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ABSTRACT Objective: To explore the feasibility and effectiveness of ECG analysis method based on multiscale fast sample
entropy and random forest for automatic diagnosis of common arrhythmia (atrial premature beat, ventricular premature beat). Methods:
Different arrhythmia diseases having the features of complexity difference of ECG signals are adopted, and the sample entropy of ECG
signal at different scales calculated by the multi-scale entropy forms eigenvectors; Using kd tree to improve the computation efficiency of
multiscale entropy, the real-time performance of algorithm is enhanced. The random forest classifier is constructed by the eigenvectors of
training samples, and then the type of arrhythmias is determined by the classification results of the numerous decision trees coupled with
voting principle. Results: The proposed electrocardiogram analysis method can effectively identify the normal heart rhythm, atrial prema-
ture beats (APB) and ventricular premature beats (VPB), with an average identification accuracy of 91.60%. Conclusions: The ECG anal-
ysis method presented in this paper has high recognition accuracy and clinical value for common arrhythmia (APB, VPB).
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Table 1 Experimental samples

Training Sample Testing Sample

Heart Rhythm Type

Number Number
Normal Sinus
50 20
Rhythm(Normal )
Ventricular
Premature Beat 50 20
(VPB)
Atrial Premature
50 20
Beats( APB)
1.2 ik

121 B AR S SRR ARG Sl 1w R g™
AR B R T e — N [] P 51 A2 A PRI B T vk, 5k

HLO AR S A R HLEEAE — 3, R RS R R B
RED,

R SE A N A ] 741 x(n),n=1,2,...,.N, FEii AZE%L (]
HHEAT LB B R P A B ) m B 5644 T, T LASRAG —
2 m 4R, TR

X@@)=[x(1),x(i+1),...,.x(1tm-1)] (1)

Hr,i=1,2,..,N-m+1,

FA (DR —4H m R EPEERA A& X5
X () B B RS SR IR AR 22 , Ros A

d[X(i),X(j)]=max[ | x(i+k)-x(j+k) ] (2)

A k=1,2,...m-1,ij=1,2,...N-m-+1,

X TR BCE AR R o, X201 H m 4Ry ss
A1) 5 H Ay Nom A i) 528 22 8] A% B 8 /N A0 (B2 BR 1A Bt
P8, 375 N-m A9HRRR , 1521

. ; Or-dXMHXM]
C =1 (Nom) A=<N-m (3)
0 Ji>N-m
1, ® Jy Heaviside Rk, 2 XN
1,x=0
O(x)= (4)
0,x<0

Sy (D IR N-m+ 1 AR BIHEE 7L Rt
FAEARDLAERA r (4 R A C (ORII9(E TR

N-m+1

C" (r)=(N-m+1)’ 2o (5)

A AR N m 1, TR L e EaE ).
25 [T, BB xR REARE XN

m+1

SampEn(m,r)=lim [-ln%] (6)
han C @
RS B N IBCA FRAERT , 20 (6 )Rtk hy
SampEn(m,r,N)=-ln$1(r) (7)
C ()

B =7 ATAL, IR 41 x(n) I REA R B H A ZERL m Al
RIARR v KSR F AR B N A G, — et , 275 B, m B
1 8% 2,r B2 0.1~0.25 £ N g 103", H:rp std /R A EFEH] x
()PIbRHEZ
122 BEF kd WHREHABEE BTN IR TR
AT TR I B ) 5 A R n??; O(r-d[X (1), X(NDHY
PR e . SCERESE T, AT LUK ) B R AL 1E 25
R R, 1B 2SR ) A 48 A R,

(D H m 4R E XOICE X X TEA i(=1,2,...,
N-m+1), (X)) E‘ru%’ﬂﬁj?*/l\ m gﬁ,‘\]j\% Pi(X;,YiZir-.) s il

X=X, y=Xit1,2=Xis,... (8)
T2 0, 251 FLHE W, 36 3 10 48 Py rh AN,
Wi FR N

W (xw)i(up)]* (V)i (Yu)i]* [(zus)i(zus)]* .. (9

Hrr, LB fil UB 3 5IFR/R I FAE W i I AR T 5,
FKIRH

(Xi)=XiT,(Xup)=Xi T

(Vi)=Y t.(Yus)=yitT

(zwp)=zi1,(zu)=2zi+4

YR —AHE d 423 AN TEAEE B GRLAE ) | (AR R I A
VE 22 Y ] P 1 2 (] s 1) A B8 TUART AR08 7 TE A2 1 S R
VR, DR, 6 T A0 Py 5 B 34 FHE , Win] (3 n
"B T AR m(a m+ )G A D PR, —
n n:n+l B ok, BEA SampEn(m,r,N)AT DL 12 (7) B
PR,

kd R gt T g E 28 ya s R R, 2—Ma] LUHT
THEFEAR I R o kd B0 A G T B T R T |
(8 AP TR R BT — SR B 45 v X T 250 i
FHE , ked AR5 T 465 7 P 100 50N 1) 1 5 A, B bt bt DA
AR h AT S5 S BB BN T B E A4
123 S REPREFEARRE 285 M Costa 42 H 19 7E
ANTR]RUBE T X T 46 I (E] 7 91 AT R Ze A TR AT, 2R
FEREARIRL: i DU P20 R R,

(DXTF 452 BT F ) x(k),k=1,2,..,.N, R i iRk Ak

(10)



DREYESSHE  biomed. cnjournals.com Progress in Modern Biomedicine Vol18 NO.18 SEP.2018

- 3455 -

i BRI AR P 5 x (k)L &R 110 R
SFEMEPATAY . RURACRYIR ] 5 2R

iT
y(r)i:i— Y x,1=<j=N/r (11)

HTH
FRLVE 2 R i=1 mF, RDRLAG Y I E] 5 51 -5 D 4 e 1)
Fe x()ARAE o HDRAR IS BT 81 {y @} BB N/, i 1
7 SRR A RS B IR

r=2  x® x2) x3) x@) x(5) x(6) (@) x(+1)
0?.‘.0?..0........

IO NEEYe SO y, =St

r=3 x(1) x(2) x(3) x(4) x(5) x(6) x(@) x(i+1) x(i=2)

L ] ? L ] L ] ? o o e o ’ [ ] L] [ ] L] L]
,\'.(T) ,l.(‘:) X +“_.\-:_[ + X,

B 1 &EFkd Hﬁﬁ‘]%ﬁ)’ﬁ"ﬂﬁiﬁjﬁhﬁiﬁiiﬁﬁ
Fig.1 Schematic illustration of the coarse-graining procedure
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Table 3 The eigenvectors of some ECG samples

Heart Rhythm  Sample Feature Vector
Type Number [dy,ds...,ds]
Normal 10 [0.450.420.41 0.39 0.34 0.30 0.29 0.27]
11 [0.47 0.44 0.43 4.00 0.36 0.33 0.31 0.29]
VPB 10 [0.240.190.190.18 0.17 0.16 0.13 0.12]
11 [0.220.170.17 0.16 0.150.150.13 0.11]
APB 10 [0.180.140.14 0.13 0.12 0.120.11 0.11]

11 [0.190.150.150.13 0.130.120.11 0.11]
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Table 4 The results of electrocardiogram analysis method in this paper

Heart Rhythm Type Average Accuracy(% )
Normal 94.0
VPB 85.0
APB 94.0
3 ik

HHT X TR B B IS W R SR i AR i PR 2
e XL AT TR RN . BEE ERTT RS W B R R e,
R EALE AR X H KT ASIZW E S Ch T AW R
ST GRS R

AR A F ST R IR 5 O B 0

S B RS JFIEW T ORGSR E 2R REE I

WL NER RGO, e T8 Ze AL i D AE S e T 3 T
GRS 2 G , I ERAR T — 2 BIBIF9E 2R B Pincus T
1991 4E 2 H4 T 3L L4 (Approximate Entropy, ApEn )35 3 %} A=
PRES 8 Ze M B A1, 2002 4 Richman £ 3T DU ) JEA
4R T AEA)E (Sample Entropy, SampEn ), H 4315 L3RR
REHHE B R S PR E YR 5 2 227 t
TRETR-RENER T AR RE STEABMRS TN L
it ) RUBEAFAIE , Costa 55 AT 2002 428545 H 2R FH 22 RO
(Multiscale Entropy, MSE )i T A=W & 24 E 5 i, FAREE
N2 ROE RN T E 8T, BT3B MSE (115 )3 Fl
TELAT VB A S dE 7R O IR R Rk ™, R, AR5 A
FIAZ RERE ST T ECG 4 ST Bt, 1451 MSE #Ef
FXAHMERN SR ARG E, & T R K2 m,
Wang 8¢ F1] I 22 ROBE M E X0 B 5 S A TR0, mFsE
W0 HLAR 5 1 58 2 M Bl AP P S R BT B A G 3T, R
EIAVAE/R T ECG 2 U048 A REfE s e I 1) fi e
AR, ECG 22 R i 24 (BBt o7 o i o 7 AL 2 T Rt 3
B2, FIFH ECG £ REERGVE R RAE SE B B B 14 F 3
WIS . [FIET, 2 RO R TR ZXT 2 A R T 1)
O HAE S I TREAR A TR R, B3 H B2 W SR M5
o FERIML, 24 h AL H B I R A3 BT XU H B G B 7 ik 1)
SERPPR BRI YIS, STl ASCER Y T T S RS IR AR
5 5 BEHLARMAR LS & 0.0 IR 5 T i . R R 2 RUE
TR0 ARSI T 2 RBERAEREIR, #5340 B 5 A LR
TIE, A FH B AR AR 2 b O i AT A 2R 51, SE3
DO ARH (PR S D B B 3is k.

SEGFRBH AR SCR AT kd 19 22 ROBE ML R AR 1k
BRI T 1) 2 2 AU AR Ak oy IEAS Y R R, 1
ERAR T REAR T 225 (Y m=2 B, FEAKR A 108 55 4%
FEH OMNDFEAL R ON)), fift itk MSE 7£.0> H (5 5 R fiE S It
TR RCRAR AR Ay I8, @1 X MIT-BIH O 2 F B
PEF )L BASSREA R SR I, sk R A = M R 2 R
FERE AR [r) S 1E O B B RRAIE ) T Bt 34, ik S5 A ¢
FRGAFEEE O, Fioh RO AR H BT AR,

22 R IR 0] B A7 A — i 1Y 22 S, AR O ik A2 ) P O )
ZE S B TE A D SRR 3 P R AT RO R
I 22 RUBE DR RE AR 1 S U A5 5 R AE A R BE AL AR AR S

i, BEDLARAR P JE0 0 1L 2 RS ) 73 SR RIS S 15

JERESIE ECG [ B2 W il S il AR Y, A SCHE R H

P13 A7 75 V5 RS SIS BRI O A | o P R 2 M A B A 2

PR, SRR IR B 91.60% , Herp ) T 1E # LA A B

R TR A 94.0% 7 47 1% ME FAT RO HE B

85.0%. FH TS BREASAE AR TR R S Rl P4 ) 22 Ao 0o

REETINRE , FECE MR UEG S AR AR . AL

TN TGS, BELARR D ZE 05 7575 IS SO B i 18 e iod

PG SF R, AR T SVM 3228, BEHLARR T 585 A 2% 1

TR REANSEAACT R, g RE RS B A 2 726

SR IO BRI AT TARFIE 1) E O A BRI, AN

TS REA A TR B, BRSNS R IEEA T /32002,

2 LA AR SR A 22 ROBE PR AR 5 FEALARAR AR S

B L B AT T R — R AU BECG A B2k, Al

KHFFAAE T AT AT IR SR, —E R B 1 24T A sz

71 B S PERIAER R ]

FURT, ASBTFE R SEsREA Ly MIT-BIH (O HER 8 2R

T E PR B R A R — 2R SO R R B

M, SCEH 2 AR R B A B2, IO HLE S R

5 e PR TR RE M I

% % 3 #k( References )

[1] Mitra M, Samanta, R K. Cardiac Arrhythmia Classification Using Neu-
ral Networks with Selected Features [J]. Procedia Technology, 2013:
76-84

[2] Moody G B, Mark R G. The impact of the MIT-BIH Arrhythmia
Database [J]. IEEE Engineering in Medicine & Biology Magazine,
2002, 20(3): 45-50

[3] Pincus S M. Assessing serial irregularity and its implications for health
[J]. Annals of the New York Academy of Sciences, 2001, 954(1): 245

[4] Lake D E, Richman J S, Griffin M P, et al. Sample entropy analysis of
neonatal heart rate variability [J]. Am J Physiol Regul Integr Comp
Physiol, 2002, 283(3): R789

[5] Costa M, Healey J A. Multiscale entropy analysis of complex heart rate
dynamics: discrimination of age and heart failure effects[C]//Comput-
ers in Cardiology. Thessaloniki-Chalkidiki, Greece: IEEE, 2003:
705-708

[6] Pincus S M. Approximate entropy as a measure of system complexity
[J]. Proceedings of the National Academy of Sciences of the United
States of America, 1991, 88(6): 2297

[7] Richman J S, Moorman J R. Physiological time-series analysis using
approximate entropy and sample entropy [J]. American Journal of
Physiology Heart & Circulatory Physiology, 2000, 278(3): 2039-2049

[8] Pan Y H, Lin W Y, Wang Y H, et al. Computing Multiscale Entropy
with Orthogonal Range Search[J]. Journal of Marine Science & Tech-
nology, 2011, 19(1): 107-113

[9] PanY H, Wang Y H, Liang S F, et al. Fast computation of sample en-
tropy and approximate entropy in biomedicine[J]. Computer Methods

& Programs in Biomedicine, 2011, 104(3): 382-396



- 3458 -+ PRAEMESSHE  biomed. cnjournals.com Progress in Modern Biomedicine VoL18 NO.18 SEP.2018

[10] Manis G. Fast computation of approximate entropy [J]. Computer
Methods & Programs in Biomedicine, 2008, 91(1): 48

[11] Costa M, Goldberger A L, Peng C K. Multiscale entropy analysis of
complex physiologic time series[J]. Physical Review Letters, 2002, 89
(6): 0681021-0681024

[12] Costa M, Goldberger A L, Peng C K. Multiscale entropy analysis of
biological signals [J]. Physical review E: Statistical, Nonlinear, and
Soft Matter Physics, 2005, 71(2): 021906

[13] 2, THELTEZATZRAEKGCEASHITEEDE
3 142538, 2008, 27(3): 331-334
Wang Jun, Ning Xin-bao, Ma Qian-Li. Multiscale Entropy Based on
Electrocardiogram Analysis [J]. Chinese Journal of Biomedical Engi-
neering, 2008, 27(3): 331-334

[14] 24, 5F 2 AT 5 REHG LB ST BRI &R Ipd X5
FIR(A KA FHR), 2008, 28(3): 70-72
Wang Jun, Ma Qian-Li. The Study of the Electrocardiogram's ST Seg-
ment Based on Multiscale Entropy [J]. Journal of Nanjing University
of Posts and Telecommunications (Natural Science), 2008, 28 (3):
70-72

[15] Breiman L. Random Forests[J]. Machine Learning, 2001, 45(1): 5-32

[16] & £. MOS A4kt & 25 %7 09 B # ATy % AT 50 [D]oe R iE b
RiE LAk K2, 2017
Chen Yin-sheng. Research on Self-validating Methods for Metal Ox-
ide Semiconductor Gas Sensor Arrays [J]. Harbin: Harbin Institute of
Technology, 2017

[17] Wang C C, Chang C D, Jiang B C. Pattern Recognition of Multiscale
Entropy Curve for ECG Signal Analysis [J]. Applied Mechanics &
Materials, 2011, 195-196: 603-607

[18] Al-Nashash H. Cardiac arrhythmia classification using neural netw-

orks [J]. Technology & Health Care Official Journal of the European

Society for Engineering & Medicine, 2000, 8(6): 363

[19] Knvps R, Dhuli R. Classification of ECG heartbeats using nonlinear
decomposition methods and support vector machine[J]. Computers in
Biology & Medicine, 2017, 87: 271

[20] Zhang Y, Wei S, Zhang L, et al. Comparing the Performance of Ran-
dom Forest, SVM and Their Variants for ECG Quality Assessment
Combined with Nonlinear Features[J]. Journal of Medical & Biologi-
cal Engineering: 1-12

[21] Alickovic E, Subasi A. Medical Decision Support System for Diag-
nosis of Heart Arrhythmia using DWT and Random Forests Classifier
[J]. Journal of Medical Systems, 2016, 40(4): 108

[22] b A B F 4,30 55,5 24 h 2 & 8 B AR S %S A KR 80 16
SRS [T].BUAR 4 B S &, 2016, 16(29): 5736-5738
Xie Fu-sheng, Xia Zhong-hua, Liu Qiong. Clinical Value of 24h Dy-
namic Electrocardiogram on Monitoring Coronary Heart Disease with
Arrhythmia [J]. Progress in Modern Biomedicine, 2016, 16 (29):
5736-5738

[23] W4, Bk, B85 SR EA S FHC @ BLE A CmEL
SR FHARLE I AR AEYEFHE, 2017, 17(14):
2663-2665
Xiao Shan-shan, Tang Bing, Li Yi. Comparison of Efficiency of Dy-
namic Electrocardiogram and Routine Electrocardiogram in the Diag-
nosis of Arrhythmia in Patients with Coronary Heart Disease [J].
Progress in Modern Biomedicine, 2017, 17(14): 2663-2665

[24] Acir N. A support vector machine classifier algorithm based on a per-
turbation method and its application to ECG beat recognition systems
[J]. Expert Systems with Applications, 2006, 31(1): 150-158

[25] Asl B M, Setarehdan S K, Mohebbi M. Support vector machine-based
arrhythmia classification using reduced features of heart rate variability

signal[J]. Artificial Intelligence in Medicine, 2008, 44(1): 51-64

(_E#ESE 3452 T )

[24] Yuan Q, Wu J, Qin C, et al. Spin-coating synthesis and characteriza-
tion of Zn-doped hydroxyapatite / polylactic acid composite coatings
[J]. Surface & Coatings Technology, 2016, 307: 461-469

[25] Nagata F, Miyajima T, Kato K. Preparation of phylloquinone-loaded
poly(lactic acid)/hydroxyapatite core- shell particles and their drug re-
lease behavior [J]. Advanced Powder Technology, 2016, 27 (3):
903-907

[26] Rogina A, Pribolsan L, Hangek A, et al. Macroporous poly (lactic
acid) construct supporting the osteoinductive porous chitosan-based
hydrogel for bone tissue engineering[J]. Polymer, 2016, 98: 172-181

[27] He S, Lin K F, Sun Z, et al. Effects of Nano-hydroxyapatite/Poly
(DL-lactic-co-glycolic acid) Microsphere- Based Composite Scaffolds

on Repair of Bone Defects: Evaluating the Role of Nano-hydroxyap-
atite Content[J]. Artificial Organs, 2016, 40(7): E128-E135

[28] Liu Y, Jiang D. Effect of bone-like hydroxyapatite/poly amino acid
loaded with rifapentine microspheres on bone and joint tuberculosis
in vitro[J]. Cell Biology International, 2017, 41(4): 369

[29] Ginjupalli K, Averineni R K, Shavi G V, et al. Biodegradable com-
posite scaffolds of poly (lactic-co-glycolic acid) 85:15 and nano-hy-
droxyapatite with acidic microclimate controlling additive [J]. Poly-
mer Composites, 2017, 38(6): 1175-1182

[30] Liu C, Wong H, Yeung K, et al. Novel Electrospun Polylactic Acid
Nanocomposite Fiber Mats with Hybrid Graphene Oxide and
Nanohydroxyapatite Reinforcements Having Enhanced Biocompati-

bility[J]. Polymers, 2016, 8(8): 287



