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Imbalanced data ensemble classification using dynamic balance sampling

HU Xiaosheng, WEN Juping, ZHONG Yong
(College of Electronic and Information Engineering, Foshan University, Foshan 528000, China)

Abstract ; Traditional classification algorithms assume balanced class distribution or equal misclassification costs,
which result in poor predictive accuracy of minority classes when handling imbalanced data. A novel imbalanced da-
ta classification method that combines dynamic balance sampling with ensemble boosting classifiers is proposed. At
the beginning of each iteration, each member of the dynamic balance ensemble is trained with under-sampled data
from the original training set and is augmented by artificial instances obtained using SMOTE . The distribution pro-
portion of each class sample is randomly chosen to reflect the diversity of the training data and to provide a better
training platform for the ensemble sub-classifier. Once the sub-classifiers are trained, a strong classifier is obtained
using a weighting vote. Experimental results show that the proposed method provides better classification perform-
ance than other approaches.

Keywords: data mining; imbalanced data; re-sampling; ensemble; random forest
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Table 3 Comparison of G between five methods
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ML 2 1 F. TETLUE A SO B T 1E
sick PR EEFE UK T SMOTEBoost 592 2 41, 7£ HiAh
S AERAE A BRI, LSRR 6 4
UCT 08l b1~ F- 34948, A SO7 R LUBEHLAR AR RF 553k
A 14.2% 4R T, 5 5L T B2 ORI 5 53 12 4H
FeA 27.3% W52 T, Ul B A SO $2 07 iR 7E A 2Ry
FMEREDT AT BRI TE

AR BRIy 2RV RE 6., WSR3 7T
PIE A SO AANTE sick Bl g FRS TRt E
i SMOTEBoost, A5 I Z AL 1%0; 7E 6 15K
P PR 2R PERE b A SO RS R

G55 1~3 WTLUE I, BEE B AP0 5 1 4
1, TR AL ORI R 5 TR JORFE th T
AR IR B FE i R A 2%, o3 S RE AR AT P
TR, R JETE letter Fl page-blocks #(HE4E I, 2 H#h
PR . 5220 b, AR SO AR B R A i A
W5 ZERIEEREA PEAT JORAE i 1d 2R B2 BEAL
PASRAE VR, A 75 Tl AR 530 B 408 50 3t DR 45 X L iy
Blls 09 43 A s 5 G [R) I, X 5y b — KRR AR i AT
SMOTE 32 SR, 72 AT 34 B B R E T, FR 4
JOEES S NUL VA & i E O N S S Ui = = Dl
PR RAE . MIRZ PR B RRTE | A SO R TEA R
REE K G, EREEA E R T IERR
F e TEL, XS TEZE A ZRAR AT B O U

ARG AV HRAE G S 53 R
IR B SRR AS FUAE 5 00 R B 4 — 30, [V &
B KN B 100% , % 585 5125 1A R 5
FIAEL LG X 8 A 2R PR BB A0 RE ), e BUA SC ARk Bl
HLAR M AT SMOTEBoost 3 Fh 333, [7] B £ £ LA letter
BAREE I 7E 20% ~ 100% 15 Fl P 45 08 fin 20% He
B, 25 5% 2E 2], 20 10 W HH BRI
F essure s G PHELNE 1 B,

1.00p o
.95 g
A g
£0.90
~—SMOTEBoost
= R JT R
0855 - n - oy
HHE FBE L A7)

(F o0 S H

// - RF
S0.85) w: SMOTEBoost
—— E T
0-80,5 40 60 80 100
HCHE B A5 LE 451

(b)G,. 391
B 1 FEHRAET 5 KRR

Fig.1 Performance measures of different ensemble size
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