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B AAg g 7hed 7P el =2
o|t}. 3] 7]¥2] Random Over Sampling®i] H]
3 3} A 3K Over Fitting)2 A3 F-& A7t
= Aol JdthKrawezyk, 2016). LA A A3+ &
o= E5a SMOTEE AMEHY FAAA &
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E] o]&(data shift)y EAlol HeFsE THo] ot
(Cheng et al., 2019; Fernandez., 2018).
SMOTE-IPF2} Borderline SMOTE= A A A SF
SMOTE®] ©4-& B2kt Wi o) 9 Borderline
SMOTEE= & &7 H°JHE ¢, 914,
74] T4 HolHE &/ F ﬁﬁﬂ?‘x‘ﬂl
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(Han et al., 2017; Saez et al., 2015).
A AAIE F 7] S HlolE By 3l
28 9% ZE Wby 7heuloA 71 gl B8

93 gl s BTsha ol dlolelel thalAs
SE QA Gtk o] 18 ol dElelEE Hlo]
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}TH(Choi & Kim, 2019; Lee & Kim, 2022; Shin

et al., 2021).
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57 tolHE At &/ 1 Hloly #xE
X A7) LA Z7 (over sampling)HH o] Q)
o} SHA|RE AT EH 2 ShFHlolH B 4
o} EFo F&3 gdo] A== ZAE s
g-go] AFEo], LHAEH o] FE SFEEHL

SJTHFernandez., 2018).
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= 71E8 WRelA 3H
?}(Over Fitting)o] T == FA1E A& 3laL o]
Ndskaat A= AT
2002'd Chawla sl <Jsf #|te SMOTE "8
o] % HATtS Iy HA L 7 I FAE
7HAE 9ol ASEH B2 7
|4 AFEE oM AR BEOE QI
U THKrawczyk, 2016; Chawla et al., 2002).
SMOTE= A&F&79 HolE ¢} o] 2-tlolg A}
oof] ¥2+¢] X ZHrandom interpolation)S &85}
o MZP<S 3T o F4(1)2 SMOTE
ol A} B3tel J3) tlolH & 485t WS 2
gstkal Ut

Hel
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=X +Ax (X, -
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X).aso1 (@

Gazzah & Amarat &5 79 HOlHE A
d3+= sampling JA AN BT AHQ] w0 E
E A3t S AT ol g At
HEL HolE9 7tsA, 7884 23, b
BRI 7F$-2 E3E(Gaussian Distribution)2} 72
S5 HlolE Y] £ X5 &-83THGazzah & Amara,
2008).
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TR Wl =3hd 35 dolE7E Asell
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“?é & SMOTE-IPF
O] TKSaez et al., 2015) O] WH-2 [PF(Iterative
Partitioning Fllter)lﬂ-~ HkE < % 71dke] e
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ARl 7 AAANE F=37] Sl AR

T OE -2 HAN 5ol| 9J3)] |2+ Borderline
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HolHE &73 5 <k 73 A3 dolE FHldd=
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A= HolHE F33h= S &83t
(Han et al., 2005).
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S Th(Serradilla et al., 2021; Nguyen et al., 2021).
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o] AHg3H= WHO R DBSCANS £ & 3o
B =RollME o] AHERITE DBSCANS 74
(2)¢F Z©] epsilon A8 W AA < o]Fe] Hlo]
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2021).
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SE

dist(V,

train

dist(N,

train

) > dist( mhd) F

train

3
) < dzst(NUahd) Fia ®)

* Fyain : Friendly Train Data, Fuiq : Friendly Valid Data

Anomaly = {

T 3E12 A AAZE o) dtlolH A&
TEH-S pseudo codeZE T 3F A A BFATE

(B 1) O|YLI0|E &AZ pseudo code

1

+ Fddolg AEA o] olEE AA

(ngh(train(xi)))3taL, AEA 7} B 7k o4
gl o] E|(Fvalid(xi))= ASHCEH A EollA] o]t
o] 2 XA (ngh(valid(xi)))&+cth.

Synthy,im = (ngh (train(z )) F,mm( L)) @)
Synth,;qg =u  (ngh(valid(x;)) = F,;,(x;
‘Synth = &J”thtrum + Synth‘valzd

Oh 32+ a9t b Abolo] F-449] HlolH & +
&35 ¢ synth(a,b)E EZE3}o o] d ol E
of it AMEHY-S EddolEle} AFHely 7zt

Zre] HjpoA FE3H= WHE pseudo code®
A AT,

(& 2) 40|} ME& pseudo code

train, validation, test = split_data(Input)
anomaly_list = dbscan(train)
for  i=0, length(anomaly list), i++ :
if  (knn_dist(Nyi,, anomaly list[i])>
knn_dist(N,y;q, anomaly_list[i])) :
then : F.append(anom[i])

N QYL AW~

else : F.uia.append(anom[i])

: Synth_Data, Synth_train, Synth_valid = []

: for i, length (Ftrain(X))),i++) :

for j, length (ngh_train(X)), j++) :
Synth_k = Synth(ngh_train(X;), Ftrain(X;))
Synth_train = Synth_train + Synth k

: for i, length (Ftrain(X))),i++) :

for j, length (ngh valid(X))), j++) :
Synth_k = Synth(ngh_train(X;), Fvalid(X;))
Synth_valid = Synth_valid + Synth k

: Synth_Data = Synth_train + Synth_valid

O Co NN QN A W N~

3.3 O|MHIOE Xz2| g

& Ao T2 A 283t o] HolA=
o] FtlolE ¢} o] ZH|o]E| o] Ake]e]] F-2te] H o]
HE Ao EA o]dHolH e SoldS A
AN71aL, A S et AAsEE 3ok
= T2 @} (5= olddlelE Q! Ftrain(xi),
Fvalid(xi)2} ngh(train(xi)), ngh(valid(xi)) AFo]ell
T2 S uE Z8ste] HolHE AT
S EA7A 7} o] 77k ol | ol Bl(Ftrain (xi))

4. HE P AW N

4.1 A8 HIO|IE ME

Ak o]l e Azl v &3}
AZ=L 98 So= TAE sAFbelH=
ARg3ESI) o] HolElE ZEFZ Alentejo A
o] 27} ==ET YA =-H 3579 IHE
o] 844 Hlo|Ee]ti(Cortez & Silva, 2008).
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A HClEE AASES A3 BAF H]
B2 28] A5 Bag AHe PHe e
3} g,

« AAMEQ G1~G39) 37) WS 7ted AE
A2 G35 FHHETE A

Sty g ol tigt o] XEFE A&l G39 #
o] 391 5%<1 60138+ Fh2 7Hx] shdol o
A= 1 ghe 2zt o)) #e 77l st
Ao dalA= 0 aES 2 ‘G3YN’
e E 71 s

o] Z(binary) 54L& 713 147) HEe) HE
EA4E 71 47 %43011 o

= 3979

Eat=4%
T =

(nominal) M4~
&) one-hot encodingS 33} F
=9 ¥ SAHAT
FZ9 397 ST el Scales &
A 71 Z-Score StandardizationS -3 3}53 T
B3l s
’1/d(multi colinearity)= <138} oW, VIF
7F 105 9A ol IR &8stth
Ak e A5 AEs d&l 27/ ¢
gFolA AHEE E(train) 8 19371, AF
(validation) & 8370, A1&(test)& 1197]2 &
g TEsHArh
Z} &g tlolHA AFEFE &9 297
(18%), AZ 97N (12%), A1E 2370(24%)E =t
Agtt & A3 dlolg Y g 7A
oA random state 2= A do]E7} A&

A

* VIF(variance inflation factors)E

:I:4

H’—“_
wES A
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A AARE7] W7o zpolr} WAt <1
g 1>} <Y 2>5 o2 E43}Ete] A A

st gl

(# 3) &4 Ho|8 4

Name Description Type
school student’s school binary
sex student’s sex binary
age student’s age numeric
address student’s home address type binary
famsize family size binary
Pstatus parent’s cohabitation status binary
Medu mother’s education numeric
Fedu father’s education numeric
Mjob mother’s job nominal
Fjob father’s job nominal
reason reason to choose this school nominal
guardian student’s guardian nominal
taveltime home to school travel time numeric
studytime weekly study time numeric
failures number of past class failures numeric
schoolsup extra educational support binary
famsup family educational support binary
paid extra paid class(course subject) binary
activities extra-curricular activities binary
nursery attended nursery school binary
higher wants to take higher education binary
internet internet access at home binary
romantic with a romantic relationship binary
famrel quality of family relationship binary
freetime free time after school numeric
goout going out with friends numeric
Dalc workday alcohol consumption numeric
Walc weekend alcohol consumption numeric
health current health status numeric
absences number of school absences numeric
Gl first period gradel numeric
G2 second period gradel numeric
G3 final period gradel numeric
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ag 1) Ot 24H0lHS 22

24 ClO|E o 21

Test, 24% Train, 18%

Valld 12%

A4H0|E9 B

=5 S FhE A
H5 FF57] 93l XGBoost, Random
Forest, LightGBM, CAT Boost, Decision Tree
s & 5N daEES 28t APk
Random #t& W3AA 2b dargls vtk
1003] 9] do)EJ Al E(train/valid/test) S T3
A

<7 gagE

2 HolE AEe et &7

2dS 7= w) vt} random search WHH
S 83t HA parameterS B4 A
|3tAth

AP wet AL S22 4 dlolH
= A3 & A} Borderline SMOTES &
3 EFEE
Rk A=

A 3

MOTE% 3
A Az,

Fai4 e YaHolE1HE

tlelH &
BorderlineS &3l B3-S #|7g dlo]E
£ AT
(case-1) Original Data— Proposal = BSMOTE,
(case-2) Original Data — BSMOTE 5 A}l
oA At WS Bl AP SEE HlolE
7} 71& BSMOTE SZ WS B3 7 W
el Aol MRl e et 5
cERF R *E«l 3% A= ROC-AUCE HA
)

sigk & =4 JJr— Aot Wi 3} 7)== uhy
of tf3 vl gt
« A¢F WP o 2 213k ROC-AUCHES] W3teh

AEAF Top 3 BAS B 5392 =4

1z

O O" 32 A3Es A% 7153 7159 A
ARl 555 AR + B 2F 7|AIS
& 99 Aol Borderline SMOTE ¥4 & 53
o] SE3A7] W Zoll 7 e Holy 2
T B4y EAe fle AdHelth wEbA Ak
v}
&

2 J5anE 1E PEs nws]
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A5s A= %& Eﬂr, ay é_lﬁoﬂﬂ Fiko] |dA
(55.8% ~ 74.0%) 71 HRHETE 2 A5 B

Original Data Set @

| Encoding & Standardization I

| Data Split (train, validation, test) |
train l
| Anomaly Detection (DBSCAN) |

exist <>ﬂ) posal

Neighbor Data Detection

Calurate Distance

Data Amplification

Data Amplification (BSMOTE) | | Data Amplification (BSMOTE) |

l

’ Classification Model Build |

|

l Model Evaluation |

(O 3) HMeh Yol MRt=
B 4) Mot HEol g1t A5
) Increase Decrease
Algorithms summary
count % count | %
XGBoost 57 | 582 | 41 | 40.6 | (+)0.872
Random Forest| 71 74.0 25 248 | (+)2.412
Light GBM 53 | 530 | 47 | 465 | (H)0.321
CatBoost 29 | 558 | 23 | 22.8 | (+)0.607
Decision Tree 61 60.4 40 39.6 | (+)2.204
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304 Qeofsto] A4
R EARE4S
OF A Y S ARH R &4 5 Aok
2] summary #t2
0.607914 2.4127H4] 25 S7H+)E ZoZ 1}
ERdT) o]} o] Ak W2 A g st
T daelse 4 EAI71A A=
2

& ol =4sste] A

| Y
=] )| =Ke)
By aRs

W [ncease W Decrease Summary

Ahﬂl 7t EA S 71AIEE A Ol
p 1 AHAEHN M =&
deol EEHE éi}% a3t} ol Z|AIgE
TEHAANA 7P & e S Hole= 1) 2d
o] el M2 F=E7] wEo|t)

2g Adtol| A top 35 EJsH o2 & 59}
2} top 39 1570 ARl Zh2Elol A At WHE
53 AH7E 971 E 60%E AR B3] F 5
N 7HeHE 47 dare]Eel A Ak WOl top 1
ARE AEFoZA AL o] TYS ¢
oA M =2 A%5S Uehls &9
80%°ll E3th=

49 23E =S8tk
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|tskSATt

L

rulo
2

H 5) Top 3 M5 2M ZA1}

top 1 top 2 top 3

Algorithms
value [method| value |method| value |method

XGBoost | 0.749 |Legacy| 0.745 | Prop | 0.740 | Prop

Random

Forest 0.646 | Prop | 0.621 | Prop | 0.610 | Prop

Light

GBM 0.786 | Prop | 0.768 |Legacy| 0.764 |Legacy
CatBoost | 0.703 | Prop | 0.681 |Legacy| 0.677 |Legacy
Decisi

e;;:;on 0.758 | Prop | 0.737 |Legacy| 0.728 | Prop

o] WL Mg HAHA SEE7] o
MOTE®} Zo] AM-E 4= ok wehA] A
b ol whet dlolElE 1A SF3ta, FEd
= BSMOTEZ ;H FEZ3ogH HF 7

o I
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Abstract

Resolving data imbalance through differentiated
anomaly data processing based on verification data

Chulhyun Hwang*

Data imbalance refers to a phenomenon in which the number of data in one category is too large
or too small compared to another category. Due to this, it has been raised as a major factor that deteriorates
performance in machine learning that utilizes classification algorithms. In order to solve the data imbalance
problem, various ovrsampling methods for amplifying prime number distribution data have been proposed.
Among them, SMOTE is the most representative method. In order to maximize the amplification effect of
minority distribution data, various methods have emerged that remove noise included in data (SMOTE-IPF)
or enhance only border lines (Borderline SMOTE). This paper proposes a method to ultimately improve
classification performance by improving the processing method for anomaly data in the traditional SMOTE
method that amplifies minority classification data. The proposed method consistently presented relatively

high classification performance compared to the existing methods through experiments.

Key Words : Data Imbalance, Data Amplification, Anomaly Data, Borderline SMOTE
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