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Abstract

Electrocardiogram (ECG) has been widely used in the diagnosis of arrhythmia such as sinus ta-
chycardia, ventricular premature beats and atrial fibrillation, and has shown great clinical appli-
cation value in the diagnosis and analysis of heart diseases. In order to improve the classification
performance of ECG computer-aided diagnosis, an ECG signal classification algorithm based on
LightGBM was proposed. The algorithm extracts single heart beat features, heart rhythm volatility
features and full waveform features from ECGs to establish a mixed feature set, and uses LightGBM
to classify four categories: normal heart beat, atrial fibrillation, other arrhythmia, and noise. Finally,
the performance parameter F1 _ of the algorithm reached 0.824 on PhysioNet/CinC Challenge
dataset, which was better than CART and CatBoost. At the same time, in order to accelerate the
speed of ECG feature extraction, this paper screens the key features according to the importance of
features to reduce the number of features required for classification, and the feature extraction
time is reduced to 17.8% while maintaining the performance of classification.

Keywords

Electrocardiogram, Machine Learning, Signal Processing, LightGBM

ETLightGBMBYILEBIES 536 H %

‘FER, K, FHa, &AET
VPSR AR T, WL T

U L RMBR 2 TS AR, WL B
Email: "2762435642@qqg.com

Wehs HEA: 20204F6 H4aH; FHHEM: 20200F6H26H; KA HI: 2020467H3H

CESEE .

XEBIH: vtk Fik, &, ARTHE. JET LightGBM FL S 520285 0). BIG 515 5403, 2020, 9(3): 165-171.
DOI: 10.12677/jisp.2020.93020


http://www.hanspub.org/journal/jisp
https://doi.org/10.12677/jisp.2020.93020
https://doi.org/10.12677/jisp.2020.93020
http://www.hanspub.org

It &%

R

> B3 (Electrocardiogram, ECG)#) & M A T EHOFTE .. EHRFEALETHFLERELEH,
BEMAE O BESR S Wt 5 T R E R RN AHE. ARFHENHEB S OB B RRR, &
SCiR H— M T Light GBME) O A5 5 70 K E Bk . ZBE M O B P IREUR ORMFHE | OB SNPERRE DL
RAEWTBRER IR ERHMESR, FRALightGBMEIIER 0. L EBE). HaORAF. BENARK
BEIARE. BRAZEERERTER F1,_ #EPhysioNet/CinC Challenge$(#E4 1i%%)0.824, {8 T CART
FCatBoost3iE. [FIR AT MNPl B EREREU AR EE, A SCHRIERAIE EZ M R B E R D 4 2K
TR IFHES R, FEARKESIIEME R 1Y R I ke R SR B IR e 9 JR SR 9 17.8%

XA
‘EJ‘EEAE’ m%g#;l’ %%&tﬁ; nghtGBM

Copyright © 2020 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

O FEL P O T Rk b B FEAR T S8 T A0 B PR A S Sl I T AR A 25 SR, st R R B 00
ST B, P . QRS BWHFHIEA S B B S RHERE S S W Ol d ., S OEAST. SR
UL E ) DR E L] ERMIERM A, EAEMNRRT KER ECG ZWiI[2], HEIERN
O HLE BT PR AE R E RN AT 230 HR AR 2, 450l B A B R R 2 ST I TR HG, B 0 ri I 2
BRI R DANDRH RO B, AR ZE AL B2 Wk Sis Wk

N, BRI AL RIR I E sh R E AP PR . Tateno K A1 Glass L f# F RR [ Al RR [A]3
A FE RO 5 BB AT S BT Wi [3]s ARFT . PR AR S A /INBAR 4 5 T 25 2258 BAR S5 & BB A
FEIRAL 5 ANBIREFIE . 32 AN/NBIBRIERT 18 =BGt mAFAE, SR 18 F SR M AL T 43 2K 4]
Elhaj F A, Salim N &5 ATEAE /N 2B Al QRS A AT I BVE TR U ME AN AR RO AFAEfS , (6
SCREI AR W 265 HEAT 73 28[5] 0 BRILZ AN, 7 5 R RPAE SR X 1) TAEAE 45 45 R 28 X 28 Sk S,
I H AL 58 R IE SR UG SO LB 7 2K R AR 2 TS AR B E /L0 R AT 75 ms
(1) QRS U HF_F5xt O L EURRAEEAT I BRI, AUk B2 25 S0 30 R 75 R, AR T 75 W0 42 At K 1 (1] B
O LS 5 93 bk S TR I 72 78 43 S U T A SRR AIE 5 043 R U AN P [6]5 Kiranyaz S+ Ince T 25 A H
— YL A2 IR 2 B B0 FRUAS 5 AT RRIE SR IO 2 28, (RN N T S I R — /MR, A& H T
I Ao L B2 W37 5 [ 7] o

2 RS E O HUE 5 I RFIE R R 2 9 HCVE TR R SRR A X -0 FBAE 5 40 R LU 2, AR ST
LightGBM [#).0s A5 543 5%, TR0 314 4R A RS th I 25 h 20 8B, AR AR 5 0 25 1
TR T K HVREAE N o Hebritt . 59— 07, BEERBIERIT PR R, % & il o s 5t
B R TR I, X RO B 5 R B BRI o SOl B, AR SCRR IR R AE 2 2% A
314 YEIRAHFFAE A i H ORI 64 4ERFIESR I REAE SR OURE 9% (1 BsF [, 33k I PR B39 2 0 B

DOI: 10.12677/jisp.2020.93020 166 EUR 515 5 Ak B


https://doi.org/10.12677/jisp.2020.93020
http://creativecommons.org/licenses/by/4.0/

It &%

2. HRHER

AP AT LightGBM [0 LS 5 70 RENE AR WA 1 e JRn O iS5 i TR 20 RS
T MU0 5200 2 LR EANA 73 2K[8] [9], Bt LAYt fl 3~45 Hz F)Hy il JE 28 %) J7 46
O HLE AT TR LA MR AN B, KRR MR A RO s BN A MRS A0 S S AT RAE SR, R EET
314 eI BRFAE, ELE S CATRFIE OIS PERFIE AR B ARFE s L ERHIEAE % T LightGBM
PRAFHIEN, AR O BE SRR BRI, OIS, HAOEA T L.

IEH 00

L FARFAE

TRA T
Eudild

T

LR phys

=+ LightGBM
pa

s BiB)

ot A

Al | )
." - ~“J Flape «ll Pl N
Wl L

RGO HAES

S TUAHIE

Figure 1. The flow of ECG signal’s classification algorithm based on LightGBM
B 1. &TF LightGBM B UEIES 2R ELRIE
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Figure 2. The leaf nodes’ splitting process of leaf-wise strategy
[ 2. Leaf-wise FREEH FH mn3diE
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Figure 3. The process of feature histogram
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Table 1. The distribution information 2017 PhysioNet/CinC Challenge dataset training set
2 1. 2017 PhysioNet/CinC Challenge #iBE 4 ENFHIER

, " K (s)
B = . .
FHE bRz PN LRI H/ME

SO 5154 31.9 10.0 61.0 30.0 9.0
L 5 EiE) 771 31.6 12.5 60.0 30.0 10.0
HoAthoofd 2557 34.1 11.8 60.9 30.0 9.1

Iigh 7 46 27.1 9.0 60.0 30.0 10.2

=it 8528 32.5 10.9 61.0 30.0 9.0

4.2. Th iR
R FEAGH Fy Ry F R R bR, € SONEET HIIE R AR PRI
1 1(1 1
E‘E'(E*Ej @
TR A R VU AL, 8 SEF A Fy, LR BB R, « HAbSER Fy o B 285
Ry, PSRRI BEPFA 4R AR FL, THE AR, F1, 19iH57705 PhysioNet/CinC Challenge %

KA BT AR, BPAELE FE AR ZE: 75 20«
2x N,

RS o
_ 2x A
Fla_ZA+za (4)
2x0,
T Yoy ©
E - 2><Pp 6
S ©
FL,, =2t )

DOI: 10.12677/jisp.2020.93020 169 EIE 555 A #


https://doi.org/10.12677/jisp.2020.93020

It &%

Hor N, Fon A IERA 7 R IEH ORI, YN FoRT A RE N IER O EECE,  n Ron it i gy
FONIEF R L R, Hofh = SRR T S A A

4.3. BENSEBETR

tH T~ PhysioNet/CinC Challenge i&: A& A FF MRS , A SCAEIIZREE L AT 5 9758 IR UE R VAL ke RE -
B 7 A SCHE B LightGBM 83k, Esedl 13T CART Al CatBoost 532 [0 LS 5 /0 280, Jfp =%
BT EG, S5 nZE 2 Fion. W3 2 R LR H, FET LightGBM KOy HLE 540 R BRI ) FL_ R s,
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Table 2. The comparison of model performance’s cross validation results
e 2. {RBEVERER IGIELERITEE

R EL% F1, F1, F1, F1, F1,,

CART 0.831 0.701 0.614 0.433 0.715
CatBoost 0.893 0.822 0.727 0.5909 0.814
LightGBM 0.900 0.829 0.743 0.620 0.824
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Figure 4. The first six features of mixed features and their importance
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Table 3. The performance comparison before and after feature selection
= 3. HHETFERI R M REXTEE

RRUE S AT FIE T i )
FRIESERL 314 64

5 H1738 XHHIEFI FL 0.824 0.820
HE 2.465 0.439

Ji% 0.476 0.073

FHUESEIUFERT (5)

I INE] 4.021 0.645

R/ME 1.599 0.293
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