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Mixed-sampling Method for Imbalanced Data Based on Quantum Evolutionary Algorithm
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Abstract The under-sampling and over-sampling are the common methods for solving the classification problem in an imbalanced
data. This paper focuses on the overfitting or lose valuable samples problems brought by using a single sampling method. A mixed
sampling method,namely MSQEA ,based on quantum evolutionary algorithm is proposed. In MSQEA , the majority class samples
and minority class samples are firstly encoded separately to form individuals of population in the quantum evolutionary algorithm,
and then an appropriate candidate sampling subset is obtained through optimization iterations. After that,the majority samples in
candidate subset are removed by under-sampling to avoid the problem of subsequent oversampling method to generate overmuch
redundant samples. Then,an oversampling method is used to generate the minority samples. Additionally,in order to effectively
evaluate the fitness of quantum individuals, clustering technique is used to cluster the dataset and the effective validation sets for
the evaluation of individuals are obtained. Experiments are conducted to evaluate the performance of algorithm MSQEA. The im-
balanced data sets are downloaded from KEEL website,and SMO, J48 and NB are used as classifiers to verify the performance of
a classifier after data preprocessing by different sampling methods. Experimental results show that the classification performance
of MSQEA is better than some state-of-the art sampling methods.
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KGR, TR I o RO IR 2 Figl .

# 2 LU RS A CS # #5041 4y 2 AR
Table 2 Classification performance using RS and CS to

build validation set

J48 SMO NB

RS CS RS CS RS CS
pima 0.785 0.787 0.756 0.752 0.826  0.826
glass016v2  0.728 0.757 0.655 0.761 0.689 0.747
glassl 0.797 0.795 0.632 0.623 0.722 0.746
ecoli3 0.919 0.916 0. 894 0.901 0.926 0.946
vehiclel 0.815 0.814 0.771 0.786 0.749 0.753
yeastlv7 0.776 0.788 0.776 0.809 0.783 0.807
Avg 0.803 0.810 0.747 0.772 0.783 0.804

B3 2 WA A CS v 0 42 50 I 4 1 7 2 43 2R i 2R
7 6 DMEUR A LI 00 T8 A RS 77 4 1 56 31 4 10 7 3 43 2%
MR, MR J48 o annd A CS Hik KRR 5 M H
RS ki 2B/ BRI T 25 0. 9%, 2 H SMO Al
NB 432w b, B CS 7 1k 19 40 s SR A HE RS O 543 31 42
BT 3.3%M2.7%, HIk.CSJFEFEHT SMO il NB 4>
%A%,

4.2 BEiRMRELHW
9T B IEA SCHR B MSQEA 88%E 594 3tk A Se 5 2
M3l SR BE B3 SMOTE. R R K83 CBS it 2R 8 2k
LADBMOTE 43478 3 R AR [6 19 43 2 2% 1 R A7 L35, 40 2 0
Hr484n o AUCfH . & F #3000 500, K210
B2 0.8, SLmaERANEK 3—5K 5 5,
#3LLJA8 ARSI L R

Table 3 Classification performance on J48

Data set SMOTE CBS LADBMOTE MSQEA
pima 0.735 0.777 0. 807 0.787
glass016v2 0.608 0.7 0.709 0.757
glassl 0.724 0.709 0.797 0.795
ecoli3 0.83 0. 880 0.902 0.916
vehiclel 0.708 0.766 0.817 0.814
yeastlv7 0.671 0.786 0.777 0.788

4 L SMO ok 2 a1 S d £ R

Table 4 Classification performance on SMO

Data set SMOTE CBS

LADBMOTE MSQEA

pima 0.746 0. 740 0.756 0.752
glass016v2 0.596 0. 609 0. 650 0.761
glassl 0.564 0.595 0.575 0.623
ecoli3 0. 886 0.867 0.897 0.901
vehiclel 0.754 0.734 0.770 0.786
yeastlv? 0.757 0. 755 0.778 0.809

5 LU NB ORI S AR

Table 5 Classification performance on NB

Data set SMOTE CBS LADBMOTE MSQEA
pima 0.723 0.814 0.817 0. 826
glass016v2 0.743 0.646 0.656 0.747
glassl 0.543 0.688 0.676 0.746
ecoli3 0.906 0. 940 0.934 0.946
vehiclel 0.621 0.719 0.716 0.753
yeastlv7 0.828 0.802 0.802 0.807

M 3R 3 AT, Ml A J48 4325 A% iF . MSQEA 57 ik 1E ¥ 48
£ glass016v2,ecoli3 Fl yeastlv? b AH L H 4y 3 Fhst b1y
REMS BB A M r e PEfE . 7F glass016v2 B ¥ 4 I, MSQEA
B AUC {f tt SMOTE, CBS fil LADBMOTE 4 % & % T
24.5% ,8. 1% 1 6. 8% ; 7E ecoli3 $#E 4 . MSQEA f§ AUC
& 't SMOTE, CBS fl LADBMOTE 4} % & & T 10. 3%,
4. 0% 1. 6 %0 s 7E yeastlv? B i 4E I, MSQEA 1y AUC fA Lt
SMOTE,CBS il LADBMOTE 4342 % T 17. 4% ,0. 3% Fl
1.4%.

M2 4 A0, M4 SMO 1E k4 28 48 iF . MSQEA /43
F Mk BB AAE B4 4E pima X T LADBMOTE 8., 78 H Ah 4
WA BT H A 3 A b L, 7E glass016v2 Bdi 4k I,
MSQEA #J AUC {ii tlt SMOTE,CBS fil LADBMOTE 43 5] ##
5T 28%0, 250 F 1705 1€ glassl B4 % |, MSQEA [
AUC f§ it SMOTE, CBS #1 LADBMOTE 4 %l T 10% .
4.7% F 8. 3% ; 7F ecoli3, vehiclel Fl yeastlv? %t 4% 4 I,
MSQEA By AUC fHAH b H Ay 3 Fh B P340 48 7 T
25 4.2%.6.2% M 2.1%.,

i1 3 5 AT, 240 NBAE R 3 2K 45 MSQEA 194 26
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fEATE BUHE 4 yeastlv? IR F SMOTE; 7E pima, glass016v2,
glassl,ecoli3 Ml vehiclel |, MSQEA % ¥: ) AUC {4 4 It
SMOTE,CBS fl LADBMOTE ¥ 4 5 #& A T 45 15. 5%,
6.2% A1 6.3%.

RS SRR, MSQEA 1R BERUR T SMOTE,
CBS fl LADBMOTE, 7E 453 MSQEA &b 3 i %3 48 |, 748,
SMO Hl Naive Bayes 43 2525 1 50 2 PE BB A B K 4R -,

BERAE N TR PR SR D7 TR D BN P A A A
(N RSB RO (e i N N A o NS [ P TI N e s
T FH B E MRS R I MSQEA, %77 ik A ]
T A0 BRI B G SR A N B TR AR R T R B Y o
FHETr 5 LADBMOTE FIR RAELE &, % R A TR ETIREG
KAt N T A SO IEAN T A RS R T SRR
LA 1 56 TE SR A IR AT 500 L A B MRS N . TEE
PR EL R R SL IR 25 SR R W], AR SCHR I MSQEA S
SRBERCR AL T B — SR BE ST I &0 MSQEA 570 % 4b 3 A %K
BEEZMSED LN S RERIARRER. A,
MSQEA U fiff g T =43 2 Ak - 55040 1) B, G e 1 % 22 28 )
A VA BOHE BE AT SRR A T RIS TR AN

2 % X #
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