprises a node set V and an edge set
E . A symmetric adjacency matrix A ∈ RN×N and a diagonal matrix D ∈ RN×N are constructed
from E , encoding connectivity among nodes and the volume of each node, respectively. Here, a
graph Laplacian L=D−A is real and positive semi-definite. It has a complete set of orthonormal
basis U=[u1|u2| . . . |uN ] known as Laplacian eigenvectors and corresponding real and non-negative
eigenvalues 0=λ1≤λ2. . .≤λN , so does the normalized Laplacian L̂=D−1/2LD−1/2.

A hypergraph with N nodes and M hyperedges consists of V and a hyperedge set E ′
. It is

a generalization of a conventional graph where each hyperedge represents group-wise interac-
tions by connecting a set of nodes simultaneously. The structure of hypergraph can be repre-
sented as an incidence matrix H ∈ RN×M , where each entry H(vn, em) is defined as 1 if node
vn belongs to edge em, and 0 otherwise, for all vn ∈ V and em ∈ E ′

. The degree of n-th
node is defined as d(vn)=

∑M
m=1H(vn, em) and the degree of the m-th hyperedge is defined as

d(em)=
∑N

n=1H(vn, em). Accordingly, the node degrees and hyperedge degrees are represented in
diagonal matrices Dv ∈ RN×N and De ∈ RM×M , respectively.

Multi-scale via Graph Wavelet Transform. Spectral Graph Wavelet Transform (SGWT) (Ham-
mond et al., 2011) extends traditional wavelet transform (Mallat, 1999) to graphs via spectral graph
theory (Chung, 1997). Using SGWT, a graph signal x is decomposed into multiple granularities xs
to facilitate multi-resolution analysis. To project the signals into the spectral domain, SGWT uses
wavelet basis ψs = Ug(sΛ)UT , where g(·) denotes a kernel with the scale s. The s controls the
bandwidth of locality in the graph Fourier space, capturing either global structure or local details
at specific resolutions. Projecting the signal x into the spectral domain via these bases yields the
wavelet coefficient Wx(s) = ψs · x. Under the admissibility condition (Mallat, 1999), the inverse
transform perfectly reconstructs original x as 1

Ck

∫∞
0
ψs ·Wx(s)

ds
s , with an admissibility constant

Ck =
∫∞
0

g(λ)2

λ dλ < ∞. It represents a superposition of multi-resolution representations of x over
scales s ∈ [0,∞). Thus, a signal xs in the graph space filtered at the specific scale s is defined as

xs = ψs ·Wx(s) = Ug2(sΛ)UTx, (1)

which allows extracting signals at a specific resolution. In our work, we make these scales learnable
to obtain local-to-global characteristics adaptively.

4 METHOD: ADAPTIVE MULTI-SCALE HYPERGRAPH LEARNING

Overview of High-order Structure Learning. We introduce MASH, a unified framework that
jointly performs multi-resolution graph wavelet filtering and hypergraph learning to capture high-
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(a) (b) (c) (d) (e)

Figure 1: Visualization of multi-resolution high-order relation modeling via hypergraph on a random graph.
The original graph with pairwise edges is shown in (a), and from fine scale (b) to coarse scale (e), hyperedges
adaptively expand to include more nodes, moving from localized connections to broader groupings that capture
global structural similarity. Similar colors indicate potentially similar regions, while the red contour represents
the sparsely constructed hyperedge at each scale, determined by the corresponding smoothed features.

order structural dependencies between the multi-scale features. Instead of treating multi-resolution
filtering and hyperedge modeling as disjoint processes, MASH tightly couples them to support learn-
ing expressive high-order structures by dynamically constructing scale-specific hyperedges.

Fig. 1 illustrates how multi-resolution wavelet filtering influences the formation of scale-specific hy-
peredges by modulating node similarity through varying receptive fields. Compared to the pair-wise
graph in (a), the wavelet kernel in small scales operates over a narrow receptive field, resulting in
localized and distinctive features, as in Fig. 1 (b). This leads to the formation of compact hyperedges
that connect only a few strongly correlated nodes. In contrast, Fig. 1 (e) depicts a larger receptive
field induced by a higher-scale kernel, which smooths features across a broader region and increases
similarity among spatially distant nodes. Consequently, more nodes are grouped together into larger
hyperedges, reflecting expanded high-order relationships. This progressive expansion across mul-
tiple scales enables MASH to learn a hierarchy of high-order hyperedges, each reflecting different
affinity. By modeling interactions at both fine and coarse structural levels, MASH builds a rich and
expressive hypergraph that jointly encodes local variation and global consistency.

Adaptive Multi-Scale Feature Filtering. Consider a graph G as a normalized Laplacian L̂ and a
set of features X ∈ RN×D (e.g., D imaging measures on N ROIs), and a label Y . Given trainable
scales {sj}Jj=0, MASH extracts task-relevant graph information at specific resolutions. For this,
as in Fig. 2, X is decomposed into multi-resolution components Xsj across various scales using
Eq. (1), which is iteratively updated within MASH. In this step, the input features X are passed
through one low-pass and several band-pass wavelet kernels, where each kernel extracts structural
information at a different resolution. The resulting scale-wise representations Xsj capture global-
to-local variations and are passed independently to the hypergraph learning framework.

Multi-Scale Hypergraph Structure Learning. The multi-resolution {Xsj}Jj=1 are used to gener-
ate incidence matrices to model group-wise node interactions across scales. Given the Xsj at j-th
scale, a node embedding X̄sj ∈ RN×dh is obtained via a linear transformation, where dh is the hid-
den feature dimension. To obtain a flexible hypergraph structure, we introduce a learnable hyperedge
projection matrix Φj ∈ Rdh×M for each scale j, where M is the number of hyperedges. Using Φj ,
the scale-specific incidence matrix is computed as Hsj=X̄sjΦj , which encodes node-to-hyperedge
affinities at scale j. This enables each scale to capture its own group-level ROI interactions.
Proposition 1. Given a graph signal X and a hyperedge projector Φ, computing incidence matrix
Hs is equivalent to projecting the graph wavelet representation of X , i.e., WX(s), with Φ.

The proposition above tells that the multi-resolution hypergraph structure can be characterized
through the graph wavelet representation in the graph frequency space, whose concept is ambiguous
in the original graph space due to the irregular graph structure. This further leads to the dilation
property of the learned hypergraph across different scales, i.e., as the wavelet scale increases, the
smoothing effect on node features enlarges hyperedges by increasing the cardinality of the node set
associated with a hyperedge as the following proposition.
Proposition 2. In Hs, there exists at least one hyperedge e∗m such that the number of nodes within
e∗m, for which e∗m attains the highest weight, monotonically increases with respect to s, and this
number converges to N as s→ ∞ , i.e., lims→∞ |{vn : e∗m = argmaxem Hs(vn, em)}| ≈ N .

Consequently, the smoothness of node features at each scale directly drives the expansion of hy-
peredges, providing the theoretical basis for the progressive enlargement of hyperedges observed in
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Figure 2: Illustration of MASH. A brain network G with node features X goes through 1) Adaptive multi-scale
feature filtering to produce Xs, 2) Hypergraph structure learning to estimate incidence matrix of a hypergraph
Hs, and 3) Multi-scale transformer to yield B(P ), incorporating all scale-wise information from the hyperedges.
Finally, a classifier predicts a disease-specific label for G. Both the s and Φ are optimized during the training.

Fig. 1, where localized connections at fine scales gradually evolve into broader groupings at coarser
scales. The detailed proofs are provided in Appendix A.

To further refine Hs, we convert the dense incidence values into a normalized form, yielding an
normalized incidence matrix at scale sj as

H̃sj = SoftMax(ReLU(X̄sjΦj)), (2)

where the ReLU activation eliminates weak connections among hyperedges and the SoftMax func-
tion is applied to normalize each row of H̃sj into a probability distribution over hyperedges.

To prevent excessive connection, H̃sj is made sparse by limiting the number of neighboring hyper-
edges per node to η, resulting in a truncated incidence matrix H̄sj as

H̄sj (n,m) =

{
H̃sj (n,m), H̃sj (n,m) ∈ TopK(H̃sj (n, ∗), η)
0, H̃sj (n,m) /∈ TopK(H̃sj (n, ∗), η)

(3)

where TopK is a top-k function. Adaptively acquiring these incidence matrices enables capturing
higher-order dependencies among nodes across scales and model a wide range of implicit interac-
tions without any predefined rules.

Multi-Scale Transformer. Building on the constructed multi-scale hypergraphs, MASH extracts
scale-wise features by performing hypergraph convolution to the paired inputs {Xsj}Jj=1 and
{H̄sj}Jj=1 through encoders in the transformer block, capturing structural patterns unique to each
scale. Based on previous work (Feng et al., 2019), scale-wise hypergraph convolution operation at
z-th layer is given as

F (z)
sj = σ(D−1/2

v H̄sjWeD−1
e H̄T

sjD
−1/2
v F (z−1)

sj Θ(z)), (4)

where F (z)
sj is the output at j-th scale with F (0)

sj =Xsj , We is a diagonal matrix representing the
weights of hyperedges, Θ(z) is the learnable weight at z-th layer, and σ denotes an activation func-
tion. Since Eq. (4) is an operation in a single convolution layer, we can stack Z of them to achieve
better representations across all resolutions.

Then, as in Fig. 2, the {F (Z)
sj }Jj=1 are fed into an attention layer to compute node-wise attention

scores. We introduce the Scale-Wise Self-Attention (SWSA) module, where each head focuses on
a specific scale and operates over a graph structure to integrate information from other nodes. The
input of SWSA consists of dk-dimensional query Qsj ∈ RN×dk , key Ksj ∈ RN×dk , and value
Vsj ∈ RN×dk from F

(Z)
sj . The scale-specific self-attention scores are computed as

Asj = Softmax(
QsjK

T
sj√

dk
) ∈ RN×N , (5)

where Softmax function normalizes the similarity scores to obtain attention weights. These weights
indicate the relative influence of each node within the graph at scale sj . Using them, the self-
attention value at the j-th scale is computed as ϕ(Qsj ,Ksj , Vsj ) = AsjVsj .As each head is assigned
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to a single scale, global features across scales are averaged with a multi-attention function as

SWSA(Q,K, V ) = [h(1)| . . . |h(j)| . . . |h(J)]WO, h
(j) = ϕ(QsjWQsj

,KsjWKsj
, VsjWVsj

), (6)

where WQsj
, WKsj

, WVsj
and WO are projection matrices for Qsj , Vsj , Ksj and SWSA respec-

tively. Thus, SWSA enables the model to jointly attend to information from different scales across
various ROIs in long-range. In addition to SWSA, each of the layers from transformer encoder con-
tains a fully connected feed-forward network (FFN). To stabilize the training of MASH and enhance
generalization, residual connections (He et al., 2016) and layer normalization (LN) (Ba et al., 2016)
are employed. This configuration effectively captures comprehensive context across all nodes as

B(p) = LN(B̃(p) + FFN(B̃(p))), B̃(p) = LN(B(p−1) + SWSA(B(p−1))), (7)

where B(p) is an output from p-th attention layer, and multi-scale representations {F (Z)
sj }Jj=1 are

used asQ,K and V forB(0). Also, we can stack P attention layers to capture complex dependencies
in the input features.

Training Objective. Given a set of graphs {Gt}Tt=1 with corresponding labels {Yt}Tt=1, we train
a classifier such that f(B(P )

t )=Yt, which takes the B(P ) as an input from Eq. (7) and returns a
prediction Ŷtc for the c-th class of sample t. To update all parameters, the objective function is
defined by cross-entropy between the true value Ytc and Ŷtc. With an l1-norm regularization on a
scale sj to ensure its positivity, the overall objective function L is defined as

L = − 1

T

T∑
t=1

C∑
c=1

Ytclog(Ŷtc) + α
1

J

J∑
j=1

1s<0|sj |, (8)

where α is a user-parameter and 1 is an indicator function. The loss L is minimized via backpropa-
gation to optimize learnable parameters, including the scale sj and the hyperedge weight Esj at j-th
level, over the full scale range J .

5 EXPERIMENTS

Dataset. To evaluate our framework, we utilized two independent neurodegenerative brain network
benchmarks: 1) Alzheimer’s Disease Neuroimaging Initiative (ADNI) (Mueller et al., 2005) and 2)
Parkinson’s Progression Markers Initiative (PPMI) (Marek et al., 2011).

ADNI. Neuroimages of 650 subjects in the ADNI study were processed using in-house pipeline.
Each brain was partitioned into 148 cortical and 12 sub-cortical regions by Destrieux atlas (Destrieux
et al., 2010), and Tractography on DWI was applied to derive white matter fibers connecting the 160
brain regions. For each parcellation, region-wise imaging features were defined such as Standard
Uptake Value Ratio (SUVR) (Thie, 2004) of metabolism (FDG), β-amyloid protein (AMY), and
tau protein (TAU) from PETs, along with cortical thickness (CT) from MRI scans, were measured.
Each subject was assigned to Control (CN, T=226), Significant Memory Concern (SMC, T=131),
Early/Late Mild Cognitive Impairment (EMCI/LMCI, T=217/64), and AD (T=12) groups.

PPMI. Functional MRI data from 195 subjects in the PPMI study were provided by (Marek et al.,
2011), and subsequently preprocessed into brain networks by (Xu et al., 2023). Each brain was
parcellated into 116 regions using the AAL atlas (Tzourio-Mazoyer et al., 2002), from which region-
wise Blood-Oxygen-Level-Dependent (BOLD) signals were extracted as node features. Functional
connectivity matrices were constructed by computing pairwise correlations between regional BOLD
signals and were used as edge features. Each subject was classified into three groups: Cognitively
Normal (CN, T=15), Prodromal (T=53), and PD (T=113), reflecting a progression from CN to PD.

Baselines. We categorized the baselines into two groups; 1) Graph-based models such as GCN (Kipf
et al., 2016), GAT (Veličković et al., 2018), GCNII (Chen et al., 2020b), BrainGNN (Li et al., 2021),
IBGNN (Cui et al., 2022b), BrainGB (Cui et al., 2022a), SGCN (Zhou et al., 2024), BrainNetTF
(Kan et al., 2022), ALTER (Yu et al., 2024), BioBGT (Peng et al., 2025), and BQN (Yang et al.,
2025) and 2) Hypergraph-based models such as HGNN (Feng et al., 2019), HNHN (Dong et al.,
2020), UniGCNII (Huang et al., 2021), HyperDrop, (Jo et al., 2021), dwHGCN (Wang et al., 2023),
HyperGT (Liu et al., 2024), HyBRiD (Qiu et al., 2024), and DHHNN (Mei et al., 2025). Here,
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Table 1: Brain network classification performance on the ADNI and PPMI datasets evaluated using 5 fold
cross-validation. The best results are shown in bold, and the second-best results are underlined. (†: Methods
for brain network analysis)

Category Method ADNI PPMI
Acc ↑ Pre ↑ Rec ↑ F1s ↑ Acc ↑ Pre ↑ Rec ↑ F1s ↑

Graph
based

method

GCN 85.7± 1.7 88.1± 3.0 82.7± 5.9 83.7± 3.4 66.3± 2.4 46.2± 5.4 41.5± 3.7 38.9± 4.4
GAT 89.2± 2.1 92.7± 1.8 86.6± 4.6 88.9± 3.6 72.9± 2.5 55.1± 7.8 52.0± 3.3 52.3± 4.3
GCNII 86.3± 4.0 91.2± 1.5 85.8± 6.6 87.4± 4.8 68.5± 2.3 52.5± 6.0 42.8± 4.5 41.4± 6.3
BrainGNN† 43.4± 4.7 31.8± 3.4 28.3± 1.7 27.0± 1.3 68.1± 2.0 48.8± 5.3 40.8± 4.4 38.2± 5.3
IBGNN† 81.4± 2.4 85.8± 0.7 82.3± 3.4 83.3± 2.3 68.1± 2.4 51.1± 6.0 42.1± 5.2 38.7± 5.4
BrainGB† 83.5± 1.6 87.1± 2.6 80.7± 3.2 82.2± 2.3 68.8± 3.3 48.8± 6.0 42.8± 3.2 41.6± 4.5
SGCN† 84.0± 2.1 87.6± 3.3 82.1± 4.6 83.8± 3.5 67.6± 3.2 39.0± 9.3 40.6± 4.4 37.6± 6.8
BrainNetTF† 89.4± 2.5 88.9± 5.7 84.6± 7.3 85.8± 6.0 67.9± 2.9 55.6± 8.8 45.7± 5.1 45.0± 7.2
ALTER† 90.8± 2.6 93.3± 2.4 89.6± 5.6 90.9± 4.6 69.6± 2.3 55.2± 8.5 55.8± 5.3 54.5± 8.3
BioBGT† 80.3± 1.7 79.7± 7.1 77.3± 6.7 77.2± 6.1 68.0± 2.8 54.3± 8.2 48.7± 4.2 45.7± 3.2
BQN† 81.5± 4.7 74.3± 5.6 72.3± 5.5 72.6± 5.2 71.9± 2.9 63.2± 6.2 51.0± 8.4 56.4± 7.3

Hypergraph
based

method

HGNN 83.2± 2.7 84.8± 7.1 80.7± 6.8 82.1± 6.6 65.2± 4.8 43.3± 9.0 41.9± 6.1 40.3± 7.1
HNHN 87.3± 1.8 89.6± 1.0 85.6± 4.2 87.0± 3.0 69.1± 2.9 52.6± 5.1 48.5± 8.4 48.0± 9.4
UniGCNII 89.6± 1.6 91.1± 1.8 88.0± 3.8 89.9± 2.0 70.8± 3.3 59.6± 9.4 54.3± 7.2 55.2± 7.3
HyperDrop 72.3± 0.8 74.4± 3.1 65.9± 0.2 68.6± 2.2 67.5± 4.0 41.5± 8.9 39.2± 3.8 36.0± 6.4
dwHGCN† 90.2± 1.3 87.2± 7.1 86.3± 6.8 86.2± 6.4 69.0± 2.9 51.5± 7.9 44.2± 6.1 43.3± 8.0
HyperGT 81.5± 1.6 92.1± 1.8 89.0± 3.8 89.9± 2.0 68.5± 1.5 51.7± 4.4 42.0± 4.8 39.6± 6.1
HyBRiD† 86.6± 4.2 87.5± 3.9 84.3± 6.4 84.6± 4.7 67.2± 6.5 54.8± 6.8 52.0± 6.2 52.8± 6.5
DHHNN 81.1± 2.5 89.0± 4.5 84.5± 3.2 86.7± 3.4 60.6± 3.8 62.3± 9.8 52.7± 4.3 54.0± 6.3
MASH 93.2 ± 2.4 95.4 ± 1.3 94.2 ± 1.6 94.7 ± 1.5 76.8 ± 3.7 66.6 ± 7.6 60.7 ± 6.0 62.4 ± 6.6

Table 2: Zero-shot classification performance for Parkinson’s disease, where MASH is trained on the PPMI
dataset and directly evaluated on TaoWu and Neurocon without fine-tuning.

Method PPMI→TaoWu PPMI→Neurocon
Acc ↑ Pre ↑ Rec ↑ F1s ↑ Acc ↑ Pre ↑ Rec ↑ F1s ↑

BrainGB 53.0± 1.2 64.1± 6.8 53.0± 1.2 43.5± 4.0 62.9± 6.4 52.5± 2.8 51.6± 7.3 45.1± 5.3
ALTER 54.5± 1.9 65.1± 6.0 52.5± 1.9 45.3± 4.4 63.8± 3.2 63.8± 7.6 55.3± 4.4 51.7± 8.0
BQN 57.0± 4.0 56.3± 4.6 55.0± 4.0 49.5± 3.0 55.1± 3.7 47.8± 3.2 48.3± 2.9 46.8± 2.9
dwHGCN 50.5± 2.9 45.1± 5.2 50.5± 2.9 36.0± 4.5 60.9± 2.7 59.3± 3.4 53.6± 3.7 46.1± 7.0
HyBRiD 56.2± 3.1 53.8± 3.5 49.8± 4.7 44.7± 3.8 63.4± 2.4 51.7± 2.5 50.0± 4.2 48.8± 3.6
MASH 60.5 ± 1.6 72.8 ± 2.4 60.5 ± 1.6 58.9 ± 3.0 65.9 ± 3.4 68.1 ± 3.3 57.3 ± 3.2 53.7 ± 3.6

BrainGNN, IBGNN, SGCN, BrainGB, BrainNetTF, BioBGT, BQN, dwHGCN, and HyBRiD were
specifically proposed to analyze the brain network.

Setup. We designed a 5-way classification for the ADNI dataset using multiple imaging biomarkers,
and a 3-way classification for the PPMI dataset based on accumulated BOLD signals, both aiming
to distinguish stages of neurodegenerative disease. For unbiased and stable results, 5-fold cross val-
idation was used, and accuracy (Acc), precision (Pre), recall (Rec) and F1-score (F1s) in their mean
were computed for evaluation. We set up and trained each baseline to achieve feasible outcomes for
fair comparisons. More details are given in the Appendix C.

Results. The classification performances from MASH and 19 baselines are reported in Table 1. As
shown in Table 1, MASH consistently outperformed all baselines on the ADNI dataset, improving
accuracy by 2.4%p, precision by 2.1%p, recall by 4.6%p, and F1 score by 3.8%p over the second-
best method. In addition to its superior performance, our model exhibits stability, as evidenced by
low standard deviations across 5-fold evaluations. To further assess effectiveness in multi-modal
analysis and evaluate the contribution of each biomarker from the ADNI, we conducted additional
experiments under various scenarios, which are provided in the Appendix D.

For the PPMI results, MASH also brings improvements with average gain of 3.9%p in accuracy,
3.4%p in precision, 4.9%p in recall, and 6.0%p in F1 score, outperforming all baselines in both
precision and recall where most methods struggled. Notably, the substantial gain in recall is partic-
ularly important in medical applications, as it stems from high-order interactions often overlooked
by conventional methods. In addition, MASH outperformed recent approaches designed for brain
network analysis, demonstrating its robustness and effectiveness in refining hypergraph structures
based on multi-resolution filtered graph signals for brain network classification.

Zero-Shot Learning. To evaluate the generalizability of MASH across independently collected
PD datasets, we perform zero-shot evaluations on the TaoWu and Neurocon cohorts from Xu et al.
(2023), reported in Table 2. Both datasets contain fewer subjects than PPMI, making them unsuit-
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(a) (b) (c) (d) (e) (f)
Figure 3: Visualization of top-10 ROIs with the highest relative hyperedge importance on the ADNI (top)
and PPMI (bottom) datasets. (a)/(b): outer views of left/right hemishpere, (c)/(d): front/rear views, (e)/(f):
top/bottom views. Node color reflects the relative contribution of each ROI based on aggregated hyperedge
weights, with node indices corresponding to the Destrieux atlas (Destrieux et al., 2010) for the ADNI dataset
and the AAL atlas (Tzourio-Mazoyer et al., 2002) for the PPMI dataset.

Table 3: ROIs with 10 highest relative importance of aggregated hyperedge activation (Act.) on for classifica-
tion. (L) and (R) denote the left and right hemisphere, respectively.

ADNI PPMI
Idx Region ROI Act. Idx Region ROI Act.
154 Subcortical (L) Globus.Pallidus 1.000 41 Subcortical (L) Amygdala 1.000
160 Subcortical (R) Globus.Pallidus 0.963 33 Limbic (L) G.Cingulum.Mid 0.974
159 Subcortical (R) Putamen 0.944 42 Subcortical (R) Amygdala 0.948
153 Subcortical (L) Putamen 0.941 77 Subcortical (L) Thalamus 0.939
157 Subcortical (R) Hippocampus 0.551 12 Frontal (R) G.Frontal.Inf.Oper 0.939
151 Subcortical (L) Hippocampus 0.532 55 Temporal (L) G.Fusiform 0.929
106 Limbic (R) G.Subcallosal.Area 0.529 64 Parietal (R) G.Supramarginal 0.888
152 Subcortical (L) Thalamus 0.528 63 Parietal (L) G.Supramarginal 0.870
158 Subcortical (R) Thalamus 0.499 9 Frontal (L) G.Frontal.Mid.Orb 0.829
32 Limbic (L) G.Subcallosal.Area 0.432 30 Insular (R) Insula 0.829

able for training but ideal as challenging out-of-distribution test sets. The model is fully trained
on PPMI and directly tested on both cohorts without fine-tuning, alongside representative brain-
network baselines. In Table 2, the zero-shot evaluation reveals that baselines degrade substantially
when transferred to TaoWu and Neurocon, whereas MASH maintains strong discriminative perfor-
mance. In particular, MASH surpasses the second-best method by 7.7%p in precision and 5.5%p in
recall on TaoWu, and by 4.3%p in precision and 2.0%p in recall on Neurocon. These improvements
demonstrate that MASH effectively captures transferable PD-related structural signatures even with
limited target-domain samples. Unlike pairwise-based or static-hyperedge approaches that struggle
to retain discriminative patterns in low-sample conditions, multi-scale spectral filtering and adap-
tive soft-hyperedge construction enable robust cross-dataset generalization, highlighting its practical
utility in real clinical scenarios where training and deployment domains differ.

6 DISCUSSIONS ON THE LEARNED HYPERGRAPH

Identifying Key ROIs via Hyperedge Activations. Understanding the importance of ROIs in brain
networks is essential for analyzing disease progression, as these regions play a crucial role in char-
acterizing disease-related alterations. The aggregated hyperedge activations (i.e., degree) for each
ROI serve as indicators of its network significance. As shown in Fig. 3, ROIs with high cumulative
activations act as network hubs, facilitating information flow and increasing sensitivity to pathologi-
cal changes in both AD and PD. Identifying these key ROIs highlights disease-relevant regions most
affected by neurodegeneration, enhancing both model interpretability and clinical relevance.

Top-10 ROIs with highest importance of cumulative hyperedge activations, listed in Table 3, are
primarily subcortical regions in both ADNI and PPMI datasets, highlighting their role in disease-
stage classification and brain network communication. In ADNI, 4 ROIs (globus pallidus, putamen,
thalamus, and hippocampus) appear as left/right pairs, reflecting a symmetrical pattern across hemi-
spheres. These subcortical regions, serving as key hubs for sensory, motor, and cognitive integration
(de Jong et al., 2008; Rao et al., 2022), consistently demonstrate their significance across multiple
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ADNI PPMI

Idx ROI Idx ROI
9 (L) G.Cingul.Post.Dorsal 83 (R) G.Cingul.Post.Dorsal

30 (L) G.Precuneus 104 (R) G.Precuneus
151 (L) Hippocampus 157 (R) Hippocampus
153 (L) Putamen 159 (R) Putamen
154 (L) Pallidum 160 (R) Pallidum

Idx ROI Idx ROI
17 (L) Rolandic.Oper 77 (L) Thalamus
33 (L) Cingulum.Mid 30 (R) Insula
43 (L) Calcarine 42 (R) Amygdala
55 (L) Fusiform 44 (R) Calcarine
63 (L) SupraMarginal 64 (R) SupraMarginal

Figure 4: Top: Visualization of the top-10 ROIs associated with the most important hyperedge in the ADNI
studies, based on the sum of node activations for each hyperedge. Node color indicates activation value (i.e.,
weight) per node within the hyperedge. Bottom: Corresponding ROI labels.

Table 4: Statistical consistency of ROI importance across independent runs on the ADNI and PPMI datasets.
The mean values of Kendall’s τ , p-values, and Jaccard similarity for varying numbers of runs are reported.

Dataset ADNI PPMI
Independent Runs 5 10 20 30 5 10 20 30

All ROIs
Kendall’s τ 0.798 0.796 0.767 0.750 0.721 0.686 0.654 0.645

P-value 1.13e-18 5.42e-16 3.79e-11 2.99e-11 1.09e-14 1.15e-10 1.41e-06 1.07e-05
Kendall’s W 0.871 0.866 0.838 0.821 0.834 0.762 0.734 0.713

Top-20 ROIs Jaccard Similarity 0.893 0.881 0.835 0.817 0.824 0.770 0.746 0.735

modalities, revealing their crucial role in neurodegenerative progression. Similarly in PPMI, the
amygdala and thalamus stand out as major subcortical contributors, while the amygdala and supra-
marginal gyrus form symmetric left/right pairs, suggesting a bilateral pattern linked to PD-specific
alterations in emotion, motor, and cognitive regulation (Harding et al., 2002b; Yoshimura et al.,
2005). These findings demonstrate the ability of MASH to identify disease-relevant and symmetric
ROI groups, particularly in subcortical structures, across both AD and PD spectra.

Interpreting the Most Salient Hyperedge. To further investigate the sub-structure of the learned
hyperedges, we analyzed the most prominent hyperedge identified by aggregating the activation val-
ues of all nodes within each hyperedge. In Fig. 4, a subset of ROIs from the ADNI dataset, e.g.,
hippocampus and putamen, are not only co-activated within the same hyperedge but also overlap
with those highlighted in Fig. 3 as prominent network hubs, indicating that these regions are func-
tionally interrelated across both global and localized contexts (Lai et al., 2017; Yamashita et al.,
2019). Notably, five of the top ROIs in this representative hyperedge appear as symmetric left–right
pairs, suggesting a bilateral organization in the disease-associated brain network. For PPMI dataset,
the most salient hyperedge was characterized by integrating node activations across hyperedges. As
shown in the right of Fig. 4, top-10 ROIs include important regions for PD such as thalamus and
amygdala, which are critical for executive functioning and emotional processing (Harding et al.,
2002a; Dirkx & Bologna, 2022). These observations suggest that MASH captures both individ-
ual regional importance and inter-regional relationships through hyperedges, supporting functional
connectivity and their role in neurodegenerative pathology.

Statistical Validation of ROI-level Stability. To evaluate whether the ROIs highlighted by MASH
reflect reproducible disease-related patterns rather than artifacts of random initializations, we per-
formed a stability analysis across multiple independent runs with different random seeds, summa-
rized in Table 4. For each run, the learned incidence matrix was aggregated into ROI-level impor-
tance scores, and concordance across runs was evaluated using three complementary metrics. First,
Kendall’s τ coefficients (Sen, 1968) remained consistently high (> 0.6) across ADNI and PPMI,
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Figure 5: Sensitivity studies of crucial hyperparameters in MASH on the ADNI dataset.

Table 5: Ablation study of MASH components on the ADNI and PPMI datasets.

Component ADNI PPMI
MSF HSL MST Acc Pre Rec Acc Pre Rec

✓ ✓ 90.0± 2.8 91.4± 3.7 89.9± 4.4 72.9± 4.6 62.1± 9.8 55.7± 5.7
✓ ✓ 76.8± 1.9 76.9± 7.0 72.4± 6.6 67.4± 5.9 45.5± 9.4 41.6± 4.1
✓ ✓ 86.9± 3.4 90.4± 2.4 84.4± 5.0 64.1± 1.8 53.0± 8.6 44.5± 6.9
✓ ✓ ✓ 93.2 ± 2.4 95.4 ± 1.3 94.2 ± 1.6 76.8 ± 3.7 66.6 ± 7.6 60.7 ± 6.0

with extremely small p-values (< 10−5). This indicates that the ordering of ROI importance is
highly unlikely to arise by chance. Second, Kendall’s W (Legendre, 2005), which measures aggree-
ment across all runs jointly, exceeded 0.80 on ADNI and 0.70 on PPMI, reflecting stable consistency
in overall importance rankings. Finally, Jaccard similarity (Niwattanakul et al., 2013) of top-20
ROIs remained above 0.80 for ADNI and above 0.73 for PPMI, confirming that the most discrimi-
native ROIs are robustly preserved across runs. These results show that the ROI patterns captured
by MASH are statistically stable and not attributable to random fluctuations, thereby reinforcing the
interpretability and biological reliability of the learned hypergraph representations.

7 EFFECTIVENESS OF MODEL COMPONENTS

Hyper-parameter Studies. To explore sensitivity of our model to hyper-parameters, we examine
the impact of the number of scales J , the number of hyperedges M , the maximum number of
neighboring hyperedges η, and the embedding dimension dh in the hypergraph structure learning.
Default values were set as J=3, M=16, η=3, and dh=16 with the best performance, and we varied
each factor independently. As seen in Fig. 5, for the M (i.e. orange), accuracy increased up to 16
but declined beyond 20, likely due to noisy or redundant hyperedges. Regarding the dh (i.e. green),
performance improved up to 16 and then plateaued, suggesting that while increasing dh initially
enhances representational capacity, further growth may lead to overfitting.

Ablation Studies. To assess the effect of each component in MASH, we conduct an ablation study
on the ADNI and PPMI datasets, as summarized in Table 5. MASH integrates three key components:
adaptive multi-scale feature filtering (MSF), hypergraph structure learning (HSL), and multi-scale
transformer (MST). Removing any of these components leads to a clear performance drop, confirm-
ing their complementary contributions to modeling high-order brain structure. Specifically, MSF
provides scale-aware representations through graph wavelet filtering, HSL learns data-driven hy-
peredges that reflect regional groupings, and MST enables context-aware information aggregation
across resolutions. Among the variants, removing HSL results in the most significant degradation,
highlighting the importance of flexible hyperedge modeling in capturing the irregular topology of
brain networks. These results demonstrate that all three modules are crucial in combination, and
jointly contribute to the strong predictive performance of MASH.

8 CONCLUSION

In this work, we proposed MASH, a novel hypergraph framework to adaptively model high-order
relationships in brain networks. By leveraging multi-resolution graph representations and dynami-
cally constructing hyperedges, our method effectively captures complex inter-regional dependencies
beyond pairwise connections. Extensive experiments on the ADNI and PPMI datasets show that
MASH demonstrates superiority as evidenced by improved performance in AD- and PD-specific
stages classification. Furthermore, the trained hypergraph identifies hub ROIs linked to disease pro-
gression across both AD and PD, showcasing the potential of adaptive hypergraph learning as a
powerful tool for analyzing diverse neurodegenerative disorders.
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ETHICS STATEMENT

We used the standard brain network benchmarks, i.e., ADNI and PPMI datasets, which are
publicly available. For ADNI study, it can be downloaded from https://adni.loni.usc.edu/data-
samples/adni-data/. For PPMI dataset, although it can be downloaded from https://www.ppmi-
info.org/access-data-specimens/download-data, the processed structural data can be used at
https://github.com/brainnetuoa/data driven network neuroscience. No new data collection involv-
ing human subjects was conducted.

REPRODUCIBILITY STATEMENT

To verify the reproducibility of our work, clear explanations and a complete proof of the proposed
claims are included in the Appendix A. A complete description of the data processing steps is
provided in Appendix B. Also, we presented a detailed implementation of all experiments in Ap-
pendix C. We will release the full code and setup to facilitate reproducibility of our work, and we
submitted our code for MASH and experiments as a supplementary material.
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This material presents the supplementary paper from the main manuscript due to the space limita-
tions. In Section A, the proof of the propositions on the foundation for our hypergraph structure
learning is provided. In Section B, a detailed description of the ADNI and PPMI datasets used in
our experiments is provided. Section C outlines the full implementation details and hyperparameters
of MASH and baseline methods for AD classification. Section D presents tri-modal leave-one-out
ablations and dual-modality fusion results, quantifying marginal effect of each biomarker and the
synergy of pairwise combinations. We additionally conducted experiments on other brain disorder
dataset to further validate the generality of our approach. In Section E, we discuss additional behav-
ior of the optimized hypergraph. In Section F, we additionally conduct regression experiments to
elucidate the relationship between structural/functional brain alterations and clinical scores. Finally,
we conducted additional ablation studies in Section G, detailed model complexity is explained in
Section H, and we also discuss our framework in Section I.

A PROOF OF PROPOSITIONS

Proposition 1. Given a graph signal X and a hyperedge projector Φ, computing incidence matrix
Hs is equivalent to projecting the graph wavelet representation of X , i.e., WX(s), with Φ.

Proof. Let X ∈ RN×D be the node feature, where N is the number of nodes and D is the feature
dimension of X . From Hammond et al. (2011), the graph signal X is decomposed into various
levels of granularity in the spectral space for multi-resolution graph analysis. To project the signals
into the spectral space, the spectral graph wavelet basis at scale s is defined as

ψs = Ug(sΛ)UT , (9)

where U and Λ are the eigenvectors and eigenvalues of the normalized Laplacian L̂, and g(·) is the
wavelet kernel. Since U is orthonormal and g(sΛ) is diagonal, ψT

s can be replaced by ψs. Now, the
wavelet coefficients of the node signals at scale s is computed as

WX(s) = ⟨ψs, X⟩
= ψsX.

(10)

Using equation 9, the filtered node representation in the graph space at the scale s is defined as
Xs = ⟨ψs, WX(s)⟩

= ψsWX(s) ∈ RN×D

= ψsψsX

= ψsUg(sΛ)U
TX

= Ug(sΛ)UTUg(sΛ)UTX

= Ug2(sΛ)UTX.

(11)

Let Φ ∈ RD×M be a hyperedge projector with M hyperedges that maps node features into the
hyperedge space. Using Xs and Φ, the scale-dependent incidence matrix is constructed as

Hs = Xs Φ. (12)
Substituting Eq. (12) into Eq. (11) results in

Hs = XsΦ ∈ RN×M

= Ug2(sΛ)UTXΦ

= Ug(sΛ)T g(sΛ)UTXΦ

= Ug(sΛ)TUTUg(sΛ)UTXΦ

= Ug(sΛ)TUTψsXΦ

= Ug(sΛ)TUTWX(s)Φ

= Ug(sΛ)UTWX(s)Φ

= ψsWX(s)Φ.

(13)

Thus, Eq. (14) shows that the incidence matrix Hs is ultimately constructed from the wavelet co-
efficients WX(s) combined with the hyperedge projector Φ, providing a spectral formulation of
node-to-hyperedge relations.
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In practice, we apply a linear embedding and use X̄s=Xs Θ due to the low input dimensionality,
where Θ ∈ RD×dh . All subsequent computations are the same as Hs=ψsWX̄s

Φ. This parameteri-
zation holds the statement and proof of Proposition 1 remain unchanged. Finally, Hs is normalized
to obtain H̃s and truncated via TopK to produce H̄s, as in Eq. (2) and Eq. (3).
Proposition 2. In Hs, there exists at least one hyperedge e∗m such that the number of nodes within
e∗m, for which e∗m attains the highest weight, monotonically increases with respect to s, and this
number converges to N as s→ ∞ , i.e., lims→∞ |{vn : e∗m = argmaxem Hs(vn, em)}| ≈ N .

Proof. We prove the Proposition 2 by considering separately the cases of low-pass and band-pass
kernels. Although their limiting behaviors differ, both cases exhibit the same scale-dependent trend
that hyperedges expand as the scale increases.

(i) Low-pass kernels. Suppose that g(·) is a low-pass kernel with g(0)=1 and g(sλ) → 0 as
s→ ∞ for all λ > 0. In this case, as the scale grows, all high-frequency coefficients corresponding
to eigenvalues λk with k ≥ 2 vanish. Consequently, from Eq. (11), the filtered node features
converge to the projection on the the first eigenvector as

Xs =

N∑
i=1

g2(sλi)uiu
T
i X

= g2(sλ1)︸ ︷︷ ︸
=1

u1u
T
1X + g2(sλ2)u2u

T
2X + · · ·+ g2(sλN )uNu

T
NX︸ ︷︷ ︸

≈0

≈ u1(u
T
1X).

(14)

This shows that all node features eventually collapse onto the one-dimensional subspace spanned
by u1, so that the variability across nodes disappears and only the common low-frequency mode
remains. When Eq. (14) is substituted into the Eq. (12), which is computed as

Hs = XsΦ

≈ u1(u
T
1X)Φ.

(15)

Here, each row of Hs can be written as

Hs(vn, :) ≈ u1,vn(u
T
1X)Φ, (16)

where u1,vn denotes the n-th entry of the first eigenvector. Since all u1,vn are positive and nearly
uniform across nodes, the weight scores from Hs(vn, :) differ only by a scalar multiple. Thus, the
relative ordering of hyperedge scores is the same for every node. The argmax over columns (i.e,
hyperedges) selects the same hyperedge projection e∗m for all n. As a result, the degree of this
hyperedge increases monotonically with the scale and converges to the total number of nodes as

lim
s→∞

|{vn : e∗m = argmaxem Hs(vn, em)}| = N. (17)

(ii) Band-pass kernels. Consider a band-pass kernel with g(0)=0 and maximum response at
positive eigenvalues. The peak response shifts toward the smallest nonzero eigenvalues at the
scale s increases. Thus, there exists a small eigenvalue interval I=[λ2, λn] around λ2 such that
only components with λk ∈ I remain significant, and we denote the corresponding index set as
K∗={k : λk ∈ I}. In this interval, the filtered representations can be approximated as

Xs =

N∑
i=1

g2(sλi)uiu
T
i X

= g2(sλ1)︸ ︷︷ ︸
=0

u1u
T
1X + · · ·+ g2(sλn)unu

T
nX︸ ︷︷ ︸

λk∈I

+ · · ·+ g2(sλN )uNu
T
NX

≈
∑
k∈K∗

g2(sλk)uku
T
kX,

(18)

so that the node representations concentrate in the low-frequency subspace spanned by the eigenvec-
tors {uk : k ∈ K∗}. Contributions outside this subspace decaly relative to the dominant components
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as s increases. Plugging Eq. (18) into the Eq. (12), as

Hs = XsΦ

≈ (
∑
k∈K∗

uiu
T
i X)Φ (19)

In this form, the variation among nodes is confined to a shared low-dimensional subspace. If one
hyperedge projection e∗m is better aligned with this subspace than all others, then its score advantage
becomes increasingly dominant as the residual vanishes. Consequently, the number of nodes for
which e∗m yields the highest weight grows monotonically with the scale. In the asymptotic regime,
this number converges to the size of the node set aligned with the dominant low-frequency subspace,
which can be close to the full node set as

lim
s→∞

|{vn : e∗m = argmaxem Hs(vn, em)}| ≈ N. (20)

These two cases demonstrate that low-pass kernels drive all nodes into the same u1 direction so that
a specific hyperedge eventually covers all nodes, while band-pass kernels concentrate the features in
a fixed low-frequency subspace on certain scale intervals so that the best-aligned hyperedge expands
its degree within those intervals. In either case, increasing the wavelet scale smooths node features
and enlarges hyperedges, consistent with the patterns observed in Fig. (1).

B DATASET DESCRIPTION

To understand our experiments, we describe the datasets and preprocessing steps of our experiments
in detail. We used two neurodegenerative brain network benchmarks: the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) and the Parkinson’s Progression Markers Initiative (PPMI).

ADNI dataset. The ADNI study (Mueller et al., 2005) is a publicly available dataset designed
for Alzheimer’s Disease (AD) research, providing multi-modal imaging and biomarker data across
various stages of cognitive decline. The structural brain graphs in the ADNI dataset are constructed
through a multi-step imaging pipeline. The image preprocessing steps include 1) performing skull
stripping and tissue segmentation on T1-MRI; 2) performing brain parcellation using the Destrieux
atlas; 3) obtaining diffusion tensor information from DWI data; 4) constructing cortical surface
using free-surfer; 5) applying probabilistic tractography to construct structural brain network; 6)
measuring region-wise imaging features such as Standard Uptake Value Ratio (SUVR) of tau protein
from Tau-PET (TAU), β-amyloid protein from Amyloid-PET (AMY), metabolism level from FDG-
PET (FDG) and cortical thickness from MRI (CT), where the cerebellum was used as the reference
for the SUVR normalization.

Following the clinical outcomes, the diagnostic labels for each subject were defined as Control
(CN), Significant Memory Concern (SMC), Early-stage Mild Cognitive Impairment (EMCI), Late-
stage Mild Cognitive Impairment (LMCI), and Alzheimer’s Disease (AD). The demographics of the
ADNI dataset is summarized in Table 6. It includes a total of 650 subjects, with 226 CN, 131 SMC,
217 EMCI, 64 LMCI, and 12 AD cases. Table 6 contains group-wise details including gender, age,
and multiple AD-related clinical symptoms such as CDR-SOB, ADAS11, ADAS13, and MMSE.
The average age within these groups ranges from 68.58 to 73.46 years, with standard deviations
between 4.76 and 10.34 years. Gender distribution varies across groups, with CN comprising 114
males and 112 females, while AD includes 9 males and 3 females.

PPMI dataset. The PPMI dataset is designed to identify biological markers related to the risk,
onset, and progression of Parkinson’s disease (PD), a neurodegenerative disorder primarily affecting

Table 6: Demographics of the ADNI dataset.

Category CN SMC EMCI LMCI AD
# of subjects 226 131 217 64 12

Gender (M / F) 114 / 112 42 / 89 121 / 96 43 / 21 9 / 3
Age (Mean ± Std) 71.27 ± 5.92 71.42 ± 4.76 68.58 ± 7.21 69.66 ± 5.25 73.46 ± 10.34

CDR-SOB (Mean ± Std) 0.02 ± 0.12 0.16 ± 0.40 1.17 ± 0.89 1.27 ± 0.98 3.54 ± 2.14
ADAS11 (Mean ± Std) 4.70 ± 2.51 4.39 ± 2.45 7.24 ± 3.30 8.99 ± 3.79 16.74 ± 4.66
ADAS13 (Mean ± Std) 7.14 ± 3.87 6.52 ± 3.72 11.28 ± 5.16 14.76 ± 5.85 27.03 ± 5.22
MMSE (Mean ± Std) 29.07 ± 1.24 29.08 ± 1.13 28.48 ± 1.58 28.23 ± 1.64 22.75 ± 4.05
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movement. For brain network extraction, resting-state fMRI is parcellated into 116 regions based
on the AAL atlas to obtain Blood-Oxygen-Level-Dependent (BOLD) signals, which are then used
to compute the connectivity matrix; this preprocessing was conducted by Marek et al. (2011). Node
features are extracted from BOLD signals capturing changes in blood flow, where the mean BOLD
signal per region is used to account for different lengths.

Based on clinical outcomes, disease labels were assigned to each subject as CN, Prodromal, or PD.
Table 7 summarizes the demographics of the PPMI dataset, which consists of 181 subjects: 15 CN,
53 Prodromal, and 113 PD. The average ages of these groups range from 62.03 to 64.28 years, with
standard deviations between 7.77 and 10.03 years.

Table 7: Demographics of the PPMI dataset.

Category Control Prodromal PD
# of subjects 15 53 113

Gender (M / F) 12 / 3 30 / 23 77 / 36
Age (Mean ± Std) 62.03 ± 10.03 64.00 ± 9.54 64.28 ± 7.77

C IMPLEMENTATION DETAILS

Experimental Settings. Our method and all baselines were implemented using PyTorch and trained
on a single NVIDIA GeForce RTX 3090. All experiments were conducted with a fixed ran-
dom seed to ensure reproducibility. We used Adam optimizer and trained each model for 1000
epochs. A grid search was conducted over the following common hyperparameter ranges: the
number of hidden units in {2, 4, 8, 16, 32, 64}, dropout rates in {0.2, 0.5, 0.8}, learning rates
in {10−1, 10−2, 10−3, 10−4}, weight decay in {5e-2, 5e-3, 5e-4}. The batch size was set to include
all samples in each dataset. We set up and trained each baseline to achieve feasible outcomes for
fair comparisons. For this, we set the number of hidden units to 16 for the ADNI dataset and 8 for
the PPMI dataset across all baselines, and standardized key hyperparameters, with a dropout rate of
0.5, a learning rate of 1e-3, and a weight decay of 5e-4.

Our Details. For multi-scale analysis from MASH, we set two wavelet kernels: one is a low-
pass filter g(s)=e−sx that captures node signals in the low-frequency and the other g(s) based on
(Hammond et al., 2011) is a band-pass filter which is 0 at the origin. The combined effect of low-
pass and band-pass filters is obtained by applying a low-pass kernel at one scale and band-pass filters
at the remaining J − 1 scales. This approach enables selective extraction of spectral components
across multiple resolutions. Here, the number of scales J was empirically determined by searching
over {1, 2, 3, 4, 5, 6, 7, 8}, and J=3 was finally selected for the ADNI dataset, while J=2 was
chosen for the PPMI dataset, as they respectively yielded the best performance. The initial scale for
the low-pass filter was set to 2, and the J − 1 scales for the band-pass filter were initialized within a
range (0,2]. These scale values are treated as learnable parameters and are adaptively updated during
training to appropriate positive values. The number of hyperedges M was empirically determined
by finding over {4, 8, 12, 16, 20, 24, 28, 32}, and M=16 for ADNI and M=12 for PPMI were
selected to make the best performance.

We stacked Z=2 hypergraph convolution layers with rectified linear unit (ReLU) as the activation
function σ and P=1 multi-scale attention layer with softmax function at the output to predict the
graph class. Unlike previous works that assign learnable weights to hyperedges viaWe, we fixWe=1
and instead focus on learning the incidence matrixH directly. This design enables more flexible and
fine-grained modeling of node–hyperedge relationships, as it allows the model to selectively control
hyperedge connectivity patterns rather than merely adjusting their scalar strengths. Also, we set the
loss weight α=1 to ensure a balanced contribution between the cross-entropy and the scale-based
regularization term in the objective function.

Baseline-specific Details. To ensure both fairness and reproducibility, we utilized the official open-
source implementation for all baseline methods. In addition to the shared grid search, we performed
further tuning of key hyperparameters specific to each model to better adapt them to our domain-
specific datasets.

• GAT (Veličković et al., 2018): We tuned the number of transformer head {2, 4, 8}.
• BrainGNN (Li et al., 2021): We adjusted the number of ROI communities {2, 4, 6, 8} and

the pooling ratio for R-pool layer {0.1, 0.2, 0.3, 0.4, 0.5}.
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Table 8: AD classification performance (CN/SMC/EMCI/LMCI/AD) on the ADNI dataset under various
scenarios. The best results are shown in bold, and the second-best results are underlined. (†: Methods for
brain network analysis)

Method CT+AMY+FDG CT+AMY+TAU
Acc ↑ Pre ↑ Rec ↑ F1s ↑ Acc ↑ Pre ↑ Rec ↑ F1s ↑

GCN 84.9± 1.7 85.3± 7.6 80.3± 7.1 81.9± 7.5 85.5± 1.6 87.3± 6.3 81.7± 3.9 83.6± 4.5
GAT 86.8± 2.3 89.4± 1.4 85.6± 2.5 86.9± 2.1 88.3± 1.8 91.3± 1.8 84.0± 2.3 86.4± 1.9
GCNII 78.8± 4.0 86.9± 2.8 77.1± 6.3 79.9± 5.4 81.8± 4.3 87.1± 2.5 80.1± 7.4 85.2± 5.3
IBGNN† 75.4± 5.1 81.2± 3.5 77.6± 6.1 78.3± 5.4 74.2± 4.4 78.7± 4.3 74.0± 3.5 75.2± 1.9
BrainGB† 78.8± 2.2 84.0± 3.2 77.7± 3.2 79.5± 2.7 80.5± 2.5 86.1± 2.9 77.3± 3.5 80.2± 2.9
SGCN† 81.2± 1.8 85.2± 3.2 81.8± 2.3 82.8± 1.9 82.2± 1.1 86.5± 3.0 83.7± 2.1 84.3± 1.8
BrainNetTF† 89.2± 1.8 91.4± 2.1 86.6± 7.1 87.8± 5.5 86.8± 2.0 90.1± 1.7 84.5± 6.1 86.2± 4.8
ALTER† 89.1± 2.1 87.6± 8.1 85.6± 8.9 86.0± 9.4 87.5± 2.3 90.6± 1.4 85.1± 5.9 86.7± 4.3
HGNN 84.3± 2.5 88.3± 1.9 83.3± 4.9 84.9± 3.5 80.2± 1.1 82.1± 7.2 76.0± 6.7 78.1± 6.6
HNHN 86.8± 1.6 89.2± 1.7 85.9± 5.0 86.8± 4.0 84.3± 2.0 86.9± 1.8 84.8± 4.9 85.4± 3.7
UniGCNII 88.6± 1.9 89.4± 2.0 86.6± 4.7 77.5± 3.7 88.3± 2.7 87.2± 4.1 86.3± 4.9 86.5± 4.4
dwHGCN† 88.8± 2.7 91.4± 2.7 86.9± 3.7 88.5± 3.1 85.5± 1.5 88.6± 2.3 85.6± 4.4 86.5± 2.9
HyperGT 78.3± 2.9 82.2± 9.2 69.4± 7.4 73.4± 7.3 76.6± 3.5 74.2± 9.5 63.0± 5.2 65.8± 5.7
HyBRiD† 86.5± 1.5 84.7± 3.8 86.8± 4.6 85.2± 3.8 79.2± 4.2 80.0± 6.3 79.8± 5.9 79.4± 6.0
MASH (Ours) 91.0 ± 2.2 92.9 ± 1.9 90.1 ± 3.3 91.0 ± 3.3 88.9 ± 1.9 92.9 ± 2.0 87.4 ± 5.0 89.4 ± 3.9

Method CT+FDG+TAU AMY+FDG+TAU
Acc ↑ Pre ↑ Rec ↑ F1s ↑ Acc ↑ Pre ↑ Rec ↑ F1s ↑

GCN 83.5± 2.7 87.0± 4.7 81.0± 4.8 82.5± 3.7 86.6± 2.7 85.9± 3.8 83.2± 5.8 83.4± 4.3
GAT 87.4± 3.0 91.5± 1.8 86.2± 5.1 88.1± 3.9 88.9± 3.2 91.3± 3.5 86.6± 4.7 88.0± 3.8
GCNII 81.1± 4.8 85.2± 7.6 77.0± 7.8 79.3± 7.5 84.2± 4.4 85.3± 7.6 81.2± 9.3 82.3± 8.2
IBGNN† 82.9± 2.5 83.8± 3.5 79.1± 2.6 80.5± 2.7 81.7± 2.5 84.6± 5.2 80.4± 3.7 81.2± 3.6
BrainGB† 81.8± 4.0 82.5± 7.9 81.1± 6.6 80.3± 6.7 82.8± 2.5 86.3± 4.0 82.7± 5.4 83.6± 4.1
SGCN† 81.7± 2.1 87.9± 2.4 78.2± 4.7 81.3± 4.0 84.2± 2.1 89.2± 0.8 80.7± 4.8 83.5± 3.7
BrainNetTF† 88.6± 3.5 87.2± 6.3 86.2± 7.0 85.9± 6.2 90.0± 2.6 90.0± 6.6 89.9± 5.2 88.9± 6.2
ALTER† 88.9± 3.5 89.4± 4.6 88.0± 5.6 88.0± 5.0 90.9± 2.8 90.9± 4.6 90.1± 5.2 89.9± 4.4
HGNN 83.7± 3.4 87.0± 2.6 80.0± 5.8 82.1± 4.1 85.1± 1.3 88.0± 1.9 84.5± 3.4 85.7± 2.5
HNHN 87.6± 2.0 90.2± 2.0 85.1± 5.7 86.5± 4.3 86.9± 1.7 87.6± 2.7 86.5± 4.2 86.4± 3.0
UniGCNII 89.4± 2.1 91.3± 1.6 87.1± 3.7 88.6± 2.5 88.3± 2.0 89.4± 2.6 86.3± 4.9 77.3± 4.1
dwHGCN† 88.5± 3.0 90.6± 2.8 86.7± 4.3 88.1± 3.3 88.5± 2.1 91.3± 1.9 86.4± 4.8 88.2± 3.5
HyperGT 82.5± 2.5 81.8± 9.8 70.5± 6.2 74.1± 7.4 81.2± 2.1 85.7± 7.1 69.8± 2.4 74.6± 3.6
HyBRiD† 85.5± 5.4 87.3± 5.4 85.2± 6.9 85.5± 5.9 83.8± 4.4 83.5± 6.7 81.3± 6.1 82.1± 6.4
MASH (Ours) 90.0 ± 2.1 93.4 ± 1.4 89.5 ± 6.4 89.2 ± 4.5 91.3 ± 1.9 93.2 ± 0.9 90.4 ± 4.1 90.8 ± 3.0

• BrainGB (Cui et al., 2022a): We selected the number of buckets T ∈ {5, 10, 15, 20} to
cluster region connections with similar strengths.

• SGCN (Zhou et al., 2024): We tuned hyper-parameters λ1 ∈ {1, 0.1, 0.01}, λ2 ∈
{1, 0.1, 0.01}, and λ3 ∈ {1, 0.1, 0.01} as penalty coefficients for different regularization.

• BrainNetTF (Kan et al., 2022): We tuned the number of transformer heads {2, 4, 8} and
the number of clustering centers {2, 3, 4, 5, 10, 50, 100} in the OCREAD readout.

• ALTER (Yu et al., 2024): We tuned the hop counts k ranging from 2 to 16.

• BioBGT (Peng et al., 2025): We tuned the number of transformer heads {2, 4, 8}.

• HyperDrop (Jo et al., 2021): We set the hidden dimension of edges as 16, and randomly
search for the edge drop ratio by increasing the drop ratio from 20% to 80%.

• HyperGT (Liu et al., 2024): We tuned the number of transformer heads {2, 4, 8}, and
coefficient of balancing between classification and hyperedge structure losses {0.1, 0.3,
0.5, 0.7, 0.9}.

• HyBRiD (Qiu et al., 2024): We mainly tuned the key hyper-parameter such as the number
of hyperedges K ∈ {4, 8, 12, 16, 20, 24, 28, 32}.

• DHHNN (Mei et al., 2025): We adjusted the hyperbolic curvature c ∈ {0.01, 0.1, 1} and
the hyperedge construction parameter k ∈ {8, 16, 32, 64, 128}.

For each baseline, the best configuration was selected based on validation performance. For hy-
pergraph methods that are not inherently designed for brain networks (e.g., HGNN, HNHN, and
HyperGT), the incidence matrix is not provided. Accordingly, the brain network hypergraph was
constructed following the approach described in the HGNN paper and subsequently used for our ex-
periments. In contrast, our method naturally learns the hypergraph structure in a data-driven manner,
without relying on predefined construction rules.
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Figure 6: AD classification performance (CN/SMC/EMCI/LMCI/AD) on the ADNI dataset under various
scenarios, especially for combination of two modalities. The results compare our proposed MASHwith repre-
sentative brain network analysis–based methods, highlighting the superior performance of MASH.

Table 9: Left: Demographics of the ABIDE dataset. Right: Classification performance (Control/Autism)
across hypergraph-based methods.

Category Control Autism
# of subjects 534 455

Gender (M / F) 441 / 93 399 / 56
Age (Mean ± Std) 16.89 ± 7.40 16.29 ± 7.58

Method ABIDE
Acc ↑ Pre ↑ Rec ↑ F1s ↑

HGNN 56.5 ± 2.4 56.5 ± 2.1 56.4 ± 2.1 56.2 ± 2.3
HNHN 58.7 ± 0.8 58.5 ± 1.0 58.5 ± 1.1 58.4 ± 1.1
UniGCNII 60.0 ± 1.7 60.3 ± 2.2 59.0 ± 1.8 58.2 ± 2.6
dwHGCN 55.2 ± 1.8 59.7 ± 9.4 53.1 ± 2.4 48.2 ± 7.0
HyperGT 56.5 ± 1.1 60.8 ± 5.5 54.8 ± 2.5 51.1 ± 7.2
HyBRiD 57.3 ± 2.6 60.1 ± 4.2 55.2 ± 3.1 57.5 ± 4.5
MASH (Ours) 63.7 ± 3.6 63.5 ± 3.7 63.3 ± 3.7 63.3 ± 3.7

D ADDITIONAL QUANTITATIVE RESULTS

Effectiveness under Reduced-Modality and Dual-Modality Settings. To further assess effec-
tiveness in multi-modal analysis and evaluate the contribution of each imaging biomarker in the
ADNI dataset, we conducted additional experiments by excluding one modality at a time from the
complete combination of cortical thickness (CT), β-amyloid protein (AMY), Fluorodeoxyglucose
(FDG), and tau protein (TAU). In Table 8, we compared classification performance between our
method and some representative baselines. Across all four reduced-modality settings, MASH con-
sistently outperformed existing baselines in terms of classification performance. Despite the absence
of one modality, our proposed method achieved the highest accuracy, precision, recall, and F1 score
across every scenario, demonstrating its robustness under incomplete input conditions.

Additionally, we designed dual-modality fusion experiments on ADNI, covering six modality pairs,
and the results are reported in Fig. 6. Across all combinations, MASH consistently achieves the best
performance on all evaluations when compared with representative brain-network baselines, i.e.,
BrainGB, SGCN, ALTER and dwHGCN. The gains are notable in Recall and F1-score, reflecting
fewer false negatives while maintaining precision, which is particularly important for clinical screen-
ing. These improvements are attributed to multi-scale wavelet filtering that balances local–global
cues and its data-driven hyperedge construction that models higher-order ROI interactions across
complementary biomarkers. Importantly, the performance advantages are maintained even for bio-
logically synergistic modality pairs (e.g., CT+FDG and AMY+TAU), highlighting that the benefits
stem from the generality of the learned hypergraph structure rather than modality-specific effects.

The ability of MASH to retain high classification performance under varying modality combinations
highlights its practicality in real-world clinical settings. In many clinical environments, it is often
difficult to obtain all imaging biomarkers for every patient due to constraints such as scan time, cost,
or modality-specific availability. In such scenarios, relying on a model that performs well even with
partial input becomes essential for broader deployment and equitable patient care. MASH addresses
this challenge by leveraging its multi-resolution design and data-driven hypergraph construction to

20



1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133

Under review as a conference paper at ICLR 2026

(a) Fine Scale (b) Intermediate Scale (c) Coarse Scale (d)

Figure 7: (a)-(c): Visualization of multi-resolution hypergraph on the ADNI dataset. At each scale, a rep-
resentative hyperedge is shown, where the scale controls the granularity of high-order relations by adaptively
adjusting how many nodes ared included in the hyperedge. (d): The mean and standard deviation of the number
of nodes per hyperedge at each scale, showing that node counts increase as the scale becomes coarser.

extract meaningful patterns from whatever biomarker data are available. Rather than relying on rigid
or predefined connectivity assumptions, the model adaptively learns higher-order relationships that
are robust to missing modalities. This flexibility not only enhances its diagnostic utility but also
aligns well with the variability and imperfection inherent in real-world medical data. Consequently,
MASH provides a generalizable framework for clinical decision support in neurodegenerative dis-
ease analysis, especially where comprehensive imaging protocols are infeasible.

Robustness for Heterogeneous Disease. To assess cross-domain robustness beyond neurodegener-
ative disorders such as AD and PD, we additionally evaluated our framework on an autism cohort.
Autism Brain Imaging Data Exchange (ABIDE) (Heinsfeld et al., 2018) is used for our additional
experiments, and the demographics is written in the left of Table 9. The ABIDE initiative aggregated
functional brain imaging data collected from laboratories around the world to support the research
on Autism Spectrum Disorder (ASD), which has stereotyped behaviors such as irritability, hyperac-
tivity, depression, and anxiety. As in the right of Table 9, the classification results across hypergraph-
based baselines. Our model achieves the best performance on every metric, and UniGCNII records
the second-best accuracy and recall. These results indicate that MASH generalizes across hetero-
geneous brain disorders, spanning neurodegenerative (i.e., AD/PD) and neurodevelopmental (ASD)
conditions, and provides meaningful cross-disease representations.

E ADDITIONAL DISCUSSIONS ON THE LEARNED HYPERGRAPH

Multi-Scale Hyperedge Generation. To clarify the effect of multi-scale optimization on hyper-
graph structure, as shown in Fig. 7, a representative hyperedge is constructed at different scales on
the ADNI dataset. After training, each scale-wise hyperedge represents how the scope of connec-
tivity and node participation in high-order structures change across scales. To visualize of multi-
resolution hyperedge construction as Fig. 7, since each node–hyperedge pair is associated with a
continuous assignment score, we apply a uniform threshold across all scales to discretize these
scores into binary connections, which allows us to characterize connectivity. As the scale increases
from (a) to (c), the number of nodes assigned to the hyperedge grows, indicating that higher scales
capture broader and more global interactions.

Also, (d) summarizes hyperedge size statistics for each scale by aggregating across all hyperedges
and the five folds. We report the mean and standard deviation of the number of nodes per hyperedge,
revealing a clear monotonic increase from the fine to the coarse scale. This upward shift indicates
that larger scales capture broader group-wise interactions, consistent with the qualitative exemples
in from (a) to (c). Therefore, these results highlight the ability of MASH to flexibly capture group-
wise interactions across scales, enabling the construction of expressive and biologically meaningful
high-order structures from brain networks.

Key ROIs via Hyperedge Activations. Understanding the importance of ROIs in brain networks is
essential for AD progression analysis, as these regions play a crucial role in characterizing disease-
related alterations. The aggregated hyperedge activations (i.e., degree) for each ROI serve as an
indicator of its network significance. As shown in Fig. 8, ROIs with high cumulative weights
act as network hubs, facilitating information flow and exhibiting greater sensitivity to pathological
changes in AD. While the main paper highlights the top 10 ROIs, Fig. 8 presents the cumulative
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Figure 8: Visualization of cumulative hyperedge activations on cortical/subcortical regions from ADNI dataset
using all biomarkers. The top three rows represent hyperedge activations at each scale, while the bottom row
shows their mean.

Idx ROI Idx ROI
28 (L) G.Postcentral 102 (R) G.Postcentral
32 (L) G.Subcallosal 106 (R) G.Subcallosal

149 (L) Amygdala 155 (R) Amygdala
150 (L) Caudate 156 (R) Caudate
151 (L) Hippocampus 157 (R) Hippocampus

Idx ROI Idx ROI
5 (L) G&S.Transv.Frontopol 35 (L) G.Temp.Sup.Plan.Polar

10 (L) G.Cingul.Post.Ventral 84 (R) G.Cingul.Post.Ventral
32 (L) G.Subcallosal 106 (R) G.Subcallosal
33 (L) G.Temp.Sup.G.T.Transv 107 (R) G.Temp.Sup.G.T.Transv
66 (L) S.Pericallosal 140 (R) S.Pericallosal

Figure 9: Top: Visualization of the top-10 ROIs associated with additional important hyperedges in the ADNI
studies, based on the sum of node activations for each hyperedge. Node color indicates activation value (i.e.,
weight) per node within the hyperedge. Bottom: Corresponding ROI labels.

hyperedge activations of all ROIs across multiple perspectives, providing a comprehensive view of
their importance. Identifying these key ROIs highlights disease-relevant regions most affected by
neurodegeneration, enhancing both model interpretability and clinical relevance.

Additional Case Studies for Key Hyperedges. To further examine the biological relevance of
the learned hyperedges, we analyzed additional highly activated hyperedges obtained from MASH
trained on the ADNI dataset. The hyperedges with the strongest aggregated activation were selected
for in-depth inspection. As shown in Fig. 9, the two representative hyperedges exhibit coherent spa-
tial patterns: several ROIs repeatedly emerge across different hyperedges (e.g., hippocampus, amyg-
dala, postcentral gyrus, and subcallosal regions), and many appear as symmetric left–right pairs,
reflecting well-known bilateral organization in AD-related atrophy and functional disruption. These
patterns also form anatomically plausible groupings, such as limbic–striatal circuits and cingulo-
parietal pathways, which have been consistently implicated in episodic memory decline, emotional
processing deficits, and large-scale network disintegration in AD.

In addition, the configuration of these hyperedges captures both localized clusters of ROIs and long-
range inter-regional co-activations, indicating that MASH successfully identifies higher-order group
interactions beyond simple pairwise connectivity. Taken together, these case studies demonstrate
that the most salient hyperedges discovered by MASH are not only statistically stable across runs
but also biologically meaningful, aligning with established AD-related neural circuits reported in
prior neuropathological and neuroimaging studies.
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Table 10: Regression comparison between brain network-based methods and MASH to predict AD symptoms.
The evaluation metrics between the predicted and true scores are CDR-SOB, ADAS11, ADAS13 and MMSE
on the ADNI dataset.

Clinical
Measures Methods Metrics

P value ↓ Correlation ↑ RMSE ↓ R Squared ↑

CDR-SOB

BrainGB 4.66e-09 0.4857 0.7799 0.6254
BrainNetTF 1.22e-09 0.5014 0.7900 0.6717
SGCN 2.38e-08 0.4655 0.8000 0.7131
ALTER 7.86e-10 0.5064 0.7947 0.6299
MASH(Ours) 2.76e-09 0.4920 0.7625 0.7204

ADAS11

BrainGB 1.38e-17 0.6597 2.8198 0.7517
BrainNetTF 1.75e-20 0.7004 2.7274 0.4937
SGCN 2.60e-13 0.5853 3.0907 0.8470
ALTER 7.92e-16 0.6315 2.9718 0.4437
MASH(Ours) 1.43e-21 0.7701 2.5205 0.8694

ADAS13

BrainGB 4.99e-19 0.6808 4.5031 0.5418
BrainNetTF 7.29e-20 0.6923 4.3246 0.5197
SGCN 3.82e-15 0.6196 4.7065 0.5936
ALTER 7.53e-18 0.6637 4.5317 0.5219
MASH(Ours) 5.61e-20 0.6340 4.2403 0.6219

MMSE

BrainGB 4.00e-04 0.3059 1.5841 0.5296
BrainNetTF 6.70e-07 0.4196 1.5080 0.5572
SGCN 1.48e-03 0.3266 1.5809 0.6305
ALTER 2.85e-05 0.3582 1.5435 0.3272
MASH(Ours) 8.27e-08 0.4492 1.4953 0.6265

F PREDICTION ABILITY FOR AD CLINICAL SYMPTOMS

We further employed the Lasso linear regression (Tibshirani, 1996) to predict AD-related clinical
symptoms including CDR-SOB, ADAS11, ADAS13, and MMSE (Mohs & Cohen, 1988; O’Bryant
et al., 2008; Delor et al., 2013; Balsis et al., 2015; Lowe et al., 2015; Kueper et al., 2018). This
analysis aims to elucidate the relationship between structural/functional brain alterations and clinical
scores, offering insights into the potential and limitations of imaging-based predictive models in
clinical contexts. To predict each of these clinical measures, we leveraged the cognitive decline
representations of the last layer derived from trained MASH, which is compared with other baselines
for brain analysis. These representations were normalized to a unit interval and subsequently used
to train the regression approach via the 5-fold cross validation.

In Table 10, we reported the performance comparison between brain network-based methods and
MASH. We used various metrics such as Pearson correlation coefficient, p-value, root mean squared
error (RMSE) and R-squared score to evaluate the effectiveness of our trained model in predict-
ing clinical scores compared to other brain-based models. MASH consistently showed improved
performance over other baselines across all metrics, particularly in the R-squared score; exceeding
previous best baseline results by 0.73%p (on CDR-SOB), 2.24%p (on ADAS11) and 2.83%p (on
ADAS13). These high R-squared measures indicate that MASH effectively captures the variance in
the data, enhancing its reliability in predicting various AD-related clinical features accurately. Thus,
the neurodegenerative representations of MASH demonstrated strong predictive performance across
all clinical measures, highlighting their underlying associations with AD symptoms.

G ADDITIONAL ABLATION STUDIES

G.1 STABILITY OF LEARNED HYPEREDGES AND INITIALIZATION ROBUSTNESS

Behavior of Learned Hyperedges. To examine how the learned hyperedges behave under differ-
ent folds and initialization schemes such as Xavier (Glorot & Bengio, 2010) and Kaiming He (He
et al., 2015), we first visualize the optimized incidence matrices in Fig. 10. For a fixed dataset
and training configuration, the hyperedges converge toward a similar underlying structure during
optimization, leading to incidence matrices with comparable activation patterns across initialization
schemes. Reflecting the inherent biological topology of the brain, the multi-scale filtered node fea-
tures Xs present dominant and consistent patterns, which enables the learning process to rapidly
adjust the randomly initialized Φ toward this convergence. Across folds, the model is trained on
different subsets of subjects, and the hyperedges do not have a fixed ordering, so directly matching
individual hyperedge columns across folds is not meaningful. Nevertheless, the overall sparsity and

23



1242
1243
1244
1245
1246
1247
1248
1249
1250
1251
1252
1253
1254
1255
1256
1257
1258
1259
1260
1261
1262
1263
1264
1265
1266
1267
1268
1269
1270
1271
1272
1273
1274
1275
1276
1277
1278
1279
1280
1281
1282
1283
1284
1285
1286
1287
1288
1289
1290
1291
1292
1293
1294
1295

Under review as a conference paper at ICLR 2026

Figure 10: Incidence matrices of learned hyperedges for three initialization schemes of Φ across five folds.
The similar activation patterns across initialization schemes indicate that the learned hypergraph structure is
robust to the choice of initialization.

Figure 11: Aggregated ROI importance over five folds for five weight initialization schemes of the hyperedge
projection Φ. The main peaks and overall patterns remain consistent, indicating that the learned hyperedges
and resulting ROI level importance are robust to both folds and initialization.

Table 11: Classification performance of MASH under five initialization schemes for the hyperedge projection
matrix Φ on the ADNI and PPMI datasets.

Initialization ADNI PPMI
Acc ↑ Pre ↑ Rec ↑ F1s ↑ Acc ↑ Pre ↑ Rec ↑ F1s ↑

Xavier Uniform 92.0± 2.4 93.8± 3.9 92.7± 2.3 92.2± 3.0 73.7± 3.1 63.1± 6.3 58.3± 5.5 60.6± 6.0
Xavier Normal 92.5± 2.1 94.7± 2.0 93.9± 2.5 94.2± 2.5 74.3± 4.5 64.1± 6.8 59.4± 5.4 61.6± 5.9
Kaiming He Uniform 92.2± 3.3 93.2± 5.4 92.5± 5.9 92.8± 5.5 74.2± 4.2 63.1± 5.6 59.3± 5.2 61.1± 5.4
Kaiming He Normal 92.1± 3.3 93.5± 4.6 92.5± 5.9 92.8± 5.5 75.2± 5.7 64.3± 5.5 60.2± 5.2 62.1± 5.3
Standard Normal 93.2 ± 2.4 95.4 ± 1.3 94.2 ± 1.6 94.7 ± 1.5 76.8 ± 3.7 66.6 ± 7.6 60.7 ± 6.0 62.4 ± 6.6

the distribution of active regions remain similar, indicating that the structural behavior of the learned
hypergraph is largely consistent across all folds.

Fig. 10 further shows that these patterns are remarkably stable across both cross-validation folds and
initialization schemes, revealing a similar arrangement of dominant and inactive regions regardless
of how training begins or how the dataset is partitioned. This reproducibility is supported by the
multi-scale wavelet filtering, which produces smoothed node representations whose dominant rela-
tional structure is shaped by the underlying graph geometry. In addition, the subsequent operations,
including the use of ReLU, row-wise SoftMax normalization, and Top-K sparsification, suppress
small perturbations arising from initialization and emphasize persistent node–hyperedge affinities.
Thus, the model consistently recovers similar high-order interaction patterns, reflecting the intrinsic
stability and robustness of the hyperedge learning process against varying initial conditions.

Stability of ROI-wise Importance. For interpretability, the primary criterion is the stability of
ROI-level importance, given that the ROIs are fixed and directly comparable across runs. To exam-
ine this stability, Fig. 11 summarizes ROI importance by aggregating hyperedge activations within
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Table 12: Classification performance of MASH with different combinations of low-pass and band-pass spec-
tral filters on the ADNI and PPMI datasets.

Number of Filters ADNI PPMI
Low pass Band pass Acc ↑ Pre ↑ Rec ↑ F1s ↑ Acc ↑ Pre ↑ Rec ↑ F1s ↑

3 0 92.2± 2.4 94.4± 1.8 91.4± 5.3 92.4± 4.0 69.6± 1.8 62.0± 6.1 50.0± 4.7 55.3± 5.1
0 3 91.5± 1.9 94.6± 0.8 91.3± 3.1 92.6± 1.8 72.9± 3.3 62.3± 8.2 56.8± 4.5 58.4± 5.8
1 2 93.2 ± 2.4 95.4 ± 1.3 94.2 ± 1.6 94.7 ± 1.5 76.8 ± 3.7 66.6 ± 7.6 60.7 ± 6.0 62.4 ± 6.6

Table 13: Comparison of MASH variants with static or dynamic hyperedge structure and hyperedge weights,
including a dwHGCN style weight-only baseline, evaluated on the ADNI dataset. Values in parentheses indicate
performance changes relative to dwHGCN.

Method Hyperedge structure Hyperedge weights ADNI
Acc ↑ Pre ↑ Rec ↑ F1s ↑

dwHGCN Static Dynamic 90.2± 1.3 87.2± 7.1 86.3± 6.8 86.2± 6.4

MASH Static Static 88.0± 2.6 88.7± 3.3 87.9± 4.3 87.9± 3.6
(−2.2) (+1.5) (+1.6) (+1.7)

MASH Static Dynamic 89.1± 2.3 88.1± 3.8 87.4± 4.0 87.3± 3.7
(−1.1) (+0.9) (+0.9) (+0.9)

MASH Dynamic Static 93.2 ± 2.4 95.4 ± 1.3 94.2 ± 1.6 94.7 ± 1.5
(+3.0) (+8.2) (+7.9) (+8.5)

each ROI computed by summing each row of the incidence matrices and averaging over folds for
each intialization scheme. The results in Fig. 11 exhibits highly consistent trends across all five ini-
tialization schemes, with the same ROIs repeatedly forming the dominant peaks. This consistency
demonstrates that, irrespective of the initial values of the hyperedge projection matrix, MASH re-
liably identifies a common set of disease-related ROIs, indicating that the model provides a robust
and meaningful representation of important brain regions.

Effect of Initialization Schemes on Performance. Finally, to evaluate how initialization af-
fects model performance, Table 11 reports results across five standard initialization schemes. In
our framework, Φ is treated as a standard learnable parameter initialized with a zero-mean unit-
variance Gaussian distribution, without imposing additional structural constraints such as sparsity,
non-negativity, or anatomical priors. Its outputs are then passed through ReLU and a row-wise Soft-
max to construct the incidence matrix, which normalizes scale differences arising from initialization
and enables the hypergraph structure to be learned end-to-end from the data. Across all initializa-
tion schemes, the overall performance remains effectively unchanged, and the gains over baseline
methods are consistently preserved. These results indicate that the model is largely insensitive to
the specific choice of initialization, and the performance improvements primarily stem from the
proposed multi-scale hypergraph architecture rather than from parameter initialization.

G.2 SPECTRAL FILTER COMPOSITION AND MULTI-RESOLUTION DESIGN CHOICE

To justify the use of one low-pass and multiple band-pass spectral filters in our multi-scale construc-
tion, we compare alternative filter configurations in Table 12. Conventional graph wavelet theory
(Hammond et al., 2011) motivates this design by emphasizing that global structure should be cap-
tured by a single smoothing (low-pass) component, while finer structural variations require multiple
band-pass components operating at different resolutions. To further verify that this hybrid config-
uration is necessary, we additionally tested two alternative settings: (1) using only low-pass filters
across all scales, and (2) using only band-pass filters. Using only low-pass filters substantially re-
duces performance due to excessive smoothing across scales, whereas using only band-pass filters
removes the global structural anchor needed for stable hyperedge construction. In contrast, the pro-
posed combination of one low-pass and multiple band-pass filters produces the best results on both
ADNI and PPMI datasets, demonstrating that multi-resolution analysis with a balanced mixture of
global and localized spectral responses is essential for effective representation learning in MASH.

G.3 EFFECT OF DYNAMIC HYPERGRAPH STRUCTURE LEARNING

To examine the contribution of dynamic hyperedge structure learning, we evaluated MASH vari-
ants that selectively disable either hyperedge structure updates or hyperedge weights updates, and
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compared them with a dwHGCN (Wang et al., 2023). As shown in Table 13, learning hyperedge
structure dynamically yields the largest performance improvement across all metrics. When both the
hyperedge structure and parameters are kept static, performance drops notably, indicating that fixed
hyperedges cannot capture subject-specific higher-order interactions. Allowing only the hyperedge
parameters to update provides limited gains, suggesting that weight refinement alone is insufficient
without adjusting the underlying node to hyperedge assignments. In contrast, enabling dynamic
structure learning while fixing the hyperedge weights still produces a substantial boost, demon-
strating that adaptively reorganizing ROI groupings is the primary driver of discriminative power.
These results confirm that the core advantage of MASH lies in learning continuous and multi-scale
hyperedge structures, which cannot be achieved by weight updates alone.

H MODEL COMPLEXITY

Table 14 presents a comparison of efficiency across representative hypergraph-based methods. In our
design, the hyperedges for high-order modeling increase parameter counts, and FLOPs are mainly
driven by spectral decomposition in multi-scale filtering. Despite this, MASH achieves a runtime
of 9.98 ms, which is substantially faster than HyperGT (97.06 ms) and still comparable to lighter
baselines such as HGNN and dwHGCN. Although this multi-scale hyperedge modeling raises mem-
ory usage, all methods, including MASH, run smoothly on a single GPU, ensuring reproducibility.
These findings demonstrate that the computational overhead required to capture high-order rela-
tionships does not lead to prohibitive latency or practical limitations. Instead, MASH achieves a
balanced trade-off between structural modeling cost and runtime efficiency, while delivering state-
of-the-art performance and reinforcing its value for real-world neurodegenerative disease analysis.

Table 14: Comparison of efficiency between MASH and representative hypergraph-based methods. Efficiency
is evaluated in terms of the number of parameters, FLOPs, and average inference runtime across 5-folds.

Efficiency Methods
HGNN dwHGCN HyperGT MASH

Params (M) 3.28 3.28 3.29 5.54
FLOPs (G) 0.43 0.43 0.52 0.88

Runtime (ms) 1.84 1.72 97.06 9.98

Formally, the overall complexity consists of three main components in MASH: 1) graph
wavelet transform with O(KN) using Chebyshev approximation, 2) hypergraph convolution with
O(NMd), and 3) multi-head self-attention with O(JN2d), where N denotes the number of nodes,
M is the number of hyperedges, d represents the feature dimension, J is the number of scales, and
K indicates the wavelet order used in the Chebyshev approximation. Importantly, each component
can be efficiently approximated or applied sparsely, thereby maintaining efficiency comparable to
standard GNNs. In our current experiments, MASH is implemented without such approximations
yet already achieves practical efficiency. Thus, future incorporation of approximation techniques is
expected to further enhance its computational efficiency.

I DISCUSSIONS ON OUR WORK

Limitations. Although our method adaptively learns meaningful multi-resolution representations,
the choice of the number of scales J remains a dataset-dependent hyperparameter that may require
empirical tuning for optimal performance. Additionally, the integration of multi-scale filtering and
hypergraph learning leads to increased memory usage and computation compared to conventional
GNNs. However, since wavelet filtering and hypergraph convolutions across scales are performed in
parallel, the overall runtime remains comparable. Furthermore, during inference, the model main-
tains efficiency as scale-wise operations are precomputed and reused. These considerations indicate
that while MASH incurs extra computational overhead, it maintains a balanced trade-off between
representational capacity and practical efficiency, ensuring feasibility for real-world scenarios.

Broader Impact. This work targets a clinically consequential task, stage classification of neurode-
generative disorders, where improved sensitivity and stability directly translate to earlier detection
and better patient stratification for treatment and trials. By identifying hub ROIs and group-wise in-
teractions through learned hyperedges, the framework offers interpretable markers that complement
conventional imaging endpoints and can guide hypothesis generation for network-level pathology.

26



1404
1405
1406
1407
1408
1409
1410
1411
1412
1413
1414
1415
1416
1417
1418
1419
1420
1421
1422
1423
1424
1425
1426
1427
1428
1429
1430
1431
1432
1433
1434
1435
1436
1437
1438
1439
1440
1441
1442
1443
1444
1445
1446
1447
1448
1449
1450
1451
1452
1453
1454
1455
1456
1457

Under review as a conference paper at ICLR 2026

Although MASH introduces additional computation, the scale-wise pre-computation and reuse keep
inference practical, enabling adoption in real-world settings.

High-Order Modeling in Brain Networks. Brain dysfunction in diverse neurodegenerative dis-
orders such as AD and PD arises from coordinated alterations across multiple ROIs, rather than
from isolated pairwise connections. In the brain, complex functions often rely on pathways that
span multiple intermediate synapses, on hub regions that gather and redistribute information, and on
synchrony across spatially distant areas. These are all collective phenomena that cannot be fully ex-
plained by isolated pairwise connections. Pairwise GNNs approximate such effects only indirectly
and often at the cost of oversmoothing. In contrast, hyperedges model multi-ROI dependencies ex-
plicitly, and the proposed wavelet coupling across multiple scales captures how these dependencies
evolve with scale. In this domain, the biological meaning of a hyperedge as a set of jointly altered
ROIs and its scale is well defined and can be validated against known circuits and clinical outcomes.
This makes brain networks a particularly compelling and necessary application area for high order
structure learning, beyond what a generic graph formulation can provide.

LLMs Usage. We employed LLMs to aid in polishing the writing of this manuscript. No part of the
research design, experiments, or analysis was generated by the LLM.
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