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Abstract

Various imbalanced binary classification problems exist such as fraud detection in banking operations, de-
tecting spam mail and predicting defective products. Several sampling methods such as over sampling, under
sampling, SMOTE have been developed to overcome the poor prediction performance of binary classifiers
when the proportion of one group is dominant. In order to overcome this problem, several sampling meth-
ods such as over-sampling, under-sampling, SMOTE have been developed. In this study, we investigate
prediction performance of logistic regression, Lasso, random forest, boosting and support vector machine in
combination with the sampling methods for binary imbalanced data. Four real data sets are analyzed to see
if there is a substantial improvement in prediction performance. We also emphasize some precautions when
the sampling methods are implemented.
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st A, 2w d A, EFE A 52 2 A A HE 5 e olF AR R EAle]
o (Galarr 5, 2012). ©]3t A5 F8 54 WSl 09] HlEo] 18] vl&) vls) ¢ =
= AR, W] B e vEe] F 2¥Y Al BAE vkl €8A At} (Longadge}
Dongre, 2013). & £°] 09] H]&°] 90% Y W] € o5& 02% 3= &/ 239 A=+ 90%°]
7] w2oll mhA 2 5 2¥Q AAH 2 o, AARe 1o tE A5 s3] A fle
HEstA] ok Ryolth old Ex ¥ FHolA 7 BFY 45e NN I Bt thF

S AZE ol AHE U (He2t Ma, 2013). 53] 5 93 WL 15 o2|d BA|ol= 2w
A2 (over-sampling) WY, 02 M;H3A A As= Adv] M=% (under-sampling) W, 2H MSH
I Ay ML FAslo] THE synthetic minority over-sampling technique (SMOTE) (Chawla 5,
2002)¢] 37}A] *Rioltt.

2 dFolAe o)F AR 2F BE¥oE wol AHSEH<= 7 SR 2A2Y 3 RY, Lasso, W
d 2yxE BAE] AqxE WE Al (support vector machine; SVM)oll $12] 371A] AM=3 7] HES
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Figure 2.1. Oversampling: replication of 1.

Agstel £ 450 A 158 A QTS Bl A RIA B 53] o FAoIA S 72
B BESol 919 3704 AEY WL BE AESH ofe) AlE 491 E 5 Uitk (Ren 5, 2015),
mebd, B =Rel s AAl AEY YU A8 Wl 4 45T 5 gt RES U4 ARsa, IR
Ag5902 o Uehbs BAE thal wolshaat Ak olx vl e AA| 0% A8 BF EAE 5
HA TAH

A BT olFAEE BA5H] Al Al 37k AEF el el dE F,
3N 7 AET Yol A wf Fofslofd Ho thelA FAH LR 4 34%4 AEL 480N =

TR olF A5E EAT Wl MY Qe ARSEE 37 S I endlEs, du AEs,
SMOTEES At Aot

LWAERY A Figure 2.13} Zo] S22 121 vlojBlE EATL 2R E4Y AL S

t} (Longadge2} Dongre, 2013). & E9], 02] 7}=7F 9070 0] 12] 7f4=7} 107091 A% 1% B8}
o] 90NE THEo] AA A5 et 180707k F AL, 03 18] H]&-2 1:10] HEE d= #yolth ¢
vlR oz 1:1 gl T b go] FHEE 2246]: A w3}t 7153t} Figure 2.1004] &
AE 7d37] F3l, 1S ke A E H (jittering) S E3ePL. 2HY Ay

B9 27} e Aol AL dlolEle] 471 6 ol Hol Z87-5el) A7l B AATE Bl AT,
S} overfitting) ] EA7F 9& % ATk AL WY} (Hesh Garcia, 2009).

2.2. QICIMZY

A ER ] A st 0% FUHAE AL Al AsH] vlolEe 273 AIS s 2she 2o
t} (Longadge$} Dongre, 2013). Figure 2.2+ AGAEH o W& Ayt A, 02 AF3HA Al
ASte] 03 19] lgo] 1:10] HES WD, dAHezE 1:1 B4 OFE wgo] HES 2UoHe
A w3k it AN AEDS o4 Holel gol Wilol7] tiel Aredolehs £A17L A2
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Figure 2.2. Undersampling: removing 0 randomoly.
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Figure 2.3. SMOTE: synthesis of over-sampling and under-sampling.
% 9o,
2.3. SMOTE
SMOTE: w4297 QAHASDL 48 Wholth. WA whgwsel o7} 19 Holgs 7
S8 ZANATE oW AEY LR AuRA WA A9NS o8 2t Fea 19 HolEE s
S 19 27 oS Ze Ao A DAtk

AZb Rt a2 o] dlolHE R 7T k7S]
Chawla 5 (2002)°A4& kE 58 A | 7Fs8fth. et
E7NS S 19 24 oS 2o, o5 7k WESHA e AEE dojee A
BRHFTE 30122 5 AHFA BAAEHE Y AWHE Tnewe 29k 2,2 v ARoA 49z Fe

g Aol <, ol
Tnew = Ti + (iz - xz) ) (21)

o7 FAHCE o37]A, 6& 03} 1Ate]e] ol F LA R2dhe A WFolth znew oA Sl 19
A8 7F 7= e, o] AAHE ARAE AR T UE st s 19 A5 £F sEA @
ok FEEuket F2 3 AEEgd e HAEH = th2 7 Figure 2.33 Zo] 7129 tojE e} e
AA7F obd k7t ol H FE2 19 FES FUbehs Ao g FA% o]F 53 SMOTEx 7|&
o] e AEH] ey g ZAE X MRt deA At (Chawla 5, 2002).
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AU L B A 031 19] vlo] FHALE, 02 DL AAN R B A
geteh. 715} SMOTES] A9l 272158 Chavla 5 (2002)0ll 2113l 47o] sich.

H AFo| A= Autopart, Page-Black, German Credit, Secom®] W|7}A] A A glo]elE A3t} 2zt

ZA5E R Ue F e ] T 75 A FoA%th Autopart HlolEl= A5 FEF2 A
A olEl 2 A 1270¢] AHuH4E 7M1 gt BFSHSE oil gasketd] B Zolof| wlel BeF o] BE
et o3 zk5 oln, WS separation, mpag} Zo] FA | A%t HFERE FAHAUY F
22 19 ¥lE2 10% Bxolil, AA MET+ 21,7677)0]th. Page-Balck t]o]E = #A]1¢] Jﬂ oA &l
olofxe] Eeg ERdte Ae W ¥R ok, 11748 ARRHeE 7 itk AgHss £
gte] dojg} ylo], f o] A3 E=te] AHE FAF glow, Fex 19 v&L 10% @Eoﬁﬁ A

Z4+E 54719tk German Credit BB #HEX] ALATE Yeld A5 24 Aydso] 74
7} 5907jo]ck. HHEWAE Goodsh Bad A4S Uehdx glon Auss dads, te
BA BEA9 APARI EGT0] Tk Fea 19 ML 30% Fwoln, F AESE 10000]
o} Secom ol E whEA] FAo] R AR 537e] AHWAI FolA QT w2
2ol we} house line testing®] A%, A5l AF7E Vehiy AHAS-E A5 A9 &
Ul ok FeEla 19] vl&L2 6% FT ol ME4+ 1,567 0]t
tlolBl= WA S5 tlolEe} B7t HelHE 7:39 vl&2 &3t S5 tlolHolA T A3 7Y
2 10-Z= 2 2}HAZ(cross validation; CV)S A3FP 1 sho] A5 232 37 vo]HE &-&3)
579 d&go] HUE AT BF B¥Y d&EE HU1ele WS receiver operating characteristic
(ROC) =419 "ol WAl area under the curve (AUC)E o] 8313th AUCEe] 19 7S &2
&o] o|=ZHo| Q43 Ao Tk g 4 Ut}

EPAZANA AL, dHAET, SMOTE =
£% RS 2A2Y DARBS doEy B
Lassox= CVE ALR3lo] ZE T4 (tuning paremeter) S AEl5lo] HpAElS sttt Y ZHAE
RROIAE Egl S 50022 TATT doleEe FAsd ol A R THE 0 AHgEE
4ol 48 OVE B9 ATHh, BATAAT Eors H008 TAHET 2o 24 (shrinkage
parameter) ¢} E2]9] =S Uehls E4e CVE Foto] Ad9sisith. SVMelXe Ade A
g (linear) A9& AM83FAIL Ml & (cost) ZHESLE CVE B3l AR 23 APl RY
Caret (Kuhn, 2016) 3|7]#]2} gbm (Ridgeway, 2017), randomForest (Liaw2} Wiener, 2002), 1071
(Meyer 5, 2017), glmnet (Friedman 5, 2010) 37| A& &-&3}4c}
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Table 3.1. Comparison of AUC under over-sampling

Data Model CV AUC (CV1) Test AUC (CV1) CV AUC (CV2) Test AUC (CV2)
Logistic 0.9560 0.9631 0.9572 0.9571
Lasso 0.9558 0.9628 0.9912 0.9919
Autopart Random Forest 0.9999 0.9945 0.9920 0.9917
Boosting 0.9760 0.9163 0.9895 0.9895
SVM 0.9809 0.9786 0.9327 0.9283
Logistic 0.9652 0.9570 0.9613 0.9630
Lasso 0.9652 0.9570 0.9592 0.9747
Page-Black  Random Forest 0.9997 0.9894 0.9925 0.9861
Boosting 0.9966 0.9906 0.9925 0.9772
SVM 0.9869 0.9848 0.9142 0.9051
Logistic 0.8580 0.7432 0.7658 0.7234
Lasso 0.8551 0.7546 0.7836 0.7377
German Credit Random Forest 0.9990 0.7682 0.7809 0.7526
Boosting 0.8579 0.7598 0.7976 0.7597
SVM 0.6532 0.5941 0.6927 0.6468
Logistic 0.9999 0.6768 0.5925 0.6953
Lasso 0.9945 0.6594 0.6884 0.6917
Secom Random Forest 0.9999 0.8003 0.7490 0.7653
Boosting 0.9757 0.7452 0.6862 0.8062
SVM 0.8728 0.5612 0.6045 0.5614

AUC = area under the curve; CV = cross validation; SVM = support vector machine.

Table 3.2. Comparison of AUC under synthetic minority over-sampling technique

Data Model CV AUC (CV1) Test AUC (CV1) CV AUC (CV2) Test AUC (CV2)
Logistic 0.8270 0.7363 0.7754 0.7405
Lasso 0.8251 0.7384 0.7799 0.7421
German Credit Random Forest 0.9832 0.7281 0.7839 0.7526
Boosting 0.8916 0.7622 0.7914 0.7537
SVM 0.6681 0.5797 0.6897 0.6302
Logistic 0.6329 0.5594 0.6066 0.6953
Lasso 0.9924 0.7179 0.6662 0.6797
Secom Random Forest 0.9988 0.7302 0.7666 0.7653
Boosting 0.9733 0.7611 0.7389 0.8063
SVM 0.7273 0.5162 0.5834 0.5614

AUC = area under the curve; CV = cross validation; SVM = support vector machine.

AUC gkl 23} ddo] vepd 2o & o]sfjd 4= glrt

ol gt d4E ov MEH A Eu ozt SMOTEA S WERTE Table 3.200A4] g5 = 214

2, German Credit®} Secom ©|o]Elo|A SMOTEE w2} AZS 3 AUC Zho] 37} dojgloA &4

oJZ = AUC kol vlal 43s] =oll e+ Ao= gl gint. 9714, Autopart$} Page-Black o]

EolAl& Re SMOTEZ7}F 248517 ¢ro} nlaol| A A|&] Al

Altini (2015)7} A 43}95%0°] Ren 5 (2015)9} 22 FAESAM = 2 AEd

AL uf CV1Z AR S &3 43 & A9 7fMde] &g Busint o] &
= Z z

U ewdE%3 SMOTES] W 27k 19 HolHE EFAlsto] ARg-3H7] wi2oll Ak
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7] Ao 2WAEolL SMOTES #8314 A9 vlolel 7} 4% (validation) Ho]eo] o}7}7] o)
wo FAGol WY BE & 4

A5 A%l 57 AsAe e 4EY3
SMOTE: 7 4% % = aAAEe AR el
uAh SgElole A 20%% 579 27402 WbrolxA Atk A SACIA R WA 20% 2242
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B4 = S

Ao AEHY A AGSHA diolE 7 Wl of 71808 BT ¢ e A3 HEAE 1
oF gttt Dal Pozzolo 5 (2013)9] A9 AoAEHS o Hwk Jaetn AxE BHusta e, ol
= o A Aotk AT AEH ] A seedol Wt AR = HlolE 7L @EAA] HEE BEH 9
A58 A7l vk 5 Qloh Tk BEo] o &3 o] seeddl] BAGO]l ALY YA A= ot
seedo]] Wl R3] o 5] W] Attt 2 FA|7F "k o]& &3] 93l seedE 3008 Hf
A7PAA 23S A3 T 7l o]E oA el AUCE oI5| R gkt Table 3.32 U] 7}A] © o] g ol A <]
seed & WHY 7MY 23 AT MEH S AUCY] P73 FFHA ot

Table 3.3 2™ Autopart®} Page-Blackol|A] seedol] W} AUCZTL] WHEo] 3A 42 AL &
At} AT German Credita} Secom | A= seed®]| wWef AUCZAFL] HE o] 2 b =
3] Secom H|o|Ejo|A] 5T Thet & W0 UERTE webA AYASHS F§
Al Qo AFE ou| JA MAsH] HeiA e ARS 7 Zasith kst
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o=, EFHAY} 22 BV S5 HEol thd AHE Zo] AlFaFofof uigA st
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3.4. 0I5 &It 22t

4712] dlolg] Alof| tlsle] ewAZd, AGAEE, SMOTEE v/ AL3139S u 2X2¢ 3
ARY, Lasso, WPFZHAE, B8 SVMES z—ﬂ% sto] o &8-E H7Mek FridolElel AUC 2=
Table 3.42} Zt}. o] 7] A4 SMOTE A& 2] 7% Autopart®} Page-Black ] ©] ] o] /] R¢] SMOTE$H
7} ZH8-3HA] oot mlaell Al A L] AlF T
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Table 3.3. Variability of AUC under under-sampling (different seed numbers)

Data Model Mean AUC SD of AUC
Logistic 0.9585 0.0001
Lasso 0.9582 0.0007
Autopart Random Forest 0.9734 0.0010
Boosting 0.9897 0.0007
SVM 0.9617 0.0011
Logistic 0.9623 0.0047
Lasso 0.9592 0.0043
Page-Black Random Forest 0.9890 0.0015
Boosting 0.9912 0.0012
SVM 0.9746 0.0019
Logistic 0.7638 0.0121
Lasso 0.7698 0.0099
German Credit Random Forest 0.7656 0.0113
Boosting 0.7645 0.0095
SVM 0.5930 0.0187
Logistic 0.5412 0.0374
Lasso 0.6738 0.0459
Secom Random Forest 0.6983 0.0381
Boosting 0.7431 0.0301
SVM 0.5183 0.0324

AUC = area under the curve; SVM = support vector machine.

Table 3.4. Comparison of AUC for test datasets

Data Model No sampling  Oversampling  Undersampling SMOTE
Logistic 0.9458 0.9571 0.9596
Lasso 0.9424 0.9611 0.9544
Autopart Random Forest 0.9717 0.9919 0.9717 Not
Boosting 0.9939 0.9895 0.9927 applicable
SVM 0.9649 0.9283 0.9728
Logistic 0.9450 0.9630 0.9669
Lasso 0.9494 0.9747 0.9650
Page-Black Random Forest 0.9902 0.9861 0.9904 N,Ot
Boosting 0.9876 0.9772 0.9899 applicable
SVM 0.9798 0.9051 0.9781
Logistic 0.8157 0.7234 0.7532 0.7405
Lasso 0.8573 0.7377 0.8499 0.7421
German Credit Random Forest 0.7707 0.7526 0.7852 0.7526
Boosting 0.7607 0.7597 0.7882 0.7537
SVM 0.6371 0.6468 0.5352 0.6302
Logistic 0.6822 0.6953 0.5234 0.5090
Lasso 0.7191 0.6917 0.7203 0.6797
Secom Random Forest 0.7366 0.7653 0.6585 0.7653
Boosting 0.7754 0.8062 0.7310 0.8020
SVM 0.5410 0.5614 0.5127 0.5977

AUC = area under the curve; SMOTE = synthetic minority over-sampling technique; SVM = support
vector machine.
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5ol AR HolA= Aog sty 1 9t} (Hulse 5, 2007). wakA, EAT 24 71WS 44 3

£ ANT B eRelA 2 AXY D 2 A 7103 4B 718 o 282 welshe
Aol Bes Halch,
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B AT MWL} o ARl T T Fehad] vgo] BFYY W] BF /s 4EY Y
o 59 452 vas) Btk eMASYT SMOTES A9 WA A FAFS YA}/ A%
o Fo% BS F HAL, seedoll GE AUAEY) AUCY AFHS Bush kS Fxch A
A 23 54 AEY 710G FANE olele) Holul, vloleld] met 42 S Ag

o
o
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rlr

o % 52 ANHA Roks AT el F 4 Ugich webd AANAE ol AEY 71NE A
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£5: oY &4

2 =ollA AR tlelH o] S 4= oo} 2ot
Autopart H©]¥: https://kbig.kr/edu_manual/html/car_update/basic/car_chapter_1.html
Page-Black H°]E]: https://archive.ics.uci.edu/ml/datasets/Page+Blocks+Classification

German Credit H|°]€]: https://artax.karlin.mff.cuni.cz/r-help/library/caret /html/GermanCredit.
html

Secom H|©]E]: https://archive.ics.uci.edu/ml/datasets/SECOM
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