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Prior-guided region-community hierarchical graph network for assisted diagno-

sis of autism spectrum disorder

Peng Wen', Cui Xinyue, Cheng Shumeng
School of Control and Computer Engineering , North China Electric Power University , Beijing 102206, China

Abstract: Objective Existing functional brain network-based methods for the auxiliary diagnosis of autism spectrum disor-
der (ASD) commonly rely on predefined statistical measures to construct inter-regional adjacency matrices and often model
the brain as a flat, non-hierarchical graph, which limits their ability to learn diagnosis-relevant connectivity patterns and
characterize multi-level abnormalities across brain regions and functional communities. Methods To address these limita-
tions, this study proposes a prior-guided region-community hierarchical graph network (PGRC-HGN) for ASD auxiliary
diagnosis using resting-state functional magnetic resonance imaging (rs-fMRI). The proposed framework consists of two

major components: a salient temporal-aware graph constructor (STAGC) and a prior-guided hierarchical graph network
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(PG-HGN). Given blood-oxygen-level-dependent (BOLD) signals extracted from predefined regions of interest (ROIs) ,
STAGC first adopts multi-scale temporal convolutional networks to encode regional time-series features under different tem-
poral receptive fields, thereby capturing temporal dependencies at multiple scales. A shared temporal self-attention mecha-
nism is then employed to estimate the diagnostic importance of each time point and select key temporal segments that are
more closely associated with ASD-related functional abnormalities. Based on these key-time features, a spatial attention
module learns a task-relevant adjacency matrix to describe functional interactions between ROls. In this way, the graph
construction process is no longer solely dependent on predefined correlation measures, but is optimized under the supervi-
sion of the downstream classification objective. Meanwhile, the Pearson correlation coefficient (PCC) matrix computed
from the original BOLD time series is used as the initial node feature representation rather than as a fixed adjacency struc-
ture, allowing the model to preserve useful functional connectivity information while learning a more discriminative graph
topology. The learned brain graph is subsequently fed into PG-HGN for hierarchical graph representation learning and clas-
sification. Unlike conventional graph neural network (GNN) -based brain network models that mainly perform message
passing at the ROl level, PG-HGN jointly models brain functional interactions at both the ROI level and the functional com-
munity level. Specifically, functional community priors are introduced to provide biologically meaningful constraints for
community-level representation learning. In this study, the CC200 atlas is used for ROI parcellation, and the community
prior is derived by mapping ROIs to large-scale functional systems based on canonical functional network organization,
including the default mode network (DMN) , frontoparietal network (FPN) , limbic network (LN), ventral attention net-
work (VAN) , dorsal attention network (DAN), somatomotor network (SMN), visual network (VN), and cerebellar and
subcortical structures (CB&SC). Instead of assigning each ROI 1o a single fixed community, PG-HGN employs a learnable
prototype-based attention mechanism to dynamically estimate the affiliation probabilities between ROls and functional com-
munities. This design enables each ROI to participate in multiple communities with different weights, thereby improving
the model’ s ability to characterize individual variability and overlapping community organization while maintaining the
semantic constraints provided by functional community priors. At the ROI level, graph convolution is used to learn local
functional interaction representations among brain regions. At the community level, the dynamically estimated ROI-to-
community affiliation matrix is used to aggregate regional features into community-level representations. A cross-level inter-
action mechanism is then introduced to enable information exchange between the ROI layer and the community layer. Spe-
cifically, community-level reasoning is performed to model interactions among large-scale functional systems, and the
refined community representations are further propagated back to the ROI layer, allowing local regional features to be
updated with global community-level contextual information. Finally, the ROI-level and community-level representations
are fused to form a graph-level feature representation, which is fed into a multilayer perceptron for ASD classification.
Through this design, PGRC-HGN integrates key-time-aware task-driven graph structure learning with prior-guided hierar-
chical community modeling, enabling joint characterization of local ROI-level abnormalities and system-level community
coordination disruptions. Results Experiments were conducted on the preprocessed Autism Brain Imaging Data Exchange 1
(ABIDE 1) dataset. Subjects with fewer than 100 time points were excluded, and all remaining rs-fMRI sequences were
truncated to the first 100 frames to ensure consistent temporal length. A total of 1,009 subjects, including 493 individuals
with ASD and 516 typical controls, were used for evaluation. The CC200 atlas was adopted to parcellate the brain into 200
ROIs. Five-fold cross-validation was employed to assess the classification performance of the proposed model. Experimen-
tal results show that PGRC-HGN achieved an accuracy (ACC) of 75. 27%, an area under the receiver operating character-
istic curve (AUC) of 79. 63%, a sensitivity (SEN) of 75. 06%, and a specificity (SPE) of 76. 62%. Compared with repre-
sentative competing methods, including BrainGNN, BrainNetTF, Com-BTF, FBNetGen, RGTNet, and DHGFormer, the
proposed method achieved superior overall diagnostic performance. In particular, compared with DHGFormer, the best-
performing baseline method in terms of comprehensive performance, PGRC-HGN improved ACC, AUC, SEN, and SPE by
2.76, 2.88, 3.47, and 3. 28 percentage points, respectively. These results indicate that the proposed method can more
effectively learn discriminative functional connectivity patterns from rs-fMRI data and improve ASD classification perfor-
mance. Conclusions The proposed PGRC-HGN combines task-driven graph structure learning with prior-guided region-

community hierarchical modeling for ASD auxiliary diagnosis. By explicitly selecting diagnostically informative time
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points, STAGC reduces the interference of irrelevant temporal segments and enhances the learning of task-relevant dynamic

functional connectivity patterns. By introducing functional community priors and dynamically estimating ROI-to-community

affiliations, PG-HGN balances biological interpretability and individual-specific flexibility in hierarchical brain network

modeling. The experimental results on ABIDE I demonstrate that PGRC-HGN achieves superior classification performance

and provides more interpretable hierarchical representations of ASD-related functional abnormalities. Therefore, the pro-

posed method may provide useful imaging-based support for ASD auxiliary diagnosis and contribute to the analysis of abnor-

mal functional organization in ASD.

Key words: autism spectrum disorder; resting-state functional magnetic resonance imaging; graph neural network; func-

tional connectivity ; temporal convolutional network
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H M %E 3% &R B % (autism spectrum disorder,
ASD) J&—ZR LI A2 V38 A ) 32 401 5 2 20 AT h
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(Lord 5% ,2020) . # B 245 T g 4 HL 4k B4 (vesting-
state functional magnetic resonance imaging, rs-fMRI)
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dependent, BOLD ) {5 5 ¢ S W R ) F & # 28 16
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MR OC R o AR, BRI M 45 (graph neural
network , GNN) 75 A FHC7E ] 45 49 B8 1 SR 55 2 2R
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W 430 B 7 % o0 B R T B (Luo %, 20245 Long 55,
2024; Lei 55 ,2026) . BLAT 2T GNN 4911l N 45 75 1

K238 1o J2 R #bh A & 22 %L (Pearson correlation coeffi-
cient, PCC) 55 Tl L G0 11 B 5t R A4 1 &1, 7528 7%
A K B BLIX 2% (graph convolutional network,
GCN)AF 22 4l GNN B 58 i ASD 5 f FEJ R 2 1412
Wi AL 55 (Tong 55, 2023) o LTy vk 2 BRI, 52 50
RORFRE , AT IR R, R 7E ASD figi [ 26 73 B v
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SR, 3R D7 B P e 11 P 530 ik X
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IR R R\, a5 T2 W 55
AHEL AR, B PCC AR TE LGE T 145 3 1Y &P e
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F14) 408 F2 R 3 i A A SR AR, 3 1) s R X ] A
ARG TR SC Y DB i e =X, (B 220 GNN J5iAY
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P e 0 S b By s B B 5 iE g%
A B TE A W15 B AT S ma 485 8 1) 2 2
EHIPE(Wen 55,2022) . A ff e LR A, —SLhf5Y
Sl AT 45492 2] (graph structure learning , GSL) Jf
125, 23 rs-IMRIEIS Hh 27 2] 54T 55 A OC I 4B e
W I ACREEAE S WEIZ I H AR Y B T Ak
DT A 42 B 5 S 1 ik X3 4285 2 (Mahmood 45
2021; Kan %, 2022a; Wang %5 ,2024) , R X207
ST AR e B AT 55 B Bl 2 > EAT) 32 SR A
568 vs-fMRIL IV [B] J32 910 R A T X TR) e C &R o
JE 2] BOLD {55 BA k2 0 A1 Fa i i v 32 1 [ A2
S ik X 2 e i e o Bl I H] Bl A5 gl .t SRR
Gl k) 2] 2ok AR R = 568 SRR I [i) ) o e PEAIL R
DR X LR £ T 5 ASD 95 HIUIR 725 0 78 A0 56 (1) )
Sl VP 2] A T 228 W i RS BAT 2 W (Y

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

W I T BE S
2014),

AN, BAT T GNIN AR 190 26 51k 3 K K i
AR T JZ DB et - TR 254, 2800 1 R S e 4141 1Y
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REZH 2T Jmy B T i X (8] 49 1] FRLAZ B, SR T A
[Fi) AT X 22 ] B P (A e SE B A 2 A 5547 2
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FIATIREAL XSGR 200, S RE i 1 £ 4 X sh AL i 3
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Pl 51 5 T i DX - 41 X 43 )2 B 45 (prior-guided
region-community hierarchical graph network, PGRC-
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TEAE By B, A SCUTE 1 S B I [] J% 0 T A 3 i
(salient temporal-aware graph constructor, STAGC) .
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TR A BB P Al i T, 2,
TEGPJZFRAL 2 2 B B, A 3G 1 e s 51 00 2 1K
™ %% (prior-guided hierarchical graph network, PG-
HGN) o ZMHRTE D REAL X e B0 i 293K T L sh A4l
THEEA i X 30 45 D Re At XA 8 C &R DR e X 5
XA Z G T IR RERHIE A 5 . X —i%
THA B T 1 SRR+ X )2 D RE A2 B 5 7 21 I BE
T1, TR Y25 B R — i 12
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1 MHBXIE

1.1 E-FFE X e+ 56 B 0 i X 48 77 7%

BLA 3T rs-fMRI Y ASD 12 W J7 1538 % %
PCC S8 T B 1, Xof fili X Fsf (] J3 471 44 19 79 S B
g A A, A AR R R AR R R B A2 7Y (Kho-
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G811 B b A 0 R R Sy TR SR HESE B L OREE S
GCN ., [ 7 7 71 W 2% (graph attention network , GAT)
SERBLTT e R 27 2 o i, Li 55 (2021 ) K LT
i HH 5 2 ORGS0 &S R 5y PC.C R A J ) 79
SURFIE SR BrainGNN 4%, 12 X 26 2R H TR #4) 1)
REEER, ULy BRI A 28R E . Yin
2 (2021) FI I PCC A B A S SRR 1, I 1k — P45
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F AT, NI SEEE ASD 2 7. SR IE S ik B
A BT R E P S E 48 42 i B e
PCC i AHOC R ECEFiUE LGt WSe i e , i e
A RS RS T 55 A LA B E LR 512 B
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IR RYTOVE HHEAR A TR SCAR A [ T [5G 1 1 E £
AL, R A XA AL F 2 B2k AP & A )2 8 L
fIE T D RE AR L
1.2 ETEZEHZINKME T E
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PR, FB 55 5 I GSL v, WEIHE T A 3l & B
19 105 X 3% 4545 20 (Zhu %5, 2021) . Mahmood 453
1o — 2k 5 FR A 25 9 2% (one-dimensional convolutional
neural network , 1D-CNN) $2 HUli X A9 B SURRAIE, FFA5
B A B I HURIEIZWT 55 2 2 5 SRR 2R ¢
e, FRRE A X SRR 5 2 T 380 1 40 1 A I )
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5 X ) 17745 18 25 5. 9T (bidirectional gated recurrent
unit, bi-GRU) Zi % IR} 2 RFAE , 2848 5 — 10 )5 LA R
FEABLEE 2B AT 55 B Sl YRR HEAE 4 . Wang 554 Y
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Z IR S FR , TEHR e iz S A O FR A &1
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5 BOLD 15 5 Hh 55 5 g R 245 988 70 A 5 114 5 B 1 (1]
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FEAE , DAL X P38 St X Z B A AC HOGR . iX
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MK I E | F , PGRC-HGN 1 4% 155 B Fil 4%
ASD fili T 8 5 1) 2 )2 R RAFAK KB TF . STAGC
FHT DI TR 4 J32 27 20 T 55 AH OGP HE L I | 1 o QR 4%
T 512 WiAT 55 FOR G, 9128 H 12 Wi AR G il G i
B 715 BB . PG-HGN H () XUAR A 1 45 B (bidirec-
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(] 3Z B, AT i P Jmy 38 B8] 05 A s ] 9 T 174 22 IR
FERTF3RIR o AR K 28 41 G i 0T Lb 25 308 7E 55
3.5. 3 ik — 2D ar b . A B AR (U I TR) 2 i
TE, TR X AR A5 S, DTk S0 A I 18] 4 5 By
B I AN I B R0 5 W2 R G

R B R ORI ] 2452 B -4 o i P A S R T
I ZAR B 22 RUBE IR P R IE by J 82 DG R [ s 1 4%
FEAEEA
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T, EB%, BRFT
KBS ETRER-# X5 EEM%KE 8 HERE IS 7%

2.2.2  SCHEERTR] g S REHLEI

Ry v A% 8 T (R 5 R 2 2T 1 i 0 6% 7 i v ke
=0 S ] o5 i B R R R, A SCHE 2 R
JEZ I 8] 2t L 25 4 o B ISR RRAE HY, P, HY) 5
B [D A R T HIL o AL A RUBE B B P A
AT AR R IR, A 45 s ) o5 A T 2
JUBE 2Z ) e 223 B I ACER , DT AN (] RS e 5 —
ZHAFARL ) s 1] 151 o

XS s AN ROBEREAE H, 1 Je R FH I ) 3 22 1AL
il AT A

Q" = H“’)WQ,K(") =H W, VY = HW, (2)

QWK Ve + g
d

Z") = LayerNorm (3)

Softmax(

A, s RoRMS R RPER ], QY, KW, VO 53 5l R R 5 s
A RUBE 1) e 1) R B R I RMELE I 5 HY RO IZ R
JE B P REAE R 5 W, W, W 3 31 3R 7R 6 10 (14 AT
2 2] LMW B L 2 s B s AN NUBE (R IR [R] 3 R
J1% R AR 5 d R IR T R GE B
Softmax ¢ 7~ IH— 1L 8 50 pR %L, LayerNorm #2718 )2 IH
—fEaRAE

BEJ LB T A A T R A AR B ) B

oy e e R
v
() — o : (s)
u't = SLgmmd(Z‘Zw-
i=1

Kb w Y RIRGE s D RUEE N 55 j A I ) 5500 S
1950 50 WX &R 5], j R B SR 5] sigmoid &R
Sigmoid LI PREK
TSR [B] JE 5 LB H o e (0, 1), WA RUEE
PEHLK = | o |/ SCHER 1] 5, RGBS
1) = TopK (u",K) (5)
A 19 RN s A RUE T 18 B SCHE N [A] R 5
By ul) R 0 I RUBE (%) B (1) o 28 AR 3 1) o
TopK & 7 16 MU M 45 43 d5c a1 19 KA1 I ) A5 1Y)
Ak
FEAJE T R ROBERFAE rp 42 BROCHEIRT 8] 2 AR
7 e RV*F,

),,'=1,2 ..... T (4)

2Y= H) (6)

R, 20 IR s A RUBE O 2 1) A S B A i A
TR AR Y B R Ok B A BN X

SR A A RUBE 5 N ] S b 7

B ] SRR S AT Z < R
7= Concat(ZA“),ZA(Z)’ZAm) (7)

R, Z FOR D 5 9 22 B B I 1) 15 5 F 4
[ ; Concat 2% 7~ Vi B (0] RR 11 4 B AT PFFR 0 821k .
PRI RE S 28 HOA T BiF 2 WA 55 AT ) 551 g g st (]
B
2.2.3  AEXPRIERIM S

TEAR A 22 R SR il J5HRAE Z 0 | AR SOl —
a2 A B 23 (8] G 2, LAM i AR X AR 1] o B
PRI, A SOR I 28 3k 25 1 2 LA 6 i DX 18] Y
PITACH O 2R R TR AR . B35 b TR ) Sk B A ify)
W R 53 33 H

Q" = ZA””WQ,K“” — ZA(’”WK (8)

K h R II KAV AK Y SR h
AN 7Sk B A A R R B 5 2 3R AL TR
1K MR IR AR I s W o0 W 23 531 375 A5 1) M
T X IO ) 1 2 ) ERAPE RS R

(h) g (k)T
A" = Sigmoid( QJ; ) (9)
"

A AW TR G A TE R 3k I AR B AR H R
Wi s d, R 5 h TR T SRR IEAE B s FAR TR
GRS IS IPO E A S WP N IV E N S
SR A AEX FRABEA € RV,

R T A AR G T PR S5 A 2 T 0 G D 4 ik
Hh X 2 2 A5 3] 1) R X B R R ol 1 3 A5 X FR Ak 1k
VRS R B BRI, ASCKE A L BAE N B AT 55 A1
KARFEHE o [, % SCHh B 4f BOLD B[] )7 51) X
T PCCHEFE F, IT6 ARy B B0 4R 15 s e Ak 4
Ao HIL, ABHEHE PR A 55 SURRIE F AL [ 5 d
UYNEEANE R 1y A S I
2.3 %W EEM%E

FH OGP 2 Bh 2 22 B, N 119 17 B A 300G 1 AR
) J2 G AR R ST A i DX 2 ] R A 7 il 52
BB ARG B REE DI RE R AT X, 38 i ik
yfigat X Z [0 1 sh A PR, 58 BUE 2= i 205 88
B 540 EE, ASD HI G HRE S, AR AR T R IR X
Lo Ty e 4t DX 22 JA] g P IR] G 3R 2K A | (Meunier 5§,
2010) R THHFEIX PR H A SCRIT T B85 54
JZ K M % (PG-HGN) , PG-HGN L) STAGC i 4 it 3
MOR AN ESISE AN {3 R e W R = D IR S S
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A, HAKM S, PG-HGN 1 5 1 iz X )2 XU
ARG R G ABUE B S BN X ZRHE . Rl , 78
DIfe e s 20 sh G T~ il X 20 45 D g et X
@R, & Jm, T ZHE X RHEITEIREER
B SEEUN X R RRE 54t X2 R R R A BT, AT
PRIHEARI REH T H AN RIEGE ) 5EYF 6
M
2.3.1 X JEXAL A &R

H T STAGC % 3 04T 55 #H 5 08 432 56 B A A X%
PRI RS, 47 BLHR F AL 58 GON MELL 38 43 A1) H HE X AR
FFN A A TR S AR S0 2E AR .
I, AR SR OB A 646 AR (Bi-GCN) |, TE R B3 R X
FRAT: 55 A0 S AR FEHE B i Ak I, 3 5 IE 1 A6 4 5
J AL RE P AR SRR TR G, NIZR G
A IR T B R B

SRR 5 AR IR [ B A [R5 5 A =
A+ 1L R A B BES 53 00 I ) 5 R ) i
WA HATRA
FO = a(—yF“‘”W“)),F“) - a(&F“‘”W(”)
5 F 4 i J z

(10)

K, £, F O 535N IE 5 R T AR A R 5
T)’ (T 43 9 2R 1E m] 5 5 1] 5 — A0 AT 55 4H 5
SBIEHE; WO, WO SR IE [ 45 B i R o) 2
BIRREGERIZEG o (- ) R AR L EBOE

5 Ja K WA I 1) R A A5 RO A #E AT RS
152 HOHT 5 BT SRR FO e RV R RRIEAE
PR A X B 4548 ) [T BE , DA TR A PR £ 255 A i
D T] 05 S A i i AR, R ) St X2 A 4 it o 5
53 B il DX AL
2.3.2 $EXJZEEVJE S Transformer #E

06 9 2% 3 K 97 0 o, ARAeT SPA ARR E 2 ~T Y R
PE S A W2 AT i BEPE 2 — O BR AR . (U [
K1 DX AR 2 AT 6 ) 43 BB s BE A ) ] i R
P HA Z 55 S5 PR AR R MR 22 50 e 4
BAGIK S LA R BR BB RTE Ko B 2115
ST e st X5 OB HoANERE o

R, A S G KA AT AR 2] iy Rk X A
T e R**“, Jf 4 2 i X 20 4t X A9 58 50 I 2 BF
B, e RV** Ho 55 i A I X8 T4 kA e it

DX, DU 17 i A O, 75 D 3 47 R 3 —y , B
o _ | OFFHIDGHE Tt Xk
! —y. &

T, by R eI B R AR i AT BB kBRI R i
HE S s I X 25 | AL X R 5] 5 y>0 e 5 AR
Y8

Bl , M DX 2 R 1 1 45 RS 1) 8 i X2
fEF e RV 54k X 5 A T 3155 30 25 05 J@ HE R 40
FEP e RV*X

(11)

(W)W o

Jd '
Ao, P ERIR I X3 A XY 2 25 9 T 8% A B
W o, W 53 5 37 A 1H) R BED0E 0L 9 A 2 > LSRR

ST B B, AR X 5 T XS R IX
Z 18] 1) S 56 V91 Jim OC R AR, VD D & 00N AL 21 3l 28
e HE A B P it LS SR A 1 P Y
> o AESARE R P 2 1 i DO AN [ D e L X Y I
JER AL, {1 DX RE A 7R Ok B SE 56 D REAT IX 3 LAY [F)
B, UAFEAE S5 244X, R AV RE IS 7R D)
REAL DX SE 0 B 29 SRR AR A A G DX )2 AR 3 25 7
R i X3 25 D REAL X 1Y H 8 OC &R TR AR FRAE X3 L
Tt A P M8 [T ERF, 8 R 0 A 4K 22 S R A IXC o A OC R 1Y
ZImRE ]

TEMCHERM b, AR SR A 32 A —HE 3 —5 [a] i 5
R Dy AT X R R e, R R A 3
TR PG D2 FFIE SR B AL X B RHE . € = PTF .
Bt o, 7541 X 2 F) FH Transformer g i 28 %} C 474
Jry A2 EOME R AR 2 B e R AL X R R AR €=
Transformer (C ), 5 J&7 1 [] — 5 J& WE 8500 B A X
SEREEKIX)ZE: F/ = PC'  ¥4L X )25 [ By FR1E
5 I 06 ki DR R AR AT Rl A5 31 e 2 1 il [X <AL
X RlERHE F,o 12 FERESTE D REAL X Se R 29
T EEHAE X AR B S AR I R IXZE S5
J2 R HR A ARG iR AR A X 3R G A X Y 2
AETT.

2.3.3  FEZEEH 552

TEAS B 28 I IX AR BVERHE F J5 A SCE
Tt AR R Y SR 2 AR AR A5 [R] D IE A I 2
] i %, Bl S i A 22 )2 B AL (multilayer percep-
tron, MLP) %yt 70 2R&5 R . W A& hY =
d(F.W,), b W, R 4% 1 m] 2 > AL AR

P = Sofimax
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e, b i BR A HG Y R AR R Z B R R Y,
BN

V = Softmax(MLP(V)) (13)
A, VRIR ZE PRI IR 1) i MLP 3678 2 2 8%
B 5 V 22 RV HH AR 2 2R T 45 R . IR B
SR A8 SRS A T W B 2 T |, v B 3 B A o

3 & R

3.1 ZTRECEESHIRE

A SCR A AT AE IR i AR E A 22 4 1 (Autism
Brain Imaging Data Exchange I, ABIDE DA EREE
FFJ& 1 PATE 13 2R B i3 (ASD) % Bl 12 18 #F 5% (Crad-
dock 5%,2013) . ABIDE IYLAER H 17 MHFFE LY
Z bR AT R LR (rs-fMRD £U40 , 435 ASD
55 4t JE XF B8 20 (healthy controls, HC) P 2832 3 &
BT ZHOHRTEAMRES RESHSZEN
T T A S 3 255, Hh O [ 5 BT Ve AT et B A I
GRS ACVPAN 72 Az T 0, AR S A0 4k 2 3
2151 H (Preprocessed Connectomes Project, PCP) #2it
AR bR AL TRAL AR A

PCP T4 BER A T2 AL FR IS )AL I Sk 3 AE |
23 (A AC E -5 AR HE A | 1 BRI TR S R A 205 45 ]
A AR RS 22 Bk LA St s b . POAL BRSE i | Ak
T+ CC200 i &1 42 3l 43 200 4 il X, I x4
ANl DX A 2R AR 5 IO, 5 21 fil X SF- 2 BOLD 1
[E] 351

HEIANBA LY LA X e A S %
Yeo 7-network atlas( Yeo 55, 2011 ) K5t X %1 53~ 8 4~
Dhiigtt IX, 43l 2k BR AR 3K R 45 (default mode net-
work , DMN ) . i 51 %] % (frontoparietal network , FPN) .
i1 2 W 2% (limbic network , LN) & M {3 2 % 2% (ven-
CHF N R 2% (dorsal
attention network , DAN) | JX {412 5l ] 2% (somatomotor
network , SMN) . #iL 5% I’ £ (visual network, VN) L f&&
/NG 55 B2 )2 R 45 44 (cerebellar and subcortical struc-
tures, CB&SC) .

% BB AN ] 52 103 I ) 3 94 R AN — B,
AR S — 0 S| I ) 580 T 100 BUREAS, o H
AFEAR GE— IR HT 100 AN 8] 45, R AT F
RS T 1009 2 IAE RS (HITHFEEILE D .

tral attention network, VAN)

VAR A A [ R A ] T A R A v S iz AL fiE
T3, ARSCR HIZE U IET7 58, AR S B S 96 P58
B IEARER Y

®1 ZRHERER

Table 1 Subject information

Ef=ga) ASD HC Mt
ZAH R 493 516 1009
e E7 17.2¢8.6  17.087.5  17.128.0
PR H ) 431/62 421/95 852/157
FD/mm - 0.159+0.190 0.103+0.099 0.130+0.153

A ul A 16 16 16
T AR AN 4 (8] 57 % (framewise displacement, FD) X %
{H+bRE2E IR

3.2 EWIMEIEESEMIER

A SRR A G YN R B T PyTorch HESE S BE,
S iE AT IR N B A 24GB W AEAY NVIDIA GeForce
RTX 3090 GPU. VIl Zxid #2 v, LAk B RN BB
16, YIZRFHOS N 100, FIUR7 T R BN 131074, K
B A T b IS Y (172 AR RE ) 5 A R AR E I, AR S
R FH AL 32 SCRIE SRS, I 2% 4 2 B0 45 R 1 - 1
(EAE R APEREMR S . HEBIA S FE AR RS
— SR ARSI 2 RS T IR D5 B AT T
B, A e S 56 X0 AR A R 07 vk R T4 28
S UEVEAG B, R AM 51 A —ul SRS 002
2y, DLk b TR0 0 SR S AR T A W) D7 vk 22 1A
(R E A 22 o 43 TR REPPAN 5 T, A SCIE B HEAff 4%
(accuracy ,ACC) R (sensitivity ,SEN) 2 E
(specificity, SPE) 1 52 i # T4k 4 fiF i 2 T 1 £1
(area under the receiver operating characteristic curve,
AUC)HE P 6 B . DN 22 A B8 X B B k47 25
At
3.3 XMLEXWERSESH

B UEA SCAE A 1A R ¥ PGRC-HGN
5 2R R - AT 0 b, 45 T GNN Y A 1)
2% 77 1 BrainGNN (Li 5§, 2021) , 5 i X 411X 7 43
J24 5 40 149 10 I 4 J7 7% BrainNetTF (Kan %, 2022b) |
Com-BTF (Bannadabhavi 5% , 2023) 1 DHGFormer
(Xue 55 ,2025) , HH1 BrainNetTF J& k) 4353 )2 )7
%, Com-BTF Fl DHGFormer J& F 1 1 4343 )2 J5 1,
DA KL T B S5 H 2 T 19 i 19 2% 7 35 FBNetGen (Kan
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45 ,2022a) TRGTNet(Wang 55,2024 ) .

S REHTE ABIDE TEUE 4R 1 7 2845 R 3k 2
JioR o RN R DT Al ek, K2 T A
XF LT E S R AR SUHES BT AU R R
PARTS o BT A 5 s 38 ok HIAR TR] A Bt 4R A TR i A
ARG e bR E R[] 9 PCP 14k 2 8 2 T CC200 fing £
%, H-48— K ACC.AUC . SEN HI SPE 1F Ky PE 45
Fro Xt T RERE B 418 B 48— ER I8 4% 1) e T2

RS — 2 fet A [ A9 80308 a2 AT U Rl it
Xt B B A S RGO A Y 2 AR, AR S
TEPRAS B D7 R A5 A4 R 3 B8 S0 B R Y Bk
fifi b, G A B R R SR AR AT S — il . bR
BB AT BRI T RE AR R POAL B TR AN 4
i 22 e X SRR A5 AL A2, DA TR AT BE D /D A A
PR SRR A R B R

®2 ARRBMHEHR

Table 2 Classification effects of different models

el ACC/% AUC/% SEN/% SPE/%
BrainGNN 63.84+3.08 65.53+3.67 58.55+6.81 69.00+4.76
BrainNetTF 70.44+2.07 77.54+2.38 68.08+2.50 74.13+6.50
Com—-BTF 70.15+£2.97 77.64+3.36 67.49+5.79 75.10+£5.65
FBNetGen 68.87+2.67 75.63+3.01 66.43+3.35 71.70+4.02
RGTNet 70.15+3.77 72.03+4.84 69.88+4.41 70.50+3.94
DHGFormer 72.51+1.89 76.75+3.31 71.59+1.88 73.34+3.18
PGRC-HGN 7527 2.16 79.63 2.54 75.06 6.03 76.62 3.58

T AR LU (E AR 22 2 5 VRSN 27 08 N FE AR A e 2 2R

F 2 2 Al A1, PGRC-HGN 7£ ACC . AUC ., SEN #lI
SPE PU3i G bR b B S L4553, 73 ik 3] 75. 27+
2.16%. 79.63+2.54% . 75.06%6.03% FI 76. 62+
3.58% . M FHEfeLs & iy Ji ik DHG-
Former, PGRC-HGN 7E ACC . AUC . SEN . SPE 4341
$27F2.76.2.88.3.47 3. 28 N AM . THEAE TN
J& , DHGFormer [A) Ff J& 3 T K 25 ¥ 22 > 59 i X -
11X 3 2 55 K B4 i D 246 7 s, X — &5 SRR, 7R A
TR R T , PGRC-HGN JIT % 1 it 455 55 g i
5k — 2 45 FH X ASD AH OG5 B =AY R AE AR
LR ORFE AN SO AE ABIDE TR 45 R Bl
P R M g L DA LB % 27 ) B 38 1L IX 431
F%) I O 2 FEAE , DA TT A ASD %l 112 W 32 4L B A 2 10
T

Sy ik — 25 B 9F PGRC-HGN A48 T fe o 3L 2k )y
HMERER T G B E M AR SCE X PGRC-HGN 5
DHGFormer #E47 T #M 78 B FZ MR H . BRI, A
SCR 10 R 51 5 47 38 SLEIE , I XF WA 5 1 7E
X R 43 b 0 P R 22 5 4T Wilcoxon £ 5 FR KL 45
(KPR p<0.05) o [RIINF, A< SCHR A5 XoF
K15y L PERE 2 (A Y 95% A7 X 8], ATEAS M RE$2 7+

ffaEtt. GHE Rz IR,

2 3 7] %1, PGRC-HGN A %% T DHGFormer 7£
ACCHIAUC by REEE T8 2 et i 2 KF, B
Xof 7 1 i 2 1 Y 95% A7 X (8] 9 K T 0, I AR 3L
D7 AR HE T fe i S T ik M Re B T A BT R AR
TEE

%3 PGRC-HGN 8% T DHGFormer )5 it¥ B &4
Table 3 Statistical significance of PGRC-HGN compared

with DHGFormer
ECEZR 95% EA X [/ 1 73 i P
ACC [0.45,1.79] 8.52e—4*
AUC [0.98,2.60] 3.30e-5*

T " ROR 22 A gei# W1 (p<0. 05) .

3.4 HRAZKWERSSWN

N EE PGRC-HGN Hh 25 1% 0o A5 B Xt ASD 4y B
ZWERER DTHR, A SCI T 2 IH RS, 4521840
RAPTR . LI S B H) iE& #% (graph constructor,
GC) 143 JZ K 4% (hierarchical graph network , HGN)
SEAR R, BRI S N 22 S e T et — P i
B, SEHEARA PGRC-HGN 7£ ACC . AUC . SEN I SPE
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VU T35 bR b 34 AR B A Al A 4 R 75, 27%
79. 63% .75. 06% F1 76. 62%., 1 BH 5 i 7] 8% 241 18]
FI1E 2% (STAGC) 55655 541 )2 E M 2% (PG-HGIN)

REAS 15 I 45 H 25 > FZ SRR A P D7 THIE AL
A, AT £ THAE B X ASD S8 i ) i 452 =X 114 40 S5
AEST o

R4 HEZWER
Table 4 Ablation study results

Tk ACC/% AUC/% SEN/% SPE/%
PCC+PG-HGN 70.05+1.53 73.94+0.57 69.08+2.50 70.82+2.97
GC+PG-HGN 71.03+1.61 74.29+2.34 73.55+3.25 69.50+4.09

STAGC+GCN 68.87+2.64 71.54+2.86 66.92+5.85 70.98+4.60
STAGC+Bi-GCN 69.56+2.13 72.15+2.58 70.43+7.35 69.22+2.40
STAGC+HGN 73.20+3.11 77.16+3.40 74.51+4.24 72.10+3.19
PGRC-HGN 75.27 2.16 79.63 2.54 75.06 6.03 76.62 3.58

TE AR DRI A B A3 22 271 5 MIHLECHE 2705 X BEA bR i e L 45 2R

T4, NS5 H i 7 Xk F , PCC+PG-HGN
i PCC A B Y T AR BB AR STAGC 2% 2]
B AT 55 FH DG AR T 40 4 , DU I 45 b s ¢ SR A 71 43351)
TRES. 22%.5. 69%.5.98% Fi1 5. 80%. X —&5 Fek
B, U PCC BERS 2] i i X 15F 1] J7 1) =22 ] 1 £ 1 R
KRR A AEB Y ZRRT C 2 [, Joik
FE XS WHT 55 AL G R I 72 M L se e i 3 54T 55
LRI T REE . M2 R, STAGC 7E B {5
SR 2 2] SR G &R A S AL B TSR AT 55
AH S A 4

FLYR, Sk B0k SC S Asf 1] e e AL A VR L AR5
WE GC+PG-HGN 1 b X BE AR AL 3% A B 2% B
STAGC H i) S HE B] £ BEREAIL I , B33 52 it
[EJRRIE A7 ) I 45 0 . SEge s R s, HACC T AUC
S BT A3 I R B 4. 24% 1 5. 34%, SPE T FE B
S (1 76. 62% [ 2 69. 50%) o 33X 1t B AUR#Hi 58
3% rs-fMRI B [B] P 9 04T 7 3 50 A At 5 2 2 5K
SIS WTIC DG 8] 5 BE T HE , DA T ) 555 408 422 4 2 o)
ASD Dj 22 B U # ik BE )] . STAGC i N £
FROBE R PRIt e B8 512 Wi A 55 38R G Y DG BT )
S R 4 2 2] 1L R RE S 3R AR S LA M Y 1B
B DRSS L, I8/ TUAR S TR A5 S 52 )

PR, DG ) 2% A G5 ¥ K F , STAGC+GCN 7
P& B3 STAGC () 3 fill I, ¥ PG-HGN # 4 M 1% 4t
GCN. 1% B % i ACC F1 AUC 43 51 K 68. 87% #il
71. 54% & T A H AR AR R RE IR A S5 R . Xk
B, BV PR 25 A BE A 38 i STAGC 2% 2] B 55 5% B9 4T 55

A IE A, A e SE R AL 36405 R PR T et 1 19 M
X2 S B B TRAT X DA A 1 X2 B DL S A X 2
[ Z 2RI REL T IRR .

20 UL, Ry B IE R X FR AT 55 FH G &R B
X ) A R HLH B AE D, R S0 & STAGC+Bi-GCN
VR REREAY AR AE R B STAGC fir 2% > 4B 4%
SRR B LR L AR I X2 3] B A, A5 AL
XZshARE S5 ZH#ER . 5 STAGC+GCN # L,
STAGC+Bi-GCN f#) ACC, AUC I SEN 43 5] $2 J &=
69. 56% .72. 15% F170.43% , P I AH H A& 58 GON, AL
I [ 45 FHURE 8% BT 78 53 b R FH STAGC 2% ) 15 2 1y A
X PR EBFELE R , 76— B BE L AR BRI DX ()& AE i e
AR BE RS HA5 B, , b G0 k27 >0 41 Fe 0 B4 90 £ i il
XTRRAR T 18 B A5 B 2 o 4R, STAGC+Bi-GCN
(YR AAPE BEATY I S 1K T8 HE AR AN, 3 R WY, A ik X
JE R AR X B R A7 3l 5 S ALK 5HE DL 7853
Z 1 ASD A 5 5 5 ZEA DX 2 T i A 8B

5, WA IReA X B I 2 )E R AR SC L
2 T STAGC+HGN 5 58 # Hi A PGRC-HGN,
STAGC+HGN £ B T T ag At X S50, 3R A £k i B
AR 5 5 T I X B X AT R e 2R o %A
AP BEAR T STAGC+GCN A1 STAGC+Bi-GCN, 54 1
B DK BN (1) 57 )2 G5 AR A B RE A8 A AR FHBE AR A X
R RR MRS . SR, 5 A RIAH L,
STAGC+HGN ) ACC . AUC F1 SPE 435 F [ 2.07% .
2.47% 4. 52%. X FRW], WL HL= Dy Rgt X S5
L, BRI A AL AR AT e R M (02 2] 155

11
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(A DX A S8 DG R AT R AR AE T OANERUE B A
KRR WA, PGRC-HGN i it 7 e i T ikt
DX 2 BRI ) 2 TR i DX 8 A X1 U AN 7R DR AR
b DX SC—SI0HE (%) 7] B SHe > 44 22 5, DA AR A4S B
R EL A2 B A 2 0 D 25 3

Ryt — B OB R R i PR RE SR e R B
G2 B e AR SCE XN 52 AR PGRC-HGN 5
PSSR TR T G Y oA AN = X Y NI
AR 10 R E S 5 4728 LI IE , I X6 8 A
5591 RIS R AR X o7 4 43 A 1 g 25 53 54T Wilcoxon
FF5 Bk 35 (o 2 K1 p<<0. 05) o[RBT, A%
SCH A X IR 3 R 25 Y 95% A X ], LAPF
fili Pk e 42 A B AR M . % JE 3] STAGC 1 PG-HGN
S AR SC T VR B A A 0 2GR 43, AR Sy 1) 3 B
PCC+PG-HGN FlI STAGC+GCN A by K5 i fil o et A
A, LLEGAIE STAGC 1 PG-HGN X 45 8 P BE 42 T 1 o7
Mke GEitai Rk 5.

%*5 PGRC-HGNHEEFZOHMEENSGITFEEEE
Table 5 Statistical significance of PGRC-HGN compared

with Ablation Model on Core Components

I b R g
PCC+PG-HGN ACC [0.16,0.90] 5.53e-3*
PCC+PG-HGN AUC [0.08,0.80] 1.45e-2*

STAGC+GCN ACC [0.49,1.79] 1.03e-3*
STAGC+GCN AUC [0.32,1.70] 9.96e-3%*
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Fig. 3  Effect of the prior penalty coefficient on model perfor-
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Table 7 Top 15 stable differential directed community connections in the task-related adjacency matrix

HE4 A T X T R 2 R P4 25 SR S Pl — B
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