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ECG Feature Selection and Machine Learning in
Intelligent Detection of Atrial Fibrillation
Zhou Fan* Zhao Lina' LiYuwen® LilJianging*? Liu Chengyu '*
L (State Key Laboratory of Bioelectronics, School of Instrument Science and Engineering, Southeast University, Nanjing
210096, Jiangsu, China )

2 (School of Biomedical Engineering and Informatics, Nanjing Medical University, Nanjing 211166, Jiangsu, China )
Abstract:  Atrial fibrillation (AF) is the most common cardiac arrhythmia in clinical practice, and
some real-time automatic detection algorithms have been developed rapidly due to its under-detected.
But mostly existing AF detection algorithms are short of comparison among kinds of models or
databases, which are hard to explain the advantages and disadvantages of the model. Based on the
above issues, three machine learning algorithms, including support vector machine (SVM), random
forest (RF) and logistic regression (LR), were applied to build three classification models to identify
AF. Three models were trained on the MIT-BIH atrial fibrillation database, and were tested and
compared on three databases respectively. Furthermore, the influence of feature selection on model
performance was analyzed. Finally, when 12 features (3 domain features and 9 nonlinear features) were
applied, the sensitivity, specificity, accuracy and F1 score of the three models reached more than 95%
on the CPSC2018 and the wearable ECG database. In addition, RF algorithm has stronger stability and
generalization ability compared with the other two algorithms.

Key words: electrocardiogram; atrial fibrillation; feature selection; machine learning
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RERTCIEAR, 075 B 7 72 I R rhodE A BB D2 Wi S8 iR Bl J T3 7350 1 B3 B
H AR R S | KRR I SO HR L, 8 R R IR I T 5 B A R
MITIRAME RIS IAS R, Wk 7 AR R G 77, T8 = S BT BRie,

EEURAER, LK Celectrocardiogram, ECG) 3 ERIA RR A1 HALE 6 AFN],
H P BHK, RN TR S AAHIF P27 10 F . Btk H Al Sk i i 5 A< 7
HUR] 7y O FE T 0 B R A AN T B g S A P A, RIZE S ECG {55 RR ], =2 4h
B P UER f IR RS B, SRS R LA o7 ) S B A ST AR Y, DT SEBIL SIS [ S
LB, HAHT, OV E N MR &A% . Andersen S A Z)) [A] B h R HX
TANEHSARE, F454 SR m &ML (support vector machine, SVM) i Hi—F 55 ks I 503,
BB EAE MIT-BIH 5 B4 ¢ Catrial fibrillation database, AFDB) | [#5U#Z =95%.
Zabihi 2502\ ECG 15 5 PR 150 MRHE, FHRHIBEHLARAM (random forest, RF) 7p2K4%
K A5 5 3 NIEH L DB Hoft 5 R g 75 DU R 2R, 244 2017 PhysioNet/CinC $k/i% %€ (The
PhysioNet Computing in Cardiology Challenge 2017, CinC2017) it %4 754> 0.83. 2018
F, BREMHER AT RR AR ER 7 /8L WSS EHAM Lempel-Ziv &4 =4
FRE, JR4E5E SVM SEIL G5 BN E 370 Al S 2AE MIT-BIH 5 B ahs e At b i) R B
N 95.81%. H5FE N 96.48%. HERGZ N 96.09%, [FIIAE MIT-BIH 21 o 4R 12 b s Bt
T 95.16% %57 E

EREENR, RECH SIS B0 T S Ea I, HER T B8Oy B AR K
Ry B TA R MR B, RIAE R R iR s, It R i A . %
PEAN RS2 10 0 208 70 SORe 1 A B T30k 3% 5 P I R B 10 2 1 SR B5002: 5 i — 2B AR
o BEAME R 73 b WS 7L b 22 R AR HESCHE 5 (4 MIT-BIH AFDB), R FE &4
ARV HE FE PRSI DASGHIE , DG B = 72 N I R £ E oA, X A2 Ab g
NZ, GRGZURIT FXTUL R, ASCE =R RS 21 5k, SYML RF M
B (logistics regression, LR), 454 ECG {55 RN, #ilk. HAMAEL S 102
ANKFAE, TEFRAERE 5 AFDB . EiIIZhsr 8L, JR7E CinC2017. 2018 H &A= P4k % 3% (China
Physiological Signal Challenge 2018, CPSC2018) F1a] % X o B ¥ A KA HE = FhHicdhe )22
B IR = AR I, RIS X RPAEHEAT 070G, AT FEAN R Eedh e AN R SR AN [R)
AEBRIX =ANJ7 DN TR MERE A REIA ,  FFXT 45 4G T 78 70 ISR UE A& 22 P ke o

1 HiE
11 J5EmER

AICiEFE RF FEXNS 102 ANFHESEAT THELIFIRE, 1705 75 AFDB 43 Ml I ZRRFIE i 3 5T
JG I SVM. RF Al LR 432848, JFTE CinC2017 YISk SELdE . CPSC2018 VIl 254 £ 4 Al v 7 5
ol BB A SR AR HE B FINA I LU B (B (5 2K 7 o AR ARAE B 1 s
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Fig.1 Flow chart of the proposed method
12 Bk
ARSI ST A R B DI R, 4l AFDB. CinC2017 Il 4E 44 . CPSC2018
IR B AT 2 a0 L B RAEEE, Joh AFDB 1N INZRAE, oAt = Edla ey

MagE. Bk 1 pros, RpEdE b 30s B
R 1S AR I 5 SR R B B B AL
Tabl Numbers of AF and non-AF data for all databases

[E2S A
AFDB  CinC2017  CPSC2018  «»HL L4 SRAEHiiR
KFEZEIHZ 250 300 500 400
BB 11048 855 81 11089
AepEig 16746 5477 66 10000
ST 27794 6332 147 21089

1.2.1 MIT-BIH 5 Siss

AFDB {3 25 ] A7 b3 Bl (220 M R M B B0 B AR SEE ECG il , Hrid ¢ 00735
103665 TEAHIF T H 45 TS HERR (SUELHE SRR 22 8 A% (5 4R SO fh ) . #:9% ECG il
AP 10 /NS S, SREESR 250Hz. FIAERSCIFE F ThnE, W3 AF. AFL

(atypical atrial flutter, 0 E3hah). I (BEZAXMEOH) N (HT R HAMH

PUFPS AR . RSOk B T B3R ES,  Forbridsk 05091 A1 07859 £8id A LA .
AR AFLL J AT N BIRN AR BUE S, JRR T H ECG e 70 #1y 30s/B, AT 27794
BLECG 155, HridE 11048 5% b5 B Al 16746 2%IF b By .
1.2.2 2017 PhysioNet/CinC #kik 254

AR CinC2017 I ZREEHRAE FoMlik 4 T ST, il I RSB 8528 %
FHL ECG id3%, Hrp ks 5050 4 1EH i, 738 %5 8. 2456 s AT 284 kM
ECG {55 i ECG 55K 9 FE] 60 2P, KAESIFA 300Hz, ki /A4
—/NECG 55 (mat #630) F— T S B AR SO Chea #&20). ATk FI AR &



R IEH WS S RBBUS S, 0% 30s/B, &k 855 4% 5 Bl 51 5477 4 1E%
TEE TR T .
1.2.3 2018 v [E A BBk AR TR HHE E

IR CPSC2018 I ZRAEHRE A Ml &2 T 16T, i 2R B JE M 11 SRR e UL B 17 K,
L 6877 %I 12 31k ECG idk, WKy 6 #0% 60 72, RFEZRJE 500Hz. B K540 5 —
ALk ECG 55 RAEEM . mat S0, BASRE ORI RIAERE B 28— ILa s oM
KA ECG 5T, AL A1) 918 % SEth-o A 1098 5% b5 Bl ECG LR 13— F: Bk
55, HoEN 30s/B, IS 81 %5 66 2% 1L ECG 155 BLAH AL 1T .
1.2.4  nl et iR & RS

R DI IE B AE G PR B L IERI,  AHI 50K R g K 2 AR AR A AT S
Mgl O g%, 23 BEEH (13 AFBUEFHA 10 B IEH A & FHERE 24 /Nt
ECG 155, RIEAN 400Hz. Hrdphr B i Edmxs B — 0 WA N ThRvESCfF, 4
MR FKIEATAR I . AW TR RS BIM B 7 30s/Bx,  4eid it 34493 173831 4 1E
AR 108830 2k b5 HAUE . BT HUE B A K SEEA TR R K, BRATWEA A%
PErPBEALIE H 1000 4650, &G H) 11089 2 5 BkE (H P pifr B IR E JAT 47 %1 42
AR R 10000 4% 1E H H0E 2 G AR T .

1.3 FHEREX

R R, E5eX T ECG 15 5 BT QRS B P A T AL BRI . ASHIF 5T K
FIE R hr B R 523:08190%) P&T (Pan-Tompkins) SEEM HY — & (IS, R A S IR
R EIR A MO T R WIS, R CRIEAR AR IR AL ECG 5 5 ARG IR, 5
b, SEFRH RR AN EUNT 12 () ECG (55 BT LA& 7. M5 R Shang %1224 1
MSLVEAI T JATE, Q U S P A B L R M E NS, K Datta 245 1T
PREIEAT R

A FARIEFRIN P B Q¥ Rk SBM T WAL E M ECG 155 3Lt 102 My
fiE, A4 AIRARAE (27 A4S, 905 A FI~F27). BU84HE (134, 'S F28~F40). ik
LMERE (36 1, 45 FAL~FT76) FIJEASHHE (26 4, %58 FT7~F102) Y3420,
FLARRHEFabr K U IR 2 FioR.
1.3.1 R

BHERHIE 2R R ECG (E591 RR EIAMRZIMATHRHE, B RR RN HEAME
(maxRR). H/MHE (MINRR). MEZR % FEANTHESERHE, A 0RITAE (medHR). A
4% RR [A#HZE(E (ARR) FI#4J5H (RMSSD) B ARR []#HKT 50ms I 4rt (PNN50)
% T HEEE S RR AL AR, H X SRR AE AR X 5 1E 5 (55 A5 B 5 1 R
RIE BT R



# 2102 MFAERE bR K5
Tab2 Description of 102 features

FHiE g5 RFAE T8 B S5 FHAIE
F1 mRR, B RR [EIHR)FHME, BAL ms F53 Renyi 1
F2 medRR, Rl RR [A3H A%, HAr ms F54~F58  SampEn, B AZERCN1~5 W EREARS, THEE LT
F3 minRR, Bl RR F#AMHRME, $467 ms F59 SampEn 76 FRAE 194N 5L
F4 maxRR, B RR AR A, HAL ms F60 SampEn KA
F5 RR [E1 )R E F61 SampEn f/ME
F6 RR [R] 3 (10 JF F62 SampEn i K AE I 4E$L
F7 RR [BAE G, A7 ms F63 SampEn #x/IME FI4E%L
F8 RR [ ST 2 P Al T HOfR Ry ie F64~F65  fR/h IR AL TR L
F9 RR [ JTHE 25 2 FEE A T 1 s F66 SD1, & X 5T FITE E T Poincare plot H it 5 5 il 1
F10 RR [ J A 2362 JE A T 1) R s e (i A4 (bR M 2
F11 RR [ TR 25 25 AT T 1 B R ey 78 5 L AR Ve 1 e K Fo7 SD2, & SUCNHESTEIF4T T Poincare plot HH I K 4 ) s
F12 RR [ A 5 2 T AT T 1 iR Ve oy 7B 5 L AR Ve B 1 e /M Fr b v 2
F13 ARR 7] U HE 2 5 35 it (1 fry e J2 F68~F72  ApEn, EIANZEECH 1~5 I HIUT U, 75T LB %
F14 ARR A AR 256 5 P Ay T 1 Al P F73 FuzzyMEn, BIASCRAMI AR, 15 0L %
F15 R U 1 AR 3 26 B i T ) g P F74 NFEn, BIH—ALBOMIE00, 50 IR
F16 R W (I (RO R 3 A U PR s F7s MAD, BIZaxirifiizzs, & SCN=AHS RR [EI05 P
F17 RS i MR 23 25 2 A% T 179 J3 3 A A 4 R B o 2 A A B P B
F18 R U {E (748 7 R @ F76 5 SN Lorenz plot 77 (5 60967 AR ) e/ 5 f) 2= 4231
F19 AHAR R V& [B] T AT SR sl MR P28 e 2R B F77 S H R MR E 2 AL 5 R H
F20 PNN20, & XA ARR [EHASKT 20ms [ H 43t F78 S PE REIBEZEITEHE, B mV
F21 pNN50, & SN ARR [E KT 50ms I E 4t F79 S5 R IR 2 FAE, B mv
F22 SDSD, B ARR [IAMARHEZE, 47 ms F80 ST BIRERINAE R RHL
F23 medHR, BLOERIGHAIEL, Hhr /5B F81 ST BIRER/ANT 0 AN ELE R EANSUNLLE
F24 SDNN, Bl RR [HIMIARHEZ, SAL ms F82 S PEEA /T Q VRIEM AN S S ANBUIN HA
F25 RMSSD, El ARR [ A3 54, HAL ms F83 ST BRME R T R —> TQ BIm{E -~ £t hr B
F26 RR (8] 11978 53 R % F84 TS R IEIEE L A3
F27 ARR Al 745 5 R 3 F85 P IEAELS R EAEU A
F28 PR, R SRS T 3 S A R A P AR Y F86 QRS BRI EL, B4 ms
F29 A S IR F87 QRS W FEERI I 2, AL ms?
F30 TN REL RS 5 B S A5 BN R e F88 QR (AR 4, FAT ms
F31~F36 %5 2. 4. 7. 9. 10. 11 PMERIETRING R % F89 QR AT 2, AL ms?
F37 JRCHREE, & SO E T INECT S, BUE AT F90 QW5 R L EAE Hh A 5 R AL
B AR Sy A — Ak R Fo1 Q%5 R WEIEAE L ryE
F38  JfLARHINE LR, & XN LRy = LF /(LF + HF) FO2  Qik’S RuI(A LA LKL
F39 I Ry i SCA HI, = HF / (LF + HF) FO3 QUM SIRMA%ES QY R R %2 t
F10 LF/HF, & SCARMIZh R LF (0.04Hz~0.15Hz) 5wt F94 Q WM S WIF(H 225 Q WA R K IRAE 22 LLAE M8 =7 R 4L
HF (0.15Hz~0.4Hz) Z Lt F95 QR R 57 R HL
F41~F46  Lorenz plot #<Z40, V£ ILKT® F96 S PRI R R AL
F47 Poincare plot @ RR 8] g () F- 2425 4 1 F97 Bazett AR O QT IR LA, H47 ms
F48 Poincare plot Hxl i £& & [ 1 4347 Fo8 Bazett A 3UiH5E QT [MIMIRIAL 57 R 4L
F49 Poincare plot FHEERERIEE F99 Fridericia A O 5 QT [EIAM Az %, A7 ms
F50 Shannon 5, &[G SRR F100 Fridericia 2 30THE QT RN 7 R4
F51 Hjorth Z¥& Zhtk.. F101 Sagie ANV QT MBI P A%, HAr ms
F52 Hijorth %52 7 fir F102 Sagie 22 \iH5. QT (A 942 57 R 4L

(O EANT: DAL o WA X (1=12..,N) RAEMIM T HEERPTREIER R P(X | @) -
QERAE: CV=clu, oNtsilEZE, uNHHE.
VAT HRAFRENLGE 5L p MCHAFHERFS] Sq_y, Sp2,..., Sn_p > TRIARETE Sy HIMTHE R,

(4) Poincare plot: LA Hf-041EFE RRy fifh, F—AN0HIEFE RRyq NS 2 HRE.

(5)Bazett Ax: QTcB=QT/RROS  (6)Fridericia A3: QTcF =QT/RR®3®  (7)sagie /4=: QTcS =QT +0.154%(1-RR)
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PISARFAE

PUHSIE E B RN ECGE S5 ME, HHE DESIESE, RGO, FOREE,
[ ST T /N AR e 240, 3 — AR (normalized low-frequency power, LF,) Fl



—AbEHTh# (normalized high-frequency power, HFn) Z54F4E .
1.33  dEZRMERHE

AR MEERE 24 Lorenz plot #5534k, Poincare plot %271, Hjorth Z%12812%, Al
#axfrifiiZ (median absolute deviation, MAD), BI=ANFHAE RR [8] 021 25048 0 405 %6F fh
ZAME R A K, R A EREAR2) (sample entropy, SampEn). I Capproximate
entropy, ApEn). HURIMIER (fuzzy entropy, FuzzyEn) K JH—Ab% (normalized fuzzy
entropy, NFEn) BOSERE. 4l HIIRESE M 3.
134 JEARHIE

TEASHRFE ZZ2ARME P U Q U R UK. S UM T JAr B iR, JIWr ECG M~
TGO, EEHE S WA Q AN R BEIIEREE . ST BURlA . QT A I QRS R fi fE 4% .

MRAE LA B A, $RHL 102 MFAEE S, 8 ATt — DRI I B AR A 2 5T
14 FHEEFF

RHEERAERR R @ S R b R EEAER . 1 2 HREAM S T &, BT
IBATHERE, A& G HRHEIL T e PRI, A7 R B T . R, FREEAE R RARFIE
T AT A BRI, £33 — R R AT R ME S EEARHIEE R, EEE AX AR S E 5
RFIERE AR o

AWFR A R ARG EE, 4 H B EE AR SR ATHE Y. L.Breiman ¥4 RF
SE SN2 “BORGEMI KB N(X,0,).k =1.2,..K IS, Horb g &7 [F 5 AiBEAL A &
K B2 A AR ISR B LA A R O RE AR, IFAERR YT iU R B B i
BERFIESE, B RF 70 80580 o 0F TN X, Gt B ARA 43 2 108 3 S A0 2 VE N B 5 11 93
4k

RF BORUHEAT 73 80T, R RSB Rt A EAT 1 s 40 2L e RARFAIE 1 36 45 3 ZEAR A 4
Fofuoies PR ARPALE B P B 5%, EARARE Gini 5 450R OOB %4l 7 5 IE 2 AT FE B . ARSCR
FIHET Gini SR AE B IMRC™ BV T AVRRE x 7579 50N B el Rl oy UL e 47 T
W5 AN FTE Gini 8RR AR, Wsl():

IMPS™ =15 (n)—1g ()= 1g (n,) (1)

Wl 1 =1-3"" p2 tixin 0 Gini f5%L

FRHE X 7R 58 K ARV B S BE M I AR A N R IE AR X AR SRR
R E

MR =Y MRS @
BE P SRRAE % A RE PR EZE, Wn5(3):
L I s ®

W AR, REAFE] T 102 MRHERI EENEG ), RS — b B, 15708
o RHIERCE 2 RSO T AR IEZ IR P HES 0 Jlied 12 NRFAEAT 9 NMRFIE ] )R £:

B



F 5 SR 5.
15 HLE%E4SER
151 R

EHIGREAR (X 0), i =1 N}, S e RN (NG RERAR IR, 40 35has%
N Vi = {+L =L} . SVM FI T 40 200000 AR B PP THT 7 x +b = O BRI 100, Bt 451 ik X
5T N B IR, TR A

maxmin 7 = maxmln[ X+b] (4)
w,b ||w||
H, o x SESEH I T UREE S . AT (ETHE, & LD , AFERE
&1 2/||w|| o IF)E(4) P T RIA N
Tvipf(w)=%||w| P sty (0% +b)2Li=1...N (5)

H bR OCAK 5] R (B) P AR s s B LR, S 1) R A Dy R, I AT SR . 9
B BRI R RN ENME G R, TOIANZREBES, ASOESER 2 & %R 4
152 BN
MG 1.4 5% RE BER)E X FHCHES R T RF RFEE B EVEI N 4H, A1 RF
SRR T 53 2 i N 5 B 2% 07 SR 45 SR /1 P 15 AR SR AR B UE o X T 03 R 5 R I ] S
KSR (margin function) #HAT7EE, & X H:
mg (X,Y)=av I (he (X)=Y)- maxavK (he (X)=1]) (6)
Hr, he (X) BamH K A EB TR, ¥ BRI, 1 (+) FornmtEmil, av, (+)
FORBCPY o B A B R HO] 15 TN 45 R AR 7 -
PE" =P,y (mg(X,Y)<0) )
Ho, Fhrx,y BaBR P EHE XY MSHE. 4 RF F R 58826 2w,
e (X) =h(X, 6 ) BEAER K H e B, B PSR SL0 2 , 38 FBT4 1751 6, O 6, PE”
JUFAb A sl T
PX'Y{Pg(h(X,G):Y)—Tgng(h(X,H):j)<0} (8)
ARB)ERY, BEE M NEIE N, REASHINS G F S, (Ha]ges 4 —El
Bl A B2 AR 22
153 #iEFHIH
LR f&— Rl o G, i@ Sigmod % g(z) =V(A+e?) HL A
B Y =0 (@' X) =0 X+ b g, (RIFHUE T I B K5 S B RO B I 1, 0 4 258
(¥ 4o [0, 1) 2 TRV PR A y = 08LARR A A R, A8 FMEZ AN 1,
JUEIEES
p(y =0|x) =exp(e’ X)/ (L+exp(e’ X)) = ¢(z) 9)
p(y =1] x) =1/ (L+exp(e' x)) =1-¢(z) (10)



Hep, o REVEARHE, X RHFNEE, ply=]X) &R XETHITMKEME. NE
75 BR B R TR0 IE i % e, ARAE BOCAIRAME THIR T LR A [ 52 SO 5K bR 4
(@)= (0)=3"" [-viIn((z))~1-v)In-¢(z )] (11)

RSCRFBAFE T PR SR AR O R B4, SRAF @ JEEAF 31T LR IR B8y, 85 %
SECIEIIBME, A PIMER T B, WrRaiRy=1, kzy=0,
1.6 ERYIZR RN

A 1.5.1-1.5.3 5% SVM. RF Jz LR =FEIEMANH, wIEUIZREE AR 328
B, FERLZ AT, W 5E TSI SREEAN AL (K BT A R BEAT O AR A AL 2R, B
X '=(% =) oy, Forh s B oy oy BRI GREREE X (S RbRAE2ZE, oIR8 (R RE 1
SR M o AT AL R

BIETRALER S5, 433 102 4N, 12 ANAT 9 AMEREAE AFDB |37 SVM., RF. LR 4y
FKHEA, JEAE CinC2017. CPSC2018 FlnJ 7 izl M £ R AR E Lk = MR 5328

ey, HEAT AR ARG L 1 % M RTE 2N 50008 e b IR R IEAT 2 A7 EL R S 4

2 g3

21 FHMERFELER

FHEESFAFR) 7 102 MRHER EZMEARR, K 2 L5 AT 51 MEER EEAES5r . iH
K2 " 4G, HFHEEZEAR AR 0.04 L ERAE 9 4, 130 BRIZ) L 76%; 15504E 0.02 LA Y
124, 1350 8L 85%., RIHASCER AN 102 AMRFAEH 73 ik £ 12 A9 ANRRIE,
DA EC BT MARFALE 26 % 45 SRR 22 | A0 BT g ST PR e . 9 AMRFAE 2301 3 NI IBURFAE F27
ARR [HIHIfAS 55 2%, F24: SDNN. F20: PNN20, 16 N EZEERE F74: NFEn. F41:
Lorenz plot iF#E454E (atrial fibrillation evidence, AFEv). F47: Poincare plot 41 RR [8] #i1)
PPk E . F75: MAD. F55: SampEn (i A4E%Er m=2)). F66: SD1. 12 MR T
X9 AMRHIESR, B EFE 3 AN AR AMERHIE FA3: A FN FEUEHERFAIE Cirregularity evidence, IrrEv)
F54: SampEn (A ZE%r m=1)) 1 F62: SampEn & KIS 4%, 75 BT B B F1 3k 5 o
Hedfs B4y ml B 12 MR I Sobs e, sk 3 R
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Fig.2 Importance scores for the first 51 features
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Tab.3 The meanastandard deviation values of nine features for comparison between the AF and Non-AF
groups of different databases

AFDB CinC2017 CPSC2018 IR RAE R
BTG S — —
5 8l IS5 i 351 i eI 55 i eI
EEA 11048 16746 855 5477 81 66 11089 10000
F74 0.9440.43 -0.6240.75 0.7740.62 -0.540.64 0.9040.47 -0.510.38 1.0040.44 -0.6740.83
F41 1.0840.32 -0.7140.57 0.9240.57 -0.6140.52 1.0840.42 -0.4920.48 1.0140.29 -0.6740.48
F47 0.8740.62 -0.570.76 0.8540.79 -0.7140.49 1.08+1.10 -0.8310.13 1.0240.54 -0.550.80
F75 0.8740.72 -0.5740.70 0.8040.87 -0.630.48 0.9040.77 -0.7210.13 0.7540.68 -0.640.54
F27 0.7040.80 -0.460.83 0.7240.79 -0.600.60 0.90+.26 -0.8020.12 0.7840.50 -0.4740.76
F55 0.07+40.34 0.05+1.26 -0.1140.06 -0.0640.82 -0.0840.05 -0.090.04  -0.0240.68 0.041.26
F24 0.50+40.89 -0.330.93 0.5040.90 -0.2840.89 0.75+1.94 -0.550.14 0.7140.61 -0.1540.81
F66 0.49+40.90 -0.3240.93 0.530.96 -0.4240.75 0.75+1.86 -0.6320.10 0.7240.65 0.2340.82
F20 0.78+0.88 -0.5140.70 0.73+1.04 -0.6740.41 0.9040.80 -0.840.05 1.1640.93 -0.4440.86
F43 1.0940.50 -0.7240.44 0.930.76 -0.7840.29 1.1140.63 -0.8520.21 0.9440.45 -0.8040.29
F54 0.2140.46 0.144.21 -0.1540.78 -0.03:+1.06 0.1620.51 0.4740.38 0.3140.35 -0.054.12
F62 0.3340.81 -0.2241.05 0.01:.07 -0.2041.10 0.410.80 0.3640.70 0.3440.62 -0.2541.03

2.2 FREIPRGE R

2.2.1 PR FELR

N T B = MR 5 B 5 A 0 R, BATRA W N R P fa bk &, R

REUE: Se=— 1P 100% 12)
TP+FN
oy ™
FES Sp= %100% (13)
TN + FP
LR : Acc = TP +TN x100% (14)
TP+FP+FN +TN
FL1AM4: F1=2.55P 100% (15)
Se+Sp

Horb, TPONTRINZS R A B TEE, TN NEAVEE, PP OARBATER, PN 9P
2.2.2 SVM. RF fil LR AR 4,

SR 102 AMRFAE 12 ANMFRAERT 9 MEFMEIZE SVM. RF R LR £52%4, J7E CinC2017.
CPSC2018 A1A] 7 s F 1 2% R AR B = A v R, MASE SRk 4 R

B AT 1, REAEIEBERT S, SVM BELRURT LR REAL 1) % TM: Be e b 25 i 25 4 v, JoJ Se
MIF15340. £ CinC2017 5 FE b, SVM ALK Se A 37.78%42 31 77.54%, F14-#M
0.5484 #Zi=%] 0.8140; LR 7 Se H1 34.74%4% = 5] 80.12%, F14r%th 0.5152 =%
0.8333; [AIFEFEL ML A KRS b, LR B4 Se 1 0.01%FESR IR =5 99.31%, F173%1
HHRFAEIE £EHT 14 0.0002 F 7+ 0.9909, [l Acc t HH 47.42% E 731 99.04%. 1AM AT AN
3, EHE 12 MFIEAUERE 9 MFEMBR M RE JLF- G % . X T CinC2017 #udi &, %+ 9
ANFFAERS SVM AL RBIASLT, S48 12 MEFAERS LR BRRE R ; 17 CPSC2018 $udifE, ik
£ 12 ANMFFIER SVM BRI AT, LR ALR A PR R IE L £ EPEREAHA): 720 B2 R AR EK



¥ b, JEHE 12 ANMRHER SYM BERURT LR SRR INTE 4T . (RIth, AHECZ N, %4 12 ANMRFIE
WIZRPMIERY, 5249 SI7E CinC2017 #d FE L [¥) SVM ALF LR 15 Se 435l 77.54%.
80.12%, Sp A 97.97%. 98.10%, Acc N 95.21%. 95.67%, F1>4 0.8140. 0.8333; £ CPSC2018
B P _E RS Se 2350 96.30%. 95.06%, Sp 73l 100%. 98.48%, Acc ¥ 97.96%.
96.60%, F140.9811. 0.9686; fE.C»HLix S KAELWE Y Se 43714 99.35%- 99.31%, Sp N
98.79%. 98.75%, Acc N 99.08%. 99.04%, F17y0.9913. 0.9909.

# 4SVM. RF I LR BEELfR 4248 3
Tab.4 Classification results of SVM, RF and LR models

SVM RF LR

Kol e FHIEAN
Se/% Sp/% Acc/% F1 Se /% Sp/% Acc/% F1 Se /% Sp/% Acc/% F1

102 37.78  100.00 91.60 0.5484 79.30 98.78 96.15 0.8475 3474 99.98 91.17 05152

CinC2017 12 77.54 97.97 95.21 0.8140 77.89 99.03 96.18 0.8463  80.12 98.10 95.67  0.8333
9 79.65 97.74 95.29 0.8205 77.31 98.30 9547 08216  80.35 98.01 95.63  0.8322

102 88.89 98.48 93.20 0.9351 96.30  100.00 9796 0.9811  97.53 78.79 89.12  0.9080

CPSC2018 12 96.30  100.00 97.96 0.9811 95.06 100.00 97.28 0.9747  95.06 98.48 96.60  0.9686
9 93.83  100.00 96.60 0.9682 96.30 100.00 9796 0.9811  95.06 98.48 96.60  0.9686

. 102 80.20  100.00 89.59 0.8901 99.40 99.62 99.50  0.9953 0.01 100.00  47.42  0.0002
;;izi 12 99.35 98.79 99.08 0.9913 98.69 99.39 99.02  0.9907  99.31 98.75 99.04  0.9909
9 99.22 97.97 98.62 0.9870 98.76 99.23 98.99  0.9903  99.27 98.12 98.72  0.9879

SR EEFEAT S 1Y SVM LR LR #EAURTH], RF BV BB A KK b, EE7E
SAEE B Se R FL - BORS R R B, (HIRL RIURTS I 2K/E . RILRFIEIE BT RF
BRI A K, AEARKI> TIs R, WA A . [FRF, e+ 12 MRFEIZR
1331 RF BAYZE CinC2017 At FELBL A& K AR B b LU I 4% O MRMAEIS R IMME4F,  Wlodk$%
12 MEEEYI 25 RF BN A 36 . I 2198 RF BEALYE CinC2017 $d & L1 Se 4 77.89%,
Sp 4 99.03%, Acc N 96.18%, F14 0.8463; 7E CPSC2018 %4fi % L[] Se &y 95.06%, Sp A
100%, Acc 4 97.28%, F14 0.9747; 750 LA RAEHHE F1Y Se 4 98.69%, Sp M 99.39%,
Acc 29 99.02%, F1 3 0.9907.
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Ebis =FRIE CinC2017. CPSC2018 Al HL R & R AE R b A4 2545 L aT IS 21
RGOS RHE S ARFEAN SO, R AR R AR BBV BAR I 70 R, TR RAAIE 1 3 2
FESLARTS 2 SR e (R SCHE P B s[RI 2N W] 5 B, AR SO ade FH IR RFAE e P B2 R B B
FEEH 2.2.2 TR AT LA, 48 12 NMFIE S 9 AMRFAEXS T =R A M RERZ A K, 3
RIX 9 NEEG T INIBRIARZE A5 B A RRAE O 2 LA R 5 BRI IE % ECG 15 5 [ANFI A, RFE
F43. F54 H1 F62 Xf 748 R BAT PEMEAEM o B &R Ak £ S 2= A K Hik
FI 12 AMRFOERS BB PERERE 4, S04 12 MMRFIERY T = Fh oy 2R3

EAREENR, BES AR PGB R MR R SR T, =R 7E CinC2017 %
JE_E IR IAR LL T A AN TIASE, IR ARNE . EHE 12 MR, =Fhsrk
AS1E CPSC2018 FIsLfr-REAEEE L) Se« Sp+ Acc fl FL A #RE S| T 95%LL I, TfifE



CinC2017 ¥it#fs e b Se Al F14» U#SAE 85% LA T, iX 15 W =P A% T~ CinC2017 ¥ e v )
J B S BRI RE JJA R o BRIAR S AR 5 Geit 7 =FBERLEE CinC2017 1 855 2 )5 s |-
Rl R SR, Hoh, SVM BERUKTINAR R 192 %%, RF BEAUKIAS 1% 189 4, LR Rifdfh:
MR 170 2% o B0 X SRS BB AT Falbait, KIH P LA 110 KA T HE, 1
AR REES, Wl 3 s, B EE 25k E T CinC2017 £ & 1) A00680.mat-
A03391.mat 1 A00624.mat.
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Fig.3 Datas with incorrect label in CinC2017 database. (a) A00680.mat; (b) A03391.mat; (c) A00624.mat
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Iy IR ARI Se Ml FL 73 2 /D AT IA H 90%. LAF 734 1t WA AT 8 v i S 1) = 7y AR R B AT AR
SRIVZAGRE A7, AT LA LA [F] A e, T AR AE ] 2 e o R B A i R B 3%
BT, UEBEATEA RT3 8 A B e

JRE L, 8 =R REAE A R AT T I SREE R, VBRI e AAFAEZE ) .
MK 4R LLE I, FRAEESRERT, SVM EALAT LR BAL7E CinC2017 F1 CPSC2018 i i I
PEEERZAR, (AR 7300 IR A R IR R B 4R L, LR RARBURZE, T SVM
BRI A E o XM SVM BERNFER SN Eictls 46 b mT g By SE AR R 3, 17 LR
BUEEONNESS, ZALRE I ZE, SIS T 0 BURR AR A i 12 74 REAS B AR BB o 7 ISR ALE
WFEE, SVM BBUA LR B VEREY B2 R, T RF BIAURILAN TS B4 . 1X 15
RF SEN & AR B AR 4F, Hor BB 1A SRR ZE R IERZ W, 17 HLASFAE A 0k
%, RF BWEINE S5 BB E, /- RR R . MIkrl s, = BRIt Re
F*%: RF>SVM>LR.
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F42: Lorenz plot 14 i AU {ARR (i), ARR(i — 1)} 378 H9 /5 % L (OriginCount)
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IrregularityEvidence = ZiilBinCountn (A-2)
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Fig.A-1 The 2-D histogram ! ARR
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DensityEvidence = ) ( PointCount, — BinCount, ) (A-4)
n=5

FA6: & 55 43 A [ 7 i) BRARAEER. - ( AnisotropyEvidence)

AnisotropyEvidence = ‘Z . PointCount, -> PointCount,
n=y,

+ ans _PointCount, —ZH:S PointCount, (A-5)
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