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1.1 Introduction

Under very general conditions Grenander and Rosenblatt (1954) proved a
major theorem which showed that in regression with polynomial and trigono-
metric polynomial trend regressors and stationary errors simple application
of ordinary least squares (OLS) is asymptotically equivalent to generalized
least squares (GLS) and thereby efficient. This important property provided
an asymptotic justification for the use of OLS in trend regression and made
trend elimination by polynomial time trend regression a popular procedure
in empirical research. A key condition underlying this Grenander—Rosenblatt
(GR) theorem is that the regression errors are stationary and have positive spec-
tral density at the origin, which ensures that the long-run variance of the errors
is necessarily positive. A similar finding to the GR theorem holds in the case of
trend regression with integrated regressors, so the result is not confined to deter-
ministic regressors but includes pure cointegrated regression models in which
the regressors are strictly exogenous (Phillips and Park, 1988). While these
asymptotic properties, including the conditions for the limiting equivalence
of OLS-GLS, are well established, there remain some interesting unexplored
aspects of trend regression.

This chapter studies two such issues that can arise in estimation and infer-
ence with polynomial time trend regression: (i) problems in the limit theory that
arise from a moving average (MA) error with a unit root that produces a zero
error spectrum at the origin and leads to failure in standard invariance principle
arguments and failure in the GR theorem; and (ii) problems of rank deficiency
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4 Peter C. B. Phillips

and singularity that arise in trend regression when testing multiple hypotheses
using Wald statistics. Both of these might be considered graduate student prob-
lems. They are not dealt with in graduate textbooks of econometrics but, as
shown here, they are the type of problem that can easily arise in research when
dealing with new models and nonstationary data. We focus on the simplest case
of deterministic trend regression. But related issues do occur in cases of sto-
chastic regressors (Phillips, 1987, 1995; Park and Phillips, 1988, 1989) as well
as explosive model cases (Phillips and Magdalinos, 2013) and nonparametric
kernel regression problems (Phillips et al., 2017) where unexpected singular-
ities can occur in the asymptotic theory. A general treatment of rank deficiency
and singularities in econometric testing is available in Magdalinos and Phil-
lips (2018). In spite of the simplicity of the present deterministic trend model,
considerable technical complexities arise in the general case, which require
some innovations and notational aids to resolve adequately and to secure defini-
tive results. These techniques should have wider applicability beyond the trend
regression models of the present study.

This chapter is largely pedagogical in nature and is written specifically for
this advanced textbook series. The development proceeds from a common
model of deterministic trend regression where standard asymptotics hold to
one where the limit theory and convergence rates of the usual OLS estimator
and associated test statistics differ from the standard theory. To aid exposition
a progression of examples are given that assist in building up the notation and
techniques required to resolve the general case under study. It should there-
fore be accessible to graduate students and some undergraduates with advanced
training in econometrics.

The trend regression model is given in the next section with key conditions
that enable the asymptotic development given in Section 1.3 for estimation
and in Section 1.4 for inference. Section 1.5 provides some final discussion. A
brief appendix on Wiener stochastic integration is included for completeness
to facilitate development of the limit theory.

1.2 Deterministic Trend Regression
We study limit theory in the simple linear trend regression model
v=x/B+u, t=0,1,...,n (1.1)

where the deterministic trend regressor x; = (1, ¢, 2., ™) and the errors u;
are generated by the linear process u; = C(L)e; = Zfio cje;—; with coeffi-
cients ¢; satisfying the summability condition Zﬁio Jjlejl < oo and innovations
& ~ iid (0,0%).
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Polynomial Time Trend Estimation and Hypothesis Testing 5

Using the Phillips—Solo device (Phillips and Solo, 1992) gives the valid
Beveridge—Nelson decomposition

w=C(L)er =Y ¢erj = C(Ner — (1 = YC(L)er = C(1ey + &1 — &,
Jj=0
(1.2)

where & = C(L)s; and C(L) = >e oGl with ¢ = > o2jt1Cs- The ser-
ies representation & = Z —0 Cjer—j converges almost surely in view of the

summability condition Z —o/lcjl < oo. The long-run behavior of u, is pri-
marily determined by the long-run moving average coefficient C(1), which
directly affects the value of the spectral density at the origin and is therefore
instrumental in the long-run properties of the time series u;.

The (m + 1) x 1 parameter vector 8 = (B0, B1, - - -, Bm) In (l 1) is estimated

by ordinary least squares (OLS) regression using ,3 (X ! X) X'ywhere X' =
[x1,...,x,]and )y = [ V1,--->Vn]. The remainder of the chapter considers the
asymptotlc theory of ﬁ and Wald tests based on ,B under different conditions that
determine the long-run behavior of the equation error u,. We look at two cases.
The first is the standard model where C(1) # 0; the second is the degenerate
unit root moving average case where C(1) = 0.

When C(1) =0 it is clear from the decomposition (1.2) that the regression
error u; has the MA unit root form u; = — (1 — L)&;. Models with MA unit roots
or near unit roots can arise in empirical work with time series data when there is
overdifferencing or where multicointegration is present (Kheifets and Phillips,
2023; Phillips and Kheifets, 2024). The GR asymptotic equivalence theorem

fails in such cases because the spectral density of u; is f,,(1) = % |C(e™)|? =

%H — ¢*2]1C(¢™)|? and so at the origin £;,(0) = 0. As will be shown, the
asymptotic theory for B changes considerably. Convergence rates of the com-
ponents of B differ from when C(1) # 0 and conventional invariance principle
asymptotics fail, causing difficulties with inference. A simple procedure for
dealing with this failure is developed.

In both C(1) # 0 and C(1)=0 cases, Wald tests of general hypotheses
concerning B suffer from rank deficiency and singularity asymptotically that
arise from the differing signal strengths in the nonstationary components of the
regressor x; and consequent differing convergence rates in the components of
B . These differences affect the Wald statistic limit theory and hypothesis test-
ing. Related problems of rank deficiency in cointegrated regression and VARs
were studied in Phillips (1995). Readers are referred to Magdalinos and Phil-
lips (2018) for the first general treatment of matrix normalization problems in
inference.
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6 Peter C. B. Phillips
1.3 Limit Theory

1.3.1 The Standard Case: C(1) # 0

The (m + 1) x 1 parameter vector $ in (1.1) is estimated by ordinary least
squares regression using f = (X’X)fl X'y where X' = [x1,...,x,] and y =
[¥1,...,¥n]. The limit behavior of ,(3 follows by standard manipulations.

Let D, = diag{l,n,n%,...,n"}. For r € [0,1], D, 'xuy) — X(r) =
(1,7,72,...,r™Y as n — oo. It follows by Riemann integration that

n 1
n'Dy X'XD =7y D D, — / X(r)X(r)dr
0

=:M, asn — oo. (1.3)

Under the given conditions, normalized partial sums of u; satisfy the functional
central limit law n~!/2 Z[LZIJ u; ~ B,(r) where B, is Brownian motion with
variance given by the long-run variance w> = o>C(1)? of u;. Setting «’ =
[u1,...,u,] we find using Wiener integral limit theory (see Lemma 1.6.1 in the
Appendix) that

n 1
1y —1_ W -
_sz1 X'u= Ean x,—ﬁ /0 X(r)dB,(r). (1.4)

It follows directly from (1.3) and (1.4) that

-1
—1 y7 1 —1 7
nD,(B — ﬂ)_< X'XD;, ) ﬁDnXu

- 1
s ( / X(r)X(r)’dr) ( / X(r)dBu(r)> N (o, sz—l),
0 0
(1.5)
since [} X(r)dB(r) =a N (0, w*M).

1.3.2 The Degenerate Case: C(1) =0
Using partial summation as in the proof of Lemma 1.6.1 we obtain
n n
D;'X'u=Dj! Zx,Aé, = D, (48, — x080) — D" Z AxiEr

=1 =1
~ X(1)Eoso — e18p, (1.6)

where D;lx,, — X(1)and &, ~ &oo =g &rasn — 00, e; = (1,0,...,0) and
D;lxo = e1. Note also that Ax; ~ (0,1,2z,.. .,mt””l)/ for large ¢ and then
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Polynomial Time Trend Estimation and Hypothesis Testing 7

m—1
DG AN =y ~a (0, 2L ey = 0(\%) — 0asn — oo
forall » € [0,1]. It follow that

—1 Z Axtst 1 = Z \/_D AxtT —p 0 (17)

confirming (1.6). We deduce that

—1
nD,(B — B) = ( D 'X'XD; > DX u ~ M~ (X(1)Eno — e180) ,
(1.8)

so that f is consistent with convergence rate 7D, but no invariance principle
applies, leading to difficulties with robust inference about 8. However, observe
that the convergence rate of B in (1.8) is nD,, which is O(y/n) faster than the
convergence rate 1/nD, for the same estimator in the case where C(1) # 0.
Thus, degeneracy in the long-run behavior of the equation error leads to an
acceleration in convergence. But it does not lead to an invariance principle
at least for this OLS estimator because its limit distribution depends on the
distribution of &, thereby causing the difficulties for inference.
If &g = 0 then

1 —1
nDu(B — B) ~ ( /0 X(r)X(r)/dr> X(DEso = M ' X(1)ese, (1.9)

which has mean zero and variance Var(8.)M ' X(1)X(1Y M, which is sin-
gular of rank unity whenm > 0. Whenm = 0 andx; = 1, we have X(r) = 1 and
the limit variance is simply Var(£+,). But when m > 1 there is a (nonrandom)
direction where the convergence rate is faster than nD,, because of the singular-
ity in (1.9). In particular, if G| is an (m + 1) x m orthogonal complement of the
vector g = M~ X(1) then it follows from (1.9) that nGan(ﬁ — B) = op(1).
This degenerate feature of the limit theory indicates that there may be another
procedure that can accelerate convergence, which we now consider.

1.3.3 Use of Temporal Aggregation

Temporal aggregation of the model (1.1) leads to the equation
:X[/ﬂ+Ul’ t=1a5n5 (110)

where ¥, = Zg_ Vs, Xy = Z % = Z i, s,52,...,5™) and when
C(1) = 0 we have U; = Zs | A& = & — &, so that

Yt:)(t/ﬂ—i-g'[—g‘o, t:l,...,n. (111)

Downloaded from https://www.cambridge.org/core. IP address: 216.73.216.169, on 24 Sep 2025 at 00:38:14, subject to the Cambridge Core terms of
use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781108910095.002


https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781108910095.002
https://www.cambridge.org/core

8 Peter C. B. Phillips

The parameter vector B in (1.10) is again estimated by OLS regression giving
. o=l - -
= (X’X) X' Vwhere X' = [X1,...,X,Jand ¥ = [Y1,..., Y,]. Similarly,

we define U = [U, ..., Uyl = [81 — B0, ..., & — &ol.
To find the limit behaV10r of ,3 we use F,=mnD, and note that

Fo X = ZWJ Dylxy — X(r) = [y X(s)ds = [5(L,s,8% ... s")
ds = (r, é, cee ’mm—:) . It follows by Riemann integration that
Lnrj LnrJ t

—ZF X, = Z ZD x§—>/X(p)dp, (1.12)

and

1
—F,; \XxF = ’IZF "XXF— / X)X dr =: M.
=1

(1.13)
as n — 00. Next observe that

I oo I o I em
~F; XU:ZZ:Fn X,et—ZZFn X:&o

n
SN BT

1
= 0p< ) ( Z 1Xt> &g ~ —/0 X(p)dp &o.
(1.14)

To confirm (1.14) first note that under the stated summability conditions & =
C(L)e, is zero mean stationary with long-run variance &?* = <72C~‘(1)2 and so
partial sums of &, satisfy the functional law n~ /2" SLZJ & ~» Bz(r) where B;
is Brownian motion with variance @ > 0 provided C(1) # 0. It follows by
using the summation by parts argument in Lemma 1.6.1 that > | F, lXt% ~

fo X(r)dB:(r) so that == Zt_ lth 0o, (f) which leads to (1.14). If

C(1) = 0, then a ﬁlrther level of complexity arises that can be treated by similar
methods but which we do not address in the present chapter. We deduce from
(1.13) and (1.14) that

—1
Fu(f — ,3)_( F\XXF; > <%F;1X/U>

1
W—M’I/ X(p)dp o, (1.15)
0
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Polynomial Time Trend Estimation and Hypothesis Testing 9

so that B is consistent with rate of convergence F, =nD, but no invari-
ance principle applies, leading to continuing difficulties with robust inference
about 8.

Remark 1.3.1 We deduce that temporal aggregation of the data and esti-
mation of (1.10) raises the convergence rate of OLS regression from the rate
/nD,, for ,3 by O(y/n) to the rate F,, = nD, for B. This rise in the convergence
rate is explained by the rise in the signal strength associated with the signal
matrix X X in the regression _formula (%Fn_lf(/f(Fn_l)_l(%Fn_l)N(/U) in (1.15).
Temporal aggregation is a simple mechanism for taking into account the MA
unit root and zero long-run variance of u; in the general model (1.1) when
C(1) = 0, leading to (1.10). This procedure may therefore be regarded as an
important partial step toward implementing GLS. It is not a full implementation
of GLS because the residual g, in (1.10) is generally autocorrelated with spec-
trum f; (L) = o2|C(e™)|? that is not necessarily flat. Thus, taking account of
the M A unit root and the zero long-run variance of u; leads to accelerated con-
vergence and asymptotic normality. So the conventional OLS trend regression
estimator B is asymptotically infinitely deficient by a \/n factor, relative to the
partial use of GLS that leads to B, manifesting the failure of the GR asymptotic
equivalence theorem.

The rise in convergence rate that results from the use of OLS regression in the
temporally aggregated model does not resolve difficulties concerning inference
because the limit theory (1.15) involves the distribution of &y. This difficulty
in the limit theory is addressed by an adjustment to the estimation technique,
as explained in the next section.

1.3.4 The Effect of Intercept Adjustment

We propose to estimate the parameter vector 8 in (1.10) by OLS regression
with a fitted intercept in the regression. The model may therefore be written in
the form

Yi=XB+&—Co=p+XB+é,t=1,...,n (1.16)
with (random) intercept © = &g. The presence of the intercept in the OLS
regression leads to all variables in the model being demeaned. We use the
daggered affix variable Aj to signify that the variable 4; is demeaned, so that
A;r =4, — % Zgzl Ajy. For the matrix of observations 4 = [4y,...,4,] of 4,

we correspondingly denote the observation matrix of demeaned variables A;r
by AT
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10 Peter C. B. Phillips

With this notation in hand, the algebra and asymptotics in the aggregated
model with a fitted intercept are determined with the following modifications

of those given above. In particular, setting X;r =X — % Y '_, X, and by taking
limits as » — oo and Riemann integration we have

LmJ

IX[WJ_ ZD xs—-Z ZD X4
— X(r) — /0 X(p)dp = /0 X(s)ds

1
- / pr(s)dsdp = XT(). (1.17)
0o Jo

The limit function XT(#) is the demeaned form of X(r) = for X(s)ds in the func-

tion space C[0, 1] and this function correspondingly satisfies fol Xt rdr = 0.
We now obtain as n — 0o

1 1
) b i ZF XxX'F S / xXtoxtoyar = M.
n 0
(1.18)
Next observe that ) ,_ 1X & = & y_,_; X; = 0 by virtue of the definition
of the demeaned variable X;r , thereby ehmmatlng the effect of &. It follows
that
L ity ZF g - L XM:F—‘XTI;O
NZERER P P
- ZF 1XT £ / X1 (r)dBz(r), (1.19)
where B; is Brownian motion with variance @*> = ¢2C(1) in view of the

functional law 7~ /2 """ &~ By () indicated above, which holds provided

C(1) # 0. The limit theory in (1.19) involves Wiener integration with respect
to the process B; and is validated, as in Lemma 1.6.1, by the bounded variation
property of the demeaned trend function X () and the weak convergence of

the standardized partial sum process n~'/2 Y"1 5
Combining the limits in (1.18) and (1.19), we obtain the asymptotic behavior

R N
of the OLS estimator AT = (X "X ') (X "y T) after centering and scaling,

namely,

-1
JnF, (BT — /3)—( Fx"x'Fr ) <}11F XT’U)
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Polynomial Time Trend Estimation and Hypothesis Testing 11

1 -1 .
s ( / XToxt (r)’dr) / X" (")dBz(r)
0 0
= N (o, &)ZMT’]). (1.20)

As is apparent from (1.20), the OLS estimator BT obtained from the tempor-
ally aggregated model (1.16) with a fitted intercept in the regression satisfies
an invariance principle and is asymptotically normal with a simple covari-
ance matrix structure involving the inverse limiting signal matrix A"~ and
the scalar factor @, which is the long-run variance of the equation errors &
in (1.16). It is further apparent that under the given conditions the spectral
density fz(1) = %|(i’(e”‘)|2 € (0, 00) of & satisfies the conditions in the GR
theorem for the asymptotic equivalence of OLS and GLS. Hence, asymptotic
efficiency in the regression (1.16) can be achieved by the use of OLS without
any knowledge of the spectral density fz(A).
Consistent estimation of &> may be conducted by standard HAC methods
applied to the residuals of the regression, namely,
0 = v~ at —x/Bt = ¥] — x'p", (1.21)
where the intercept estimate is o = %ZLI Yy — %Z?:l X;ﬁ The non-
parametric estimate has the usual form & = Zéz_Lk(%) )70+(£), where

AT A . .
)/OT(E) = %Zlit,ﬂrifn U, ULK and k(-) is a symmetric lag kernel such as

the Bartlett or Parzen kernel. Since BT —, B it follows that ﬁj =&+ 0p(1)
and Yot (£) = vs(£) = E(&/&14¢) for all finite £ as n — oo. Then the kernel

long-run variance estimator @ — » @ under standard conditions on the ker-

nel &(-) and the lag truncation parameter L = L,, — oo as n — oo, which are
henceforth assumed to hold.

With the limit theory (1.20) and consistent estimation of @ it might appear
that inference about the regression coefficients 8 can be conducted using
standard z-tests and Wald tests. However, the asymptotic distribution in (1.20)
involves matrix normalization by F, to account for the differing magnitudes
in the trend regressors JX;. This matrix normalization and multiple hypotheses
about the coefficients together lead to some additional complexities in the limit
theory for Wald tests. A general treatment of hypothesis testing in regression
under matrix normalization is developed in Magdalinos and Phillips (2018).
The present discussion will focus on the potential deficiencies and their impact
on the asymptotic theory induced by the presence of the deterministic trend
polynomials X; and multiple convergence rates in the regression (1.16).

Unlike Wald tests of general hypotheses, inference procedures for individual
coefficients S; follow directly from (1.20). For instance, to test null hypotheses
suchas Hy: B; = ﬂio , standard #-tests can be employed using the limit theory
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12 Peter C. B. Phillips

Bl — B!
tg, = ! ! ~ N(0,1), asn — oo, (1.22)

o]

1

where [A4];; denotes the ith diagonal element of the matrix 4. Tests of multiple
hypotheses involving several of the coefficients 8; need to respect the different
rates of convergence of the elements ,31- that are evident in (1.20). Coefficient
estimates with lower convergence rates then dominate the limit theory, which
has some interesting features that are explored in Section 1.4.

1.3.5 Temporal Aggregation in the Standard Case Where C(1) # 0

We next consider the effect of estimating the parameter vector § in the tempor-
ally aggregated model (1.10) by OLS regression with a fitted intercept in the
regression but in the case where C(1) # 0 and there is no degeneracy induced
by an MA unit root. The model may therefore be written in the form

Y,:Xt/ﬁ—i—Utzu—l—Xt/,B—i—Ut,tzl,,n (123)

with ¢« = 0 and U, = 3'_, u,. The OLS estimator A1 = (X" ") ~1(&"7")
has the same form as before but now the estimation error is ,3* - B =
X 54 T)*l(f( 7L/f]) and in place of (1.19) the sample covariance factor has the
following limit:
1 17~ 1 " 1t Ut 1 +
—fn XU = ;ZF,, Xtﬁ = X' ("B (r)dr. (1.24)
=1
Upon centering and scaling, the limit distribution follows by standard methods
giving
;

Lt —py= (L5 (Lt
ﬁ n(ﬂ _ﬂ)_ ; n n nsT n

1
s M1 / X' (r)Bu(r)dr
0

1 1
= N <o,w2MT—1 /0 /0 XT(r)rAsX*(s)’drdsMT—l). (1.25)

The rate of convergence of B Tis \/LZF ,» and is therefore slower by O(n) than the

MA unit root case where the error is u; = £,_1 — &,. Also, the variance matrix
in the limit distribution (1.25) has a sandwich form, which arises from the fact
that the temporally aggregated model (1.23) is a polynomial regression with a
highly autocorrelated /(1) error process U;. The regressor in (1.23) is, for large
t, X, = Zé:l Xy ~q (2, 2, t’"“'l)/, whose component of lowest degree is
the linear trend ¢ which has the sample signal ), £ = O(n®). This signal
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Polynomial Time Trend Estimation and Hypothesis Testing 13

of O(n?) exceeds that of the /(1) error Uy, which is Y 1, U? = O,(n?)), by
order Op(n). It follows that the OLS estimator B T is consistent with the lowest
convergence rate O(+/n) for the coefficient Bo.

The fitted intercept [ﬂ, on the other hand, is inconsistent. To show this, note

that o = %Z?:l Y, — %Z?:l X" and

7@ :%le - ZXF— £, (A" - )

=1

1
s _ / T TN
/0 B, (r)dr /(; X(rydr ( /0 X' (NX'(r) dr)

1
X / XT(")Bu(r)dr, (1.26)
0

—1

sothat of = O,(y/n) diverges as n — oo. The divergence of the fitted intercept
is a consequence of the fact that the temporally aggregated model error U, is an
I(1) time series whose signal exceeds that of the constant regressor associated
with the intercept. The fitted equation therefore manifests a partially spurious
regression property in which the intercept is not consistently estimated but the
time polynomial regression coefficients are consistent because their signal is
stronger, as discussed earlier.

1.4 Wald Statistic Inference

Before commencing a general treatment we illustrate the issues involved with
some examples. These help in developing a notation that is suited for a complete
discussion of the general case. In these examples and the subsequent treatment
we continue to work with the temporally aggregated model in which C(1) = 0
and the model has a fitted intercept, as in (1.16). The analysis for the case where
C(1) # 0 is entirely analogous, allowing for the different convergence rates of
the estimated coefficients and different estimate of the residual long-run error

. 1
variance.

U'n practical situations it is typically unknown, at least without testing, whether C(1) = 0 or
C(1) # 0. Then an additional issue arises in the construction of the Wald test statistic, because
the statistic depends on a consistent estimate of the variance matrix of the coefficient estimates,
which in turn depends on whether C(1) = 0 or C(1) # 0. Readers are referred to Phillips and
Kheifets (2024) for a systematic analysis of this issue in the case of a possibly multicointegrated
system. That model involves stochastic trends but the ideas underlying the construction of the
Wald statistic may be applied in the present context. A full analysis of that case is not presented
here to avoid unnecessary lengthening of the chapter.
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14 Peter C. B. Phillips

1.4.1 Example 1

We start with the case of a simple null hypothesis about all the coefficients of
the form Ho: Bo = B1 = B2 = -+ = By This hypothesis can be written as
Ho: HB = husing the m x (m + 1) matrix H = [i,, —I,,] and vector 4 = 0
with the m-vector ¢,, = (1, 1,...,1) and order m identity matrix I,,. The Wald
statistic for testing H is then

3 —1
W, = (HBY — hy [H (5(*’5(*) 1H/} (HBY — h))&*
3 -1
= pvE [H()?T’)?T) IH’] HAT /62, (1.27)

The analysis that follows proceeds with the case studied in Section 1.3.4
where C(1) = 0 and an intercept is included in the regression as in (1.16).
Using the normalization matrix F,, = nD, = diag(n, ... ,n’”“), and set-
ting G, = diag(n?,...,n"t"), we have G;! = O(n?) and observe that
HFE, ' = [um, —InF ' = [0 un, =G 11 =+ [tm, —n G, ']. Then

n2HE Fy(BY = B) = [1n, =Gy | VaFL(B - B)
1 -1
~a [Lm, —nG;l] ( / X*(r)XT(r)’dr> / X1 (r)dB:(dr)
0 0
/
~e N (0, @? [Lm, —nG,Tl]MT_1 [Lm, —nG;l] )
~ N (09 @ [tm) 0m><m]]\/ﬁ7l [tm) Omxm]/) 5 (1.28)
as n — oo because nG,! = O(n™") and 50 [tm, —nG, '] = [tm, Opscm]-
Observe that the limit distribution given in (1.28) is singular because the trans-
form matrix [ty,, 0% ] has rank 1 < m. This rank deficiency affects the limit

distribution of the Wald statistic and the degrees of freedom of the resulting
chi-squared statistic. In particular, we have

R Ly —1 -1
P g [H<XT/XT) H,] Hp
1

—1 -
Fn‘lH/i| HB ja?

N .
— piH’ |:;HF,I_1 <ZF,,‘1XT/XTF”_1)

-1
1 -1 L AL - -1
=Z,BT’\/EF,1F,1 H' |:;HFn (;Fn X X'F, F,'H'

x HF\/nF, B o
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1 1 -
~a BV /nF F T H |:|:—Lm, —G;l} M1 [—lm, —G;l} }
n n
x HF \/nF,B' j&*

1 1 /
~4 / dB:(NX" (M I:—Lm,—Gnl:|
0 n

1 1 n!
X |:|:;Lm,—Gnlj|MT1 [;Lm,—Gnl} i|
1 1
x [—Lm,—G;I]MT—l/ X' (r)dB:(r)) &
n 0

1 ’
~ [ B oM o =06,
0

X |:|:Lm, —nG;l]Mﬂ'L*1 [Lm, —nGnl]/]_1
x [Lm, —nG,;l] i / l Xt (1)dB:(r) )&
0

- /O 1 AW (XYM =12 Py MT1/2 /0 1 X (r)dws(r)

= Z'Py 2~ Z'PAZ =4 x}. (1.29)
Here W, := (1/®)B; is standard Brownian motion and Z'P 4, Z is a quadratic
form in the Gaussian vector Z := ( fol XTxtey dr) o fol XTaws(r) =4

N(0,I,,). The projection matrix P4, = A, (A;,An)_l A, is deterministic of
rank m = rank ([Lm, —nG;l]) for finite n. P 4, projects onto the m-dimensional
range space of the matrix .4, where

_ _ 1 _
e o (Y

= [tms Omxm] M2 = A (1.30)

The (m + 1) x (m + 1) dimensional limiting projection matrix P4 =
A(A A)Jr A’ has rank unity, where (A’ A)+ is the Moore—Penrose inverse’
of A’ A. The projector P 4 can be simplified as follows. Let @’ be the first row

—1/2
of the symmetric matrix MT~1/2 = ( fol XXty dr) . Then
A" = [tm, 0] M2 = tmd, (1.31)

2 Forannx kmatrix X of rank k < n the Moore—Penrose inverse of XX is (XX")t = X(X'X)~2x’
and the Moore—Penrose inverse of Xis XT = X/(Xx")*.
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16 Peter C. B. Phillips

and

Py =al,(indal,) imd = a(@da) ' d'd (tnt)) Tim

= Path(tmly) tm = Pa, (1.32)
since the Moore—Penrose inverse (tt),)" = (i, tm) ">t and thus
C o)t = () 2 = 1.

It follows that Z'PAZ = Z'P,Z =4 x?, giving (1.29).

This example illustrates a key asymptotic deficiency in the Wald test in which
a test of m different hypotheses leads to a statistic whose limit distribution
is chi-square with only a single degree of freedom. The dimension reduction
that occurs in this limit theory of the Wald statistic is associated with the con-
centration of the range space of the projector P4, to the lower dimensional
range space of the projector P4 = P,. The dimension reduction occurs in the
limit distribution of the Wald statistic as the sample size n — oco and thereby
affects inference but it does not occur in the limit distribution of the estimated
coefficient vector BT itself, as is clear from (1.20). More specifically, it is
the matrix metric H (X Wf( N
the null hypothesis in the Wald statistic (1.27), that collapses in dimension as
n — o0. This collapse in dimension at infinity is the result of the differing sig-

H’, which is used to measure distance from

nal strengths in the signal matrix X T/f( f that determine the convergence rates of
the elements of the estimated coefficient vector B. It is captured by the replace-
ment of this metric, upon appropriate matrix normalization, by the projector
P 4, which collapses to P4 = P, as n — 00.

In the present case the null hypothesisis Ho: Bo =81 = ..., B, and involves
m restrictions on m + 1 coefficients. But the limit distribution of the Wald test
is simply X12 rather than the usual X,%l where the number of degrees of freedom
equals the number of restrictions. The reason for the reduced degrees of free-
dom in the limit distribution is that the estimates of the individual coefficients
{B1,...,Bm} of the trend terms all have faster rates of convergence given the
stronger signal associated with their regressors. This difference means that the
variances of the differentials in the regression coefficients are all dominated
by the variance of Bo. For instance, in the regression (1.16) for the temporally
aggregated equation, the difference in the first two coefficients ,30 — /§ 1 satisfies

~ ~ ~ ~ ~ 1
m2(Bo — B1) = 2 (Bopr) — n**(B1 — B1) = " *(Bo— 1) + O, ( ) :

n

since ns/z(ﬁl — Bl) = Op(1). Recall that the regressor X; = Zt 1 X =

S§=

Z;zl (1,5,5%,...,8™) in (1.16). So the components of X; corresponding to the
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Polynomial Time Trend Estimation and Hypothesis Testing 17

coefficients Bg and B are Xj; = ¢ and Xp; = Z§=1 s = H(t+ 1)/2. The con-
vergence rate of Bo is then n3/2, corresponding to the order of magnitude of
the signal Z’,’ZIX%I = O(n*) and the convergence rate of Bi is n/* corres-
ponding to the signal order ) ), X%t = O(n’). Hence, the limit distribution
in the Wald test is determined as if the coefficients of the higher-order trend
terms were known. In effect, the greater rates of convergence of the higher-
order coefficient estimates in the trend regression imply that their variances do
not contribute to the limit distribution of the Wald statistic and only the vari-
ance of B figures in the limit theory. But Bo has only a single dimension and
this is what leads to the X12 limit distribution in (1.29).

Remarks

(1) The reduction in dimension that occurs in the limit theory of the Wald
statistic 17, in (1.29) from the rank m of H to unity matches the reduc-
tion in dimension of the limit theory of the transformed estimator (1.28)
following matrix normalization. Importantly, in the derivation of this
limit theory there is no reduction in dimension for finite n. The collapse
in dimension occurs in the limit when n — o00. Notably, the singu-
lar covariance matrix &2 [t;n, Opscm] (fol XT(r)XT(r)’dr> : [tms Opxm] of
the limit distribution in (1.28) of the normalized, transformed, and cen-
tered estimator n3/2HF o lF,,(ﬁJr — p) is consistently estimated by the
matrix o2 [tm, —nG1] (%FJIXT/)?TF;I)_I [tms —nGn_l]/. This means
that, although a generalized inverse is involved in our analysis of the limit
distribution theory of the Wald statistic, it is not necessary to consider lim-
its of generalized inverses as n — 00 in determining the limit theory of the
Wald statistic as in the analyses of Stewart (1969), Puri et al. (1984), and
Andrews (1987). The situation in this example where consistent estimation
of the limiting covariance matrix is available is instead similar to the case
studied in Vuong (1987).

(i1) As is apparent in the derivation leading to (1.29), the details of the dimen-
sional reduction rely on the form of the null hypothesis Hg and in particular
the form of the matrix H. The asymptotic theory can be complex and the
final limit distribution of the Wald test is contingent on the interaction
between the normalization matrix F,, and the hypothesis matrix AH. This
is the essence of the difficulties involved in matrix normalization.

1.4.2 Example 2

The next example gives a different scenario in the limit theory which displays
no asymptotic deficiency but more complex matrix normalization. The null
hypothesis is Ho: HB = hwith h = 0 and
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18 Peter C. B. Phillips

H = Hyxmi1 = [(1) _02 (1) (1) g 8} =: [H1, Hy, 02x(m-3)] »
(1.34)
with
H, = [é _02}, H, = [(1) ﬂ (1.35)
so that the null hypothesis is simply Ho: o = 281 and B2 + 3 = 0.
We now partition the normalization matrix as F, = nD, =

dlag(n,n ). ”’“) = blockdiag [Fl,,,an,F3n] where F, = diag(n, n2)
I, = diag(n 3,n%), and F3, = diag(n’,...,n"""), so that Fnl o(n=>).
Next observe that

HE = [Hi, Ha, On-9) ] By = [HUF3 Ha P O, |

1 2
I (1) (1) 0O --- 0
0 0 & L0 -0
1 2
1 o][1 -2.0 0 0 0
=" 1 ¢ 1 :| :QnXRn:
[0 SJlo o 1 1o 0
(1.36)
_2
with 0, = diag(n~',n™3) and R, = [(1) o (1) (%) 8 8] has
dimension 2 x (m + 1) and rank 2. Then
VnQ, ' HE,  Fy(BT — B) = Ry/nF (BT —
1
~q RuMT! / XT(r)dBs(dr)
0
= N (o, 5)2RnM**‘R;) - N (o, 5)2RM**‘R/), (1.37)

1 0000 --- 0
00100 --- 0

tion of BT —p givenin (1.37) is of full rank 2 but requires a more complex matrix
normalization involving the normalization matrix O, than does that of the earl-
ier result given in (1.28). With this limit theory for the estimator in hand we can
obtain the limit distribution of the Wald statistic for testing Ho: HB = h =0
as follows.

w, = pVH | H [ (XT/XT) H/]] HAT /&7

where R, - R = |: :| . Observe that the limit distribu-

—1
. 1 1 -1 U
= pvE |:—HFn_1 (—F b dom > Fn_lH’:| HAT /67
n n
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Polynomial Time Trend Estimation and Hypothesis Testing 19

-1
= 1§ VRER,O, [%ann (%FJIXT’X*F;‘)_I R;QL]
X OuRon/nF,p |0
-1
— BV JnF,R, |:R,, (%Fnlf/)?"Fnl>_l R;]
Ron/nF, BT )i~ 13, (1.38)

in view of (1.37) and the fact that rank(R) = 2. Hence, in this case the distribu-
tion has the usual limiting chi-squared distribution with degrees of freedom that
match the number of (independent) restrictions involved in the null hypothesis
Ho: HB = h with the restriction matrix A given in (1.34).

1.4.3 Example 3

We now combine the features of Examples 1 and 2 in a third more complex case
involving the null hypothesis Ho: HB = h with h = 0 and the m x (m + 1)
restriction matrix

1 =10 0 O 0

2 0 1 0 O 0

0 3 0 -2 0 0
gH=|0 0 1 -10 01, (1.39)

o o 1 0 -1 0

00 1 0 0 .- —1]

giving ¢ = m restrictions on 8. So the null hypothesis is Ho: o — B1 =
0, 280+ P2 =0, 31 +2B3 =0 B3 = B4 = --- = By or equivalently
Ho: Bo—P1 =0, Bo+5P2 =0, Bi+3B3 =0, B3 =By =+ = By.Forthis

equivalent null hypothesis Ho: HB = 0 we have the normalized m x (m + 1)
restriction matrix

1 -1 0 0 0
- 1 0 1 0 0
— 2
" 0 1 0 -3 0
_Om,3 Om—3 tm-3 —im-3 i
r -1 0 0 cee 07
2 0 Lo o 0
= (1.40)
0 1 0 -3 0
_Om—3 0n—3 tm—3 —Ip—3 _
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20 Peter C. B. Phillips

Setting G, = diag(n*, n°, - - -, n"*1) we now have
- 1

-4 0 0 0
1 n
P e . 0
! 0 1 0 2 ... 0
n? 1 3nt 1
_Om—3 Om—3 3 tm=3 _G;
o0 0 0o 0
— 0 % 0 0--- 0
0 0 5In3
_% 0 0 0
2 0 550 0
X n

0 1 0 -3 0
n
Om—3 Om—3 tm—3 —I’l3Gn_1
—: 0, % Ry, (1.41)

where Q, is an m x m normalization matrix and R, is an m X m + 1 matrix of
rank m for finite n which captures the implied normalized form of the restriction
matrix. Similar to (1.37) in Example 2 we can now obtain the limit theory for
the appropriately normalized estimated error in the restrictions 1{((,3T - B),

namely,
VO, HE, ' Fy(BT — B) = Ry/nF (BT — B)
1
~g RuMT! / XT(r)dBz(dr) ~ N (0, 5)2RMT—1R’), (1.42)
0
since
0 0 e 0
2 0 0o .- 0
R, — R =
L o 1 0 .- 0 J
Om—3 Om—3 tm—3 Om—3xm—2 mx(m1)
(1.43)

Observe that the limit matrix R has rank 3 < m and, correspondingly, the limit
distribution in (1.42) is singular with deficient rank 3. As in Example 1, this
singularity affects the limit distribution of the Wald statistic and the degrees of
freedom of the resulting chi-squared statistic. The derivation follows the same
lines but is more complex than that leading to (1.29) in Example 1 because
there are now two sources of degeneracy, not one, and these are of different
dimension. The Wald statistic has the following form (replacing H with F):
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P L VL Ak A - oAt R0
A i [H(X X) H] Ap )&

-1
U b | -1 _ UV
_ v |:—HFn_1 <—FH_IXT/XTF;1> F,;IH’] apt &2
n n

s SR VNI I [SNEFE N I S L L B
=;,3T’\/EF,,FH H'O; |:;Qn AFH(~FXCXOF,

-1
x F; ! H’in} 0. AF 7 /nF, BT /i

A . -1 A
~a BUVRER, [RMTIR) | R/ B

1 -1
~g /0 dB:(NXT (Y MR, [RnM’HR;] R,M' =
1
x / XT(rdB:(r))&*
0

1 1
= / dWz(X (Y MT=12p 4 MTY2 / X (aws(r)
0 0
= Z'Pp Z ~ Z'PAZ =4 X3 (1.44)

As in (1.29) W, := (1/®)B; is standard Brownian motion and Z'P 4 Z is
a quadratic form in the Gaussian vector Z := Mi—1/2 fol X T(r)de(r) =4
N(0, I,y). The projection matrix P4, = A, (A;,An)fl A/, is deterministic of
rank m = rank(A,) = rank(R,) for all finite n. P4, projects onto the m-

dimensional range space of the (m + 1) x m matrix A,, where in (1.44) we
have

AL =R,M 12 5 MV = A (1.45)

for which the limiting rank is rank(A4) = 3, the same as the matrix R. The
(m + 1)-dimensional limiting projection matrix P4 = A (A’ A)+ A’ therefore
has rank 3. An explicit form of the projector P4 can be expressed as follows.
Let a}, a; and dj be the first, second and third rows of the symmetric matrix

—1/2
positive definite matrix MT~1/2 = ( fo‘ XTrxt (r)’dr) . Then the (m+1) x
m matrix A has the explicit form

A=M-1V2g = [ aity a a3L;n73], (1.46)
in which there are only three linearly independent columns, which we collect in
the (m+ 1) x 3 matrix 4 = [ay, az, a3]. It follows directly that the projector P 4
projects onto the range space of 4 and is therefore equivalent to the projector
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22 Peter C. B. Phillips

P4 by virtue of uniqueness. We deduce that the limit distribution of the Wald
statistic is Z'P4Z = Z'P4Z =4 x3, as given in (1.44).

1.4.4 The General Case

From these examples, we now proceed to a general treatment of the limit the-
ory for Wald tests in trend polynomial regression. The analysis continues to use
the time-aggregated regression model (1.16), again with C(1) = 0. We start
by formulating a generalized version of (1.40) for the normalized restriction
matrix H in which: (i) the rows of H are assembled so that the corresponding
hypotheses are ordered according to the time polynomial power of the respect-
ive coefficients; and (ii) the first nonzero coefficient in each row, corresponding
to the lowest power of the associated time polynomial, is set to unity, as in
(1.40). With this ordering and normalization and recognizing that hypotheses
can involve different elements of the coefficient vector B that relate to time
polynomials of different degrees, we partition the g x (m + 1) restriction matrix
H of the null hypothesis to accord with these elements in rising polynomial
degree form as follows:

hi ha his - hims

0 hyp hj3 -+ hymy
A= 0 0 hsz - M3y

0 0 0 hpmit | g

[0 ). (14)

In this representation there are p block rows indicated and m + 1 columns.
Each block diagonal entry of H is a vector of the form hi; = citg; in which
tg; = (1,1,...,1) has dimension ¢; and ¢; = js;, is the selector function of
the block row i, which indicates whether that block row enters the matrix or
not. In particular, block row i occurs in the matrix if the entry is ¢; = js, = 1,
which signifies that there are restrictions involving the coefficient 8;_; of #~1,
namely, the lowest trend degree coefficient in block row i. On the other hand,
if the entry ¢; = js;, = 0, then row i is removed from the matrix altogether
as the selector js5, = 0 signifies that there is no restriction involving ;_1 — so
the ith-block row is removed entirely in the specification Hg. The affix S on
Hy in the upper block triangular matrix (1.47) means that selection may have
taken place in the matrix and then r = Zle 1{c; # 0} is the actual number of
block rows in the matrix Hs. This arrangement implies that the g restrictions
that comprise the rows of H are partitioned into » groups whose numbers sum
tog = Zle qill{c; # 0} in total. Upon selection of its relevant rows the
restriction matrix H = Hy is then of dimension ¢ x (m + 1) with full rank ¢.
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Polynomial Time Trend Estimation and Hypothesis Testing 23

In the first example above wheire H= Hg= [tm, —Ix] there is only one block
row in the restriction matrix Handsor=1,q1 =qg=m,c; = 1l,and¢; =0
for allj > 1. In the second example presented earlier

- s [t 2000 -0
H:HSZ[O 0 1 10 - 0}’

and there are only two rows in the restriction matrix, so that r=¢g=2,
qgi=q3=1,c1=c3=1, and ¢;=0 for all j ¢ {1,3}. In the third example
presented earlier where

0 - 0

0 e 0

2 9
5
Om—3 Om—3 tm—3 —im-3

N
|
1

S

o |
L
(e}

|
—
(=)
—_
O [—

(1.48)

there are three blocks of restrictions so thatr =3, g1 = 2,q> = 1,g3 =m — 3,
g=m,andc; =c; =c3=1.

In the general case with restriction matrix (1.47) the normalization matrix is
F, = diag(n,n?, ..., n™ ") and we write the effect of normalization by F o Lon
the ¢ x (m + 1) restriction matrix H in the following partitioned matrix form
which uses the selection matrix notation

firy = [gw, SN ;fm+l>]F,;l

1 1) 2) 3) m+1)
= n H( H( H( Tt nm+l H(
[h1 nl?hl,z ?hm Whl,mﬂ
0 n—zhz,z n_3h2’3 ce WhZ,m+l
— 0 0 ni3h3’3 S n,,,%hlm-i-l
0 0 0 - gl g
9, 00 0
0 I, 0 0
_ 0 0 ;—31% 0
: (&
L 0 0 0 nPI‘Ip S

Downloaded from https://www.cambridge.org/core. IP address: 216.73.216.169, on 24 Sep 2025 at 00:38:14, subject to the Cambridge Core terms of
use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781108910095.002


https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781108910095.002
https://www.cambridge.org/core

24 Peter C. B. Phillips

1 1 1
ity yha sz aThip o bt
| 1 1
0 oy hs —=hyp o Shamt
1 1
«| 0 0 Glgy o mshap 0 amhamg
1
0 0 0 Cplg, o Whp,m-i—l s
= Qn,S+ X Rn,S' (149)

In the matrix Q, s+ the affix ST signifies selection and retention of rows and
columns according to the rule that ¢; = 1 and the removal of those rows and
columns for which ¢; = 0. Thus, O, ¢+ is a diagonal ¢ x ¢ matrix that is
conformable with the ¢ x (m + 1) matrix R, s defined by (1.49).

With this framework in the general case we can now obtain the limit theory
as n — oo for the appropriately normalized estimated error in the restrictions
H(BT — B), namely,

V0, 4 HE Fy(BT = B) = Rusv/nFu(B' — p)

1 -1
~a Rs < /O XT(r)X*(r)’dr> /0 XT(r)dB:(dr)

- N (o, J)ZRSMT—IR’S) , (1.50)
with
gy, 00 0 0 - 0
0 g 0 0 --- 0
Rus— Rs:=| O 0 ctgy - 0 - 0|
0 0 0 e cp[qp .. 0 s
(1.51)

where Rg is a ¢ x (m + 1) matrix of rank r = Zle I{c; # 0} < g =

?:1 qil{c; # 0}. When r < ¢, the limit distribution given in (1.50) is singular
of rank .

As in Examples 1 and 3, rank deficiency in the limit transformation
matrix Rg in (1.51) and singularity of the limiting normal distribution in
(1.50) affects the limit distribution of the Wald statistic and the degrees
of freedom of the resulting chi-squared statistic. Following the earlier
approach we have developed above, the limit distribution of the Wald statistic

U RS NES RS It YA
w, = Bt i’ [H(XT/XT) H/i| HpT /&* for testing the null hypothesis
Ho: HB=0is
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1

-1

- _ 1 - -1 _ U

W, =B i’ [- AF;! (—Fn_lXT/XTFn‘l) Fr! H/:| Apt )&
n n

1. RSV b ERNS D
= r—lﬂT/ﬁFnFn VH'Q) [ZQn,éHFn ! (;Fn X"X'F; 1)

1
x Fl H/Qm;] O, HF, ' /nF, ' /o’
A1 / F—1pt -1 At 1 ~2
~a BYVAFR, s [RusM TR, 5| Rusv/iFuBt/&

1 -1
~ / dBs (X (Y MR, 5 [RusM' ™ Ry s|  RosM'!
0
1
X / XT(dBz(r)/&*
0

1 1
— / dW:(XT Y M =12 Py M1 / XT)dwzr)
0 ’ 0

= Z'PA, 2~ Z'PAGZ =4 X7 (1.52)

Justification of (1.52) follows as before, albeit with the additional notational
complications of this general case. Z = MT—1/2 fol XT(r)dWws(r) =4 N(O, 1)
and Z'P 4, Z is a Gaussian quadratic form. The projection matrix Py, =

—1
Ans (A; S'A”:S> .A;,,  has rank ¢ = rank(A,,5) = rank(R,,s) for all finite n
and is deterministic. This matrix projects onto the g-dimensional range space
of the (m + 1) x m matrix A, 5, where in (1.52) we have

Al g =RysM™12 — ReMT™12 =1 Ag, (1.53)

for which the limiting rank is rank(A4s) = r, the same as the rank of
the matrix Rs. The (m + 1)-dimensional limiting projection matrix P4, =
Ags ( /SAS)+ Aj therefore has rank r. As in the examples discussed above, an
explicit form of the projector P 4 can be found as follows. Use the expression

for the limit matrix Ry given in (1.51), and let {ag};":ﬁl be the rows of the posi-

tive definite matrix M~1/2 = (J X ()X ()/dr)~1/2. Then the (m + 1) x ¢
matrix Ag can be written as

As=MIPR =] cimdy, ea, - g, (154

in which the selection operator S removes those columns for which ¢; = 0 so
that Ag has the stated dimension (m+ 1) x ¢ withg = le qil{c; # 0}. What
remains in the matrix Ag are r linearly independent columns which we assem-
ble in the (m+ 1) x r matrix As = [c1a1, c2a2, - -+, ¢pap |5, Which is easily seen

to have full rank » because the matrix ( fol XTXT(rYdr)~1/? is nonsingular.
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It follows directly that the projector P 4, projects onto the range space of the
matrix Ag and is therefore equivalent to the projector P4, by uniqueness. The
limit distribution of the Wald statistic W, is then Z'P 4, Z = Z'P4 Z =4 sz,
as stated in (1.52).

1.5 Conclusion

As is apparent from the analysis in the last section, testing multiple hypoth-
eses in models with trend regressors involves complexities that can affect the
degrees of freedom of the limiting x? distribution. Whereas the least squares
coefficients themselves, upon suitable centering and matrix normalization,
have a standard limiting nonsingular normal distribution, Wald statistics based
on them can suffer from degeneracies that are induced by the nature of the
hypotheses being tested. These arise through the algebraic interaction of the
normalizing matrix and the matrix form of the hypotheses being tested. The
heuristic explanation is that lower rates of convergence in estimated coeffi-
cients inevitably dominate the limit theory, so that hypotheses involving linear
combinations of coefficients estimated at different rates end up in the asymp-
totic theory being dominated by the variation of the coefficients estimated at the
lowest rates, a feature that can induce degeneracy in multiple hypothesis test-
ing when several hypotheses are of this type. As we have seen, this degeneracy
leads to some algebraic complexity in a general analysis. But the heuristics
remain accurate even in such cases and should enable a straightforward com-
putation of the nondegenerate component in the Wald statistic limit theory and
the appropriate degrees of freedom in the limiting x 2 distribution.

While these features of trend regression induce potential degeneracies in the
limit theory of Wald statistics for multiple hypotheses, the finite sample distri-
butions typically do not suffer from the same reductions in degrees of freedom,
as the analyses above make clear. The higher-order terms that disappear in
limit theory may have a considerable influence in finite samples. These effects
and the adequacy of the asymptotic theory may be investigated by simulation
experiments and formal asymptotic expansions to reveal their importance in
practice. Such an investigation is left for future research.

1.6 Appendix

Lemma 1.6.1 [In the deterministic m-vector sequence am = a(ﬁ), the
function a(-) is assumed to be of bounded variation and partial sums of u,

are assumed to satisfy the functional law #ﬁ Z[Lirlj u; ~» By(r) where B,

is Brownian motion with variance o* = V() = 2xf,(0) > 0. Then

\/Lﬁ Yo Aty ~> fol a(r)dB,(r) =N (O, w? fol a(r)a(r)/dr).
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Proof The proof is by partial summation. Note that A(f;g;) = (Af)g: +
fi—1Ag;. Summing the left side of this equality gives > 1 A(fig) = fugn —
Jogo and summing the right side gives Y . (Af)g: + Y s fi—1Ag:, which
leads to the following partial summation formula

n n
> (Mg = fugn — fogo — Y _fi-1Ag:. (1.55)

=1 =1
Define the partial sum process S; = ZJ p u; with So = 0. Applying partial
summation as in (1.55) we have Y/ a(L)u; = Y7 a($)AS; = a(1)S, —

Yo S (a(é) — a(%)). Then upon standardization by /n the following
weak convergence holds as n — oo:

£u(t) oy £ ()

=1
t 1
e a(1B(1) — f Bu(r)da(r), (1.56)
0

because —= f ZWIJ u; ~~ By(ryand Y1, S‘ - Aa (£) ~ fol B, (r)da(r) by virtue
of Riemann—Stieltjes integration which may be employed because the limit
process By () is continuous almost surely and a(-) is of bounded variation by
assumption. We may then define the Wiener stochastic integral fol a(r)dBy(r)
with respect to Brownian motion by virtue of the integration by parts formula

1

1
/ a(r)dB.(r) = [a()B(r)]y — / By (r)da(r)
0 0
1
= a(1)B,(1) — / Bu(r)da(r). (1.57)
0

The functional fol a(r)dB,(r) is Gaussian with zero mean and variance matrix
w? fol a(r)a(r)dr since Brownian motion has independent increments and
E (dB.(s)dB,(r)) = w?dri{r = s}. The special case considered in the paper
involves time polynomials of the form a( t) = (’ )¢ for integer k& > 0 and then

Jo By = N (0,02 3 Podr) = N(o 2). .

> 2p+1
Remark

(ii1) More general versions of Lemma 1.6.1 hold and are proved in the same
manner allowing for stochastic integration of bounded variation functions,
including stochastic functions, and for functional laws to continuous sto-
chastic processes other than Brownian motion. For instance, suppose the
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time series u; is such that - thrlJ u; ~» Y(r) where d,, is an increasing
. . n - . . .. .
numerical sequence with d, — oo and Y(r) is a limiting stochastic process

with continuous sample paths almost surely. Then

" t Uy Sn " St—l t
Bl I A Aal 2
D d (n) a, — > 4, ¢ <n)

=1 =1

1 1
s a(H)Y(1) — fo Y(r)da(r) =: fo a(r)dY(r).
(1.58)

With an appropriate choice of the normalization sequence d,, (1.58)
includes the case where Y(r) = By(r) is fractional Brownian motion with
Hurst parameter H. Further, if P, = Zézl Sy then it follows by continu-
ous mapping that a suitably normalized version of P, satisfies the weak
convergence ﬁPWJ = %Zi‘:l fl—; ~ [o X(q)dg =: Y(r), which is of
bounded variation because Y(g) is continuous. We therefore have

E — ld_n - ndy, dy

1l — _uw, PSS, &S 1
P L —AP
2 dy nd, '

1 1 B
«»—)/ Y(q)qu(l)—/ Y(r)dY(r)
0 0

1 1
= Y(1)Y(1) — /0 Y(r)dr =: /0 Y(r)dY(r),
(1.59)

by Riemann—Stieltjes integration, thereby defining the Wiener stochastic
integral fol Y(r)dY(r) with respect to Y(r).
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