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Quadratic synthetic minority over-sampling technique for

classification of multiclass imbalance problems
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Abstract:In recent years, multiclass imbalance data learning has attracted increasing interests on the domain of
machine learning and data mining. Over-sampling is the most popular technique to solve the problem of imbalanced
classification. However,the existing approaches based on over-sampling have some limits,such as the new synthetic
samples located in the area of the initial region of their own class could not improve the class imbalance distribution
actively in data space. In addition, the samples belong to different classes in original data space may be overlapping,

which will lead the synthetic samples to deviate to the areas of other classes. It will cause serious over generaliza-
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tion,and then decrease the accuracy of the minority classes. In order to solve these problems, the Quadratic Synthetic

Minority Over-sampling Technique, termed QSMOTE,is proposed. Firstly,the samples with more important infor-

mation are selected from the samples with large support value during the first synthesis. In the second phase, the

synthetic sphere is adjusted by the distribution of samples on a certain domain, which is defined by the center of mass

of the minority classes. Substantial experiments on UCI and MNIST data sets demonstrat that the proposed

QSMOTE algorithm can not only decrease the imbalance of data distribution, but also avoid over generalization as

much as possible. Moreover,it can perform well on the classification accuracy of unbalanced data sets,especially for

the minority data.

Key words: multiclass imbalance problems, over generation, overlapping, Synthetic Minority Over-sampling

Technique(SMOTE)
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Table 1 Summary description of datasets
Data set # Attributes  # Examples  # Classes  # The minority classes ~ # The minority/ # The majority
Glass 9 214 6 1 9/76
Page_Block 10 5473 5 4 28/4913
UCI Yeast 8 600 3 2 50/450
Abalone 8 2200 3 2 100/1500
Ecoli 7 272 3 1 52/143
MNIST 784 4450 10 9 50/4000
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Table 2 The experimental results of different algorithms with different sop (k=5)

SVM SVM-+SMOTE SVM-+Borderline-SMOTE ~ SVM+QSMOTE

sop Dataset

g-means F g-means F g-means F g-means F

Glass 0.7581 0.8000 0.7581 0.8000 0.8476 0.9091 0.8526 0.9251
Page_Block 0.3991 0.2553 0.4100 0.2676 0.3991 0.2553 0.4100 0.2676
Yeast 0 0 0.5235 0.3509 0.6164 0.4318 0.6495 0.4789
03 Abalone 0 0 0.2994 0.1451 0.1420 0.3396 0.4890 0.4268
Ecoli 0 0 0.2821 0.3896 0 0 0.1784 0.3038
MNIST 0.9006 0.8439 0.9178 0.8492 0.9006 0.8439 0.9178 0.8492
Glass 0.7581 0.8000 0.8476 0.9091 0.8476 0.9091 0.8476 0.9091
Page_Block 0.3991 0.2553 0.4206 0.2797 0.4100 0.2676 0.4098 0.2657
. Yeast 0 0 0.5164 0.3390 0.5888 0.4045 0.6495 0.4789
02 Abalone 0 0 0.2896 0.1376 0.1205 0.3333 0.4832 0.4281
Ecoli 0 0 0.2821 0.3896 0 0 0.2523 0.3117
MNIST 0.9006 0.8439 0.8995 0.8249 0.9006 0.8439 0.9129 0.8671
Glass 0.7581 0.8000 0.7581 0.8000 0.8305 0.9091 0.8476 0.9091
Page_Block 0.3991 0.2553 0.3991 0.2553 0.4100 0.2676 0.3991 0.2553
0.8 Yeast 0 0 0.5029 0.3279 0.6495 0.4789 0.6498 0.4834
Abalone 0 0 0.2294 0.1451 0.1320 0.3365 0.4871 0.4288
Ecoli 0 0 0.2821 0.3896 0 0 0.1784 0.3038
MNIST 0.9006 0.8439 0.9001 0.8202 0.9006 0.8439 0.9129 0.8523
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Table 3 The experimental results of different algorithms with different sop (k=10)

SVM SVM+SMOTE SVM+Borderline-SMOTE ~ SVM-+QSMOTE

sop Dataset

g-means F g-means F g-means I g-means F

Glass 0.7638 0.9091 0.7638 0.8333 0.7638 0.8333 0.7817 0.9091
Page_Block  0.3991 0.2553 0.4206 0.2797 0.3986 0.2517 0.4409 0.3014
Yeast 0 0 0.5497 0.3692 0.5501 0.3918 0.6107 0.4270
03 Abalone 0 0 0.4132 0.2490 0.1420 0.4310 0.3880 0.2175
Ecoli 0 0 0.2821 0.3896 0 0 0.1708 0.2785
MNIST 0.9006 0.8439 0.9117 0.8427 0.9006 0.8439 0.9238 0.8603
Glass 0.7638 0.9091 0.7638 0.9091 0.7638 0.9091 0.7993 0.9091
Page_Block  0.3991 0.2553 0.4098 0.2657 0.3988 0.2553 0.4206 0.2797
0.5 Yeast 0 0 0.5538 0.3692 0.5900 0.4255 0.5872 0.4086
Abalone 0 0 0.3059 0.1500 0.1205 0.2791 0.4392 0.4291
Ecoli 0 0 0.2821 0.3896 0 0 0.1708 0.2785
MNIST 0.9006 0.8439 0.9001 0.8295 0.9006 0.8439 0.9184 0.8539
Glass 0.7638 0.9091 0.7638 0.9091 0.7817 0.9091 0.7993 0.9091
Page_Block  0.3991 0.2553 0.4310 0.2917 0.3991 0.2553 0.4206 0.2797
Yeast 0 0 0.5538 0.3750 0.5578 0.4118 0.6272 0.4500
0.8 Abalone 0 0 0.3153 0.1576 0.4318 0.3352 0.4378 0.3396
Ecoli 0 0 0.2821 0.3896 0 0 0.1708 0.2785
MNIST 0.9006 0.8439 0.9238 0.8603 0.9006 0.8439 0.9006 0.8439
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Table 4 The experimental results of different algorithms with different sop (k=15)

SVM SVM-+SMOTE SVM-+Borderline-SMOTE ~ SVM+QSMOTE
sop Dataset
g-means F g-means F g-means F g-means F
Glass 0.7112 0.8000 0.7951 0.9091 0.7951 0.9091 0.7951 0.9091
Page_Block  0.3991 0.2553 0.4310 0.2917 0.4096 0.2639 0.4412 0.3034
0.3 Yeast 0 0 0.5302 0.3492 0.1963 0.3562 0.6443 0.4634
Abalone 0 0 0.4222 0.2581 0.1420 0.2767 0.4368 0.4325
Ecoli 0 0 0.2821 0.3896 0.1995 0.3797 0.1708 0.2785
MNIST 0.9006 0.8439 0.9123 0.8427 0.9006 0.8439 0.9056 0.8515
Glass 0.7112 0.8000 0.7951 0.9091 0.7112 0.8000 0.6948 0.8000
Page_Block  0.3991 0.2553 0.4310 0.2917 0.3988 0.2553 0.4310 0.2917
0.5 Yeast 0 0 0.5938 0.4235 0.1414 0.3649 0.6110 0.4242
Abalone 0 0 0.4352 0.2742 0.1205 0.2253 0.4392 0.2387
Ecoli 0 0 0.2821 0.3896 0.1995 0.3797 0.2913 0.4156
MNIST 0.9006 0.8439 0.9129 0.8674 0.9006 0.8439 0.9178 0.8429
Glass 0.7112 0.8000 0.7951 0.9091 0.7581 0.9091 0.8710 1.0000
Page_Block  0.3991 0.2553 0.4206 0.2797 0.4098 0.2657 0.4308 0.2897
0.8 Yeast 0 0 0.6146 0.4478 0.1414 0.3649 0.6278 0.4491
Abalone 0 0 0.4204 0.2570 0.4871 0.2177 0.4387 0.2811
Ecoli 0 0 0.2821 0.3896 0.1995 0.3797 0.2913 0.4156
MNIST 0.9006 0.8439 0.9238 0.8603 0.9006 0.8439 0.9129 0.8571
x5 FAEAXHETEEENIRER k=20
Table 5 The experimental results of different algorithms with different sop (k =20)
SVM SVM+SMOTE SVM+Borderline-SMOTE ~ SVM+QSMOTE
sop Dataset
g-means F g-means F g-means F g-means F
Glass 0.8710 1.0000 0.8710 0.1000 0.8710 1.0000 0.8710 1.0000
Page_Block  0.3991 0.2553 0.4310 0.2917 0.4102 0.2695 0.4206 0.2797
0.3 Yeast 0 0 0.6254 0.4507 0.5292 0.3711 0.6498 0.4706
Abalone 0 0 0.4570 0.3062 0.1420 0.2397 0.4638 0.3767
Ecoli 0 0 0.2443 0.3864 0.1995 0.3797 0.1784 0.3038
MNIST 0.9006 0.8439 0.9117 0.8380 0.9006 0.8439 0.9250 0.8701
Glass 0.8710 1.0000 0.8710 0.1000 0.8710 1.0000 0.8906 1.0000
Page_Block 0.3991 0.2553 0.4310 0.2917 0.4204 0.2778 0.4333 0.2596
0.5 Yeast 0 0 0.6301 0.4571 0.5780 0.4314 0.6218 0.4390
Abalone 0 0 0.4659 0.3202 0.1205 0.2076 0.4638 0.3767
Ecoli 0 0 0.1995 0.3797 0.1995 0.3797 0.1708 0.2785
MNIST 0.9006 0.8439 0.9056 0.8315 0.9006 0.8439 0.9184 0.8588
Glass 0.8710 1.0000 0.8710 0.1000 0.8710 1.0000 0.8906 1.0000
Page_Block 0.3991 0.2553 0.4310 0.2917 0.3991 0.2553 0.4310 0.2917
0.8 Yeast 0 0 0.6495 0.4789 0.5371 0.7416 0.6272 0.4500
Abalone 0 0 0.4570 0.3062 0.4871 0.2424 0.4387 0.2811
Ecoli 0 0 0.1961 0.0741 0.1995 0.3797 0.1708 0.2785

MNIST 0.9006 0.8439 0.8995 0.8202 0.9006 0.8439 0.9184 0.8588
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Table 6 The experimental results of QSMOTE and other algorithms
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* QSMOTE HoAts QSMOTE HoAts QSMOTE Hofte
5 13 7 0 0 5 11
10 11 7 0 3 7 8
15 11 5 ! 4 3 9
20 9 6 3 4 6 8
At 44 25 7 11 21 36
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Table 7 The experimental results of QSMOTE and other SMOTE algorithms with different k

SMOTE Borderline-SMOTE QSMOTE
* g-means F g-means F g-means F
5 0.5288 0.4678 0.4831 0.4652 0.5847 0.5414
10 0.5459 0.4922 0.4778 0.4567 0.5560 0.5141
15 0.5711 0.5189 0.4451 0.4933 0.5751 0.5302
20 0.5860 0.3791 0.5298 0.5393 0.5824 0.5374
*8 ARXHETHEHEHNEIRER
Table 8 The experimental results of QSMOTE and other SMOTE algorithms with different sop
SMOTE Borderline-SMOTE QSMOTE
o g means F g means F g means F
0.3 0.5602 0.4658 0.4732 0.4860 0.5715 0.5327
0.5 0.5594 0.4720 0.4668 0.4784 0.5739 0.5269
0.8 0.5543 0.4557 0.5119 0.5017 0.5784 0.5328
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Fig. 2 The experimental results of different algorithms

with optimal parameters
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Fig. 3 The experimental results of different algorithms
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Fig. 4 The experimental results of different algorithms
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