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Automatic sleep classification based on dynamic graph
convolution
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(School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044)
Abstract: As a major branch of EEG research, sleep stage classification can assist medical experts in
the assessment of sleep status and the diagnosis of sleep disorders. In previous studies of sleep stage
classification task, how to make full use of the features contained in the EEG is the key to improving
the accuracy of sleep stage classification. Inspired by the network structure of the EEG itself, this paper
models the EEG using graph data structure and extends the traditional graph convolutional, enabling it
to dynamically learn the intrinsic connections that exist in the EEG, which is more conducive to
discriminative EEG feature extraction. In this paper, a large number of experiments were conducted on
the Montreal Archive of Sleep Studies sleep dataset, and the experimental results showed that our
method was significantly better than the baseline method, achieving a classification accuracy of
87.04%. The results also show that the dynamic graph convolution proposed in this paper can
significantly enhance the performance of sleep stage classification.
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Tab. 1 Electrode information of PSG

5% AR

EEG 20 (BASE, Fp1, Fp2, Fz, Oz)
EOG 2 (left, right)

EMG 3 (chin)

ECG 1(D-N

7E: BASE B & HMAN: C3,C4, Cz, F3,F4,F7,F8, 01, 02, P3, P4, Pz, T3, T4, T5, T6,

12 HEHsLE

MASS-SS3 FT it 18 e &t — e iR, #fEnE 2 . B T HREA S 5
W I TAC R 2 A1, BATER BAR AT 7 — 2 W0fiE, o538 50 o g R i, FrbAe
G o s EIREE, It BEdE P Is AR A AR S R F SR, T e EdE

-2-



mﬂ&iEXEﬁ http://www.paper.edu.cn

AFAERE R, AT BR 1 XTI HER 77
%2 MASS-SS3 i 4 i ib 3
Tab. 2 Preprocessing of MASS-SS3 data set

5 AR
EEG 0.30Hz-100Hz
EOG 0.10Hz -100Hz
ECG 0.10Hz -100Hz
EMG 10Hz -100Hz

75 1.3 $RMEFREL

SRIGXRIA 9 NS XMy : 0.5-4Hz, 2-6Hz, 4-8Hz, 6-11Hz, 8-14Hz, 11-22Hz, 14-31Hz,
22-40Hz, 31-50Hz, I HAERAMUHT F 3 EUVEEAME 5 U 16 (DE)FFLE -

DE =— jz P(x) In(P(x))dx (1)
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(X ‘Oln( exp =y iy= L 1n 27007
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Fig. 1 Data pre-processing flowchart
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Fig. 2 The overall architecture of dynamic graph convolution

2.1 HEHER

ASCAE ] 1 55 B S 1 B AR DR U A T S B, BAMASSOER A K
D 2R 2 A e ) AR AR DO LA A T SRR R . a5 BB R A 5 T

K-1

95 9y *s X=0,(L)x=>6T (D)x ?)
k=0
L=—2 L1, (4)

AR g, ol Y H ok 2 BRI R I R ALS R0, R RiERE L= D- A,
Jrh D, Ae R™M™ 53 ZoR AR FERAR AR, X FRHIN, 0 e R FRbIH T Kk RYUH
B, A, FORROR RN L B, | e, T %% K NI E k%
100 i, HigHwE N T,(x) =1, T,(xX)=x, T, (x)=2xT,_,(X)-T, ,(X) -
22 FEHEBR
TE MG AR R, 40N ) 4D A B2 YR oo AR WD A7 B MR TR R T T



105

110

115

120

125

11

m i ﬂ&iﬁiﬁﬁ http://www.paper.edu.cn

AR, X RBEERIE RN, RO MR ok Z R (5 2, X
A5 R R BEAE H AT AU IR ) ELICTA AR AT U B 11 o DR ML 3RAT R AL S B ARY J v sh 25 18
T, MRS BN A 1 5% ST AT AR AR RS, DAORAIE T 4R F5E Mot 24 i )l ) e dd ko <6
AR S R

oL
A|+l: 1_ Al + o=
1-p) PN

Jorp A ORI | RS BB AR R, p BN SR, £ kR, NT
DAL 28 2 BATAE T T 2 7 SRAE 55 IS SR B2 2% B SO B Ak =25 7 — AN IR A T B
IRuE{/SE

®)

L=C,+ 20| (6)
1 L R
L= 'Izz Y; . 10gy; , 7
i=1 r=1
oL oL
P I P 1
%— él . '?in (8)
I - . . .
Alar o
aA\Ll aAlm
L I [ o
oA oL oN T oA

Horp L RN TR Z AR5 122 30, A0 2 TRibd i EmEn, A F£RIE
WARK, ORPHHENASE, LRSHEAL, R IR MNP B RS, y &
NSRS, Y R TR 2 o

23 SEBEE

FER N B 2 G AR AL BE =, K5 B HE FRORAAE San N\ 43 12 2 LIORE 73 A1 sC RS AE
TN W BIREA TR A 6] o

X'=WX+Db (10)
Hh X For B RN, W FRoRa ZBEEM R, b RonmE. &EHEH softmax
BR O i AT 02, 45 BIEAR 20 301 A0 45

y=softmax(X") (11)
3 £k
31 SEHWE

AICAE MASS-SS3 Hitfi e BNV T 31 438 IR IE A TP R AL R R L, I HAE B2k
Rl 7 B SR FH 32 A3 ST CREA 3233 O B08fs 2 3 0 I AR O8 — S ASRT 0 BB AR 1D5K
BEALRI > VIZRERATIA LR, AR AR (B bR E Az A, BRI 2 B B IR 3



mﬂ&iEXEﬁ http://www.paper.edu.cn

130 Fiose
®3 LRHESHE
Tab. 3 Experiment hyperparameter setting

SR (i}
A BB R 1
PRI B RUZ A HL 10
DI T RZ A K 3
L4 0.001
Dropout % 05
LR 64
IRk 5 50
EES 0.001
RACES Adam

32 iHfiEts
N T ENERRI, JATRH 7% (ACC) DAL fAPEFE R F1 43 % (Fl-score)

135 YE RNV $ERR, AR
TP+TN

ACC= (12)
TP+TN + FP + FN
F1 score= 2TP (13)
2TP + FP + FN

Hrp TP (True Positive) #1 TN (True Negative) 435370 1SS TRy 1E SHOFNKs 57 25 i
M TEE, #ERTMIERH; FP (False Positive) 1 FN (False Negative) 73l m# 1

140 KT TF JHORA IE 5T 1 280, HP BRI i
3.3 FEHEHE
AT RAIE A ST TR 77 15 B0 R, AT R BN a8 2 5 07 A0 B 2 ST A T ik
755 b
® SURFFIENL(SVM): FLILAHIAL A 5 SCIERRAE 23 18] _E F I ok (e 7y 25 8%, [
145 B X )T AHL, TEANAAL TG )5, SRR R B Lt SR ST R b ARk 4y 2 88
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Tab. 4 The performance comparison of the baseline approaches on the MASS dataset

- SARIETR FEANHEIRFT B FL 33
ACC F1-score Wake N1 N2 N3 REM
SVM 0.797 0.750 0.786 0.487 0.861 0.825 0.792
RF 0.817 0.724 0.782 0.351 0.880 0.815 0.794
MLP+LSTM 0.859 0.805 0.846 0.563 0.907 0.848 0.848

DMGCN 0.870 0820 0896 0569 0907 0834  0.895
M 3 AT UKL, AL Giblas o 2 7R R BEIL 2 0.80-0.81 7 JeHEMZ, (EIRIRSE
2T REIL E) 0.86-0.87 AU HAEM A, TREESE ST UL M 4s RASE W AL T b4
207 MAEREE S BT iR, BATRIE R AR T 5 — IR S B e T %, 1X
— G5 SRR WA STt A B 2 P3G AP 22 X 2841 BBCH ) 2 P P s I ) R 0 2000 - — AR
&5 25

4 ZE

FEARSC Y, AR T —Fogr I sh A ERh 2 i 28 T B shBEIR 7 TS5 . # seildad 6
P B0l 85 A o i PR BEAT A, EL N I Zh 25 R B B A AR e 5 sh 25 BB AR AE R, DA WA
2R G R (R SR EER . R 3 R LA, ARSI H ) B 25 A6 B 22 I 268 1 B IR
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