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shirani (1996)9] LASSO(least absolute shrinkage and selection operator)®} Fan3} Li (2001)9]
SCAD(smoothly clipped absolute deviation)& 283l Zoighs Aglslux} o). HHEEXT
99 A AR S WA 198 W e Seb 5 Sl W 0 e
e FARATTE AR Aol nE W Y 59 ]*1 Ho} Hg A olr}. wheba] B3} 7)ke]
05 A% S5 Sk LS Ao g AR AT 10 2ge) ol
Heh o AL 714 AdE 540 e 71
2 =E2 D}—-‘)r Zol FAE AUk 2% oME BX
£ Koo 5 (2009)¢] 2o d@dzt spAjetat wgo] (2009)9] Al&AtRl gt &
1ASE Egedrol g dag AEel d545e H];r_ s, mpAEe R 4goxe A&

57

A3} 7INke] Azt el tiste]

of 7uket Aekgt Aeol tiatel Awalr] Aol $4 Bad /eSS Fos|z dvh Ay
€ R, MHSHSE Y € {0,1}2hT BT {(ai,y:) ) 2 olo] thgdhe
zekw Asal o374 @ = (2., 2P)E A BiE AR vel, AR 77, 93
EAFER o|Fo]R MElo|T, gk AGAEIL £ A9 10T B A9 09] e etk
(=1,...,p)°ll thate] S4us XD Aagte] AGE nyolx 1 W57} Adke ko) sk 4
7t o)) = FEAR n ke ek o elel BiEtel of) < o) < <) <
7H43hd, n; 719 74 (dummy variable) z (j) =I(XY ¢ (tgjzl,tg)]L k= 1,...,nj§%
«]Tﬂ’ Act. 047]/3 I= A A (indicator) 42 L]—E]-EH_I;]-. A X7} ZoJAS ) uks
Yo 275 358 2x2d 37 23

doi (B T

o, rloor )y o

R )
>
I
=
=
=

Aoy

g

£
g

|mJ

Y0 ng7le) Auge R dugio® Zhe SRR YL dehich &, dugk Ade] 252 o3
o] xEE Ao Aoyt 1) 5L Aeshe &MDP.

FA4 5 (2005)3F Koo 5 (2009)9141 A% 494 oo thetel Aeigt t1) 8 vj54 (knot) 0.2
3R A 228 714 Bi(aW) = (@ — )% = I( O > 1) meistd

(e

f(®) =7 + ' YikBik (fﬂ(j)) (2.2)

zAEE A7 0 =38, Bio, Vi = Bk — Bik-1, k = 17--~77Lj°]E]'~ wreta] Aokgk A EA
N 2ZE)0l 7)Ao AERAZ v A "B 228kl BF 7)Ao A= Kooperberg 5 (1997)2)



ASTHBIIA HHEIS 0185 ML Mey 263

A (stepwise) 7|14 AE]Ho 9]5le] AIC(Akaike information criterion) & A 3}el= 23S A
Sto}. Bk 2pA| 8 AF-S Koo 5 (2009)E #x317] vl

Brieman (1096)°14 2|49 wle} o] B4 Au7h e HAREAY QUL Werbe] B
%7 0% ofolFowm 1 AH A7} vl Bk ASo] WAt Asete] BE 4 Yrhe o
Aol ek, olo] i3 ko WANE B A AdHe wET £ e ok A% AU &

23 =3 FPAL 5 9t FHo] Utk =

& FAS Aol Fezn Wt PP A et 3 9
I1-9=

2~
T

ot
rlr

n

1(7) = > lyilog(f (i) + (1 — yi) log(1 — f(w:))]

i=1
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3.1, DoAso Anh WZ QERE, ()AL HEQA
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T 3.2. A ASKR0MO Lo BZ QERE, ()US HEQA
pan=] ~Zg 2R 77 LASSO ¥ 43 SCAD A3}
ANEItE 9= 0.2027 (0.0023) 0.1780 (0.0017) 0.1833 (0.0019)
o3y & 0.2725 (0.0018) 0.2627 (0.0015) 0.2687 (0.0018)
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Cutpoint Selection via Penalization in
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Abstract
In constructing a credit scorecard, each characteristic variable is divided into a few attributes; subsequently,
weights are assigned to those attributes in a process called coarse classification. While partitioning a charac-
teristic variable into attributes, one should determine appropriate cutpoints for the partition. In this paper,
we propose a cutpoint selection method via penalization. In addition, we compare the performances of the
proposed method with classification spline machine (Koo et al., 2009) on both simulated and real credit
data.
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