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Epileptic EEG Based on Improved Multivariate Symbolic Transfer Entropy
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Abstract ; Epilepsy is caused by abnormal synchronous discharge of neurons in the brain, which constructs
the main basis of its diagnosis. The use of complexity theory to study the epileptic signal has become a
hot spot. The symbolic transfer entropy as a reflection of the degree of chaos of nonlinear system of indi-
cators can be used as a characteristic of epilepsy. It plays an increasingly important role in the study of
epilepsy in electro encephalogram signals (EEG) feature extraction. But symbolic transfer entropy is gen-
erally used to measure the dynamic characteristics and directional information between two variables and
ignores the interaction between multivariate. Epileptic EEG signals are analyzed based on multivariate
symbol transfer entropy. By choosing the lead signal and the signal length to analyze the robustness, the
method can be used to distinguish normal person and patients with epilepsy. It is proved that the algo-
rithm is robust and reliable for clinical diagnosis.

Key words: EEG signal; multivariate symbolic transfer entropy; complexity theory

E4TA FHEBRP¥H4(61271082,61201029,61102094,61401518) ¥ B3l H 5 1L 757 4 1 4 BF & %I (BE2015700) ¥ By 5 H ;
TLFRA B RBEA G (BK20141432) B¢ B 150 H 5 i 0 26 X g o A I B2 4 < (2014019) ¢ B 390 H « v [ 28700 R 2 v S 10 60 S A I
% PG TR 4 (FY20141.X0039) W B3 H .

W B :2015-11-07; /81T H#:2016-01-23



984 HIEREEHLA®E Journal of Data Acquisition and Processing Vol. 31,No. 5, 2016

51

il

WU S — il 2 o o DR 5 A £ 5 A 0 R 0 PP AR 8 R R T o R Rl I P R 2 AR
GE I RE SR T TR 9 i 7 r A e 2 AR G T R R Rk TR D I 2 240 AR e TR P R o X R L AT
AN I e B A SR R R K B 2 R IRUIE O2 T R AR . DR D A SO R A i
DA K0 KA J5 B PR ARG v 18 R B S BT A ZE R DX N 0 R 5 A S R i B R . A
FAZ 2% T 35 R W ST W0 17 © SO BF ST R o B D — Bl AR e 6 b - DN B BB 8 S I 2R S T 7%
JEE o SCLE P i P 5 R A 55 A F 5 v A D — o R AE A B IR B . HATA VR 2 05 IA T
AX 55 52 2 BESEAT DA, 0T (B A5 S R LA B R XA R R X R R AR X s
A A 5 B2 A% B 9 77 36 A 1R 0 BOAB RS0 52 3 R 2 — o i P T B e A R MR T i R A
TRV AR SRR AE S OGS EWES ISP T T RES AR IE# 1 50T A
— B BOVR 22 SCRRARAE AT (B0 25 1 10 VR A5 5 4R 10 2 B0 32 W 1t 2 50 sl F 9 R i A A R . H R X
D7 AR AT 5 o 41 IR 28 k) R AU A A A ) AR AL L AR T E 5 A A T RE 2 A — b O G
o Lo, W R AR BT XY —>Z Z R 5C & AR WA 28 B Mrosl R RESS Y X Z 22 (8] B9 ¢ A& il 2
WY 5EMIZEA R 2R REEE XY R Z Z 0 5 R I LU AE 5 2 8 5 R 1
FERA MK L.

ARSI G 1 S 2 78 a3k A5 P M0 A AU I P A5 5 o A 0 BT B3 e O P A R LA B PR RSB
G IZ SR D O3 A W N g N o A SO B0 X AR o A S il i F ) 7 570 ) il ok B T
FEEX PR BE o AR SC A X T H N RGO A PR i £ 5 9 DU s [Py B AT 45 5 A 3 23 e B IX 4y
B B 19 5 AR B 1 PP 90 B 6 I L A5 D 1) 80 14 22 A AT S B RS R HEATOR (L. 0 BT A E
10 22 AR AT 5 Fe R M EL 20 7 i e BOZ AT A 2 35 DX 20 I W AR N o dieJa o 0PI B30 I ST g 1k AT
O AT e BT N L i R T AR A O HE B e i R L R A B S

1 EARFEE

1.1 TEERBH
LRSI B SO % BT 55 1) i DR T AR T A A . T SR R — [ R T4
RS . BT AR R A I AL T IS8 4 58— P2 2 70 B 180t 1l Bl pLa A2 X, 75t
FEFRN 2o yezawn e FE BREZIE ] X, s BT BB 2 B U X, = (X, X,y e)
w, = sa, o) 0 2, RN X, W—ATHE. BB IS, =12, sy | X, \o, ) BIEED MK
X\, Foa, 8y, ABERE o, FX, \a, R TR 4. 56 A a6 X o 0 i e A 51
e I 1A, B
I, sy | X \a, ) =D I sy, | X\, vae) (D
IR ) P 34 P TR 8 She it o A7 8K A7 A 1 T R 4 1) 0 2 R 0 S i S e R e o R T R
LA LR . HFERN
I(x, 30 | X\, sx, ) =1(x, 55, | S,.. ) (2
Ar:S, . CX, \a, Ua oBiE i R 74,
QS g ] B P IR A A R T4 S, AT U RE . TR AR 0 TG 55 L T LT — B A
o T R IHGE  DLAERR T O

I~ 1V = > I, 5, 1 S, ) (3)
=1



N EE F AT S R EH TS EOR B AT 985

AP A THELN T AR 45 5 1 28 X 8 25 T B9 R/ « (EL
K12, (c=2) My, MAMFEEE. HohJoR X EAA
REMRES X\, Uz, ARXBARERES S, XH
MEBREB I 23,
1.2 FRiFIFsSH
155 3l 1 2% 53 B J2 45 B J5 46 B 18] 5 8] 5% A0 UL £F & 41
G MR Y F R G AT e T i Ok B RTEM 53 1% R
TP 50 43 RS ) S Al b R R 19 L JRAR A I A S
7€ LR
0 w <o, <O+Du KEA+Du, < x, < u
Jl O+ au <z, <<ocowifH —co<<a, < U+au,
12 A—au, <o, <u BEw <z, < d—au,
3 U—u, <z, < (1—au B e s E

s;(x) =

4 Fig.1 Time series graph

KA i=1.2, N ZRFINLE N RGIE s 1000 500 R R G
Je o /N TR LR R T4 TR S M E o FBCEEE 0. 03,0. 07 T FR 5k 5 80 H 2 o
A K2 201 52K s a BB /DN 23 T M 75 0 5% e 28 K, AT JE V6 A AU AR IE S P s S E R T
i A B (A 5 S 4 5 SR I IR) T 40 1 2l g 2 e B I @=0. 057,
1.3 SEEFSERE

PR Sy % A0 % 5 5000 B 81 P SR A v T L M 7 Al L A8 UK L TR UL A5 5 5% B8 0 ( Symbolic transfer
entropy, STE)"" & 1ERF 540 AR B SE Rl b & e H Ok 18T ik .

B 2 AR R I L I',“Ey~1‘?£€:21<xﬁ;y, |S,.. ) AR AR RS R 0
SR AG B [E] P 81 & BE AL AT S P80 S = {51550 00 ssn ) o5, CACA=0~3) s JR IR B[] 3 51 y 5 A6 54T 5 7
BN =A{jisjearrrsint s J €AA=0~3) JRIG BT AT 51 = AL AT 5 7 9 K= (ki skys e skyt ok, €A
(A=0~3), 2L ENSHBREE LN
PGimcsfisSmei s dimeri sdime s Jmemt R s Ry ) P (Semi sfimert sfime s d et 2R s R 1)

PUisSicisdicttsdeesdieasRicskcn) PGSt sficiisdecrdee R sk 1)
(5)

E A= Lo

2 ZEEFSEBREHEMKEST

2.1 SRIGEE

2R SCAE T B0 TE BN 0 0 A T T G T A S 0 T 9 I DR 2 T e SR R % BOHE SR T T
X ERE, ZEP LR T A% 16 M REES W EZSEURB R . 2 ESNICRKEX KT 1 min, Rk
JAAK 512 Hz, JFFIHK R T 40 000, 7 ST 9 5088 43 971 DA T 55 1 Fi, 5040 55 000 i P, 250 40 v Bl AL 45
BEHC 10 A AR L B . 7 R SR B 0,0, ECG S BEfE S BB 7E S M ECG &4 T,
0,—>0, |ECG W 2 a5 H M (0,0, FIALT A4 L WX FR A A8 ; SLRE] .0, , 0, FHETE T 1K
ECG &AM T2 BT 5HRB A BRI 0 X35k 0,0, FEAERBEFER S . A SOR 3 241
B 43 e R IR R



986 HIEREEHLA®E Journal of Data Acquisition and Processing Vol. 31,No. 5, 2016

2.2 SWAE

Sefl () F5 540 Ak B4 AR A i A 5 09 A B s B ) e 40 B X OO R C &/ 5 ik
BT 04 80 G i LB 8] 51 Y 22 8 e AT S R RS AR . 5SS O DR UE I R T A RO L R T SR A R A8
i it oy B ik SPSS 4T 3 A TG
2.3 HETEERSSH
2.3.1 JFEBHAZH

X AN ) ) B AL AR AR TE 87 1R m X S A A 19 DR 4R i R S ) A IO R A K R L=
80, %Wt — A, BUB [A] A2 & 1=100,3 100,6 100,+++,24 100,27 100 f¥) 10 4>/ [a] B 6] &5, %) B A
A 8] PP 2 HEAT A S A A B BB A BN R Y 10 240 2748 45 5 5 A i 1 B M, 53X A~ YA AR Ak
B LA R S R RAE . i JE R 10 A IEF A 10 SRR A 2728 845 S R R E #1718 . 158
FIFEACIEE "M BN 2R B S BB RE . 2R 2 iR,

t 2 v, I AR AN AR SR AR P K T A S 22 RS B R E
LA (B A bR IR :1:Fp, . Fp,;2:F, . F,;3:C,,C,;4:P,,P,;5:0,,0,;6:F, ,F;7.T,,T,;8:T,,T, ; STE;
S HBRD . FEIHHE S HFMMHEAZ TR SEHBE T 9 R O (6 T A 2F ) M2 10 R O,
L F A2 D 7 ECG &4 N 2 EAF 5 H A M E 1Y 22 (8 5 K e vl WL A5 5 X4 B e, i LB O, F1
O, F WA BT vt £
2.3.2 3 LEHBREKEKREHEEZ

DAREAS S TEH 7 F0 R 7 H X B A A R B R 46 i e B ) 0 4y B S K O L=140,40 X 2,
40X 3,40 X 4,40 X5, BN MEEAR L FitEHN MW Z BB/ THBHME. 53 BUSHEAYIE
BRI T BT AR B 2 A8 AT S e B (R (B A R R R AR IR R R R T AE Y SIS B L
THEERMFSHEBRE. AAN LB TRAGSEBH S L WREARWE 3 iR, HE 3ATLUE
WA LR 155 R 46 i e B (8] 7 30 /9 2 728 2 A4 5 37 2 0 (6 WH 00 L0 900 8 X TR 38 i R B i) 7 971
W28 AT S R R I (E S R e B I AR 5 SR I RS B L B L =40 X4,

4.0 20

3,51 —r— i i R —— i
& 15
5 3.0k
@ 3
= ® 10
R 2.5+ &
& o
g 2.0} ﬂZ
@ . 5 -
1.5¢
O L
1.0 1 1 1 1 1 1 1 1 1 1 1 1 1
0 1 2 3 4 5 6 7 8 0 40 80 120 160 200 240
NGRS S I FrE
K2 AIE RSB T A5 R Y LA K3 ERBMSEREKE LLER
Fig. 2 Comparison of the symbolic transfer entropy Fig. 3 Relationship between transfer entropy
in different lead groups and data length L

2.3.3 Bl ¥ E L=160 s H AL £ F
PAREAR TR 57 TR A ™ Hp X6 A A A 1 B H A 5 B 8 1 8 K 5 S L=40 X4 (%) JRL 46 A H, i
EF5 . 5 E—C8 A E BN MERE I E N 40 X4 2L B/ S 5B E 5 2 45 Rk



N EE F AT S R EH TS EOR B AT 987

LR
LA 5T 1E H N FOG 5 56 g v, 1 () ) 31 1) 22 78 e A5 5 B RO IS o o RE AR E T R AR iR
A RR R 1 R A S (B RN T 22 2 LR AR 4 R .
F1 ERASBRRBRENHSEBEE
Tab.1 Symbolic transfer entropy of normal and epileptic

A 1 2 3 4 5 6 7 8 9 10 Y

WEH# 10.943 6 12,407 8 13.932 7 15.798 4 10.167 16.816 7 12.281 2 9.697 7 8.8756 15.003 12.592 37

PR 9.683 4 9.5258 11.468 4 9.5805 8.5709 11.723 9 4.646 3 9.3687 1.3316 7.4318 8.333 13

2.3.4 R#IA M HREELE

SRy K 5 A AR L B R P R O . SR T A B SR SPSS XIS AE R AT T R IR
SHT B T=2.666,P=0.015<C0. 05 By 2= S0 & . 3 Ud BH IE 5 A R0 9 T 4R JInG B B[R] )7 471
MZZ B/ S HRHN 2SS0 E B IE A SUX 4 1EH AR A .
2.3.5 HiExAmn

AR T 0 %) S 3 s AR A E 8 R0 7 TP A3 R SR L=40 X1 (i=1~5) WHERBES
DG B 1) ) Sk E 0 AT 2 v T MR R Y A I i L A 5 R A B TE) ) 81 O Data, A9 3 56 H R FH Y
B e A B R awen(data, 15)  B0& A0 15 dB B4 M B A9 w5 30 A MR ) L 45 AN &l 5 Rk .
B 5 AL R E S & M &S I A E RN 2 RS HBE S LRSS N S O gE N 2T ER
SRR VA W X PR U WA S 4 R R e M R HL AT R A AL

16
- 2ol
LT
14}
e B I = 15
» 12t ] 10+
| &
iy iy
ST £ 5
¢ ol
R BN 0 40 80 120 160 200 240
AR FFIK AL
B4 TE R ANFURR G A Fe R I L 4% 5 ZAERMNTHBRMEESENS
Fig.4 Comparison of symbolic transfer entropy Fig.5 Robustness analysis of multi-variable
between normal and epilepsy symbolic transfer entropy algorithm
3 RE

AR SC A B T 2 AR R RS A AU I R A T s B R A AR A AR BENE R BT 2 A R ]
14 56 AR o BB S 0 v 5 0 S S BB A 5 PO B A 5 P 91 I Y o R A E 2 A AT S R R R (L B
XS A I L g 30 MR R X R R P EAT 0T . AR 8 L IRAE S b T AR IR RO S U A B 28
PRSP L e 9 Ik O (R T 22 5D A5 10 K O, (L T4 E D 78 ECG 4 T Z A8 AT 5 4%
P 22 (B e o G AT DL A5 5 IX 0 BE B, B LI Oy #1 O, IR AL BARAMOT BT el 42 . % T[] — 7 51 4G
& LB NI 2 A AT 5 R (e W S0k i 0 N o AN SORIF 9 20 A0 i =22 ) ) J60 328 3 1V » el e 7F 5 3
W TR N8 20 A I S R ORI N o X SRR A SR A i T B U A IR ) RE S A T R IR A
T AL X TN D BRI A o B R S A B S A SRk e B i Ak O R 1) B R



988 HIEREEHLA®E Journal of Data Acquisition and Processing Vol. 31,No. 5, 2016

AE DX T B AU o A XoF D s I L P 8] ) 28 oL e 0 1 MR P I 22 73 A 5 B RS O (B B0 ORI
AR s HL 3 MR P 1A R R /0N o T DL B R A R R X — IR S G 2R X I PR i B2 BT A 4

SE

[1] Tlasemidis L. D, Shiau D S, Chaovalitwongse W, et al. Adaptive epileptic seizure prediction system[J]. IEEE Transactions on
Biomedical Engineering, 2003,50(5):616-627.

[2] Gadhoumi K, Lina ] M, Gotman J. Discriminating preictal and interictal states in patients with temporal lobe epilepsy using
wavelet analysis of intracerebral EEG[]]. Clinical Neurophysiology Official Journal of the International Federation of Clinical
Neurophysiology, 2012,123(10) :1906-1916.

(3] FBE2CHT, A=A MG, /5 AR AR. a2 &3 UE 43 A 0 T DU 2 O 7 43 2 00 T (g R JH ). #8006 R4 S5 40 #2013, 28(5) :559-564.

Guo Xingming, Li Chuanpeng, Lu Delin. Application of recurrence quantification analysis and approximate entropy in classi-
fication and recognition of heart sound[]J]. Journal of Data Acquisition and Processing, 2013,28(5) ;559-564.

(4]  RUSEE, T4k D50 5. BT HER 010 A S 0700 & 407 b g i T LT 1. Bde R 4 5 409, 2015,30(5) 1 948-955.

Cheng Xiefeng, Yu Miao, Ji Hangui. et al. Application of symbol entropy based on probability distribution to heart sound a-
nalysis [J]. Journal of Data Acquisition and Processing, 2015,30(5) :948-955.

(5] kil fE#, BT B, 5. B TS LI 4> 545 B 2 S EUEW B S RS & BT ] 732 4R , 2013,62(6) : 068704,
Zhang Mei, Cui Chao, Ma Qianli, et al. Coupling analysis of multivariate bioelectricity signal based symbolic partial mutual
information[ J]. Acta Physica Sinica, 2013,62(6):068704.

(6] okt , 42, He T WOk 0455 A0 XTI Y o i A 5 s ()R W] 30 P92 L], #3241 . 2013,62(3) : 038701,

Zhang Mei, Wang Jun. Modified symbolic relative entropy based electroencephalogram time irreversibility analysis[J]. Acta
Physica Sinica, 2013,62(3):038701.

(7] a3 RO 300 & 55 SO i AR X % A% 0 00 5000 Al i 43 AT (0. B2 4i . 2014,63(21) :21807.

Wang Ying. Hou Feizhen, Dai Jiafei. et al. Analysis on relative transfer of entropy based on improved epileptic EEG[]].
Acta Physica Sinica, 2014,63(21):21807

[8] Vejmelka M, Palus M. Inferring the directionality of coupling with conditional mutual information[]J]. Physical Review E
Statistical Nonlinear &. Soft Matter Physics, 2008, 77(2):026214.

[9] Schreiber T. Measuring information transfer[J]. Physical Review Letters, 2000,85(2) :461-464.

[10] Faes L, Nollo G. Decomposing the transfer entropy to quantify lag-specific Granger causality in cardiovascular variability[ C] // Inter-
national Conference of the IEEE Engineering in Medicine and Biology Society. [S.1. ]: IEEE, 2013:5049-5052.

[11] Eichler M. Graphical modelling of multivariate time series [ J]. Probability Theory and Related Fields, 2012,153(1/2) :233-268.

[12] Jh#E, ER. JEF AR S AR 09O B A5 5 AR A7 386 20 T ). B 2441 . 2011,60(11) ; 744-747.

Shen Wei, Wang Jun. Time irreversibility analysis of ECG based on symbolic relative entropy [J]. Acta Physica Sinica,
2011,60(11) :744-747.

[13] Kostelich E J. The analysis of chaotic time-series data[ ]]. Systems & Control Letters, 1997.31(5):313-319.

[14] Wessel N, Ziehmann C, Kurths J, et al. Short-term forecasting of life-threatening cardiac arrhythmias based on symbolic dy-
namics and finite-time growth rates[J]. Physical Review E Statistical Physics Plasmas Fluids &. Related Interdisciplinary
Topics, 2000,61(1):733-739.

[15] Staniek M, Lehnertz K. Symbolic transfer entropy[J]. Physical Review Letters, 2008,100(15) :3136-3140.

[16] Runge J, Heitzig J, Petoukhov V, et al. Escaping the curse of dimensionality in estimating multivariate transfer entropy
[J]. Physical Review Letters, 2012,108(25) ;1-5.

EERN:

XI5 5 (1990-) , 2, i -
AL RIS 1) B AR T AL
F, E-mail: daoyingligianxiao
@163. com,

% (19815, B, B,
BIFFE 5 0]« Bl F 1] O
12 Wi o

248 (1973, &, 1, &l
YRR ST 5
R T

~

FH A3 B W+ #
B WA A S0 WF 5T 1)
YR E B AL,

BER 6 (1990-), 4. 1+,
R L BF 5T 5 1) A
i BACEE,




WNEE S AT S EERTHSR G HRR L 989



