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Classification Analysis for Unbalanced Data
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Abstract

We study a classification problem of significant differences in the proportion of two groups known as the
unbalanced classification problem. It is usually more difficult to classify classes accurately in unbalanced
data than balanced data. Most observations are likely to be classified to the bigger group if we apply
classification methods to the unbalanced data because it can minimize the misclassification loss. However,
this smaller group is misclassified as the larger group problem that can cause a bigger loss in most real
applications.

We compare several classification methods for the unbalanced data using sampling techniques (up and down
sampling). We also check the total loss of different classification methods when the asymmetric loss is
applied to simulated and real data. We use the misclassification rate, G-mean, ROC and AUC (area under

the curve) for the performance comparison.

Keywords: up-sampling, down-sampling, asymmetric loss, misclassification rate, G-mean, ROC, AUC, lo-

gisitic regression, SVM, random forest
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OlHE ARRSIA EHFE= AR ok Ax A5 /MAE 4 9= A= simulation data®?} A A ©]o]
HE o]&3te] vl EAetA} gtk o] o AREE 4 Q= sampling *H-2 2 FbollA 929
F=3 BES 0] 83 down-sampling o]} 22 F ol A] bootstrap sample©]t} o}5 Z-2 noiseE T
3l sample- ©|%3} up-sampling H'HS AF&3 4= U}t o]H sampling 7|HS AHES W Bz =
SHRINK (Kubat 5, 1997)2} SMOTE (Chawla 5, 2002) 7} 9t} 2 up-samplingS 534 7]E9]
ARFHT O B2 AL 48 5t AN F FHAE v FEE R EH U8 weights &
T Q= AHo] Q. g Chenvol 20043l weighted Random ForestE ©]-&3}o] unbalanced
data®] 5% BAS 241 th2 P ER A5S v ettt (Chen 5, 2004).

28] 3} asymmetric lossE 7HA3E 390 Zhzte] B M 250 B A Ao tsia L A3}
32} gich. B0 AgEE BF HEES logistic regression, support vector machines (Vapnik,
1998), 18] Random Forest (Breiman, 2001)°o]t}. B =7 ZE AAR2 R (R Development
Core Team, 2010)= ©]&3to] o]Fo] A ZlolH, L2l RollA AlFehs thekst &/ oA od
S 0] asymmetric lossE & 4 Y= A& A RIEE AlgTdozN dejux} sty B =F2
23 28 A7 FHolgtt 2% o)X= sampling *HI Re) E]'Ohﬂ' 5 FolA oJBA asymmet-
ric lossE F+ 712 A9sitt. a83 As HaE st AR LEZE, G-mean (Kubat 5,
1997), ROC, 28] AUC (Park 5, 2011)°f o3l 7+eFs] @“3?} 3% o A= simulation data<}
AA dlolEolA Z+e] 5% WHES 452 dulolE <} sampling®HES o] 83te] vwstal =3t
o™ WHE0 A total loss7F 43} B = A& Lot 4= £ A7 234E 895t

mlo

2. gY=E

o¥l o= EFE tlolE] BRof 47 A2 & 9+ sampling WHI} LEF7F Loyt wj v
3 A4S R 2FFEFAA HEA7& < Awsith 2=y 25 HERY Al AR
2 4 9t 2 EBE293 G-mean, ROC, AUC 5& d9g3sic}

2.1. Sampling %

Sunpling AL 5 AR roldek. A 0 PAe 2 GUL g Yol Dlo) whol 2
249 = ﬂ% 49 (Down-sampling) 0| 71, & W) ¥ 2 P 2 Kwke] =27)o] Do) uh

8%

H l
FE5h= W (Up-sampling) ©|t}h. Figure 2.1 o|H% AFEEE M2 F 719 TFoH &
900:100& unbalanced data®|t}. Original B ©]E|S 7}A| 11 down-sampling, up-sampling= ‘6]—°ﬂ
o] ojE@A dolg 7} HEl=XE 28 g Ho]Fdtl Up-samplingd 3¢ #E27F 22 Adks 2
2 Hohol] 27] w&Zof 100709 dlol¥ (X1, Y1), (X2, Y2), (X3,Y3),. .., (X100, Yi00) S 99 ‘?l’%’ﬂ/‘ﬂ
ZFZ3H "t o] Aol bootstrap AMZ3} Z-o] with replacementa zﬂ%tﬂ—h vk Tl o} S
2E HilFE F /A e A4S B 4 ledl, £ A3l bootstrapping 71He ©]-83H%

]o

—l—‘

2.2. U|OHE! &4 (Asymmetric Loss) I

WY 40 AEe AL Pue 2 Fvos AR FA4E o) o 2 HLEE Fr pgoz, o
2 Eol 2 AU AL Puke] ulge] 9:19 HolEe] A% 2 AT AL Yoz AR FAL 4P
Lolehte SI9ElE #3042 ke 2 AWoR % F4se 49 92k SIFEE FolA AL A
o 2 Qvor A% A AL AL =sA s holth. Selt RelA ol 242 o8
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Original Down Up

DEAE AWeLA BT WAL weight SHE o EINA ThE AL
F W29 Logistic Regression, SVM, Z&8]1 Random Forest®] 73-%-o]=

o3 2k
2.2.1. Logistic Regression(LOGREG) Logistic regression2 BEEHPHE Zof 7} gro] 2
ol WP E 2o shtm ZHzte] Zejal] AFEEE oddsH] 7} AW X9 ARIAA S AT AR
S}
M — t . B
log PG =KX = )—ﬂko-i-ﬁka:, k=1,...,K —1.

| 28 3ol A s AAG st =42 IRLS(Iterative Reweighted Least Squared)& ©]-83}o] Z 4
oT=A r'/"ﬁ(MLE)—E—' AubA o 7 ARR-3It}. Logistic regression®] 7F¢ 2 AAF0| s A9 &
o|golt}. olE , 574 AWHeTE 1 S7HE W §4 FHaY AREEES 37 da Alkte] 7
SorEE AY ‘_"F-/] W37 AREERE)] o QS WA= A E 3t 4 Ut

RO A Logistc Regression®] Ao+ glm() < & nnet 37]A]2] multinom() & o] &3 A
23 Aol 7hsdtth glm(O) T4+ WSS 27HA] gE 2 2-class 5 TA 48T £ 9,

multinom() Sk ¥R 471 371A] o]Abo] ZES 2= multi-class 5 A= Zgo] 7535t}

2-class Al F T B ALE = g, E AFoAME multi-class 257 2AEE AFA~HA
2 7Fs 3 multinom () & o)Lt

o =L y = 0 AFAE0l 2 HALolaL, y = 190 2

qul
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multinon() #49) weights SHIE F BHEA 5w Lol 2t WEsL ol & v,
2 Fo 2 A wgo] 9:19 Holey Aot B AW 2 Fguoz IR 25 Ao
09 1EAE FYUT, 2 FBL AL Aoz AR £ Aot 19 AEXE Fork

> library("nnet")
> wtsl <- ifelse(traindata$y==0, 1, 9)

> logis.res <- multinom(y~., data= traindata, weights=wtsl)

2.2.2. Support Vector Machine(SVM) SVM<2 Vapniko] A¢kst ERHECZ 7]E2A <
ofoltjo]= B X|o|A] decision boundary7}A|e] H A E(0]E whxlelgt dtth) Hth3lsl= deci-
sion boundaryS zt= Zo|t}. o] A #=X]9} decision boundaryAlolo] 7153 2 HHE FOZA]
LEFIL Eojd FES Y F 93 wEA B2 AA AsA T2 FeE Heltk SVMAA 713
o] A5+ tuning parameter= gamma2} costo]t}. SVM-E o] 7}A] tpdFslk AdS AFRE ¢
ARG 71 Fo] ARRE = Z1-2 Gaussian radial basis function©]3l gammat ©] 7 doj|A] AEE T}
Cost SEFE B35 o delE AAsh=d AMSHETh RelA SVMel ##H 371X 2+ kernlab,
e1071, klaR, svmpath 5©] ¢l=6] (Karatzoglou 5, 2006), 2= e1071 71X 2] svm() T+5 9]
43t 24 Aotk €107l H7| A= livsvm ZHo] B2 E RollA ARSE 4= QA 3h thgst Ad
T} parameter tuning, visualization ©] 7}s3lth= F o] 9t}

WA tune.svm() FFE o] 83l CV errors FH43)el= 249 24 g 22 & svm() T4
23 AL 3 4 9t svm() T4 class.weights 34 0] HFE asymmetric loss€ FHEH -S40
class N5RHES] ZolE Zhe HE7E So7tok &b 22 JoE 2 Ao s S90S wo 2 Jds
2k Ao 2 FA4YE wl JHAE vEA & 5 At

= =]
g %3

==

> library("e1071")

## parameter tuning

tobj <- tune.svm(y~., data=traindata, gamma=2"(-8:3), cost=2"(-8:3))
bestGamma <- tobj$best.parameters[[1]]

bestC <- tobj$best.parameters[[2]]

wts <- table(traindata$y)

wts[1] <- 1; wts[2] <- 9

svm.res <- svm(y~., data=traindata, type="C-classification",

kernel="radial", gamma=bestGamma, cost=bestC,

+ + V V vV V Vv VvV

class.weights = wts)

2.2.3. Random Forest(RF) Random Forest+= Brieman©] 200130 A ¢tst sl 202

$7 XL treeSE 0] 23 bagging WHE0th TreeE ©Eo] Wz o RE A4S w8lelr] &
I oz 22 o] Agaent A treed THEO] UHE ZHZE9] bootstrap Mol A

7 treesd] AL FobA A Ha ek AR baggedd estimates®] E4HE €Y 4 Atk RF+
ol& Qloje] AW N (m)T bootstrap] ML &} 22 tuning parameter7} YA T

tuning §lol = 43| £ 2

loss& F7] YA 2l party 7R & cforest() T+E o] F3FTh

cforest() TrollAE= weights SAE 53 vt A4S 283 = 9lon, LOGREG 238 23
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Table 2.1. Confusion matrix

Predicted 0 Predicted 1
True 0 TN (True Negative) FP (False Positive)
True 1 FN (False Negative) TP (True Positive)

Z 4= 9t} control ¥Ao|A2] mtry
o] JN4E onlsiy, EF2EA oA
og

g,

> library("party")

> wtsl <- ifelse(traindata$y==0, 1, 9)

> m <- floor(sqrt(ncol(traindata)-1))

> rf.res <- cforest(y~., data=traindata, weights=wtsli,
+

control=cforest_unbiased(mtry=m))

2.3. @Y &It
2.3.1. 2F501 Uit Crast =Ex| EFHEdAE A8E 2yl EFE drid AEsiA A
SAE B2 fsiAl o] 7R FAAE ARSI A FAXNES Astlol SA F dujkotor &
Zo] e, viZ QEFFoIth & Aol AREshE ol o] T 7 (two-class classification)
olmg QEE=TL Table 2.1 Z+2 2x2 matrix7} St} LEFT L= A3E 13 B A3E Xzt
3 AegA, By F7F Al ARgEE FAEAES B sk Wl 712c] Ak o] & o|&35to] & A7
NM AR FAHAEES Aolshd vt 2t
FP 4+ FN
2 7F-& (misclassification rate) = TN £ P ::__ N+ TP
TN+ TP
AR= 9 =
878 (aceuracy) = X T T EN £ TP
TP
E’J_Z;!’E_(Sensltlylty) = m7
TN

J—E,O]E(SpeCIﬁCIty) = m
=, eRg g0l AA HolEl A A% ERA A45e) Hgolr] ol HI4S ) AR o] 7}
SOk @ 4 Stk AT 2RFEL JRAoR Y 2L AHe) ol thirel 27 A
ol bz Agaslol AV Uk b, YHACE 42 TFo] 3 BEAE 2 1Fow I
% BRAE Aol 2 ujurt 4o 2, 273 AR RS BEAJ 2 1§02 F4
T AFS Ho|BE oes] LERE G VESE BES AYT A9 g & S4do] AT £ 317
wjZoltt. FEFE(accuracy)2 (1 — LE7E8)E FAHH gho] F45F Frh
I8 UAEE y =1 F2d &3 A8 5 AEFH A9 ¥])&(True Positive Rate; TPR) o™,
EolEE y = 02 Z#2o]] %3 A7 F FAEFH 252 H]E(True Negative Rate; TNR) o]t} o]
HeE it WA eEAN v ¢ e, SYACR FdgS 008 sol REARS ¥y =1
Sz PR YREE 1013 Solk 0o] "tk Wig FdgdS 12 Fod W=+ 0, §
ol 10] Atk URkHo g WItE e}t FoleE FAld A 3= AL ol o] doln F IHAE



500 Dongah Kim, Suyeon Kang, Jongwoo Song
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Figure 2.2. ROC curve
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G-mean = \/sensitivity x specificity = v/ TPR x TNR.

oy 229 AR 4% ERV7F AL 25y = 1 2H2)d £ BEAE 2 2F(y = 0 27

29 ASZAE FAHS AFS HolBE 5ol e AT UgE 3 vl AA "ot old o]F
2 ugEe}l Eo)x 9] 715379 G-meano] M2 H7} A 72 AL (Kubat 5, 1997), o]&
2% G-mean2 B¢ AR oA BF AH5S F7HeE ul Hol o853ttt (Kubat 5, 1997; Wus}
Chang, 2003). °]|2% B73% A5 Ffolle T<d] LEFES HWdk= AR G-mean® 2 B
ke Zlo] ou]7} 917 wlEof B Ao Z By EAY] G-mean FT AASte] vl 3T

2.3.2. ROC(Receiver Operating Characteristic) 5/

ROC FA12 o8 AchzholAe] W= (sensitivity; TPR)&}F 5 o] % (specificity; TNR)] #AE Ko
Fr}. o] F4& T3k ZJDVL«] W3l w2 ER ]9] qss o2 FAF 4 9t} ROC F49

x5 1-specificity ©] 31 y&-2 sensitivity 2, ATghE HIA7IH 73 HES AZ238HE ROC F4 9]
=
TP
senSItlylty = m = rI‘P)l:{7
TN FP
1 — specificity =1 — = = FPR.

TN+FP TN+ FP
AANE AFoAS NP} So|59] AL & S 37 W U 3 o] FolAx BAonE,
ROC F49] 253 y5e el g5 (1 - Sol%)& Wz o) 434S ek wet
A ROC AL Figure 2.29F Zo] Z7kske 34e] Feje Holrk =3, ROC F4 ofefe] wx<l
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AUC(Area Under the Curve; ROC Area): EFHHENA H5H71E 3 A AR
2 1 Fo] 55 5o 4% BRI 371 4 Utk & A-REA A5
ROC ZAHL y =z FAXMo] T3 AUC F2 0.50]22, AUC7} o] gtHtt 2o #y
Rt 24 7] w2l ZxH o So)e} st

3. DOJAlE! U A CIOIE| 241 23}

3.1. PoJAla! Ay}

2 ol Roj Ao thabe v 4 B2 HolEE g X BRIHES o8 =Y
2 AYS 3 4 2P BRAYEE WD T Aolth St AFLEE 01§ el simulation data®
AT DA 2o AR FAL TheT) 2T

(27 1) Thesh 22 olWlek AFEZE Bt X, 0007, X2 1007 A4 Sk

1
X1~ N (p1,%1), where p1 =(0,0), ¥1 = <0 2)»

XQNN(/_L2722)7 where /.,LQI(Q,Q), 22: <(1)2>

(2 2) 900719 dlolElE 7FAlE kel y3k 08, 100709 HlolHE 7R+ Al y#t 1& 59
unbalanced training dataS =T}

(5H] 3) Up/Down sampling 71 AF&-3te] HlolEl & 5:5¢) v g2 whech

(24 4) LOGREG, SVM, RF9] 37} &F4HES AMSste] 23S Agsitt. o] of, Original ©|
o818} Up/Down sampling 7S A3 tlolg] 2o tis)] 371 HHEE HE3dl &
971e] B¥-E T

(2A 5) oA T=A training Hlo|E|2} FLS R} ¥1E&S 2= dlo]E 1000715 A3k
test Ho|E] 2 A3

(A 6) 2AEH YL ©]-83HA test tlo]E oA LEBF&, G-mean, AUC & #3311 ROC F4E
2. of of, AL S5 10008 MRS HEFL TR,

(&4 7) Original Hlo]Elo] B]tl g <42 A g3kl (V7] 6)& AlBech,

(A 8) TA 1-7& thE &Y HlolHE 7M1 & L3t Al st

.1. Sampling J|gIS AIESH 20| Bo|Ad Al 10003 WHE3le] U2 o B7Eo] Fw3)
HaF A3= Table 3.13 Ztf. LEFE 32 IS5 £X|7 unbalanced data®] 39+ o] 3t
Z sk 212 A7 9t Table 3.19] QEFE 7wt B )] unbalanced datag B 73]
sampling *H-E AME317] A9 Original data”Z} 717 £2 A0 2 SQIHT oA EREUE
EREE AV EY o 2
Table 3.2-3.490|4] B+ A3} ZHo] Original H|o]E]e] 7 LEF3 HES ARy AAz 22 F
H1)E 2 HAH0) oz} 73 Fo] vife] oTEE‘r 2o g2 ZIHT}. &A% sampling WH S
AR 29E HE 2@ FE82 A% Original dlolE ok wite] 2345 Helth. & 5o, 34
=2t Hglg2E o RE ddshs 49 HE AHH(0)S HEg2E()E 5 /e Ak HH

D)
[~o
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Table 3.1. Misclassification rate for 9:1 dataset (Means (Std. deviations))

Original Down Up
LOGREG 0.0393 (0.0059) 0.0808 (0.0142) 0.0786 (0.0119)
SVM 0.0425 (0.0058) 0.0809 (0.0124) 0.0772 (0.0121)
RF 0.0417 (0.0057) 0.0969 (0.0209) 0.0611 (0.0105)

Table 3.2. Confusion matrix of LOGREG model (average value)

Predict
Original Down Up
0 1 0 1 0 1
True 886.87 13.13 327.08 72.92 829.45 70.56
1 26.19 73.81 7.86 92.15 8.02 91.97
Table 3.3. Confusion matrix of SVM model (average value)
Predict
Original Down Up
0 1 0 1 0 1
True 0 893.56 6.44 827.14 72.86 830.77 69.23
1 36.08 63.92 8.08 91.92 7.92 92.08
Table 3.4. Confusion matrix of RF model (average value)
Predict
Original Down Up
0 1 0 1 0 1
True 0 887.15 12.85 811.80 88.20 853.16 46.84
1 28.86 71.14 8.71 91.29 14.23 85.77

ZAE(1)E EEAR(0) o2 &5 &Rk Zo] A4 o A7 2418 28] di#oll sampling
HE ARS 2371 ¥ £2 Zast B 4 ok FUHHoE 7 R EdA AgE Rie 4% A
e o835t vl R 7] f5) 2.3 AAIBIAE B Bt ARES ARG o, ROC F4L
13] A33t A5 ARgsto] 1301 ROC F419 A5 Uetls AUC 32 10003 vHEst B3k
2 Agsart

Figure 3.1 sampling 7|5 A-&3& W} 517 ¢koks wWe] ROC A& HA 29 2ot} &
W20 =% ROC F4do] A ‘?r Fet 2o g Helrh

Table 3.5% oA ZALIUH BE BHHES ARgS A3 Eo|t}. Accuracy?} G-mean, 18|
3 AUCE 0%¥ 17J}x].4 e 7}x]u:] o 7le+E Aso £t & 4 At} Accuracy= LO-
GREG, SVM, RF 37}A] 28 R original dataol|A] 7}¢ =201} G—mean— HolEle S W
+ sampling 7S FLAS wl o =2 S BT} ol EFE dolHE IHZ 2= ARG 73

S B BAE IAFPE wf o So] B & Arke onjejth AUCY Aol BE A v
3 S Btk G-meanT AUCO|AS] AT} 2 AL 54 éi"c’r%b’ﬂ/ﬂ«l 35& Bt G-meanT}
£ 2o AUCE BE ZoghillAY AAA 45 B 37 Axel7] o Aoz Wl

k

} EH ol ofH WA total loss7}

3.1.2. H|UIE &2 HEo AR Lo|ild A =
It} Total loss L EFH A5 st 4 (loss)S 25 3t groz EH

AFHEAE ATE Ao
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ROC curve for LOGREG ROC curve for SVM ROC curve for RF
o ﬁ e (ri Q
@ @ | @ |
o [=] o
& & f
o | o | o |
g ° g "1
= = =
'] 0 ]
o =] =]
a a a
o = | o = | @ = |
£ o 2 o 2 o
= = (=
ey | o | La (8
o o o
=== Original = Original == QOriginal
w— Down e Down w— Down
g . —Up g . —Up g 2 - Up
T T T T T T T T T T T T T T T T T T
00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 10
False positive rate False positive rate False posttive rate

Figure 3.1. ROC curves comparing classification performance of three machine learning models.

& k5o )3t total loss= Z HS 22 F
3l AQo) ThE lossE AL 3to] AT o
o] 0, #& Zgko] 19] L 23 2 Hlgo] 9:1
211:]-(0)0 X]-O Zh:]-( ) 2 9__\2_%@. FPOH—E
FNoj& o 2 39 loss 95 Fo] 78 & k. 5, oA
total loss= The 3} 2o Alog T3E 4 gk

- FN + TP TN + FP
total loss = FP > 75N 7p < O+ N> sy Fpen e < 1Y

= FP x 224§ x 10 + FN x 22 h]€ x 10.

T o
35;-11;}51 ?'SH}. 0] SR total loss% Z

Table 3.6 Z+ P EoA &9 total loss Zt2 A3t Folt). &9 3,49 &
3 o ch A /mo A S4AE HE5 A total loss gholw] wpAEr G2 nith A &4
total loss7} Aul} ZHAE =AE Ueldth. & B total losse] Aohd 429}
BEA 71 £o, Al BYA FFHOE A2 Hohe| Hlgo] Zold4F total 10589/] #
e A vlgo] vl A Ae, & A5 EwPol H
7L 37] w2 A= E?_]r/}_ 53] &2 J
BEFE Z Ao o&39d SVMI RF 28 & SVM 282 u|y)
E/‘H 80%7F Y+ total loss 222 H YTk

N
Smlo
-|ﬂ“
> o 2
oM mo ot O =2 X

=

3.2.1. AZ U0l & FoME F 371X AA dlolEE o] &3lo] RoldFoA EA8 A
sttt Ao AR2H tlolEl& Table 3.7} 2t}
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Table 3.5. Performance metrics for simulation data (Means (Std. deviations))

Model Data Accuracy G-mean AUC
original 0.9608 (0.0059) 0.8524 (0.0278) 0.9769 (0.0064)
LOGREG down 0.9193 (0.0142) 0.9200 (0.0145) 0.9767 (0.0065)
up 0.9215 (0.0119) 0.9205 (0.0143) 0.9769 (0.0063)
original 0.9575 (0.0058) 0.7958 (0.0366) 0.9721 (0.0089)
SVM down 0.9192 (0.0124) 0.9190 (0.0141) 0.9781 (0.0065)
up 0.9229 (0.0121) 0.9217 (0.0135) 0.9769 (0.0063)
original 0.9584 (0.0057) 0.8368 (0.0304) 0.9704 (0.0086)
RF down 0.9032 (0.0209) 0.9070 (0.0166) 0.9694 (0.0077)
up 0.9389 (0.0105) 0.9014 (0.0204) 0.9684 (0.0091)
Table 3.6. Total loss for simulation data (Means (Std. deviations))
Model P22k Symmetric Loss Asymmetric Loss %Decrease
10% 248.82 (43.01) 144.75 (26.27) 41.83%
LOGREG 5% 175.94 (35.32) 77.96 (17.44) 55.69%
1% 58.48 (14.61) 19.38 (10.22) 66.86%
10% 326.68 (48.69) 144.23 (26.12) 55.85%
SVM 5% 312.84 (56.49) 78.15 (20.73) 75.02%
1% 99.00 ( 0.00) 17.10 ( 9.30) 82.73%
10% 272.59 (45.98) 193.90 (38.20) 28.87%
RF 5% 200.85 (34.46) 100.20 (23.00) 50.11%
1% 99.00 ( 0.00) 35.45 (17.57) 64.20%

A WA dolels A3E ARgste] 23ollA A3 FaE ke ol Bogol 7FAs=A] of ol thEk
dlojefeltt. HAvlolE = 4,521 00 25 7H)S 3 A = 521822 HAY 11.5%7t 8715
o] 7}{J 3t unbalanced datao|th. AREH W4 ol, A}, AT (BE, 42, ©1E), A5, FAF
7,od gota, FYEE, A3 $R7(EE, A
3 g, uiAe A § )7, A, ol dlet
o}
T WA glo]el= UCI data setsolA] adult.test2l= wlo]EE, u]= AHAIRAZAF o)W A9 22X}
of s¢jo] 5¢ el ol4klA] opdAlel tja) o] 7 Hojgle ARolTh. & 16281719 AR sher]
1,22109] Aol Azgto] 2AskH), o)t A o T5%z AL Solnz FIY RAL sl
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Table 3.7. Summary of datasets

505

Dataset NET B A% Z dolel & TR
Bank 16 4,521 11.5
Adult 14 12,470 8.9
Diabetes 8 554 9.7
Table 3.8. Misclassification rate for real data (Means (Std. deviations))
Dataset Model Original Down Up
LOGREG 0.0297 (0.0017) 0.0537 (0.0037) 0.0497 (0.0028)
Bank SVM 0.0320 (0.0015) 0.0600 (0.0033) 0.0402 (0.0024)
RF 0.0316 (0.0011) 0.0644 (0.0035) 0.0400 (0.0027)
LOGREG 0.0223 (0.0008) 0.0646 (0.0029) 0.0598 (0.0020)
Adult SVM 0.0217 (0.0005) 0.0688 (0.0057) 0.0505 (0.0027)
RF 0.0210 (0.0003) 0.0720 (0.0057) 0.0601 (0.0041)
LOGREG 0.0317 (0.0040) 0.0759 (0.0105) 0.0691 (0.0094)
Diabetes SVM 0.0319 (0.0031) 0.0856 (0.0128) 0.0682 (0.0095)
RF 0.0307 (0.0007) 0.0891 (0.0125) 0.0473 (0.0071)
HA HolHE 7:32F o] AA2] 70%°A] Logistic Regression, SVM, Random Forest& 7}A] 11
BYe U F U 30%] tlolHolA ol e Ry o] dupt & k=4 2l

3.2.2. Sampling J|¥S AI2SH A}

SRFEUS FABYL W Original Flolel/l /4 AL QS Holw] RRE F & AN HolA
W s e el £8 U BEAES 2 AU SToeA AR LRFEo] vo}

A2 H540) 27] Wee] AAR ofgA RRFYEA AR sHlch
Table 39% 23 tloElol M9 ATGoIBE o|sh HAsto] ATHE HHN LA WW32 gho] 091
Aol g mAo] B71elF YL A @ Aol 19 Ae] 7Hd & FSolth. Original HlolE]
£ 71902 BE(1) ATHL(0) A ol BaL, A4S el Arka o F sk gl Atk o
A sampling 718 482 Aol 1 wtle] 2HE HoIZTh F A% 3 249 AFoIA o
29 BYe A

Original t|oJE]E o] &3t AYS BHE A, s o]
MEE A Zéiﬂ E12H A B+ B BF& ]85} AH_E& A‘
1A} Aolth. AENA MYE AF FaE T ool 71 S5+ 3
4o 2 MAs Aol £7] wjiol|tt o] uf A 2 7 7%%*0401 A= 1AES] JRES 71
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Table 3.9. Confusion matrix of LOGREG model for Bank dataset (average value)

Predict
Original Down Up
0 1 0 1 0 1
Tr 0 1170.78 29.22 990.83 109.17 1011.05 188.95
ue
1 105.22 51.78 33.70 123.30 35.75 121.25
ROC curve for LOGREG ROC curve for SVM ROC curve for RF
a J . 2.
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Figure 3.2. ROC curves of three machine learning models for Bank dataset.
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racy2} G-mean 4-& B, Accuracy?] 7-$9l+= sampling 7] & F-& WS w2 Zto] original datas
AR we FET A ¥IdlEt G-mean 2 sampling 7= 487 A3gho] 1A o2
ZET 953 Bl o= dlolHe EFdS BHANFE JHE ARRYS we] &l ¢ ot
= ojuloleh.

o]71M 9] AAZEL Bank do|E Al A 73k gho] x| gk, Adult®} Diabetes Ho]E] AMojAe] 2
919} =A59 k. Down ¥+ up-sampling 7]S AF&3F 28 9] G-mean gho] 124 42 ALK}
oF 207} A Weh 37HA] HlolHolA FF A L% sampling 7] A-&3 ZF | 5ol ¥ F
e 288 42 & Adth
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3.2.3. H|UNE &4 B8 Zol B FoMe ZoAgeAe) nfirixz ojH HPEE0A total
loss7} H42}s] =] A8 Zolth. ojuf total losso] Alxk2 RO AL A4HAS o833t} 3714
dlolg] AloM gEHoz A= AL, vu <48 HLIPS w9 total loss g 1 g0l
LOGREG E3ojA] 7} Eth= AR ot} total loss®] ZHAgo] 7F4 AL 132 Bank®} Diabetes
oo AE SVMOZ, Adult HolEdA= RF B3 oz et 3|3 1 xfol= I ] 9k,
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Table 3.10. Performance metrics for Bank dataset (Means (Std. deviations))

Model Data Accuracy G-mean AUC
original 0.9726 (0.0017) 0.5663 (0.0319) 0.8878 (0.0112)
LOGREG down 0.9463 (0.0037) 0.8050 (0.0155) 0.8840 (0.0109)
up 0.9504 (0.0028) 0.8064 (0.0172) 0.8910 (0.0102)
original 0.9680 (0.0015) 0.5100 (0.0319) 0.8694 (0.0125)
SVM down 0.9400 (0.0033) 0.8098 (0.0143) 0.8821 (0.0113)
up 0.9599 (0.0024) 0.7075 (0.0219) 0.8749 (0.0108)
original 0.9685 (0.0011) 0.4005 (0.0342) 0.9081 (0.0080)
RF down 0.9356 (0.0035) 0.8074 (0.0064) 0.8911 (0.0069)
up 0.9600 (0.0027) 0.7933 (0.0175) 0.9055 (0.0085)

Table 3.11. Total loss for real data (Means (Std. deviations))

Dataset Model Symmetric Loss Asymmetric Loss %Decrease
LOGREG 964.62 (50.26) 529.25 (45.19) 45.13%
Bank SVM 999.12 (37.62) 682.39 (45.95) 31.70%
RF 1175.94 (38.23) 697.70 (58.76) 40.67%
LOGREG 2169.66 (65.42) 1193.38 (64.87) 45.00%
Adult SVM 2277.63 (41.29) 1293.63 (52.75) 43.20%
RF 2258.38 (19.57) 1432.89 (93.55) 36.55%
LOGREG 133.20 (11.62) 80.54 (16.86) 39.53%
Diabetes SVM 146.59 ( 6.92) 105.43 (15.73) 28.08%
RF 153.12 ( 2.21) 104.78 (18.85) 31.57%

A £ total losse] ZHAago] 3~40% olAtolgtt. 22 o7 dolelel Wby &9 Z7 AA Gl 1
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boundary & WA Z|HA AAZHQA e F7B8H7] w2l 2oz Btk 4], vt &4& 713
3k 7379 total loss ko] 294 B2 BETh DA AL, I AL AR EFF o] AMAT=E
Fom 2oy do]HodAE SVM E3A, AA HlelgoAE= LOGREG B Zago] 713

Zth. AR, SVM3} RF 23 o] LOGREG 23 vl3] t52] B4 3ol t Wttt & sampling
ZIRot vty S4AE AL 9 A AEE YA R CE BRS A HREEY AETL 2
Ao g dEue &9 d4e] ¢ Aot 227 ujol A5 B3l %‘%‘—’Fi a1 EFYE BA
AF= S AFRS o] G-meand] Z71& 0|1} total losse] ZH4&o] vl A ¢ At}

e =ES A 2 d AR EREAel 9] sampling 71y olu vt Y £4E HEohe
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