Tk 2 2 R AT R HARITE (A)

WREARER S ¢ 1920400901
W e A D OEHRFRICR U 2 HE R TR O B LIS
efREE o B0 EE (BRERT)

ETROHER F1E OB R REE & F O H
AT /A AN

20104 11 H 17 H~19 H

11H17H (K)
14:00~14:05 B2
14:05~14:40 AE ﬁ& (HER - A

|7
14:40~15:15 @K ﬁﬁ (%Eﬁa * BETHED)
o= DA DTGIR T A — 52 OHEEREIZ SN T
—WT 2 W DL B —
15:15~15:50 A% RBZE (HAZFR- B
Shrinkage estimation of the mean matrix of multivariate complex normal

distribution
15:50~16:00 PRHER



—

6:00~16:35 e B ORBOALK - TEERFFER
A tEE (RREERF - BHHEFM)
Park, Junyong (University of Maryland)
On conditions for a modified maximum likelihood estimator to be second
order admissible
6:35~17:10 @fF fath (EK - EHERAER)
I KIEOHEE
7:10~17:45  HE - BUEENLK - TEE)
eIl FH CROTHEHTRS: - Fnask LoEEn)
Parameter estimated standardized U-statistics for some dependent
sequences and its application to change-point problems
1A18H (K)
9:30~10:05 Wl B— D
BRI GE~ VT 7 — L D R E B O A
0:05~10:40 EFaINE O EERERRT)
aa 9T (RREEKRT)
Goodness of Fit for Randomly Censored Data
0:40~11:15  Alexandre Petkovic (iK% - BLT 1T
Linear Regression with Deterministic Regressors and Unit Root in the
Variance
1:15~11:25 R
1:25~12:00  Afifig &85 (BIRZEHEKR - BRFF D)
Pooling incomplete samples DR FIZI31T D HFHIHE R
2:00~12:35 flifi E (EEEBKX - TR
A tE CLBEEE K - BE7H)
LI 5340 O A ERRE R RO MR 1T 2 BB, ORIz >V TDH
£
2:35~13:35 R
3:35~14:10  &HHE &7 (LK - BHPH5ERT)

G0l e e STORAY o]

:10~14:45 HE e CoE K - BB A5ERD

VAN N1
FH ) (KK « B8 3Ub75)
Higher order approximations by a two-stage procedure for a negative

exponential distribution



4:45~15:20 iR H£EF LK - EHFEE)
A generalized Bernstein polynomial approach to density estimation
5:20~15:30 R

5:30~16:05 EHE AR (Juk - BRI

On comparisons of univariate normal mean and elements of multivariate

normal mean

c05~16:40 =fE (RCERL K - B20F2E R

val Hah o GROCEERER - BEEEHR)
Wi P CROBERER - BEZEHR)
AW EA CRIER « EREE )
AT T I A KB K DWMRAN T SV O RS OIRSLME D [RIRE E

:40~17:15 L &L (BEERLK - BEAEED)

Wi P CGROCBERER - BEZEHR)
WIS VIR O L IERHEIZ R D [FIRFE X & 2 OPRsrE

198 (&)

:30~10:05 IR (BLERR - B E R EAFERD

KHEOFRE (BUEK - BEEMERERERD
HIE 3K (B K - R E R 9o
B-Lasso #EE 2 L D72 E T /L IEIR

c05~10:40 BEAR FIK (KBRS - bt TS8R

PP CRBRRS: - bt T 5ER
Muni S. Srivastava  (University of Toronto)
BIRICT — Z BT D %D ORERMFHE DML AT DOWT

:40~11:15 T R UK - 200 T2r2eke)

AT HN DRI OLE OB O FNEF R SLAGRAZ R T 5 PR s v —
HEDORE

:15~11:25 IR
:25~12:00 KHE g RIEK - B E RS 2eR

L (LK - B AR TER)

Sample Size Determination for High-Dimension, Low-Sample-Size Data

:00~12:35 il (BLER - B E R AR

BNH I D B O S OB RHER

©35~12:40 PAZ



gobbobuoooobbbuoooobbboooobon

gboodg oboboono oo oo

1. 000d

ggbobooobbooobobooobbooboobooobboooboboooboboooboboon
gbooboooooooogoooobooboboboboboobobooboboooboooboooonoo
gbogoooobooboobbooobooboobooboobobooobooboooboobobon
000000000000000000000 Kudo (1963)000000000000O00O0O0OOOO
uboobobooobobooboboboobuooboboobobooboobobooooboboooon
O000000000D00000 Perlman (1969) 0000000000000 00O0OOO0O0OOOOOO
ubooboboobooboobooboobbobboobooboobooboobobooobobon
gboogoboobooboobooboobobobobooboobooboobboboboobon
000000Wang-McDermott (1998) 000 0000000000000 OOOODOOOOOOOO
gbooboobooboobboobooboooboobooonobo

gobobogooboob obobooobOobOoboobOobobobOobOobOoobobOobOobbOoD
ubooopoboobooboobooboboooboobooobooobbobob 20000000000
Kudo-Fujisawa (1964) 00 0000000000000 O0O0O0OOOOOOOOOOOOOOOOOO
O00000Yeh (1968) 0000000000000 ODODODO Kudo-Fujisawa (1964) 00000000
gbooooooooobgobobobobobooboooobooooooobooboobobOoboOob 30
gbobooboobboobooboobooobbooooon

ggobobooobboobbooobbooobobooobbooobbuooobooobbOooon
ubboobooboobboobuodoboob sgbooobbooboooobooboobbon
gboogobooboobuooboobooboobooobooboobooboobboobobon
ubboobbooboobooobooboobbobbooboobooboobooboboobobon
goboobuoobobooboobooobooboooboobooobooboooboboobo

2. 0000000
p00000000 X0 pOOOD000 Ny(e,X)000000000000 = (1, 2., )
000000000 2000000000000000000

p1 >0, M2207"'7ﬂp20 (21)

,u1§0, MQSO,...,MPSO (2.2)

(21)0000000OO0OODOO w>0000000000pp>00000R22)D0000O0O0O0O0OO
Ou<000000D000O0p<r000000DO0O0ODDOO HoOOODOOOO H1O

Hy:p=0vs. H: p>"0000p<*0 (2.3)
O000O0ON,(p,X)000000 2000 X4,X,,...,X,0000000000000000

3. ¥X000nogno
0000000000 ¥X00000oooo((3)Uooooooooooooboo

1 n
7 = — X,
ﬁg '
000000D0p000000D0O00O0 RRPODDODOODO ©0O

O ={z = (21,29,...,7p) € RP|z1 > 0,20 >0,...,2, > 0000 27 <0,22 <0,...,2, <0}



O0000Z0 RPOODOOOO0O0X0O00 MahalanobisO0O |-y 0000 2000 000000
00 mx(Z,0©) 000000 (23)0000000000000O0O00O0O cOOOODO

X =l m5(Z,0) 5> ¢
oo0bodbHODOO0OOU0U0OODbLUOU cOU0OQDbUOU0ObU0O0 «ObO0OHyOOOo
P(X*>¢)=a (3.1)

0000000000000% 000000 p>300000000000000000000000
00000000000000000000 HoOOOO D()={Z € RF = 75,(Z,0) |3> ¢} OO
000 fo(2)0 N,(0,X)000000000000H, 000

PR >0 = [ / fo(z (3.2)

O0000p>30000 D(e)0O0O0O0O0O0OOODODODODO (3.2)00000000O0ODODOODODOODO
(3.2)00000000000000ODO0O0OD000OOOOOO

4. X 000000
000000000 X00000000(23)000000000000000S8=Y",X;X,-2Z
000000 (23) 0000000000000 SO000 MahalanobisOO ||-|g00000O00O

_ 17s(Z.©) |5
1 Z - 75(Z.0)

el

00000000000000000 ¢0000F>¢000000H, 00000000000 ¢O0
0000000 «0000H, 000 )
P(F>c)=a (4.1)

DDDDDDDDDDDDI:I)?ZDDDDDDDDDDDDDDDD(4.1)DDDDDD O0oooooo
000000000000 0000D00000DO0000000 X000000000V =YY", XX
00000000000000 P(F>V)00OO0O0O0OO0 000000000 0000000V
000000000 Z0OOO0OO0OO0OOoooooo fy(zlv)ooooOd

P(F > V) = / / folz|V)dz (4.2)

0000000 D(e)OD0O0O00O0OO0DOODOM.2) 0000000000000 DODOOUOO0OODOOO
ubbobobooboobboobooboo

5. Jgooaoog
ggbobooobboobobooobbooobboobbooobbooobobooobbooon
uboboobbooboobuoobooboobbobboobuoobooboobooboboobobon
ubooopoboobooboobooboobboboboobooboobooboboboboooboobon
gboboobooboooooooooooooooooooooboooobooboooboonDo

goon

[1] Kudo, A. (1963). A multivariate analogue of the one-sided test. Biometrika, 50, 403-418.

[2] Kudo, A. and Fujisawa, H. (1964). A bivariate normal test with two sided alternative. Memoirs of the
Faculty of Science, Kyushu University, Ser.A, 18, No.1, 104-108.

[3] Perlman, M. D. (1969). One-sided testing problems in multivariate analysis. The Annals of Mathematical
Statistics 40, 549-567.

[4] Yeh, N. (1968). A multivariate normal test with two-sided alternative. Bulletin of mathematical statistics
13, 85-88.

[5] Wang, Y. and McDermott, M. P. (1998). Conditional likelihood ratio test for a nonnegative normal mean
vector, Journal of the American Statistical Association 93, 380-386.



gbobobogobbobooggbobobouogbobooooobbbooonooon

b ooboooboboobooobbd
1004004

goboobooooooboooo
1

f(m;a,ﬁ):r(amaxa_lexp (—%) for >0 (1)
000000« (>0)00000000000ODOO0OB(>0)0000000DO00ODOOO
0000000000000 000000000000000000000O00 00 MLEO
00000000 0O0OMLEOOOOODOOOOOOOOOOOMLEOOOOOOOOOO
Dododooooobodooooooooooooooobooooooooooooon
O00000oOoo0oO0o MLEOOOOO IMLOOOODOOOOOOO
gdodoooodoooooodooooouooooooonooooooooooooo
0000000000000 0000000000000000000 (Takagi(2003)) 00O
00000000000 0000000000000 (Takagi (2006)) 00000000000
000 k0000000000000 00000O0O0O00000O0OOOOOOOOO0OO0OO0
O00o00o00o0o00O0o0O0O0oOO0O0O0O0OO0OUOO0ODOOODO0ODOOD (HOooooo
O0000o0o0o0ood0ooooooooooooooooooooooooooO IML
gdoo0oooouodoooooooobobodouoooooooooooooooooa

2000000000000 00DO0O00DO0O0

ooboo0obD ¢, 00000 ¢, 0000000OCO0ODOODODO0ODOOODOODOOOO
0000 6=(01,6,) 00000000 0DO0O0O0O0O0OODO0OOOO0OO0OO (Cox and Reid

0 Ix(0)
00000000 4(>) 0000000000 £O00D0D Takagi(2006)) 000000000
0000000000000 00D000 0000000000 Ty, =Th (X1, X, -+, Xp)

O000D00000000000000 Re(61,0T,)=F [e(ﬁln(e)l/?(Tn —60)

(1987))DDDDDDDDDDDDDDDDDDDDDDDDDDDDI(@)_<I“(9) 0 >

0000000 000000000 C:{éc\éc:él—l—c(él,ég)/n}DDDDD(91,92)

00000000¢-,-)000000000000000000

00000000 Xy, Xe,---,X,0000000001,(A)0000i=1,200000

Zi =n Y20,1,(0),  Zi; =n"Y2{8,0;1,(0) — E[0:0;1,(0)]}
000000d/d6; 0 90000070 Z;0000000000000000000
_ 1 _

E(ZiZx) = Jiji + O(n™1), E(Zizjzk):ﬁmjﬁom 8/2),

0000 CO000000 6.=6,+¢(f1,6,)/n000000000000000000
000000000000000 wyk(f,6;) 00000000000

(k — 3):‘4,31 (9111
0 = -~ 7 == 1
Wy (01, 02) = VI11c+ kin + 5 +(y-1) T

DDDDHHDH31DDDDDDélDDDDDDDDDDDDDDDDDDDDDDD
1 1 1
k1(0) = ——=—=(Ki11 + 1) + =—=——J212, k31(0) = ——=—=(—2K111 — 3Jin1)
( 2111\/111( 2v 11122 ( 111\/111(

0000 (1)000 4. 00000 k0000000000000000000000000
00 [1-1)0 [1-2)00000000000000

x

[1—1] gogoooooono HQDDDDD/ [11(91792)716191:00[”][] vwOOooooo
0o

wylvk(Ql,Hg)DDDDDDDDDDD ¢ 0000000000
)

[1—2] gooooooon HQDDDDD/ 111(91,92)72d91:oo|]|]|] v Ooooooo
—0o0

w4, k(01,02) 00000000000 ¢, 0000000000



(2)000 . 00000 k000000000000 0000000000000000 [2-1]
022 0000000000000 DO00O0O0O0
o

[
[2—1] OO0O0ooOoog 6y DDDDD/ 111(91,02)71d91<oo gbd v Ooooooad
)
wylvk(Ql,Hg)DDDDDDDDDDD ¢ 0000000000
)
[2—2] o0oOoogg 6, DDDDD/ 111(91,02)72d91<oo ugbod w»Oooooood

—00
w4, k(01,02) 00000000000 ¢, 0000000000
00: ¢, 000000000000 o0000D0 —c0O0D0OO0O0O0OOOODOOOOO

Ub0bonDoboobooboobooong

ooboboooboobobbD «bObOoboooboobobbD kbOobOobUooobog
O0o0o00o0o00O0o0oO0O0oOO0OOU0O0OO0O0ODOOO0ODOD ()oooooooo
00DOO00ODOO0O0DOO000OO0DbDO0O0bD pO0np=apO000000DO0OODO
1 1
fl@0m) = =— e/ (2)
[(a) (n/a)*
gogboboboooobooobooobobbooboboobbooboobbd

I(a 77): 111(047"7) 112(047"7) _ 1#/(04)—1/04 0

’ Io1(a,m)  I22(a,m) 0 a/n?
D000¢(e) =TI"(e)/T(e) 000000000000000¢ ()0 « 00000000
goooooooooooooooooooooooooooooooooooo

goono oogoo (2)DDDDDDDDDDDDD
(1) Jinn =0, Ki11 =011 =¥ (o) + %7 %

(o) +1/a> 1 L 2¢() +1/a?)
2(¢/(a) — 1/a)?2 " 2(y'(a) — 1/a)2a’ N (@ (a) — 1)

ggod gooboobooboobbooboooobooobg

o0 = <1/2 “o = >1/2
/ I1 (o, )" dov oo m<l/ / I (o, n) " da o 221/
ao <oo, m>1/2,  Jo <oo, o m<1/2

D000 (1)ooooo

a— 0000wy, —1/2—2(y—k/3-1/2)0a — 00000 wyy — 1/vV2—2vV2(y — k/3 —1/2)
D000000000000000000000000000000000000
(2)000000 (IML) DODO (Zaigraev and Podraza-Karakulska (2008))

oopoood g(a):loga—¢(a):log§:—%Z?leog:rj oooooooIMLOOOOO
0 g(e) —g(na) =logZ — + > _logz; 00000000000

a—= 0000 wyp — —2(y—k/3-1/2)0a —00 000 wyp — —2V2(y—k/3—1/2)
D0000O0OIIMLOODOOOOOO0OO0O0000000000000000000
(3)00000000000000

a—= 0000wy, — —2(y—k/3)0a —o00 000 wyp — —2V2(y — k/3)
D000000000000000000000

() 0000 k=3/20000000000000000

(i) 0000 k#3/200000000000000000
b
(400000000000 (1+2)a+
n n
@ — 0000 w00 (b>0),at+1/2—2(y—k/3—1/2) (b=0), o0 (b<0)
a—00 000 wyg — a/V2+1/V2—-2V2(y—k/3—1/2)
D0000000000D000000 A000000000000000000

4
a<—§k—1 RN b>0
goboooboonooooood

Jo12 =

(2) k11 = —



Shrinkage estimation of a mean matrix of a multivariate complex normal distribution

000000000 OO0 00 (email: konno@fe.jwu.ac.jp)

The multivariate complex normal and complex Wishart distributions were first explored in Good-
man [3]. These models play an important role in signal processing methods. Lillestgl [5] first investi-
gated Stein-like shrinkage methods on simultaneous estimation of a mean vector of the complex normal
model. However, shrinkage methods for these models have received less attention so far, although it
is important to develop these methods beyond the maximum likelihood estimator of estimating the
unknown signals in the multivariate complex normal distribution. The goal of this talk is to show how
certain decision theoretical results concerning the problem of estimating a mean matrix of the real
normal distribution can be extended to the complex multivariate normal case.

In this talk, we consider the problem of estimating an m x p unknown constant complex matrix
= that is observed with additive complex normal random errors in a decision theoretic set-up. Our
observations are an m X p data matrix Z and a p X p positive definite Hermitian matrix S, which is

represented as

Z:mxp~CNyxp(B, L, ®3),

(1)
S:pxp~CW,(Z, n) with Z and S independent,

where n > p, 3 is a p X p positive definite Hermitian constant matrix. Here we assume that E and X
are unknown. Furthermore CN,,x,(8, I, ® ) and CW,(X, n) stand for a matrix-variate complex
normal distribution with the mean matrix E and the covariance matrix I,,, ® 33 and a complex Wishart
distribution with the degree of freedom n and the parameters 3, respectively. In other words, the

model (1) means that the density of Z with respect to the Lebesgue measure on C™*? is given as
™ Det(X) " exp{-Tr((z — E)T ' (z — E)") }, z € C™P

while the density of S with respect to the Lebesgue measure on C%Xp is given by

Det (s)" P exp(—Tr (sX71))
Det (X)ap(e-D/2IE_T(n+1—k)’

s e ChP. (2)

Here I'(-) is the usual Gamma function, Tr (-) and Det (-) denote the trace and determinant of a
square matrix, and the superscript ”*” means the complex conjugate transpose of a matrix. Further-
more C"™*P CP | and CE*? stand for the sets of all m x p complex matrices, of all p x p Hermitian
complex matrices, and of all p X p positive definite Hermitian complex matrices, respectively.

Based on (Z, S) we consider the problem of estimating the mean matrix = with respect to a loss

function

Z(E, (8, %) =T{E-E=E-8)}

[u—



where an m X p random matrix Z is an estimator of Z. The risk function corresponding to this loss

function is

Z(E, (B, %)) =HZLE, (& ),

where the expectation above is taken with respect to the joint distribution of (Z, S).

This estimation problem is important since it is a prototype of estimating the regression matrix
of a complex MANOVA model and of predicting multivariate responses in a linear regression complex
model. We extend a large body of the results obtained by Efron and Morris [2] and Konno [4] in the
multivariate real normal set-up to the complex normal set-up (1). The results in the real normal model
were obtained by extensive use of the integration by parts approach, known as the Stein identity. In
addition to these identities, the eigenvalue calculus is important to the development for a systematic
search for shrinkage estimators. We extend these approaches to the complex normal set-up. The
Stein identity for the multivariate complex normal is easily derived by using an isomorphism between
real and complex variables stated in Andersen et al. [1] while the Stein-Haff identity was extended to
the complex Wishart distribution by Svensson and Lundberg [6]. These identities and the eigenvalue
calculus for the complex matrix developed in this paper are exploited to establish a systematic search
for shrinkage estimators for the model (1). The detailed proof for the results is available at http://mp-
w3math.jwu.ac.jp/” konno/pdf/tr10.pdf.
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On conditions for a modified maximum likelihood
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Abstract

In small sample theory of point estimation, the concept of ad-
missibility has been studied from various point of view. On the
other hand, in large sample theory, it seems that the concept
of second order admissibility of estimator did not fully devel-
oped to multi-parameter case. In this article, we derive some
conditions for a modified maximum likelihood estimator to be
second order admissible under the normalizing quadratic loss
function when the dimension of the parameter is 2.

1 Introduction

Consider a sequence of independently and identically random vectors according to some probability
distribution parameterized by unknown parameters. In small sample theory, the concept of admis-
sibility has been studied from various point of view. Especially, under the quadratic loss function
it is well known that if the covariance matrix is known the sample mean is admissible in estimat-
ing the normal mean when the dimension of the parameter is 1 (Hodges and Lehmann (1950),
Karlin (1958)), and 2 (Stein (1956), Brown and Hwang (1982)). Furthermore, the sample mean
is inadmissible when the dimension is at least 3 (James and Stein (1961)). On the other hand, in
large sample theory, Ghosh and Sinha (1981) proposed a concept of second order admissibility of
point estimator to asymptotically solve the Berkson’s Bioassay problem, and derived a necessary
and sufficient condition for a modified maximum likelihood estimator to be second order admissible
for one parameter case. Using the condition in Ghosh and Sinha (1981), Takagi (1999a) discussed
the invariance property of the second order admissibility (see also Takagi (1999b)).

AMS 2000 subject classification. Primary 62F12; secondary 62C15, 62H12.

Key words and phrases. Modified maximum likelihood estimator, multi-parameter, second order admissibil-

ity.



For multi-parameter case, DasGupta and Ghosh (1983) gave a sufficient condition so that a modified
maximum likelihood estimator which is asymptotically unbiased should be second order admissible
under the quadratic loss function when the dimension of the parameter is 2 and the Fisher informa-
tion matrix is diagonal. Also they derived a necessary condition so that such a estimator should be
second order admissible when the dimension is at least 3. However, the probability distribution and
the modified maximum likelihood estimator which they treated were restricted to special forms. As
is shown by the results of DasGupta and Ghosh (1983), the sample mean is second order admissible
in estimating the normal mean if and only if the dimension of the parameter is at most 2 when the
covariance matrix is identity. Therefore, it seems that we need to consider the necessary and/or
sufficient conditions when the dimension of the parameter is at most 2 or at least 3, separately. In
this article, we consider the similar problem to DasGupta and Ghosh (1983) by another approach
when the dimension of the parameter is 2, and give some conditions for a modified maximum like-
lihood estimator to be second order admissible under the normalizing quadratic loss function. As
examples of these results, we give the second order admissibility and inadmissibility of (generalized)
Bayes estimators of mean vector in 2 dimensional normal distribution when the covariance matrix

is identity.
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Parameter estimated standardized U-statistics for some dependent
sequences and its application to change-point problems

K. Yoshihara (Yokohama National University)

S. Kanagawa (Tokyo City University)

1 Results for some mixing sequences

Let {&;} be a stationary sequence of random variables with common distribution function F'. Let ©
be an open set in R%. Let h be the kernel which satisfies

h(z,y;0) = h(y,z;0)

for any z,y (€ R) and 0 (€ ©). Let 6, be a true value. and assume

| e,y 60)dF ()dE(y) = by, 1)
Define the projection function
hi;0) = [(h(e,y:6) = 0)dF(y). )
and assume that
| il b)ar(@) = o 3)

i.e., the kernel h(z,y;6y) generates a degenerate U-statistic. Let T, f (x) = [h(z,y;00) f (y) F (dy)
be a trace class operator for f € L (F (dx)). If, in addition to (3),

[ B,y 00)aF (2)dF(y) < o0 (4)

there exist eigenvalues {\;} and eigenfunctions {p;(t)} for the linear operator T}, such that

S < oo, (5)
[ ei@)ei(@)dF (@) = 5 (6)
Jm [ {S nateiat) - i) | ap@)ire) = o )

Let {&;} be a stationary sequence of random variables satisfying the absolutely regular condition

6k = 2sup{ sup (PAIM]) — P(4)]

n>1 AEMZOJrk

where MY = (&, -+, &). Let 6y be a true value of 6. The following theorem is shown in Yoshihara
and Kanagawa (2006) when the parameter 6 is known.
Theorem A. Suppose Condition A holds. Then

> i h(&i, &5 00)

i=1 j=k+1

1

1
Vv2loglogn 12k [k(n — k)

o0 1
B ()
=1

1



When the parametor 6, is unknown, we have the following theorem.
Theorem 1. Suppose Conditions A and B hold. Then

1 9
T aT——— hnax h gzag ) 57
v2loglogn 1<k<n / — k) ;]zk:“ ’
where
0 = D NN+ 20%p" > NN;b; + p" Bp. (8)
i=1 i=1

2 Functionals of processes

Let {&,;n € Z} be a stationary stochastic process. Assume that {n,;n € Z} be a two-sided functional
sequence of {£,}, i.e., there is a measurable function f defined on R? such that

M = f({§n+k§k S Z}) = f ( 3 &n-1,8n, Ent1, )

Thus, {n,;n € Z} is necessarily a stationary stochastic process. Then we have the following result.
Theorem 2. Let {n,;n € Z} be a I-approximating functional with constants {a(k);k > 0} of
absolutely reqular process with mizing coefficients {f(k); k > 0}. Let £(-) and h(-,-) be I1-continuous
functions with the same function ¢(€). Suppose that

0, — 0, = —me +0p( %>.

=1

and that for some constants r € (2,3) and 6 € (0,1 — (r/3))
Eni =0, Blp|™ < oo

Then
T P | X M| B ol
——— INaX 771,77 , .
210g10gn1§k<n k’) i=1 j=k+1 !
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Linear Regression with Deterministic Regressors and Unit Root in
the Variance

Alexandre Petkovic*

October 2010

Abstract

The first part of this paper derives the asymptotic distribution of the ordinary least squares estimator
in a linear regression model with deterministic regressors when the variance of the innovations is a func-
tion of an integrated time series. In the second part of this paper we study the impact of heteroscedasticity
on the standard t-test for the slope coefficient in a linear trend model.

Keywords: nonlinear, integrated time series, deterministic regressors, regression with heteroskedastic
errors

1 Introduction

The tools for the study of a linear system of an integrated time series were introduced by Phillips (1986,1987)
and Phillips and Durlauf (1986). Their results relied on weak convergence in functional spaces, the con-
tinuous mapping theorem and on weak convergence of stochastic integrals to martingales. It is with the
papers of Phillips and Park (1999, 2001) that the study of the asymptotic behavior of nonlinear functions of
an integrated time series started. Phillips and Park (1999, 2001) derived the asymptotic distribution of the
average of a nonlinear function of integrated time series. These results where further extended by Chang
and Park (2003), Jong and Wang (2005) and Shi and Phillips (2010).

The results obtained by Park and Phillips (1999, 2001) have been applied to various nonlinear econo-
metric models. For example, Park and Phillips (2001) and Shi and Phillips (2010) used them to derive the
distribution of the least squares estimator in a nonlinear regression model. Chang and all (2001) considered
nonlinear regressions with separably additive regression functions. Park (2002) studied the possibility of
modeling assets variance using a nonlinear function of an integrated time series. Studying the USD/DM
exchange rate he found out that the conditional variance of the spread can be accurately modeled using the
spot rate. Chung and Park (2003) considered nonstationary index models. Hu and Phillips (2004) worked
on discrete choice models. Chang and Park (2005) studied the distribution of the ordinary least squares es-
timator of a linear regression model with integrated or stationary regressors when the error term volatility is
a nonlinear function of an integrated time series. They showed that, when the volatility of the error term is a
function of an integrated time series, the asymptotic distribution of the ordinary least squares is nonstandard
and involves an integral with respect to the local time of a Brownian motion at the origin.

The objective of this paper is twofold. Firstly, we extend some results of Phillips and Park (1999,2001)
by deriving the asymptotic distribution of a temporally weighted average of a function of an integrated time
series. Secondly, we use our results to study the distribution of the ordinary least squares estimator of linear
regression model when the regressors are time-deterministic and the variance of the error term is a function

*Waseda University, Center for English Language Education in Science and Engineering, email: apetkovi @aoni.waseda.jp



of an integrated time series. Using these results we also study the asymptotic distribution of the standard
t-stat. In this sense our results can be seen as an extension of those derived by Chung and Park (2007). As
explained bellow potential applications of our results can be found in macroeconometrics and finance.

The paper is organized as follows: Section 2 presents the model and the assumptions, Section 3 studies
the asymptotic distribution of the ordinary least squares estimator, in Section 4 we consider an application
of our theory and study the impact of heteroscedasticity on the level of the standard t-test, in Section 5 we
propose some further applications of our theory, finally Section 5 concludes. All the proofs can be found in
the appendix. Throughout this paper we will use the following notations: — 4 and —, will mean convergence
in distribution and in probability, respectively. N* and N will denote the integer and the non-negative integer,
respectively.

2 The model and Assumptions

Consider the regression model given by

yn,t :a+gl,n(t)61+"'+gk2,n(t)/8k:+6n,t7 t= 17"'7” (1)

where y,,; is the depend variable and the g; ,,(t)’s are deterministic regressors. The error term, €, ¢, is
modeled as

Ent = U(Zt)un,ta

where u,, ; is a martingale difference sequence with mean zero and unit variance with respect to a filtration
Fut> 2t 1s an integrated time series and o a function whose properties will be specified bellow. We assume
that z; is measurable with respect to F,, ;1 implying that (e, ¢, Fp ) is a martingale difference sequence
satisfying

E(& | Fni-1) = 0°(21).

Let [s] be the larger integer smaller than s. Through this paper we will assume that each deterministic
regressor g; »(t) satisfies the following assumption.

Assumption 1. Let g; »,(t), t = 1,...,n, be a sequence of finite valued deterministic regressors. Then there
exists a positive function c;(n), whose limit as n — oo exists in R, such that

gin([rn])

cz(n) — §z(r)\ — 0,

SUpPrelo,1] ’

where §;(r) is piecewise continuous on [0, 1] and satisfies fol |Gi(7)|dr # 0.
We assume that the process z; is of the form
2t = zg—1 + Wy, 2

where w; follows the linear process

“+o0o
w =P(L)ey = Y perp,
k=0

where e; is an iid sequence of random variables with mean zero. In this paper we set zg = 0.
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X = (X07X17X27 o 7Xk‘) ~ Mu“’inomia‘l(Nl;pO?pl?an o 7pk‘)a

. . Po 1 Pm
Y = (Yo, Y1, -+, Yy,) ~ Multinomial (No; , o ).
" T—oPi 2j=0Pj TP
000000000000 0000Asano(1965) O p; O MLE p; O
nr iti<m, - ifi>m
N1(1+$) N
>it0
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0 1. (Poisson) Xi,---,Xj, Yi,---,Y,, 0 000000000, X; ~ Poisson(\;),
i=1,---k, Y;NPoisson((Zf‘;lAl)(Ai/Zg’Ll)\j),i:1,---,m,DDDDDDDDD
T, =% a;, T,=Y7,y»,00000X 0MLE A O

Tx-QFTy xi‘f’?/j@'ﬂ if i <m, T, + 1T, nzcz

Tx(l + ﬁ) 2 j=1%;j

if 7 >m.
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oo T, +1T, x; + ;i L<iem
T, N [Sts
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Yarnold (1972) derived an evaluation of discrete term J; of asymptotic expansion
for lower probability of the distribution of Pearson’s X? goodness-of-fit statistic for
multinomial distribution under null hypothesis. Assylbekov, Ulyanov and Zubov
(2008) improved the evaluation given by Yarnold. Discussion of the results are
summarized as follows.

Let Y = (Y1,Y5,Y5) ~ Ms(n, ), where w = (my,m,m3)’, m; > 0, Z?zl M
1. Consider simple null hypothesis Hy : ® = p, where p = (p1,p2,p3), p; >
0, Z?Zl p; = 1, and p;, j = 1,2,3 are fixed. We also consider power-divergence

family of statistics.

-l

J

, a € R,

Ty and T are defined as limit.
From here, we state about an approximation of Pr(7,(Y") < ¢) under Hy. Since
Y1 + Y2 + Y3 = n, we consider random variables X = (X7, X3)’, where

X; = (Y; —np))/vn, j=1,2.

The components of X are concentrated on the lattice

L= {m = ($1,ZE2)/ L= (m - nﬁ)/\/ﬁ?ﬁ - (p17p2>/7m = (n17n2>/}7

where n; are non-negative integers.
Let

B ={(z,y) : Tu(z,y) < c}

and

T,(z,y) = a(cil)(npﬁ\/ﬁx)KH \/T_“;m):— 1]
—I—2(np2+\/ﬁy)[<1+ 4 ) —1]

c2z(a—|— 1) Vnps
T+y
bty = vt + )| (1= ZEE) ]

Since the set B® is an extended convex set, then we can evaluate Pr(7,(Y) < ¢) as
follows:
Pr(T,(Y)<c)=Pr(X € BY)=Ji+J,+O0(n").



Siotani and Fujikoshi (1984) and Read (1984) showed that
Ji=Ji(B") = Pr(x; <)+ 0(n7"), (1)

and .
(N* —nV%)e 2

27Tm/H?:1 Dj

for arbitrary a € R, where N® is a number of points from the lattice L lying in B*

Jp = Jo(B%) = +o(1), 2)

and V* is an area of B®. Equation (1) means that
Pr(T, < ¢) = Pr(x5 < ¢) + Jo(B*) + O(n™ ).

So, the initial problem to find rate of convergence for approximation of Pr(7, < c)
is reduce to the problem of finding order of Jy(B%). Since the set B* is an extended
convex set, we can also apply Yarnold’s result for Jo(B®) (Yarnold (1972), p.1557)
and obtain
Jo(B*) = O(n" 7).
Paper of Assylbekov, Ulyanov and Zubov (2008) showed a better estimate as follows:
Jo(B*) = O(n~ 1% (logn) 1),  (a € R).

The proof is devided into two parts.
1. Order of approximation of Jo(B%) by first summand in (2).
2. Using the results of Huxley (1993),(2003), they obtain the order of Jo(B%).
For the 1st part, we obtain the following.
Statement 1. We can write Jo(B®) in the form
d

Jo(B) = —(N* = nV) + O(n™1), (3)

where d is a positive constant.

In this announcement, we derived the proof of Statement 1 and considered wether
the methodology using for evaluating (3) can be applied for evaluating for asymptotic
expansion for goodness-of-fit test statistics under local alternative or for test statistics
of another model.
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Higher order approximations by a two-stage procedure

for a negative exponential distribution
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A generalized Bernstein polynomial approach to density estimation
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On comparisons of univariate normal mean and elements of multivariate

normal mean
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Sample Size Determination for High-Dimension,
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