ON THE ESTIMATION OF REGRESSION COEFFICIENTS IN
THE CASE OF AN AUTOCORRELATED DISTURBANCE!

By ULr GRENANDER
University of California, Berkeley and University of Stockholm

1. Introduction. The following stochastic model has been used in various
applications. A time series x, is the sum of a mean value m, and a disturbance
y» . The disturbance is supposed to consist of independent and identically dis-
tributed stochastic variables with mean zero. The mean value of z, is a linear
combination

8
my = Z c(n)¢$n)
nm=l
of certain known sequences {ps™},n = 1, 2, - - - s, the regression variables, but
with unknown regression coefficients ¢™. For an observed sample 2o , 21, - * * &,
the problem of estimating the ¢’s is usually solved by applying the method of
least squares (L.S.). As is well known this procedure is optimal in the sense that
the estimates obtained are best linear unbiased (B.L.U.) estimates.

The problem studied in this paper arises when the disturbance is still stationary
but allowed to be autocorrelated. If the correlation matrix of ¥, is known, the
B.L.U. estimates can be constructed although their form is not so simple as in
the first case. It is no longer generally true that they coincide with the L.S.
estimates. In the applications the correlation matrix of the disturbance is seldom
known, As this is not needed for the construction of the L.S. estimates which
are optimal in the case of a nonautocorrelated disturbance, it seems natural to
ask if they have some optimum property for large samples.

Looking at the problem from another point of view, we ask if it can happen
that the knowledge of the correlation matrix does not contain any information
relative to our problem of inference for large samples.

The main result is given in Theorems 3 and 5 and their corollaries. They express
the asymptotic efficiency of the L.S. estimates in terms of the spectrum of the
process and the spectrum of the regression sequence to be defined below. As a
consequence of these results, we show that in the case of trigonometric or poly-
nomial regression the L.S. estimates are asymptotically efficient.

The problem of estimating a constant mean value of a stationary process,
studied in [2] and [3], can be considered as a special case of our present problem.
Several authors have studied related questions. We refer especially to [5].

2. The disturbance. The process z, is observed at the points v = 0,1, -+, N.
It is convenient to allow the process to take complex values.
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We shall suppose that the disturbance 3, has mean zero and finite moments
of the second order. Introduce the covariance matrix
(POO; por, -°°° PON}

My =< pw, pu, *** purx f} oo = EGyu ,
Lpzvo, PN1, °*° PNN

where, as usual, §, is the complex conjugate of ¥, . Supposing the disturbance to
be stationary (in the wide sense) we can write

P = pra = EGyya .

As is well known there exists a bounded, nondecreasing function F(\) defined
in the interval (—, ) such that

o= T e ARV,

—"

Further the process itself has a similar representation
Y = [ ein dZ(X),

where Z()\) is an orthogonal process and
E|ZMN) — Z0\) PP = | FQ) — F(\) |.

We shall consider the class of processes which have an absolutely continuous
spectrum with a continuous and positive spectral density. Then

F) — Fla) = f "H0) d

where f(\) is the spectral density. This class of processes shall be denoted by ¥,

3. The regression variables. In order not to overshadow the idea of the proof,
we shall at first consider the case of only one regression variable ¢, . We shall
deal only with the case when there exists a consistent estimate of ¢. We shall
later see that this implies that

Z:;OI(DV l2 = oo,

As we shall see in Section 5, the asymptotic efficiency of the L.S. estimates is
determined by certain properties of the sequence ¢y, ¢1, ¢2, +++ . In order to
specify these properties, the most straightforward thing to do would be to as-
sume that the sequence has a Fourier-Stieltjes representation. But then we could
not deal with even such a simple case as ¢, = A + By, B # 0. Instead we shall
use a method which is an extension of generalized harmonic analysis.
~ Introduce the notation ®(N) = > 0 | @ |. This is an unbounded nondecreas-
ing sequence for N = 0, 1, --- .
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DermviTioN 1. If for every n = 0 the limits

R = v Prin

N—+o0 q’(N) g) ¢ ¢ +
exist, we shall call the sequence {p,} regular and write {¢,} € R.

DeriniTiON 2. Let {o,} ¢ R. If for every b = 0 the sequences {¢,44} all gen-
erate the same set of

R, —Nh_’lg 3 (N) Z Coth Prthiny

we shall say that {¢,} is a stationary sequence.
DermvrTion 3. If the sequence ®(N) satisfies

&N + k)
e Yo

for every integer h we shall say that ®(N) is slowly increasing.

TaEoREM 1. In order that a regular sequence be stationary it is necessary and
sufficient that ®(N) be slowly increasing.

Proor: Suppose that {ga,,} is stationary. Then

=1

N
R NI{‘IE Q(N) = Pr ¢'+ﬂ )‘}gn Q(N') Z Pr+h ¢V+"+h
Since B(N) — « as N — «, we get
> >
» Prin hm v Prin e
N-m<I>(N) @r Py wa(N) @y Pyt
Thus
_ o BNV 4+ h)
B. = lm=smy -

As Ry = 1 the sequence ®(N) must be slowly increasing. By reversing the order
of the proof the sufficiency of the condition follows.
THEEOREM 2. A stationary sequence has a spectrum in the sense that for every n

_ i in)
) R = lim b3 via = [ o™ a0,

where o(\) is a distribution function defined in (—, ).

Proor. For n < 0 some of the first terms in the sum appearing in (1) are not
defined. Since ®(N) tends to infintty with N, we can assign arbitrary values to
them as the limits do not depend upon them. Defining ¢, = 0 for » < 0, we see
that forn < 0

N N

1
=1l vy Pr—n = v Pr—n
B = s & 00 = 0 s <I>(N) . ®

e N -m) 1 &
= =™ <1>(N—n)Z
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Thus, since ®(N) is slowly increasing, we see that B_, = R, , that is, the matrix
Ry = {Rym;n,m=0,1, --- q} is Hermitian.
A similar reasoning proves the second equality in

N 2

k4
e 1
4 - Z., = li —
X'R,X = ,.,Zx Bt = lit o 2

As all the matrices R, are then nonnegative, the existence of a bounded non-

q

v T ¢v+n g 0

n=

decreasing function ¢(A\) satisfying (1) follows. Because 1 = R, = f de(\) we

see that ¢()) is a distribution function in (—, 7).

The set of points of increase of ¢(\) is called the spectrum of the sequence
{¢,} and is denoted S(p). Although a stationary sequence determines the spectral
distribution function ¢(7), it is evident that the sequence is far from determined
by ¢(). This is equivalent to the fact that the covariance matrix of a stochastic
process does not determine the realization of it. Hence to a given spectrum cor-
responds a multitude of possible sequences.

In Sections 8 and 9 we shall study the spectra of sequences that appear in
certain cases as regression variables.

4, The L.S. estimate. The L.S. estimate coincides with the B.L.U. estimate
calculated under the hypothesis that the disturbance is uncorrelated. It is

N N 9
C:S=Z;)xv¢v ZO|¢'|:
and its variance, still calculated under the same hypothesis, is

1 1
Dz[Cis] =N = .
(2) Z [ @» |2 Q(N)

In the following sections we shall study the asymptotic behavior of the L.S.
estimate. As we deal with a linear problem of inference it is natural to define the
efficiency of a linear estimate o* as

ex(a*) = D (atpt)/ D(a®),

where oy, denotes the B.L.U. estimate. The asymptotic efficiency e(a*) is taken
as the limit of ey(a*) if this limit exists.

Because of the linear nature of the problem, it is also natural to call a linear
estimate consistent if and only if it converges in the mean to the true value.

It is clear that in the case of a normal process these linear definitions coincide
with the usual ones. We shall, however, not make any assumptions regarding the
distribution of the process beyond properties of the first and second moments.

Consider two spectral intensities f(A\) and g(\) corresponding to two processes
in the class Y. Introduce

max fQA) = f  max g(\) = ¢,
min fA) = fi min gA\) = ¢1.
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For a certain linear combination ¢* = ¢, , we have, using the spectral
representation of the process,

*r N
c* = f 2 ce™ dZO).

—% v=a0

Hence, if f,(A) is the true spectral density,
4 N
D¥c*] = f 2 c e

»=0
Calculating the variance under the two hypotheses fz(A) = f(A) and .(A) = g(A)
we have

J=(\) d\.

< o0,

@ o< <Dl [1Z ee™ P00 i .
g2~ Djlc*] f IS ee™ 13900 dA

Q|

Suppose that ®(N) — «, Taking g(\) = #/2 and f(0\) as the true spectral
density, we get from (3)

Dfcis] £ 2xf2/B(N) — 0,

80 that there exists a consistent estimate of c.
On the other hand, suppose that ¢* is a consistent estimate of ¢. Then there
exists a consistent unbiased estimate, say cy . But it follows from (3) that

1 1
55 = Dcks] < DIk} = 5t Djlcg] — 0.

Thus, the existence of a consistent estimate is equivalent to ®(N) — .

6. The asymptotic efficiency of the L.S. estimate.

THEOREM 3. Suppose that

(a) the regression sequence ¢, is stationary and denote its spectral distribution
Sunction by ¢(M).

(b) the disturbance y, £ Y and denote its spectral density by f(\).

Then the asymptotic efficiency of the L.S. estimate is given by the expression

1
Tde(\) [T )
_[r ) Lf(?\) de(\)

Proor. We shall carry out the proof in two stages, first proving (4) for any
disturbance of the autoregressive type, and then extending it to any process in

the class Y.
Suppose that the disturbance is generated by the autoregressive scheme

e’(cts) =

4

& Yvip + a1 Yy tp--1 + - CpYy = €&
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with Be, = 0 and Eeé, = 8, : As usual we shall suppose that the roots of the
characteristic equation

a2+ s Fa,=0
are all of modulus less than one. We then know that Ey.e, = 0 for u < » + p.

The spectral density of the y-process is
2

D
[i28
Z *r €
r=0

There is no linear relation between the y’s. We can then use the Gram-Schmidt
procedure to orthonormalize the sequence ¥, Y1, Y2 * * * Yp—1 and get

(5) fO) = 1/2¢

Coolfo L= m

culs -+ Cu¥o =m

Cp—1 p—1Yp—1 T Cp1p2Yp2 -+ <+ ~+ Cpa0lfo = Np
where
Enmy = 8u; v,u=20,1,---p— 1
As ¢ is orthogonal to 79, 71, * -+ 7p—1 for v = 0 we see that putting 7, = &, for
v 2 p, the sequence (0, 71, 72, -+ ad inf,) is orthonormal. Every y,, v 2 0,

is a linear combination of %, , 55—y, -+ 0.
We have the relation

.’1:,.=C§0y+yr, V‘Z—O’
and, having observed a sample 2y, 21, « -+ zx , Wwe want to consider an estimate
c¢* of ¢

N N N
C* = Z G2y = C Z Cy 0y + Z CyYy.
y=0 y=0 y=0
Let us call L the linear transformation that carried (yo 1, --- , yx) Over in
(70, m, -, 7x). The corresponding matrix has then the rows (¢, 0,0, -+, 0);
(0107011: e 70); Tty (CD—IO’ Cp11y ¢ Cp1p-1,0, <o+, 0); (apy Ap-1,y **°

-, 0,0, --,0) and so on. Introduce
L($0,$1, "',xN) = (EO:EI’ "'yEN);
L(¢0,¢17 "'yfoN) = (BO’BI’ ”'yﬁN)-

As L is nonsingular, every linear estimate can be written as

N N N
c* = Z')’vfw = CZO'YP.BI + Z()'Yv’?v-
o=l p==

y==0
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But now the 5’s are uncorrelated and all have unit variance. Because of (2) we
then see that the variance of the B.L.U. estimate is

© Dkl =1/ 3 |8, 1

To get an asymptotic expression for the minimum variance values for large
values of N we note that the p first terms in the sum in the denominator of (6)
contribute only a finite amount. Hence we need not take them into account as
the sum diverges because of what has been said in Section 4. We have

q’(N) g;;, l BP i atau @(N) =~ ﬁav—tﬁap—u.

Hence

hm ‘I’ I(N)D—o CBLU] i oy Bty Rz—u

N~ t,u=0

Using the spectral representation of the R’s we get

lim & 1(Z\I)D'--z[cmltl] f
—x | t=0

N—w

Combined with (5), this gives

2r * 27 1
o Dlcpro] ~ q)—(]—*v) ™ M .
L fON)

Let us now derive an asymptotic expression for the variance of the L.S. esti-
mate. We have

and hence

Thus
N—n
P @(N) & @y Prin + ”=E_ @(N) n;_ By Orin.

As p,, is dominated by some Ke'™ with0 < @ < 1, and as

1
= 1/¢(N) ; o @(N) ;“" =

®(N)
we can perform the limit operation in each term of (8). We then get

lim 8VIDYc%s = 3 paBw = 3 oo f_ ™ do().

Nesoo n=—o00 n=—o0

(8) @(N)D’lcLs] =

N—n
@v Prin
=0
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As we have
1 - ;
O = 5 2 oo™,
T —oo

where the sum is uniformly convergent, we get

® Detal ~ s [ 100 dth).
Combining (7) and (9) we have
e*(cts) 1
L8} = I dgp()\) x
[50% [ 109 aet

which proves the theorem for any autoregressive scheme.

To extend this relation to an arbitrary process in the class ¥ we shall use a
method due to G. Szegd, who suggested it in a discussion with the author, to
prove the asymptotic efficiency of the equidistributed estimate of the mean of
a process in the class Y. In statistical terminology, it consists in approximating
the process by an appropriate autoregressive scheme.

As f(\) has been supposed to be positive and continuous, it is seen (using a
well known argument) that it is possible for any § > 0 to find a trigonometric
polynomial P = >F a6, where p is a sufficiently large number, such that

) = 1/|s0)|* and 1/]s()|* —f) <8

As we are interested only in the modulus of s(A), we can if necessary change the
o’s leaving | s(\) | unchanged in such a way that all the roots of the character-
istic equation are less than one in absolute value.

In this way we can find two spectral densities of the type (5) such that

(10) H) = 70 = £ 0,
3Y L) — 0 =

For any linear estimate ¢* it follows from (10) that its variances calculated
under the three different hypotheses satisfy

D} le*] < Dife*] £ Djle*.
This gives us
2 L o

LU . or % : 2r %
™ dgo()\) éle{% ‘I:’(N)Df[CBLU] = 2}1—{1610 ‘I’(N)Df[CBLU] = == dgo()\) .
T f‘l()\) — fﬂ()\)
Using (11) we see that
27
. or _
z&l—{g li’(N)D,'[CBLU] = .7 d¢()\) .
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Similarly (9) is extended to hold for all processes in the class Y. This com-
pletes the proof of Theorem 3.

CoroLLARY. In order that the L.S. estimate shall be asymptotically efficient
whatever be the spectral intensity, it is necessary and sufficient that the spectrum
S(e) consist of only one point.

In other words, the knowledge of the true covariance matrix gives us no
additional information of relevance to our problem if and only if S(¢) consists
of only one point.

Proor. Supposing the asymptotic efficiency of the I.S. estimate to be e, we
get from (4) using Schwarz’ inequality

1 f-;r d‘PO\) ./wr l:fr }2
o = N\ de(N) = de(N) | = 1.
2= L. 7 -,f() o(\) = . e(\)
The equality sign holds if and only if f(A) = const. for all A ¢ S(¢). This identity
is true for every spectral intensity in Y if and only if S(¢) reduces to a single
point. This condition looks at first very restrictive but, as we shall see later,
it is satisfied in the most important cases of analytical regression.

6. Possible extensions. The extension of Theorem 3 to several regression
variables is studied in the next section, so will not be discussed here.

We have demanded that the disturbance process have an absolutely continu-
ous spectrum with a positive continuous spectral density. This is likely to be a
much more stringent condition than what is needed for the theorem to be true.
Consider the case ¢, = 1. Then ®(N) = N + 1 and R, = 1, so that S(g) con-
sists only of the point A = 0. The theorem states in this case that the equidis-
tributed estimate & = 2 s 2,/(N + 1) of the mean value of a process be-
longing to the class Y is asymptotically efficient.

This result was first proved in [2] in the case of a continuous time parameter.
The same proof can be used also in the considerably simpler case of a discrete
parameter. The conditions imposed upon the process were weaker than those
defining the class Y, and in [3] the result was extended to spectra containing
also discrete and singular parts. This makes it at least plausible that Theorem
3 and its corollary hold for a class of disturbances considerably larger than Y.
However, the method of proof used in this paper does not seem to lend itself
easily to such an extension.

7. The case with several regression variables, In the treatment of this case
we shall deal only with questions which did not appear when we had just one
regression variable. The remaining part of the proof consists of a straightforward
generalization of the procedure in Section 5.

In order to describe the spectral properties of an s-dimensional sequence

e, 0P, o ') we consider the expressions

It

N
@“)(N) = E | ¢$i) |2) T 17 2) S
y=0
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which are supposed to be unbounded and slowly increasing as N — «. We
suppose that the following limits exist

1 Y
. [ ol —— () _ (k)
0 ) = I T g &5 O nEo

Using the same argument as in Section 3 one can show that these limits are
invariant against translations and that they have the properties of correlation
matrices between s stationary and stationarily correlated stochastic processes.

From Cramér’s extension (cf. [1]) of Xhintchine’s theorem on the representa-
tion of a correlation function we see that there exist s* complex-valued functions
of bounded variation Fi(\), 5, k = 1,2, --- s, defined in the interval (—m, =)
such that

R;.(n) =f_ e™ dF;(N). )

For the increments of F;;(\) over an arbitrary interval in (—m, =), the matrix
{AF3(\); 5,k = 1,2, -+, s} is Hermitian and nonnegative. From this it follows
that the F;; are distribution functions.

Of course we want to exclude the case when the regression variables are
linearly dependent. We do this by assuming that the matrix {Ex(0);

gk = 1,2, --- s} is nonsingular.
The introduction of the spectral measure is not quite as straightforward as
for s = 1. Consider a rectangle r with sides (a1, b1), (az, bs), -+ ., (@, bs), in

the s-cube with sides (—, 7). Denoting the difference operators corresponding
to these intervals by A, As, -+ -, A, , we form the nonnegative matrices

N1 = {AFp}, N:= {AFg}, N, = {AFa}.

Let P be a permutation (1, 2, <+ s) = (i1, %2; *+* %). To P we associate the
determinant !
(13) DP=IA‘ijF.ik;j;k:l,Z,"'Si.

We define the spectral measure of r as
1

(19 o) = = 2 Ds
st “F

where the summation is extended over all the permutations. We have to show
that ¢ is nonnegative. As the value of ¢ for the whole cube is finite we can extend
¢ to a bounded measure in this cube.

As is well known there are Hermitian matrices f1, fo, +- fo so that N, = fz,
vy =1,2 ---,s, that is

8
Ay = 2RI,
2
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Then

8
_ (i) pid) (i1) p(ia) (i) | pi)
DP = Z l ]n’, ’ l = E f”fw : 3”":3lf1] l
Ny, gl 714N, " Byl
After permutation of the rows of the determinants

D= B U
Byds, gl
where (—1)7 is +1 or —1 according to whether P is an even or odd permuta-
tion. The permutation (1,2, ---,8) — (ki , k2, - - -, k) is the inverse of P and
has the same order. But from the Hermitian property of F”,
D= 2SS
P [T PTRERN .=,1
The measure ¢ obtained in this way will be called the spectral measure of the
regression variables. The set of points in s-space such that every cube containing
one of them in its interior has positive spectral measure is called the spectrum
of the regression variables and denoted by S(¢). From | R;(0) | # 0 it follows
that S(g¢) is not empty. It is clearly symmetrlc with respect to permutations of
the coordinate axes.
THEOREM 4. The joint asymptotic efficiency of the L.S. estimates ts given by

(15) &’ = {f dso—r

ff(ul) f(us) de fm de

where the integrations are carried out over S(p).
Proor. It is sufficient to deal with the case when y, is an autoregressive proc-
ess, as then we can apply the same approximation procedure as in Section 5.
Consider a matrix of the form

={[ kN dF(N); G,k =1,2,--- ,s}

where k()\) is a continuous function. Then one can show easily that
1M1= [ k) e bw) dCas, +++ 0.
8(4)

Denote by A4, B, C, respectively, the matrices obtained in this way by putting
EQN) = 1, fQ\), 1/f(\). It is easily seen that A = {R;(0)} and that B and C
are nonsingular.

Proceeding in the same way as before we derive the relation

: 1 ® ] [' <
v @ y | & Fj .
lim s mam ) " [‘:‘; s go | =2 | O P
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From this,
lim #1——
¥ VBT (N)S®(N)
where {m ;5,k=1,2,--- s} = 47B*4. To find the asymptotic covariances
we use the same linear transformation as before and obtain

~,—~_1—~‘~_~_ cov [c}prw; chpro]l = N
BD(N)eB) ’

% *
cov [¢5.18 Chasl = My,

lim
where {nu ;j, k= 1,2, -+ s} = C.,
We define the (joint, linear) efficiency e of s estimates with moment matrix
a a8

e= limey, ey =1{8|/al
N—w *

where 3 is the moment matrix corresponding to the B.L.U. estimates.
Combining the obtained relations we get

e AP _ /] .
{Bl[C] ff(ul)"'f(u‘)d¢fmd¢

CoroLLARY. In order that the L.S. estimates shall be (jointly) asymptotically
efficient for every disturbance of the class Y it is necessary and sufficient that the
spectrum S(p) of the regression variables contain only one point and the symmetric
tmages of .

Proor. From Schwarz’ inequality it follows immediately that

[[ae] s [ 1) sy do [ e a
with equality if and only if f(u)f(uz) <+ - f(us) = const. for almost all

(ulyu27 e ua) 88(9")‘

If the spectrum contains at least two points which are not symmetric, the
asymptotic efficiency cannot be one for all residuals of type Y. The sufficiency
of the condition is obvious.

8. The case of analytical regression. When the regression sequences are given
a priori in the form of analytic expressions in », we shall speak of analytical
regression as opposed to the case when {oi"}, {¢$?}, - - - are obtained as measure-
ments of certain variables which are of a nondeterministie structure.

Let us suppose that we have a pair of regression variables of the type

o = ¥ f N AFQ) W, = f ¢ GO
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where p and ¢ are nonnegative integers. Both F and G are of bounded variation
but not necessarily real-valued. To bar cases where no consistent estimate of
the regression coefficients exists, we shall suppose that both F and @ have at
least one discontinuity. This condition is satisfied in the applications we are
going to consider.

Separating the continuous and discontinuous parts of F and @ we have

FQ) = F.Q) + Fa)) GO = G.\) + Ga(N).

Let us put
cy = ‘[ e dF(\); d, = f e dFa(\);
n= [ a6 = [ M aao.
We have
N
(16a) hm——Zlc,lz—hm Z]y,]2=0
N=+a0 2N -—N
and
- 2
_mzNEld P Sl > 0
(16b)

.1 2 _ 2
The frequencies where either F(A) or G(A\) has a saltus are denoted \,, with

AF(\,;) = m,, and AG(\,) = pn .
Consider the quantities

rN(s) Nz,._',l Z (44 \P"‘}"S
(17)
ra(s) = Nz" +1 Z dy 8y " (v + 8)°

where r = (p + ¢q)/2. We have for large values of N

Lra(®) = 146 1 S 23 [etore |+ 23 [ rbse | + 23 [y |
NS 7'1v: = Nﬂ_o v Vots & » Opts it v Vvis
SIVAS TS TR REYVES IS P,
- Ny=0 i’ Nv=-0 v+ Nv=0 Nv=-0
YV PRSI
Ng'!'™"I N&g el

Using (16) we see that limy—w | 7x(s) — ry(s) | = 0. But it is easy to calculate
the limit of ry(s). If the number of discontinuities is finite we get immediately
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. 7
31_{?0 ru(s) = N2r+1

Z E v m. ew "(y + s)q - —t(y+s))\,
(18) -

N2r+1 Z Mu e,
If the number of discontinuities is infinite, a slight modification of the previous
inequality shows that (18) holds in this case, too.

It is now easy to deal with the case when the regression variables are of the
form

19) o =»* [ e dFo(\) + »* f e ARy () + -- + [ e dF,(\).
For » > 0 we can write this as

Oy = vp I:‘[ Mo dFo()\) + a(l) + + a(’”:l.

Since

21|a§‘)|2<oo, 1=1,2,++p,
it follows that a'” have Fourier-Stieltjes representations with absolutely con-
tinuous weighting functions. Hence

oy = up/ M dF (),

where F()\) has the same discontinuous part as Fy(A). We shall call the frequencies
corresponding to these discontinuities’the stressed frequencies of the sequence {,}.

TureoreM 5. A pair of regression variables (o, ¥) where each one is of the type
(19) is stationary with the spectral distribution functions

Fu(}\)—z‘ 2 Z lmul

~Au =\

_Ve@r+1H2¢+1) 1
Fra(\) o + 1 \/Z [ |2 Z | lg ~)§;)‘

My Ju

_VE@r+1H2+1) 1 _
F ()\) 21‘+1 ’\/Zlmulzzl”uiz—)é_)‘mu”u

F22(>\)_Z| ;2 | |®

—~A =N
Proor. Putting ¥ = g and s = 0 in (17) we get from (18)

lim ‘I>(N) 1 2
N2p+12| N2p+1 = m;lm"l
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Hence
2p+1
B(V) ~ 2N+121mul
(20)
‘I'(N) 2 F1 E i Fn

These functions are slowly increasing and, as we have already seen, {¢,} and
{¥,} are regular. It follows that the pair (¢, ¥) of regression variables is sta-

tionary.
We get from (17) and (18) that

Rll(n) Z | 2 Z ’ mu —m)\,,

V@ + D@ +1) 1
B TR VS s T

Ve + 12 +1) 1 o,
R?l(”) = o + 1 _\/iju |22]uu 12;"7:14#146

1 .
R22(n) = m ; , ™ 2 e—m)\u.

These relations determine the functions F;;(A). We note that
| Ri(0);45, % = 1,2| = 1 — | Ru(0) |*

p+Deg+1) |

B VD SN S

It is easily seen that this is positive, as is required if one wants to apply Theorem

4, if and only if at least one of the two following conditions is satisfied:

ipq

ii. There is no linear relation Am, -+ Bu, = 0 for all u. We note that if there
is one such linear relation this implies that the stressed frequencies of {¢,} and
{¥,} coincide.

Let us study the case of s regression variables of the type described above.
If Ay, Ne, - -+ is the set of all the stressed frequencies we will denote the saltus
at \, corresponding to the sth variable by x{”. The value of p for the ith variable
will be denoted by p;. Then it is easily seen that the matrix A = {R;(0)} is
given by A = DAD where

0 (v)ﬁ(v)
B i

=ipi e+ 17 %
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and D is the diagonal matrix

»r

p=| [SrED; ;1o
Z l “‘ng) 12
y=1

so that A and A are singular or nonsingular at the same time. To get a criterion
for the nonsingularity of A we consider the quadratic form

y "t 8,

o0 1 8 2
2z = 3 || w0t | d
y=1 v0 j=1
where z is a column vector with components 2, , 2, , - - - 2, . If A is singular there

exists a nonzero vector z for which the above quadratic form vanishes. But
from this follows

2wz =0

=
for all » and . We will assume that we have labeled our regression variables
in such a way that

(2 i=1, e
pi = {m; J=a+1 o
e, J=aa+1, - a.
Then we get
S W S*
2 ou 2 =01, 2 uz =0
j=1 J=e;_3+1

for all », and as z ## 0 at least one of these relations is nontrivial. The converse
of this is shown in the same way. Hence a necessary and sufficient condition for
A to be nonsingular is that in none of the ¢ classes there exists a nontrivial linear
relation between the saltuses corresponding to regression variables in such a
class. For s = 2 this reduces to conditions 1 and 2 above.

Assuming that A is nonsingular, we will study the spectrum S(p). It is clear
that it is discrete. Consider a point [ = (I, Iy, -+ L). If ¢(I) > 0 it is neces-
sary that Iy, I, -+ [, coincide with some of the stressed frequencies, but this is
not always sufficient. Say that I = (A, , A, , - - \,,) where the »’s are not neces-
sarily distinet. Then

1 1
(1) =/0 fo | D) |® day day -+ - dz,

where D(z) = | u¥P2di;5,k = 1,2, --- s].
To show this, consider a permutation P:(1, 2, +++ 8) — (%1, %2, * -+ 45) and
put¢; = P;. Thenforj, k =1,2, --- s,

{VPi) —(vp.) 1 1
g O *d f v f Ap(w) dxy dxy -+ - dz,
0 (1]

o1
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where
() 2 (rp ), Di+
Ap() = | W§P RSP PaBi o |

But
3
bp(z) = Hlni"»’x;’:(—l)"lﬁz‘c”"’x?"l
1

and hence >.» Ap(z) = | D(x) | 2
We are especially interested in the case when S(p) reduces to a single point
(and its symmetric images). Let us treat two important cases.
First assume that all p; are different. If ¢(I) = 0 we see that D(z) = 0, im-
plying that
I N 2 I

(31 12 s

for all permutations (1, 2, - -+ 8) — (%1, %2, - 7). If one regression variable
has two stressed frequencies, say ¢ has X" and \”, we choose

ll=(>\lrl2’l37”'ls) l”=()\”,l2;l3;"'l8)

where [, is a stressed frequency of o and so on. Taking (&1, 42, -+ 1) =
(1,2, - -+ s) we see that ¢(I’) > 0 and ¢(I”) > 0. But I’ cannot be obtained by
permutations from I”. On the other hand, if each variable has only one stressed
frequency it follows that S(p) consists of only one point because if ¢(I) > 0
then there is at least one permutation (¢, %2, - - - %) so that

w0 £ 0, wl? #£0, .- ¥ 0.

But then I must be a permutation of (A1, Az, -+ - A,) where A, is the only stressed
frequency of ¢S and so on. This proves:

CoroLrary 1. If all p; are different, it is necessary and sufficient for the L.S.
estimates to be asymptotically efficient, whalever be the spectral density f(\), that
each regression variable have only one stressed frequency.

Assume now instead that all p; = p. Then

D@) = | ul;5,k = 1,2, -+« 5| (T2 -+ - 7:)"

If o(1) > 0 it is clear that the »’s must be different. If each regression variable
has only one stressed frequency S(p) must consist of one point only. We are
going to show that the converse of this is true.

Let I be the only point in S{¢) and suppose we have labeled our variables so
that I = (A\y, A2, - -+ As). Then the column vectors

1 1) (1)
vl=[ﬂ§-)“27“'”8]

2 (2) (2)
Uy = [,u1 gy M2 oy 0 Ms ]

.........

(s) (s) (s)
vy = [ui”, us”y 0 us' )
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are linearly independent and span R°®. If there is one more stressed frequency,
82y A1, then

(s+1) +1 +1,
Vsg1 ls ) ”és ), et ”-(98 )] #= 07

and there are constants 8; so that*
Vst1 = Bav1 + Bove + <o+ + Byvs.
As the point
19 = (A1, N, oo Niety Nigy * o Aay Asg)

is not an image of [ it should have spectral mass zero. Then the determinant
formed from the corresponding column vectors should vanish

- 8 *
|91, 92, oo0 , Wic1, Viga, o0y Vs, Vpg | = Zlﬁjlvl"’ » %
o
=ﬂi,”17”27 cct g Viety Uigg, o0 ,Ua,”il =0

so that B; = 0. As this would hold for all 7 we have obtained a contradiction.
CoroLLARY 2. If all p; = p then a necessary and sufficient condition for the L.S.
estimates to be asymptotically efficient, whatever be the spectral density f(\), s that
each regression variable should have one stressed frequency only.
CoROLLARY 3. In the case of parabolic regression, oi” = »* and

Ty = Z A T

the L.S. estimates are asymptotically efficient.

This follows immediately as | 4 | > 0 because the p’s corresponding to differ-
ent regression variables are different and each component has A = 0 as the only
stressed frequency.

CoROLLARY 4. In the case of trigonometric regression,

i o
o =™ and o, = cne™ + y,,
n

the L.S. estimates are asymptotically efficient if the N’s are different.

In this case p = 1 for each component but as the nth regression variable
has only one stressed frequency, A, , it follows that | A | > 0 and the corollary
holds. ‘

Other types of analytical regression could be studied in a similar way. In
order that the same method shall be applicable, the regression variables must
not be too small at infinity (in which case #(«) < o and no consistent estimate
exists) or too large (so that ®(NV) is not slowly increasing and the sequence is not
stationary). The first case does not seem to be of much interest but perhaps
this can not be said about the second one.

~Consider the case of exponential regression, that is ¢, = &, and let a > 1.
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Then forn = 0

N
R, = Ilvl_{r:oq)(N) §)¢,¢,+n = o" hm <I>(N) Z [¢, = g"
8o that ¢, is a regular sequence. As ,
®(N + n)
=qg">1
« [®(N)]

the sequence is not stationary and one verifies easily that it has no spectrum.
One could still in a natural way attribute certain stressed frequencies to func-
tions of this type of growth and in this case we would get A = 0 as the only
stressed frequency. We shall not pursue this question but only show that the
L.S. estimate of the corresponding regression coefficient is still not asymptoti-
cally efficient for all disturbances of the class Y.

As ¢, is increasing very fast, it seems probable that ¢y = xzy/oy = a "y
would be an asymptotically good estimate. Its variance is

D] = a™PDaa] = 0= _: 00 dn.

Crs = (g) a'x.) / <g0 az')

For the estimate

we have
1 T 1 . aN+lei(N+1))\ 2
Deis) = % '2f 7 FQ) ax
E 20 |” Jer 1 — ae
a
y==0
a2N+2 w —N—-l__ NN (2
= , A) dA.
N 2y 2 '[r 1 — qet f( )
a
p==0
Hence

2 % (1 — a2)2 T 1
Dcrsl ~ P _/_; 1= e sz()\) dn,

which gives us

i D] o [: FOO dn
im = Y
N D? [ sl (1—a fﬂ' FON)

|1 — ae?[?

If the disturbance has most of its spectral mass concentrated in the neighbor-
hood of A = 0, the last expression is near [d/(1 4+ a)]’ < 1. Thus the L.S. esti-
mate is not asymptotically efficient for all spectral densities in this case.
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9. The case of fixed variates. When nothing is known about the way in which
the regression variables are generated, it is clearly impossible to make any
general statement about the asymptotic efficiency of the L.S. estimates of the
regression coefficients.

Let us consider a very simple motel of generation which is not of the analytical
type. For simplicity let us consider the case s = 1. Let {¢,} be a stochastic
process independent of the residual process, stationary (in the strict sense), and
ergodic. We denote its spectral distribution function by P(A). Then it is known
that (with probability one) the sequence {¢,} has a spectrum and that the

spectral mass in (e, B) is
8 T
[ apoy / [ apo.

(cf. [4]). 1t follows from Theorem 3 that the asympt‘otic efficiency of the 1.8.
estimate, regarding the ¢’s as fixed variates, is almost certainly

¢ = [ [ dP(A)T / _: f(lx)‘ aroy [ 7O) dPOY.

If the spectrum of {¢,} contained more than one point we see that ¢ < 1 (cf.
the corollary of Theorem 3).

It would be interesting to know how generally this holds. A class of processes,
generating the regression variables in a natural way, could be defined as follows.
Let A be a finite difference operator and suppose that {Ae,} forms a stationary
process. One simple case is when Ap, = ¢,.1 — @, and Ag, is purely random.
Then ¢, would be a temporally homogeneous differential process. Are the realiza-
tions of such processes regular and stationary in the sense of Section 3, and if
s0, what spectra do they have?

10. The information of the covariance matrix. If the regression sequence
{¢,} has a spectrum consisting of a single point we bave seen that the L.S.
estimate is asymptotically efficient. We have then said that the knowledge of
the true covariance matrix of the disturbance does not give us any information
with respect to the problem of inference under consideration. In this section
we shall make this statement more precise.

Suppose that we have two covariance matrices M; and M, for the residual
4, € Y. Let the B.I.U. estimates calculated under the two hypotheses M, and
M, be ¢f and ¢c5 . If

im Dlail _
N Dlc3]

for all possible pairs M., M., we shall say that the covariance matrix gives us
no information.

Let the spectral density under the two hypotheses be fi(A) and f.(\) and let
the true one be f(A) corresponding to a covariance matrix M. The corollary of
Theorem 1 implies that the correlation coefficient between ¢rs and the B.L.U.

bl
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estimate tends to one as N tends to infinity (we are considering the case when
the spectrum of ¢, is reduced to a single point). Hence

Dplet — ¢1sl/Dy,lezs] — O, N~ «,
But because of (3) we get ‘

Dilel — ¢isl/Dy | cks| — 0, N — «,
But the triangle inequality gives us

Dyféf = ¢t = | Dfel] = Dyfets]|

and hence
Dy{ci1/Dylcisl — 1, N-— w.
Similarly we get )
Dylctl/Dyleisl — 1, N — w,
so that
D/lel1/Dyles] = 1, N — «,

Thus we have shown that if the spectrum of the regression sequence contains
only one point, then knowledge of the covariance matrix does not give us any
information of interest with respect to estimating the regression coefficient.
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