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ABSTRACT

Classification models are widely use in real-world application. Imbalanced class
situation tend to occur in many cases. It is when one of the labels has smaller portion than the
other, for example, a number of customers who cancel their subscription compared to all
subscriber in telecommunication industry. This problem leads to compromised model
performances. There are many pre-processing techniques have been proposed such as under-
sampling, over-sampling and hybrid-sampling to handle this situation. In this work, we proposed
an alternative data pre-processing framework called TwO-levels of Positive resampling (TOP).
The main idea of this method is to perform resampling task in two areas around each minority
instance. It generates synthetic minority in an inner area which is closest to genuine minority
while reduce majority class that located in an outer area. With this approach, artificial data points
were created more carefully with less majority information loss. We have benchmarked TOP with
3 types of resampling techniques including over-sampling, under-sampling, and hybrid-sampling
by training 11 machine learning model on 15 datasets. As a result, our technique has improved

model performance up to 8.52 percent compared to other techniques.
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2.1.4 anuFUFouveItoya (Data Complexity)
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2.1.6 TweanldlumstSuangadoya (Re-balancing Algorithm)
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2.1.68 miguadidoyalasdredeninaunuintiuvesdoya (Density Based

Synthetic Minority Over-Sampling Technique)
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3.2.3 A5MIUUY TwO-levels of Positive + SMOTE (TOP+SMOTE)
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3.2.4. 353U TwO-levels of Positive + RSLS (TOP+RSLS)
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3.4 FuadUMIMNUVRIITMINTnauslagazdua

Algorithm 1 : TwO-level of Positive resampling

Input:
S is an imbalanced m x n dataset.
Parameter:
ir is an Inner level epsilon (0 to 1).
Eout 15 an outer level epsilon (0 to 1).
pos;y, 1s & percentage of positive In inner level (0 to 1).
negem 1s a percentage of negative to be removed (0 to 1).
t is an oversampling technique.
e is 2 number of errors allowed (1 to +o0).
... depends on oversampling technique.
Output:
Modified Dataset

1: function TOP(S, e, Sout, POSin, MEGrm s Ty ... )
el M ATy = EucLIDDIsSTANCE(S)

3 MAT;,, = FINDMEMBER(M ATy, 0, 84)

4 MAT,,, = FINDMEMBER(M AT y; ot, €1y €out)
5: MAT, o = FINDMEMBER(M AT 4551, €out, 1)
6 P = CoUNT(pesitive € §)

7

8

9

MATo sresue = OVERSAMPLING (¢, M AT} v, pOSin, P)

M ATy gresus = UNDERSAMPLING (M AT e, n€Gout)
return MATO Sresult U MATUSTe sult U MATnan
end function

11: function FINDMEMBER(M ATy, €min, Smaz)

12: MAT, = RANGESCALER(M ATy)

13: for all d € M ATy, do

14: if d > e and d < g4, then
15: MAT ember = d

16: else

17: if €4 #0 and d > £, then
18: MATnonmamber =d

10 end if

20: end if

21: end for

22: if MAT onmemper = 2 then

23: return M AT, .crmper

24: else

25: return M AT, o.member

261 end if

27: end function

28: function OVERSAMPLING (M AT nner, POSin, P 1, ...)

> Produce m X n matrix of distance between data point in 5
> Produce m X n matrix of inner area
> Produce m X n matrix of outer area
> Produce m X n matrix of out of area

> Produce total number of positive instance in &
> Produce m X n matrix of oversampled data
> Produce m x n matrix of undersampled data

> Rescale distance value into range O to 1
> Loop check all distance value between data point through M ATy,

> Add data point which lies in given area

> Add data point which is not located in given area

= Where pos is consideration positive instance
> Where p is positive in pos area

> Reduce duplicate positive which generated by OSWRAPPER()

20: for all pos ¢ M AT, e do

30: p = COUNT(p € pos)

31 if % x 100 < pos;, then

32: if ¢ == "wanilla" then

33 M AT eonts = VANILLA(M AT, )
34 else

35: MAT cque = OSWRAPPER(M AT pner .., 1€, ..0)
36: MAT, sy = REDUCER(M AT 5u14)
37 end if

38: end if

39: end for

40: return M AT conis

41: end function

42: function VANILLA(M atinper, POSin )

MAT, . sue = SWAPCLASS (negative, postitve)
return M AT, .ozt

: end function

1 Convert negative instance to positive instance
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Algorithm 1 : TwO-level of Positive resampling (continued)

46: function OSWRAPPER(M AT}, .. t, 0, ... )

47 i=0

48 MAT peroe = MAT ;e > Backup original M AT, er
49: while ¢ £ e do

50: try

51: MAT,, que = FuncTiON $(M AT} er, ) > Where ¢ is an algorithm such as SMOTE, RSLS etc.
52 return M AT, .

53 catch error

B if ¢ == e then

55 return M AT erbi > Return M AT pesbi i error cannot be resolved
56 else

57 M AT pper = randomly duplicate 1 pos - Randomly select pos from M ATpper and add to self
58: 44— i+ 1

5 end if

60: end try

61: end while

62: end function

63: function UNDERSAMPLING (M AT Guter, NEGrm )

6 for all pos € M AT, ;.. do > Where pos i3 consideration positive instance
65: n = COUNT(n € pos) > Where 7 is negative in pos area.
66: rm = ROUND(n X negrwm) > Round value into number of negative to be removed
67: MAT,cqure = RANDREMOVE(M AT, 0, rr2) > Randomly remove negative at rm size in pos area from M AT e,
68: end for

69: return M AT, .

70: end function
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e ldhmsdszunamadnyaugmsviannuaugatazanuiudon Tagdnyauzns
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o UMY UM WY | FTAUMS | FTAUMS
féu %aﬁgﬂ%ya o %’ey'aﬁ Yoya Yoy nudeu | MNudeu
ANNANAA
) Taiwe Positive Negative F2 F3

1 ecoli2 5.46 232 52 284 0.00 0.21
2 glass0 2.05 74 70 144 0.00 0.29
3 glassl 1.81 62 76 138 0.01 0.10
4 glass6 6.37 156 29 185 0.01 0.62
5 haberman 2.77 144 81 225 0.72 0.03
6 Liver-disorders 1.37 55 200 145 0.07 0.03
7 new-thyroidl 5.14 145 35 180 0.00 0.81
8 new-thyroid2 5.14 145 35 180 0.00 0.81
9 page-blocks-1-3 vs 4 15.8 416 444 28 0.00 0.83
10 pima 1.86 232 500 268 0.25 0.01
11 vehiclel 2.89 412 217 629 0.00 0.06
12 vehicle2 2.88 410 218 628 0.00 0.23
13 wisconsin 1.85 205 444 239 0.22 0.12
14 yeastl 2.45 626 1055 429 0.00 0.04
15 yeast3 8.1 1158 1321 163 0.00 0.54
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1. Decision Tree (C4.5)

2. Decision Tree (C5.0)

3. Random Forest (RF)

4. eXtreme Gradient Boosting Tree (XGB)
5. Naive Bayes (NB)

6. Logistics Regression (LR)

7. 1-Nearest Neighbor (1-NN)

8.  3-Nearest Neighbor (3-NN)

9.  5-Nearest Neighbor (5-NN)

10. Neural Network (NN)

11. Support Vector Machine with RBF (SVM)
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1) R: A language and environment for statistical computing (version 3.4.4)

2) R: Package
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Average Area Under ROC Improvement compared to Baseline
Based on 15 datasets
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Area Under ROC Rank Count Grouped by Sampling Techniques

Based on 15 Datasets and 11 Classifiers
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Area Under PRC Rank Count Grouped by Sampling Techniques
Based on 15 Datasets and 11 Classifiers
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7.1 wamanaaoul sz ansnuaienleIauLl Fl

A Yy v A
AT NN 7.1.1 NﬁﬂWiﬂﬂﬁﬂUﬂ?ﬂﬂlﬂwﬂ’d‘gﬂﬂ 1

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.786 | 0.825 | 0.735 | 0.666 | 0.832 | 0.859 | 0.894 | 0.469 | 0.690 | 0.815 | 0.859

ROS 0.788 | 0.809 | 0.778 | 0.720 | 0.832 | 0.730 | 0.713 | 0.390 | 0.782 | 0.824 | 0.846

SMOTE 0.763 | 0.800 | 0.755 | 0.747 | 0.773 | 0.763 | 0.774 | 0.514 | 0.768 | 0.836 | 0.886

RSLS 0.758 | 0.820 | 0.755 | 0.741 | 0.832 | 0.858 | 0.873 | 0.569 | 0.738 | 0.821 | 0.892

OVUN 0.812 | 0.801 | 0.723 | 0.732 | 0.836 | 0.778 | 0.865 | 0.434 | 0.725 | 0.852 | 0.886

ROSE 0.275 | 0.275 | 0.428 | 0.737 | 0.633 | 0.677 | 0.673 | 0.342 | 0.728 | 0.311 | 0.769

DBSM 0.767 - - - - - - - - - -

TOP+V 0.811 | 0.877 | 0.794 | 0.728 | 0.832 | 0.870 | 0.894 | 0.469 | 0.759 | 0.875 | 0.905

TOP+ROSE | 0.832 | 0.877 | 0.785 | 0.738 | 0.846 | 0.870 | 0.894 | 0.469 | 0.746 | 0.850 | 0.905

TOP+SMOT
E 0.811 | 0.877 | 0.787 | 0.730 | 0.846 | 0.870 | 0.894 | 0.522 | 0.748 | 0.857 | 0.894

TOP+RSLS | 0.811 | 0.877 | 0.816 | 0.743 | 0.846 | 0.870 | 0.894 | 0.617 | 0.769 | 0.868 | 0.894

M5199 7.1.2 HamInadoUAlIetoyagyai 2

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.704 | 0.747 | 0.670 | 0.595 | 0.711 | 0.663 | 0.692 | 0.622 | 0.634 | 0.787 | 0.688

ROS 0.721 | 0.786 | 0.763 | 0.638 | 0.711 | 0.727 | 0.708 | 0.635 | 0.692 | 0.780 | 0.743

SMOTE 0.675 | 0.768 | 0.691 | 0.622 | 0.718 | 0.709 | 0.717 | 0.622 | 0.650 | 0.807 | 0.724

RSLS 0.708 | 0.781 | 0.711 | 0.614 | 0.714 | 0.685 | 0.691 | 0.620 | 0.659 | 0.814 | 0.738

OVUN 0.716 | 0.763 | 0.689 | 0.606 | 0.700 | 0.687 | 0.686 | 0.625 | 0.643 | 0.775 | 0.684

ROSE 0.644 | 0.639 | 0.631 | 0.640 | 0.607 | 0.631 | 0.623 | 0.636 | 0.637 | 0.636 | 0.641

DBSM 0.711 - - - - - - - - - -

TOP+V 0.759 | 0.806 | 0.747 | 0.713 | 0.745 | 0.748 | 0.743 | 0.661 | 0.714 | 0.831 | 0.743

TOP+ROSE | 0.743 | 0.763 | 0.741 | 0.652 | 0.711 | 0.716 | 0.732 | 0.658 | 0.692 | 0.819 | 0.704

TOP+SMOT
E 0.724 | 0.747 | 0.730 | 0.659 | 0.711 | 0.716 | 0.732 | 0.658 | 0.695 | 0.799 | 0.712

TOP+RSLS | 0.724 | 0.747 | 0.741 | 0.659 | 0.711 | 0.716 | 0.732 | 0.658 | 0.692 | 0.806 | 0.710
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A Yy 9 A
AT NN 7.1.3 Naﬂ"l'iﬂﬂﬁf]ﬂﬂ’lﬂﬂlﬂyﬁijﬂ‘ﬂ 3

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.608 | 0.679 | 0.590 | 0.435 | 0.783 | 0.709 | 0.716 | 0.612 | 0.663 | 0.731 | 0.602

ROS 0.621 | 0.720 | 0.690 | 0.575 | 0.778 | 0.751 | 0.732 | 0.606 | 0.672 | 0.771 | 0.612

SMOTE 0.571 | 0.679 | 0.601 | 0.435 | 0.783 | 0.709 | 0.716 | 0.612 | 0.635 | 0.760 | 0.596

RSLS 0.673 | 0.782 | 0.654 | 0.576 | 0.783 | 0.755 | 0.760 | 0.617 | 0.649 | 0.778 | 0.634

OVUN 0.642 | 0.760 | 0.629 | 0.524 | 0.787 | 0.731 | 0.746 | 0.597 | 0.669 | 0.745 | 0.611

ROSE 0.578 | 0.567 | 0.628 | 0.442 | 0.625 | 0.646 | 0.614 | 0.594 | 0.647 | 0.670 | 0.588

DBSM 0710 | - - - - - - - - - -

TOP+V 0.748 | 0.798 | 0.693 | 0.621 | 0.819 | 0.757 | 0.771 | 0.628 | 0.726 | 0.805 | 0.638

TOP+ROSE | 0.678 | 0.769 | 0.662 | 0.612 | 0.792 | 0.776 | 0.752 | 0.620 | 0.683 | 0.768 | 0.658

TOP+SMOT
E 0.698 | 0.757 | 0.650 [ 0.600 | 0.792 | 0.772 | 0.744 | 0.620 | 0.703 | 0.772 | 0.675

TOP+RSLS | 0.662 | 0.750 | 0.646 | 0.605 | 0.797 | 0.772 | 0.770 | 0.618 | 0.703 | 0.771 | 0.648

MINAN 7.1.4 wamanageualedeyayai 4

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.766 | 0.868 | 0.858 | 0.850 | 0.864 | 0.805 | 0.810 | 0.844 | 0.825 | 0.886 | 0.800

ROS 0.763 | 0.883 | 0.869 | 0.773 | 0.864 | 0.782 | 0.740 | 0.808 | 0.867 | 0.886 | 0.867

SMOTE 0.789 | 0912 | 0.850 | 0.797 | 0.886 | 0.859 | 0.812 | 0.818 | 0.883 | 0.891 | 0.886

RSLS 0.824 | 0.896 | 0.883 | 0.830 | 0.864 | 0.805 | 0.782 | 0.775 | 0.810 | 0.891 | 0.800

OVUN 0.797 | 0.864 | 0.844 | 0.850 | 0.864 | 0.800 | 0.782 | 0.796 | 0.859 | 0.872 | 0.800

ROSE 0.828 | 0.861 | 0.872 | 0.859 | 0.791 | 0.849 | 0.847 | 0.790 | 0.839 | 0.848 | 0.775

DBSM 0.829 - - - - - - - - - -

TOP+V 0.830 | 0.868 | 0.911 | 0.850 | 0.864 | 0.805 | 0.810 | 0.844 | 0.892 | 0.926 | 0.830

TOP+ROSE | 0.870 | 0.873 | 0.911 | 0.898 | 0.864 | 0.820 | 0.810 | 0.844 | 0.892 | 0.906 | 0.866

TOP+SMOT
E 0.839 | 0.898 | 0.891 | 0.850 | 0.897 | 0.850 | 0.810 | 0.844 | 0.892 | 0.926 | 0.860

TOP+RSLS | 0.829 | 0.898 | 0.901 | 0.850 | 0.864 | 0.820 | 0.810 | 0.844 | 0.892 | 0.926 | 0.860
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A Y 9 A
AT NN 7.1.5 wamimaaumﬂmay‘amm 5

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.170 | 0.190 | 0.341 | 0.242 | 0.410 | 0.344 | 0.308 | 0.289 | 0.337 | 0.287 | 0.223

ROS 0.458 | 0.466 | 0.512 | 0.447 | 0.438 | 0.459 | 0.452 | 0.385 | 0.425 | 0.355 | 0.496

SMOTE 0.498 | 0.471 | 0.495 | 0.432 | 0.408 | 0.411 | 0.400 | 0.361 | 0.469 | 0.355 | 0.438

RSLS 0.466 | 0.456 | 0.460 | 0.424 | 0.399 | 0.399 | 0.345 | 0.351 | 0.389 | 0.337 | 0.446

OVUN 0.497 | 0.500 | 0.507 | 0.457 | 0.453 | 0.466 | 0.473 | 0.431 | 0.502 | 0.483 | 0.488

ROSE 0.475 | 0486 | 0.478 | 0.417 | 0.366 | 0.391 | 0.395 | 0.368 | 0.433 | 0.430 | 0.396

DBSM 0.467 - - - - - - - - - -

TOP+V 0.484 | 0.471 | 0.497 | 0.492 | 0.456 | 0.457 | 0.469 | 0.455 | 0.478 | 0.455 | 0.473

TOP+ROSE | 0.509 | 0.502 | 0.485 | 0.462 | 0.465 | 0.481 | 0.435 | 0.437 | 0.480 | 0.474 | 0.481

TOP+SMOT
E 0.452 | 0.453 | 0.465 | 0.427 | 0.469 | 0.457 | 0.441 | 0.423 | 0.464 | 0.465 | 0.443

TOP+RSLS | 0.493 | 0.453 | 0474 | 0427 | 0469 | 0.480 | 0.494 | 0423 | 0.463 | 0.471 | 0.445

AN 7.1.6 wamInageuReTeyayan 6

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.700 | 0.746 | 0.739 | 0.696 | 0.664 | 0.678 | 0.703 | 0.352 | 0.686 | 0.763 | 0.657

ROS 0.682 | 0.740 | 0.785 | 0.692 | 0.708 | 0.680 | 0.686 | 0.412 | 0.746 | 0.774 | 0.720

SMOTE 0.746 | 0.746 | 0.774 | 0.733 | 0.681 | 0.692 | 0.735 | 0.501 | 0.729 | 0.759 | 0.721

RSLS 0.736 | 0.746 | 0.772 | 0.733 | 0.681 | 0.692 | 0.735 | 0.501 | 0.672 | 0.784 | 0.725

OVUN 0.581 | 0.627 | 0.641 | 0.614 | 0.568 | 0.575 | 0.596 | 0.615 | 0.627 | 0.621 | 0.584

ROSE 0.564 | 0.552 | 0.567 | 0.556 | 0.545 | 0.538 | 0.526 | 0.584 | 0.549 | 0.543 | 0.570

DBSM - - - - - - - - - - -

TOP+V 0.645 | 0.662 | 0.693 | 0.653 | 0.614 | 0.624 | 0.628 | 0.621 | 0.644 | 0.686 | 0.630

TOP+ROSE | 0.606 | 0.663 | 0.679 | 0.631 | 0.621 | 0.618 | 0.616 | 0.608 | 0.628 | 0.678 | 0.628

TOP+SMOT
E 0.629 | 0.649 | 0.660 | 0.628 | 0.623 | 0.608 | 0.608 | 0.618 | 0.643 | 0.656 | 0.620

TOP+RSLS | 0.609 | 0.649 | 0.660 | 0.639 | 0.623 | 0.618 | 0.608 | 0.619 | 0.641 | 0.678 | 0.623
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A Y 9 A
AT 1WN 7.1.7 Wﬁﬂﬁﬂﬂﬁi‘]ﬂﬂ?ﬂﬂl@lﬂaﬂ;ﬂ‘ﬂ 7

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.870 | 0.920 | 0.868 | 0.940 | 0.930 | 0.871 | 0.849 | 0.898 | 0.989 | 0.946 | 0.879

ROS 0.909 | 0.920 | 0.943 | 0940 | 0.930 | 0.890 | 0.818 | 0.868 | 0.989 | 0.923 | 0.926

SMOTE 0.927 | 0941 | 0.929 | 0.960 | 0.950 | 0.905 | 0.859 | 0.888 | 0.975 | 0.955 | 0.922

RSLS 0.835 | 0.888 | 0.896 | 0.940 | 0.930 | 0.857 | 0.877 | 0.887 | 0.989 | 0.951 | 0.872

OVUN 0.862 | 0.901 | 0.871 | 0.940 | 0.930 | 0.905 | 0.869 | 0.907 | 0.989 | 0.966 | 0.873

ROSE 0.870 | 0.873 | 0.923 | 0.920 | 0.698 | 0.737 | 0.757 | 0.813 | 0.860 | 0.923 | 0.896

DBSM 0.913 - - - - - - - - - -

TOP+V 0.932 | 0960 | 0.966 | 0.975 | 0.950 | 0.908 | 0.890 | 0.898 | 0.989 | 0.986 | 0.916

TOP+ROSE | 0.916 | 0.949 | 0.946 | 0.975 | 0.939 | 0.919 | 0.906 | 0.903 | 0.989 | 0.969 | 0.955

TOP+SMOT
E 0963 | 0.963 | 0.927 | 0.949 | 0930 | 0919 | 0.854 | 0.923 | 0.989 | 0.955 | 0.921

TOP+RSLS | 0.940 | 0.960 | 0.927 | 0.949 | 0.939 | 0.919 | 0.854 | 0.923 | 0.989 | 0.966 | 0.912

M15199 7.1.8 HamsnadoUAIotoyayai 8

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.848 | 0.847 | 0.844 | 0.909 | 0910 | 0.876 | 0.820 | 0.927 | 0.969 | 0.916 | 0.913

ROS 0.852 | 0.849 | 0.866 | 0.909 | 0910 | 0914 | 0.883 | 0.875 | 0.975 | 0916 | 0.891

SMOTE 0.863 | 0.863 | 0.905 | 0.909 | 0.925 | 0.896 | 0.891 | 0.878 | 0.975 | 0.925 | 0.911

RSLS 0.840 | 0.882 | 0.902 | 0.909 | 0910 | 0.882 | 0.822 | 0.913 | 0.989 | 0.930 | 0.907

OVUN 0.836 | 0.843 | 0.867 | 0.909 | 0910 | 0.895 | 0.887 | 0.902 | 0.975 | 0.919 | 0.867

ROSE 0.838 | 0.801 | 0.897 | 0.900 | 0.696 | 0.743 | 0.771 | 0.847 | 0.850 | 0.866 | 0.876

DBSM 0.951 - - - - - - - - - R

TOP+V 0902 | 0941 | 0.920 | 0.943 | 0910 | 0910 | 0.865 | 0.927 | 0.989 | 0.989 | 0.944

TOP+ROSE | 0.871 | 0.897 | 0.907 | 0.929 | 0.925 | 0.921 | 0910 | 0.927 | 0.989 | 0.939 | 0.941

TOP+SMOT
E 0.886 | 0.897 | 0913 | 0958 | 0.963 | 0.901 | 0.867 | 0.927 | 0.989 | 0.939 | 0.933

TOP+RSLS | 0.886 | 0.897 | 0913 | 0.958 | 0.960 | 0.926 | 0.867 | 0.927 | 0.989 | 0.939 | 0.933
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M13197 7.1.9 amsnaaeuAIetoyayai 9

C45 | C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.769 | 0.811 | 0.602 | 0.594 | 0.667 | 0.618 | 0.611 | 0.468 | 0.802 | 0.860 | 0.739

ROS 0.910 0.627 | 0.798 | 0.701 | 0.612 | 0.575 | 0.867 | 0.950 | 0.907
SMOTE 0.932 0.549 - 0.778 | 0.686 _ 0917 | 0.907
RSLS 0.967 | 0.553 | 0.645 | 0.798 | 0.754 | 0.666 | 0.496 | 0.799 | 0.933 | 0.797

OVUN 0.908 | 0.967 | 0.540 | 0.583 | 0.798 | 0.764 | 0.666 | 0.496 | 0.865 | 0.919 | 0.917

ROSE 0.318 | 0.328 | 0.401 | 0.544 | 0.528 | 0.418 | 0.441 | 0.573 | 0.423 | 0.438 | 0.690

DBSM - = - - - - - - -

0.834

0.967 0.713

M3197 7.1.10 wamsnagouaIedoyayai 10

TOP+ROSE

TOP+SMOT

E

TOP+RSLS

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.578 | 0.568 | 0.559 | 0.636 | 0.515 | 0.513 | 0.519 | 0.606 | 0.503 | 0.569 | 0.619

ROS 0.634 | 0.588 | 0.680 | 0.661 | 0.543 | 0.557 | 0.573 | 0.652 | 0.560 | 0.645 | 0.654

SMOTE 0.599 | 0.643 | 0.633 | 0.637 | 0.545 | 0.530 | 0.546 | 0.623 | 0.536 | 0.641 | 0.634

RSLS 0.600 | 0.643 | 0.621 | 0.637 | 0.545 | 0.530 | 0.546 | 0.623 | 0.476 | 0.632 | 0.631

OVUN 0.620 | 0.634 | 0.660 | 0.665 | 0.559 | 0.563 | 0.576 | 0.626 | 0.533 | 0.641 | 0.655

ROSE 0.611 | 0.627 | 0.642 | 0.640 | 0.559 | 0.564 | 0.569 | 0.627 | 0.476 | 0.642 | 0.629

DBSM - - - - - - - - - - -

TOP+ROSE

TOP+SMOT

E

TOP+RSLS




M15199 7.1.11 Hamsnadoualetoyagyai 11
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C45 | C50 | XGB | LR | I-NN | 3NN [ 5NN | NB | NN | RF | sVM
BASE | 0.405 | 0.522 | 0.440 | 0587 | 0.423 | 0.438 | 0.454 | 0.513 | 0.528 | 0.501 | 0.464
ROS 0492 | 0.580 | 0.619 | 0.664 | 0.415 | 0.501 | 0.514 | 0.517 | 0.597 | 0.595 | 0.627
SMOTE | 0.561 | 0.609 | 0.586 | 0.644 | 0.437 | 0.505 | 0.522 | 0.520 | 0.601 | 0.561 | 0.605
RSLS | 0.605 | 0.596 | 0.589 | 0.660 | 0.436 | 0.498 | 0.510 | 0.514 | 0.622 | 0.547 | 0.596
OVUN | 0452 | 0576 | 0.501 | 0.592 | 0.428 | 0.462 | 0.484 | 0.510 | 0.605 | 0.551 | 0.513
ROSE | 0.492 | 0.565 | 0.589 | 0.529 | 0.426 | 0.468 | 0.500 | 0.509 | 0.518 | 0.573 | 0.559
DBSM 0.581 - - - - - - - - - -
TOoP+v | 0599 | 0.619 | 0.582 | 0.639 | 0.551 | 0.554 | 0.540 | 0.513 | 0.624 | 0.624 | 0.580
TOP+ROSE | 0.560 | 0.640 | 0.589 | 0.653 | 0.527 | 0.542 | 0.536 | 0.532 | 0.642 | 0.642 | 0.631
TOP+SMOT
E 0.567 | 0.619 | 0.553 | 0.637 | 0.535 | 0.534 | 0.536 | 0.517 | 0.640 | 0.612 | 0.651
TOP+RSLS | 0.576 | 0.619 | 0.540 | 0.637 | 0.540 | 0.538 | 0.536 | 0.517 | 0.613 | 0.620 | 0.659
A3 7.1.12 waﬂﬁmﬁauﬁ”m%’ay‘awﬁ 12
C45 | €50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svMm
BASE | 0922 | 0.963 | 0.936 | 0.941 | 0.854 | 0.839 | 0.815 | 0.593 | 0.964 | 0.977 | 0.936
ROS 0.940 | 0.973 | 0.888 | 0.935 | 0.850 | 0.815 | 0.790 | 0.651 | 0.908 | 0.981 | 0.949
SMOTE | 0.922 | 0.975 | 0.894 | 0.938 | 0.860 | 0.845 | 0.825 | 0.632 | 0.952 | 0.968 | 0.950
RSLs | 0.941 | 0966 | 0.892 | 0.942 | 0.857 | 0.845 | 0.828 | 0.621 | 0.937 | 0.966 | 0.956
OVUN | 0.923 | 0.960 | 0.868 | 0.924 | 0.768 | 0.695 | 0.640 | 0.262 | 0.892 | 0.964 | 0.949
ROSE | 0.746 | 0.784 | 0.847 | 0.799 | 0.567 | 0.577 | 0.546 | 0.634 | 0.656 | 0.847 | 0.836
DBSM 0.919 - - - - - - - - - -
TOP+v | 0.938 | 0.979 | 0.940 | 0.948 | 0.854 | 0.841 | 0.815 | 0.699 | 0.964 | 0.981 | 0.944
TOP+ROSE | 0.935 | 0.977 | 0.936 | 0.941 | 0.854 | 0.852 | 0.838 | 0.595 | 0.964 | 0.977 | 0.942
TOP+SMOT
E 0.939 | 0.977 | 0.937 | 0943 | 0.854 | 0.842 | 0.815 | 0.593 | 0.943 | 0.979 | 0.955
TOP+RSLS | 0.932 | 0.977 | 0.937 | 0.943 | 0.857 | 0.845 | 0.815 | 0.593 | 0.964 | 0.977 | 0.952




M135199 7.1.13 HamsnadouAIetoyagyai 13
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C45 | C50 | XGB | LR | I-NN | 3NN [ 5NN | NB | NN | RF | sVM
BASE | 0.945 | 0.954 | 0.952 | 0.954 | 0.942 | 0.956 | 0.960 | 0.945 | 0.947 | 0.963 | 0.942
ROS 0.943 | 0.954 | 0.946 | 0.956 | 0.938 | 0.957 | 0.958 | 0.948 | 0.947 | 0.953 | 0.946
SMOTE | 0.945 | 0.954 | 0.948 | 0.954 | 0.942 | 0.956 | 0.960 | 0.945 | 0.948 | 0.959 | 0.942
RSLS | 0.931 | 0.950 | 0.946 | 0.961 | 0.947 | 0.963 | 0.963 | 0.948 | 0.954 | 0.961 | 0.950
OVUN | 0932 [ 0.961 | 0.953 | 0.959 | 0.943 | 0.955 | 0.957 | 0.944 | 0.942 | 0.953 | 0.944
ROSE | 0.936 | 0.943 | 0957 | 0.954 | 0.929 | 0.949 | 0.945 | 0.942 | 0.950 | 0.951 | 0.945
DBSM 0.931 - - - - - - - - - -
ToP+v | 0951 | 0957 | 0.960 | 0.961 | 0.945 | 0.958 | 0.962 | 0.952 | 0.954 | 0.965 | 0.945
TOP+ROSE | 0.945 | 0963 | 0.959 | 0.959 | 0.962 | 0.964 | 0.964 | 0.950 | 0.963 | 0.965 | 0.948
TOP+SMOT
E 0.945 | 0.956 | 0.953 | 0.956 | 0.957 | 0.962 | 0.962 | 0.958 | 0.953 | 0.963 | 0.951
TOP+RSLS | 0.945 | 0.958 | 0.953 | 0.956 | 0.958 | 0.966 | 0.962 | 0.958 | 0.955 | 0.965 | 0.953
A3 7.1.14 waﬂﬁmﬁauﬁ”m%’ay‘awﬁ 14
C45 | €50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svMm
BASE | 0.504 | 0551 | 0.533 | 0.446 | 0.492 | 0.535 | 0.499 | 0.496 | 0.521 | 0.553 | 0.471
ROS 0.528 | 0.563 | 0.597 | 0.582 | 0.490 | 0.569 | 0.562 | 0.486 | 0.597 | 0.563 | 0.584
SMOTE | 0.595 | 0.596 | 0.608 | 0.584 | 0.505 | 0.589 | 0.573 | 0.490 | 0.612 | 0.615 | 0.580
RsLs | 0571 | 0.581 | 0.612 | 0.579 | 0.509 | 0.562 | 0.546 | 0.493 | 0.603 | 0.589 | 0.584
OVUN | 0.501 | 0.495 | 0.475 | 0.476 | 0.500 | 0.492 | 0.487 | 0.457 | 0.482 | 0.508 | 0.511
ROSE | 0.452 | 0452 | 0452 | 0583 | 0.524 | 0.555 | 0.568 | 0.464 | 0.584 | 0.453 | 0.575
pBsM | 0.573 | - - - - . - - - - -
TOP+v | 0585 | 0.595 | 0.601 | 0.591 | 0.539 | 0.564 | 0.560 | 0.496 | 0.600 | 0.592 | 0.586
TOP+ROSE | 0.573 | 0.605 | 0.606 | 0.592 | 0.520 | 0.566 | 0.554 | 0.503 | 0.605 | 0.592 | 0.591
TOP+SMOT
E 0.579 | 0.586 | 0.593 | 0.559 | 0.539 | 0.561 | 0.559 | 0.496 | 0.597 | 0.592 | 0.583
TOP+RSLS | 0.579 | 0.587 | 0.593 | 0.559 | 0.536 | 0.561 | 0.567 | 0.496 | 0.598 | 0.598 | 0.583
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C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM
BASE 0.768 | 0.759 | 0.765 | 0.738 | 0.649 | 0.696 | 0.749 | 0.429 | 0.697 | 0.746 | 0.749
ROS 0.700 | 0.776 | 0.773 | 0.655 | 0.649 | 0.664 | 0.647 | 0.301 | 0.752 | 0.784 | 0.727
SMOTE 0.766 | 0.759 | 0.781 | 0.676 | 0.659 | 0.674 | 0.686 | 0.361 | 0.753 | 0.779 | 0.737
RSLS 0.765 | 0.776 | 0.784 | 0.756 | 0.651 | 0.722 | 0.752 | 0.447 | 0.785 | 0.755 | 0.769
OVUN 0.691 | 0.730 | 0.728 | 0.599 | 0.642 | 0.618 | 0.584 | 0.320 | 0.649 | 0.732 | 0.668
ROSE 0.225 | 0.199 | 0.497 | 0.658 | 0.499 | 0.546 | 0.553 | 0.250 | 0.728 | 0.212 | 0.668
DBSM 0.705 - - - - - - - - - -
TOP+V 0.798 | 0.784 | 0.808 | 0.769 | 0.671 | 0.739 | 0.756 | 0.429 | 0.813 | 0.783 | 0.796
TOP+ROSE | 0.786 | 0.777 | 0.796 | 0.775 | 0.671 | 0.702 | 0.749 | 0.431 | 0.788 | 0.780 | 0.790
TOP+SMOT
E 0.786 | 0.776 | 0.799 | 0.764 | 0.671 | 0.702 | 0.749 | 0.429 | 0.775 | 0.785 | 0.786
TOP+RSLS | 0.786 | 0.776 | 0.800 | 0.764 | 0.671 | 0.702 | 0.749 | 0.429 | 0.775 | 0.790 | 0.786
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7.2 HaMINAAVYTLANTNNAEN U IAULY GM

A Yy v A
AT NN 7.2.1 Nﬁﬂﬁﬂﬂﬁ@ﬂﬂ’)ﬂﬂlﬂy‘ﬁi{ﬂﬂ 1

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5NN NB NN RF SVM

BASE 0.797 | 0.831 | 0.748 | 0.684 | 0.836 | 0.865 | 0.898 | 0.543 | 0.713 | 0.826 | 0.865

ROS 0.794 | 0.813 | 0.788 | 0.739 | 0.836 | 0.745 | 0.733 | 0.481 | 0.794 | 0.831 | 0.850

SMOTE 0.773 | 0.804 | 0.766 | 0.762 | 0.782 | 0.774 | 0.785 | 0.578 | 0.781 | 0.840 | 0.889

RSLS 0.767 | 0.823 | 0.766 | 0.748 | 0.836 | 0.861 | 0.876 | 0.621 | 0.746 | 0.830 | 0.895

OVUN 0.819 | 0.807 | 0.739 | 0.742 | 0.842 | 0.788 | 0.868 | 0.515 | 0.737 | 0.858 | 0.889

ROSE 0.399 | 0.399 | 0.515 | 0.755 | 0.666 | 0.704 | 0.701 | 0.447 | 0.744 | 0.425 | 0.781

DBSM - - - - - - - - - - -

TOP+V 0.821 | 0.881 | 0.805 | 0.733 | 0.836 | 0.875 | 0.898 | 0.543 | 0.765 | 0.880 | 0.908

TOP+ROSE | 0.843 | 0.881 | 0.796 | 0.745 | 0.851 | 0.875 | 0.898 | 0.543 | 0.755 | 0.858 | 0.908

TOP+SMOT
E 0.821 | 0.881 | 0.795 | 0.738 | 0.851 | 0.875 | 0.898 | 0.584 | 0.765 | 0.862 | 0.897

TOP+RSLS | 0.821 | 0.881 | 0.823 | 0.760 | 0.851 | 0.875 | 0.898 | 0.659 | 0.782 | 0.873 | 0.897

M5199 7.2.2 HansnadeUAlItoyayai 2

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.714 | 0.755 | 0.678 | 0.604 | 0.717 | 0.672 | 0.694 | 0.654 | 0.639 | 0.794 | 0.696

ROS 0.732 | 0.793 | 0.774 | 0.648 | 0.717 | 0.739 | 0.722 | 0.669 | 0.701 | 0.789 | 0.754

SMOTE 0.684 | 0.772 | 0.706 | 0.630 | 0.725 | 0.716 | 0.729 | 0.654 | 0.663 | 0.812 | 0.733

RSLS 0.717 | 0.786 | 0.720 | 0.622 | 0.721 | 0.690 | 0.700 | 0.653 | 0.671 | 0.819 | 0.745

OVUN 0.725 | 0.774 | 0.699 | 0.615 | 0.705 | 0.692 | 0.689 | 0.656 | 0.649 | 0.781 | 0.690

ROSE 0.682 | 0.680 | 0.676 | 0.658 | 0.648 | 0.679 | 0.673 | 0.678 | 0.679 | 0.678 | 0.680

DBSM - - - - - - - - - - -

TOP+V 0.773 | 0.815 | 0.757 | 0.727 | 0.753 | 0.757 | 0.751 | 0.700 | 0.734 | 0.836 | 0.751

TOP+ROSE | 0.754 | 0.772 | 0.752 | 0.667 | 0.717 | 0.739 | 0.748 | 0.698 | 0.708 [ 0.822 | 0.713

TOP+SMOT
E 0.736 | 0.755 | 0.741 | 0.675 | 0.717 | 0.739 | 0.748 | 0.698 | 0.711 | 0.806 | 0.722

TOP+RSLS | 0.736 | 0.755 | 0.754 | 0.675 | 0.717 | 0.739 | 0.748 | 0.698 | 0.708 | 0.812 | 0.721
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M35199 7.2.3 HamInadoUAIetoyayai 3

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.629 | 0.693 | 0.611 | 0.460 | 0.789 | 0.718 | 0.724 | 0.645 | 0.678 | 0.742 | 0.611

ROS 0.628 | 0.728 | 0.699 | 0.592 | 0.787 | 0.756 | 0.740 | 0.646 | 0.690 | 0.782 | 0.619

SMOTE 0.578 | 0.693 | 0.617 | 0.460 | 0.789 | 0.718 | 0.724 | 0.645 | 0.651 | 0.776 | 0.609

RSLS 0.676 | 0.785 | 0.661 | 0.590 | 0.787 | 0.759 | 0.765 | 0.654 | 0.657 | 0.787 | 0.639

OVUN 0.657 | 0.767 | 0.641 | 0.541 | 0.793 | 0.741 | 0.754 | 0.636 | 0.688 | 0.751 | 0.615

ROSE 0.604 | 0.582 | 0.648 | 0.447 | 0.642 | 0.666 | 0.635 | 0.638 | 0.665 | 0.682 | 0.606

DBSM - - - - - - - - - - -

TOP+V 0.751 | 0.804 | 0.707 | 0.640 | 0.824 | 0.762 | 0.775 | 0.666 | 0.738 | 0.810 | 0.654

TOP+ROSE | 0.682 | 0.776 | 0.668 | 0.644 | 0.798 | 0.781 | 0.759 | 0.659 | 0.703 | 0.775 | 0.669

TOP+SMOT
E 0.711 | 0.766 | 0.657 [ 0.639 | 0.802 | 0.777 | 0.755 | 0.659 | 0.714 | 0.774 | 0.683

TOP+RSLS | 0.674 | 0.756 | 0.682 | 0.643 | 0.798 | 0.777 | 0.779 | 0.657 | 0.711 | 0.773 | 0.654

AN 7.2.4 wamanageualedeyayai 4

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.781 | 0.879 | 0.871 | 0.862 | 0.875 | 0.819 | 0.822 | 0.853 | 0.837 | 0.895 | 0.824

ROS 0.781 | 0.891 | 0.878 | 0.786 | 0.875 | 0.789 | 0.753 | 0.821 | 0.878 | 0.895 | 0.879

SMOTE 0.805 | 0917 | 0.858 | 0.810 | 0.896 | 0.867 | 0.825 | 0.830 | 0.891 | 0.900 | 0.895

RSLS 0.835 | 0.908 | 0.891 | 0.842 | 0.875 | 0.819 | 0.795 | 0.788 | 0.824 | 0.900 | 0.824

OVUN 0.805 | 0.871 | 0.857 | 0.862 | 0.875 | 0.806 | 0.795 | 0.807 | 0.869 | 0.884 | 0.824

ROSE 0.844 | 0.873 | 0.882 | 0.867 | 0.802 | 0.858 | 0.860 | 0.804 | 0.849 | 0.858 | 0.792

DBSM - - - - - - - - - - -

TOP+V 0.838 | 0.879 | 0918 | 0.862 | 0.875 | 0.819 | 0.822 | 0.853 | 0.898 | 0.932 | 0.848

TOP+ROSE | 0.876 | 0.885 | 0.918 | 0.903 | 0.875 | 0.826 | 0.822 | 0.853 | 0.898 | 0.913 | 0.877

TOP+SMOT
E 0.849 | 0.903 | 0.900 | 0.862 | 0.905 | 0.858 | 0.822 | 0.853 | 0.898 | 0.932 | 0.872

TOP+RSLS | 0.841 | 0.903 | 0909 | 0.862 | 0.875 | 0.826 | 0.822 | 0.853 | 0.898 | 0.932 | 0.872
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A Yy 9 A
AT NN 7.2.5 NaﬂWﬁﬂﬂﬁ@U@’Jﬂﬂl@uﬁﬂ%ﬂﬂ 5

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.172 | 0.193 | 0.360 | 0.295 | 0.415 | 0.357 | 0.325 | 0.336 | 0.358 | 0.289 | 0.265

ROS 0.464 | 0470 | 0.516 | 0.452 | 0.438 | 0.470 | 0.462 | 0.403 | 0.431 | 0.358 | 0.498

SMOTE 0.500 | 0.474 | 0.498 | 0.446 | 0.410 | 0.416 | 0.407 | 0.387 | 0.472 | 0.357 | 0.444

RSLS 0.472 | 0.466 | 0.463 | 0.438 | 0.401 | 0.401 | 0.347 | 0.379 | 0.390 | 0.337 | 0.452

OVUN 0.519 | 0.519 | 0.535 | 0.507 | 0.463 | 0.485 | 0.497 | 0.479 | 0.520 | 0.497 | 0.520

ROSE 0.479 | 0.490 | 0.479 | 0.420 | 0.376 | 0.401 | 0.402 | 0.389 | 0.438 | 0.440 | 0.399

DBSM - - - - - - - - - - -

TOP+V 0.512 | 0.497 | 0.536 | 0.498 | 0.464 | 0.525 | 0.530 | 0.524 | 0.509 | 0.503 | 0.508

TOP+ROSE | 0.518 | 0.512 | 0.518 | 0.503 | 0.532 | 0.494 | 0.457 | 0.447 | 0.505 [ 0.510 | 0.484

TOP+SMOT
E 0.499 | 0.503 | 0.522 | 0.504 | 0.532 | 0.460 | 0.524 | 0.499 | 0.499 | 0.499 | 0.514

TOP+RSLS | 0.517 | 0.503 | 0.531 | 0.504 | 0.532 | 0.526 | 0.545 | 0.499 | 0.496 | 0.520 | 0.518

M0 7.2.6 wamsnageuRedeyayai 6

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.703 | 0.749 | 0.741 | 0.701 | 0.668 | 0.680 | 0.704 | 0.399 | 0.688 | 0.766 | 0.659

ROS 0.685 | 0.742 | 0.786 | 0.696 | 0.711 | 0.683 | 0.688 | 0.448 | 0.748 | 0.778 | 0.722

SMOTE 0.750 | 0.748 | 0.780 | 0.735 | 0.684 | 0.694 | 0.738 | 0.525 | 0.731 | 0.762 | 0.724

RSLS 0.740 | 0.748 | 0.777 | 0.735 | 0.684 | 0.694 | 0.738 | 0.525 | 0.674 | 0.785 | 0.728

OVUN 0.591 | 0.642 | 0.664 | 0.632 | 0.575 | 0.587 | 0.610 | 0.647 | 0.634 | 0.631 | 0.595

ROSE 0.586 | 0.573 | 0.573 | 0.560 | 0.553 | 0.546 | 0.534 | 0.606 | 0.556 | 0.545 | 0.574

DBSM - - - - - - - - - - -

TOP+V 0.651 | 0.675 | 0.701 | 0.664 | 0.650 | 0.654 | 0.636 | 0.652 | 0.648 | 0.691 | 0.641

TOP+ROSE | 0.644 | 0.667 | 0.689 | 0.642 | 0.646 | 0.645 | 0.639 | 0.622 | 0.640 | 0.687 | 0.631

TOP+SMOT
E 0.644 | 0.654 | 0.664 | 0.647 | 0.647 | 0.637 | 0.644 | 0.645 | 0.646 | 0.676 | 0.624

TOP+RSLS | 0.636 | 0.654 | 0.664 | 0.657 | 0.647 | 0.645 | 0.644 | 0.646 | 0.654 | 0.687 | 0.633
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M35199 7.2.7 Hamsnadoualetoyagyai 7

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.880 | 0.926 | 0.883 | 0.944 | 0939 | 0.886 | 0.867 | 0.906 | 0.989 | 0.950 | 0.888

ROS 0915 | 0926 | 0.947 | 0944 | 0939 | 0902 | 0.835 | 0.879 | 0.989 | 0.929 | 0.930

SMOTE 0.933 | 0947 | 0934 | 0963 | 0958 | 0915 | 0.870 | 0.897 | 0.976 | 0.958 | 0.927

RSLS 0.851 | 0.899 | 0.905 | 0.944 | 0.939 | 0.873 | 0.891 | 0.896 | 0.989 | 0.955 | 0.885

OVUN 0.872 | 0913 | 0.886 | 0.944 | 0.939 | 0915 | 0.886 | 0.914 | 0.989 | 0.968 | 0.882

ROSE 0.877 | 0.881 | 0.929 | 0.926 | 0.736 | 0.768 | 0.784 | 0.831 | 0.871 | 0.929 | 0.900

DBSM - - - - - - - - - - -

TOP+V 0937 | 0963 | 0.968 | 0.976 | 0.958 | 0918 | 0.902 | 0.906 | 0.989 | 0.987 | 0.922

TOP+ROSE | 0.923 | 0.952 | 0.950 | 0.976 | 0.947 | 0.929 | 0918 | 0.910 | 0.989 | 0.971 | 0.958

TOP+SMOT
E 0.965 | 0.965 | 0.934 | 0.952 | 0.939 | 0.929 | 0.869 | 0.929 | 0.989 | 0.958 | 0.925

TOP+RSLS | 0.944 | 0.963 | 0.934 | 0.952 | 0.947 | 0.929 | 0.870 | 0.929 | 0.989 | 0.968 | 0.915

AN 7.2.8 wamsnageUaIeTeyayai 8

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.854 | 0.852 | 0.853 | 0912 | 0.920 | 0.889 | 0.837 | 0.933 | 0.971 | 0.926 | 0.917

ROS 0.866 | 0.863 | 0.872 | 0912 | 0.920 | 0.922 | 0.893 | 0.888 | 0.976 | 0.926 | 0.901

SMOTE 0.877 | 0.877 | 0.907 | 0912 | 0.934 | 0.900 | 0.898 | 0.891 | 0.976 | 0.934 | 0.919

RSLS 0.845 | 0.897 | 0.904 | 0912 | 0.920 | 0.887 | 0.833 | 0.920 | 0.989 | 0.939 | 00911

OVUN 0.853 | 0.858 | 0.870 | 0.912 | 0.920 | 0.899 | 0.899 | 0911 | 0.976 | 0.929 | 0.874

ROSE 0.845 | 0.823 | 0.899 | 0.902 | 0.722 | 0.767 | 0.794 | 0.863 | 0.865 | 0.873 | 0.882

DBSM - - - - - - - - - - -

TOP+V 0.906 | 0944 | 0922 | 0947 | 0.920 | 0.920 | 0.878 | 0.933 | 0.989 | 0.989 | 0.946

TOP+ROSE | 0.886 | 0.910 | 0.907 | 0.930 | 0.934 | 0.924 | 0.917 | 0.933 | 0.989 | 0.947 | 0.943

TOP+SMOT
E 0.900 | 0910 | 0915 | 0962 | 0.965 | 0.907 | 0.875 | 0.933 | 0.989 | 0.947 | 0.935

TOP+RSLS | 0.900 | 0910 | 0915 | 0.962 | 0.963 | 0.931 | 0.875 | 0.933 | 0.989 | 0.947 | 0.935
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M5199 7.2.9 HamInadoUAIToyayai 9

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.784 | 0.822 | 0.619 | 0.620 | 0.688 | 0.642 | 0.636 | 0.485 | 0.823 | 0.870 | 0.763

ROS 0971 | 0915 | 0.971 | 0.677 | 0.811 | 0.733 | 0.659 | 0.599 | 0.880 | 0.958 | 0.916

SMOTE 0.971 | 0.939 | 0.971 | 0.596 | 0.873 | 0.801 | 0.725 | 0.701 | 0.939 | 0.928 | 0.916

RSLS 0.971 | 0971 | 0.583 | 0.666 | 0.811 | 0.770 | 0.672 | 0.514 | 0.806 | 0.941 | 0.806

OVUN 0.919 | 0971 | 0.569 | 0.616 | 0.811 | 0.783 | 0.672 | 0.514 | 0.878 | 0.928 | 0.917

ROSE 0.428 | 0.426 | 0.490 | 0.584 | 0.544 | 0.429 | 0.455 | 0.609 | 0.516 | 0.516 | 0.725

DBSM - - - - - - - - - - -

TOP+V 0.971 | 0987 | 0.845 | 0.751 | 0.850 | 0.801 | 0.752 | 0.542 | 0.935 | 1.000 | 0.923

TOP+ROSE | 0.971 | 0971 | 0.971 | 0.727 | 0.830 | 0.801 | 0.742 | 0.582 | 0.916 [ 1.000 | 0.937

TOP+SMOT
E 0971 | 0971 | 0.971 | 0.727 | 0.864 | 0.801 | 0.739 | 0.514 | 0.887 | 0.971 | 0.937

TOP+RSLS | 0971 | 0971 | 0971 | 0.727 | 0.826 | 0.801 | 0.739 | 0.514 | 0.916 | 0.982 | 0.937

MINAN 7.2.10 HamsnaaeusIetoyagai 10

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.601 | 0.600 | 0.593 | 0.651 | 0.545 | 0.543 | 0.547 | 0.621 | 0.530 | 0.600 | 0.644

ROS 0.637 | 0.593 | 0.685 | 0.663 | 0.544 | 0.563 | 0.579 | 0.654 | 0.564 | 0.648 | 0.658

SMOTE 0.607 | 0.647 | 0.637 | 0.644 | 0.546 | 0.531 | 0.550 | 0.627 | 0.538 | 0.643 | 0.637

RSLS 0.608 | 0.647 | 0.626 | 0.644 | 0.546 | 0.531 | 0.550 | 0.627 | 0.481 | 0.636 | 0.634

OVUN 0.622 | 0.638 | 0.661 | 0.666 | 0.560 | 0.564 | 0.578 | 0.629 | 0.535 | 0.644 | 0.657

ROSE 0.619 | 0.630 | 0.644 | 0.642 | 0.561 | 0.566 | 0.570 | 0.629 | 0.482 | 0.645 | 0.632

DBSM - - - - - - - - - - -

TOP+V 0.675 | 0.674 | 0.672 | 0.677 | 0.587 | 0.589 | 0.605 | 0.665 | 0.586 | 0.674 | 0.668

TOP+ROSE | 0.658 | 0.670 | 0.695 | 0.686 | 0.597 | 0.603 | 0.631 | 0.658 | 0.590 | 0.669 | 0.674

TOP+SMOT
E 0.658 | 0.662 | 0.694 | 0.677 | 0.597 | 0.603 | 0.630 | 0.663 | 0.584 | 0.675 | 0.688

TOP+RSLS | 0.658 | 0.664 | 0.696 | 0.674 | 0.597 | 0.603 | 0.631 | 0.659 | 0.598 | 0.669 | 0.677
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C45 | C50 | XGB | LR | I-NN | 3NN [ 5NN | NB | NN | RF | sVM
BASE | 0.441 | 0530 | 0.471 | 0.591 | 0.424 | 0.441 | 0.457 | 0.523 | 0.533 | 0.507 | 0.487
ROS 0.494 | 0.584 | 0.632 | 0.676 | 0.417 | 0.515 | 0.534 | 0.537 | 0.615 | 0.596 | 0.646
SMOTE | 0.565 | 0.613 | 0.589 | 0.648 | 0.439 | 0.513 | 0.533 | 0.536 | 0.608 | 0.564 | 0.610
RSLS | 0.610 | 0.599 | 0.591 | 0.664 | 0.438 | 0.503 | 0.518 | 0.528 | 0.625 | 0.549 | 0.599
OVUN | 0478 | 0582 | 0.519 | 0.595 | 0.429 | 0.466 | 0.487 | 0.522 | 0.608 | 0.560 | 0.525
ROSE | 0.534 | 0.596 | 0.605 | 0.544 | 0.448 | 0.486 | 0.519 | 0.536 | 0.535 | 0.592 | 0.575
DBSM - - - - - - - - - - -
TOP+v | 0.605 | 0.633 | 0.587 | 0.653 | 0.567 | 0.582 | 0.556 | 0.523 | 0.634 | 0.634 | 0.587
TOP+ROSE | 0.589 | 0.649 | 0.606 | 0.664 | 0.558 | 0.596 | 0.549 | 0.551 | 0.648 | 0.652 | 0.665
TOP+SMOT
E 0.617 | 0.629 | 0.555 | 0.646 | 0.585 | 0.542 | 0.549 | 0.530 | 0.645 | 0.630 | 0.664
TOP+RSLS | 0:614 | 0.629 | 0.549 | 0.646 | 0.582 | 0.581 | 0.549 | 0.530 | 0.620 | 0.628 | 0.675
A3 7.2.12 wamﬂmﬁauﬁ’m%’ayamﬁ 12
C45 | €50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svMm
BASE | 0923 | 0963 | 0.937 | 0.941 | 0.856 | 0.840 | 0.819 | 0.598 | 0.964 | 0.977 | 0.938
ROS 0.941 | 0.973 | 0.891 | 0.936 | 0.852 | 0.822 | 0.799 | 0.658 | 0.909 | 0.982 | 0.949
SMOTE | 0923 | 0975 | 0.895 | 0.939 | 0.862 | 0.849 | 0.829 | 0.636 | 0.953 | 0.968 | 0.950
RSLs | 0.942 | 0.966 | 0.894 | 0.942 | 0.859 | 0.847 | 0.830 | 0.626 | 0.938 | 0.966 | 0.957
OVUN | 0925 | 0.961 | 0.873 | 0.925 | 0.782 | 0.724 | 0.679 | 0.266 | 0.894 | 0.964 | 0.950
ROSE | 0.762 | 0.795 | 0.851 | 0.807 | 0.586 | 0.595 | 0.556 | 0.645 | 0.677 | 0.853 | 0.844
DBSM - - - - - - - - - - -
TOP+v | 0.939 | 0.980 | 0.941 | 0.948 | 0.856 | 0.843 | 0.819 | 0.700 | 0.964 | 0.982 | 0.945
TOP+ROSE | 0.935 | 0.977 | 0.937 | 0.942 | 0.856 | 0.853 | 0.840 | 0.601 | 0.964 | 0.977 | 0.942
TOP+SMOT
E 0.939 | 0.977 | 0.938 | 0.944 | 0.856 | 0.843 | 0.819 | 0.598 | 0.944 | 0.979 | 0.956
TOP+RSLS | 0.933 | 0.977 | 0.938 | 0.944 | 0.860 | 0.848 | 0.819 | 0.598 | 0.964 | 0.977 | 0.954
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C45 | C50 | XGB | LR | I-NN | 3NN [ 5NN | NB | NN | RF | sVM
BASE | 0.946 | 0.955 | 0.953 | 0.954 | 0.943 | 0.956 | 0.960 | 0.946 | 0.948 | 0.963 | 0.943
ROS 0.944 | 0.955 | 0.947 | 0.956 | 0.938 | 0.957 | 0.959 | 0.948 | 0.947 | 0.953 | 0.947
SMOTE | 0.945 | 0.955 | 0.948 | 0.954 | 0.943 | 0.956 | 0.960 | 0.946 | 0.949 | 0.959 | 0.943
RSLS | 0.932 | 0.950 | 0.947 | 0.961 | 0947 | 0.963 | 0.963 | 0.948 | 0.954 | 0.961 | 0.951
OVUN | 0933 | 0962 | 0.954 | 0.959 | 0.943 | 0.955 | 0.958 | 0.944 | 0.943 | 0.954 | 0.945
ROSE | 0.936 | 0.943 | 0958 | 0.954 | 0.930 | 0.950 | 0.945 | 0.942 | 0.950 | 0.952 | 0.946
DBSM - - - - - - - - - - -
ToP+v | 0951 | 0957 | 0.960 | 0.961 | 0.945 | 0.958 | 0.962 | 0.953 | 0.954 | 0.965 | 0.946
TOP+ROSE | 0.946 | 0.964 | 0.959 | 0.960 | 0.963 | 0.964 | 0.964 | 0.951 | 0.964 | 0.965 | 0.949
TOP+SMOT
E 0.946 | 0.956 | 0.953 | 0.956 | 0.957 | 0.963 | 0.962 | 0.958 | 0.954 | 0.963 | 0.952
TOP+RSLS | 0.946 | 0.958 | 0.953 | 0.956 | 0.959 | 0.966 | 0.962 | 0.958 | 0.956 | 0.965 | 0.954
A3 7.2.14 wamﬂmﬁauﬁ’m%’ayamﬁ 14
C45 | €50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svMm
BASE | 0.510 | 0.556 | 0.547 | 0.470 | 0.493 | 0.539 | 0.505 | 0.569 | 0.536 | 0.559 | 0.495
ROS 0.530 | 0.567 | 0.605 | 0.591 | 0.492 | 0.578 | 0.571 | 0.562 | 0.610 | 0.564 | 0.592
SMOTE | 0.598 | 0.602 | 0.610 | 0.587 | 0.505 | 0.595 | 0.578 | 0.565 | 0.616 | 0.616 | 0.583
RSLS | 0.574 | 0.584 | 0.614 | 0.581 | 0.510 | 0.566 | 0.549 | 0.567 | 0.605 | 0.590 | 0.585
OVUN | 0.574 | 0569 | 0.554 | 0.555 | 0.570 | 0.568 | 0.565 | 0.540 | 0.560 | 0.577 | 0.577
ROSE | 0.540 | 0.540 | 0.540 | 0.592 | 0.546 | 0.577 | 0.590 | 0.547 | 0.612 | 0.541 | 0.597
DBSM - - - - - - - - - - -
ToP+v | 0598 | 0.610 | 0.605 | 0.603 | 0.579 | 0.581 | 0.588 | 0.569 | 0.616 | 0.598 | 0.589
TOP+ROSE | 0.575 | 0.606 | 0.609 | 0.595 | 0.560 | 0.578 | 0.558 | 0.574 | 0.608 | 0.593 | 0.594
TOP+SMOT
E 0.580 | 0.588 | 0.594 | 0.591 | 0.549 | 0.581 | 0.582 | 0.569 | 0.598 | 0.598 | 0.585
TOP+RSLS | 0.580 | 0.599 | 0.594 | 0.591 | 0.540 | 0.577 | 0.583 | 0.569 | 0.599 | 0.601 | 0.585




M135199 7.2.15 HamsnadoUAIetoyagyai 15
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C45 | C50 | XGB | LR [ 1-NN | 3NN | 5NN | NB | NN | RF | SVM
BASE 0.772 | 0763 | 0.770 | 0.742 | 0.656 | 0.700 | 0.753 | 0.518 | 0.705 | 0.750 | 0.755
ROS 0.703 | 0.780 | 0.784 | 0.676 | 0.656 | 0.678 | 0.676 | 0.419 | 0.767 | 0.787 | 0.739
SMOTE | 0.772 | 0.764 | 0.789 | 0.693 | 0.664 | 0.683 | 0.698 | 0.464 | 0.764 | 0.783 | 0.745
RSLS 0.770 | 0.778 | 0.787 | 0.758 | 0.658 | 0.724 | 0.755 | 0.530 | 0.787 | 0.759 | 0.773
OVUN | 0713 | 0.745 | 0.750 | 0.643 | 0.661 | 0.653 | 0.628 | 0.428 | 0.687 | 0.745 | 0.689
ROSE 0354 | 0331 | 0.571 | 0.679 | 0.553 | 0.597 | 0.602 | 0.377 | 0.745 | 0.343 | 0.696
DBSM - - - - - - - - - - -
Top+v | 0.801 | 0.791 | 0.813 | 0.771 | 0.677 | 0.741 | 0.758 | 0.518 | 0.815 | 0.788 | 0.799
TOP+ROSE | 0.790 | 0.781 | 0.799 | 0.776 | 0.677 | 0.705 | 0.753 | 0.521 | 0.789 | 0.783 | 0.793
TOP+SMOT
E 0.790 | 0.779 | 0.804 | 0.765 | 0.677 | 0.705 | 0.753 | 0.518 | 0.776 | 0.789 | 0.787
TOP+RSLS | 0790 | 0.779 | 0.805 | 0.765 | 0.677 | 0.705 | 0.753 | 0.518 | 0.776 | 0.796 | 0.787
7.3 HaMINAaaVUsZANTNINAeMUIBIAUDY AUROC
A3 7.3.1 wamimaauﬁ’m%gaﬂmﬁ 1
C45 | C50 | XGB | LR [ 1-NN | 3NN | 5NN | NB | NN | RF | SVM
BASE 0.849 | 0.935 | 0.930 | 0.938 | 0.912 | 0.949 | 0.952 | 0.939 | 0.937 | 0.967 | 0.962
ROS 0.882 | 0.964 | 0.954 | 0.937 | 0.912 | 0.935 | 0.938 | 0.936 | 0.941 | 0.960 | 0.962
SMOTE | 0.858 | 0.957 | 0.945 | 0.936 | 0.903 | 0.936 | 0.942 | 0.944 | 0.936 | 0.969 | 0.963
RSLS 0.862 | 0.962 | 0.941 | 0.937 | 0.912 | 0.948 | 0.951 | 0.938 | 0.939 | 0.960 | 0.956
OVUN | 0.876 | 0.950 | 0.935 | 0.935 | 0.921 | 0.940 | 0.948 | 0.939 | 0.937 | 0.965 | 0.960
ROSE 0518 | 0.518 | 0.937 | 0.934 | 0.863 | 0.928 | 0.944 | 0.946 | 0.934 | 0.945 | 0.952
DBSM 0.894 - - - - - - - - - -
ToP+v | 0.869 | 0.957 | 0.912 | 0.931 | 0.912 | 0.950 | 0.952 | 0.939 | 0.911 | 0.954 | 0.969
TOP+ROSE | 0.864 | 0.957 | 0.925 | 0.939 | 0.930 | 0.950 | 0.951 | 0.939 | 0.933 | 0.973 | 0.976
TOP+SMOT
E 0.869 | 0.957 | 0.951 | 0.935 | 0.930 | 0.950 | 0.951 | 0.945 | 0.952 | 0.970 | 0.968
TOP+RSLS | 0.869 | 0.957 | 0.949 | 0.939 | 0.930 | 0.950 | 0.951 | 0.950 | 0.937 | 0.978 | 0.968
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M35199 7.3.2 HamInadoUAIeToyagai 2

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.772 | 0904 | 0.871 | 0.818 | 0.785 | 0.847 | 0.880 | 0.762 | 0.828 | 0.937 | 0.874

ROS 0.792 | 0.898 | 0.903 | 0.812 | 0.785 | 0.843 | 0.856 | 0.760 | 0.825 | 0.929 | 0.886

SMOTE 0.724 | 0.900 | 0.896 | 0.816 | 0.792 | 0.853 | 0.866 | 0.766 | 0.818 | 0.931 | 0.879

RSLS 0.764 | 0.923 | 0.897 | 0.809 | 0.789 | 0.852 | 0.866 | 0.764 | 0.825 | 0.934 | 0.878

OVUN 0.780 | 0.892 | 0.871 | 0.816 | 0.778 | 0.851 | 0.877 | 0.788 | 0.830 | 0.934 | 0.878

ROSE 0.729 | 0.823 | 0.818 | 0.792 | 0.688 | 0.715 | 0.729 | 0.751 | 0.800 | 0.789 | 0.814

DBSM 0.788 - - - - - - - - - -

TOP+V 0.826 | 0918 | 0.867 | 0.817 | 0.817 | 0.876 | 0.889 | 0.762 | 0.815 | 0.938 | 0.854

TOP+ROSE | 0.819 | 0911 | 0913 | 0.816 | 0.785 | 0.858 | 0.862 | 0.756 | 0.822 [ 0.939 | 0.869

TOP+SMOT
E 0.815 | 0.904 | 0901 [ 0.816 | 0.785 | 0.856 | 0.863 | 0.756 | 0.828 | 0.940 | 0.884

TOP+RSLS | 0.815 | 0.904 | 0.902 | 0.816 | 0.785 | 0.856 | 0.863 | 0.756 | 0.830 | 0.937 | 0.879

M0 7.3.3 wamanageualedeyayai 3

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.735 | 0.860 | 0.828 | 0.703 | 0.832 | 0.879 | 0.895 | 0.714 | 0.852 | 0.915 | 0.789

ROS 0.673 | 0.889 | 0.848 | 0.715 | 0.827 | 0.883 | 0.875 | 0.701 | 0.842 | 0.914 | 0.812

SMOTE 0.692 | 0.860 | 0.827 | 0.703 | 0.832 | 0.879 | 0.895 | 0.714 | 0.859 | 0.904 | 0.793

RSLS 0.777 | 0.896 | 0.839 | 0.706 | 0.832 | 0.887 | 0.897 | 0.688 | 0.842 | 0.907 | 0.796

OVUN 0.748 | 0.906 | 0.843 | 0.735 | 0.836 | 0.878 | 0.899 | 0.646 | 0.857 | 0.919 | 0.798

ROSE 0.643 | 0.699 | 0.734 | 0.647 | 0.695 | 0.736 | 0.720 | 0.724 | 0.747 | 0.744 | 0.741

pBsm | 0777 | - - - - - - - - - -

TOP+V 0.829 | 0.899 | 0.802 | 0.719 | 0.864 | 0.895 | 0.903 | 0.696 | 0.864 | 0.921 | 0.781

TOP+ROSE | 0.746 | 0.899 | 0.856 | 0.727 | 0.842 | 0.892 | 0.904 | 0.716 | 0.848 | 0.913 [ 0.821

TOP+SMOT
E 0.784 | 0.903 | 0.834 | 0.724 | 0.847 | 0.885 | 0.912 | 0.706 | 0.851 | 0.908 | 0.802

TOP+RSLS | 0.723 | 0.902 | 0.839 | 0.726 | 0.845 | 0.888 | 0.910 | 0.683 | 0.849 | 0.892 | 0.802
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A Yy 9 A
AT NN 7.3.4 Naﬂ'liﬂﬂﬁ@ﬂﬂ’)ﬂﬂl@uﬁﬂﬂgﬂﬂ 4

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.907 | 0933 | 0961 | 0947 | 0917 | 0920 | 0912 | 0930 | 0.975 | 0.979 | 0.995

ROS 0.852 | 0958 | 0.967 | 0.945 | 0917 | 0913 | 0.911 | 0.922 | 0.971 | 0.970 | 0.995

SMOTE 0.882 | 0.953 | 0.964 | 0948 | 0.939 | 0.939 | 0.954 | 0.885 | 0.986 | 0.970 | 0.991

RSLS 0.939 | 0965 | 0.964 | 0949 | 0917 | 0915 | 0911 | 0.906 | 0.975 | 0.982 | 0.995

OVUN 0.900 | 0.921 | 0.965 | 0942 | 0917 | 0914 | 0912 | 0.949 | 0.972 | 0.993 | 0.995

ROSE 0.927 | 0974 | 0.964 | 0.948 | 0.920 | 0.958 | 0.963 | 0.946 | 0.949 | 0.972 | 0.970

DBSM 0.903 - - - - - - - - - -

TOP+V 0.934 | 0933 | 0964 | 0947 | 0917 | 0.920 | 0.912 | 0.930 | 0.975 | 0.974 | 0.995

TOP+ROSE | 0.937 | 0945 | 0.949 | 0.935 | 0.917 | 0.915 | 0.912 | 0.930 | 0.982 | 0.953 | 0.993

TOP+SMOT
E 0.902 | 0953 | 0961 | 0951 | 0942 | 0.939 | 0.908 | 0.919 | 0.988 | 0.989 | 0.995

TOP+RSLS | 0.900 | 0.953 | 0971 | 0.951 | 0.917 | 0.915 | 0.908 | 0.919 | 0.973 | 0.969 | 0.995

MINAN 7.3.5 wamanageuaiedeyayai 5

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM

BASE 0.516 | 0.529 | 0.670 | 0.676 | 0.609 | 0.630 | 0.619 | 0.631 | 0.679 | 0.652 | 0.671

ROS 0.627 | 0.698 | 0.703 | 0.667 | 0.613 | 0.632 | 0.627 | 0.622 | 0.646 | 0.642 | 0.694

SMOTE 0.660 | 0.627 | 0.702 | 0.678 | 0.603 | 0.617 | 0.632 | 0.615 | 0.663 | 0.665 | 0.715

RSLS 0.625 | 0.650 | 0.683 | 0.675 | 0.600 | 0.619 | 0.607 | 0.611 | 0.608 | 0.648 | 0.717

OVUN 0.668 | 0.674 | 0.702 | 0.623 | 0.614 | 0.664 | 0.661 | 0.584 | 0.675 | 0.677 | 0.671

ROSE 0.640 | 0.645 | 0.648 | 0.653 | 0.542 | 0.568 | 0.592 | 0.611 | 0.648 | 0.640 | 0.645

DBSM 0.622 - - - - - - - - - -

TOP+V 0.609 | 0.607 | 0.662 | 0.652 | 0.640 | 0.555 | 0.548 | 0.563 | 0.658 | 0.604 | 0.618

TOP+ROSE | 0.635 | 0.643 | 0.696 | 0.672 | 0.594 | 0.653 | 0.621 | 0.616 | 0.671 | 0.636 | 0.714

TOP+SMOT
E 0.640 | 0.677 | 0.685 | 0.633 | 0.600 | 0.651 | 0.555 | 0.593 | 0.653 | 0.639 | 0.632

TOP+RSLS | 0.652 | 0.677 | 0.680 | 0.633 | 0.600 | 0.638 | 0.641 | 0.593 | 0.665 | 0.638 | 0.630
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M15199 7.3.6 HaMInAdoUAIeToYaYAN 6

C4.5 C5.0 | XGB LR 1-NN | 3-NN

BASE 0.617 | 0.747 | 0.744 | 0.708 0.640

ROS 0.631 | 0.732 | 0.783 | 0.710 0.650

SMOTE 0.642 | 0.735 | 0.753 | 0.707 | 0.617 | 0.633

RSLS 0.642 | 0.735 | 0.770 | 0.707 | 0.617 | 0.633

OVUN 0.594 | 0.700 | 0.704 | 0.696 | 0.602 | 0.620 | 0.633 | 0.624 | 0.699 | 0.733 | 0.653

ROSE 0.541 | 0.547 | 0.673 | 0.699 | 0.565 | 0.569 | 0.550 | 0.620 | 0.620 | 0.617 | 0.656

DBSM - - - - - - - - - - -

TOP+ROSE | 0.577

TOP+SMOT
E 0.657

TOP+RSLS | 0.593

M13197 7.3.7 iamsnaaeuaetoyayai 7

C45 | C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM
BASE 0.944 .996 M 0.950 | 0.965 | 0.963 0.994
ROS 0.936 | 0.965 | 0.999 | 0.968 | 0.950 0.967
SMOTE 0.957 | 0972 | 0.999 | 0.988 0.965 | 0.964 0.9
RSLS 0.872 0.985 | 0.950 | 0.964 | 0.963 0.994
OVUN 0914 0.968 | 0.950 | 0.965 | 0.965 0.994
ROSE 0.955 0.903 | 0.960 973 | 0.995 0.999 | 0.993
DBSM 0.933 - - - - - - - - - -
TOP+V 0.964 | 0.962 0.992
TOP+ROSE | 0.962 | 0.983 | 0.999 | 0.988 0.964
TOP+SMOT
E 0.983 0.950 0.998 | 0.997
TOP+RSLS | 0.956 | 0.974 0.958 0.996




A Yy v A
AT NN 7.3.8 Nﬁﬂﬁ‘l/lﬂﬁﬂﬂﬂ’lﬂsllﬂyﬁijﬂﬂ 8
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C4.5 C5.0 XGB LR 1-NN | 3-NN | 5-NN NB

BASE 0.929 | 0.968 -@ 0.949 - 0.994

ROS 0.914 | 0.945 | 0.990 | 0.964 | 0.949 | 0.992 | 0.994
SMOTE 0.920 | 0.942 | 0984 | 0.964 | 0.961 | 0.990 | 0.991 | 0.996
RSLS 0.875 | 0.995 | 0988 | 0.964 | 0.949 | 0.992 | 0.992 | 0.996
OVUN 0.903 | 0.948 | 0988 | 0.981 | 0.949 | 0.990 | 0.994 | 0.996
ROSE 0.937 | 0.986 | 0989 | 0.993 | 0.894 | 0.974 | 0.981 | 0.994
TOP+V 0.964
TOP+ROSE | 0.927
TOP+SMOT

E 0.930
TOP+RSLS | 0.930

AT 7.3.9 wamInadeUReToyaYA 9

SVM

0.992

0.994

0.997

0.954

0.984

OVUN 0.990 | 0.998 | 0.992 | 0.9 0.903 | 0.958 | 0.945 | 0.943
ROSE 0.847 | 0.925 | 0.943 k().960 0.753 | 0.746 | 0.742
DBSM - - - - - - - -
TOP+V 0.960 | 0.965 | 0.949
TOP+ROSE 0.959 | 0.955 | 0.947
TOP+SMOT
E 0.959 | 0.954 | 0.945
TOP+RSLS 0.959 | 0.954 | 0.945




M135199 7.3.10 HamMInadoUAIeToYaYAN 10
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C45 | C50 | XGB | LR | I-NN | 3NN [ 5NN | NB | NN | RF | sVM
BASE | 0.627 | 0.685 | 0.687 | 0.775 | 0.566 | 0.592 | 0.596 | 0.713 | 0.581 | 0.692 | 0.755
ROS 0.712 | 0.801 | 0.828 | 0.834 | 0.652 | 0.684 | 0.707 | 0.814 | 0.702 | 0.820 | 0.827
sMOTE | 0.715 | 0.817 | 0.832 | 0.833 | 0.651 | 0.704 | 0.734 [ 0.816 | 0.695 | 0.819 | 0.830
RSLS | 0.725 | 0.817 | 0.826 | 0.833 | 0.651 | 0.704 | 0.734 | 0.816 | 0.688 | 0.825 | 0.831
ovUN | 0732 | 0.814 | 0.818 | 0.829 | 0.656 | 0.705 | 0.733 | 0.801 | 0.680 | 0.812 | 0.826
ROSE | 0.744 | 0.792 | 0.812 | 0.829 | 0.655 | 0.705 | 0.727 | 0.802 | 0.605 | 0.807 | 0.815
DBSM - - - - - - - - - - -
ToP+v | 0.753 | 0.821 | 0.833 | 0.817 | 0.656 | 0.704 | 0.728 | 0.778 | 0.692 | 0.821 | 0.822
TOP+ROSE | 0.747 | 0.816 | 0.837 | 0.832 | 0.678 | 0.712 | 0.747 | 0.816 | 0.694 | 0.800 | 0.829
TOP+SMOT
E 0.741 | 0787 | 0.828 | 0.833 | 0.675 | 0.710 | 0.743 | 0.815 | 0.703 | 0.815 | 0.830
ToP+RsLS | 0.741 | 0.788 | 0.830 | 0.823 | 0.676 | 0.712 | 0.746 | 0.815 | 0.687 | 0.810 | 0.829
A3 7.3.11 wamimaauﬁ’aﬂ%’ay‘amﬁ 11
C45 | €50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svMm
BASE | 0.647 | 0.854 | 0.822 | 0.875 | 0.613 | 0.704 | 0.757 | 0.709 | 0.837 | 0.850 | 0.845
ROS 0.653 | 0.857 | 0.847 | 0.875 | 0.609 | 0.692 | 0.721 | 0.709 | 0.829 | 0.865 | 0.864
SMOTE | 0.708 | 0.876 | 0.847 | 0.874 | 0.619 | 0.719 | 0.749 | 0.709 | 0.827 | 0.861 | 0.856
RsLs | 0.762 | 0.863 | 0.844 | 0.875 | 0.620 | 0.722 | 0.747 | 0.705 | 0.842 | 0.860 | 0.857
OVUN | 0.654 | 0.863 | 0.826 | 0.876 | 0.616 | 0.716 | 0761 | 0.710 | 0.851 | 0.863 | 0.850
ROSE | 0.721 | 0.784 | 0.799 | 0.757 | 0.589 | 0.651 | 0.680 | 0.707 | 0.725 | 0.798 | 0.786
pBsM | 0.730 | - - - - . - - - - -
ToP+v | 0760 | 0.841 | 0.808 | 0.856 | 0.706 | 0.740 | 0.761 | 0.709 | 0.838 | 0.844 | 0.816
TOP+ROSE | 0.717 | 0.854 | 0.815 | 0.864 | 0.685 | 0.739 | 0.756 | 0.729 | 0.834 | 0.845 | 0.844
TOP+SMOT
E 0.749 | 0.856 | 0.804 | 0.866 | 0.696 | 0.734 | 0.755 | 0.710 | 0.858 | 0.842 | 0.877
TOP+RSLS | 0.752 | 0.856 | 0.799 | 0.866 | 0.700 | 0.690 | 0.755 | 0.710 | 0.841 | 0.847 | 0.871




M135199 7.3.12 HamsnadoUAIetoyagyan 12
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C4.5 NB NN RF SVM
BASE 0.946 0.854 | 0.991 | 0.998 | 0.993
ROS 0.964 0.981
SMOTE 0.942 0.850
RSLS 0.962 0.851 | 0.982
OVUN x.%7 0.997 | 0.979 | 0.989 | 0.880 | 0.906 | 0.900 | 0.541 | 0.966 | 0.998
ROSE 0.891 | 0.962 | 0978 | 0.937 | 0.719 | 0.781 | 0.790 | 0.853 | 0.890 | 0.980 | 0.981

0.962

TOP+ROSE
TOP+SMOT

E 0.963
TOP+RSLS | 0.953

M99 7.3.13 Hamsnaaeusedoyagyai 13

C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM
BASE 0.959 0.994 | 0.955 ‘ 0.985 | 0.992 ‘ 0.987
ROS 0.952 | 0.994 | 0.989 0.991 | 0.987
SMOTE 0.962 ‘ 0.985 | 0.991 | 0.990
RSLS 0.953 | 0.993 | 0.989 ‘ 0.987 | 0.985 | 0.992 | 0.992 | 0.988
OVUN 0.950 | 0.993 | 0.989 0.955 | 0.982 | 0988 | 0.987 | 0.991 | 0.992 | 0.987
ROSE 0.952 | 0.990 0.943 | 0.978 | 0985 | 0.988 | 0.992 | 0.989 -
DBSM 0.952 - - - - -
TOP+V 0.992 0.988
TOP+ROSE | 0.959 | 0.993 0.980 | 0.986 | 0.985 0.983
TOP+SMOT
E 0.959 | 0.993 0.980 | 0.990 0.992 | 0.993 | 0.977
TOP+RSLS | 0.959 | 0.989 0.981 | 0.990 0.981




M135199 7.3.14 HamInadoUAIeToyayan 14
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C45 | C50 | XGB | LR | I-NN | 3NN [ 5NN | NB | NN | RF | sVM
BASE | 0.734 | 0.788 | 0.783 | 0.791 | 0.643 | 0.737 | 0.757 | 0.762 | 0.804 | 0.799 | 0.781
ROS 0.645 | 0.775 | 0.794 | 0.790 | 0.642 | 0.726 | 0.751 | 0.758 | 0.805 | 0.798 | 0.785
SMOTE | 0.734 | 0.791 | 0.789 | 0.791 | 0.650 | 0.738 | 0.754 | 0.760 | 0.806 | 0.807 | 0.789
RsLS | 0.716 | 0.780 | 0.798 | 0.790 | 0.653 | 0.731 | 0.751 | 0.760 | 0.807 | 0.799 | 0.791
OVUN | 0.614 | 0.683 | 0.646 | 0.724 | 0.597 | 0.603 | 0.606 | 0.645 | 0.690 | 0.665 | 0.646
ROSE | 0.507 | 0.507 | 0.507 | 0.786 | 0.651 | 0.716 | 0.743 | 0.759 | 0.794 | 0.715 | 0.783
DBSM 0.698 - - - - - - - - - -
Top+v | 0741 | 0778 | 0.782 | 0.781 | 0.659 | 0.731 | 0.702 | 0.762 | 0.789 | 0.784 | 0.763
TOP+ROSE | 0.726 | 0.798 | 0.799 | 0.792 | 0.638 | 0.731 | 0.753 | 0.760 | 0.805 | 0.792 | 0.788
TOP+SMOT
E 0.718 |10.794 | 0.794 | 0.748 | 0.669 | 0.717 | 0.729 | 0.762 | 0.805 | 0.794 | 0.789
ToP+rsLs | 0718 | 0.777 | 0.794 | 0.748 | 0.668 | 0.721 | 0.737 | 0.762 | 0.805 | 0.793 | 0.789
A3 7.3.15 wamimaauﬁ’aﬂ%’ay‘amﬁ 15
C45 | €50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svMm
BASE | 0934 | 0971 | 0.968 | 0.962 | 0.801 | 0.887 | 0.929 | 0.953 | 0972 | 0.961 | 0.973
ROS 0.854 | 0.970 | 0.974 | 0.962 | 0.801 | 0.880 | 0.919 | 0.952 | 0.976 | 0.968 | 0.969
SMOTE | 0.918 | 0.970 | 0.968 | 0.963 | 0.826 | 0.906 | 0.938 | 0.945 | 0.975 | 0.969 | 0.969
RSLS | 0.899 | 0.968 | 0.963 | 0.963 | 0.803 | 0.892 | 0.931 | 0.947 | 0.976 | 0.967 | 0.973
OVUN | 0.909 | 0.967 | 0.968 | 0.958 | 0.868 | 0.920 | 0.928 | 0.911 | 0.972 | 0.969 | 0.956
ROSE | 0.570 | 0.767 | 0.954 | 0.966 | 0.837 | 0.918 | 0.939 | 0.950 | 0.976 | 0.964 | 0.971
DBSM 0.875 - - - - - - - - - -
ToP+v | 0.918 | 0971 | 0970 | 0961 | 0.832 | 0.910 | 0.930 | 0.953 | 0.968 | 0.973 | 0.967
TOP+ROSE | 0.932 | 0.964 | 0.969 | 0.962 | 0.845 | 0.901 | 0.929 | 0.937 | 0.973 | 0.971 | 0.974
TOP+SMOT
E 0.932 | 0.969 | 0.968 | 0.961 | 0.845 | 0.901 | 0.929 | 0.953 | 0.973 | 0.974 | 0.973
TOP+RSLS | 0932 | 0.969 | 0.968 | 0.961 | 0.845 | 0.901 | 0.929 [ 0.953 | 0.973 | 0.963 | 0.973




7.4 HaMINAaVYTLANTNNAEN U IALLY AUPRC

A Yy v A
AT NN 7.4.1 NﬁﬂWiﬂﬂﬁfJUﬂ’Jﬂﬂlﬂyjﬁijﬂ‘ﬂ 1

100

C45 | C50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svM
BASE | 0730 | 0.875 | 0.825 | 0.849 | 0.745 | 0.885 | 0.911 | 0.816 | 0.845 | 0.911 | 0.905
ROS | 0.627 | 0900 | 0.888 | 0.837 | 0.745 | 0.765 | 0.783 | 0.815 | 0.840 | 0.913 | 0.921
SMOTE | 0.556 | 0.875 | 0.881 | 0.843 | 0.654 | 0.780 | 0.843 | 0.845 | 0.846 | 0927 | 0.917
RSLS | 0.679 | 0.902 | 0.840 | 0.845 | 0.745 | 0.873 | 0.900 | 0.828 | 0.850 | 0.918 | 0.897
OVUN | 0.719 | 0876 | 0.832 | 0.838 | 0.749 | 0.813 | 0.872 | 0.831 | 0.839 | 0.900 | 0.908
ROSE | 0.160 | 0.160 | 0.848 | 0.801 | 0.472 | 0.729 | 0.784 | 0.866 | 0.797 | 0.854 | 0.889
DBSM - = - - - - - - - - -
TOP+v | 0752 | 0.900 | 0.819 | 0.838 | 0.745 | 0.890 | 0.911 | 0.816 | 0.818 | 0.892 | 0.905
TOP+ROSE | 0764 | 0900 | 0.855 | 0.850 | 0.756 | 0.890 | 0.89 | 0.816 | 0.841 | 0.922 | 0.913
TOP+SMOT
E 0.752 | 0900 | 0.886 | 0.837 | 0.756 | 0.890 | 0.896 | 0.834 | 0.859 | 0.911 | 0.914
TOP+RSLS | 0.752 | 0.900 |10.899 | 0.852 | 0.756 | 0.890 | 0.896 | 0.876 | 0.837 | 0926 | 0914
M131971 7.4.2 wamsnaaeudieteyayadi 2
C45 | C50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | sv™
BASE | 0.629 | 0.863 | 0.754 | 0.668 | 0.625 | 0.709 | 0.773 | 0.573 | 0.696| 0.901 | 0.776
ROS | 0.655 | 0.848 | 0.824 | 0.659 | 0.625 | 0.678 | 0.714 | 0.588 | 0.640 | 0.870 | 0.800
SMOTE | 0.550 | 0.836 | 0.800 | 0.667 | 0.620 | 0.701 | 0.715 | 0.580 | 0.628 | 0.879 | 0.785
RSLs | 0.579 | 0.868 | 0.801 | 0.661 | 0.615 | 0.698 | 0730 | 0.577 | 0.662 | 0.881 | 0.781
OVUN | 0.609 | 0.822 | 0.758 | 0.666 | 0.606 | 0.717 | 0.767 | 0.606 | 0.689 | 0.895 | 0.782
ROSE | 0484 | 0.635 | 0685 | 0.612 | 0450 | 0472 | 0497 | 0574 | 0.624 | 0.596 | 0.665
DBSM - - - - - - - - - - -
TOP+v | 0.638 | 0.865 | 0.750 | 0.656 | 0.648 | 0.730 | 0.783 | 0.560 | 0.650 | 0.888 | 0.740
TOP+ROSE | 0633 | 0.838 | 0.849 | 0.673 | 0.625 | 0.696 | 0.715 | 0.548 | 0.664 | 0.874 | 0.784
TOP+SMOT
E 0.611 | 0.863 | 0.822 | 0.671 | 0.625 | 0.694 | 0.716 | 0.548 | 0.677 | 0.885 | 0.805
TOP+RSLS | 0.611 | 0.863 | 0.823 | 0.671 | 0.625 | 0.694 | 0.716 | 0.548 | 0.680 | 0.875 | 0.800




M35199 7.4.3 HamInadoUAIeToyayai 3
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C45 | C50 | XGB | LR | I-NN | 3NN [ 5NN | NB | NN | RF | sVM
BASE | 0.646 | 0.754 | 0.746 | 0.564 | 0.762 | 0.817 | 0.814 | 0.569 | 0.755 | 0.866 | 0.699
ROS 0.584 | 0.841 | 0.786 | 0.578 | 0.771 | 0.824 | 0.811 | 0.564 | 0.761 | 0.866 | 0.739
SMOTE | 0.569 | 0.754 | 0.745 | 0.564 | 0.762 | 0.817 | 0.814 | 0.569 | 0.786 | 0.858 | 0.721
RSLS | 0.673 | 0.833 | 0.761 | 0.569 | 0.750 | 0.826 | 0.832 | 0.517 | 0.748 | 0.843 | 0.695
OVUN | 0.646 | 0.865 | 0.753 | 0.603 | 0.761 | 0.817 | 0.821 | 0.514 | 0.788 | 0.861 | 0.719
ROSE | 0.478 | 0.535 | 0.610 | 0.479 | 0.505 | 0.557 | 0.549 | 0.597 | 0.609 | 0.607 | 0.632
DBSM - - - - - - - - - - -
ToP+v | 0745 | 0.834 | 0.648 | 0.552 | 0.784 | 0.826 | 0.822 | 0.541 | 0.813 | 0.875 | 0.676
TOP+ROSE | 0.611 | 0.829 | 0.793 | 0.597 | 0.753 | 0.830 | 0.811 | 0.570 | 0.716 | 0.870 | 0.733
TOP+SMOT
E 0.650 | 0.854 | 0.767 | 0.599 | 0.691 | 0.814 | 0.839 | 0.566 | 0.743 | 0.855 | 0.703
TOP+RSLS | 0.556 | 0.845 | 0.777 | 0.600+| 0.740 | 0.820 | 0.826 | 0.554 | 0.774 | 0.834 | 0.709
A3 7.4.4 wamimaauﬁ"m%yaﬁmﬁ 4
C45 | €50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svMm
BASE | 0.805 | 0.896 | 0.895 | 0.832 | 0.813 | 0.878 | 0.854 | 0.783 | 0.930 | 0.962 | 0.976
ROS 0.624 | 0.918 | 0.933 | 0.786 | 0.813 | 0.808 | 0.807 | 0.792 | 0.911 | 0.922 | 0.976
SMOTE | 0.721 | 0.928 | 0.930 | 0.805 | 0.838 | 0.850 | 0.872 | 0.811| 0.945 | 0.942 | 0.963
RsLs | 0.822 | 0927 | 0.896 | 0.842 | 0.813 | 0.828 | 0.851 | 0.771 | 0.930 | 0.970 | 0.976
OVUN | 0737 | 0.854 | 0.905 | 0.826 | 0.813 | 0.823 | 0.858 | 0.794 | 0.894 | 0.959 | 0.976
ROSE | 0.761 | 0.955 | 0.937 | 0.831 | 0.681 | 0.806 | 0.821 | 0.774 | 0.944 | 0.954 | 0.957
DBSM - - - - - - - - - - -
TOP+v | 0.775 | 0.896 | 0.939 | 0.832 | 0.813 | 0.878 | 0.854 | 0.783 | 0.942 | 0.946 | 0.976
TOP+ROSE | 0.805 | 0.915 | 0.898 | 0.883 | 0.813 | 0.828 | 0.854 | 0.783 | 0.951 | 0.917 | 0.972
TOP+SMOT
E 0.766 | 0.904 | 0.902 | 0.847 | 0.853 | 0.850 | 0.842 | 0.788 | 0.967 | 0.939 | 0.976
TOP+RSLS | 0.726 | 0.904 | 0.951 | 0.847 | 0.813 | 0.828 | 0.842 | 0.788 | 0.933 | 0.937 | 0.976




M35199 7.4.5 HamInadoUAIeToyayan 5
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C45 | C50 | XGB | LR | I-NN | 3NN [ 5NN | NB | NN | RF | sVM
BASE | 0.290 | 0314 | 0.470 | 0.493 | 0.393 | 0.433 | 0.420 | 0.470 | 0.453 | 0.404 | 0.464
ROS 0.407 | 0.438 | 0.474 | 0.488 | 0.401 | 0.414 | 0.407 | 0.468 | 0.484 | 0.392 | 0.486
SMOTE | 0429 | 0370 | 0.505 | 0.495 | 0.365 | 0.414 | 0433 | 0.464 | 0.448 | 0.420 | 0.506
RSLS | 0393 | 0.400 | 0.491 | 0.494 | 0375 | 0.400 | 0.384 | 0.460 | 0.408 | 0.376 | 0.506
OVUN | 0413 | 0454 | 0.471 | 0.447 | 0364 | 0.436 | 0.439 | 0.415 | 0489 | 0.411 | 0.455
ROSE | 0427 | 0.424 | 0439 | 0472 | 0296 | 0340 | 0.377 | 0.456 | 0.454 | 0.406 | 0.456
DBSM - - - - - - - - - - -
TOP+v | 0350 | 0347 | 0.435 | 0.449 | 0.375 | 0304 | 0296 | 0338 | 0.441 | 0.324 | 0377
TOP+ROSE | 0361 | 0.385 | 0.518 | 0.496 | 0.321 | 0.446 | 0.391 | 0.465 | 0.456 | 0.366 | 0.508
TOP+SMOT
E 0369 | 0.434 | 0.450 | 0.433 | 0326 | 0455 | 0.298 | 0.421 | 0.460 | 0.376 | 0.464
TOP+RSLS | 0402 | 0.434 | 0.470 | 0.433 | 0.326 | 0.350 | 0.354 | 0.421 | 0.437 | 0397 | 0.459
A3 7.4.6 wamimaauﬁ’m%yaﬁmﬁ 6
C45 | €50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svMm
BASE | 0.653 | 0.754 | 0.771 | 0.757 | 0.668 | 0.677 | 0.717 | 0.696 | 0.759 | 0.777 | 0.715
ROS 0.673 | 0.765 | 0.814 | 0.765 | 0.661 | 0.688 | 0.701 | 0.714 | 0.753 | 0.792 | 0.753
sMOTE | 0.679 | 0.763 | 0.785 | 0.759 | 0.662 | 0.672 | 0.708 | 0.706 | 0.715 | 0.778 | 0.745
RsLs | 0.686 | 0.763 | 0.801 | 0.759 | 0.662 | 0.672 | 0.708 | 0.706 | 0.715 | 0.778 | 0.748
OVUN | 0490 | 0.624 | 0.651 | 0.644 | 0.493 | 0.532 | 0.542 | 0.536 | 0.638 | 0.671 | 0.611
ROSE | 0.457 | 0.444 | 0.613 | 0.631 | 0.470 | 0.475 | 0.482 | 0.555 | 0.546 | 0.569 | 0.592
DBSM - - - - - - - - - - -
TOP+vV | 0.576 | 0.613 | 0.716 | 0.700 | 0.464 | 0.505 | 0.625 | 0.546 | 0.635 | 0.742 | 0.665
TOP+ROSE | 0472 | 0.727 | 0.727 | 0.666 | 0.485 | 0.573 | 0.598 | 0.547 | 0.648 | 0.740 | 0.718
TOP+SMOT
E 0.536 | 0.699 | 0.760 | 0.642 | 0.487 | 0.563 | 0.563 | 0.551 | 0.717 | 0.700 | 0.708
TOP+RSLS | 0.482 | 0.699 | 0.760 | 0.650 | 0.487 | 0.573 | 0.563 | 0.552 | 0.625 | 0.740 | 0.680




M3199 7.4.7 HamsnadouAletoyagyai 7
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C45 | C50 | XGB | LR | 1-NN | 3NN | 5NN | NB | NN | RF | svM
BASE | 0.827 | 0.968 -ﬂ 0925 | 0943 | 0.935 0.974
ROS | 0.880 | 0.937 | 0.994 | 0.935 | 0925 0.949 0.989
SMOTE | 0.905 | 0.965 | 0.994 | 0.984 0.943 | 0.936 0.989
RSLS | 0.780 0.959 | 0.925 | 0.938 | 0.935 0.978
ovUN | 0.771 0.935 | 0.925 | 0.939 | 0.943 0.974
ROSE | 0.756 0557 | 0.768 | 0.862 | 0.965 0994 | 0.972
DBSM - - - - - - - - - - -
TOP+v | 0.900 | 0.968 0.929 | 0.924 0.947

TOP+ROSE | 0.878 | 0962 | 0.994 | 0.984 | 0.929 0.938

TOP+SMOT

E 0.962 0975 | 0.925 0.993 | 0.987
TOP+RSLS 0.966 0975 | 0.929 0.918 0.982
M31971 7.4.8 HamnadouAItoyayail 8

C45 | C50 | XGB | LR | 1-NN | 3NN | 5NN | NB | NN | RF | svM
BASE | 0.847 | 0.889 0938 | 0.888 - 0977 | 0971 0.966 | 0.949
ROS | 0.814 | 0.863 0.938 | 0.888 | 0.946 | 0.952 | 0971 0.977
SMOTE | 0.836 | 0.854 | 0925 | 0938 w 0.930 | 0.946 | 0.971 88 | 0.945
RsLs | 0.777 - 0.931 | 0.938 | 0.888 | 0.954 | 0.958 | 0.971 0977 | 0.960
ovuN | 0782 | 0857 | 0931 | 0.962 | 0.888 | 0.944 0971 0961 | 0.953
ROSE | 0.745 | 0.943 | 0.933 | 0.966 | 0.548 | 0.863 | 0.893 | 0.974 0955
DBSM - - - - - - - - - - -
TOP+v | 0.840 0.943 0.888 0971 0.949

TOP+ROSE | 0.833 | 0.961 | 0.956 | 0.962 | 0.904 | 0.945 0.977

TOP+SMOT

E 0.961 | 0.956 | 0.977 0.935 | 0.952 | 0.971 0.949
TOP+RSLS 0.961 | 0.956 | 0.977 0.930 | 0.952 | 0.971 0977 | 0.949




M5199 7.4.9 HaMINAdoUAITOYaYAT 9
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C45 | C50 | XGB | LR | I-NN | 3NN [ 5NN | NB | NN | RF | sVM
BASE | 0.659 | 0.928 | 0.864 | 0.715 | 0.514 | 0.681 | 0.776 | 0.598 | 0.835 | 0.949 | 0.858
ROS 0.950 | 0.935 | 1.000 | 0.526 | 0.709 | 0.774 | 0.773 | 0.658 | 0.947 | 1.000 | 0.979
SMOTE | 0.950 | 0.950 | 1.000 | 0.459 | 0.793 | 0.837 | 0.820 | 0.689 | 0.951 | 1.000 | 1.000
RSLS | 0.950 | 0.950 | 0.901 | 0.732 | 0.709 | 0.831 | 0.755 | 0.664 | 0.928 | 1.000 | 0.931
OvUN | 0.875 | 0950 | 0.916 | 0.785 | 0.709 | 0.825 | 0.748 | 0.643 | 0.907 | 0.990 | 0.951
ROSE | 0.192 | 0.526 | 0.670 | 0.640 | 0.405 | 0.456 | 0.455 | 0.699 | 0.555 | 0.731 | 0.832
DBSM - - - - - - - - - - -
ToP+v | 0950 | 0975 | 0.914 | 0.850 | 0.754 | 0.853 | 0.771 | 0.628 | 0.958 | 1.000 | 0.970
TOP+ROSE | 0.950 | 0.950 | 1.000 | 0.602 | 0.729 | 0.852 | 0.820 | 0.711 | 0.938 | 1.000 | 0.970
TOP+SMOT
E 0.950 | 0.950 | 1.000 | 0.602 | 0.778 | 0.852 | 0.801 | 0.598 | 0.967 | 1.000 | 0.970
TOP+RSLS | 0950 | 0.950 | 1.000 | 0.602 | 0.728 | 0.852 | 0.801 | 0.598 | 0.938 | 0.990 | 0.970
A3 7.4.10 wamimaauﬁ’aﬂ%’ay‘amﬁ 10
C45 | €50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svMm
BASE | 0434 | 0515 | 0.570 | 0.635 | 0.388 | 0.412 | 0.418 | 0.524 | 0439 | 0.515 | 0.629
ROS 0.549 | 0.659 | 0.694 | 0.729 | 0.494 | 0.523 | 0.550 | 0.676 | 0.533 | 0.695 | 0.704
SMOTE | 0.567 | 0.691 | 0.734 | 0.731 | 0.487 | 0.563 | 0.624 | 0.677 | 0.545 | 0.691 | 0.723
RsLs | 0.595 | 0.691 | 0.723 | 0.731 | 0.487 | 0.563 | 0.624/| 0.677 | 0.511 | 0.721 | 0.724
OvUN | 0.571 [ 0704 | 0.706 | 0.722 | 0.486 | 0.547 | 0.594 | 0.661 | 0.496 | 0.698 | 0.711
ROSE | 0.582 | 0.674 | 0.697 | 0.715 | 0.486 | 0.545 | 0.578 | 0.663 | 0.453 | 0.685 | 0.707
DBSM - - - - - - - - - - -
TOP+vV | 0.583 | 0.697 | 0.714 | 0.691 | 0.470 | 0.520 | 0.542 | 0.612 | 0.491 | 0.694 | 0.718
TOP+ROSE | 0.604 | 0.702 | 0.728 | 0.724 | 0.498 | 0.536 | 0.573 | 0.682 | 0.508 | 0.653 | 0.710
TOP+SMOT
E 0.585 | 0.634 | 0.708 | 0.730 | 0.497 | 0.534 | 0.569 | 0.681 | 0.537 | 0.694 | 0.709
TOP+RSLS | 0.585 | 0.639 | 0.713 | 0.706 | 0.497 | 0.536 | 0.572 | 0.682 | 0.508 | 0.672 | 0.713




M35199 7.4.11 HamsnadoUAIetoyagyai 11
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C45 | C50 | XGB | LR | I-NN | 3NN [ 5NN | NB | NN | RF | sVM
BASE | 0.451 | 0.651 | 0.627 | 0.695 | 0.358 | 0.427 | 0.498 | 0.532 | 0.622 | 0.645 | 0.652
ROS 0379 | 0.661 | 0.625 | 0.688 | 0.356 | 0.399 | 0.416 | 0.529 | 0.606 | 0.644 | 0.658
SMOTE | 0454 | 0.674 | 0.631 | 0.692 | 0.357 | 0.421 | 0450 | 0.532 | 0.581 | 0.654 | 0.639
RSLS | 0527 | 0.657 | 0.634 | 0.694 | 0360 | 0.423 | 0.438 | 0.532 | 0.617 | 0.650 | 0.649
OVUN | 0433 | 0.664 | 0.612 | 0.701 | 0.360 | 0.447 | 0.511 | 0.537 | 0.659 | 0.656 | 0.640
ROSE | 0.428 | 0.538 | 0.575 | 0.530 | 0.311 | 0.373 | 0.405 | 0.512 | 0.450 | 0.561 | 0.548
DBSM - - - - - - - - - - -
ToP+v | 0502 | 0.610 | 0.580 | 0.653 | 0.415 | 0.424 | 0.452 | 0.532 | 0.570 | 0.586 | 0.576
TOP+ROSE | 0.404 | 0.602 | 0.565 | 0.653 | 0.380 | 0.422 | 0.447 | 0.535 | 0.606 | 0.592 | 0.606
TOP+SMOT
E 0437 | 0.611 | 0.560 | 0.667 | 0374 | 0.432 | 0.447 | 0.544 | 0.655 | 0.604 | 0.645
TOP+RSLS | 0428 | 0.611 | 0.550 | 0.667 | 0.384 | 0.370 | 0.447 | 0.544 | 0.620 | 0.592 | 0.634
AT 7.4.12 waﬂﬁmaauﬁ"m’fagamﬁ 12
C45 | €50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svMm
BASE | 0.878 | 0.994 | 0.980 | 0.982 | 0.789 | 0.892 | 0.911 | 0.673 | 0.980 | 0.996 | 0.983
ROS 0.893 | 0.996 | 0.966 | 0.979 | 0.786 | 0.833 | 0.859 | 0.699 | 0.946 | 0.997 | 0.987
SMOTE | 0.872 | 0.997 | 0.958 | 0.981 | 0.786 | 0.891 | 0.894 | 0.683 | 0.984 | 0.997 | 0.986
RSLS | 0.903 | 0.996 | 0.952 | 0.981 | 0.785 | 0.894 | 0.896 | 0.696 | 0.955 | 0.998 | 0.985
OVUN | 0.895 | 0.993 | 0.933 | 0.974 | 0.639 | 0.691 | 0.690 | 0.390 | 0.922 | 0.994 | 0.987
ROSE | 0702 | 0.908 | 0.945 | 0.801 | 0.427 | 0.574 | 0.599 | 0.697 | 0.708 | 0.951 | 0.954
DBSM - - - - - - - - - - -
TOP+v | 0.898 | 0.995 | 0.981 | 0.981 | 0.789 | 0.895 | 0.911 | 0.753 | 0.980 | 0.996 | 0.981
TOP+ROSE | 0.900 | 0.997 | 0.983 | 0.981 | 0.789 | 0.898 | 0.920 | 0.627 | 0.980 | 0.997 | 0.983
TOP+SMOT
E 0.923 | 0.997 | 0.980 | 0.981 | 0.789 | 0.893 | 0.911 | 0.673 | 0.966 | 0.997 | 0.988
TOP+RSLS | 0.888 | 0.996 | 0.980 | 0.981 | 0.786 | 0.873 | 0.911 | 0.673 | 0.980 | 0.997 | 0.988




M135199 7.4.13 HamInadoUAIetoyagyai 13
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C45 | C50 | XGB | LR | I-NN | 3NN [ 5NN | NB | NN | RF | sVM
BASE | 0.949 | 0.990 | 0.979 | 0.989 | 0.930 | 0.962 | 0.979 | 0.950 | 0.983 | 0.987 | 0.964
ROS 0.933 | 0.990 | 0.974 | 0.991 | 0.930 | 0.958 | 0.960 | 0.950 | 0.984 | 0.981 | 0.956
sMOTE | 0951 | 0.990 | 0.977 | 0.989 | 0.930 | 0.962 | 0.979 | 0.950 | 0.980 | 0.980 | 0.964
RSLS | 0.907 | 0.983 | 0.971 | 0.989 | 0932 | 0.957 | 0.961 | 0.950 | 0.983 | 0.980 | 0.960
OovUN | 0911 | 0988 | 0.970 | 0.989 | 0.925 | 0.950 | 0.967 | 0.960 | 0.981 | 0.980 | 0.955
ROSE | 0.913 | 0.974 | 0977 | 0.989 | 0.913 | 0.952 | 0.968 | 0.964 | 0.985 | 0.969 | 0.961
DBSM - - - - - - - - - - -
ToP+v | 0916 | 0.988 | 0.967 | 0.990 | 0.932 | 0.962 | 0.980 | 0.960 | 0.983 | 0.986 | 0.966
TOP+ROSE | 0.949 | 0982 | 0.978 | 0.988 | 0.933 | 0.943 | 0.957 | 0.951 | 0.982 | 0.988 | 0.936
TOP+SMOT
E 0.949 | 0.983 | 0.978 | 0.989 | 0.930 | 0.937 | 0.971 | 0.979 | 0.982 | 0.985 | 0.913
TOP+RSLS | 0949 | 0.962 | 0.978 | 0.989 | 0.922 | 0.940 | 0.971 | 0979 | 0.977 | 0.988 | 0.924
AT 7.4.14 wamimaauﬁ’aﬂ%’ay‘amﬁ 14
C45 | €50 | XGB | LR | I-NN | 3NN | 5NN | NB | NN | RF | svMm
BASE | 0497 | 0595 | 0.615 | 0.595 | 0.426 | 0.530 | 0.556 | 0.533 | 0.620 | 0.629 | 0.612
ROS 0433 | 0.602 | 0.616 | 0.596 | 0429 | 0.491 | 0.529 | 0.528 | 0.623 | 0.628 | 0.579
sMOTE | 0.502 | 0.586 | 0.605 | 0.598 | 0.423 | 0.516 | 0.527 | 0.532 | 0.623 | 0.636 | 0.594
RSLs | 0.481 | 0.585 | 0.623 | 0.596 | 0.432 | 0.501 | 0.533 | 0.534 | 0.619 | 0.620 | 0.600
OVUN | 0337 | 0.406 | 0.370 | 0.496 | 0.337 | 0.340 | 0342 | 0.381 | 0.424 | 0.386 | 0376
ROSE | 0.292 | 0292 | 0292 | 0.589 | 0.391 | 0.453 | 0.492 | 0.535 | 0.610 | 0.439 | 0.594
DBSM - - - - - - - - - - -
TOP+V | 0.478 | 0.568 | 0.610 | 0.585 | 0.386 | 0.497 | 0.418 | 0.533 | 0.605 | 0.577 | 0.584
TOP+ROSE | 0.500 | 0.613 | 0.619 | 0.598 | 0.372 | 0.503 | 0.536 | 0.507 | 0.624 | 0.617 | 0.598
TOP+SMOT
E 0.487 | 0.610 | 0.603 | 0.522 | 0.420 | 0.464 | 0.469 | 0.533 | 0.618 | 0.603 | 0.603
TOP+RSLS | 0.487 | 0.577 | 0.603 | 0.522 | 0.432 | 0.472 | 0.490 | 0.533 | 0.618 | 0.608 | 0.603




M3199 7.4.15 HamInadouAIetoyagyai 15
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C4.5 C5.0 | XGB LR 1-NN | 3-NN | 5-NN NB NN RF SVM
BASE 0.704 | 0.804 | 0.848 | 0.794 | 0.515 | 0.689 | 0.757 | 0.671 | 0.819 | 0.826 | 0.840
ROS 0.539 | 0.797 | 0.828 | 0.796 | 0.515 | 0.597 | 0.639 | 0.670 [ 0.838 | 0.819 | 0.809
SMOTE 0.641 | 0.794 | 0.825 | 0.795 | 0.510 | 0.608 | 0.676 | 0.659 | 0.831 | 0.811 | 0.802
RSLS 0.683 | 0.816 | 0.842 | 0.796 | 0.514 | 0.705 | 0.756 | 0.665 | 0.835 | 0.829 | 0.829
OVUN 0.468 | 0.763 | 0.766 | 0.786 | 0.475 | 0.568 | 0.604 | 0.619 | 0.821 | 0.769 | 0.774
ROSE 0.153 | 0311 | 0.626 | 0.793 | 0.332 | 0.534 | 0.638 | 0.673 | 0.831 | 0.731 | 0.822
DBSM - - - - - - - - - - -
TOP+V 0.668 | 0.821 | 0.832 | 0.796 | 0.525 | 0.706 | 0.741 | 0.671 | 0.807 | 0.833 | 0.817
TOP+ROSE | 0.681 | 0.804 | 0.851 | 0.797 | 0.520 | 0.665 | 0.757 | 0.499 | 0.815 | 0.830 | 0.835
TOP+SMOT
E 0.681 | 0.807 | 0.839 [ 0.798 | 0.520 | 0.665 | 0.757 | 0.671 | 0.820 | 0.844 | 0.836
TOP+RSLS | 0.681 | 0.807 | 0.824 [10.798 | 0.520 | 0.665 | 0.757 | 0.671 | 0.819 | 0.773 | 0.836
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mwi 7.5.2 Tuea C5.0 Uudoyannya

F1 Rank Count Grouped by Sampling Techniques
C5.0 on 15 Datasets

Rank 1- 1 0 0 0 0 1 2 5 1 2 8
Rank 2- 1 0 3 2 0 2 1 5 6 5 2
Rank 3- 0 0 0 1 1 5 & 3 3 1 1
Rank 4- 1 0 1 4 0 1 5 0 1 1 3
Rank Hits
= Rank5- 2 0 3 4 0 2 1 2 1 4 0 8
£ 6
2
c 4
e
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Rank 7- 0 0 3 2 5 2 0 0 1 1 0
Rank 8- 4 0 0 ! 5 0 1 0 0 0 0
Rank 8- 1 0 1 0 1 0 0 0 0 0 0
Rank 10- 0 0 0 0 1 0 0 0 0 0 0
BASE DBSM OVUN ROS ROSE RSLS SMOTE ~ TOP+ROSE TOP+RSLS TOP+SMOTE TOP+V

Sampling Technique



110

mwii 7.5.3 Tuaa RF yudoyannya

F1 Rank Count Grouped by Sampling Techniques
RF on 15 Datasets
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= Rank5- 0 0 3 ] 1 K] 0 3 1 0 2
g
c
e
Rank 6 - 3 0 3 1 4 0 4 1 1 1 0
Rank 7- 1 0 2 ) &) 2 3 0 0 1 0
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Ml 7.5.4 Tuea XGB Dudoyannye

F1 Rank Count Grouped by Sampling Techniques
XGB on 15 Datasets
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F1 Rank Count Grouped by Sampling Techniques
LR on 15 Datasets

Rank 1- 0 0 0 1 0 2 2 4 1 1 8
Rank 2- 1 0 1 0 1 1 1 5 4 3 3
Rank 3- 1 0 2 2 Q 3 1 3 6 4 1
Rank 4- 4 0 2 4 3 4 3 2 0 2 1
Rank Hits
= Rank5- 2 0 1 2 K] 1 3 0 1 0 1 8
£ 6
2
c 4
e
Rank 6 - 0 0 2 4 0 1 2 1 2 2 0 2
)
Rank 7- 0 0 3 Q 2 2 1 0 1 3 0
Rank 8- 1 0 3 ! 4 1 1 0 0 0 1
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Sampling Technique
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MW 7.5.8 Tuaa 3-NN Uudoyannya

F1 Rank Count Grouped by Sampling Techniques
3-NN on 15 Datasets
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BASE DBSM OVUN ROS ROSE RSLS SMOTE ~ TOP+ROSE TOP+RSLS TOP+SMOTE TOP+V

Sampling Technique
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F1 Rank Count Grouped by Sampling Techniques
5-NN on 15 Datasets
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Rank 10- 1 0 1 0 4] 0 0 0 0 0 0
BASE DBSM OVUN ROS ROSE RSLS SMOTE ~ TOP+ROSE TOP+RSLS TOP+SMOTE TOP+V

Sampling Technique



Ml 7.5.10 Tuea NN Dudoyannye

F1 Rank Count Grouped by Sampling Techniques
NN on 15 Datasets

Rank 1- 2 0 2 3 0 2 2 6 4 3 9
Rank 2- 0 0 1 1 0 0 5 5 5 4 0
Rank 3- 2 0 0 ) 1 3 1 2 1 2 3
Rank 4- 0 0 1 2 1 4 2 0 1 2 2
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Rank 8- 3 0 1 2 3 0 0 1 0 0 0
Rank 8- 1 0 4 0 0 1 1 0 0 0 0
Rank 10- 2 0 0 0 2 0 0 0 0 0 0
BASE DBSM OVUN ROS ROSE RSLS SMOTE ~ TOP+ROSE TOP+RSLS TOP+SMOTE TOP+V

Sampling Technique
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MW 7.5.11 Tuaa SVM Dudoyannga

F1 Rank Count Grouped by Sampling Techniques
SVM on 15 Datasets
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GM Rank Count Grouped by Sampling Techniques
C5.0 on 15 Datasets
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GM Rank Count Grouped by Sampling Techniques
RF on 15 Datasets
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Ml 7.6.4 Tuea XGB Dudoyannye

GM Rank Count Grouped by Sampling Techniques
XGB on 15 Datasets
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mwil 7.6.7 Tuaa 1-NN Uudoyannya

GM Rank Count Grouped by Sampling Techniques
1-NN on 15 Datasets
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GM Rank Count Grouped by Sampling Techniques
3-NN on 15 Datasets
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GM Rank Count Grouped by Sampling Techniques
5-NN on 15 Datasets
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F1 Rank Count Grouped by Sampling Techniques
NN on 15 Datasets
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GM Rank Count Grouped by Sampling Techniques
SVM on 15 Datasets
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mwi 7.7.2 Tuea C5.0 vudoyannya

Area Under ROC Rank Count Grouped by Sampling Techniques
C5.0 on 15 Datasets
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Ml 7.7.4 Tuea XGB Dudoyannye

Area Under ROC Rank Count Grouped by Sampling Techniques
XGB on 15 Datasets
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Area Under ROC Rank Count Grouped by Sampling Techniques
LR on 15 Datasets
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Area Under ROC Rank Count Grouped by Sampling Techniques
NB on 15 Datasets
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Area Under ROC Rank Count Grouped by Sampling Techniques
1-NN on 15 Datasets
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BASE DBSM OVUN ROS ROSE RSLS SMOTE ~ TOP+ROSE TOP+RSLS TOP+SMOTE TOP+V

Sampling Technique



137

MW 7.7.8 Tuaa 3-NN vudoyannya

Area Under ROC Rank Count Grouped by Sampling Techniques
3-NN on 15 Datasets
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Area Under ROC Rank Count Grouped by Sampling Techniques
5-NN on 15 Datasets
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Area Under ROC Rank Count Grouped by Sampling Techniques
NN on 15 Datasets
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Area Under ROC Rank Count Grouped by Sampling Techniques
SVM on 15 Datasets
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Rank 5- 4 1 3 2 3 1 2 0 1 0 1
Rank Hits
< 6
=
% Rank 6- 1 2 3 0 2 1 1 1 0 1 2 4
e 2
Rank 7- 9 4 0 0 1 1 1 0 0 1 2 ‘
Rank 8- 2 0 1 0 2 0 0 1 1 0 1
Rank 8- 0 4 0 Q 2 0 0 0 0 0 2
Rank 10- 0 2 1 0 1 Q 0 0 0 0 0
Rank 11 - 0 2 0 0 0 0 0 0 0 0 0
BASE DBSM OVUN ROS ROSE RSLS SMOTE ~ TOP+ROSE TOP+RSLS TOP+SMOTE TOP+V

Sampling Technique
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AUPRC

M 7.8.1 Tuaa C4.5 vudoyanniye

Ranks nth

Rank 1-

Rank 2-

Rank 3-

Rank 4 -

Rank 5-

Rank 6-

Rank 7 -

Rank 8-

Rank 9-

Rank 10-

BASE

OVUN

Area Under PRC Rank Count Grouped by Sampling Techniques

ROS

ROSE

C4.5 on 15 Datasets

4 4

4 1

0 2

0 1

2 1

1 0

2 3

2 2

0 1

0 0
RSLS SMOTE

Sampling Technique

TOP+ROSE

2 4
3 2
2 3
1 2
2 2
0 1
3 1
2 0
0 0
0 0

TOP+RSLS TOP+SMOTE

TOP+V

Rank Hits
5
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M 7.8.2 Tuiaa €5.0 Uudoyannye

Area Under PRC Rank Count Grouped by Sampling Techniques
C5.0 on 15 Datasets

Rank Hits
5

RSLS SMOTE  TOF TOP+RSLS TOP+SMOTE  TOP+V

Sampling Technique
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MW 7.8.3 Tuiaa RF Dudoyannye

Area Under PRC Rank Count Grouped by Sampling Techniques
RF on 15 Datasets

Rank Hits
5

RSLS SMOTE T TOP+RSLS TOP+SMOTE  TOP+V
Sampling Technique

BASE OVUN
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MW 7.8.4 Tuiaa XGB vudayannya

Area Under PRC Rank Count Grouped by Sampling Techniques
RF on 15 Datasets

Rank Hits
5

RSLS SMOTE T TOP+RSLS TOP+SMOTE  TOP+V
Sampling Technique

BASE OVUN
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MW 7.8.5 Tuiaa LR vudoyannya

Area Under PRC Rank Count Grouped by Sampling Techniques
RF on 15 Datasets

Rank Hits
5

RSLS SMOTE T TOP+RSLS TOP+SMOTE  TOP+V
Sampling Technique

BASE OVUN
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MW 7.8.6 Tuiaa NB uudoyannye

Area Under PRC Rank Count Grouped by Sampling Techniques
NB on 15 Datasets

Rank Hits
6

RSLS SMOTE  TOl TOP+RSLS TOP+SMOTE  TOP+V

Sampling Technique
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MW 7.8.7 Tuaa 1-NN Uudoyannya

Area Under PRC Rank Count Grouped by Sampling Techniques
1-NN on 15 Datasets

Rank Hits

Ranks nth

BASE OVUN ROS ROSE RSLS SMOTE  TOP+ROSE

TOP+RSLS TOP+SMOTE  TOP+V
Sampling Technique
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M 7.8.8 Tuiaa 3-NN Uudoyannya

Area Under PRC Rank Count Grouped by Sampling Techniques
3-NN on 15 Datasets

Rank 1- 4 1 2 0 1 2 4 2 3 7
Rank 2- 3 2 1 0 3 3 2 1 3 2
Rank 3- 3 2 2 1 5 2 2 1 0 0
Rank 4- 1 2 0 1 3 1 4 4 2 1
Rank Hits
= Rank5- 2 4 2 0 2 4 0 0 2 2 .
t
2 4
c
e 2
Rank 6 - 0 1 5 2 1 1 3 0 2 0
)
Rank 7- 1 1 0 2 0 2 0 6 1 2
Rank 8- 1 0 3 5 0 0 0 0 2 0
Rank 8- 0 1 0 3 0 0 0 0 0 !
Rank 10- 0 1 0 1 0 0 0 1 0 0
BASE OVUN ROS ROSE RSLS SMOTE  TOP+ROSE TOP+RSLS TOP+SMOTE  TOP+V

Sampling Technique
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M 7.8.9 Tuaa 5S-NN Uudoyannya

Area Under PRC Rank Count Grouped by Sampling Techniques
5-NN on 15 Datasets

Rank 1- 4 2 0 0 1 3 3 1 3 4
Rank 2- 4 2 1 0 4 3 2 2 2 1
Rank 3- 4 2 1 1 2 0 2 3 2 3
Rank 4- 0 2 3 1 2 3 2 0 0 2
Rank Hits
= Rank5- 0 2 2 0 1 3 3 4 3 1 .
t
2 4
c
e 2
Rank 6 - 2 1 1 4 5 2 1 2 3 0
)
Rank 7- 0 & 7 2 0 1 1 1 0 1
Rank 8- 0 0 0 6 0 0 1 2 1 1
Rank 8- 1 0 0 1 0 0 0 0 1 !
Rank 10- 0 1 0 0 0 0 0 0 0 1
BASE OVUN ROS ROSE RSLS SMOTE  TOP+ROSE TOP+RSLS TOP+SMOTE  TOP+V

Sampling Technique
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MW 7.8.10 Tuaa NN vudoyanniya

Area Under PRC Rank Count Grouped by Sampling Techniques
NN on 15 Datasets

Rank Hits
5

RSLS SMOTE  TOF TOP+RSLS TOP+SMOTE  TOP+V

Sampling Technique
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Ml 7.8.11 Tuea SVM uudoyannya

Area Under PRC Rank Count Grouped by Sampling Techniques
SVM on 15 Datasets

Rank 1- 3 1 6 0 2 1 2 2 3 2
Rank 2- 2 1 4 1 2 5 3 3 2 0
Rank 3- o] 0 1 1 3 5 2 2 3 2
Rank 4- 1 3 0 1 3 0 4 2 2 0
Rank Hits
= Rank5- 3 4 1 2 2 1 1 3 1 1 8
£ 5
w 4
é 3
& 2
Rank 6 - 3 2 0 1 1 2 1 0 2 4 1
)
Rank 7- 2 1 2 &) 1 0 1 2 1 0
Rank 8- 0 " 0 2 1 1 1 1 0 4
Rank 8- 0 2 1 1 0 0 0 0 1 2
Rank 10- 1 0 0 3 0 0 0 0 0 0
BASE OVUN ROS ROSE RSLS SMOTE  TOP+ROSE TOP+RSLS TOP+SMOTE  TOP+V

Sampling Technique
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TOP: An Efficient
TwO-levels of Positive Resampling
Framework for Class Imbalanced Data
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Bangkok, Thuiland
1585162020017, eekasit.pac} @dpu.ac.th

Abstract—In real-world applications such as fraud detection,
target class values have an unequal size. This problem is called
class-imbalanced data. Many strategies have been proposed to
deal with this situation. Most of them focused on changing (the
data characteristics. For example, adjusting class distribution
is one of the most popular approaches for this matier, In this
work, we proposed TOP (TwO-levels of Positive resampling
framework), an alternative framework to resolve such a problem.
Our technique exploits DBSCAN mechanism and other resam-
pling algorithms in order to maximize classification performance.
It is able to dynamically draw two houndaries that represent
similarity level between consideration positive and other in-
slances. Many possible resampling lechniques such as under-
sampling or over-sampling ave allowed to perform inside those
areas, ¥We benchmarked TOP with (hree (ypes of resampling
techniques including over-sampling. down-sampling, and hybrid-
sampling by training eleven machine learning algorithms on
fifteen datasets. As a resulf, our technique outperformed other
techniques in several evaluation metrics.

Index Terms—Class Imbalanced Data, Hybrid-sampling, Over-
sampling, Under-sampling, Binary Classilication

L. INTRODUCTION

An information may be partially captured depending on a
nature of its source. Many real-world applications have this
in common bhecause of uncentrollable Taclors, lor example,
one critical problem in banking arca is fraud. Fraudulent arc
usually occur in a small amount in comparison with non-
fraud. In fact, this kind of issue tends to be reduced by the
bank regarding business reason. Thus, fraudulent example is
naturally rare. Another example is about intermnet of thing
logging syslenn. Mallunclion can be occured unexpectedly
while the whole system is operating. As a consequence, some
pieces of informaticn may loss from logging process. It is
chullenging to extracl un insight from such a data because the
lack of example availability.

Orne of the common obstacle that typically exists in various
topics is called cluss inthalanced. 1t is a situation when cluss
distribution appears with an asymmetrical magnitude. This

problem consists of two example types, the majority and
the minorily. A majority 15 an example cluss that has more
occurrence while a minerity has less. Those two are also
kncwn as a negative class and a positive class or a undesirable
class and a desivable class respectively.

Constructing machine learning model from a different frac-
tion of class label would not significantly increase classifi-
cation error il the gap belween (hem is inconsiderable [1]
[2]. At a certain point, proportion between class label does
effect classifier performances. As machine learning model
exclusively consuimne particular class label, it could alse be
overwhelmed by the amount of corrcsponding example at the
same time. Thus, the probability of misclassification rate could
raise up.

An individual data has its own determinant. Some can be
noisy, seme can be sparse, or some cail be dense. Furthermore,
some may also huve a class overlapping ccourred as well.
Many resampling techniques such as over-sampling, under-
sampling, and hybrid-sampling can be applied to increase clas-
silier weeuracies. However, with various dala characteristics,
only single technique may become cxhausted ecasily. Thus,
the idea of applying multiple techniques could be a potential
approach in order to tackle cluss imbalunced issue.

The goal of this rescarch is to proposc an alternative tech-
nique called TwO-levels of Positive Resampling Framework
(TOP). Tt aims fo extend a minority class region while be
able to reduce the density of majority class which is located
nearby minority area. This framework employs a notion of
densily-bused clustering algorithm (DBSCAN) and expleils
the capability of existing resampling techniques.

TT. RELATED WORKS

[n recent years, many researchers have proposed various
strategies which are intend to overcome class imbalanced
situation. Those can be categorized into three main areas [3]
as follows. First. resolve at algorithm level by using technique
called cost-sensitive [4]. This approach attempts to minimize
error by assigning weight to misclassification example based



on confusion matrix results. Second, resolve at feature level by
extracting or selecting variables those strengthen class separa-
tion [5]. Third, resolve at data level by performing resampling
technique [6]. This approach re-calibrate data distribution by
creating and/or eliminating example from training data. This
work is mainly focus on resampling technique since many
studies proved that it is an effective and robust way to solve
the problem [7].

In this work, we focused on two resampling methods.
One is single-sampling and another is hybrid-sampling. The
different between them is single-sampling technique performs
resampling data in one way either increase or decrease quantity
of example, whereas hybrid-sampling technique attempts to
resampling in both way at once.

A. Single-sampling algorithms

1) Random Over Sampling (ROS): It is a resampling algo-
rithm that randomly generate new minority class example until
its size become as equal as majority class. Drawback of this
technique is that it adds more bias or irrelevant information
into training data.

2) Random Under Sampling (RUS): This technique works
as the same way as Random Over Sampling does. Instead
of creating new minority example, it randomly wipe out the
majority class. Thus, precious information may have loss.

3) Synthetic Minority Over-Sampling TEchnigue (SMOTE)
[8]: A state-of-art resampling technique that artificially create
minority example by engaging k-nearest neighbors technique.
The algorithm links all minority instance to their neighbors
with a straight line, then randomly create synthetic minority
example on that path. However, new example may be created
extremely near or over the majority ones. In fact, this behavior
increases class separation difficulty for some machine learning
model.

4) Relocating Safe-level Synthetic Minority Over-Sampling
TEchnigue (RSLS) [9]: It is a over-sampling algorithm that
based on SMOTE. The idea of this technique is to carefully
increase minority instance. It draws areas for each positive
class, then create artificial instance inside. In the creation
process, it attempts to avoid class overlapping problem by
shifting synthetic instance further away from the negative
class.

B. Hybrid-sampling algorithms

1) Randomly Over Sampling Examples (OVUN) [10]: Un-
like ROS and RUS, this technique reduces majority instances
and increases minority instances simultaneously. Two good
points of this algorithm are that the majority class is not be
excessively removed as RUS technique and it also generates
less synthetic minority example than ROS technique. More
original information is reserved in this way. This technique is
still adopt the weakness of ROS and RUS but lesser.

2) Random Over-Under sampling (ROSE) {10]: A hybrid-
sampling algorithm to redistribute class imbalanced. It em-
ploys smoothed bootstrap to synthetically draw minority in-
stance around the original ones. It also randomly erase major-
ity example concurrently. A concern point of ROSE is that it
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tends to introduce more noise than SMOTE which potentially
causes more class overlapping.

3) Density Based Synthetic Minority Over-Sampling Tech-
nigue (DBSM) [11]: This technique takes advantage of DB-
SCAN algorithm to separate data example by density, then
reduce the majority that lies close to centroid or minority
instance of each cluster. For minority class, it applies SMOTE
to artificially create new instance. Drawback of this technique
is that it could discard valuable information from cluster that
has only majority example.

III. PROPOSED FRAMEWORK

In this research, we proposed technique namely, TwO-levels
of Positive Resampling Framework (TOP). The motivation of
this framework is to exploit an ability of proposed resampling
algorithms to redistribute class imbalanced and strengthen
minority instance region. It limits resampling area by drawing
two boundaries; inner area and outer area, around the consid-
eration minority instance. Synthetic instance will be created
in an inner area because we supposed that similar instance
should lies in its region. And the majority instance that exists
in outer area will be randomly removed.

Removed nogative
Antificial positive
Negative

Positive

1
—
i
i

Eouter

Fig. 1: TwO-levels of Positive Resampling Framework illustration

The process of this framework is divided into two parts
which displayed in Algorithm 1. First part is to over-sampling
minority class (line 2 to 9). It calculates euclidean distance
from considering minority to all majority that lies inside inner
level (line 3). If given percentage of positive membership
in this area is less than positive population in dataset, then
perform over-sampling (line 4 to 8). Second part focuses
on outer level (line 10 to 13). Majority instances which
located between the edge of inner area and outer area are
randomly removed (line 11 to 12). This technique considers
all positive instances in input dataset. Instances in two-levels
area both inner and outer were obtained by a distance function.
This function takes three parameters including consideration
positive instance, minimum distance, and maximum distance.
For inner level, minimum distance is zero since it starts from
consideration minority. Maximum distance for this task is an



epsilon of inner level, For outer level, beginning point from
thig area is an epsilen value of inner level. And the maximum
distance is an cpsilon value of outer level. We have also created
build-in over-sampling technique which is called vanilla. It
checks il there is any cluss overlapping {zero distunce between
positive and negative instances) occurred in inner level or
not. If ves, negative instance which located exactly the same
position us posilive will be converled into posilive. Likewise,
for non-overlapping instance. This technique can be replace at
line 6. Additionally, other over-sampling algorithms such as
SMOTE uand RSLS cun be applied instead of vanillu. Class
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and UCl repositories. We identified class imbalanced by IR (1)
and lack of minority information by 1.1 (2) [1] . The details
of those data sets are deseribed in Table 1.

TR — Number of Negative

= (1
Newinber of Positive 1

LI = Number of Negative — Number of Positive {2}

TABLE I: Data characteristics

Dataset IR LI Positive | Negative
overlapping conversion method in venilla can be disabled or ecol 346 | 232 52 284
used with other resampling algorithms. For outer level, other glass0 205 [ A 0 144
under-sumpling algorithms cun be applied instead ol randomly gl L5 [ &2 i 158
IS #E oliss6 637 | 156 29 185
TCMOVE Majority. haberman 277 144 81 225
Liver-disorders 1.37 55 200 145
Algorithm 1 Two-levels Resampling new-thyroldl 514 | 145 35 180
- new-thyroid2 314 145 35 180
Input: § Is an imbalanced d:tt;ln,:::t . " page bluckz 13w 1| 158 | 116 A4 g
P is an smount of positive in dataser pima 186 | 232 300 363
» is positive membership in two-levels area wvehiclel 289 | 412 217 29
i St iy i . ol ares vehicle2 288 410 218 628
nis Inr:g..{t.]\‘t: ITIt:I‘IIht:I"th‘p‘ in !.m)flcwr_‘lh area iacansii 155 1 205 ErEY 719
pos is consideration positive instance yesiT =35 | &6 1055 129
pos;, percentage of positive in inner level yeasl3 810 | 1158 1321 163

e e, Peleentage of negative to be removed
23, I8 an nner level epsilon
Zoue 18 an outer level epsilon

Outpul: Moditied dalusel

1 for all pos < S do

2 TTZEWZbET‘E‘:me::" - find'me:mber (po.s, 4, 5:"!!)
3 for all 3 © momborg, e, do

4 if B 100 < posy, then

35 for all » = memberi, e, do

6 corvert o lo p

7 end for

8 end if

9 end for

10 nlembfTuuter = .findmembfr(;ﬂosa Shaea Eout)
11 for all n & member,,, . do

12: randomdy renove noal negem

13 end for

14; end for

15 return

1V. EXPERIMENT SETTINGS

In this work we performed 10-folds cross validation on
given data sets to obtain average model performances. We im-
plemented several pre-process techniques and machine leamn-
ing classifiers sequentially in cach split to avoid over-fitting
situation.

A. Data descripiions

The class imbalanced data sets in this experiment are
gathered from two public sources. Fifteen data sets including
ecoli2, glassQ, glassl. glass6, haberman, new-thyroidl, new-
thyroid2. page-blocks-1-3_vs_4, pima, vehiclel, vehicle2, wis-
consin, yeastl, veast3, and Liver-disorders were from KEEL

B. Evaluation metrics

The experiments have been assessed by various metrics
that appropriate for this topic. Instead of overall accuracy, we
have applied indicators which are capable to reflect classifier
performance in many aspects [12], All those metrics arc based
on Confusion Matrix theorem. Their equation are described as
[ollows:

TrucPaositive

FRecall — TrucPositive + Ialse Negative y

P L TrueFPositive @
recison —
Truelositive + FalseFositine

Foscore _ 2 Precision « Recail
B o Recatl

{5)

Precision -

Gacore = +/ Precision » Recall (€)

Moreover, we employed Area Under the Receiver Operat-
ing Characteristic Curve (AUROQC) [13] which is commonly
adopted by many researchers to compare classifiers perfor-
mance. However, certain studies shown thal (his indicator
may compromised in class skewed situation [14] [15]. Hence,
we have selected Area Under the Precision Recall Curve
{(AUPRC) [16] [17] as unolher measuremenl to reveal more
information [18]. Both metrics arc respectively illustrated
below.

. ‘TP FP
Al roz 7‘/0 P d N 7)
Allpro = / p(r) dr, (&)
U
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Table II - Average F1 Improvement from Baseline
cs0 XGB LR 1-NN 3-NN 5. NN NB NN RF
ROS 3.78% 32800 3.69% 1.39%0 1.97% -0.07% 0.29% 4.16% 2.69%
SMOTE 4.66%% 6.54% 2.60% 195% 2.81% 2.02% 2.51% 4.41%%0 2.86%
RSLS 5.19% 3.95% 4.79%% 1.40% 2.70% 1.97% 2.05%4 2.11%% 2.60%
TOP+V 6.3300 T.87% 71500 3.47% 4.70% 421% 4.70% 6.04%0 5790
TOPHROS 5.26% £.13% 6.49%% 3.03% 4.84n 4.32%0 4.19% 5.18% 4.50%
TOP {SMOTE 5499 7.16% 5.43% 3.93% 4.49% 3.46% 4.14% 4.91% 4.25%
TOP+RSLS 5.46% 7.46% 5.63%% 3.57% 1.74% 1.05% 4.7304 5.17% <4.820%
OVUN 2.89%% 0.41% 1.34% 0.26% -0.10% -0.66% -0.959% 1.35%
ROSE -13.33% -1.16%0 -0.34%n -1101% =7 A% -7.14% -0.62% -5.85% -1303%
Table TV - Average GM Improvement from Baseline
C4.8 CED XGB LR LNN 3NN 5NN NB NN RF SV
ROS 3.85%0 3.50% 75900 3.11% 1.1-1% 2.09% 037% 055% 3.92% 21.42% 5.68%
SMOTE . 4.39% 5.79% 2.31% 1.64% 2.56% 201% 2.34% 397% 2.57% 5.17%%
RSI.S 5.33%% 492% 3.30% 411% 1.132% 2 28% 1.57% 1.63% 1.50%% 228% 4.24%0
TOPHY 8.14%0 68104 7.35% 654040 3.86% 5.20% 45704 4.30%4 5750 5.70% 591%
TOPHROS 7.22% 6.03% 75904 6.19%n 3.86% 5.13% 432% 3.82% 501% 4.74% 6.57%
TOP{SMOTE 7449 5550y 6.68%0 5.69%4 4.54% 4.50% 4.14% 4.14% 45820 4.31% 6.6100
TOP+RSILLS T.02%% S5.56% 7.22% 591% 4.06% 5.2300 4.45% 4.60%% 7 64300
OVUN A.31% 34d1% 0.89% 1.B88% 0.71% 0.11% -0.81% 267%
ROSE -6.80%% -10.02% -2.49% -0.6-1% -9.67% -5.19%% 0.08% -0.80%a
Table ¥V - Average ATROC Improvement from Baseline
C4.5 CE0 XGB LR LNN I NN NB
ROS 0.09% 1.93% 2.24% -0.12% 0.50% 0.24% 0.7004
SMOTE L.61%% 1.61% 1.68% 054% 1.48% 1.14%% 1.25% 0.43"% 0.64% 0.91%
RSLS 2.01%n 2.60% 1.62% 0.03% 0.70% 0.78% 0469 031% 01.04% 0.R7%
TOP+Y 4.78%00 1.87% 0.71% 0.54% 2.33% 0.80% 0.19% 0.12% 021% 0.48%
TOP+HROS 2.920% 24080 7 0.12% 2.02% 1.54% 0.77% J.31% 0.76% 0.56%
TOP-SMOTE 3.79"% 2.32% 172% 0.27% 2.67% 1.42%% 0.11% 0.51% 1.31% 0.65%
TOPHRET.S 2.79%n 2.11% 1.75% -0.25% 2.472% 1.06% 0 55%% 0.45% 01.732% 0.59%
OVUN 0.B2% 1.01% -0.02% -059% 0.21% -0.71% -0.13% 0.0E%
ROSE -6.32% -8.25% -322% -138% -1.98% 4.9.1%0 -5.32% -3.33% -3.82%
Table VI- Average AUPRC Improvenvent from Daseline
c45 csa XGB LR 1.NN 3-NN S-NN NB NN RF SVIVI
ROS -0.10% 2.38% 3.10%) -1.1:1% 2070 -1.75% -1.96% 1.75% 0.87% 1.07% 2.06%
SMOTE 119% 1.56% 2.55% -1.09% 2.01% -0.05%% -0.38% 206% 0.85% 1.51% 1.89%
RALS 290126 3.670% 1.70% 0.8100 1.69% 1.010 -0220h 1.25% 0.18% 137% 1.51%
TOP+HY 3.31% 1.88% -0.37% 0.71% 1.32% -0.10% -1.87% -0.78% -0.28% 0.04% -0.99%
TOPHROS 231%0 2.50% 2690 -0 09% 0.45% 04590 -0.66% -0. 890 -0.05%%0 0.06% 1.59%0
TOP+SMOTE 332% 2528 2.00% -130% 1.13% 0.10%4 -1.96% -0.020% 1.54%% 0.28% 1.17%
TOP-RSL.S 1.86% 2.15% 2.48% -1.31%% 0.91% -1.12% -1.587% 0.20% 0.08% -0.15% 0.95%
OVLEN -2.29% 0.1d4% -2.24% -0.61% -1.39% -347% -4.15% -3.3505 -1.26% -1.34% -1.48%
ROBE 216 47% -16.57% -7.10% -411% -16.63%% -13.43%% -12.64% 1.12% -7.4U0% -6.67%% -2.98%0
Table VII - Average Ranking
C4.E CE0 XGB LR 1-NN 3NN 5NN NB NN RF Avs by S 1
BASE 7.00 4.20 6.10 6.60 613 6.53 6.27 .67 547 2.87 6.87 6.00
RO3 713 447 380 6.13 693 6.60 .93 9.20 5.07 3.67 440 5.94
SMOTE 6.33 327 4.93 6.47 667 727 G.87 933 473 2.87 540 5.83
RSLS 6.00 3.53 533 573 653 7.3} 7.33 3.60 3.60 527 594
TOPHY 6.80 3.60 6.20 5.13 627 707 7.13 8.67 5.33 2.80 540 5.95
TOP-ROS 7.2 647 3.93 3.67 §.60 7.20 .33 6.73 5.07 4.00 5.92
TOPHSMOTE 553 3.73 4.40 527 733 7 .60 773 960 4.60 6.07 5.92
TOFP+RSLS3 6.60 3.80 433 .87 733 6.80 7.60 9.60 4.73 5.00 5.90
QVUN 6.00 4.07 473 oBa 593 8.87 7.33 §.93 4.93 5.20 5.76
ROSE 6.40 440 .50 6,67 633 6.73 7.13 9.13 533 5.60 .90
Avg. by Model S50 4.15 489 5.93 6.35 .00 7.27 8.79 5.09 3.17 £32 5.9
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V. RESULTS AND DISCUSSIONS

Regarding our settings designed in section IV, we applied
duta pre-process lechniques including ROS, SMOTE, RSLS,
TOP+V, TOP+SMOTE, TOP+RSLS. TOP+ROS, OVUN. and
ROSE to adjust class distribution. We then applied processed
duta with eleven machine learning algorithms including C4.5,
C5.0, eXtreme Gradient Boosting (XGB), Random Forest
{RF), Support Vector Machine with Radial Basis Kernel
function (§VM), Naive Bayes (NB), Logistics Regression
(LR), Neural Network ¢(NN) and k-Nearest Neighbors with
kE — 1,3,5 (kNN). A number of & for resampling algorithms
wus set (o live. Replacement ol vanilla algorithm were used
with class overlapping process disabled. Only three tree-based
classifier; C4.5, RE, and XGB are represent in Table II. Result
from other models cun be found al an external source!.

According te table I, TODP has increased F1 score, cs-
pecially with vanilla. Tt outperformed other technigques on
maost datasets. For DBSM resampling lechnigue, we were nol
implemented it to our experiment. The results were taken from
original work [L1].

The average of improvement of F1, GM, AUROC. and
AUPRC are illustrated in Table III, TV, V, and VI corre-
spondingly. Our technigque achieved FI score up to 8.52% of
an average improvenment rate seross (ifleen dutusels. |1 also
improved [11 score more than other resampling techniques in
most cases. Except for certain AUPRC score in Table VI, only
1wo cases have heen improved. 3.81% with (4.5 ind 1.54%
with Neural Network. However, 5.81% i3 the maximum valoe
in this particular table., The experimental cutput in Table VII
shows that Random Ferest is the most accurate classifier as
it incorporates with Random over-sampling technique. It ac-
complished highest average rank in most combination (less is
best). On (he olhier hand, Naive Buyes has lowesl average rank
with all resampling techniques. TOP helps certain classifiers
including C4.5, Logistics Regression. Neural Network, and
Supporl Vector Machine achieved its best average rinking.

However, TOT* may compromised when dealing with small
or sparse imbalanced dataset since two-levels area is based on
minority elass. Moreover, a harsh hyper-parumeler combina-
tion could result in unsatisfactory performances. This frame-
work requires an intensive hyper-parameters tuning in order to
achieve acceptable cutpul. [t can be very line consummg lo
perform this task. Thus. optimization technique snch as genetic
algorithm could be a potential solution to shorten tuning time.

VI CoNCLUSLON

We propose m1 alternative strategies to handle class im-
balanced data. It focuses on improving classifiers perfor-
mance using resampling methods. Eleven muchine leaming
classifiers were constructed on one original data and ten
pre-processed data from ten resampling approaches including
ROS, SMOTE, RSLS, TOP+V, TOP+ROS, TOP+SMOTE,
TOP+RSLS, OVUN and ROSE. Experiment results show that
TwO-levels of Positive Resampling Framework is able to

Thups /igithub.commathanisheop_expresult
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accomplish highest classification performance. The classifier
that works hest with our fechmique is Random Ferest.
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Abstrget—Hard Disk Drive (HDIY failures are very rare
evenis. Predicting failure is an essential task that manufacturer
applied in order to eliminate the defect HDD and improve
product quality. In this paper, several sampling methods, which
are able to tackle highly class imbalanced data sets from HDD
production, were examined. This real world dalaset has 356
attributes and 306,239 cbservations and were collected from
several weeks, In this work, seven sampling approaches were
applied to re-halanced the datasets and then used to huild a
predictive model. In the model training phase, seven machine
learning algorithms were employed, for example, rule-hased,
distance-based, probabilistic-based. neural-based, and regression-
based. From the experimenial resulls with 343 combinations, we
found that Random Forest is the best model as it performed
better on most sampling techniques. This work can be used as a
guideline in order to deal with Highly Class Imbalanced scenario.

Index Terms—Highly Class Imbalanced, Hard Disk Drive
Failure, Over-Sampling, Under-Sampling

[. INTRODUCTION

In electronic hardware industry, magnetic HDD is ene of
the important part in all kinds of computer machines. This
hardware tends to be highly robust in order to keep the
machine operaste properly. The causes of HDD failore can
be roughly defined as two categories which are caused by
usage andfor production process. This work discusses about
the failure that caused by production process. Normally, a
HDD failure is rarely occcurred. The rare event information
can be found from two main sources, from intermal HDD log
such as SMART (gelf-monitoring and report techuology). A
recent work that suceessfully improved I1DD failure prediction
accuracy used SMART information from the individual drive
[11. [2], [3] where the data is considered as class imbalanced.
However, besides information from SMART. data source that
obtain by manufacturer equipments can also be useful as used

in [4], [5], [6] to classify HDD failure, because the information
comes trom origin stage thul delines how HDLD is created.

In the real-world situaticn, a class imbalanced is one of
the well-known issue in machine learning field. This problem
oceurs whien (he dutuset has unequally size between cluss label.
For clarity. the class with more obscrvation is libeled as the
majority class (MA) and the class with less observation is
labeled as The minorily class (MI). In training slage, learner
attempt to learn from dataset in order to find the optimal
parameters which fitting to label class. The dataset that con-
tains skewed distribution of class Tubel usually compromise
classifier performance and result in MI misclassification in
prediction task [7], [8], because it is influenced by the MA
ones. Traditionully, a dilterent belween ¢luss label in size Talio
are 70:30 can be considered s a class immbalanced. For highly
class imbalanced, the MA size is usually beyond 90 whereas
MI 35 Tess than 10, The dala sel we used in this work has 99.9
percents of MA.

There are three primarily approaches [9], [10] that can be
applied Lo luckle cluss imbalunced problem including special-
ize algorithims, features selection, and re-balancing data. This
paper concentrates on re-balancing class distribution since it
has an impressive resull in many cases [11].

II. BACKGROUND

A class lmbulunced problem requires ditlerenl method [rom
generil classifier construction procedure. Additional processes
can be added to the task. Exiting process also may need to be
custontized as well, such as evaluation metric, which describes
in section I'V. This section, we infroduce five main data
preprocessing technicues that can be applied to the problem.

A. Re-balancing Algorithms

There are several data sampling techniques, which able to
increase MA samples and/or MI samples. This study employs



seven techniques that has a capability to re-sampling our data
gets. The short description of each fechnique is describe here.

1) Random Sampling: This method is to randomly select
MA andfor MI samples. It has three approaches includ-
ing Randoni Over-Sampling (ROS), Random Under-Sampling
{RUS), und Random Over and Under-Sampling (ROUS). ROS
randomly duplicare the MI samples in order to increase its
size to become as equal as MA samples. The drawback of
this method is that it may increase undesirable noise to the
data set that leads to over-fitting. On the other hand, RUS
randomly dropped the MA samples. The main advantage of
this method is that it does not tend to over-fit training dataset,
however good samples from the MA may be discarded. ROUS
randomly reduce MA samples while randomly increased MI
at the same fime.

2} SMOTE: Synthetic Minority Over-Sampling Technicque
[12] is an algorithin thal simulates MI samples. 1l aims 1o
increase the mumber of MI sample artificially. Unlike the
ROS method, SMOTE doesn’'t duplicate MI samples, but it
generales new M1 samples (hat lTocaled nearby originad M
samples. The algerithm einploys k-nearest neighbors techniqoe
to find the connecting line between MI data point in feature
space then gencrates new M| sample on that line. One good
point of this method is that it reserves all of MA samples. The
concern of this method is that it might generate artificial MI
sumples within the overlapping regions.

3) ROSE: Random Over-Sampling Examples [13] is an
algorithin thal employs k-nearesl neighbors lechnique and
smoothed bootstrap approach to re-balance the dataset. Com-
paring to SMOTE, ROSE generates artificial MI samples in
the fealure spuce neighborhood around the originul MT ones
by using kernel density estimation instead of knn's . The main
benefit of this method is that synthetic samples size and shape
can be adjusted.

4) Safe-level SMOTE: Sate-Level-Synthatic Minority Over-
Sampling Technigue (S-SMOTE) [14] is an algorithm that
based on SMOTE. It assigns safe level for each criginal MI
then simulates new synthetic MI that lies close to the safe
level. Main advantage of this technique is that it generates
less noise. The concerns are that it igneores the relation between
MA and original MI and may cause artificial MI excessively
generafed close to MA.

5) Relocating Safe-level SMOTE: Relocate Sate-Level-
Synthetic Minority Over-Sampling Technique (RS-SMOTE)
[15] is an enhanced version of Safe-level SMOTE. This
algorithin is uble o caleulale the distance belween new ML
and MA then moves wtificial MI away from MA to the nearest
original MI instance. Moreover, the outcast original Ml is also
considered i an allempl to reserve all of MI sample.

B. Machine [earning Algorivhins

There are seven algorithms that we employ including Deci-
sion Tree, Logistics Regression, Naive Bayes. Neural Network,
Support Vector Machine, Random Iorest, and Extreme Cradi-
ent Boosting. Those algorithms can be categorized into single
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classifier and multiple classifiers, namely ensemble ¢lassifier.
The details are describing in the following subsection helow.

1) Decision Tree (DT): Tt is widely used classification
algorithm due to transparency of model. It employs concept
of information gain to select good variable and build tree
structure model. The node in fop level has capability to
scparate data into different class.

21 Logistics Regression (LR): It is a simple mathematical
algorithm that measures relationship between the categorical
dependent variable and several independent viriahles hy esti-
mating probability using logistic function.

3) Naive Baves {NB): One of probabilistic algorithm that
compules prior probabilily ol
probability of variables and classes from the training data. To
predict an unseen example, these probabilities are multiplied
as score for each class. The model will select the class with
highest score.

4} Newral Nerwork (NNJ): It is a mathcmatical algorithm
which is inspired by structure of biological neural network.
It composes ol several nodes culled neura]l and inleraction
between theimn. These neural are aligned into three main layers:
(1) input layer, (2) hidden layer and (3} cutput laver. The
algorithm adoepts backpropagation concepl o update weight
between neural in adjacent layers.

31 Support Vecror Machine (SVM): A distancc-based al-
gorithm that extensively uses in binary classification task.
The main idea of this algorithm s thal it projecls optimal
hyperplanes to draw boundaries between class across multi-
dimensional spaces, we adopt Radial Basis Kermel function.

&) Random Forest (RF). It has been getting more attention
recently since it widely applies in several domains and per-
forms better performarnce than others while still reserving the
explanation ability. The basic idea of this algorithin is similar
to Decision Tree except that it grows many trees (forest)
by randomly select training data in order to ereate different
colmmittee.

7} Exireme Gradient Boosting (XGB): This algorithm is
an implementation of Boosted Decision Trees and follow the
principle of Gradient Boosting. Tt constructs weak learners
(shallow) sequentially, unlike Random Forest where trees
(fully grown) are randomly created in parallel. One good point
is that it has a capability of re-adjusting subsequence example
weight to minimize bias by using error from previous trees to
construct the new ones.

each class wnd conditional

III. METHODS

We propose & framework which handles highly class imbal-
anced by re-balancing class proportion and evaluating learner
pertormance properly. The objective of this study is 1o find the
most suitable approach which is able to capture MI sample
as mmuch as possible while deliver minimum misclassification
resull.

A. Proposed Framnework

This study employs seven techmiques that capable to alter
our data sets, The short description of each technique is
already described in section II
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Fig. 1: A propose framework conceptual

We first eliminated missing value by replacing with median
value of its attribute. Then, we transformed each data set with
standardization technique to adjust data scaling and applied
seven sampling techniques to re-balance the data sets. After
that, we evaluated classification performance with suitable
metrics.

IV. EXPERIMENTAL SETTINGS
The average performance of classifier is obtained by using
10-fold cross validation with same random seed. The hold-out
data 1s set to twenty percent from total of each dataset for
validation purpose.

A. Data Description

The comprehensive variables in this study is collected from
HDD assembling and manufacturing process during several
functional test sequences and sensors at different test stress,
duration and conditions where each data point is flagged into
two class labels, i.e.. failures and passers. Table | presents
the proportion between each class where the failures are
considered MI and passers, MA, respectively

TABLE I: Characteristic of each dataset

Dataset | Proportion n % (MA:MI) | MA sample | MI sample
1 99.96392 : 0.03608 30478 11
2 99.97970 : 0.02030 34479 7
3 99.99311 : 0.00689 72544 5
4 99.99079 : 0.00921 119463 11
5 99.99252 : 0.00748 106954 8
6 99.99237 : 0.00763 91740 7
7 99.98814 : 0.01186 50581 6

x1

Fig. 2: A scatter plot of dataset no. 1 with two random attributes.
The blue and red dots represent MA and MI class correspondingly.

B. Evaluation Metrics

For comparison, our evaluation metrics are defined based on
the confusion matrix that break-downs the result from classifier
versus that of the actual ones, as illustrated in Table II
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1 the]
TABLE II: A confusion matrix
Predicted/Actual | MI
MI | True Positive
MA | False Negative

MA
False Positive
True Negaiive

where TP, TN, FP, FN signify stand for true positive, true
negative, false positive, and false negative respectively and six
metrics used in this paper are as follow:
TP +TN

TP +TN+FP+FN )

Avcuracy =

Accuracy is a common evaluation metric that explains model
overall performance. It is calculated by summarizing correctly
predicted class label and divided by total number of all classes.
Since the MI is our desirable class, applying accuracy metric
may compromise model performance, because it appreciates
the proportion of correct class to fotal class. A recent work
shows that Precision, Recall, Specificity, Fl-score, and G-
mean are more suitable metrics than overall accuracy regarding
this situation [16]. Additionally, geometric mean metric is
broadly adopted in many class imbalanced studies. It denotes
trade-off between classifier performance on both MI and MA.
Recall (sensitivity) and specificity were used to calculate the
metric. Our study uses this indicator to evaluate classification
performance. These metrics are defined as follows:

TF
call — ——
Reca TPLFN (2)
S TP
Precision = TP+ FP (3)
o v TN
Speci ficity TN+ FP 4

Precision < Recall
Fiscore =2 X —————— 5
Lo Precision + Recall ©)

. TP TP
CM =\'7p . FN “ TP+ FF

(6)

V. EXPERIMENTAL RESULTS

According to our setup in section IV, we applied seven
sampling techniques including RUS, ROS, ROUS, SMOTE,
ROSE, S-SMOTE., RS-SMOTE to adjust original data sets
class distribution. Then, we used seven classification algo-
rithms including DT, LR, NB, NN, SVM, RF, and XGB
to learn new data sets from previous stage with its default
settings. All mentioned metrics were used to indicate model
performances. Experimental result is presents in the table IIT
and V.
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TABLE 11T
Experimental results of propose frameswork

Dataset 1 Datasd 2

RB | Mdre | pyr oM NB NN SVM RF NGB || DT GLM NB NN SVM RF XGE || DT
Accuracy | 9996 9995 905 09% 0096 9096 || 0008 0006 3227 0998 9008 999§ 099§ || .0999 9999 9999 E 9999 9999 9999 9999
Recall o o o 0o o 0 0 o 0 J# 0 0 0 0 o o 0o o o o 0 0
Precision L] o o o L] o o o 0 0002 0O Q o ] o Q a o o 1] o o
BASELINE | Specificity 1 9004 9908 0998 1 1 1 1 0908 3227 1 1 1 1 1 0007 4198 1 1 1 1 1 J208 0353 1 1 1 1
FP Rate L] 0006 0002 0002 O 0 o 0 0002 6773 O 0 Q o 0 0003 5802 O L] 0 o o 2792 9647 0 0 0 o
FL (] o o o (] o o o 0 0004 0O Q 0 ] ] 0 0002 0 L] il o 0 0002 0002 O [} 0 o
GM [ R R R T 0 M 0 0o 0 0 o 0 _mw® 0 0 0 0 0 0050 0089 0 0 0 o
0348 7826 0130 8261 8478 0348 9365 || GO70 7273 9001 6788 9001 0607 0303 || 4762 7143 G610 D048 G667 1 371 || 4783 8261 8013 7600 G130 OB 8478
0091 1 1 1 9091 1 1 5714 1 1 1 1 1 1 1 1 2000 1 3000 1 1 0909 1 2091 1 4545 9091 1
0524 6875 8462 7333 8000 8800 9167 || .6667 .6087 8235 7778 .8235 0333 875 || .3333 .6250 1 8333 1 1 7602 || 3333 7333 8606 6667 7602 9524 7586
RUS 9583 5833 8333 6667 7917 8750 9167 || 7895 5263 8421 7895 8421 9474 8947 || 8182 4545 1 8182 1 1 7273 || 333 6667 £750 5417 875 9563 7083
FPRate | 0417 4167 1667 3333 2083 .1250 0833 ||.2105 4737 1579 2105 .1579 0526 .10%3 ||.1818 5455 0 1818 O 0 2727 ||.1667 3333 .1250 4583 125 0417 2917
Fl 9302 §148 9167 $462 8511 9362 9565 || 6154 7368 0032 8750 9032 9655 9333 || .1538 7602 3333 0091 4615 1 8696 || 1429 8462 889 8000 5714 9302 8627
GM 9305 £292 9199 8563 8526 9361 9574 || 6172 7802 9075 8810 9075 9661 9354 |.1826 7906 4472 0120 5477 1 8770|1741 L8563 8891 8165 5913 9305 8710
Accoracy | 9025 999 1 9992 1 1 9957 || .9265 .9999 1 0003 1 9900 || .0512 9081 9991 .009G 1 1 9997 || 8527 8707 5003 9996 1 1 1
Recall 9425 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1oss 1 1 1 1 1
Precision | 8719 9991 999 993 1 1 o4 873 9997 1 omse 1 1 9981|0109 9961 9983 9993 1 1 9995 || 774 809 so01 992 1 1 9999
ROS | Specificity | 8620 9991 9999 9983 1 19914 || 8537 9007 1 ome 1 1 9981 (|.5025 9961 9983 0093 1 1 9995 || 7055 8966 0009 9992 1 1 909
FPRatz | .1371 0009 0001 0017 O O 0086 | .1463 0003 O 0014 0 0 0019 ||.0975 0039 0017 0007 O O 0005|2945 .1034 991 0008 0 0 0001
Fl 0058 9996 1 9992 1 1 9057|312 om0 1 e | 1 9900 || .0534 9081 9901 9996 1 1 9907 || 8716 8672 6667 9996 | 1 1
GM 9065 9996 1 9991 1 19957 [|.9334 9000 1 0993 1 19990 || 0544 9081 9901 9995 1 19997 || #7809 8673 7072 9996 1 1 1
Accoracy | 9080 9993 9998 9%5 1 T 9963 || 9235 9998 0999 0889 1 T 5990 || 4355 9997 9983 9996 1 1 %908 | 8507 5030 4978 9995 1 1T o
Recall 0537 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1osas 1 1 1 1 1
Precision | 8721 9987 9996 9970 1 1 995 || 8655 9005 0909 0977 1 1 9979 ||.0008 9993 9966 092 1 1 9906 || 769 5011 4978 9986 1 1 9849
ROUS | Specificity | 8634 9987 9996 9970 1 1 9926 || 8493 9903 9999 owE 1 1 9979 || .80z 9993 997 9991 1 1 9906 || 027 0001 9987 1 1 48
FPRatz | .1366 0013 0004 0030 0 0 0074 |[.1506 0005 0001 .0022 O 0 0021 ||.1079 0007 0033 L0008 O 0 0004|2973 4056 9999 0013 0 0 0152
FL Ol 9993 9998 995 1 19962 || 0270 9008 9900 0080 1 1 9989 || 0478 9007 9983 9996 1 19908 || 8696 5013 6647 9993 1 1 94
GM 0120 9993 9998 9085 1 1 9062 || 0303 .0008 0000 00RO 1 1 J0080 || .040] 0007 0083 000G 1 1 9908 || 8771 5913 7055 9993 1 1 9924
Accuracy | 9236 9997 9962 9996 1 1 9986 |[.9573 9998 o987 0998 | 1 999 |[ 9488 9994 7929 0998 1 1 9997 || 9007 8381 572 9998 | T 999
Recall 9437 1 1 1 1 1 1| s 1 1 1 1 1 1| se 1 1 1 1 1 1 || @6 8247 1 1 1 1 1
Precision | 9072 9954 9935 .6%92 1 1 9971 || 9624 9997 9974 o997 1 1 9979 ||.0170 9988 0TI 9997 1 1 o904 || 8740 8475 5300 9995 1 1 99
SMOTE | Specificity | 9035 9994 9925 9992 1 19971 (| .9628 9007 0974 0907 1 1 .9979 ||.0107 9988 5858 0097 1 1 9904 || 8650 8516 147 9995 1 1 9908
FPRatc | 0965 0006 0075 0008 O O 0029 |.0372 0003 0026 .0003 O 0 0021 ||.0893 0012 4142 0003 O 0 0006|1350 .84 8553 0005 O 0 0002
Fl 9251 9997 9963 9996 1 1 9986 (| .9571 9008 0987 0098 1 1 9990 ||.0507 9094 8284 9998 1 1 9997 || 9041 8359 7004 9998 1 1 999
GM 0253 9997 9963 9996 1 1 9986 [| 9571 9008 0987 0008 1 19900 || 0513 9004 £400 9998 1 19997 || G046 8360 7342 9998 1 1599
Accoracy | 9999 9731 1 917 9998 1 1 T 980 1 .76 1 T 1 T 901 9900 9973 1 1 1 9l 9999 4736 1 1 1
Recall 1o 1 e 1 1 1 1994 1 em7 1 1 1 1oz 1 6l 1 1 1 1 9540 1 g8 1 1 1
Precision | 9999 9678 1 9671 9999 1 1| o000 o863 1 ez 1 1 1 1 9800 9908 9885 1 1 1 19297 9999 9617 1 1 1
ROSE | Specificity | 9990 9682 1 9674 9999 1 1| 0000 ose7 1 os36 L 1 1 1 980l 9908 o861 1 1 I o285 9999 9611 1 1 1
FPRatz | 0001 0318 ©0 0326 0001 O 0 |[.001 0133 0 064 O 0 0 0 0109 0002 014 O 0 0 0 0715 0001 0389 0 0 0
FL 9999 9729 1 9746 9999 1 1 1 0889 1 0875 1 1 1 1 9921 0099 0023 1 1 1 1 9417 9999 9738 1 1 1
GM 9999 9730 1 9746 999 1 1 19889 1 0875 1 1 1 10wl 9999 9923 1 1 1 15417 9999 9739 1 1 1
Accuracy | 0238 9997 9968 9995 1 T 9987 || 0589 9998 9981 9995 1 T 9980 || 488 9993 7938 9997 1 T 9997 ([ 9011 64z 5736 995 1 T %%
Recall 9422 1 1 1 1 1 1 0554 1 1 1 1 1 L0870 1 1 1 1 1 1 09308 7355 1 1 1 1 1
Precision | 0071 9994 9936 9980 1 1 9973 || 9621 9007 9975 0000 1 1 9978 ||.0170 9986 070 9994 1 1 9905 || 6724 6355 5301 9901 L 1 5908
S-SMOTE | Specificity | .9035 9994 9935 9989 1 1 9973 || .0624 .0007 0074 0000 1 1 J9078 || .0107 9086 5856 0004 1 1 9995 || 8625 .6575 .1452 9991 1 1 098
FP Rate 0065 0006 0065 0011 L] il 0027 || .0376 0003 0026 .0010 O 0 0022 || .0893 0014 4144 0006 O o 0005 || 1375 3425 8548 0009 [} a 0002
Fi 0243 9997 9968 995 1 1 9987 || .0588 9998 9987 9995 | 1 9980 ||.0507 9003 8284 0997 1 1 9997 || G048 6932 7006 9995 1 1 9%
GM 0245 9997 9968 9995 1 1 9087 || .0588 0008 0087 0005 1 1 9080 || .0513 9003 8408 .00G7 1 1 9997 || 9054 .6843 7343 9995 1 1 9999
Accuracy | 9234 9907 9966 0993 T T 908G |[ 0502 000F 0087 0047 1 1 20000 [[.0401 9003 7025 0097 T 1 9957 || 9006 6866 5713 9996 i 1 9959
Recall 9433 1 1 1 1 1 1| esse 1 1 1 1 1 1| .75 1 1 1 1 1 1 || 5363 635 1 1 1 1 1
Precision | 9071 9994 9932 9987 1 1 9973 || 9626 9997 9074 0004 1 1 J9081 || .0171 9987 7068 .00G5 1 1 094 || 8740 6841 5384 9993 1 I 0998
RS-SMOTE | Specificity | 9034 9954 9932 9987 1 1 9972 || 9628 9907 0974 0094 1 1 0981|0107 9987 5851 9995 1 1 $650 6797 1425 9953 1 1 g9
FPRate | 0966 0006 0068 0013 0 0 0028 | .0372 0003 0026 0006 O O 0019 .0893 0013 4149 0005 O 0 0006|1350 3203 8575 0007 0 O 0002
Fl 9249 9997 9966 9993 1 1 996 || 9501 9008 0987 0807 1 1 9900 ||.0510 9993 §282 9997 1 1 9997 || 9040 6887 6999 9996 1 1 990
GM 9350 9997 9966 9993 1 1 996 || 0501 9008 b0y ome7 1 1 990 || 0516 9993 8407 9997 1 1 5997 || o046 6888 7337 9996 1 1 9




TABLE IV
Experimental results of propose framework
RB Melries Dataset 5 Dataset 6 Dataset T

B DT GLM NN SVM RF XGB DT GLM NF NN SVM RF XGB |

Accuracy | 9999 995 0990 0000 0000 0000 0000 || 0090 000G 163§ 0000 0000 0000 0003 || G990 0003 090§ 0990 0099 9399 0999

Recall 0 0 0 o o 1250 0 o 4] T143 o o 4] 0 0 0 0 0 0 0 0
Precision a ] 0 [ ] 5000 o ] 1] 0001 o (1] 1] o ] ] 0 0 ] ] 0

BASELINE | Specificity 1 9996 1 1 1 1 1 1 9997 1637 9999 1 1 1 1 9995 1 1 1 1 1
FP Ratz 0 0004 o o o ] o o 0003 8363 0001 o ] o 0 L0005 0 o 0 0 o

F1 1] ] 0 o ] 2000 o ] 1] 0001 4 (1] 1] o ] ] 0 o ] ] 0

GM 0 0 0 o o 2500 o o o L0065 o o o o 0 0 0 0 0 0 0
Accoracy | 6757 8108 8649 7568 8108 9459 8108 || 5455 7576 9091 6970 8182 9697 8485 || 6667 5926 9259 7407 .6667 8148 778

Recall 7500 1 8750 8750 8750 .8750 .B125 || 7143 1 1 1 T143 9286 1 8333 1 8333 8333 3333 8333 8333

Precision | .6000 .6957 8235 .6667 .7368 1 647 || AT62 6364 8235 5833 8333 1 7368 || 5882 .5217 1 6667 8000 7692 7143

RUS Specificity 6190 6667 8571 L6667 7619 1 JB09S || 4211 5789 842 4737 8947 1 7368 || 5333 2667 1 6667 (9333 8000 .7333
FPRate | 3810 3333 14290 3333 2381 0 1905 || 5780 4211 1579 5263 1053 O 2632 || 4667 7333 0 3333 0667 2000 2667

F1 6667 8205 8485 (7568 8OO0 9333 7879 | 5714 7778 9032 7368 7692 9630 .B48S | .GBY7 6857 9001 7407 4706 8000 7692

GM G708 8311 &80 7636 8030 0354 7882 || SE32 7077 0075 763§ 7715 0636 8584 | 7001 7223 120 7454 516 8006 7715
Accuracy 8823 .9936 1 9997 1 1 9983 || 8771 9981 1 9996 1 1 9989 || 9217 .9982 1 9993 1 1 9984

Recall 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Precision 8093 9874 1 5994 1 1 (9965 || 8023 9963 1 9991 1 1 D979 || 8644 9963 1 9986 1 1 9967

ROS | Specificity | 7647 9872 1 9994 1 1 9065 || 7546 0063 1 0991 1 1 9070 || 8430 0063 1 996 1 19967
FPRae |.2353 OI28 0 0006 0 0 0035 245 0037 0 009 0 0 002 .61 0037 0 0014 O 0 0033

Fl 8946 9936 1 9907 1 1 o083 || 8o0s 0082 1 0996 1 1 0000273 9082 1 9093 1 1 9984

GM 8996 9937 1 9997 1 1 0983 || 8958 9982 1 0996 1 1 0989 || .92 9982 1 9993 1 1 9984
Accuracy | 8881 09535 1 0996 1 T 0985 || 8806 0087 1 9996 1 T 0980|0104 0997 1 9994 1 T 0082

Reall [ 1 1 1 1 1 1 1 11 1 1 1 1 1 [ 1 1 1
Precision | 8164 9910 9990 9991 1 1 oom || 8182 0074 1 0002 1 1 0077 || 8466 9003 1 9089 1 L 9964

ROUS Specificity | 7772 9910 9999 .9991 1 1 9970 || T804 9974 1 9992 1 1 9977 8220 9993 1 9989 1 1 9965
FP Rate J2228 0090 0001 0009 o [} 0030 || 2196 0026 o 0008 o o 0023 1771 .0007 0 L0011 0 0 0035

F1 8089 0055 1 9996 1 1 0985 || 0000 9987 ] 9996 1 1 989 || 9169 9997 1 9994 1 1 9982

GM 9036 9955 1 9996 1 1 0085 | 0046 0087 1 0096 1 1 0089 9201 9997 1 9994 1 1 9982
Accuracy | 8646 9983 9910 9998 1 1 9987 8882 9090 9980 .999% 1 1 9994 || 9266 999 9982 .9996 1 1 9992

Recall | 8683 | 1 1 11 ffomz 1 1 11 11 1 A W o [
Precision 8619 9970 9824 9997 1 1 D975 || 8330 9980 .9960 .9996 1 1 D987 || 8720 .9979 .9977 .9992 1 1 9984

SMOTE | Specificity | 8600 0970 0821 9007 1 1 0075 || 8054 0080 0060 0996 1 1 o087 || 8532 0070 9977 9092 1 L 9984
FPRate |.1391 0030 0179 0003 O 0 0025|1946 0020 0040 0004 O O 0013 | 1468 0021 0023 OOO8 O O  00L6

Fl 8651 9985 9911 9998 1 1 0m7 || 8968 9990 9980 0998 | 1 0004 || 9316 9990 9989 9996 1 1 9992

GM 8651 9985 9912 9998 1 1 D987 || 8994 9090 9980 9998 1 1 0994 || 9338 .9990 .9989 .9996 1 1 9992

Accoracy | 1 0713 1 981 1 T 1 T 0767 0999 0801 1 T T |98 o656 1 @83 1 1 1

Recall 1905 1 9914 1 1 1 1 o84 1 0009 1 1 1| e e 1 sse 1 N
Precision | 1 9625 1 9868 1 11 1 9070 9909 0873 1 11 (o612 o578 1 9”2 1 1 9999

ROSE Specificity 1 9621 1 9868 1 1 1 1 G721 9999 9874 1 1 1 9660 9581 1 9785 1 1 9999
FP Rate 0 0379 0 0132 o 1] o o 0279 0001 0126 o o 0 0331 0419 0 0215 0 0 0001

F1 1 49714 1 9891 1 1 1 1 9767 9999 9891 1 1 1 9824 9655 1 9822 1 1 1

GM 1 9715 1 9891 1 1 1 1 9767 9999 9891 1 1 1 9825 .9655 1 9822 1 1 1
Accuracy | 8727 G955 9909 G998 1 T (9987 || 8885 G089 9980 0998 1 1 D987 || 9266 G987 9989 9998 1 T 5991

Recall 8024 1 1 1 1 1 1 9716 1 1 1 1 1 1 1 1 1 1 1 1 1
FPrecision 8519 9910 9821 9996 1 1 0974 || 8331 9978 9961 .9996 1 1 0974 || 8720 9974 9978 9995 1 1 9983
S-SMOTE | Specificity | 8431 9910 9818 .9996 1 1 .9974 || BO54 9978 9961 9996 1 1 9974 || 8532 .9974 .9977 .9995 1 1 9983
FP Rate 1569 0090 0182 0004 (] 1] 0026 || 1946 0022 0039 D004 (1] 1] 0026 || 1468 0026 0023 0005 0 ] 0017

Fl 8764 9955 9910 .9998 1 1 9987 8970 9989 9981 9998 1 1 9987 || 9316 .9987 .998% .9998 1 1 9992

GM 8768 L9955 9910 9998 1 1 J9987 || 8997 9989 9981 .999% 1 1 J9987 || .9338 .9987 .998% 9998 1 1 9992
Accuracy | 8518 0983 9800 9997 1 T 0088 || .BE81 9089 9083 0997 1 1 0904 || .9266 0089 .9980 9998 1 1 9990

Recall 8217 1 1 1 1 1 1 9709 1 1 1 1 1 1 1 1 1 1 1 1 1
Precision | 8743 .9966 9784 9994 1 1 J9975 || 8330 9978 9966 .9995 1 1 9989 872 9978 .9978 .9996 1 1 9979
RS-SMOTE | Specificity | 8819 9966 9780 9994 1 1 9975 || BO34 9978 9966 0995 1 1 D98 || 8532 9978 0078 9996 1 1 5979
FP Rate 181 0034 0110 0006 o o 0025 | 1946 0022 0034 0O0OS o o 0011 |} .1468 0022 0022 0004 0 0 0021

Fl £472 0083 9801 9997 1 1 o088 || 8967 0080 0083 0007 | 1 9004 || 9316 0080 9980 9098 | 1 9990

GM £476 0083 9802 9997 1 1 008 || £993 0080 9983 0007 1 1 0004 | 0338 0080 9989 9998 1 1 9990
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From our result, Random Forest and Support Vector Ma-
chine with Radial Basis Kernel function are able to classify MI
better than others while Decision Tree delivered unimpressive
score, Random Forest performed hest with every sampling
techniques except Ruandom Under-Sampling on datasel 1 and
7. The concern peint is that both SVM and RE could possibly
excessively be fitted to training dataset. As such, Logistics
Regression, Neurul Network, und Hxtreme Gradient Boosting
may be a potential optional model to consider regarding
several sampling methods we used.

VI. ConCLUSION

[Tighly class imbalanced data is a great obstacle in ma-
chine learning and data mining field. Re-balancing data is
an cssential process that helps increase model performances.
Indeed, evaluation measurement plays important part in this
scenario as it indicates the actual model pertormance. We
introduced data re-balancing framework that significantly im-
proved [IDD failure predicticn. It allows all models to capture
rare event better. We conducled experiments willl various sam-
pling strategies including Random Sawmpling, and Synthetic
Sampling. Seven machine learning algorithms both single
and ensemble classifier were used on balanced data sets.
It seems to us that Random Forest is the champion model
which dominated others on most of the re-balanced training
data. However, our data sets contain huge amount of MA
in comparisorn with MI ones. We have found that there are
certain results that models cannct classify the data correctly.
The similarity between majority and minority class is quite
close to each other. There is a class overlupping occurring in
the data sets. It is still an open challenge for us to overcome
in future work. We need to explore further through the data
in order to understand the association between class.
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