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 a b s t r a c t

Brain networks have emerged as a crucial tool for exploring brain organization and aiding in brain disorder clas-
sification. Recent graph neural network (GNN)-based methods have demonstrated strong potential for brain net-
work analysis. However, most of these methods insufficiently model lateralized heterogeneity induced by hemi-
spheric asymmetry. Additionally, traditional message-passing schemes mainly rely on direct neighbors, which re-
stricts their ability to capture high-order synergistic interactions among distant brain regions. To overcome these 
challenges, this paper proposes a Lateralization-Aware Multi-View High-Order Graph Learning (LMHGL) frame-
work for brain disorder classification, which provides a unified scheme to model hemispheric asymmetry, sup-
porting high-order intra-hemispheric interactions and multi-view collaboration at the decision level. Specifically, 
LMHGL introduces an anatomically constrained heat diffusion mechanism to model high-order intra-hemispheric 
interactions. By propagating information along structural connectivity, it captures biologically plausible multi-
hop dependencies and enhances the representation of lateralized brain organization. Furthermore, a multi-view 
collaborative decision mechanism integrates global and hemispheric-specific features, enabling the joint char-
acterization of holistic and lateralized pathological patterns. Extensive experiments on three real-world brain 
disorder datasets demonstrate that LMHGL consistently outperforms state-of-the-art methods, highlighting the 
effectiveness of jointly modeling hemispheric asymmetry and anatomically constrained high-order interactions 
for learning discriminative brain network representations.

1.  Introduction

Recent developments in neuroimaging technologies have greatly en-
hanced our understanding of the brain’s functional and structural orga-
nization. For example, functional magnetic resonance imaging (fMRI) 
reveals functional activity within specific anatomical brain regions 
of interest (ROIs) by measuring blood oxygenation level-dependent 
(BOLD) signals, while diffusion tensor imaging (DTI) illustrates struc-
tural connectivity via white-matter fiber tracts between ROIs. A key in-
strument for integrating these neuroimaging observations is the brain 
network, which represents macroscopic brain organization by map-
ping ROIs as nodes and their connections as edges. Then, graph-
theoretic tools can be applied to these brain networks, allowing for 
the quantification and exploration of the organization and interac-
tions among brain regions (Luo et al., 2024). Consequently, brain net-
works have been extensively used to investigate brain organization and
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characterize neurological and psychiatric disorders (Fang et al., 2025; 
Li et al., 2021; Liu et al., 2024; Wen et al., 2022; Yuan et al., 2024; Zhu 
et al., 2024).

In recent years, graph neural networks (GNNs) (Gilmer et al., 2017; 
Kipf & Welling, 2017; Velickovic et al., 2018) have emerged as a pow-
erful tool for brain network analysis, attributed to their ability to model 
complex relational structures in graph-structured data. Through the 
message-passing mechanism (Gilmer et al., 2017), GNNs iteratively ag-
gregate and transform information from neighboring nodes, enabling 
each ROI to integrate contextual information from its connected regions. 
This has led to successful application in various brain network analysis 
scenarios (Luo et al., 2024), such as static, dynamic, or multi-modal 
settings, offering comprehensive and diverse approaches to understand 
brain networks. Despite these advances, there are still several funda-
mental challenges in effectively modeling the complex organization of 
brain networks.
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Fig. 1. (a) High-order synergistic interactions among distant brain regions 
beyond direct connections. (b) Functional hemispheric asymmetry in the 
human brain. (c) Differences in connection strengths for left-, right-, and 
cross-hemispheric (L, R, and C) edges, estimated from DTI-derived fractional 
anisotropy (FA) and observed in our experimental datasets.

A fundamental limitation of existing GNN-based methods lies in their 
reliance on localized message passing, which primarily aggregates infor-
mation from direct neighbors, thereby restricting their ability to capture 
high-order synergistic interactions among distant brain regions. Such in-
teractions reflect long-range dependencies among ROIs that are not di-
rectly connected, but exhibit coordinated functional behavior (Yu et al., 
2024), as illustrated in Fig. 1(a). To address this issue, numerous stud-
ies have investigated hypergraph-based formulations (Han et al., 2026; 
Hao et al., 2024; Yuan et al., 2024), in which groups of ROIs are orga-
nized into hyperedges to approximate high-order interactions. However, 
these hyperedges are typically derived from pairwise correlations, caus-
ing the resulting representations to remain largely dependent on low-
order statistics. Alternatively, attention-based models (Kan et al., 2022; 
Pei et al., 2025; Xue et al., 2025b,b; Yu et al., 2024) attempt to cap-
ture long-range dependencies by dynamically weighting distant nodes, 
yet such data-driven mechanisms often lack anatomical constraints and 
may lead to biologically implausible interactions. Therefore, develop-
ing a principled approach for modeling high-order interactions is still 
an open problem in brain network analysis.

In addition, another important challenge stems from the insuffi-
cient and unstructured modeling of lateralized heterogeneity in brain 
networks. In neuroscience, hemispheric asymmetry indicates system-
atic functional and structural differences between the two hemispheres 
(Toga & Thompson, 2003; Wu et al., 2022). Functionally, language 
and logical reasoning are mainly left-lateralized (Thiebaut de Schot-
ten et al., 2011), while spatial and affective processing are usu-
ally right-lateralized (Fernández-Carriba et al., 2002), as depicted in 
Fig. 1(b). Structurally, hemispheric asymmetry is reflected in differ-
ences in gray matter volume and white matter connectivity. Our quan-
titative analysis based on DTI in Fig. 1(c) further demonstrates that 
intra-hemispheric connections exhibit relatively consistent strengths, 
while inter-hemispheric connections display greater variability across 
datasets, indicating intrinsic topological heterogeneity induced by hemi-
spheric asymmetry. Despite these observations, most existing GNN-
based methods propagate information uniformly across the entire graph, 
overlooking such biologically meaningful asymmetries. including static 
(Han et al., 2026; Wen et al., 2022; Yuan et al., 2024), dynamic (Fang 
et al., 2025; Liu et al., 2024), and multi-modal frameworks (Hemker 
et al., 2024; Jiang et al., 2025; Lee et al., 2024), which typically operate 
on whole-brain representations without incorporating lateralized priors. 
More recently, hemispheric-aware modeling strategies (Gu et al., 2024; 
Shi et al., 2025; Ye et al., 2025) have been developed to model later-
alization by separate hemispheric components. However, they remain 
limited in two aspects: First, the key intra-hemispheric modeling still 
relies on standard message passing, overlooking the high-order interac-
tions among brain regions; Second, hemispheric representations are typ-
ically collapsed into a unified global embedding for downstream tasks, 
thereby weakening their independence and limiting the exploitation of 
hemispheric-specific inductive biases. 

To address the above challenges, we propose LMHGL, a 
Lateralization-Aware Multi-view High-Order Graph Learning frame-
work for brain disorder classification. The key idea is to model 
hemispheric asymmetry within a unified framework that captures 

high-order intra-hemispheric interactions while enabling decision-level 
multi-view collaboration by leveraging complementary information and 
lateralized pathological patterns. To this end, a Tripartite Network De-
construction Strategy (TNDS) is first introduced, based on hemispheric 
asymmetry, to partition each brain network into left-, right-, and 
cross-hemispheric subnetworks as separate views, thereby providing a 
structural basis for lateralization-aware modeling. These subnetworks 
are then processed by a Multi-View Heat-Assisted Graph Convolutional 
Network (MHGCN) to learn subnetwork-specific embeddings and a 
global brain representation by adaptively multi-view fusion. Within 
this module, an anatomically constrained heat diffusion is selectively 
applied to left/right-hemispheric subnetworks to model high-order 
interactions via multi-hop information propagation along structural 
connectivity, while the cross-hemispheric subnetwork preserves direct 
inter-hemispheric coupling patterns. Furthermore, a Multi-View 
Decision Mechanism (MVDM) is designed to jointly incorporate global 
and hemispheric-specific representations at the decision level, enabling 
the model to leverage complementary multi-view information and 
lateralized pathological patterns for refined prediction. Extensive exper-
iments on three public real-world brain disorder datasets demonstrate 
the effectiveness of the proposed LMHGL framework, highlighting 
its superiority in modeling hemispheric asymmetry and anatomically 
constrained high-order interactions for learning discriminative brain 
network representations.

The main contributions of this work are threefold:

1. We propose LMHGL, a unified framework to model hemispheric 
asymmetry. It captures high-order intra-hemispheric interactions 
and enables decision-level multi-view collaboration to leverage com-
plementary and lateralized pathological patterns.

2. We introduce an anatomically constrained heat diffusion to model 
high-order interactions. It propagates information along structural 
connectivity, enabling the modeling of biologically plausible multi-
hop dependencies.

3. Extensive experiments on three real-world datasets demonstrate the 
effectiveness of LMHGL. The results further show its superiority in 
modeling hemispheric asymmetry and high-order interactions.

The rest of this paper is organized as follows. Section 2 reviews re-
lated work, Section 3 outlines the proposed methodology, Section 4 de-
tails the experimental setup, Section 5 reports and discusses the results 
on the real-world data, Section 6 discusses the limitations and future 
research directions, and Section 7 concludes the paper.

2.  Related work

2.1.  GNN-based brain network

In recent years, GNNs have emerged as a promising tool for brain net-
work analysis, attributed to their ability to capture complex relational 
patterns in graph-structured data. Current methods can be broadly cat-
egorized into three types: static, dynamic, and multi-modal. Static mod-
els usually operate on whole-brain networks in specific states and learn 
subject-level features using graph convolutional encoders. Representa-
tive studies such as Li et al. (2021), Qiu et al. (2024), Thapaliya et al. 
(2025), Yuan et al. (2024) adhere to this paradigm by constructing a sin-
gle connectivity graph per subject and conducting graph-level inference 
for disease classification. Dynamic models focus on capturing tempo-
ral variations in connectivity by constructing time-resolved graphs over 
sliding windows. For instance, Fang et al. (2025) presented an inter-
pretable spatio-temporal GNN that exploits information-bottleneck con-
straints to extract task-relevant dynamics, while Liu et al. (2024) de-
veloped a spatio-temporal multi-hypergraph framework to model tran-
sient connectivity states. Multi-modal models aim to integrate com-
plementary information from multiple imaging modalities by learn-
ing modality-specific representations. For example, HEALNet (Hemker 
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et al., 2024) extracts heterogeneous features from each modality us-
ing dedicated encoders, while several dual-branch architectures (Jiang 
et al., 2025; Lee et al., 2024) jointly model fMRI-based functional graphs 
and DTI-derived structural graphs, allowing the network to exploit cross-
modality complementarities. Nevertheless, these methods often treat the 
brain as a homogeneous graph and overlook the intrinsic lateralized het-
erogeneity induced by hemispheric asymmetry, which may constrain 
their ability to learn disorder-related pathological patterns.

2.2.  Hemispheric asymmetry in brain networks

Hemispheric asymmetry refers to the structural and functional dif-
ferences influenced by evolutionary, experiential, and pathological fac-
tors (Toga & Thompson, 2003). These asymmetry patterns are dynamic 
and exhibit characteristic disruptions in neuropsychiatric disorders. For 
instance, Alzheimer’s disease typically presents a left-dominant vulner-
ability, with pathological progression predominantly affecting the left 
hemisphere (Ye et al., 2025). Schizophrenia involves right-lateralized 
disruptions in network efficiency, while autism spectrum disorder ex-
hibits atypical lateralization, such as right-shifted or attenuated lan-
guage asymmetry (Sun et al., 2017). Such deviations provide critical 
insights into their pathophysiology.  Drawing on this, recent methods 
(Gu et al., 2024; Shi et al., 2025; Ye et al., 2025) have begun to de-
velop hemispheric-aware modeling strategies. For example, LG-DBGL 
learns separate representations for hemispheric subnetworks and dy-
namically fuses them into a global representation for Alzheimer’s dis-
ease identification. HeBrainGNN (Shi et al., 2025) aligns inter- and 
intra-hemispheric representations to enhance structural encoding. FC-
HGNN (Gu et al., 2024) first encodes intra- and inter-hemispheric con-
nections to learn individual-level embedding, and then constructs a het-
erogeneous population graph to improve mental disorder identification. 
Nevertheless, these methods remain limited in fully exploiting lateral-
ized information. First, intra-hemispheric modeling is limited by stan-
dard message-passing, overlooking the high-order interactions among 
distributed brain regions. Second, hemispheric representations are typ-
ically collapsed into a unified global embedding for the downstream 
task, limiting the effective utilization of hemispheric-specific pathologi-
cal patterns. In contrast, our approach addresses these limitations within 
a unified framework by modeling intra-hemispheric high-order synergis-
tic interactions and preserving hemispheric-specific representations for 
decision-level collaboration. 

2.3.  High-order modeling in brain networks

High-order interactions in brain networks reflect complex, indirect 
dependencies among brain regions beyond direct pairwise connections. 
Modeling such interactions is crucial for capturing long-range, coordi-
nated neural activity and understanding distributed brain functions.  Ex-
isting approaches for high-order modeling can be broadly categorized 
into two paradigms: hypergraph-based and attention-based methods. 
Hypergraph-based methods model high-order interactions by construct-
ing hyperedges that connect multiple nodes. For example, MHSA (Yuan 
et al., 2024) builds hyperedges based on top-k strongest connections 
derived from spatio-temporal fused fMRI features. WHGCN (Hao et al., 
2024) constructs K-nearest neighbor hypergraphs from sMRI data to 
capture inter-subject relationships over time. HGST (Han et al., 2026) 
leverages sparse representation to identify relevant regions and em-
ploys self-supervised learning to extract high-order features. However, 
these methods typically construct hyperedges based on pairwise corre-
lations or heuristic strategies, resulting in representations that are still 
fundamentally derived from low-order statistics and lack a principled 
mechanism to capture genuine multi-hop dependencies. Furthermore, 
attention-based methods offer an alternative by modeling long-range 
dependencies through learnable attention weights. For instance, Brain-
NetTF (Kan et al., 2022) applies multi-head self-attention over ROI con-
nectivity features, while subsequent works such as ALTER (Yu et al., 

2024), LHDFormer (Xue et al., 2025b), and CAGT (Pei et al., 2025) fur-
ther incorporate random walk sampling, temporal modeling, or multi-
scale feature fusion to enhance long-range interaction modeling. Nev-
ertheless, these approaches are largely data-driven and lack explicit 
anatomical constraints, which may lead to spurious or biologically im-
plausible interactions. In contrast, high-order interactions in our meth-
ods are modeled by heat diffusion over the structural connectome, en-
abling principled multi-hop information propagation while preserving 
biological plausibility. 

3.  Methodology

3.1.  Overview

In this section, we present the proposed LMHGL framework for 
brain disorder classification. An overview of the framework is illus-
trated in Fig. 2, which consists of three components. First, a Tripar-
tite Network Deconstruction Strategy (TNDS) decomposes the brain 
network into hemispheric subnetworks, which establishes a structural 
basis for lateralization-aware modeling. Second, a Multi-View Heat-
Assisted Graph Convolutional Network (MHGCN) learns subnetwork-
specific representations and integrates them into a global brain rep-
resentation, where anatomically constrained heat diffusion is used to 
model high-order intra-hemispheric interactions. Third, a Multi-View 
Decision Mechanism (MVDM) jointly leverages subnetwork-specific and 
global representations at the decision level to enable collaborative pre-
diction.

Notably, LMHGL differs from existing methods in both multi-view 
and diffusion-based modeling. Firstly, most multi-view methods con-
struct views based on multi-modal (Hemker et al., 2024; Jiang et al., 
2025; Lee et al., 2024) or temporal dynamic information (Fang et al., 
2025; Liu et al., 2024), and perform fusion at the feature level. Our 
multi-view setting originates from the subnetwork views based on the 
hemispheric anatomical structure constructed by TNDS. These subnet-
works describe potential lateralized pathological patterns and are di-
rectly involved in decision-making through MVDM, enabling the effec-
tive utilization of hemisphere-specific abnormalities. Secondly, existing 
methods (Sim et al., 2024; Yu et al., 2024) that use heat diffusion or 
related mechanisms often perform data-driven propagation over entire 
brain network. Such designs lack anatomical constraints and may lead 
to excessive cross-hemispheric smoothing, thereby weakening inherent 
lateralized characteristics. In contrast, the heat diffusion in MHGCN 
is anatomically guided, modeling multi-hop information propagation 
along structural connectivity. By treating each hemisphere as a func-
tionally coherent unit, the diffusion process is primarily confined within 
hemispheres, effectively preserving lateralized patterns.

In summary, LMHGL constitutes a unified modeling framework tai-
lored to lateralized brain networks, based on anatomically grounded 
subnetwork construction, which supports constrained high-order inter-
action modeling and decision-level exploitation of hemispheric-specific 
patterns. 

3.2.  Preliminary

Subject-specific brain networks are constructed by integrating 
resting-state fMRI and DTI data under a standardized AAL atlas 
(Tzourio-Mazoyer et al., 2002). Each brain network is modeled as a 
weighted graph 𝐺 = (𝑉 ,𝐸), where 𝑉 = {𝑣𝑖}𝑁𝑖=1 denotes the set of 𝑁
nodes corresponding to anatomical brain ROIs, and 𝐸 = {𝑒𝑖,𝑗 ∣ 𝑖, 𝑗 ∈ 𝑉 }
denotes the set of edges capturing the structural connections derived by 
DTI. Each node 𝑣𝑖 ∈ 𝑉  is linked to a feature vector 𝑋𝑖 ∈ ℝ𝑇  derived from 
the BOLD time series of the corresponding ROI, forming the node feature 
matrix 𝑋 ∈ ℝ𝑁×𝑇  with a length of 𝑇  time points. Additionally, struc-
tural connectivity is represented by the adjacency matrix 𝐴𝑠 ∈ ℝ𝑁×𝑁 , 
where 𝐴𝑠

𝑖𝑗 ∈ [0, 1] indicates the normalized Fractional Anisotropy (FA) 
value of the white-matter tract connecting ROIs 𝑣𝑖 and 𝑣𝑗 . A greater FA 
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Fig. 2. Overview of the proposed LMHGL framework. (a) Tripartite network decomposition Strategy (TNDS) partitions each subject’s brain network 𝐺 into left-
hemispheric (𝐺𝐿), right-hemispheric (𝐺𝑅), and cross-hemispheric (𝐺𝐶 ) subnetworks. (b) Multi-view heat-assisted graph convolutional network (MHGCN) encodes 
the 𝐺𝐿 and 𝐺𝑅 via a heat-assisted hemispherical encoder and the 𝐺𝐶 via a cross-hemispherical encoder to generate view-specific embedding 𝑍𝐿, 𝑍𝑅 and 𝑍𝐶 , 
respectively, followed by multi-view attention fusion to produce a global brain representation 𝑍𝐺. (c) Multi-view decision mechanism (MVDM) decorrelates 𝑍𝐿 and 
𝑍𝑅 from 𝑍𝐺 to obtain 𝑍𝐿, 𝑍𝑅, and 𝑍𝐺, and then adaptively weights their respective predictions 𝑝𝐿, 𝑝𝑅, and 𝑝𝐺 using gating weights 𝑔𝐿, 𝑔𝑅, and 𝑔𝐺 to obtain the final 
class probability 𝑦̂.

value indicates stronger directional diffusion along fiber tracts, indicat-
ing more reliable structural connectivity. Thus, each brain network can 
be compactly denoted as 𝐺 = (𝑋,𝐴𝑠), offering a unified representation 
of both functional activity and anatomical connectivity for subsequent 
graph-based modeling.

3.3.  Tripartite network deconstruction strategy

The brain displays pronounced hemispheric asymmetry, character-
ized by lateralized functional specialization and distinct intra- and inter-
hemispheric connectivity patterns, as shown in Fig. 1(b)-(c). To disen-
tangle these heterogeneous structures, we build upon the strategies de-
scribed in Gu et al. (2024), Ye et al. (2025) and formulate this idea as 
TNDS, which partitions each brain network 𝐺 into three anatomically 
grounded and complementary subnetwork views: left-hemispheric 𝐺𝐿, 
right-hemispheric 𝐺𝑅, and cross-hemispheric 𝐺𝐶 .

Specifically, in line with the AAL atlas convention, ROIs are indexed 
such that even-numbered nodes correspond to the left hemisphere while 
odd-numbered nodes correspond to the right. Thus, the node set 𝑉 =
{𝑣𝑖}𝑁𝑖=1 can be split into two disjoint hemispheric subsets:

ℎ =

{

{

𝑣2𝑘 ∣ 𝑘 = 1,… , 𝑁∕2
}

, if ℎ = 𝐿,
{

𝑣2𝑘−1 ∣ 𝑘 = 1,… , 𝑁∕2
}

, if ℎ = 𝑅,
(1)

with 𝑉𝐿 ∩ 𝑉𝑅 = ∅ and 𝑉𝐿 ∪ 𝑉𝑅 = 𝑉 . For each hemisphere ℎ ∈ {𝐿,𝑅}, an 
intra-hemispheric subnetwork view 𝐺ℎ = (𝑋ℎ, 𝐴𝑠

ℎ) is constructed by ex-
tracting the corresponding node features and structural connections. An 
index mapping 𝜙ℎ(𝑘) = 2𝑘 − 𝛿ℎ is used with 𝛿𝐿 = 0 and 𝛿𝑅 = 1, such that:

𝐴𝑠
ℎ[𝑘, 𝑙] = 𝐴𝑠[𝜙ℎ(𝑘), 𝜙ℎ(𝑙)

]

, 𝑋ℎ[𝑘, ∶] = 𝑋
[

𝜙ℎ(𝑘), ∶
]

. (2)

To model inter-hemispheric coupling, a cross-hemispheric subnet-
work view 𝐺𝐶 = (𝑋𝐶 , 𝐴𝑠

𝐶 ) is further constructed over the full node set, 
where the adjacency matrix 𝐴𝑠

𝐶 includes only cross-hemispheric struc-

tural connections:

𝐴𝑠
𝐶 [𝑖, 𝑗] =

{

𝐴𝑠[𝑖, 𝑗], if 𝑖 ∈ 𝑉𝐿, 𝑗 ∈ 𝑉𝑅 or 𝑖 ∈ 𝑉𝑅, 𝑗 ∈ 𝑉𝐿,
0, otherwise,

(3)

and node feature matrix 𝑋𝐶 ∈ ℝ𝑁×𝑇  is defined as:

𝑋𝐶 [𝑖, ∶] =

{

𝑋[𝑖, ∶],  if ∑𝑗 𝐴
𝑠
𝐶 [𝑖, 𝑗] > 0,

0, otherwise,
(4)

where zero padding is used to maintain consistent node alignment across 
views.

Through this decomposition, TNDS provides a structured basis for 
subsequent multi-view modeling of lateralized brain networks. Notably, 
this tripartite decomposition incurs negligible computational overhead, 
as it only involves simple slicing operations, and each resulting subnet-
work is defined on a smaller or sparser connectivity structure.

3.4.  Multi-view heat-assisted graph convolutional network

This subsection focuses on learning embedding from the subnetwork 
views 𝐺𝐿, 𝐺𝑅, and 𝐺𝐶 , each capturing distinct functional roles in the 
brain. Specifically, the heat-assisted hemispheric encoder is applied to 
𝐺𝐿 and 𝐺𝑅 to model intra-hemispheric high-order interactions, while a 
cross-hemispheric encoder captures inter-hemispheric coupling patterns 
from 𝐺𝐶 . The resulting view-specific embeddings are further integrated 
into a global brain representation via a multi-view attention fusion mod-
ule.
Heat-Assisted Hemispheric Encoder.   Modeling high-order inter-
actions in brain networks is essential yet challenging, as conventional 
GNNs are inherently limited to localized message passing along direct 
edges. Existing high-order approaches, such as hypergraph-based and 
attention-based methods, either rely on constructions derived from low-
order statistics or introduce unconstrained long-range interactions that 
may lack biological plausibility (see Section 2.3). To address these limi-
tations, we model high-order interactions via anatomically constrained 
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heat diffusion over the structural connectome, thereby capturing contin-
uous multi-hop dependencies consistent with potential anatomical struc-
tures. Moreover, prior neuroimaging studies (Abdelnour et al., 2014) 
have shown that diffusion processes over structural connectivity can 
approximate functional coupling patterns, offering biological support 
for this design. Consistent with hemispheric specialization, the diffusion 
process is applied separately within each hemisphere.

Formally, for each hemisphere ℎ ∈ {𝐿,𝑅}, let 𝐺ℎ = (𝑋ℎ, 𝐴𝑠
ℎ) be the 

corresponding subnetwork. The diffusion is defined on the normalized 
graph Laplacian ̂ℎ = 𝐼𝑛 −𝐷−1∕2

ℎ 𝐴𝑠
ℎ𝐷

−1∕2
ℎ , where (𝐷ℎ)𝑖,𝑖 =

∑

𝑗 (𝐴ℎ)𝑖,𝑗 is 
the degree matrix. Mathematically, the heat kernel is governed by:

𝑃ℎ = 𝑒−𝑡̂ℎ =
∞
∑

𝑘=0

(−𝑡)𝑘

𝑘!
̂𝑘
ℎ, (5)

where 𝑡 ∈ ℝ+ controls the diffusion scale. Each term ̂𝑘
ℎ aggregates infor-

mation from 𝑘-hop neighbors, thus encoding high-order dependencies, 
while the exponential weighting (−𝑡)𝑘𝑘!  diminishes the influence of dis-
tant nodes to preserve that local geometric structure (Kondor, 2002). 
Compared with hypergraph and attention-based methods, the proposed 
formulation defines high-order interactions directly through the graph 
Laplacian and constrains information propagation along structural con-
nectivity (as encoded in 𝐴𝑠

ℎ), resulting in a principled and anatomically 
grounded representation.

Then, the diffused graph 𝐺ℎ = (𝑋ℎ, 𝑃ℎ) is utilized to guide message 
propagation in an intra-inter GCN architecture inspired by Chen et al. 
(2020), Xu et al. (2018), which aims to reduce over-smoothing and sta-
bilize deep graph representations. The intra-layer propagation at the 𝑙th 
layer is defined as:
𝐻 (𝑙)

ℎ = ReLU((1 − 𝛼)𝑃ℎ𝐻
(𝑙−1)
ℎ + 𝛼𝑋ℎ) + 𝛽𝐻 (𝑙−1)

ℎ , (6)

where 𝐻 (𝑙)
ℎ  refers to the node embedding matrix, and 𝛼, 𝛽 ∈ [0, 1] control 

the retention of initial node features and the strength of residual connec-
tions, respectively. To capture hierarchical representations across vary-
ing propagation depths, the outputs of all layers are aggregated through 
inter-layer fusion:
𝑍ℎ = Mean(Linear

([

𝐻 (1)
ℎ |⋯ |𝐻 (𝐿)

ℎ

])

, (7)

where [⋅|⋅] indicates feature concatenation, Linear(⋅) denotes a learnable 
linear projection, and Mean(⋅) signifies average pooling across nodes.
Cross-Hemispherical Encoder.   The cross-hemispheric subnetwork 
𝐺𝐶 = (𝑋𝐶 , 𝐴𝑠

𝐶 ) captures only inter-hemispheric structural connections 
and thus primarily captures direct coupling patterns between the two 
hemispheres. Since such interactions are direct connections and do not 
necessitate further high-order modeling, we adopt the Graph Isomor-
phism Network (GIN) (Xu et al., 2019) as the backbone encoder, lever-
aging its strong expressive capability for characterizing local structures. 
The update rule at the 𝑙th layer is expressed as:
𝐻 (𝑙)

𝐶 = 𝜎((𝜖(𝑙) ⋅ 𝐼𝑛 + 𝐴𝑠
𝐶 )𝐻

(𝑙−1)
𝐶 𝑊 (𝑙)

𝐶 ), (8)

where 𝐻 (0)
𝐶 = 𝑋𝐶 , 𝜖(𝑙) ∈ ℝ+ is a learnable scalar for balancing self-

information and neighborhood aggregation, 𝑊 (𝑙)
𝐶 ∈ ℝ𝑑𝑙−1×𝑑𝑙  is a train-

able weight matrix, and 𝐴̂𝑠
𝐶 = 𝐼𝑛 −𝐷−1∕2

𝐶 𝐴𝑠
𝐶𝐷

−1∕2
𝐶  is the normalized 

adjacency matrix. After 𝐿 layers of propagation, the final cross-
hemispheric representation is expressed through mean pooling:
𝑍𝐶 = Mean(𝐻 (𝐿)

𝐶 ). (9)

Multi-View Attention Fusion.  Given the hemispheric-specific em-
beddings {𝑍𝑘}𝑘∈ with  = {𝐿,𝑅, 𝐶}, we construct a global brain rep-
resentation by adaptively aggregating embeddings across subnetworks. 
Specifically, we design a lightweight attention-based fusion strategy that 
assigns importance scores based on the overall activation strength of 
each norm-embedding. For each 𝑘 ∈ , the attention score 𝑎𝑘 ∈ ℝ+ is 
computed as:
𝑎𝑘 = 1

√

𝑑
MLP(||𝑍𝑘||2), (10)

where ‖𝑍𝑘‖2 denotes the 𝐿2 norm of the embedding, the multi-layer per-
ceptron MLP(⋅) maps scalar norm to a learnable attention score, and the 
factor 1∕

√

𝑑 stabilizes gradient scaling. This design is motivated by two 
considerations. First, the 𝐿2 norm of the embedding provides a compact 
proxy for its overall activation strength, which correlates with its in-
formation content and discriminative capacity. Second, the lightweight 
MLP module avoids introducing excessive parameters, thereby reducing 
the risk of overfitting in limited-sample clinical settings.

Subsequently, these attention coefficients are normalized to make 
their sum equal one, allowing for a probabilistic interpretation of each 
view’s contribution:

𝛽𝑘 =
exp

(

𝑎𝑘
)

∑

𝑘∈ exp
(

𝑎𝑘
) . (11)

Finally, the global brain representation 𝑍𝐺 is derived as a weighted 
summation of each hemispheric-specific embedding:
𝑍𝐺 =

∑

𝑘∈
𝛽𝑘𝑍𝑘. (12)

3.5.  Multi-view decision mechanism

After the encoding process outlined previously, subnetwork embed-
dings 𝑍𝐿, 𝑍𝑅, and 𝑍𝐶 , as well as the global brain network representation 
𝑍𝐺 are obtained. It is noteworthy that 𝑍𝐶 is not used as an indepen-
dent decision input because its information has already been explicitly 
incorporated into 𝑍𝐺 via the multi-view attention fusion. Conversely, 
𝑍𝐿 and 𝑍𝑅 are preserved, as they may retain hemispheric-specific and 
lateralization-related disease patterns that could be diminished in the 
global representation. In this stage, collaborative decision-making is per-
formed by jointly exploiting 𝑍𝐿, 𝑍𝑅, and 𝑍𝐺. Nevertheless, since these 
representations share overlapping information, directly combining their 
predictions could lead to redundancy and obscure respective contribu-
tions. Consequently, this paper first applies a decorrelation preprocess-
ing step filtering that suppresses global information in 𝑍𝐿 and 𝑍𝑅 shared 
with 𝑍𝐺, to promote respective representational independence:
𝑍𝐿 = 𝑍𝐿 − 𝛾 ⋅𝑍𝐺 , (13)

𝑍𝑅 = 𝑍𝑅 − 𝛾 ⋅𝑍𝐺 , (14)

𝑍𝐺 = 𝜂 ⋅𝑍𝐺 , (15)

where 𝛾, 𝜂 ∈ (0, 1) are scaling factors that determine the degree of global 
information suppression and the emphasis on global features, respec-
tively. This operation enables 𝑍𝐿 and 𝑍𝑅 to focus on lateralized patterns 
that are not fully captured by the global representation while maintain-
ing a scaled global embedding for holistic decision-making. Then, each 
decorrelated embedding is fed into a shared MLP followed by a Softmax 
layer to generate the corresponding class probability distribution:
𝑝𝑘′ = sof tmax(MLP(𝑍𝑘′ )), 𝑘′ ∈ {𝐿,𝑅,𝐺}. (16)

These prediction results provide diagnostic insights from different 
perspectives. To facilitate collaborative decision-making, they are fed 
into a gating network to learn the relative contributions of each predic-
tion. Specifically, the gating vector 𝑔 ∈ ℝ3 is derived from the global 
representation 𝑍𝐺:

𝑔 = sof tmax(Tanh(𝑊2 ⋅ ReLU(𝑊1 ⋅𝑍𝐺))∕𝜏), (17)

where 𝑊1 and 𝑊2 are learnable projection matrices, and 𝜏 is a temper-
ature parameter that controls the sharpness of the gating distribution. 
The final prediction 𝑦̂ is obtained by applying the gated vector weighted 
class probability:
𝑦̂ =

∑

𝑘′∈{𝐿,𝑅,𝐺}
𝑔𝑘′ ⋅ 𝑝𝑘′ . (18)

Finally, 𝑦̂ is assessed against the ground-truth label 𝑦 using cross-
entropy loss for end-to-end training.
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Table 1 
Demographic and clinical characteristics of subjects.
    Dataset  Group  Number  Gender  Age (Mean/Std) 
  Male  Female  
  ADNI  Normal Control  115  85  30  88/5.1  
  Mild Cognitive Impairment  51  33  18  72.5/16.5  
  PPMI  Normal Control  98  67  31  62/10  
  Parkinson  48  35  13  64/11  
  PSCI  Normal Control  28  16  12  76/6.1  
  Stroke  20  15  5  77/5.3  

4.  Experiments

4.1.  Materials

Data Acquisition.   Our model is evaluated on three datasets, includ-
ing two publicly available cohorts and one private clinical collection. 
Each dataset contains paired resting-state fMRI and DTI scans, detailed 
as follows. (1) The Alzheimer’s Disease Neuroimaging Initiative (ADNI) 
dataset includes 166 subjects, comprising 115 normal controls (NCs) 
and 51 individuals diagnosed with mild cognitive impairment (MCI). (2) 
The Parkinson’s Progression Markers Initiative (PPMI) dataset consists 
of 146 subjects, including 98 NCs and 48 patients with Parkinson’s dis-
ease (PD). (3) The post-stroke cognitive impairment (PSCI) dataset was 
constructed in-house at the Department of Neuroradiology, Inner Mon-
golia People’s Hospital, and includes 48 subjects, consisting of 28 NCs 
and 20 clinically diagnosed stroke disease (SD). All imaging data were 
parcellated using the AAL atlas, which delineates 116 ROIs: 90 cerebral 
and 26 cerebellar regions. For the ADNI and PSCI datasets, only the 90 
cerebral ROIs were retained to reduce potential noise from cerebellar 
signals. All 116 ROIs were preserved for PPMI, as cerebellar involve-
ment may contribute to Parkinsonian motor and non-motor manifesta-
tions. Comprehensive demographic and clinical details, including gen-
der distribution and deviation age (mean/standard), are summarized in 
Table 1.
Data Preprocessing.   All rs-fMRI data were preprocessed via the Con-
figurable Pipeline for the Analysis of Connectomes (C-PAC) pipeline 
(Craddock et al., 2013), which involved the removal of the first 10 vol-
umes, slice-timing and motion correction, spatial normalization, nui-
sance regression with motion parameters, band-pass filtering (0.01-
0.1 Hz), and extraction of ROI-level BOLD time series in accordance 
with the AAL atlas. The DTI data were preprocessed using the PANDA 
toolbox (Cui et al., 2013), including skull stripping, motion and eddy 
current correction, registration to T1-weighted MRI, and deterministic 
fiber tracking with angular (45°) and FA thresholds. Then, structural 
connectivity matrices were constructed by calculating the mean FA val-
ues of streamlines connecting each pair of AAL ROIs.

4.2.  Competitive methods

To evaluate the effectiveness of our method, it is compared with 
three categories of representative baselines: general-purpose GNNs, 
brain network learning models, and high-order modeling methods. The 
first category includes GCN (Kipf & Welling, 2017), GAT (Velickovic 
et al., 2018), GCNII (Chen et al., 2020), GCNH (Cavallo et al., 2023), 
and CAGNN (Chen et al., 2023). Although initially designed for general 
graph learning tasks, these models have become essential components 
of various brain network analysis pipelines owing to their strong ex-
pressive power. The second category consists of models explicitly tai-
lored for brain network analysis, including BGAN (Zhou et al., 2024), 
XG-GNN (Qiu et al., 2024), Cross-GNN (Yang et al., 2024), and OT-
MCSTGCN (Zhu et al., 2024), as well as hemispheric-aware methods 
such as LG-DBGL (Ye et al., 2025) and HeBrainGNN (Shi et al., 2025). 
The third category focuses on modeling high-order interactions in brain 
networks, including MHSA (Yuan et al., 2024), CAGT (Pei et al., 2025), 

HGST (Han et al., 2026), ALTER (Yu et al., 2024), LHDFormer (Xue 
et al., 2025b), and DHGFormer (Xue et al., 2025b). These methods lever-
age hypergraph structures or attention mechanisms to capture complex 
interactions beyond local neighborhoods.

4.3.  Experimental setup

In the experiments, the model was trained using the Adam opti-
mizer with the following common hyperparameter settings: learning 
rate of 1e-3, dropout rate of 0.6, weight decay of 1e-4, 64 hidden units, 
and 1000 epochs with patience 50. For specific parameters within the 
MHGCN module, the diffusion time 𝑡 was selected through a grid search 
over [0.5, 10] with step size 0.5, the heat-kernel matrix below 0.0001 
in 𝑒−𝑡̂ was truncated, the residual propagation coefficients were fixed 
as 𝛼 = 0.1 and 𝛽 = 0.5, and the cross-hemispheric encoder contained two 
GIN layers with self-loop coefficient initialized to 𝜖 = 0.1. For the MSDH 
module, 𝛾 = 0.5 and 𝜂 = 0.8 were set. All experiments were carried out 
using five-fold cross-validation, and the performance was reported in 
terms of mean Accuracy (Acc), F1-score (F1), and Area Under the Curve 
(AUC). All baseline methods were implemented according to the hyper-
parameter configurations reported in the corresponding literature. The 
entire experimental pipeline was developed in PyTorch and executed on 
servers equipped with an NVIDIA GeForce RTX 4090 GPU.

5.  Results and discussion

5.1.  Comparison with competitive methods

Table 2 shows the classification results of LMHGL against competi-
tive methods across three datasets. Compared with the strongest base-
line, LMHGL achieves accuracy improvements of 1.65% on ADNI, 2.38% 
on PPMI, and 2% on PSCI, respectively. In addition, paired 𝑡-tests con-
firm that the accuracy gains are statistically significant with at least 
𝑝 < .05. These results demonstrate the effectiveness of our proposed 
method in brain disorder classification.  The reason our method can 
perform better is that it provides a unified scheme to model lateral-
ized heterogeneity, which captures high-order intra-hemispheric inter-
actions and enables collaboration across views at the decision level. 
Compared with existing hemispheric-aware methods (e.g., LG-DBGL and 
HeBrainGNN), which typically extract hemispheric representations into 
a single embedding, LMHGL preserves hemisphere-specific information 
and explicitly leverages it with a global representation for collabora-
tive decision prediction, thereby avoiding the loss of discriminative lat-
eralized patterns. Meanwhile, compared with high-order modeling ap-
proaches based on hypergraphs (i.e., MHSA and HGST) or attention (i.e., 
CAGT, ALTER, LHDFormer, and DHGFormer), which rely on data-driven 
constructions or unconstrained attention, the proposed heat diffusion 
process models multi-hop dependencies along anatomically plausible 
structural pathways, leading to more reliable and biologically grounded 
representations. Therefore, by combining anatomically grounded high-
order modeling with explicit lateralization-aware multi-view collabora-
tion decision, LMHGL achieves more discriminative and robust perfor-
mance for brain disorder classification. 

5.2.  Ablation study

To assess the contribution of each component in LMHGL, we con-
duct ablation studies by removing or modifying key modules, as shown 
in Table 3. First, replacing heat diffusion with the generalized Laplacian 
(w/o Diffusion) consistently degrades performance,  confirming the ne-
cessity of modeling high-order interactions beyond first-order message 
passing. Second, to examine hierarchical representation learning, we 
remove the inter-layer fusion and use only the final-layer representa-
tion 𝐻 (𝐿) (w/o layer-Fusion). The performance degradation indicates 
that aggregating varying propagation depths is beneficial for classifica-
tion.  Third, replacing the proposed multi-view attention fusion (w/o 
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Table 2 
Classification performance comparison (mean/std) across all baselines and datasets. The bold font indicates the best performance term. Statistical 
significance is indicated by * (𝑝 < .05) and ** (𝑝 < .01) based on paired 𝑡-tests against our LMHGL model.
 Group  Model  ADNI (NC vs. MCI)  PPMI (NC vs. PD)  PSCI (NC vs. SD)

 ACC (%)  F1 (%)  AUC (%)  ACC (%)  F1 (%)  AUC (%)  ACC (%)  F1 (%)  AUC (%)

General-Purpose GNNs

 GCN 74.81∕10.8∗∗ 73.78∕11.1 68.43∕12.26 69.87∕5.83∗∗ 58.78∕10.15 54.44∕8.89 74.89∕5.52∗∗ 73.56∕4.79 71.83∕3.89
 GAT 72.3∕2.1∗∗ 65.71∕5.4 57.67∕5.04 69.1∕2.02∗∗ 59.09∕4.86 53.89∕3.33 70.67∕10.65∗∗ 67.3∕14.37 68.5∕13.42
 GCNII 65.29∕9.74∗∗ 60.81∕6.0 53.7∕5.26 71.435∕8.14∗∗ 61.68∕11.47 53.12∕3.85 80.0∕10.95∗∗ 76.75∕16.52 77.33∕14.29
 GCNH 72.94∕6.06∗∗ 72.81∕5.4 69.58∕5.75 73.49∕8.97∗∗ 83.05∕4.61 62.89∕15.98 81.11∕8.37∗∗ 81.13∕8.4 83.17∕8.54
 CAGNN 70.5∕1.97∗∗ 60.81∕6.0 53.7∕5.26 69.87∕3.46∗∗ 80.53∕2.5 57.89∕5.46 84.10∕4.80∗∗ 83.73∕5.22 83.89∕5.11

Brain Network Learning

 BGAN 86.14∕5.32∗ 86.36∕5.22 85.65∕6.30 77.33∕8.58∗∗ 75.68∕9.95 76.67∕8.76 79.12∕6.45∗∗ 77.52∕6.98 78.34∕7.25
 XG-GNN 73.57∕9.05∗∗ 70.49∕7.97 60.51∕9.46 74.11∕15.79∗∗ 66.53∕22.44 65.95∕18.34 71.43∕8.01∗∗ 69.32∕9.25 70.21∕8.88
 OT-MCSTGCN 80.71∕3.14∗∗ 60.57∕9.17 74.30∕11.31 70.52∕4.14∗∗ 70.68∕11.08 64.95∕9.08 81.33∕7.42∗∗ 79.83∕5.35 79.17∕11.79
 Cross-GNN 84.95∕1.75∗∗ 72.47∕2.59 79.32∕2.26 86.56∕10.19∗ 85.33∕8.79 85.12∕10.77 87.56∕3.81∗ 83.17∕8.38 86.33∕5.88
 LG-DBGL 80.18∕6.81∗∗ 80.25∕6.54 80.24∕6.4 85.34∕6.01∗ 83.55∕7.73 78.33∕9.69 83.11∕4.55∗∗ 83.05∕4.89 83.50∕5.57
 HeBrainGNN 85.56∕4.77∗∗ 83.72∕5.80 76.55∕7.66 83.78∕6.93∗ 82.28∕8.57 85.39∕6.94 83.11∕8.50∗∗ 78.67∕12.20 82.0∕9.27

High-order Brain Network 

 MHSA 80.75∕3.9∗∗ 56.33∕10.20 69.78∕5.39 86.00∕6.67∗ 85.85∕6.81 86.69∕6.39 91.78∕7.56∗∗ 91.56∕6.62 93.00∕6.36
 CAGT 71.43∕22.82∗∗ 68.89∕29.05 𝟖𝟔.𝟕𝟏∕𝟓.𝟐𝟎 79.34∕19.79∗∗ 75.50∕25.06 𝟗𝟓.𝟕𝟓∕𝟔.𝟗𝟖 96.0∕8.01∗ 95.81∕8.29 96.67∕10.0
 HGST 86.89∕5.16∗ 83.54∕7.25 75.36∕8.82 86.42∕5.21∗ 82.37∕8.53 83.21∕8.33 91.67∕4.17∗ 89.73∕5.14 91.89∕5.44
 ALTER 81.28∕11.28∗∗ 79.16∕14.38 83.18∕6.94 84.58∕10.80∗∗ 81.29∕15.47 87.35∕3.43 90.89∕7.32∗ 85.68∕12.0 91.67∕11.49
 LHDFormer 83.52∕5.78∗∗ 83.45∕9.95 82.87∕4.75 84.78∕8.26∗∗ 83.35∕9.94 81.58∕13.19 78.76∕12.73∗∗ 76.85∕18.41 88.02∕1.67
 DHGFormer 81.21∕9.21∗∗ 73.15∕13.96 85.12∕12.22 85.34∕6.01∗ 83.55∕7.73 78.33∕9.69 64.0∕22.89∗∗ 56.27∕28.29 84.17∕17.66

 Ours  LMHGL 𝟖𝟖.𝟓𝟒∕𝟒.𝟒𝟖 𝟖𝟕.𝟒𝟐∕𝟓.𝟓𝟑  81.84/8.22 𝟖𝟖.𝟗𝟒∕𝟐.𝟖𝟔 𝟖𝟗.𝟎𝟒∕𝟑.𝟏𝟑 88.95∕5.3 𝟗𝟖.𝟎∕𝟒.𝟎 𝟗𝟕.𝟗𝟑∕𝟒.𝟏𝟑 𝟗𝟕.𝟓∕𝟓.𝟎

Table 3 
The ablation results (mean/std) of our proposed method under different variants.

 Model  ADNI (NC vs. MCI)  PPMI (NC vs. PD)  PSCI (NC vs. SD)
 ACC (%)  F1 (%)  AUC (%)  ACC (%)  F1 (%)  AUC (%)  ACC (%)  F1 (%)  AUC (%)

 w/o Diffusion 87.34∕4.03 86.0∕4.91 79.36∕6.73 79.26∕12.74 78.88∕13.04 75.56∕14.84 87.78∕7.44 87.27∕7.83 85.53∕8.58
 w/o Layer-Fusion 85.56∕5.81 86.93∕3.67 86.38∕4.60 86.75∕1.92 86.81∕1.94 86.70∕3.68 88.0∕11.66 87.44∕12.24 86.67∕13.54
 w/o View-Fusion 86.35∕4.98 85.12∕5.01 82.38∕4.21 84.76∕2.18 85.44∕3.01 85.06∕2.13 82.04∕7.39 84.38∕7.25 84.65∕5.44
 w/o MVDM 75.94∕8.23 74.48∕7.45 69.23∕8.1 70.50∕12.73 70.41∕12.2 69.59∕12.98 85.56∕4.55 85.08∕4.99 84.17∕6.12

 LMHGL 𝟖𝟖.𝟓𝟒∕𝟒.𝟒𝟖 𝟖𝟕.𝟒𝟐∕𝟓.𝟓𝟑 𝟖𝟏.𝟖𝟒∕𝟖.𝟐𝟐 𝟖𝟖.𝟗𝟒∕𝟐.𝟖𝟔 𝟖𝟗.𝟎𝟒∕𝟑.𝟏𝟑 𝟖𝟖.𝟗𝟓∕𝟓.𝟑 𝟗𝟖.𝟎∕𝟒.𝟎 𝟗𝟕.𝟗𝟑∕𝟒.𝟏𝟑 𝟗𝟕.𝟓∕𝟓.𝟎

Fig. 3. Sensitivity analysis of diffusion time and the number of convolution layers.

View-Fusion) with additive attention (i.e., 𝛼𝑘 = sof tmax(𝑞𝖳 tanh(𝑊𝑍𝑘))) 
results in a performance decline, suggesting that the lightweight fu-
sion strategy provides more stable view weighting under limited data. 
Finally, removing MVDM (w/o MVDM) and relying solely on the 
global embedding 𝑍𝐺, which causes the most significant degrada-
tion,  demonstrates that directly relying on a unified global repre-
sentation is insufficient, while explicitly incorporating hemispheric-
specific representations at the decision level is critical for effective 
prediction. These results validate each component’s effectiveness and 
support the design rationale of LMHGL in modeling lateralized brain
networks. 

5.3.  Parameter sensitivity analysis

This study investigates the sensitivity of LMHGL concerning four key 
hyperparameters that may affect model performance: the diffusion time 
𝑡, the number of convolutional layers 𝑙 in the Intra-Inter GCN, and the 
scaling factors 𝛾 and 𝜂. The sensitivity analyses are performed under the 

same five-fold cross-validation protocol. As demonstrated in Fig. 3(a), 
the model achieves optimal performance when 𝑡 ∈ [2, 5], suggesting that 
moderate diffusion effectively balances local structural fidelity and high-
order information propagation. Lower values of 𝑡 constrain the diffusion 
range and limit high-order interaction modeling, whereas excessively 
high values of 𝑡 result in over-smoothing effects that reduce discrimi-
native capability. Fig. 3(b) indicates that increasing network depth ini-
tially enhances performance by allowing for richer hierarchical feature 
extraction within hemispheric subnetworks, but excessive depth results 
in over-smoothing and stability degradation. Fig. 4 shows a joint sensi-
tivity analysis of the decorrelation scaling factors 𝛾 and 𝜂. The results 
indicate that LMHGL achieves stable and relatively strong performance 
when 𝜂 is set to a greater value and 𝛾 remains moderate. This implies 
that maintaining sufficient global contextual information while partially 
diminishing redundant global components in hemispheric representa-
tions is advantageous for collaborative decision-making. Overall, these 
analyses offer practical guidance for parameter tuning and enhance our 
understanding of the model’s behavior.
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Fig. 4. Sensitivity analysis of scaling factor 𝛾 and 𝜂 across all datasets.

Fig. 5. The lateralization-guided ablation study of our proposed method under different subnetwork views.

5.4.  Lateralized heterogeneity validation

To investigate the role of lateralized modeling, we conduct a 
hemisphere-guided ablation study by retaining only a single view, in-
cluding the left (w/only L), right (w/only R), cross-hemispheric (w/only 
C), and fused global (w/only G) representation. Since only one view 
is used in each setting, the MVDM module is disabled. As shown in 
Fig. 5, all single-view variants (w/only L, w/only R, and w/only C) 
underperform the global baseline (w/only G), indicating that disease-
related patterns are distributed across multiple regions and cannot be 
fully captured by any single hemispheric view. However, the w/only G 
performs worse than the LMHGL model, suggesting that directly aggre-
gating whole-brain information is insufficient and may obscure lateral-
ized pathological signals across hemispheres. By jointly modeling left, 
right, and cross-hemispheric subnetworks and integrating them through 
MVDM module, the LMHGL captures complementary information from 
different views while preserving hemispheric distinctions. This enables 
the model to adaptively leverage asymmetric patterns when present, 
rather than suppressing them. Overall, these findings provide empiri-
cal evidence that modeling hemispheric heterogeneity is essential for 
accurate brain network analysis. 

5.5.  High-order interactions evaluation

In LMHGL, high-order interactions are modeled via anatomically 
constrained heat diffusion along the structural connectome. To validate 
its effectiveness, we conduct two complementary analyses from func-
tional alignment and spectral perspectives.
Functional Alignment Validation.   To check whether the diffused 
graph reflects biologically meaningful interactions, we compare three 
types of matrices for each hemisphere: the structural adjacency matrix 
𝐴𝑠, the diffused matrix 𝑃 = 𝑒−𝑡̂, and the empirical functional connec-
tivity matrix 𝐴𝑓  derived from resting-state fMRI. For each pair of ma-
trices, the Pearson correlation coefficient (PCC) and Kullback-Leibler 

Table 4 
Functional alignment analysis between structural, diffused, and functional 
connectivity matrices using PCC and KL divergence. (L/R: Left/Right-
hemisphere).

 Metric  Group  ADNI  PPMI  PSCI
 L  R  L  R  L  R

PCC
𝐴𝑠 vs. 𝐴𝑓  0.629  0.630  0.644  0.654  0.649  0.653
𝑃 vs. 𝐴𝑓  0.699  0.700  0.727  0.730  0.733  0.737
𝑃 vs. 𝐴𝑠  0.936  0.940  0.919  0.929  0.934  0.936

KL
𝐴𝑠 vs. 𝐴𝑓  0.025  0.023  0.025  0.025  0.023  0.022
𝑃 vs. 𝐴𝑓  0.004  0.005  0.006  0.007  0.005  0.004
𝑃 vs. 𝐴𝑠  0.022  0.020  0.027  0.027  0.020  0.021

(KL) divergence are computed. As shown in Table 4, 𝑃  remains highly 
consistent with 𝐴𝑠, indicating that diffusion preserves the underlying 
anatomical structure. At the same time, 𝑃  exhibits stronger similarity to 
𝐴𝑓  than 𝐴𝑠, suggesting that diffusion transforms structural connectivity 
into a representation that better reflects functional coupling patterns. 
This result demonstrates that heat diffusion captures high-order inter-
actions that bridge anatomical structure and functional dynamics, while 
remaining constrained by biologically plausible pathways. 
Spectral Reorganization Analysis.   We further examine how diffusion 
reshapes topological structure to characterize high-order interactions 
through spectral analysis. As reported in Table 5, 𝑃  shows a signifi-
cant reduction in spectral entropy (𝑝 < .05), indicating a transition from 
locally irregular structures to more globally organized connectivity. In 
addition, the eigenvalues of 𝑃  shift toward lower frequencies, reflect-
ing the attenuation of high-frequency (local) variations and the domi-
nance of low-frequency (global) modes. These spectral changes suggest 
that diffusion suppresses isolated local interactions while enhancing co-
herent global dependencies, thereby facilitating long-range, multi-hop 
information propagation. This provides further evidence that the pro-
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Table 5 
Spectral reorganization analysis of structural and diffused connectivity 
matrices in terms of spectral entropy and eigenvalues. (L/R: Left/Right-
hemispheres; * indicates significant differences vs. 𝐴𝑠, paired t-test, p < .05).
 Metric  Group  ADNI  PPMI  PSCI

 L  R  L  R  L  R
 Spectral Entropy 𝐴𝑠  3.265  3.235  3.329  3.340  3.282  3.272

𝑃  2.393*  2.388*  2.505*  2.570*  2.379*  2.401*
 Spectral Eigenvalue 𝐴𝑠  0.695  0.676  0.698  0.674  0.704  0.692

𝑃  0.312*  0.330*  0.318*  0.337*  0.307*  0.318*

posed diffusion process effectively captures high-order interactions in 
brain networks.

Overall, these results provide empirical evidence that anatomically 
constrained heat diffusion effectively models high-order interactions in 
brain networks while maintaining biological plausibility. 

5.6.  Disease-related ROIs identification

In this subsection, disease-related ROIs are analyzed by quantifying 
each subject’s average node-level topological changes score, specifically 
degree changes, by comparing the heat-diffused matrix in Eq. (5) with 
its structural connectivity matrix 𝐴𝑠. This score indicates the extent of 
alteration in a node’s connectivity profile when high-order interactions 
are integrated, thereby highlighting ROIs that demonstrate significant 
topological reorganization.  The top 10 ROIs with the highest scores 
for each hemisphere are listed in Table 6, with representative disease-
relevant ROI underlined and their corresponding spatial distributions 
are visualized in Fig. 6.
Clinical Relevance.   The identified key ROIs align well with estab-
lished neuroimaging findings. In the ADNI dataset, the postcentral gyrus 
(PCG) has been implicated in somatosensory deficits in early AD (Wang 
et al., 2006); the superior frontal gyrus medial (SFGmed) is part of 
the default mode network (DMN) and shows early amyloid deposition 
(Palmqvist et al., 2017); the paracentral lobule (PCL) and cuneus (CUN) 
are involved in visuospatial and motor dysfunction, respectively. For 
the PPMI dataset, the Vermis regions (Verm6-10) and cerebellar Crus 
regions (Cere7b, Cere9) are critical for motor coordination and have 
been consistently reported to show structural and functional alterations 
in PD (Wu & Hallett, 2013). The involvement of SFGmed in PD is asso-
ciated with non-motor symptoms such as executive dysfunction (Keha-
gia et al., 2013). For post-stroke cognitive impairment (PSCI dataset), 
the PCG, CUN, PCL, and anterior cingulate gyrus (ACG) are regions fre-
quently affected by stroke lesions and are linked to sensorimotor and 
attentional deficits (Mijajlović et al., 2017; Yue et al., 2023). The pal-
lidum (PAL) has been implicated in post-stroke recovery mechanisms 
(Grefkes & Fink, 2011). Notably, our model also identifies regions that 

Table 6 
Top-10 ROIs identified by average diffusion-induced degree change across 
subjects.

 ADNI  PPMI  PSCI
 ROIs  Score  ROIs  Score  ROIs  Score

R

PCG.R  0.4765 Verm6  0.5763 PCG.R  0.5033
ORBmid.R  0.4743 Verm8  0.5447 CUN.R  0.4741
SFGmed.R  0.4718  Verm3  0.5371 SFGmed.R  0.4678
PCL.R  0.4539  Verm10  0.5310  ORBmid.R  0.4614
 HES.R  0.4479  ORBmid.R  0.4946 PCL.R  0.4505
 SMA.R  0.4420 PCG.R  0.4946  HES.R  0.4431
 OLF.R  0.4178 SFGmed.R  0.4776  REC.R  0.4355
CUN.R  0.4161 Cere9.R  0.4657  SMA.R  0.4291
 REC.R  0.4000 Cere7b.R  0.4608  OLF.R  0.4246
 ACG.R  0.3972  HES.R  0.4553 PAL.R  0.4174

L

PCG.L  0.4724 Verm9  0.5904 PCG.L  0.5096
PCL.L  0.4715 Verm7  0.5783 CUN.L  0.4830
ORBmid.L  0.4568 Verm1_2  0.5752 PCL.L  0.4555
CUN.L  0.4259 Verm4_5  0.5568  ORBmid.L  0.4481
 HES.L  0.4222 PCG.L  0.4571  HES.L  0.4313
SFGmed.L  0.4190  ORBmid.L  0.4496  REC.L  0.4291
 REC.L  0.4115  CUN.L  0.4452  OLF.L  0.4165
 SMA.L  0.4063  PCL.L  0.4435 PAL.L  0.4135
 OLF.L  0.4061  HES.L  0.4363 ACG.L  0.4127
 PAL.L  0.3998  ACG.L  0.4326 SFGmed.L  0.4097

are less commonly reported (e.g., OLF, REC in ADNI; Cere9 in PPMI), 
which may represent novel biomarkers worthy of further investigation.
Statistical validation.   To validate the statistical significance of these 
disease-related ROIs, we performed independent two-sample t-tests 
comparing the diffusion-induced degree change between patient and 
healthy control groups. As shown in Table 7, most ROIs exhibited signif-
icant differences in degree change between patients and controls (p < 
0.05). This confirms that the topological reorganization captured by our 
heat diffusion module is not random but systematically differs between 
diagnostic groups.

Overall, these quantitative results confirm that the identified ROIs 
are indeed disease-relevant and that LMHGL effectively captures mean-
ingful topological reorganization. 

5.7.  Evaluation of model robustness

To evaluate the robustness of LMHGL, we perform edge removal ex-
periments on all three datasets by progressively discarding the weakest 
connections (i.e., lowest FA values) from the structural adjacency ma-
trix 𝐴𝑠 at ratios of 5%, 10%, 15%, 20%, and 25%. The model is then 
re-evaluated under identical settings. As shown in Fig. 7, after removing 
5% of the weakest edges, LMHGL exhibited only a slight drop in accu-
racy across all three datasets. Even after removing 10% or 15% of edges, 
the model still maintained a high level of performance, demonstrating 
notable resilience to structural connectivity incompleteness. When the 

Fig. 6. Anatomical locations of disease-relevant ROIs identified in the ADNI, PPMI, and PSCI datasets.
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Table 7 
Statistical validation of disease-related ROIs between patients and healthy controls across three datasets. 
Statistical significance is indicated by * (𝑝 < .05), ** (𝑝 < .01), and - denotes not significant based on inde-
pendent two-sample t-tests. The sign of t-statistics reflects the direction of group differences.

 ADNI  PPMI  PSCI
 ROI  t-statistic  p-value  ROI  t-statistic  p-value  ROI  t-statistic  p-value
 PCG.R  3.4063  **  Verm6  2.5240  *  PCG.R  2.8164  **
 ORBmid.R −3.1594  **  Verm8 −0.4588  –  CUN.R −0.1197  –
 SFGmed.R −3.7462  **  PCG.R  2.0875  *  SFGmed.R −2.4337  *
 PCL.R  1.3591  –  SFGmed.R  2.2362  *  PCL.R  0.9616  –
 CUN.R  0.3669  –  Cere9.R  1.5711  *  PAL.R  3.2102  **
 PCG.L  2.6324  **  Cere7b.R  1.8887  *  PCG.L  2.1217  *
 PCL.L  1.1354  –  Verm9 −0.2515  –  CUN.L -0.2276  –
 ORBmid.L −1.4362  *  Verm7  3.7147  **  PCL.L  0.6053  –
 CUN.L  1.5720  *  Verm1_2  1.9914  *  PAL.L  4.5284  **
 SFGmed.L −2.0254  *  Verm4_5  1.9342  *  ACG.L  2.0666  *

Fig. 7. Robustness of LMHGL to progressive edge removal on the ADNI, PPMI, 
and PSCI datasets.

removal ratio increased to 20% and 25%, a more pronounced perfor-
mance decline was observed, which is expected as excessive removal 
inevitably destroys critical anatomical pathways. Overall, these results 
demonstrate that LMHGL is robust to moderate levels of structural edge 
removal, which is particularly valuable for clinical applications where 
DTI-derived connectivity may be incomplete or noisy. 

5.8.  Time complexity analysis

We analyzed the time complexity of the proposed LMHGL frame-
work. For a brain network with 𝑁 nodes, 𝐸 edges, and feature di-
mension 𝑑, the TNDS first partitions the network into 𝐺𝐿, 𝐺𝑅, and 𝐺𝐶
through simple indexing and slicing. Since this preprocessing step is per-
formed only once before training, its computational cost is negligible. 
In the MHGCN module, for the hemispheric subnetworks 𝐺𝐿 and 𝐺𝑅, 
the diffusion process in Eq. (5) has a time complexity of 𝑂(𝑘(|𝐸𝐿| +

|𝐸𝑅|)𝑑). The 𝐿-layer intra-inter GCN defined in Eqs. (6)-(7) requires 
𝑂(𝐿(|𝐸𝐿|𝑑 +𝑁𝐿𝑑2)) + 𝑂(𝐿(|𝐸𝑅|𝑑 +𝑁𝑅𝑑2)). The cross-hemispheric en-
coder has a complexity of 𝑂(𝐿(|𝐸𝐶 |𝑑 +𝑁𝐶𝑑2)). The remaining computa-
tions in MHGCN and all operations within MVDM are mostly lightweight 
MLP and Softmax transformations, each with 𝑂(𝑑2), which does not af-
fect the overall asymptotic cost. Combining all terms, the total time 
complexity of our framework can be expressed as 𝑂(𝑘(|𝐸𝐿| + |𝐸𝑅|)𝑑 +
𝑙(|𝐸𝐿|𝑑 +𝑁𝐿𝑑2 + |𝐸𝑅|𝑑 +𝑁𝑅𝑑2 + |𝐸𝐶 |𝑑 +𝑁𝐶𝑑2)). Since |𝐸𝐿| ≈ |𝐸𝑅| ≈
|𝐸|∕2 and |𝐸𝐶 | ≪ |𝐸| in typical brain networks, the overall complex-
ity is dominated by the graph propagation and can be simplified as 
𝑂(𝑙|𝐸|𝑑 + 𝑙𝑁𝑑2), indicating the model’s scalability for brain disease 
classification.  Furthermore, Table 8 reports the model complexity of 
LMHGL on a per-subject basis, in terms of parameter count (M), infer-
ence time (ms), and GPU memory usage (MB). The results show that 
LMHGL achieves substantially lower parameter complexity, maintain-
ing competitive inference time and moderate memory consumption.

6.  Limitation and future work

6.1.  Limitation to large-scale validation

We note that the datasets used in this study are relatively small, 
particularly the private PSCI dataset, which may limit the statistical 
power and generalizability of the results. To further evaluate LMHGL 
on a larger cohort, we conducted additional experiments on the pub-
licly available ABIDE dataset (Xu et al., 2023), which contains approxi-
mately 1025 subjects. However, ABIDE provides only resting-state fMRI 
without matched DTI data. Since LMHGL relies on structural connectiv-
ity for its anatomically constrained heat diffusion, we used functional 
connectivity (Pearson correlation) as a surrogate. As shown in Table 9, 
LMHGL achieved an accuracy of 69.49% under this setting. This perfor-
mance drop is expected because the anatomical constraint is lost, and 
the diffusion process degenerates into unconstrained smoothing. There-
fore, this experiment does not reflect the model’s true scalability but 
rather its sensitivity to the availability of DTI data. A proper large-scale 

Table 8 
Model complexity comparison on a per-subject basis across different datasets.

 Method  ADNI (NC vs. MCI)  PPMI (NC vs. PD)  PSCI (NC vs. SD)
 Params  Inference  GPU Mem  Params  Inference  GPU Mem  Params  Inference  GPU Mem
 (M)  (ms)  (MB)  (M)  (ms)  (MB)  (M)  (ms)  (MB)

 LG-DBGL  0.0055  1.53  37.63  0.0068  1.54  44.04  0.0055  1.52  25.16
 HeBrainGNN  0.1061  121.18  63.27  0.1253  169.92  77.65  0.0752  120.09  29.19
 CAGT  1.8639  25.87  48.10  2.0836  24.87  78.11  1.8639  24.33  51.21
 HGST  2.9965  4.14  71.24  2.9965  4.52  89.82  2.9965  3.86  83.35
 ALTER  3.2009  8.45  79.95  3.2571  10.96  81.18  3.2009  8.29  79.95
 LHDFormer  1.5286  17.44  36.50  2.1108  16.16  45.24  1.5286  16.86  36.56
 DHGFormer  0.2341  6.41  21.68  0.3078  6.67  23.33  0.2341  6.55  21.68
 LMHGL  0.0158  4.70  63.51  0.0179  4.66  79.96  0.0125  4.76  27.88
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Table 9 
Classification results (mean/std) on ABIDE dataset.

 Model  ABIDE
 ACC (%)  F1 (%)  AUC (%)

 LG-DBGL 63.33∕4.47 61.36∕5.98 69.54∕4.18
 HeBrainGNN 64.0∕2.36 63.54∕2.54 63.81∕2.52
 MHSA 66.56∕3.13 68.83∕2.53 68.68∕2.03
 CAGT 71.85∕2.91 71.61∕3.0 73.20∕2.79
 HGST 67.99∕3.03 67.38∕3.28 67.88∕3.18
 ALTER 71.15∕2.31 71.41∕3.02 71.06∕1.54
 LHDFormer 𝟕𝟐.𝟑𝟐∕𝟏.𝟎𝟖 𝟕𝟐.𝟐𝟏∕𝟏.𝟒𝟎 74.84∕1.51
 DHGFormer 71.53∕2.58 71.52∕2.45 𝟕𝟔.𝟏𝟖∕𝟒.𝟎𝟑
 LMHGL  69.49/2.14  69.21/2.09  69.48/1.95

validation requires datasets containing both fMRI and DTI modalities, 
such as the UK Biobank1 dataset with more than 10,000 participants. 
We plan to pursue this direction in future work.

6.2.  Future directions toward pretraining

Although LMHGL achieves strong performance, it is primarily de-
signed for supervised learning. Recent advances in graph pretraining 
have shown that self-supervised strategies can learn generalizable and 
transferable representations from large-scale neuroimaging data. For ex-
ample, BrainGFM (Wei et al., 2026) integrates graph contrastive learn-
ing with masked autoencoding for large-scale fMRI pretraining, while 
MCSP (Wei et al., 2025) develops a multi-modal self-supervised frame-
work that jointly models spatial, temporal, and spectral information in 
fMRI and EEG fusion tasks. In contrast, LMHGL is built upon biologi-
cally grounded inductive biases, particularly hemispheric-aware model-
ing and anatomically constrained heat diffusion. Therefore, extending 
LMHGL into a self-supervised setting offers a promising direction to in-
troduce neuroanatomical priors and improve sensitivity to lateralized 
pathological patterns.

From this perspective, LMHGL can be extended toward self-
supervised learning in two directions. First, the heat diffusion mech-
anism enables structure-aware pretraining objectives by defining multi-
hop consistency over the structural connectome. Specifically, diffusion 
can generate multi-scale views of the same graph under progressive 
propagation, allowing the model to learn stable representations along 
anatomically plausible pathways. This provides a principled way to en-
code long-range dependencies during pretraining. Second, the hemi-
spheric decomposition offers a biologically grounded multi-view set-
ting for contrastive learning. By treating the left, right, and cross-
hemispheric subnetworks as intrinsic views of the same subject, self-
supervised objectives can be formulated to align these representations 
while preserving their differences. This enables the model to capture 
both shared global structures and lateralized variations for brain disor-
ders. Overall, these directions provide feasible pathways for extending 
LMHGL toward a pretraining paradigm. Future work will focus on inte-
grating anatomically constrained modeling with self-supervised learn-
ing to further improve generalization and clinical applicability. 

7.  Conclusion

In this paper, we propose LMHGL for brain disorder classification, 
which provides a unified scheme to model hemispheric asymmetry. Un-
like existing lateralization-aware methods that rely on standard mes-
sage passing within hemispheres, LMHGL introduces anatomically con-
strained heat diffusion to explicitly model high-order synergistic inter-
actions along structural connectivity. Furthermore, a multi-view deci-
sion mechanism is designed to preserve hemisphere-specific patholog-
ical patterns and adaptively integrate predictions from left, right, and 

1 https://www.ukbiobank.ac.uk/.

global views to collaboratively make decisions. Extensive experiments 
on three real-world datasets demonstrate that LMHGL consistently out-
performs a wide range of baselines. Ablation studies validate the con-
tribution of each key component, while functional alignment and spec-
tral analyses confirm the biological plausibility of the proposed heat 
diffusion. Moreover, the identified disease-related ROIs align well with 
clinical literature, and robustness experiments show that LMHGL toler-
ates moderate incompleteness of structural connectivity. These results 
collectively highlight that explicitly modeling hemispheric asymmetry 
and anatomically constrained high-order interactions provides a princi-
pled and effective strategy for discriminative brain network represen-
tation. Future work will extend LMHGL to self-supervised pretraining 
paradigms and evaluate it on larger multi-modal cohorts. 
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