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Brain Structure-Function Coupling Hypergraph Neural Network

Lei Mengqi, Han Xiangmin, Li Siqi, Gao Yue
School of Software , Tsinghua University , Beijing 100084, China

Abstract: Objective In recent years, brain networks have become an indispensable cornerstone in brain disorder
research. Currently, functional magnetic resonance imaging (fMRI) is commonly used to construct functional networks,
while diffusion tensor imaging (DTI) is utilized to build structural networks. Yet two limitations remain prominent: many
approaches still operate on a single modality or adopt shallow multi-modal fusion, leaving the potential dependencies
between SC and FC under-explored; and although Structure-Function Coupling (SFC) has been shown to differ across brain

regions between healthy controls and patients and to hold biomarker potential , its relationship to classification has not been
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systematically integrated into representation learning. This study aims to operationalize SFC as an explicit prior that guides
multi-modal representation learning, so that high-order cross-modal associations can be captured and translated into robust
diagnostic performance. Method This paper presents SFC-HGNN, a Structure-Function Coupling-guided foundational
framework that combines a dual-stream encoder, cross-modal reconstruction pretraining, and hypergraph computation to
model high-order relationships inside and between SC and FC. The core design is to use an SFC matrix as a bridge that
explicitly guides two hypergraph neural network (HGNN) branches—one per modality—so that each branch ‘learns
modality-appropriate group relations while remaining informed by the other modality. Concretely, the SFC matrix is first
constructed to capture the consistency between FC and SC patterns across brain regions using a rank-based correlation mea-
sure, and this matrix is fused with each modality through shallow feature mapping to form initial node-level features for the
two streams. On the functional stream, hyperedges are formed via sparse-representation method, providing data-driven,
high-order groupings appropriate for FC. On the structural stream, hyperedges are built with a k-nearest-neighbor strategy
to reflect global structural associations. Each branch then employs HGNN layers to realize high-order message passing on
its respective hypergraph, thereby encoding latent dependencies between SC and FC under SFC guidance. To fully exploit
cross-modal dependencies, a cross-modal reconstruction pretraining task is introduced. During pretraining, the functional
stream is trained to reconstruct the structural connectivity matrix and the structural stream to reconstruct the functional con-
nectivity matrix via decoders. The decoders are optimized with a reconstruction objective together with a constraint that
emphasizes appropriate symmetry and sparsity of the reconstructed matrices. This pretraining forces the encoder to internal-
ize modality-bridging information under SFC guidance. In the subsequent downstream tuning phase, the encoder param-
eters are frozen; latent node representations from the two branches are flattened and concatenated into a global feature vec-
tor, which is then fed into a lightweight multilayer perceptron (MLP) classifier optimized with cross-entropy. Freezing the
encoder keeps downstream training simple and stable while preserving the cross-modal dependencies captured during pre-
training. Result Experiments are conducted on two public multi-modal brain imaging datasets. On ADNI, we use 332 sub-
jects (64 AD, 129 MCI, and 139 NC). On ABIDE, we include 86 subjects with paired fMRI and DTI (ASD/NC). For
both datasets, we adopt the AAL atlas; fMRI data are preprocessed with DPARSF and DTI data with PANDA. The model
is implemented in PyTorch and trained on an NVIDIA RTX 4090 GPU. We follow a two-stage training protocol (cross-
modal pretraining followed by frozen-encoder tuning) and evaluate with 5-fold cross-validation, reporting ACC, AUC, F1,
and specificity. We compare SFC-HGNN against representative single-modality baselines (BrainNetCNN, GAT, HGNN+,
BrainGNN) and multi-modality methods (MME-GCN, Cross-GNN). Across diagnostic tasks, SFC-HGNN achieves state-
of-the-art performance, consistently improving ACC, AUC, and F1. While certain baselines occasionally yield higher
specificity, these cases are often accompanied by markedly lower F1, suggesting reduced stability; in contrast, SFC-
HGNN maintains a better overall balance among metrics and demonstrates stronger robustness. Ablation studies further iso-
late the contributions of the proposed components: introducing SFC as a cross-modal bridge (without pretraining) improves
accuracy by 1. 6% and 2.3% on AD vs. NC and ASD vs. NC, respectively, and adding cross-modal reconstruction pre-
training brings additional gains of 2. 1% and 1. 9%. These results indicate that SFC guidance together with cross-modal
reconstruction effectively encourages the encoder to capture latent SC-FC dependencies that transfer to downstream classifi-
cation. Finally, to assess interpretability, we conduct significant-hyperedge analysis using group-level t-tests and visualize
discriminative functional and structural hyperedges for AD vs. NC and ASD vs. NCj the identified regions and connections
align with known patterns of network alteration, supporting the neurobiological plausibility of the learned high-order repre-
sentations. Conclusion By treating SFC as an explicit bridge and pairing dual HGNN encoders with a cross-modal recon-
struction pretraining paradigm, this study introduces a principled multi-modal framework for brain network analysis and
brain disorder diagnosis. The approach encourages each modality to be informed by the other and to encode high-order asso-
ciations that are useful for downstream classification, while a frozen-encoder tuning strategy keeps optimization stable and
lightweight. On ADNI and ABIDE, SFC-HGNN consistently surpasses single and multi-modality baselines, with gains
reflected not only in accuracy and AUC but also in a better balance between F1 and specificity, highlighting robustness.
The significant-hyperedge findings further provide neurobiologically plausible insights that complement the quantitative

improvements. Overall, SFC-HGNN advances multi-modal brain disorder diagnosis by unifying SFC-guided hypergraph
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encoding, cross-reconstruction pretraining, and simple downstream tuning into a coherent pipeline that achieves superior

and reliable performance across datasets.

Key words: brain disorder diagnosis; multimodal brain networks; structure-function coupling; hypergraph neural net-
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Table 1 Comparison with other methods on different diagnostic tasks

BRE(L%)

AD vs. NC

AD vs. MCI

B Ik ACC AUC

F1 SPE

ACC

AUC F1

SPE

BrainNetCNN 0.700+0.045 0.615+0.090

GAT 0.668+0.031 0.610+0.094

fMRI
BrainGNN  0.555+0.113 0.529+0.074

HGNN+  0.669+0.092 0.629+0.097

0.337+0.105 0.932+0.061

0.097+0.071 0.909+0.073
0.443+0.104 0.538+0.289

0.316+0.083 0.890+0.027

0.653+0.070
0.631+0.076
0.625+0.124
0.647+0.030

0.666+0.099 0.235+0.083
0.535+0.062 0.381+0.118
0.571£0.114 0.400+0.181

0.627+0.058 0.223+0.101

0.925+0.066
0.757+0.148
0.676+0.288

0.899+0.067

BrainNetCNN 0.695+0.045 0.621+0.066

GAT 0.668+0.031 0.537+0.024

DTI
BrainGNN  0.528+0.157 0.532+0.115

HGNN+  0.689+0.028 0.652+0.068

0.411+0.151 0.472+0.390

0.258+0.092 0.901+0.077
0.457+0.049 0.472+0.390

0.276+0.093

0.645+0.097
0.658+0.088
0.536+0.164

0.939 0.0460.664+0.086

0.620+0.040 0.485+0.137

0.560+0.084 0.242+0.194
0.517+0.135 0.346+0.286

0.621+0.052 0.260+0.170

0.427+0.309
0.901+0.061
0.400+0.490
0.934 0.041

MME-GCN 0.658+0.052 0.643+0.040

LA Cross—GNN 0.699+0.046 0.659+0.043

SFC-HGNN 0.705 0.0770.661

0.492+0.075 0.740+0.082

0.431+0.064 0.878+0.093

0.1050.595 0.0590.891+0.070

0.615+0.089
0.654+0.060

0.599+0.130 0.381+0.169

0.667 0.1430.401+0.129

0.735+0.128

0.893+0.066

0.687 0.0810.644+0.138 0.612 0.0830.907+0.173

g (ES)

MCI vs. NC

ASD vs. NC

A pidrS ACC AUC

F1 SPE

ACC

AUC F1

SPE

BrainNetCNN 0.595+0.088 0.610+0.031

GAT 0.574+0.119 0.597+0.060

fMRI
BrainGNN 0.538+0.073 0.518+0.064

HGNN+  0.526+0.122 0.528+0.111

0.472+0.086 0.815+0.118

0.411+0.139 0.769+0.227
0.587+0.100 0.301+0.277

0.188+0.158 0.827+0.101

0.672+0.045
0.614+0.052
0.653+0.086
0.638+0.076

0.622+0.038 0.601+0.070

0.542+0.127 0.603+0.121
0.581+0.089 0.612+0.101

0.577£0.102 0.598+0.092

0.701 0.083
0.651+0.274
0.671+0.189

0.636+0.313

BrainNetCNN 0.607+0.123- 0.613+0.088

GAT 0.522+0.114 0.540+0.051

DTI
BrainGNN  0.531+0.069 0.548+0.044

HGNN+  0.522+0.008 0.532+0.092

0.481+0.167 0.822+0.111

0.393+0.120 0.819+0.179
0.643+0.104 0.119+0.146

0.380+0.243 0.798+0.102

0.640+0.055
0.625+0.051
0.601+0.073
0.628+0.065

0.612+0.042 0.588+0.085

0.554+0.072 0.582+0.111
0.562+0.065 0.568+0.095

0.599+0.056 0.574+0.099

0.684+0.123
0.621+0.264
0.588+0.183

0.651+0.251

MME-GCN 0.534+0.088 0.570+0.059
LA Cross—GNN 0.507+0.091 0.53120.150

SFC-HGNN 0.631

0.544+0.093 0.509+0.143

0.484+0.106 0.545+0.177

0.596+0.083
0.662+0.050

0.553+0.075 0.551+0.105

0.630+0.049 0.616+0.098

0.602+0.219
0.692+0.150

0.0530.623 0.0650.652 0.0930.833 0.1310.681 0.0540.635 0.1050.672 0.0870.682+0.192

E L 7 SR 7R B I 4 2R

%2 SFC-HGNN#HE T Cross—-GNN G ITZE R ZE 14
Table 2 Statistical significance of SFC-HGNN compared

with Cross—GNN

1£% ! W R W M S T A i A
AD vs. NC 7.60e-3% SN N
WO B HLE . 3k

AD vs. MCI 7.52¢-6 B, 2 SC TR L (0 SFC B L S 45 s 5 IS R A5 3 LT
MCIvs. Nf 15602 e T 25 54 W A 0L BT A 23 39 3 42 5 D
A Nfé\ —___ 00 A 2 2 1 VRS BT 12 X 5 R L T e
BRI R B IR ELAT R RAE

R T EIE RS mﬁ%ﬂ‘]%\

=

SFC-HGNN JIT 55 £ Y 45 #8) 3% 4240 1 5 () )2 AR VIR
SFC-HGNN JI7 8 @ () Z5 46 S 450 B o NPT RRAK A
ART] LI Y, SFC-HGNN LA T 2% 2] 5 (1 B5 45145 5

211451 SFC-HGNN
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Table 3 Ablation experiments on AD vs. NC and ASD vs. NC tasks

Dataset

AD vs. ASD vs.
(Task) vs. NC SD vs. NC
Yl SFC
ACC AUC F1 SPE ACC AUC F1 SPE
4 3R

0.668+0.068 0.534+0.109 0.394x0.077 0.887+0.011 0.629+0.058 0.566+0.121 0.598+0.092 0.588+0.179

V' 0.684x0.031 0.572:0.076 0.43220.098 0.888+0.098 0.652+0.048 0.595:0.106 0.632+0.033 0.664:0.190
J V' 0705 0.077 0.661 0.105 0.595 0.059 0.891 0.070 0.681 0.054 0.635 0.105 0.672 0.087 0.682 0.192
U & N e Bl AL BRHLAR] 5 xR A AL LR . R A e R e 45

g - f I _-L.......d' - & | Ty _ ; el : L 4 % ,
(a) JRARFCHERE (b) BN FISFC- (d) JRUESCHKE (e) VI &5 )5 IISFC- ® RINZHISFC-
HGNNE#MFCHPE HGNNE & FCHFE HGNNEZSCHFE HGNNE & [1SCHFE

I3 285 Rz B ARAS S SUHE A I kA SFC-HGNN B B ) FC A5 SCAR I il ¥4k
Fig. 3 Visualization of FC and SC matrices reconstructed by SFC-HGNN with and without the proposed cross-modal cross-
reconstruction pretraining ( (a) original FC matrix; (b) reconstructed FC matrix by pre-trained SFC-HGNN; (c¢) reconstructed FC
matrix by untrained SFC-HGNN; (d) original SC matrix; (e) reconstructed SC matrix by pre-trained SFC-HGNN; (f) reconstructed
SC matrix by untrained SFC-HGNN )

RS B TR, A SCHEART T S — RS 2 RloR A IE LS SR AR 2 ST AR, AT PRAIEXS HE 22
PSRRI . AR, GO —H P iR 4R, SRESRE A (B 5881 SFC-
S A B S S A BN A TCIE G, IR 0 HONNBED 7R A RAMEAE 55 EARE T HAE
WIZRIB AL 7E ] — 25 N BEA T FE RS Bl AR R )

®4 ERBR-REMERSRSHHMIR

Table 4 Ablation experiments on using only a single modality and using multiple modalities

AD vs. NC ASD vs. NC

ACC AUC F1 SPE ACC AUC F1 SPE

fUfMRT 0.688+0.081  0.602+0.127  0.514+0.096 0.878+0.086 0.635+£0.061  0.594+0.109 0.614:0.079 0.629+0.215
fUDTL  0.679+0.065 0.610£0.082 0.497£0.065 0.869+0.072 0.640+0.069 0.586+0.112. 0.631+0.065 0.648+0.202
ZBZS 0705 0077 0.661. 0.105 0595 0.059 0.891 0.070 0.681 0.054 0.635 0.105 0.672 0.087 0.682 0.192
T LR s iR LA A
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FH MR 5 DTT ) g A< 24 2% 30 b 25 1) PR RE AL
o, LRSI R, BB B A AR A ) A A
B E SRR RLG RRe E— D R 451 T i 19 4%
Z 1) B EL A 5 PR AR O 2, AT 2 (45 T ot T
SERISEEE R

T W UE TR 9 SFC-HGNN f4 Il R A1) FH e
ASCERAE TR AR S T FE A OCHR bR, SR 5
N HotP, GPU Y5 CPU LAY HE #1 %E R 43 5] 78
NVIDIA RTX 4090 #1 AMD EPYC 7T83 (64 4% ) [-ll]
5o TP B T %0, SFC-HGNN 7E F i 4 25 B
Bry 2L 2. 75M, HAE GPU FI CPU | R HEF AR
g IR H) 700 FEAAP LA b £ G G RS 1) % i
PEFNSE T K .

AD NC

MFC.R IFGtraing.R MFC.R IFGtraing.R

| L IFGoperc.R
SMA.R SMA.R
® 4

IFGoperc.R

PreCG.R
SMG.R

IPL.ls
ASD NC
ORBsupmed.L ORBsupmed.L.
ORBmid.L REC.L ORBmid.L ®REC.L
IPL.R IPL.R
PCUN.] PCUN
[ ]
PCUN.R PCUN.R
CUNL ANG.R CUN. ANG.R
[ ]
b >
(a) ThieEL

&5 SFC-HGNN R##RI S 2/
Table 5 Model complexity of the proposed SFC-HGNN

FER FER
2 FLOP:
Brt & OFs  cpu) (CPU)
SlER 2.47M 22.16 M 1.35 ms 1.52 ms
T 275M 23.04M  1.29 ms 1.36 ms

2.5 BEMBASH

AR SC N R R K (A0 A 6T TR 5 5 4 T ) 4%
HEAT AT, I 4 R o A SCR T -k 5 /E AD/ASD
5 NC AR A T ST L HA B8

AD NC
°
ORBsupmed.L ORBsupmed.
PAL.L PAL.l}liUT'R PAL.L Pp. .I}P‘UT'R
AMYG.R ¥ AMYG.R

®

4 THA.R
MOGR @

ASD NC

FF%L PCG.L FFG.L pcGr

LING.L LING.L

IOGLL CALL

(OEaf<bul

I0G.L CAL.L

B4 AD 5 NCHIASD 5 NC AR i 3k 2 ) T AL
Fig. 4 Visualization of significant hyperedges in the AD vs. NC and ASD vs. NC population ((a) functional hyperedges; (h) struc-

tural hyperedges )
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F1 ORBsupmed. L AH 3¢ (1) 7 82 6K, W B £ 46 5
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ASD # & P 5 CUN. L Al ANG. R AH 3¢ 9 14 1% Bt
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M SRV ARSI T T, 5 NCAH L, ASD AR
FHM S FFG. LA LING. LAHCAY B4
ZE Lk, i R Ay B A R R PR K it
3
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