Information Fusion 135 (2026) 104426

Contents lists available at ScienceDirect -

Information Fusion

journal homepage: www.elsevier.com/locate/inffus Vi

Full Length Article

Learning brain structure-function interactions via modularity-guided
attention-based graph neural networks

b,*

Jing Xia®", Yi Hao Chan b’ Jagath C. Rajapakse 2 >

2 Key Laboratory for Biomedical Engineering of Ministry of Education, Zhejiang Key Laboratory of Intelligent Sensing Technology and Advanced Medical Instrument,
College of Biomedical Engineering and Instrument Science, Zhejiang University, Hangzhou, China
b College of Computing and Data Science, Nanyang Technological University, Singapore

b Deepank Girish”, Conghao Wang

ARTICLE INFO ABSTRACT

Keywords:

Structure-function coupling
Functional and structural connectivity
Fluid cognition

Parkinson’s disease

Incorporating brain structure-function interactions has been shown to enhance brain disorder diagnosis and
cognitive prediction. However, current studies primarily focus on one-to-one interactions between correspond-
ing regions of interest (ROIs), overlooking more complex interactions across different ROIs. Since ROIs within
the same module exhibit more similar neural mechanisms of structure-function coupling compared to those in
different modules, modular-level homogeneity provides stronger biological guidance for learning complex in-

Schizophrenia
Modularity teractions. Though leveraging this guidance can further improve prediction performance, such studies remain
Attention scarce. To address this gap, we propose a modularity-guided attention-based graph neural network that ex-

tracts and emphasizes key structure-function interactions across ROIs relevant to specific tasks. Specifically, a
modularity-guided interactive network is designed to define modularity-specific convolution operations learning
interactions across structural and functional ROIs based on modular homogeneity. A modular interactive edge
attention model is designed to highlight the most salient interactions by using a cross-attention mechanism.
These identified interactions serve as edges connecting structural and functional ROIs, forming a unified graph.
A graph transformer-based approach leverages this graph for prediction. Experimental results on three datasets
demonstrate our model significantly outperforms nine state-of-the-art multi-modal methods in predicting fluid
cognition, as well as in classifying Parkinson’s disease and schizophrenia. Attention maps show that the visual
function engaging with default mode and frontoparietal structures is key to predicting fluid cognition, while di-
verse functional modules interacting with the subcortical structures are linked to Parkinson’s disease. Subcortical
and visual-related structures interacting with the functional modules related to sensory and executive function
are associated with schizophrenia.

1. Introduction arise without a direct structural connection [11-13], suggesting that

structure-function interactions extend beyond a straightforward corre-

The brain’s functional and structural organizations are character-
ized by the human connectome as large-scale, complex brain networks
[1]. Such connectomes heavily rely on neuroimaging techniques for ac-
curate characterization. Brain functional connectivity (FC) represents
temporal relationships among blood-oxygenation-level-dependent sig-
nals observed via resting-state functional MRI (rs-fMRI). In contrast,
brain structural connectivity (SC) signifies the integrity of white mat-
ter pathways, assessed through diffusion MRI (dMRI). Prior research in-
dicates that FC is typically strongest between regions of interest (ROIs)
with direct structural connections [2-4]. Changes in the brain structure-
function relationship are linked to alterations in cognition [5-7] and the
onset of brain disorders [8-10]. Most functional connections, however,
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spondence between paired ROIs across the two modalities [14,15]. In-
teractions across brain ROIs give rise to intricate mappings between
brain function and structure, supporting the brain’s large-scale neu-
ral communication system [16,17]. Examining these interactions across
ROIs can provide deeper insights into the structure, supported by white-
matter fiber tracts, that underlie brain function, thereby facilitating the
identification of subtle connectivity disruptions. By integrating both
structural and functional modalities and moving beyond simple pair-
wise interactions, analyses of brain disorders and cognition can be sig-
nificantly enhanced.

The human brain is structured in a modular system [18], with each
module comprising several ROIs. ROIs within the same module are
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densely connected and strongly coupled internally, while they are more
weakly coupled with ROIs in other modules [19]. A popular modular
framework organizes the brain into different modules according to func-
tional or structural similarities, such as limbic, frontoparietal, dorsal at-
tention, visual, ventral attention, somatomotor, and default mode mod-
ules [20]. Structure-function interactions show homogeneity [21] at the
modular level, with ROIs within the same module displaying more simi-
lar structure-function coupling neural mechanisms than ROIs across dif-
ferent modules. Thus, using modular-level guidance to capture these
complex interactions enhances biological relevance. However, this ap-
proach is often overlooked in current studies.

Since brain networks can be represented as graph structures, lever-
aging graph neural networks (GNNs) for multi-connectome analysis
can enhance the exploration of high-level and intricate representations,
leading to improved performance [5]. For instance, the Multi-model
Graph Convolution Network (M-GCN) [22] applies a filter that acts topo-
logically on the FC matrices, guided by the subject-wise structural con-
nectomes. Multi-view GCN (MV-GCN) [23] employs two separate GCNs
for two modalities to learn the modality-specific task-relevant embed-
dings, which are then combined for prediction. Hypergraph neural net-
work (HGNN) [24] encodes multi-modal connectivity using hyperedges
to represent complex relationships. Although these methods combine
features from both modalities, they do not consider the interactions be-
tween FC and SC.

To address this, Joint-GCN [25] is proposed to fuse structural and
functional graphs by adding edges between corresponding regions, fol-
lowed by GCN to analyze the fused graph. Cross-GNN [26] captures
inter-modal dependencies through dynamic graph learning and mutual
learning. Moreover, the modality-specific and joint interaction GCN
(MSJ-GCN) [27] aims to leverage both modality-specific features and
structure-function interactions between corresponding ROIs for pre-
diction tasks. However, these methods primarily focus on one-to-one
structure-function coupling between corresponding ROIs and fail to cap-
ture the complex interactions across different ROIs. In reality, structure-
function coupling in the brain is far more intricate than simple one-
to-one interactions. Additionally, modular-level homogeneity provides
more biologically meaningful guidance for capturing structure-function
interactions. Therefore, a method incorporating modular-level homo-
geneity and capturing complex interactions across different ROIs is
highly desirable.

Building on this, we introduce a modularity-guided interactive
attention-based graph neural network (MGIA-GNN) designed to capture
complex structure-function interactions, leveraging modular homogene-
ity to highlight key interactions associated with brain diseases and cog-
nition. In MGIA-GNN, we develop a modularity-guided interactive net-
work to capture interactive strengths across ROIs between two modali-
ties via modularity-specific convolution operations, simulating the cou-
pling homogeneity within modules and heterogeneity across modules.
Higher interaction strength indicates a larger coupling strength between
function and structure. Next, a modular interactive edge attention model
is designed to extract the interactions that are most important for the
task based on attention weights. By incorporating the highlighted in-
teractive strengths as edges interlinking all ROIs between the func-
tional and structural graphs, we construct a unified graph that combines
the structural and functional connectivity features as well as structure-
function interactions across different ROIs. Finally, a graph transformer-
based method is applied to this unified graph for the final prediction.

To assess the effectiveness of MGIA-GNN, we perform experiments
on three datasets to predict fluid cognition and classify Parkinson’s dis-
ease (PD) and schizophrenia (SZ), respectively. We compare our frame-
work against two state-of-the-art graph transformer-based models, in-
cluding HGT [28] and GPS [29], as well as seven state-of-the-art graph-
based multi-modal fusion methods, such as M-GCN [22], HGCN [24],
Cross-GNN [26], MV-GCN [23], Joint-GCN [25], MSJ-GCN [27], and
IMG-GCN [30]. The experiments demonstrate that MGIA-GNN signifi-
cantly outperforms all nine state-of-the-art graph-based methods on SC
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and FC. Additionally, MGIA-GNN provides interpretable attention maps
that reveal large-scale structure-function interactions, particularly the
visual functions interacting with the frontoparietal and default mode
structures, as being most salient to predicting fluid cognition. Abnor-
mal interactions between widespread functional modules and subcorti-
cal structures are most salient for Parkinson’s disease, while subcorti-
cal and visual-related structures interacting with the sensory and ex-
ecutive function related functional modules are the most salient for
SZ.
Overall, this study has four contributions:

1

—

We develop an innovative modularity-guided interactive network
to capture structure-function interaction strengths across ROIs via
modularity-specific convolution operations, which simulate the ho-
mogeneity mechanism within modules.

We design a modular interactive edge attention model that incorpo-
rates cross-attention to identify the most salient interactions for the
tasks based on attention weights.

We construct a modularity-guided interactive graph that integrates
cross-ROI interactions between SC and FC, embedding the extracted
coupling strengths as inter-edges linking all ROIs of SC and FC.

4) We reveal, for the first time to the best of our knowledge,
the structural-functional interaction patterns associated with func-
tional signal transmission across ROIs for fluid cognition, PD, and
SZ.

2

—

3

=

2. Methodology

The overall architecture, illustrated in Fig. 1, leverages the brain’s
FC and SC within a modularity-guided interactive network to estab-
lish modularity-specific convolution operations, capturing interactions
across ROIs. At the same time, a modular interactive edge attention
model is applied to identify the most salient interactions. Multiplying
the interactions by the edge attention weights, a modularity-guided in-
teractive graph is built, integrating interaction strengths with the SC and
FC graphs. This enhanced graph is then fed into a graph transformer-
based network for downstream tasks.

2.1. Graph definiations

The brain connectome is naturally represented as a graph, where
brain ROIs act as nodes and the connections between these ROIs serve
as edges. For each subject, we construct an FC graph G/ = (V/, A/ X/).
A/ € RVNXN is the adjacency matrix, defined as a thresholded FC matrix
where the highest 10% of positive edges [31] are retained per node to
ensure connection sparsity. The node features are represented by X/ =
{xlf , xg Yy xjf\,} € RV*D  with each x,{ € R'™P indicating the functional
feature vector of node n with dimension D. Similarly, a SC graph G* =
(V*,A%,X?%) is constructed, where V* and V/ represent the same set of
ROIs. The adjacency matrix A* € RV*N is derived from dMRI image,
and the node feature X* = {x},x5,....x} } € RN*D, with each x$ € RIXP
indicating the structural feature vector of node n with dimension D.
Using the connectivity profile as node features has been reported to be
effective in several studies [31,32]. Thus, the feature of each node in G/
or G* is defined by its connectivity with all nodes, making the feature
dimension D = N.

2.2. Modularity-guided interactive network

In this network, we extract the interactions between function and
structure across ROIs, guided by the brain’s modular organization. The
brain is divided into M modules, with module i containing N; ROIs,
where ¥¥ N, = N. Given X* and X/, we construct C; ; by concatenat-
ing, in a row-wise manner, every functional node feature in module i
with every structural node feature in module ;. This yields the follow-
ing modularity-specific feature matrix:
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Overall framework of the proposed MGIA-GNN
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Fig. 1. Overall framework. The MGIA-GNN framework consists of a modularity-guided interactive network leveraging SC and FC to establish modularity-specific
convolution operations, capturing interactions across ROIs. Following this, a modular interactive edge attention model identifies the most salient cross-ROI interactions
between the two modalities. A modularity-guided interactive graph is then constructed by merging the interaction strengths with the SC and FC graphs. This graph
is subsequently processed by a graph transformer-based network (GPS) for downstream prediction tasks.
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Here, x{ | € R*D and x| € R!*D refer to the functional node feature
and structural node feature of the first ROI in modules i and j, respec-
tively. After concatenating all functional and structural node features,
we achieve M2 modularity-specific features. For each C; j» a modularity-
specific convolution operation is defined using a filter b;;, with a filter
size of 1 x 2D with stride 1 and no padding, followed by a rectified linear
unit (ReLU), as follows:

pij = ReLU(C;; *bij)eRN’NfXI,i,jE {1,.M}. (2)

Here, * represents the convolution operation. Thus, p;; has dimension
N;N; x 1, with one scalar corresponding to the interaction between each
functional-structural ROI pair. This design is motivated by our hypoth-
esis that ROIs within the same module pair tend to share more simi-
lar structure-function coupling patterns than ROIs belonging to differ-
ent module pairs. Therefore, for each module pair (i, j), the same fil-
ter is shared across all ROI pairs within that block, making the opera-
tion equivalent to a shared linear projection over each ROI-pair feature
within modules i and j. Therefore, the operation is equivalent to a shared
linear projection over each ROI-pair feature in module i and module ;.

Leveraging this intra-modular coupling homogeneity and inter-
modular coupling heterogeneity, we define M? convolution filters for
M? modularity-specific features. The cross-ROI interactions P for the en-

tire brain are obtained by concatenating the interactions from all mod-
ules, as follows,

2
P=[p;:pis--iPyyi - Puml €ERY X0 j e (1, M} 3
2.3. Modular interactive edge attention model

To explicitly estimate cross-modality ROI-to-ROI interaction be-
tween a functional module and a structural module and highlight the
most salient interactions of each module in regression or classification,
we introduce a modular interactive edge attention model inspired by
the cross-attention mechanism [33]. Our attention model consists of
M? multi-head cross-attention (MMCA) components that generate the
attention weights for every pair of functional and structural modules,
as shown in Fig. 2. For each MMCA, given the functional node features

S
Xi
x/
of all ROIs L/ = i2 [ RNi*P from the module i, and structural
s
XiN,
x;‘l
x5
node features of all ROIs L‘j‘. = 72 € RY*P from the module j,
Xin,

cross-attention is performed between Ll.f and L7 as,

Qf}:Lifwg’h,i,je{1,‘,M},he{1,...,H1}, C)]
Kf;=L;W‘.I§’h,i,je{1,.,M},he{1,...,Hl}. (5)
Here, Wg'h € RDX(D/H)) and W,.I;’h € RPX(D/H)) are learnable parame-
ters for linear projection, and H, is the number of attention heads.
Q! e RNX(/HD) and K! € RNi*P/HD represent the query and key in

h-th attention head, respectively. To preserve interpretability and keep
the parameterization lightweight, the attention weight s;; is computed
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Modular Interactive Edge Attention
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Fig. 2. The architecture of modular interactive edge attention model. For every pair of functional and structural modules, a multi-head cross-attention (MMCA) is

performed to capture the modular attention weights.

as:
Sij = average(E,.lj, Eizj, s Eil;‘ ), (6)
QM (K")T
EI'; = sof tmax(——= 7
D/H,

Ef; denotes the attention weight from h-th attention head, and s;; €
RN>N; indicates the attention weights for the interactions across all
structural ROIs in module j and functional ROIs in module i. To ensure
the dimensions of the attention weights are consistent with the num-
ber of interactions across all ROIs between two modules, we flatten s;;
into s:.j e RNiN;X! Higher values in the attention weight indicate more
important interactions.

The overall attention weight S is obtained by concatenating the at-
tention weight for each pair of modules, as follows:

S =[8),58,0 038,138y ] € RV j € (1, M), ®)
The final cross-ROI interaction O is defined as:
0=SQ®P, (C))

where ® represents element-wise multiplication. This multiplicative op-
eration makes the resulting interaction matrix more interpretable: a
strong final interaction is produced only when both the base interaction
strength and the attention weight are high. In this way, the operation
enhances interactions that are likely to have a greater impact on the out-
come while suppressing those with relatively small contributions. The
resulting matrix, O can then be reshaped into an N x N matrix, captur-
ing the interactive strengths between the N functional nodes and the N
structural nodes.

2.4. Modularity-guided interactive graph construction

Rather than simply concatenating functional and structural graphs,
we integrate G/ and G* into one graph G = (V,A,X), by encoding

structure-function interactions. The node set of the unified graph V =

v/
RZNXD  To link V/ and V* across nodes, we insert the interactive
strength matrix O as N x N edges that connect all nodes in V/ and
V5. The resulting adjacency matrix is:

s T
A= A%, 0
0,A/

s XS
[V ] has a size of 2N, resulting in a node feature matrix X = [X f] e

c RZNXZN' (10)

This integration allows functional and structural profiles across all ROIs
to interact, enabling unified graph analysis through a single graph neu-
ral network.

2.5. Graph transformer-based method

To fully capture features from the modularity-guided interactive
graph, we apply a general, powerful, and scalable graph transformer
(GPS) [29] for the final prediction. GPS combines the advantages of
transformer methods with GNN-based methods in each layer, effectively
learning signal representations over nodes while mitigating the potential
overfitting problem in message passing. Specifically, given the unified
graph G, a node embedding X' € R2V*D over nodes is updated by:

X' = GIN(A, BN(X))), 1)

where BN represents the batch normalization operator, and GIN refers to
the graph isomorphism network [34]. Compared to traditional GCN, GIN
adopts the multi-layer perceptron and introduces the perturbation of
central nodes, enhancing its flexibility in capturing complex graph struc-
tures. Meanwhile, a transformer-based node embedding X" € RZ¥*D js
obtained as:

X" = concatE'',E?, .. . E )W, 12)
Q’h(K’h)T

\/D/H,

E'" = softmax( Wt he(l,. . H}, 13)
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where H, is the number of attention heads, and W' & RP*P is a learned
linear projection to produce the final node embedding. Q'*, K'#, F'*
are the key, query, and value matrices in A-th attention head, with size
2N x (D/H,), defined as:

Q' = XW'eh, a4
K" =XWKh (15)
Fh=XWFh (16)

Here, WQh g RDX(D/Hy)  W'Kh g RDX(D/Hy W' Fh ¢ RDX(D/Hy) are
learnable parameters for the h-th head.

By combining the transformer-based and GIN-based node embed-
dings, the final node embedding Z is computed as:

Z=7 +MLPZ); a7
7 =BN(X +X)+BNX +X). 18)

M LP, is defined as two fully connected layers with dropout and ReLU
functions to select the more efficient node embeddings from Z’.

Here, GPS is applied to a unified graph whose node set consists of
both structural and functional ROIs. The modality distinction is pre-
served explicitly by the graph construction itself, and GPS does not treat
the two modalities as a completely homogeneous graph input. Rather,
it operates on a unified graph with modality-specific structural organi-
zation.

2.6. Output layer

Finally, we apply a readout layer that flattens Z, followed by an MLP
layer, to generate the predicted outcome. The MLP layer consists of a
fully connected layer with dropout and a ReLU function, followed by
another fully connected layer to produce the output score, denoted as
M LP,, as follows:

U = M LP,(Flatten(Z)). 19)

Here, because all subjects share the same atlas-defined ROI ordering,
flattening preserves node identity explicitly and allows the downstream
predictor to use region-specific information directly. In our setting, this
is particularly important because biomarker discovery depends not only
on global graph summaries but also on retaining the correspondence
between each embedding and its anatomical region. For classification,
a softmax function is applied after the final fully connected layer to
produce the output label. The loss function is defined as cross-entropy
for classification tasks, and root mean square error (RMSE) between the
true and predicted values for regression tasks.

2.7. Implementation details

All the models were implemented using Python 3.8 and PyTorch
1.12 on an NVIDIA A100 GPU. 5-fold cross-validation was performed
to evaluate model performance. We calculated the mean measurement
and standard deviation across ten runs. In order to avoid overfitting,
we introduced dropout layers after the readout layer and between two
fully connected layers in the output layer, with a dropout rate of 0.5.
Moreover, we adopted /,-norm regularization with a weight setting of
1 x 1073 and employed early stopping to prevent overfitting. The Adam
optimizer was used, with the batch size set to 5. For the regression task,
the learning rate and number of epochs were set to 1 x 1073 and 20, re-
spectively. We employed Pearson’s correlation coefficient, RMSE, and
mean absolute error (MAE) to measure the difference between the real
and predicted values of testing samples. For the classification task, the
learning rate and number of epochs were set to 1 x 10~ and 25, respec-
tively. We employed sensitivity, accuracy, and specificity to quantify the
classification performance.
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3. Experiments and results
3.1. Dataset

We adopted the Human Connectome Project (HCP), Parkinson’s Pro-
gressive Markers Initiative (PPMI), and Center for Biomedical Research
Excellence (COBRE) datasets to assess our model’s effectiveness in pre-
dicting fluid cognition and classifying Parkinson’s disease (PD) and
schizophrenia (SZ), respectively. To evaluate our method for fluid cog-
nition prediction, we used data from 839 subjects from the Human Con-
nectome Project (HCP) [35], including corresponding T1w, rs-fMRI, and
dMRI images, to evaluate the proposed method. The dMRI and rs-fMRI
images were preprocessed using the brain diffusion toolkit within the
FSL toolbox [36] and the DPARSF 5.1 advanced toolkit, respectively.
Fluid cognition scores, ranging from 87 to 147, were obtained from the
phenotype list. For Parkinson’s disease classification, we used a dataset
of 147 subjects (72 normal controls and 75 patients) from the PPMI
dataset [37], including corresponding T1w, dMRI, and rs-fMRI images.
For schizophrenia (SZ) classification, we used a dataset of 130 subjects
(72 normal controls and 58 patients) from the COBRE dataset [38], in-
cluding corresponding T1w, rs-fMRI, and dMRI images. Both the PPMI
and COBRE datasets were processed using the same pipeline. Specifi-
cally, the fMRI images were processed using fMRIPrep [39]. The raw
dMRI images were processed via the pipeline in Clinica [40], and SC
matrices were obtained by performing probabilistic tractography using
the FSL toolbox [36]. Each SC was standardized by log transformation.
The FC was constructed by computing the Pearson correlation coeffi-
cient between paired ROIs. Both SC and FC networks were constructed
with 116 ROIs according to the Anatomical Automatic Labeling (AAL)
protocol [41], covering cortical and subcortical regions.

An adapted version of the Yeo 7-network parcellation [20] was ap-
plied for defining functional and structural modular systems. This modi-
fication introduced an additional subcortical module, including the cere-
bellum, basal ganglia, thalamus, and vermis, resulting in eight modules
(M = 8) considered in our study. Specifically, each AAL ROI was rep-
resented by its constituent voxels in MNI space, and each of the eight
modules was represented by a binary module mask derived from the
adapted Yeo-7 partition plus the additional subcortical module. The cor-
tical AAL ROIs were assigned to the Yeo-7 functional modules based on
voxel-wise spatial overlap in the same MNI space, whereas the subcor-
tical AAL ROIs were retained as an additional subcortical module. For
each cortical AAL ROI and each Yeo module, we computed the overlap
by counting the number of voxels simultaneously labeled as ROI in the
AAL atlas and as module m in the Yeo atlas. Each cortical ROI was then
assigned to the Yeo module with the largest voxel overlap. As a result,
our final modular system consisted of seven cortical modules derived
from Yeo-7 plus one subcortical module defined from the AAL atlas.

3.2. Hyperparameter setting

In our model, N and D are equal to the number of ROIs, 116. Both the
number of attention heads H; and H, are set as 4 and 4, respectively.
The convolution filter has a kernel size of 1x232. The dimension of
node embedding of the GPS is set as 116. The number of hidden nodes
in the fully connected layers of M LP, for GPS is set to 232 and 116,
as in [29]. The number of hidden nodes in the fully connected layers of
M LP, in the output layer is empirically set to 256 and 1, respectively.
For the classification task, the number of hidden nodes of the two fully
connected layers in the output layer is set to 256 and 2, respectively.

For the baseline methods, the core architectural and training hyper-
parameters of the baseline models were kept consistent with their origi-
nal settings. The final output layer is adjusted to suit our application. In
the case of HGT and GPS, the number of attention heads was all set as 4,
the same as our model. The output layer consists of two fully connected
layers with 256 and 1 hidden nodes, respectively, along with a ReLU
activation function and a dropout layer. In M-GCN, the layer sizes were
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set to 32 channels for the connectome embedding, and 256 for the graph
embedding, followed by three fully connected layers with 128, 30, and 1
hidden nodes, respectively, as set in [22]. In HGNN, a two-layer hyper-
graph network was applied, with the feature dimension of the hidden
layer set to 16. In the MV-GCN model, the order of Chebyshev polyno-
mials and output feature dimensions of the graph convolutional layers
were set to 30 and 128, respectively, followed by the ReLU activation
function, and three fully connected layers with 1024, 116, and 1 hidden
nodes, respectively, as described in [23]. In the Joint-GCN, the input
and output dimensions of the one-layer GCN were set to 116 and 116,
respectively, followed by a scaled exponential linear unit (SELU) activa-
tion, mean pooling, and batch-normalization as described in [25]. Three
fully connected layers with 3712, 256, and 1 hidden nodes, respectively,
were utilized. In Cross-GNN, the size of node embedding of GCN was set
as 116, and the number of hidden nodes of three fully connected lay-
ers was set as 128, 30, and 1, as detailed in [26]. In the MSJ-GCN, the
dimension of node embedding of GCN was set as 64. The kernel size of
the convolution filter was set to 1x128. In the IMG-GCN, the dimension
of node embedding of GCN was set as 64, and the bottleneck ratio was
set as 2. Learning rates were configured according to their original pub-
lications. RMSE was used as the loss function for prediction tasks, while
cross-entropy was applied for classification. For classification, the final
fully connected layer was set to have 2 hidden nodes.

3.3. Comparison with baselines

We comprehensively compared our results against nine state-of-the-
art methods that leverage multi-modal features for fluid cognition pre-
diction, as well as PD and SZ classification. These methods include:

1) Heterogeneity Graph Transformer (HGT) [28]: HGT is a graph
transformer method that applies attention to the features of each node
and edge type in a heterogeneous graph.

2) General, Powerful, Scalable Graph Transformer (GPS) [29]:
GPS combines the strengths of traditional transformers with spatial
graph convolution in each layer to effectively learn signal representation
over nodes.

3) Multi-modal GCN (M-GCN) [22]: M-GCN introduces a filter that
acts topologically on the FC matrices, guided by subject-wise structural
connectomes.

4) Hypergraph neural network (HGNN) [24]: Multiple edges,
known as hyperedges, can exist between each pair of connected regions
in the hypergraph. HGNN encodes both FC and SC into hyperedges for
prediction.

5) Multi-View GCN (MV-GCN) [23]: MV-GCN utilizes one GCN for
each modality to learn the modality-specific task-relevant embeddings,
and then combine them to predict.

6) Joint-GCN [25]: Joint-GCN fuses SC and FC networks by adding
edges between corresponding regions, allowing the two networks to be
analyzed by a single GCN.

7) Cross-modal GNN (Cross-GNN) [26]: Cross-GNN captures inter-
modal dependencies through dynamic graph learning and mutual learn-
ing to fuse multi-modal features and is applied to brain disease classifi-
cation.

8) Modality-specific and joint interaction GCN (MSJ-GCN) [27]:
MSJ-GCN incorporates the modality-specific FC and SC features and the
interactions between the corresponding ROIs of two modalities for pre-
diction.

9) Interpretable Modularity-Guided GCN (IMG-GCN): Our con-
ference version, IMG-GCN [30], incorporates modular guidance and
employs a bottleneck MLP-based attention model to capture structure-
function interactions, followed by a GCN for prediction.

For HGT or GPS, we fed FC and SC into a single graph model by stack-
ing them as one graph input, while removing explicit cross-modality
edges, so that GPS and HGT operated on a unified graph object rather
than on two separately processed graphs. All other methods were im-
plemented following the originally proposed architecture. Tables 1-3
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show the comparison results on HCP, PPMI, and COBRE datasets. The
mean and standard deviation of ten runs are listed, with the best re-
sults in bold. p-value is obtained from the paried t-test after FDR cor-
rection examining the performance of each method compared to our
MGIA-GNN. The results indicate that the HGT and GPS are equal to
or outperform multi-modal GCN-based methods that do not utilize the
structure-function interactive relationship, such as M-GCN, HGNN, and
MV-GCN. This suggests that the graph transformer architecture may cap-
ture more effective task-relevant features than simple GCN-based multi-
modal methods.

Moreover, multi-modal graph networks that incorporate structure-
function interactions, such as Cross-GNN, Joint-GCN, and MSJ-GCN, are
equal to or outperform transformer-based methods in most cases, high-
lighting the importance of structure-function interactions in enhanc-
ing performance. Compared with all these approaches that capture the
interaction between corresponding ROIs in SC and FC, our proposed
method, MGIA-GNN, significantly improves performance across all three
datasets, as confirmed by the Wilcoxon signed-rank test (p < .05, af-
ter FDR correction). For example, MGIA-GNN improves correlation by
9.7% in fluid cognition prediction and enhances accuracy by 2.1% and
4.7% for PD and SZ classification, respectively, compared with MSJ-
GCN. We attribute these improvements to the comprehensive capture
and utilization of structure-function interactions across different ROIs.
Furthermore, our MGIA-GNN significantly outperforms IMG-GCN from
our conference version [30], as confirmed by the Wilcoxon signed-rank
test in all tasks (p < .05). This demonstrates that our modular interactive
edge attention model, combined with the GPS model, is more effective
for prediction tasks. Note that we additionally report a normalized re-
gression metric, normalized RMSE (NRMSE), to better reflect the predic-
tion error relative to the magnitude of the target score for fluid cognition
prediction, indicating that the average prediction error corresponds to
approximately 8.02% of the true score at the individual level, as shown
in Table S1 in supplementary materials. Moreover, for the classification
tasks, we additionally reported ROC-AUC with 95% confidence intervals
to better assess model generalizability. For schizophrenia (SZ) classifi-
cation, the model achieved an AUC of 0.93 (95% CI: 0.88-0.97). For
Parkinson’s disease classification, the model achieved an AUC of 0.97
(95% CI: 0.95-0.99).

3.4. Ablation study

To evaluate the effectiveness of each component in the proposed
MGIA-GNN, we performed ablation experiments on HCP, PPMI, and CO-
BRE datasets. Moreover, the statistical results demonstrate the positive
impact of the proposed modules, including the modularity-guided inter-
active network, the modular interactive edge attention model, and the
prediction network, on cognition prediction, as well as the diagnosis of
PD and SZ, as shown in Tables 4-6.

1) w/o MGA: MGIA-GNN without the modularity-guided interac-
tions and attention module (all values in O set to 0.1). The value of 0.1
was chosen because it represents a weak connection strength relative to
the scale of the original data and serves as a small, nonzero constant that
preserves connectivity without imposing overly strong cross-modality
coupling.

2) w/o MG: MGIA-GNN using a single convolution kernel (not
M x M kernels) applied to all modularity-specific features to capture
interactions followed by the attention module.

3) w/o Att: MGIA-GNN without the modular interactive edge atten-
tion network.

4) MGI +MA: Instead of the modular interactive edge attention net-
work, a global cross-attention is used to capture the salient weights
based on the entire node embeddings of structure and function.

5) MGI + MLP: Instead of the modular interactive edge attention net-
work, a bottleneck-like MLP module with two fully connected layers and
one ReLU function is used to learn the salient interactions. It is equal to
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Table 1

Comparison of performance with existing methods on HCP for fluid cognition prediction

based on FC and SC.

Methods Correlation P RMSE p MAE p
M-GCN 0.26 + 0.02 9x 107  12.63+0.68 8x1073  11.15+072 5x1073
HGNN 0.26 + 0.03 9x 107  12.74+1.01 8x107  1127+086 5x107?
MV-GCN 0.27 + 0.03 9x 107  12.18+0.86 8x107  1034+097 5x107?
HGT 0.28 +0.03 9% 1073 12.15 +£0.94 8§x 1073 10.82 +0.63 5x1073
GPS 0.28 + 0.01 9x1073  12.11+0.68 8x107  1065+079 5x107?
Cross-GNN  0.28 +0.02 2x1072  11.95+0.82 8x107  10.08+0.53 5x107°
Joint-GCN 0.29 +0.01 2x 1072 11.78 +0.89 8x 1073 9.87 £0.74 3x 1072
MSJ-GCN 0.31+0.01 2x 1072 11.32+0.77 1x1072  9.41+0.68 3x 1072
IMG-GCN 0.32+0.02 2x 1072 11274075 1x1072  9.36+0.79 3% 1072
Ours 0.34+0.01 - 11.01 +0.81 - 9.06 +0.73 -
Table 2
Comparison of performance with existing methods on PPMI for PD classification based
on FC and SC.
Methods Accuracy p Specificity p Sensitivity p
M-GCN 090+0.06 6x102  091+006 4x107  089+005 3x1073
HGNN 0.82+0.06 6x107°  0.83+008 4x107%  082+007 3x1073
MV-GCN 0.92 +0.06 6x1073 0.92 +0.05 4x1073 0.91 +0.08 3x 1073
HGT 093+0.04 1x102  094+007 2x1072  092+0.08 2x1072
GPS 0.92+0.07 1x1072  093+006 2x1072 091+0.07 2x1072
Cross-GNN  0.94 +0.07 1x1072  094+008 2x102  093+009 2x1072
Joint-GCN ~ 0.90+0.07 6x107  091+0.09 4x10  090+0.07 3x107?
MSJ-GCN 095+0.06 3x1072  096+0.07 4x1072 094+005 4x1072
IMG-GCN 0.95+0.06 3x102  095+006 4x1072  094+0.07 4x1072
Ours 0.97 +£0.08 - 0.97 £ 0.09 - 0.96 +0.08 -
Table 3

Comparison of performance with existing methods on COBRE for schizophrenia clas-

sification based on FC and SC.

Methods Accuracy P Specificity P Sensitivity P
M-GCN 0.82 +0.03 7x1073 0.80 +£0.03 5x1073 0.84 +0.04 4x107*
HGNN 079002 7x107  078+0.02 5x107% 080002 1x1073
MV-GCN 0.82 +0.03 2% 1072 0.81 +0.06 2x 1072 0.83 +£0.07 2% 1072
HGT 0.84 +0.03 2x 1072 0.82 +£0.03 2x 1072 0.85 +0.04 2x 1072
GPS 0.84 +0.08 2x 1072 0.84 +0.06 2x1072 0.85 +0.06 2x1072
Cross-GNN 0.85 +0.06 4x1072 0.84 +0.04 3x 1072 0.86 +0.05 4% 1072
Joint-GCN 0.84 +0.01 2% 1072 0.84 +0.01 2x 1072 0.86 + 0.04 2x 1072
MSJ-GCN 0.86 +0.03 2x 1072 0.86 +0.04 2x1072 0.87 £ 0.04 4x1072
IMG-GCN 087+0.03 4x1072  087+004 4x1072 088+0.03 4x102
Ours 0.90 + 0.06 - 0.89 +0.06 - 0.90 + 0.05 -
Table 4
Results of ablation study of MGIA-GNN on HCP for fluid cognition prediction.

Methods Correlation  p RMSE P MAE P

w/0 MGA 0.29 £0.02 1x1072 11.99 £0.91 3x1073 10.04 £0.70 4x1073

w/o0 MG 0.30 +0.02 1x1072 11.76 + 0.86 3x 1073 9.71 £0.74 4x1073

w/o Att 0.31 £0.05 1x1072 11.83 +£0.87 3x 1073 9.56 £0.78 4x1073

MGI+MA 0.32 +0.02 2x 1072 11.65+080 3x1073  9.48+0.72 1x1072

MGI +MLP 0.32 +0.03 4x1072 11.19 +£0.76 4x1072 9.23 +£0.69 1x1072

Shared conv 0.31 £0.02 2x 1072 11.57 +£0.88 2x 1073 9.35+0.81 1x1072

MGIA + GCN 0.33 +£0.02 1x1072 11.24 +0.63 2% 1072 9.20 +0.81 2% 1072

MGIA + GAT 0.32 +£0.02 4x1072 11.21 +£0.80 2x 1072 9.28 £0.79 2x1072

MGIA + GIN 0.33 +£0.02 4x1072 11.13 +£0.88 4x1072 9.29 +0.76 2x1072

MGIA + GPS-18 0.34 +0.02 9x 1072 11.18 £ 0.69 4x1072 9.02 +£0.58 0.39

MGIA + GPS-8 0.34+0.01 - 11.01 +0.81 - 9.06 +0.73 -

replacing the original GCN backbone in our previous conference version,
IMG-GCN, with GPS while keeping the original interaction setting.

6) Shared conv: a single shared convolution filter is used to capture
all coupling patterns across module pairs.

7) MGIA + GCN: A GCN is used instead of the GPS model for the final
prediction, with the node embedding set to 116. It is equal to replacing
the original MLP attention module in our previous conference version,
IMG-GCN, with a cross-attention mechanism while keeping the original
GCN backbone setting.

Information Fusion 135 (2026) 104426

8) MGIA + GAT: A graph attention network (GAT) is used instead
of the GPS model for final prediction. GAT uses masked self-attention
layers to address shortcomings in prior graph convolution-based
methods.

9) MGIA + GIN: A graph isomorphism network (GIN) is used instead

of the GPS model for final prediction.

10) MGIA +GPS-18 : This method represents the full proposed
MGIA-GNN model using Yeo-17 modules with an additional subcorti-
cal module.
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Table 5

Results of ablation study of MGIA-GNN on PPMI for PD classification.

Methods

Accuracy P Specificity p Sensitivity p
w/0 MGA 0.93 +£0.08 1x1073 0.94 +0.08 3x 1073 0.94 +0.06 2x1073
w/o MG 0.94 +0.06 2% 1072 0.95 +0.06 3x 1073 0.94 +0.07 2x 1073
w/o Att 0.94 +0.08 2x 1072 0.94 + 0.05 2x 1072 0.93 +£0.07 1x1072
MGI+MA 0.95 +0.06 2x 1072 0.95 +0.07 2% 1072 0.94 +0.08 1x1072
MGI +MLP 0.96 + 0.06 5x1072 0.96 + 0.06 2% 1072 0.95+0.10 4x1072
Shared conv 095+0.07 4x1072  094+088 2x1072  096+081 6x1072
MGIA + GCN 0.95 +0.07 2x 1072 0.96 +0.07 6x 1072 0.95 +0.09 4x1072
MGIA + GAT 0.95 £ 0.06 2x1072 0.96 + 0.08 4x1072 0.95 +£0.07 4x1072
MGIA + GIN 096+0.07 4x102  096+0.09 4x1072  096+0.08 6x 1072
MGIA + GPS-18 0.96 +0.08 0.20 0.97 +£0.07 0.83 0.95 +0.06 0.15
MGIA + GPS-8 0.97 £ 0.08 - 0.97 £ 0.09 - 0.96 +0.08 -

Table 6
Results of ablation study of MGIA-GNN on COBRE for SZ classification.

Methods Accuracy p Specificity p Sensitivity p
w/0 MGA 0.84 +0.02 2x1072 0.84 +0.02 2x 1072 0.85+0.03 2x 1072
w/0o MG 0.85 +£0.02 2x1072 0.85 +0.02 2x 1072 0.86 +£0.03 2x 1072
w/o Att 0.85 +0.05 2% 1072 0.84 +0.05 2x 1072 0.86 +0.06 2x 1072
MG +MA 0.86 +0.02 2x1072 0.85 +0.04 3x 1072 0.87 +£0.05 2x 1072
MG + MLP 0.87+0.03 3x102  087+003 3x102 088+0.04 2x1072
Shared conv 0.87 +0.04 3x 1072 0.86 +0.05 3x 1072 0.88 +0.04 4x1072
MGIA + GCN 0.88 + 0.05 4x1072 0.87 +0.07 4x1072 0.89 + 0.06 6x1072
MGIA + GAT 0.87 +£0.03 4% 1072 0.86 + 0.06 4x1072 0.87 +0.07 4x1072
MGIA + GIN 0.88 +0.06 4x1072 0.87 +0.04 4x1072 0.89 +0.05 6x1072
MGIA + GPS-18 0.89 +0.04 0.10 0.89 +0.04 0.90 0.91 +0.03 8§ x 1072
MGIA + GPS-8 0.90 +0.05 - 0.89 +0.06 - 0.90 + 0.05 -

11) MGIA +GPS-8 (our method): This method represents the full
proposed MGIA-GNN model using the current 8 modules. First, a
modularity-guided interactive network captures structure-function in-
teractions across ROIs. Then, the modular interactive edge attention
module learns the salient interactions for prediction. Finally, GPS is used
for the final prediction.

3.4.1. Effectiveness of the modularity-guided interactive network

To demonstrate the effectiveness of the modularity-guided inter-
active network, a comparative analysis using the w/o MGI and w/o
MG configurations is conducted. Tables 4-6 show that our proposed
modularity-guided interactive network improves prediction perfor-
mance. Specifically, using single convolutional kernels without mod-
ularity guidance (w/o MG) further improves the correlation by 3.4%
for fluid cognition prediction and increases the accuracy by 1.1% for
PD classification, and 1.2% for SZ classification, compared to setting
all interactions to 0.1 (w/o MGA). When employing our modularity-
guided interactive (MGI) network, the correlation is enhanced by 13.3%
for fluid cognition prediction, while accuracy increases by 3.2% for PD
classification and 5.9% for SZ classification, compared to w/o0 MG. The
MGI network incorporates modularity-guided information, simulating
the homogeneity of structure-function coupling within modules and het-
erogeneity across modules, making it more biologically meaningful and
leading to better performance compared to those without modularity
guidance.

3.4.2. Effectiveness of the modular interactive edge attention network

To demonstrate the effectiveness of the modular interactive edge at-
tention network, a comparative analysis with w/o Att, MGI+MA, and
MGI+MLP configurations is conducted. Our proposed modular inter-
active edge attention network enhances the prediction performance, as
shown in Tables 4-6. Specifically, compared to the network without any
attention module (w/o0 Att), our modular interactive edge attention net-
work enhances correlation by 9.7% for fluid cognition prediction and
increases accuracy by 3.2% for PD classification and 5.9% for SZ classi-
fication. When compared to other attention mechanisms, such as global
cross-attention (MGI+ MA) and a bottleneck-like MLP (MGI + MLP), our
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modular interactive edge attention improves correlation by 6.3% for
fluid cognition prediction and increases accuracy by 2.1% for PD classi-
fication and 4.6% and 3.5% for SZ classification, respectively. Moreover,
compared to the single convolution (Single conv), our modular convo-
lution improves the correlation while reducing RMSE and MAE for fluid
cognition prediction, as well as improving accuracy for Parkinson’s dis-
ease classification and schizophrenia classification. Our modular inter-
active edge attention model incorporates a modular-wise cross-attention
mechanism, achieving better performance compared to other implemen-
tations.

3.4.3. Effectiveness of the prediction model

To demonstrate the effectiveness of the prediction model - GPS, a
comparative analysis with MGIA + GCN, MGIA + GAT, and MGIA + GIN
is conducted. Specifically, compared with all other prediction models,
including GCN, GAT, and GIN, the GPS enhances correlation from 3.0%
to 6.3% for fluid cognition prediction and enhances the accuracy from
1.0% to 2.1% for PD and 2.3% to 3.5% for SZ classification, respec-
tively. Compared with GCN, GAT, and GIN, the GPS incorporates the
transformer module and message-passing network, which can capture
more useful information from the node embeddings of the unified graph
and enhance the performance in our model.

3.4.4. Effectiveness of modularity granularity

To further examine the sensitivity of the framework to the choice of
modular granularity, we additionally conducted an ablation study us-
ing a finer Yeo-17 network parcellation with an additional subcortex
module in place of the original modular partition. The results suggest
that the proposed framework remains generally effective under an al-
ternative modular definition, without significant difference between 8
or 18 subnetworks, as highlighted in Tables 4-6, indicating that its per-
formance is not solely tied to one specific parcellation choice.

3.5. Impact of the hyperparameters

First, we focused on investigating the effect of the number of at-
tention heads, H, and H,, in the attention and GPS models, respec-
tively, for prediction. Since our number of attention heads should be
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Fig. 3. The performance changes with (a) different numbers of heads results, (b) different dropout rates in the GPS and output layer, (c) different numbers of hidden
nodes in the MLP in the GPS, (d) different numbers of hidden nodes in GPS, and (e) different numbers of MLP layers in the output layer, for fluid cognition prediction
and both PD and SZ classification. .
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The top 5% structure-function cross-ROI interactions
associated with different conditions

(a) Fluid cognition

Structure

(b) Parkinson’s disease
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Sub - subcortical,

VS - visual;

SM - somatomotor;

dAtt - dorsal attention;

VAtt - ventral attention;

LM - limbic;

FP - frontoparietal,

DMN - default mode network
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Fig. 4. The modular interactive edge attention model identifies the top 5% of significant structure-function cross-ROI interactions associated with (a) fluid cognition,
(b) Parkinson’s disease (PD), and (c) schizophrenia (SZ). The attention map reveals that large-scale interactions play a key role in predicting fluid cognition, while
alterations of interactions involving subcortical structures and widespread functional modules are most indicative of PD classification. For SZ, interactions between
subcortical and visual-related structures with sensory and execution-related functional modules are the most discriminative..

the divisor of the dimension of node embeddings D, we varied H, and
H, € {1,2,4,29}, to explore a broad range of head granularities while
keeping the feature dimension per head integer-valued. The resulting
correlation for fluid cognition prediction and accuracy for PD classifica-
tion and SZ classification are shown in Fig. 3. It indicates that the opti-
mal hyperparameters are H; = 4 and H, = 4, which achieve the best re-
gression performance for fluid cognition and classification performance
for PD and SZ.

In addition to the number of attention heads H, and H,, we further
report the effects of the dropout rates in the GPS and output layer, the
hidden dimensions of the MLP and GPS modules, the hidden dimen-
sion in the GPS, and the number of MLP layers in the output layer. As
shown in Fig. 3(b), the best-performing dropout combination was a GPS
dropout rate of 0.5 and an output-layer dropout rate of 0.5. As shown in
Fig. 3(c), the best hidden-dimension combination was 232 hidden units
for the MLP in the GPS and 116 hidden units for the GPS representation.
Consistently, the one-dimensional analysis in Fig. 3(d) further showed
that 116 hidden units were the best choice for the GPS. Finally, Fig. 3(e)
showed that using 2 MLP layers in the output layer achieved the best or
tied-best performance across tasks, and we therefore adopted 2 layers
in the final model.

Moreover, we conducted a sensitivity analysis using multiple spar-
sity thresholds, including 5%, 10%, and 20% of positive FC edges, as
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shown in Table S1 in the supplementary materials. The results show
that performance remains stable across a reasonable range, 10% gives
the best performance, supporting the robustness of the graph construc-
tion strategy.

3.6. Model complexity

The modularity-guided interaction network contributes M2 row-
wise filters, while the modular attention block contributes pair-specific
linear projections. Our proposed model contains 10.52M trainable pa-
rameters, compared with 7.05M for GPS and 6.92M for GCN, as shown in
Table 7. In terms of computational cost, using schizophrenia classifica-
tion as an example, the average training time per epoch is 3.19s for our
model, which is higher than GPS and GCN. However, this added com-
plexity is accompanied by a clear performance gain. Our model achieves
a mean fold test accuracy of 0.90, compared with 0.85 for GPS and 0.80
for GCN. These results suggest that the proposed model is indeed more
computationally demanding than simpler graph baselines, but the im-
provement in predictive accuracy is substantial, indicating a favourable
trade-off between model complexity and performance for this task.

In our study, the graph size remains moderate, and the risk of over-
fitting is mitigated through dropout, an L2 regularization term in the
loss function, and relatively compact hidden layers. We further per-
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Table 7
Model complexity, using schizophrenia classification as an example.

Methods  Trainable parameters ~ Mean accuracy  Epoch time (s)
GCN 6.92M 0.80 0.23
GPS 7.05M 0.85 0.35
Ours 10.52M 0.90 3.19
Table 8

Scalability analysis comparing a 116-node GPS with our 232-node uni-
fied graph.

Number of nodes Mean forward time (ms) Peak memory (mb)

GPS for 116 nodes
GPS for our 232 nodes

3.49
6.39

203.62
778.59

formed a scalability analysis by comparing GPS on a 116-node graph
with our 232-node unified graph. As shown in Table 8, the mean for-
ward time increased from 3.49 ms to 6.39 ms, while peak memory usage
increased from 203.62 MB to 778.59 MB. These results indicate that the
unified graph introduces additional computational cost, particularly in
terms of memory usage. However, the runtime remains within the mil-
lisecond range, and the absolute memory usage stays below 1 GB under
the current setting. Therefore, although the unified graph is computa-
tionally more expensive, it does not impose a prohibitive burden at the
graph scale used in this study. More importantly, the main advantage
of the unified graph is that it enables explicit cross-modal interaction
modeling between FC and SC nodes, which cannot be captured by a
single-modality graph. We therefore consider the additional computa-
tional cost to be acceptable and justified by its ability to explicitly model
cross-modal interactions between FC and SC nodes.

3.7. Discriminative structure-Function interactions

The top 5% discriminative structure-function interactions for fluid
cognition prediction and PD and SZ classification, identified by the at-
tention weights S from the modular interactive edge attention model.
To generate the module-level visualization, we mapped each retained
ROI pair to its corresponding functional module and structural module
according to our modular parcellation. The visualization is constructed
by grouping these salient ROI-level interactions based on their module
assignments and displaying them within the corresponding functional-
module and structural-module sectors, with the module names shown
in the outer circle, as shown in Fig. 4. These interactions provide a bio-
logically interpretable view of how structural substrates and functional
systems jointly contribute to cognition and disease. Rather than reflect-
ing isolated abnormalities in either SC or FC alone, the highlighted pat-
terns suggest that task-relevant and disease-relevant information is em-
bedded in the coordinated coupling between anatomical pathways and
functional communication across modules.

Importantly, the learned convolution filters in the modular interac-
tion module are not interpreted as direct biological quantities at the
level of individual parameters. Instead, each module-specific filter can
be understood as a data-driven detector of structure-function coupling
motifs for a given functional-module and structural-module pair. Be-
cause the input features are anatomically indexed connectivity profiles,
a strong filter response indicates that a pair of ROIs exhibits a char-
acteristic combination of structural support and functional communica-
tion. Therefore, the biological interpretability of the learned filters arises
from the spatially localized ROI pairs and module-level circuits that they
consistently emphasize, rather than from any single filter coefficient in
isolation.

3.7.1. Fluid cognition

Broad structure-function interactions are essential for predicting
fluid cognition (see Fig. 4(a)). In particular, the most salient interac-
tions mainly involve the visual functional module together with the
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limbic, default mode, and frontoparietal structural modules, with addi-
tional contributions from attention- and somatomotor-related systems.
This pattern is biologically plausible because fluid cognition depends
on the coordinated integration of sensory processing, memory-related
functions, and higher-order cognitive control.

The frontoparietal and default mode networks are closely related
to executive control, flexible reasoning, and internally guided informa-
tion integration, all of which are central to fluid cognition [42]. Their
structural coupling with the visual system may therefore reflect how effi-
ciently externally acquired visual information is transmitted, integrated,
and transformed into higher-order cognitive representations. Prior work
has also shown that variation in structure-function coupling between
higher-order association systems and sensory systems is related to cog-
nitive differences across individuals [43].

The involvement of the limbic structural module further enhances
the biological interpretability of our findings. Limbic regions are closely
associated with memory formation, salience evaluation, and the inte-
gration of sensory input with internal bodily and emotional states [44].
Their interaction with visual functional regions may therefore support
the encoding and contextualization of visual experiences, which is par-
ticularly relevant to fluid cognition tasks involving visual learning and
memory, such as the picture sequence memory test. Consistent with pre-
vious studies [7,45], our attention model identifies biologically mean-
ingful structure-function coupling patterns associated with individual
differences in fluid cognition.

We further performed subject-level Pearson correlation analyses be-
tween the learned module-level structure-function interactive values
and cognition scores. The strongest significant association was observed
between the functional visual module and the structural frontoparietal
module, with p = 6.24 x 107, In the provided correlation matrix, the
corresponding Pearson correlation coefficient was reported as 0.03. In
addition, a significant association was also observed for the functional
visual module and structural default mode modules, with p = .03. These
findings suggest that fluid cognition is particularly related to coupling
patterns linking visual processing with higher-order association systems,
as well as to within-system coupling in the default mode network.

3.7.2. Parkinson’s disease

Abnormal interactions between various functional modules and the
subcortical structural module are most salient to classifying PD (see
Fig. 4(b)). This finding is biologically meaningful because the subcorti-
cal system, particularly the basal ganglia and related thalamic circuits,
is central to motor control, action selection, cognitive flexibility, and
reward-related processing. PD is classically characterized by progres-
sive structural and microstructural abnormalities in these subcortical
regions [46-48].

Compared with recent studies focusing mainly on cortical structure-
function coupling [49,50], our findings emphasize that subcortical
structural abnormalities may have widespread functional consequences
across multiple large-scale brain systems. This is plausible because sub-
cortical nuclei are not isolated relay centers; rather, they participate in
distributed cortico-subcortical loops that support motor planning, exec-
utive control, and motivational regulation. When the structural integrity
of these nuclei and their connecting pathways is compromised, the effi-
ciency and coordination of functional communication with cortical sys-
tems may also be altered. Therefore, the highlighted structure-function
interactions may reflect how degeneration-related subcortical changes
are linked to large-scale disturbances in brain communication in PD.
From a biological perspective, our results support the view that PD-
related dysfunction is not confined to focal subcortical pathology alone,
but is associated with disrupted coupling between subcortical structural
substrates and distributed functional systems involved in motor and cog-
nitive processing.

Moreover, we performed module-level two-sample t-tests on the
summed structure-function interactive values between controls and
patients. Significant interactive alterations were mainly concentrated



J. Xia et al.

around the subcortical module. Specifically, for the functional subcorti-
cal module, significantly reduced interactive values in PD was observed
with the structural subcortical module, with the group mean difference
computed as control minus patient equal to 0.07 (p = 6.29 x 10~7), the
structural visual module, with the group mean difference computed as
control minus patient equal to 0.06 (p = 2.4 x 10722), the structural lim-
bic module, with the group mean difference computed as control mi-
nus patient equal to 0.05 (p = 8.17 x 10~8), the structural frontopari-
etal module, with the group mean difference computed as control mi-
nus patient equal to 0.8 (p = 1.92 x 1072!). For the structural subcorti-
cal module, significantly reduced interactive values in PD was also ob-
served with the functional visual module, with the group mean differ-
ence computed as control minus patient equal to 1.1 (p = 2.67 x 10~28),
the functional ventral attention module, with the group mean differ-
ence computed as control minus patient equal to 0.02 (p = .024), and the
functional limbic module, with the group mean difference computed as
control minus patient equal to 0.04 (p = .04), These results indicate that
PD-related abnormalities are centered on subcortical interactions with
visual, limbic, and higher-order association systems.

3.7.3. Schizophrenia

Abnormal structure-function interactions involving subcortical, vi-
sual, and limbic structural modules interacting with somatomotor,
visual, frontoparietal, and default mode functional modules—crucial
for sensory and executive functions—are highly distinguishing for
schizophrenia classification (see Fig. 4(c)). This pattern is biologically
interpretable because schizophrenia is widely understood as a disorder
of distributed brain dysconnectivity, affecting both sensory processing
and higher-order cognitive integration.

The involvement of visual and somatomotor functional modules sug-
gests that schizophrenia-related abnormalities are not limited to execu-
tive systems, but also extend to early sensory and perceptual processing
pathways. This is consistent with evidence that schizophrenia is associ-
ated with altered connectivity in occipital and sensory-related regions,
as well as impairments in perceptual organization and sensory integra-
tion [51,52]. At the same time, the frontoparietal and default mode func-
tional modules are closely related to cognitive control, self-referential
processing, and large-scale network integration, which are frequently
disrupted in schizophrenia [53]. The corresponding structural modules
further support this interpretation. Alterations in subcortical and lim-
bic structural systems may influence the anatomical support for effi-
cient communication between sensory and higher-order functional sys-
tems. In this sense, the identified interactions suggest that schizophre-
nia may involve coordinated abnormalities in the structural substrates
underlying sensory-limbic processing and the functional networks re-
sponsible for executive and integrative cognition. Rather than indicat-
ing simple changes in SC or FC alone, these biomarkers point to al-
tered structure-function coupling across circuits that bridge perceptual,
salience-related, and executive processes.

Moreover, we performed the same module-level two-sample t-tests
between controls and SZ patients. Significant interaction alterations
were concentrated in subcortical, visual, limbic, and frontoparietal sys-
tems. Specifically, for the functional subcortical module, significant
group differences were observed with the structural visual module, with
the group mean difference computed as control minus patient equal
to 0.2 (p = 7.01 x 107°), the structural frontoparietal module, with the
group mean difference computed as control minus patient equal to 0.7
(p = .038), and the structural default mode module, with the group mean
difference computed as control minus patient equal to 0.08 (p = .005).
Additional significant differences were observed between the functional
limbic and structural visual modules, with the group mean difference
computed as control minus patient equal to 0.3 (p = .04), and between
the functional frontoparietal and structural frontoparietal modules, with
the group mean difference computed as control minus patient equal to
0.07(p = .01). These results suggest that SZ-related abnormalities are
more distributed and involve both reduced and increased interactive val-
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ues, consistent with dysregulated structure-function coordination across
perceptual, salience-related, and executive systems.

4. Discussion

Our proposed method offers three key advantages. First, it demon-
strates promising performance on three public datasets, outperforming
nine state-of-the-art multi-modal methods. This robustness is essential
for clinical applications. Second, our method identifies salient structure-
function connections across different ROIs, unlike existing methods that
only capture interactions between corresponding ROIs. The cross-ROI
structure-function coupling provided by our approach can be further uti-
lized to uncover causal relationships between structural and functional
alterations in brain disorders. Third, our method introduces a novel ap-
proach by integrating biological characteristics into the model. It can be
easily adapted to incorporate other brain features, such as node hubs.

Our motivation for adopting a modular template, such as a modified
Yeo-7 template, was to provide a common and biologically meaningful
reference for organizing cross-modality interactions at the group level.
More importantly, our assumption is not that all ROIs within the same
module must exhibit identical interaction values, nor that all subjects
share the same exact modular architecture. Rather, we assume that ROI-
level interactions within the same functional-module and structural-
module block are more likely to follow a similar coupling mechanism,
whereas interactions from different module pairs may exhibit stronger
heterogeneity. This is the reason why, in our model, ROI pairs within
the same module pair share the same convolutional parameters, while
different module pairs are assigned different convolution filters. In this
sense, the modularity assumption serves primarily as a structured in-
ductive bias for interaction learning, rather than as a claim of fixed bi-
ological uniformity across all subjects.

In our framework, each node feature is defined as the ROI-level con-
nectivity profile to all other ROIs, resulting in a feature dimension of
D = N = 116. We adopted this representation because it preserves full
connectome-level context for each ROI and provides a comprehensive
description of its connectivity pattern within the brain network. Al-
though this choice is higher-dimensional than many manually designed
node descriptors, a dimensionality of 116 remains moderate in the con-
text of connectome analysis. Retaining the full connectivity profile helps
preserve interpretability and avoids discarding potentially informative
connections at the input stage.

Moreover, the proposed interaction module is implemented using a
1 X 2D convolution over concatenated structural-functional features. Its
role in our framework is not merely that of a lightweight linear pro-
jection. Rather, it serves as the first step in a structured interaction-
learning pipeline that is sufficiently expressive to capture complex cross-
modality interactions in the current setting. Specifically, the use of
module-specific filters allows different module pairs to learn hetero-
geneous interaction patterns, while the subsequent ReLU nonlinear-
ity introduces nonlinear transformation of the projected features. Re-
cently, transformer-based methods have demonstrated efficient perfor-
mance [54-58]. Inspired by these, our learned interactions are then fur-
ther refined by the modular cross-attention mechanism, which adap-
tively reweights interaction signals in a task-dependent manner, and
by the downstream GPS model, which propagates and transforms the
interaction-aware graph representation at a higher level. Therefore, the
effective expressive power of the interaction modeling arises from the
composition of module-specific projection, nonlinear activation, adap-
tive attention reweighting, and graph-based feature transformation,
rather than from the convolution operation alone. To further examine
whether a more sophisticated interaction module is necessary, we ad-
ditionally implemented a two-layer MLP-based variant to replace the
1 X 2D convolution for each module pair, as shown in Table S3 in the
supplementary materials. Using schizophrenia classification as an ex-
ample, this MLP-based design did not achieve better performance than
the original convolution-based module, despite substantially increasing
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the number of interaction parameters from 14,848 to 3474496. These
results suggest that the proposed convolution-based interaction mod-
ule is not only parameter-efficient but also already sufficiently effective
for capturing task-relevant complex interactions in our framework, pro-
viding a favorable balance between representational power and model
complexity.

Note that differences in preprocessing pipelines between HCP and
the other datasets may introduce a potential confounding factor. How-
ever, the aim of this study was not to perform direct head-to-head com-
parisons across datasets, but to use them as independent benchmarks
to assess whether the proposed framework can operate robustly under
distinct neuroimaging settings. Notably, despite the heterogeneous pre-
processing regimes, the proposed method consistently achieved the best
performance within each dataset, supporting its robustness and gener-
alizability across different data conditions. At the same time, the iden-
tified biomarkers should be interpreted primarily within each dataset,
as preprocessing differences may affect their direct comparability across
datasets.

There are some limitations that need to be addressed. First, while SC
and FC may share certain large-scale organizational patterns, they are
governed by partly distinct principles: SC primarily reflects relatively
stable anatomical wiring, whereas FC captures dynamic and context-
dependent functional coordination. Therefore, using the same Yeo-7
modular system for both modalities in the present study is a simplifi-
cation rather than an ideal representation of their true organization.
We adopted a shared modular template mainly to provide a common
reference space for modeling cross-modality interactions and to avoid
introducing an additional source of instability, particularly given the
limited availability of a well-established SC-specific modular system at
the same scale. However, we fully acknowledge that this design may bias
the learned interactions toward an artificially aligned structure-function
correspondence, potentially underestimating modality-specific modular
properties and limiting the biological specificity of the resulting inter-
pretations. In future work, we aim to establish distinct modular systems
for SC and FC, respectively, based on their respective connectivity pat-
terns, and utilize these systems to better capture structure-function cou-
pling. Second, the current framework still relies on a population-level
fixed modular template, it may introduce bias when subject-specific or
disorder-altered modular structure deviates from the predefined parti-
tion, and jointly learned modular structures, in order to better capture
individual variability and disease-related reorganization.

5. Conclusion

We proposed a modularity-guided interactive attention-based
structure-function coupling network to predict cognition and brain dis-
eases. Our method significantly outperforms nine state-of-the-art meth-
ods, including two graph transformer-based methods and seven multi-
modal fusion methods. The attention model’s salient maps reveal dis-
tinctive, biologically meaningful structure-function interactions across
ROIs related to SZ, PD, and fluid cognition. Our interpretable results are
likely to improve the understanding of PD and SZ pathophysiology and
promote the identification of new structure-function coupling markers
to diagnose the diseases.
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