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Abstract: In this study, a new deep learning model was proposed in this paper, which integrates dynamic graph con-
volution and temporal convolution for the joint analysis of electroencephalogram (EEG) and functional near-infrared spec-
troscopy (fNIRS) signals, achieving the complementarity of spatial and temporal information. The method is detailed as
follows: Firstly, the phase locking value method is employed to determine the graph structure information between the
channels of EEG and fNIRS. Next, the preprocessed EEG and fNIRS data are fed into convolutional layers separately.
Then, the feature information and graph structure information output by these convolutional layers is fed into a dynamic
graph convolutional neural network for processing. Subsequently, a layer of temporal convolution extracts the temporal
features of both modalities, and the output results are concatenated. These are then fed into another convolutional layer
for fusion. Finally, the fused classification results are obtained through a fully connected layer. Three datasets are utilized
to evaluate the performance of the proposed model. The experimental results show that the multimodal classification ac-
curacies of this model on the three datasets surpasses the single-modality classification performances of EEG and fNIRS.
Ablation experiments also verify the robustness of the model.
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Fig. 1 Experimental configurations for dataset A, dataset B, and dataset C
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Table 2 Structure and parameters for DGCNN-TCN Model
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Table 3 Classification accuracies of DGCNN-TCN model and comparison models on 3 datasets

Bk B5 DNN/% CNN/% EEGNet/% M2NN/%  DGCNN-TCN/%
EEG  69.09£5.00 70.30+4.00 67.72+6.74 — 75.09+3.82
A fNIRS 67.72+3.10 56.51+6.03 63.46+5.68 — 63.82+5.52
LA 65.81£3.18 70.61+£4.36 76.18+0.52 77.031+3.97 78.451+2.96
EEG  68.041+5.02 6897+3.64 64.94+6.23 — 82.531+4.30
B fNIRS 68.56+4.53 55.56+8.03 68.67%£5.59 — 57.67+4.05
SR 66.811425 77491494 8247+6.61 83.51+3.54 86.60+1.57
EEG 60.31 78.97 80.37 — 83.08
C fNIRS 68.75 67.18 69.06 — 69.38
2T 66.87 83.08 82.81 78.44 84.77

FEN, ASCEXS Fr A AR e SR AR E R R B
MR 5 AR BB AT B 25 AR I R 4 P
s, IR RC R A — MRS HAME, B,
AT RZ V. MEREERSECHN, Fra i iR
B e A BB b 2 AT I8 45 SR AT /N 170,05,
PR EA BENE.
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Table 4 Test of statistical significance

Hilade

=5 DNN CNN EEGNet M2NN

EEG p<0.05 p<0.05 p <0.05 —
A fNIRS p<0.01 p<0.05 p<0.05 —
LR p<0.01 p<0.01 p<0.05 p <0.05

EEG p <001 p<0.01 p<0.05 —
B fNIRS p<0.01 p<0.05 p <001 —
LA p <0.01 p<0.01 p<0.01 p<0.01

3.2 JHERSEEG

A SR FH T Rl S 06 g v, AR S BT R G £
ADGCNN-TCNAL FIPEREEAT T IR A VEAY . HAATm
=, B S EEG/HNIRS S 5 DL K £ M &S EEG-fN-
IRSTE 5, A4l % % 7 DGCNNA B FITCNAR B,
DL S 6 S AT HON 43 AT 55 B2 S DTk, R4
[ SEEG4h5 Fn] WLT-3KS.

ST 5 BT (07 Rl s 56 4 AR W, 7R £
LA, BUREEB, B ECH, MTCNELH I ALl E-
EG1E 5 0 MR 7351 T F%2.82%, 2.07%, 1.54%,
1M INIRS 15 5 [ 7> AR R 55 73] T [4£9.73%, 4.03%,
3.74%.

[ FE, *4DGCNNALH A 1 fil I EEGAE 5 #E 7 %
39 R BE3.57%, 7.53%, 3.59%, INIRSAE 5 ) 7> 2 1
ED I FH2.91%, 2.88%, 3.23%.

M 7E 2 S EEG-INIRSTE 5 431, JH B TCN
T G B0 SR 2R 2 3] 1 F46.02%, 6.08%, 1.18%,
THEFDGCNNA B 5 S A IR T [%17.84%, 6.24%,
10.92%.

X & BIDGCNNEL A TCNEL A AEEEG/NI-
RSHAR AT 5 70 2 b A B ZAE ], % T EEG-fNI-
RSEAEAREE 570 R HA HE TR

4 5 DGCNN-TCN/E3A £ #8 5 £ a9 AR BLH ak 5%
BER
Table 5 Results of DGCNN-TCN model ablation on
three datasets

_ _ DGCNN-TCN
. O emhh eEh
Bate B5  JHREE WS SR % K g,
TCN  72.274+9.41
EEG 75.09+3.82
DGCNN  71.524+7.36
A TCN  54.09+8.41
fNIRS 63.824+5.52
DGCNN  60.91+5.39
TCN  72.43+10.50
B 78.45+2.96
2 DGCNN  60.61+8.21
TCN  80.46+4.66
EEG 82.53+4.30
DGCNN  75.00%6.51
B TCN  53.64+6.77
fNIRS 57.67+4.05
DGCNN  54.79+5.93
TCN  80.524+4.99
A 86.60+1.57
M DGCNN  80.36+5.75
TCN 81.54
EEG 83.08
DGCNN 79.49
C TCN 65.64
fNIRS 69.38
DGCNN 66.15
TCN 83.59
A 84.77
M DGCNN 73.85

AL, 1% FE A FIEEG-fNIRS £ S il & 15 5 1,
TH BETCNASE B 5 300 R HE R A1 43 591 T % 176.02%,
6.08%, 1.18%, 1M 1 FIDGCNNAE B It i i % T [ (1)
B, 70 B R B 17.84%, 6.24%, 10.92%. S256 45 5
BOE T RS A (A .

zr LR, i R EA, B, CHITH L2645 %
HIDGCNNAITCN R He 75 4b H A [F] B 2S5 5 (EEG
BINIRS) K A5 5 2 s A G AT 25 Lz Bl
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R BRI T A5 B B2 FH 2R (true positive rate, TPR)F!
R FH R (false positive rate, FPR)Z [A]ff]5¢ 5, A5

% 14 il £ (receiver operating characteristic curve, RO-
o),

S BB OR, FERR AR A B AR B AR S C
H1, DGCNN-TCNAS A {1 [X 35 AR 40 T T 0 LA
TR X AR (0 IO BT 7). %45 SR E& W, FEXS 3 A
Rl EtE G PPl Atk B, A 305 H Y DGCNN-TCNAR
RITERL A 5y AR 55 h R H S 1 e

23 1Pk, DGCNN-TCNE RS FikR 3Kt gk b
BA R ER AT AT S,

10 T . 10
08 -7
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= 04l B 04l 7 1= o4
Ve
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) /-
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iR B BH =2 B BE =

— DTHALH R = 0.8140

— M2NN#RHEFR = 0.8034
—— EEGNet# R = 0.8006
— CNNBR A = 0.7438
—— DNN#ER T = 0.7321

(a) #dlitEA

— DTHEA AN = 0.8883

— M2NN#RE A = 0.8722

—— EEGNet## 2 [ #1 = 0.8708

— CNNEIEF = 0.8148

—— DNN#R L = 0.7479
(b) 4B

— DTHERTH = 0.8960

—— M2NN#ER R = 0.6172

—— EEGNetB A H L = 0.8400

— CNN#EEAR AR = 0.8588

—— DNN#Z AN = 0.6535
(c) #H4EC

Kl 6 DGCNN-TCNRALAIN LA RERHEER A, B, CIRAFHIROCHIZE ]
Fig. 6 The ROC curves obtained by the DGCNN-TCN model and comparison models on the three datasets A, B and

C, respectively
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PR RAS B FZ AR IAS R ) 8. AH LU AR L
a2 21 U5 R % TT K S 3 4y R UE R R AR T 5%.
Jiang % N\ BU3@ L 51 N —Ff i 8 i) Oh 728 25 Bk 75 v (art-
ifact removal methods, ARM) K& & 15 e bk, 45 &
AT 55 #H 5% 73 & 73 #T (task-related component analysis,
TRCA)K M35 WAH A EEG-INIR SHFE ) A 8 4 1k, 3k
BT R EIX .

TEEIEAN b, AR SCHE H 1 — Pl T30 25 B AN
B 18] 6 A4 FIDGCNN-TCNARE &Y, 5% I H T 4b FEEEG-
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fil TCN A HR I, 73 2R A 6 T B B 2. 3X ] eI iR
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B 2= F b, SEEG 25 SR TRIE B T DGCNN-TCN 7 VA 7R
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A 280G HEEEGAE 58 18 7] 1) 96 &R, oo AR 3 1)
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