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1. N2 By, o)A, A5k A4 ol T3 wAs
o, wpEbA] o]jg EAES sEs] 138l dlo
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njtjo], AA, YESY A dHolee F53 s TE 3L JTHKrawezyk, 2016). AR, dlo]E}Al 2;
712 24, vito} 52 "UAIEart 7hss)A Lol A HloJB Al A FZE(resampling)3HA L, &
mA 7)o U] =AE= dgolErt 27} 7 F-8H(feature engineering)= 3l Tl Al
33l U THGeorge et al., 2014). ©]& 3+ to|E = AAE e =89S & 4 9 THKim and Hong,
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HE &83lq N2 7HXE A& F Ue 5 SIoKBlagus and Lusa, 2013). 4, ¢ag8]&9]
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Eole =4S skl vk AT Lt Ee EH
2| 1) Bl (parameter) & 24 st= WH2 A7 S
O= AS 1w dlo]HAl Akdellxe] 1A
o] B} a3AQl Aoz dHA th(Japkowicz
and Stephen, 2002; Weiss and Provost, 2003; Sun
et al,, 2009). 53] S 27t B S ol FaL A
S AEY PES 5 A5 ol o
&3} o|ti(Zhang et al., 2019; Khoshgoftaar et
al, 2010). = E4E2> E7FE oA st
T8 U F S}L‘rOlE}(Jo and Japkowicz, 2004).
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Aolet 4= Ati(Lee and Shin, 2018;Khan et al.,
2020). WEFEES &8st ks dagls A
o] AFEAT. dagF e FAl= HEE
AJ(Kim and Kwon, 2021), 73 4] (Pimentel and
De Carvalho, 2019), Q1282 A8(Leyva et al,
2014), 3AEA(Lorena et al., 2018), HZA g}
(Mufioz et al., 2015), AAIE #4)(Rossi, 2014) &
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HOEl S8 ERE Si oA 22 st WY 3 27 w1elE 54
A= Zpo]7} A GHTH(Van der Walt and Barnard, ojo]E] A1ET W(data sampling)©] ATh &£ A
2007) ozt EAS 2t = HeolEAeY A TolAE 2 72 vole SR el 24

T+ AR OE <o
SHAAINE FrALS
Wl 283t AR
o7 7| + Aok dE
A3 == Tl o] Bl "‘7401]‘1 A== Tl
Ae AAZHoletes s 2l /7]
o b duegolv WHE A85H3
Zolgtal 7Ide 4 Utk o]
2ol HlolEHAlS A48 A3 ZrQle] wht
o] pole} fAgol EAIFTKKitchin and
McArdle, 2016). Wb A58 JaiA =

o[E| Mo EAS Z olsfiste] 1ol A3t
G Es F&3te AS 18E 2
(Oreski et al., 2017). o]l we} 7]&9]
< Tk HlolE Al 543 27 4L ﬂ%
o] AAE Wl v FESAT o
Kiang(2003)> ZA| g 37 E40] 3
(unimodal distribution)*| 4]  A&E°] 33,
LDA(Latent Dirichlet Allocation)i= 7 7320l A
g0l EE EAFJth Marron
al ,(2007)& Ag7Iute] BRF HAgo] £ 214
o] dloJEAlolA Agtetd o, =27} F
23HA] %?;3 3¢ A TS EAs AT

olx g B dolEAlodl= B HolE Al 2}
B3hE a1 BoltA stAY Walish= 54
Eo] A3 THDas et al., 2018; Pascual-Triana et
al.,2021). Jo and Japkowicz(2004)= Hlo|E #4
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= EA4FES AdFetATh
Y TAE sidstr] 918
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Dataset characteristics
Feature
overlap .
Dataset type | Algonfhm
Class selection
imbalance
(Figure 1) o712
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3.1. CO|EAl EM

2 EA4Y BAe 2ZES A3 Ad
(Feng et al, 2021), &9 ®©X|(Lu and Wang,

2008), 919 FE|(Huang et al., 2006), IL2jo|g
] S(Amin et al., 2016), 2|3} X (Pasupa et al.,

2020) 52] EokollA F23HA thEoIA| 1L T
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(Jo and Japkowicz, 2004; Krawczyk, 2016). Kim
and Kwon(2021)2 Zg2 E48< el E A
¥ 2 HHI(Herfindahl - Hirschman index)E ©]-&
skt HHIE= 2 JIEE3 A S(entropy
index)9} 2ol 4 JFEE UERl & A 3Eo|th
(Matsumoto et al., 2012). HHI= A% U] & A}
AR 7 A FES AT F Pt A=
3kt}. 712 IR(imbalance ratio)e Th S
(majority class)2} 4~ Z&)| 2 (minority class)2]
2lol & HIEE Uehdth o] W2 HAAR] &
o] 73 FEHE el €7] oHue 9
o] ITHKim et al, 2020). ¥FH, HHI= 2E 2
29| FZFFEE ol ot F vk A
o] 9t} 3kAFF Kim and Kwon(2021)2] HHI=
Fef 9] el wet #38S et =7t
et 7hsAd o] EA87] ol HHIO| S22~

Fatol 1 o9l A9 22 BT
3}

(

HHI of Class = YN , c2 # N -——eeeeee—- 21(1)

3

Q7NN N& ZE 22 A% i s Fe2) Qe
gt iR 2o mg

Ho and Basu(2002)+= <73 ¥ (feature overlap),
18 E2]A(linear separability), 7]13F5H2] W X],
217 vl 2] 2} T =(geometry, topology and density)
of tisl S-S ARbstRon, HolgHAl &
e AFHoE Uehd e 7S At
Aot HEEA @4 S AAd Ragks
YA A 75 o HA THETHHo, 2002; Anwar
et al.,2014; Pascual-Triana et al., 2021). ATHA &

26

S35l W ol = Maximum Fisher’s Discriminant
Ratio(F1), The Directional-vector Maximum Fisher’s
Discriminant Ratio(F1v), Volume of Overlapping
Region(F2), Maximum Individual Feature Efficiency(F3),
Collective Feature Efficiency(F4)%5°] Ttk WS
AR 34 W T L5 ATlA Flo] &7 4
S BT Aol A= AL E YEITHCano,
2013; Kraiem et al.,2021). Kraiem et al.(2021)<
F1o] 09 779 & 4= Fl-score®} G-mean9]
deo] FEe AL FHAT. =3 WEHS)
5 woFlAE Flo] miley <dags Ad,
=g wy dde] 28 9908 et
(Mollineda et al., 2005; Kraiem et al., 2021).

F2~F4= FH 25 18H3HA] &a, 53] F29)
F3-2 oAl g o] HEAEE 2Ea Q7] vl |
TAZ Aoz HAslA YtiBarella et al,
2018). ATkt F2& ol4tst E£A7F EA18kaL &
A3l ojrtstel whet gho] Eebd = 17 wiEol
AHetA]  FH(Kotsiantis
2000). F1o] ¢ A3 A7t 7H A% a2
= Zo] E&70|tHHo, 2002). 21(2)2} 4](3)2
F19] 4= 4k2jott

m o
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fi=tt 22)
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3.2. HEIEOE &

B A= OpenML, Kaggle, UCI Machine
learning repository | Al Al F-3t= Hlo]EIAlE o)
Jor Ade 8T OpenML, Kaggle,

UCI Machine learning repository= H|©|&] 3}8}z}
=°] Haled HelEAl, A9 A3 Be =ie
Tk L’ FUFoITh A 714 2
A Agshe dolelAl T BREA
ol AlS o sttt ESt
8 BA7} ZAse golEAS
sttt e Brgo] rEe
2e Fel2 HHIE AMg3hom,
7H1RT £ A5 FH Bidol
Sk = delEe F 337400
dlolelAle] AR <Table 1>7 ZTh
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(Table 1) Characteristics of Dataset Used

Number of Classes Number of Features Number of Instances HHI
28 9 4,177 2.008941
6 13 329 1.817699
4 7 1,845 1.115005
6 5 797 1.006726
8 41 1,000 1.129193
8 41 750 1.161894
6 30 1,742 1.00303
6 11 420 1.310855
2 8 169 1.166695
6 12 105 1.471489
11 4 5,052 1.871953
5 6 200 1.530000
7 17 13,611 1.210083
5 20 736 1.085209
3 22 2,126 1.896309
4 28 198 1.027518
8 9 1,000 1.907152
4 9 155 1.092107
3 7 44,819 1.275685
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Number of Classes Number of Features Number of Instances HHI
18 7 28,056 1.878369
10 25 3,200 1.001699
3 8 1,059 1.041801
11 15 17,335 1.60464
3 7 310 1.126951
3 11 478 1.168442
6 10 214 1.579695
4 3 1,024 1.189205
3 17 10,000 1.288248
7 28 1,941 1.554572
4 12 1,000 1.010011
5 27 2,800 2.13155
3 7 310 1.126951
4 33 1,891 1.068333

Bechmark Datasets

Test set Machine Learning

Extract Class Imbalance l
Data Set | Data Imputation Resolve Method i
Characteristics Fualuation
/—\
\—/
Meta Data
w

(Figure 2) Meta Dataset Collection Process

35 ATHKim and Kwon, 2021). HA $jollA TR HolEHAlS 10 2= WX Z(10-folds
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2] 10%~99%7HA 10%2 4

A7) X, Minority Class< T 229 717,
Minority Classe 25 229 <,

ratio= Y&, c& 29 g~

Weighted Majority Class = —Majoirty class *
Tatio ------------- 21(5)
A7) X, Minority Class< T 229 717,

ratio= B &

& ATelA 1E EF dadgsels S
(Support Vector Machine), 24| 28] 3784, 2]
ZY 2E, Yo]HH|o]Z, knn(k-nearest neighbors),
ANN(Artificial Neural Network)S .23} th.
ojuf, ANN2| 7-9- &Y Z(hidden layer) 3, 5, 7
Mz A AT T3 FH 2 B a4 WY
ol FAEH W H(under sampling)¥} o 3

2

W (over sampling)= AHE-SIG T o £33
o= Adasyn(Adaptive Synthetic Sampling), SMOTE
(Synthetic Minority Over-sampling Technique),
ROS(Random Over Sampling) 5°] oMW, 74
FEF W ol = NCR(Neighborhood Cleaning Rule),
Tomek (Tomek Link), RUS(Random Under Sampling),
CNN(Condensed Nearest Neighbor), ENN(Edited
Nearest Neighbor) &< 31&3}3 T

3.3. Ex}

2 AT AL A A 7HA dAE AR
ot A, wErEolHAlS Wik HolHAl H
Z QoFsit} <Figure 3>+ WEMH| 0] Al of Alo]
HEtEo]EAle] T E/RAEE, TR F
3 EF dag]E, WAvkA vlolHAlY o],
g WY, &, @2 HHI, Fl, Fl-score, A
H|&2 o] Fo|x Qltt HlX|uta oAl
[ofslr] 98t 7 Z@2 HHIL FI,
Fl-scores B+ O = QoF3IT}. <Figured>= Ht
acokd Attt 4, Ht goFd HEtE| ol
A T 7P FL BT 45 (Fl-score)= HAF
gl gt A= A& ATk Fl-score’} &
E9Ql % G-mean©] =& Ao|~E AMEHF L,
G-mean©] &< 7% A& % (accuracy)’} O &
Aol2=E Adsigint. TI7lol= 738t &
A g H|go] Highs 2= BE
g5ttt HE 8oFd HoJEAY dAl=
<Figure 5>9} 2t} HFH o2 == vEtH o]
E+3 sll4 W,
ERdyelE, A& HlE, Fl-score, G-mean,
e Fl, S8~ HHL AE 20 74 A
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™z Wiy
Accuracy Gimean Fscore  Elapsed  Algorithm data method  fold HHI F1 ratio D
0.916667 0.866025 0941176 0.03 RF blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.1 blood_transfusion_service_center_Adasyn_fold_1_10%_RF
0.916667 0.924662 0.935065 0.01 knn blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.1 blood_transfusion_service_center_Adasyn_fold_1_10%_knr
0.55 0.519615 0.64 0.01 NB blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.1 blood_transfusion_service_center_Adasyn_fold_1_10%_NB
0.5 0486056 0.583333 0LR blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.1 blood_transfusion_service_center_Adasyn_fold_1_10%_LR
0.6 0.636396 0.6 0.02 SVM blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.1 blood_transfusion_service_center_Adasyn_fold_1_10%_SVI
0833333 0.848528 0.864865 0.07 ANN3 blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.1 blood_transfusion_service_center_Adasyn_fold_1_10%_AN
0816667 0.824621 0.853333 0.19 ANN5 blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.1 blood_transfusion_service_center_Adasyn_fold_1_10%_AN
0.883333 0.874643 0911392 0.33 ANN7 blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.1 blood_transfusion_service_center_Adasyn_fold_1_10%_AN
0.866667 0.774597 0.909091 0.03 RF blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.2 blood_transfusion_service_center_Adasyn_fold_1_20%_RF
0.866667 0.874643 0.894737 0 knn blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.2 blood_transfusion_service_center_Adasyn_fold_1_20%_knr
0.566667 0.547723 0.648649 0 NB blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.2 blood_transfusion_service_center_Adasyn_fold_1_20%_NB
0533333 0537355 0.6 0.02 LR blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.2 blood_transfusion_service_center_Adasyn_fold_1_20%_LR
0.6 0636396 0.6 0.01 SWM blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.2 blood_transfusion_service_center_Adasyn_fold_1_20%_SVI
0766667 0.762398 0.815789 0.08 ANN3 blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.2 blood_transfusion_service_center_Adasyn_fold_1_20%_AN
0883333 0.874643 0911392 0.15 ANNS blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.2 blood_transfusion_service_center_Adasyn_fold_1_20%_AN
0916667 0.924662 0.935065 0.23 ANN7 blood_transfusion_service_center ~ Adasyn 1 1.097584 0.997166 0.2 blood_transfusion_service_center_Adasyn_fold_1_20%_AN
0966667 0948683 0.97561 0.03 RF blood_transfusion_service_center ~ Adasyn 1 1.097584 0997166 0.3 blood_transfusion_service_center_Adasyn_fold_1_30%_RF
0.9 0.886707 0.925 0 knn blood_transfusion_service_center ~ Adasyn 1 1.097584 0997166 0.3 blood_transfusion_service_center_Adasyn_fold_1_30%_knr
0.566667 0.547723 0.648649 0 NB blood_transfusion_service_center ~ Adasyn 1 1.097584 0997166 0.3 blood_transfusion_service_center_Adasyn_fold_1_30%_NB
0.533333 0537355 0.6 0.01 LR blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.3 blood_transfusion_service_center_Adasyn_fold_1_30%_LR
06 063639 0.6 0.02 SVM blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.3 blood_transfusion_se _center_Adasyn_fold_1_30%_SV!
0616667 0.65192 0.596491 0.06 ANN3 blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.3 blood_transfusion_service_center_Adasyn_fold_1_30%_AN
0.833333 0.793725 0.878049 0.09 ANNS blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.3 blood_transfusion_service_center_Adasyn_fold_1_30%_AN
0.866667 0.832917 0.902439 046 ANNT blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.3 blood_transfusion_se - center_Adasyn_fold_1_30%_AN
0.866667 0.815475 0.904762 0.03 RF blood_transfusion_service_center Adasyn 1 1.097584 0.997166 04 blood_transfusion_service_center_Adasyn_fold_1_40%_RF
0916667 0.89861 0.938272 0.01 knn blood_transfusion_service_center Adasyn 1 1.097584 0.997166 04 blood_transfusion_service_center_Adasyn_fold_1_40%_knr
0516667 0479583 0.613333 0 NB blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.4 blood_transfusion_se - center_Adasyn_fold_1_40%_NB
0.566667 0.574456 0.628571 0.02 LR blood_transfusion_service_center Adasyn 1 1.097584 0.997166 04 blood_transfusion_service_center_Adasyn_fold_1_40%_LR
06 0636396 0.8 0 SVM blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.4 blood_transfusion_service_center_Adasyn_fold_1_40%_SV!
0633333 067082 (0.62069 0.07 ANN3 blood_transfusion_service_center Adasyn 1 1.097584 0.997166 0.4 blood_transfusion_se _center_Adasyn_fold_1_40%_AN
0.766667 0.762398 0.815789 0.11 ANNS blood_transfusion_service_center Adasyn 1 1.097584 0.997166 04 blood_transfusion_service_center_Adasyn_fold_1_40%_AN
0.9 09 0923077 0.28 ANNT blood_transfusion_service_center Adasyn 1 1.097584 0.997166 04 blood_transfusion_service_center_Adasyn_fold_1_40%_AN
09 0855132 0.928571 0.04 RF blood_transfusion_servi Adasyn 1 1.097584 0.997166 0.5 blood_transfusion_se center_Adasyn_fold_1_50%_RF
(Figure 3) Example of Meta Dataset

data method Algorithm ratio F1_score G.umean Accuracy F1 HHI
abalone Adasyn ANN3 0.1 0.029226694 0.022470359 0.028548422 0.633473699 2.008940954
abalone Adasyn ANN3 0.2 0.010416951 0.008655996 0.026873249 0.633473699 2.008940954
abalone Adasyn ANN3 03 0.033455429 0.02270858 0.028857229 0.633473699 2.008940954
abalone Adasyn ANN3 0.4 0.018704897 0.010769377 0.022549178 0.633473699 2.008940954
abalone Adasyn ANN3 0.5 0.019583503 0.010250297 0.039360575 0.633473699 2.008940954
abalone Adasyn ANN3 0.6 0.051712034 0.034395779 0.048228258 0.633473699 2.008940954
abalone Adasyn ANN3 0.7 0.030493791 0.021566304 0.024751411 0.633473699 2.008940954
abalone Adasyn ANN3 0.8 0.043013159 0.025005975 0.033165022 0.633473699 2.008940954
abalone Adasyn ANN3 0.9 0.078698288 0.046952777 0.047555519 0.633473699 2.008940954
abalone Adasyn ANN3 0.99 0.012767828 0.008002136 0.038002724 0.633473699 2.008940954
abalone Adasyn ANNS 0.1 0.024308227 0.007453978 0.012006194 0.633473699 2.008940954
abalone Adasyn ANNS5 0.2 0.003508772 0 0.010088236 0.633473699 2.008940954
abalone Adasyn ANNS5 03 0.00644343 0.00115818 0.004319482 0.633473699 2.008940954
abalone Adasyn ANN3S 0.4 0.013035643 0.001338219 0.010560935 0.633473699 2.008940954
abalone Adasyn ANMNS 0.5 0.015041209 0.004685294 0.015146759 0.633473699 2.008940954
abalone Adasyn ANNS 0.6 0.026731016 0.009567442 0.020201352 0.633473699 2.008940954
abalone Adasyn ANNS5 0.7 0071111111 0.002974738 0.015861594 0.633473699 2.008940954
abalone Adasyn ANNS5 0.8 0.027544661 0.01165745 0.023064003 0.633473699 2.008940954
abalone Adasyn ANN3S 0.9 0.027078341 0.007494388 0.017061799 0.633473699 2.008940954
abalone Adasyn ANMNS 0.99 0.026684126 0.01358161 0.021836577 0.633473699 2.008940954
abalone Adasyn ANNT 0.1 0.019927328 0.001493452 0.005762942 0.633473699 2.008940954
abalone Adasyn ANN7 0.2 0.006780627 0.002225906 0.007694728 0.633473699 2.008940954
abalone Adasyn ANN7 03 0.003333333 0.000743685 0.007208751 0.633473699 2.008940954
abalone Adasyn ANN7 0.4 0.009276438 0.002857922 0.007923056 0.633473699 2.008940954
abalone Adasyn ANNT 0.5 0.008496732 0.002280068 0.011529421 0.633473699 2.008940954
abalone Adasyn ANNT 0.6 0.019953787 0.004778221 0.010569075 0.633473699 2.008940954
abalone Adasyn ANN7 0.7 0.019757285 0.008509653 0.013701653 0.633473699 2.008940954
abalone Adasyn ANN7 0.8 0.004819277 0 0.014402538 0.633473699 2.008940954
abalone Adasyn ANN7 09 0.007534008 0.003594009 0.0711531159 0.633473699 2.008940954
abalone Adasyn ANNT 0.99 0.033540186 0.007949643 0.011530591 0.633473699 2.008940954
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data method Algorithm ratio F1_score G.mean Accuracy F HHI Number.of features  Number.ofinstances Number.of classes

Air Quality RUS knn 03 0979453921 00967492671 0.968566392 0.331427898 1.115004586 7 1845 4
analcatdata_dmft SMOTE SVM 05 0299041379 0.263877856 0.205367741 0974669381 1.006726352 5 797 6
autoUniv-au6-1000 Adasyn  RF 099 0375013217 0281732743 02449995 099168135 1129192964 4 1000 8
autoUniv-au6-750 Adasyn RF 01 0437639405 032562809 0267735723 0.989790849 1161893349 41 750 8
Bangla Music Dataset RUS RF 08 0752501832 0.698705216 0.710137381 0.80337613  1.003030191 30 1742 6
bird Adasyn  ANN7 08 0932405345 0.835049518 0.800926117 0607390676 1.310855107 11 420 6
bmd Adasyn RF 04 0901288161 0.847990384 0.864338235 0.927000068 1.166695322 8 169 2
bridges Adasyn  knn 05 0823080808 0.678587476 0.642380952 0.766328006 1471489476 12 105 6
Color Classification 11 categories Adasyn RF 04 0.868884842 07402875 0.696928133 0437130318 1.871952781 4 5052 "
drug200 Adasyn RF 05 0982972136 0921005154 0.903982684 0791952082 1529999555 6 200 5
Dry_Bean SMOTE LR 05 1 0961234988 0.926898635 025705938 1.210083028 17 13611 7
eucalyptus Adasyn RF 05 0621119417 0.630484847 0.673983483  0.94347394 1.085208728 20 736 5
fetal_health Adasyn RF 01 0971331136 0900216914 0.946865691 0.888121021 1.89630939 22 2126 3
Forest Types RUS SVM 05 0990909091 0977240248 0974736842 0.599512889 1.027517532 28 198 4
german_credit_data Adasyn NB 05 0463850466 0397034708 0.361492569 0972929726 1.907152207 9 1000 8
grub-damage Adasyn RF 08 0620887446 0.527014563 0494460784 0955266724 1.092107233 9 155 4
Jjungle_chess_2pcs_raw_endgame_complete Adasyn RF 05 0849201797 0811761048 0813539378 0937869871 1.275684727 7 44819 3
kropt ROS RF 05 0798809524 0.830213222 0.715601898 0964225254  1.87836913 7 28056 18
led24 CNN SVM 09 0.81843225 0758892902 0.720901516 0.822419544 1001699044 25 3200 10
Milk Grading Adasyn  RF 0.1 1 0997774244 0997169643 0840875812 1041801276 8 1059 3
Music Genre CNN RF 06 0824215744 0065496364 0.566713348 0.814434613 1604640191 15 17335 1
orthopedic patients RUS RF 03 0957393789 0.819520406 0.825806452 0.690523125 1126951093 7 310 3
PopularKids Adasyn RF 099 052871676 0.502741015 0.508206687 0.980683689 1.168442028 11 478 3
prnn_fglass RUS LR 0.6 088 0684191335 0629366648 0734677243 1579695018 10 214 6
rmftsa_sleepdata RUS ANN3 02 0576023697 0.069691765 0367249152  0.04338486 1189204706 3 1024 4
Skyserver_SQL2 Adasyn RF 01 0996523188 0990735126 0.989299998 0.808793074 1288248248 17 10000 3
steel-plates-fault ENN RF 01 0897474747 0821838353 (0.791314472 0751159171 1554572261 28 1941 7
Telecust1 Adasyn LR 04 0382980663 0389990579 040519552  0.98246545 1.010011166 12 1000 4
Video_games_esrb_rating ROS RF 04 0896048883 0.869874514 0.855057442 0913733695 1.068332813 33 1891 4

count

Adésyn

(Figure 5) Final Summarized Meta

CNN

ENN

method

ROS

Dataset

RUS

-_-.—

SMOTE

(Figure 6) Frequency of Best Class Imbalance Resolution Methods

Abbreviations: RF = Random Forest, LR = Logistic Regression, knn = k-Nearest Neighbor, SVM = Support Vector Machine,
ANN = Artificial Neural Network, NB = Naive Bayes, Adasyn = Adaptive Synthetic Sampling, CNN = Condensed
Nearest Neighbor, ENN = Edited Nearest Neighbor, SMOTE = Synthetic Minority Over-sampling Technique, NCR
=Neighborhood Cleaning Rule, Tomek = Tomek Link, ROS = Random Over Sampling, RUS = Random Under
Sampling, origin = None sampling method
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(Table 2) Result of ANOVA(F1)
N = 33
F1
n Mean Star.lde?rd F p Games- Howell
Deviation
Cluster 1* 6 0.529 0.188
Cluster 2° 15 0.921 0.068
Cluster 22.14 0.000 b<c, a<d
Cluster 3° 7 0.704 0.131
Cluster 44 5 0.930 0.043
p<.05, “'p<.01, ""p<.001
(Table 3) Results of ANOVA(HHI)
N =33
HHI
Standard Games-
n Mean Deviation F p Howell
Cluster 1° 6 1.15 0.097
Cluster 2° 15 1.11 0.95
Cluster 70.1 0.000™" a, b<c, d
Cluster 3° 7 1.66 0.2
Cluster 4¢ 5 1.93 0.12
p<.05, “p<.01, "p<.001

H F10] 0.529=% WH4E 3 o] Al8kal HHIZH.153 320 4= SVM, RF, ANN3, LR 59| &7 &
o7 FY 2 EFol AY gle dEjolth 3 18]Z3} SMOTE, Adasyn, RUS, CNN, ROS &
< Zd2 Byo] AekA ¥ wWeHIol o] Eefj2 By a4 ol ettt 7
Aal Sl 20 E771 o dEjolth 1] 3L WEHF 0] 0.74E WFH A o] okt A8}
HA-e BE 4ugZ20ZE knn, ANN7, LR, , Ze 20 B3 o] HHI 1.66°.2 413+ A

k

SVM, RF 5] I9or] 2o 37 sla W olth 238 Fex 8ol Hotn WrdY
MOZE RUS, Adasyn, SMOTES®] &% 2 = 3% Jejols] mEd] £771 713 olele =
o Uehdth theo P32k Flo] 09212 AL Za Ytk olgfd 2ddAE NB, kn,

HEAZ o] A9 glal HHIZF 111308 Zef2~ RF, LR 52 &% ¥¢3g]E3 CNN, Adasyn,
Edgol 79 fl= Aot webM 2= RUS, ENN 59 2= 54F sa Il 7}
71 o) dA Q) el Ale] ®of e R olth & a0 =48] 45 Flo] 0.9302=
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(Table 4) Cluster Characteristics

Cluster 1 Cluster 2 Cluster 3 Cluster 4
0.529 0.921 0.704 0.93
Mean of Fl (0.026) (0.235) (0.184) (0.199)
1.153 1.113 1.66 1.926
Mean of HHI (0.026) (0.235) (0.184) (0.199)
Mean of Number of 12.833 18.000 12.000 15.600
Features (8.4) (12.989) (7.937) (8.591)
Mean of Number of 2782333 4588 4146.286 6862.2
Instance (5340.840) (11389.336) (6150.810) (11886.529)
Mean of Number of 4.5 4.867 10.571 8
Classes (1.643) (2.295) (8.059) (5.874)
Suggested knn, ANN7, LR SVM, RF, ANN3
Classification i ’ ? o ’ NB, knn, RF, LR RF, NB
. SVM, RF LR
Algorithms
Suggested Class
. RUS, Adasyn, SMOTE, Adasyn, CNN, Adasyn, RUS,
Imbalance Resolution SMOTE RUS, CNN, ROS ENN ROS, Adasyn
Method
(Table 5) Paired t-test(F1-Score)
(N=33)
Jl=eH T
t(o)
N = EFHXL
s EFY STy
e A 33 0.615 0.307
F1-Score B R——— -5.977(0.000)"
%L i\— = ‘o 5 iﬁo H
N 33 0.772 0.219
g 5
“p<.05, "p<.01, ""p<.001
A9 gl AdHiola Sl B3 HHI 1.926 t+ARS T Aoty 1 AR feleE
OS2 ujg Fol &F FHAE B/ olHE 0.001°1A4 Fre]stAl xfol7t Qlth whepA B A
THolt T340 HAQ WH2 RFSFNB &7 TAA g FHs B A WHol 79
&318]E3 ROS} Adasyn 2= B3 & StAl Bt e ALE YT
HH o)l th <Figure 11> T3 EA A2 =
2138}3}t Zlolt}. <Table 5> 8|~ 49 o
S M43 Ao} Bgelr) Wol o mR
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$-ol&= RF, NB& ROS, Adasyn®] Zgto] 713+

ooty 1T o2 BwPol Astm W

5. 4& FHH ) 2F Y& A$olE NB, knn, RF, LR

3} CNN, Adasyn, RUS, ENN Z3§to] 713 2 g3

5.1. 7|04 Ao g Vel w3 wagzo] 9l Fg~

27| 79| gl= A= SVM, RF, ANN, LR
’o‘“"]’ Zreo 2= S E]%O] 79‘;}“3]‘31 SMOTE,

q S A Sells BEF AL TE L g, RUS, ONN, ROS 53} 28 Ze2 B
o R/ Gl ESATE HAsTh M & d)x Wo] AT =H), 7|29 uﬂ]:/]_a_;}-
o] Zata Fex Bdo] Ao Q= A9 g =
=S AgEfof 3hn, Fe B4E 4 He o e
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Abstract

Class Imbalance Resolution Method and
Classification Algorithm Suggesting Based on
Dataset Type Segmentation

Jeonghun Kim* - Kee-Young Kwahk**

In order to apply Al (Artificial Intelligence) in various industries, interest in algorithm selection is
increasing. Algorithm selection is largely determined by the experience of a data scientist. However, in the
case of an inexperienced data scientist, an algorithm is selected through meta-learning based on dataset
characteristics. However, since the selection process is a black box, it was not possible to know on what
basis the existing algorithm recommendation was derived. Accordingly, this study uses k-means cluster
analysis to classify types according to data set characteristics, and to explore suitable classification
algorithms and methods for resolving class imbalance. As a result of this study, four types were derived,
and an appropriate class imbalance resolution method and classification algorithm were recommended
according to the data set type.
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