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A Clustering-Based Enhanced Classification Algorithm for Imbalanced Data
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Abstract Imbalanced data exist widely in the real world and their classification is a hot topic in the field of machine
learning. A clustering-based enhanced AdaBoost algorithm was proposed to improve the poor classification performance
produced by the traditional algorithm in classifying the minority class of imbalanced datasets. The algorithm firstly
constructs balanced training sets by the clustering-based undersampling, using K-means clustering to cluster the majority
class and extract cluster centroids and then merge with all minority class instances to generate a new balanced training set.
To avoid the declining of the classification accuracy caused by the shortage of training sets owing to too few minority class
samples, SMOTE (Synthetic Minority Oversampling Technique) combining the clustering-based undersampling was used.
Next, the misclassification loss function in the basic classifier of the AdaBoost algorithm was modified based on the cost-
sensitive learning theory to assign asymmetric misclassification losses to samples of different classes. The experimental
results show that, the proposed algorithm makes the model training samples more representative and greatly increases the

classification accuracy of the minority class, keeping the overall classification performance.
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Table 1. UCI datasets
GRS FEGIEH SRR EZIEN AT R
pima_diabetes 768 268 500 1.87
waveform 5000 1655 3345 2.02
splice 3190 767 2423 3.16
artificial 5109 708 4401 6.21
optdigits 5620 562 5058 9.41
letter 20000 734 19266 26.25
nursery 12960 328 12632 38.51
page-blocks 5473 115 5358 46.59
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Table 2. Confusion matrix Horp, ace " RIRIFRI KRS, acc Rox
RARM  BEX  mk  OMARAE. B
— - N {%\\E\X*ﬁu%tﬂ, G-mean %Jﬁ)ﬁT//'\ﬁ%
MEZHNEERILY, AEORFFIE . SR SN
S FP TN

RSN F A, AATTRE In ok 2D R FE AR
K153 GE, F-measure 5t & H T4 5 /b #2584
KPERENITEIR . F-measure j& 1423 (recall) F1 1%
% (precision) [P FNIIAE,  FLHUE Hm 1 1)
N, Rk, 8K F-measure {37~ recall Fl
precision #HBK :

2 X recall X precision

F—measure=

(7)

recall+precision

Hor,
P
TP+FN rrrp B

G-mean & P 73 a8 BRI FNE RE MY

recall= , precision—

SPAE AR DL B ORGP R IRRS B2, Refs et th 4y
PG BEARNEBE o

AICKH] F-measure FI G-mean V£ J P b
HeE. Horr, R F-measure i &8 1IFE 2173 251k
g, M G-mean i f %4453 1k RE .
43 ZTWHER

7t weka3.6.3 8L XA HEBEAT T
Bk, JF H 544 H 73 K575 AdaBoost.
SMOTEBoost f1 RUSBoost #E1T T b, #15%
ZERWE 3 K 4 Prox. L8, AdaBoost.
SMOTEBoost il RUSBoost .k [113E 53 4535 °K
F 48 Sk, ARSI R Sk ) JE 2 S8 2% WK H
TENEA ST R by 2R g R I 7 1 S 1)
1ML (Support Vector Machine) vk, by LB T



40 4 %

H PN 2014 4F

AL, S RO B SR LT A B IE (5-fold
cross-validation) 720, K T PRUEEIEAEREAT 40 2
R PAPHE R — 50 R ERAETT
R 4 Bl £ o 1) L 2R AR A SRR AR 73 ) BE AL
G385 Sy, WPBENLA SR 5 AR N30
TH, K ERNNAAE, HAR 4 AT AEAE
Mg, B S R, LLRPBMENE A B 53k
g5

M 3 WLLE H, 7R BRI R PO
it F-measure {577 1f, ASCEVERAW BALH

8 21 UCI Hash ity 6 AURSFEfmemy, Rl @&rem
JEASPAT L) nuersery page-blocks U4 4E I,

5P LA i = A kv B AR E 5% LU B
ST, 51649 AdaBoost LA LL, FERA
SPHETRESRAE S, ACERSZ ERA Y, HEE
B RGN, AR SRS R,
{E letter. nursery. page-blocks HHa4E b7 AT
30.7%- 19.8%. 31.1% [K4&T1. 5i4b, KA HdE
EA T R 380, i KA J74 Y Boost HR
s G T rvkH, SMOTEBoost 532111 /0 44

#=3 BMHER F-measure {ELLER

Table 3. F-measure values on test datasets

e AdaBoost SMOTEBoost RUSBoost A
pima_diabetes 0.682 0.649 0.653 0.71
waveform 0.807 0.816 0.819 0.854
splice 0.932 0.946 0.925 0.938
artificial 0.593 0.652 0.641 0.66
optdigits 0.651 0.825 0.774 0.819
letter 0.69 0.885 0.72 0.902
nursery 0.726 0.828 0.78 0.87
page-blocks 0.53 0.654 0.55 0.695
F4 BWMFHER G-mean EILE
Table 4. G-mean values on test datasets
itk AdaBoost SMOTEBoost RUSBoost RCHE:
pima_diabetes 0.45 0.528 0.527 0.603
waveform 0.735 0.758 0.772 0.826
splice 0.935 0.934 0.933 0.93
artificial 0.525 0.66 0.771 0.818
optdigits 0.869 0.93 0.858 0.932
letter 0.849 0.967 0.86 0.94
nursery 0.892 0.905 0.95 0.87
page-blocks 0.447 0.772 0.85 0.81
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