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SMOTE Using Border-points and Expectation-maximization
Algorithm for Imbalanced Data Classification
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Class imbalance refers to a classification problem which occurs when the class distribution is skewed in the
dataset. It is known that class imbalance degrades the predictive performance of classifiers. As a solution to this
problem, we propose GBL-SMOTE, a modified method of SMOTE technique considering the clusters and their
border-points. GBL-SMOTE solves the class imbalance problem in the learning stage by generating artificial
observations at the cluster boundary of minority class observations. In this study, we create an artificial class
imbalanced dataset to show the effect of GBL-SMOTE compared to original SMOTE and other SMOTE-
variants. In addition, through experiments on the publicly available data, it was shown as an experiment that
learning a support vector machine using GBL-SMOTE has better prediction performance than using other

oversampling techniques.
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79 vlo|H &7 5 $1 ¢ Expectation-maximization &

1742 © 2 SMOTE(Synthetic Minority Oversampling Tech-
nique)= Y 9] 9] &5 UEAE AEG 5, 71 7Pk ol % F
htE ddste 715A & Bl T ASAE TSR A
STHChawla ef al., 2002). 25 BFE) QT HZAE9] AA ©
Z Rl bolHe e dS 24 = A
A A, Qg BEAE § 3} l 9 ‘H
S #ZA 5 ol Y £
om AEA AL dE
A o] A o A A2 s A sHAl = X3t

SMOTE 7| 0.2 s A ¥ 7] g5 21, o)A 59 &A1
R $+317] 913l Haibo= ADASYN(Adaptive Synthetic Sampling)
S A +3}% ThHaibo e al., 2008). ADASYN 7|§-& z}z}e] 4
T RF BEA o i AN A F BEA 9 5 AT
© 24 SMOTE 7|l vl&j 23 t] AAZ 2.2 go|e & A
A A# SMOTE 719 9] 93-S 1.9}tk Hand& SMOTE 7]
Hol| A 73 A %4 & (Borderline)ol| 3l 3= ¢4 SMOTE 7|

< 7|9 e 2 Q1% Ho|E| & A4 3H= Borderline-SMOTE<
A 2+ Th(Han et al., 2005).

Zhang-> SMOTE 7| ¢l 7}-A1QF &8 22 (Gaussian Mix-
ture Model) 73 3} 71 -& 5”71] *}%3]'01 SMOTE 7' 9] @3
S H$3}= G-SMOTE 71'H S A A5} THZhang et al., 2018).
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o3 HolH £70l & 0 &34 082 AHE
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o wdls Tl g o] HlofE ol thell A
, Borderline-SMOTE 7] ¥ & o] &3} Q13 H

t2he] =3 0] 73 A ol Q1% d| o] El 7} A3
1S o] 8ot S m o} 23 Aol &
T A Eo] A E = AATE Qi oW
AT M= AlEg o)A S F3f AltstE 71U < GBL-SMOTE
7FF o] AAR A Q1F HolEl7 A & ol 1A} g
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2.4 A 3

2.1 SMOTE

SMOTE 7|H-& 7129 & Hlo]E & s BAlsh= 7Y
I O2A &5 1Y ASAE F KN 7MWk
S0 Ay BA Aoldl| 7HEAIE Fol JAF ASZAE
XA &= 719 o|th SMOTE 71 &) &1t :

A HAE, SMOTE 7|2 S ZH S AP gofof &
I Mo =X E Mudit) o] wj, A4 H 2=
oo E Q¥ HolHE A A foe, & H
Z2)E0] Ad g *Mo}L A% HolH 9 47
of glolg] R 2g A fols a5 HF9| BE A
£ 5 YRR o= AeHr.

HAE, Q13 tlolEE Adatr] faf e &4 HF
229 KNS 71 Wk ol % ASAES
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2594 A HWH SA A 7)ol | g T ASA| 9}
MY WS JHT 5 I1EAE Foh
E—- x+(:cj—x)><w 1=12, ---;m
ol wl, = A WA WAl A AEE 25 T BEA, 1,
£ 5 A BAOA 2% M T o] ol Qi A T
o] AZAE F 3 BZA|, we 03} 1AF] ol A TAYAIZ] e

2.2 Borderline-SMOTE

SMOTE 71 & T 9 5-0] #5253} a5 W0] BEA
S| 9700) that mEglo] A5 WFe] BSHES o] g3t
AE BEAE LAY AT ol T HTY BEA ST A&
%) BEA S| AR AAE BAE WAL 5 9lom,
P Bt AL EL 0 8BRS AET W 85719 4
2 A % ek o W), T T Blo|El s} a5 W F

%ﬁ%%ﬂ%%ﬂﬂ@ﬂﬂ%

o "lolE7F MZ HA =
Borderline-SMOTE 7% ©
P d= 2T AT #
SAAJNE ASAEE A 17_15}( an et al., 2005).
Borderline-SMOTE 7|HH-& A HF0) &3t 22t =&
20l thal] Mol daglol MS 7HE 7k BEX
At FHA R, 73 #A5A & oA T Tl &
BEA 9| 7& RIS o A9 ASA Y & |
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2.3 G-SMOTE

SMOTE 714, Borderline-SMOTE 715 03} 1 Abo] &) &
& AAE HSA S AY Aol 7FEAE Fote] 1F
HEZAE AT J8u % ASAE Adste 34
ol A5 A== B4 A5 159 #d35A 9} 7 7k
o] A=A 1hol| & ol AT HEAE0] AREA 2
S5 BA3LT oA, v HF9 tofEle} A MY
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Expectation-maximization(EM) ¥ 18l &< 53 719 715
AIQE &3 B E ST /M S W, kA THAIQE
T 2499 7beA], Bt WY 12 3Rk, 1,18
2l & vk & WFY vlolE el tis) r7NS At
TEE 73 78T $, A7 e £ &5 Mo #
259 & Bl 47 A MR AEE A #=
S HlES AT o] W, IF ASHAES A
142 SMOTE 7§ £ o] &3t
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3. GBL-SMOTE

B = A AR 712 A wlolE o tha EM &
o]-g3to] 2:4 WF-o] Hlo]Elof T3l 231 FA A o] %,
Zhe] 3o &3 5 T HolE 9 FHE FAFA g
O AT HolB & Sl 24 99 #3A S F=rh vt
;quloiﬂolg A é

Algorithm : GBL-SMOTE
Input
U : all samples

M : samples in minority class

r : the number of nearest neighbors in U for each minority sample

k : the number of nearest neighbors in M for each borderline sample
Output

§ : Minority samples and corresponding synthetic samples

1 Create optimal Gaussian Mixture Model with the smallest BIC for M
2 for i < 1 to ¢ do // c is the number of clusters

3 for all m in M do

4 R < r nearest neighbors of m in U

5 n < the number of samples in R and not in M

6 if%énér then

7 add m to D, // D, is a set of borderline samples in i-th cluster
8 end

9 end

10 for all d in D, do

11 L < k nearest neighbors of d in D,

12 for all d in D, do

13 I < a random sample from L

14 d'< d+px(d—1) // p is a random number in (0,1)

// d'is a synthetic sample

15 add d’ to S," // 8 is a set of synthetic samples
16 end

17 end

18 §=MUS,’ // § is the union of minority samples and synthetic samples
19 end
20 return S
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B o Lo] A Ak GBL-SMOTE 71 <] 7%
o] A% Yol AFE 25 T AT ASAEE <3,
7o) PR 9 AAWE FHANATE EE S R
© & SMOTE 71 # Borderline-SMOTE 713, G-SMOTE 7]
o vl GBL-SMOTE 7|2 743 #4430 d=] 9] Aol
AA B BE5S ST 4 Aok webAl, GBL-SMOTE
7199 79 3 AR A HF] ASA S T AF
#AZ2]7} A o] S, AR A A Fiol T HFe) &5
W9 B4ty ATt @t o] ZIAIEE E5719] o AHEA
A7 FREA = 245 70 E & ik

4.1 dlo|€ A7

Ao A5 o] E= “KEEL Data set repository” ol 371
EvY volHER 7479 Ad vlolHe B4y A=, B
A 7, AW B 28] 7R e <Table 1>& 53 S90S
< 9 THAlcala-Fdez et al., 2011). HoJE= theFgt -9
S APE 3 Bt d A S 1.875E 129.44744), vlolH &
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7V 2w o] 73 5 H A9 3] = itk EM ¢
gl ol sk AA 3 4] A2 <Appendix>E e = T

(ot
o

428 AA 2L A}

B =Zo A AR 71 9] 5 B7HE 218 <Table 1> 4]
A AIS Hlo|E & ARgate] A& 75ttt vlnl E4 0
kA 4703k SMOTE, Borderline-SMOTE, 7F$-A]9F &3 =ddl
TR SHE o]-&3 SMOTE 71" o]&-3te vl H7ketsith
SMOTE®] k#te] 7-¢- YWHA 0 & ARE-H & k=35 AHE- 3Fd
O H(Chawla et al., 2002), 215 Hlo|E 2] 7-¢- Y& o] 9] &
T Al vlolE 4 vk AASAT =3, oAl dlo]E &l
&t seedE ThEA A 5-fold X2 S-S 108 §HEA
P& Tt F 50 TR 3 85 AT 2t A ol
A BICHe] AAY wjof #H9 Mg Fat9om, o] 52 H
e Rt HF w9 2 AR W AP nitt
42 ¥ F3}(Standardization) 3to] Ht 0, A1 2 2A Y
73

to &% Ml

il
W78t A8 A ks <Table 2>0 2.0F= o] Qi
571+ Support Vector Machine(SVM)< AH8-5193.0.14, Al
Z8 o] 3o Z} oA tlojE ol H A o & HAH ZE(Hyper-
parameter)E Zrok 275 At SVME A3 3= Radial
Basis Function(RBF) #/'2-& AH8-3t9 2 W, Gamma®] 7 1/
(Number of features) k-2 AH8-3H AT, B-/771<] A5 H7HE 9
8l 4 = 2 = Reciver Operating Characteristic(ROC) =41 €] Area
Under Curve(AUC)E AH&-8F31tE ROC F41-2 5] &(Speci-
ficity)oll th W17+ 5(Sensitivity) 2] M2+ YEhd 402 |
W2 AUCE O AF 3 25 AF i HEFES 5A
o 1 ¢ YA ro| g By HolHY BEFASS Y
7¥&8}719l) 2145t} <Table 3>& SHAIEH 7S
e A dolee 4] oS 7IHE H 8T 3 1A
gt 7710 S5 A S W] A3E UEhH, 72} s o] Efnt
o509 AEE B3l U Ao HHaS 71

oA dolE 1,5,6,9, 11, 14,17, 189] A2 89151912 v,
3L FA8HA] 3l SMOTE, Borderline-SMOTE 7]H-2 A}
23 A3 73S 43 T SMOTE, Borderline-SMOTE 7]
S A3 9] 2fo) 7 T2 o A Hl o] E] wl&) At 2] o2 gt
SHAl AFol7 Ui A& B0 = it oAl dlolE 59] 79
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oh2 dlo]Elel] B3| 25 &2 Ato]& Kol ATk oA HlolE 19
7459l Borderline-SMOTE 713 ¥} GBL-SMOTE 71 2] AUC
ko] Aol 7h0.154 2 F b0l & Kol AL 1T <+ Ut

oAl HolE 2, 6, 12, 13, 142] Z$-oll= G-SMOTE 7] ¢]
GBL-SMOTE 7|9l H3] AUC #to] 2 A< &1 & 9l
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Table 1. Data Description
Data Imbalgnced Observations Indepepdent
ratio Varaible
1 Abalone 16.40 731 7
2 Abalonel9 129.44 4174 7
3 Ecoli-0-1 vs 2-3-5 9.17 244 7
4 Ecolil 3.36 336 7
5  Ecoli4 15.8 336 7
6 GlassO 2.06 214 10
7 Pima 1.87 768 8
8  Segment 6.02 2308 18
9  Winequality-red-4 29.17 1599 11
10 Winequality-red-8 vs 6 35.44 656 11
11 Yeast-0-5-6-7-9 vs 4 9.35 514 8
12 Yeast-1_vs 7 14.30 459 7
13 Yeast-1-2-8-9 vs 7 30.57 947 8
14 Yeast-2 vs 4 9.08 514 8
15 Yeast-2 vs 8 23.10 482 8
16 Yeast4 28.10 1484 8
17 Yeast5 32.73 1484 8
18 Yeast6 41.40 1484 8
Table 2. Result of 50 GMMs for Each Data
Average of St.an.dard Fingl
Data the number deviation of| determined
of clusters the number | number of
of clusters clusters
1 Abalone 34 0.813 3
2 Abalonel9 8.3 0.675 8
3 Ecoli-0-1 vs 2-3-5 3.34 3.061 3
4 Ecolil 7.34 2.056 7
5 Ecoli4 6.94 2271 7
6 GlassO 5.72 1.702 6
7 Pima 6.62 1.483 7
8  Segment 5.38 2.664 5
9  Winequality-red-4 83 0.909 8
10 Winequality-red-8 vs 6 6.08 1.676 6
11 Yeast-0-5-6-7-9 vs 4 4.46 2.573 4
12 Yeast-1 vs 7 5.02 2.637 5
13 Yeast-1-2-8-9 vs 7 4.18 0.691 4
14 Yeast-2_vs 4 8.4 1.723 8
15 Yeast-2 vs 8 3.98 1.392 4
16 Yeast4 436 0.757 4
17 Yeast5 4.52 0.762 4
18 Yeast6 4.6 0.707 5

o)A t)o]E] 29] A= G-SMOTE 7|8 % GBL-SMOTE 7]
9] 2017} 0.0042 AT H 0.2 43k AFo] & Kol o
Al EolE 139] 7-oll= 0.034 o7t U A& ERIT 5
ATt
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Table 3. Classification Performance of the Different Oversampling Techniques by AUC

Daa Methods RAW SMOTE BLSMOTE G-SMOTE GBL-SMOTE
1 Abalone 0.562 0.720 0.668 0.809 0.822
2 Abalonel9 0.5 0.694 0.649 0.718 0.714
3 Ecoli-0-1_vs 2-3-5 0.711 0.854 0.870 0.870 0.914
4 Ecolil 0.807 0.873 0.866 0.871 0.886
5  Ecoli4 0.787 0.886 0.871 0915 0.926
6  Glass0 0.719 0.757 0.741 0.833 0.819
7 Pima 0.703 0.710 0.721 0.703 0.741
8  Segment 0.988 0.987 0.986 0.991 0.993
9 Winequality-red-4 0.5 0.630 0.645 0.670 0.695
10 Winequality-red-8 vs 6 0.5 0.652 0.654 0.661 0.694
11 Yeast-0-5-6-7-9 vs_4 0.587 0.734 0.775 0.787 0.794
12 Yeast-1 vs 7 0.558 0.642 0.666 0.714 0.695
13 Yeast-1-2-8-9 vs 7 0.5 0.643 0.688 0.674 0.683
14 Yeast-2 vs 4 0.774 0.810 0.798 0.882 0.857
15 Yeast-2 vs_8 0.648 0.617 0.693 0.700 0.761
16 Yeasts 0.5 0.741 0.754 0.751 0.787
17  Yeast5 0.734 0.912 0.908 0.889 0.926
18  Yeast6 0.571 0.853 0.851 0.871 0.874
Average of AUC 0.647 0.762 0.766 0.795 0.810
oA eolE 89 A-f-oll= A tlolHE AASHA 1 & F ihg-ste] 7 ZAagte] A4 Uetue 2E dA
FE At Y2 AUCS Q¥ HolHE XS & ER/RE S AP S Tl UM o' S F AUk
A3Yste] U AUCS] Ao]7} ml4- 2k om, AUCE 71 2H-2
Zkol 0.986, 7H3 2 Fkol 0.993.0.2 0.0072] Atfz o2 2he
ol 2 molT}, 5.
=3 oA golE 9, 10, 12, 139] Aol & H]O]EM
AUCE gRlst9s ul, o Algd &4 Alge HolH EF oz A% 7 EAl=d FEL Fol
TR £ 9l= sEo] )9 28-S 18 £ 9tk 470 oA A RS, 714 ShE fokollA @ ?Ji%L ATE ok Tl
tol8e ] 49+ FAT T2 b ]H%*Mi‘ii%% ol Ev¥< slAst] sl AER T HZ WHeE
AUC ko] 4t d o2 o] A48 AL 31E 5 SMOTE 71"-& T4 T¥st oW Ed 7ol At
oA glolE 15, 16, 172] 75-oll= & AT A ﬂl%o}% HAA T FA G} o)A o] EA T D EC] EASATE
GBL-SMOTE 7|¥& o] &3l /& 183’5‘}9513 w, AUC7}  SMOTE 7|9 ¢ B A=+ QF Hole e /7t §74 9
M B S A AL T £ Q) 371A Holg  AdlA doE Ao weh RAF A4 o] dA & A

o A%, Al AARAA 2
Ze] 2312 BARS B8N

H|8) 7H E= A ErstT

FHHOR, TR F LYY 1L
& ER710) 94 QARG W, TS o)
7985 AUCTH 71 bbb 218 3918 4 9]

%_ ﬂ ]HE Agkhﬂ-Oi}yq Z}
BR719 AAERAAT} %

Ao g T 5 H7FA ES] AUC Fo) BHE 7|H S

1870 2] oA glolH 3 13702 oA ¥lo]H+= GBL-SMOTES
o] g3t AF FlolHE BEE F V1A% £771E SHast

Re ul, AUCT} 7H8 =4 dehY= AL &eld
E’«l 298 &3 ﬂolo}ﬁiﬂ ?2‘4 ﬁﬁlﬂ‘Oﬂ 1 ol

_O‘_4
=
.Sl
A
o

= dlo]HlA Sl o7} A E = &
Borderline- SMOTE 7]%/] e 74] o A Q1F tlelE 7t A

Aol gtk 7H-AIRE %%L Ega ol g3l & IS &+
SMOTE 7192 AHg3tod Q1&g ElolE %A
© 7189 7 el 7H g S Béksle BES
OJFA E HE| & HZA oA 1 BEA S| A==

A& fdstA e Xk & =EolMe 71& 7HEY &
< 29317 918 GBL-SMOTE 7]'H< Akt 187]¢) ¢
A "olHE 53 4 3= nlwsde ), 1379 dolH
©] 79 GBL-SMOTE 7| AH3t3& o, o £& A3}
U 1S S0 5 AT shA T tlolEl o] #E5A] o] o}



SMOTE Using Border-points and Expectation-maximization Algorithm for Imbalanced Data Classification 239

W0 57 BEFE 7PN £ 2l S o] 89k 78
Aol Ak Z7lol] B B Azlo] AH|HE Tyo
Agket, =3 SMOTEZ W& 7|HEe 2 31, o Ml &8
7] 913 AEshs 7H 7hke- OI%Q Mo} A==
tlo|E <] 49 A3} W*oﬂ & A7) AnlEE
EAg webA, 3o zaE # NE ATFZE 7HA
&3 ndo] ojd T4 2 v’f%ﬂﬁ} 71H& AHE-¢ A3 ADASYN
7} 7+2 T2 SMOTE 7)4ke] @W A1 =g 7] 3 A7 8H= A,
A8k 1 HolE st 7HE 7hke o] 29 A9 4
AhS 2= ol g 77} B et

—

nZi ro, o
(2 b ol S rpv ok

FaEd

Alcala-Fdez, J., Fernandez, A., Luengo, J., Derrac, J., Garcia, S., Sanchez,
L., and Herrera, F. (2011), Keel Data-Mining Software Tool: Data Set
Repository, Integration of Algorithms and Experimental Analysis
Framework, Journal of Multiple-Valued Logic and Soft Computing,
17,255-287.

Batista, G. E., Prati, R. C., and Monard, M. C. (2004), A Study of the
Behavior of Several Methods for Balancing Machine Learning Trai-
ning Data, ACM SIGKDD Explorations Newsletter, 6(1), 20-29.

Bunkhumpornpat, C., Sinapiromsaran, K., and Lursinsap, C. (2012), DBS-
MOTE: Density-based Synthetic Minority Over-sampling Technique,
Applied Intelligence, 36(3), 664-684.

Cordon, 1., Garcia, S., Fernandez, A., and Herrera, F. (2018), Imbalance :
Oversampling Algorithms for Imbalanced Classification in R.,
Knowledge-Based Systems, 161, 329-341.

Chawla, N. V., Bowyer, K. W,, Hall, L. O., and Kegelmeyer, W. P.
(2002), SMOTE : Synthetic Minority Over-sampling Technique,
Journal of Artificial Intelligence Research, 16, 321-357.

Chawla, N. V., Japkowicz, N., and Kotcz, A. (2004), Special Issue on
Learning from Imbalanced Data Sets, ACM SIGKDD Explorations
Newsletter, 6(1), 1-6.

Chawla, N. V. (2009), Data Mining for Imbalanced Datasets : An
Overview, In Data Mining and Knowledge Discovery Handbook,
Springer, Boston, MA, 875-886.

Fawcett, T. and Provost, F. (1997), Adaptive Fraud Detection, Data
Mining and Knowledge Discovery, 1(3), 291-316.

Han, H., Wang, W. Y., and Mao, B. H. (2005), Borderline-SMOTE : A
New Over-sampling Method in Imbalanced Data Sets Learning, /n
International Conference on Intelligent Computing, Springer, Berlin,
Heidelberg, 878-887.

He, H. and Garcia, E. A. (2009), Learning From Imbalanced Data, /EEE
Transactions on Knowledge and Data Engineering, 21(9), 1263-1284.

Japkowicz, N. and Stephen, S. (2002), The Class Imbalance Problem :
A Systematic Study, Intelligent Data Analysis, 6(5), 429-449.

Lee, H., Kim, J., and Kim, S. (2017), Gaussian-Based SMOTE Algo-
rithm for Solving Skewed Class Distributions, International Journal
of Fuzzy Logic and Intelligent Systems, 17(4), 229-234.

Lopez, V., Fernandez, A., Garcia, S., Palade, V., and Herrera, F. (2013),
An Insight into Classification with Imbalanced Data : Empirical
Results and Current Trends on Using Data Intrinsic Characteristics,
Information Sciences, 250, 113-141.

Pal, B. and Paul, M. K. (2017), A Gaussian Mixture based Boosted
Classification Scheme for Imbalanced and Oversampled data, In

2017 International Conference on Electrical, Computer and Com-
munication Engineering (ECCE), 401-405.

Pan, T., Zhao, J., Wu, W., and Yang, J. (2020), Learning Imbalanced
Datasets based on SMOTE and Gaussian Distribution, Information
Sciences, 512, 1214-1233.

Sanguanmak, Y. and Hanskunatai, A. (2016), DBSM : The Combination
of DBSCAN and SMOTE for Imbalanced Data Classification, In
2016 13™ International Joint Conference on Computer Science and
Sofiware Engineering (JCSSE), 1-5.

Sun, Y., Kamel, M. S., Wong, A. K., and Wang, Y. (2007), Cost-sensitive
Boosting for Classification of Imbalanced Data, Pattern Recogni-
tion, 40(12), 3358-3378.

Triguero, L., del Rio, S., Lopez, V., Bacardit, J., Benitez, J. M., and
Herrera, F. (2015), ROSEFW-RF : The Winner Algorithm for the
ECBDL’14 Big Data Competition : An Extremely Imbalanced Big
Data Bioinformatics Problem, Knowledge-Based Systems, 87, 69-79.

Weiss, G. M. and Provost, F. (2003), Learning When Training Data are
Costly : The Effect of Class Distribution on Tree Induction, Journal
of Artificial Intelligence Research, 19, 315-354.

Zadrozny, B. and Elkan, C. (2001), Learning and Making Decisions
When Costs and Probabilities are Both Unknown, In Proceedings
of the Seventh ACM SIGKDD International Conference on Know-
ledge Discovery and Data Mining, 204-213.

Zadrozny, B., Langford, J., and Abe, N. (2003), Cost-Sensitive Learning
by Cost-Proportionate Example Weighting, In Third IEEE Interna-
tional Conference on Data Mining,435-442.

Zahirnia, K., Teimouri, M., Rahmani, R., and Salag, A. (2015), Diagnosis
of Type 2 Diabetes Using Cost-Sensitive Learning, In 2015 5"
International Conference on Computer and Knowledge Engineering
(ICCKE), 158-163.

Zhang, T. and Yang, X. (2018), G-SMOTE : A GMM-based Synthetic
Minority Oversampling Technique for Imbalanced Learning, arXiv
preprint, arXiv:1810.10363.

Zadrozny, B., Langford, J., and Abe, N. (2003), Cost-Sensitive Learning
by Cost-proportionate Example Weighting, In Third IEEE Interna-
tional Conference on Data Mining, 435-442.

A AN

48 : Gprhaa e 71A 2 843 elA] 2015 3
A}, oot -8 A8 tol 4 20204 41431 & A 5819

om @A 7FE Gt | 7eh e o B Bt Aol A AT
0% A Folth, ATEoRe vlAle]d, oA Eol T,

AE  AF B AHE7 B3l 20174 S A
S A 2B AR B AT Ao A AT
o143 5171 A%

T E AL w A F 8tz A 2008 AL 2017 EHAL
& S AeUstug YoM dFuTE 9Yst

3, @A PFE e o g R eta Aol A AT Ea 4 A4
Folt}, F AT RoR= Al d 8 Pl duelB A, o
EEBES N FEE-E



240 o}y - o|F - LY F

< Appendix>

r=1,2, -, Rt 0<x, <1, Ew =10]1, f, & SEUEFTTe D o), EFEE(mixure distribution)= 2] (1) 2

SgEUE s et
R
Yimt (1)
e rHA TR HE, £ rHA Y FEUEYST, R F TR Y Foln, pAkd TH-AIRE 9 BEE 2 (1)llA
LCe)=d(0 ;p,.2,) % Aol sigdth o= pAHd AEEe] FEUEIToIH, HH g7} y o, FEAEE 3 &
Z=t,
EM % 11.2] % (Expectation-Maximization)> & 5.3 0| 35| 2] %2 24| 5(latent variable)°l /]*%3}“1? Ao AU ¢ = F
AFE T Y AEET o v BSE HFEY ol o v ASHA G AAATEY grolgtal & v, 25 0o thsto] #3542
A% 29 21 FEE1(0) ol L AARAE (2,2) 9] 2L FEE 1(052,2) & UERE o, 52 GRHA S EMOLF’-!“J%"]E}.

1. 255 2713 0(0) 0.2 273} gk}

2. 713k @A (Expectation step)
A GAN BEE Auge} DAY B2 343k 0(5) o) FoIHE ul, TR 22 AAARY 27 59| /I AFE
T3t
E(l 0;z,2)\x, 0 ))

3. At 3} T (Maximization step)

THEAIRE &3 2@ EM datElFol tiated, & = (2, 2y, o w,) 2 RN AEOR o] RO pA The2 EREEES
WET B, 2= (2,250 ,2,) € 4 BERO] AL AT REZRE 2 204 & vepl = A a2 79, 4 2)9 2ol
24 A0

X|Z =7~ Npy,=,). @)

R
P(Z, :T) :TTE (071)011, 27—7- :1O]D%,EM %Eﬂ%% %aﬂ ‘il‘zél?%—?—z\r‘e = (7—7 s Moy = 7y Mgy 217 227 Tty ZH)O]U%

9 2 Z H 77:u417 7) (3)
2 9ETFE A (@) 2

Zzl(z =r)[logr, — 10g|2 1—= (a: —p,) TS (x,i*ur)*glog@ﬂl @

i=1r=

AR 2] 245k 0(5) 7F Tl AL o, 79 AR B wlo) = Ao o8 4] (5)9} o] Yrehd 5= ik

(1)@ (i,(), 2, (5))
R e
Yin(ain (7). 2,(5)

%.4) = PZ =X, = 2:0(5)) =

®)



79 dlolY 75 9§ Expectation-maximization 48] F 3} A #53] & ©] &3 SMOTE 241

o2 719 A 4 (6)9F 2ol "t

Q016 (; ZE% llogr, — 10g|2r|—%(fvi—u,-)TZII(l‘f—ur)—glog(%)]A (6)

i=1r=

Host A A, WA 7 A+t =130 < 7, < 1,r=1,2,-,RY AFZANA 4 ()& T3 78 5 AUk

7(j+1)=arg™ EZ% )ogr,). 7

i=1r=

Bz 5l 98 7(+1) & 2 8)2 4 (9 #7F ok

Q )\E 1,2,--,R (8)
9 R R
—/\(Q—/\gn—n:l—g@:o. )
A, 2] (10)2 Foj A,
n.(j+1) = 7:;2%1-(‘7). (10)
EZ% o

0202 (1,2,)d FARLS A (1)Z BT 5 Qiok
(1 + 1.2+ 1) = arg )5 Qo0 (). a1

p 32 ol gk HEg2 RE 4] (12)9 4] (13)S et

E% ;
(G +1) = —— (12)
277 l
N E%, (=1, G+ D), =g, (G+1) "
2,(+1) = . : (13)
urebA A 2714 & AR F, 4 (12)9 4 (13)2 dHEske] FAS A& o AT F2 9 239 e el uhe
Bayesian information criterion(BIC) & A4+, 714 22 BICE Zt= #3524 g



	불균형 데이터 분류를 위한 Expectation-maximization 알고리즘과 경계 관측치를 이용한 SMOTE
	1. 서론
	2. 선행 연구 고찰
	3. GBL-SMOTE
	4. 실험
	5. 결론
	참고문헌


