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Neural network modeling and microstate analysis of emotion and depression

Huang Xin Li Yuezhong Li Xiaoli Bian Nannan
(School of Mechanical and Electronic Engineering, East China University of Technology,Nanchang 330013, China)

Abstract: Major depression is characterized by low mood and slow thinking, and emotion is the attitude experience of
object and the corresponding behavioral response of human brain neurons. Many articles have designed classification
network of depression and emotion classification, but the network function is single, can only complete a single
classification task, and does not combine mental illness with human emotions, language expression, blinking and other
behaviors well. The article explores the correlation of index characteristics between emotion classification and
depression diagnosis, then designs a network to verify the feasibility of diagnosing depression through emotion across
categories and datasets. The differential entropy is extracted as the input feature of the network. and the convolutional
neural network is used to study the emotion classification of SEED-IV and the MODMA emotion proportion. Analyze
the microstate parameters of the two datasets, samples with the same microstate type are analyzed and the correlation
between the two microstate is explored. The difference of a and ¥ rhythm classification results and microstate
correlation coefficients can be used to classify emotions and diagnose depression. After verifying that parameters in
both « and Yy rhythms show the correlation between emotion and depression, the design experiment proves that
abnormal brain characteristics of patients with depression can be captured by adding microstate features, and the
diagnosis of depression can be completed by adding correlated microstate parameters to CNN used for emotion
recognition.
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Table 1 Independent samples t-test of MODMA’s data
ZH A t P
MDD(n =24) HC(n=29)
A i 30. 88410. 37 31.4549. 15 0.214 0. 832
P 1 1.544+0.51 1. 694-0. 47 1. 098 0. 277
ZHE ) 13.25+3.78 15.97+2. 32 3.073 0.004**
PHQ-9 18.3343.50 2.66+1.80 —19. 892 0.000**
CTQ-SF 50. 8310. 27 41.59+6. 27 —3.855 0.000**
LES —36.29+55.92 0.79436.74 2.789 0.008*¢
SSRS 33.29+6.79 41.97+6. 20 4. 855 0.000**
GAD-7 13.4244. 94 2.10+2.08 —10. 475 0.000**
PSQI 12.5044. 23 4.0742.15 —8. 856 0.000**

¢ »<<0.05,** p<<0.01

L2 F &

1) Bl wikk 21

{1 T 32 3 T8 i i 409 (29 BRGEIE +3 S EEIHE)

C. WESHIHTREKIE, L F, .F,, NIRBHITES%
J&ﬁ?’ﬂiﬁﬁﬁ:\fﬁ}fﬁ (independent compositional analysis,
ICA) BRJG H#EAT 0. 5~47.5 Hz 7 38 38 3 (MODMA #
#EAT 200 Hz FRAE) LB 700 5 A A 6 (1~4 Ho) |
0(4~7 Hz) .a(7~12 Hz) .f(12~30 Hz) .y (30~47 Hz),
B 1~AT Hz, [6) 55 T30 5 B 803 o i 3R B 5 oK
S5 T ¥ 1 A 3 B

2) CNN 4r#r

B E M &R NIE 2 fiR .

“‘ —

O — 2 %82 BTAEssE N TEueE O ExE
2 CNN R 45 45 #y

Fig. 2 CNN network structure

EREHTREBUFE T E OO R,
Z[(W Xax)+b,] (D

@FHT ReLU 1 Softmaz PR BREC H A X530
R @K (),

h(x) = {1 T 0 2
09 I<<O

yi=e /ze (3)

¥ 3D =2 IEJ kA P i L 3 T 7 S B 2D S . DL

+ 106 -

43 W5 (differential entropy, DE)/E JJy % A% 1E, 0= (4
R .

DE=—JP(x)ln(P(1))d1 4

MODMA H4fs 1916 46 7 28 B A B 8 T (B NI IS 45
A4 R BB Lk A 3 R ek MDD HC #9145 4R 46
Ay MIVCE ARG h . SEED-IV BIG 25 bR s d gy 4 2%,
Fif (neutral) B4 (sad) L HF 0 Chappy) . FE A (fear) .

T 4 500 2 49 e o i) s [ B 9 58l (HC R SEED-TV
I 32 s, MODMA H 200 s, % 2 s 1145 —1k DE) . ¥ T i
ER TR OXO M L, B — MBI R — 1 9 X 9X 1
B4, 55 CNIN BB AR ERE ST 9 99 X5, Il 3 T,

o

" " " ”

o | o0

2 T A A
3D channel mapping

K 3
Fig. 3

3) WCRAS Y

Rk & 4> 0 H 3 F EEGLAB B Microstate
Toolbox"*" , 1155 5 3 HE T 4 5538 18 1Y BT A7 R AR 1 ] £
1) 4> 5 3 T 2% (global field power, GFP). 7E Z W 1 1
TEOLT K RSB AR B B By 2~ 8 i, AR A A 4 IR
SR WS N RERE.BESR MBS £
(global explanatory variance, GEV) & 32 X ¥ IE 45 53R, v £
R W ORI . P H B HOR S BR S X A
Z: 55 35 1) U i R BOHE AT B S  TE Z2W B 1Y I T



O B E RSELIAEALE NG ERERBKS S 5519

qul

T E RSN T 30 ms BRRES A B T7 206 BOIR 25 AR

_ 4 A
G T AL F TR RIS S o s g 2 SEED-IV RIS

fiE B GEV, F 3 £7 22 B K (duration) | & #b il BB E 2.1 CNNHEER
(occurrence) IR 55 R (coverage) DL M SR 25 [8] 1R 46 B B 4~ 6 AR AR 2 2 018 46 4 25 4T 55 IR VR
& (transform probability, TP), EY i

WEANL-E, 260, 3-FF0

b3

Il

=

fu
(a) iR (b) o4 (o) octiflt (d) piE (e) i DES
(a) 0 thythm (b) 0 thythm (¢) a thythm (d) p thythm (e) y rhythm (f) all bands

B4 =032 Ol /A8 M /T 0O AT 55 4 0 38 45 3R VA 4 I

Fig. 4 Test dataset confusion matrix of 3-classification task(neutral/sad/happy)
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Fig.5 Test dataset confusion matrix of 3— classification task(neutral/sad/fear)
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Fig. 8

Micro-state temporal dynamics index of a rhythm
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Fig. 9 Micro-state temporal dynamics index of ¥ rhythm
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Table 3 Parameter comparison

FAE
24 t r
MDD HC
TP-CF 0.43 0. 36 —2.983 0. 005
a T TP-CE 0.21 0.27 2.121 0. 040
TP-EC 0.25 0. 34 4. 545 0. 000
v, Occurrence-C 3.77+0.46 3.2740.70 —2.832 0. 007
Vet
TP-BD 0. 32 0. 44 2.267 0.029
3.4 EMELE 0.33+0.10 0.37+0.09
o, gy KK 10.11 iR . 6F MDD/ HC & 0.060.04 0.05£0.03
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R4 HEBKREEERD Kendalls HHX S (o )
Table 4 Kendalls correlation analysis of the same microstate type( o rhythm)
MDD/ HC
B HHC KA F e R -
VHEGHK  RARGE  BRHARE  VHEGHK | BARGE | BEHARE e e oy
i 0.024/—0.062  0.207/0.266 0.337/0.372  0.019/—0.123  0.047/0.112 0.355/0. 397 0.129/0. 302 0.244/0.350  —0.365/—0. 395
X M 0.019/—0.059  0.216/0.271 0.355/0.404  0.041/—0.117  0.060/0. 103 0.368/0. 415 0.156/0. 304 0.276/0.365  —0.372/—0. 408
% O —0.380/0.213  —0.348/0.315  —0.359/0. 381 0.395/—0. 406
| —0.367/—0.185 —0.315/—0.297 —0.370/—0. 420 0.382/0. 431
P 0.720/0. 340 0.002/0. 000 0.777/0. 059 0.473/0. 086 0. 049/0. 000
° 0. 000/0. 000
G 0.777/0.373 0. 001/0. 000 0.539/0. 075 0.371/0. 116 0.019/0. 000
b 0. 000/0. 000 0. 000/0. 000 0. 000/0. 000
o 0.000/0. 001 0. 000/0. 000
EH 0. 000/0. 004 T
FEACHE . Pk (232/237), A5 (226/232) . TR (232/238), FH1(229/235)
A 5 c “MDD/ H ¥ "7E Duration-B . Coverage-B .Occurrence-B .
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|
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Table 5 Kendalls correlation analysis of the same microstate type(y rhythm)
MDD/ HC
B Kb e TP-BC TP-CB GEV
LK RRERE GRLEE  FEBgMK  SRERE  BRHIURE o - ’
o o 0. 187/0. 166 0.177/0. 171 0.144/0. 144 0.048/0. 194 0.051/0. 215 0.049/0. 291 0.181/0.307 0.214/0.293 —0.213/—0. 225
; A4 0.030/—0.008 0.036/0.003 0.057/0. 038 0.091/0. 194 0.103/0. 206 0.054/0. 253 0.151/0. 245 0.127/0. 183 —0.248/—0.270
RH i 0. 425/0. 456 0.425/0. 457 0. 457/0. 490 0.261/0.220 0.258/0. 227 0.323/0. 276 0.375/0. 358 0.525/0. 559 0.272/0.305
g 0.004/0.011 0.007/0. 008 0.028/0. 027 0. 466/0.003 0.422/0.001 0. 460/0. 000 0.006/0. 000 0.001/0. 000 0.001/0.000
P RN 0.657/0. 907 0.594/0. 959 0.391/0. 568 0.171/0. 003 0.124/0. 002 0.422/0. 000 0.023/0. 000 0.056/0. 005 |
0.000/0. 000
EI 0.000/0. 000 0.000/0. 001 0.000/0.000 0.000/0.000
FEACRE bk 232/237) E45(226/231), FMI(229/234)
BRSSP A RUE G A, R 6 iR, « 5 oy W 4.3 SCINIGIE
H ARG I B L A G X AR AE Mk FEIR S A T 2 SR AT BT A3 A — S T RO A
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Table 6 Proportion of each emotion of classified MODMA

W/ H R\ IO LAV I A Y )s! RPN\ T LA\ E M
% ik B L b A1 e | b A4 FFL g

S 29.2/31.5 48.7/43.2 22.1/25.3 17.6/16.1 45.5/45.3 36.9/38.6 17.4/15.0 25.4/24.5 17.1/17 40.0/43.6
0% 33.3/32.5 45.0/43.3 21.8/24.2 23.8/21.1 44.0/44.5 32.1/34.4 21.5/21.5 26.1/23.7 13.9/14.2 38.5/40.6
a TR 37.8/24.1 37.7/46.8 24.6/29.2 37.3/41.5 29.9/37.1 32.8/21.4 32.9/24.7 27.5/29.4 19.5/28.3 20.1/17.7
BAYHE 47.9/34.6 36.1/35.3 16.0/30.2 39.2/30.0 34.4/42.7 26.4/26.5 34.2/24.8 20.1/16.3 16.6/24.9 29.1/34.1
YA 63.2/52.4 19.3/20.4 17.4/27.2 55.9/44.8 26.8/26.1 17.3/20.9 35.8/36.3 27.5/31 24.4/22.5 12.3/10.2
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