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Abstract

Objective: The heartbeat classification of the electrocardiogram is important in cardiac disease diagnosis. For detecting QRS
complex, conventional detection algorithm have been designed to detect P, QRS, T wave, first. However, the detection of the P and T
wave is difficult because their amplitudes are relatively low, and occasionally they are included in noise. Furthermore the
conventional multiclass classification method may have skewed results to the majority class, because of unbalanced data distribution.
Methods: The Hermite model of the higher order statistics is good characterization methods for recognizing morphological QRS
complex. We applied three morphological feature extraction methods for detecting QRS complex: higher-order statistics, Hermite
basis functions and Hermite model of the higher order statistics. Hierarchical scheme tackle the unbalanced data distribution problem.
We also employed a hierarchical classification method using support vector machines. Results: We compared classification methods
with feature extraction methods. As a result, our mean values of sensitivity for hierarchical classification method (75.47%, 76.16%
and 81.21%) give better performance than the conventional multiclass classification method (46.16%). In addition, the Hermite model
of the higher order statistics gave the best results compared to the higher order statistics and the Hermite basis functions in the
hierarchical classification method. Conclusion: This research suggests that the Hermite model of the higher order statistics is feasible
for heartbeat feature extraction. The hierarchical classification is also feasible for heartbeat classification tasks that have the
unbalanced data distribution.  {Journal of Korean Sociely of Medical Informatics 15—1, 117—-131, 2009)
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Figure 1. The procedure for classification of heartbeat class from electrocardiogram

Table 1. Merging the MIT-BIH heartbeat types to the AAMI heartbeat classes

AAMI heartbeat class MIT-BIT heartbeat types
normal beat (NOR)

left bundle branch block beat (LBBB)
right bundle branch block beat (RBBB)

atrial escape beat (AE)

Description

N Any heartbeat not in the S, V, F or Q classes

nodal (junctional) escape beat (NE)

atrial premature beat (AP)
) ) aberrated atrial premature beat (aAP)
S Supraventricular ectopic beat o
nodal (junctional) premature beat (NP)

supraventricular premature beat (SP)

] ) premature ventricular contraction (PVC)
\ Ventricular ectopic beat )
ventricular escape beat (VE)

F Fusion beat fusion of ventricular and normal beat (fVN)
paced beat (P)
Q Unknown Beat fusion of paced and normal beat (fPN)

unclassifiable beat (U)
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Table 2. Organized Dataset 1(DS1) and Dataset 2(DS2) from

MIT-BIH dataset
N S V F Total
DS1 45,868 943 4,259 415 51,013
(Ratio, %)  (89.08) (1.83) (8.24) (0.81) (100)
DS2 44,259 1,837 3,221 388 49,705
(Ratio, %)  (89.03) (3.71) (6.48) (0.78) (100)
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Figure 2. (a) The N class waveform of ECG beat and its cumulant representations of the (b) second, (c) third, and (d) fourth order

o
&
b <
- S
o
~
°
©
o
°
- s
s
©
= o
<
T T T T T T
5 0 5 0 5
(a) (b)
°
&
o
o
5
©
2
~
° °
S
s g ]
s
o 3
_ 84
< o
o
= 8
<1 1
El
o 2
S ?
e
@ L
< T T T T T T
5 0 5 5 0 5
(© (d
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Figure 7. Hierarchical classification is that the ECG beat classes were combined into two classes based on the morphological
similarity at first phase. The second phase classifies individual classes
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Table 3. Class ratio of DS1 and sampled DS1

N s v F Total

DS1 45868 943 4259 415 51493
(Ratio, %)  (89.08)  (1.83)  (824)  (0.81)  (100)
Sampled DS1 9172 194 854 86 10306
(Ratio, %)  (89.00)  (1.88)  (829)  (0.83)  (100)
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Figure 8. Division of validation set (DS1) into training and testing set for classifier evaluation using 11 fold cross validation. Final
performance evaluation is performed to test testing set (DS2).
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1. Conventional multiclass classification

of sl me ARG 3 AUE o8 wet

35 25l x]A o] HEXE ks =) ol H - ~
gotel st MAS wEAS P A O1F = ha sjug ojg Mz el Wwa
A k2 7719 71E FEA 3k0.5 S talske 13 e 2= = T NO
A1) ﬁy/} E A oﬂ w}ﬁ o7 e N& A3 7{
747 BEuple] el ko Aledle] DS2Z ) v e e T ToeEm e el
T e e s AT = 0 ol wag Aund 23 4L A nyw, U
2EE # "k w3 AFH sV BRe AE D o e
sl H=22 Y] 3l o] = AR =g A H = Ve H]}l\j?%] 7% EO] }1\160 ﬂEE—E} }_U L]-t /KO—O‘
4 SVM w5 ]J-‘—o]’7 HO}OE] =3 UH————I——E- ] o Eej\q_ E’JZ:}E NT-S- =g % u:HoﬂJ\_:‘ T 50,
15103 o 3= 7F =g 0] TO)7Ze orAldl=w
f"f““ﬂq’ e T;L e, FRATE o) 4ne welm, W v grRe Aol
I;E "'gﬂﬂﬁj—;——]}— ZEO] H]ﬂ 6]—/37\‘:]_ ) U]—O Ay alFzEAd] = 1—_,] 1o
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Table 4. Result of DS1 using conventional multiclass classification by linear and RBF kernel
Kernel Linear Radial
Parameter HOS' HBF ' HMHT HOS HBF HMH
N Sensitivity 99.11 91.39 98.58 98.82 87.70 98.07
S Sensitivity 0.00 1.70 0.00 0.00 0.85 0.00
V' Sensitivity 58.07 27.70 59.23 65.25 70.02 64.22
F Sensitivity 0.24 0.24 0.24 1.44 0.96 1.45
Accuracy 93.43 84.26 93.04 93.7 84.08 92.96
Mean of Sensitivity 39.36 30.26 39.51 41.38 39.88 40.94
+P of S 0.00 0.99 0.00 0.00 0.4 0.00
+P of V 65.54 34.90 62.72 78.20 39.88 78.78

" HOS: TLA}FEA

T HBF: Hermite basis function

t HMH: 2 EA19) Hermite =9
PP P SE
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Table 5. Result of testing DS2 using conventional multiclass

classification

Parameter Result
N Sensitivity 99.65
S Sensitivity 0.00
V' Sensitivity 84.48
F Sensitivity 0.52
Accuracy 94.21
Mean of Sensitivity value 46.16
+P'ofS 0.00
+Pofv 72.37
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2. Hierarchical classification

(1) ROC curve analysis

=
5%

FZ S ASH SVMEFZ 2359

|| THAlol A= RBF 7 dell Al HOSH o]
$ £2 452 YERNA AL Figure 9+ o|ufj o] 2y}
£ ROC 2= YeENSITE Figure 99 ROC 274l
2 sampled DS1(10,3067)1 4] 12 &5 AA LS o]
3] 0~1714] LEAE WA 7]HA U2 Sol%
o M7 e] HEE o]§ste] ROC FAS =AI8H]
th ACU%LZ 0.9090] a1, Z}2te] shabstol| afdal= A
HAES WHE 90% A% (Sen 90), 5] =(specificity)

o
N

ROC Curve

=
@

Sensitivity

=
w

e
N
T

=
=

‘SVM RBF With HOS f

eatures: AUC 0909 |

0 01 0 2 0. 3 04 0.

1
5 0.6 0.7 0.8 0.9 1

1-Specificity

Figure 9. ROC curve of the best classifier. The arrows indicate sensitivity 90% point (Sen_90), specificity 90% point (Spe_90),
and minimum distance point (Msp) between ROC curve and (1,0) point
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Table 6. Sensitivity, specificity, accuracy and threshold of each

arrow points in NS vs. VF ROC curve

Parameter Sen_90° MspT Spe_90*
Sensitivity 90 84 74
Specificity 78 86 90
Accuracy 79 86 88
Threshold 0.955 0.925 0.835

" Sen 90: WIZFE 90% A
T Msp: RI2E 100%S} Eo)=
* Spe_90: Eo]® 90% ]u

100% =13

Table 6914 A E=E Fdi2~ VFE el

T YA NSE HER Zlo]ar, wighEe) So

9]

Wstol ke Ze)2 Nssk VEZF WEE 9eg A
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Table 7. AUC value and kernel by feature extraction method

Phase Class Parameter HOS HBF HMH *
o AUC 0.909 0.893 0.899
1step NS vs. VF ) ) )
Kernel Radial Radial Radial
AUC 0.897°
N vs. S ) ) )
o Kernel Linear Linear Linear
2"step
AUC 0.770 0.656 0.815
Vvs. F ) ) )
Kernel Linear Linear Linear

" HOS: TLAFEA

T HBF: Hermite basis function

T HVWH: ZAFEA S Hermite 2

! RR 714 EAAWNS o]g3 A}

Table 75 HW 3 WA TA9] 45
2 AUC #& 7FAaL Qlat, 7 WA g A]

HOS”} 7V =

Sk

HRrE B EHRIX| H152 M1
J Kor Soc Med Informatics 2009;15(1):117-131

Vel F EFol 4 HMHZ} 7H8 & AUC & Zkal
ATt

(2) Feature extraction method

Table 8. Classification performance of hierarchical
classification and multiclass classification on DS2

Parameter DS2_multi DS2_HOS'T DS2 HBFT DS2_HMH®
N Sensitivity 99.65 81.23 86.25 82.98
S Sensitivity 0.00 57.65 82.63 75.23
V Sensitivity 84.48 83.11 80.88 84.17
F Sensitivity 0.52 79.90 54.90 8247
Accuracy 94.21 80.47 85.56 82.80
Mean of Sensitivity = 46.16 75.47 76.16 81.21
+!of S 0.00 21.50 24.78 24.12
+P! of V 72.37 46.11 89.09 84.69

" multi: AP e~

T Hos: ZAEA

f HBF: Hermite basis function

Y HMH: ZXFEAS] Hermite =2
L P S
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v
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Table 9. Result of decision matrix on DS2 of Hermite model of
higher order statistics

Actual class
N S v F

n 36,728 221 42 16
Predicted Class s 4,079 1,382 249 18
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