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REANET —% 262 1FEARR LU 22EARMEICEIT D
VBT o EEMERE & FFERERIC OV T

FREpR -8 PR
AR - B - # B ESR
RrEAK - B #HE M

SREESBATIIE = 0?[(1—p) ]+ p11] Th 2 —HKEEEZ b OKRAMET — Z 12507
DRI BT D [MEMERE & FREREEICOWTEZ L. T— 21750 {z},i =
Leppni=1,--,nk L, pi(<p) ZFjHIOBRIT —FREEETD. - KIZ, o), =
(z15,%, 35, - -, Tpy) WFEET — F 1272 % X 51T Srivastava and Carter(1986) TRV \H
NTWHERITI B; Z AV, & 5iZ Seo, Kikuchi and Koizumi(2005) TV TV Y5
53 RERTFIRRIRIL, 2, = C;B,z; &5 TREMT &, 2; ~ Ny, (Cypa;,7°T,,)
/5. ZZiE¥ =0l —p) THA.

w2, BRATOT —Z 2B T ERAT—ZWBOBR CHIBEED &5 &5 IcERE
DT —=FEWVER, ENETNICXRBESEEERVEIDIIHETE. £t D/
N—TEEs&TH Ech/N—T(c=1,---,5) & p9 xn DELFT—Z{TH L
TOHL, REMRIT

f:n(i) (Z:. —z.)%/(p—1)
FO — i=1 .
Zf(c)ﬁ’(c)z/f

c=1
THEZLN, ZORERFEILFERRH, OTT, BHEp—1,f O FoMmIZHED.
JRERANSERNINZT T, du(a’l =0,a € RP — {0}) iZ%9 5 Scheffé B D [F]
FHEREMIZABKE o T,

s F@A?
a'pea'T+ J (p—1)Fp 150y / J:/ a'Va

c=1

JILEZXDNS. ZZTE= (T, --,5p), V =diag(ny',---,n, 1) TH5.
[E#%1Z, Bonferroni # 100(1 — a)% RIFHMEHE X EiX

S fle)A(e)?
a}ﬂéa}fb’:ﬂ:tﬂﬁdzf f’}, agVaj, j:l,...,l’
c=1

L2V, EHiZaplZx$ 5 Tukey B ORLRIREREMITAEKYE o T,

i ()Ale)* P 1 21
a/LEarD:}:CpraZ!(;|\JZf ; Zm}ad (;T‘:’)

=1 17

-1
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LB,

WIZ B BITHIOBE 2 (RE L2 WRERET — % % & DRI T 2 RE
Hop:p = 0 &L ZDOREFEEEMIZOWTERTD. 7, oy, , @y ~ 1.4.d. Ny(, X)
EL, FUFAIRAILTHND LTS, RAIOENEZ— /%{% s&lL, TOROE
RE—VOBERBEEZETNENn(c=1,---,8) £T 5. ZHIZ-D T Srivastava and
Carter(1986) TRHWHNTWA B, #AVWCz % 2z, = Bz, j=1,---,n, L5H
TB.2,; OREAEEE I VBRLHEER 4,3 L IRERFROT CORLHEER I A
REZ., NIV RELRERTEN T,

H |B.EB.|"2"/ H |B.EB|" 3"
c=1
THEZ bR, —2log MIWHEAIIC x2IZHED . KIC zm%ﬁwﬁ@cW() C&L,
CrTOWERLTHE, WERICT? = B/CT R X2 ICHD. Sbicay, Ya e
— {0} iz 5t5 5 MR R AL

dpuedp+ \/Xf,’aa@’a’

TEXONG. L, x2, XHBE p D x? 540 LM 100a% 4.

WIZ 2 ZABBICBIT BRI MAORISEMREH, : p = v £ EDORRE
BEBIZOWTEZS. I : o, 2ll) ~iid Ny, X)), I : 2P 2@ ~
Lid Np(v, X)), REIOSRRE -k sk L, 38— OEREE ZNFm,, n.(>
0) &3 DH(c=1,---,8). 7R Y7 clZBVWTIERDIFLEIEOERE T Z &
XD EELREREE NI

) = IS'I IBCEJBZI“%(mc+nc)/ II |B.EB, - 4(metnc)
c=1 c=1

&729, —2log A ILHLIANT X3 128D . KIC T BBEMORK, Cov(p—2)=FE &L,
ZOWERE B LTE, T = (B-0)E (B — D) RWHEAIC X2 12665, 20
K, a'(up—v), Va € R? — {0} 1Zx¥ D EBEEKEIX

a(p—v)ead(p—v)+ \/Xf,’aa’Ea

TEALND.
SE XM

[1]Seo, T., Kikuchi, J. and Koizumi, K.(2005), “On Simultaneous Confidence Intervals
for all Contarasts in the Means of the Intraclass Correlation Model with Missing
Data, ” to appear in J. Multivariate Analysis.

[2]Srivastava, M. S. and Carter, E. M.(1986), “ The Maximum Likelihood Method for
Non Response in Sample Survey, ” Survey Methodology, 12, 61-72.
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275 & Tukey-Kramer B B ENE & F DBRSFHEIZOWT

FREMA -2 mElU &L
ROUERR - P - B ORI K
FORER K - H WE &

EENZRET DL BEBYEIZBWT, T XTOT O (REE) I3 2 REER
X[ ZAE R 2 HE D—-21Z Tukey-Kramer #4335 5. A4 T, Tukey-Kramer
D IEBDOYLRTH %% & Tukey-Kramer # (Seo, Mano and Fujikoshi(1994))
IZOWTHI L, BERAED 3 >OBEORTHEICET 5 REX L 51k, &b,
BB OBEICOWTHRROBERE 52, BRICEERALKN 4 L E~DLE
W2 TR~ 7z,

M= [, ) & kD pRTAT bAOITF LT 5, £, M = [y, -, By
M OWEEE L, vee(M) i, Niy(vec(M),VRE) LI bDET 5. L,
VIiZk x kEOBERITHIT, TiEpx pOREITIIET5H. BT, S% X ORREHE
FITHIE L, vSIT M EMITWL(S,0) 2D b LT3, T0L&, £ToR
LBzt 9 B 225 B Tukey-Kramer 1512 & 5 REHMEHE X L,

a'(p; — i) € [a’(ﬂi — ;) :!:tm/dija’Sa' ,WVaeRP, 1<i<j<k

ELTEZLND., 22T, V=IF2bb,d;=d DLEDRDEH %2
T2 o TRETED BRI 1000% R TH 5.

m

Toaxp = max{(z; — ;)" (diy S) 7 (2 — z4)}

E72, dij = v —2v5 + v THY, 8 =¢%2, F = (@), NFA=FkvD
PEEAT 2—7 v MEEHEREFEDO LM 100a% R THE. ZDLE, ZEE
{k Tukey 748 (Seo, Mano and Fujikoshi(1994) # Z28) IZRD X H 1252 b1 5.

Pr{a’(ui ) E[a’(ﬁi — 1) Etp/dija’Sa ]

1_<_i<jgk,ae7zp—-{0}}21—a

TRbb, T_TD4,j(1<i<j<k)ZxLT, RFEERBNEICESTCR
HEWHIZETHD., ZOFRIZONVTIE, k=3DLEIZHY IO L BHEHK
tZ Seo, Mano and Fujikoshi(1994) iZ L > TR &, ZDFEADT A 77 #FIHT 2
&, RDTERNR Y 3T,

I -« S Q(t;,V,C) < Q(t;7 VOaC)7

T, C={ceRf:ic=e—e;,1<i<j<k},th=t}/v,C={ceR:c=

ei—ej, 1 <1 <<k}, E7z, Vold, T_TR2B1,5, U LT, Jdy = Vdy+/dy
D—2%FT=1TFIT, Q@ V,C) = Pr{(Xc)(vS)""(Xc) <t(cVe) for any c €
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C} TH5D (I IEROEESNZER). &bz, EEOMATTII VIZONT, RO
RERXNH Y L.

1-a=Q(4,1,0) <Q(t,V,0) < Pr{Tp,, < 2}

ZIHT, = (=) ~ Np(0,I),v8 ~ Wo(I,v), T2y = maxi—y_p_1{u,S u;}
ThH 5. FRIH BB DTS, ROFEXD LY L.

l-—a= Q(tz, V17D) S Q(t:: V,D) < Q(t:n V27 D)a
I, te=t(ap, ko, V) BV =V, DLEDTE, . D EM100a% R THY,

Taxe = 1o {(-’Bi — ax)/ (daS) ™ (i — wic)} )
iz, ¢ = 2(ap kv, V)/v, D={dcRF:d=e;—e,1 <i<k-1}T
&7‘9, V] X, d]2 = d13+d23 %ﬁ/@b, V2 I, \/E = \/ﬂ— \/E, if:‘j:,
Vdig = Va3 —Vdizs ZHRTHITHITHE. 512, FEDOHAITIIV IZONT,
RDOTERDRL Y L.

1-a=Pr{TZ, <%} <QE,V,D) <Pr{T¥ <1},

ZIT, t=1y, BIX TR, D EM100a% THY, T2 HEEL, ATV S0 T?
BEAtR (MBEp, n—p+10np/(n—p+ 1)Fpupn HEHR) TH2.
Ehe, k=40 L& EROEEMETH V IZOWTRORERIRY 322,
l—a= Q(t*aI7C) < Q(t*,V,C) < Q(t;,v;g,C),

P P
it =82/,C={ceR ic=e —e;, 1<i<j<k}THY, Viix, T
TR2514,5,L,micxH LT, [\fdy = V& +Jdg 92 [dij = VEon + \[djm) D—
EWMILTITITHD. 612, AREBEORE, EEDOEEMETIHIV IZOWTRD
FERXBTHRINS.

1-a=Q(, Vs, D) SR, V,D) <Q, Vs, D),

ZIZT e =tHap, kv, V) /v, D={deR :d=e;—e, i=1,....,k—1} TH
D, Valddi = dig+ dpy?> dig = dig + d3a?>2 doz = dag + dag T2 TATH, Vs
XV = [Vdia— V| E721F V/diz = |Vdia— Vdss| E724F Vs = |V s — Va4
W2 TITHITH 5.

ARETIE, k=3 L LT, 020D NRF A —F DFEIZONWT, xTEE & 5t iR
B EN TN OHEED B/ S—& 2 bR & coverage probability #33 2 L—¥3
SNZEYRD, RFHEORBREEZELE L. EBIZ, k=4 DFHBEOHESIZBNTY,
FIFRIZ L TIRTHEOREZ BE L.

25 3w

[1} Seo, T., Mano, S. and Fujikoshi, Y. (1994), “A generalized Tukey conjecture
for multiple comparisons among mean vectors,” Journal of the American
Statistical Association, 89, 676-679.
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Nonparametric least absolute deviation regression for
long-range dependent processes

—ERFRERFFFZRE REEE

1.7

REGCIEZ L OMER 2 2 BERRY {(X,1)}2, xBllLTcwEds. 2L
T Y, PHEHAERE, N PEHALKRTHL LT V0 N T AEMIAT AT
YD NG ANy FHFEIIDOWTERET S, {(X,,1)}2, DR LMHEIZOW

TWEHLUTOE) RIRETB L.
Vi=u(X) +V, i=12...,

ZITV=V(N,Z) THY, VO XN ITHTAEHTATAT 30 THHET 5.
{Z)2, BB SN2 WBENZREAETH L. LT (Y, Z2))2, HUTDX)
CERINLRPEEE b OMBHEEERETH L.

Z j€i—j R Zi = Z:CjCi—ja

= fr

CIZT {(6,6)}2 o BFNEFNTHOD2EEDILLLBET, 42022 b2 d
O&’d_z.\) bj & Cy _Ob‘f‘i,

by =MLY D o= TURLG), =12, .,

THbH. Lx(j), Lz(j) 3BEHEHETH), 0<yy <1, 0< v <1 ET5,
bo=1, cg=1&75,

DEDIRRIZBNT 29 TREELZZET, w(r) ZEER {(X,1)}, 75 Chaud-
huri(1991) O BFHRE L, BRIZL W EET 5.
2. EEBDOESR LHHTRIIEE

u(z) D zog TOTAZ—REAICIHVUTORXPHZLN

X, —xg (x 1<Xi - :Co>2hgu,,( T

);:',;,‘ A '_
u(xq) + ; O+
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ZORIZETE (u(z), hu'(20))T 1, KIZEREND J= (7, 5)7 2L hiEEIND
8= argminge g Z I|Y; — 0l 3]
1=1

T, mi=(1,(X;—xo)/R)T 22 K, = K((\; —x0)/h) ThHb. hiI/NY FIET h =
en~VS LD,

HEBELTOLODHET, FNENELR BN E LD,
=21 limp e nh{(n™XL3.(n))V (n772L%(n))} =0.
F—2A 2 My U?\—,n/a%’n =00 22 lim, e nhn W L3 (n) = oc.
= A3 iMoo 0% /0%, =0 22 limy_,0 nhn™ 2 L (1) = c0.

TR & yx =7z,

(. 2)11/2
n=550 iz((;z))((g((éggil/g =R(#0), #»72 limnhn™"" L3 (n) = .

012\"“ ~ {(2 —_ ’)/,\')(1 _ '7_1\')}-1207‘\-[’?\'(71)712—%‘ Ao
—7 ~ {( (1 - ’YZ)}-12C,YZL2Z(7’L)”2“7Z

ThHh, TNFNL T X, T, Z OFHMTH S,

WA DE I, Pollard(1991), Mielniczuk and Wu(2004) D F L2 & &, ik
S DEN, BRI ZTZIZ DWW T Honda(2005) ICE/MlASS 2 oM Tnb, 77— 21
Tidiid EELUEEDHEdE, FT— R 24 THREREBEOREL ST 5.

& 3k

[1] Chaudhuri, P. (1991). Nonparametric estimates of regression quantiles and their
local Bahadur representation, The Annals of Statistics, 19, 760-777.

[2] Honda, T. (2005). Nonparametric Least Absolute Deviation Regression for Long-
range Dependent Processes, Discussion Paper #2005-4, Graduate School of Economics,
Hitotsubashi University, 2005

[3] Mielniczuk, J. and Wu, W. B. (2004). On random design model with dependent
errors, Statistica Sinica, 14, 1105-1126.

[4] Pollard, D. (1991). Asymptotics for least absolute deviation regression estimates,

FEconometric Theory, 7, 186-98.
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LT E0#ESmiconT

UHIRFEFEEN R sIREE

1. L-#REENT v VT - XAER

A BN AL LTHRAZ L-HEFEDOBASIRIZOCT, Vv 7 74 75 adEEE80int

FRERD, AF21—Fv Mb L-%Et80HAERE "2 04 -5 —FThHzy 7 —

BRAZRD/, FF0oz v - 2ARBEFHLT, EHNZERTHEO Y -7 — 2 0E

TAHERMCEIRICOVThEER L7,

A
E

X Xy & Lid F(2) &L, J(u) 2 A3 7REL F,(u) RHERMEET b Fy(u) =

nTIYT (X <w) T A L I() WERMRTHL. Z0L & L-atE0E Dk

/ (u)du

DOWTEET S, 22T F; l(u =inf{x; Fy(a) 2 u} THADH. ZDEE, T(F) & L#
BB R R Y. (T —T(F)) O#ia s

o%(J, F) = /*: /j; J(F(w))J(F(v))[F(min(u,v)) = F(u)F(v)ldudv

b, TITT(F) = [y F i w)J(w)du Tho. Zll LFKa RO v Y7~ X@F}ﬁ
Helmers (1982), Albel ink, Pap and van Zuijlen (2001) 2 X kGRS LT 5. /n(T(
T(F)) O vy 7 +4 78R B

n

G2 F) = (n=1)> [T(Fa) = T(F))
=1
E7eh, ZIZT Fy 13X, v n - 1 HOERICESCERSAMRTHS.
KEETIE 62(J, F) OEHEERBR 2R, AF2—7 > Mt L-FEHE Vn{T(F,) - T(F)
6(J,F) D n Y2 pIBFTHT vy V7 - ABMERDT:.
[EE1] Aa7BE» JO) EHFRT, JP () A+ —4%— s> 0 O Lipshitz 4% il
TETH, L L .
/ {F)(1 = Fu)}Mdu < o0

oY EY
6% J,F) = c*(J.F) +n IZal )+ or(n™Y?)
1=1
BIU”
T(F,)—-T(F i , _
v (A })F (£)) = n"l/QT-I—n'l/QZul(Xi) +n3/2 Z va( Xy, X;) +or(n 1/2)
U< ! ) i=1 Cu.2

AR D ALD.

Lai and Wang (1993) 12 & 2 #0E U-#EEICH T2y DT - 2ABHEZMEH &, A7z
FrMUL-BHBOIZy VT - ARHERDDEIENTEL. ROLFTERS.
(Ch) E{’I/l (X, |3+|U7(X1 )izl}<300(]F)>O
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(Cy) limsupyy_o [Elexp{itvy (X1)}] < 1.
[EIE 2] (BH1) DEHERY C,.Co HHENILDE &

{\/—{T (7.7] ;) T(F)} < ;1'} - Qn(l’)l — 0(71_1/2)

A hizo, 22T

ks = EL3(XD)]+ 3Ep(X1)v(Xa)ve( X1, X2)],

Pi(z) = 23(-%:1*)

Qn(x) = &) —n"?e(x){Pi(z) + 7}

T, 73 (BH1) TROA H-AOBRSNAEZFEoTERSNHAILDNTHAS.
2. EREEH

Iy —ARBEPEMICRIEELZZ T, EEEEOEBHREONRD RS ZURT S
ZENTERNI LD, ZLOWRBFIZL > THEMBE N TV 5H. Konishi (1981) % Hall (1992)
FIEOE S A RET A FRILEREROTVE, TO#ERE (EH1) OELIRRIERT
BERDEBNEBOLND., I TROEETEERT .

. 1
p = *EE[V'f(Xl)] = 5 Bl (X (X2)re (X1, X)),
1 1
q = EE[Vf’(Xl)H 5 Bl (X1 (Xa)wa (X1, Xa)] -
EL, EhEFNO—HETELT p, § L BE,
-2
| m(s) = s + 82+ \j_ P g
DEHREZEZ D ERDEBRHVREN LD,
[E3E 3] (R 2) LFLEHOTT
V{T(F,) - T(F)} , _ 2
" =gE )< 2(a)| = o(n™1).
ZOFEREE 7() ZFET 5 EEBEREONHED o(n~V/?) &4 5 T(F) DERRMEIHER
TZAh.
Vi Eo#E% Gini ® mean difference ~oHA L7 RIZOWTOEE L 7.

ZE M

[1] Alberink, I.V., Pap, G. and van Zuijlen, M.C.A. (2001), Edgworth expansions for L-
statistics, Prob. Math. Statist. 21, 277-302.

[2] Hall, P. (1992), On the removal of skewness by transformation, Jour. Royal. Statist. Soc.
B, 54, 221-228.

[3] Helmers, R."(1982), Edgeworth expansions for linear combinations of order statistics,
Math. Centre Tracts 105, Amsterdam.

[4] Konishi, S. (1981), Normalizing transformations of some statistics in multivariate analysis,
Biometrika, 68, 647-651.

[5] Lai, T.L. and Wang, J.Q. (1993), Edgeworth expansion for symmetric statistics with
applications to bootstrap methods, Statistica Sinica 3, 517-542.
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BEENT — 2 BINICH T3 T U > 7 L RETROHER
PSRRI SEED A B

1. Introduction
kem & m<k Zii/zvBE%E. X &Y 3BT
= (X0, X1, Xo2... ., X5) ~ Multinomial(Ny: 8y, 61, 6s,...,6;).
00 91 9m )
Zl UG Z”) B E:ZD 87 )
ERETH, 2D EE, Asano, C.(1965) 1X, 6, O MLE %ﬁfﬁﬁﬁiﬁl D EHEIRD 72
NT A= S FRIITRE I ST LMBIZRD SN D, FHKIZ, X &Y HHET
= (X(),){l, X, Xk) ~ I\/Iultiuomial(le Bo.01,02, -, f)k),
Y = (Yo, -, Y-1,Yn) ~ Multinomial(No; 8p, - - -, O -1, Z:‘;m 8:),
DEEL, FEREEAKD/IST A ERICIVEZITKOON D, BT, TNLOBAED MLE
IZ2oWT, BHCROEREDS W SND I EahhoTnd | (a) NMEHEEETHS. (b)
BB T T, improper prior dfydf, ---dfy/(006102---0p) (X THXRA AHEEETH D,
(¢) (MLEGTEIZBW TG LABE BRI T4 L ) BRBATCHEN.

Y = (Yo.Y1....,Ys) ~ Multinomial{ Na;

2. WM ZH ODTRTHEIRICE ITZHF7T) —DiEd. &#
X = (X;5) t& k x k random matrix T - T, X ~ Multinomial(N: P = (p;;)) &IKE

"i_;o)a 7;32}’3\ 0 § Dij S ]-a Zi,jPU =1 ‘(&)’Z’o ;(:j'ﬁ:‘l-&l. Pij = Pji @{Figﬂo)?f\ ﬁij (Es

pij=au/N, i =7, =12,k Piy=(zy+z)/2N, f1<i<j<k THo, T

T, RDLEH BIFBEIZMLE 2RO THI,

ﬁ'J 21 X = (Xij)i,j=1.2s”.k LY = (Y,‘j)i,j—;lz,»--,m ‘15&3\_\"'[.& random matrix V‘:“&)O’C\
X = (Xij) ~ Multinomial(Ny; P = (pij)); Y = (YU) ~ Multinomial(Np; Q = (fhij))

ZilzzL, B2 P=(py)uj=12.k Py 20, piy=pj BLF Q= 1(g;)ij=1.2.m &
G = gji = £y
o L Pa 2 Y icic em Py
R L&
Bl 22 Bl21ICBUEREEP = (pj)u; & Q= (q;); PRERXE

for all 1<i<ji<m.

_ Db

J— | . —
Qid Zpaa Zb-—l o

for all 1=1,2,---,m

Pij . .
9 = i = § : Pab X for all 1<i<j<m
1<Za<b<.k ZZl<c<d<m Ped

WEBEL- L&

IS5 MLE 1, WY Asano DEFVIZEITA MLE OHRICA-TWwa I Ed b
Motr. B, MLEOBEEMLRIZOVWTIE, SEOME, S BT L, BEIZ,
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o NT T —DEWHTHHE

e 77 ') —7° proportional (Z& T A5E

BRVRET B5E

e MLE OEEMHIKO LN, EM 7L I XLIZL»>T MLE 2’6 NAEA

®

WM LTEEZ4T\V, MLE OBEZERIKRDLNLBEIEZOEMAK LA Z, MLE O E#E
BAROONTEM T AT XLIZL BEITETRTAEAIZIE, 7T X 20 BAREER
FEERL,

3. Bradley-Terry 7D 5EBDPNBIEFINICHETEZIHTFT
) —DEd. &

Bradley-Terry E7MIZB VT, (—M%IZ)MLE OEEFIIRD S 0ndf, w200k
BETBESD Lo ZOBETIE, A - BRE (1988) 12 £ % MLE &L, 77 T — &6
TAHSBIHRTELILEERT, T, WEEIIBVT, m F—40) - V#EiT0, &
F—LDESIE 7,10, BLL [BF— 208 S ] IZEGHIIL2RD 5L VDT,
Mo Tyt T =1 DIRESEGE DT S,

3.1. 70U —BIPEL & EIC EREERD [HFIES] DIBE Bradley-Terry 7L
BT, A7 T —@ AN E Ll B2 EREED [HAIRS] oBs, £HLE, kLT
TEKRTS BROZVETF LTS 20, BEMIEEAAZ BHERVEFVTHE, &
o, REF, k+1, k+2,--,m F—LHIHBETLEE, BYD 1,2, k DEF—L
DIEEIND REFEDF — L i H¥F — L4 jIBOBREPHETL &, MEEDF — L i HiF—
LGB OMERIZ—HT S, Lo T, MLE equations 1&, BIZF— Y DESHBEFEIZ L AT
THBE,0,

3.2, #7TV—DEHNTIHE REE, k+2F—L k+3F—24, -, mF—24 13,
k+1F—LUBHTBLER D, EITHL, HEF—LORFEDB ST 7 = 7y 7l =
gy, M = M, T = Mg + Mot EERBND, AL ) HBOBRIRER %
kKD, BN - BEOHEEIRT S LT, MLE OBREPEEEERTIENTE,

EROBEI L. RTEX (FBA), BAE (HEHEEHRAN) WEIE L0 (867 - L0
ﬁé%WﬂlzmH+~~+mnkLtﬁ\:@ﬁ%m\&mmynmy%?w@¢g@@5
(=4 ADRGIRI] @2 LTWAH?] OB S/, RREEIL, ZoHI2on
TE{EELTBLT, RIFBEYS2ZON, BL, 6F— 202 % F20 L HI12%E
D7z, [ETLADRVIKIR] THEIBEIREEITEZVLOD, MLE 25KHB 7 LT
ALDEFIZONTIE, BEMIZEBEE VI 3 F v 7 TE T,

ZE XM (1] Asano, C. (1965) On estimating multinomial probabilities by pooling incom-
plete samples, Annals of the Institute of Statistical Mathematics 17. 1-13. [2] 714 % -
FEEF FIRE (1988) R K— v IR, 37 HER
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b b RRIEFREEAIT — 2 DARHE

BRA - HEHET Mk X
BRAK-E FH/I #
BERAK-E KB iE

1 F

EMNREIEHEOBRIZBNTW AL 2BEBRETRELIOTHA )0 EROTERSED
IVCHEEL TV DRI OWTOERTERFETHIELEEZLS. L2L, BRIZBLTED
LOWREDTENTE, FNOV, BHAEHT, LwoBIRO “ e " 1ZonTidkEbho
TWRWIEDEL, BN LBEDAY ¥ = FRTFEL T WEESS 2. KEETIT,
e MRIREREEH T — 5 OFIT RSO0 BAL, B MRIEDOKBATOREBREOMEREIZANT T
DTN DOWTCHBT S,

2 EbMREWREEHAT — %

SHOBREDBEROERENELSZ Z TSN b FERBESNT-5ThHs. Zhid
FHRFEEEMAR B EREFTERBEIT LY ¥ — IS TNE SN HAFICBLEBERAL B
BREAD 1 TH Y, BAEIERRKFEETREEYZEHRZIITHRE  THINTVWE LD
Thhb T—FOARFLLTZL, BADRRBIZOVT, R, KELEOHIFTRREL 2, A,
BIE, PP & MEIZ L o THRONT: 100 LLEDOREEEC OB EESEINTVE, ZOF—
YOI BITH 1 OoDOFEEAL LT, EHELZER/T A—PFELR2VENBT LN BT,
BRRBRHZTH AL N TV AEEER S B TCoERE (BREERE, CRL:Crown Rump
Length) ZFEEE#HE L THKI.

3 BT BAZ

SEBERIIBLVEREL, [BREREORA Y V¥ —FOHE] Ths. BFFRITIAHED
EHRZ 2 ETHESNI-BRE - RELE OREFZEBEIITL TEN{(LVETVHDHR
DEEFELNSL I I LEEREHG (A5 —F) PBEEINLTVE, ZORS T —F
D PERBN—T a VO OBENEIETH L. TORE, SRS TIER EBEBZOREBII
LTHAS VY —FRHETHI L, $-%0h00lEEr FIZEZELSEENR ATV
F—F2HEHETIIEEEHELTS.
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4 HRETEEAT

PFizknt, i EBoMEMK& (B, i=1,-- N) IZHET2 pEOFHHENY vz o =
(i1, xip)T TET. T2T, o & LTEHAISN AR E L Tid, BIXIZTEE, KBRE, ff
(HEfE, M, WRE) »BESND.

4.1. Leave-One-Out Mahalanobis Distance: 7—% z;(j = 1,---,N) 25 ¢ HFHO T —
5, kBN THELNETAAN-1DT =5ty PPOEEINGERFHNS b ve 2y,
(NMR) EBARDEE Sy LT 5. iBHOEEL TOMOEREDRN %, v /NT JEAHEE

B T _ -

T(Q_” = (wi — fE(_i)) S(_lz) (mi - m(_i))
THE (i=1,,N). ALPWEL TEXDDICERARZIEL, o(N,p)TE,) ~ Fon-1-
% BT [BIAIE, Mardia et al.(1970) 87, i EEOBEED pil

(2 i)
;= lep 2 =
i P{F};,N 1-p 2 C(N,p)}

BESNE (i=1,.,N). ZIZT, ¢(N,p)=pN(N=2)/{{N-1)(N-1-p)} TH5B. Z
DNEDpEONEEMETELER A LT, EHOFONEBISITVHETE 5.

4.2. BRTEEICHIT 2 1R R 24— K iR NEOEED CRLZ 2(i=1,...,N) &L,
KIS B pEOFHIENRZ bV E 2 = (241, ,2ip)T €T 5. CRLE kFEBHOEHED
G RB 7012, 7 =% (21,14), o (2v, 2we) # L, CRL % HEAEHKE BT 07—
Y2 FENT S, CITREZEAMEH#REED L IZRMHRELRIFEHEZEE [Fan (1992)]  Hw
B BEBTINEAETTAILICLY, CRLAHBALEKE L - FBILEEE fi(2), -, r(2)
185, TOLE, f(z) = (filz), -, fo(z))T 2 pRIEZMIZBIT 2 1 RTHETH D, Fa
WINE 1 DDRBHRI T —FNEEZ 5.

4.3. HHEHICET % Quantile Regression: 4.2. DA% » ¥ — Nl 6 0@ HIUT, p
BOEHRDENDFDOERFLITHE FEEZRIZL TWAD0 % BT LEND 5. IBEIL DR
BiATEEb N 2 T F B E L, CRL & Z0SMERE ORI L 56 A E/E [Quantile
Regression, %2 Koenker (2005) 28] z @A T 5. L WEMFLS, CRLIZEHMITL-E
EDEHAFGHOMAIIIABL TH20D2, FUREIFIZIINI LIZEZ TN,

& AR

[1] Fan, J.(1992). Design-adaptive nonparametric regression. J. Am. Statist. Assoc. 87, 998-
1004.
[2] Koenker, R.(2005).Quantile Regression. Cambridge University Press.

[3] Mardia, K. V., Kent, J. T. and Bibby, J. B.(1979). Multivariate Analysis, Academic Press.
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Second order optimality for estimators in time series regression
models

Kenichiro Tamaki’
Waseda University

Abstract

We consider the second order asymptotic properties of an efficient frequency domain regression coeffi-
cient estimator B proposed by Hannan [1]. This estimator is a semiparametric estimator based on nonpara-
metric spectral estimators. We derive the second order Edgeworth expansion of the distribution of E Then
it is shown that the second order asymptotic properties are independent of the bandwidth choice for residual
spectral estimator. which implies that £ has the same rate of convergence as in regular parametric estimation.
This is a sharp contrast with the general semiparametric estimation theory. We also examine the second order
Gaussian efficiency of B. Numerical studies are given to confirm the theoretical results.

1 Introduction

The problem of efficiently estimating the coefficients in a linear regression mode! has been investigated
widely. When the error covariance matrix depends on unknown parameters, the regression coefficients are
often estimated by generalized least squares (GLS). using appropriate consistent estimators of the parame-
ters. It is well known that standardized GLS estimators have the same limiting distribution as the best linear
unbiased estimator. Rothenberg [5] gave higher order approximations to the distribution of GLS estimators.
Toyooka [8. 9] derived the asymptotic expansion of the mean squared errors (MSE). Since these methods are
parametric, standard root N asymplotics hold for time domain GLS estimators, where N is the sample size.

If the autocorrelation structure of the unobservable residuals is not parameterized. we then construct ef-
ficient estimators by spectral methods. This technique is semiparametric since it relies on a nonparametric
spectral estimator of the residuals.

The semiparametric method of a linear regression model was introduced by Hannan [1], who showed that a
frequency domain GLS estimator achieves asymptotically the Gauss-Markov efficiency bound under smooth-
ness and Grenander’s conditions on the residual spectral density and the regressor sequence, respectively.

There are principal differences between parametric and nonparametric estimation technique that are of-
ten given in terms of consistency and rates of convergence. Velasco and Robinson [10] derived Edgeworth
expansions for the distribution of nonparametric estimates. Taniguchi et al. [7] discussed higher order asymp-
totic theory for minimum contrast estimators of spectral parameters. They established that for semiparametric
estimation it does not hold in general that first order efficiency implies second order efficiency.

The semiparametric estimation entails the problem of the bandwidth selection. Applications of higher order
asymptotic expansions to this problem have been studied by many authors. Robinson [4] studied frequency
domain inference on semiparametric and nonparametric models in the presence of a data dependent bandwidth.
Linton [2] investigated the second order properties of various quantities in the partially linear model. Xiao and
Phillips [11] gave higher order approximations of the MSE of the frequency domain GLS estimators. Linton
and Xiao [3] derived asymptotic expansions for semiparametric adaptive regression estimators. They discussed
the bandwidth selection based on minimizing the (integrated) MSE. Also Xiao and Phillips [12] discussed
higher order approximations for Wald statistics in frequency domain regressions with integrated processes.

Taniguchi et al. [6] established the root N asymptotic theory for functionals of nonparametric spectral
density estimators. This is due to the fact that integration of nonparametric spectral density estimators recovers
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root N consistency. Since the Hannan estimator is based on integral functionals of nonparametric estimators.
it may be expected that the Hannan estimator has attractive properties in higher order asymptotic theory.

In this paper, we will develop the second order asymptotic theory for the frequency domain GLS estima-
tor proposed by Hannan [1]. First, we give the second order Edgeworth expansion of the distribution of the
Hannan estimator. Next. we show that the bias-adjusted version of the Hannan estimator is not second order
asymptotically Gaussian efficient in general. Of course. if the residual is Gaussian, it is second order asymp-
totically efficient. As in Xiao and Phillips [11]. if the error is a Gaussian process, then it holds that first order
efficiency implies second order efficiency.

An interesting result of the paper is that the second order asymptotic properties are independent of the
bandwidth choice for the residual spectral estimator. This implies that the Hannan estimator has the same rate
of convergence as in regular parametric estimation. This is a sharp contrast with the general semiparametric
estimation theory, where it is known that the second order asymptotic properties are strongly influenced by the
bandwidth (e.g.. Taniguchi et al. [7]).
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Summary

Considerable attention has been directed in the statistical literature to-
wards the construction of confidence bands for a simple linear regression
model. These confidence bands allow the experimenter to make inferences
on the model over a particular region of interest. However, in practice an
experimenter will usually first check the significance of the regression line
before proceeding with any further inferences such as those provided by the
confidence bands. From a theoretical point of view, this raises the question
of what the conditional confidence level of the confidence bands might be,
and from a practical point of view it is unsatisfactory if the confidence bands
contain lines that are inconsistent with the directional decision on the slope.
In this paper it is shown how confidence bands can be modified to alleviate
these two problems.

Key words: Simple Linear Regression; Confidence Bands; Acceptance sets; Directional
Decisions.

1 Introduction

Consider the standard simple linear regression model based on data (r;,y;), 1 <1 < n,
so that

Vi((Bo + A1T) = (Bo + AiE)) /o and /S (B —B)/o

are independently distributed as standard normal random variables, independently of
62~ x2_o/(n—2), where Szp = S0 (v; — 3)2.
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There has been a long history on the development of confidence bands for this regres-
sion model dating all the way back to the hyperbolic bands of Working and Hotelling
(1929)

Bo + Bix € [3’0 4 /31:13 *0,/2F3,

for all € R which may still be the most frequently employed bands. Wynn and Bloom-
field (1971) showed how to construct confidence bands of this type that guaranteed the
confidence level over a restricted region. and Bohrer and Francis (1972) showed how to
construct just an upper bound of this type. Also, Graybill and Bowden (1967) discussed
confidence hands where the upper and lower bounds each consist of two straight line
segments, and Gafarian (1964) pioneered the work on confidence bands with a constant
width over a restricted region. A comunon aspect of this work is that the confidence
bands have been designed to achieve a stated confidence level over the region of interest.
Liu et al. (2005) contains a summary of recent work in this area.

However, in practice it is likely that the first analysis performed by an experimenter
will be a test of the significance of the regression model. For a one-sided analysis the
regression will be found to be significant when /31 > t8_,6/v/Siz, say, and for a two-
sided analysis the condition will be [5;] > to /: 22(3 //Szz. Furthermore, if the regression is
found not to be significant, then it is likely that the experimenter will not be interested
in conducting any further analysis of the model. In particular, this implies that in
practice the confidence bands will only be constructed and applied in situations where
the regression has been found to be significant.

This modus operand: has two implications for the confidence bands. Firstly, from a
theoretical point of view the nominal confidence level of the bands should be questioned
because the probabilistic calculations should be made conditional on the regression hav-
ing been found to be significant. Secondly, from a practical point of view there may be
an unsatisfactory aspect to the confidence bands if. for example, they contain regression
models with a negative slope while the significance test has determined that the slope
is strictly positive.

The purpose of this paper is to show how these two concerns can be addressed by
simple modifications to the confidence bands. When the significance of the model is
assessed with a one-sided analysis, it is appropriate to take any existing confidence band
methodology and to modify it by removing lines with non-positive slopes. The modified
confidence bands satisfy the required confidence level with the single caveat that they
should only be used when the regression model has been found to be significant. When
the significance of the model is assessed with a two-sided analysis, it will be seen that
similar modifications can also usually be made to the confidence bands.
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1 LIS

HLAERANDY, kEOKEA,, ... A, ZEZ A, KEIZFELD JIIN5L. KIE A
BV B RERDEBRAME (X, Xio, -+, Xon,) BB ERT XS BEE LT, BY 4,
D o2 TH AR —OEFERHIAEE F((x — w)/o) 2T 5. Tabb,

P(Xij é Ll?) =F ($ — 'UJZ) 3 E(JX—z’j) = Hi, V(‘X'ij) = 02'

g

CDEFIVT, EhkBHELBE FOMOBIILEFRLEL, SO EGROMIZE
WHLEPERARLZ L TH A,
1 oDORE D/ DREI,

‘)%ﬁfﬂfﬂié'}ﬁ Hz LMy = g
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R SLARBE HEY 0 >
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T2 Eo(0<a<)ZdLDICEkDD. i=1,--- k-1I1ILTLEXRBE LTS,

Pi=1 - k=118 L T, p—meli) 21 -a
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TEZELI-bDLL,
= Z’p < — D, — (nx/N;) ‘9) _1 Yy ¥ (ij’ — Uig + (1i/DVy) ‘6)

On

- 1 e Xij - Xi.
)= — N; =ny
B(X) m}ﬁ( - >, i+

&EB<.

= 1o (e ) (e ) Lt

EBE dK, A, ) x, Bt)=1—a 2T tOBRET 5.

T:(0) = —+/Ni/(ning) - 6.(0) - d(k, A1, -+, Ax; @),
Ti(0) = V/Ni/(nink) -6n(¢) - dk, A, Aks @)

Rii7z9 0%, TNEN, U(a), Lie) 255, 22T, 2EDEHEZRED.
T ERIEEGOTT, EEAKL — o O#REAZ FREmAERXEIE

Li(o) < pg — e < Ug(@) (i=1,---,k—1)

TH5z o605, O

T/, FRAAEEREOER D FRICEBETE L.

Y(z) & LT, ¥(z) = max(min(z,1.579), —1.579) KA L, IERSH, BAEEHRS M,
OY 25 4w 7500, MAFERSMm, t O/MDEETOT Ry MIxtTHERELLFED
WA IR OET ROz, ZORR, ERASMOL &3, RELALFEF T A PO
FELY 3% L2HELLWY, ERIMUNOFHDO L E12E, RELAFEES v
FNOFELDENWI LD o7z,

3 ZDMNDELE

FRFREDOH I EROEEL, AREERMOL & LEMkL2EAELE/. AFER
DEFIZEIL, BRELCFEZFE-C, EBOT—IBAMFITAHZ 2R L2 £z,
RELCZELBEINNEICE T2 EEEZ DI L2 BIFEL 7.

B#IC, E2EHOMEEDOHEBIE LR L & 5 121d, $XTOLL (contrast) DL E L
BEYHERTEL2VWOT, B2 5BEEICLY, §-XTOxf (contrast) # % E L EE
DEFHZEEL 2.
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Information inequality bounds for the risk

R (R - B0EHE)
AR B (REK - BEEmE)

MATRHEERIC BV T, EFR, BRI HOEEBRBICHE S CFOERIRAZR L TREICHET 5
BRITO TEMNEZ V. ZDXHZIEAIEREICIE, Cramér-Rao DARFRDSED LD, BIHEE TH 528
DRBETIREMEON, TORBIEFAENEDOBRICDEN>T WS, —7, FFERVZE, T hbbHE
BEALT U ERIRM 27 IR WREIIE, ERIEHEDX S IWHZW ((ATI5)). AR TiE, £,
FFERTIROMBERZED L LT, YITERZHRRICEWT, ERE 0 OHEREIC DV THERFAEX
ERWTERL, 51X D —ROFFEMDHRDBEECOVTHIRT 5. £, HIRMEHTEER
LONTKIC BT B MERED Pitman HEBOHLEMZRDS. 5, BUZHFRELZANT, FiE
A5 B EA P R BT EFRDOEHIC DOV T ERT 5.

1. YIMTERSHIRICE TS Bayes U X7 DIEHRAER

Tk ER T ARIC BT 2 A ERE 0 DEBEOHERICHNT S Bayes U A7 DEMAIFREEEL, 56
iZ, Bayes fEEEB & Z O TRDERICOVTHLES ([002). 7, X1, -+, X, ZEHWICHNICHEBEERS
B (p.df) p(z — 0) = kxe=@=0/2 (|2 — 6] < 1/2), ; =0 (FDH) % & DOYIMEHRDFICH > HBRER
T B T2FEU, A > 0 WGBER, ky = 1/[2v27{®(1/2) — (1/2)}] ~ 1.0418 £ L, —c0o < f <00 £T 3. &
Te, Ky = limg_, _1/240p(x) = ke /8 £ T 3.
TE 1 2 RBEL —BENDHU(—7,7) ICEALT, 0 DEBEOHER § D Bayes Y 27 . (f) ik 515
HAER

lim lim p {n%(é) - 2—}{5} > (9K3 + K +5) =: By(K))
A

T3o0T—00 - —GK/%

MDD, £z, 2 ®REERL —BREfINM U(—7,7) ICBT % Bayes HERBIIHHEM TR By (X)) ZIER
g5,

2. —MROIEERIDMIEICHITS Bayes U R 7 OEHRFEFN

5 1 HiDERE X Bic Kk D —ROIEERIDIRRDOBFEIC DOV THHERT 5 ([A002]). 7, X1, X2, Xny -+
BIDWIICHAIE, WENE (o -BRRIE p ICBET3) BE pe — 0) 2L DRI BEREHTIL L,
feR LT 3. TTT,p(-) ICRDEM (A1)~(A3) ZET 5.
(A1) p(z) >0 (a < z < b); p(z) =0 (FDM) TH5B. =721, a, b IZEKELT 5.
(A2) p (3BAXR (a, b) LT 2 BREKMDRIRETH U, limy ot 0p(2)= limz—p-op(z) =: ¢ > 0, limz—p—op'(2)
= —limy o400’ (z) = h <0 THS.
(A0 < I:=— f‘f{al2 log p(z)/dz?}p(z)du(z) < co.

7z, Ip = [{p (@) /p(z)de 8§ B L, [=1— 20 L72%. TCT, I >0 89 5.
EBE 2 £ff (A1)~(A3) DT T, 2 RBR L —BHIOH U(—7,7) ICBLT, § DEBEOHER § = §(X)
O Bayes U A7 r.(0) i3 BIEHRAS R

lim {n%(é) - —2—}} > ~-2—f;4(3c2 —4h) ~ % =: Ba(c)

WD LD, £z, 2 RIRK L —HREF 0 U(-7,7) IBY % Bayes HEEIX T Ba(c) ZEMKT 5.

3. JEFEAISHRIRICHIT S Pitman HEE
JEERID RO BRHEUCH U T, —i% Bayes HERBTH 5 Pitman HEBDWILERK & ZDOWLN 82
kB (JAOT03)). E£T, X1, Xa, + , Xn, -+ BIEPDOVICHITIE, WIhE (o -BRHE p iBET5) BE
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flz—0) ZEDRMICHIHERERFIE L, 0 e R LT 5. T T, f() ITRDEZM (AL), (A2) ZIRET 3.

(A1) f(z) >0 (a <z < b); f(z) =0 (FDM) T, f(z) TR (a,b) £ T2 EMBEHMOEBEL T B, 277

L,a, bida< b THBREHLT 5.

(A2) A:=limg_q40f(2), B :=limyp_of(z) £9%. 72720, 0< A<00,0<B<o00, A#B £T 3.
WE, 8 = maxici<n Xi — b, é := mini<i<n Xi — @, f:=0@+86)/2rLF5BL, §D Pitman HERIE

bpr = [) 0110, F(X: —0)d8/ J; [T, F(Xi—0)df £72%. TTT, S:=n(f-6),T:=n(6-0) LT 3.

FHE 3 &M (Al), (A2) DFT, Pitman #ER §pr DEHLERE

R T {eA-BT 4 1} 1 1
n(()pT~9) =S+ z{e(A—B)T_l} - A——B+Op (—\—/—7_1>

THEALN, TOWETAU

Ve (n (éPT - 9)> - (AJB)2 - Af-l—BB ooo eAtt—zeBtdt +o(1)

Lix%.
4. FEFRIIBAICERAIEE Bayes ) A 71CX T3 Vincze BIEHRAE
BHERANDOERD 2 A THMEEEZ L DL I THEBO DT BOMESICH T 3 BEASXEBRT 5. &

\& Vincze[V92] & AAROAREFRZE R 12D, ZOTREERT ZHERIEFEEL AN >T. ZTT, [V92) &
BREBZAEZHACT, ZOTRRERT SHEBLZRD D LN TES ([A003], [004], [0A05]).
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Limit theorems for maximum of standardized
U-statistics defined by weakly dependent
sequences

AERY - B HERE— HBEILERT - T 4/IFh

Introduction and Results

Let X1, X5, -- be i.i.d. random variables with common distribution function F(z)
defined on a probability space (2, F, P). Let h(z,y) be a symmetric function and
define

Ul;k,n = i Zn: h(Xz,X])'—k(Tb—k>9

=1 j=k+1

where 6 = FEh(X;, X»). Horvath and Shao (1996) considered the limit distribution
for maximally selected standardized U-statistics' in the degenerate case, that is,
Eh?(X,) = 0 where

hz) = [(h(z,y) - 6)dF(y),

Then, there are orthogonal eigenfunctions {y;(z);1 < j < oo} and eigenvalues
{};;1 < j < oo} such that

M 2
dim [ [ () ~0 = 2 vei@eiy)) dF@FG) = 0 )
and
1 (g=k),
Bo(xex) = { o 920 o)

It follows from (1) and (2) that
E(h(X1,X2) —0)® = > AL
k=1

Let {N;;1 < i < oo} be a sequence of independent, standard normal random vari-
1

ables and define 2 = ( Eat) A?Nf) * The following theorem is due to Horvath

and Shao (1996).
Theorem A. We assume that

ER*(X;) = 0 and 0 <o} = E(h(X1,X2) —0)* <oo.

Then, asn — 00

U*
| k,nl “D_> Z.

~L
2 max

(2loglogn)
1<k<n fk(n — k)
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The object of this note is to consider the analogous theorem when the underlying
sequence satisfies some absolutely regular condition. Let {&} be a stationary pro-
cess with distribution function F. We say that {&;} satisfies the absolutely regular
condition if for M% = 0(&,--,&), (a < b)

B(n) = E sup |P(AM ) - P(A)| —» 0 (n— o0).
AEM
We consider the following condition.
Conditions Let {¢;} be a stationary, absolutely regular sequence of random vari-
ables with distribution function F'.
(I) For some 6 > 0 there exists a positive constant K such that Y52, ng%3 T (n) < oo
and
| [0 ar@are) < K%, sup Blag, )" < K%
ij>1

(I) 0 <o? = [ [(h(z,y) — 0)%dF(z)dF(y) < oo

Put Upp = TF, ki1 P& &) — k(n — k)6
Theorem 1. Suppose Condition (I) holds. Then

L/ 57 (3)
\/210g10gn 1<k<n / k(n—k

We can rewrite Theorem 1 as follows when Conditions (I) and (II) holds.
Theorem 2. Suppose Condition A holds. Then

_NUkal D Z
\/2Ioglogn1<k<n IV (Us.n) o’

L& 3 Hk

[1] Horvath, L. and Shao, Q.-M. (1996) Limit theorem for maximum of standard
U-statistics with an application, Ann. Statist, 24, 2266-2279.

(2] Kanagawa, S. Takano, S. and Yoshihara, K. (1997) Convergence of changepoint
estimators for weakly dependent data, Nonparemtric Statistics, 8, 379-392.

[3] Yoshihara, K. (1976) Limiting behavior of U-statistics for stationary absolutely
regular processes, Z. Wahrsch. Verw. Gebite, 35, 237-252.

[4] Yoshihara, K. (1992) Weakly dependent stochastic sequences and their appli-

cations, Vol. 1. Summation theory for weakly dependent sequences, Sanseido,
Tokyo.
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A convex combination of two-sample U-statistics

BREGETFHE FH X
BREX-#H KT

1. B

R (k1, ko) DXIFRTE kernel R(x1, .oy Thy i Y1, -0y Yky) 2 D 72 estimable parameter 6§ = 0(F,G) O
HERL LT, UM EDOMHES Yo, 0, 2FZ3 1 X1, Xy, 20T F 26DKEZ n; OBEX,
Vi, Yo, 2O G HODREE ng DIEKL TS, w(ay,...,a;k) (j=1,...k) Zar+-+aj=k
BT TIEDRE a1, ... 0 KOOI BARIEEOBEE L L, wlay,....q5k) (j=1,...,k) DAL
b %) 1 ’)&iEk‘?‘%’» jl = 1,...,k1 & jg = 1, ...,k‘g ‘C?‘TLT, h‘(jl,jg)(‘rlv-'w‘z’ji;yl’mayje) %’Lﬂ'@%
26N 5 kernel &7 5 ;

h(jl,jg)(ivl; ..‘,:L‘j];yl, ...,ng)

1 4 +
- Z Z W(ry, oy Ty kn)w(s1, ..y 855 ka)

 d(ky, j1)d(ka, jo) Stritetry =ky tsi ks =ha
XR(Z1y oy X1y oy Ty oy Ty YT oes Yy oo Y oos Uga )

T1 Tt S1 839
BL AT ekt ta; =k ’E?ﬁﬁf"@“é“(@ﬁ@%%‘c a1y IKDVTE SR, B
2 d(k, ) = 28 1 pa k@@, g k). Ji =1,k E o =1, ke KRLT, UYHE % kernel

sy o) WERIES B U- %ﬁ“i‘ﬁl:ﬁ'é w(oa, ..., @53 k) @ﬂﬁ"&i n, kernel h(J1 (T Ty Y1 e Vo)
Li%h%h X100y Ty & Yiy 2 Yjq kEﬁL“C?TfT"C‘%Z) ;)% jl ¥z ]f; IR LT d(kl,jl) =0

ol d(ks, jo) =0 DL FiTiE, WIET 3 Uf,{*,{:) 0 LT3 ZDLE 0 DERELT, XKTEL
b3 U-MEtBOMES Ve, ny, THBATS

Yoin, = S (J1,72)
b (nl,kl)D(n ko) Z 2, dlky, j1)dlke J°)(~ )( )Um,m :

J1=1ja=1

L, D(n,k) = ¥5_; d(k, 5)(7).
2. UHEHBOOESADELE BE
N=nj+ny EEE N-sco Dt ELEHE

%———)p, ]Evr‘ial-—p 0<p<l)

VDD LTS, kernel h 12X LT,
ok =1k = Blh(X1, X1, X2, X3, s Xby—1; Y1, Y2y o0y Vi )]
o*rk2=1) = Blh(X1, Xa, .., Xiy; Y1, Y1, Y2, Y3, 0y Yiy-1)]
10(21) = B[h(z1, Xa, oo, X3 Y, Y )], %00 (®1) = B[R(X1, o, Xy 91, Yo, o Vo)),
Yo 0(z1, 22) = E[h(x1,%2, X3, ..., Xiy; Y1, -0y Yas)],
Po,2(y1,¥2) = E[A(X1, o0 Xiy3 41,92, Y3, ..., Vi )],
Pra(x1; 1) = E[h(r1, X2, oy Xigiy1, Yo, oo, Yiy)]
EBE, B
RO (1) =ty o21) =0, ROV (y1) = w1 (v1) -
AP0 (21, 25) = haa(x1, v2) — Y10(z1) — 1h10(22) + 6,
RO (g1, ya) = tho o(1, 22) — Po,1 (1) — 0,1 (y2) + 8,
AU (@591) = 911 (21591) — r0(v1) — vo,1(y1) +6,
8o =Var[p®(x1)], &, =Var[h®V(11)].
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Ak, k) = w(l, .., 1;k) > 0 DL ¥, T 6 = kd(k, k — 1)/d(k, k) ZFT
d(k,k) () _ Ok 1 d(k, k — 1)( n ) _ O 1
D(n, k) (k) ~1“-n—+0<‘n.2)' D(n,k) \k-1) n +O<n'~’)’

g((f;yk)) (7;) _ 0(;}5) G=1,.,k=2)

ERTENTES. ry4eo Aty =k (31 :1,...,k1) BLWs +- + 85, = ko (Jg = 1,...,1{:2) %
?ﬁf:?ﬁ@%& Tiy .y TH & 81y +ery S5 &CNLT, %’{4:

E{h(X1, s X1, o0 Xjpo ooy X303 Y1, 00, Y1, 00, Yy, 0, Vp) } <00 (1)

T1 T2y S1 S

BEDIOET B,
Theorem 1 w(l,..,1;k)>0&T5%. ZDLE,

1
Ym,nz —-0= Un1,n2 -0 + Nb(a) + Rﬁq,ng,
L, E“Rm,ne '2] = o(N~?) THh,
5 — ks (g(kx—l ) + ‘5k° (g(kl,ko D _g).

2BAE U-Fet B ¥ % Koroljuk and Borovskich (1994) DR %, ZHUCET GEMETH
TEREDRODBHIBOND. &(2), s(2) BZNFTIBEIERIHOIHEK, BEBERE T5.

Theorem 2 w(l,..,1;k) >0 & L, & (1) K&K

i sup ()] <1 (5=1,2),  BJh(X1,. ., Xay; Yiso oo, Vi) [© < 00

VEROIIDETH, DL E,

P(o}7 (Yasna —6) ) = Q" ()] = o(N ),

L,
.2
oN = k_l‘sio ks 50 L 0l= k1510 t1 kg 50 L
3
Mo,N = {—-E—E[h(1 (X)) + Z E[h(o'l)(lr’l)]3 + __1_—6:){2:: E[pC 0)(X1)h(° V(¥R (X1; Y7)]

+—klﬁé—ﬂE[h(l'°)(X1)h(1vo)(Xg)h( O (X1, X5)] + i"zﬁt:l_E[h(O 1)(Y1)h(0 D (Ya)h O (Y7, }2)]}

(0)
Q" (e) = B(s) = 5= 9(o) + Mo (1 = o) + w—vg'"(l — #)g(2).

Corollary 3 28R UMER Uy, 1, L 2ERY-RHAR Yy, 0, DTy Y7 —2ABHOZEIX

(0
—j—ﬁi&—[— L) + (1 - a2)o(z)].

SEXH
[1] Koroljuk and Borovskich (1994). Theory of U-statistics.
[2] Toda, K. and Yamato, H. (2005), (to appear).
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Jackknifing a convex combination of one-sample U-statistics

BREX-E R
BREREFHE FH XA
HR=H FPHET R

1. &

Rk DN kernel h(ay,...,7x) & DD estimable parameter 0 = (F) O#EE L L T, U-§
HEBROMBES Y, (Toda and Yamato (2001)) 2% Xy,... Xn ZTHF H>5DOKEE n DRk
T3 5=1,.,k KNLT, wlry,...,ry:k)  ri+ - +r; =k 27 TIEQEH rl,.. 4ol
TR IER OB L L, -w('rl,...,-rj,k) DYk ‘b 124 iﬂif&')% ETB. j=1,..,kITHLT,
hiy(x1, o ay) ZRTEZ 5N 5 kernel &7 5 ;

1 +

hes X1y eeny j) = — N1 T K Tl ey Ty e, Tyy iy ),

s ) a(k, J) Zr1+~-+n=ku (rse i K)R(X s ey 2 L)y T 5)
T1 T

8L, Z:+ =k i+ by =k REETETOEDER r,..,r; IKDPWTELN, BT

dlk,j) = Zr1+ =k @1y k) =1k LT, UY % kernel hey(y, o xy) WKKXRT 3

U-BEEH R E 53, 55 jISHL T, d(k,j) =0 42 LS, MET3 UY 2073, oL,
U-SEHROMES Y, IBRTEZ 503 ;

k
1 ~fn .
(n, k) (k. J) (">UT(LJ)’
: Jzzl j

Yo =

{BL, D(n, k) = ¥5_; d(k,5) (7).

2. YevsFrA7 Y-HER

UM ROMEES Y, KR LT, X; 2RSS n— 1| OERICET CHEHR Yoo, % Yoou(—i)
(i=1,.,n) &L, Y, =150 Y, i(~i) 8L AR X; 2BRVEREZ n-1 OERICEIS
U-sEtE U9, % U(J)l(—z) (i=1,..n) £BL &,

_ 1 k n—1\ 1<, 0 1 k =1\, ;
A - 1 I O L ()

IDLE Y, KETL OF) D4 TREES vy 214 78HB Y 3RTEI6ND;
k .
Y =nY, ~(n-1D)F = d/(nk;)UY,

{E.L,dj(n,k;j)z{D(zyk)(’;)— D(;:}‘k)("ll)}dm ) ThD, Z (k=1 Rl k=20

LE, VHEE V, KL TdI(n,2;1) =0, d'(n,2;2) =1 fwsa)'c V, IED A 7 REIE
Pyv 7F4 7HER V) 2 USEE U, &%Lus.

Ak, k) >0 D E & G5B, 2T

d(kk) (n\ . B ,301 ﬁ31 dlk,k=1)( n \ _B1  PBao  Ba 1
D(nJc)(k)—l— ( 0): D k) (k—1)“n—,+7n.7+_+0(?ﬁ)’

4(11;,(2-];)2) (kn’>> 52 +§§E+O( 1 0) %73)'<ka> = 5‘2’ +O(n4)

ERTZENTED (A B, 122V Tt Yamato et al. (2005) 2RIz w).
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1SJ'15'--§jk£kGCNLT,%#E{h,(Xh,...,Xjk)}z<ooﬁimr)ﬁg&—;%.
SE 1 dkE>0:T53 ZOLE FHAER nICHLT
o _ Bor  Bo1 + 2031 Baz | Pz + 2532\ (1 (k-1)
v/ —o={1-5 - o2y, g - {22 222 ey g

n3 n3
Ba | P2+ 2333 k—2) 283 11 (k=3
—{;§+~—————~n3 }[U£ : —9]—73‘{(%(1 ) — 6] + Ry,

2L, E|R,| = O(n™%).
kernel A (x1,..,2;) (f =1,.... k) ITHL T,

0; = E[hg) (X1, X,)),
Y(iy,e(@1y s 2e) = E[ll(J)(Xl,...,Xj) [ X1 =21, Xe =2 (c=1,.,J)

 EE j=1,. Kk c=238 . kICHLT, RDEILEL ;
hgi(n) =%ia(z1) - 6;,

c—1
h(c)(xl’ Tc) :w(j),c(xla'“’mc)_z Z hg))(vlu“',xl,) “9)

i=1 1<l <<l <e

B, 00 = Varl o(X1, ... X)] (¢ = 1,2,3), () = Cov[h})(X1), Al (X1)] (G = 1,2).

B 2 dkk)>0LT3 ZDLE,

20 _ 1\2
MSE(Y,;]) = Lz 2————~——k (k1) {2 2_ 2}
— 2 20 o 1Y3 (L —
((k 1) (k2 — 4k +2) 2;391)1&0%_ £k =12 =3) o

+ 5 5
k°(k——1) (k — 2)2 W 1
: — 2k (k — 1)BanC Y, — 2k — 2)BaC Y }+o(7—ﬁ).
=k i=1,23K0c=k—1,i=1ICHL T4 Varhi(Xl,..,Xi) EuL<.
2 ] C(t)
ot = 6,; 1y T3 =280 1y + 8} 5y, 0F = 38 (1) T 3% 2 + 87 @ P ﬁ)‘Z D_L’)
% 3
1, ., k2(k—1) 1
- J — 2,2 M ANM ) e 2 2 i
MSE(Y)) ~ k%] — {..a ag} + o(ng)

l.oc k(k 1)

= Ekzé};’(l) + 52 (@ T O( L )

dlk,k) >0DLE, Y BZNFNOBEK w it L Tn™2 OEE AL MSE 2. 5612,
? MSE 1 n~2 O E ¢ U-HistB U, 008 L% L\ (Nomachi and Yamato (2001) %2 ZH).

B 4 dkk)>0rT3 ZDLE,

MSE(Y)) = Var(Uy) + o(;}g).

SEXE
{1] Nomachi, T. and Yamato, H. (2001), J. Japan Statist. Soc. 31, No. 1, 85-98.

[2] Toda, K. and Yamato, H. (2001), J. Japan Statist. Soc., 31, No. 2, 225-237.
[3] Yamato, H., Toda, K. and Nomachi, T. (2005), (submitted).
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Empirical Likelihood Approach for Non Gaussian
Stationary Processes

HIROAKI OGATA AND MASANOBU TANIGUCHI

WASEDA UNIVERSITY

AssTracT. For aclass of non Gaussian stationary processes, we develop the
empirical likelihood approach. For this it is known that Whittle's likelihood
is one of the most tundamental tools to get a good estimator of unknown
parameter, and that the score functions are asymptotically chi-square dis-
tributed. Motivated by the Whittle likelihood, we apply the empirical like-
lihood approach to its derivative. This paper provides a rigorous proof on
convergence of our empirical likelihood to a sum of Gamma distributions.
Numerical studies are given, and illuminate some interesting features of
the empirical approach.

1 Introduction.

Empirical likelihood method is used when the distribution of an appropriate
pivotal quantity is unknown. It is shown that empirical likelihood ratio is
asymptotically chi-square distributed (e.g. Owen (2001)). However, most
of studies on this topic are aimed to independent data.

For dependent sample, Monti (1997) applied the empirical likelihood
approach to the derivative of the Whittle likelihood, and showed that the
empirical likelihood ratio is asymptotically y*-distributed. The results were
applied to the problem of testing and construction of a confidence region.

Although Monti’s results are innovative in time series analysis, the the-
oretical proofs of the asymptotic results essentially rely on the circular
Gaussian assumption for the concerned process like as Anderson (1977).
Therefore this paper provides a rigorous proof for asymptotics of the em-
pirical Whittle likelihood using the non Gaussian and dependent structure
essentially, for vector-valued linear process.
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