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Classification of Depression Electroencephalogram Signals Based on

Brain Function Network

CHEN Wan, CAI Yanping, LI Athua, SU Yanzhao, JIANG Ke
(Rocket Force University of Engineering, Xi’ an 710025, Shaanxi)

ABSTRACT: By exploring the performance of brain function network construction methods, a
high—precision classification method for depression electroencephalogram (EEG) was proposed.
First, various depression brain function networks were constructed by using different connectivity
and binarization methods. Subsequently, network parameters were extracted based on graph theo—
ry analysis. Finally, these parameters were input into various classifiers to achieve depression
EEG classification. Additionally, an adaptive thresholding and density method based on divisibili-
ty measure and quantum particle swarm optimization was established to avoid the subjectivity of
manually setting thresholds and network density. Experimental results showed that in the alpha
band, the classification method based on phase lag index, adaptive threshold, and convolutional
neural network performs best with a classification accuracy of 88.03% and sensitivity of 89%.
KEYWORDS: electroencephalogram signal; brain function network; machine learning; phase

lag index; signal classification

AR SRR S B NG B, AL R RS CRIGi R A, BTz
A9, AR EAR AR, BARSEI PR L B TR RS . R, T AR S R

YRR B 2024-04-01
E—EE: KR (1995—), B, HLesA, RENFKAEE S LM . E-mail: chenwan305@126. com
BEMEE: S0 (1982—), B, #z, EENFESABMIIZ . E-mail: caiyanping502@163.com

SIRMER: BT, S, 2R, A5 TN S AR )£ AR i LA S 4 20y ik (U] KR AR DR R 24 3, 2024, 38 (3): 60-65, 93.



2024 4F

BRI, A BTG RE M 45 A AR v 15 5 2 2 ik 61

— MR AE L . AR RRE S, IRMEE T AR
WL BN IR i f (55 R, BRFEEE T AL
o 2] 0 TR BE A A {5 S R i B
B,

JE T i D) 1 X 2% 04 S0 i P £ 45 40 28 O Tk
ey, JF BB W R i dh B4k, E &z
IO T A i FAE 5 43 26 il D) R 9 4% ) )
FEA R SR N R R B A S i
WE, A BB 5 AR E ORI A R I A AL
13 E ML RE M 25 A 2 A g e R i T R
A AR T R AN FH TR P 25 E DL Y i
P 8 7 A4 Pearson MG &% (Pearson Correla—
PCC) . # + # (Coherence,
Coh) . H.{F B (Mutual Information, MD . 44
{H (Phase—Locked Value, PLV) . {75 5%k
(Phase Lag Index, PLD . E#AH T# (Imaginary
ICoh) . Jin A #H £ % J& 48 %X
(Weighted Phase Lag Index, WPLD) %77k, &
DU AR A 7 A B S % B R G I — (B 1k
Jrik, W /N AE R (Minimum Spanning Tree,
MST) . #iz /) i# # 4 & (Minimum Connection
Component, MCC) "' SR 5 (K 1 A1 9% FE 74 7 22
N T & BRI 28 % B, fFAE FWE R, i
LA () 6 342 38 P B e 7 3 R A Ak T s 23 R T i
LI he W 26 i ey g, 1 T 5 1) s PR A 5 1) R 46
AN, YRR DA W 5T TE A X A [R] 2 BE 1Y 3% i
PR & 07 B A AR AL D R AE AR Bk B A S A 2
P fE

T RE AR R L P R Y A ik
WG S 0 2805, AR ST 1A [l 3% Ji M i 6 7
TR B Ak T 3 AR AR B AR S A 2R B M R
WAL, T sk e R A T R R Y L R
SRR S R AR, PRI T AT ]
D 3 0 it R RO AL 0 (B . I 2% %% B
W I

tion Coefficient,

Part Coherence,

1 ERRERESSETE

ARSCOFFERESRAN P 1 7R o 32073k B S0 Bt
PEATTRAL B, AR X R A S AT O LB
RIS OB 5 R, SR Z R Ir i H i 2 g
W%, FFPEBUM SR a4 2
P30 o326, DTG S — A v R B2 A 400 0 il L A
RITE

1.1 BT BE W 4432
1.1.1 #iAHAES

WEGE R T 7 b M R TR, B
PCC. MI. Coh. PLV. PLI. ICoh 1 WPLI, #%ik
E= /(1

COhx),(f): ‘p-‘)'(f> ‘
puCS) puCf)
1Coh,, ( f)= —L(palS))

peCF) pu(Cf)
s IR p, (f )RS« My B B I 358 %
B pu ()N YIRFERRE; p, (f)NES Yy
UPRIERE; 1 () NEH

ML, — Z]N%Jm%gﬂgLﬂi

. p (x:) p (y)
A p (o y) BG5S o Fly IR E HE 0 A0 BRI
p Ca) Fp Cy) o351k o Ty (R 300 A 2R 53 A7 PR .

iui—x)(yi—y)

/_jui—w > (= 5)
Kr: My 5l ES « iy FIME,
L 1&L
PLL, = | T;&gn (g0“<t))|

e oo (0) BAE S x My 75 ¢ I 20 19 A A7 22
sign (- ) HFF5 pR%L,

1 « .
PLV.,, = | ?;exp (oo (1))

PCC., =

L7 ()] sign (1 (55))

N &
1 &
N2 (0]

K S,AES oMy EYPREE; |- | 45tz
By N AEURE A
1.1.2 AR R % a4k

i O B A ) S  RAE S mAE DG,
ARG 2 68 P 4% o JASC i 21 g D) 4% T R A 1 I A1
A, RILHE R A LR EGERE . A
SCRH T 4R AL . MST. MCC. AT Al
AD.

1 Gt [ AE 1 FN 2 BV AR A N TR B S 4L,
BABRKW T, o] 5852w il B9 25 19 4 5 17
Ao BRI, ASSCEE T P B T AT o R R
TR DL T 1 (580 (RN P9 445 2 B8 1 3 IO 158 vk
B N T AL I R ) 4% %5

WPLIL, =



62 KT TRER 24

038 B 3

delta (0.5~4 Hz)
theta (4~8 Hz)
alpha (8~14 Hz)
beta (14~30 Hz)
gamma (30~50 Hz)

SHEE
e

13833853
!

28 (0.5~50 Hz)

Kb o> l

PREUM LS5 K Coh
R l e ICoh
(Path Length, PL) . EBRINA (=02 ; pCC
RRRH _ . (Adaptive Threshold, AT) .-
(Clustering Coefficient, CC) - - 155 8 FEE VR C MI
(C?lgbal Efficiency, GE) - (Adaptive Density, AD) . PLI
)%(EEB gazl}KEfﬁ i LE) e LV
oca ciency, S MCC
FE (Degree, Deg) WPLI
3k
FAR
SCRFRIEANL (Support Vector Machines, SVM) .: —e =
KiT4F (K-Nearest Neighbors, KNN) — °..q; ]
[EHLZRHAR (Random Forests, RF) ‘W
ERHIZ R4 (Convolutional Neural Networks, CNN) ° .*?} ®

1 BTRIENENNBERESSESZ

Fig.1 Depression EEG signal classification method based on brain function network
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Fig.2 Electrode placement position
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Tab. 1 Classification results of depression EEG signals
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