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Abstract

Graph Transformer shows remarkable potential in brain net-
work analysis due to its ability to model graph structures and
complex node relationships. Most existing methods typically
model the brain as a flat network, ignoring its modular struc-
ture, and their attention mechanisms treat all brain region
connections equally, ignoring distance-related node connec-
tion patterns. However, brain information processing is a hi-
erarchical process that involves local and long-range interac-
tions between brain regions, interactions between regions and
sub-functional modules, and interactions among functional
modules themselves. This hierarchical interaction mechanism
enables the brain to efficiently integrate local computations
and global information flow, supporting the execution of com-
plex cognitive functions. To address this issue, we propose
BrainHGT, a hierarchical Graph Transformer that simulates
the brain’s natural information processing from local regions
to global communities. Specifically, we design a novel long-
short range attention encoder that utilizes parallel pathways
to handle dense local interactions and sparse long-range con-
nections, thereby effectively alleviating the over-globalizing
issue. To further capture the brain’s modular architecture,
we designe a prior-guided clustering module that utilizes a
cross-attention mechanism to group brain regions into func-
tional communities and leverage neuroanatomical prior to
guide the clustering process, thereby improving the biolog-
ical plausibility and interpretability. Experimental results in-
dicate that our proposed method significantly improves per-
formance of disease identification, and can reliably capture
the sub-functional modules of the brain, demonstrating its in-
terpretability.

Code — https://github.com/null-cks/BrainHGT

Introduction

The diagnosis of neurological and psychiatric disorders,
such as autism spectrum disorder (ASD) and Alzheimer’s
disease (AD), faces a significant challenge due to the lack of
objective and reliable biomarkers (Lord et al. 2020; Zhang
et al. 2024c). Resting-state functional magnetic resonance
imaging (fMRI) has emerged as an important neuroimag-
ing tool to address this problem. The non-invasive technique
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Figure 1: The hierarchical model of brain information pro-
cessing, showing three levels of interaction.

measures blood-oxygen-level-dependent (BOLD) signals to
construct the brain’s functional connectivity network, pro-
viding a unique insight into the brain’s intrinsic organization
and, more critically, helping to identify biomarkers that are
crucial for the diagnosis and characterization of these dis-
eases (Li et al. 2019; Xu et al. 2024a; Kong et al. 2024).
For the brain network analysis, graph neural networks
(GNNs) are a commonly used class of methods (Zhang
and Hong 2024; Luo et al. 2024). By modeling brain re-
gions of interest (ROIs) as nodes and their connections as
edges, GNNs automatically learn discriminative features di-
rectly from complex brain network topologies, bypassing
extensive and often subjective manual feature engineering
(Zhang et al. 2022). Despite this advantage, GNNs are inher-
ently limited by a receptive field confined to a local k-hop
neighborhood, this make them ineffective at capturing the
long-range dependencies that are crucial to the brain’s large-
scale functional organization. In contrast, Graph Trans-
former (Cai, Gao, and Liu 2023; Song et al. 2024; Qu et al.
2024) can model interactions between any pair of ROIs
via self-attention mechanism, naturally capturing the global
long-range connectivity patterns inherent in brain networks.
However, the global self-attention of Graph Transformer
brings new challenges. Recent studies reveal that stan-
dard Graph Transformer exhibits a tendency towards over-
globalizing, where attention is indiscriminately distributed
across all nodes (Xing et al. 2024). This mechanism is in-
consistent with the small-world network properties of the
brain, where connectivity is heavily biased towards local,
dense connections. And the probability of connection decays



exponentially with distance, global communication is sup-
plemented only by sparse yet critical long-range pathways
(Bassett and Bullmore 2017; Bullmore and Sporns 2012).
Consequently, the over-globalizing effect in Graph Trans-
former can dilute functionally relevant signals from nearby
neighbors with irrelevant information from distant nodes,
weakening the model’s representational capacity. To address
this, we process local and global information in parallel, us-
ing a learnable decay mask to strengthen local interactions,
this effectively mitigates the over-globalizing problem and
produces richer ROI-level spatial representations.

A more critical issue is that prevailing methods treat the
brain as a flat, non-hierarchical graph structure, neglect-
ing its inherent modular properties. In reality, the func-
tional organization of brain is not confined to singular inter-
regional interactions, but relies on higher-level coordination
between functional modules to achieve whole-brain func-
tions (Sporns and Betzel 2016; Betzel and Bassett 2017).
The brain’s information processing follows a natural hier-
archical pattern. As shown in Figure 1, it begins with local
and long-range interactions between brain regions, then or-
ganizes into large-scale networks (communities) with dis-
tinct functions, and finally achieves complex cognitive and
behavioral functions through the dynamic coordination of
these communities. Due to the lack of effective model-
ing for this hierarchical process, the decision-making pro-
cess of current methods is often not comprehensive enough.
Furthermore, the learned features typically lack clear neu-
roscientific meaning, severely hinders the method’s poten-
tial for clinical translation and scientific discovery. To cap-
ture this hierarchical structure, we propose a prior-guided
clustering module that uses neuroanatomical knowledge
to guide the integration of information from microscopic
nodes to macroscopic communities, and subsequently mod-
els community-level interactions to improve the biological
plausibility and interpretability of the learning process.

Here, we propose BrainHGT, a novel Graph Transformer
framework that simulates hierarchical brain processing to
enhance interpretability. The main contributions include:

* A long-short range attention (LSRA) module is designed
to balance strengthening functionally relevant local inter-
actions and capturing sparse critical global dependencies,
thereby generating richer node representations.

A prior-guided clustering module is designed to enhance
model interpretability by using anatomical prior knowl-
edge and cross-attention to dynamically group individual
ROIs into functional communities, thereby effectively
modeling the brain’s hierarchical interactions.

Our method enables identification of disease biomarkers
across multiple scales, including ROI-level connections,
ROI-to-community affiliations, and inter-community co-
ordination. This capability enhances diagnostic accuracy
while ensuring a transparent decision-making process.

Related Work
ROI-Level Brain Network Analysis

ROI-level studies focus on the interaction patterns among
whole-brain ROIs, which is a common paradigm in brain
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network analysis. Cui et al. (Cui et al. 2023) introduced
BrainGB, a comprehensive benchmark for GNN-based brain
network analysis that evaluates the effectiveness of differ-
ent node features, message-passing mechanisms, and pool-
ing strategies. Zheng et al. (Zheng et al. 2024) developed
BrianIB, which uses the information bottleneck principle
to identify disease-related subgraphs, improving diagnostic
accuracy and providing interpretable biomarkers. However,
the local message-passing mechanism of GNNs limits their
ability to capture long-range connections. In contrast, Graph
Transformer can alleviate this issue by virtue of its global at-
tention mechanism. Peng et al. (Peng et al. 2024) proposed
GBT, which learns representative graph features by apply-
ing a low-rank approximation to the attention matrix. Yu et
al. (Yu et al. 2024) proposed ALTER, which adopts random
walk to better model long-range dependencies. However, the
global attention in these methods often ignores the network’s
topological structure, leading to an over-globalizing prob-
lem and making it difficult to balance the local and global
characteristics of brain information processing.

Modular-Aware Brain Network Analysis

Modular-aware studies focus on integrating the community
structure of brain function, which corresponds to the sub-
functional activities of the brain. This can be broadly clas-
sified into two categories. The first category of methods re-
lies on predefined network groups to study functional com-
munity interactions. Shehzad et al. developed BrainGT and
BrainDGT, which are based on voxel overlap to assign ROIs
to functional networks (Shehzad et al. 2024, 2025). Simi-
larly, Bannadabhavi et al. (Bannadabhavi et al. 2023) de-
signed Com-BrainTF, which rearranges the functional con-
nectivity matrix based on predefined community labels to
learn connection patterns within and between communities.
The main limitation of these methods lies in their reliance
on predefined groups, which are typically derived from gen-
eral anatomical or functional divisions. Such groups may
fail to align accurately with the true functional communi-
ties specific to a given task or disease, thereby constrain-
ing the model’s flexibility. The second category of meth-
ods is dedicated to adaptively learning functional commu-
nities directly from data. Li et al. (Li et al. 2021) pro-
posed BrainGNN, which utilizes a special graph convolu-
tion layer to learn soft membership scores for each brain re-
gion, building communities that are relevant to the classifica-
tion task. Zhu et al. (Zhu et al. 2022) introduced M2CDCA,
which utilizes spectral clustering and structural networks to
guide community detection in functional networks. Kan et
al. (Kan et al. 2022) proposed BRAINNETTF, which draws
on the idea of deep embedding clustering, using a self-
supervised soft clustering process to group functionally sim-
ilar brain region nodes. Zhang et al. (Zhang et al. 2024a) pro-
posed HFBN, which features a unique hierarchical node fu-
sion method that adaptively merges fine-grained nodes into
coarse-grained nodes layer by layer, thereby constructing a
hierarchical brain network. Peng et al. (Peng et al. 2025)
developed BioBGT, which uses the classic Louvain algo-
rithm for unsupervised community detection and introduces
a community contrastive learning strategy to optimize the



Brain Graph Construction

Long-Short Range Graph Transformer

Prior-Guided Clustering Module
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Figure 2: The overall framework of the proposed BrainHGT method. The model first learns multi-scale features of brain regions
via a long-short range graph Transformer, and then aggregates these features into biologically plausible functional communities
using a prior-guided clustering module for the final classification task.

partition by enhancing intra-module integration and inter-
module segregation. Although these adaptive methods are
more flexible, certain studies lack sufficient guidance from
biological priors. This can lead to the learned community
structures being unstable or their functional meaning being
ambiguous, which poses a challenge to their interpretability
in the field of neuroscience.

Method

The overall framework of the proposed BrainHGT is pre-
sented in Figure 2. First, we construct a sparse and topolog-
ically efficient brain graph from fMRI data. Then, a long-
short range attention encoder is designed to learn multi-scale
node representations that align with brain topology. Finally,
an interpretable prior-guided clustering module that aggre-
gates node information into biologically meaningful func-
tional communities to facilitate classification.

Brain Graph Construction

For each subject, the preprocessed fMRI time series from
N Regions of Interest (ROIs) are used to compute a Pear-
son correlation matrix R € RV*N | representing the ini-
tial fully-connected functional connectivity network. To pre-
serve essential functional connections while discarding re-
dundant information, we employ the Orthogonal Minimal
Spanning Trees algorithm (Dimitriadis et al. 2017) for net-
work sparsification. This constructs a sparse and topo-

logically optimized brain graph that represents the back-
bone of the brain functional network. The process begins
by converting the correlation matrix R into an inverse
weighted graph D, where d;; = 1/|r;| (for r;; # 0),
to ensure that stronger functional connections correspond
to shorter topological distances. Subsequently, a sequence
of orthogonal minimal spanning trees (MSTs), namely
{MST;,MSTs,...,MSTy}, is iteratively extracted from D
using Kruskal’s algorithm. In each iteration i, the MST,; with
the minimum total edge weight is identified, and its con-
stituent edges are then excluded from the graph for all sub-
sequent iterations to ensure orthogonality. Finally, the edges
from this sequence of MSTs are aggregated one-by-one in
their extraction order, forming a set of candidate networks.
The final adjacency matrix A is the specific candidate net-
work A that maximizes a global cost-efficiency metric:

A =arg max (GE(A) — Cost(A)) . (1)
Here, Global Efficiency (GE) measures the network’s infor-
mation transfer capability and is defined as the average in-
verse shortest path length:

GE(A) = )

where L;; is the shortest path length between nodes 4 and j
in the graph A. Cost represents the wiring cost of the net-
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work, defined as the ratio of the total weight of A normal-
ized by the total weights in the original dense graph:

Z(z J)EE} |rl]|
Zl<] rijl

where Ej, is the set of edges in A. This procedure yields
a topologically optimized brain network that preserves core
functional pathways while balancing efficiency and cost. As
a result, we construct a brain graph G(V, E), where the ad-
jacency matrix is denoted as A € RV*¥ and the node
features are represented by the correlation vectors from the
original matrix R.

Cost(A) = 3)

Long-Short Range Graph Transformer

The brain’s multi-scale organization features dense local
processing within modules and sparse long-range connec-
tions for global integration. To learn node representations
sensitive to this structure, we introduce the long-short range
attention mechanism, designed to overcome the topology-
agnostic limitations of the standard Transformer. LSRA
strategically divides the H attention heads into two equal
sets: Hsport = H/2 heads dedicated to modeling short-
range, topologically-informed interactions, while Hj,,, =
H /2 heads for capturing long-range, global dependencies.
Let X € RM*9 denote the input node feature matrix,
where d is the feature dimension. Specifically, X is derived
from a linear mapping of R. The input is projected into
query (Q), key (K), and value (V) representations, each
of which has a dimension of R™V*¢. The query, key, and
value vectors for the ¢-th node within head h are denoted as
qih), kz(-h), vih respectively, corresponding to the i-th rows
of these matrices.
Short-Range Attention: To focus on interactions be-
tween topologically proximal brain regions, the attention
scores are modulated by a Topological Decay Mask, derived
from the shortest path length (SPL) matrix S € RV*¥_ For
each short-range head hy = 1,..., Hgport, We introduce

learnable parameters, a hop threshold hop(h +) and a decay
factor v("<). The raw attention energy e( *) between node i
and node j for head h is first computed

(h NT, (hes)
NG
Vv dhead

where dj.qq is the dimension of each attention head. This
energy is then modulated by the topological decay:

elhs) _

Z]

“

ReLU(S; —hop("s))
ez(‘?S) © (U(’Y(hs))) NG

where o(-) is the Sigmoid function constraining ) to
(0,1), S;; is the SPL between node ¢ and j, ©® denotes the
Hadamard product. This formulation ensures that attention
to nodes beyond the hop(hS) distance decays exponentially,
focusing the head on local information processing. The final
output for head hy is:

a. . (hs) _
&) =

(h ) = ZSoftmax (&;; " ))VShs).

Jj=1

(6)
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Long-Range Attention: To capture dependencies be-
tween any pair of brain regions irrespective of distance, the
long-range heads operate as standard scaled dot-product at-
tention. This facilitates the modeling of global information
integration. For each long-range head h; =1, ..., Hiong:

Z Softmax;

The outputs from all H heads, namely {o(h )} short and
{O(hl)}Hlanq

( (hz))Tk(hz)
Vv dhead

o) — G

Vi

)

are concatenated and passed through a final
linear projection Wy € R%*? to produce the output of the
LSRA layer:

).

This dual-branch design enables the encoder to concur-
rently process information at distinct spatial granularities,
effectively capturing the multi-scale functional architecture
inherent in brain networks.

(hu)

Xis(i1) = Wo (Concat( (hl), ...,0; 8)

Prior-Guided Brain Region Clustering

To bridge the transition from node-level interactions to
community-level insights and simulate brain’s hierarchical
information processing, we introduce the prior-guided clus-
tering module. This module groups the N brain regions
into K latent functional communities in a data-driven yet
biologically-informed manner. To ensure these communities
are neuroscientifically meaningful, this process is guided by
an explicit anatomical prior.

This process begins by predefining a set of learnable com-
munity prototypes C € R4, where each vector c;, rep-
resents the initial embedding of a functional community.
Inspired by Kan et al (Kan et al. 2022), the community
prototypes are initialized using the Xavier uniform method
(Glorot and Bengio 2010) and then orthogonalized with the
Gram-Schmidt process to enhance the spatial separability
of node embeddings from different functional modules. To
ground the clustering process in established neuroanatomy,
we construct a Dice similarity prior matrix, Dpior € RNXK
based on the spatial overlap between input N ROIs and the
K canonical large-scale functional networks.

Let G; be the set of voxels corresponding to the i-th ROI
in atlas, and F}, be the set of voxels for the k-th functional
network. The Dice coefficient between them is:

2|G n Fk|

Doriori- ) = 1 7]

€))
where | - | denotes the number of voxels in a set. Each el-
ement (Dprior)ik thus represents a similarity score between
ROI ¢ and functional network k. This matrix injects valuable
biological knowledge, guiding the model to form communi-
ties that align with known functional systems.

Anatomically Constrained Cluster Assignment: The
core of the module is a cross-attention mechanism that com-
putes the soft assignment of nodes to communities. Here,
the community prototypes C act as queries, while the node



Dataset: ABIDE

Dataset: ADNI

Type Method
ACC(%)T AUC(%)T  SEN(%) 1 SPE(%)1T ACC(%)1T AUC(%)7T  SEN(%)1 SPE(%) 1
ML Methods SVM 60.0£1.78  60.09£1.88 63.15£4.56  57.03+£5.49 67.724£543 56.76+3.88  85.164+3.25  18.37+8.75
Random Forest  55.25+2.71 55.39+2.80 59.554+5.74  51.23+7.57 64234241 53.74+£1.87 80.59+5.46  16.89+7.31
GAT 60.414+2.50 59.40+£2.48 57.96+11.73 59.43+12.31 65.26+3.66 64.22+£3.76 80.30£9.92  49.16£15.96
BrainGNN 57.74+£4.40  62.10+3.38  39.96+24.04 67.23+24.29 62.14+3.09 65.12+3.97 71.96+16.05 41.24+14.17
Graph Neural IBGNN 59.85+2.78  60.67+3.27 64.56+13.88 53.99+16.25 57.56+7.49 57.12+4.93 64.91+21.02 46.03+21.21
Networks BrainGB 63.124+3.24  66.324£2.97 65.10+12.01  60.40+8.55 67.50+3.10 70.81£3.70 82.07£9.21 43.40£11.10
BrainUSL 62.36+2.73  62.80+2.40 59.21+10.03 66.34+8.82  60.08+3.32 49.64+3.23  79.07+£9.34  20.20+10.08
BrainIB 59.4742.52  62.18+2.38  64.98+£7.86  53.26+£6.64  65.73+2.69 65.63+4.15  7537+£4.68  47.14+6.54
VanillaTF 64.33+£2.70  72.97+2.02 62.60+£11.30 66.78+15.80 68.46+2.54 72.39+3.64 80.11+14.26 51.85+19.61
BrainNetTF 67.98+3.63 75.63+2.74 70.31+15.69 61.07+20.43 71.46+3.75 78.02+2.92 83.15+10.72 48.93+16.91
Graph GBT 67.34+2.37 75.674£3.37 6547+13.83 69.86+£14.29 72.20+2.03 77.64£1.50 85.19£4.90  37.50+9.62
Transformer RGTNet 63.35+3.06 68.42+3.50 63.83+10.0  62.88+£7.89  66.591+2.63 64.96+4.65 76.48+3.41  47.50+8.60
Contrasformer ~ 61.70+£3.18  66.75£3.30 54.95+10.37 68.11+8.20 67.80+£1.90 70.60+£2.97 70.50+11.60 39.42+12.85
ALTER 68.87+1.89 75.80+2.63 69.98+6.56  67.40+6.81 73.29+2.41 79.56+2.72  82.78+£9.37  45.20+21.01
BioBGT 63.97+1.74 62.60£1.77 60.91+£6.01  65.71+£5.49 68.90+1.84 59.48+4.50 78.70+15.62 38.21+14.23
Ours BrainHGT 71.33+1.91 76.65+1.45 72.40+£3.96 69.93+2.45 74.27+1.76 80.84+1.38 87.22+5.52  49.29+8.42

Table 1: Performance comparison with existing methods on two datasets (Mean + standard deviation). Bold indicates the best

results and underlining signifies second outcomes.

features X;, € RY*? from the LSRA encoder serve as keys
and values. The attention energy between community k£ and
ROI ¢ is modulated by the Dice prior.

_ (ck Wo)((x15)i Wi )T
' Vdhead

where W, Wy € R%* are learnable projection matri-
ces and dj,..q 1S the dimension of each attention head. This
step ensures that a high feature similarity (&;) is amplified
if it corresponds to a high spatial overlap ((Dpyior)ix), and
suppressed otherwise. To obtain a sparse and more defini-
tive assignment distribution, we apply the Entmax function
transformation to the biased scores. The resulting attention
weights form the soft assignment matrix P € RV <K

© (Dprior>ik (10)

P[i,:] = Entmax((&[:,i])") (11
The updated representation for each community, €, is then
computed by taking the weighted sum of node value vec-
tors: &, = Zfil P ((x15)iWy ), where Wy € R¥*4 s
learnable projection matrices.

Refinement of Community Interaction. To further
model community-level coordination pattern, these aggre-
gated community representations X, = {&;}1£ € RExd
are then refined through a self-attention layer followed by
a feed-forward network. This crucial step models inter-
community dynamics, allowing the framework to capture
complex relationships between the identified functional net-
works. These hierarchical-aware community representations
are then aggregated via mean pooling and passed through a
256-32-2 multilayer perceptron for final classification.

By utilizing a hierarchical architecture that first learns
multi-scale node representations and then aggregates them
into meaningful functional communities. This multi-stage
process produces a final representation that is optimized for
classification while remaining highly interpretable.

Experiments and Results
Materials

We evaluate our proposed method on two commonly used
public fMRI datasets.

ABIDE Dataset. The ABIDE dataset is a database for
ASD research, comprising data from 17 international sites
(Craddock et al. 2013; Liu et al. 2024). In total, 1009 sub-
jects are utilized, including 516 individuals diagnosed with
ASD and 493 normal controls (NC). The brain is parcellated
into 200 ROISs using the Craddock 200 (CC200) atlas (Crad-
dock et al. 2012).

ADNI Dataset. The ADNI dataset is a longitudinal data
study focused on discovering early biomarkers for AD (Pe-
tersen et al. 2010; Zhang et al. 2024b). A cohort of 410 sub-
jects is utilized, including 263 patients with mild cognitive
impairment (MCI) and 147 normal controls, this carefully
matches for both age and sex ratio. The Automated Anatom-
ical Labeling (AAL) atlas (Tzourio-Mazoyer et al. 2002) is
employed to define 90 ROIs for the brain of each subject.

The preprocessing of fMRI data follows the standardized
pipeline (Shehzad et al. 2015; Yan et al. 2016; Esteban et al.
2019). The anatomical prior serves as a key component of
the Prior-Guided Brain Region Clustering module. Here, we
utilize the Yeo 7-network atlas (Yeo et al. 2011) to cluster
the ROIs into eight sub-networks as a prior, they are De-
fault Mode Network (DMN), Frontoparietal Network (FPN),
Limbic Network (LN), Ventral Attention Network (VAN),
Dorsal Attention Network (DAN), Somatomotor Network
(SMN), Visual Network (VN), and Cerebellum and Subcor-
tical Structures (CB & SC).

Experimental Settings

All experiments were conducted on a GeForce GTX 3080
Ti GPU, with implementation in PyTorch v1.12.1. For train-
ing, we employed the Adam optimizer with an initial learn-
ing rate of le-4 and a weight decay of 1e-4. The model was

17621



Datasets | Component | ACC(%) 1T AUC(%)1T SEN(%)1 SPE(%) 1

w/o LSRA  |69.99£3.06 75.294+3.17 71.64£3.95 68.0+5.01
W/0 Dprior | 70.204£1.70 75.78+1.58 70.99+4.66 69.16+5.06
ABIDE | w/o Entmax | 70.0+£2.16 75.73+£1.93 71.95+4.70 67.47+4.83
w/o Clustering | 65.02£1.69 69.85+1.83 70.27£11.6 58.45£11.6

BrainHGT |71.33+1.91 76.65+1.45 72.40+3.96 69.93+2.45

w/o LSRA |72.80£1.89 79.124+1.85 81.74£3.71 47.86+3.98
W/0 Dyprior | 73.1742.44 80.2142.27 83.514+5.33 53.21£9.90
ADNI | w/o Entmax |72.20+2.30 79.65+2.37 80.81+3.49 47.86+5.80
w/o Clustering | 69.88+3.41 73.554+4.23 76.48+4.27 57.14+10.71

BrainHGT |74.27+1.76 80.84+1.38 87.22+5.52 49.2948.42

Table 2: Ablation Studies of different components on two
disease classification tasks. Bold indicates the best results.

trained for 100 epochs with a batch size of 32, and the check-
point that achieved the highest Area Under the Receiver Op-
erating Characteristic Curve (AUC) on the validation set was
selected for the final performance evaluation on the test set.

For each dataset, we followed a consistent evaluation pro-
tocol by randomly splitting the data into 70% for training,
10% for validation, and 20% for testing. This process was
repeated 10 times, with the results averaged to ensure ro-
bustness and reliability.

Comparison with Existing Methods

We compare our BrainHGT with three types of meth-
ods. 1) typical machine learning (ML) methods, including
SVM (with a linear kernel) and Random Forest; 2) GNN-
based methods, including GAT (Velickovic et al. 2017),
BrainGNN (Li et al. 2021), IBGNN (Cui et al. 2022),
BrainGB (Cui et al. 2023), BrainUSL (Zhang et al. 2023)
and BrainIB (Zheng et al. 2024). 3) Graph Transformer-
based methods, including vanillaTF (Kan et al. 2022), Brain-
NetTF (Kan et al. 2022), GBT (Peng et al. 2024), ALTER
(Yu et al. 2024), RGTNet (Wang et al. 2024), Contrasformer
(Xu et al. 2024b) and BioBGT (Peng et al. 2025). For these
models, we used the official open-source code and its default
configuration.

Table 1 summarizes the experimental results on the two
datasets, using Accuracy (ACC), AUC, Sensitivity (SEN),
and Specificity (SPE) as the primary metrics. As can be seen,
our method achieves the best performance across most met-
rics on both datasets, which strongly validates that simulat-
ing the brain’s hierarchical functional structure is a more ef-
fective strategy for learning discriminative features for dis-
ease classification.

In addition, deep learning methods that model brain con-
nectome topology consistently outperform traditional meth-
ods, highlighting the importance of learning features directly
from the network structure. And Graph Transformer-based
methods generally surpass those GNN-based methods by
overcoming the latter’s reliance on local message passing
to better capture global dependencies.

Ablation Studies

We conduct ablation studies on two datasets to validate
the effectiveness of the designed components in BrainHGT.
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Figure 3: Visualizing attention score from the long-short
range attention module.

As shown in Table 2, replacing our long-short range graph
Transformer with a standard Transformer (w/o LSRA) de-
grades performance, demonstrating the crucial role of LSRA
in balancing local and global information processing. Re-
moving the anatomical constraint (w/0 Do) or replacing
Entmax with Softmax for generating soft cluster assign-
ments (w/o Entmax) also leads to a decline in performance,
which confirms the importance of biological guidance and
sparse assignment strategies. Notably, the most significant
performance drop occurs when the entire hierarchical clus-
tering module is removed (w/o Clustering), strongly indicat-
ing that modeling the brain’s hierarchical functional struc-
ture is central to our model’s superior performance.

Interpretability and Visualization

To validate the interpretability of our method, we analyze
correctly classified samples from test set to identify potential
biomarkers and visualize its internal decision-making pro-
cess. Without loss of generality, we use the ABIDE dataset
for illustration.

Analysis of ROI-level Interaction Patterns. Figure 3 vi-
sualizes the long-range and short-range attention from the
LSRA module. The long-range matrix shows a diffuse pat-
tern to capture global dependencies, while the short-range
matrix has a clear block or banded structure focused on lo-
cal interactions. This indicates that the short-range attention
is constrained by the topological decay mask, whereas the
long-range attention operates free from spatial restrictions.
This observation verifies the necessity of LSRA in segregat-
ing information processing across different spatial scales.

Visualization of Learned Functional Communities. To
evaluate the biological plausibility of the learned functional
communities, we first extracted the soft assignment matrix
from the prior-guided clustering module, then assigned each
ROI to its highest-probability community for visualization.
As shown in Figure 4 (a), the resulting functional communi-
ties demonstrate high spatial correspondence with the stan-
dard Yeo-7 atlas, intuitively confirming their biological plau-
sibility. However, this correspondence is not a simple repli-
cation of the anatomical prior but performs a data-driven re-
finement. As shown in Figure 4 (b), the learned clustering
assignment is similar to the Dice prior matrix while incor-
porating disease-relevant characteristics. The model trans-
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Figure 4: (a) Comparison of our learned functional communities with the standard Yeo 7-network. (b) Visualizing soft cluster
assignment matrix and Dice prior matrix. (c) Differential community interactions highlight hyper-connectivity (left) and hypo-

connectivity (right) in ASD.

Datasets|  Aflas | ACC(%)1 AUC(%)1 SEN(%)T SPE(%)1

71.33£1.91 76.65+1.45 72.40-+£3.96 69.93+2.45
70.10£1.38 75.54+1.95 71.12+2.57 68.73+3.97

ABIDE Yeo 7-network

Yeo 17-network

74.27+£1.76 80.84+1.38 87.22+£5.52 49.29+8.42
74.76+1.54 80.63+2.51 88.70+4.18 47.86+5.35

ADNI Yeo 7-network

Yeo 17-network

Table 3: Model performance comparison using different at-
las as the anatomical prior. Bold indicates the best results.

forms the rigid anatomical constraints into a soft assignment
relationship where each ROI can contribute to multiple com-
munities to varying degrees. This flexibility is key to captur-
ing the brain’s functional complexity and achieving an adap-
tive partitioning of the connectome.

Identifying Disease-Relevant Communities. To identify
community-level biomarkers, we analyzed the differential
interaction patterns between the ASD and NC groups by
subtracting their average inter-community attention weights.
As shown in Figure 4 (c), our model discovered patterns
of aberrant connectivity that are highly consistent with
the neuroscience literature. It revealed significant hyper-
connectivity between the cerebellum and cortical associa-
tion networks like the LN and DAN, consistent with exten-
sive findings of abnormal cerebellar-cortical circuits in ASD
(D’Mello and Stoodley 2015; Cerliani et al. 2015). Con-
currently, the model identified prominent hypo-connectivity
primarily on the VAN, with decreased interaction with VN
and DMN, aligning with previously reported findings (Duan
et al. 2017; Anteraper et al. 2020). This automated discov-
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ery of clinically-relevant biomarkers highlights our model’s
potential for understanding complex neurological disorders.

Influence of Anatomical Prior Atlases

To evaluate the model’s robustness to the choice of anatom-
ical prior, we evaluated its performance using both the Yeo
7-network and the more fine-grained Yeo 17-network atlases
(Yeo et al. 2011). As shown in Table 3, both atlases yield
improved performance, confirming the model’s robustness
to atlas selection. In addition, the coarser 7-network atlas
yields superior performance on the ABIDE dataset, whereas
results are largely comparable on the ADNI dataset, this sug-
gests the optimal prior granularity may be task-dependent.

Conclusion

In this work, we propose a novel hierarchical Graph Trans-
former framework that enhances brain network analysis by
simulating the brain’s natural information processing from
local regions to global communities. The long-short range
attention module mitigates the over-globalizing problem by
processing dense local interactions and sparse global con-
nections in parallel, yielding richer node representations.
The prior-guided clustering module leverages anatomical
prior knowledge to guide the dynamic partitioning of func-
tional communities while modeling hierarchical interaction,
significantly improving the model’s biological plausibility
and interpretability. Our method not only achieves superior
performance but also reliably identifies key biomarkers as-
sociated with neurological disorders.
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