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Brain structure-function coupling hypergraph neural network
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Abstract: Objective In recent years, brain networks have become an indispensable cornerstone in brain disorder
research. At present, functional magnetic resonance imaging (fMRI) is commonly used to construct functional networks,
while diffusion tensor imaging (DTI) is utilized to build structural networks. However, two limitations remain prominent.
First, many approaches still operate on a single modality or adopt shallow multimodal fusion, leaving the potential depen-
dency between structural connectivity (SC) and functional connectivity (FC) under-explored. Second, although structure-
function coupling (SFC) has been demonstrated to differ across brain regions between healthy controls and patients, its

relationship to classification has not been systematically integrated into representation learning to hold biomarker potential.
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This study aims to operationalize SFC as an explicit prior that guides multimodal representation learning, such that high-
order cross-modal associations can be identified and translated into robust diagnostic performance. Method This study pres-
ents SFC-hypergraph neural network (HGNN) , an SFC-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 HGNN branches—one
per modality—such 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 by using a rank-based correlation measure. 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 the
sparse representation method, providing data-driven, high-order groupings that are appropriate for FC. On the structural
stream, hyperedges are built with the k-nearest neighbor strategy to reflect global structural associations. Then, each
branch employs HGNN layers to realize high-order messages that are passing on its respective hypergraph, encoding latent
dependency between SC and FC under SFC guidance. To fully utilize cross-modal dependency, a cross-modal reconstruc-
tion pretraining task is introduced. During pretraining, the functional stream is trained to reconstruct the SC matrix while
the structural stream reconstructs the FC matrix via decoders. The decoders are optimized with a reconstruction objective
combined with a constraint that emphasizes the appropriate symmetry and sparsity of the reconstructed matrices. This pre-
training forces the encoder to internalize modality-bridging information under SFC guidance. In the subsequent downstream
tuning phase, the encoder parameters are frozen. Then, latent node representations from the two branches are flattened and
concatenated into a global feature vector, which is fed into a lightweight multilayer perceptron classifier that is optimized
with cross-entropy. Freezing the encoder keeps downstream training simple and stable while preserving the cross-modal
dependency captured during pretraining. Result Experiments are conducted on two public multimodal brain imaging
datasets. On the Alzheimer’s disease neuroimaging initiative (ADNI) , we use 332 subjects, specifically, 64 Alzheimer’s
Disease (AD), 129 mild cognitive impairment (MCI) , and 139 normal control (NC). On the autism brain imaging data
exchange (ABIDE), we include 86 subjects with paired fMRI and DTTI for autism spectrum disorder (ASD)/NC. We adopt
the automated anatomical labeling atlas for both datasets. fMRI data are preprocessed with the data processing assistant for
resting-state f{MRI and DTI data with the pipeline for analyzing brain diffusion images. The model is implemented in
PyTorch and trained on an NVIDIA RTX 4090 GPU. We follow a two-stage training protocol (cross-modal pretraining fol-
lowed by frozen-encoder tuning) and evaluate with fivefold cross-validation, reporting accuracy (ACC) , area under the
curve (AUC) , F1, and specificity. We compare SFC-HGNN against representative single-modality baselines (Brain-
NetCNN, 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. Although certain baselines
occasionally yield higher specificity, these cases are frequently accompanied by markedly lower F'1, suggesting reduced sta-
bility. By contrast, SFC-HGNN maintains better overall balance among metrics and demonstrates stronger robustness.
Ablation studies further underscore the contributions of the proposed components: 1) introducing SFC as a cross-modal
bridge (without pretraining) improves accuracy by 1. 6% and 2.3% on AD versus NC and ASD versus NC, respectively,
and 2) adding cross-modal reconstruction pretraining brings additional gains of 2. 1% and 1.9%. These results indicate
that SFC guidance, along with cross-modal reconstruction, effectively encourages the encoder to capture latent SC-FC
dependency that transfers to downstream classification. Finally, we conduct significant hyperedge analysis to assess inter-
pretability by using group-level t-tests and visualize discriminative functional and structural hyperedges for AD versus NC
and ASD versus NC. The identified regions and connections align with known patterns of network alteration, supporting the
neurobiological plausibility of the learned high-order representations. Conclusion By utilizing SFC as an explicit bridge
and pairing dual HGNN encoders with a cross-modal reconstruction pretraining paradigm, this study introduces a prin-
cipled multimodal framework for brain network analysis and brain disorder diagnosis. The approach encourages each modal-
ity to be informed by the other and encode high-order associations that are useful for downstream classification, while a fro-
zen encoder tuning strategy keeps optimization stable and lightweight. On the ADNI and ABIDE datasets, SFC-HGNN con-

sistently surpasses single-modal and multimodal baselines, with gains reflected not only in ACC and AUC but also in better
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balance between F1 and specificity, highlighting robustness. The significant hyperedge findings further provide neurobio-

logically plausible insights that complement the quantitative improvements. Overall, SFC-HGNN advances multimodal

brain disorder diagnosis by unifying SFC-guided hypergraph encoding, cross-reconstruction pretraining, and simple down-

stream tuning into a coherent pipeline that achieves superior and reliable performance across datasets.

Key words: brain disorder diagnosis; multimodal brain network ; structure-function coupling (SFC) ; hypergraph neural

network (HGNN) ; cross-modal reconstruction; brain network foundation models

0 35l

][l

[] % % v B0 ( Alzheimer s disease, AD) 5 H [4]
JiE 1% 2 BE A5 (autism spectrum disorder, ASD ) 45 i <
I 23 RSP 25 1 368 A8 O 1 HE 5 ) (Khojaste-
Sarakhsi 4%, 2022 ; Menagadevi 55 ,2024) . AL, X T
5 A L S I 12 B 28 O Hh B, A B T St
A R T O B 3 TR (Shoeibi 55, 2023) o
SR, HH T AR 454 5 D RE MR AEAE BN AR, I IR
S S BUOKS B 12 A7) T Il R kAR (Yin S5
2022),

UTAERE 1 0 265 £ 8k R 9 s I 5 v A T i e
MR 22— W RS M 26 4 ity , PR e s T
A T 37 il X 22 8] 52 2 AR O R, © R e
12 W 5 AR AL 5T 10 ] T H (Khan 5%,
2021;Zhang % ,2020) . AFFERM i 2 i 2B 111k
SRS 28505 (40 AD 5 ASD ) A 11 235 | M ] 4% 1%
Fe A58 20 U2 (Khojaste-Sarakhsi 45 ,2022) o AL,
PREAT IR W 28 R AE 27 > 55 53 2807 R T IR
PR REE,

H i, 5 F i 48 7K SF 4K 38 (blood-oxygen-level-
dependent, BOLD) %4 Jii 19 T RE 1 4% # 4@ 1l AR
(functional MRI, fMRI)FIEE T 7K 43 TR BIUSKON ) 9k
UK 7 B A% (diffusion tensor imaging, DTT) B 2 5 K
5 0 9 25 1) 3 22 T . (Menagadevi 45 , 2024; Yin
4,2022) o Mo (MR 449 282 27 RE Ml 90 4%, 1
DT TAG G5 A0 i X 4 . Bl P 28 R 28 5 TR
>J ﬁ* 1) % g BT 2k 1‘@ Jiifi (structural connectiv-
ity , SC) FI1 T g 7% #% (functional connectivity, FC) B9 it
PR W7 I R T R 3 R (4% 45,2017; Yin
45,2022 BMIEFT £ 4 X, 2022) o BrainNetCNN £
HH A A RPN A S R 1 A~ i
RAE, A G 1 28 F 58 19 T 12 B 2k (Kawahara 55
2017) . BrainGNN i1 1 — 7t ROT-aware [] 4 FUA5%

e 5L TH o3 21 BE A ] i AT LS HY i 35 A S
X 35 (region of interest, ROI) , DA # 15 Al i B (Li
% ,2021) . MGRL (multi-scale graph representation
learning ) $12 H 22 KU [ 371~ > LA HOAN [7) 25 1] ]
JE I B AMAIME B (Chu %, 2021) . MME-GCN
(enhanced multi-modal graph convolutional network )
& HH — Tl T T 48 A I RE 1 4 1) 2 S A TR K
2%, AR5 2R 25 i ) 28 R AIE (Lin 55, 2022) o

SR, B T3 I A 4 T A 1 2% 7 T AT
IRAFTE W] W R BRI o —J7 T, 9 77 5 (Kawahara
45,2017 Li%F, 2021 )38 H {5 i HH B — B X 454 o
TR HeEAT P ST 23 BT, DT 280 1 3% 2Z ) P A
AR B ARG 2 5 55— 5 I, AR D BOT vk (Lin 5%
2022; WIERNL 45 ,2025) K H T ZBSREEG SNk, H
X BT 22 N T B R IE DR B R AR B RS HE
LAFE 34 A5 A4 32 45 T RE S 2 22 18] 1) 52 MR K
Fo CAH S (Fotiadis % ,2024) 48 1, 25—
I BEFR A (structure-function coupling, SFC) A L 5E
ik 221 ) 45 ) 2 AR ) R 4 1) W) 29 SR SRR I
SFC7EHERR N -5 i 58 57 18 A [ g 1X. 22 [ A7 7
F 225, H SFCAE Jy Sz e 5y B 2% i) A AR )
b a5 B A R 5 (Fotiadis 55 ,2024) o K, SFC A
SR YA AT B AR I D) 45 119 52 O v R
YER . SR, B H AT, SFC 5 Mk 70 2 2 o] i s
TER R M AR RGMEIRE

R ER E AR, A SR Y —Fh A TR
HE B 114 ik 922 975 12 Wt 226 it 55 78 SFC-HGNN (structure-
function coupling hypergraph neural network ) , X SFC
NSRS FEERSRG o TR BORTRLR HTSU S
W 2, I SFC A “ R, 51 5 2k 14
MR P28 I3 S 2 ) BE AR R S D RE I FE Z A 0 5 %
WK FR . BART & BB B, A Gt 17—
ol T 80 14 £ 2 5 SUH AT 55 < 1 Sl SFC 430 5
FC ORI SC A7 FRAE Rl &, JF Sk 1 22 [0 2%
(hypergraph neural network, HGNN) (Gao %5 , 2023)



$31%5/ET7H /2026 £7 B

[l

BER, a8, TERE, B/ WEN—RRGEEHENE

AR 25 W R B 2 2 OGS £ SFC AR R 51 3
T BB Y 3 S A A B ) RS i
TR O 3 L 1T B X B 5 4 1 2 R 1Y
AR AT . 7R WO B B, B4 s Y
VR S s S RORSS P T TR R AR A —
A ] B 22 2 B AT ML (multilayer perceptron, MLP)
oyt LSS A 55, TR A A ) 202 5 2R
Dy Sk T 4R Tk B A RS L AR SCHE R 2R P T R
P 22 52 4% 2481 (Alzheimer’ s disease neuroimaging
initiative, ADNI) (Jack 55,2008 ) il [ P AE fifi B A5 %K
P& 22 4t (autism brain imaging data exchange, ABIDE)
(Craddock %, 2013) B ¥ 4R _EEAT 1) &2 AUXT HESE
$o GRS . 45 R R, ik il i SFC-HGNN £
IR 73 24T 55 h B UL T B B SRR S RS
Tik o BOTE Z AR SO T — i i i 2 4
ATl G AW, L SFC TR Ml 12 1B v 1) 1 FH i At
TR LA

1 KRXFHE

1.1 SH—IheeiB a5k

X F fMRIECHE , B8 T4 [B] SR N AN X
A ART A Jii X 1 22 (8] ) T RE 3% $e ok 32, vl LA
ST AT B TP S AR O R AT R, B L )
REIEHM MR R R I F e RV, X T DTLE U , 4514
T P T L A YR IE B A o DX
(] (R S5 AR S HE DR E S, RN BT Z LR 48 . B
K b G HEERE R R S e RV

2% WA XF SFC B BF 5 (Fotiadis 45 , 2024 ) , A<
S 3 A G DX (1) ) i 3 e 5 A e Y
— R EE SFC AR € e RVY, K1 /R T SFC AR
PRt R

AR F A E R HAE M F e RV Y 5454
M S e RV, /0 B E B & F, =
(Fouo s Fo) 58 = (S, -+, Sy ) B G X8 1 1 ik i
FRRRAS AN r (F,) 5 r(S)), 9 LA B 1 350 807
IR K REE VR A B, DA B SFC A [
Ce RN EfRN

WED

cg=p(F”g):1,—444f¢—%— (1)

FC 4k5 SC HEkE
) |
Al | | [
[ I s | . |
) J
\ 2 \ 2
[0.5.0.7,0.1,02] [0.6,0.9. 0.5, 0.3]
@j 1 9, 1
[o7 "BEIR 2 |
—e ol :
1 - BEIN 3
02 4 03 4
3.4, 1.2] 3.4.2.1]
\
<
N QRC R

K1 25— RERE & R M Y TR

Fig. 1 Calculation process of the SFC matrix

Kb d, = r(F,) - r(S,) 3% kN TCEAELH D)
AP AP B i HE 44 25 50 AT R AR, AT
2 I S A A D) Re I Z R R A R S
U EESE
1.2 SFC35| 5K HGNN %A 25

SFC 5| 5 it 3 e #2500 28 i 4 & SFC-HGNN F
T2, FH T e i Do % AR e YRR SR I, An & 2
I B A Dt B AR 45 4 i (5] SRR 5]
2] 3448
1.2.1  DhpeH KR

T B — A MLP X 2 i i 42250 F4
SFC 4 M 147490 2 il 6 AR AE S50, 7521 FH T 2h Bk
T PR )RR E R B X, LRy

X, =y([F;C)) (2)

g ()RR MLP, [ 5 | R M4 A T DR, 1531
)X, e RV RN IR RRAEHE B, Fov g — A7 % i —
AN DX d N RFELERE

Bl 5 IR EE T X i AR B3R 5 1k (Jie 55,
2014) Hy s DI REE B B3 o X T 58 i I X,
FRAE R %, € RY B — AN ANELHE T 0 AR

2529



2530

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 7,Jul. 2026

HiBFE X, e RV Gl FH Lasso [H1ESR A DL
TRl 1 7R &, B K

min|x, = X_yw, | + Alw, ], (3)
A, w, e RN ARG HADL Y SRR R OR o, 10 1
FRE, A R PR A A E S8 A R

Yt s
DIRERER) 32

le— wn —>le

5 i 3ok 5 /N FL A Y A R T A I RRAE
SRAFZAA TG, BV 5] R B b, XN, =
{Jlw, (j) = OV A S MR A . i, ol
RN e, = (iU No XA T 5 I R, A
1T 44 £ Dy R Pl P B AR B DI REE P R R
G, =V, E), b vV 3R BT A X 4 S

|« s —>]

N
SC ks

LERIRBIEI Y 3

RHE

FaPETT

~

TR
FC —>| | LAl
sc HG Conv 43Kee gg

r

H.V

BRESA ER
. s> s
§ F—> £, <« F

B2 i % SFC-HGNN (HHE4E ]
Fig. 2 Framework of the proposed SFC-HGNN

1.2.2 S5

55 Tyt AL 53 SR, 45 ey e T A 4
T 5GP MLP X 25 44) 2% 42 545 B 1 SFC 46 FE 479
ARG AT B TS5 R 5 2 ) BRI AR MR X,
% A8 1 k-3 4B (k-nearest neighbor, KNN) 5 % 3t T
SR, DU HE 4 SR (RORG AN 45 F S Bk . LA
F ORI X, B O R X5 A
At By X 7E R AE 43 B) P A RROL BLAS B B , Ok 4%
KA 55 30 48 0 i X790 5 50K X i TE L i s e, =
{i YU N, Horp N 3Ros 1 50 0 KA 809 55 e
B ARG o XA A E S M R DA S5
BEWELERE,. SHWBEREXRNGC ={V, E},
o, v FR A I X A

1.2.3 HRE>
25 338 D) Rl R 2 4 PR A JS L SR R S LA
SEALH [ HGNN, 51 8443 307 2 1 s Z [ g 52
Z 1o By O, DA K B8 A — Ty i 3% 42 X 2 W) A v A
WHICFR
FE HGNN H, 38— 15 SRR PR X,
IR W H, i H e RV @ SUh
Hiie) = 1 WA E T e (@)
0 Hth
WA, G SCAT AR D, F i AR D, , &
TR AR . ELARN
D, (i,i) = > H(i,e)

(5)
D, (e,e) = zH(i,e)



$31%5/ET7H /2026 £7 B

BER, a8, TERE, B/ WEN—RRGEEHENE

HGNN 4% 0> 72 2 J2 #8 K145 #H (hypergraph con-
volution, HG Conv) . — KM &6 P 1 W F B i B
1L S | e N RS B R RS
NS M3 3 B AL T L B b X
RN N

X =g D;%HD;'HTD;%Xl@I (6)

K, @ FRFE LR 22D SHUEME, o () RIEL
MBS B FE2ead L2 IEERUG , Dhfig 4 A
GERL Ty B AD A F RS,
1.3 ETEESZXEZENMIIZ

N T ISR R RN S R 4 2 RNV A
WS ZR AL T —Fh I T B IS A8 L A 1Y
T 255 s, A2l 2 A 2R AE SFC e (s B 51 5 F
o PSS AT AR . LRI BALYG T E
AR F 2504 38 32 B S RN SFC RS CAE R A,
Jfid I 4 H 1Y HGNN it &5 A5 X5 b i T FERFAIE 2
IR(FHNS) . DREMLZS 10 FRAE F T fig i of B e 4
o) B S T 65 PR 25 A AT S T R A T Ak i
Bk, B

So= ¢ (F), Fy=¢r(S) (7)

X, @ () F @ () RPN MLP, 18R A2 1) g A 2
T B RS, R T SRR 00 T B 3 A R R 45 A 1
T R 34 S0 SRR I, T LX) ik A 2 18 D s B 8 7
FHXF B AR AR B LA £ 5 A0 40 B AR R X R . B
5]

A_§O+§§ A_ﬁ0+f'§

S= > F = 5 (8)
R, S F 3 5] Sy TR A5 5] A4 45 b i 48 0 [ RN 1)
BRI .

T LA G i ARG g L BT ER S 5 R B
J7 1% 2% (mean square error, MSE )45 J¢ K fiif 5 5 #t 4%
RGFGHEFEZ 25, 1AL, 51 ABET Froben-
s 05 B8 Y R FR P A0 2R R RE T L1 Y8 500 B B v 2
W B
L.(B)=|B-B"[

£,(B) =3

i

St £ BRI £, R B BT
S Py S, |- F5 Frobenius 40, JHALH )y
2t BRI RENS 2% 50 3 P4 R — AN B KR B
T 5 T B O, D4 5 5 e

9)

B;

A — 2k
HEARPLAL F b5 [R] i fiz /A MSE X B fi 22
FIRG B E LT o DRI e 8 00 F R 40 2R T AR R Oy

q;uF_ﬁj+54ﬁg+%gma)

(10)

c.=|s-$ z + £($,)+ aL,(S,)

X, o, Ml o, R TR B PE L FGRE S8 &
2 QIS RN TR L BN
L.=L,+L, (11)
i 1o SRS AE U AT 55, DL AT S &)
BT 401 2% R B, 1T LA 8 0 45100 S I 4 i 7%
FENZRA R PR 2R 24l 3K H SRS R = B G
%, th g fg e ) BB AU HBERBOC 2R, LIS B
TN S5 AR DI )
1.4 TiERIA
FE TINS5 B B, W TR 3 1ok 185 A 25 50 Y AT 55
=2 > B P 3 S 2 ) 4 B B ) A S v B R 5 T
e UiE O B B, T B ik DU 4 R AR i i 43
W AR, AT H R — A it
A Sk AT S BRAE 38 /0 (R I 25 58 TR N 3R AR AR
FETPLEE ) 3 PR RE
FLART S, B4R 0y 2 R B 25 52 i 1 2
RE 43 S 55 4540 43 S AR 28 43 A5 20 P RS AS 1940 A8
WRAEF e RVHS e RV, FlJE B RS
TSR E AT R IT IR AE R 2 B A s 42 R 10
REAR G [, HAR N
z=[d(F); p(S)] (12)
i, o () TR BT RIG K2R IE 2 fi A
— AN MLP 43 2885 v B 2 I X EOL 3R
2 softmax 15 B 25 5 85K . Y12k B s R HZE
SUR AR R AT S K2R S BT LA, S 28 A R
FRARSE R H .

2 LIGHR

2.1 HIEESHEmLRE

A SCHE AN Bk B9 12 WA 55 1 I Je S, 433
fdi ] ADNI (Jack %% , 2008) #l ABIDE ( Craddock %5 ,
2013) Hdla 46 . ADNI Bdis e th 2P0 R %, BIE R
S BT 7R P RS TR 55 96T I AR A Bk S
Feo ARCERHEA—F4E, 33241210, 2

2531



2532

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 7,Jul. 2026

i 64 44 B /R 2565 BR55 (AD) ;R 129 44 2 3 A 1 e
fit (mild cognitive impairment, MCI) i 5 139 44 1E
H X B (normal control, NC), ABIDE 2 5¢ T H ] 4E
5 AR AT (ASD) B9 A 8l 4 IRk A H PR 2 K
AR D 2 o AR SO TR 3 TR I A
MRI-5 DT 9 86 44 521t , b 4045 53 24 ASD
BFH 2 ANC,

TEECHE AL BRI B, X T D RE A 1 2% , A SCid i
DPARSF (data processing assistant for resting-state
fMRI) (http://rfmri. org/DPARSF) X} ¥ 4~ %5 4 £ 1Y
IMRIZHE UEAT BUARHE . SR T 4 R A MRT T 40 242
AR ARG SR AT 10 S ] A5 22 18] A [R]RE Ik 3
KOE A A A - . B R bR g
(automated anatomical labeling, AAL) &34 K i 25
1] 4] 73 29 90 /> i DX, I 41 HBCEEA~ Il X% 192 A9 BOLD
fFT o WX BOLD {7 55 B R AHOC R LA
F) Ty BB I HE R o X T 4549 % I 4%, 38 3 PANDA
(pipeline for analyzing brain diffusion images) 1. H. 4
(https://www.nitrc.org/projects/panda/ ) XJ P 4~ £ #fz 45
Y DTTR R E AT TAL B o Kb BRI AR AL 4G S A T2
W HORAE L2kl I BREBT Sk S A IE I AL
TE o S T 2T A 308 % S B F) i 1X ) ) 2T A 5
FAP 25 i I 5.

2.2 EWRE

JIF A7 5 56 34 3% F PyTorch HE 42 #£ — Bt NVIDIA
RTX 4090 GPU 158 FETIIZRET B, A SCH 27 >
FULR 1 x 107, YR EE B 2005 0 B B U ok 25
G i e S50 B AR I 27 T B 5 % 107, I 45
RN 1000 PSP Bk ] Adam £ 4 #5% £ 4791
Yo TERTRSLI T, YR 54728 I UEHEATIPA
K FHHE 1 % (accuracy, ACC) , AUC (area under the
curve) \F1 5380 VL MRS (specificity, SPE)AE R
(E
2.3 XfLESRE

T 5 IE T 42 1 9 SFC-HGNN (94 20k L ¥
SFC-HGNN 5 P 2% 77 92 (BrainNetCNN (Kawahara
45 2017) . GAT (graph attention network) . HGNN+
(Veligkovié 2%, 2018) . BrainGNN (brain graph neural
network) (Li %, 2021) ) LA e Z #2575 % (MME-GCN
(enhanced multi-modal graph convolutional network )
(Liu%,2022) . Cross-GNN (Yang 25, 2024a) ) #E47 %
Foo a3 1 7R, SFC-HGNN 7E 2 J5 i 5 955 12 Wi 1

% FWUS T YA ERE . BN, 78 AD-NC 53
w1, SFC-HGNN AY ACC 1 AUC 43 %1 15 F] 0. 705 £
0. 661; 7£ AD-MCI 4325, SFC-HGNN [ ACC #1 F1
STk E) 0. 687 F10. 612, ML T A7 4390
$ETF 2. 3% F112. 7%; 7 MCI-NC 432, SFC-HGNN
(PR B A TR 4512 T i Ho ACC AR SR 2 44
Y BrainNetCNN #& J} 2. 4%, 7E ASD-NC 43 2,
SFC-HGNN /34K 1E ACC . AUC F1 F1 2380 4548 T 1
5 . (EAHE R, R4 SFC-HGNN 7EER 40T
55 WY SPE I AF B, (IR 4 S M o 14 1k 34
FEBE AR E AR P18, S BUR IR ERE A TR E . 1]
1, AD-NC 432, HGNN+7E SPE #5 #5 [ 0§ i35 T4
SCHITEE HFL A BUNAT 0. 276, 5 BRI 12 W7 45
S TTHE S A SCAY SFC-HGNN AR5
T br Y HUS Se ot i 4 AL T LR B e 1 -
PRI

HE— 21, X} SFC-HGNN FH# T 56 i £ i i 2
AR FLZE Cross-GNN FPERER FHIEAT T RT3
PERZIG . FLATT T ZEAR IR s R 0 L R A 101Kk
A S P8 R UE , I X6 P A O ke X iy a4 b
(I E 22 S HEAT Wilcoxon 25 5 REKG 56 , LA 56 IE 2i ik
BERE(BEMEATEE  p <0.05), WE2HR,
T4 % SFC-HGNN 7E 4 M2 Wi T 45 ¥ R B0 1
FALT Cross-GNN,,

X Bk BB SFC-HGNN f4 P R4 THIE3E
BEBLI 53 0% 2 T 30, B A Geit 2 B LS RE .
2.4 HEAEIE

SR B IE T B H A B AR AR A L A I 45 5 SFC
oS R A R R T 3 A AL SR 1) SFC-
HGNN [a] i L BRI 255 SFC 5155 2) ANl Tl
Y5 BT H SFC 515 53) 58 £ 1) SFC-HGNN, [A] B %
FH G Fh SR

MR 3 PR, YRR AT IO 25, H 455032
Z RS H I A5 3 R 3 I — %, 76 AD-NC
FIASD-NC /3284155 FAY ACCAYA 0. 668 5 0. 629,

2N OR B A 2 A S HE A ) I kL (L0
SFCAE N M B2 R P 2% 43 S 2 5 25 A5 N, g 3
R4 B HERR R IR T 1. 6% 5 2. 3%, FEMEERE |
E— A0 A 4R B BRI 2R S, PRI 55 1) v
TR X BRI 2. 1% 5 2. 9%, ik Bl e dl . ik—
M, AR SCRTRAL T SFC-HGNN 5 ZE %) FC 1 SC AR 4
SR WME 3N . AT AL REATT LA i, SFC-


https://www.nitrc.org/projects/panda/

$31% /E7H /2026 7 A EEY, BEg, TBEF, 5K/ NEE—ESBEMENE

F1 FARAFEERRIZEES EAIXILL

Table 1 Comparison with different methods on different diagnostic tasks

» . AD vs. NC AD vs. MCI
A ik
ACC AUC F1 SPE ACC AUC F1 SPE
e NetlCAN 0.700+ 0.615+ 0.337+ 0.932+ 0.653+ 0.666+ 0.235+ 0.925+
fame 0.045 0.090 0.105 0.061 0.070 0.099 0.083 0.066
AT 0.668=+ 0.610+ 0.097+ 0.909+ 0.631+ 0.535+ 0.381+ 0.757+
- 0.031 0.094 0.071 0.073 0.076 0.062 0.118 0.148
, 0.555+ 0.529+ 0.443+ 0.538+ 0.625+ 0.571+ 0.400+ 0.676+
BrainGNN
0.113 0.074 0.104 0.289 0.124 0.114 0.181 0.288
HONNS 0.669+ 0.629+ 0.316+ 0.890+ 0.647+ 0.627+ 0.223+ 0.899+
g 0.092 0.097 0.083 0.027 0.030 0.058 0.101 0.067
BrainNetC AN 0.695+ 0.621+ 0.411+ 0.472+ 0.645+ 0.620+ 0.485+ 0.427+
ramRe 0.045 0.066 0.151 0.390 0.097 0.040 0.137 0.309
AT 0.668= 0.537+ 0.258+ 0.901+ 0.658+ 0.560+ 0.242+ 0.901+
- 0.031 0.024 0.092 0.077 0.088 0.084 0.194 0.061
Brain AN 0.528+ 0.532+ 0.457+ 0.472+ 0.536+ 0.517+ 0.346+ 0.400+
i 0.157 0.115 0.049 0.390 0.164 0.135 0.286 0.490
- 0.689+ 0.652+ 0276+ 0.939+ 0.664+ 0.621+ 0.260+ 0.934+
0.028 0.068 0.093 0.046 0.086 0.052 0.170 0.041
MMEGON 0.658= 0.643+ 0.492+ 0.740+ 0.615+ 0.599+ 0.381+ 0.735+
0.052 0.040 0.075 0.082 0.089 0.130 0.169 0.128
2B GNN 0.699+ 0.659+ 0431+ 0.878+ 0.654+ 0.667+ 0.401+ 0.893+
& ross 0.046 0.043 0.064 0.093 0.060 0.143 0.129 0.066
SFCHONN 0.705+ 0.661+ 0.595+ 0.891+ 0.687+ 0.644+ 0.612+ 0.907+
0.077 0.105 0.059 0.070 0.081 0.138 0.083 0.173
. . MCI vs. NC ASD vs. NC
s ik
ACC AUC F1 SPE ACC AUC F1 SPE
, 0.595=+ 0.610+ 0.472+ 0.815+ 0.672+ 0.622+ 0.601+ 0.701+
BrainNetCNN
0.088 0.031 0.086 0.118 0.045 0.038 0.070 0.083
AT 0.574=+ 0.597+ 0411+ 0.769+ 0.614+ 0.542+ 0.603+ 0.651+
- 0.119 0.060 0.139 0.227 0.052 0.127 0.121 0.274
o 0.538=+ 0.518+ 0.587+ 0.301+ 0.653+ 0.581+ 0.612+ 0.671+
BrainGNN
0.073 0.064 0.100 0.277 0.086 0.089 0.101 0.189
HONNS 0.526=+ 0.528+ 0.188+ 0.827+ 0.638+ 0.577+ 0.598+ 0.636+
0.122 0.111 0.158 0.101 0.076 0.102 0.092 0313
B Nt 0.607+ 0.613+ 0.481+ 0.822+ 0.640+ 0.612+ 0.588+ 0.684+
rame 0.123 0.088 0.167 0.111 0.055 0.042 0.085 0.123
AT 0.522+ 0.540+ 0.393+ 0.819+ 0.625+ 0.554=+ 0.582+ 0.621+
- g 0.114 0.051 0.120 0.179 0.051 0.072 0.111 0.264
_ 0.531=+ 0.548+ 0.643+ 0.119+ 0.601+ 0.562+ 0.568+ 0.588+
BrainGNN
0.069 0.044 0.104 0.146 0.073 0.065 0.095 0.183
HONNS 0.522+ 0.532+ 0.380+ 0.798+ 0.628+ 0.599+ 0.574+ 0.651+
0.008 0.092 0.243 0.102 0.065 0.056 0.099 0.251
0.534=+ 0.570+ 0.544+ 0.509+ 0.596+ 0.553+ 0.551+ 0.602+
MME-GCN
0.088 0.059 0.093 0.143 0.083 0.075 0.105 0.219
Z B 0.507+ 0.531= 0.484=+ 0.545z 0.662+ 0.630+ 0.616+ 0.692+
Cross-GNN
& 0.091 0.150 0.106 0.177 0.050 0.049 0.098 0.150
SFCHONN 0.631+ 0.623+ 0.652+ 0.833+ 0.681+ 0.635+ 0.672+ 0.682+
0.053 0.065 0.093 0.131 0.054 0.105 0.087 0.192
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Table 2 Statistical significance of SFC-HGNN ﬁﬂé‘ 1 53 1k Lok ﬁf T 1'/2 1@ i ﬁ**ﬁ 2 ﬁ M *ﬁ 5
compared with Cross GNN T TS (EASEE TR , S T B — RS
% p~fA U i A5 6 T T 5 T LT, PRl T30 4
AD vs. NC 7.60E-3* IR AN TE[R)— 12 N A TR o DL ORI e
AD vs. MCI 7.52E-6* S 1Y TE AL 5 RAE 2% 2T Wi as , AT PR UE XS HE 2 F- .
MCI vs. NC 1.56E-2* WMk 4 FTR , Z B RG W RRAS (RI5E % /Y SFC-
ASD vs. NC 4.00E-5* HGNN A ) 78 P 1A% 3= 4 AF: 45 AR 4 T L fd
T FORGIE R fMRIEL DTI A RA SR I B2 R se i . Bk

SEARD AU EAR T RHS S U B G L (B
HONNSEfR P UGBS SC BRI IIR T e o g it — 4 Pt iy 7 RN P45 2 ]

HLAE s AR ZE IR A SFC-HONN MR BT MABEAL o5 ot b5 9 A M1 96 25 . AT 408 00 O i T 52 132
MBI [ i S ML R R A SO Y gy

SFC 5| 5 A W 55 P55 A8 U 2 i) T )11 25 ek i H T B UE TR A SFC-HGNN #y 1 & T
RARAEA AL S AR SO RE R Fe Z I VR TEMR A SCHR I T 40 (R 780 55 2 B A G H8 47, I3 5
SR e B DG HG G R, DT AT S AR AE AR R, Hoh, GPU S CPU B HERRZEIR 43 BI7E NVIDIA
HAE RTX 4090 Fl AMD EPYC 7T83(644%) %, H#5

#&3 AD5NC.ASD 5NCESHEREE
Table 3 Ablation experiments on AD vs. NC and ASD vs. NC tasks

il SFC AD vs. NC ASD vs. NC

% 9% acc AUC Fl SPE ACC AUC Fl SPE

X X 0.668+0.068 0.534+0.109 0.394+0.077 0.887+0.011 0.629+0.058 0.566+0.121 0.598+0.092 0.588+0.179

x NV 0.684£0.031 0.572:0.076 0.432:0.098 0.888:0.098 0.652+0.048 0.595:0.106 0.632+0.033 0.664:0.190

VooV 0.705:0.077 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
Y & N R BT AL SR s xR AP AL AL o IR s e 45

Pl S

(@ B FC AR (b) BUIGIRIUSFC- (o) AV SEC- (&) JBUHA SCAIFE (o) BUIMJRH SFC- (D) SR IILISEC-
HGNN E#H) FC k% HGNN HEH) FC HHkE HGNN E7#) SC 4EF HGNN E#H) SC 45k

I3 2o 5 R 2 B AR S SUHE A I kA SFC-HGNN B B ) FC A5 SCAR IR nl ¥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;
(¢) 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 )
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Table 4 Ablation experiments on using only a single modality and using multiple modalities

B AD vs. NC
A

ASD vs. NC

ACC AUC F1 SPE

ACC AUC F1 SPE

{UFMRI  0.688+0.081

{YDTI  0.679+0.065

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

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

2B 0.705£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
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[ I 72 75 5 IPL. R 1 PreCG. R AH K19 59 35 5 75
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Table 5 Model complexity of the proposed SFC-HGNN

Bt SHRM FLOPs/M GPUIER/ ms CPU #E3R/ ms
I 25 247 22.16 1.35 1.52
T 2.75 23.04 1.29 1.36

AD NC AD NC
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(b) Z5til
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Fig. 4 Visualization of significant hyperedges in the AD vs. NC and ASD vs. NC population

((a) functional hyperedges; (b) structural hyperedges)
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