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Random Forest based Abnormal ECG Dichotomization
using Linear and Nonlinear Feature Extraction
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Abstract: This paper presented a method for random forest based the arrhythmia classification using both heart rate
(HR) and heart rate variability (HRV) features. We analyzed the MIT-BIH arrhythmia database which contains half-
hour ECG recorded from 48 subjects. This study included not only the linear features but also non-linear features
for the improvement of classification performance. We classified abnormal ECG using mean_NN (mean of heart rate),
SD1/SD2 (geometrical feature of poincare HRV plot), SE (spectral entropy), pNN100 (percentage of a heart rate
longer than 100 ms) affecting accurate classification among combined of linear and nonlinear features. We compared
our proposed method with Neural Networks to evaluate the accuracy of the algorithm. When we used the features
extracted from the HRV as an input variable for classifier; random forest used only the most contributed variable for
classification unlike the neural networks. The characteristics of random forest enable the dimensionality reduction
of the input variables, increase a efficiency of classifier and can be obtained faster, 11.1% higher accuracy than the

neural networks.

Key words: Electrocardiogram (ECG), Linear feature, Nonlinear feature, Spectral Entropy, Dichotomization
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Fig. 1. Flow diagram of Random forest.
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Table 1. Beat annotation of MIT-BIH arrhythmia database.

Code Description

B Bundle branch block beat (unspecified)

A Atrial premature beat

a Aberrated atrial premature beat

dJ Nodal (junctional) premature beat

S Supraventricular premature or ectopic beat

\% Premature ventricular contraction

R R-on-T premature ventricular contraction

F Fusion of ventricular and normal beat

e Atrial escape beat

J Nodal (junctional) escape beat

N Supraventricular escape beat (atrial or nodal)

E Ventricular escape beat

? Beat not classified during learning

! Ventricular flutter wave

X Non-conducted P-wave (blocked APC)
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Fig. 2. Annotation of MIT-BIH arrhythmia database (*: Normal, V: Premature ventricular contraction).
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Table 2. The average classification accuracy by the number
of tree.

nug{l.s:;' of Sensitivity(%) Specificity(%) Accuracy(%)
10 94.6 84.7 90.8
20 94.6 86.6 91.6
30 94.9 87.1 91.9
40 94.6 87.6 92.0
50 94.6 88.1 92.1
100 94.5 88.8 92.3
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Table 3. The average accuracy by the number of features
used for classification.

E 4,915 2050 12 99 542 83 B L5 A=,
Table 4. The average classification accuracy using four
features in accordance with variable importance.

number of features Accuracy (%)

Neural Network  Random Forest

Neural Random Neural Random

Network Forest Network Forest

1 1 62.0 62.0
2 2 80.5 86.1
3 3 82.1 88.5
4 3 82.1 88.6
5 3 80.9 89.4
6 3 83.7 90.9
7 4 83.8 91.7
8 4 83.9 92.2
9 4 84.4 92.3

a) b)
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pNN100 ° SD SD e
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Fig. 4. Random forest variable importance.

9 4= ARG AES A4 EE AAsk=d A9
s AHEE EYES Belal] $18) RS olgelol W
G FAE PR 29T Aol 1Y 42 X5 7
7o) Wgs QelusE EREE A5 tet 2R Aug
o] Ft Al 22HMean Square Error)E YehH o]= &
7 Aol vAe G oJulgth. 19 40b)o) XEL 7}
Zho] WAg tAlste] FAH9] ghe YeusE SIS )

fr de J
o2 n

At Sl BER glo] 248 Hi Av] n)x
o] 2 AL olujatt. 1Y 45 B9 BF Aol o

= $83%F EAE0] mean_NN, SD1/SD2, SE,
PNN100 £0.2 Selge & 4 qloith. & 4= FREo

Accuracy (%) 83.0 92.2
T 92.2% 2 QIS T £R P HIE BTFL )
w3k AT fol B 0.01 v AnelFo] UE R
ek olulg dolt 9 Salsict
V.1 &

B R AHE AEE o] gste] HAuWe Hgst
7] $13) Aol et A ZAES ol g WS
AAsHITE Aatpro|m e e A Wyor 53 5
Aol AAL glol vHFH B Foksl] BHE
2 ST o]2 olgdtel Ry BE Yowg Py
S STk RS o8 AU BR Aol vlwelS
W TS AETYAE PSSR o fofuld
Aol o Bl Lhgha, Bolmi 414w wo] gojnjet
Aol A BRIF T ol HAuo] v &b Lt
o] ofUjet A hebdet AlRbAI7] el SAu 7o)

dlolg] 4Rk A4 Fxke] dolg A%t WA wol vl
o227} 4717] whizolet. oleit HlolE] E#H| £AIS o)
A7) S AP AEY A 55 Thx Do
F52) %+ weighted AL 2= g8 58 27

N

< W5% balanced HHEYAEE o] gsh= WS 48
skl AShEs} o ol Aom AZbEh 2 2ol
N4 ol87 HAu BE v ur 5 oS o
= 7 Ad AL HEEZYAETL 7HR = AR dEolzt
AP AAWE o83 Rl HRol 4e nE =4
& A7) whEe] RAue BRsly 2w S
A Eea glc. v AYEA A2 AL 24 e}
W18 o BE RS Blelo] Aldels Aol ofet 5
A hE TR Heste] BTN A Ee Ase)
27 EgY] AHAE S0 27719 A= E ¥
ASHE 23S TSl ol Ws FAES BrhoRA
Ea3 E40 QIFF A=t AstE e AL i agA
QRIS WS 4 S Row At 457 A
st&45E(learning rate), ZHWIE (momentum), H¥HE 3l
(iteration), 24 Z=(hidden node)9] 74 5 L8 sfoF &

2glo] wot H#o] Mg FH= o] of2g] RIS %

1
F7] 2712 3= Alo| olele uh, APEH 2EC

o Jd=

-

A9 Eelo] ASuhe w2 AvtozE 4rgoz U
o e 9 4 Ut

65



66

SR - A A U - A

=
7] fl8to] UL == ohEA HAE 24 S F
ARESEGITE 1 AT Y AN ARSES wjEo Aste
FHENES & 7 AR, FHFHEEA] (detrended
fluctuation analysis)o]t} H| o 2]o}Zw= x]<4=(largest
lyapunov exponent) 5 A% EASS 71 A7k dlo]
B} RTEEE Fe AL ToolH By BHE
sh7]oll= gHAIR ol STt B2 AlAIE L
o] o] HAY AL Foto] FAW ERT 4 e

o that 2Ap Bag Ao= AyzhEch

ftjo

Ol
o o

.

>,
2,
i
fu
4z
i)
jabad
JE
&
E
o
o Hi
e
ot
o
2
s
ottt
o

offt

ol

2

£

r{r _llm
o,

i

LT

A

by
[
m

(.

z
g U
o M
N

~

]

e

_C|>_‘
2
i)

o

T Hr ol

;5 >

flo
=)
e
°

oL,
o
i
o
i3
&
£
o,
|
&
[>

X
op
9‘11‘
pae
fllo
2 |m

T
il

1o 1o
0]
a
X
o Hr

i

o ;{D: 4

o 12

_Il:l

f

it

it

et
5y

30

32

lul

En

£ oox
<2 >
Ny
4z 1©
ox Ml
2 =
Lo
N
F\I i)
— o
> o
rJ
_‘; dr oo
Kl

T~
off
%
o>
o

>
E
1l
o
A
i
4
30,
o
pou)
lo
il
ox
_1\1
p
ko)
b
o
]
i o
>~ il

o
> o] BAHPH oL AR} (correlation dimension) 5
FH 28 EAHSES £AYW ERo Frheitd
W BRIl bsE Ao
of Ws FRE HIHE o)
7l

=
sl =
W Tes] SRS HRSE T ol e, 4
59| Yug wiE ustel ofyl 9o Fyo] 47l
kg

(e}
Ao gt A= AT 4= e AoZ A7t
References

[1] U.R. ACHARYA, K.P. JOSEPH, N. KANNATHAL, C.M.
LIM and J.S. SURI, “Heart rate variability: a review”, Med-
ical and Biological Engineering and Computing, vol. 44, no.
12, pp. 1031-1051, 2006.

[2] E.ZELLMER, F. SHANG and H. ZHANG, “Highly accurate
ECG beat classification based on continuous wavelet trans-
formation and multiple support vector machine classifiers”,
In Proceeding of the 2009 2th International Conference on
Biomedical Engineering and Informatics (BMEI 2009),
2009, pp. 1-5.

[3] M. ENGIN, “ECG beat classification using neuro-fuzzy net-
work”, Pattern Recognition Letters, vol. 25, no. 15, pp. 1715-
1722, 2004.

[4] Y.-C. YEH, W.-J. WANG and C.W. CHIOU, “Cardiac
arrhythmia diagnosis method using linear discriminant anal-
ysis on ECG signals”, Measurement, vol. 42, no. 5, pp. 778-
789, 2009.

[5] I. CHRISTOV, G. G MEZ-HERRERO, V. KRASTEVA, 1.
JEKOVA, A. GOTCHEYV and K. EGIAZARIAN, “Compar-
ative study of morphological and time-frequency ECG
descriptors for heartbeat classification”, Medical Engineer-
ing & Physics, vol. 28, no. 9, pp. 876-887, 2006.

[6] B. ANURADHA, K.S. KUMAR and V.V. REDDY, “Classi-
fication of cardiac signals using time domain methods”,
ARPN Journal of Engineering and Applied Sciences, vol. 3,
no. 3, pp. 7-12, 2008.

[7]1 R. ACHARYA, A. KUMAR, P. BHAT, C. LIM, S. LYEN-
GAR, N. KANNATHAL and S. KRISHNAN, “Classifica-
tion of cardiac abnormalities using heart rate signals”,
Medical and Biological Engineering and Computing, vol.
42, no. 3, pp. 288-293, 2004.

[8] M. OWIS, A.H. ABOU-ZIED, A.-B.M. YOUSSEF and Y.M.
KADAH, “Study of features based on nonlinear dynamical
modeling in ECG arrhythmia detection and classification”,
1IEEE Transactions on Biomedical Engineering, vol. 49, no.
7, pp. 733-736, 2002.

[9] E. YILMAZ, “An expert system based on Fisher score and
LS-SVM for cardiac arrhythmia diagnosis”, Computational
and Mathematical Methods in Medicine, vol. 2013, 2013.

[10] J.V. TU, “Advantages and disadvantages of using artificial
neural networks versus logistic regression for predicting
medical outcomes”, Journal of Clinical Epidemiology, vol.
49, no. 11, pp. 1225-1231, 1996.

[11] L. BREIMAN, “Random forests”, Machine Learning, vol.
45, no. 1, pp. 5-32, 2001.

[12] GB. MOODY and R.G. MARK, “The impact of the MIT-
BIH arrhythmia database”, IEEE Engineering in Medicine
and Biology Magazine, vol. 20, no. 3, pp. 45-50, 2001.

[13] J. PAN and W.J. TOMPKINS, “A real-time QRS detection
algorithm”, /IEEE Transactions on Biomedical Engineering,
no. 3, pp. 230-236, 1985.

[14] GC. CASOLO, P. STRODER, C. SIGNORINI, F. CAL-
ZOLARI, M. ZUCCHINI, E. BALLI, A. SULLA and S.
LAZZERINI, “Heart rate variability during the acute phase of
myocardial infarction”, Circulation, vol. 85, no. 6, pp. 2073-
2079, 1992.

[15] T.F.O.T.E.S.0. CARDIOLOGY, “Heart rate variability stan-
dards of measurement, physiological interpretation, and clin-
ical use”, European Heart Journal, vol. 17, pp. 354-381,
1996.

[16] J. MIETUS, C. PENG, I. HENRY, R. GOLDSMITH and A.
GOLDBERGER, “The pNNx files: re-examining a widely
used heart rate variability measure”, Heart, vol. 88, no. 4, pp.
378-380, 2002.

[17] R. ACHARYA, S.M. KRISHNAN, J.A. SPAAN and J.S.
SURLI, Advances in cardiac signal processing, Springer, 2007.

[18] C. KAMATH, “Quantification of electrocardiogram rhyth-
micity to detect life threatening cardiac arrhythmias using
spectral entropy”, Journal of Engineering Science and Tech-
nology, vol. 8, pp. 588-602, 2013.

[19] J. PISKORSKI and P. GUZIK, “Filtering poincare plots”,
Computational Methods in Science and Technology, vol. 11,
no. 1, pp. 39-48, 2005.

[20] M. BRENNAN, M. PALANISWAMI and P. KAMEN, “Do
existing measures of Poincare plot geometry reflect nonlin-
ear features of heart rate variability?”, IEEE Transactions on
Biomedical Engineering, vol. 48, no. 11, pp. 1342-1347,



Journal of Biomedical Engineering Research 37: 61-67 (2016)

2001.
[21] M.G. TSIPOURAS, D.I. FOTIADIS and D. SIDERIS, “An
arrhythmia classification system based on the RR-interval

signal”, Artificial Intelligence in Medicine, vol. 33, no. 3, pp.
237-250, 2005.

[22] M.G. TSIPOURAS and D.I. FOTIADIS, “Automatic arrhy-
thmia detection based on time and time—frequency analysis
of heart rate variability”, Computer Methods and Programs
in Biomedicine, vol. 74, no. 2, pp. 95-108, 2004.

67



