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Computation and Smoothing Parameter Selection in Penalized
Likelihood Regression

Young-Ju Kiml)
Abstract

This paper consider penalized likelihood regression with data from exponential
family. The fast computation method applied to Gaussian data(Kim and Gu, 2004) is
extended to non Gaussian data through asymptotically efficient low dimensional
approximations and corresponding algorithm is proposed. Also smoothing parameter
selection is explored for various exponential families, which extends the existing cross
validation method of Xiang and Wahba evaluated only with Bernoulli data.
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ol@tm 1 p,2 EAUT B Sof, WREF5I} f'iyzdx% g AdY FaHE 7

H A8 A~Z 2 <l (cubic smoothing spline)o]&til FHr}. }

A4E BEE BE2E A8 dg ¥H$E3AL O'Sullivan, Yandell, and Raynor(1986),
Silverman(1978), Green and Yandell(1985)°] <l&] APHR ATFHAT Cox and O'Sullivan
(1990), Gu and Qiu(1994), Gu and Kim(2002) $& H2# 7, o F2d +38d dste A7
3932, Gu(1990,1992), Xiang and Wahba(1996), Gu and Xiang(2001)& HE R4 Mguydd
e Al wisle =3¢

THF x7F AL A olAE HaHE ANV fstd O(nd) G gl 8FH
53 no]l AAE S, & 43 AEA Aol HaE Asde] ALz JEARA &
o] =9 EAL dALEAAAY AieE WED F8H0Z AXstE WHA a9 o
3 HAT ¢uES AAFGE Aotk Gu and Kim(2002)& (1.1)9] HadE I B
glln o W3t ¢g-2de FFFL H 2 SANAE | A7 3 22 H24 5
HES 7t AE BATh o ®, g9 28t O ¥TD*), pell1,2], 1, Verl, =
2 73 @A 2ot @ pe(l,2]x ZH 99 BE=(smoothness)oll e} ZH AR, 3

7t 5% 20 AR RE, [(7 D) di(o0ld p=22 ET) r& BHE BF )

o o3 AFEE HEEE Yehdh(FY 2ZFAY AF =42 Fu}) ol ¢-xd ZALE
o A%E OlngHz FolA 53], g=xn??Y o ¢-APe ZA AL O(n B7t &
k. o Kim and Gu(2004)& °13 g AX}Y ZAE o] &3 wE ANYEE 7¢I As
o HEAFTh o] =& HZFE-AIQE ABo thEte o]E 3 AAY ZAMHE o] &F ANTHE
Nerdta A LA)7) 27§}, .

259 2EHQ94 LY A5 2ASRE RS WY ZFolth A BE By A
HHE 2FY 2FHAdA olF T2 AU foh v ZFASH AFEC dE V€Y HE R
o AdewyozE= Gu(1992)7F AA & performance-oriented iteration®]E 1% &2 & indirect
cross-validation Y3 Xiang and Wahba(1996)2} Gu and Xiang(2001)¢] AA$ direct
cross-validation o] glck. o] =FNE F /X9 FE 24 AdSY F ol £&3Hoxn
AFAA AdEez 432 Gu and Xiang(2001)9] direct cross-validation ¥ & ©]&3t4 A
A" AGACV(Alternative Generalized Alternative Cross—Validation) score® A&-3tth. AGACV
score¥ Xiang and Wahba(1996)¢} Gu and Xiang(2001)9] 28] Bernoulli A& w3td 1 A%
o] AFHUY. 23 2 99 O AFF Agd A J& B4 A9y AFH e
g8 do] A3 Fol 3} o] =EL E3] AEHE XNFF AE ¥ direct cross-validation
W A5 AA% 4 2 AL P AT BAEH e S Bolnx o
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WA -y 0e digteg (R(x, - ), (- 0=Ax) & FAE #Fde vE AR F5E
RK(ReDTOdUCIHg Kemel)olgt 3t&d], o83 RKE 7IXE (1LDY Haxde F+Tts
RKHS (Reproducing Kernel Hilbert Space)#til 3hc},

AR #F J(ped 43%E N,={zJp=022 54, RKHSE NH; o 22
A 3 22 YA dv. H = ](7})% AF=Eo 2 zZE RKHSo|Y. RKHSY 23 H#&
i é’éi o83t HHSE HEFE A3 7&@*"5 F3xd o] otd oI
Z2E FEAd FA BEE

()= 3 d b D+ ek (x,9) 2.1)

ol W, {¢ e BT T+ 43y VIAFFEolL R; € H; A9 RKelt.
X2 4

A8 o, r=011904 WAE WHE Jn)= [ 7’dx= F9, 9FL N, =span {1,£,(0),

1 1.
H, =7 [ nte= [ dr=0Jnco)a A0 2z 22 2 A o W H, A4S

RKL‘:—' R](xl,x2)=kz(xl)kz(x2)~k4(x1—x2)7]' %C}' (kl(x):x_O.S, kV=BV/V!°]—]—-,-
B & Bernoulli th&2]e]t})

22 8 NMFHAAF

ol =57t exp{(y6—b(8)/a(d) + c(y, )} FEol
B —b(6(7))}7F Bt A7 0% AE EFolL a(dE A
¥ meorh agn g 04 92 WEez To 4TS WAE AVSA @ioh
Y, e 79 d=aA ovz A% & A3 al(@)E A9 FFHIAT,

W =dlldy, w(pY)=d?%dy*z2 U p5,& ZF5FY 94 ElulgyNI=0 ¢z
Elu’ (1 V=0 Elw(ns V)] 7t 9% 2% 44 22 & Ak <714 oPx golh

aHY B 25 Ad ke (1.1)9 H23E Newton iterations& o]l €38 F&oh 7(x,)
AH (LD ZASEFS p(x 1Y) olA2AE Fabw et 2ol WANFTARAT
5 Yz Jehdd,

)
5
!

PN S PR LEPY O (22)

1=

AN Y,=9(x)— u;/ w;, u;=ul9(x);Y) w;=w(7(x,)Y,) °lth Newton
iteration® ol &3 WANFALAF RS e Aad g, 2 7& QUIE AA U
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o ol gA FYEE FAFI T sk @
Gu and Kim(2002)€ 2717} ¢<»Q A9 R2JE {z;,7=1,...,ad{x,i=1,...,n} 9
et et 22 H M2 ¢-2def ZAEE AR,

W)= 3 d. D)+ SeR Az, 0= Td+ETe 23)

A71 {¢ }= 43T N9 71-0ln £ (0)=R,;(v;,0)E RKo|th o] X8-S (22)0] o

(Y—Sd— Rc)TW( Y- Sd— Rc) +n Ac TQc (2.4)

o, Y=(7,,..., Y,)T W=diag(w,,..., w,), St (GaA 427t ¢ (x,)
A wxm YBol:, R (4, )AA 227t R(z,,x)% nxq 88, 283 Q& (5,84 92
O R(z,zpQ gxg #NBoln. Y ,= WY, V,= WE(Sd+ROz %4,
Y,=A,DY 7t 1 A& B8 gtk (249 AL Kim and Gu(2004)9 H2AF
At wtA7 A2 Cholesky Baist A/F% tidol & & 4 ok

3. 98 240 A

& AolM AAE HaHe A dngEL Y HE 25 A9 dEe dAEUG 9E
2ot A3E Adste THES F e FHE 98 FZ2 o)A, 4F FZe 13d
BE 2ol tiste] HiaE AN vRAF FEZE cross-validationg °]83 & EFE
A € o] oA WA v HE 2o Yy ddte =8 %, 4 AFF
et .

3.1 Cross—-Validation

Kullback-Leibler A8E 43 (21) =& AAY ZA 223 7,9 F3 9,9 )&
A%t B8 4o HdEe o] g Kullback-Leibler A8 E A3 sle HE Agses die
2 AARZPY A FFo| 3 Kullback-Leibler Ad+E

KL(7 3, 79)={p(n)(6(7¢)— (5 ))—(6(6(7 ) — b6(n D)} al$), w=dbldd=E(Y).

"ol gle eSS AAZN}T FEHEM ddod HFE FHIA hSF ZL  Relative
Kullback-Leibler Ad& F& & 9t}
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RKL(7 3,7 0)=—5 3% (= u(n o D67 {x )+ b (6(7,(x )}

=1

u(no(x )0y (x NE Y,ﬂ(vai](x DNE A3 RKLY cross validation $3XE Al4kshd

n

Ln(x Y )+ Y (800, (x ) — 62 x ) (3.1)

n =1 n =1

7t 93, 714 gl = (1.1)9) delete-1 WA Hxdolgh, 28y, il Aate]l 4R @)
W Zo ©]2 3 cross validation score(3.1)& AAtstE Ro] AA|F oz fo]8 A ¥t} Gu and
Xiang(2001)& 7 Aojdlel BANAFHLAFT WHFQ2)Y delete-1 B A Has ol o2 o

A F 73 AL E3td oLz e AGACV(Alternative Generalized Approximate
Cross—Validation) scoreE A A 3Fg ).

n —1 n
V=L By ZAE I LS -7y e

WV k=Y (dOldn , ), A, BE BFeth B2)st 22 scored HaBde BE
E A HY 24gdn 39 Xiang and Wahba(1996)# Gu and Xiang(2001)2 o] 213k ¥
Bernoulli A5 %t HEA1A 1 Z83 H5& =AsHATH
g HolM e o]#d AGACV scoreE Bernoulli AA2#wr oty & AFFE HEAHA
I BRA Aee ARG A ¥ S (undersmoothing) A7 AT dole 189 & A5 o F
HA 3o Asld ARG FAE dfdstdz dth. AGACV score(32)E mlojys 2a95%
T Z e (trace)d] TR o|F A Yut HFESF A7F FopAFE (32)9 AA ¥ violy
£ RZIALEFFE Fashe W8 F WA F& 3R 498 o218 B3P T 9ol 4
dated E0 FBEIF L B QL 5 YA "ok o)"A $A8Y AGACV scored] %ol
A & Aol E9 &0l HAEF scoredE AXFY 4 NFFH BEX dE HE =
A¥e F

o
B
2o
=2

A S AA s 29 2 53 2 ASE vl o) =R UFEA 2 A5S EXE
Binomial, Poisson, Gamma 2 X 2A dutzx o g dg 1#EE T AFREI Q& EXEo|

3.2 Binomial &

Binomial 2t& Y ,~Bin(m ;, p(x )l sk, p=0=log {p/(1—p)}ol vlejvs 2a9%

5= [(pV=—Yp+mlog(l+eN7t Ak o] d p,=e”*?/(1+e ”(xi))ol——ﬂ— k=Y,
ol w,=m,;p,~Y, w,=m;p{1—p;)°ltt AAZ Binomial AFEE N2 =¥ Bernoulli
27 2] golm 2 Binomial AFE o] 3§ delete-1 cross-validation® AZ-¥ @ Bernoulli A%}
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et shte] A7 AAEHE Aol otvst AAE 4z g wEY ABEJ} AAHE ARE ¥
£, & delete-1 cross-validation®] o}Uz} delete- m ©] H& Aot} I BZE o] =FIAME
Binomial A 89] delete-1 cross-validationg Bernoulli A}5¢] #ANA Ao HAZ 3}
A7t AAHEE FEHT 3 A 23 G&3 2L scored 2L F Uth

-1
V=L Broieprgr FALT I L s ya-3) ey

A7M N=m el A% We 42 NN 9824 2 284 20 B8she 428

& 37 mol 852 olgTE A2 ¢ 4 Ao

3.3 Poisson &

Y ~Poisson(A(x )l  dstd g=0=logdol [ (Y, )=—Y p+te’oltt. 17
)y, w,=e™ ot 7|29 AGACV score(32)E Poisson A8 FLAHA 1

N
®

£

2 rfr o

32 A5E BAFE e #FY = AT ol YL 53 327 ALAE
SR ZAAAN AdiFoz HH3A ‘45}‘4'1: Ao A ®o] JElEH, ol U3
gre7t AR AYER gt o] AL Poisson A ojdh ‘%}%7}3—&]/\%}]"—4 ut
AR cross-validation W A Y X ‘64 #AAN Y& Aoz FZHr}h AGACVY

SE7] A% 48 7R sbed AN AE FolA, Poisson AE YEFHLE
A=FAH AN FEHE delete-1 cross-validationg o€ = At A4S 1 3A
. Poisson $EIFE (L 1)°ﬂ st Zdd AdE FdE 9 #AEe FES

PLM:i 2 K

G

t=4
ox [
olr

& oo 8o

A
ok
g

— 2 Yz )-log [en+L[7) BHst WEk ARe F x4 bin size Y& AR

= binned AEZ AZ3H o] dEHAoA e Ar g4 e”/fe"% FAse EASg TLAIA.

1RA& KL loss @49 CV ZAIEAE AEF5EAL #ddA AA4ed Aot d¥ddx=F
AE UF Gu and Wang(2003)9] cross-validation score

Q

ox
o

t(P,RH+ R"PD)
N(N—1)

V() =3 2. L1,z %Y )+a (3.4)

£ ojg3te WY 25E A4y, AAT 44 ¢21F G AP TAS 2AHA 9
28Qh 4714 R=(S,R),P,=(I- 3 3 '/N)diag(»), =Y, ... YT,
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H=( V

- V¢.5 )’

’

Vfﬂﬁj‘_:_ axm sgaéi}“] (.7’ V)deﬂ ‘%1&.7}'

—]1\[ 2" e _n(x,-)Ej(xi>¢ V(x i)_—jl\l 2” e ~”(’“)£-']-(x i) ,2:18 _7;(x,')¢ y(xi)

1=1 =1

or e VHEEE WA AdE & Atk 474 3 e =N ol 3539 woy

1

4 23 o9 e 14 A7 MY Fge Aoz Jelgo
3.4 Gamma %
Y ~Gam(v, B(x ) A5 FEFFE {8 TV} v e 7 g, 6=—1/p, 233

n=logu, u=vB=E(V), Iz Y)=Ye "+ wu,=—Ye "+1, w,=Y,e """,
k=Y e ""Polt. 71£9 AGACV score(32)E 8] H2AE #4528 71X H&AA

&2
3 PP MRFEEA dstel ABPo] vesth 31404 £F uheh |, AGACVS T ¥4
Fo 120 2 45 o AYSE FEF 2AL Asde W 2 4] 2A FYHE AL B

& + At oY Fo2 14 A=V 7HF FH 3
35 2o g

of M= &+ AFFd st MEA FTH scoreETH 71&€9 score(32) BIH S
Blaste gk 4 AFFd diste &g 22 N2 g A 7HA g2E F5EF] AR HE
Al 7kA 2] SNR(signal to noise ratio)& 7FA 3 22zt 2717F #=100, 500%] A& & AT

7.(x)=1980xT(1—x) *+858x%(1—=x) 0—2
7 5(x)=2sinQax) +0.1
75(x)=e¢ —(x—0.5)?

7} H2E g diste Z g2 =) %=100, 500 o) tatd x,;=(i—0.5)/n & A&
t}. Binomial 1 A%, »[0.03,0.97]¢] I =2 7 g 2E F45& 2dHsx &4 m;=3,5,7
%l Binomial XA A8 E AWAEAT. Poissond A%, 4,[0.2,7°12 [ & 369 % 3t
7t HEE H2E FFES 24849 Gamma$l S el =S (shape parameter) v=234°
Wit HE pe[0.2,3]0] Ix2 H2E F558 AT AZ v £2E, »9 A7|%
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SNRE 714 Z+ H2E 59 sty 7 100709 StEEES AAIAT. 24 & distd
g=n¥d 9 7y 2&HQ 5,& A o w, HF BFE 71EY score(32)% F X
of tste] MEFA AAE scores, L& 3 Kullback-Leibler £4-& Hisate 3 Z4E 93
q 47 A,,2,,,2 EASAT 29 31, 32, 332 ZZ Binomial, Poisson, Gammadl] t 3}
o Al HEE FFES 08T 4P ARE 2 Hth. ME L scores®] FHH 45E
237 Aot FoiE A& (relative efficacy)

inKL(7,7,)
Eff(n )= ml?cL(:;,”vf)“

¢ Adse gRadez deuch 139 318 Z H2E F5Ed detd EEAY) 4=
100, 5009l whke] Binomial A& WAt 247 (32 Hadete FRESE /AT AL
H2A(FAL 4 (332 HAases YRS A AN Hs (e el i
224E Uez Yot al-a3e g9 Wdd ZZ m =357, 28I bl-b3% cl-c3& ZHzt
799 730l Wsked =3699 Wt 1=2348 ol&3ste] ANY Folth mAAY AT IA A
A& score(33)7F 71€9 scoreB2)ET AF3A goe RE ¢ £ AU dHs F4E 2T
¥ OE o FH HAE U4 N3 ANE BIARES AT A9 239 Fow
(qualitatively) d#&3 A YeElsth

= « g < 5
- BE3 8 o i s = -|Ed B B3 ¢E
= [] 3 = 3 ¥ : * i 4 * i -
. « g' M » - e - s * 4
= i T ¢ s{ L L = 0% =1+ & . .
asadbiona. o S
=4 " ] s 8 =4 3 - g =4 o 4 ®
E-4
= A Ny e o3 ]
= o c“
e x s " = A v
n=100 n=SG0 =00 n=500 N0 NS00
b2 b3
= b1 ol =
B0 8 (B8O E38 B8 E38
e E—2 L~
* £ *
@ : . : . - ] M ' y " . * . s
=]+ ¥ L 3 1+ 1 o+ 3 =]+ T L =
- -t ¢ .|
P L . s g = 8 - e = a 3 . o
a © - o o o
x4 8 o, 8 3 1 8 b4
- : s < 8 o -4 : S
=1 E—-3 A
< < M v = .
n=100 n=500 n=100 NS00 netO0D n=S00
<3
= g €1 =4 &2 = g
— -|E2 3 E8
« * 3 : s « M * ’ . w . . * '
= * 1 3 » <5 M + N P t ] *
P B oo ke - ) * wesihom. s . "*' -: - *
p - P = 2 - =
S 3 =
= < @
o - = v = - "
n=100 n=500 =100 n=S00 n="100 n=500

<Z¥ 3.1>Binomial A& 3 (3.3)9 A%
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19 3.2% Poisson A9 thdle] score(3.4)9] A%< 71&E9 AGACV(3.2)d] wlwslr] ¢34
AN Rod¥e] AAE a9dHrh. a7 317 vlANRE Z A 9 H2E FFEHR AR
tt& SNRE °|&3t9 Z EEAY] =100, 5009 w3l score(3.2)9 (34)9 Aty &4 &
BoFa itk ZF AAage] 3 dA FAE 4AE score(32), F HAZ FAL FAE =1
QA score(34), 23 Al WA g2 A =149 score(3.4)9 AUH T&A4ES UYEdH. t &
& RHFE] HF delete-1 cross-validation(3.4)0] 71&9 score(32)R2 T Y& 5§ Ho|
, B3 @=149 99 score(3.4)7t AdtH oz AY FL FEL BHAFE AL FAT F AR
. 19 332 Gamma AE4 U R4AY ARE sodddtt 1Y 313 w@AIARE Al A
HAE 3457 z+zte] SNRE 7HA3 2 ¥E37] =100, 5009 3t a=1(F7A<* A

=148 4A)Y 9 score(32)F o4t AMd AUy s&4E& vedt e=149
9 ABE EAZ AAEE RS F9F F U0 dd AP o9 e 12904 14 F
=2 ZAE F U

U‘ZJS-
u:]
o}
<l
b

4. q9 A4

Gu and Kim(2002)2 ¢ 267t O(n¥r+D+eyoim g-xtg el ZAI(2.3)7F A3 2L
ATH $UEL HAYE AL BT AR g=kpYPHVog TH modYe E3d &
o e AAY £ Ao FY A2ZHUd Hto r=40|H FFFEL YRE FEI Wndo
E M4 ol p=22 ETh 34N ORI AFE E2¥E e 0 go] RAIS
ANEHE 4 ALF) tate] 3586M AT 7 HAE FHEL o] §3te] EEAY] #=100,
300, 50091 WEte] BEESL &Pk 2 B8FY 2 k= 5115 ol Wad AN g=kn?®Q
0708 Mz o d9 B8 {2}C{x}& F&39 3ddA AAS B B HHPUES
o] &3t AL ZAHE AL £ g=no] it AGHY Fu 2ZTHAL A
o 39 41, 42, 432 T 7,7, 759 Wit 2z SNRE /A1 A4 ¥ BinomialA & ol
et A" F9 2ZTHAESd datd AN KL S4EL FAages Yt 4 19
o] Ao Y& 379 2HZ ] ARANIFEL YA ol & =100 ,300, 500 th3F Aot} o}
o 370E #=500¥¢ W AR AHEEE £ etk AL g=xY WY HLHE YE
Ak 29 44, 45, 462 Poisson A8 i3], 18 47, 48, 495 Gamma AF0) Wdtd 22
HEoZ ANT KL $AES Adagez ved Aol

Z afzEoA Hole R Zol k7t ADFEE AR Eo|7l FolEWA FHoZ A9
Ae AL £ $ Ak 283 k9 Fol % 10 A=/ W AAEY Fo)7} AH] He A&
FAT = Stk 2B AAIIEZRE k7t 10 AEY w7t FE8 dFPeR AL F
JE #ol €. 2L A7y g Uy REIFES FE819 TAE A GBS ¢
2 & gld F32, Y9z ADLo Be A4S AHAFIE p=l1o] HI ¢=kn? 7} B
gt moldge] Ade FHo2 A YA et
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5. oiA

ol & AEA AAT WHES UAl AEE] HEAA £} o] B AA AEY £49
ol o] =&dA AAT ¢g-ALe ZAYG ¢g=n9 FFE vt vl EFHo] Ut
ARFAIZEE Kim and Gu(2004)91 4 AH&3W 22 v al(workstation with Athlon MP 2800+ and
3 Gbytes random access memory)ol A &A U}

5.1 Diabetic Retinopathy A&

°] A7 Wisconsin Epidemiological Study of Diabetic Retinopathy(WESDR)ZA4], 19803 £-E]
AZE 9 2EAN G 117 el 1FE @ Qe FXEY ZZEH U g3 AT
Atgoltt, o] F RFEAR 6998 e RS e A WA follow-upolA v A&AH(03), 2
gadstd AEZSEZR(HAE), AAY AQdx, 283 F9ZF(Retinopathy) ] 2 t & binary
indicator 5°] £3€ AEE ALYt w9Fe AAL ¥$¥SFEZ Fi Binomial regression
o2 EAE o 71 AFF BdL additive ED o)A (Gu, 2002)
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<19 5> WESDR #t&: AAL fitted terms, A& 95% H|oj x| ¢t Al F3t
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a9 594 g=n =669(FL2 )Y 9} ¢=43 = (10)669{2/9NHH & )Y wj Z}zte] =¥
FEHAE Ao, 05%9 wolA¢t AT Moz EAFGT. o ¢ F& Ry4E 323
A AAF cross—validation score(3.3)8 HAFdE A HF R4 g AZ AT F
CPUAIZIS.Z ¢=n=669Y Wi 170s, ¢=43Q W& o 699s0] AATH #mz, AA A5 o
4 FEJEE o)&Irz 2L AYY & REJNES AEE o, 23 g8 HAE AT
H ALkAZre] Y g8 4 gtk

N

6. 48

°f E&& JHAE Az s ALE ALTEKim and Gu, 2004)9 W F3ho], HI7H-A%
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A%, 53 NFE 2A5d it ¥4I 2L FAGE ALY A E Bt 279 2~
EgUAS Axdste HEE AAS YT E£3 Bernoulli AR 7 ARG HE m4o] Ay
< Bernoulli A7 o & A& A3 dadr mdstdrt

AAA ZALE o] 83t ololgolE AR E AL ofx|gt, o]t ojojt]olE AR Y AZE
Aol HEAA F2H E47 ¢4 X3 2APF L Fat9 24 9 APEe FAHoE
ARste WHE AT AL S-AleF 2R o

3
1e A2 RoIW(Kim and Gu, 2004), °] =
A :

£o 2asa A4 ()99 4

o AASE AW AP Py 41 BUAOR AET 5 o

et ol WyHe A
718 AAT  ARAATE, o
= A8l At

7H-AIQE Ag S @y HIZFSAIE AR td AR Y 2FEl AddAE HE ZFE
At Wyol EWA dx=Eel YA Eoh. 7]Ed AAHNY  cross-validation scorel
AGACV score® 23 Bernoulli A5 didtadx gt $-&5o 1 AFFo] #dHo] At et
o] score] o232 A 3}(theoretical justification)s o}& W AA &3 e AoZ g1
addx B 859 oy A5AEUEe AGACVY AEA A%¥e tad Agd
st Fld Hart ok o] =& E 7129 scored] $EHHE e AFFoE FHAA
A 1 dEg g8 o A, 3Ed £ B A2 HIol 87H, &4 A5Fd ug
2 AGACVSY 7bsdt ¥dd scoresE AASAT a8la dd9 gAYy oA A8E T3t
o AAE scoresEQ A%FS BFUsAT AAZ ¢ B& I H2E F5EF SNRsE 7HA

oo
e B
fo o

3 Re RO4¥S #9493 AREe @A Ugth(Kim, 2003) 3714 2 scoreE ) H&
2 0¥ AYse BET FAYIA AND oo g BRAE FYA pEe oledd 4
S Fd GwAd WY Lol FEATY FA D & Ak HAW o] wRE FRE B
LERE R FAHoz A Aot

3

@e
AWEs B8 259 23 9Ee GE AFS B ARRY ohiz F

[1] Cox, D.D. and O’ Sullivan, F. (1990). Asymptotic analysis of penalized likelihood and
related estimators. Annuls of Statistics 18, 124-145

[2] Green, P. J. and Yandell, B. (1985). Semi-parametric generalized linear models. In R.
Gilchrist, B. Francis, and J. Whittaker (Eds.), Proceedings of the GLIM&5
Conference, pp. 44-55. Berlin: Springer-Verlag.

[3] Gu, C. (1990). Adaptive spline smoothing in non Gaussian regression models. Journal of
American Statistical Association 85, 801-807.

[4] Gu, C. (1992). Cross-validating non-Gaussian data. Journal of Computational Graphics and
Statistics 1, 169-179.

[5] Gu, C. (2002). Smoothing Spline ANOVA Models. New York: Springer-Verlag.

[6] Gu, C. and Kim, Y.-J. (2002). Penalized likelihood regression: General formulation and
efficient approximation. Canadian Journal of Statistics 30, 619-628.



758 Young-Ju Kim

[71 Gu, C. and Qiu, C. (1994). Penalized likelihood regression: A simple asymptotic analysis.
Statistical Sinica 4, 297-304.

[8] Gu, C. and Wang, ]. (2003). Penalized likelihood density estimation: Direct cross validation
and scalable approximation. Statistical Sinica 13, 811-826.

[9] Gu, C. and Xiang, D. (2001). Cross-validating non—-Gaussian data: Generalized approximate
cross—validation revisited. Journal of Computational Graphics and Statistics 10,
581-591. o

[10] Kim, Y.-J. (2003), Smoothing splines regression: Scalable computation and
cross—validation, Ph.D. thesis, Purdue University, West Lafayette, IN, USA

[11] Kim, Y.-J. and Gu, C. (2004). Smoothing spline Gaussian regression: More scalable
computation via efficient approximation. fournal of Royal Statistical Society Series
B 66, 337-356.

[12] O’ Sullivan, F., Yandell, B., and Raynor, W. (1986). Automatic smoothing of regression
functions in generalized linear models. Journal of American Statistical Association
81, 96-103.

[13] Silverman, B. W. (1978). Density ratios, empirical likelihood and cot death. Applied
Statistics 27, 26-33.

[14] Wahba, G. (1990). Spline Models for Observational Data, Vol 59 of CBMS-NSF Regional
Conference Series in Applied Mathematics, Philadelphia: SIAM.

[15] Xiang, D. and Wahba, G. (1996). A generalized approximate cross validation for
smoothing splines with non-Gaussian data. Statistical Sinica 6, 675-692.

[ 200635 8Y H<, 2006 10€ =]



