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Heart disease classification based on active imbalance multi-class AdaBoost algorithm
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Abstract: An imbalance multi-class AdaBoost algorithm with active learning was proposed to improve the recognition
accuracy of minority class in imbalance classification’ Firstly, active leaming was adopted to select the most informative
samples for classifiers through multiple iterations of sampling. Secondly, a new sample selection strategy based on uncertainty
of dynamic margin was proposed to tackle the problem of data imbalance in the multi-class case. Finally, the cost sensitive
method was adopted to improve the multi-class AdaBoost algorithm: giving different class with different misclassification cost,
adjusting sample weight update speed, and forcing weak learners to “concern” minority class. The experimental results on
clinical TransThoracic Echocardiography ( TTE) data set illustrate that, when compared with multi-class Support Vector
Machine (SVM), the total recognition accuracy of heart disease increases by 5. 9%, G-mean improves by 18. 2% the
recognition accuracy of Valvular Heart Disease ( VHD) improves by 0.8%, the recognition accuracy of Infective Endocarditis
(IE) ( minority class) improves by 12.7% and the recognition accuracy of Coronary Artery Disease (CAD) ( minority class)
improves by 79.73% ; compared with SMOTE-Boost, the total recognition accuracy of heart disease increases by 6.11%, the
G-mean improves by 0.64% , the recognition accuracy of VHD improves by 11.07% , the recognition accuracy of Congenital
Heart Disease ( CHD) improves by 3.67% . The experiment results on TTE data and 4 UCI data sets illustrate that when used
in imbalanced multi-class classification, the proposed algorithm can improve the recognition accuracy of minority class
effectively, and upgrade the overall classifier performance while guaranteeing the recognition accuracy of other classes not to be
decreased dramatically.

Key words: active leaming; imbalance classification; multi-class AdaBoost; multi-class classification; heart disease
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4, Zhou & T AU BRI 4 M 45 4 AR R BUAR LS
T, LR, R ERN R e £ 4
EART4 e B[R A, SBR[ 11]42HH T AdaBoost. MLR4\
PR AN 325 ) , XR A R BN A 5T BRI
SR, R ME S 2 AN R R, (H 3R THE R R
AdaCost'"” B ¥E7E AdaBoost B 1! By AS (B B8 7 AR o 5] A
HARNEF BE T/ ANELBRNERE, XLEF
BAEBERNGSBPIIATEMMUNEF, BB KSR
TSRO B /DR, B T (R R FE AR TR 2R Y
AR T, 3BT /N A B IR B3 (B i F AP A AL
B AR RE X /NE BRI A R

Z432% SYM B Rt X EAR T R
532 SVM 3R B 2K R K M8, EATFEEIE S X PR
AR I 25V RE . SCBR( 15 1 R A F3h % 2 s iy 1
RN ZREE IR T —FpEF SVM W) B3I HEA R ER
W, LR, F 3% R R ARSI 4
he, AR EEITEERERERRA MENES, #H1T
LW, T SVM 1 HE R AR ALLA S BB T A A i
FRAR . AdaC2. M1 B 4 3F B R AR L4550 25 4T,
T E TN BRI AdaBoost £ Tk, R AT EH
BAERENEANEE T, Z R RPN SR T R AR
B HITE ] T BB 5 25 8] R

RS HTRY , B — i TR I B A
4370, BARRRIR T /NI AR B TR, (H 0 25 R R B AR
AR R0 B — i A USRI B RIE T R 26K
AP R SRR BTN A I R TR A IR,
M, AR SCR A FE 32 0Nk, R R A H A, A
FIRIRGE A /N B ARBE & AP 1 T 46 & AU B
BOTE:, TEE45r 28 AdaBoost B IEF S 2B E RIS F, ¢
INEEER G TR E RN, W KBRS T BN &

AR, SRR AR (A BT B, S B 30 ) 07 ik Ui
BURITHEANZ 5728 AdaBoost TTIEMI B G, TE SRIE R RHE AN
RIBALBEARH AT T , KR SR B /D REEA R TR A3

1 4% % 42 AdaBoost & &

AdaBoost B ¥ER HAT N &) Z WPLEs ¥ I TEZ —,
R B S T A5 70 KA I A H & &k, R
H— AR IAR AR 38R, RV T 2K, £
EHDRIEER _ARABHYT R BN EHEARE X =
), (0,5) o, () L By, e (1,2, K 0
FHEA &L=y, MY = 1,8 () =-1.88%¥
BEEERESEM TG T80 E8 b (2) X x Y —
R, 5[ EF/IE o, , RS HITHEHBER A, B

Ax) = Z,ath,(x) (D)
24325 AdaBoost EEUIF,
BAYGHREX = {(2,1),,(%,,Y,) | ,FHANED,5
SEE h(2) : X x Y > RERRELT,
*}]ﬂﬁ"fzt:l)l(i,l) =1/(mK) Hpi=12,-,m,il =12, K,
For¢ =1,2,---,T;
1) WAEREAS R D, , IGRIG5r 2585 b, (2) : X x Y > Ry
2) WHRFHFFIE o, ;
3) EHME D, (,1) = [D,(i,Dexp( - o,V (D)h(x;,
Mz z, = Z;‘Dt(i,l)exp( -, Y, (Dh(x,0));

T
Kb 3R A D) = sign( Y ah,(x,0) )
t=1

AdaBoost Sk T IR [F) (¥ 55 43 28 45 2 T T U £ 4
TRSEBUR R AR B BT R AR IS 55 4 A8 W R A 9 43 1%
LR 1, BAASRU, UNR 55 4 R AN REAR B M &
ATZRIERE , WX R A B R , A0 2R 43 5 5% , WX A B 34
A E RS SIS E R 55528358 6, B E N A&
R R — R

HAEG F a2 5D B EEEN KSR ENE
PIREAR AN SE S SIS, R R 0288 BERTEEE 5
K, REAVR RS G RREARRET 2, TR S 8014
EhRBWRA-EHEH, M/DEAFER—EBABES, B
IR IFAEA T V. EF X N7, AR S0 —
BTG E T AT M3 A B PR R B A HE PSR s , MR IR VIR 4R
kIR A B XA BB AR/ MG R BEERN
THRIENBRLNNGE R RSER 2 B8R AT,

2.1 FzhEFEI L4553 AdaBoost ik

WEREREAEN X = {(v,0), (5,0),, (%,
¥u) | BSEHBG ARA M EN B ARE W RIS E, Bk
P Z I REA M B LY U 3 BN 8RRk 3T ARG Y Shge Ak
W R X = L' | U £ 432 AdaBoost E M LF B2
TN, BRIR AR, FERTRE AL U FATHI, R A
PR A GBS B R M EMFEA AR L 'R b
SR = K b YRS Al o S
2.1.1 HABBER%

AR AT Margin 52 AN B € HE R R B R AR T B9
A, I (2) Fis


http://www.joca.cn
http://www.joca.cn

1996

H AR A

27 = arg min(B, (f(x,4) - f(x,1,))) (2)
Hod AL iR B BRI R ER B R E,
DG 20 2R B R E B S N2 5, T3 B 2 (E R/ N BB AR
RIXREAR AN MK, NI R AR AT AR T AR R B 2
B2 B, AEHEPEEH T, H KR RIES 5] 2 8] £
A
2.1.2 ATFEshFIuhhgdsEyk

BMAAWERAEX = {(s,01), (0,00) 7, (2,00 1

Fy e 11,2, K} BRI L ARG A U' = X -
L,
Fork =1,2,-,iter
1) VG LF Lil%E 02 AdaBoost 43288 £;
2) Gt iighge L s KM A REAS AN, I8 A A R A Bl
BIZEHR o , FEREALBEARIIENN ¢y 5
3) AR f VISR UF AR AR T , IR 43 SRR 15
B L&A BRIk 5
4) W3R ey /c; > thresh, BARIERSE U shiEas o it RO
e, W% B, = &;BM B, = L IBMERHE B, (Ax,l) -
Ax,5)) 0 L, 4r B s B RS AR E R

18, BRI/ N ARER L S;
5) HEH L = [F | S, UM = UR\S;
End

%& :‘U”%% Lo
2.2 ETFRMABRBHFREEZ 5 HK AdaBoost Hik
NRABBRFEVHES M BN, IHEX(3) &
Y

m K

e.= 2 (Y cost(i,)8(H(x,) = z)) (3)

i=1 I=1

F 6(w) B Y w AHEE,8(7) A 1; BENAONES
4325 AdaBoost HIE B AFBMRM A R, NG 2R G
U 4125 AdaBoost Bk,

2.2.1 B#FERE
WA IGHEREL = {(x,51),(%,02),, (2,,5,) |, FEER
D, R REL cost, 5953258 h(x) : X x Y- R, FERIK

BT RN EF co
¥tk D, (i,1) = 1/(nK) ,cost, (i,1) = 1, H¥Hi=1,2,-,n,
1212, K,

Fori =1,2,--,T
1) MRIEREAIIAGT D, , W ZR5H53 2588 b, (#) : X x ¥ >R
2) THEAUE AR PR cost, : FINLREE L K PATHIR & , T
A x; KA, % cost, (i,0) = 135 NGRER L AP HCREE X
AR 2, 2R 1, x, /NRREAR, H L = 5, , W% cost, (4,1) =
¢ >1, %M cost, (i,1) =1;
3) HEFHIRENE o
4) WFHA 2, EFL =y, MY = 1,FMY() =-1;
5) BB M D, G0 = [D,G,Dexp( — acost, (i,
DY, (Dh(x,01))]/2, ,Hep Z, = El’Dt(i,l)exp( - a,cost, (1,
DY, (Dh(x;,1))5

End

T
W AR S(5) = arg x| P e, (x,D) |
2.2.2 defTHE a

1+
T 2, = 30, (5Dep( - au(x,D) < e +
1 -
Tt B u,(5,D) == con, (LD YD (5l or, =

> D,(i,Du, (%, 1) MR ICHR [ 13] o, YRR DT 35, T4

R Z, < 1 -1 < L FFDMERER 4

1-r,

1
a, = 71n<
AR T LIREFRREBEAS r, = D DD u () BKMFES

B3 A, BIE T RSSO, YR S B T
0,

3 L5
3.1 EHirigtR

SLE R G-mean MIEHERIE A ML REME ESRAE, £ n, 7R
BT C, WEARE em(i, j) RN C, KA
W25 C; AR, WIZE R €, MEHERTE LA R, = em(i,

K1
i)/n,,G-mean g X G-mean = ( HRL.> K,
i1

3.2 ZBEIESE
A SCER S i ) B /L 4 TTE I & %048 £ A1 4 > UCL
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Tab. 1 Information of data sets
HaEse 255 A B AT
TTE 4 2214(58/169/733/1177) 34 20.3
abalone 5 2014(67/203/487/568/689 ) 22 10.3
balance 3 625(49/288/288) 4 5.9
ecoli 5 327(20/35/52/77/143) 7 7.2
segment 7  2214(10/20/60/120/240/280/330) 34 33.0
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Tab. 2 Selected results of training data sets on TTE

oS e epliEzs S Hrigge =R
VHD 709 114 468
CHD 443 86 290
IE 36 36 22
CAD 95 68 74

£3 TESH c WiRAE(TIE)
Tab. 3 Recognition rate of different parameter ¢ for TTE

cfl VHD CHD IE CAD Sy

22 0.9438  0.8724  0.6702  0.7133  0.8611

23 0.9287 0.8623  0.7475  0.7326  0.8756

24 0.9362 0.8676  0.7585  0.7814  0.8804

25 0.9121  0.8831  0.7362  0.7114  0.8627

26 0.9392  0.8556  0.7045  0.6914  0.8532
3.3.3 BHRAE RO LERLER

e B c MR e, 45 PR R F o (BTE
[23,24] KEJH A0, 1 7840, FHE G E S E 0o 38T K
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A ZR A 92.62% ,CHD R B 2 85.76% ,1E iR Bl % K
76. 85% ,CAD L B|Z 4 80. 14%

RSB T, B4 L EE S SMOTEBoost, WdaBoost.
MLR. £ 43+ 28 SVM fl ML-KNN ( Multi-Labe K-Nearest
Neighbor) ") HE47 HLa , 5512 B RG IE AT TR AR AN R fA 2 2430
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Tab. 4 Recognition rate of
different algorithms under optimal parameters on TTE

=87 VHD CHD IE CAD J=UN
ML-KNN 0.9238 0.8724 0.3102 0.3333 0.8311
£44258VM  0.9188 0.8966 0.6819 0.4459 0.8631
SMOTEBoost  0.8339 0.8271 0.8316 0.8313 0.8325
AdaBoost. MLR  0.9195 0.8731 0.4682 0.4914 0.8524
(szcf% 0.9262 0.8576 0.7685 0.8014 0.8834

MF 4 MU H , ML-KNN B 51 AdaBoost. MLR B k%
IE 1 CAD iR AI R ARAK , X2 R 0 XX P Al B Bk 1 25 1 R
BRINGERR; BT SVM B R 500X MR X, 5%
PERERIF— 28, (A% CAD MR BIZREAR, X IE B9 iR HIZRUFE
B FHELIE I ; SMOTEBoost 53 B AR BE 32 /N2 AR 7))
B B H AR AR AR U 2Rt S 1R KR B MBS, A SCE
BB T £ 402 SVM, LR SRR B REF T 5.9% ,6-
mean FEFREEFF T 18.2% , VHD iR BIZEEF T 0. 8% , IE (/)
F)HBERAT 12. 7%, CAD (/M) HHRREHAT
79.73% ; #3F SMOTEBoost, S KR HEEF T 6.11% , G-
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Tab. 5 Training dataset selection resulis and optimal parameter ¢ on UCI

iR BAIGERAER RERINGEEEAR S8 cHE
abalone 1208 560 50.3
balance 375 210 15.6
ecoli 196 120 14.8
segment 636 560 24.6

RA LB RN EAERER SN G-mean A 2515, H M
F2B R G-mean FEHRXT A SCH B A ML-KNN, £ 4328 SVM
SMOTEBoost . AdaBoost. MLR B 3577 %) H , BB 52 4 G-mean
HINZE 6 Fim .

®6 FHEIEH G-mean {ERYLL(UCI)
Tab. 6 G-mean value comparison of different algorithms on UCI

Bt MEKNN £33 SVM SMOTE-Boost MLR 7 CE B
abalone (0000 0.0000 0.2503  0.023 0.2687
balapige © 0. 067 0.8909 0.5866  0.000 0.6756
ecoli 0. 687 0.0000 0.7925 0.000 0.8204
segment  0.896 0.9431 0.9300 0.912 0.9215

M 6 AILUE A LEBARSE B G-mean {E2H 0,3X 2l F
AN E RN 0 & B, X B /DR A 1 43 25 1%
BRI RIS R RE

AILE P AE TTE  abalone 1 ecoli $(#E 5 [ BUE H = 1)
G-mean {f; #H5 T 24325 SVM ¥k, TTE 384 £ G-mean
{HRTFL T 18.2% , $# T SMOTEBoost 5 ¥, G-mean {H 2 |
T0.64%
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KM 8l A, > B R M EREARERIIZGE,
IR A4 - K R B AL A BUR 2R BB, TEZ 26
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B U0 B AT AU RS Bl Y, TR BEEG 2K kB
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