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Research on emotion recognition based on feature selection
of heart rate variability by MIC algorithm
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Chen Ruijuan Deng Guanghua Diao Xiaofei Wang Huiquan

Abstract: Heart rate variability analysis can play an important role in emotion recognition. In order to establish an accurate model
between ECG and emotion categories, a feature selection method based on maximum information coefficient (MIC) is proposed. In this
paper, the Aubt database and the design of emotional induction experiments are used for research. First, 40 features based on heart rate
variability in time domain, frequency domain, nonlinear and time-frequency domain were extracted, then emotion modelingwas conducted
based on the MIC method combined with support vector machine, random forest and K nearest neighbor algorithm. The results show that
based on the MIC feature selection method, the classification accuracy of the Aubt database for arousal, valence, and four emotions is
90% , 89% , and 84% , respectively. And further choose Pearson correlation coefficient, ANOVA feature selection method to compare
with MIC. In the induced experimental data,the correct classification rate ofmultiple one-to-one emotion recognition is higher than 75%.
It shows that the MIC feature selection method can significantly improve the classification accuracy, which is of great significance for
emotion recognition based on ECG signals.
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[R5 REEAE N S WL 26 S & R g 2L it BA %
WL AN A TP A L, 037 S (heart
rate variability, HRV ) J&— 1 5 2 .0 I8 bR, B0 T
MR B ]I 04 15/ Nk 7, AT DA SRR 28 I 42 R 458
T 38 IR 25 2 48 22 1) A 1 249 9 22 3 T T Iz o 7 Jee
PE TP AR A Ay i B L SCHR[ 7 )R SEAN [R) 1 8z []
) HRV f7E7E 3 25 5 . Goshvarpour 25 58 1 73 #1 £ Fh
iR HRV BSB89, B B LD AR BE A 15 18y
BN AR S Ak . Zhuang 2510 3 3 HRV HES1 4 4347
R, R AR5 3 R IR R B B R
AL UL A IR 0 28 eV Z A TR DT R

H I, 56T 2E AT 515 B U 3 SR 58 i A 1R
SO HAES R A L, I H R SR R BB il v 1R A B D
Bt RO R R AR PR 1 R S, (75 S I JRR
SR T R AH R 2O B AR 5 11 R i) o 1 4
G FAEERRFE S %  B Gy ik 5, LB AT T B I ] 44
Ko S50 ERRICEIR HRV FRAE Y b, W BEAAAE 5 IO
FHOE , SR R SR I TR 1 . DAAR 22 e AIE T B 46 o I
TP R RRAE 48 | 7T DASE AR 28 B R 17, 2 oo 4000l o0
HEBE B RCRN L H OET, RRAE BE B R Ay b ot vk ik
(filter) | FF %5 ¥ ( wrapper ) | % A B (embedded ) 3 2§,
wrapper Tk LA oy 2 BEAE A PR AR v s I B R IR
SR 3 4RO, BT X I A 32k - A T e 2 I
S, NI TIHFERI I B, HA S i 45 . embedded
TR R E PR 1 iR A B o3 e 8 R T Rk
g BAF BT I 43 S 25 L (R 73 R ROR 5 R AR S 15 1 45
RIS 1 40 AU G, I B v 1) S 8O 2K bR
BRI ERBA NER, filter J5 355 0 FEBHITE X
AR FHERB P s v R 88 i 25 031) 5 ARRAE 22 i) 9 AH DG 1
TR BOR G, T VA RO b HE R TOAR R AE |
FERHE

PRI AR SO T 00 398 S PR B R T B 32 IR AE S8
FF I EGRS] I8 B B R B & 50 ( maximal information
coefficient, MIC ) FRAEZERE 52 FH T HRAE G 8 LABE =5 70 2%
HERR R AR SCH Je X i IR 50 08 S M A K 28 A 1 22 i)
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1.1 Aubt [EREIEE
Aubt 175 BB 22 2 15 R B A% 37 £ K 2% Johannes %5
W ARE S ORE N R Z 0 %2k 25 d PR

(joy) EAS5 (sadness) M7 1% ( pleasure ) | 155 %% (anger) 4 3§

B IE TSGR 2 min 0L B2 HL PRI JLHL 4 F
UGS, Bl R P AR RS 2R A 25 41, 3% 100 491
FEAS,

55 R A B 23 ) PR e b ] B )Tz /Y 2 i A
(valence ) FIa iR J& ( arousal ) 2H i ) = 4 2 [a] s 81010
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[ RI T AR AR AN 1 7, 3R 1 g i s IR e o 32 |
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valence
positive |
|
| Pleasure |I | Joy |
|
|
|
______ ——————=
|
|
Sadness | : | Anger |
. |
negative |
arousal
low high

B s
Fig. 1 The 2D emotion space model
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Table 1 A combination of emotion categories

based on arousal and valence

e i 32 iy
MR (R 5 <ily R
RS joy pleasure joy sadness
anger sadness pleasure anger
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YT 2 AR B 00 5 T R R A 1) B, RUNT RE ke
GAN AL T, 52138 T e 5 e S 0 AR Y
HIE 2T/ 3 TN A, AR5 HERE N BUR IR 323K
FMECR A A%, SR A5 5 590 FL SR 1T LU 2 /Y AL
W ar A RS KR — S BT LgE — I
SR R ARSI, 10 ST AT T G (8 B 10 375 S IR 1) 49 ik
N an i 2 fios

PRATAE g 175 SRR A o e 6 A B 515 i & 4K



12 3

BT MIC O RAL S PERFIE L 26 A9 175 AR W5 © 59 -

N1 451 B || B2 ﬁﬁsz}—ﬁ@ﬁd

e I s s s M
K2 AR
Fig.2 Play sequenceof induced video

I TT i (RS2 1508 XU N A A B AR AN TR, 2
A IR I 22 5 AR SCH T T R IR 5t 36
RV 32 IR A ISR L, 7> ARG B — L
ol 4 DAY, BRI SE — Bl RS | 21X e
JEF SN TR] BE A AR 4 11 By 04 15 2 RS2 ) 08 ) 7 ) A U
SR

AR A U 1 RS 5 A 3, AR SO MU R v

R5E BRI SR FEAR AT 43T, DU A Ao o R
ISR T A4 B (fear) 3 251 BRREAS B4 TN
91.87.78 i,

2 MARAE

2.1 EFORTRMEHMERER

ORA S Mg E T 0 B Tk IR TR R o
M, AT B B SCEDRARS RiE Rk B 2
S R o R 1 A s e N o G s 4
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Table 2 All HRV feature set

FEAESR FHIEEL BRI
i 11 SDhr,RRmean , RRmedian , RRrange ,SDNN .RMSSD ,SDSD . pNN50 . pNN20 . HRVti , TINN
I, 9 pVLF pLF pHF peakVLF peakLF peakHF .LFn HFn LF/HF
#2345 11 SD1.,SD2 SD2/SD1 SPE ,SNE MSE ,alpha ,alphal alpha2 .CD \FI
AT, 9 TF_pVLF .TF_pLF TF_pHF \TF_peakVLF \TF_peakLF \TF_peakHF ,TF_LFn TF_HFn TF_LF/HF
1) BHEARAE S ( multiscale entropy , MSE ) ; 43T 4 B 43 #7724

ARSCREECT 11 B EURRAE . o SRR A 4 0
FHYPRIEZE (SDhr) , RR 8] 45 i °F- 24 (& ( RRmean ) , 1 [i]
{H ( RRmedian ) , {5 {4 ( RRrange ) , #5: i 2% (SDNN) |, 4f
4B RR 22 (A 193477 # (RMSSD) , #H4F RR 18] 4 2 {5
(R EZE (SDSD) , KT 50 ms,20 ms [ RR 8] 312 (5 4>
Bk BN B 2 e (pNNSO, pNN20) ; LA AR 76 4%
HEALHG HRV =35 %0 (HRV triangle index, HRVti) , RR
3 & J7 B3R Rl = B IR 4 58 E ( triangular
interpolation of NN interval histogram, TINN) ,

2) SRR

BT Welch B3 43 B 75 i, BT Y 9 NRAE
o AR AT (0. 003 ~0. 04 Hz, very low frequency, VLF) ,
A% (0. 04 ~ 0. 15 Hz, low frequency, LF) , =4 (0. 15 ~
0. 4 Hz,high frequency, HF) ISR B R 7, 3545 T 4 W Bt T
F 5 (pVLF,pLF ,pHF) | 205 BL Y D R I {F ( peak VLF,
peakLF , peakHF) , [H— AL AIRAR DI 3R (LFn) , IH— LAY &
WA (HFn) DL R AR 2 28 5 i 390 ) 3 14 LU AE (LF/
HF) .

3) ARLR AR

HF Poincare HUS BN AT B AEEC I
HoA AR L 4 BT 7 R SR T 11 DS ARAE(EL 43R
Poincare #{ 5 ] i B A i b (SD1) Al (SD2) |, Kl
55 B A L fH (SD2/SD1) 5 i 3 b B R BE AR 0
( sampenentropy , SPE) , & 4 i ( Shannonentropy , SNE ) , £

PUE B v M 19 br BE 48 B (alpha ) | B PR AR 48 K
(alphal ) | KPR B 38 ( alpha2 ) ; VL o BE 4 5L
( correlationdimension, CD ), %% &5 {§ B & ( Fisher
information, FT)

4) I BRURHAIE

BT/ INE ARG ST S AR AR S SO Y 9 A
FRIE, B 3 ANSRBL D)0 oY L 508 H (TF_pVLF \TF_pLF |
TF_pHF . TF_peakVLF \TF_peakLF . TF_peakHF) | IH—1k
HRARI )4 (TF_LFn ) | JH—4k B9 & 45 51 % (TF _HFn) LA
K AR ) 2% 5 i i) 24 1 LA ( TF_LF/HF)

2.2 ETF MIC RI4HE%ERF

FEREPR IS FE B g, B A5 B (mutual information,
MI) PR —ARLAS R Y 55— N BEHLAS I X )AL
PR R, RIE, X R Y Z R AR B L e
FIAER E PR D 25 XY BRE A ER p(x,y) 30
GAERR p(x) p(y), W x FIy Z ) A ELAR B AT DL 3R
NN

XY = 3 3 play)log 252 (1

feX yev p(x)p(y)

2011 4F Reshef %' S H 5 B4 HH T MIC 553,
MIC AL SR AR B TR AE e 45 o X 32 210 o
M5 RE 55  TCE X AT IH Ry Bk s A HEEAE
BATEE MR, MIC R T HAF B A R 45 )
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MIC(D) :AX?}?(FE)M(D)X'Y :x?ﬁ?ﬁ) min(X,Y) 2)

L. M(D) , REKAE B ARHEAR(E; 1(D,X,Y) AR
[ A% ) 23 B B, A SCRH MIC 3875 HRV 4§
TESEZ I RARFREF 45 . MIC HA M KRR 1) 8
FHPE (generality ) , A LA AR P A48 1 2 0] B Z2 i AR 4 vk
KF;2) EiE M (equitability ), MIC {5 FFAR 86 3 B2 5 1
2, MR A e 2 [ Y SCIR i BE HEA T HE I, TS 2% B OCHR 1Y
HA TR R B e A E R AR R XY MR
Az [ AT RS AL , SR VR TE A Xl b i K A% BV,
I — R R R R B R 5 2 100 2042 0 A ) 5 14 7
PAFA R EAF B AE, F-FA W] A& 3] 43 F 545 B I
NSNS V8

MIC 5k ST AR Z R AR H B A DI E &R .

FE X BN RRIE RIS 1] 2 8] 04 R S A AT AT 20 HE P

AR SCH RERE S P DA 81 553 B DU AR Ok 45 R IR 2 E A TR
HOAFAE T2 | SR rp i e SR U ARRAE 74
2.3 DEHF

ARICRINT 3 Fh o3 2R EE ST 1 BRI, 701y 32
$F 1) 2 Hl ( support vector machines ,SVM) B ML AR AR
(random forest, RF) """ K I 484 ¥ ( K-nearest neighbors,
KNN) 2" ## 7 SVM RF ,SNN 7NN 9NN Fi 5153245
A ARV R+ 47 3¢ SIS m, I i A% 00
PFHR SVM AEIET R F C A1 gamma {8, F-HRBEHLAF
MR AR A B IR | e R 7719 s 80 19 5 AT o e/ MR AR
R LUT S 2R PPN R bR 1 R 58 SCRAIESS SR 1Y
EEE, AF IR RAE AN 3 R
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Fig. 3 Block dlagram of emotion recognition process
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S HRV FRAFSEMERR BEXT LE . IR 4 FNE& 3 A1, 76 5
R B Y 4325 T | JE T MIC AR AE B HE Y SVM KT 432
SR T RF R KNN 8k, XFF SVM B Y ERAE T4
R 8 I ERGE A 90% , B4 EB HRV 4 IEHE & T 10% , it
IHEST T €=2.00, gamma=0.01, RF 5NN 7NN 9NN

BAHR HRV FRE3 2= T 8% 9% 9% 1%,
95 -

90
85+

80

AT E /%

75+

70 +

65

0 5 10 15 20 25 30 35 40 45
HFAER
Pl 4 MRl r 2 b 5 TR R AN [] 4R 14 1O it J3E
Fig.4 The accuracy of the five models in different feature

subset in the classification of high-low arousal

*3 BRBREESXNERBIETFES
£ %8 HRV $F{E 5 7 BEXT LE
Table 3 Comparison of accuracy between optimal feature

subset and all HRV feature set in high-low arousal

- LB HRV AHIE A IE T4 AR
] LM/ % HER L/ % FHEH
SVM 80 90 8
RF 80 88 13
5NN 80 89 14
7NN 79 88
9NN 80 87

& 5 FrR A IE U 4325 5 RS RLZE R [R) RRAE -
EUERGBE 3R 4 R IE U o B h R E AR 5 4
# HRV FRAESEAER X L, & S AT LU R, 78 1E 7130
Wb a2 JEF MIC FRAERERE) SVM AR 3 28550 1 B
/5 T RF FIKNN B9k, W3R 4 AL Y RRIE TR 50N
6 FF, SVM B35 IR MER BE A 89% , #5846 HRV HH1E
ST 15% 343 HRV FRERE T 10% , A A5
HF C=3.07,gamma=0.09, RF 5NN 7NN 9NN %4
B HRV FRAFEE LR T 5% 15% 11% 6%,

XF L e R e P 5 IF BRI 1 S AR R T DL R
PR, T i P R R 114 155 B A A AR T IE ALY
RN B 5 S DA T 188 ) ) AT 1L

2) 4 HAG AT

&l 6 rmh 4 18825 5 RV AEAS R RRIE T



9512 3 FET MIC /03278 S VMERFAE BE R A 17 U AR 58 - 61 -
95 - 90 SVM
— S
90 | 8 —= 7NN
a6 | 9NN
85 A
& é 75+
=
§ 80 - E ol
75t 65 |
70 - 60 |
65 55 L

0 ‘5 10 15 20 25 30 35 40 45
RRAEHL 1
K5 IES e 5 RS AN [ R 14 4 o
Fig.5 The accuracy of the five models in different feature

subset in the classification of positive-negative valence

x4 ERFNSEPIRRFLETFES
£ 7B HRV $F{E &R EXT L
Table 4 Comparison of accuracy between optimal feature

subset and all HRV feature set in positive-negative valence

K6 PUAERIP A 5 FRELEA RIRFIE 148 ) TR L
Fig. 6 The accuracy of the five models in different feature

subset in the classification of four categories emotion

x5 MEERSEPERMRBAFES
£ HRV FFEEERERT L
Table 5 Comparison of accuracy between optimal feature

subset and all HRYV feature set in four categories emotion

o 200 HRV $50E I UoheiE 78 BARARAE o ZFCHRV BRE S CRR A 4R LA
LW/ % HER I/ % T ) LEHER I/ % WERNE /% T

SVM 74 89 6 SVM 76 81 11
RF 81 86 17 RF 75 84 7
5NN 71 86 16 5NN 69 78 22
TNN 74 85 16 TNN 61 76 11
9NN 77 83 15 9NN 65 76 10

ERERE R 5 0 4 RIS LEP BRI TFES 2 25

B HRV FRAFEVER XS L, HIE 6 AT LAE H, 6T MIC 2 1

BT 4 HERGRR] L RF 55 SVM 51 i i o0 B 0 S 1) 2

T KNN,1fi RF #.F SVM, & 5 Al 1, SVM  RF 5NN, o 0 s

7NN 9NN AR T4 B VR i 48 43 HRV FrIESE 4

SRR T 5% .9% 9% 15% . 11%, SVM SHET N T g 4 10

C=2.25,gamma=0.07, ZMHr4E L0 MIC FHAF e 5 g

TRBENE A RCHE 5 5 T 0 AR S M I TR T R % s , . " 3

RF BEAINT 4 15 EGR A AR fe i, MAFIEFAEE0Ch 7 &

Evj' , ‘{Eﬁﬁj‘}f%j‘i 849% joy anger sadness  pleasure 0

RF B PE B URRAE T SR TR VB JE B AN &L 7 BFR
joy .anger ,sadness | pleasure DU 515 % 4% B I 1R 51 24 371
1 92% 100% ,80% 64% . FJ L& B I AR B i
FEFIN anger F1 joy, B 1 JT 7R AR 15 8% — 4k 25 [R] AR Y
AT, anger F1 joy Ay i MG TR J35 I 155 JR, 3 B Mo P2 2 v ) 17
2 5 R

K7 RF KRR e LRI 1S I O TRVA T
Fig.7 The confusion matrix of the RF model

in the optimal feature subset
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e R /R #% #H 5¢ 22 $ ( Pearson correlation coefficient,
Pearsonr) RO R E &9 ( one-way analysis of
variance , ANOVA) (220 g o DL PR AR F 6 38 )5 1 5 MIC 3
ATXT L. 8 Jir 7R 3X 3 R AR 398 45 5 ¥ 75 e A0 noe i
BE RSN 4 NG B R MERR BE X E, T DR Y BR
o0 IS 2 432 vh SVM SRS ANOVA 55 MIC 953 26 K
R R A1, FEAYBEAR 1 DL MIC RRAE 358 8 07 1k 0 v 1 13

R
I mm MIC
= Pearsonr
100 ANOVA
908990
= & mess s Sesy,
- 80
R
s
60
#
40 -
20 ¢
SVM RF 5NN 7NN 9NN
ot
(a) RHAE IR Ty R AE R IG M 43 R B % B
(a) Comparison of feature selection methods
in high-low arousal classification
mm MIC
B Pearsonr
100 - ANOVA
89 - " -
82 83
w0l 81 8081 w7, 80 78
RS
s
60
#
40
20 |
SVM RF 5NN 7NN 9NN
sl
(b) REAEE B J7 VEAE IE S 43 28 BT Th
(b) Comparison of feature selection methods
in positive-negative valence classification
I mm MIC
= Pearsonr
100 ANOVA
S 7674
i
g
#

SVM RF 5NN 7NN 9NN
el
(c) FRAEIE PR Ty VEAEA KB IR 43 R HIXT LG
(c) Comparison of feature selection methods
in four categories emotion classification

F 8 3 FARAE BRI NI

Fig. 8 Comparison of three feature selection methods

3.2 BELBHERSHW

REAY TN SR FH 47 28 SCIRUE W, 38 2ok g A% 00 7
FHRBA Fe 4 S L, DLIET0 43283 (correct classification
rate, CCR) Fl F1 1543 ( F1-score ) /E R TEM AR IE

1)3 K15

3R R 6 i, AR, KL
MIC 77 3535 B S5 AR AE 2 T T A, 0 S o 2
B3 THTF, IWIMEIE T MIC F5AE 08 7925 78 52 P Jl
SRR M. 5 BRI A A R AT X L, 4y
FME AR, FLR R 0 ok [ 321 22 ) i AR 22 5
RT3 PR 8] B AR DG &R AT — X — 1A R
HIBFIE

Fo6 =RBERIEER
Table 6 Classification results of three

categories emotion

L. W HRVAHESE  RIUKRHET4E - .
Gy AT B IE F AL
CCR/% F1  CCR/%  FI1
SVM 66.41 0.6397 67.58 0.652 1 35
RF 67.19 0.6435 67.97 0.6507 35
5NN 58.07 0.5538 65.34 0.6190 24
7NN 60.83 0.5805 65.50 0.6226 19
9NN 63.85 0.6050 64.60 0.608 7 19

2) — X155 Hr

2T R—X—AE RO RLER 3R 8 N IET MIC F#1E
RPN ERARFIE TR, R 7 AT, 2T MIC RRfikik
BRI URAE T4 4T 3 Fh— X — 18 B U R ¥
W ERETE, HA joy-sadness 5 /BGH I 19 e &, CCR Fil FL
4 HRV 4R AESEAY 83. 15% .0. 827 6 127 5] 84. 83% |
0.842 6(SVM) , ILBF ARSI+ C=0. 21, gamma = 0. 04,
AR TEE RN 12 joy-fear THIBGR I CCR F1 F1 i
42¥8 HRV FRAE4E Y 72. 19% 0. 707 9 $2 7% 2 81. 66% .
0. 804 3(5NN) , M FHIEFHEECH 6;sadness-fear 175 /8 TH
S CCR A1 F1 th 43 HRV $FAE4E (K 71.25% 0. 724 0
PEE ] 75.15% 0. 7485(SVM) , M IHE T T €= 1. 64,
gamma =0. 10, AR IE RN 9, 54%F HRV $51E
AL, MIC FRAEZE R 0 5 Bt i 1740 NG B AR T
TE4ERE , 9 A4 HRV $RE 4 5 fe A R E 7 A2 p Al
IBATIE] 5 PR T sklear HEZRIE BT IRE N
Window10, CPU & Inteli5-4200, RAM JJy 4G, GPU H
NVIDIA GTX950 M, Hi# 9 A1, & MIC Bk A e
FEIE 52 B T RE 5% 1) 3 17 IsF R) B 000 4, B AR T S 1Yy
BEARM

o KB, PN SCR B AU & joy-sadness, 7E T %
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Table 7 Classification results of one vs. one emotionbased on MIC feature selection

SVM

RF

SNN

7NN

9NN

joy-sadness joy-fear sadness-fear
CCR/% Fl CCR/% F1 CCR/% F1

£38 HRV FFE4E 83.15 .827 6 80. 47 0.792 8 71.52 0.724 0
SRR T4 84.83 . 842 6 81. 66 0.802 5 75.15 0.748 5
4HB HRV $RAE4E 82.02 . 8142 79. 88 0.788 6 72. 12 0.7118
T ARFHIE T4 82.02 . 8149 80. 47 0.794 8 73. 94 0.733 6
4HB HRV $FAE4E 80. 34 .796 1 72.19 0.707 9 61.82 0. 609 1
HARFHIE T4 84.27 . 8377 81. 66 0.804 3 69. 09 0.686 6
%8 HRV FiE4E 83.15 . 826 2 72.19 0.711 3 61.96 0.607 3
E LR F 5 83. 15 . 826 2 78.70 0.774 0 69. 09 0. 686 3
£38 HRV FFE4E 82.58 .817 4 76.92 0.752 4 63. 64 0.625 6
TR T4 83.15 . 8255 79.29 0.780 1 70. 55 0.689 8

®8 ET MIC HIEEFEMNRAFETEY

Table 8 The number of optimal feature subset

based on MIC feature selection

Y g (] v joy Shy g MR E R8T, sadness Ay fE M EE
TS I PRI SR A M R Ak ) 2 S, (AT A ol
AR A BREONE b AT BOR 22 5, LA B Hr 3R W] 1k

MR T 45k PRI IERIE T HRV FRIE 5 300, WS AR, joy M
joy - sadness joy - fear sadness- fear Eﬁim fear .sadness ﬂﬂ”ﬂ’l%ﬂﬂ’f , J:ii%*ﬁ ,:F, ,joy—fear i jEJ'lJ
SVM 12 9 9 o N _ o e 5 3
RF 6 s ’ FRET sadness-ear, 32 B8 AS R B 1% B 25 5 L1
SNN 16 6 12 Fisher 2D &5 KA1l 9 T 7%, joy-sadness Ff A 15 [X 43 3%
7NN 25 6 9 R joy-fear YK 2, sadness-fear FEAS 5T F) TR 24 B2 B 4%
INN 12 6 10 JUE X5 LR R 3
%9 £iB HRV HiEES RIS IEFERESITRE
Table 9 Model running time of all HRV feature set and optimal feature subset (%)
joy-sadness Jjoy-fear sadness-fear
278 HRV FHIESE S 1T R[] 0.409 76 0.429 75 0.429 8
SVM
T ALRRAE 7 SB[ 0.329 8 0.289 8 0.359 8
4HB HRV R4 IZ 1T 7] 1.791 1 1.761 0 1.859 0
RF
L RRAE F 52 1T i) 1.555 1 1.541 1 1.592 1
S HRV FFAFHE38 47 ] 0.539 7 0.589 7 0.510 0
5NN
AL ERAE T 48 A7 ] 0.479 7 0.499 8 0.469 7
4% HRV $FIE A2 17 HF (] 0.539 9 0. 609 7 0.559 6
7NN
I PLARIEF B A TR ] 0.489 7 0.469 7 0.459 7
4% HRV $FAiF S22 470 ] 0.519 7 0.529 6 0.569 6
9NN
T ALERAE 7 S AT ] 0.409 7 0.439 9 0.479 7
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