o0
B
cfn

Al Al 133 28, 2000\, pp. 541 -562

S DS (GENERALIZED LINEAR MIXED

UBISIEl ME =5
GLMM)0f 28t X329 i =&t

MODEL: nitsl
o]%og 1)
2°kF
ditsbE MY EF ZH(GLMM)S A7 Alsel e vehus M3 2pgo

A, B el Py At xE oyt s, e uAE vEe dEE ARE o
F71 A 28 Ao AgE 2 AgolMiz ol thg A 29 tlEe] o] mEe]
2 A AAE FAH NMUEFT QA7 E(quasi-likelihood: QL)E o] &3 2% )
3 Monte-Carlo 718 & ©] &3 4 i S el Z4bstgioh =g GLMMe) tf gt
dael it ek g gro gol A sy FAl S el A = dFetyit.

—N
ko
oo
2
rL
oft
4
b
o
ol
ok
F
8(_
o
el
N
N

55, Monte Carlo E.9] A&,

L ME

AEH oz H3g 215 (categorical data)Lt A4 2} B (count data)E Th83} e %
lo g

o2 A Eof sirh A ’XHJ—‘C~ A g 441 £ o] & 5}04 2138 24 (Linear Model:
) o

Ae 2
MetE Wyolth GLM2 vhe-ghE9] Hato] o & “]*“ﬂ Q*‘ﬂ 2ysed —’F A, e
Foll Az e] FE] g Bep A9 Yot rhesitte 264, LM B8 o
He 23olatn & 5 vt 58] Atz o] i o3t 7“2431 I EFE & £ e
S RTFY Ay A Atne] A AR R AL S el Algo RyEg 248 >
e Hellr S Fads Aot 959 2lie A% 12 74'5L(clustered data)v}
H% 2} 5 (correlated data)%? A8 &3 %8 (Linear Mixed Model: LMM)-& %3] &

gl “— O H

o vt 28y GEM W o2 & o)t AR Eo ok £440] Brtsslvh GLMe]

shute) @& 25 o) 7}* g ERoteM dojrof gt BRG] 2 MBS JEh

ﬂﬂ“i(overdispersmn),] ZA 2 s Ast s ole] go] 9ot Mol #H, LMME &
(split-plot) 23, Al AlE 57 23, g3+ ¥1% 2% (spatial variation model) 5 1 4 &

/} s A 2 HE S He 2 drhe Ao g ZEAHQ A

(¢]

A

DE

fCooE e or B oax ox X0 @ o on

£

D) (136:701) A $5HA Y27 LT 57F 1261, nelohebm elstoet oot 3 gAs g 7o
03?70“‘? E-mail: jyleeuf@mail korea.ac.kr
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dvtsle g 3w O(Generahzed Linear Mixed Model: GLMM)& ¢ 7129 &2
&, & GLM2 LMM& dZ2A g2, g Aau 43 28, agia w59 /4545
of thet HAE FAlE thg 4 A & F2om, GLM % LMME 22t 1 543 g

7

]

2 ZFAFITE (o] £, 1999 2 E). ololube} HZEo] GLMME AF&g Zp A o]
) g} (Langford, 1994), 1 %81 (Goldstein, 1991), |- 31 W 71 8} (Cnaan, Laird®} Slasor,
1997; Daniels 9+ Gatsonis, 1999; Gibbons, et al.. 1994), A} %] €1 (Murphy 2+ Wang, 1998, Nee,
1996; Sampson, Raudenbush} Farls, 1997)% ¢} f-okof| A] &ubslA) 2 &5 11 9t

Breslow 2} Clayton(1993) 2! Wolfinger 2F O’Connell(1993) 5ol & sl A Al8}5] 7] Al 2F3F
GLMM=, 1 Al 2H8 g5 28 (item-response model)-2 #] QF3F Rasch(1961) 2 58] &
< ¢ olth gt o] B3 & Rasch B3 eolgtnE Hlth Rasche 7BA] &3S (subject
effec‘m)-~ shvtel 1 ¥l Aol E.4E (nuisance parameters) 2 {FEEhal, o] BB
o S Al A 2R FEE Adrpstolct vl o] JhA] S35 S ~ Raschy WOl
S - Wk § 35 (random effects) 2 (FFalo] 204k At o] Bockd} Aitkin(1981),
Stiratelll, Laird ¢} Ware(1984)%5of 2} 8] A] = %] ¢ v} GL\I\IO] 2t = £o = Gilmour, Ander-
son¥} Rae(1985)l 2]all A & Ap&5 ¢l on], o] eF A& ¥ 55 2 Anderson®} Aitkin(1985),
Harville®} Mee(1984), Laird(1978), 12} 12 Montgomery. Rlchaldsﬂ Braun(1986) %< & 4
Atk GLMMeol| t 8t 27l =% 2 2 & Stroup Kachman(1994), Kachman¥} Stroup(1994)%
o] ltt. GLMME L3t 242 4 A vl o] x|} ¥ (parametric empirical Bayesian anal-
ysis) 2= o] vk & GLMM ¥ 3o thel & A & (normal prior)g A
Zhstm, gl FH B RYE dojA e H e : F4 @(maximum likelihood esti-
mate: MLE)& ©] &8} % ¥4 5 (hyperparameters)d] F74 ¢S A& Wiolegta & 4 3l
th. GLMM 3 242 7284 u)o]x] ok B4 59 B2 &= Booth9} Hobert(1998) 0] 7&%%1 A
w¥of vt

2 Aol GLMMe] =g H wfol e 72 avfeh o], @4 of
AA I U= A9 B D GLMME A, el tis) =ota, o g2 At v A
% (McCulloch, 1999)°l thal o1tz ghoh.

GLMMe] -‘é— otoll A ®laf 38 Awgstry] 9 oz, 237]
TFA

d

04]% Tc:x_:_‘\_ v Et-o] & % & (beta-binomial model), X+ ¥Eo}$-7ul 23 (Poisson-gamma
model) & A3t WMot FHAZ MU EY A FH FALE o] g3, My 1t
Sol thgk AR AR 7lES gsle PHo R, ol & FH /H5EA 3 (marginal likelihood
J2h ok A ze, A 59E R0 9 s O ARaA, 218 by

[o]

%2 A T (conditional likelihood approach)e] v}, o] AFH & HeF Fat5F Ao B4z 7F

approach)©



olupgbel Agl Z gk walol 2hgk & o] o gk 043

ool W BAE S AT H v
} &)

= ) %
Eﬂﬂﬂ@i%%ﬁFﬂr%WW$dﬂ%w%ﬁﬂ%ﬁﬁﬂl“““%ﬂl

__a

{ 2
A P NS Huslel )@ 42 o i oAl b K (Quasi-Likelihood: QL) el
7128 A 7he i R Monte-Carlo X2 Aol 7133} JJEH 7bek w8, 1y

4 (quadrature) & o] 85t 7he e @4t E A4 Akl e M ol hd e lth QLo
71 28 WP 3 Breslow 9 Clay ton(1993) 2 =2 ol Al 7}5 L= (Penalized Quasi-Likelihood:
PQIL)E o] &ste whlab 7w oA}l 715 5 (Marginal Quasi-Likelihood: MQL)& o] &3}
= oabd S Al ekl el ool ol A4 PQLo F A sl At vhe e el g e E

-4

oW
olol B 11, Monte-Carlo X9 413 )l 4t 4o 7] 28 F-4 o) vl dolrbiis st

] %] }1‘53% A7 a7 E ) GLMME th8-¢] 4714] A3 H-(components) ©. 2 ©] 0 %
oh A 2 A Zoh ol 7l Aol e vk grEe] BAE (TR A} AFEZ Y FEE
AP E). SR, B gapet ¥ %‘ BAE WEst 9l M8 7% 2 (linear predictor).
Ay, wre-ghs e AR datat g FddS ddal Fe 9% 47 (link function), 712
3 wpAl o B eF F el o gt «—ﬁow— (Anbd o Yap B2 E s ey o] A5 3

defelldel kgl g = 120 el e ghE U Fhe e

aF gavp Foli
. 1 {
j_z/,‘u(\LUIJu~ﬁ- &) = exp T'S (.0, - c(0) + d{yi, ¢i) (2.1)
Z RN, ol wE WY g A, o el ES (el Bof ol e A7),
g3 e FE B8 Vet v~ V(0,2 H/} Mol n, o= Eylu), 2812 4%
= [oh o]
= <y

G2 g2 A ghebw. GLMMe] o] 8, 0

gl = = 2B+ 2w (2.2)
o] BAE A, ol ;= A Mo AUl gEES 222 2w HE el AlF
2 o] Zolx G E oju|gith o7 M B we] BARFRANAE R, X = B(a?), F ¢
A A er o BAl 4 B-E (variance components) 2] HlE] oo o E&T} A4, WHEEES X
A 88 Byvt a3 A5 Fo £38 HaE givt o & S°] Breslow?} Clayton(1993)2
O) A} 7} % (quasi-likelihood ) ol 7 & R & AHE stol, Bup A Q) ﬂ*i*’*oﬂ o s o}

Zoivt ek ek Falol that A AFHE A B3 A oyt o E 59, e

Lee®} Nelder(1996)2] 7l 5 A-% 2

HGLM)ol W} Aitkin®} Francis(1995)¢] B] 25> &3 & *E(nonparametric mixing distribu-

tion)e] &S GLMMel 2 88 =vF qlvk bz gapad el 71 o] A8 = T35 o |

W2 Fabs Afole] Hokal Al o] gk Aol A b ] A 7] wf ol o} ‘47\“3}
cha) sl A del Hel g el g EUE

o]
313l M@ 2 9 (hierachical generalized linear model:

o @ 7hEgk o A A %}a% Nk A ae sl
olrt.

GLMMe ® 38 xtnel 2004 #irt Here] o
stk ol & B0y g7k il e A R ts ek

|
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1,2, ,m; S0 = N). 1818 28 (22)9) A8 FHFL
9lpi;) = m;]ﬁ + Zéj“i (2.3)

EREHY, u ~ NO, X))ol W23 woluei#j dul A2 Edo)d, meld =

2.1. Olgt 2221 0f

MR EgE W 2ol Alsel oA, HE-gu wES Az B @ A} o)
A gro] el “o” sk “ohy 9] §HE FehR AT, ol y,7h 9 (2.3)014 & u}
gk ol WAl A e jEA BB tg B o RE Jehdtn s 222 7 AA e
g B3 o2 Aol 22 ol W2 499 BEL

Yislus ~ Bernoulli(p),
logil(p;) = m;]ﬁ + u;,
1 ~ ind. N(0,0?)

o] & ot} oluf Wiz T} u = BHAA NAW FRHU(I)EDY Fol ofd HHE
A Fe A8 gtk

2ot kg o 2 ntEe] A o el oot “ol o] HRg e T gES
ZA}3F o] g #2 2} 5 (binary matched pairs) & A} Zbsll B2} (ol & £, 54 Aol o)
g XA & Wale] FolE YotH 7] Y&l FUe AAAE nES YR MR THE F A
ol A 21 2] A F-§ ZAbste] dojal & 218.) ol 2= vl /f Aol el F7He) 4
¥ o] & # ¥ (two dependent binomial sample)Q] (i1, yi2) 9 #2] 9hg-3k& A7 A}, o 7]
A gy e AR AL A% oﬂAu P A S B e, 1) T gt SulA ZAh Al
AS) R ol -8 b ol P8 A7} A ke A g @ a5
w8, 2% %%g 2elA). vh 5 24 A 42 ol el

logit(pi1) = a +uqi,  logit(ue) = a + B+ u;

ol o) uie Blw) = 02) s} AAAl] ek &jolch. % o] R8e 7t AL Fas) 2Ajol
A <ol” e} SR odds7h R A 2ol A 2] oddse) W7t B & A § Aol o) g o B
of w ~ ind.N(0,0%)9 L, ys't w7t izl Aol A £ % Sgolehn 714 e, 9 =
e 0 = (0,0), @ = (1,0), @y = (L1), 2, = 2, = 1% 7HA& ¥ (23)2 558 2
27} |k,
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GLMME 2% #3sle Wi
ger2} O’Connell(1993)e] &l 242 0 2 A A5 Qir} B ¢ o *1 = Breslow Clavtonﬂ]
PQLE ol &3 GLMM A g ol thef] dopr iz s Alct

HojA, 94 g4= A E I 4 (canonical link) S A 435tz (B FE AZo) that 244 &
W82 McCullagh @} Nelder(1989)2 & #3}7 ] vhghoh) webA g = 6, 7F "ok W %%A o
et 2% 2% g7 (2R Bl g, 7he e & (3.1)2

—ﬂN

R

B, Sly) ~ IS /exp U gy

. s (yimi — c(n:)) 1 e
k(u) = %—————aw + U
2 EEHAT 4 (22)00M % =z 0)2E
K(w) = ~Z ' '7‘ V2 sty elm
k//(u> — i C (l]l)zlzz + 27'1
i=1 a(¢:)
= ZWZ+3%!
7t

Hoh AAriM Z/e Wk g5 A8 & E (design matrix)S YEN 3, Wi i85 of
7k Z0le) tizk Y Polth. uka of o7k NaFo] GLMMS] Kol M 9w slEE

& 5% #k(iteratively weighted least squares estimates: IWLS)S @71 938} A} &5
T 7beadksolth Taylor 874 o8 k(u)e

k(u) = k(@) + (u — )k (@) +

2 389, K(a) =02 os A4 w, AFLE FA T, 28 shss 4 (3.1)2
UB, Thy) o |5 Fexp MU [ xp Hwure@m gy, (3.3)

2 7Hh 714 AR e ghe N(a, ((@)] el m2s 2E W

of ¥ 2]
o Hkernel) 22 158 F9lomg Ago da FH 20 7lex F

1 1 . .
— 5 log B~ 5 log ¥ ()] — k(@)

L(B, Siy) 5

1 ) S (ym —cm)) 1., -
5 log |1+ 2'W Z%! ZT—T(J)—‘ QU U (34)
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7} = Ztolch. oluf 7h5A] E Wel dage] A & Ht e g g ok o] AU B
O 7REE dhgeel Ay g Al 4 dm, wheba] vhg o) A o)A 7hs i (Penalized
Quasi-Likelihood: PQL)7} o4 A ¥lv}.

w4 B2 #487) 9814 PQL (3.5)% A% udl ma) BolRetw, mesel tie g
ps|

4= &% (score function) 7} A of 7l vk

Zw _— (3.6)

— alo;)

L ICR, 87
ald,)

A7|A 4 (3.7)8 uwe EARFEA Y B = B(od)e] dAES] B4 AE UE ol 9
= o 2 243517 98], Breslow®} Clayton(1993)-& A1g &3k ngeo] B
op 7be okl Ao} AL &S sjekslsith. &5, Pattersondt Thomp-

= g
son(1971)°) 3-8 A &+l H ol 715 X (restricted maximum likelihood: REML) elas

~HloglVI - Slog| X'V X[~ Sy~ XB)'V 'y - XB) (38)

(47 W V=W71425Z0°3, Xt 2% (2204 z/& ¥ o 7px= FLo]
tH& o202 Hul ¥ sla] Harville(1977)0] -8 5% W4

1 % ov .
—5lly - XB)'vV preid l(?J’*Xﬁ)‘“’(P—a‘oj)] =0 (3.9)

o; J
S A eBT (G P=V ' - VIX(X'V ' X) X'V le]t}) o] Fisher FH. B
o
7 1 oV _ OV
F=A{Fy}, Fpp=—5h (P?)}? ()_a?>
o] AT} (o]ollth & <44l & ] & Searle, Casella®h McCulloch, 1992 #+23}7] uj&c})
= Breslow®} Clayton©] #|Fgh GLMM 2 32 l?ﬂ PQL H 2 42, wA nhef 4

BEOl ME E‘é olgle 7Pl AM (5, B I( 2)) 9 ¥rA 9l GLM W& o] &3to] B9
z7) FH @ 5 & ot AARZHE o ,B g ol & 5}04 &X}a‘(remduals)% de 5z
AS2RE Dol A4Z, o6 g 271 2H3k 6202 Tan) ojE A dolnl mEge
271359 Al gato], ool 2 RS (36)3 3.7 REE, ZE FHA (B(l)«,“m)%
T8 T ol SR RE 4 (3.9)3 (3.10) o) Fale] oo AR E FH U 6N E AT o)
27 dojzl &4 BHELS Al (3.6)3 (3.7)01 A o] &l WHEE o8 FREFE] £HE
al7bA) A eted dele w4 B9 Bol U@ Aol s E S de Aol
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PQLE ©
e - & B2 g l% SR
A5 Yt 2} 5 (sparse data)A Fole oA g A9E A ] & 0}7‘] 1'5?:}5]'
(Breslow 9} Lin, 1995; McCulloch, 1997). olotf 3 tigto & McCulloch(1997)& t}h& =

E - MCEM < 18] &(Monte-Carlo EM algorithm) %, MCNR(Monte-Carlo Newton-
Rapson) %, SML(Simulated Maximum Likelihood) W5 - & ¢ttt o] Sl of
8] Lo} B x}.

08‘, oo
o
S

MCEM ¢ng]|& e ey a8 4532 33 5, yol 7| gks 315t oA
ol A Monte-Carlo @AES AME-3td EM ¢l &S 2 &8 1t

ot o] W2 Weio}

Tanner(1990) 7} #|<ts Su) HaE gabo o

o 2AE UE G fu I )& yshusl A%

T g4t ota, old yo FH MR F4E 32 Efﬁ% i s}z}. 18] MCEM &
To O_

) FE ol &8 ByEY A MR FHUSS oo ANt Haje el dojaid

L 2713t g0 208 pah

2 fuy(uly, ™, 22 RE o0 W@ WP E SR

3. 0 l0g fuy(ul |y, B, %) = Ellog fuy(uly, 8. D)ly, B, £ Adistete gt
B g pimil g il

4. m=m+1olgt =

5. @Al 2 ~ 48 gYe U 8 @ d7x) wrEa A dojx e gty nimtlle] et

G fuy x fyu - fustbs FE ol &5HE, 99 © 32 otef o) 3a9t 3bE A E F 3

o,

3a. 1370 log fyu(ylut’, B) Hdgshe 3t g g Faic)

3b. 1377 log fu(u'|X)E Hdlstsle ¢t Ve e

A 714 Folsfiol & WAl = 2% ThAlolth. AREH O 2 fyy BE
71ek A &t ol thgk theto & Markov Chainol|A] dojxle 24 ZEE
whH o] glt} (Markov Chain Monte-Carlo: MCMC). ©] & R

loch(1994), Chan®} Kuk(1997)% 2 Gibbs samplerg& A&t 9y <, McCulloch(1997)—‘=
fuyol H3 B 2 fu(u|X)% T o] Metropolis-Hasting ¢ 312]&& A3t %
HE Aetstd ). 33, Booth9t Hobert(1999)E 717} X3 (rejection sampling)3} % 2 &

[ S



3 3 (importance sampling) & ©] 83 53 AEEEL A&t olE2 245 ERES

AbEElE tiald 58 RRES AME TR dojrle FH o R Estep?l 39 Ao A

Monte-Carlo .25 £33 4 A @t FAsA vl £33 E-stepollA] F &3 H4S Al
]

AF3L7) 98l sE Adnbv =) Folot st
o 4] Monte-Carlo H 2] A9} whie] A7k A 5o AP et ¢ A58 (fully
automated)” ¥ E4 & 7Ix e H & dAd st

MCNR 32 5% /b5 5 @4 (31)2 Huisiahs o] te) 5 #3428 Fi
A% Bdathi A o &% 2ol

2,
E{a—élogfyu(y‘%ﬁ) ‘y} = 0
) 9 log fu(u|X) = 0
oz R Y '
ARt o g of Fobale ha =y o s Fuf A& A2 3ke] Monte-Carlo 7 3t
S o] &% Newton-Raphson 25 £3tod, 18l T & 824 & 2 (analytically)

IB,0ly) = /@mmMmmmme
— /fy'U(’yi;:u U{U(ui‘ﬂhu(u)du
- fyiu(ylu B fu(ulo)
- ; hu(u“ﬂ))
2 2ALET gt A oS SA Mo R HoiselY Rasel A HeE A2YHE A8 &
A Hek McCulloch(1997)& T 79 7% &4 (3.1)0] €8AA] &2 o 248
1= o, o] B2

- =
FEetn Ao, 7hexe A @Al 9 O thE dAIQ) BEE 4 8ke
WA REGo g Hl 7 FHUEE L 7 Ut stk
opzlato 2 GLMME A 3A17] & Wi 3 shubel, Gauss-Hermite 13 (quadrature) &
B3 ol el Yo RES b 4 e AEE TOR 2N Wl
=88] Gauss-Hermite T2 & [* h(x)exp(-iy)de Bele] AR S Fo & ZARA
£ ol th(Liugt Pierce, 1994 #3). 54 7}% g4 (3.1)0] shel WigF gyt w
Lol Al SRA WA AHES AAAA BekE o2 99 2 BHE A BE F
Zabal, ofu) ZAbE [% h(z)exp(—£r)de & S wih(vV20z;)8) BEE HH, o7)A 1}
t}(node)E ;&= m32} Hermite 12 &) 09] ghEol 1, w,e ol slFsls 7F57kEol )
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&

e

[¢]

i A
sk A

tlo

o
0|ﬂ _g oh‘, g::j -+
o dlo %

7hEaka wi e Holl A A, 5 Eo] AliHrecursive calculation) S &
o} o] ZAME h(z)7F mAFel Ay i 1R e apgle) thakald A A e

T3 ooz etg el A5 e b)) 7t Taylor A7lel o)s] A4 slA A=
Yo A TAoA By Hrh £ vbes ¢ (3.1)9] 2A kel &
7bVe % F% at2 Newton-Rapson©] Y} Fisher2] % =3} ¥ (scoring method)
ol RIS AbEste & 4 9lrh B F Gauss-Hermite 72 W2 of 2}7}x] 423
M sl Bolul thA] GLMMe] & QoA Bujj o] Whdo] Wk gale] 7

© Mg olgd 5 7] W Fof mel®l Aol SASY PROC MIXEDE A&
st GLMMS A 34171 & GLIMMIX Macroys, Wolfinger 2} O’Cornelle] 23 W S o]

Psn 342 ZAA 710, o] 2 9al dntalyl =3 Hg%ﬂé}(Generahzed

Estimating Equation: GEE)& AF-&3bc} (Littell, et al, 1996). whd o 2 SASQ] #] 7 ¥
AollA] Z7)E PROC NLMIXED® 4 % Gauss-Hermite 7% (adaptive Gauss-Hermite
quadrature)dH] & A &sto] A3 7hs % g FAMI & B & A8 80} (Pinheiro9}
Bates, 1995; SAS, 1999).

ojQof i & AE 74 &= vlel- 22 ¥ (proportional odds model)oll AF&E 5 )
= Hedeker®} Gibbons(1994)2] MIXOR (www.uic.edu/ hedeker/mix.html) FORTRAN X
238, U E 28 (multilevel model) F-2 ol A} 2= 4= 9l= Prosser, Rasbash®} Gold-
stein(1995)2] MLn (www.ioe.ac.uk/multilevel), Gibbs samplingS A} &8t} MCMC 2 &
Z 3t Bayesian ¥4 & @ 4= 9l BUGS (www.mre-bsu.cam.ac.uk/bugs), PQLS A} &35l
HLM (Scientific Software International, Chicago), & & &3-S #] 7 8l 7] 9] =05 M
W o 2 sk LogXact (Cytel Software, Cambridge, MA), & 3} 22 28 1
o] A}-8-2 F 9l EGRET %o Slth 12 thed o] 33k 2L E Yo vl Zhou,
Perkins9} Hui(1999)& %tx=3}7] upetct.
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=
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e
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T
oX, ok lk\ i)

L

H

ok & L g o
b

oft =

ot

han |

w
w
0]

£ oubsh Lol BYE AP 4 U ES A Aue AN
el B3-S W gt} Breslow®} Clayton(1993)°] 1+ Wolfinger 2+ O’'Connell(1993)2]

2 MYy T3 2E S AtEste Helda SASY GLIMMIX MacroZ o] &8 5
! & BUx 2GR ATAAY, B4
&4 2 7F et (Breslow$} Lin, 1995;
\ & 1HA @ ale A2 2HE 4 9
€ Aol o, A Arols A9 AnE 98 4 gk 90U S AW 28

jond

rE A

5
ol 21o1 A, Booth®} Hobert(1999)2] W 2} v] w EH ).
H 7teE FHUE @2H ETE
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= (asymptotic properties)& o] &3 4* ¢lv}, R4 50 HFE oxle By My P o}
Hessian P HRFE] -2 4 2k o] i dwixd oz Ao 7l x 24zhS AL o A}
&8 Aok dalSllelA Aot e S s Hoa JFHe o] 231 SRS
Eoll et 2% 8 5= glv}

E"F—%:Oﬂ ek oA o] dbAl ek A S shH oF & Abgro|vi(o] F9, 1999 FF).
EE(23)F HAh 25 fe Wy b w b Foj 48 w) whegtEe] 2AR By o
s Al 47 it olu) g2 Wi gulEel sy S EuS e w2 33491 4 kel
ChE T W gabgo] ol A G!E}C’] 7k 7H Xﬂ(subject) 2, B2 A F 414 (subject
specific: S§) A& oju]ghr), AnbA o o] grEo 2w Ko o)A 040}7\] F e}
= DA A gt st RE ?’P% A ‘ﬂ%k Fate] Hatel 243 BAGE] >

- R
Elyy) = ElE(yylu)] = Blg @}, 8 + z;u,)]

= 2 & g/t 5 4 (identity link) o) A}, 3 & F 27} £ 8 (degenerate) 5

s 2 g7 ool 01 75‘% T FXo oM Aozl

3 opulation averaged: PA) ¥ 3& el wlebA] Breslow 2t

Clayton(1993)& % ¢t ¥ /4 FHE A Aol 7 walalel ASols M gaje] 2R

B ol A8 A] GLM.\I% vi Mlﬂ Hohes %} : + of 9 2o TAHHAM A %6}
E Z L l

WE A ehe W ke 2YeS 2] St wegtel ta 23S o] g o}
W B} W wobel Rge] e We = o] Robinson(1991)o] e} glrk Wt &

Julliy fyilu, B, 6:) f(ulE)du
ST Fyilu. B, ) f(ul)du

E(uly) =

2 BEET b 2 geh WY EdSe] 42 S99l 4ol s Wt Wa &
o oot 7 gk

j. U; H;ll;l -f(yi]‘uz)B7 @z;)f(ul)i)du1
/ H;["*l f(yij'uia Bv Cbu)f(ul[):?)dul

E(uz;yllvyi% o ,:Um,) -

ZbEmh old -2} 24 g9 Dol ek Y RE w2y ol 7 2
A Zolth. aeivt o] A wbgghe] ol E3tel et B3 23S AL ) gl



552 o] &=

ol & oxte FH IR Fat Var(wilyi, v, -+ ¥in,, 5, B) AL, 27 g9 B7F Lei A
AtkE 7Hy sel M /64’} 2E o] &3t Var(wilyi, yio, ,ym,,B,ﬁl £ AF&8l gt} Boothe}
Hobert(1998) & ©]&1 & “&5"(“naive”) F% 7ol B3} o] xR WMES A F4 B
317] ) Bof A B-AHS 34357 (underestimate) 3H Al F T K.kt ofof o g tielo
2 5L dZo 21y o 2 2}(Conditional Mean Square Error of Prediction:

PR Z Algksteltt ol & E0f 7t ng7l o] FEEoll A
A2 ebs s, old e A nEF L

y; ~ B(n;,m), logit(m)) = a+w, 1 =1,2,--- ,t (4.1)

o] & Zo|w, ojul} u, ~ N(0,0%)°l 2, .S u;(i # ))& A2 Siolatm 7y e + 3l
= logit(m)et &, i A A o Fgk 7¢] CMSEP+

E[(ﬁl - 771‘)21%'70‘ o ] VGT(TMyha g ) + C (ylva UZ)

EdEH, ou Cl(yi a,0?)E Y9]S (nonnegative)d] #k& 7}A = H&&(bias term) O 2
p(n~ ol WETh o] AL a9t o?gEo] gl Jded, o CMSEPE Var(nily, a, a?)ol
et olshe M e AMADE Kol pel U e REUY BE AF S
2}(Unconditional Mean Square Error of Prediction: UMSEP)" &, #&3k y;oll & &ah4] &

El( = m)*le, 0]

(]

| 5o, wheba] UMSEPE, Var(nly, a,0%)o] 23k yoll o] F817) @ 428 A2t
2, Var(nily, o, 0%)oll &8 siletx] et J% &3 2% CMSEP9} UMSEP7}

AEHA HE ol fre vtE 919 Var(nly, o, 0)7F yoll &l E8H4] 847 W&ot} Booth et
Hobert(1998) = Var(m\yi,a o) FAGS A7) $18] Laplace TAME o] &3t 1 - 9]
o thalM e 4718 G2 =3 A& woly Monte-Carlo 72 ©1 8% F& 3t -
Ci(yi, @, 02) &2 Var(nly, &,62)°] g 12} Taylor 8H4-& AL &8t AT (a,0)) AR &
Ateleith o714 38 A= Taylor 402 3E dold = 3, I{a,0?)2 FE FHo]
o} oolu) 25 ot o2& ded A oA &7] Wil o] 5o FH IS o] &3l CMSEPY F
g ANE 5 Sl &

ol %
=

Q

CMSEP Var(nily, o, 0%) + AT Ha, %) Aglla 52

= Vi+523%

oli, 4714 V;& utE 99 =5 (naive) 74 gt Var(nlyi, & 6°)°] ™, 5% & (correction
term)-: Cilyi,a,0%) 8] 33k A&, 6°) (&, 6%) Ai(q,6%)°lth. & thA] 8tH CMSEP2

SHA G Cly,0,00)€ 25 a%t 0?9 S AHEFoR AN €4 FHko] 4



2] Zole A4 Pty dRES EYH Fe
Booth$} Hobert(1998)& ©] R & 2] 25 (order) 7} Var(mily, o, 0%) & F3 & w A7)
Hgko] ap4r9} Prtm Ba, wraba] FH o Lot Qe A5 o] HEgL

7} ¢17) W Fofl, CMSEPS] 3 gto &

19
i
o
o,
o
2

a
r
)
rr
Y,
)
Ay
o
_(:.1

CMSEP =V, + 8A % + H & (4.2)

o A e A Bk b (a6 y). 2 Vol thak 2x} Taylor 2-4ke] 2213} ghof o €

kol o] & A7) 9l Booth$t Hobert(1998)—— 277} Zoj A Z2A oA Dol

AR Hego] e Byd B2EY] FH UGS ALESINT 28408 Sy HE

off cf gt 7&—2‘5‘4 2= = 73—?—011% O FFGe 7] YAl RAEY FF WS -
1

=
9] e Aol 99 &5 F

I_I,}—O fr ree
20N A

oﬁ
gl

(2}
g
=
0
e
4
B
02
0z
0
4o
D]
-
=
2
i

rlok
%
o

GLMMe) gt gajel A7 A Waron= MCMC ¥£E EM 4nel&s
Monte-Carlo WA 5& %8led 288 2§A)7) & 24, Gibbs sampler® o] &
&5 338t T2 (McCulloch, 1994, 1997: Hobert 2} Casella, 1996)5 ] 55 11
HE gy oM ARE e R A = A ol e 2 AR o] 34
93 vt} (Hedeker9} Gibbons, 1994). $HH, Bayesian 3o A 2] B8 2 3o &
T A A gt} (Gilks. et al., 1993: Zeger ¢t Karim, 1991). Al4 Bayesian®] 7%, 3% ol
oM 24 Fafel ek grbef o st FE-F wR a4 7] wigel “E3 g3 B
% 6}«‘1 7ol AsrEg v BabstA e s Zi op 218k, Natarajan3 McCulloch(1995)
3 %ol el flat priors A& }TL: & Ak akal gfvka A A ek ol
?ﬁ_zﬂ LMMo] 7}A &= #A14d F9 8t } O Rl AFgE T e Frd el
Z1Z238tn uteE Holth webA] vl RS Het FuE vy ete Ao AR g 9l
o ™ (Agresti, 1993; Aitkin¥} Francis, 1995), ¢| ¢} v]Ho] GEEE Al&8t= A% 385
a1 At} (Fitzmaurice, 1995; Lipsitz, et al., 1994). Y3k GLMME, diH oz W& Ao
ol A FiH o R He 4o HEglol Oéoié o 2] -5 4l (area-specific) A ZH &2 F
gatr] AsliA], e A Y S AL PN %Y B&E TN E A4 23
H (small-area estimation)oll M= &9 o2 &8 H ] (Booth, 1995; Ghosh$} Rao, 1994;
Ghosh, et al., 1998). T &Fol] tfd 23 237 e 49 HeF 2 BA A8 23 24
w3 & 2o B4 Abgholt) (LinT Carroll 1999; Wang, et al., 1998).

GLMM<L th& o &jr7ia] BEE, o & &9 AlS3 dvrstd 4% 23 (HGLM), ¥
El-o]8) B3 Folf.zhol 2E oA njo]x|¢t E%(Full Bayesian Model), 12 11 2715
H 7t = %8 (Conditional Maximum Likelihood Model) &l ®la] 2t} ZaH o7 =}

2 4

R 2 19 o

fe o ¥o -

HE
=

s



)

7+

Q

Pt g

i

ol

Foll
ied

)

i
Pt
GRS

=]
AL

IS

gted ®

i
Lk
=

==
R} %
(@)
t}. GLMM

(¢}

o]

=2

. % GLMM
4e 559

%}

+ gltiE 45 GLMMY
X

1

=

Er
m

=
i

=
5=

b

A

554
ks

%}

e

ol

'
Ui

W

| thd A5 o8] 7Hel |

vl = NSF-CBMS #| ¥ %) e]oj A =

Age] Bl ofel gl sk
£ o]t} (McCulloch, 1999).

GLMM3} 1) ¥4

[
i

Q.
S0

=

H
A

o

o
e
oy
pilo]

£ A 2 ol 2elA A

¥tk BUGSE 2 o] &3+ Bayesian

3

=)

2 Li9} Duan(1989), Mallick3} Gelfand(1994), Pregibon(1980),

Weisberg 2} Welsh(1994), 2] 1 Xie, Simpson} Carroll(1997)5 & #2381 7] up&ct.

T

¢) Neuhaus, Hauck 2}

PR STk W gab w o] FHUE 018

:’

™ 2] McCulloch(1997)2] A 7+7}

)
£
piig

™N
]

!

Kalbfleisch(1992)2] A

Tilo

!
jpst
W

-

™o} Lange?} Ryan(1989)&} < 47}

=
=

e
Verbeke®} Lesaffre(1996)2]

V(O

ol
A

= 9ich)

__’1

-

-

15

o}

A

A7pr A

A

T
T

of g A

= 2=

b, 270} 7hA]

&l oF &

ol g A



oinbsbsl AlE Z3h o] bk A ko] Ao w3 555

23 2y (LMM)e] Aol &= o] ARl e] 3 913t Christensen, Pearson3} John-

son(1992), Hodges(1998) 6 A5 2] Aqtqt o] Folz] )t} Al &3 mgo] 729

= 245 A 7 (data deletion) 7} 73§ 2 FRE-Eojok sluj(d B B9, 7} ) xﬂLH )

B 53 shvdE Azete A g Ade] AR AAE AAstE R, o] A oA

2] R 2A}EL7] Yelia] 2 Alme MR U BARS v o 23 oo} ghr

GLMMS] 4 fol= o} &l oo e 3+ & 27} @o] o] Folx] 1 QA F-& Ao}

5 2 RolMe 2 9 Bk R A4y T4

2ol AA, Alg] J3tel] &3 GLMMe] 2E AT E fEE ZA W Eo

ofaf Heirlo} vt 2w A R4 SR8 AdE AL A= EE Yrlste
: cAlE, 53] Wy gk

7 ARl A9 vy gutel vl Ao ol Hy el FAle,
‘ & shst obd g gleh b AR el $e A2 Lin(1997),
Jiang(1998) 5 & %H2&3817] upghc},

6. ol &ake] Fax FA:
d28 gsel e Woht gHAN Az e dagEtel A3e o
2oy 4= glerb? Wk gatel 2@k o] 5 ik(best predicted value) & A7)
F ANSe FHE ARe. 2 Sk oA HER (ol Peixoto?} Harville,
1986; Natarajan3} McCulloch, 1999) of 2 2 Z}(prediction error)E o B Al Al 4Fak A
21 7}7(<ll: Booth®} Hobert, 1998) 5ol #3h A7} 4 g 8},

\]
I

=

1

~IL
iz

i
i
P

ot

g (GLMM)& 413 &3 E‘@(L\ﬂl)l’lr Y utatE MY 28 (GLM)
Attt oplet Wl 2bR, ¥l E 2E A5, W
&

@
"WiwﬂqbnfﬁnnaﬂmﬂH5@§an
ol
K

Un o
alt

tlo oQ ot

o o T
kN = }-D
>
(F;U r2
L
L of
-y x =

) 2 A% itk ¥ AT o

-1 A

qr of iy
_O‘L

A e 17

X L 2
2
i
2
b

oX
fo ¥© 24 e

JE

% ot K
X
o

o
50
i
of
ok
s
2 =
g
jonp]
@
joN

N
==

¢ 6‘H AAE 71 EF o AZFERE(QL)E ol 8 3%

Zol th s %}iam o] 9o %, E4-3F 485}
M Fobd-gol BE, = GEEE AM&-she ¥y, wle]
5%4, olell el = E— Cé 101] A L}—er] &
71Ee] A Rl E
| et 5% &l

Ae o Wrtn 2

arlos

= Hi

23
A

F, GLMN

o
o

Jonte-

o o
11‘.

3

op
C‘Ol lﬂ_“ ‘1

s

el

ot oo
mio m&\l
;S
o

|

r }‘D

T
o o °

of
oo o
Ol

-~
op

of

0

N
P
{
]

r‘o ol

]

wl
o
i’
> »
iV
1
_E
2
T
lu!
0
o ol
rﬁ

o
jut)
lo,
]
Y
2
-
In
2
»s, rh
JJ’ o U

: 4 30

Al GLMMe] A4t

i

A3

2o W Jr N o i & o b lo
[
=

> 8 o
b
oft =

=
£ g
2

of

ls

1



556 ' o] 49

=8
[1] o] (1999). Awtale My Eg 2. Ay 33 233 dubaly Mg 230 o
A, <S8 FA>, neiuigty EAAF 4, A 149, 27-40.

[2] Agresti, A. (1993). Distribution-free fitting of logistic models with random effects of
repeated categorical responses, Statistics in Medicine, vol. 12, 1969-1987.

[3] Aitkin, M. and Francis, B.J. (1995). Fitting overdispersed generalized linear models by
nonparametric maximum likelihood, GLIM Newsletter, vol. 25, 37-45.

[4] Anderson, D.A. and Aitkin, M. (1985). Variance component models with binary re-
sponses: Interviewer variability, Journal of the Royal Statistical Society, Series B.,
vol. 47, 203-210.

{5] Bock, R.D. and Aitkin, M. (1981). Marginal maximum likelihood estimation of item
parameters: Application of an EM algorithm, (corr: vol. 47, 369), Psychometrika,
vol. 46, 443-459.

[6] Booth, J.G. (1995). Bootstrap methods for generalized linear mixed models with appli-
cations to small area estimation, FProceedings of the [0th International Workshop on
Statistical Modelling, vol. 104, 43-51.

[7] Booth, J.G. and Hobert, J.P. (1998). Standard errors of prediction in generalized linear
mixed models, Journal of the American Statistical Association, vol. 93, 262-272.

[8] Booth, J.G. and Hobert, J.P. (1999). Maximizing generalized linear mixed model likeli-
hoods with an automated Monte-Carlo EM algorithm, Journal of the Royal Statistical
Society, Series B., vol. 61, 265-285.

[9] Breslow, N.E. and Clayton, D.G. (1993). Approximate inference in generalized linear
mixed models, Journal of the American Statistical Association, vol. 88, 9-25.

[10] Breslow, N.E. and Lin, X. (1995). Bias correction in generalized linear mixed models
with a single component of dispersion, Biometrika, vol. 82, 81-91.

[11] Cnaan, A., Laird, N.M. and Slasor, P. (1997). Using a generalized linear mixed model to
analyse unbalanced repeated measures and longitudinal data, Statistics in Medicine,
vol. 16, 2349-2380.

[12] Chan, J.S.K. and Kuk, A.Y.C. (1997). Maximum likelihood estimation for probit-linear
mixed models with correlated random effects, Biometrics, vol. 53, 86-97.

[13] Christensen, R., Pearson, L.M. and Johnson, W. (1992). Case-deletion diagnostics for
mixed models, Technometrics, vol. 34, 38-45.



adubsbsl g Z3F ol ek el o Hok 557

RS

[14] Daniels, M.J. and Gatsonis, C. (1999). Hierarchical generalized linear models in the
analysis of variations in health care utilization, Journal of the American Statistical
Association, vol. 94, 29-42.

[15] Fitzmaurice, G.M. (1995). A caveat concerning independence estimating equations with
multivariate binary data, Biometrics, vol. 51, 309-317.

[16] Ghosh, M. and Rao, J.N.K. (1994). Small area estimation: An appraisal (with discus-
sion), Statistical Science, vol. 9, 55-93.

[17} Ghosh, M., Natarajan, K., Stroud, T. and Carlin, B. (1998). Generalized linear models
for small area estimation, Journal of the American Statistical Association, vol. 93,
273-282.

[18] Gibbons, R.D., Hedeker, D., Charle, S.C. and Frisch, P. (1994). A random-effects probit
model for predicting medical malpractice claims, Journal of the American Statistical
Assoctation, vol. 89, 760-767.

[19] Gilks, W.R.., Wang, C.C.. Yvonnet, B. and Coursaget. P. (1993). Random-effects models
for longitudinal data using Gibbs sampling, Biometrics, vol. 49. 441-453.

[20] Gilmour, A.R., Anderson, R.D. and Rae, A.L. (1985). The analysis of binomial data by
a generalized linear mixed model, Biometrika, vol. 72, 593-599.

[21] Goldstein, H. (1991). Nonlinear multilevel models, with an application to discrete
response data, Biometrika, vol. 78, 45-51.

[22] Harville, D.A. (1977). Maximum likelihood approaches to variance component estimation
and to related problems, Journal of the American Statistical Association, vol. 72, 320-
340.

[23] Harville, D.A. and Mee, RW. (1984). A mixed-model procedure for analyzing ordered
categorical data, Biornetrics, vol. 40, 393-408.

[24] Hedeker, D. and Gibbons, R.D. (1994). A random-effects ordinal regression model for
multilevel analysis, Biomnetrics, vol. 50, 933-944.

[25] Hobert, J.P. and Casella, G. (1996). The effect of improper priors on Gibbs sampling in
hierachical linear mixed models, Journal of the American Statistical Association, vol.
91, 1461-1473.

[26] Hodges, J.S. (1998). Some algebra and geometry for hierachical models, applied to
diagnostics (with discussion), Journal of the Royal Statistical Society, Series, B., vol.
60, 497-536.



i
2

558 o] %

5!
[

[27] Jiang, J. (1998). Consistent estimators in generalized linear mixed models, Journal of
the Amnerican Statistical Association, vol. 93, 720-729.

[28] Kachman, S.D. and Stroup, W.W. (1994). Generalized linear mixed models: an applica-
tion, Proceedings of the Kansas State University of Applied Statistics in Agriculture,
99-111.

[29] Laird, N.M. (1978). Empirical Bayes methods for two-way contingency tables, Biometrika,
vol. 65, 581-590.

[30] Langford, 1.H. (1994). Using a generalized linear mixed models to analyze dichotomous
choice contingent variation data, Land Economics, vol. 70, 507-514.

[31] Lange, N. and Ryan, L. (1989). Assessing normality in random effects models, Annals
of Statistics, vol. 17, 624-642.

[32] Lee, Y. and Nelder, J.A. (1996). Hierachical generalized linear models (with discussion),
Journal of the Royal Statistical Sociely, Series, B.. vol. 58, 619-679.

(33] Li, K.-C. and Duan, N. {1989). Regression analysis under link violation, Annals of
Statistics, vol. 17, 1009-1052.

[34] Lin, X. (1997). Variance component testing in generalized linear mixed models with
random effects, Biometrika, vol. 84, 309-326.

[35] Lin, X. and Carroll, R.J. (1999). SIMEX variance component tests in generalized linear
mixed measurement error models, Biometrics, vol. 55, 613-619.

[36] Lipsitz, S.R., Fitzmaurice, G.M., Orav, E.J. and Laird, N.M. (1994). Performance of
generalized estimating equations in practical situations, Biometrics, vol. 50, 270-278.

(37] Littell, R.C., Milliken, G.A., Stroup. W.W. and Wolfinger, R.D. (1996). SAS System
for Mized Models, SAS Institute Inc., Cary, North Carolina.

[38] Liu, Q. and Pierce, D.A. (1994). A note on Gauss-Hermite quadrature, Biometrika, vol.
81, 624-629.

[39] Mallick, B.K. and Gelfand, A.E. (1994). Generalized linear models with unknown link
functions, Biometrika, vol. 81, 237-245.

[40] McCullagh, P. and Nelder, J. (1989). Generalized linear models, 2nd edition, Chapman
& Hall, London.

[41) McCulloch, C.E. (1994). Maximum likelihood variance components estimation for binary
data, Journal of the American Statistical Association, vol. 89, 330-335.



inbzbsl Aldl Tk ol 2hgl A ro] o p Lk 559

[42] McCulloch, C.E. (1997). Maximum likelihood algorithms for generalized linear mixed
models, Journal of the American Stalistical Association, vol. 92, 162-170.

[43] McCulloch, C.E. (1999). NSF/CBMS Regional conference on generalized linear mized
models and relaled topics, June 8-12, Department of Statistics, University of Florida,
Gainesville, FL., USA.

[44] Montgomery. M.R., Richards, T. and Braun. H.I. (1986). Child health, breast-feeding,
and survival in Malaysia: A random-effects logit approach, Journal of the American
Statistical Association, vol. 81. 297-300.

[45] Murphy, D.M. and Wang, D. (1998). Family and sociodemographic influences on patterns
of leaving home in postwar Britain, Demography. vol. 35, 293-305.

[46] Natarajan, R. and McCulloch, C.E. (1995). A note on existence of the posterior dis-

tribution for a class of mixed models for binomial responses, Biometrika. vol. 82,

639-643.

[47] Natarajan, R. and McCulloch, C.E. (1999). Modeling heterogeneity in nested survival
data, Biometrics, vol. 55, 553-559.

[48] Nee, V. (1996). The emergence of a market society: Changing mechanisms of stratifica-
tion in China, American Journal of Sociology, vol. 101, 908-949.

[49] Neuhaus, J.M., Hauck. W.W. and Kalbfleisch. J.D. (1992). The effects of mixture
distribution misspecification when fitting mixed-effects logistic models, Biometrika,

vol. 79, 755-762.

[50] Neuhaus, J.M., Kalbfleisch, J.D. and Hauck, W.W. (1994). Conditions for consistent esti-
mation in mixed-effects models for binary matched-pairs data, The Caonadian Journal
of Statistics, vol. 22. 139-148.

[51] Patterson, H.D. and Thompson, R. (1971). Recovery of inter-block information when
block sizes are unequal, Biometrika, vol. 58, 545-554.

[52] Peixoto, J. and Harville, D.A. (1986). Comparisons of alternative predictors under the
balanced one-way random model, Journal of the American Statistical Association,
vol. 81, 431-436.

[563] Pinheiro, J.C. and Bates, D.M. (1995). Approximations to the log-likelihood function in
the non-linear mixed-effects model, Journal of Computational and Graphical Statis-
tics, vol. 4, 12-35.

[54] Prosser, R., Rasbash, J. and Goldstein, H. (1995). MLn software for multilevel analysis,
Institute of Education, University of London, London, UK.



=
o2

560 o]

[55] Pregibon, D. (1980). Goodness of link tests for generalized linear models, Applied
Statistics, vol. 29, 15-24.

[56] Rasch, G. (1961). On general laws and the meaning of measurement in psychology,
Proceedings of the 4th Berkeley Symposium on Mathematical Statistics and Probability,
vol. 4, 321-333.

[57] Robinson, G.K. (1991). That BLUP is a good thing: The estimation of random effects
(with discussion), Statistical Sciences, vol. 6, 15-51.

[58] Sampson, R.J., Raudenbush, S'W. and Earls, F. (1997). Neighborhoods and violent
crime: A multilevel study of collective efficacy, Science, vol. 227, 918-924.

[59] SAS Institute Inc. (1999). Chapter 3. The NLMIXED procedure (Draft), Cary, NC:
SAS Institute Inc.

[60] Searle, S.R., Casella, G. and McCulloch, C.E. (1992). Variance Components, John Wiley
& Sons, New York.

[61] Stiratelli, R., Laird, N. and Ware, J.H. (1984). Random-effects models for serial obser-
vations with binary responses, Biornetrics, vol. 40, 961-971.

[62] Stroup, W.W. and Kachman, S.D. (1994). Generalized linear mixed models - An
overview, Proceedings of the Kansas State University Conference of Applied Statistics
i Agriculture, 82-98.

[63] Wang, N., Lin, X., Gutierrez, R.G. and Carroll, R.J. (1998). Bias analysis and SIMEX
approach in generalized linear mixed measurement error models, Journal of the Amer-
ican Statistical Association, vol. 93. 249-261.

[64] Wei, G.C.G. and Tanner, M.A. (1990). A Monte Carlo implementation of the EM
algorithm and the poor man’s data augmentation algorithms, Journal of the American
Statistical Association, vol. 85, 699-704.

[65] Weisberg, S. and Welsh, A.H. (1994). Adapting for the missing link, Annals of statistics,
vol. 22, 1674-1700.

[66] Wolfinger, R.D. and O'Connell, M. (1993). Generalized linear mixed models: A pseudo-
likelihood approach, Journal of Statistical Computation and Simulation, vol. 48, 233-
243.

[67] Verbeke, G. and Lesafire, E. (1996). A linear mixed-effects model with heterogeneity in
the random-effects population, Journal of the American Statistical Association, vol.
91, 217-221.



Ibehdl A1 E5 vl whah 2o 9 Sa 561

1

168] Xie, M., Simpson, D.G. and Carroll, R.J. (1997). Scaled link functions for heterogeneous
ordinal response data. In: Modelling longitudinal and spatially correlated data: Meth-
ods, applications and future directions, T.G. Gregoire (Ed.), Springer-Verlag, New
York.

(69] Zeger. S.L. and Karim, M.R. (1991). Generalized linear models with random effects: a
Gibbs sampling approach, Journal of the American Statistical Association, vol. 86,
79-86.

[70] Zeger, S.L., Liang, K-Y. and Albert, P.S. (1988). Models for longitudinal data: A
generalized estimating equation approach (corr. vol. 45, 347), Biometrics, vol. 44,
1049-1060.

[71] Zou, X.-H., Perkins, A.J. and Hui, S.L. (1999). Comparisons of software packages for
generalized linear multilevel models. The American Statistician, vol. 53, 282-290.

(1999 11¢ 5], 20001 89 )= |



562 o]

eh
o2

A Study for Recent Development of
Generalized Linear Mixed Model

Juneyoung Lee!)

ABSTRACT
The generalized linear mixed model framework is for handling count-type categorical
data as well as for clustered or overdispersed non-Gaussian data, or for non-linear model
data. In this study, we review its general formulation and estimation methods, based on
quasi-likelihood and Monte-Carlo techniques. The current research areas and topics for

further development are also mentioned.
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