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S e R AR RRAFFAAAEARELL. AR MNGHRFREZR, ATASARFF B EAGKRAGLZ.RT
— A F R AR % 2 I A 4% 42 B ¥R 48 % (Label Co-occurrence and Feature’s local Pertinence, LCFP) 44 & & % % 2 51 7 k. %
S RERE LA FIEHTAEAE, AFENE L EH MBI RSF TN, EHELARAN LTI RROBERY
REME DRSO AAGEAFEE  MAELZRBHFEZANG—ANATEATRESEARLEEFTHEAME, b0, EHLH
AL A BAFF NG —A—3 % (One-Versus AIDWMES £ B, AR AASARNFFHOXRR . RBEMESLEHAL
BERSAN R oA R AR L, RIA Beta 2 8 15 235 3] 45 B A= A8 % A, A B4 2 4 69 A8 £ AR £ % . LCFP & —FF 4 i)
SACE RGBT R RET OO FFRANGHE, EAMNLEHEE L FIEBFINREHT 4% A 22.4% . BiE T AT4E
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ECG Abnormality Detection Based on Label Co-occurrence and Feature Local Pertinence

HAN Jingyu, QIAN Long,GE Kang and MAO Yi
School of Computer Science, Nanjing University of Posts and Telecommunications,Nanjing 210023, China

Jiangsu Key Laboratory of Big Data Security & Intelligent Processing, Nanjing 210023, China

Abstract Automatic electrocardiogram(ECG) abnormality detection is a multi-label classification problem, which is commonly
solved by training a binary-relevance classifier for each abnormality. Due to the large number of abnormalities,the complex corre-
lations between features and abnormalities,and those among different abnormalities, existing methods’ performance is not satis-
fying. To make full use of the dependencies between features and abnormalities, this paper proposes a novel abnormality detection
method based on label co-occurrence and feature local pertinence(LCFP). Firstly, we set up a consolidated feature space consis-
ting of both the macro-features and micro-features based on the label co-occurrence and features’ pertineance. The macro-features
are constructed with a clustering approach based on Dirichlet process mixture model(DPMM) , thus distinguishing different co-oc-
currence label sets. The micro-features are a subset of primitive features., which serves to distinguish between the labels in the
same labelset. Next, we train a one-versus-all classifier which returns a relevance probability. Secondly, to make use of the diffe-
rent correlation degrees among different abnormalities,we propose to differ the relevant labels from the irrelevant ones based on
the sorting according to the probabilities given by the classifiers. In particular, we propose to exploit the Beta distribution to adap-
tively learn the anchor thresholds and correlation thresholds,thus determining the relevant labels of an instance. Our LCFP me-
thod is a universal way to detect every possible ECG abnormalities, which effectively improves the detection accuracy. The results
on two real datasets show that our method can achieves an improvement of 4% and 22. 4% , respectively,in terms of F1,which
proves the effectiveness of our method.

Keywords Electrocardiogram abnormality . Multi-label classification. Label co-occurrence. Dirichlet process mixture model, Beta

distribution, Anchor thresholds
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Table 1 Six categories of primitive features

Feature category Example

Duration of PR segment is 0. 11s
Amplitude of R peak is 0. 25 mV

Horizontal interval
Vertical amplitude
P waveform is upward
QRS axis is between[ 90,1507
QRS complex takes rsR” form

Wave direction
Deviation of wave axis
Waveform Morphology

Consecutive wave pattern QRS complex comes earlier 0. 05 seconds
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Table 2 Example of some abnormality labels

Complete left bundle branch block Anteroseptal myocardial infarction

Anterior myocardial infarction Inferior myocardial\\ infarction
Atrial fibrillation Sinus tachycardia

Left anterior fascicular block Right atrial hypertrophy
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Gibbs Sampling For Assignments
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3. While t do
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6. End
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Fig. 1 Illustration of threshold-based minimum spanning tree
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f(ah(r);a,ﬁ)=ﬁ(%ﬁ)jah (M A—ah(r)HF ! (14)

Horbr,a F1 B IS HUY W % B R BT R . AR AR Beta 435
BOPE B 2 ah Cr) AT LA 23 A3 (9 40 2R RAE L 40X (15) i s

ah(r):lﬁg (15)

Xt F— A2, Xt B BT b A R ) 28 285K [T Y A
REETFHE T  Bibn SHE e LT,

EX SR B L) HE — O s B AR 55 4R
RS G) M B i b 5 0 KR HES drs (se) o4 r 32 dirs GO 5
—ANRTE RS Gs) HRIARAE I st 1R B A 25 4 SR HEAE » Z AT IO
PR R ES . IC R AS(H,

RIG TEDTA r VEREBR 2 0 A S B 2% 30 ah G
Beta 43 #i o X FREASLH K prCst, ) FE R 43 E 8 X F 5
ANEEAR  Beta 43 A EHUNT

FCah(r) e~ 100 « pristyr)fi 14100 « (1—

B3 BEBAIATEE R E . B RSCGo = {ririrs )y pr
(stor1)=0.8, pr(stsry) =0.4, prstsr;) =0.5, prist,r,) =
0.7, pr(styrs) =0.6, pr(staryg) =0.62, A drs(st) =
Crivgrersrsry) o W TRIFREE ASG) = {rir | I r X5
SrEIs . BB BIPTER Beta 231 o =1 F1 B0 =1, M 4&
16y X Y Beta 53 i BB o« = 14100 « 0. 7=71 Al
B =1+100+0.3=31,

b2 TR de /N O b2 RO B . nb (D ARER »
TEdR /N A R 1 0 I AR B AR A . B XA RR X G ) 1Y
AR O B AH . 7 1) I 40 A 53 0 A A 28 01 B R pr (st ) <<
ahCr) 9 SEAF) |25 23 JEAs  indk 2 R .

&% 2 learnCorrelationThreshold
HIA AR B={r, o) AR MR I 254 D, 5 (H

{ah(r) s vah(r) ) iR /NE M MST
it < g/ AR R bR A8 X B AR DG 19 (B
1. NLP<—extract all neighbour label pairs on MST and initialize the

Beta distributions;
2. For each st € D do
3. For each label pair(r,r") € NLP do

4. I ERSGst) Ar€RS(st) A pr(st,r)<<ah(r)) then
5. C<pr(stsr™) « cd(r,r™);

6. alr,r®) < alr,r™)+¢+ 100;

7. BCryr®) <B(r,r™)+100—¢ + 100;

8. End

9. End

10. End

11. Return the means of all Beta distributions
BB S B IER A Gy ) T R 2 T S Ul
T pristar™) « ed (ror) B T FRAE BOK B A Beta 20 . B
J5 > W Beta 534 B ~F- B (B b 28 00 040 5C B B (B, 1090
RS 22 FE A OCIDI » w = sn) wsn f& B /N A AR 25 Ry
KA EEL
4.3 WMEXRE
e — AT — R T SR AR Y A D AR
28U AR OC 320 45 A 7T 8 S 1 S 1 R AR DG AR 48 . AR X
A JEAR R AR 3 8 — 1 S B A AT 4
&% 3 predRelevantLabels
A S sURRZESE B={r1 v} ITA PR RO ME R 32505 B0 {E Bt
AN TT
il 2 st A AR DG AR 2
1. rel<—¢;
2. For each label r€ B do
//F TE W6 AR O 4 4R
If pr(st,r)=ah(r) then

3

4. rel <relUr;
5 visited[ r J<—true;
6

End
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7. End
8. 1f rel=¢ then
9. Put the first ranked label into rel;
10. End

/ /S8 BEAL SE 1 R A SR 48 1Y I AR bR 4%
11. LL<rel, LL™<—g;
12. For each r € LL do

13. NB<find r’s unvisited neighbors on TT;
14. For each nl€ NB do

15. If pr(st,r) » cd(r,nD) = ch(r,r") then
16. LL»<=LL™ U {nl};

17. visit[ nl] < true;

18. End

19. End

20.  rel<relULL™;

21, LL<(LL\{r}) ULL";
22. End

23. Return rel;

S ) BT W) A A R 4 X 7 ) 43 288 AR T 1 32 ME R
AR MR R T B AR 4 R — R %, AR5 LR
I8 58 B2 AL S 8 FORAT A AR DGR B I I AR AR 48 . AR5 r 19—
A EARAR A v o st WA DGR 2, 0F B R pr (st ) « d(r,
) Zch o) W e BJE—ANAH AR . AR, H BT A
A 2 AR B A I TR A 1) S R A R 4 A A8 R R AH A
2 MV AT L . BRI H) 52 A% BE 3 S ol B E W) 46 bR 4 4R
LI o AR DG BE YU T B4 R DG AR 282 B0 I TR e S . 188 SE A Y e R
FARAR B HCA R, SRR b —AFR %1 i KA R ¥ H, A
%3 MR RENR Ot R HD.

5 XBWHH

S AE Windows 10 ¥ 53247 ,CPU 3. 4GB, A f# 16 GB,
AP A PR AR A AT — A ER 40 N deom, L
6000 %A X fAAG O L BP0 BORE A 3R 2 500 Hz, 445
BAR & 12 N 10s S, 360 20 Mrgk. % 24
B2 MIT-BIH 92 L8008 477 38 8 dmit, IBORE A0 % 2
360 Hz, IBCYE RS i ML 4RI T 8 AR W A%, R A%
Python SZHL, BRAEFBEUELIA, R deom 4%

S R 3 AN F8 FR . B IE 6 3% (precision, PN) |, # [0
(recall, RL) 1 F1 {H.

- TP(r)
PN =Tp0) TFP(H (18
TP(r)
RLC) 5 TFNGY (19
2% PN % RL(P)
F10 =55 TRL(» (20)

W ey TP,FP,FN % LNk 3 gl . R ORIES R 1
TSR T 6 P2 LI IIE - B A B A 4 B 6 1. 19 2R AR 4
HIREASTE 6 DX BUH 4 vh P43 . MIKGIEAT 6 48, BRI 4 X 1E
F NG 5k 22 A HE R A 2558 . 1 00 1 S 50 4F 45 DI 25 9 {1 I
ANAE R 1 O PE I . RS ICHR 6 5 P I(E ., MR
Iy JE AR BE ML AR RSB

%3 TP,FP,FNHI& X
Table 3 Meaning of TP,FP,and FN

notation meaning
TP # labels correctly detected as the ground-truth ones
FP % labels incorrectly detected as the ground-truth ones
FN # of labels incorrectly detected not as the true ones

5.1 DPMM BEZ RS

R T R R, SR A AR &R 8K (Silhouette Coeffi-
cient,SC) 3 B g3 |

(1) ko Xt BB 1 52 iy

Wi &L 2 T UL BEE ko MG KRR H A N3,
EBFER/AN, B3 AW T W MTRHEENR 20 6, BEH
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2. P& 3 TT L 2k R 5 R A R IR A A A R R ko N B
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Fig. 2 Impact of ko on average number of class clusters(element

value in ¥y is 20)
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Fig. 3 Impact of ko on clustering silhouette coefficients(element

value in ¥, is 20)
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H0 ORI 0 AR
06
05 Table 4 Detection effects of different strategies
04 N
03 CRAL 20
8
02
01 PN RL F1
0 nk=1 82. 85 63.56 70. 80
0 nk=2 54.46 84.24 64.65
“N2R8988R828888%8 :
”””””” without nk=3 40.92 92.43 54.38
Element value of ¥, threshold nk=4 32.86 95. 68 46.30
nk=>5 27.52 97.10 40. 29
_ k=6 23.86 98. 16 35.93
G ey LA ”
5 W JE 3R (XY A B0 R B S W8 (ko = 2) anchor threshold only  78.16  65.67 7155
Fig. 5 Impact of ¥, on clustering silhouette coefficient(ky=2) both thresholds 76. 28 77.52 76. 37

5.2 BABMEZEMRAN
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Fig. 6 Effect comparison of consolidated space and primitive space on

dcom dataset
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dmit dataset
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