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Abstract: The classification of Alzheimer’s disease (AD) based on electroencephalogram (EEG) signals has always been a focus of attention
in the field of brain computer interfaces, and neural networks such as graph convolution (GCN) have been widely applied in this field. Howev-
er, shallow GCN can only extract local features, while deep GCN faces the risk of data loss. To this end, an improved graph convolution mod-
ule is proposed to extract node features from multiple GCN layers and dynamically adjust and fuse them with learnable parameters to enhance
the performance of the model in classification tasks. At the same time, in order to address the excess noise and computational complexity intro-
duced by directly using the complete adjacency matrix for classification, the adjacency matrix is binarized to screen channels with high correla-
tion. Experiments on the dataset provided by the Yangpu District Mental Health Center showed that the model can explore the potential rela-
tionships between the features of GCN nodes at different layers, simplify the complex construction process between signals, and free up com-
puting resources. It has good performance at a threshold of 0.3~0.5, with an accuracy improvement of 5.3% compared to the original GCN net-

work.
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Fig. 1 Distribution of electrodes on the scalp in the electroencephalo-
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Fig. 2 Main model architecture
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Fig. 3 Distribution of average PSD features in the whole brain
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Fig. 4 Different feature graph matrices of different labels
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Fig. 5 Visualization of classification results
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Table 3 Classification result of model in different threshold
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Fig. 6 Relationship between the threshold and model accuracy

Eeo EESHEEBEZENXR

44 BRI

N T SR R AR R T BE G TR M 28 B 5 B R R
[F) R, FEAS [F) VR BE A5 B AR GCN BRI CHE AR (1 R
NS5 R Ikl A, BEEJZEON 3 2RO E 10 )=, br
Uk GON 1) - 24K B2 T Bk 5.5% , R BEAR 122 L 0.027 147K
% 0.055 4, 30 1E T %2 GON 1] AE A7 7E 2 W1 2 (4 3 1 98 1)
PSR i S ARG TV BT R R IS AR T
PRUEAE Y {E 2 T2 R T, R 2 P B AT PR A A — A
B X —BRAP T LUT P OFRFAE AL fl& A7
KRR TR Z B0 R ERRRAE S TR A R AR, B TR B
[ 5 b [ L, B 5270 R0 v 45 TR 2 90 286 1) J2= O P R AE AL
He; @10 JZ BB IR BEAREL T 5 208 A TR HARE T AR
T GCN A 22 170 B 8., 15 H 5l 25 Rl 5 L A0 T BE 190 285 )
IR IR R AT 2 R AR
Table 5 Accuracy of model under different number of layers(¢=0.5)

x5 AREHEEEE (=0.5)

R 24 GCNF-HyHE GCN-+IIA il &P G B
3-layer 0.675 8+0.027 1 0.647 7+0.030 7
5-layer 0.673 8+0.037 0 0.718 2+0.023 2
10-layer 0.638 50.055 4 0.699 0+0.023 2

5 #iE

AR SCER T EEG AR T T — R0 Ab B, 1] 275 A
LS 5 19 B Ak PCC 415422 50 B A1 PSD 4R AIF e 2 45 A
PURAD RSB0 R . & 0, R A 2 BB EUZ W R iE 2
T ST A PR AL A Tk, DA SRR () RRAE R
IKHE T Ok MR N Zrad B A B AR I, A S
BT RS R R . SRR IA Lt AR OB AL FE S (1)



94 - L QRO |

2026 4

FHAE , 78 BT 7K YRR 73 S A 55 B RS BE B g, X A T i
B EEG B AD RIE 2 KT A —EMSH i {H .
SR, AR SCAR G 2o 1 R A S5 A R A A SR URTRRAIE ,
Zﬁiﬁ#ﬁﬁ(}\ SRR RE ST, ELOE A I BE B, X i R WF 52
W SCBUIN J5 B2 BT 5 vk i N LA B oo o o A 2
*ﬁﬁ;&%‘ [, S 7 TG R 3 S, K 2% i o] £ 1%
AKX AY BT ARG R T3 JEROCR , IF B i IR A [ Rk
Z I SRR o BAL, BUA 2 IF YIRS EEG Bn S 5L
A e WK 23 it — 20 Y e R AR LU IE BT 4R O 1 1
Bt

S k-

[1] BETTER M A. Alzheimer's disease facts and figures [T]. Alzheimers De-
ment, 2023, 19(4): 1598-1695.

[2]  YANG Y. Expert opinion—emphasizing early screening and prevention of
Alzheimer’s Disease[J]. Chinese General Practice,2021,24(6) : Front In-
sert 1.
WF . F R AT R KRR
E 5,2021,24(6) : A4 1.

[3] MAJ, ZHANG SW, YUD H, et al. Research progress on correlation be-

WL E S A []]. F B AH

tween mild cognitive impairment and symptoms of depression and anxiety
[J]. Chinese General Practice, 2020, 23(1): 120-124.

ik, R, TR, F. BENeARERS AR AR KRG A
KAL) P EAHE S, 2020,23(1): 120-124.

[4] ALBERDI A, AZTIRIA A, BASARAB A. On the early diagnosis of Al-
zheimer's disease from multimodal signals: a survey[]]. Artificial Intelli-
gence in Medicine, 2016, 71: 1-29.

[5] CHUL W. Alzheimer's disease: early diagnosis and treatment[ J ]. Hong
Kong Medical Journal, 2012, 18(3): 228-237.

[6] LIK, WANG J, LIS, et al. Feature extraction and identification of Al-
zheimer’s disease based on latent factor of multi—channel EEG[J]. IEEE
Transactions on Neural Systems and Rehabilitation Engineering, 2021,
29: 1557-1567.

[7]  BABILONI C, ARAKAKI X, AZAMI H, et al. Measures of resting state
EEG rhythms for clinical trials in Alzheimer’s disease: recommendations
of an expert panel[ﬂ. Alzheimer’s & Dementia, 2021, 17(9): 1528-
1553.

[8] SPEED T. A correlation for the 21st century [J]. Science, 2011, 334
(6062) : 1502-1503.

[9] JEONG J. EEG dynamics in patients with Alzheimer’s disease [T]. Clini-
cal neurophysiology, 2004, 115(7): 1490-1505.

[10]

[18]

[19]

TIAN Y, ZHANG H, LI P, et al. A complementary method of PCC for
the construction of scalp resting—state EEG connectome : maximum infor-
mation coefficient[ J]. IEEE Access, 2019, 7: 27146-27154.

LYU R J, CHANG W W, YAN G H, et al. Research on motor imagery
classification based on GAF and hybrid model [T]. Journal of University
of Electronic Science and Te(’hnology of China, 2024, 53(6): 952-960.
B, WAL, AR, F. AT CAFARSBAGEH R E 5K
AR %%ﬂ:}ik;«éﬁﬁﬁ, 2024, 53(6) : 952-960.

ZHU J, JIANG C, CHEN ], et al. EEG based depression recognition us-
ing improved graph convolutional neural network[J]. Computers in Biolo-
gy and Medicine, 2022, 148: 105815.

PETY, HUANG T, VAN I W, et al. ResGCN: attention—based deep re-
sidual modeling for anomaly detection on attributed networks [J]. Ma-
chine Learning, 2022, 111 (2): 519-541.

RAJJIT K, BOWIE C R, HERRMANN N, et al. Design and rationale
of the PACt=MD randomized clinical trial: prevention of Alzheimer’s de-
mentia with cognitive remediation plus transcranial direct current stimula-
tion in mild cognitive impairment and depression [J]. Journal of Alzheim-
er's Disease, 2020, 76(2): 733-751.

DELORME A, MAKEIG S. EEGLAB: an open source toolbox for analy-
sis of single=trial EEG dynamics including independent component analy-
sis[J]. Journal of Neuroscience Methods, 2004, 134(1): 9-21.
SOLOMON J O M. PSD computations using Welch’s method [J]. NASA
STI/Recon Technical Report N, 1991, 92: 23584.

SADIQ A, YAHYA N, TANG T B. Diagnosis of Alzheimer’s disease us-
ing pearson’s correlation and relief feature selection approach[ C ]/ Inter-
national Conference on Decision Aid Sciences and Application, 2021:
578-582.

XU J, YUAN S, SHANG ], et al. Spatiotemporal network based on GCN
and BiGRU for seizure detection[J]. IEEE Journal of Biomedical and
Health Informatics, 2024, 28(4): 2037-2046.

TAO T, GUO L, HE Q, et al. Seizure detection by brain—connectivity
analysis using dynamic graph isomorphism network [ C 1/ Annual Interna-
tional Conference of the IEEE Engineering in Medicine & Biology Soci-
ety, 2022: 2302-2305.

YOU Y, CHEN T, SUL'Y, et al. Graph contrastive learning with aug-
mentations [J].
2020, 33: 5812-5823.

HUGGINS C J, ESCUDERO J, PARRA M A, et al. Deep learning of

Advances in Neural Information Processing Systems,

resting—state electroencephalogram signals for three—class classification
of Alzheimer's disease, mild cognitive impairment and healthy ageing
[J]. Journal of Neural Engineering, 2021, 18(4): 46087.

(Fr A= % 3 %) 5 30)



