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Abstract

Depression classification has emerged as a popular research topic in recent years. Previous graph
neural network (GNN) based methods for Depression fMRI data classification have given less con-
sideration to the high-order interactions among brain regions and the dynamic variations in func-
tional connectivity. To address this issue, we propose an Adaptive Hypergraph Neural Network
(AHGNN). We utilize HGNN, coupled with the learnable adaptive hypergraph construction (AHC)
module, to extract intricate interplay among brain regions. The model is trained and evaluated on
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the REST-meta-MDD dataset. Our proposed architecture achieves a commendable depression di-
agnostic performance, realizing a classification accuracy rate of 71.41%. The employment of HGNN
and the AHC module significantly enhances the classification efficacy of the model.
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FIARIEAE R — P IR R B OB, XA AR TIE. ABRCRIE S™ H I FEEmN, X
UASAFHNADRE FRORS B 2 W A0 S YR T AR H B . WARE BB — R VIR R R I, X SRy i AR I Bt
TEEE AT N b, ARV ZEE M B R 128 . ARG R F S, efE N ARIT RN
P AR, s g X 2 A S R E R N B A S B . AR X AT RE 7 5e AR TAE, (2 A X
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AT R DX 28 F A i AT I 72 B p e I R, DhRE PR RESL IR AR RERE ARAR N 1) s I i AS [ X
BRAITE ST AR A, AR R0 2% A S R A BHE S FF . Biswald 25 A [2)i i 20 M EUIRZS T i IMRI 3, 48
7N T ORI R 2N DX R D eI . k4, Greicius 55 A [3]AAF 7@ MRI &I T BRAEL P 4% (DMN),
T AR AE KA S B 3 B 1) — L DXk, T B A K G o] 7E AN AT R e AL S T L SUE B 2 X EL . Fox
Raichle [4]1£5R 3 — D I B 17 K& SN0 B KB R S5 D) Re M4 o6 R, 3R T fMRI EH 7R K N
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W28 A SR IR S 1tk o T 0T FMIRE i DX 28 5040 14T 23 28 1) GNIN B84 GCN. GraphSage 1 GAT,
XGRS TV AR AL, @ R A ARE N N E SRR AE R, IR E BRI 11
DR, KGE M SET B m i KB R, 2R, B AR5 & A AR 9 2%
f£45[5] [6] [7]-

BRI AE MR B8 50 K U R I 5, (A T RAUIRAEAE — 2L o). 55—, IXUEH)f
FUAE R B2 I I, BB ) — 2k R BRIE AN i, RPN X 2 AR EDh ReE Sz, 5L
B A5 BAC B RAE—XI X Hp R A TEILSDIRIL T, NI —ANTE B BEAREE 2 M X )3 [E e A
RESERL, 5B H RN RAETEZ X ], PMEIRMERIEX S E R HER, FEHIEHER &R
[8]. =, Zfl GCN. GAT X4 M & (I Zrid B2 il EIAUA RS AR, 9 SAFAE . 5 s A
A HLANBEMNES WX 2 B0 B T AR Ak, (RS b, Bl b — R R A SR R A R, W
BARGE M EFET AU I REREE CA KB, R T — 2 B S WS AT R FZ I S AT I 2, B R
AR 2R T P B PR R4 [9]
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HEORURFE 22 21 4y RAFHIVERE[12] [13]. AW 78K F 8 B #4122 ) 2% (Hypergraph Neural Network, HGNN)K 4z
K i 8 P R 2 A P BOARFAIE . D9 1 3 i P o 4 TN % ) 3l s DR e PRI R B e, FRATIHE A A
Bl b 22 0 2% J 2 J T LR S SR R S5 . ARSI S T PR DTk

1) WFFUERH T IE R EA 22 X 2 (AHGNN)ZEATHIARAE S T . |l 19 9 ] R R R HASEADU i P T A
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Figure 1. The overview of proposed framework
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2.4. EH BB AL EH

a5, FATTRSRIOR i B 4 R R, fEEHE 28 B — AN &, DA e i) B 20 R AR 55 e
JFRIT i o ASHIE T I T ST 5 A E SRS TG R
z=mean(X) 5)

z e R R & I i S S T 8
AT UL ] — 70 A8 SO SR IPAl FIUIME A LS 2 1) (22 i, e SON:

Loss =—%ZO Yilog(¥:)+(1-)log(1-;) (6)
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Figure 2. The impact of adaptive hypergraph construction under different thresholds on model
accuracy

2. TEIBEMZER THEEERZE

DOI: 10.12677/is1.2024.81001 5 ML= AR


https://doi.org/10.12677/isl.2024.81001

R 7K

A PV WL R R T LI, AN ) P ) PR 2 3 0T 2 R A IR 5 )T R AN ], TR
WA RS (P R AAE R, BT DAANHIE o 52 1 AN R BRAE N RSB e 2, S5 R 2, MBRBRIE R E N 0.5
W, WERSRINEAE. SR A T RO S A DU FR B2 77 v i M RREAT LA, SRk 1 fos. Bk
Kt LGN 2] J7% RFE I SVM HIHERR 224071y 62.18%F1 65.87%. 5T K] GAT BRI T-1%
G T 21 J7iE, HUEfZRIA E) 65.33%. &1 1B T #2544 40 251 BrainNetCNN J&/R T H 54+
JIRIEE AL, HEFZE N 63.96% AT FU4E H BB RLAR T A FoAth 7532, SEIL T e i) 71.41%HEM %, 72.12%
[ S 1 « 69.54% KBRS . 0.73 (1) F1 #3371 0.78 [f) AUC fH . IX 45 AR H T M & M4 LEHi 3k fMRI
Kt R 2 5k R CLEATHARIE 0 K R 2tk . 78 F—0 0, FRAT S SE IR N HO AR FRATT 10 45 TR S Hont
JIHISRE 2 T A 2 S

Table 1. Classification performance of different methods
= 1. FEIBEEMMRELLR

Jrik HEH (%) 57 1 (%) RIEE(%) F1 705 AUC 4
RF 61.58 60.61 54.55 0.61 0.66
SVM 63.26 63.14 61.26 0.62 0.68
BrainNetCNN 65.33 57.14 58.13 0.65 0.66
GAT 67.31 65.44 63.72 0.64 0.71
AHGNN 71.41 65.52 67.86 0.73 0.78

3.4. HRASCI

Bl 5 FRATT R GE AT TV AL SIS K /AT HGNN R AHC X B4 HE ALY (4 BB ik - Y A sz, GCN
(BB ) B AE R AR . 36 2 ARSI g RRos 1R MR B2 . WA R SCHL 1 66.02%1K)
HERIR . 25 HGNN R EIRR , RATERE BIMEREM W& 18, HERIR ETH A 68.25%. XKW
T P R 190 2% AR T VR X R R R RAE I 2 . AHC BLER I E— D3 i 1 B P RE
RrfER AR IR = 2 71.41%. AHC 38 S PR G I R RE A B TR B0 TR I R0 R e A R U 9
£ 67.86%, IXRUIELFHIRA] 7 IIARAE B, KR ERESHTER I

Table 2. The effect of proposed components on classification task
2. HEMLIEER

HGNN AHC HERH 2R (%) 15 51 (%) R (%) F1 7% AUC 18
x 66.02 64.89 59.78 0.62 0.71
v x 68.25 66.71 62.50 0.67 0.70
N v 71.41 65.52 67.86 0.73 0.78
4, g

FRAVTHE H PR3 S 1 T e 22 Y 2 48 ) HGNIN JE iR i B i i s 22 BLAB R, A AHC Ak
R0 e PR AE Y R 2 DR B BRI A5 o RS A T {8 R G BR R B AN A — A S BRI 25
IR B AL . SEIREE IR, S5 MMM S I MM TR b, BATIRR BA B A (1 1
RE. W7 1 PR, &N R4 M 4 78 REST-meta-MDD #da 45 S2Il 1 71.41% K9 F AEm R, M
THABR IR S T 4% 2 9%.
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fE K-NN 5 k B8 JE G5 G ok T B B R vh B A5, 3O — b B3 A v & LIRS A st
WHITTIELT], =R R SRR o AT ORI 2 >0 SRS AR A R ORI 10 2% £ 2 di 15 BRI 454, AT AE
BRI IS AT 58 H [

5. &

FEASCH, BATHE P W PR A 22 X 2 HEAT FIAIAE. MRI 88 (R A2 T 12887 DL X 18] 1
DREER RN, IO G 2o W T5 58 1 VAR A6 g DX 8] B9 B S AR U2 S Bl A2 e
FRA T T 3 P 22 i 25 B ] T REST-meta-MDD ##fidE . SEgags REH], SIrARLTEAMEL, &
W BRI ARV E RESE T, JF3RAG 1 RSBt 1 20 SRHER R o VH ARSI I 1 AR Y b S LR AT R

AWFFE IR KR IRAE T B 5 FEIMARAE A /™ AL L . B AOAR R AT S IR RO BDIR S o B
AR AR AR W] RE 2 REM AL A A R AR AL, AN NIZ SRS M A e 5 S AT RE 2 i v A AR 1) 20 SRk EE AN
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