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o7l A& F 3l 0.582] test AUCE Ho|t| 2t o= tiZ]of wtet &fn] QU=
22 ol 4%5¢ BTk o] Yok webA, AF B Eel e e A
BAE Azjsis $UES 2 doleo] 4ew ¢ WA /UEd] gag
2318 59 o] Qe ¥l 0 s APt

FTdAH o7 A= ¥l (Missing pattern), 5A| 4 A= of 2| (Statistical Impu-
tation), Al J-& o] &3t 7 24| (Machine learning for classification), A&
S EA A 2](Class imbalance handling) 5= +-6}tal, 2=0] EAsl+=
&2 AFe] A2k of 5 glolE of it Al A5 Folf ATE Sl



Rubin| (1976) o 2™ 252 Al 7IA2 27T & AL 1 270l s

< AZsk Bl Y (nxp) 2Holet st ofuf, Y

FEgro] EASHE R obd HEOR (Y, Vo) 2 B8] B Y
=) , OFY ™ 09] ZHe g%’TL:—TZ‘j:% A2 7] = (n><p)
o

1
= 1#5lx}b HoH o] notationEL ©]-&5to] A=

e MCAR(Missing At Completely Random) : AZ9] dFAo] d|o]

Bt
g flo], B Hlole o] ZF Hofl gisf 2ol Lojd &Eel g2 wiEe



P(R|sz’87Yobs>€) = P(R|€> (21)

MCARZ TAAQ A& 5ol A o FE A o Q= et 2
74 o]t R, SPSS 52 534f Little’s MCAR TestS ZI3435] 242l
ATk SsEA|TE AR Hlo]El7F MCAR 7HE& THEdhe B9+
MCAR 7}A4-& 9H=o1H listwise deletion= of| &= HF(bias) 9] S71 2A|
7} eGSR oF=rt. B Ao A 2P listwise deletionT} imputation
wlze] g Slulsh ZolEe] A4 sF5ge] Z7je] MCAR 7442 13
512 91O, test 914 Z7k2 A @skA] grct

N
1o
zo sk
d

Zk(observed variables)o|
e Frw 250 o
1} Zro A=)

E

MAR (Missing At Random) : AZ&ZX]7} =
ofs] o] Hrke oM, PEGo
l

ot ggo] RE Flo|Eo] ZrHe oulolct. T}

e
Z

BA

A5

S
=

==
rel

P<R’Ymi57}/obsvf) = P(R’szmg) (22)

AIA| 2 Multiple Imputation 52 €85 o tjHE MAR 7}A oA &
stct. [Pedersen, Mikkelsen, Cronin-Fenton, Kristensen, Pham, Pedersen,
and Petersen| (2017)0f A4 @& 47} Z3HE Multiple Imputationg &
8 m) b2 7ol Hlsh MARO] 21853t 7hol2ar wotaL glut.

MNAR(Missing Not At Random) : MCAR &= MARE ofyn, AZ0]
SHA 2 ghell £ th= 7Hg oItk R I7 iz (2.1) , (2.
O} 20| P(R|Yos, Yo €) & SAF Aom BAT 2 gl A0S B
t}. Non-ignorableo]2t & E-&t}. [Misztal (2013)o1w MNAR?l A<
imputationo| opd ¢ EZst IS &5 A=< t}gof st Y88
Z3lskal it Selection modelstt pattern-mixture modelsE &85 of
Star, ZbARE 8- [Allison| (2001) 52 Zsteta g5k et
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Table 2.1: Complete dataset

1 X9 T3 T4 Ts Te
36 | 702 7 - 76.34 | 11
32 5000 | 7 1100 | 241.49 | 35
31 | 5000 | 13 | 1340.2 | 292.58 | 24
35 | 7710 2446 | 356.53 | 35
32 | 7679 35
23 3 560 205.5 | 18
28 | 1147 676.9 | 114.91 | 12
20 | 1300 | 5 1950 | 77.36 | 23
36 | 1320 | 93 | 1011.3 | 142.24 | 11
31| 1612 | 22 594 93.94 .

2724 | 12

154.7 | 18
23 | 4300 | 8 1450 | 195.31 | 35
40 | 3018 | 137 | 2416.2 | 137.08 .
24 | 4950 | 20 | 1038.9 | 224.83 | 35
50 | 1000 | 34 | 1163.4 | 98.13 | 12
42 | 4742 | 231 | 1293 | 215.39 | 35

. 3268 | 105 | 1940 | 375.15 | 10
41 | 3000 | 214 | 1539.1
43 | 3000 | 71 | 1433.7

7




Table 2.2: MCAR dataset

T T2 T3 T4 x5 €6
36 | 702 7 - 76.34 | 11
32 | 5000 | 7 1100 | 241.49 | 35
31 | 5000 | 13 | 1340.2 | 292.58 | 24
35 | 7710 2446 | 356.53 | 35

35

18

12

20 | 1300 | 5 1950 77.36 | 23
36 | 1320 | 93 | 1011.3 | 142.24 | 11
31 | 1612 | 22 594 93.94 -
2724 | 12
154.7 | 18
23 | 4300 | 8 1450 | 195.31 | 35
40 | 3018 | 137 | 2416.2 | 137.08 -
24 | 4950 | 20 | 1038.9 | 224.83 | 35
50 | 1000 | 34 | 1163.4 | 98.13 | 12
42 | 4742 | 231 | 1293 | 215.39 | 35
- 3268 | 105 | 1940 | 375.15 | 10
41 | 3000 | 214 | 1539.1
43 | 3000 | 71 | 1433.7
8



Table 2.3: MAR dataset

1 €2 €3 X4 T5 €6

36 | 702 7 850 76.34 | 11

32 7 1100 | 241.49 | 35

31 13 | 1340.2 24

35 | 7710 | 24 | 2446 | 356.53 | 35

7679 | 4 1750 | 370.88 | 35

F

23 | 2800 T- 205.5 | 18

28 | 1147 | 4 676.9 | 11491 | 12

36 | 1320 | 93 | 1011.3 | 142.24 | 11

31 | 1612 | 22 594 93.94 -

46 | 2776 | 58 | 1034.3 | 2724 | 12

-2199 95 | 1752.2 | 154.7 | 18

23 | 4300 | 8 1450 | 195.31 | 35

40 | 3018 2416.2 | 137.08 | 35

20 | 1038.9 | 224.83 | 35

50 | 1000 | 34 | 1163.4 | 98.13 | 12

42 | 4742 | 231 | 1293 | 215.39 | 35

32 | 3268 | 105 | 1940 | 375.15 | 10

41 | 3000 | 214 | 1539.1 | 350.55 | 10

43 |1 3000 | 71 | 1433.7 | 323.28 | 11




Table 2.4: MNAR dataset

X1 T2 T3 x4 X5 €6
36 | 702 7 850 76.34 | 11
32 7 1100 | 241.49 | 35
31 13 | 1340.2 | 292.58 | 24
35 24 | 2446 | 356.53 | 35
32 4 1750 | 370.88 | 35
23 3 560 205.5 | 18
28 | 1147 | 4 676.9 | 114.91 | 12

b} 1950 | 77.36 | 23

93 | 1011.3 | 142.24 | 11

22 594 93.94 | 23

o8 | 1034.3 | 2724 | 12

95 | 1752.2 | 154.7 | 18

8 1450 | 195.31 | 35

137 | 2416.2 | 137.08 | 35

20 | 1038.9 | 224.83 | 35

50 | 1000 | 34 | 1163.4 | 98.13 | 12
42 | 4742 | 231 | 1293 | 215.39 | 35

- 3268 | 105 | 1940 | 375.15 | 10
41 | 3000 | 214 | 1539.1 | 350.55 | 10
43 | 3000 | 71 | 1433.7 | 323.28 | 11

10



Rl e =2 dofg 3 B4, Ao W 5 g g 423 7}
e st A H9ggict. olof B Ao AE [Lo, Siah, and Wong| (2019) 52
A

sl MAR 742 #5985t} Jaeger (2006) , Potthoff, Tudor, Pieper,
and Hasselblad| (2006) 594 &4 &7 s} MAR 7} AAof Wsf] A5t 8t
9t}
oA el A5 Asehe AR 972 dslAE A 9T 9
dloleollA deolz A5 TPA7]= HAo] Basit. 259 AL R
ampute g5 083t 1 7] 2] ¢l missCompare 52 -85}, MAR 7} 1
tlole o] 2582 15l d5o] ZH HlolHE FHIstAt B AAIgH %13
Tgoll tieh =0l= 3% 28 oA tE
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2.2 $AH A5 g

2 Aolq mefsts ix] 7
A} B A st g

JAA ol A} BEEL, p— A} BEAY W, B g
2 N;=F shak (|N;] = s)A (2.1)olA4 ZLdt rE Astal, v = 0
e yi; ol BS54 C] B2 il Ao2 Fdshd o33 Zth

K-nearest algorithm-2 o 25 tjx|& %1 ot= H oot T (neigh-
borhoods)& A2 W= SZa|t)¢t Ag](Euclidean distance)S A&
Sttt KNN imputation 7|52 A-Zst= thekel o7 2| 7F £A5H, &
Aol Al AHg-eE R m|7] ] bostructo| A= A4 4= 2o Sk
2. WY Wl 2] NS Y

bl
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e missForest

Stekhoven and Buhlmann| (2012)]| 4] A A3t missForesto]] thgt 7] |

ot sl et 2t

M7 =] ANE ¢S notatione th2a} Zro] AAG). (X, ..., X,) o0&
o701 nxp Y X oA, Yelo] s W4E X, 2} 5k o] F Aol

HERSH indexZ i), C {1,..,n} 8 51k %) = {1, ..., n} \ i), g &},

ot go] X5 28] 2AT 4= ot
Xool A Aol WS o BEE eyl XolA A5 ALt
RS g e e E; o3l W47 obd W pEe] el i =

{1,.on} \ i) ol sfgste ol il ol —Hﬂo}—c x;zs 2Z 4 e
Fog Bee 4 glrh. PuislA), index i, o il E X.& 7|Fo2 @
FEHER ool AZo] AT 4 A, o) o= FEA7}F ZATHT.
ol F7] sl Misztal (2013)o]|A AAIGE s = 621 AFFE Table 2.1
2 FASHY T} Figure 2.13}F upzb7i A 2 A Q1 A5 24, ZF 24, .24

= oA 54 oju| 2 W47} ok e,

—~

mis 1—
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Table 2.5: missForest notation

T X9 T3 T4 s Ze6 Yy
36 | 702 7 NA 76.34 w
32 | 5000 | 7 1100 | 241.49 w
31 | 5000 | 13 | 1340.2 | 292.58 w
35 | 7710 | NA | 2446 | 356.53 w
32 | 7679 | 4 1750 NA w
23 | NA 3 560 205.5 w
28 | 1147 | NA | 676.9 | 114.91 w
20 | 1300 | 5 1950 | 77.36 w
36 | 1320 | 93 | 1011.3 | 142.24 w
31 | 1612 | 22 094 93.94 W
46 | 2776 | 58 NA 272.4 S
41 | NA | 95 | 1752.2 | 154.7 S
23 14300 | 8 1450 | 195.31 S
40 | 3018 | 137 | 2416.2 | 137.08 S
24 | 4950 | 20 | 1038.9 | 224.83 S
50 | 1000 | 34 | 1163.4 | 98.13 S
42 | 4742 | 231 | 1293 | 215.39 s
NA | 3268 | 105 | 1940 | 375.15 S
41 | 3000 | 214 | 1539.1 | 350.55 S
43 | 3000 | 71 | 1433.7 | NA S

Ymis Tmis Yobs Zobs
| O |

14




(initial guess)& St}

2. (a)

7]1Z9] imputationS Z15)5to] doj& X &= Xéﬁp &12F. &1 W
A Xi¥= mean imputationg 3 X0t} o] F s € k o
o sf yf,?,)s ~ 33((,2)594 Random Forest-2 2 g}Fstc}.

9213t Random Forest 2} 377(25 =35 yf;?s% o &35}, yf;?s 9] o

Z&

2]

=22 &3] imputed matrix2 7§ A3t} o] AAAIGE X2 Ximp
s

2jer iz Ly pxi,

#NA
2 AolHet. o7lA #NAE WER W] Zeke B2
Z=o|tt. e} Zo] Ao X imputed matrix?} 7]£ 2] matrixo]|
gt M7k 9] }o](difference between the newly imputed data
revious one)7} &9, HEY HE Iy =715}

H HEE-S Wy, 2E2 9l imputed matrix XS AJA Tt

(2.5)

=
o
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=
"
o
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=
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0|5 Z3ISt ¢ ZpA|SH A2 Stekhoven and Bihlmann! (2012)) ¢}

=
n

=
=
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oli
=
rg
i
)

e FAMD

Audigier, Husson, and Josse (2016]) 2}|Josse and Husson (2016)5 2313}
245k 71% ol gt 270 e o2t 2ok RO missMDA mfj7] 2] of] ¥4=9]
FR(9%, o/4@)o] vzl T2 imputation W] FHEle] 9k, B
AT7+= mixed type dataS S8 o o]|2E, FAMD(Factor Analysis
for Mixed Data) 7]HH-& AR&SHH, o]of tfgt =2]of H Q3 notation-2
ohet 2o

(1, ., T )7F D5 Mol (2,415 -0, 2p)7F HH] HE(dummy vari-
ables)?l n x peE X2 AZFeLAL AE Ky A4 o), U]
A Kyle MF9 "8 Uetdle gr] 99 Zled o, ¢ = kA
w7 Wae] Aelae ek o, K — K+ Kol Bl p — K +
Skl —1) 2 BAE 5 Atk 5,8 A5Y W 0,0 BEHEA,

=3
pi= JAA HF WS o= ZF 7R A 9] H]-E(proportion of individuals

ol

that takes category j)©1™, D™V2 = diag(02,, 52, ... DK\ 11, s Djs s Dp)
olth Me 7t Aol Xo] 7t Ae] Hiel Wolw, 4] (21)]4 BT R

o
iy
i
My
S
it
B[\
2
Hz
fu)
=
)
>
o
iy
filo
=
f
=]
el
rol

o}.
PCA®Q} FASHA FAMDE= o2t -2 norm= £|4-3}5}
=g

Aoz 39

rr

(X — M)D™'2 — UAV2VY? (2.6)

o] & 58l FAMD= (X —M)D~'/29] least squareTH ol A 7} £-2 Al
S(S < (p—K3)) 2 2] A} best low rank approximation of (X —M)D~1/2
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in the least sqaure sense)2 A Zg}. dfl(solution)= (X — M)D~1/20] E
o]Zk £3}(SVD, Singular Value Decomposﬂnon)i—,—lﬂ Urvs, Msxs, Vs

7 QoA L, Aguss 7P 2 S7] 0] BolZE Ny, ks B DA DAR 2=

Yzt ol

o]# st FAMDE &3t imputationS iterative FAMDo|2t 21 o2}

ol AT Wl B =B AL FAMDE 2| F 3kt

L. MissForest9} G411 2 328 Bol A5Ao] et 275t A
Asto] X05 41, D°, M° & AATY.
2. (a) (RA DAONA, A =2 (X! — M) (D)2
SVDZ =3 U, V¢, (A)/2 2 oot
(b) o] o A HARZ AL best low rank S= FA|SF A, Xf;xp =
(Uts (M) 2 (V)N (D)) 2+ My, B B3 XY, 5
A,
(c) ANHE Wb &7 X' = WX +(1-W)* X’ S E3) imputed
matrixg FHE1, DY M‘E 7§ A =T

3. £-RA Y, (0" — 41)? < & WET WA 2.(a), 2.(b), 2.(c)
£ HHERT 974 2 107° 55 ARt}

FAMD9] =2]3F Y& Z3H ApAIgH A2 Audigier, Husson, and
Josse| (2016) <} Hu

—
@}
n
n
@
o
=
o,
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2.3 Oversampling

Oversampling®] & 47~ class©] Ho|HE HA] &2 AlF7| e/dsto] Hlo]
B o] #g& W= 7ot

2,404 A7§S oA Q1 XGBoost+ scale_pos_weight@} -2 ZHA| A Q1 S+t
@ fd= fIt 45 HA5h7| T ottt Sk, i 7] WAy e
23 glo]g 9 class =R EE A AZst= #49 glolgE 71A 01-1:} Nnamoko
and Korkontzelos| (2020) o] A4 o]of] TE$H A7} AP = o, AlF E-F o
BE A5 EAS B 5 A4S B 7ol el e, o8 2
o B class_J g|o]E] & £°]%= Under Sampling 7|3} Over sampling 7| O 2
U=t} Oversampling 7| 2 2% Random Oversampling, SMOTE 59| 7]
Ho| AR ™, Undersampling 7]¥ © 2= Random Undersampling, TOMEK
linkE ©]83F undersampling 5-©] It} (Guo, Yin, Dong, Yang, and Zhou,
2008) Undersampling> &7 Ho|E & AAA|A Aot B0 ofFFa & 7t
=x0] ZA 5] EE 47} undersamplingS s}7|¢l FES512] iy Hy E
Ao A= 1ok Lottt Oversampling2 T &2 class(minority class)o]]

S5t BEAE FHAIE PHOE o > 9om F o AT AP

- = 1 _—

oflt

l

chg 7} 2k
e Random Oversampling
28] AL class®] BEAZ Ao Zeh FEA 7= w0l 71
St oversampling 7| H 0 2 A< class9] H|o|E & EA|st= W oot
fl, 44 class] HloE|S 29l ZEelo] B HlolElo] Z7}s

2 = 1
upjolet. olo] o Eo] whe} T g Overfitting) EA7} WAl 4
Aut o}l 7bd glo] Aas) avte W 4 gloks Aol gtk

0 &
>
d
1=}
ol
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e SMOTE(Synthetic Minority Oversampling Technique)

SMOTEE @AAH A4S class®| H|o]|EE TE = (creating synthetic ex-
amples) oversampling 7| o]t}. =, Random oversamplingz] 3 ¢ ¢|o] g
eF Ax|Sh= dlo|§7t obd P H HolH 7t &9 Amof F7HETh A
class g|o|E 9] K719 24 o] (K minority class nearest neighbors)
= E8&cle WA ol 4 classE oW Hl&WHE SHAZD A whet
V= o]0 - FEttlnt. o & oS 7| o] ARt At =
T2 |Chawla, Bowyer, Hall, and Kegelmeyer| (2002) 0| 4] A 7i5}aL Q)
tt. o]of| tf ¢t 2] H-E EZ et Brandt and Lanzén! (2021) ] A A g SMOTE
9] synthetic examples A4 A2 tf-S 1} 2t

1. HA FZH o] 29 4 k<} synthetic observations®] 4~ N& AA St
O A 31 Aol H B2 H71E 916 K2 ol SE 48

k= Urepdt

2. T, 1= 17 ceey ns—\%- ﬁ\——/I: ClaSSOﬂ Z‘—:——('Ti)—l- T—ﬂO] Eia- 6’]—_—]_7__’ 3729] %:11—81:}_—‘%‘ Aa—
3het.
3. 22t A (Euclidean distance)E 7|&£0 2 AS RE A F

=
;9] kZA ol 2= Aeth (8o R k= 5) 2,9 kA ol2o] J
S Suzh whe.

4. SpolA NHe] HFELAFES Tl 5,7 =1,..., NS =1}

5. 0,1 22E] 9lolz AT Ao} 2017 z,,0] tha) synthetic obser-
vation zy = z; + Nx; — x;;) ] JAZHEE AYA3IT) o] & BE x5
of ths Zlayetet.
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SMOTE®] dlo]e] 440l ot ols % B A Zee et ol s
Brandt and Lanzén (2021)9]| 4 HJA]5tal 1.2 Y [Chawla, Bowyer, Hall,
and Kegelmeyer| (2002) 2} 74| ZFa1shHA Hrt.

ADASYN(Adaptive synthetic sampling approach for imbalanced learn-

ing)

ADASYN @A) 224 ol$.0] FE A8t 25 classol] ot o,

Oﬂ dish F2= Tt Aol AT K719 o< i, ok Zol
AAEgter. SMOTES}F upzk7FA] 2 Brandt and Lanzén| (2021) of] A A=

ADASYN®| erTigZe cfga} 2o Axje] ofs) WALt

1. HA o] %9 4= k&t synthetic observationa AT Fof Yst=
class % 2] 4=Z=(the desired level of class balance after generating
the synthetic data) 5= Attt SMOTES}F Zo] 2|24 o] &9 &=
k2 B7)ota, et 29 doleE et 5 = 12 A4

2. npg B4 classof] £3F W5 9] &, n2 257 classo]] £ #52] 9
a2t Sttt ol W, G = (ny — ns) X fE ALY

3. w1 =1,...,ny2 &5 classof] &3t Hlo|E 2} 51, 7, 9] Yot Azt
gt

4. SMOTEZ®] synthetic observation A§/d1H4 3. 1} -2 A ol & 3t}

9. ng’] k7H ]T K} 1:‘I——l_ ClaSSOﬂ —]—O‘I-I_ ‘l_.é—x]-:l —/l\_ A’L 3 1= 1; cey Mg
£ ARSI, rim Aifk s i=1, ., n 2 HOlH T

6. 7 =1/ >0 i B orye RIS STt Yo, f = 1 24, density
distributiono|t}.
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7. g = i x G 2 ARG ol 2 B2 .ol e B A9 synthetic
observationo] A E]ojof sF=2]o] thst Zro|tt. ¢, 7t A7t ofd
8ol M Fegts o83t (Huang, 2015)
8. SuolA g/ME HE B F=ol 25,5 = 1, ..., g2 ST}
9. [0,1] 2F¥ Aoz S A} o017 ;0] thdl] synthetic obser-
vation zy = z; + Mz; — z;;) ] TAZHEH A

ZFAIgE A2 He, Bai, Garcia, and Li (2008)2} Brandt and Lanzén
@u21)e] 252 Fushy ok

SMOTES} ADASYN-& GAFsH Wl o] 2|qt ZF A2 class §]o| €] & A A5}
synthetlc examples =0 4] z}o]7} Qitt. SMOTES] A9+ u|g] A N
23] ZF 42> classo] tl5] glo] 8|2 aFAE}A] T ADASYN-L ADASYN
A 6.9} 7.0014 HH density distributiong ©]-&35] RE ¢o]Enir}
o] *Hd= okA] Y=t

_4

A

my 1o =
rlo o [UIO
MW

> o

SMOTE2} ADASYN-2 Python©] imblearn T} 7] 2] of] Tt & & o] 9l 0 SMOTE()<}

ADASYN()2 53] 28310 Hrt.
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H 2 (bootstrap sample)S 53l Aol ATE
(soft voting)o] 9]} ¥Z& P2 vrt = v 7] (Bagging) 7]4He] GATE
(Ensemble) MAl2{y 7]
2001)

s

loo

AdaBoost

Weak learners 5 A9l 2t #7715 d4dste WAor &X

¢t f=of sfigshe ﬂzltzﬂﬂﬂﬂgﬂ%ﬁgﬂzwﬂﬂ%
and

[e)
1EAE AAsHe WAlo R P4

NS

i)
3!
S
=
5
CL

=2t (Freund and Schapire, 1997

Gradient Boosting Machine(GBM)
A B B £ 50§91 718715 340 A A 5
£ 7|2 e<57](base learners)E AEA F/dot= Aol

o]t} (Natekin and Knoll, 2013) Gradient DescentE 55
Aasole WEe s A5AE drlo|Esiel gt
XGBoost+= GBMZ HIg© 2 7RdrE]| ¢l 11, W& ¢ Ak(parallel computing)
2 E3f w2 shGo] 7MsaAly SATE (Chen and Guestrin), 2016

i
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2 Leo Breimano]| 2J5}] A|Qt=] ATt (Breiman),



#3d Eg] E&(level-wise tree growth)E AFE
A Light GBM2 E‘/]E =A —E—E
BoostHrhs. 1A} 452, o me] A1 Z@e|A o] & 71t
Finley, Wang, Chen, Ma, Ye, and L1u|, 2017) B Ao A= XGBoost2}
Light GBM-2 25 &85ttt

leaf-wise tree growth)< Fdl XG-

ol
-I—l
—~
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2.5 Performance measure

A 2} 5 (paired data)o]] th3l, paired dataZ} &%
o] 0917 0XEtf 225 AA AL 5k} o & &°], paired & Q1= A9t B
7V Q3 Dy = Ay — B;2F D; 9] Ha-& g 2F oA, Aot A) sh= 72

o4

Ol
ob
rr
=
19
B

o
=
S
e

Hy: pg =
Hy:pg >0
= BT 4 ot
2 AFollA= imputations Tl S5 2] Fgo] =Aof el 4ol
lome, BEAHe Aasich A4 e A4 714L o] g ks Paired t-

filo
ik
o
-Orl[‘
>«
30
£
)ﬁ
e.
z
o,
oL
2
o
N
N
o
e
T
o, I-
Jo o
2,
rr
b
lo,
ol
EY

signed-rank test T

o =
pa 2t ppoll Hol otk 22 VM-S JAT

Hoy:pa = pp

Hy:pa > pp
o = AutA Q] t-test@} permutation test 1231 Wilcoxon rank sum test =
289+ 9l
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Chapter 3

A A7

dlole AAelA ehdst HiolHE defstA] ¢ Zolth. T3 #EA] tiH|
BE2 9] Hlg= A5E(Missing rate)olzt & off, Z2=E0] 1l-¢- &2 W0
A NAE AHESHA Febd o] ti#] ghEo] ¢ TlolE o] 25 gttt
H7] EH A5 T Fd2 7IHsh7 = oje& Aoltt 50% ol/de] A5
B2 Hol= ¥ tigh thx] Aat= oA w-& A o|h= Scheffer| (2002) &
alste] w2 A5E] Ve 50%E HAH

JolelE A4 olo] Kaggleo] 2715 4
Q1 23] AA oAF ]Z d)o] g (https://www.kaggle.com /zaurbegiev /my-

dataset)Z 0]-&35t Alg] A= Y Aotk 2 HlolEH= F=2 ZAAHAQ] b
o8 24 thslo] AHEEE Kaggle Hlol8 o] S04 £9 A=9} 7} A=}
we = . BrF 2AtmE A RS & 5 glenz wAlEY Al A
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8% % glol £9 422 A7) A48
Beg gtk

glo] gl 100,514 2] ¥
npz|at 514709] RE 3
100,000740]c}. BF-SH

e

22} 1979 WsE
ke AZ0R GEF V52

2}
Z

S H 4> Loan.Status= A A AFH
&2 Aeket o] HA "Fully paid’9] 41& 2=
E]= 22,63 9“594 A A ﬂﬂ,q(Charged off )2} 77,3615 2] 4

Qo
=
2
=
&
NS
2
o
et
nx
o,
& ]
4>
mln
i)
[J
lo
d
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047 a5 4
Loan.ID | gE AL Al 24 Y&l Fo5+= ID

Customer.ID

ofl

=

Z 7)997k9] ID

Current.Loan.Amount

ofl

a4 2 Fo

Term

ofl

©71/47] thE o

Credit.Score 5] | CBA} SolA] L& t= x| gAfe] A8 A4
Annual.Income o | 2| gAfe] A 49]

Years.in.current.job 2] 42}e] o Ao A o] Z&EAS
Home.Ownership d | FAA EFEAE A9 5)

PURPOSE Y | g 1Y 2H XY, 18 5)

Monthly debt o | ujd Arstefof 5= 2|F
Years.of.Credit.History S | A& A 71=0] A1Z= o Aapet A7t
Months.since.last.delinquent 3 | F2 A o]Fof 52 (month)
Number.of.Open.Accounts S | A 4 9= AFe] &

Number.of.Credit.Problems

A Bl o N I N _*IT B [ B [N LR AN AN |
ofll

e [ E 2| o |0 [ HY (R | | 0 | 2 | o | o | ofN
oflt

A 44 g 2A
Fol=2] ®7|5F HE

A2z & 7y s

Current.Credit.Balance AE=d | Ao 235 ﬂlﬁﬂ-oﬂ Z| &5 = (credit balance)
Maximum.Open.Credit A& | o|A7FA] AFA 591 H Credite] X|HHZLE.
Bankruptcies a4y | 2 Yzrt ;q:l_yj].;q AL mhito] 4
Tax.Liens A%43 | Ag 52 99108 91 To] A 7 (tax

=
liens) 9] =

Table 3.1: gjo]] ¥ Ad
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Hrg i A=5E(%)
Loan.ID HES 0.000
Customer.ID HES 0.000
Current.Loan. Amount St 11.484
Term HZ=g 0.000
Credit.Score ALY 19.154
Annual.Income ALY 19.154
Years.in.current.job A9 4.222
Home.Ownership H 25 0.000
PURPOSE H3Y 0.000
Monthly debt A5 0.000
Years.of.Credit.History S el 0.000
Months.since.last.delinquent | <A1 53.141
Number.of Open.Accounts | &A1 0.000
Number.of .Credit.Problems | &A1& 0.000
Current.Credit.Balance 45 0.000
Maximum.Open.Credit St 0.002
Bankruptcies ALY 0.204
Tax.Liens A5 0.010
Table 3.2: H49] =&
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S A=EE Hol]= Months.since.last.delinquent 7 2292 249l
2 18l 2704 a3t =2 2585 7HA= ¥4l o]
= B XA ALlsttt E3SE Loan.IDQ} Customer.ID= 7[j01-S &
2, 4140 B ARE TP grom e APRL2Ae] olulr} gl
AL gtet. FebstH 19719 ¥4 5 371 2] W5 A A E4 o AR
A 1579 Hhg i ]2 & 16719 H7F 24 o ARgH

;_4
L
o
rr
fin}

o

3.2 B4
3.2.1 AAT

7 AR A dsks A E= oJn] i dlolE et M A7 ol H|o]
Bl 27004 A58 100,001 A 5E] 100,514H712] 2] glo]Els B E W47}
3t o] 67l Qlom g = A £ go]EE 100,000
Customer.IDIE QFA] 91231 0] 92 HE] BEA A X A

A 9] tfEHS YEFH= Current.Loan. Amountof| = -2 Zho] 9,999,999
= dd=e] Aot o] gho] S oulE yed Vs 28 —’_‘EXHOV]

TFAA QN mhefo] E7HeSHAL A7t M4-0] Hato] 312,313.60]2h= A& —H
2242 2E 2ol o gEet B % A% ALk @A gelAo)
<4 A& UEHYE Years.in.current.jobol| e AZ9] on|&E &2 'n/a’gt=
ol A B wgrE o] Qo] o] GBS AZ0 AHePrh. A AN Ee

Az82 od@ Aot AP Fo BEH ol
GEe] 23 el Pupose MA 3 16719 M2 o]Sol7 73
Fo|t}. o] F T2 ou|E ZA T ¢E ‘iﬂ—’éf‘a % ‘other’Q} ’Other’ B
0 . % 100,000% 9] 7178

—‘E— az FAI5H =



W odelz 4 U A8E ik I4olA 54 AR e 5ol F 7}
ZA5te] = @
WA1e7] SIa) o] €Al ‘Other W2 BT} A0 2 Purpose HAL 14
Aol WE 74A7) ek

W7 Wt ZeE dolEE A dS olgd) Agell 98 ok o
Q1 2427} one-hot encodingo|tt. W3¢t ol ©7]/47] t&= 9
t|sH= Term H4E 92 E2F F 71| HE7F 22822 one-hot encoding
0% Q1) Term_13} Term 284 W27k A4 HEG 2t BEAL 6] 24w
Term_12 0, Term 2= 19] ZF-e 7FX| a2l Z7] )ESAHH Term_ 12 1, Term 2=
098] gt= 7HA1Al "ot Aleste MAleld 71 F XGBoosto] -9+ HFY

>~l

ke

M2 AAH 02 Q1481 %ot one-hot encodingo] B a sttt o]o] the 7]
Y5e "eo]A] QAR encoding o] A oA & AAH R A4S
) BE 7)o Aeste s g,
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3.2.2 ZA3 IH

AR el Bt FAS v 2ol ARt 25 A€ HolHE
S ¥ Ho] AT HolH S FE £ I ET HAld 7]Hel 2l
ol § U2 o= 4s& BoleA #5s] fld vt 22 A= gttt

o]+=|Lo, Siah, and Wong (2019) 2}|Lo, Siah, and Wong (2019) 2] Supplementary
MaterialsE& ZF315}9t}
= LS Hlolg Tk &
sttt o] g|o] E1§ Lo, Siah, and Wong (2019)2} Zo] gold-standard o] &2}t
[e1s} W7} glolel 2 thieet

é%ﬂﬂﬂﬂ@*&ﬁzﬂ@ﬂ%ﬂwﬂﬂ%ﬂﬂﬁe% & olgof 2

A A ARt HlolE Tt &5 TS F-oF A A E ¢ HolHE

ol 5t B-¢E BlaLs| o= 4452 ZFol7t A=AE Flske Aol A9

F3o|t}h o]g A FH|R ARt £8 o] E (Complete-case) &t 5712 H2] &

71383t gjo] ¥ (Imputed train data)=of 22} oversampling2 2-8-3F & A1 2

Y 71Hs Agote] nj2] 26w B71 HolH 9] 94| oARE St e

H| 1 51A Hrh. B71 Hlo|8 = class B o4, 25 x| 59 F7He A
2]

% o7 2 oA T 1

A= izt HA Y 7] 739 2.285 2480 A AFT B PHS A
S35l Imputed train data®} Complete—caseg H|w st ZF Agke- 19 HHEst=
Aottt oversampling G A] o -85 oF gttt Oversampling-2 140]| A]
AEstazol At Aol v E 540 5 qitt. o]of & Ao M= =
= oversamplingg thF7| B FEA Q] Imputation®] Ao £ ¢ HE5}H7]
9Jl, 0121 dolelo] thal 714 & A AnE HolHAE JrjH o ns

ZAE 7tA6HA 29 & A 9to| 75 Random ForestS ©]-&3] oversampling
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0.790 0.800

0.780

71e A4t 2, gold-standard dlo]Ho] A Ee1/B7} dlo]8 B
Pt T doj A dlo]HE Foll Random Forest &9+ stal, oo ot
test A 2 PEPh o ATE ol 71 4B shupe] S w

A5kl zf Sk /\}Eﬂ ALt FASHAl € HlolE ol A 252 A ANE gold-
standard H|o|EE T /H7} Hlo|g&E 7:39] H|-&2 U=t} ZF oversampling
ot & Random ForestS &3} test AUCE 100 7| =6t = H| 1/ 5]

]

il

Test AUC of Oversampling method with Random Forest

_ . i
i ’ — |
| : | , o
1! . | L : ——
: L ——
: | : ]
| T | T
Original data  Random Oversampling ADASYN SMOTE

Figure 3.1: Oversampling 7] 8|1l
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AHiIE 55 ADASYNY} SMOTE+= 95|28 oversampling-2 6}A] &2 3¢
Hot AUCY7} @A A4 =™ Random Oversampling®t ¢F7He] §315 H9 &2
oF % Sle}. o= oF 108 7] Hlo]H el Al 3:1 % & (77361:22639) A= 7]
v {FHlEo] HAlE g Agtof of kS & A= AZsHA] o, 44 class
A o] HRE &-85F= Zlo] synthetic examplesE F715)] o= Z R
2%t B of| 3A8AR] aNE ok sjAE 4 Tk
UubA © 2 Random Oversampling®] 7}4 HIHSHA A= 2471 1129
(Overfitting) 2A141H], @A) HJo]el dlolele] o] vlaf W4e] 547 g
2271 mizoll ol2gt A7 AAYSHA] 92> Ao = Hlt && o] A& 55
Random Oversampling®] SMOTE, ADASYNXt} 42 oversamling 7] o]z}t
T8 A glovt, 7t 480 2 0] o] o] 9lor] 2 el oversampling
o] 82 HAHSt Agtof| A Q] Hlu 7} B&o]7]of Random Oversampling=S %]
2], oversampling 5] T=
B/do] WAst7|o g o] Agor AwE H|Wsh= Zo] ofd & ¢ =H
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3 28oIA =gt A A FNE &

N

i

Wat7] Aol 100919z Bk ATkE ok

tjo]E], Complete-caser= A=0] §l= Put F=3F ¢)o]E], Mean - missForest

+= ImputationS #1843t fjo]gfo|tt.
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Folt}. Gold-standard=



Table 4.1: ZF A= 29 tjst XGBoost2] AUC Q°oF

a5 HA ey | ¥k | EEEA| 5% | 50% | 95%
Gold-standard | XGBOOST | 0.7397 | 0.0035 | 0.7338 | 0.7397 | 0.7452
Complete-case | XGBOOST | 0.735 0.0034 | 0.7295 | 0.735 | 0.7398

Mean XGBOOST | 0.7373 | 0.0033 | 0.7312 | 0.7373 | 0.7428
Median XGBOOST | 0.7366 | 0.0035 | 0.7309 | 0.7369 | 0.7423
KNN XGBOOST | 0.7371 | 0.0035 | 0.7307 | 0.7371 | 0.7425
FAMD XGBOOST | 0.7373 | 0.0035 | 0.7314 | 0.7376 | 0.7429
missForest XGBOOST | 0.7346 | 0.0033 | 0.7294 | 0.7347 | 0.7401
Table 4.2: Z} A= -2 g5t Random Forest2] AUC Q©F

a5 HA HAl2y Bt | BEEA| 5% | 50% | 95%

Gold-standard | Random Forest | 0.7937 | 0.0030 | 0.7883 | 0.7938 | 0.7981
Complete-case | Random Forest | 0.7587 | 0.0035 | 0.7526 | 0.7587 | 0.7643
Mean Random Forest | 0.7726 | 0.0030 | 0.7684 | 0.7726 | 0.7768
Median Random Forest | 0.7748 | 0.0034 | 0.7690 | 0.7748 | 0.7803
KNN Random Forest | 0.7742 | 0.0035 | 0.7689 | 0.7739 | 0.7801
FAMD Random Forest | 0.7730 | 0.0031 | 0.7679 | 0.7730 | 0.7782

missForest Random Forest | 0.7721 | 0.0029 | 0.7682 | 0.7718 | 0.7771
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Table 4.3: ZF AZ= tjjo] tjgt Light GBM 2] AUC Q.9F

a5 HA il | B | BEHEA | 5% | 50% | 95%
Gold-standard | Light GBM | 0.7384 | 0.0033 | 0.7327 | 0.7381 | 0.7440
Complete-case | Light GBM | 0.7347 | 0.0035 | 0.7289 | 0.7349 | 0.7400

Mean LightGBM | 0.7366 | 0.0033 | 0.7307 | 0.7365 | 0.7418

Median LightGBM | 0.7368 | 0.0033 | 0.7302 | 0.7364 | 0.7419

KNN LightGBM | 0.7369 | 0.0033 | 0.7316 | 0.7368 | 0.7422

FAMD LightGBM | 0.7364 | 0.0034 | 0.7312 | 0.7363 | 0.7423

missForest LightGBM | 0.7331 | 0.0032 | 0.7283 | 0.7333 | 0.7384
Table 4.4: ZF A= -2 tjgt ADABoost2] AUC Q9F

a5 HA maley | "t | B8 5% | 50% | 95%

Gold-standard | ADABoost | 0.7333 | 0.0032 | 0.7283 | 0.7329 | 0.7386
Complete-case | ADABoost | 0.7288 | 0.0034 | 0.7232 | 0.7289 | 0.7337
Mean ADABoost | 0.7307 | 0.0033 | 0.7250 | 0.7304 | 0.7360
Median ADABoost | 0.7310 | 0.0035 | 0.7255 | 0.7303 | 0.7373
KNN ADABoost | 0.7321 | 0.0034 | 0.7264 | 0.7322 | 0.7383
FAMD ADABoost | 0.7172 | 0.0050 | 0.7101 | 0.7170 | 0.7263

missForest ADABoost | 0.7286 | 0.0034 | 0.7232 | 0.7288 | 0.7347
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Table 4.5: XGBoost2] complete-case2} imputation®] AUC B of gt AA
4t

A= x| | A Y | Permutation test | Wilcoxon signed rank test | t-test
Mean XGBoost <0.001 <0.001 <0.001
Median | XGBoost <0.001 <0.001 <0.001
KNN XGBoost <0.001 <0.001 <0.001
FAMD XGBoost <0.001 <0.001 <0.001
missForest | XGBoost 0.944 0.943 0.949

Table 4.6: Random Forest2] complete-case?} imputation®] AUC H| o] gt

A4 2%

A= 7] HAIHY Permutation test | Wilcoxon signed rank test | t-test
Mean Random Forest <0.001 <0.001 <0.001
Median | Random Forest <0.001 <0.001 <0.001
KNN Random Forest <0.001 <0.001 <0.001
FAMD Random Forest <0.001 <0.001 <0.001
missForest | Random Forest <0.001 <0.001 <0.001
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Table 4.7: Light GBM 2] complete-case®} imputation®] AUC H] o] tfgt A=A
4t
A=tz | HAIHY | Permutation test | Wilcoxon signed rank test | t-test
Mean Light GBM <0.001 <0.001 <0.001
Median | LightGBM <0.001 <0.001 <0.001
KNN Light GBM <0.001 <0.001 <0.001
FAMD Light GBM <0.001 <0.001 <0.001
missForest | Light GBM 0.99 0.99 0.99
Table 4.8: ADABoost2] complete-case?} imputation®] AUC B of tjgt AA
At
A= ) F] HAIHY | Permutation test | Wilcoxon signed rank test | t-test
Mean ADABoost <0.001 <0.001 <0.001
Median | ADABoost <0.001 <0.001 <0.001
KNN ADABoost <0.001 <0.001 <0.001
FAMD ADABoost 0.99 0.99 0.99
missForest | ADABoost 0.714 0.6855 0.7227
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B} AA O AtE HH Mean, median, KNN imputation®] 7
HE WAl 7 tis] AUC A452] d<lo] F it FAMD®] 7
7}2] 719 (XGBoost, Random Forest, Light GBM) o ths]] A5 FA=
TF, ADABoost 9] Z-¢-oli= AUC AF5-o] LdojubA] gl @5]3 ZA-sh
H @t} missForest2] 7-2-0f|= Random Forest 23} Aloj|2t AUCZ}
19 HAEY 7] disiA= AUC Has 23
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Chapter 5
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Abstract

Sung hyun Lim
Department of Statistics

Seoul National University

Listwise deletion is the process of analyzing only complete data after re-
moving all missing data. Although this is a method to deal with missing data
that is frequently adopted due to its convenience, it is highly likely to cause
information loss and biased results. Therefore, the purpose of this study is to
investigate whether the utilization of the imputation methods has an advan-
tage over listwise deletion.

In this paper, we show that statistical imputation is better than listwise
deletion by comparing the use of complete data in the machine learning train-
ing process with the use of data that is handled missing by imputation. To
properly discuss this, we will develop the content, including missing patterns,
machine learning techniques, and methods for handling class imbalance, and
check the effectiveness of the imputation in the classification problem of pre-

dicting delinquency using bank customer data.

Keywords : Missing pattern, Statistical Imputation, Classification
using machine learning, Class imbalance
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