b

EERRE R 3 Hh R 2 Vol. 35 No.8
20184F 8 H Chinese Journal of Medical Physics August 2018

DOI:10.3969/.issn.1005-202X.2018.08.015

BT REX D LZHI R R BRI

RS I, X S, R, LR, BAR, FIE, % AT

BB B R S ER B, #1427 430000

EFRETARE EFNE

[#8 ZE] % LehSHERF 4T (PVC) Fe £ R I A5 5 [# (LBBB) £ fo 8 & 4 15 i Ao TG F B A & 208 s AR
i, A —FH T PVCH= LBBB A 042 69 28 k524 25, 38 i $L BT B A T S4FAE, R LI @ EHLX 5 PVC A= 3E
PVC, KA A 3B & 53 35 (W-MDC)H#-3E PVC £ % (N)F= LBBB, A MIT-BIH &4 & % $048 F 347 H ik 56
ik, 5F N, LBBB #» PVC = %% # B4R SE 5 5 % 96.28%,N .LBBB .PVC & £ ¢ 2 #E Ao F- 155 A 98.59%.97.15%,
81.41%.91.89%F= 89.22% .84.87% , B ik iZ 5L ik 49 ;2 Ak /1 B3 R Bl Jm A9 S 30 o A bk, Bsh, K XGRIEM $ F3%

2 8. 4253 LBBB & £ EAE 093 5

([RE2IR ]| T3 £ R LBEF R AR LS LHFQTIGRRADEB S LS

[ E4ZEE]TP391 [ xErizERL]A

Arrhythmia detection based on Cascade classifier
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Abstract: As common cardiac arrhythmias, premature ventricular contraction (PVC) and left bundle branch block (LBBB)

have great significance in the diagnosis and prognosis of cardiovascular diseases. For the automatic detection of PVC and

LBBB is proposed. By extracting the time-domain and morphological features, support vector machine (SVM) is utilized to
distinguish PVC and non-PVC. The labeled non-PVC is then divided into normal (N) and LBBB using weighted minimum
distance classifier (W- MDC). The proposed algorithm is evaluated using MIT- BIH arrhythmia database. The overall
accuracy of N, LBBB and PVC classification is 96.28%. The sensitivity and specificity are 98.59% and 97.15% for N class,
81.41% and 91.89% for LBBB, 89.22% and 84.87% for PVC, respectively, which inter-patient heartbeat classification and

the generalization ability of the proposed algorithm among different individuals. In addition, the synthesis of multi-

leads information is also proved to be able to improve the LBBB detection performance.

Keywords: premature ventricular contraction; left bundle branch block; Cascade classifier; support vector machine;

weighted minimum distance classifier
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Tab.1 Composition of heartbeats in training dataset and testing dataset

Dataset N LBBB PVC Total

DS1 43329 3946 3680 50 955
DS2 42 308 4120 3218 49 646
Total 85 637 8 066 6898 100 601

N: Normal; LBBB: Left bundle branch block; PVC: Premature ventricular
contraction; Training dataset DS1 consisted of data from record 101, 106,
108, 109, 112, 114, 115, 116, 118, 119, 122, 124, 201, 203, 205, 207, 208,
209, 215, 220, 223 and 230. Testing dataset DS2 consisted of data from
record 100, 103, 105, 111, 113, 117, 121, 123, 200, 202, 210, 212, 213, 214,
219, 221, 222, 228, 231, 232, 233 and 234. The 4 paced records (102, 104,
107 and 217) were not included. Besides, considering the feature extraction

of heartbeat, the first two and last heartbeats of each record were excluded.
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Fig.1 Block diagram of Cascade classifier

ECG: Electrocardiogram; SVM: Support vector machine; NPVC: Non-

premature ventricular contraction; W-MDC: Weighted minimum distance

classifier
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Tab.2 Composition of feature sets
Feature set Feature group Size

R_Amp, Pre RR, Cur_RR, Next RR,
Feature set 1 . o 6
QRS _Width, ST Divation

QRS_Width, QRS_Area, Cur_RR,
Feature set 2 ) 403
Norm_Signal (Lead A + Lead B)
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Tab.3 Confusion Matrix of PVC detection based on SVM

Algorithm label
Reference label
NPVC PVC
NPVC 46 098 330
PVC 487 2731

B9 SVM ARic i NPVC RUREAS fig A B e/ MIE S
g P T U G, 2 —25 X 4 LBBB AN,
Z eI PR _E QRS I 7 /& LBBB 2 Wi (1) B 45 b5 ,
[ E QRS I T EAEAH XA/ )N, PR L 221 K QRS i 98
AOHRFAE AL E . B 38 38 i) Norm_Signal £#1iE , 15 2]
403 4k ¥F AE 1) &, 4 QRS _Width £ & & 200,
QRS Area £ & 0.5, H A fF4FE AL E 1, R H
Manhattan fF 2§ - 45 5 20 (10) B #4815 258 4 R
I3 4E DS2 N LBBB 1 PVC =/ 251 IR 1 JE
R o SRER AR = A R MERR R | R U MR S
TS5, fEEAMERE DS2 |, MK 2R IE RN
96.28% o W IE 0411, 43 JE 1Y Ace. Se. Sp 435l Ky
98.81% . 98.58% .97.16% ; %} T LBBB, 432 1) Acc.

Se . Sp 431°h 75.95% .81.41% .91.89%; Xf T PVC, 4>
211 Ace . Se . Sp 4391l 4 76.90% . 89.05% .84.93%,

x4 ETREDEFN =0 KHRBIENSE

Tab.4 Confusion Matrix based on Cascade classifier

Algorithm label
Reference label
N LBBB PVC
N 41 712 268 328
LBBB 764 3354 2
PVC 459 28 2731

=5 BETRIKD LB/ =0 LM REREIR(%)

Tab.5 Performance evaluation of Cascade classifier (%)

Reference label Accuracy Sensitivity Specificity
N 95.82 98.59 97.15
LBBB 75.95 81.41 91.89
PVC 76.97 89.22 84.87
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Tab.6 Classification results of Cascade classifier under different criteria

Reference label N LBBB PVC
Euclidean distance N 39311 2 664 328
LBBB 383 3735 2
PVC 323 164 2731
Manhattan distance N 38 724 3256 328
LBBB 74 4044 2
PVC 346 143 2731

Euclidean distance+
correlation coefficient p N 41489 w1 328
LBBB 736 3383 2
PVC 460 27 2731

Manhattan distance+
correlation coefficient p N i 208 —
LBBB 764 3354 2
PVC 459 28 2731

R7 MENEEE 2[R (W-MDCO)MEZ A H BB KR
(MDC) 5> HEER L
Tab.7 Performance comparison between W-MDC and MDC

Reference label N LBBB PVC
MDC N 36 907 5062 328
LBBB 231 3 887 2

PVC 345 142 2731

W-MDC N 38724 3259 328
LBBB 74 4 044 2

PVC 346 143 2731

=8 TRISH TR ALR
Tab.8 Classification results of Cascade classifier under

different lead configurations

Reference label N LBBB PVC
Lead A N 41 764 216 328
LBBB 3856 262 2
PVC 429 251 2731
Lead B N 31333 10 647 328
LBBB 226 3892 2
PVC 378 109 2731
Lead A+B N 41712 268 328
LBBB 764 3354 2
PVC 459 28 2731

S 122 R VR R4S , T PVC F1LBBB
SREIEMR AR AR, &G T BA % E3
g N )22 50 SHEA 39 AP DT o 2 AR B 25 51 . 5K
Br b, TR A 25 5 L S Ay SR A TR] , AR
DRI AT HAE . STk 10 MXEA T 0251
AR A 2 S R e, S RESE R I L2204
ERPRIEPERE . 3K 6 T Manhattan i 2402,
LBBB 1t Se 1551 98.16%, =3 T-3CHR[ 10 ], SCHR[ 15149
Dy AT THER I SEBn45 0 02 e R
DR T BRI AL OFALAS 1504 FEAZE D, R
KR T /2SS I ALRE A FEiE— 2 0HIE ., 2 10
FeAE T SCik[ 12 JFIAR SO T LBBB 4328508, Horr,
SCERL 12 JH NSO, TASCH N Bk LBBB
FIPVCAHMAPTA O, SRR  ASCEE A A
I SCHR[ 12 J7E LBBB A skl - BA W&

F9 AEMEELLE(%)

Tab.9 Classification performance comparison (%)

N LBBB PVC
Method
Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity
Mishra!"’ 93.15 - 82.37 - 91.07 -
Dokur"" 100.00 96.70 94.60 91.00 91.30 93.50
Huang"? 81.50 98.00 91.40 37.30 - -
Our work 98.59 97.15 81.41 91.89 89.22 84.87

34 it
AR H — PRI o e T DR R O A 3l
A 1oL AR I M S R AL, ST SVM S EL

-l

PVC #14E PVC 9325, FiR ] W-MDC #f — 44k
PVC 7 A NHILBBB. % &2k A ] i) 22 57 M K
TR 22 S50 A SCHAE I R g Al i 4R T
K FAFEAS R A0 BREAS 2032 330 R 5 L R]Cy
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Tab.10 LBBB detection results

Method N LBBB
Huang'"” N 29979 6 465
LBBB 355 3770
Our work N 41712 268
LBBB 764 3354
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