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=@ dHolH = g¥(Labe)o] W&ol #AE] 2po] = HOlHE
Sotm Akl A Zokel AA AHL vk 2w d HolHe v

Wz golEl7l &% WE golgle] wlE st Exskn 9,

v

171+ %< SMOTE(Synthetic Minority Oversampling Technique)

!,

|23} GAN(Generative Adversarial Networks) 7Al&o] <lt}. SMOTE
AL & W5 dolEel 25 ulo]ElE KNN(K-Nearest Neighbor)
duYFE EEste] FES 5, HIbstol 7MY HolHE A Sk
WHolth, GAN AdL 7 dHolHE AdsteE A AH(Generator),
AA dlole el A dHolEE FHst= I AR(Discrimonator), T
Adzadgel  AsAAstw FHske= HeolH  F47]H(Data

Augmentation)©] T},

 ErdMs dEskes eHAIEE VMY s S538] SlE



TAs dagEel TeAIE 23 2P (Gaussian Mixture  Model) 2}
CTGAN(Conditional Tabular GAN)S ZA3d oWHAUZH 7|H G-
CTGAN= AlQtsttt. 7F-AIQF &3 2l dA o E3zef sk
Ao Fx o] vrs 7R X FHE ST 7P sk,
ol FEAom uYreie Edolth. ¥ dolEwitt EM
ok 31 2] 5 (Expectation-Maximization algorithm; EM algorithm)< %] -8-5}¢
a9l Ao TheAIRE EE £8 gES AAtete] @"did.
s Hu7bs % 374 ¥ (Maximum Likelihood Estimation, MLE)©. 2 71
dolgso] 45"

TR e AT o8 o] FAMSE HEE IAE AR
CTGANS A §3lo] SMOTE A &4 WA= o]
A dad dHolde F4 ZIWelt ¢4 THe s AA
= HolE A= AA fAAEA dHolHE Al
AREET HlolElE &d HlolE[9 Al HelHE U
eHAEd 7 2 =welA AlRbgk 7iMe #EEste &9
dolg o] &g W HolHE T3/ 5 =49

STd dolEe] WY ¥ YAE(Random Forest), Light GBM, UZ
17 " (Multi-Layer Perceptron), TabNet &38| 58 o] &3t &7 EA&
Aeta, AlE dlolEE ol&ste EREYEY AHes= Hluse

Hkal o 7 A&l S 2 &3t th,
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<T781>SMOTE QTE]Z 775 T e 7
<1¥12> SMOTE(k =5, 11 = 5) r+eeeseeseeseessssssssissisiisiisiisisie, 8
<1¥13> ADASYN(K =5, B = 1) 10
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AEstAl "o ol EAE sty S& v WEe a2 MFY

=]

JEF5S Aol 1183 ROC(Receiver Operating Characteristic) =113} 241

M

ofg] ™A Zkl AUC (Area Under the ROC Curve) A7} FE& =5 t)A st

olr
o

FRde 4

i

AFE-E 31 9l TH(Faweett, 2006). =4, HlolE E43 dAAS

Asleis @low gy B7do] A% A9 aa WE dolEd] w

-

G delEsh BEstl RBEath 1 An 2% WF dolee gele
S WF dolest WSl o] WEW ®F Z7A(Decision Boundary
AAHA T BRASl AsH. oled TAZ e

BEY WAl w7 7EA 7ol AgEdY. AA, AudEEY 7IHS

‘Zl‘
BEGste] dolE 1+ ¥xAo|Z gttt T WE HolHE Fa5]

1Y duYES Age] v WFE doly A% WE dolEE
ZFEAAG. Pu £4o] gk Aol YA dolEt FEZuo] Aol
Ba, FE2R a5 PF AFdelHe] Feel met RRAel AYuts

OHAMEY 7Y T t3EZ S =Z SMOTE(Synthetic Minority Oversampling
Technique)”} AT A4 HT dlo]E 9} 3 Hlo]HE KNN(K-Nearest Neighbor)

FielEe BEStel FEA F, AEAE el waste] TAYR A

HolEE AAS= WHoltH(Chawla et al., 2002; Altman 1992). A5 W39
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9l8l SMOTE 7|W&
71Zz=2 &to 3 He et al.(2008)7} A|QFSH ADASYN(Adaptive Synthetic
Sampling), Zhang & Yang(2018)°] A|Fst G-SMOTE 5 3Uth G-SMOTE+
7F$-A19F =3t R El(Gaussian Mixture Model, GMM)(Reynolds, 2009)= ©]-&-5}¢]

% WE doldHe A YT A7 Ao SMOTEE A gt

—r

2l o] th(He et al, 2008; Zhang & Yang, 2018). 1¥{4 AAE 7|H& &
WA G o] Ao oJst A At LAl AEEATH

stol 71ge] deolHE Ak
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GAN(Generative Adversarial Networks)©] ] TH(Goodfellow et al., 2020). GAN->
lzdlolHE AAs= A AH(Generator), A A dHolEH < A dHolHE
THE= 8 ZH(Discrimonator) 7} 457 A5tk Tdst= o] §
57371 (Data  Augmentation)©|t}. Douzas & Bacao(2018)= AdS  F3l
SMOTEE AH&-3& W Eu GANS ARSRlE o E7=EEe 4dsol ¢
CTFPSS SHEUHDouzas & Bacao, 2018). GANS  o]Abx|o w7}3h

SMOTE®} Hlwsle] o v Aes HoFqlrh. 28y o=z {fARS

Ir

dolgut AAsHA Hi= EE B3 A (Mode Collapse)©] 2 tHGoodfellow et al.,
2020). 2 wiiEel GANeOlA sHE thekst TPHo] AAEHAL, &S]
GANo| A drA3ste] A& d o] E](Tabular Data)e]l &IH o= HE 73

CTGAN(Conditional Tabular GAN)©] A 9F% 1 tH(Xu et al., 2019).
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293 CTGANS A3 G-CTGANS Agtsttl, WA 7F$-AjQr &3 ndS
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A DA AR d+ 2@

(1) SMOTE(Synthetic Minority Oversampling Technique)

SMOTE(Synthetic Minority Oversampling Technique)i= XAl QHAEH
7| © % Chawla et al.(2002)° o]l #|et= ATt g 7IHY ALagL2S Al
M dAE AL & Sk A wA, oo a5 HF dSAE A9 F
KNN(K-Nearest Neighbor) &118]&S &8st 3 #ZH A 71 717k

k7he] ol #5AES AEET WAL e ol d5A T A=
K

r;ﬂ gl

mle] #EZ2 Mesto] A WA DA A s Heg =9 A

WAE T Al A, 48 A9 B ThEAE weke] g Al
Mz dFdoles AT 7FAs 03 1AkelolA AR ol
Ad APE A WA DA AdEd ASAE Agsta Wk

W AMZES W3SrHChawla et al., 2002; Altman 1992). <71¥ 1> SMOTE

orig]& 75 T (Pseudo Code)©| T,



Algorithm SMOTE (T, N, k)

Input: Number of minority class samples T; Amount of SMOTE N%; Number of
nearest neighbors k
Output: (N/100) * T synthetic minority class samples

1.  (x IF Nis less than 100%,randomize the minority class samples as only a
random percent of them will be SMOTEd. *)
if N < 100
then Randomize the T minority class samples
T = (N/100) = T
N = 100
endif
N = (int)(N/100) (* The amount of SMOTE is assumed to be in integral
multiples of 100. *)
8.  k =Number of nearest neighbors
9. numattrs = Number of attributes
10. Sample[ ][ ]: array for original minority class samples
11. newindex: keeps a count of number of synthetic samples generated, initialized to 0
12.  Synthetic[ ][ ]: array for synthetic samples
13. fori «1toT

Nk wDbd

14. Compute K nearest neighbors for i, and save the indices in the nnarray
15. Populate(d, i, nnarray)
16. endfor

Populate(N, i, nnarray) (* Function to generate the synthetic samples. *)
17. while N =0

18. Choose a random number between 1 and , call it nn. This step chooses
one of the k nearest neighbors of i.

19. for attr « 1 to numattrs

20. Compute: dif = Sample[nnarray[nn]][attr] — Sample[i][attr]

21. Compute: gap = random number between 0 and 1

22. Synthetic[newindex][attr] = Sample[i][attr] + gap * dif

23. endfor

24, newindex++

25. N=N-1

26. endwhile
27. return (* End of Populate. *)
End of Pseudo — Code.

<71% 1>SMOTE ¢33 7% 35

Z}5.: (Chawla et al., 2002)
7
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Ll
A #, 5719 ol BAFA xp, x3, X, X5, %62 D BAE FAsk

JAFdoly a, b, ¢, d, e} A=

Majority class samples

@ Minority class samples

@ Synthetic samples

<1% 2> SMOTE(k=5,m=5)



(2) ADASYN(Adaptive Synthetic Sampling)

SMOTE+= <ludeolElE d2e] M= A8 wieol 2424 F(Overfitting)
AAS AL 5 Q) o] 2 B ¢S ADASYN©] A¢HE QITHHe et al., 2008).

ADASYN== &7 W5 #5A o wet 54 r5e g8se] A
AFHelEl MFE gttt ADASYNS th39 ©Al= A g&Hch 3 WA,
W AS5A A BAsoF & AFdlolH e F ¢ Fodtt 6= Tt
e B5A melA 2 15 B52 meE W ghel 03 1 Akole] ®SE

e gk watel ALEWCL gkl weh ewpEY F odlolEe] whu

WMol wgol AR, AEHE 6 = (m-my-polth F WA, KNN

duglgs Ve R WA A5 WS dSACM P JHEA ol xdte

KNS o5 BT D5 A0S Rob 54 A /KE RG] nE golA

1,6 = 9900= FoHaL, Ko} ZF & WHEF A5 FH v fF 354
ol weh Agd Iy dolE o wlEo] Atk Azl wEef wet 44E

Az delE el N7t HAFHom dge)



Algorithm ADASYN (K =5,=1)

< Probability >
: majority class - Major; minority class — Minor
G=(m—my) B

m;: The number of Major.sample

mg: The number of Minor.sample

B: coef ficient whose range is zero to unity

G: The number of sampled minority class,i.e. How many generate Minor

Ti=Ai/K

K = K nearest neighbors based on Euclidean distance
A;= The number of Major.Located near iz Minor.

gi=riA><G

ri:normalized ratio
gi: The number of Minor.Generated near iy, Minor.

< Example >

m; = 10000, m; = 10
Iff = 1,6 = 9900

k=5
rn= 2/5,r2 = 1/51"'Ir9 = 0,7‘10 = 1/5

n n R T10
n=——= 01, wy, o =——————
7‘1+"'+7‘10 7‘1+“'+7‘10

g1 =999, ..,910 = 499

= 0.05

<1% 3>ADASYN(K=5, B=1)

A} 5.: (He et al., 2008)
10



(3) G-SMOTE(A GMM-based SMOTE)

g =de AHgstel PASE AW EM el Z(Expectation-

o

aEAe] o mAY ARRLE <IW o3PS FHoz AT &

%1 TH(Zhang & Yang, 2018).

f(xiu,Z)zi: .

Cx ——
k=1 /21‘[|Zk|

<13 4> AEXE m 7

exp [~ wO™ 2 (x - o)

A} 5.: (Zhang & Yang, 2018)
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1
‘ Snlqm l ’ Srifn ’ S

- i I #>
m

<71¥ 5>G-SMOTE

legProb

=>

A} 5.: (Zhang & Yang, 2018)

(4) GAN(Generative Adversarial Networks)

A A Adolglt E2]= GAN(Generative Adversarial Networks)< 7}
dolHE  AAdste= A AH(Generator)?t  AAl  dHlolH et A dolHE
T8t ¥HAK(Discrimonator), T Ql¥FAAEo]  AARNoT st
st&ol= dlolH 577 (Data Augmentation)©]TF. A AFS] Hx e AA|
dolH & gtgate] AAlel AR FdlolHE Ak Aoty A=
A Wy zZE Y ol JIFHCIHE EYste Fdtn g + o
dd Wy z7F EAskE ¥ FAl ¥ H(Latent Space)ol 2t s, o714 Z=
5 =3 (Uniform Distribution)tt 7 7F <& (Normal Distribution)ol| A 2+ =

FEE 999 goz AR ol Y REE AYIuA st

12



dole e 3ol wig(Mapping)sh= 2ol AR oty AEA=

-

AAAZE WE dpdelEst AAl delHE wEsus g

=]

—r

Aol olgh L B WEskel AA wolEs fA FEE 7}

)

o1 FHolEl 7} A th(Goodfellow et al., 2020). <13 6> GANS AAH
TZOo| T}

anv}

Latent
a—e.,n . da Generated fake

samples

4

& Generator(G) ]
'Discr'iminator(D)
—Real ”
samples : :
Fine-tuning

<71% 6>GAN A A F+x

Z}5.: (Goodfellow et al., 2020)

(5) CTGAN(Conditional Tabular GAN)

GANZ ofn|x el @33 22 wAd oy w42 fs AtEsi7el

13
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e
e
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T

dole, =¢d H=7F A% W4 dold, 9 3 2155 (one-hot

encoding)ol] 2J3] WAE 3] A (Sparse) VA T TFE FE ] FF dolEHE

|y

o}
it
S,
ol

SHsk=d Aeko] Arh(FHEHA, 2022). 3 AHAS] AFH g

teFst JdFdelEE AAdEA] Xohe BE 5 dE(Mode Collapse) ™

(o

EA) $Hth(Bau et al., 2019).
olgist WS siier] Slal AE tolHolAR &8 7bs3h
CTGAN(Conditional Tabular GAN)©] At UTh.  CTGAN GAN 7|4t

O} A ALEETh <Y 7> CTGANY A7A% Fxoltt.

Select from Select a category
Dranaty || oY | > @@@O®]| .. w0y
Say D, is selected Say category 1 is selected Ly \mz K/
Pick a row from T, with D, = 1 l / Generator G(.) /
*

B[z |82 |d 1 Jda| (@, [B, s [Bs [d) [d |
v v
/  Crticc() /
¥

Score

<1% 7> CTGAN Al AW %

Z}5: (Xu et al., 2019)

CTGAN®] GAN¥} 2%+ A2 AA F 7otk 3 WA=

H7F-9-A|fK(Non-Gaussian)  FEHE Y& dAEHFY WHFJE WHe  7HeA



BT 42 Fgat Aot 1 @R A BEsh opd HolE e

JdudelHE Hu JusA AL = slth F WA= s el

.

._/r:
AR o5 WA st WFE WS Dot D, E (0,0, 0), (1,0 < =T
HEE ¢ g st 1§ e 2 wEe] e QlgdolE Eiol
Bl kil

1
T7F #E5eA FEHES sth(Xuetal,

ZZuo] 54 Y Yeje] Wiy
2019).
A2 A EF dngE

@O ¥Y ¥ Y AE(Random Forest)

SJAFA % -5 (Decision  Tree)(Quinlan, 1986)i=

£

5 dHelgel wet R
A5 WeFol Avte wio] Qlvh 1wl dArksieto] &g-strel
ojglFo] Ut olyd dHE FHstuA WY EYAE(Random Forest)7f
A+ A th(Breiman, 2001). WY FHAEE og Q9 FEF7|(Weak
learner)E A 3st ©@Y =7 7|(Single learnen) KTt ] £ 7 dee & F
AtkE 7R skel e AMEA U 7INke] dhg darg ol Wy

BR7E @A dolHE Snd shiel dAEAURE Sehu, FRRI:

15



gele] BEL e oY A9 GAAYIRE FaTh

PelHow st

H EHAEE vee M2 OE APERURE

walol Zolth <73 gL WY FPArE dug=s

DECISION TREE-1 DECISION TREE-1 DECISION TREE-1

1 v
RESULT-N

RESULT-1
L. = 4—|
| MAJORITY vOTING / AVERAGING |

v

FINAL RESULT

<1% 8 WY ¥ Y AE(Random Forest) =23}

A} 5.: (Breiman, 2001)



EAE#(Bootstrap)©] 2t Stk F WAl WA= FEEH RES HEE
2

A9 AYse] e hRFIE ABHO
3

H] 7] (Bagging, Bootstrap AGGregatING)©] 2} 3FTH(Lee et al., 2020).
(2) Light GBM

Light GBM< 1 UYAE  HAY(Gradient Boosting) 7]HFe] REZ
GOSS(Gradient-based One-Side Sampling)®} EFB(Exclusive Feature Bundling)E
Ags 7E FAa" BE G dAEEE JfAs mdolth Ay

FAAEGE HEA B Boosting WAL WAL ALgETh 999

S AKEronE A oR Bt HF  ERVIE WUed V€9

IR TN duelFES URe] vt FEHoR FYHE 29



BHS <17 05, BE FA Ee BHS <13 1000 =45,

Somste

Level-wise tree growth

<19 9> 3 ET E3(Level Wise)

Z}5: (Ke et al., 2017)

-7{\-»1(;\\-» ------

Leaf-wise tree growth

<719 10> Y2 T4 Eg] #Z(Leaf Wise)

A5 (Ke et al., 2017)

18



3) U3 2173 ¢(Multi-Layer Perceptron)

Q&A1 7 W (Artificial Neural Network)< AF#e] ¥ <& Al7 A 3 (Neuron) 2]

4% dele Bu PFY A2Uor TER RPOE A%Ge] S

TAE7I FA4E7] Atel AR FES A (Synapse)2}t stH, A|HAE
=& d714 A5 JHE JRU Aot

Node)®] @z EWsi3lvh. d¥w=5 F3ll st HolH7E dsisa
&

)
ol
=
=
o,
o
1o
rlo
a0
ofj
o,
kel
i)
i,

&3 2173 Y (Single-Layer Perceptron)©]
AFAAYE t5 217" (Multi-Layer Perceptron)©| 2} Sttt U5 Al A ™S
7t g 2YTS Y BES AT 23417 Y (Deep neural network)©] 2} 3}
o]Z 3t sr&HIA S 45 8H5(Deep learning)©| 2} $Fth(Hinton et al., 2006). < 1

Mg 712 R0t

19



Input layer Multiple hidden layers Output layer

OO0

<T% 11> A% ATAAEY

}(Deep neural network) 7] X%

Z}5.: (Hinton et al., 2006)

(4) TabNet

>
I
&
o
of\
to
bt
3
Y

g

o

8

=3
on
1=

2

Pt
1=
12
i)
>
pas
o
rlr
o
o
o
hacs
N

maeo] FHd 2d &Y Tee 7h ASAAEE 7Rk S k5 (end-to-

20



end learning) R#olt} 7|E JAFAAY YT 5H0 EF 7 Zl(Decision

Boundary)E A3t AdS5#s EFcke SA I ABAF HH(Gradient
descent)= 7|HFO. 2 HZA S F3f St 54 0] ATH(Arik et al., 2021).

<% 12> TabNet 21|52 A2l ST (Encoder) T-F°|Th

TabNet 2] I PN e R A= 5% *H 817] (Feature transformer) 2}

Q& W =1 3 7] (attentive  transformer)Z T EH o] STl 2] dHolH+= Y

HE7I 5SS AAH vtz MaskE EHEH, ©]  wiAIE &85
B

% ¥ 7/ ¥ (Feature masking)©] ©]Fojzlth. o] #}A L iy nir; HHEE o
, HF

4= A Bl(Feature selection)= 3FA il

,,,,,,,,,,, Stepl  _Step2 Step N
@ - - — Output
Split
Feature Feature Feature
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A} 5 (Arik et al., 2021)
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2 oA e dHold v dS dasta ddsks eHAEY 7IHEY
GHS FHE] A8 A £ 2d3 CTGANS Adst G-CTGAN=
A FEth G-CTGANS] A WA dAlolA = T4 HolHE &5 ¥ doly 9t

T W dogz et 7 owA dAdAs 283E A7 BT
do]g o 7F-AlQE &3 wHEls A 8-3lo] BIC(Bayesian Information Criterion)”}
HA<l 3 5 2E=TKSteele & Raftery, 2010). Al WA ©A o A= BIC7}
HAAN e A ®H1F doldge IS 4T v
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Mol 2vdol diad ¥ dolHE A4E & v <ad 13>2 G-
CTGAN®| &ug]FS Aid Zlojt.
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EAE A5, o) dA dolge & FER A AdFHolHE Ak W
At} SMOTE 7% 4l CTGAN=

HggozM oA fAR AFdolHY YHS Asshey, 45 WF
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//—‘\
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[ Cluster 1 ][ Cluster 2 ] Balanced Dataset

Clustering using GMM
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[ Cluster 3 ] Cluster 4 ]

(===
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==
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. N &_/

[[[ Cluster 1 ][[[ Cluster 2 ] i
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- (o

<71% 13> G-CTGAN &d18= 1%
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<#% 2> 45 Ax & T4
Measure name Formula
TP +TN
Accuracy TP+ FN + TN + FP

TP

Precision TP + FP
TP

Recall TP+—FN

(1+ B?) - (Precision - Recall)
Fg — Score (B? - Precision + Recall)

2 - (Precision - Recall)

F, — Score Precision + Recall
TP
Sensitivity TP+ FN
TN
Specificity TN + FP

1.0
0.9
0.8
0.7 B
06
0.5

04

TPR or Sensitivity

0.3 -

02

0.1

0.0

T T T T T T T T T
00 01 02 03 04 05 06 07 08 0% 10

FPR or (1-Specificity)
<71 14>ROC 4°] Al 7}A] 4

A} 5.: (Zhang et al., 2022)
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<% It BRAEA, ER Qe A9
Label Count Ratio
Minority 23,956 5.3%
Majority 327,986 72.4%
Gray zone 100,841 22.3%
Total 452,783 100.0%

AL ERAEAE st ERREs s S

SHWMTE AV7IE AWAGA S FHE= Local  FE 117H9)
R

MR gAuolth ERAS BE A%y wWaoln <x

= FRAMA, =FAEAR 7AE 35194240 Wi SEW
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<% 4> EYAS 7| 2EAD
Category No Feature Count Mean Min Max
1 L1 351942 1029692.91 0 1121712800
2 L2 351942 136630.42 0 497441150
3 L3 351942 40617.86 0 141866850
4 L4 351942 -0.01 -1 818.07202
5 L5 351942 59056.30 0 7100080
Local 6 L6 351942 -0.05 -1 179.71
7 L7 351942 29348.69 0 143690240
8 L8 351942 2573923.83 54545 788555833.33
9 L9 351942 102174.48 0 2807707360
10 L10 351942 5732044.46 0 58322213354
11 L11 351942 31537802.28 0 92554000000
12 Cl 351942 3381.79 -9310 1866348
13 C2 351942 2086.17 0 3023853
14 C3 351942 40205.45 0 896776373
15 C4 351942 102.76 0 750000
Credit 16 Cs 351942 572.01 0 493372
17 Co6 351942 5676.25 0 6591680
18 Cc7 351942 20158.48 0 9590221
19 C8 351942 2533.09 0 9158405
20 C9 351942 3764.82 0 2741124
Model
P L
e gl
Faad, Aded 5 A A RIS
R S ) A .
" \‘ 'I \‘
M-36 M M+6
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Al 22 A 2

AYdE flall =89 Aol AAE dHelHE 7:39 HlEE &9 dolH,

Al dolEHE st < 5> Ad] AFEE dtlolH e FH5HF S,
<I1d 16> &9 HolE gk Al dlolHE UERdT
<3 5> FEFAEA, 2FAEA, FEHT S d%
Label Count Ratio
Minority 23,956 6.8%
Majority 327,986 93.2%
Total 351,942 100.0%

0% Training Dataset
> *  Minority : 16,769
*  Majority : 229,590
All Dataset for Modeling
*  Minority : 23,956
*  Majority : 327,986
30% Test D.ataéet
> *  Minority : 7,187

*  Majority : 98,396

<19 16> F9 dlolg & A3 dlolH
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dAEsks W AIER 713 G-CTGANS Hlusty] Q& o3 3ol
A8e AAsT Ads g8 FH dtlolE] Y3} SMOTE, ADASYN, G-
SMOTE, CTGAN, G-CTGAN &< &7 dolgel| #gste] bl v]&
T3S % A2z 4 dold s7h, F 6709 dHeldE 493ttt SMOTE
AL A5 kit ARbFOo® AMEE= k=35 AFESFSITH(Chawla et al,
2002). CTGAN®] wi7l¥ = stol# #7]X] ctgan 0.6.0 (Xu et al., 2019)°l 4]
AFet= 7187S AT G-CTGANS &5 W3 dolgo] 7F$A¢h
23 mdlg AEsle] BIC X7} A (Steele & Raftery, 2010)¢! 5712
THROoZ ra, Z+7be] o] CTGANS A &3te] 39 7149 doleE
At AdE AdFdolE el T doly ¢Es wskste] gl Hj&o]
5:57F HEE AAsh <% 62> eWAEHo] wHEE FY ol

AR YA QlyuolH 5 Qokg Kot}

<E 6> ¥ dolE] AR & AHH AFdoly A

No Oversampling Total Fabel descripdon % of
Minority Majority Minority

1 None 246,359 16,769 229,590 6.8%
2 SMOTE 459,180 229,590 229,590 50.0%
3 ADASYN 464,244 234,654 229,590 50.5%
4 G-SMOTE 459,180 229,590 229,590 50.0%
5 CTGAN 446,359 216,769 229,590 48.6%
6 G-CTGAN 396,359 166,769 229,590 42.1%
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< WY EYAE, Light GBM, Y% 417%™, TabNete

&
Abgeta, ewmAlEE o R AgA A" FH odold HHow

‘ Original imbalanced Dataset

Divide the data into train, test

Test Dataset

/_L\

Evaluation
e

Majority Class subset

Oversampling using SMOTE

H

Trained
Classification

/7 \ B S TPy Training

SMOTE ] [ADASYN Balanced Dataset

Model

Majority Class subset

*G-CTGAN

H
i
1
:
H
[G-SMOTE}[ CTGAN J :
i Minority Class subset
i
1
[ ] i Synthetic
v Minority Dataset

<19 17> AP =243
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Al 32 Add 2%

B oA g4 ged 48 AEY 2R 2udE 4% 29F va

rok

o},

<% 7> 57 Ayl whE AUC, F, — Score, Precision, Recall %= eI}

|

T dugsd 7 dsol & AXE boldAE 78t

A Ay 3y FYAE ZdS G-CTGANS A48 w AUC, F, — Score,
Precision, Recall 5=*]7} Z+Z} 0.7622, 0.3261, 0.2792, 0.3920°. % 7}% =T}, Light
GBM E 492 G-CTGANS AL u AUC, F; — Score, Precision T2 7} 2z
0.7464, 0.2958, 0.2585% 7} 311, Recall> & dolg HES x&3 o
0395622 713 =u} b5 A4 292 G-SMOTEE 4 &3 0 AUC, F, —
Score, Precision X7} ZFZ} 0.7391, 0.2995, 0.3022% 7}F3 31, Recall &d
dole] A& AT W 041922 7 EUh TabNet 22> G-SMOTEE
2843k wj AUC, F, — Score, Precision %7} Z}7} 0.7330, 0.2986, 0.2464 = 717
%31, CTGANS AHE-3 o 0.8489% 7} =tt

T 24709 AEAHE A skla
Light GBM X.&ef| A|tst
dsol MAENes Fead
u 4§ A EY G-CTGANS 283 <s W AUCE 0.0292, F1-Scorex= 0.0251

]_

i

ofN
N
o

19337, Light GBM2] 7-$- AUCY 0.0434, F; — Score™= 0.0053 =7}&}31t}.

Atgdos vz AAY 2da) TabNet 220 EFAASS G-SMOTE 7|H<&
ALetds o MAHNSES AT 5 AT
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<& 7> dagEd I A d%
Classifier No Oversampling AUC F1-Score Precision Recall
1 None 0.7330 0.3010 0.2694 0.3409
2 SMOTE 0.7075 0.2488 0.1958 0.3413
3 ADASYN 0.7020 0.2425 0.1816 0.3651
i 4 G-SMOTE 0.7309 0.2966 0.2667 0.3339
5 CTGAN 0.7315 0.2975 0.2485 0.3707
6 G-CTGAN 0.7622 0.3261 0.2792 0.3920
7 None 0.7269 0.2905 0.2296 0.3956
8 SMOTE 0.7030 0.2710 0.2322 0.3253
9 ADASYN 0.6936 0.2574 0.2179 0.3143
LGBM
10 G-SMOTE 0.7170 0.2545 0.2382 0.2731
11 CTGAN 0.7321 0.2887 0.2482 0.3451
12 G-CTGAN 0.7464 0.2958 0.2585 0.3458
13 None 0.7178 0.2696 0.1987 0.4192
14 SMOTE 0.6892 0.2610 0.2167 0.3280
15 ADASYN 0.6786 0.2518 0.2214 0.2918
MLP
16 G-SMOTE 0.7391 0.2995 0.3022 0.2969
17 CTGAN 0.6354 0.1995 0.1360 0.3744
18 G-CTGAN 0.7030 0.2635 0.2278 0.3124
19 None 0.7008 0.2430 0.1781 0.3824
20 SMOTE 0.6345 0.2016 0.1833 0.2240
21 ADASYN 0.6635 0.2469 0.1982 0.3274
TabNet
22 G-SMOTE 0.7330 0.2986 0.2464 0.3789
23 CTGAN 0.4283 0.1247 0.0673 0.8489
24 G-CTGAN 0.5447 0.2012 0.1708 0.2449
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G-CTGANg A -&sto] AdE 45 w5 dHole W s7he +H F 7H3
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<% 18>9 L4, <% 19>2 (2, C3, C4, <I¥ 20>2 C6 HFZ A|9star
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Abstract

A Study on the Oversampling Technique using Gaussian
Mixture Model and CTGAN for Classification Analysis of

Imbalanced Data

Yang, Munil
Seoul School of Integrated Sciences and Technologies

Advisor: Shin, Ho Sang

Imbalanced data refers to data in which the proportion of labels is significantly different
and has been found across all industries. Imbalanced data has an over-distribution of
majority category data compared to minority category data, and this phenomenon hinders
Decision Boundary setting.

For the reason, it acts as a factor that degrades the performance of the machine learning
classification algorithm. To solve this problem, various techniques have been proposed to
resolve the distribution difference between minority and majority data. Among them,
oversampling techniques resolve data imbalance by amplifying data in a minority category.
Methods for amplifying data include Synthetic Minority Oversampling Technique
(SMOTE) and Generative Adversarial Networks (GAN). The SMOTE is a method of
extracting minority category data and proximity data using KNN (K-Nearest Neighbor)

algorithms and then interpolating them to generate virtual data. The GAN is a generator
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that generates virtual data, a discriminator that distinguishes real data from generated data,
and a data augmentation technique in which two artificial neural networks compete and
train.

In this paper, to overcome the shortcomings of existing oversampling techniques, we
propose the oversampling technique G-CTGAN that combines Gaussian Mix Model(GMM)
which a clustering algorithm, and Conditional Tabular GAN (CTGAN). GMM assumes
that the distributions of subgroups exist in multiple Gaussian distributions in the overall
group distribution, and is a stochastic representation model. For each individual data, the
probability of belonging to the Gaussian distribution of the subgroup is calculated and
allocated by applying the EM algorithm. Then, the maximum likelihood estimation (MLE)
method estimates the parameters of the Gaussian distribution to which individual data
belong and forms clusters for each distribution. It is a data augmentation technique that
solves the problem of overfitting due to outliers that occur when applying SMOTE by
applying CTGAN to different clusters formed with similar distributions. To prove
excellence, the actual imbalance data, Gyeonggi-do local tax delinquent data, is used for
experiments. The data was divided into training data and test data, and use existing
oversampling techniques and the technique proposed in this paper to amplify minority
category data in the training data, then resolve the imbalance. The experiment was
conducted by generating classification models using random forest, light GBM, multi-layer
neural network, and TabNet classification algorithms in balanced training data and
comparing the performance of classification models using test data.

Use AUC, F1-Score, Precision, and Recall for performance comparison and confirm
that the performance of the classification model is improved over the existing oversampling

technique when using a technique that combines Gaussian mixture model with CTGAN.
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