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o oF

o o5
ERdo] BEel BAGEHE TR U837 BN # B3 dEe 2R FARAEESTE FATe W
oz AHFEst Ex 243} kernel density estimation 0]3'}% HIZF2AE vy AFES Bxo 48
EM ¥12|5e A3l 4383, KDE HiolAs ol ARgshs ol £/ Ad det vi7kA9 WSS o
gttt el 233 222 RH 33 479 ROC & 73t -z}’gffl' BxE9 AY=E v B, o)E
o 2 73 ROC 449 43 vla E8dth & dFelAe KDE iz 243 Ex3d7F o A3sta,
FAT A4EY BXE 0|83 ROC 471 o] £2 AHE WE}LH% 2L Ttk
FRE0: 0%, 2XFA, M, ROC ¢, Melte, AREE, HY.

1. ME

ROC =412 A3} (performance)E 7|¥ke 2 EF 2} (classifiers)E Al Zts}stal, 2A3bsta, AA =
WPoIH (Faweett, 2003), A A~de] 48 AZAShstn $ASH=T Agol 2457 (Swets,
1988), <o|ad 24 A9 AH}E sosh=d AH-Hth (Lloyde}t Yong, 1999). ROC 4L &7/
Z}2] “hit rate’(©] <))} ‘false alarm rate’(H]-&) Alo]o] W3 (tradeoff) S BAFSH] §3) A5 EA] o] 2
oA Qe ARE AL ATt (Egan, 1975; Swets 5, 2000). ROC 249 EA40] A% Ay A%
T ROC 248 $83t=d #AH H R+ Fawcett (2003)3 Provost2} Fawcett (1997, 2001), &
A3 H X4 (2009), TFA 5 (2010)A LAT 4= 9Tt

AL A= Ak ATE oA FH o) O} 2183 7H(credit evaluation)d FHOZ =23}7] 93}
01 2} (borrower) & 23 0] (score) EEWHS S B4E2t D = {d,n}ol g3 EA4E el
744zt A7 FEAST S+ ‘31137]4"’11/‘1 229 AGAXE At s Aol A R A%
Y e 2 2Fojort. 2Fo] Mg SE B Y& H ‘ELJ% O 72 239 AlgTA| ol Het
Hoj o) Aslo] 22 njefAe] DE of ]”’6}— Zoltl. DO Y49l d default(F%) T+ disease(Z
H)S e Y o2 Y949 ng non-default(FA4) == non—dlsease(@@})ﬁi AAsIcE aAFF] 2
9 % e RRgRos PR AAn. RRPUS uA R fEdaseel gt Y
o} B0l gt AU TRAG. A% ©4 DA 4L W(D = d) REAFY] 24
%812, A58l D7 ndd Wh(D = n) BAAFE] 2R Stk 223 Fol2 R4EL Dol
szol WMol 273 FARERSE 247} Fu(s) = P(S < 5| D = )%k Fu(s) = P(S < s| D=n)
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o2 pehd ), £310] 5] REYSE T3t Zo] E@UTH

F(s) = vFu(s) + (1 =) Fa(s), (L.1)

rlr

o] 714 v+ AAH & (total probability of default)o]w, v = P(D = d)°|t}.
ROC F4& 7—1,' ZHd (cut-off value, threshold)e] A~FojolA L= HEEZ AT 9Jom, AA
B2 Heg 333 of&3= H]-& TPR(true positive rate) T} AAZAS Re g 2 o S31= 1)
& FPR(false positive rate)& 24z} X537} Y5 ol thaA17 222 th53t o] @At (%
A8k JE = Tasche (2006) FZ).
(Fn(s), Fa(s)), s € (—00,00),
(u, ROC(w)), u € (0,1),

o714 ROC(u) = F4(F,; ' (u))olth.
Pepe (1998, 2003)+= X
S ELFE
Aok 712e) ATANL B ()T Fal
a 29 (Pepe, 1998, 2003) &)
AToNE ARl AT BEPS

—~

30 &
ok i ru]ru

ol8 o?ﬁ(blnormal)63 B2 At AA =}
Al Rz Aol A9 gA FopR 7| of
Aok MRoE H]‘:'/\ZJ W SRS o] 8% By
W (McCullagh®} Nelder, 1983) 5-°] 1t}

J3t7] 915t 287 AFE5H(normal mixture)
Eq’#"/}r 714 3ol A &7t Kernel Density Estimation(©]3} KDE)<S ©]-&-3}
FAskE WS A7t AEE 29 BEee EM €18E2 AR #746kaL, KDE
+ Wol ARgshe o 7Y Ad et U7 Y] W F (bandwidth) FollA H A& 417 st
ZAst}. a8l3 A3 BxzHE e 47ke] ROC 3845 73811, ROC A2 472 n
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R4S F487] $5te] KDE BWg ek
BN Gk 159 AT ETELS So B BRPAE A, SEAAE =
AE B3 FHS Zx7F A5l AR E AHEI, ROC FA4E #3t 4F4E vl &
o] AUC(area under ROC curve) & 3lo] EE3It}. upx|uto @ 4o 223 FE3}.

2.1. Kernel Density Estimation
Fo1F E-ExE(random sample) Si,...,5,2 FEDZ=E f(s)2F 3HAF. Rossenblatt (1956) 0]
o3 Aetd AdUEdo] A (KDE)L tf23} Zo] 23 HTh

n

s 1 S—Si _l .
s)—nh;k(h>—n kn(s — Si),

i=1

3

1714 B4 k()& A9 (kernel)ol2h 819 ku(y) = k(y/h)/ho2 T 228 BT,
/00 k(s)ds =1, /00 sk(s)ds =0, /oo s°k(s)ds = o} > 0.

—o0 —o0 —o0

{Sa1,Sa2, -y San} 3 {Sn1,n2, -, Snm } S 22 fa()} fn()ZFEEL] TEI7] n3 mo] FER
olg} 31, Zou & (1997)3} Lloyd (1998)°] #| ¢t ROC 2] AY FAHE 4] (2.1)3} o) 23,4



ROC & 4 989

A},
ROC() = Fa (Fa (), (2.1)

A7NM Fa(s) = Y1y K((s — Sai)/ha) /0t Fu(s) = 327 K((s = Sny)/hn )/mh Fa(-) &t Fu()2l A
g Aoty 283 K(s) = [° k(u)dud AY FHRZZFY, he? hyt WH2E Lloyd2}t
Yong (1999) 28|37 Halla} Hyndman (2003)°] A|A]SH V| 7}A] 2] u] =l el (Normal Lloyd, Plug-in,
Mix) & o]-835t] H A wFAHYHE AHEeitt. AGUETS k()& T4 2o mebs oAl 74
Z]9] Gaussian, Rectangular, Triangular, Epanechnikov, Biweight © 2 B73I} (Silverman, 1986).

(2011)9] AFfME AFEF HEZE 083 ROC FAo| Atmof 7Pg & A3
Holrk AR ARelr B24s RaT FaPded] 4FS T FUEE 1A et
3 A AN Agel P A 2xdeE 4

Fd(S) :ZOéZ@ ('S )udmo—d Zﬂ] S5 Hny, O n; )7

ok
i

A7 S i =1, 39, B = 1 BT O(s;p,0%)E B 2kl 47 p, o AFRERS

LieRdith

EM ¢weEe st Ryo) 448 4 o EFuYoHe] n4 FHNE G857 AH

Ak (Mclachlan»} Krishnan, 1997). Everitt (1984)= F A{J&Ex7} zzﬂ-_ﬂgi o), R4 2

£ ket AuEE FoA EM LuelEe $44e 261, Aitking Wilson (1980)2 thoFsl
o] A9 23 (mixture model)of|A] EM &18Z&S A3ttt EM du82Le

Hopo] otz of 3t B4 Wol A3l

o™y &
oo o K

=Y
)
Me
2

askal, EM ¢a2|ES o83t

= . = °
= =4q il = =
AREY B2 R4E UG, 2AY REUSE PO ROC P 4 (22)4% wIAL},

2

ROC() = Fa (F'()) (2.2)

3. S0

3.1. DP21 A2

A AR 51,8487 AMEE F 48979 AR 3 3
DP21)E E43tt} (Pepe, 2003). o] AARE 4] (1.1)3 22 E3HEEZE w2 4 = 489
o] 2tz ol A AT BEE 2.24 A AFS 714 oA EM gl g =4
<3 2t

rol A2 (ol5}
89/18480|t}
S,

Fa(s) = 0.99 @ (s, ~11.38, \/M) 10019 (s, 10.56, \/@) ,
Fo(s) = 0239 (s, ~0.90, \/M) 1077 @ (s 8.36, \/ﬁ) :
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i 3.1. DP21 Atz22| K-S SH

R K-S 5A %
KDE 0.0185
AFEg 0.0357
CDF Estimation of DP21 ROC Curve by dp21 data
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w3 DP2 AR RIS AYNEFLE 28] Aokl O 742] AP P4 (Gaussian, Rectan-
gular, Triangular, Epanechnikov, Biweight)2} W] 7}x]2] )= (Normal, Lloyd, Plug-in, Mix)= A&

AR AREGS0] tolo] EM L12ES AHedlo] 248 AFET RETFS KDE $9L o
S3lo] AT Srote] AFITE LolH 7] $3te] FRUZEZ-A1]2 % 3 (Kolmogorov-Smirnov; K-
S) AR& AN 2E & 3.1 Attt A TR AT} WF FollA K-S FAFo| Al
4 22 7S Zh= Gaussian A9 Mix W&-& 0|83t}

319 K-S A AAR0.0M47)HT} 2op T wpgol o)) 342 BRI AUA FARE
ol ARk DR 5 9ow, KDE e ASHL uel K-S EAREE A7 EH ol o
K-S EATRRL 7] WEo] AWA FART Yol HS AG R PE KDE PR 34
S 7A2kT spobe 4 ok DP21 A4R AA 12l olsh A4S AWA FARF IS} AFEY
Wz KDE Wow 249 2o RE4E 19 319 A%l depigich. 284 FAREY
e A Adez ey AFEd Exddees JA0E, A Exggs A4oE xdeH
AFET REPS AY BEYS 2F7F 2] 2ol AU BP0 e AT B
& 4tk

DP21 A9 4d% ROC &< ROC(-)¢} KDE ¥HHE o]&3te 43 4 (2.2)¢] ROC &
ROC(), AFEF WS ol 8sto] 2743 4 (2.2)9] ROC o
a2 FASYT. 19 319 SEES F5) ARA ROC AL 7|20 T ERe) Yoz
& ROC AL A0 E™, 28A ROC 40 t]-¢ §A3H FEH 0 2 3ho] 7} Qee shobet 4
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I 3.2. DP21 At=z2| AUC SH 2t

23 28A 4y KDE BFE U
AUC A% 0.9217 0.9196 0.9213
(B3A P Ael) (0.0021) (0.0004)
I 3.3. V| At22ol K-S EH2F
U K-S BA %
KDE 0.0042
AtEg 0.0106

4 ROC 417 vlawste] Quith 2842 e8] $13ke] 2i2ke] ROC 419] AUCE F3)e]
20 SoksiTh. AUCK] thsfel B £@o] 9o} 53] Joseph (2005)0) 2H4l3) AHslo] 9)
# 3.29) 298 AR, AFER PPL ©188 ROC F419] AUC7} KDE 4ol o8k AUC
o A8H BEGS Y3 AUCH B% 2AE] mhEel] AFEG L ol §3tel 24T JHE
227} o AFsioia #9E 5 ek

k
3.

oo HT _E 9] oﬁ

_r“

3.2. 21ZV|Y A=

= Wz Al 1994UEE 2005G7HA] 27D FoA QRIS Wi | = EAA FRIb
i

450091 o]Akel 7ol tidt z}g(o]3t JA7IY AR )olH, FRESTE 4134 (n = 238, m =
3,896) 0| v = 238/4134°]t}. o] Az HAet AFEFEEZE EM dugEoz 43 2= ¢}
&3 2o,

Fa(s) = 0.18 ® (57 10.03, \/11.03) 1082 @ (37 25.85, \/116.17) ,

Fo(s) = 0.25 @ ( 33.64,v/101.15 ) 1075 @ (5 57.88,v/153.85 )
A7 A=) FEE KDE S A3 918ke] 3.183 o] thil 7HAe) AYES F Gaus-
sian AQPSE ABIAAOT, ] $F WF FoA MixE |8 A AR AW =4
Ex3o thste] EM €uglfe® F4% A4ed Ex 349 KDE & o] §3te 43 Ad
pEFSole) YL THFa7] Astel K-S 24 BAFE E 3300 ek
# 335 AFEY F IR oR AT Fx o] oIk K-S BAZE ] dAIRE(0.0299) Bt BT 27
w ol FE A FAREES| AEstal, KDE WS AHAE e K-S SAZRE A% Sl
o8 K-S BARRL A7) gl A8 FARE R 0 A BEYSE KDE oz 2
A 2x 4S5 4 At
2% 329 AZNNE )G Ame] HEsh A4 2o T AAAR 22l thSFHE AUA AR
E4E ADA Moz EUNT, JTEY B KDE PHoE 299 2470 BEFSE 47 3
A3 Adow TSI, AFEG TR AY BEGSIL FRE7) uhzo] AH L gl
oe AgekcT Budic
A9 A5 4@4 RO 2} KDE WHHS o] &3t 43 ROC 3, 243 A& £
2RES ROC & 73t 11 3.29] 2EF 243t AFEFH WHE o838 ROC F49]
KDE P& o8-8 2%t 284 whol 9% ROC F4o] AR sholet 4 ik,
ABA ROC FA3} v Astel Z2te] AUCE Tato] mlastust & 349 Aelstalcs. A7E
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ROC Function Estimation
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Abstract
From the point view of credit evaluation whose population is divided into the default and non-default state,
two methods are considered to estimate conditional distribution functions: one is to estimate under the
assumption that the data is followed the mixture normal distribution and the other is to use the kernel
density estimation. The parameters of normal mixture are estimated using the EM algorithm. For the
kernel density estimation, five kinds of well known kernel functions and four kinds of the bandwidths are
explored. In addition, the corresponding ROC functions are obtained based on the estimated distribution
functions. The goodness-of-fit of the estimated distribution functions are discussed and the performance of
the ROC functions are compared. In this work, it is found that the kernel distribution functions shows better

fit, and the ROC function obtained under the assumption of normal mixture shows better performance.

Keywords: Bandwidth, density estimation, goodness-of-fit, normal mixture, kernel, performance, ROC

function.
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