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Abstract

There are many studies related to imbalanced data in which the class distribution is highly skewed. To
address the problem of imbalanced data, previous studies deal with resampling techniques which correct the
skewness of the class distribution in each sampled subset by using under-sampling, over-sampling or hybrid-
sampling such as SMOTE. Ensemble methods have also alleviated the problem of class imbalanced data.
In this paper, we compare around a dozen algorithms that combine the ensemble methods and resampling
techniques based on simulated data sets generated by the Backbone model, which can handle the imbalance
rate. The results on various real imbalanced data sets are also presented to compare the effectiveness
of algorithms. As a result, we highly recommend the resampling technique combining ensemble methods
for imbalanced data in which the proportion of the minority class is less than 10%. We also find that each
ensemble method has a well-matched sampling technique. The algorithms which combine bagging or random
forest ensembles with random undersampling tend to perform well; however, the boosting ensemble appears
to perform better with over-sampling. All ensemble methods combined with SMOTE outperform in most

situations.
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Table 2.1. The confusion matrix of a classification model

Predi 1
Actual Class redicted Class

Minority (Positive) Majority (Negative)
Minority (Positive) a (= True Positive) b (= False Negative)
Majority (negaitive) ¢ (= False Positive) d (= True Negative)
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Data Preprocessing Method Ensemble Method Model
Raw data
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Figure 3.1. Thirteen models according to data preprocessing technique with ensemble methods for imbalanced
data

Table 4.1. Data size of majority class and minority class generated by the Backbone model with ¢ =3 and s =1

Imbalance Ratio (%) Majority Minority Proportion of Minority
1 294 18 5.8%
3 250 16 19.9%
5 156 156 50.0%
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Figure 4.1. Data description generated by Backbone model according to the imbalance ratio(i) for ¢ = 3 and
s = 1): First-row figures display the data with one predictor variable and second-row figures the data with two

predictor variables

Table 4.2. Performance for all the models applied to the data generated by Backbone model with one predictor

x1

variable with i =1, ¢ =3, s =1

Q125 0375 0625 |

1

x1

Q125 Q375 0625 0875

Imblance ratio

(= 1) AUC ACC F-measure G-mean
RBM 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
M1 0.989 + 0.074 0.979 + 0.071 0.875 + 0.108 0.988 + 0.078
M2 0.857 + 0.078 0.979 £ 0.073 0.833 + 0.071 0.845 + 0.078
M3 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
UM1 0.839 + 0.077 0.725 £+ 0.076 0.483 + 0.113 0.795 + 0.082
UM2 0.680 + 0.080 0.549 £ 0.076 0.250 £+ 0.109 0.593 + 0.076
UM3 0.994 + 0.073 0.978 £ 0.073 0.925 £+ 0.101 0.984 + 0.074
OM1 0.989 + 0.074 0.982 + 0.073 0.867 + 0.099 0.978 + 0.075
OM2 0.989 + 0.085 0.979 £ 0.076 0.867 + 0.089 0.984 + 0.075
OM3 1.000 £ 0.000 1.000 £ 0.000 1.000 =£ 0.000 1.000 £ 0.000
HM1 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
HM2 0.890 + 0.074 0.893 + 0.073 0.520 + 0.101 0.805 + 0.073
HM3 1.000 £ 0.000 1.000 £ 0.000 1.000 =£ 0.000 1.000 £ 0.000
A 5W57F 17021 Table 4.2004& BE 7|SA oA 2ze] WAL wj7o] v Rt 5o A

EbgA g o &7 5 7<) Table 4.49} Table 4.50 4= 23] ¢gtt}. =, Table 4.2004 Asj1w
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Table 4.3. Performance for all the models applied to the data generated by Backbone model with one predictor

variable with ¢ =3, ¢ =3, s = 1.

Imblance ratio

(i = 3) AUC ACC F-measure G-mean
RBM 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
M1 1.000 % 0.000 1.000 + 0.000 1.000 % 0.000 1.000 % 0.000
M2 1.000 £ 0.000 1.000 £ 0.000 1.000 % 0.000 1.000 £ 0.000
M3 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
UM1 0.994 £ 0.082 0.986 £ 0.076 0.972 £ 0.113 0.993 £ 0.077
UM2 0.954 £ 0.076 0.980 £ 0.076 0.942 £ 0.109 0.945 £ 0.080
UM3 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
OM1 1.000 £ 0.000 1.000 + 0.000 1.000 % 0.000 1.000 £ 0.000
OM2 1.000 % 0.000 1.000 + 0.000 1.000 % 0.000 1.000 % 0.000
OM3 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
HM1 1.000 £ 0.000 1.000 £ 0.000 1.000 % 0.000 1.000 % 0.000
HM2 0.992 £ 0.064 0.981 £ 0.072 0.974 £ 0.101 0.985 £ 0.063
HM3 0.995 £ 0.073 0.991 £ 0.075 0.974 £ 0.057 0.994 £ 0.072

Table 4.4. Performance for all the models applied to the data generated by Backbone model with two predictor

variables with i =1, ¢c=3,s=1

Imblance ratio

(= 1) AUC ACC F-measure G-mean
RBM 0.682 + 0.052 0.984 + 0.074 0.384 + 0.074 0.680 + 0.080
M1 0.989 + 0.074 0.979 £+ 0.071 0.745 + 0.108 0.988 + 0.078
M2 0.857 + 0.078 0.979 £ 0.073 0.362 + 0.071 0.845 + 0.078
M3 1.000 +£ 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 +£ 0.000
UM1 0.827 + 0.077 0.725 £+ 0.076 0.483 + 0.113 0.795 + 0.082
UM2 0.680 + 0.080 0.949 + 0.076 0.200 + 0.109 0.598 + 0.076
UM3 0.998 + 0.073 0.978 + 0.068 0.500 + 0.101 0.984 + 0.074
OM1 0.984 + 0.074 0.982 + 0.072 0.867 + 0.099 0.978 + 0.075
OM2 0.985 + 0.085 0.979 £ 0.076 0.865 + 0.089 0.984 + 0.075
OM3 0.980 + 0.085 0.980 + 0.069 0.825 + 0.087 0.875 + 0.075
HM1 0.895 + 0.053 0.765 £ 0.085 0.325 + 0.102 0.768 + 0.052
HM2 0.890 + 0.074 0.893 + 0.073 0.253 + 0.098 0.862 + 0.073
HM3 0.951 + 0.053 0.875 £ 0.052 0.520 + 0.101 0.924 + 0.025
W RaEe] A% AUC 712w HojERle Aol Aol B4 Hgler, BeEolt sholls
ZHoMAME 2dl8] B/ Aol 2A BolgES & 5 Atk 53] FrmeasureEs 314 & wf &5AF
o thet ol Zol it FUNZEE AHUH FaBAoIt sholuFls B9 Walo) 23l PHE A5
o IS o) 3 Hes i =32 3= AF Table

Table 4.4% Figure 41604 F 749] el 5048 230, i = 19 279 A= 4% vlolgo] e 4%
Asolc). 28 el A9 Table 420149 ATe} PN R FHLEAT 49 AAA7} e A

92 & % dgith 2 Table 459 AT & 4 glol
274 AE7 4ohA) 93 A5PT W Eol F N%AEY Hoj® BFYL REAL Holgg AH
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Table 4.5. Performance for all the models applied to the data generated by Backbone model with two predictor
variables with ¢ =3, c=3,s=1
Imbl ti
m (a'mceg;a 10 AUC ACC F-measure G-mean
7 =
RBM 0.984 + 0.074 0.982 + 0.073 0.867 £ 0.099 0.978 £+ 0.075
M1 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 % 0.000
M2 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
M3 1.000 4+ 0.000 1.000 £+ 0.000 1.000 £ 0.000 1.000 £ 0.000
UM1 0.998 + 0.073 0.978 £ 0.073 0.925 £ 0.101 0.984 £+ 0.074
UM2 0.984 £ 0.072 0.982 £ 0.068 0.867 £ 0.099 0.978 £ 0.068
UM3 0.998 + 0.068 0.978 £ 0.054 0.925 + 0.048 0.984 + 0.064
OM1 1.000 4 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
OM2 1.000 % 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
OM3 1.000 £ 0.000 1.000 £+ 0.000 1.000 £ 0.000 1.000 £ 0.000
HM1 1.000 4 0.000 1.000 £ 0.000 1.000 £ 0.000 1.000 + 0.000
HM2 0.989 £ 0.074 0.979 £ 0.071 0.875 £ 0.108 0.988 £ 0.078
HM3 1.000 £ 0.000 1.000 £+ 0.000 1.000 £ 0.000 1.000 £ 0.000
Table 5.1. Summary description of the imbalanced data sets used in this study

Dataset No. of Obs. No. of predictors Minority (%)
Ecoli 336 7 104
Page-block 5473 10 10.2

Abalone 731 8 9.9

Flag 194 26 9.8
CM1 496 21 9.7
Vowel 988 13 9.2
Cleveland 173 13 7.5
Hyper-Thyroid 2278 23 5.9
Letter 20000 16 4.0
PC1 1107 21 0.7
g FAE EF g3 Bt
Figure 4.1614 A58 32290 o8 tlo|H 2L cSusEe gfoje wuAoz Bas &
£ A0/ e, AEEYOo T CARTE ASE 29 volee] B@yel A5t e 290
£ AUCU ACC 59 gho] o2 12 93] o35: 42 & 4 ek 22} 39e] 48 Table
4.4} Table 4.5 B-%ol= Ed & ol AdHAl k2 -7l nlsh 5450l oA, vlo|He] HdAelz
FE A585S 59 5 U5S & 5 AUtk B3 HHE HE T AY 222EY 45l =4 vEk
Fee 4 Uk
5. Al Holg] 24
o] Aox= AAe B¢ 3 vlolHol dSEF S A3 uf ofd o] 7P BHA ol AeA] Gt
A3, DA 273 1371409 RHL A Amo] AFHHES By AlE A lolEl} nAA =
UG dolHe B8 HolHE 7:302 $Ustel, 1008 W SN2 Atk £9, FIBS A

|3 uf ESEYP] £5 100712 EFo] 1HF7| =2 Sk
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Figure 5.1. Performances of thirteen models averaged across all data sets
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Table 5.6. Results for model comparison based on Wilcoxon test

comparison p-value

AUC ACC F-measure G-mean
HM3 vs. RBM 0.005** 0.005** 0.005** 0.203
HM3 vs. M1 0.007** 0.575 0.646 0.009**
HMS3 vs. M2 0.013* 0.314 0.646 0.013*
HM3 vs. M3 0.007** 0.051 0.575 0.007**
HM3 vs. UM1 0.022* 0.005** 0.005** 0.169
HMS3 vs. UM2 0.013* 0.005** 0.007** 0.053
HM3 vs. UM3 0.005** 0.005** 0.005** 0.097
HM3 vs. OM1 0.009** 0.959 0.059 0.007**
HMS3 vs. OM2 0.018* 0.192 0.646 0.575
HM3 vs. OM3 0.008** 0.314 0.760 0.009**
HM3 vs. HM1 0.025* 0.059 0.059 0.202
HMS3 vs. HM2 0.005** 0.011* 0.074 0.314

x : p-value < 0.05; *x : p-value < 0.01
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