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Abstract

SMOTE (synthetic minority over-sampling technique) has been used the most as a solution to the problem of
imbalanced data. SMOTE selects the nearest neighbor based on Euclidean distance. However, Euclidean distance
has the disadvantage of not considering the correlation between variables. In particular, the Mahalanobis distance
has the advantage of considering the covariance of variables. But if there are outliers, they usually influence
calculating the Mahalanobis distance. To solve this problem, we use the Mahalanobis distance by estimating
the covariance matrix using MCD (minimum covariance determinant). Then apply Mahalanobis distance based
on MCD to SMOTE to create new data. Therefore, we showed that in most cases this method provided high
performance indicators for classifying imbalanced data.
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2 A| £ wopel T2 of g wokel A, A4 TS| of] Hlsf] v TS5 0] 27T vl AA] S Het o
EXAN AR BEE QIS HIAY BEA & AlSote &7 132 FAI = E Ao doth. @A EF=2
A4 B AU ) F9 SEU ) Tk S s = Aelol] AE EA 02 e
ol B2 2A5to] o #9 #7l BER 2 vt o] 2748 Eot (Menardi®} Torelli, 2010). 52 w4 FEH
(under-sampling) 7} 7o} 2 ¥ (over-sampling) = 747 HPH-& AF&-3he}, Tha % 22 T4 24 of Sl
WEAE A A eF52] Al4E H-E-S EolA|RE, BE5A] 0] AHE &4Ho] A 4= Qlt} (Wing -5, 2015).
v 2, jEEWe 45 LA o] B2 271X 7] B8 whstth Chawla 5 (2002)0] #9Fst SMOTE
(synthetic minority over-sampling technique)= AAF H]-8-0] 2 0 i, 44 3] o] =X 5 F2 92 B A|5}14]
oot de] AR o] thefgt WA A o] AIRFE Aot Abdi®}t Hashemi (2016)= 22| & A& 7|
Hto 2 Sh= gjAl upgEti v A AElE 83 SMOTES] MDO (Mahalanobis distance-based over-sampling
technique) 2 A|2HtSICE.
A= ZAA= 9 o] A7 EATE ¢ v et B A A Algtel] mlA]+=

%-,'%ﬂ' 3 & Al (minimum covariance determinant; MCD)-& o|-835}o] FEAF S H - =45
2 A E 7|4t 2 SMOTEE 4§35t ZREY 45 A o7& geleith
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Table 1: Data structure

Cluster Matrix X1 X2 xp
X111 X112 X11p

X121 X122 X12

Cy X1 P
Xlny 1 X1ny2 Xln; p

X211 X212 X1p

X221 X222 X22

6} X5 P
X2ny1 X2n,y2 e X2nyp

p7l FEHE o3 FEHE x = (v, x,...,x) O 2AS|A DoI m 7|} n, O] BEAE 2= F 749
A C13 CoF ISP T4 G, g = 1,20] ShE 2 L X & A 2.3 Zo] Ao 49l

Xelt ot Xgj ot Xglp
Ko =1 X1 0 Xeij v Xp | = (xgij) . 2.1
»xg”x] Tt xg"g.f e xg”gl’_

A FE X, 0 n A0 A E Y BEA] F C(Fh )l &5k mi 7l 9] A E 7H = A= FEE X,
Co(2a 23l £k m7l 9] WA= o]Fold A= FE-& Xoeh oA nio] mET JHi2 o=z uj-¢-
2 1 £+ % = (imbalanced data)=} QFt}. Table 12 2 o] A ARG Ah= o] FHjolH.

ol#t Atr o] Ew® A€ 25 fl8) HaFEH R AiFEH o gt FE YRSl N H
k. ol o] Bxe A e 48 Y BES de ARE A6k, EREFol 242 ¢
aHor 2RT 5 =S Ste Aot

2.2. SMOTE

Chawla %5 (2002)7} A|oF5F SMOTE Q31 2] 5. £ A=elA] 44 240] 7H BE 212 A shs
olch. SMOTE: 44 2 0] BEAE 57414 279 B2 o 29 QA H7] B2 212 Bas] 2454
o) el B BAIE AT 4 ick. SMOTE L2l 59) 714 2] A4 442 Algorithm 10]4]
A,

Algorithm 19] [Step 310141 xy& x2 % x, AF019] 9191 ] -2 LHERIALE. 1,2} 3, AFo]] 02 H 1744
FUSH £ 2 HeE ghe Fotol 75 A S Roldeh. £A9)2 AeE 1A S Bl chare = A7
AT ol e B4 HehFEH BEA 4 my7hn 3t Zobd w7hx] SMOTE $4-& wHEstA et |
S k Afolol ] AR AEE m gk ol gstel 7P o2 2e ul, 4 2.9 Zo] FFel= A7t
ALg it

>~
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Algorithm 1 : SMOTE Algorithm
[Step 1] Select the data matrix X, belonging to C,.

[Step 2] Choose a random integer m from 1 to the total number of observations, denoted as k.

th

Use the selected value of m to find the m™ nearest observation, denoted as X,;,,,

for each i observation X,; = (X1, X212, - . - ,xzi,,)T,i =1,...,mpinX,

[Step 3] Observations are generated according to the defined SMOTE formula.
Xsyn =Xy t+ M(XZim - XZi)a ue [Ov 1]

[Step 4] Repeat [Step 2] and [Step 3] for all observations in X;.

d (1, Xoin) = 1%as = Xainll = /(o1 = Xain)” (X1 = Xai) 22)

T HSA Arel9] F2E|E A E AR ZolH, 4 2.3) 0.2 Ao E & ntdEtieH| A 72 2
A

1 (%1 Xaim) = [ = Xals1 = /(o = Xoin)” $=1 (521 = Xai) 2.3)

2] (23)0] S = A= FE X O T4t Aot} of 7|4 5], 2= It vt o] AL o)A 7}
A7 A9 9i9} 2o BEAR YA o upgehonl 2 A S AW Hekd o[4S B4 B
915h T | 775 A vhmasking effect) 7 HAIGICE 4E TS A ASH] SeIAL B e o}
PHo] 2 HAE ZAHS &ad) nfstatl H| A A g E A AHS|oF Sttt (Rousseeuw 2} van Zomeren, 1990).

o) & Y5l A E7HA] At o E A <l HFH-S Aelst@} Rousseeuw (2009)7} A|Qtst 2] A Hx] BFAA| (mini-
mum volume ellipsoid)2} Hubert@} Debruyne (2010)0] Aotst X A& ZEAF 3§ Aot} MCD= n!/29] &
2 A3 RER 2Pk BEE /A3 Yo r, 55| FastMCD7} A o] $2 Bah 32| e
FA 2|2 MCDE A5 3t} (Hubert?} Debruyne, 2010). £ of| A= o] 25t AH2 712 Fast-MCDE &-&
5to] nfeaEti vl A A& A4S H A Fast-MCD &3l 2]<9] 7|4to] &= MCDE 1135}11#} gttt

MCDE a7l lald 218004 49T A= 3D X, 08 §3 4= BDL X2 @ o) 4 242
2ol X+ m 3 ny 0 WA S A n7f o ZHA| e p7i o] W5 2 A Hoh

i}
X = 2.4)

A 24yl M FEA PPAL AR PEE ] BE B=E Fol REXT
(/h) T, %9 FEA FE S, = (1/h) T, (% — X)(x; — %)" S 7514 ©]5 MCD &
p+1)/2 <h < nE WESHE ALolH 7t (n+ p + 1)/29 - MCD 327} 7} 28 A (robust)ﬁ]-r:]-
0] MCD F% X = A9 A (affine equivariance) E4 7} #=2] 2] 50% 7171o]7F L G = o] QlE e I
WF2) @Rt} (Davies, 1992). T2]L} MCD 2442 917] Qa4 S 2t B2 A% 2 25ko] TR P2
ARSI} sk 52, B e AH522) A e Aol 87510 T4 ek B E S

o] o] Rousseuw®} Driessen (1999)-2 AAFA © 2 §-82191 Fast-MCD € 118|158 =3t} Algorithm 2
£ Fast-MCD & 112]= A olct.

%‘i HP’] io H]]E:l Xp =
A2} gk i (n +

mlo rul
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Algorithm 2 : Fast-MCD Algorithm
[Step 1] Construct a subset matrix H;, containing 4 sampled observations from the data matrix X, and compute

its mean vector X; and covariance matrix S .
[Step 2] Compute the Mahalanobis distance r(x;, X;) for each observation in the entire data matrix X using the

)_(| aIldS].
r(x;, X;) = ||Xi—?_(|||sl—l, i=1,...,n.

[Step 3] Construct a subset matrix H, using the & observations corresponding to the smallest distances in
r(x;,X;), and compute its X, and S,. (In this case, |S| > |S,| is guaranteed.)
[Step 4] Repeat [Step 2] and [Step 3] until S| = 0 or S| = |S 1411
[Step 5] Using the X; and S, of the subset matrix H; obtained through iteration, compute the Mahalanobis

distance r(x;, X;) for the entire data matrix X.

V(X,‘,Y_(l) = ”Xl —)_(]”SI—I . i= 1,...,}’1;1 ... = 1.
Table 2: Confusion matrix
Predicted
Actual ™ :
Positive Negative
Positive True positive (TP) False negative (FN)
Negative False positive (FP) True negative (TN)

Algorlthm 2% %EH :_TLEH;\(J Tg'&]ﬂh—j imt'd?’]- —(T)L-Er_‘ ]- 63 g Smch /\]—_9_01—0:1 ]—OLE}_&-EH/\ 74311— 2] (2 5)
o} Zro] HgHc.

- - - T o— -
P 5 F) = I~ Rl 1 = A6~ T S5, (% — o). 2.5)

3. Y

Abdi®} Hashemi (2016)2 nfstati H| A 7]2]2 7]uko & §12= SMOTE ¥ 0] MDO -8 A|okgich. 1
U A go] o A7 2T 4, AEAQ nhehic ] A A S ALg S, B2 A AE A BE AT}
AT 9ol AL S 8 5 Siek etA 2 7o) el B2 B FastMOD

24511 0] oFghes) 2 712lo] 480 SMOTE 1 AUt o] 2004 £ 908 330 710
23] 371 U] s Aol vl Le1] $19) A BT A Ao o] T8 T A A2 LTt
3.1. WO E

Uutr o 7 Bz M0 W15k off HS 5 (accuracy)’t AFRE AT EHF-Y AR A= A s A5 A
7} ohvjehs BAI7} ek ol 44 230] Aaho] vl defol AE.o R 7] tholtt (Sun 9,
2009). whe}A] Table 2.5 o] 8-off Ew @ A=A AL 5= 2| ol sl drggtet.
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Table 3: Data sets

Number of Positive Number of
Data set . R
observation rate variable

Yeast 3 1484 10.98% 8

Pima 768 34.90% 8

Haberman 306 26.47% 3

Page-blocks 5472 10.21% 10

TP
Recall = ————. 3.1
T TPrEN S
TP
Precision = . 3.2
recision TP+FP (3.2)
] (3.1)2] AA B recall)& L2 1 &o] A7) positiveq] T4 S Fof A -LHH2 A positive o Z3 T
#)9] 8-S Lehdich. 9, 4] (3.2)9) A WG (precision)= £-5-2 8] positive= 25 2] Foll 4 4174
positive?l T2 ¢] H|-&S LERHTE o] T X H+= T2 positive 410 A5S B7Iot= ol $HS F= AR
olch. LUt AP ET FUEE A E 4ESHs T Q7] Hze] oleid AEES AU A 3.3 A4S
AL,
1= 2 _ precison X recall (3.3)
" (1/recall) + (1 /precision) precision + recall” '

ESH o] & A58 mrtof ROC (reciver operating characteristic) 2411} o] & 7|40 2 3t AUC (area
under the curve) =7} 7H4 d 2] ARE-Eth ROC JA4-2 @&} 1-5o]d(specificity) 0 2 1271 F4 0]
o} S0l B FE o] AA] negative® | &3t H-&S UEIU W, TN/(FP+TN) 2 & ALHET 104 o4
2 Wi FP/(FP+TN)©| Ht}. ROC 2-419] x&-& FPR (false positive rate)©] ™ FPRo] ¥} wj] TPR (true positive
rate)o] o] B MSH=AE 1 ol A o]eh, o]2lgh ROC B4 ol 41l AUC H4- ROC 42| 43
2 R0t gEo.2, ol Zho] 10] FHeS5 o £47 4 olulaich

ox,
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il
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(1) Y 2} (original)

(2) SMOTEZ 7123} 22 (SMOTE)

(3) npstabie v~ 7@ 718 SMOTE 2H2(MDO)

(4) FastMCD 242+ =3 upara}i v] A 72] 7|49 SMOTE & (MCD-SMOTE)

i

RE 25 = knowledge extraction evolutionary learning(http://www.keel.es/)o| A A &5l= EF A=
A SFITE. Table 3= 2.9 40 s Helgt Holch.

Table 3 Zt= 2] BE HFSH 4~ y= class©| ™ ZEO 2 negativeQ} positive= o] F0o]Z] o] & 2tz o]y
BT AZX7F gl A=o|th ¥R 4= 02 12 1T Y (encoding) =31 0™, 45 H7HE 915 F1 H4-9f
AUC A4-Z2 F7IXERE AFRSHYTE o] ARES o83 2AAE AR (LR), light gradient boosting
model (LGBM), A ZZE HE] HA(SVM)& 0|85t 455 B7Fotelet
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Table 4: Classification results of simulation

Classifier Method F1 Score AUC Score
Original 0.2567 0.5896
LR SMOTE 0.3093 0.8084
MDO 0.3017 0.7938
MCD-SMOTE 0.3017 0.7938
Original 0.7457 0.8385
SMOTE 0.8205 0.9656
LGBM
MDO 0.7914 0.9333
MCD-SMOTE 0.7914 0.9333
Original 0.8195 09114
SMOTE 0.8388 0.9666
SVM
MDO 0.8588 0.9905
MCD-SMOTE 0.8588 0.9905
10 ‘ ‘ 10 -+
08 09
‘
06 08
z H !
04 ‘ o7
02 06
dassification dassification
| __BL} - R
= LGBM 05 == LGBM
0o - - sM
Original SMOTE MDO MCD-SMOTE Original SMOTE MDO MCD-SMOTE
EDA EDA
(a) F1 Scores cross validation (b) AUC Scores cross validation

Figure 1: Performance comparison in simulation.

4. A~ 21

Table 39] A5 & B4 AL7} 10% v|9tel 7l glen g 4180 E o] Age
ShaA} Gk 428 A Table 39] 47h4) AFRA AR E AH§AT B AYT AF BA BF 327
HOIT (VR E @] S Agste] b BF 23] 452 vndich BF9 453 Brkskn 2
3583 SeIs7] $19) 10-old W3 AZ-L Sk

4.1. 20| 43
29 47 AR 500749] B2 2719 MeE 7H ARE EH YLk o] F swato] 45 FAel
AR 17,2549 &4 P F AN 24E Ahste] o4 2 BEU

Table 47} Figure 12 2.9] A% 2420 ot 3717 £7 233 4712 %5 o] thah FI g%} AUC
Ao Zhe T ATE ROIET Table 4014 SVME A 2ol R SMOTES|A 5 A4 B% 717
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Table 5: Classification results of Yeast3 data

Classifier Method F1 Score AUC Score
Original 0.2369 0.5698
LR SMOTE 0.6700 0.8881
MDO 0.6768 0.8942
MCD-SMOTE 0.6796 0.8949
Original 0.7187 0.8376
SMOTE 0.7482 0.8717
LGBM
MDO 0.7404 0.8657
MCD-SMOTE 0.7500 0.8695
Original 0.4668 0.6580
SMOTE 0.6690 0.8942
SVM
MDO 0.6686 0.8944
MCD-SMOTE 0.6746 0.8936

Table 6: Classification results of Pima data

Classifier Method F1 Score AUC Score
Original 0.6133 0.7160
IR SMOTE 0.6653 0.7431
MDO 0.6698 0.7460
MCD-SMOTE 0.6740 0.7497
Original 0.6205 0.7098
SMOTE 0.6418 0.7250
LGBM
MDO 0.6271 0.7144
MCD-SMOTE 0.6499 0.7300
Original 0.6123 0.7139
SMOTE 0.6742 0.7504
SVM
MDO 0.6631 0.7407
MCD-SMOTE 0.6692 0.7454

okct. 28U} Figure 19] (a)9} (b)oll A SMOTES] Az} 182 o|AFz|7F Bolth o] EX foldogt =&
U e A4E Holn] duky W2 Holx]| ¢7] fjEo|th. MDO%} MCD-SMOTEES E5f Hi4=9] At
AE 1efste] o] FA|E siA5H3ith. MDO2F MCD-SMOTE 9] 3 4=7} 2po] 7} gl A2 HO A9 AF& 9]

FA7F 270 & w9 A7) dj 2o o)/ F#] &) Yol A Az mAlE FIel A7) wEelth

O oo

42 LS8 21

Table SF-E] Table 62 A= w2t A5 A5 Batolth ZF A5 o e 452 AAH R
=kl5t7] 915 Figure 258 Figure 3-&-2 A A3t}

Table 57} Figure 2= Yeast3 2} 20| t3)] 3712 B2 81} 47}12] & drd o] st F1 H4=9F AUC A4
& ¥ gt AaHE A A RE e} 1§ oo} Figure 29] ()2} (b)+= F1 @TQ} AUC H49 i HF dreS
A7 18 Bl A4 H o= HolErh B2 53] MCD-SMOTEZ} 3714 £R5 1 oA 7Hg -2 Fl
AFE71E5ASS B 5 At ol= AT AUk BToA Ad50] FdEASS AT LGBM2 Fl
Aol 0750002 71 3 AHE E‘iizﬂﬁ AUC % gk BREadol Aaglo] AR 7E& He
W AR RE LR A 0.89492 71 ol 45 7] =3t ¥t ofu e}, Figure 255 Fof w2t A5 1 Fl
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Figure 2: Performance comparison in Yeast3 data.
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Figure 3: Performance comparison in Pima data.
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=Y A=A MCDE &-&3t ufdztic v X 7 2o o3t
SMOTE

H2I81, 2|81
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279 25 EAo gist d A2 22 SMOTE (synthetic minority over-sampling technique)7} 7} &o|
AFEEI T Slck. SMOTEE §22| A2|g 7|We 2 /1% ke ol Aefgick. 12} 422 = 7o)
W % ohuhs M4 E 70] TS TefelA] gtk Aoltt. olo] g theko 2 Wi 7he] FEAMS
sk nredEte v A AR 7 AT S Lt o 27 EASHE B¢t vhE R e v A A =S AL
5= o] 93k2 | Rt o] BA|E s1A517] Y5l XA FEAF Y E MCD (minimum covariance determinant) S
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