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Abstract

The more people use ambulatory electrocardiogram (ECG) for arrhythmia detection, the more researchers report the automatic classification
algorithms. Most of the previous studies don’t consider the un-balanced data distribution. Even in patients, there are much more normal beats
than abnormal beats among the data from 24 hours. To solve this problem, the hierarchical classification using 21 features was adopted for
arrhythmia abnormal beat detection. The features include R-R intervals and data to describe the morphology of the wave. To validate the
algorithm, 44 non-pacemaker recordings from physionet were used. The hierarchical classification model with 2 stages on domain
knowledge was constructed. Using our suggested method, we could improve the performance in abnormal beat classification from the
conventional multi-class classification method. In conclusion, the domain knowledge based hierarchical classification is useful to the ECG
beat classification with unbalanced data distribution.
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AAMI hecﬁbgat N s v r Q
class
: Any heartbeat not in S _ tricul Ventricul tooi
. ‘Description the upra=veniricuiar eniricuiar ectopic Fusion beat Unknown beat

S, V, For Q classes Ectopic beat

Beat

Atrial premature
Normal beat (NOR) beat (AP)
Left bundle branch
Block beat (LBBB)

Aberrated atrial
premature beat (aAP)

MIT-BIH Heartbeat
types

Right bundle branch
Block beat (RBBB)

Nodal(junctional)
premature beat (NP)

Atrial escape beat
(AE)

Supra—ventricular
premature beat (SP)

Nodal(junctional)
escape
Beat (NE)

Fusion of ventricular
and normal beat (fVN)

Premature ventricular
Paced beat (P
contraction (PVC) ()
Ventricular escape
Beat (VE)

Fusion of paced and
normal beat

Unclassified beat (V)
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Fig. 1. Re-sampling after determing the Fiducial Point. Ten ECG signal points are sampled at 60Hz in the first window. In the second window, another eight ECG

signal points are sampled at 20Hz.
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18l 2. Hierarchical classification A4 .
Fig. 2. Hierarchical classification scheme.
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Table 4, All of hierarchical classification scheme for the 4 classes
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Table 6. Performance of each classification scheme

Stage 1 Stage 2 Scheme No. Stage 1 AUC Stage 2 AUC
N vs. S Nvs S 0.9012
1 NS vs. VF Vs, F 1 NS vs. VF 0.9486 Vs, F 0.7658
N vs. V Nvs. V 0.9604
2 NV vs. SF S vs. F 2 NV vs. SF 0.7133 S v F 0.7869
N vs. F N vs. F 0.7330
3 NF vs. SV S Vs, 3 NF vs. SV 0.9459 S s V 0.8002
AET2A $REd 458 Yrlsige.
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Table 5. Confusion matrix
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S Sn Ss Sv Sf Sen §
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Table 7, Performance of each feature setin the N vs. S stage

Feature set AUC
Interval 0.901
Morphology 0.417

Interval & Morphology 0.804
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E 8, T&Hel 2o SYMEEH & & 88t random cross-validation 24zt
Table 8, Performance of conventional SVM learning by the random cross-validation

46332(41018)’

0(307)

N
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33(1603) 0(1310) 99.928(92.721}
31(26) 0(2) 71.357(18.484)
3798(2926) 9(12) 96.986(90.841)
18(105) 272(1) 71.767{(0.257)

85.009(50.575)
99.051(89.136)
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) 2oll £8, 97 2o] 2% mEY A8 AFE Hels}7]7} o) F

B 9, MEXQl uhHo| SYMsha# g X &3t constrained cross-validation 22}
learning by the constrained cross-validation

w
=

Table 9. Performance of conventional SVI

t}, o] 7 E-Fo| 7| Wl receiver operating characteristic(ROC)
7B EAd ojg ABolAF(AUC) g2 2345 A
ot Z o] A EFHe A AUCH #to] 7HE w8 £FEE S M4
on, 2345 4B A AR dAU NS/VFA AUCES o
0.959] 255 BA 3, T A DARJIN/S, V/FolA = 42091,
0.762] 235 Bt

919 AhoA HA " EFEDS ROCAE £4& 53l &
Hate 24 5 o2 FEe e 379 2A4EE £10
o] & FelatH el 1845 NS VF & 73h= 2 WA 2
A cross-validationg 33sle] =&H AAZE o] &3l 1
@ ROCHHo|t). T340 A 23} 7o 977} 90%3] A
el BE3T Sol=rl 90%% AR Y] £ g T8te] FE
o] ¥slo] me 32 Fesidict. 12 % Solert B
F100%2! XA - ROCFAZ 718 717k £ closest point
= %3131 closest point®] TEgE 283 Ao= A2l

Z}7}8] cross-validation 2 #4278 WL o} Ho| o] FFgk
= 78 71 & A9 E Hole FH#E o 83l DS2& A&
o ASTEA EREDY HAEZAE B9 FEAtt E
g 7129 d7uUlETe] g diChazal[1]159 IdTEHE

N 44276(40531)1 0(315) 2089(1842) 0(1550) 95.494(91.620)
S 666(1410) 0(400) 137(21) 0(3) 0.000(21.810)
Original label

\" 1290(237) 53(50) 2573(2918) 0(16) 65.704(90.593)
F 321(249) 1(1) 57(121) 0017) 0.000(4.381)

BB E(%) 40.299(52.101)

CIETHE(%) 91.034(88.292)

'DS1(DS2) : EY o] £Xk= DS1L O|§ Tt cross—validationZ 1}, ¥ 21} =X|= DS2E 0|87t HIAE A,
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Fig. 4. Receiver operating characteristic (ROC) curve of the NS and VF classification stage. The 3 black points are sensitivity 90%, specificity 90% and closest
point, respectively.

A A28tk Chazalse] A+Z2 7} HlwgS o N3V EE65.2%2 Fe ANE HY o dESAHEEL903% 2 5
N =7} 7421 91.6%, 93.7% 2 T & A0S By on SS9 Fo A3E 29
AT = 471 70.9%, 4.4%2 © & 2392 Bt g3 2 3% oo et F FYP 22 A9YslaN, S, vel 24

10, DS10l| AZP=™ EEod e M2s5t 5 DMola HAZ)
Table 10. Performance of hierarchical classification using DS1

Sensitivity 90%' Specificity 90%2 Closest Point
; Sen(%) Spec(%) Sen(%) Spec(%) Sen(%) Spec(%) Spec(%)
Stage 1 NS/VF 90.000 85.197 82.133 90.000 92.872 84.173 0.946
Stage 2 NS 90.000 85.302 65.984 90.000 90.206 84.765 0.905
Stage 2 V/F 90.000 50.114 29.076 90.000 79.070 66.273 0.756

'Sensitivity 90% : ROCHE0IAf BIZIT It 90% ©1 X|EQ| probability=S SEZIO R MW Mo DT S0|T
%Specificity 90% : ROC HEOM S0|STIt 90%21 XIXC| probability® SHZIOE AFWS MQ DIZTQ =o|T

H 11, DS2 £ 0|8TH A ZTFXX 2Rl 2T s 4}
Table 11, Performance of hierarchical classification using DS2

Predicted label

N S v F SIEE(%) J|IEAF(Chazal et al.)
N 40531 2836 583 288 91.620 87.056
S 206 1301 251 76 70.938 75.980
Original label
v 137 50 3018 16 93.698 80.308
F 249 1 121 17 4,381 89.433
BmDIZT(%) 65.159 83.194
AIZFHE(%) 90.310 86.239

LT 8% B Loto] F SHIE MO N, S, Ve EdA B XL AT TIEE ERIWE MQ AUCEIE TORAM B 1201 FEOIACL
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E 12, FHISE R|2/8t Sa20| A5 TrsE R Y Tiofy HEiZ}

Table 12, Performance of hierarchical classification with N, S, V

Sfage 1'

1 N vs SV
2 S vs NV
3 V vs NS

2 ST R AF F2A EHED S A AUCHS T8lH X
129 A=) 33t

Scheme 39 9] 237} 0.9572 7} A Vo 28R T
X 20.901 2 3] A7} 7P 3T FHA DAl A =(N,
VY7t 718 A A GAo A 0.786 0.2 A H oz e
232 By}

V. E 9

A. Validation ¥} £ v 7

HAEAQA ol SVMUSE72 23 F RCVe 27 E 1B
W cross-validation2 39} 6| ~E A#E 8] w3l-S wcross-vali-
dation®] HANHEE 489.0%AH ¥, Bl AES P&
HAULEE 450.6%2 @A o] & Yehgich uid, blo]
HE 25 ¥ 2 & 3} cross-validation S 431 31=CCV2
AHE BY dSHZEC] oF 91.0% Pz, HEUAEE <
40.3%=EX Hwd 22 75 Jehiin) sl 9t gl 2~ Ed )9
BEUHAEE 52.1%2 cross-validation 79} 8] w312 ) 23}
o] zfol7h 22 FRE AL & 5 ATk E3 RCVe) §AEA
Het v a e o HANLEI E B3SS 45 dAh

olzfg A7 E A kS v DS1 282 RCVE 433 27 3}
W87t E Ak A& ¢ 4 U0tk kA dolgl & glas
o Aaglo] B2 2 - ERCVE 2 AT A 9 2L blo]
oA s A3 gvte ARl S deFEr). 7)E& diAs
Hlo|B 9 S#& EX 0|23t validationol] o 3 B et Aol
F§ 5o A b= A %71 A validation?] W E d]o]E]
o whet ¥=A] 133 Folol & EAlTE AL ¢ 4 Yk =
g, 2 A7olA A-83 CCVE RCVET A &4 validation
olgte A& & 4 It

B. 99 A4 & L AF 72 £ 2y

B AT = NI SE E73ks gl 99 228 2 83)
of RRZHH S Avte] -5 rdd) 23 S4olabn dAghs}
At dH] A o2 7133 AAE Ao BH RR7VE EYH TS
283152 W] AUCZF 2F0.91902.2 71 =94t} 18l 5
A2 AAZ dBld o= AUCZF 3R SA(NS vs. VF)ol
A1 0.9486, FHA QAN vs. S), (V vs. F)ol| A& 242} 0.9012,
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