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Diagnosis of Brain Diseases Based on Multi-scale Residual Fusion Graph

Convolutional Networks

HAO Xiaoke, HE Zilong, LU Xinchu, MA Mingming, LIU Shiyu
(School of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China)

Abstract: In recent years, functional brain networks have been used in the diagnosis of brain disorders
such as autism spectrum disorder (ASD). Existing studies have shown that combining resting-state
functional magnetic resonance imaging (rs-fMRI) data as well as non-imaging information to form a
population graph, and then learning and classifying the data by using graph neural network (GNN) is very
effective in the diagnosis of ASD. However, most studies still face two challenges: First, the construction
of functional connectivity matrices using methods such as Pearson correlation coefficient cannot effectively
identify and analyze localized brain regions and biomarkers associated with diseases; second, it is difficult

to efficiently learn multi-scale information about node features in population graphs on GNN. To solve
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these problems, a multi-scale residual fusion graph convolutional networks (MSRF-GCN) based on the
attention mechanism is proposed. The algorithm efficiently localizes and identifies brain regions useful for
diagnosis by designing a functional connection generator to extract temporally relevant features with remote
dependencies. Meanwhile, the multi-scale information in the population graph is learned by designing a
multi-scale residual fusion algorithm. The Edge Sparse strategy is also introduced to increase the sparsity of
node connections by randomly discarding edges in the initial population graph, which in turn reduces the
risk of overfitting during training. The effectiveness of MSRF-GCN in the diagnosis of ASD is
demonstrated by the results of experiments performed on the autism brain imaging data exchange
(ABIDE) program.

Key words: autism spectrum disorder (ASD); functional connection; attention mechanism; population

graph; graph neural network (GNN)
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KB BERLENE B T AT S AN SRS o B B AT R Wi D ASD YA T 5 A E)
TARK A k% . SR, H AT ASD A2 Wi R 3 SR T 1] 45 8 25 35 RO EE ™, B AR K Y 32 004 A
U, O T RE S BOR PSSR o DR, 30 U0 S 00 M AR F O BIAE W bR R L) kAT RS

i S A T BE R AL 4k 115 (Resting-state functional magnetic resonance imaging , rs-fMRI) & —#j 3} {7
A Y AR B AR T DR R XA T Bl OF CT 2 R T R g e T BE R I IR AR
(Functional magnetic resonance imaging, IMRI)#fF 58 Hr, — &R At A i 480 7K - 4t 1 ( Blood oxygen lev-
el dependent, BOLD ) & P14k 2y 68 14 Ik 116 2l , 34 75 I Nigi 00 £ v ] g - ol 28 ) 8 e A 1 B A =0 . il
b PR AR, N Bl A5 SR AT L 3E S A i R £ ) Dy B 1l 45 A8 % 4 ok il i L i T LR I T Sk
framt,

Bifi 5 AR B2 7 LA B N T RE R Y Pl i e, 35 T R B2 2 20 Y O 1 T T s T AT 55 O
WAS T A0 S A RCR . Heinsfeld %576 Y A 4 % 23 5 2% >J 42 il 21 5% % % (Functional connection, FC) 4§
I, 38 o A8 — A TR B 28 ) 2 Al G A% 2% > 19 5 76 1 ) M XE ABIDE %04 48 1 035 44 323 35 i
703260 2520 Z 48R T — 35 T Bk 2 7 SR 07 114 7 s, 10 o 5 0 3 7 B A A 40 2 4t
KB G B G — HESE b, i M2 >0 B A R P Y B R A O R e T 2 b A HRE 2
R BOHE 43 A 22 SRR, Eslami 28758 1 4 8 i A G A5 28 A— > 82 BRI KL (Single layer perceptron,
SLP) 4 W TR & W26 E AT R A 2% 21 SR F2 I rs- IMRT U v (W R AF |, I R R BCPE a5, ftfb 7 S 80142
TR BCRRAE (Y B o R /IN TSR T — I R AR 1 3 R vk | a4 1 T T L 0 4R
T 1] — B R AS Y o R A (] O AR 28 B — ok, SE I T ABIDE $Hs 46 v Jo bR T i B A 8oHE |
TR T 2 bR T RO B il SR Jey S B ZE AR TR 2 o) O VA A BT RS 20 A A R DR 12 WORS Bl R R L
SR, B TR B R B 27 2] 7 R R T 2 B2 B i B, 3 L Sl ) BB A i | sk R A 1 A5 Y
I PERE

LR, GNN E#Z HI T P B2 27 IMRT EHMR R 75 24 > B BE 24 )8, GNIN 3 i 2 =4 208 i 199
25 AME BB IR B 2 R 2 5 R OR A A SS A AR 3 G o A A RO X ] YOG R
Wen 25 O T — b 22 90 18] 18] 4 LM 2% ( Graph convolutional networks, GCN) , 6 [ 45 ¥y 2% 3] 5 £ 4T



M F R T SRR £ kA B A AR W &0 ik R BT AR 829

55 R A2 2T MG A, LB v IR 3 5 6 1 2 26 B IR TR rs-IMIRT Hh S 7E F S BE T M 4% . Hao %5110 4%
T — B A P A R 28, ) AN ] B ] 5 540 22 D) 04 PR 38 A 5GP A a2 4 38 22 ) 1) 1 B % 3R ke itk A7
B[ 7R 1 BRI 12 W o SR, A0 SR AT R 22 M FE B 1 45 A O D ifE — A AR S s W e M L W B
53 R 52 2% 0 5 2 22 3 DA S 22 RS 04 2880 40 i OSB3 M 8 o S 5 40 3 B 9 B 2 AR
IR R 14 A B 1% 2 75000 42t (49 0 528 35 A % P 0 RSB M A B2 BB BT ) . Yao & R I T —
P AR T 22 R =020 GON, JH T AR 405 D) A 45 4 32 42 368 I 358 2 0 HEAT 23 26 ¢ Tiang %5 R T —F 43
JZ GCONAHE B2 2% o] RURRAE i A, [R] s 25 I 2 40 M5 8 32 1038 OCHK o[BI T 2 ) T F 3 K 45
HEMEE Tl B R PN R A T S, B TR R Y R M NI AR RE T, 3 I Sl A I R
ORI E] T ) Z N o Zhang 55U T — & o 0 B R H o ST T ikl a6 B R I 9 1A
Sk E A ST R TE AR A R 4 IR R A BB A8 T4 b SRS A GNN LAY th i 4B 515 URRAE . Zhu
LR T — R 2 L R R s S O TR S A T 2 W FC NS By FCHRAE 3l 1 X H 2
> D0 T AL B — 3RO

S BRI BUS T RAF AR AR SR A AE — S [n] . (1) A& e A= i FC 1Y 77 3 CH an ik 580 J IR 4%
AHIE RO B FC Z0E T B [RUIUT A3 3R i DX =2 1] 70 2 Pk A0 OGP, TR IG 7T B AS 35 A 41 348 32 2 A+ (1)
J3 50 T R i 52 2% 9 BOLD 224k 5 (2) fi 7 GON 3o B2 -3 g 1) &, B0 AT 1 T B 2 12 Wi i) GONBE RS R %2
VTR )Z 450, Tk N Z B E U th 22 S W AE i 2 ROBEAR 8., X 52 W 1 290 20 28 1 v M 5 (3) 81 X
HIAE] GCON PN P il 2 — P o 241 55 %, ol 7505 80 A I 25300 18] ] B 25 B B0 B 4 8 L 30L& KU
K ] DA T 5% i 3 2 45 2

B X L3R (n) B, AR SCHE T SR T AL B 2 ROBE BR 2w A KT B 4% (Multi-scale residual fu-
sion GCN,MSRF-GCN) , >k i#17 ASD W12 W . id i 51 A D8 i% #% 24E il #% (Functional connection gener-
ator, FC Generator) & fiff e &k MEAE R FCAERE R RMRM: . BRAEmME FRHTETFZLAEEN
(Multi-head self-attention, MSA) [ 2 i % PE AT RR1E 32 B, M1 A8 2% 4 25 s T )32 2710 v 174 4 B s A0
el A5 TRY R A0 4l AR R T =2 (1A 2 S B AR . 7R S BB EHE 9 Ab B 58 R 5 AR E B g 5 A L A
HAEE BB Z B A CHRIF A AN DR M E ., BT ¥ AREN 2 RERFL T
MSRFE-GCN B, 5] A 22 RO 8% 22 il 65 ok R4 R A 1R 36 B2 10 i B RRAE , F T 4 0% 22 RUBE 9 71 4
FRAEHR A o BEAb, 38 5 5 A 5% 25 3% 520k i e GON ZEAg ) 25 o A5 i A7 e B B T AR sl ME S ) . B
SIAT B# B AL R, AT 2 B ag i N 1 D b e B — 2 0% L ) B AL 25 3% — 3 403, A ik 20 31 25 44
Vi) 3 40 G 1 DRSS - 184 o P61 18 4 i 2

A TAER EZTTERANT -

(142 7 MSRF-GCNHESE | i i+ 5| A B 22 1% H2 oK il the il T GCON JZ B0 Jnniiy 7 A 2ok 98- 8 B B2
T4 R SOBRKE (0 In) 8, 38 ok R T 22 ROBE Bk 22 il G JOokoB BT A 46 BB A i th RRAE R AT SR B, AT 27 2 i A
N BB 2 RS BT LRI 2R 72 o #8065 09 KUK o

(2)5I AT FC Generator, il 13 & F 2k A 72 & 1 09 90 65 2% 2517 FRAF B2 10, £ 58 65 M) 18] 77 1) £
5 B B I R B S RIE . XA AR U T AR S8 FC A R 5 VR AL RE A AR il X 22 TR] A R AR
DR A T R0, KT A S TR 8 408 4 R A 1 R 2 TR A A (I sl

(3)51 AT Edge Sparse %l , 7E Y 25T 1 Z 1, 4% — 22 LE ) DS 2 47 19 N 1 T v B AL B — 35 4334
A5 U0 25 B AR B o X 0D T A T v Y xR A Y A Ao B AR, 1 T AR T GON i i T
R . Edge Sparse %W 34 5 1 4 A KOS (9 BEMLME RN 2 RE 0 48 = T BT RE (AR Ak g .

1 HXF*E
A SCHR B HE AR AN TR 1R . RE AR B SR N TR B 25 K R 3R 12 AT 55 ER BT R YT R 4



830 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 4, 2024
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Fig.1 Overview of the MSRF-GCN structure
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F— 2 X Prec X Recall (16)
Prec + Recall

ACC 2 —>H B9 73 JE 8 b5, 22738 I I A A B9 L 1) 5 SEN 303 T A 1E S e AS 9 TE 1 3 26 19 L
1], A 53 2 A% U IE 2R RE A BE 11 5 SPE 3R 7R Jir A7 7 A A B 10 80 43 2 10 LU A9 5 05 A 38 R0 A [l 3202
AR 2R FR AR L0 SR 0 BRI, ISR BRAAR s Oy TV AERS A AN A (] AR A Y e fi
T F L ESE TRXPIH 4 T — N8RS B2 A ] i 8 R F- 24 s AUC D5 i Bl AL 3F Al T A
A AR AR R A AR (4 2 Ab M RR RO SRR, AUC IR 3 1, 2 BB AU (9 ME AR IR 4, B S M g o
2.4 XX

N T B IE MSRE-GCN A8 4 P4 i 5 i (5 45 R B AT AT Ludk | 2E— 206 MSRF-GCN 5 24> JE Rt 452
DL RCH B f Je B RL EAT T LA . WX L T I R By R 32K f’?fffjﬂi BT 3R R Y T v DA B R
T GCNW T . FrA al LAY Jr v 40 1E AR 5] o ) 0 Kot 4 BB AT Uk An i il .

2.4.1 HBHxik

(1)SVM. }ZTTF'_JEHL(SuppOrl vector machine, SVM) " & —F il F 0 /0 M B | 5 78 1k 5
AR 25 8] T die Ak S 256 [ ol ) £ 320 T A% R, SVM ik BE A B AR 2 4 43 28 1) 8, ) FH 345 1)
At S A

(2)Ridge Classifier, 147>252% (Ridge classifier) ™" & —Fh H T — 040 28 AR 3 1 78 353 2% o %
BA Lo iE WA TR B 1k G o B TR A i A v R T (a1 U 152 A | i f AE 280 7 4k 24 vy 24 40 i B4 R
bz ALRE T
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2.4.2 A TIERBEHKENT X

(1)ASD-DiagNet. ASD-DiagNet " [ i 1% #% 15 SLP HI4E & UE A7 A 2 > R HL B rs- MR £ 35
P REAE [ B R FH A5CH 388 i 7 7 R 2 v B2 BRURR AIE 1) Jo 2 43 S Pk g

(2)DNN. IF J# #fi 2 [ 4% (Deep neural network, DNN) " H # 4~ [ 4 £ #% Fl — 4~ MLP 241 i .
DNN i 1 2 A4~ B2 1 1503, B rh 4 U 2 R AIE 3 A b 3R IAG SO 55 5 2 19 e A 250905
2.4.3 AFGCN#F*

(1)GCNo GON—Fh - dub 2 P54 1 i 22 0 46 52 780, HEAR FH 26 0] 348 BURI 28 I 4% ( Convolu-
tional neural networks, CNN) [ F¢AiF S B , (HE TR S5 80E . GON 2 —Mixitm 8k 1T
AP 5B 8 BBCRR AR, R )3 ] Ak P IL LA 2500

(2)BrainGNN, BrainGNN"™"Jg& —Fh 5 F 3% £ 3% GNN ) IMRT HUIAE 42, 77 B4 2 2] ROTER 2
T UE 4 Bl IMRT 432

(3)MVS-GCN., —Fft 5 FH S6 36 K i 45 4 2 > 51 B (9 22 9 GON B8 B 45 4 2 > F 24T 45
A2 M A, AEE i 20 2P RE T U0 T 7E I T BE - I 2%

(4)RGTNet, — R fili FH 1] 4 A5 4% L Je V10 i 400 A FOIA SR & 7 125 9 T 138 3% 2 GNINYY sl 5] A
B3 25 3 LA PRI A0 45 B 12 A AR A1 A P14 52 1 ] o i B840 v B oo 00 R A1E

(5)Hi-GCN R 20 J2 WA dE AT P ik A 2 23127 ) Bt % R A R g 190 4% ) 465 ) A 4 Sy A 11 [ v 52
T A G, AT 7 2K e A 5 A4 0 AR AIE

(6)EV-GCN, —Fhfli FHl [ 52 SO 25 25 A 3 P36 B 45 DI I 1% 2 TR 50406 35 B ok 22 ] SR B Y
R

N T A A A RLER A © & A IR AR S IR AR M R SR B s AT . A O TR AT
B PR RE e HRE G SR ) 2 1S0IRE 5 T A R S 0, AR 5 TE S S v EAT B0 o 8 D 10 7 38 UG UE K AR 3¢
P A A S DL BB ABIDE $0ds 4 1 b7 50 o S22 SRttt 2 1R, Horh de HE 45 SR UKL AR
BR.

£1 FEMBZBR L

Table 1 Experimental comparison of different models

%

Model ACC AUC SEN SPE F,
SVM 65.73+£0.23 67.87+0.39 70.69+1.27 64.87+0.39 69.65+0.61
Ridge Classifier 64.51+0.39 68.4240.76 65.1440.26 68.250.39 65.63£0.71
ASD-DiagNet 67.79+£0.28 68.534-0.49 63.6740.71 64.31:£0.63 68.81£0.82
DNN 67.2540.23 67.4340.72 71.264-0.69 63.704-0.88 68.124+0.73
GCN 67.8141.57 65.954-0.46 71.394-0.64 72.31+0.45 70.98+0.27
BrainGNN 54.444-0.35 62.174-0.32 60.134-0.25 53.7940.21 61.5740.31
MVS-GCN 68.15+2.08 69.38+1.32 68.39+0.57 65.13:£0.72 69.37£0.91
RGTNet 71.2941.79 68.80+2.12 61.66+2.67 68.76£2.98 65.90+1.78
Hi-GCN 72.814+0.41 77.384+1.35 72.0440.75 73.85+£1.27 75.68+0.89
EV-GCN 75.8340.53 72.9440.98 77.834+1.31 82.73+1.41 79.42+0.21

Proposed 78.14+0.43 78.44+1.78 82.81+0.73 80.56+2.27 80.41+0.82
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H1 3 1T LS DL R 4598

(DFEAE ST s, SVM R P 8 % I8 T Ridge 202588 o SR, i A5 8 0 4y i 20 (L G pL 7% 2 )
D5 1 P BB BN K R 2 30 ik o TR 2 2T ST AR LR ORI A 2R M RRAE SR ICRE ), il A AU DA
T AR i g 2K s K Bl Y Oy U AR DT I 2 R TR A g .

(2)FF GCN Yy 38 & 8 T35 TR KB vk . 7T LA 31l ASD-DiagNetBg T SEN Z 4h, H4
FEAR AR T DNN LAY 35 150 W BCHE 18 6 550 10 %) T B A Pk 8 1 48 FH A — 2 1952 I . BrainGNN J& —Ffi 7E
ATl )2 2 18] R B TopK Ak 15 89 GCN, AT L % P BrainGNN 76 & 81 ABIDE 4 4 9 53 211 5 b oAl
SRR D7 vk E 25 A TopK £ 55 7] 8 A 2315 CNN A48 RIS AL Tz a8 FH o LA R IR s
(4 5 1 RO i G SR AR LB 4, 7T AR 3 S 8127 20 5 30 A il 358 2 55 12 W v B B A, 1T L TR )
b 1) A2 2% 114 Ji 1) 445 2548

(3) k% 2 18 25 80 im0 O 12 35 3l P 7R SRR S 80 19 5 vk . HIFGCN FTEV-GCN AT T R K
OB T4 BT 55 P R 0 00 TR JH IMRIUBRE (97 15 . X R W Rl & 2R M A RE g R it
ZFEAEME B M L SRR AR I A X — 4518 5 I IR I A — B, I K B AR AR 2 W AR T
JEHUR 500 | 70 5 256 25 TRAR I M ) A DAt A8 A5, AR i B i T S

(4) MSRF-GCN 7£ ABIDE 48 4 b SR S8 T S B PERE B T SPE &L F EV-GCN4h, 445
PREJE T H AR . B SR RGTNet R 2 1 AL X FC HEBFE AT T A3 B A ORI AR B R B0 &
FHgE T N A B I H 91 A MRFB $2 BU A 808E 19 2 ROEE {5 B 73 MSRE-GCON 19 #: fig 0 % 1k F
RGTNet, MVS-GCN 3t 40 Fl F1 T 2 A~ W B Z 18] /9 BAMF B 82 48 7 88 4= 5 i FR AR5 8, 2R,
MVS-GCON 5 #2%: 2] T Z (9 280, (45480 R Xk LA 8, OF BT e e Buz feig acss . 5 & TR
BRUAE L, EV-GON BUS T JE g i R BB L 4R T B 6 O 5 2tk 2B i T FO AR B, JE ik ik ok
NG 5 A5 =2 1] 42 24 3% BB . AR SCIE 5] A Edge Sparse 5 W Fl1 GON 5% 22 1 32 00 3 f 7 A= 3o B2 - DA M
T LA A )

& 3JER T MSRF-GCN (4N tEfE 4845 . 8 3(a) N MSRF-GCN 7£ 10 4728 L8 3iF F i ACC |
SEN .SPE fil F B4 £k &, Hop 26 AR R M . MSRF-GCN 34985 5 o8 78.14 % , 3 A 7Y HAT 45 &5
M EAE R . B 3(b) R T 10438 HUE N 5 19 ROC i A5 fk . ol LA ), R 1 AUC {H 4%
LR LHE ) AUC O 78.44 % , R WA B B iy R fd v o b Ah , MSREF-GCN 1y H 1 2R 78
ROC it £ JF b3 b 384 T 5 b, 2 W IZ AR R X6 ASD AT 3 5 1912 Wi R R T AIG A9 IR 12 3R . 33 45 76 Ife PR 1
FH T 4 AR o At T A 25 SR R T R

95
90
85 - 2 -
2 g ROC fold 0 (AUC=0.84)
ryl B OB OB © ~—ROC fold 1 (AUC=0.86)
B B —ROC fold 2 (AUC=0.89)
R 8 —ROC fold 3 (AUC=0.82)
b 75t = —ROC fold 4 (AUC=0.87)
E —ROC fold 5 (AUC=0.85)
70 E —ROC fold 6 (AUC=0.84)
—ROC fold 7 (AUC=0.88)
65 — ROC fold 8 (AUC=0.88)
s ; ; . ; ; ; i | —ROC fold 9 (AUC=0.85)
ACC SEN SPE F, 0.0 0.2 0.4 0.6 0.8 1.0
(a) Average performance of the False positive rate
four evaluation indicators (b) ROC curves

K3 MSRE-GCNZE 104 2 LS IE T i 4 T fE
Fig.3 Average performance of MSRF-GCN under 10-fold cross-validation
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2.5 HELZE

MSRF-GCN B¢ (A4 BE O aod 5 A R Y FE B A BB TE . A9 22 1B LML 7 LR i 52
FrAE , 245 FC Generator GNN 5.+ Edge Sparse 5 W& (28 2% % 407 X LA SRAF B o Ik R
YRR 33X 63K 43 47 1 52 2
2.5.1 FRREARFCHEMEYF X4 EHEREG A

K H Pearson #H ¢ 22 B0k PR A= il F C A B Y J7 125 0 AN 35 A 1 348 2 2 B 8] ) 371 v K G &2 2% 9 BOLD
G52, AT HEIG RN FHES 2 TETEE VK FC Generator, A T 5 E FC
Generator X fie 2412 Wi 45 A (19 52 0, 76 el 28 A 410 A RT3 T, >R 1 Pearson #H OC R E0UE U FC Hi M IF
F 25 B 5 H FC Generator (B E AT XL, L 2 TR S

%2 FHFPearson A K FC Generator & B FC %5 P& B9 14 R X b

Table 2 Performance comparison of FC matrix generation using Pearson and FC Generator

Model ACC AUC SEN SPE F,
Pearson 72.25+0.97 69.8641.15 78.0641.70 69.5643.26 70.7240.96
FC Generator 78.14+0.43 78.44+1.78 82.81+0.73 80.56+2.27 80.414+0.82

M 27T LU H AR I Pearson A ¢ 5 8042 B FC 4 BEAE 5 A48 br 39K F i FC Generator
AR AE R . PR, AR 3R T AR M2 2] 5 FC Generator 78 #4) 8 FC 4R B 7 1 547 58 .

2.5.2 FRBERETSERENI @

T 3F Al MSRF-GCN Hft ChebConv 5+ B A & P, B L2 4 ol H A B % A 7, G 45
GCNConv'™ \GATConv* /ARMAConv™ SAGEConv"*" I GraphConv"**', 4 & %5 B F 4, Hofl 52
U6 U E MR AR . R 3R, TR B9 MSRE-GCN 78 ABIDE #4648 E (0 r A7 $5 AR ¥ S B T e
rAPERE . XL BLIEB] T ChebConv RE A% B 1y b i £ 151 25 4 vp (9 52 2% 5C 3=, AT 412 T 43 B AR 1) 4%
REH

i T UE B MRFB WA 808 6 55— A~ B3 B A i Hh B2 4 Ol Be 26 MILP (9 i A, DA T 3 i 1 A
MRFB B8 o 25 A0 3% 3 i 7, i 1] MRF B #E Je (4 J5 %8 78 43 2505 B2 46 25 T 48 br b W 3500 TR 46 1)

&3 FEMSRF-GCN EEARERESREFHMEEEX L
Table 3 Performance comparison using different graph convolution operators on MSRF-GCN

%

Model ACC AUC SEN SPE F,
GCNConv 72.2540.97 69.86£1.15 78.06£1.70 69.56+3.26 70.7240.96
GATConv 76.41+1.47 72.37+3.64 76.72£1.12 78.48+0.43 79.18+£1.29

ARMAConv 75.5340.94 76.02+1.93 77.1240.73 78.104-0.87 77.5441.32
SAGEConv 76.674-0.47 76.7140.37 78.294-0.42 76.864-0.96 77.25+0.55

SGConv 77.3140.49 78.1441.75 77.8440.77 77.5341.58 78.27+0.41
GraphConv 76.634-0.74 77.6640.49 78.8240.75 75.6541.94 77.0740.88

Proposed w/o MRFB 75.4240.79 72.2140.65 76.5341.57 80.42+1.28 79.41+£0.29
Proposed 78.14+0.43 78.44+1.78 82.81+0.73 80.564-2.27 80.41+0.82
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MRFBREH 75 %8 . X R BT, MRFB A8 o 4 A A E g 2 RS B 6 ASD 2 Wi 55 A W 1
ETHEN
2.5.3 RFR%EHTH LR Y

i BE A ] GON I E BRI TE GON TR EE XS 43 B PERE 52 M o A U 25 b 150 8 R BUIR Ol 2.4
6.8.10, B}, 8 T ¥4l Edge Sparse 5 W& (978 21 , 76 AH 5] 52 56 45 44 T X 45 AL R R ] Edge Sparse 3
W I O HEAT TSRS . FE 10 4 38 SUHIE 5 B0 T I 28 AN [] (9 TR B2 L) B Edge Sparse g XF ACC I F
) 5% M)

WL 4 FroR , BEE 28 2500 I, 43 500 >R P b S s i) 5 R0 1 i 40 70 55 10 )22 5K 3 1 D (E AR I
TR 25 A AN M S5 R i M RE AR A 1T DU B AT 445 )2 R Edge Sparse%ﬂiﬁﬂ"JMSRF-GCN
iR JbERE . TELK N A Edge Sparse SR J5 , o W R H A — @ REMERT . XKW
Edge Sparse 5 & i it B ML 2 7 — 2 371 5k 39 0B 04 22 B VR R BE ML |, 7T DL 28 fif A5 7 il 72 op i B Y

SUR RSB O LTF

79 82
—=— Edge Sparse —=— Edge Sparse
781 —— Without Edge Sparse 20k —o— Without Edge Sparse
77t
= 76t s B[
~ X
§ 75t =76}
741
741
73r
72t 25
) 4 6 § 10 2 4 6 § 10
o 2% Y% P PR £ TR JEE
(a) Variation of ACC with depth of network (b) Variation of F, with depth of network

4 MSRF-GCN 1A [m] A9 B 45 VR B LA K245 18 Edge Sparse 50 N A9 P fE X He
Fig.4 Performance comparison of MSRF-GCN with different network depths and with or without Edge Sparse strategy

2.5.4 GCNZ#EF X5t 4 £ MaasHn

MSRF-GCN 2k ] T GCN %k 2 % % 19 75 2 28 fifp 55 AU AE I S iod 72 vh ] B8 7 A2 9 06 32 3 O R0 B2 4%
FEMI, Huang %76 EV-GCN 5| A B IR I%E 12 5K Al & 5 BUZ ORRIE . A 30K MSRF-GCN 7£ 4 J2 i
6 J2 P> 3R BT (0 A48 43 S R AT AN SR 0 o0 i 452 (B BR % 45 R GON 3R 22 15 H2 19 52 3%, LASR IiE GCN
BRZEVERE A A . SR B E S ME 4 PR .

TER S, B AR R ] GON 5% 22 3 4%, JL45 IR W10 T I AR WAl e 108 0 . Bk IR % 12 75 4%
AT 55 rh i e B AL P8 TR SR FHAR A1 3% B2 119 7 =X, 330 B Oy B BK 32 42 o /0 e AE A 50 DT I )2 1 42 1% 33 3
JE R R T BT S BRI S BN BB R .

M5 RT3 4 0] LA, 76 W6 F AR 5] 98 B2 19 MSRE-GCON 5% FH 5% 2% ¥ H2 40 5 T Bk BR 3% B2 76 %%
WIF M #6br EAA BER T AE 4B WER ,ACCHTH T 2.96% , AUCH#TH T 2.02%,SEN4ETF T
4.27% ,SPERF T 2.7% ,F & T 3.020 s FEVR BE N 6 JR I, 0 MG BE W AR T+ 1 2.59% . iX KW 5% 22
¥ 1 AR A% B A b R R0 B S B L U A R SR B R R A R B B %, BB T MSRF-GCN
HA &,
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ACC SEN SPE F, ACC SEN SPE F,
(a) Model performance under 4-layer GCN (b) Model performance under 6-layer GCN
[ GCN residual connections [0 Jump connections [l No connections
Fl5 MSRF-GCN 435l JiT 3 Ff A [5] 322 42 5 =Xk RE X LE

Fig.5 Performance comparison of MSRF-GCN using three different connections separately

&4 MSRF-GCNARERIMAREZEZEAFXNWAUCHE
Table 4 AUC values for MSRF-GCN using three different connections separately

Connection pattern AUC under 4-layer AUC under 6-layer
No connection 73.57+1.21 72.63+1.52
Jump connection 76.42+1.64 73.95+1.10
GCN residual connection 78.44+1.78 76.13+1.49

2.5.5 RAELZEAMyEMEGY 0
MSRE-GCN 3 iz 51 A A 5 A #2805 SR M A i P o 52 38 R 0 P 0o o e DA B AR i 3 3 Al 32
AR BXT R &I R AR BN o WNFR 5 FT7R 5256 DUE ) -+ 0l i A ) - 4 % DL K il i+ 4 8% 19 07 503
TFREAT I8 o P ol A A S 0 5 SR T o T 8 T )+ AR L O S 2R Lﬂs.j‘JABIDE
Bl 5 B A v R S B, GO SR P AN T ) AR I SR A A8 S AN (] R BB, T L il A R
> RBOR BRI R o SO, LR T P T DA R R B S 6 6 RO T 0 R A AR R LA
B ) - s B 45 28 X R B DL R AR R A B A B T ASD 426 .

x5 3MRAEFEITERENZM

Table 5 Effect of three types of phenotypic information on performance

%
Phenotypic information ACC AUC SEN SPE F,
Site+Gender 76.27+0.51 76.214-0.78 80.63+1.39 78.331+2.89 78.324-0.90
Gender+ Age 67.3340.78 66.814-0.35 70.1142.10 71.57+3.71 69.924-1.45
Site+Age 75.06+0.59 74.57+1.86 81.06+1.45 74.24+1.53 76.2941.39
Site+Age+Gender 78.14+0.43 78.44+1.78 82.81+0.73 80.56+2.27 80.414-0.82

2.6 HEWIREGRN
PG ASD A SCHY B AT Y22 B SR A W AR ic 9 A 7 BB 3K R Rt mT DL IS AR A A4 AT S .
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UL, AR SRR T 78 HO AR I, i1 MSRF-GCN i Hi i % ASD 43 28 5% Wi 5 K A | 104~ X . & 6 8w
T MSRE-GCN 5] HY 59 % ASD 43 2 5% 5 22 19 10 A4 il X, 3 2 fig X 38 33 BrainNet Viewer T. 241 /f
S X T ASD 4326, B fie KB 104N X 32 B AR T 8] B 36 )2 | e i Il Vg D 5 [l E Y 2
e e 56 R 22 45 50 Jig X5 4k 50 9 3 B M BT 4 e 2 D B U R G
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Fig.6  The ten most important brain regions for ASD classification

3 HRIE
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RN AR TR BB AR . O AR AU B 2 RO (R B BRI T 2 RUE SR 22 Al A B il A
AT A S B RCER o BT A A AR B0 R AR AT R A, T 20 R A s AR A A R AT P, AT B A 22 R
JEB) T URFIEHRA o 78 ABIDE $CHie 4 1 A9 S8 45 SR R W], 15 B SR AR L, MSRF-GCN 7E il ASD
J5 2 B BB PERE o AL AR SCIE TR Y TN PATAE 12 R W R R B RT 10 A i X O 0 AT T AT
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