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Abstract

Depression has become a globally widespread neuropsychiatric disorder, but traditional diagnostic
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methods, due to their subjectivity, often lead to a high rate of misdiagnosis. In light of this, develop-
ing a more objective and efficient depression recognition method is particularly important. This
study proposes a depression classification model for electroencephalogram (EEG) signals based on
Spatio-Temporal Graph Convolutional Neural Network (ST-GCN). This model converts the time se-
ries of EEG signals into brain topological graphs, thereby capturing the complex spatial structure
information of the brain. Meanwhile, by introducing a spatio-temporal attention mechanism, the
model can effectively extract key information from both temporal and spatial dimensions. Specifi-
cally, the ST-GCN combines the advantages of spatial graph convolution and temporal convolution,
used to capture the spatial layout features and temporal dynamic characteristics of EEG signals, re-
spectively. Experimental results show that on the public EEG dataset HUSM, the model'’s classifica-
tion accuracy, sensitivity, and specificity are superior to other baseline models, fully verifying the
superior performance of this model in depression recognition.

Keywords

Depression Recognition, Spatio-Temporal Graph Convolution, Spatio-Temporal Attention

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0

1. 5l

£ 1948 £, {5 PAHLA(WHO)YXH R4S Hh T — A MR 2 i B RS, 438 H g B F AR R B 5
AP AR §I IR ICIRES s T — G 1 SR OB AR 2R A T e RS (1] 2S5,
fan TR S B GUSI AL P, RIS R O 3RS T O SEi R, 2RI, fERWZEHIN
S TR, OB R R R H 2 S, A SRR A O — A AR O BN, ORI B
Pl SR AR FRERIIE A RDT, DURMEIRRSGG . kil M= AR, HE SN K
IREE A P 5 E o J WHO Stit, SERIIBAE B8 Ol 3.22 12, HaBkE NHK 4.4%, HiX—
BTV EFFEEEE T . AR GEHIMARAE 12 W7 T BOE B8 T R8P, (ARXMIES 2 EME R, Ri2
I . KINPE TR RGN L, S AMRBA D REA B 4R U s g, 2 He O BE S A K
AT AT I R B AR B . TSR, SARAE S 5 (R B N RIE sl B B 25 2 5
FIARIEA DGR IR TR, 87T BEXt H A5 15 e 32 [2]. ik F (S 5 (EEG), 1 Jy— it il r ARl BE R v
ZNAARZNE . BENUPEANAR-TRSVERS 18] 32 50K, RERS SEI SR A% 2 IRAs . EEG R ARRAE. &
QL I A . AR BRI 2 5 THE AR %S, BLC By KN D REHT 7 A AR v ) =
FTH, FFAESIAIIE R L E A D — P R H AT 52 (0 5 B i T B T

FEAASAEIZ W ) R e, 3 ZEHOM T N R AE SR IS ML 2 ) 70 SR EVA I 25 5 [3]-[5] - #R1h, 3X
FOTIEAAE A REORFG: EEZRFIFN BTSN T h IR BUFIE, XA AT RE TN T W
W, SRR HER R, JEA A FEIS B ). ST, TR SIS TR s B SRR A2 ] 5 R AERE
FEAWAIAE 73 AT 55 it e 5 Sk Ay, ORI TH T2 W KRS i E [6]-[8] . IIAEK, MR 48 (GNN) £
FUAE 27 S0 i B S () SR HR 56 AR T TR L SR, AEAAR U0 VR4S 1T M [9]-[13]- GNN
RE 5 = RO AN A5 5 2 MR A ERR R, BE— DS T IIE S W o I A R . JRAE I, Rl 1wt
FOAE R F G X 28 AT AR BRI A AR RPRVE . BARTI 5, IX LTk MR 78 70 SEAL KN ) 22 () S5 H R A, B
R REA 5 SR I ZE A, AT BR 1 5 MR X 2% Hh - BCE A O BN 25 B IRE 1. o Tt — D42

il

DOI: 10.12677/aam.2025.142047 15 N H it e


https://doi.org/10.12677/aam.2025.142047
http://creativecommons.org/licenses/by/4.0/

fAEE %

THIARE S W A VR PE AT AR, ASHIT ST Bt — Rl BE 0% SRS B 1t A R i 2 1) 445 A4 R I 25 R A0 1) 5
%, BRI TN 2 G AR 22 2% (ST-GCN) (R i FL A5 5 DS 7 SRS 2R, R 1 e 271 (1 g LA 5 e A D9
ENEEHETPND PR I EE SL PSS S VR N b st =oAL I I N S L S R 3 M SRS B €73 TGS
RS WEERE MG 1 2 6] G ARAE EAEAR RIS, 700 T 3RBUN HLAE 5 1251845 JR)
RN (R B 1E

2. XTE

SR AR R AR Y = A LA A S BoR . B, 2015 4, Acharya ZEA[14148H T —FpiET
EEG MAEZMEAZe Wi ik, 55 HAELRMERHER A B SRR RmAL(SVM) 72588, 1k B4 = 1 70 2K
T 28 o B A TR T 25 2 IR R R, 2 BR ©) V2 B T B0 503 73 JSAE N 1) 2 AN 924138 2020 4, Zhang
S N[IS1HRH T —Fh ek & — 4 5 R 48 X 45 (CNIN) R 35 I ML RO 2 ST A TR, P T J0AIRE A 2 e
AR SN RSN O GIE N R, HFRIAER NS, $2 T T /2K kRE. 2021 4F, Sharma
EN[L6]F2H T —Fh T B2 T v B TH SN LGH B2 Wi (CAD)IR S AN 2 M 25 A5 8, F T 4R AE IR 2T o 12452
4G T B A ML (CNN)BETI P52 2], DURKHF HIEIZ M 48 (LSTM)BEAT 74152 2], 1E 45 AN FEA I
HEOE BT TIRUE, BUR T RIFRCR, I BRI IR BEAH UG,

WTAER, PRI 22 I 28 (GNIN) 7 Ak 34 ] 25 A6 Bl U Tl e L LR 1 BRI A 7, DR bt 7 A 3R 1) 4k 52
BV TTZRIEFBLH . 2022 4, Chen %8 A\[171#% 7 —Fh 4428 SGP-SL MHIARK ML AL, 12458 40 )
JR AN A R L R R AR FEAE M, Al N T EET A B AL B B AR AE LA RS B &K . 2023
M, Wang S5 A\ [18142 H 7 —Fli B 1R % B3 25 = ) 26 28 f —— il (K J8 01 12 (LS TM) 1) 3 . 2 B ] 2
KGR 4% (AMGCN-L) . %M 45 4 T BB M4 GCN A LSTM, 4351 B T $2 B FiLA5 5 () 2 8] AT
[RFAE . 2024 4F, Liu 88 AN[19]3& H 7 —Fp 56 T I i s A AR T 75 3%, %7 V2R T 1 A 5 PR T A0
52 % R AR 2 AU AR A 2 A8, R LA PR s AR I 110 P o A ) 8% AR 356 - 36 8 A 0 M 1 i ) 4% 408 482 R
BEAT 732K
3. IRBSH*.

AT FC H BRI 1] 7 545 5 e Ao B R R, A B I 23 3 R g L 5 T 2 P A R e 2 R 2% (S T-
GCN)SEBUN HIHBAE (1 70 KT . BE AR, BT S R AR5 5 Hodia b S UM BRI, 36 T K S S i
8] Fp A5 S s A B, YRR S BRI A I B2 M 2% . RATE ST T I 2 B,
WIS TR AN 23 [R] P A GEFER AN FZ IR IUCE 5 HARIE R . w4, RBTREER, AT MR
FRERAS BAMAI S U BEAT VR (1 23 SR T00 o Bl 1 JR R T A FORRL 1 A A HE B

A t-|a Az g BB AR

1

1

1

1

1

1

: A=

1 1.1 1N Py ey 3

— O ER L, @ I ITT]
h hig ) A A
: v

1

1

1

1

1

1

1

{ » : :
4

ZEEER

Figure 1. Frame diagram of the ST-GCN model
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Table 1. Parameter setting

#F 1 BHRE

Parameters Value
context 5
batch_size 64
optimizer Adam
learn_rate 0.001
adj_matrix GL
Globaldense 16
GLalpha 0.0001
cheb_filters 10
time_filters 10

time_conv_strides 1
time_conv_kernel 3
cheb_k 3

L1 regularization coefficient 0
L2 regularization coefficient 0

dropout 0.5
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Table 2. Comparison of experimental results
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Scholar Models Accuracy Sensitivity Specificity
Ellis et al. Novel CNN 83.91% 82.26% 81.54%
Mumtaz et al. Logistic Regression 87.5% 95% 80%
Mahato et al. SVM 88.33% 90.81% 89.41
Refier et al. A Customized Inception Time 91% 94.9% 88.2%
Ours ST-GCN 92.68% 92.73% 92.64%
y Xof EE S5
100
95 94.9

92.68 92.73 92.64

Novel CNN Logistic Regression SVM InceptionTime

90 Accuracy () Sensitivity @ Specificity

Figure 2. Contrast experiment
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