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KEE~ILVF 777 Z—FFILOHEEIZHOWNT
SEETRARTERT )1 e

1 FC®HIC

BRI 2 5 AR G EOM BT — 7T 7 =B VEE (UT, 77 24—) THEALLS £ +5R
AT 1960 EAN D —fREGIZAR > TV A, FO|Z HOMPFIL-E TRV, WhwAT 25 47
BEROLENL T, vV TF 77 2% —EF VB TFRETATED. KbI<HOV NS FiEIL,
B TMBNIC OLS [E5F L CTRDTGRE (U & — AR E) &, @R AT & - THR% FBENTE
HLTFRIZANDE NI b DTHD. ZOL I RERNRTBICK L, RE TR ES
FEFMULIETY I ER RS,

2 OLsS77o—+

HOAICBITAREFRL =N — R (FIZNIHGE 3 LS8 <T) OIERE r, ALK
THhHHAMAOEBNCEDT 7 /4 —% F,_ 1 k5. 77 77 —1TAICIZERELE ENHD, EX
IEHEE LTL PRI A V2. EHEIIWOIEL 28BS Holoaib s l— b7+
UAOIERTHY, TORFx ORBFELHEEZ LND. o TIOHMITFRAGETHS. (FTHE
BREEMBENCEEZTIIEL WO THST, UTOLI 777 ¥ —FF L EEZDLENRD. )

ET, BERERL L T RIITHNL B0, OLS B TH, = (F_F_y)"'F_r, &Kk,
(B 2 12)60 4 A % BB LIS L > TEB L U % — 4R850 s LB a o TRAONEE
FRTHENILDTHD. (ry, Fdfio ST LOENRE#1TV, Fig b EieB— 7+ V40
MABZE1TH. ) BHERACTEMRIEEITHY O, BICGEE-T-HETH& T2 ENL AT
ERRBAICH O TV ANETHED, ZZTOREIEEDA D= X LERLM LN E, HEiE
LRI DA L > TTROBER TORKE A FiRbde T — 20 bIRO ML E 5252 L THSD.

ZOMBIIRERKERR T TNV LIRAD I ENTEDOT, RIEZEMET /L OMBD THEYER
BHBNIRETD. LV HATHRIET Y ADE &5 ETHIE, AN~ 7 4L EOBRKRN
ADOBREILE DI ENTES. LL, OLS R OMHRA & MR LT £ & TREIC ERICEMSHR
FEALTHONTY, HRIZOLS BIROBREFO LM E— T 5. ik, BRI/ ERE
WORTEEFLTHAD L L—ETHAI N, BIRETFTALOESEITIEED 7 T A0 T2H
WA T A DY T ANRREI, ERAICTFREEDR ENRETCTFTLOEE & RS TL
FOLIERERFEREHHLEEZ NS,

3 Temporal Effect Model

Z AR T, BENLETAVEUTOL SR L, % temporal effect (TE) model &
BESS.
ﬁt = ﬂt~—1 + U, Vg ~ NID(O,Dl)

—201—



re = F1(Be+w) +u
w; ~ NID(0,D,)
u; ~ NID(0, 02IN)

ZZC Dy = diag(r?,...,72), Dy =diag(A,..., %) ThsH. HHAEHICL>THLMZ LD
12, TN OLS BOBFEEVEDONRTZARIZL>TEHEEND GLS BUZIR L TWA Z L Io%
L. TOPIX AR 2 58142 LB Tid, TEEF/WMETE R WET /L (BRI TFBRLO 20
OLS I[ZIHEHIT) IR THEEICL TR UELTRY, NTAZEEBERELTH TEET VML
WEHIETENS.

4 EBERNRIA—TRIZL B

OLS L BENEH A AR D ERAOFE LA EICRETHET 5120, BELSMIHIEOR
ERNETHS. 22T, FHINERL2 L CHEP IO 7 a— NERZEBAIT- T, £
DNRT A=< ABERBEO S v —T L TERLTHETE 22 L. ZOFMREDOTT
BHRVBOOFEMNE (F5) BDAUIT, ST LLERALELEEETILOTIHEHRVA, EER LEOBAH
LIIEERBETHS. T—FIT1985F 1 AN D 1997 4 10 A £ T TOPIX #A&HE, 777
H—i¥, —r AREE, ¥yvi a7 o—Hitk, BE4REYERNTWS. OLS+BENITEED S v —
T A3 2.85%, TE T 1L 2.73%, TERLOETAE191%TH-7. 2K, ET/VO/RT
AFEBFHELRELT U M TATTFRILE EE1T296%T, £ Y TADFE LA
FERTHD. PRV IITOGHNOIE, REERETATHLALY ¥ — U REIZE - EH
X, OLSH+BEI FHEREBED Y Y —T7 LA ThoTh, FHU F—0 0300/ EW0H Y 27 48
SR> TV AEHAEZBD LS. FEL <L Kawasaki et al (1998) /.

5 mREES, Y#lie, HEaX k

TELEIISTEAVAHIEOEA EO# ALY, BRXRHERRR» D ZETHD. i, #
FtgE N & Line &L, =54 vORHBEIZBVT N x N THIOSEITH O Z1Thiin
bR LIZEET S, BRI TOPIX RASIRARE = R—R B L XIZIT N = 1341
THY, BLYRNINBHETS, DEODEFAHEELKRZDDIZ 30 M2 ETS. (IBM
RS/6000 # 11 FAWT, FORTRAN TFu I v/ LIZBATHS. ) RBEL= A b &2HIET
L5728, BIRZ A NVZDHEASFDE 275 L FRLFHINHOESORTE S X FITHAEAHLET
TTFNAEEEITHo-. BRFWBRAEMRE TIC LMo B f/H s LT, E90KRTIZ1IKRT
+5THY, VEREDEZ FIFIBAME 7 4L Z OG>, diffuse prior IZLZDORRYTHS ).

SEXH

Kawasaki, Y., Sato, S. and Tachiki, S. (1998) Smoothness Prior Approach to Estimate Large Scale
Multifactor Models, ISM Research Memorandum No.714.
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SEERRTIBITICL A Y AT LABATIZONWT
NTT 23 2=4—3 a YRR INELEF

1 @EUBIC

ST THRBFLERY AT L OBIBFICEZEERRIETVEFAL, 77— 5 MOBRICOVCOBER
TBImoTEL (Kato et al (1994, 1996). INEE. HE (1997). Kato and Kawahara (1998)). #1550
KEETHI Y A 7 ABITOESTiE, PIIL FRitb (1972) KX 2MEHI 7 41— FNY 7 VA7 ABFEZEA L
BBV X T AERER—ZLLTVWEDT, EFVORVPERFEETH Y, Ay My, BEBEHICL
. EEHORRERZILETLILNTE, YMOEBHICHTIREVATLL, BEVATLLEFE
A L ORBIRICDVTHRNDE Z LN TE S,

EEDVEE 71— PN ZBITICED D ER L0, ERIEG SN2 EEBRIIF— 7 0% id, ke
EHEDBBA, FOYAF IV A, BR2BHOV AT LB TRREARVERHEHLEEZENESINT
WHEW)ZLTHE BRRUEBILIDIILFEREIAF I 7 RAO20WTHE, $TCHBEOFEFT
AFANT 7O0—FOBBAIZEI NS IHEENTVED, BTS20 AT 2082 EEF AH+H
BELREVEY. 20X 27210 LT, FEERRNBINILETH S 2 LIEMFTPbEE SR TY
T, A GETUSHRINTRES, RTH, YATLACBIAIRBY A F I A0FHELEME L1
E7)I & LTid, Generalized ExpAR (GExpAR) €7 )V (Ozaki et al. (1997)) 255 L {$RE &N T 5.
IhE, b &Y Iy M 7 VOFERBREIEEY AR E7VICHARAR, ERFERRIIE TV E LT
BT 4 —< X %R L7: Exponential AR (ExpAR) €7V (Ozaki (1985)) 243 L, KEEEKEFEE 7N
& IR O RBF il B T—RAIL L2 OTH 5.

Tz, FERIBY AT AR~ O—FEEL LT, Kato % (1998) 73 2 B RFI DML BEE L 7218
FHEE LG 2 B%E LT Coefficient-Modulated AR (CMAR) €7V #FELTWwE, ZOEFN
13, Functional-Coefficient AR €7 )V (Chen and Tsay (1993)) DR EERS1C. M14E 5 2% multiplicative
WA IR B EFLVOBE VI RS TE S,

ARETIE, ERICRELABITG 2 LD T AT ABTIRICE S %) R EBERRTE TV L @HTH
ERALZZ. BWAT—5id, BEOERBEERT -5 L, %@%“-;ﬁ"o EIZBRLTWD &%Fxﬂ:éﬂfw
(Orlikoff and Baekn (1989)) BEIRDF— 2 hoB o/l lOT— 4, FREHAVTCERLAZY I 2L -
ariF—yThHb.

2 EFILH

2.1 VAR EFIICL B VX T LR
Kato and Kawahara(1998) % 8.

2.2 Radial Basis Function-AR #EF )L

BRSNL1IRTOT—5R5%E 2,(n =1,---,N) £T2. ExpAREFMIIB VT, —HRT0REEIC
KFET % AR OREE S % RBF # B CET 5.

P
Tn = ¢o(Xie1)+ > Gi(Xn-1)ZTn-i+en e~ N(0,0?)

i=1

$i(Xn-1) = ciO_"ZC’kHexP ——_Z"’;J_)_)

COEFNVIEAFERLFARICHE SN LEOFT—FICEBRALL. EFVORKESRETREDH
13(’(56 N, FNSEAVTEBEBICES 2 instantaneous ZEEEOE(LZ I DL ENTES. ¥

EEORE AR ETNVERAPNT—~ 7 ICH8H T 5 subset AR EFNEDOHREERZBI RS &, AIC OFEBK
fu RBF-AREFANEL 7142 PLTWAB I ENhL D, T, EXFAEREOBREZHAL-DD
instantaneous VAR EFWVIZ0W T OERFI 2R L7,
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2.3 Coefficient-Modulated AR €7 /V

BREN21ILREDT— 7 R5 yo(n = 1, ,N) OB LT, BELZD D) D EDDF— 5 RE)
to(n=1,--  ,N)DPBETLHETD.

M
Yn = z am (T|0)Yn-m + €n, en ~ N(0,0%)

m=1

am(z|0) 1t z DEBFTH 5 AR DFR¥ & T.

RBF-AR #E 7 )V & FBIZHEE S N7 am(z|6) 25 instantaneous ZEAREZFTET LA TES. b
LIRFEMAAOHE. BRI instantaneous %/37 —ARZ FLDERBZZENTES. LD
F—F e HWTER LAY Ialb—-YarP— 7 I ZHEHEL.

FRRFEOEEAIT &, ATR AMEREFHIZRAT L O*AMRICH ) T§. T AIRMTERTIBITICH LT
IS ETHEW TV KEHEEMAR BIRHEIR. 77— Y B2 FEo THVW A ERESHICRH LI T
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Simplified estimator and simultaneous confidence region

in an extended growth curve model
KB LR - REE frEEE
IRER - RESN K 2
=Y N JRERRER T,

Potthoff and Roy (1964) IZ X > TEASNBEOKEMBET NV OILES LT, WL
ONDEIR DEENFHEITIE L SRDETVEE XD,

EY)= A151X(1)+ "'+Ak5kX(k) (1)

I, Y XN xp ® BRMEITFITY ~ Nyyp(E(Y),In @ %), A; 1 N x r; OFES r, @

LR DEAR E TS, X(i) Tgxp Dt qi @EE%H@{IEQKW%@?TW, Sidrx q; DF
FIDRT A5 ~THITHB, SHIZ, X CKOMBEME 2 RET S,

“q1 <@ << G D X(.L-) X X(k) @ﬁé&b@ gi Xp @%‘Bﬁa‘ﬁ’?ﬂ&lﬁb”@ﬁ:éo” (2)

ZOETIE, BRREA L UTREPRERD t—EALAXREMBESA TS,
&l (2) ZRZTETFNV (1) OEEFRIIKROE S I8 6035,

Z ~ Nnyup(E(Z),In Q@ 2), (3)
i,
Zi1 o Zu e, 0 -.. 0O
E@)=e|| * " =] :
Zxr o Zye Or, + O O
Zo1 - Zos O ... O O
THY, Zighdkrixbi(i=1,...,kj=1,...,8),Zp; 1 Enxbi(j =1,...,£), 2 ITREDIEEE
75, n=N—-ri— =i, L = k+1,b1 = q1, 00 = 2—q1,. -, bk = Qe—Qr—1, b1 = be = p—qy
ThHd, £,
W =20 ... Zod'lZ01 ... Zoe) = Wijl, Wij = Z{; 204
L33,

E7/V(3) DY & TD MLE, SREMEIE Fujikoshi and Sato (1996), Fujikoshi, kanda and
Ohtaki (1998) FTEZE SN TS, ARETIE, MLE's L BHICEE L QWA HEKTEES
REL, TOEEROERMMEICE DT, 37 X —F ORFHEERMOEREFEET
%, fTHIOSENIS LT, ROBEERAWD,

Zy =12 Zinp ... Zi), Ziae .5y =2 Zia ... Zy),
Qa1 Qo -++ Qg

Qa.on = { S Qeloe.n = [ : : j! ,
Qe Qug -+ Qe

123,60 =y — 91(23,..2)9(2;“_3)(23"_1)9(23...2)1 Bx,
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ZZTHWDET IV (1) OFERT A —F OHEERIT, BRAEDE X FIZE ST

6u = Zn-— Zl(23...Z)Q@}gu_e)(gaug)?2(23..1)1s
Og012) = Zsaz) — Zz(s...e)Q(‘g{.z)(s...z)9(3..‘3)(12),
Or_102.5-1) = Zr-1012..5-1) — Zk~1(k£)Q(_klg)(k1z)Q(kl)(u..‘k—1)7
Oraz.ky = Zraz.x) — Zei% Qa. k)
WX THIET D, 72201, 58ITH Q 2 HEHETE
nQ=w

THET D, Q OHEHEERIT Z12.0, 2230+ ) Zh-2(k-1..0) & Tre DERZERLT,
Z0(1,2...£) ZiF &RV HDTH D,

I, Ci i ei x iy Dy g x di(t = 1,...,k) & rank(C;) = ¢; < m,rank(D;) = q; < dj D
BEFITH & L, TRTD 1 KRES a’101®11D1b1, a’202®2(12)D2b2, ce )aLCka(l.,.k)Dkbk Iz
DWTERGRE | — o ORFEREM MR T 5MEZEX D, a[Ci0;, ;) Dib; [T 545
BB EOREHBRTT VMIBIT D FIEICE > THEREND, BRI &

a,Ci(©i1...5) — i1 i) Dib;
{&Gillr + Ziti. Wi ..o Zig. o0 2 0LDIQ0 iy o412 Dibi) /2

T’i(ai, b’l.) —

BEZ,
s — {Ci®iq1...5y — Ouqr..iy) DY {Cilly + Ziir. oW its pear. oZiii.plCit !
x{Ci(®;q1..5) — Oy1..4) Di}y
S = DiWa._ya...apir1..eDs
L, 00 &SSO DBKEHR, 4, 00n(@), (b =1 —pipr— - — pg) & £O D LA
(6] ".J—'I)_'Té cl_f N aéC,-@i(l_“,-)Dibi ﬂ)ﬁﬁﬁﬂﬁh&
aéci@i(l...z)Dibi
i[rd;,cnﬁ.'(a)(a;ﬁci [In + Zi(i+1,..£)W(;ilmz)(,i_i_l__j)Z{(i+1'_.£)]c_£a,,;) . (bngQ(L_.i)(lm,;).i_H"_gDib,;)]l/2

TEzZbNB,

TIZZNHOERE AV, a1C1011 D1by, . .., a}CiOy1. 1y Dibr DRIFHEREK 25k
ZERTED, EROERKMOBEAEZELICREIRET I - LicEY, BENEEEZ
Bl-a b OEREEEMEER T LNTES, L, kBMEXBIZONT. ExD
FRRREZEFRIIRELSTIALERDD, T I TRETIDI

77 (ai, b;) < max (g, .., 7e®) = 12

DEUDREFIRT DHETHD, T, fi=n—pip1—--—pp THDs T2 (a) & T2,
DEMla RETD, —MIZT? =T2, OFFEBDIOFHEE LV, ¢ == =1 DE X
nh_)ngo P(T? < z) = G (2)Ggy () - - - Gy, (z)

BEY, ZOBROBELREXEND, I, Gule) HEBHE g 0 y? SHOSTEHRT
55,
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RFHSMICE T 2MEZHRORLIEEE DS OHHERA

RESEEAFESEEE i) 1| e
TN KRFREREAE SRR DEHEA

FCOHIZ RAFHWETNVOBEOFELHEREOHT L, Anderson and Rubin (1956) %
Lawley and Maxwell (1971) 2 ¥ THEZ b TWA. LA LAad b, BRIEROSICH L TERNK
ZLRWERIZIE, IhoOFEREZAWVEEREHOBERLT LLHa Ty, 22T, Bf
SR IMEBSBOEAHEEROSFOBHERRE L, £ OREZ BEMIZEHE L ERIZOW
THE L7,

HAFAMETILEBEOREHETE RFLHETAOL LT, BRSNS pBEOEE z,,...,2
DIEFEIT Q = (wi;) 1, Q=AAN +F EHEENSE. 22T, pxm 5l A :ll%ﬁr‘fﬁﬁ
FlE Lidh, AITH € O i FHOMAESR ¢;(>0) (HRESEE JiIND. 2 OFB wiy O
L, FBEFICLYBRASNROESOEE ¢f = /w13, AL XIZhD. ZEBRERESE
Ny, Q) b OKRES N=n+1 OEESERCLESS Q=AN +¥ OFRHERE S &
L, OREICH LS A C ORLEEES A, ¥ 273,

BAKS AT ﬁuo)ﬁaﬁwﬁﬁo)ﬁmﬁﬁa b\i U=nl/2S—Q) &L, S OB%K A(S) oL

T, wn = n'2{h(S) — K(Q)} D’ w, ~tr AU + in"l/z Z t(ab,cd)ugpucg 717 —ERATE 3
a,b,c,d

%@£@-5~ :o)é: %1 Wy Dﬁﬁﬁ/§/{ 7;(: mi&ﬁﬁa mi&%g% 61,02,b3 tﬂ‘é &9 b], 02, b3
kX TE x b5 (Siotani, Hayakawa and Fujikoshi, 1985).

by = % Z (CacOba + Taatpe)t(ab,cd), o? = 2tr (AQ)2, b3 = 12T + 8tr (AQ)?

a,b,c,d

L, T= Y tabcd)[ QAR [QAQ £F5. £, w, OHAOWLLRBI

a,b,c,d

O R | LOR

THEABRS. IT, $() & ¢() H, BRENERERSN 04K L HEMETH .
wiZ, 62 =0%8) & o O—BHEERL L, AT 2T MELIEHMHER up = w,/d LT 5.
o2(S) A S = Q OEFHETHHTET, 62— mnV2rHU 35 &, u, OHEENAT A b &

WL EEE by i

b, =07t + 0 tr AQHQ, b = 073b; — 60 3tr AQHQ

THZ BN, u, OHAOEERBIIKRKNTEZDND.

!

Plun < 2) = 8(0) - 02 {1} + Fa® = 1)} @) + On™)

ﬂaﬁﬁk&mé'&o)ﬁﬂﬁi%d)ﬁiﬁlw71, HESE, FEEE WE, o B = +
n=2pM pn—1p® 4 L BBTES I L RREL, BRI LY ; OEBERDD. 1751 @ &
$ = \1:"1 —~TTA(A! \If‘lA)‘lA"I’“l LL, E=(¢) >0 2 EETS. E7 = (¢9) &L, BT
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O i 17 () ERNAERLTIRATIE A; 2158, oY =tr 8A,8U,p = tr A, Q 2785
Z T,

Q = -28(U-PU-POB +28(U-PY)aPV (¥ - &)
—U -PBU-PMS

ThHY, B=P AT AT 33, UEDZ Lhb, h(S)=1; DBE,

by = —tr(I+T7)-20r @A, 8B ET)
02 — 251‘12

tr(AQ)® = tr(®4A;)°
T = —2r®A;3A;BA;

tr AQHQ = 4tr ($A;)° — 8tr $A;$A;BA;

—7, h(S) =1 DB,

by = ~9itrI+T N -2 tr@ASBOE) + 297 (1 — 4))
o? = 2w + 2077 (1 - 2))

tr (AQ)® = witr (BA)® ~ 3w [ BARA B — P (1 - 3y))
T = -2w7;%tr®A3A;BA; + 4093 [@A,9A,8);

+207 (1 = 39i w7 2" + 972 (1~ 9])}
tr AQHQ = 4w;3tr ($A;)° — 8w;3tr 8A;$A;BA,;
FwT P [P AR AP + 4] (1 — 397 { 2w 6% + ¥ (1 — 2¢97))

B{EH Emmett (1949) (2 K 2MEREITH (p = 9) EALSBITIIE AR L TRADEIC LY
2RFETNVEDHTELD, BONTHEEZBEE LTHVE. BEAOKE X8 100 & 200 DEE
DEATNIZDONWT, YIalb—rallZiY AT 2a—F 2 MELEREBOEIESL 108 @R,
RS Plu, < z) ®NAT R, H#t, BE, REOERREZEKENICRDE. Z0O/KE, HEO
B2 LISEWEE0ORBEEZRVN L, EERRRXOELBERRFTHD I EB800 7.

Xk

Anderson, T. W. and Rubin, H. (1956) Statistical inference in factor analysis. Proceedings of the
Third Berkeley Symposium on Mathematical Statistics and Probability, 5, 111-150.

Emmett, W. G. (1949) Factor analysis by Lawley’s method of maximum likelihood. British Journal
of Psychology, Statistical Section, 2, 90-97.

Lawley, D. N. and Maxwell, A. E. (1971) Factor Analysis as a Statistical Method. (2nd ed.)
London: Butterworths. .

Siotani, M., Hayakawa, T., and Fujikoshi, Y. (1985) Modern Multivariate Statistical Analysis: A

Graduate Course and Handbook. Columbus: American Sciences Press.
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KERESBSITERE. BHEF - LBEOE
(BT B OBTARIZ DN T

1 IZLC®HIC

HERREO 7 — 2 b L < 1B IR T — & OfBITE L LT, L E TIo. ANOVA, MANOVA,
GMANOVA S0 1 B8 - ZEEMT, SHEER - IFEFRERTIFFNT, ~ /b a 7EH,
DIEERE, SIRESOMRBRESITIE. SRS, STATIS, PVA, DYNASCAL
(Chino and Nakagawa, 1990) FEOHELEFHT — # . HEHR, BFNHFERED
NFERET VAL DN ED, BESNTND,

— iz, HEXLDHEODE T, F—HREIZOANALREFEHR L TRERAEL
THOBENE 25D, TAOLOERNr— AL, FYHERTOMHYE RS EARIE
OBEIE, SREBIHIEESC—BOFELEIZS T DIEEEET ORIE ., MR K7 L
OEE, HESCLEOENE, &V DTFERLEFZEODE TOY 7LD
WA TIVEUL LD EBRGFEOHERD O ORERIERETH D,

AT GMANOVA L& 0720 b D IERIE GRIEE) 58 OB &R 0%
FCLHEODHIIBIT2FNALOEAOBK LMBERICHOWT, UTO3ER, &V
ITEIEBICOWVWTELLHRE L

o HEH - LIEDONETHRIEREIE SR T HT OFTAK

#
G ITE 53 B 3 # O B OO FRLIR

HAR TOERZARER (sphericity hypothesis) ~OXfIG & 45 % OFRE

2 REAESEITORRESERORE

9. HE - LEOSF CORBERESRATOBRRIZOVTE, ZNLOZETO
REBIESWAONT A IEFIIRE 27 —ThH IR, KERET — ¥ 257 5
FHA S ESTT OB EARITERICEbOTORNW I L RER LT
SEDORERE DS OEBOBIR, & LTHLUTOEBIZSTTHRE L .

o RIEHIET — ¥ T DRT VA 58S H ORI B OBRR

o Pt EERNTODMLEASEZBEIZ OV TOIERADER
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o F-LLDEAIITHT DN OB RAE & % O &Mk
o IEHRIESBAITDOAFHEZEDTE
o EEMIMETY 7 N THhD SAS. SPSS HEO 3t O BUR

EV D, FREOEBEHIIHT SR O BRI R L ZO/BREIZOW T, EFD
SASIZL DRI ab—2a U EREGIAL, B L2, 7. BRSO
Py r—=ThHh%, SASR SPSS TER, £O0ORTRE2THY, FE L TH
HLRWERME-T-faima TIRERELNHD 2 & TR L7,

mEO, BRTORBER ~OMIE L EEOBBEOETIE, KERIET F A 7 —

(ZXT D LAT O &) RERFARRR ~ D %S 715

L FTERERES ATV, WMBERARZ IS T LI EDERT, B0 (&
ERLD) F-BEL. WS TWRVWEIZ, Box/G-G hA 7 vaf8E% LT
U F-REZ. ZNENATH.

2. 3EPE G-G HE£1T 9.

3. M A T aAEEE L2l F- *ﬁ/ﬁ 119,

4. AR E & LT LBI 827 (Locally Best Invariant test) Zfl>, &1L H 2 & [E

ROFHREIZLD,
.Box/G-G 4 7o Nl L DEERE EIT
6. / /T A MY vy IREZITD.

ot

NEEO—BRE/L R OLERIZER LT,

SE Xk

TE EC (1993). RERETV A AR —F0 1 BHFERANECEMLE 23, 223-
235.

T8 EC (1994). REBET VA VR —F0 2 BHFERANETENLE 24, 103-

119.

T8 EfC (1995). HELLEOSEIZE TS ANOVA, MANOVA. GMANOVA &4

EORER BHFERKRECELLE 25, 71-96.
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ST EREFBRICBIT 2ERE CHIBITHIOIEEEIZ DN T
LEE KRR R ES
L iZLsic

ERRRIITROERNRETH 2 HOHIMERORERBI LS PSR ULNT VS, KICE
A HSHESB O — B LR EARMIT AR IC3 U T white noise D ZFHDTENMRED T CHE
ENTND, L LRME, EAECHAROEEEDMEERLE DD,

G, RBRINT -8 REMRT HEEN. AT MVEE fo(\) 2 DOANS—EEEBRETHEE L L
S0 k ROETHIME [T fo(Ne dA DL CHARTEINZOT, ZhEEHICHET HME
ERANRY MV 6 OREREIC R, TR 0, DHTEIEERL RBRTHESATED, &
CTOHEKE NERARKEERTH D (TMRR) BAECHMEDB LD L I REFIIC DWW THIT AR
WKRSTVWBDR] EWSETH D, EH ARMA(p,q) JBRRICZH L. Porat (1987) 78RdD & 3 ik
RERUE, k WEREHDHSHIE D) p>qidiE k=0,1,...,p—q KR L THEENTH 2 (%
DHEAFBBZDOTFRRISET 2) 25, () ¢ > p REIFERD k IR LEEEMNTIE RV Porat @
AEFAIZ ARMA BFREEEDH DTH > C. Kakizawa and Taniguchi (1994) i& X ~7 MVEEZEL
THEABRTZDOTREZRE L, BEI—BIT2-DOLBE+LEEFREL =,

FEBEOFH Tl Kakizawa and Taniguchi (1994) O#ERZ SR TEHEEBREALIET 3. |
SEIRALEREZBED 2READOARREEREBZSETERLTBD, BETIERESHS
Bf7%]D Bahadur #iT &2~ 5,

2. ¥

{X(t) = (X1(t),..., Xm(t) ) : t € Z} B 0 D m WETEHREFARL L, ZOHSHIHT
SUBIE Ry(k) = EX()X(t+ k) (ke Z) & N2 __ ||Re()||p < 00 MWELTVWBET B, 2T
T, 0=(01,...,0, ). ZDLE. {X@)} DAY FIVTFH Fo( )—{faab(A ca,b=1,...,m}
BEEL. fo(A) = @m) P02 o Ro(@)e . n B#ll X(1),...,X(n) KEDSWErxr Fisher &
BITY Fn(0) 2L T
lim =~ Fa0)= 1= [ AQYUANY 8 50 1AR) dr = F(6)

n—oo N

B Fo)) DHELREMEDTFTRENS. =Ly AN) = (vec[d1Fo(N)];. .., vecdr Fo(N)] ) (m? x 7
7)), LUFTIE. v xr 1751 F(6) HAEED 6 I OWTEZMTH B LRET 5,
3. Kakizawa and Taniguchi (1994) D38

Ro(k) = Ro(—k) CERLT—BMEES 2B k>0 BET 3. k RO (FRR) EARH
SHMATH Rk) = (n— k) X F X(0)X(E+ k) (0 <k <n) OWELEIZ
& (n)ax. )

n—oo

lim nVar( vec[R(K)] ) = 4r / OV )Y @ fo(N) 1B

22T M) = (ehrepel, + e R e ey) /2 (7272 Uy ea = (0,...,1,0,...,0 ) & m x 1 Bfi~
TR B, & 101(,\ = (vec[@U(N)] : a > b) (m2 x m(m+1)/2 779]) RV, 1 <k<nlZHL
M) = (veel B (\)] : a,b=1,...,m) (m2xm? 751) £ZHE L. B (V) = [Fo)'@F(NBH ().
B, (1) i vec[ (0)] 3 vech[R(O)] EUTELW, —F. vec[Ro(k)] DRREEEDY AN+ 5
Z D TR (vec[Rg(0)] % vech[Ry(0)] L3EAE) i

CRB,(k) = {6i,vec[R9(k)]}f'1(0){gyvec[Re(k)]}I
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TEZH6N

s n0RB ) = { [ B0 @ £a0) 140 70
[ @ 0rtsumy o fan 1404 } @)
ZOETIE. L (1)=(2) DL E, R(k) ZHEEEESTH B LN D,
Theorem 1. R(k) MEEANTH 57 DDLE+HEIER,
o0V @ FsOIBH (A) = ( veelds Fo ()], .-, veeld, 5 (W] )C 3)
(REREZEELT) HB0E
SH(\) = —( vec[B1 fo(\) M, ..., vec[d fo(N) 7] )C )

LB & 5% N ICEBRRITI C BEETEIETH D,

VMA(q) S8BT 3) PRELTAZILIEH VBT, VAR() BRETEO0SEk<pDEEIZRD (4)
DRI T D, ZHh5IXRH S —D Kakizawa and Taniguchi (I8 153 255, O —MRICTTE TR
Baih s VARMA(p,q) BT g>p DE & (4) BPRILL RN LLSNIRFEEREEZ 5 £ <#
AR,

4. BEBSHEABITHIO Bahadur #G A ME
EEOBTHY mxm BHITH I = (ya) (2B, k=0DLFEFT=AFTHILTE) 2LD,

96) = ulI"Ra(k)] = [ tr{aM () Fo(0)} o )

LB EEL. M) = T vl (V). 9(8) O—BiERD exponential rate 121 L TR
Theorem 2 7% IID 37 #{%E L 7= Bahadur (1960) OHk3EL L CEEHE M3,

Theorem 2. S, 2 g(0) O—BHEEEERSIE, EFED 0O IZDNT

lim sup lim sup [——1—— log Po(|Sy, — g(68)] > s)]

e—0 n—oo

1
= 20(8)

ZIT. e i (2 o 3"

(N & [£o(0) ® Fo(Nlveclp® (V)] & LTHELN 2,
(5) D—BiifE R YL LT S, = tr[I"R(k)] #E Z. IO exponential rate % FHfi 32 &
Theorem 3.

g—0n—oo

lim lim [—~1——10ng(|5' ~9(0)29)] =5 1(0).

22T w6) (1) O BI0) E [Fo(0) ® fo(Nveclp® (V)] & LTEENBo

Theorem 2 XD, w(8) > v(0) PEZLTHBD., EFBD m xm 75 I lZ20WT w(8) =v(0) T
H2 L&, R(k) i3 Bahadur OEKTHEESTHE LV LIIT B, LAL, w(), v(8) DES
&, Theorem 1 & [ ULE45M4H Bahadur ORKTHH SN2 I EBTRI iz, B, TR
#ER R(k) oD DI Rk) =n2S7F X(£)X(t+ k)’ £ LT Theorem 3 AIE LYo
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A model selection criterion
for accurate forecasting of nonlinear time series

HRIAK - T 0HRE

1 Introduction

Chen and Tsay (1993) proposed functional-coefficient autoregressive (FAR) models
Xe = flXe-g) Xo1 4 - + fo(Xema) Xy + 24, (1)

which contain many useful nonlinear time series models as special cases. In fact, by
identifying {fi(-)} using adequate parameters § € O, FAR models are reduced to the
following models.

e If fi(z) = 6;, linear autoregressive models.

e If fi(z) = { 3;1 g: ; : , threshold autoregressive (TAR) models.

e If fi(z) = 0, + ¢ exp(—rz?), exponential autoregressive models.

In this report, we propose a method useful for identifying a delay parameter d and
a functional form of f(-).

2 A selection Criterion

Suppose we have observed Xi,...,X, from FAR model (1) when d and p are knwon.
When we try to fit a parametric model g;(-,8), § € © to unknown function f;(-), the
goodness-of-fit of the models is evaluated as fowllows:

The following two kinds of estimators for f;(-).

1. parametric estimator g(-,6) = (g1(-, ), .. ., 95(+,8))', where 8 is given by minimizing
QO) = Y (Xe—91(Xe0,0)Xomy — -+ — gp(Xi—a, 0) X:p) "
t=p+1

a

2. nonparametric estimator f; (¢ ) = (by,.. .,i)p)' , which is given by minimizing
)
Q)= > (X —bXe1 — ... — byXy ) K, (€ — Xi-a)

t=p+1

and its solution is

t=p+1 t=p+1

Fon(6) = (1 3 m'r;'Kh,,(e—Xt_d)> LS VXK (6 - Xia),

where K}, () = h;*K(-/h,) and Y; = (X,_;,...,X;_,)' and h is bandwidth.
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The difference of the two estimztors is sample fluctuation for a correct model, while it is
large for incorrect model. Here, we define a metric between the two estimators and use it
for testing a goodness-of-fit of the model g(-,6).

m

T = 3 nh(fa(é;) — 9(&5,0)) Q&) (Fa(&) — 9(&5,6)), (2)

i=1
where

0e) = A [ K(2)'dz,

. L P x )
& = = Z (Xt - Zgi(-Xt——dae)Xt—i) )
n t=p+1 =1
- 1 2
Ai(€) = = X MY/Kx(¢— Xi-a).
T t=pt1
3 Asymptotic Properties
When the correct model is fitted, ie.
f( ) = g('a 9)

for some § € O, asymptotic properties of our criterion are shown.
We have the following result.

Theorem .1 Under some conditions, for m distinct points z1,...,Tm, \/nh(fh(mj) —
f(z;,6)) forj = 1,...,m converges in distribution to a mutually independent p-dimensional
normal variable with mean 0 and variance

Q(z;) = o (E(m;'gxt_d - zj)wl(mj))'l [ K(eyaz,

Hence, T, converges in distribution to X72np’ when the model g(-, 8) is correctly specified.
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Calculations of level probabilities for normal random
variables with unequal variances with applications to
Bartholomew’s test in unbalanced one-way models
Tetsuhisa Miwa
Laboratory of Statistics

National Institute of Agro-Environmental Sciences
3-1-1 Kannondai, Tsukuba 305-8604, Japan

A. J. Hayter Wei Liu
School of Industrial and Systems Engineering Department of Mathematics
Georgia Institute of Technology University of Southampton
Atlanta, Georgia 30332-0205, U.S.A. Southampton, S09 5NH, England

An effective procedure is presented to compute the level probabilitites under simple order of in-
dependent normal random variables with unequal variances. Bartholomew proposed the likelihood
ratio test for testing the homogeneity of the treatment effects against the simply ordered alternative
hypothesis. Although there is some literature showing that Bartholomew’s test has good proper-
ties, its null distribution for the unbalanced model has been difficult to calculate except for small k.
The calculation of the level probabilities allows the computation of the p-values of Bartholomew’s
test for unbalanced models.

Consider the unbalanced one-way analysis of variance model

Xij=pi+ej 1<e<k 1<5<n,

where the ¢;; are independent N (0,0?) random variables. Let X;, 1 < i < k, be the ith sample
mean based on n; observations, and let $? be an unbiased estimate of o2 distributed independently
of the X; as S? ~ o2x% /v for some degrees of freedom v. Usually the mean squared error in the
analysis of variance will be used as the estimate S? with v = Y% n; — k.

Suppose that we are interested in testing the null hypothesis

Ho:pp =pp == g
against the simply ordered alternative hypothesis
Hypipg Spp <00 <y

with at least one strict inequality. Bartholomew derived the likelihood ratio test for this problem.
With known o2, Bartholomew’s test statistic is

k
X* =Y ni(hi - X)*/o?,
i=1

where X = T2 n;X;/ 28, n; is the overall mean of all the data observations, and fi1, fia, - . . , fi
are the maximum likelihood estimators of pi,po,..., s under the order restriction p; < pp <
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. < pr. These isotonic estimators can be obtained from an algorithm whereby any adjacent
means which violate the ordering are pooled.

However, one important obstacle to the implementation of Bartholomew’s test has been that
tables of critical points are available only for equal sample sizes. In particular, no explicit expression
has been available to calculate the critical points for unequal sample sizes with & > 5. Bartholomew
showed that the null distribution of the statistic ¥? can be expressed as

k .
Pr{x? <a} = P(L,k;n) + ZP(l,k;n) Pr{xi, <a},
=2

for a > 0 where X7 is a x? random variable with ¢ degrees of freedom, and P(l, k;n) is the proba-
bility that iy, fig, ..., fix consist of [ different values. These probabilities P(l, k;n) are called “level
probabilities” and depend upon the weight vector n = (nj,ng,...,nt). The problem in the evalu-
ation of this null distribution for unequal sample sizes has been the difficulty in calculating these
level probabilities for unequal weights.

The purpose of this talk is to present a method which enables the easy and quick evaluation of
the level probabilities with unequal weights. This then allows the easy computation of the p-values
of Bartholomew’s test for the unbalanced one-way model with an arbitrary number of treatments
k. A crucial step in calculating the level probabilities is the calculation of orthant probabilities of
the form P(k,k;n) = Pr{X; < X3 < --- < X}, and a recursivc method proposed in Hayter and
Liu is employed to calculate these probabilities.

The arrangement of the talk is as follows. The computation of the orthant probabilities is dis-
cussed first and then the computation of all of the level probabilities is described. The applications
to Bartholomew’s test are then given together with an example.

In this talk it is shown how the level probabilities under simple ordering can be calculated
for independent normal random variables with unequal variances. This enables us to implement
Bartholomew’s tests for unbalanced one-way layouts. The calculation of the orthant probabilities
Pr{X; < X3 < --- < X}} plays the main role in the computation of the level probabilities P(l, k; n),
and we have demonstrated a simple technique to calculate these recursively implementing cubic
polynomial approximation and an optimum choice of grid points. Our method provides a fast and
accurate computation of the null distribution of Bartholomew’s statistic which, for example, takes
about fourteen seconds to compute for the comparison of k¥ = 10 treatments.

When the variance o2 is unknown, the likelihood ratio test statistic E2 has been suggested to test
the homogeneity of treatment effects against the alternative hypothesis of simple order. However,
in section 4 we examined another statistic which has also been suggested in the literature, namely
B? which is a simple extension of the ¥? statistic with the unknown o2 replaced by its estimate
S?. As we demonstrate, the statistic B? has the advantage of providing simultaneous confidence
intervals for all monotone contrasts of the treatment effects.

Finally, it should be remembered that although Bartholomew’s test was constructed as the
likelihood ratio test for the one-way layout, it can also be applied to many other experimental
designs. Notice that the only requirement is that the statistic B? is calculated from a set of
independent normal sample means and an independent estimate S2.
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Misspecified Prediction in Time Series Analysis

In bong CHOI and Masanobu TANIGUCHI

XL®HIC

B R FIARAT O FRIFIREIZ BV T spectral density i misspecification @ & % F I !X Gren
ander-Rosenblatt(1957) IZ &> THES &z, £D%%. AR model O h-step prediction & V)9
7T Yamamoto(1976), Baillie(1975) & THF 98 7z, Eid h-step prediction i3 spectrum 2
misspecification NHAJFEDTFHEIE & B2 5 Z LN TE B, AL TidE 9 spectral density
\Z misspecification DH AH/EDOFHRET D L&, TOFRBZEICKT 2ENOHFELZEL,
Z LT, BRFIEVFE T NVITRIT DFRZEIED spectral density (2 misspecification @ & 545
AOFRIOEE ZRBELZHRL, FOTFRBRECRTIIINFELEL, T HOFER
(X4 TOE~ O h-step THIZEORRZFR2EE L LTEL, &%IC, misspecification
WL DFRIOEI N ED L I 72 least favourable 72 spectrum @ contamination TH & 52>
345, £ LT, W O»0flE LTEFNZRE% 5 2 T misspecification |2 & 5 FRID
BIPERIIENOTHD,

& 3
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—217—



B,

BIND U BRBIERETIVIZEIT S
RITDHETE
ILEX - B ERES

EELTENTE, & 2 O IIHIEEEHBUSHTEIL, W< 00D 7 —70 b DR L BBEHE
MWEZHNTWBEE X ZNHOI N—THOERY TE 2720/ M kT 02/ ¢l
FTHIDDFIETHS. &I, &7 N—T OHRSEITHINFE—T, 2>, FHT ML
CHEEIMRE SN TWARWEEICH LT, £ 0OFER JUBHE U - #ERIRIERE < 5
s T Y, ZDOEIEIL Fisher (1936), Bartlett (1938) (Z#5. Zi 5 OBF3ER X
VF D% DOFEBEICOWTIE, Bl A1E, Reinsel and Velu (1998) (2 L 23t EE 4+ S
SN, —fRIS, TN —T DRy NABRER EICHD &, TA—TROERT
Z DYEHE DRTTIZE LNEOHBIEE TRl S b, E¥EEEFEfTORTTE 1L, 20X
IR YEE Of/INRTTE D Z & T 5. Fujikoshi and Veitch (1979) IXIEAERES T O
TEHWET D720 AIC BIEER LU O, BEEFREL TV D.

ZEEBRENREIE T — &, HDVIIRE#ET — % THIHEILHOWNT, BTk~
T EEEEST 2T OEEEAT D Z LB, BEREENLETHD. &<
IZ, Potthoff and Roy (1964) IZ X > TEASNERMBEET VOBEEHE DD, Z
22UV T i Albert and Kshirsagar (1993) 12 X » CTH#HbNLTND. HE(HF-TND
HE - REMBEL, LV —&2ER(LD b & TFujikoshi (1974) ICBNWTHELEINT
WHZEERER LW, —RRI, EEEESHTOET VL, REHEET MIBNTH
DHEDO/INTG A—FITFNDT 7 BFP L TNDHDE LTREN, ZOEWR TR NT
7 RMEHRET NV EFHEND. M/NT 7 AREEHBRE T /LIL, Reinsel and Velu (1998)
DF 6 EZB T HER I TN D.

FHE T, /1T 7 BREHEET MR HHEIE2EE L, RTOHEE,
TN —THOEZRCTFLMEZRFRNIRZ DT OOFEFRE L, ZOREITKRD
IOICEHEND, By BEEEIZOWNT, p BEOR S X 721 TBEHD & & THIE
SNBLEDLT B, £ n BOBKILE BO S A ESN, Bi IA—T D% j
BlEL

y‘ij:(yijla"'ay’ijp) j:17"-ani7 2:1,,]‘C

&4 %. Potthoff and Roy (1964) IZ & » THEA SN-EEMGEET VL,

y‘il’ e ’y’i’ni ~ 'i.'i.d. NP(X£L7 E)
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ERESND. L, X 1% px g OEENEEITH, = = (&,,---, &) 1L kx p OFRFS
7 A= 175, T IIRMEEETY. IA—THMOkEE BRI L T8/ T 7
RHBRET ML, T A—F—1TF] 23

rank(CE) = s (< m = min{p,k — 1})

BHTZTETATHD. ZZI8,CH (k—=1)xkO3 X TR MTFITHS, =0
R, k BORREHEEA7 Mg, - & B s REFEERCHD 2 L 2EBHRL,

CE:GF,’ o= [01""’08]1 ['= [717"'775]

ERIND. ZDEE, O, T ~OHRIT—ERI TRV, T OFRT THE NRTEZE
FMRFUNCBOWTEERREZE LTS, KBETIL. KT s 2HEETAT-DOET
JRIREYE, BLO REEE 2 £1113 RTZEMICRE T 5 - D O ERELEE SRS
BELE,

S Xk
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SHEEMS P& DRI T—4 O — RS CBIER —
Frb e (4 RA: - B

1. &

-0 YE R (questionnaire) Zfil ~OOMEMREE (HERIRIR IR T2 2 £4Z X o TH b v/ fitms
-4 (longitudinal data) Z2WTEZ 5, ZOEOT—Z LU 260 LI DSR2
W TLIHLIEES RS,

FUEE DT —F JERT —Z TR DD, T B3 DOBRAFE L D3MHT--H &
b, Thbbh, ey (i=1,...,N,j=1,...,pk=1...,m)THY, ZIT, NiIHEEDE pix
THPEH (items) O3, m HEKEOKTH D, KEOREILD RV, HIEA (occasion) (ZHITD
fE{K (individuals) $iT%< LD,

29 LT — 2 OS2 TL, RO EDEHRFHETHS.

Bx Dk, Jhbbh, BREEA~ORIGOEKN, LT LTV, LA, FROLOEK
LR LTORE, HOWVNIENLOEKIIHLIRF BEER) oFn, LELEBH#LEREZ b
2, ThHi, BEAOEHE (traits), HDHWVITHGROLERELE (constructs) EWNHEND, FL T,
OYHTO FEAR HANL I TR K, B EORERAIMNZENEDFHE, 2 VSR LM Ml
s,

B & O3 RESHUILICHIET 2EEOHE B L > THELHhBLERS LN, T, B

W8 (P95 B4 internal consistency) 7T T2, ko ZME (HE bandwidth) {2
BT HMBENRHS, SEV, REZERTIHIEUCIT, AR 2L, Ao BN

CHEETAMERD S, FOME, SREROERCIT, HARSHELL LOLEMESIAHET D, £
DES, EBIOPCA $LEEN-CA LB FILE LIS 20,
2. Tucker2 & FDBIRER

3IMERR ST OT 7T TH D Tucker2 model i, Zp(k=1,...,m) &nxp OF--Z{7#l,

G % nxr OERFBEITH, A* & pxqg D VRAMTIL Co(b=1,...,mm) & g x r O 2KAHF
Tsed5 e %k,
m
JIFACLL Oy = || 2= GORAY P (1)
k-1

™
%,w*dGzl,m”EZQf{=I&6%%%@®?Tﬁ¢k¢é:k%%@T%wfhéGﬁm-

ki1
nenberg & De Leeuw, 1980; #f k, 1990). 7=72ZL, ¢ < pr <mpmr < q.r <mg &T5H. 728,
FT2{THIE, ST lichbEh, SESEBCUEELIRTWS LD LT D, TRbE,
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An Overview of Three-way Component Analysis Models and Some

Recent Developments for Analysis of Longitudinal Data

Henk A.L. Kiers'

University of Groningen

Keywords: three-way data, three-way models, multi-way data, multivariate

longitudinal data.

Three-way data are data associated with three sets of units. As an
examples of three-way data one may, in behavioral research, have scores of a set of
individuals on a set of variables at different situations or time points. In this example
the three sets of units defining the three "ways" of the data are different. However, one
also commonly encounters three-way data where two sets of units are equal, for
instance in the case of data consisting of the similarities between a number of stimuli
as judged by a number of judges, or, data consisting of several covariance matrices for
a set of variables. Such data are denoted as two-mode three-way data. Finally, one
may have data where all ways pertain to the same mode. Such data are denoted as one-
mode three-way data. An example is data on transitions from party to party over three
consecutive elections. The difference in data type leads to a difference in techniques
for analyzing three-way data.

In this presentation, an overview is given of various three-way
techniques for different data types. Most attention is given to the two most popular
three-way techniques for the analysis of three-mode three-way data: PARAFAC and
three-mode principal component analysis (3MPCA). It is demonstrated that both
techniques give components for all three modes, while in 3MPCA there is an
additional outcome matrix, the core, which relates the components of all modes to
each other. A further difference between 3MPCA and PARAFAC is that the latter
gives unique solutions, whereas in the former, as in ordinary PCA, the solution is
determined only up to rotation of the component matrices and the core. Next some

attention is paid to techniques for the analysis of two-mode three-way data:
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INDSCAL, PARAFAC2, three-mode scaling, IDIOSCAL, and a very general multi-
mode structural equations model.

The second part of the presentation focuses on application of three-way
methods to multivariate longitudinal data. When longitudinal data for a reasonably
large set of subjects on a number of variables are available, three-mode three-way
methods can be used upon considering the subjects, the variables and the time points
as the three-modes of the data. A technique for displaying the results from this special
application is presented. However, naive application of three-way methods to such
three-way methods implies that the natural ordering of time points is not taken into
account. In particular in cases of relatively long time series, it is attractive to explicitly
take this ordering into account, for instance by using smoothness constraints on the
component matrix, as will be illustrated.

In many cases one has two-mode three-way data. One may for instance
have longitudinal covariance matrices, where the raw data have been aggregated over
the subjects. Such data can nicely be analyzed by models like INDSCAL, IDIOSCAL,
three-mode scaling and the like. Such data sets usually pertain to few time points.
Therefore, one may fruitfully employ models that do not take the ordering of the time
points into account. Instead, by analyzing such data, and keeping certain parts of the
solution invariant over time, one can inspect how the other outcomes (e.g.,
correlations between components) change over time. Alternatively, one may have long
time series for few individuals, where, furthermore, the time series for different
subjects may not be comparable. In such cases, one may fruitfully analyze the data
after first aggregating over time points. In some models one can explicitly take the
time ordering into account by modeling the relation of the variables at time t with
components at time t and time t-1.

Finally, an example will be given of the analysis of one-mode three-
way transition data by means of a multidimensional scaling model. In this model,
three-way distances (distances between three entities are used, as well as a slide vector

that indicates the main trend for each transition.

" Author Address: Heymans Institute (PA), University of Groningen, Grote Kruisstraat 2/1, 9712 TS
Groningen, The Netherlands. email: h.a.l.kiers@ppsw.rug.nl
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Non-Null Distributions of the Wald’s Criteria
in Random-Effects Growth Curve Models

mEAK - T Bl X

ABSTRACT. This paper deals with profile analysis in two extended growth curve models. The first is a
growth curve model with parallel mean profiles, which has a random-effects covariance structure based on a
single response variable; the second is a multivariate growth curve model with parallel mean profiles, which
has a multivariate random-effects covariance structure based on several response variables. For testing "no
condition variation" and "level” hypotheses concerning parallel mean profiles of several groups, we obtain the

Wald's criteria (Wald (1943)) and their asymptotic non-null distributions. A numerical example is also
given,

1. Growth curve model with parallel mean profiles

Suppose that a response variable x has been measured at p different occasions on each of N
individuals, and each individual belongs to one of k groups. Letx;® = (x1;®, ..., x,; )" be
a p-vector of measurements on the j-th individual in the g-th group, and assume that x; ®’s
arc indecpendently distributed as Np( u®) T ), and u®)’s have parallel profiles, i.e., &) =

6§ @1, + u, where 1,=(1,..,1)", 8=( §(M),.., 6% Y and p = (uy,..., iy ) are vectors

of unknown parameters, £ is an unknownp x p positive definite matrix,j = 1, ..., N,
g =1, ..., k. Without loss of generality we may assume that § ®) = 0. Then the model of
X =[xM ., xp0, L x18), ., xp® ] can be written as
X~Npr(*4161pl+1N”|; ‘Y®IN)’ (1)
where 4] is an N x ( k — 1) between-individual design matrix of rankk -1 (s N - p - 1),
N =N+ -+ + Ny . Further, we assume that £ in (1) has a random-effects covariance structure
(see, Rao (1965))
- A2 ' 2
T = A1+ o, ®)

where A2z 0 and 0 2 > 0. Srivastava (1987) obtained the LR tests for "no condition variation"
hypothesis '

Hg @ p le vs. Hy:p =vl, 3)
and "level” hypothesis
Hypp: 6 =0 vs. Hyp:6 =0 4)

when £ is unknown positive definite, where — © < v < ®. Under the assumption that mecan
response curves of k groups arc parallel, the null hypothesis Hp; means that mean response
curves have a flat parallelism, i.e., are horizontal over time. On the other hand, the null
hypothesis Hy, means that mean response curves are coincident. In this section we obtain

asymptotic non-null distributions of the Wald’s criteria for the hypotheses (3) and (4) under the
random-effects covariance structure (2).
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2. Multivariate growth curve model with parallel mean profiles

Next we consider an extension of the model (1) to the multi@lmresponsc case when
m response variables have been measured. Letx; @ = ( X1y ), ..., X1mj ® ,
X517 ®), ..., Xppj 8 ) ' be an mp-vector of measurements, and assume that g ®)'s satisfy p®) =
(3,®1,)8® + u,g=1,..., k. Then the model of X can be written as

.......

X '"‘NNxmp(AlA(lpl®1m)+1N.u’a ‘Q®IN): (5)

where 41 is the same as described in (1), 4 = [ (1,...,8 -1 ]' is an unknown (k -1 ) x m
parameter matrix, 4 is an mp-vector of unknown parameters, £ is an unknownmp x mp positive

definite matrix. Further, we assume that £ in (5) has a multivariate random-effects covariance
structure (see, Reinsel (1982))

Q= (1P® Im)fl(lp' ®I,) +,®Z%,, (6)

where £ and X, are arbitrarym x m positive semi-definite and positive definite matrices,

respectively. In this section we obtain asymptotic expansions of the non-null distributions of
modified Wald-type statistics for the hypotheses

Hpq 4 =1P®V vs. Hy :u *IP®V (7)
and

Hy;:4 =0 vs. Hyjpp: 4 =0 (8)

under the multivariate random-effects covariance structure (6), where v is an m-vector of free
parameters. The hypotheses (7) and (8) are extensions of "no condition variation" and "level"

hypothescs in the single-response case duc to Srivastava (1987) to ones in the multiple-response
casc.

3. Numerical example

In this section we give a numerical example to illustrate our tests when the sample size is
large. We apply the asymptotic results of Section 1 to the repeated measures data (see, e.g.,
Srivastava (1987)) of the time required for each of 51 students to solve each of four different
mathematical problems. Each student belongs to one of four groups (a), (b), (c) and (d). For the
observation matrix X', we assume the model (1) inthe casep = 4,k =4 and N = 51. Now we

consider the problems of testing the hypotheses (3) and (4) under the random-effects covariance
structure (2).
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BB ERT 5,

3. BRI HEEHEX

giij(/‘Ll7 #2) :H lu17—/u’2 H 2 k L/’C‘ PD(/.I,l, /—1'27 /.1,3) = L(u17 #3> - L(lul, IJ'Q) _
Lz, i) E6<e 22T, py= BEE) By, B=(eye) LLT

E{PD(y, i(v; y), po} = E{g1(7,0%; y)}
E{PD(iw, 1(7; y), po} = E{ga(v,0%; y)}
ERD2OoOMAKERD D, EDOEK T Stein identity Z#EHA T2 &,
a(vo®y) = —lly—uly; WI? +0%e—Vuly; v)
®(v,0%y) = ——u(y: )@ - pe®) + o2(p — Vyuw(y))
ZIZT Vyulyy) = Sopi(v;y)/0y 725, ZHON 0 IZRDBED v & 02 Z2FES
b BB BT 5, ZOEH T prior 02 REL TWRNWT ST ER
T3, EERTIE gi(y; 0% y) IOV TORBIEARMIZ CTIR2WAX ER NS, L
DL go(y; 0% y) IZOWTIER Y72 5720,

YR O R[REME & LU TiZ Random effect model, GLM 285 % S HifF S B,

4.

JEE DB OEEBAIZ OV TIFREEZIToTE = (A -HIA 1987, 1997a, 1997b)
BRFR CTOERELOHAREZEELEDDLEROLIILRS,

a) BMAEBEIIHFRTH N, 1980 ERBENLELE DY LT3,

b) AEIEsEn, INHEmARITEET D, BOUIBEML T\ 3,

c) BN,/ AOREEMBETH D, ZHIETED LD T3,

d) Mitchell & (1997) @ THFABORE] X 1997 FEiCHR S ZIc b b 5 ¢,
F— &% 1990 £ F TLAENTWARY, o T, ZO/EHITES B TR,

e) BB~ A XiE KR Lowess, BEN L CTER{LAEHEE Lz FEZIER UE
MZRT, ZILHLDOFETIHEATH S,
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B RGBT BT A BT — ¥ OFRATIZOWT
B R B R WTHEIE S
KEARLY ¥ — FEF G

1 EERGURIIC BT AR — ¥

EERFUFATIC B W TIE—RRIERE S BEED Hbn b2, BT —5 & U TRRI 2%
MEXEZHDIDOELT, T2 Tk, A) BRI M. B) BMELME. 02 HICE
HEEDbETHLV,

BRIV EEEEFOEA LEEE RS L TRIMRITER 202 CCIEEERHO
BAICBoTHEEDA Z L1275, HICH S 2R VERY] {X ()} OFHEo &L, &
HHEIZ EX(H)X(t+h) = R(h) 2EKT S,

2 BRI ATHRERL

2.1 FEXEH
—ERHHBTHIMEL B 256 T, COBEIIHETAt L LTERELZ LA LI

Th, b LEBRIIZEFNZER/ NS A -5 Db & TEIER) L TWD OZBIHN ISR S

TLAHERZ WAL, B SOBHED S ERENERO & D L5 2ERFELNL H

RERREI T A ESE UA, X() - R(R) &

;Wﬂ:/mmean+/mumAﬂﬂM (Z(\) (IR % RO B72)

Rm):/}mzwufuyﬁ (FON) WARZ B VIEE)

ERBHFE, ¢ AEROBAIIESEHEIL (—c0,00) &Y. ¢ PEEROBEIIHESHEIZ
L1l e, t PEBEOBED F(O) & g(\) TEL., BBOBAIZOTT fO) 28
wak

[e.0]

fN)= 2 dx+k). (*)

k=—c0

22 BT A=Y IEROBE EBROBEDET IV
BERFIETWVITIZE K OBE, R T EICERBELZRY] {(t)} PNFET 2, ¢ 2EFED
BERTEAIC de(t)/dt 2ZEZRTNIRL T, BEOEKRT «(t) MO TE TR WD
BFAPEHII 2D, —RIC ¢ PEROBEE TSy VEBEAVWTERSI LR E
X(t) 2E L OBEWREVSLED 5,
BERRETIVELTL{HVONS ARMA BfEZ, BN T X — 5 SESEOET
LHERBROLZIP~NEDZOCEELZEPR LN TWAY, R TIEIR, t DR

XB)+ g1 X(t=1)+ -+ ¢pX(t—p) =boe(t) + bre(t — 1)+ - + et — q)
ThobENBETFIVE DARMA(p, ) . t ASESEOR
X(t)+ a1 DX(t) + -+ apDP X (t) = boB(t) + WDB(t) + - -- + bg D2 B(t)

ThLbENBHETVE CARMA(P, Q) £¥5 (D=38/0t . B(t) &7 &8,
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X(t) »* CARMA(P, Q) %2 &, BB S ¢ Tid DARMA(p, ¢) TH b, LA L., DARMA(p,
Q) BEZ oM &, MBEETZDL ) IZ%5 CARMA(P, Q) RHEZ LV L&
TLBE) Tlde\v, R(h) 2% h PEBDR—HTAHIE L, (x) DEEFB D LOLEH
DL TH A,

2.3 BENZ -y PERLETBREORMELHBRRBH TROONE 2 ?
ARG MWEEOHESTLIILIEMEE 25, BYARROEEIVNS wE 12,
BHRESHBTEC LTTERICR 5,

3 BRMEIMERL

BHREIMBOBEOMEE EFEOHES LXK LB TR ENH UL TH R,
3.1 GEGH R BAMEDYE 5 LD BRI L CRAT

MR S RY {X (1)) PEHBEOL X, HOHMEH o(h) OBRERAVLR
TWaAHEERIL S XX (4R
a t=1

k) = =5 X e

ThAHH. AT IO ER, FIZIE X(t+h) OEZE, 0, BIISLT1, 0, -1
CEBRLURER

. 1 X(t)sgn(X(t+ h))
h) = i=1
P X ()
ERHNWSNTWSE, T/, 21{E{L (level crossing) U 7= B B ME B R RS
1 X(t) >
21 = { 0 X(t)<u
DETHBEREE p.(h) ET2. u=00DEE, p,(h) = Zsin~! p(h) PN ILEL, zero-
crossings 3¢ D = 7 ,(Z(t) - Z(t —1))? &£BL &,
_ T E(D)
,0(1) = COS(—N—:l—)
H—#%? ellipsoidal(elliptically symmetric) B THEN LD LML T 5,
et 2fELORE & LT, FHESHE, SRV, 77— 75D (truncated),
B4 (contaminated) OFEEZITIZL WV, 7Y A X = LTONA MTH 5, HH
WEDGEL B, BREIFNEIERD L 2 WEIEZ LN,

e PN
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