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Abstract ; At present, the clinical diagnosis of depression is mainly based on doctors’ experience and patients’ subjective feeling, which is
highly subjective, low accuracy and time-consuming. With the development of neuron electrophysiology and computer technology, the
objective classification and recognition of depression become possible. However, the existing research methods for the classification and
identification of depression based on resting-state EEG signals are relatively simple, and it is necessary to further explore accurate,
comprehensive and effective EEG features. In this article, a single-channel resting-state EEG depression classification and recognition
method based on Higuchi’s Fractality Dimension ( HFD) and Lempel-Ziv Complexity (LZC) is proposed based on the design of two
experimental modes to obtain higher classification accuracy with fewer features. First, the resting-state EEG signals of 8 major depression
disorders and 8 healthy control subjects are collected. Then, their nonlinear dynamic feature parameters HFD and LZC are extracted.
Finally, the feature data are input into a nonlinear support vector machine model for classification recognition. Results show that the
sensitivity, specificity and classification accuracy obtained by the combined feature are the highest at 98.12% , 96.67% and 95. 10% ,
respectively , which are 23.05% , 17.02% and 19.29% higher than independent HFD/LZC. Meanwhile, the main part of the model only
takes about 12 s. The findings have important implications for the identification and auxiliary diagnosis of depression in clinical practice.
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Fig. 1 Schematic diagram of experimental paradigm
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Fig. 2 Conversion of depression classification and recognition problem into a binary classification

problem of nonlinear support vector machine
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PURIRERIAS B Y AR A S v AR A 38 0 Sl T 2 1~ 3
Fs

MFE 1 AT DL 2 3] DA LZC-open , LZC-close . joint-
open ,joint-close “A4FIE Y HLIE TEAE L ME SVM SRR TR B4
RITE RBUE RSB R, Kb P3 R ECLL LZC-
close HFIEIRF] 99. 17% , HK CP4 SHELL joint-close K
FEAE N 98.12% ., R JH Kruskal-Wails H ¥ %, 2
Bonferroni 754 1F i 2 P 7K V-1 25 J5 PR G LA 7R | joint-
open FFIEAS 214 R AP 2 00T HFD-open FEAEFS 21
REE (P<0.001) , joint-close JFAF15 2 ) R AT o 10
T HFD-close F#AEAS 2 ) RAEBSE (P<0.001) . BLAM, B
FROEHUS I R B S LZC FRAOEEUS 1Y R BUE 22 5% 48

F1 BEEIELE SVM HIBRIRAER R E SR
Table 1 Statistical table of classification and recognition

results of single-channel nonlinear SVM

model-sensitivity %

. HFD- HFD- LZC- LZC- joint- joint-
S

open close open close open close

AF3 72.29 83.75 88.75 92.50 93.75 93.96
AF4 65. 83 74.58 83.54 90. 42 89.79 88. 54
F3 63.33 60. 00 80. 00 85.21 88.54 87.29
F1 66. 25 48.33 89.17 80. 21 85.42 89.58
F2 61. 04 55.83 86. 88 90. 00 89.17 90. 62
F6 55.83 62. 50 75.63 85.42 85.83 87.08
FT7 69. 58 74.38 78.13 86. 04 80. 21 82.50
FC3 55.42 72.50 79.38 90. 00 83.54 84.79
FC1 61.67 64.17 84.37 91.67 89.37 92.08
FC4 55.42 48. 54 89.17 82.71 86. 46 89.58
FT8 64.38 68. 54 89.38 86. 04 88.33 86. 67
C1 62.71 65. 63 90. 63 92.50 88. 54 89.79
Cz 58.75 53.54 91.88 93.54 93.33 91. 46
C4 60. 42 75.21 88.33 90. 83 88.75 86. 87
CP3 70. 42 78.12 91. 67 95.21 85.83 86. 88
Cp4 67.50 66. 88 95.21 93.96 93.54 98.12
CP6 76. 46 71.46 93.33 93.75 93.96 85.00
TP8 76. 04 72.29 96. 88 96. 67 91. 04 93.54
P5 63.13 67.71 93.12 95.42 80. 21 90. 00
P3 68. 96 73.33 93.96 99.17 90. 63 85.63
P2 75.00 61.67 97.71 95. 63 95.42 91.25
PO5 72.92 73.96 96. 88 96. 04 94. 58 92.92
POZ 68. 54 75.21 97.29 98.75 88.54 87.29
0z 72.50 74.58 89.37 91.25 92.92 88.75

AAGIHEE L, SRS, T FAL - R 55 2 5
JE RIS

i3 2 W LI g R L) joint-open | joint-close SHARE Y
HUEIEARZAE SVM AR SRS R 45 S v B IS 8L
AU EL, P2 S EKLA joint-open SAFMET] 43 98. 33% , TP8
L1 joint-close SHEFEIAE] 96. 67% . F ] Kruskal-Wails H
Kr5 , 2 Bonferroni 32458 15 8 38 P /K - 1) 55 J TR 19 LU 382 8.
7, joint-open FFAEF5 2| 1Y 45 7 Mk 1 2 L T HFD-open 4§
HEAS 2 A 5PE (P<0. 001 ) | LZC-open 45 AE 75 2 (1) 45
P (P<0.001) , joint-close FE1E 75 2] (4 55 5 Pk 48 T
HFD-close ##1E 153 2| 9 47 2 (P<0.001) | LZC-close F#
TEA 2 B Re M (P<0.001) o SUARTE P2 TP8 S:HKA4F
SEPE RS
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Table 2 Statistical table of classification and recognition

results of single-channel nonlinear SVM

®3 BEEIELNE SVM MEB IR BB ABES TR

Table 3 Statistical table of classification and recognition

results of single-channel nonlinear SVM

model-accuracy

()O

model-specificity %

§ HFD- HFD- LZC- LZC- joint- joint-
BRIS

open close open close open close

AF3 81. 67 71.67 85.00 73.33 93.33 91.67
AF4 81.67 68. 33 78.33 73.33 91. 67 91. 67
F3 90. 00 65. 00 78.33 71.67 91. 67 96. 67
F1 66. 67 81. 67 75.00 70. 00 98.33 90. 00
F2 80. 00 70. 00 80. 00 73.33 90. 00 86. 67
F6 81. 67 73.33 73.33 76. 67 90. 00 90. 00
FT7 78.33 71.67 80. 00 81. 67 93.33 85.00
FC3 56. 67 66. 67 80. 00 80. 00 95.00 86. 67
FCl1 86. 67 80. 00 80. 00 78.33 91. 67 90. 00
FC4 80. 00 86. 67 73.33 71.67 95. 00 88.33
FT8 80. 00 65. 00 71.67 70. 00 80. 00 81.67
Cl 78.33 68. 33 81.67 76. 67 93.33 91. 67
Cz 83.33 66. 67 85.00 76. 67 90. 00 91.67
C4 65. 00 70. 00 68. 33 71.67 90. 00 85.00
CP3 71.67 61.67 76. 67 68. 33 85.00 83.33
CpP4 66. 67 75.00 70. 00 81. 67 83.33 88.33
CP6 71.67 66. 67 76. 67 66. 67 86. 67 85.00
TP8 73.33 86. 67 83.33 81. 67 83.33 96. 67
P5 51.67 63.33 60. 00 65. 00 76. 67 86. 67
P3 71.67 65. 00 75.00 65. 00 85.00 75.00
P2 76.67 86. 67 85.00 78.33 98. 33 90. 00
POS5 76. 67 68. 33 76. 67 70. 00 76. 67 86. 67
POZ 65. 00 58.33 70. 00 65. 00 81. 67 85.00
0Z 83.33 61.67 78.33 63.33 90. 00 83.33

3 3 ] LIWELE| LA joint-open . joint-close A 4F1IE )
HUEIEARZEE SVM AR RIS R IR AT T 35 8 i HE B R
5394 96. 87% F11 95. 10% , 2K H Kruskal-Wails H ki 5,
£t Bonferroni 3 1IE B Z MK SE R E G W W LR B,
joint-open FAFAS 2 B MERR R W E LT HFD-open Bk
MR ZR (P<0.001) , LZC-open 471 15 2] 1) 1 B 3
(P<0.05) ,joint-close FAIE 15 21 (4 HE 6 R i 3 8 T HFD-
close FHIFAS BN ERH % ( P<0. 001) \LZC-close #fF 153
FIMERRR (P<0.05) . EAKE , P2 TP8 AF3 FHXKKT T
IIRUERH R RIS .

Xt 6 FERAE T I IE ARk SVM SR I 3 25 SR 5
RN 4 PR

_ HFD-  HFD-  1ZC-  17ZC-  joint- joint-
T

open close open close open close
AF3  76.98  77.71  86.88  82.92  93.54  92.8l
AF4 7375  71.46  80.94  81.87 90.73  90.10
F3  76.67 62.50 79.17  78.44  90.10  91.98
FI  66.46 6500 82.08 75.10 91.87  89.79
F2 70.52  62.92  83.44 81.67 89.58  88.65
F6  68.75 67.92 74.48 81.04 87.92  88.54
FT7  73.96  73.02 79.06 83.85 86.77  83.75
FC3  56.04  69.58  79.69  85.00 89.27  85.73
FCI 7417 72.08 8219 8500 90.52 91.04
FC4 67.71 67.60 81.25 77.19 90.73  88.96
FT8  72.19  66.77  80.52  78.02  84.17  84.17
Cl  70.52 66.98 86.15 84.58  90.94  90.73
CZ 71.04 60.10 88.44 85.10 91.67 91.56
C4 6271 72.60 78.33 81.25 89.38  85.94
CP3  71.04  69.90 84.17 81.77 85.42  85.10
CP4 67.08 70.94 82.60 87.81  88.44  93.23
CP6 74.06 69.06 85.00 80.21  90.31  85.00
TPS  74.69  79.48  90.10  89.17 87.19  95.10
PS  57.40 65.52 76.56 80.21  78.44  88.33
P3  70.31 69.17 84.48 82.08 87.81  80.3I
P2 75.83 7417 91.35 86.98  96.87  90.63
PO5S 7479 71.15 86.77 83.02 85.63 89.79
POZ 66.77 66.77 83.65 81.88 85.10 86.15
0Z 7792 68.13 83.85 77.29 91.46  86.04

F4 BREEIFLM SVM MERIRBIERERGITR
Table 4 Single-channel nonlinear SVM model

classification and recognition results statistics table %

i BAE T R A HA3E TR LS TRER(
HEF- £ PEF A
HFD-open 66. 02 74.93 70. 47
HFD-close 67. 61 70.76 69. 19
LZC-open 89.19 76.74 82.96
LZC-close 91. 37 72.92 82.14
joint-open 89.07 88.75 88.91
joint-close 89. 18 87.78 88. 48
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HIZR 4 ARG FESRLIEIE AR LR M SVM AR TR AR
il SN e S SN R R 2 é e D RS S 1 4
HFD I LZC W56 R U T 5 e 141 35 R S5 M R e
W%, 439k 88. 75% F1 88.91% , AIHR # H 25 F 1Y HFD
I LZC B3R & R IR ORI R 2, 4300 O 87.78% Al
88. 48% , M4 T M7 19 HFD/LZC 5 AF bR 485 i i 43
BB T 17.02% F119. 29% SR, 3 — 2B B040F T %5
Wi 2 BBV Lempel-Ziv 52 2% il LAVRAN 3 IE 4 $i0id i
WA 1 BB > e R U T BEA R AT

HFD A KIEH e, i TE T 23.05% TR As, PR 2
TECERAER R IR B Y, eAh ) DR H S A 0
BUNMERA R A SE TS, TOO R B i S 3 R A 4
BABRTE I RN E
3.3 itERtiE

HFD 1 LZC FRAEFEHUA 7L DL K i i 4R ZetE SVM
TIEBTFUMNARL BRI A R G2 S8 i5-6200U CPU (2. 40
GHz) F1 8 GB RAM 191154l L) MATLAB 2019a % ff
AT, A S vk, BT B RIANER 5 FR

&5 HFD/LZC #HHRIE E R ALt SVM HIBRIA R E iH FE i 1 Ge it &
Table 5 Statistical table of time consumption of HFD/LZC feature extraction algorithm and nonlinear

SVM depression recognition model

KRR M 1 M 2 it 3 W 4 Wit 5 SEHIFERT /s

PP I Mk B HFD 5 AE $RH 10. 107 527 10. 407 298 10. 205 249 10. 782 279 10. 157 254 10. 331 921
PO TE AN L LZC RAE 4R E 1.816 511 1. 600 849 1. 489 497 1. 480 245 1.511 456 1.579 712
PASEEAEZ M SVM AR TR B 0.182 115 0. 191 616 0.202 849 0. 195 199 0. 177 727 0. 189 901

3R 5 ATLLE Y, S HOE A R o 8 i Fi A 5 7Y
LZC FFIEFYIFEDR 29 1. 58 s, KA THALJE W LZC FRAE
PRBURLROE A ARGtk SVM AR LA 3
XTG4 0.19 s, TFEH

4 it i

KM — N2 ARt R4, th T r
T E A B AR L A i FL A S e AR A 4 2 K R SRR ik
LA 5 BI85 A 8L, DR A1 4 P 2 007 9 o M vl A
SR AR, AHA A AR S 1R R IE SR
FHFIARAE 1) 43 28 PR 2 52 50 B T v 2 2 pE Y ]
AWFFEHE I T —Fh T HFD A1 LZC B¢ B¢ 4 1 B3
TEIAR RS 7 i, R BT T AL PR LS 0 S e v X
B FERT I, 3 T B 10 R AIE 2 BB 3 2 B S [
DR AMEE5 1 HFD f1 LZC {4, 414 )5 R 1F
iy ABNAEL M SVM AR AR AE 1) 3 251, B
I BIRR

AT IE 5 AR, PR £ 2 1) HED 1 LZC {H 3 fw
A%, TRVZE AR [RTHR S 14 % g AR i B R DL BH f 22 5 1A
AR AL EEG {55 10 2 2% B8 2R T X B4, i ]
BB -5 AR B 3 S B H 3% Bh A %,

BT HUl A HED/LZC FRAE , [ — B8N A A5
TEAEEZ M SVM FMAR UMY v SRR A, R R 57
PEFIERR AN T — R IR AL T, MITHEALIR
IR A HFD 5 LZC B AEZH A i — 4E bl 22 >
TR A AR T —HEHIL #5270 4 1Y) 4
P, LA B0 245 5 31— 4 S 1 A 46 R B

R T —AEECHE S B A PR R TR T AR
B A5 555 R4 DL RS 22 Ak 3 2 rh AT oy
TN T IS 2 A B SR B R B 8l LA RRIE A
PN AR LM R B AR #D 78 1 R a5 AT RE R B iy 25080 o5
sl B UM R DR, ARG L AE S AR R MR IE R R
HFD Zim 7 fisi B A5 5 19 9 AR ARLIE | XoF 5 40 A 490 58 1
15, LZC S % i FL A5 5 02 24 BE R4 7 220 i 7 v B B0, — 8
FERE LORAN T HFD A L3R ERE

ARG T & IR S I L 1=, 200 T
MR E BRI TR RS, HER AR, 5
S T DA F-4505 0 R IO R AE A5 2T, SRS A b 43 AT L
W/NERAR T HAFRER R, 5558, T B A ok
F , TP RRL - B A B B3 ) I 2R MR TR 00 5 SR T A
A I AT DA RE i DX R T S 4B AR

AWFFERT LZC RIS B L 64T T 004k, S A
SR 2 BAE N HL A5 5 B LZC BRESE S FE R 24 1,58 s, X
BATE T FL AR AT AR U TR 29 0. 19 s, BHE AR
5 A AL AR R b, A SR e H AT AR SR RE R
B [ A5,

B AW FEAT SR AEAE — 28 10 Ry BR M, R4S 7E i
P& PRI R AL A R AEE 235 3] 89% DL L R
BT HFD A T KIESE B2 T LZC F#E Y [A]
A TRfRDE . BRAh, R re 5 6 A5 R B, R ) R £
IR A A 00 11 5 e RN RSCRAT A R — A SE L 7R
KA, T Y IR I T A B, DA UE JIr 18 s A5 A 11
A R TR XA AR SR A7 RO Al Ak 1 58 36, LA AT LR
FH T R 52 3
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a5 it

L

ASCIRH—Fh 5T HFD 1 LZC FREER S 1Y BA3E 8

SIS Y | S e R R R T
FET I L5 5 A FAR L 531 B4 v B 2 S o vk R AT AR
A R Uy o NS 1 DT I RN |
96. 87% M4 ZEUEH K, AR LT LY 12 s, T B T2

Y BT — E 1 I R B B (B
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