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Abstract. Functional and structural brain networks characterize inter-
regional functional coordination and anatomical connectivity, respec-
tively, supporting brain disorder diagnosis and mechanistic studies. How-
ever, most existing multimodal brain network methods rely on simple
feature concatenation, or treat functional and structural networks as in-
dependent graphs during fusion, overlooking their inherent coupling as
revealed by connectome harmonics and thus failing to adequately cap-
ture cross-modal interactions for diagnosis. Specifically, eigenmodes of
the structural connectome form a Fourier-like basis, and functional pat-
terns can be described as energy distributed across these modes. To
address these issues, we propose a Harmonic-Aware Multimodal Brain
Graph Transformer (HAM-BGT) for deep joint modeling of multimodal
brain networks. HAM-BGT introduces a Spectral Graph Filtering-Based
Harmonic Encoding module to inject structural topological priors into
functional connectivity representations. It then stacks multimodal brain
graph Transformer layers to capture local-to-global dependencies. Each
layer is followed by a Harmonic-Aware Filter that adaptively reorganizes
regional features across frequency bands, enabling efficient extraction
of harmonic-driven structure-function coupling patterns. Across multi-
ple diagnostic tasks, HAM-BGT achieves state-of-the-art performance
and identifies disease-relevant biomarkers, offering a harmonic-informed
computational perspective to understand structure-function coupling in
brain disorders.

Keywords: Cross-modal - Connectome harmonics - Transformer - Brain
disorder diagnosis.

1 Introduction

Multimodal neuroimaging is critical for brain disorder diagnosis and mechanistic
studies [I8/4]. Functional brain networks capture the synchrony of neural activity
across regions [20], whereas structural brain networks characterize anatomical
connectivity [I]. Jointly analyzing both modalities helps reveal how structural
wiring shapes and constrains functional coordination, offering complementary
insights for brain disorder diagnosis. Recent studies reveal structure-function
coupling in the connectome-harmonic domain, where spectral decomposition of
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structural connectivity yields Fourier-like connectome harmonics that constrain
functional patterns, and functional variations can be described as energy redis-
tribution in the connectome-harmonic domain [2J3IT4].

In recent years, graph neural networks (GNNs) have been widely used to
exploit complementary information between multimodal brain networks for im-
proved diagnosis [24I1222], yet their local message passing limits capturing long-
range dependencies between distant regions of interest (ROIs). Transformer-
based models instead use self-attention to model global interactions and fuse
multimodal networks globally [25]. However, these methods often overlook that
functional and structural networks represent two views of the same set of ROIs
with inherent connectome-harmonic coupling.

To address these issues, we propose a Harmonic-Aware Multimodal Brain
Graph Transformer (HAM-BGT), explicitly modeling the structure-function cou-
pling via connectome harmonics. HAM-BGT employs Spectral Graph Filtering-
Based Harmonic Encoding to inject structural connectivity priors into functional
representations, then uses multimodal brain graph Transformer layers to capture
short- and long-range regional interactions. A Harmonic-Aware Filter after each
layer enforces connectome-harmonic constraints across frequency bands during
message passing, thereby enabling more accurate diagnosis of brain disorders. In
summary, we make three main contributions:

1. We propose HAM-BGT, the first framework to explicitly model multimodal
brain networks via connectome harmonics, offering a new avenue to investi-
gate structure-function interactions.

2. We introduce Spectral Graph Filtering-Based Harmonic Encoding that jointly
models structural and functional features at the node level, providing expres-
sive initial representations for multimodal brain graph learning.

3. We propose a Harmonic-Aware Filter that enforces connectome-harmonic
constraints during message passing, improving characterization of cross-modal
coupling patterns and brain disorder identification.

2 Method

To address the lack of unified multimodal modeling via connectome harmon-
ics, HAM-BGT employs three synergistic components that progressively inject,
propagate, and refine harmonic constraints, as illustrated in Fig. [T}

(a) Harmonic-Aware Multimodal Regional Features Extraction: Injects struc-
tural priors into functional features via Spectral Graph Filtering-Based Har-
monic Encoding (SGFBHE) to derive multimodal regional representations.

(b) Harmonic-Aware Multimodal Brain Graph Encoder: Stacks L layers, each
combining a multimodal brain graph Transformer layer for capturing both
short- and long-range dependencies among ROIs and a Harmonic-Aware Fil-
ter for enforcing connectome-harmonic constraints during message passing.

(¢) Graph-Level Readout for Downstream Task: Aggregates node embeddings
for downstream task.



HAM-BGT for Brain Disease Diagnosis 3

(a) Harmonic-Aware Multimodal (b) Harmonic-Aware Multimodal (c) Graph-Level Readout
Regional Features Extraction Brain Graph Encoder for Downstream Tasks

©: Concat
] - B ﬁ |
NXN i| Multimodal
fMRI X, € R¥X E 1, m Brain Graph Harmonic| 5
i | Transformer [ | -Aware | = >8>
-> - ser -> HE i a
k. o

x L layers e ————y y

Diagnosis
Decision
Class1 Class

Pathogenic

Nx(N+k) Layer 1 Filter
Xew He chmns

DTI A€ [RN N 2
5pchral Graph Filtering-Based Harmonic Encoding (SGFBHE) Harmonic-Aware Filter
©: Element-Wise Multiplication Feature Feature
@ L E Ag—> E SUM: Column-Wise Sum Transformatlon b Transformation f},
©: Concat T

H!
Parnal Graph Fourier Inverse Graph
Filter hy (1) - @ S15 @ SUM, H%*1 Transform Fourier Transform
| o
S P I @52_, ﬁ SUM Ex’ @ Spectral Filter gy(2) =
Smearing(2) Window(2)
Filter hy(X) »Esk —»@»ﬁ S, E c nx” k AV —> wiO

Assume k=3

Fig. 1. The HAM-BGT framework. (a) Harmonic-Aware Multimodal Regional Features
Extraction; (b) Harmonic-Aware Multimodal Brain Graph Encoder; (¢) Graph-Level
Readout for Downstream Tasks.

2.1 Harmonic-Aware Multimodal Regional Features Extraction

After standard preprocessing, functional magnetic resonance imaging (fMRI)
and diffusion tensor imaging (DTI) data are parcellated into N ROIs using the
same atlas. From the fMRI data, we compute functional connectivity Xy €
RY*N by measuring BOLD signal correlations between ROIs. From the DTI
data, we compute structural connectivity A, € RV*N by counting white matter
fiber bundles between ROIs.

Phase synchrony of neural oscillations between ROIs in functional brain net-
works reflects functional activity and is shaped and constrained by connectome
harmonics [2I3I2TT9]. Motivated by this structure-function coupling, we augment
the functional connectivity X with Spectral Graph Filtering-Based Harmonic
Encoding (SGFBHE) to obtain multimodal regional features. First, following
the definition of connectome harmonics, we conlstruct tlhe graph Laplacian of
the structural connectivity A, as Ly, = I — D 2A,D; 2, where D, is the di-
agonal degree matrix. Second, to mitigate high-frequency noise, we perform a
partial eigendecomposition of Ly and retain the first k eigenvalues A € R* and
their corresponding eigenvectors V € RN *¥ to preserve low-frequency harmonics
that characterize topology while suppressing noise:

(X, V) = Partial EVD(L, k). (1)

Next, considering the sensitivity of eigenvectors to graph topology, we do not
directly use V as the encoding. Instead, for each eigenvalue A; (i =1,2,... k),
we construct a radial basis filter centered at A;:

A=A o i=A)

hi(A) = diag (softmax(— )) € RF>F, (2)

g
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where ® denotes the Hadamard product. Intuitively, each h;(X) acts as a band-
pass filter centered at harmonic frequency J;, isolating the structural connectiv-
ity pattern associated with that particular spatial scale. Spectral filtering then
yields a spatial domain representation of harmonic components around A; as
S; = Vhi(/\)VT € RV*N_ Moreover, since direct structural connections serve
as the primary substrates for harmonic propagation [2], we binarize A; to ob-
tain A, as an anatomical mask, and accumulate harmonic energy along verified
pathways while suppressing spectral leakage to obtain harmonic-specific features:

X = [Sz © As}l € RN? (3)

where 1 € RV is an all-ones vector and ® denotes the Hadamard product.
Concatenating the features from all bands along the feature dimension yields

the encoding HE = [x1||x2||. .. [|xx] € RY**. Finally, we concatenate X; with
the harmonic encoding HE to obtain the multimodal regional features:
X = [X|[HE] € RV*(N+k), (4)

where || denotes concatenation. X jointly characterizes functional features and
harmonic-based structural features in the spatial domain and serves as the input
to the subsequent harmonic-aware multimodal brain graph encoder.

2.2 Harmonic-Aware Multimodal Brain Graph Encoder

The multimodal regional features X are fed into an L-layer encoder. Each layer
comprises a multimodal brain graph Transformer layer and a Harmonic-Aware
Filter detailed below.

Multimodal Brain Graph Transformer Layer To capture long-range de-
pendencies difficult for local GNN aggregation, we treat the brain network as
fully connected and employ multi-head self-attention for message passing:

Ql,m <I<l,rn>T
Vdy,

where Q""" = Wy H'™', K" = W{"H'™', and V'™ = W{"H'"! are the
query, key, and value matrices of the m-th attention head, m € {1,2,..., M},
M is the number of attention heads, H' ™! is the output from the previous layer
with H? = X, and ng, Wlkm, Wl",m, and WY are learnable parameters, dj, is
the first dimension of WZI’(m. The operator || denotes concatenation over heads.
A position-wise feed-forward network and layer normalization are subsequently
applied to obtain the final output of the Transformer layer Hi

Hé = (HM Hfg’m)wlo7 Hé’m = softmax(

m=1

Vi (5)

Harmonic-Aware Filter To constrain the message passing through structure—
function coupling induced by connectome harmonics, we apply adaptive spectral
filtering to the output Hi of each multimodal brain graph Transformer layer:

H' = fu(V (90 (N © VT f (H))), (6)



HAM-BGT for Brain Disease Diagnosis 5

where V' and V perform the graph Fourier transform (GFT) and its inverse
(IGFT), gg:(A) € R**4 is a spectral filter defined over the first k& harmonics,
and ©® denotes the Hadamard product. Prior to the GFT, a gating mechanism
for provides lightweight node-wise adaptivity: fy (H) =H. 0o (HW, +bl),
where W4, € R4 bl, € R? are learnable parameters and ¢’ is the SiLU
activation. The spectral filter is constructed as:

got (A) = Smearing(A) W4 © Window (). (7)

To ensure smooth yet expressive filter responses, each ); is first lifted into a high-
dimensional representation via J Gaussian radial basis functions following [16]:

(N — pg)?

(Ni — M1)2)
T 202

202 )} eR, (8)

Smearing(\;) = [exp (— . exp(—
where {f; }}’:1 are Gaussian centers uniformly spaced over [0, Acyt], and J and
Acut are hyperparameters. Stacking the expansions of all k eigenvalues yields
Smearing(A) € R¥*/ which is then mapped through a bias-free linear projec-
tion W% € R7*4 to produce the filter response. Since only the first k eigenmodes
are retained, a Tukey window Window(\) is applied element-wise to smoothly
attenuate high-frequency components, suppressing ringing artifacts from spec-
tral truncation while preserving low-frequency structural information. After the
IGFT, a linear projection with SiLU activation f912 is applied to align the output
distribution with the input of the subsequent Transformer layer.

2.3 Graph-level Readout and Training Objective

To obtain a graph-level representation for downstream tasks, we apply the Or-
thonormal Clustering Readout (OCREAD) [10] to aggregate the final node rep-
resentations HY € RN *? into a graph embedding z = Readout(H"). A two-layer
MLP then predicts class probabilities: y = Softmax (g(z)) The model is trained
using cross-entropy loss.

3 Experiments

3.1 Experimental Settings

Datasets and Preprocessing Two public datasets were used, the Alzheimer's
disease related dataset ADNI [9] and the autism spectrum disorder related
dataset ABIDE [8]. The ADNI subset contains 468 subjects, including 94 sub-
jects with Alzheimer's disease (AD), 174 subjects with mild cognitive impair-
ment (MCI), and 200 normal controls (NCs). The ABIDE subset contains 95
subjects with both fMRI and DTI, including 42 subjects with autism spectrum
disorder (ASD) and 53 NCs. The brain is parcellated into 90 ROIs according
to the AAL atlas [I5]. fMRI data are preprocessed using the DPARSF tool-
boxE|[23] to extract BOLD signals from each ROI, while DTI data are processed

! mttp://rfmri.org/DPARSF
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Table 1. Comparative Experiments of Classification Tasks on Different Datasets.

Dat

asets (Tasks)

ABIDE (ASD vs. NC)

ADNI (AD vs. NC)

Modal

Method

ACC(%) SPE(%) SEN(%) AUC(%)

ACC(%) SPE(%) SEN(%) AUC(%)

DTI

BrainGNN
BrainIB
BrainNetTF
ALTER

60.04£4.1 58.548.1 61.944.0 625416
61.1141.360.4437 61.944.061.4124
65.341.5 66.243.5 64.242.3 64.8445
66.414.2 64.243.6 69.245.6 68.413.7

70.14+2.8 71.043.4 68.0+6.9 68.3+1.0
70.441.3 70.042.5 71.342.7 70.842 5
74.542.6 73.54£4.2 76.545.0 74.840.8
75.544.8 76.046.8 744426 75.941.7

fMRI

BrainGNN
BrainlB
BrainNetTF
ALTER

62.142.0 62.242 0 61.944.0 60.812.5
63.141.9 62.242 0 64.212.3 64.314.2
69.542.1 68.014.1 71.416.5 68.212.6
71.641.6 71.641.5 71.744.6 709441

72.541.7 73.542.2 70.245.8 74.542.7
73.541.3 73.042.7 74.545.6 73.0125
76.941.8 75.043.1 80.843.1 77.643.0
78.241.6 78.543.8 77.616.1 76.2121

Both

IMS-Inter-GCN|
BrainNN
RH-BrainFS
Cross-GNN
MME-GCN
Ours

68.441.7 71.641.5 64.242.3 67.313.8
69.443.4 73.544.9 642423684119
71.64+1.6 71.641.5 7T1.74+4.6 71.543.4
73.641.4 71.641.5 76.141.5 72.342.1
73.8:{:39 75.6:‘:40 71.7:&45 74.1:&2,4
78.941.181.141076.141581.449

77.240.9 78.042.7 75.543.2 76.411.6
75.942.4 76.542.9 74.541.8 72.844.0
76.941.8 76.542.9 77.744.1 786415
77.944.0 78.543.4 765455 77.2421
79.6+2.3 78.044.5 82.942.9 79.043.1
84.711.385.512.182.944.784.241 4

Datasets (Tasks)

ADNI(AD vs. MCI)

ADNI(MCI vs. NC)

Modal

Method

ACC(%) SPE(%) SEN(%) AUC(%)

IACC(%) SPE(%) SEN(%) AUC(%)

DTI

BrainGNN
BrainIB
BrainNetTF
ALTER

63.842.3 64.4422 62.843.1 63.641.9
64.61+1.8 65.042.1 63.941.6 63.612.3
67.241.7 65.541.7 70.242.5 67.342.2
69.041.5 70.141.5 67.042.3 66.912.3

60.7+1.5 62.041.1 59.242.4 60.012.7
60.944.1 62.046.0 59.745.2 61.713.8
62.043.2 62.044.8 62.144.9 60.542.0
62.3+1.6 63.542.2 60.945.1 62.043.3

fMRI

BrainGNN
BrainlB
BrainNetTF
ALTER

66.841.9 67.842.1 64.946.2 65.1431
68.342.3 69.042.5 67.042.3 69.112.0
70.54£1.7 70.144.0 71.342.7 71.441.7
71.343.1 70.143.0 73.543.3 72.541.9

61.243.3 62.544.7 59.845.6 60.641.7
61.041.3 62.011.1 59.842.1 61.212.2
63.6+0.6 65.0+0.0 62.141.2 64.140.4
64.241.9 63.543.8 64.942.7 64.443.9

Both

IMS-Inter-GCN|
BrainNN
RH-BrainFS
Cross-GNN
MME-GCN

71.640.8 71.342.1 72.342.3 72.543.2
70.642.7 70.7+3.6 70.346.7 T1.412.7
71.742.0 73.042.3 69.241.7 7T1.141 2
72.841.8 72.443.073.4438 75.341.0
72.840.8 7T1.843.2 74.544.1 72.741.9

Ours

75.741.975.341.776.642775.141.7

66.3+2.6 65.044.7 67.8+3.9 68.412.0
65.842.3 66.542.2 64.942.4 65.041.7
66.8+2.2 68.5+2.9 64.944.6 68.041.8
67.142.1 65.542.1 69.042.2 66.342.4
66.3+2.3 66.5+3.4 66.143.6 67.21+1.9
70.941.870.043571.842572.4435

using PANDA [5], where deterministic fiber tracking is applied to compute the
number of white-matter fibers between ROIs.

Implementation details and evaluation metrics All experiments are im-
plemented in PyTorch and conducted on an NVIDIA RTX 3090 GPU. We adopt
5-fold cross-validation with a class-balanced 4:1 train/test split. The model is
trained for 300 epochs using the AdamW optimizer [I3] with a learning rate of
1 x 10™*. We use k=40 eigencomponents, M=2 attention heads, J=50 Gaussian
radial basis functions, and set A.yt to 1.1 times the largest eigenvalue \g. Evalu-
ation metrics include accuracy (ACC), sensitivity (SEN), specificity (SPE), and
the area under the ROC curve (AUC).

3.2 Comparison Experiment

Baseline methods include unimodal approaches BrainGNN [I1], BrainIB [27],
BrainNetTF [I0], and ALTER [26], and multimodal approaches BrainNN [29],
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MS-Inter-GCN [22], RH-BrainFS [25], Cross-GNN [24], and MME-GCN [12].
As shown in Table[I] the proposed method achieves the highest accuracy on all
datasets, demonstrating both effectiveness and robustness. Specifically, on the
ASD vs. NC task, HAM-BGT achieves an accuracy of 78.9%, outperforming the
best unimodal methods (DTI: ACC=66.4%, fMRI: ACC=71.6%) as well as the
best multimodal baseline (ACC=73.8%). Similar improvements are observed in
other tasks. These gains are primarily attributed to the ability of the proposed
Transformer-based framework to effectively capture both short- and long-range
dependencies in multimodal brain networks, while better characterizing cross-
modal interactions under connectome-harmonic constraints.

3.3 Ablation Studies

Ablation studies are conducted on the ASD vs. NC and AD vs. NC tasks to
evaluate the contribution of each component in HAM-BGT, with results shown
in Fig. [2l For the SGFBHE module, removing the encoding and using only
unimodal functional connectivity as input, or replacing it with a Laplacian en-
coding, leads to performance drops exceeding 5%. This indicates that the SGF-
BHE module enables stable early fusion of multimodal features. Removing the
Harmonic-Aware Filter also results in degraded performance, which suggests that
this module, by adaptively reallocating spectral bands of regional features af-
ter the Transformer-based message passing, can effectively capture multimodal
brain network interactions under connectome-harmonic constraints and further
enhance diagnostic performance.

Value (%)

AcC SPE SEN AUC ACC SPE SEN AUC

a) ASD vs.NC b) AD vs.NC

Fig. 2. Ablation Study Results on Different Datasets.

3.4 Interpretation Analysis

Discriminative ROIs Analysis To assess the impact of different ROIs in clas-
sification, we perform a t-test to measure node importance and select the top
10 most discriminative ROIs for each task, as shown in Fig. [§(1). For the ASD
vs. NC task, the most discriminative ROIs include the precuneus (PCUN) and
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Fig. 3. Visualization of (1) discriminative ROIs and (2) discriminative connections.

rectus gyrus (REC). Prior studies have reported that these ROIs are involved
in social cognition and self-referential processing, and their activation is reduced
when individuals with ASD infer their own or others' mental states [17], which
is consistent with our findings. For the AD vs. NC task, prominent ROIs include
the angular gyrus (ANG) and hippocampus (HIP), reflecting characteristic im-
pairments in memory and semantic processing in Alzheimer's disease [28][7].

Discriminative Connections Analysis We further evaluate the attention
maps from the multimodal brain graph Transformer layers using a standard t-
test and display significantly different connections (p-value < 0.01) in Fig. [3](2).
By counting the important connections associated with each ROI, we observe
that in the ASD vs. NC task these connections and ROIs are mainly distributed
in the frontal lobe with dense connections involving the superior frontal gyrus
(SFG) and the middle frontal gyrus (MFG) [6]. In the AD vs. NC task, im-
portant connections and ROIs mainly involve SFG, consistent with previous

findings [28)].

4 Conclusion

This work proposes a Harmonic-Aware Multimodal Brain Graph Transformer
(HAM-BGT), which leverages the complementary information of functional and
structural connectivity from a connectome-harmonic perspective for brain disor-
der diagnosis. HAM-BGT comprises two core modules: a Spectral Graph Filtering-
Based Harmonic Encoding module that jointly models structural and functional
features from a harmonic viewpoint to obtain more expressive multimodal re-
gional representations; and a Harmonic-Aware Filter module that introduces
connectome-harmonic constraints into message passing to effectively capture in-
teractions across multimodal brain networks. Experiments on ABIDE and ADNI
demonstrate that the proposed method outperforms state-of-the-art approaches
and identifies meaningful brain network biomarkers.
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