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Abstract

To avoid possible distortions introduced by seasonal adjustment, econometricians may
want to work with non seasonally adjusted data. Without a prioris on the DGP of
the seasonal features, this involves numerous seasonal and non seasonal unit root and
cointegration rank tests that may imply pretest biases. Drawing on Toda and Yamamoto
(1995) lag-augmented approach, we show how we can estimate VAR’s formulated in levels
and test for general restrictions on the matrix parameters when the processes may be
integrated or cointegrated at various frequencies and of various orders. When introducing
in a levels VAR for each variable at least as many additional lags as the number of unit
roots present in its individual data generating process, we show that the Wald test statistic
associated to nonlinear constraints on the initial VAR parameters is asymptotically chi-
squared distributed. Size and power properties of this approach are illustrated with a
Monte Carlo exercise

Key-words : test, seasonal unit roots, seasonal cointegration, seasonal adjustment

JEL code :C12, C32, E32

1 Introduction

Many macroeconomic and financial intra-annual time series present regular patterns associated
to seasonal causes (biological, meteorological or institutional ones). In their attempt to model
these time series and test for hypotheses about their Data Generating Process, econometricians
can adopt two approaches. They can seasonally adjust them to remove the seasonal patterns
from the data or they can try to explicitly model the seasonal features. Both approaches have
their limits and advantages, particularly when the econometrician wants to model simultane-
ously a set of variables with VAR-type models.

Most practitioners use seasonally adjusted data. They pile up in a vector separately sea-
sonally adjusted components since the usual seasonal adjustment statistical procedures are
univariate. This treatment nevertheless may have altered the original relationships between

*I thank participants to EC2-2007 conference (Faro, University of Algarve), ESEM2008 (Milan), Toulouse
University seminar for their useful comments. Remaining errors are my sole responsibility.



the variables. This is a long-standing issue. It was a subject of research in the seventies (Porter
(1975), Geweke (1979), Plosser (1979) and Wallis (1976)) but then sank into oblivion. Today
seasonal adjustment softwares offer a large number of optional statistical treatments that are
applied independently on each time series as well as several different or data-dependent filters.
For instance, seasonally adjusted data in the middle of the sample are obtained by various
linear combinations of past and future values. According to the selected statistical approach,
the choice of these linear combinations can be data driven or data dependent. Sims (1974) and
Wallis (1974) pleaded for the use of the same linear filter to all series appearing in a multiple
regression to avoid distortion in their relationships. Similarly, occurrence of outliers at the same
dates or around the same dates in different time series is an informative feature that may not
be preserved by automatic statistical detection and correction of outliers implemented in these
softwares. At last, most of the filters that are used in this statistical treatment can lead to over
differenced processes at the seasonal frequencies and may lead to the non-existence of finite
order VAR approximation (Maravall (1993)).

When the econometricians work on non-seasonally adjusted data, they have to model their
seasonal features. They can resort to a deterministic modeling of the intra-annual movements
or a periodic stochastic accumulation of shocks, in other words, the introduction of unit-roots at
seasonal frequencies related to the observation frequency. Specification tests have been designed
to discriminate situations in which one approach is more in concordance with the data than the
other one (Canova and Hansen (1995), Caner (1998), Hasza and Fuller (1982), Said and Dickey
(1984), Hylleberg, Engle, Granger and Yoo (1990), Smith and Taylor (1998) among others).
In practice from empirical studies, it seems that numerous time series can be parsimoniously
described as integrated ones but at a subset of the eligible frequencies. Unfortunately, these
tests as well as tests for unit root at zero frequency (Dickey and Fuller (1979), Phillips and
Perron (1988) inter alios) are known to have a low power against their respective alternative
hypothesis. These power properties can be improved (Elliott, Rothenberg and Stock (1996),
Ng and Perron (2001), Gregoir (2006), Rodrigues and Taylor (2007)), but the gain remains
limited. When working simultaneously with several seasonally integrated processes in a multi-
variate set-up, the practitioner is naturally confronted to the problem of cointegration (Granger
(1983)) and seasonal cointegration (Engle, Granger and Hallman (1989)). (S)He must deter-
mine the presence of seasonal cointegration at each possible and reasonable frequency and the
dimension of each cointegration space to be able to specify and estimate a VECM that involves
various error correction terms. Tests and estimations procedure have been developed (e.g.
Johansen (1988,1991), Harris (1997), Phillips and Ouliaris (1990), Stock and Watson (1989),
Lee (1992), Johansen and Schaumburg (1999), Gregoir (1999), Cubbada (2001)). Simulation
studies (Reimers (1992) and Toda (1995) inter alios), have shown that at frequency 0, these
tests for cointegrating ranks in the maximum likelihood framework are sensitive to the values
of nuisance parameters in sample sizes that are typical for economic time series. This means
that standard approach consisting of testing for economic hypotheses conditionally on tests for
the presence of various unit roots and cointegration ranks may suffer from pretest biases.

However the alternative of working directly on level VAR model is not straightforward.
Sims, Stock and Watson (1990) and Toda and Phillips (1993) have shown that the Wald test
statistic of linear constraints based on levels estimation may have non-standard asymptotic
distributions and may depend on nuisance parameters. Toda and Yamamoto (1995), Dolado
and Liitkepohl (1996) and Yamamoto (1996) have proposed a simple way to overcome these



problems in hypothesis testing when working with levels VAR for VAR processes that may have
unit roots at frequency 0. Toda and Yamamoto (1995) propose to introduce at least as many
additional lags as the highest order of integration at frequency 0 in the model at hand. This
allows for testing for linear and nonlinear restrictions with standard Wald test statistic on the
coefficients by estimating a levels VAR. This is nevertheless at the cost of a possible inefficient
use of the information and may have consequences in terms of size and power of the hypothesis
tests in finite samples (Kurozumi and Yamamoto (2000) ).

We propose to extend their approach to the situation of a DGP with possibly different roots
on the unit circle and cointegration. We first give a simple example with seasonal unit roots
which leads to a situation similar to those illustrated by Sims, Stock and Watson (1990) and
Toda and Phillips (1993). This motivates our interest in a procedure that extends Toda and
Yamamoto (1995) approach to more general DGPs. We then state an algebraic property that
allows us to rewrite a levels VAR model in terms of covariance stationary variables and a set
of integrated variables at each frequency involved in the DGP. This allows us to derive the
asymptotic distribution of a Wald test statistic of non linear restriction on the VAR matrix
coefficients in a lag-augmented regression. As soon as the number of lags is larger than the
original one augmented for each component of the number of unit roots present in their individ-
ual generating process, the Wald statistic is asymptotically chi-squared distributed. This thus
allows the practitioner to run test in a VAR model of non seasonally adjusted data without
testing for the presence of seasonal and non-seasonal unit roots and seasonal and non-seasonal
cointegrating relationships.

2 Introductory example

We first illustrate that the Wald test statistic of linear constraints based on levels estimation
may have non-standard asymptotic distribution and depend on nuisance parameters when some
seasonal unit roots are present in the Data Generating Process. This is quite similar to Sims,
Stock and Watson (1990) and Toda and Phillips (1993) results. We focus on a simple case. Let
us consider the following bivariate VAR(1) model:

Yt = QalYi—1 + &t (1)

- 0 «o n
= _i o ) Y171 ¢E

where a # 0 and {e;} is a bivariate strong white noise with Ve, = I5. ¢, (L) = Iy — ¢ L is such
that det ¢, (L) has two unit roots {i, —i}. It can be shown that the process {y;} is integrated
of order 1 at the two frequencies 7 and -7 and cointegrated at these frequencies (cf. section
6). We are interested for instance in testing for Hy : ¢,12 = « and propose to consider the

associated Student test statistic. We have the following result:

Lemma 1 Let (}5&,12 be the OLS estimate of ¢a12 in (1), then
a%{( a 0 )de(s>W(s)'ds< o )}
L(1 ai )fW(s)W(s)/ds( - )

—Q

T <$a712 — Oz) =
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and

uno _ { 0) [dW (s W(s)'ds( o )}

\/T \/5 1 i fW(s)W(s)'ds( 1.)

—Q

where W (s) = Wg (s) +iW; (s) with Wg (s) and Wi (s) two independent bivariate real Wiener
processes whose variance-covariance matmx is equal to Is.

The OLS estimator is superconsistent but its asymptotic distribution is not Gaussian and
depends on the value of a. The Student test statistic is not asymptotically normally distributed
and depends on the value of a. In section 6, we give the form of the VECM satisfied by this
process and use it to study the small sample properties of the test procedure we are now
introducing.

3 General objective

In this section, we introduce the general objective of this paper as well as our framework. This
requires stating some definitions and introducing some notations and assumptions. We start
from the well-known definition of integratedness, then describe the data generating process of
the process under study and the problem we are interested in. We work with complex processes,
this simplifies the notations. The case of real processes is derived in this framework by adding
constraints that will be detailed in a set of footnotes when necessary as we go along.

A purely non deterministic process integrated of order d at the only frequency w is such
that when we apply the first difference operator at this frequency raised at the power d, we
get a covariance-stationary process (that is not overdifferenced). We denote this first difference
operator 0, (L) = (1 —e ™L). This is a complex operator. The definition of a univariate
integrated of order d process at the only frequency w takes then the following form:

Definition 2 A univariate purely non deterministic process {z },o, is said to be integrated of
order d € N at the only frequency w € |—m, w|, if it is such that

(1—e L)'z =

where {n},c, s a (complex) purely non deterministic covariance stationary process such that
its spectral density is strictly positive at frequency w.

In practice, univariate processes can be integrated of various orders at various frequencies,
in particular non-seasonally adjusted processes may parsimoniously be described as processes
simultaneously integrated at various seasonal frequencies. This is the framework used in stan-
dard seasonal adjustment procedure such as X12 or TRAMO-SEATS. The appropriate set of
first difference operators must then be applied to get a covariance stationary process that is
not overdifferenced®.

"'When the process under study is real, if w ¢ {0, 7} is a frequency of integration of order d, then necessary
so is —w with the same order d (see Gregoir (1999a)). In these circumstances, to obtain a stationary process
we must apply to the integrated process the first difference operator at both frequencies raised at the power d.
The corresponding real first difference operator is equal to &,,(L)d_., (L) = (1 — 2coswL + L?).
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In this paper, we consider a n-dimensional process {1 },., whose data generating process is
given by: for t > —p,
ye = d(t) + x (2)

where

(1) d(t) is a deterministic function that involves trend and sinusoidal polynomials of various
degrees at D different frequencies: for each frequency @; in {&y,...,wp} € |-, 7T]D we
denote g; the degree of its polynomial,

d (t) = Z <ZJ ﬁjktkez@jt> (3)

with {(ﬁjk)ke{orwqj}}je{l D a set of n-dimensional vectors

(4) {2:},cz 18 a n-dimensional process that satisfies a p'-order vector autoregression

v, = ¢(L)w+ & (4)
Z Gjai—j + e
=1

where p is supposed to be known, we initialize (4) at t = —p+1,...,0 with O, (1) random
vectors and the process {¢;},., satisfies the following property:

Assumption 3 : {e}, , is n-dimensional martingale difference satisfying F (e¢ |[F;—1) = 0,
E (g} |Fio1) = Q > 0 and sup, £ (maxae{lwn} |esaﬂt|2+‘S |]-"t_1) < +o0 a.s. for some 6 > 0,
where F;_; is the o-field generated by {e;_,,7=1,2,...}.

(i17) {2}y is integrated of various orders at S different frequencies {wy,...,ws} € |-, 7]°

and may be cointegrated at each frequency. This means that the polynomial det (I — ¢ (u))
has several roots on the unit circle.

For sake of simplicity, we assume that all the components of x; are integrated of the same
order at the same frequency. It is possible to consider situations in which each component is
integrated of different orders at each frequency, this makes the notations more cumbersome. In
the sequel, we detail in a set of remarks how the results can be generalized to this situation
since we refer to this situation in the introduction and abstract. For each frequency w; €
|—m, 7] , we denote d; the order of integration common to all the components. The integration
structure is therefore summarized by the set I, = {(w;,d;) € |—m, 7] x N,j =1, ..., S}. For the
process {x;},., characterized by I, we introduce the generalized difference operator A, (L) =

Hle 5% (L) that is such that A, (L) x; is a n-dimensional covariance stationary process whose
spectral density of each component at each frequency w;, 7 = 1,...,S is strictly positive. We
denote d, = Zle d; the degree of this polynomial A, (L) .

Substituting z; = y, — d (t) into (4), we get

ye=d(t)+¢(L)y +e (5)
5



where the vector coefficients of d (t) are functions of {ﬁjk}ke{oj_“’%}, j € A{l,...,D} and ¢y,
le{1,...,p}. Note that if some frequency w; in the deterministic part d (¢) is a frequency of
integration of {x;},, , the degree g; in d (t) of the associated deterministic sinusoidal polynomial
might be lower than the degree ¢; in (3). For instance, when D =1, S = 1, &1 = w; and the
process is integrated of order d;, but not cointegrated at this frequency, we have I,, — ¢ (L) =
84 (L) (I, — ¢1 (L)) and the degree of the deterministic function at this frequency is ¢; = ¢ —d;
(when ¢; —d; > 0). In the sequel, we denote ¢ = Z]D:l ¢; the number of the linearly independent

deterministic functions that span the vector space in which d (t) takes its values

d (t) — Z /Bjktke—lw'jt
k=0

j=1 =

Our interest does not lie in whether the process {;},., is integrated or cointegrated at the
different frequencies, but in testing the following hypothesis:

Ho: f (vecg) =0 (6)

where vecg is the vector obtained in stacking the columns of the (n x np) matrix ( o1 .. Pp )
from equation (5) and f (.) is a m-vector valued function satisfying the following assumptions

Assumption 4 : f(.) is a twice continuous differentiable function which is such that in the

neighborhood of the true value of veco, the jacobian matrix % 15 full rank.

Drawing on Toda and Yamamoto (1995) lag-augmented VAR approach, we consider esti-
mating by ordinary least squares (OLS) a levels VAR

p Pa
y=d(t)+> by i+ D Gkynte (7)
j=1 k=p+1

where p, > p + d to test for Hy with the p OLS estimates of the {¢;},_,  in (7). Our main
objective is therefore to show that the standard Wald statistic of Hy based on OLS estimates in
(7) is asymptotically chi-square distributed with m degrees of freedom as soon as p, > p + d,.
Our result relies on algebraic and statistical properties. The next section is devoted to algebraic
properties of matrix polynomials that allow us to reformulate the test problem under study and
the following one deals with statistical properties of the OLS estimators. For sake of simplicity,
in this latter section, we limit our attention to at most I (1) processes at a set of a priori
known frequencies with linear trend and seasonal dummies. [ (2) processes at frequency 0
were considered by Toda and Yamamoto (1995) as they sometimes are used to describe some
macroeconomic nominal variables, but I (2) processes at seasonal frequencies do not seem to
be used in practice.

4 Algebraic results and reformulation of the null hypoth-
esis

We first work on a reparameterization of the matrix polynomial associated to the VAR (p) model
and then illustrate this reparameterization in some standard examples. Finally, we show that
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the Wald statistic of Hy can take two equivalent forms, one of them involving matrix coefficients
associated to covariance stationary regressors, which is an indication that standard asymptotics
applies.

4.1 Polynomial factorization

We first rewrite the matrix polynomial ¢ (L) under a form that involves p lagged values of
covariance-stationary processes and a set of d, processes that are integrated at each frequency
and each intermediate order of integration of the data generating process. Furthermore, we show
that the p matrix coefficients associated to the covariance-stationary processes obtained in this
reparameterization are in a one-to-one correspondence with the p initial matrix coefficients
{¢j}j:1,...,p , so that it is possible to translate a set of constraints on the latter in an equivalent
one on the former. These results are presented in a Theorem and a Lemma. Their proofs are
given in Appendix. Toda and Yamamoto (1995) approach corresponds to a particular case of
this algebraic framework.

Theorem 5 Let ¢ (L) be a (n X n) matrixz polynomial of degree p

¢ (L) =1L+ ...+ ¢,L"

where the (¢, )J: are (n X n) possibly complex matrices. There exist two (n X n) matrix
polynomials 1) (L) (the quotient) and R (L) (the remainder) of respective degree p and d, — 1
such that

¢(L) = A (L) (L)+ LFHR(L)
(L) = YiL+... +,LP

and there exists M a full-rank upper triangular (p X p) matriz such that

(v oo ) =(d1 ... 6,)M&I,

We emphasized that the matrix coefficients {¢;},_,  are linear functions of the initial
matrix coefficients {¢;},_, but this also holds for the matrix coefficients of R (L). The
relationship between the two sets of parameters is linear.

Remark 6 When the components of {x:},., have various orders of integration at various
frequencies, we have to introduce the sets I.,, a € {1,...n}, associated to the integration

structure of each component {xavt}ae{l ez and the related generalized difference operators

{A;a) (L)} a such that A (L) zar is a univariate covariance stationary process with
ac 900y

a nonzero spectral density at the associated frequencies. We note d the degree of AW (L).
We then apply the above Theorem when n = 1 on each polynomial coefficient of the matrix
polynomial ¢ (L) = [¢va ()] 0yeq1..my2 10 the following way:

Gba (L) = e (L) AL (L) + L Ry (L)



where ¥y, (L) and Ry, (L) are of respective degree p and d” — 1. We set all these equations
in a matrix equation where AY (L) stands for the diagonal matriz whose elements are equal to
AW (L) as follows

¢ (L) = (L) AP (L) + L' R (L)

x

where the degree of the polynomials in the a'™ column of R (L) is dw 1.

We now introduce a set of difference operators that when applied on {z;},., give integrated
processes at a single frequency. For j = 1,...5, we put A, _; (L) = ngljk# 0% (L), that
is such that {A, _;2:},., is Lo, (d;). An algebraic result allows us to decompose the remain-
der R (L) into the sum of polynomials that when applied on {y},., involve processes that
are integrated at an only frequency and are therefore constructed with the set of operators

{Az—j}jeqn, sy- This corresponds to the property that {(Axyj (L) b, (L)k> }
k=0,...d;—1

is a basis of the polynomials of degree at most d, — 1. We state a general result.

j=1,...8

Lemma 7 For any polynomial matriz Q (L) of degree d, — 1, there exist S unique matriz
polynomials of respective degree (d; — 1), j=1,...,5

dj—1
Qi (L) =) QiL*
k=0
such that the matriz polynomial Q (L) can be rewritten under the following form:
S
QL) =) Qs (0, (L) Asry (L)
j=1

It follows from Lemma 7 that the polynomial matrix R (L) introduced in Theorem 5 can be
rewritten under the following form:

where the R,;’s are polynomial matrices of respective degree d; — 1. When R (L) is applied
to vy, the vector space spanned by y; and the d, — 1 lagged variables can be decomposed into
the direct sum of S subspaces, each of them generated by processes integrated at one of the
frequencies under study, say w;, with orders from 1 to d;.

Remark 8 When the components of {x:},., have various orders of integration at various fre-
quencies, we have to complete the notations introduced in Remark 6 . Let S, the number of
integration frequencies of the a'® component and dEa) their respective order of integration, j €

{1,...5.} . We then introduce the sets of operators { (Ai“)_] (L) = Higlx,mk# S (L))jg }

Wk

ae{l,..n}



, that 1s such that {Agl)_jxa,t} is 1, (dg‘”). Lemma 7 can be used but on the column struc-
’ teZ

ture of R(L). For the a'™ column, there exist S, unique vector polynomials of respective degree

<d§“) _ 1), j=1,..8,

Rjq (L) = Z RjkaL*

k=0

such that the a'™ column of the matriz polynomial R (L) can be rewritten under the following

form:
= > Ria (0, (D) AL (1)

JEI(IJ a

4.2 Examples

We illustrate the above results with simple examples associated to quarterly and monthly
data. First, we consider a real n-dimensional process whose components are supposed to be
integrated of order 1 at each seasonal frequencies associated to quarterly observations, namely
{O, 5 g,w} = {wy,ws, w3, ws}. We limit the deterministic terms to seasonal dummies and a
constant term. It is well-known that the space generated by these deterministic functions is also
spanned by the four real functions {1, oS ;—Tt, sin §t, cos 7Tt} . Using the relationships cos 5t =
(et +e7'2") and sin Tt = L (e’ — e7'2"), we parameterize the deterministic function as
follows

d(t) = o+ P-ze + Bze 2" + B (1)
with Bz = @ to ensure that d (¢) is real. We start from

Y = d (t) + Tt
P
Ty = Z GjT—j + &
j=1

The generalized first difference operator is the usual seasonal first difference operator
A (L) = 1-L)(1—e L) (1—¢2L) (1—e'2L)
- - (1 1)
- (-1
It is such that A, (L) d (t) = 0. Equation (5) takes the following form

=({I-¢(L) +Z¢Jyt jte

7j=1

Theorem 5 and Lemma 7 can be applied to ¢ (L) and (I — ¢ (L)). We keep to the notations
introduced above for ¢ (L) and set

4
I—=(L)=C(L)A (L) + LMY QA
j=1



It is such that Q;A, _; (e7™i) =T — ¢ (e~™4) and therefore

(I—9¢(L)d(t) = (U—0)Bo+ I —0¢(—1))bx (_1)t7p71
+(I = ¢(i)) Bz e3P 4 (I — ¢(—i)) Bre~ 30727
= d(t)

This allows us to rewrite the DGP equation as follows

p
> b W = yjea) + (R (L4 L+ L7 + L) gy

+R2 (1 —iL — L2 + ZLS) Yt—p—1 + Rg (1 + iL— L2 - ZL3) Yt—p—1
F R (1= L+ L~ L)y i) v +d (1)

where

{L+ L+ L2+ L) yi}yeqs

{0l — L2 4L 41} o,

[+l — L2 —il* y} ey

and

(1= L4172 L)y}
are respectively integrated of order 1 at frequencies 0
we have

, 5, —5 and 7. For instance, when p = 1,
v = Sy +d(t) +e
& (Y1 — Yi—s) + Oyr—5 + d (t) + &
= ¢ (Y1 — Y—s) + e +d (1)
1
+=0 (Y42 + Y3+ Yt—a + Yi_5)

4
—;ﬁb (Yt—2 — 1Y1—3 — Yp—a + 1Ys—5)
+Z¢ (Y2 + Y3 — Yr—g — Ys—5)
1
_Z¢ (Yt—2 — Yt—3 + Y1 — Yt—5)
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and when p = 4, we have

4 4
v o= > b W=t )+ Y b+ d(t)+e
=1 =1

4
= Z G5 (Yi—j — Yeja) +d(t) + &
j=1

4
1
+Z ; %) (Ye—5 + Y6 + Yo7+ Yi—s)
A
+Z Z 61(]_1)2¢j> (Y5 — Y6 — Ye—7 + 1Ys—3)
j=1
A
+Z Z 6_2(3_1)2%') (Ye—5 + Y6 — Yo7 — 1Ys—8)
j=1

4
+Z ; ei(jl)ﬂ@‘) (Y1—5 — Yt—6 + Yt—7 — Yt—3)

Second, we consider a real n-dimensional process whose components are supposed to be
integrated of order 1 at each seasonal frequencies associated to monthly observations, namely

5w 2 ™ ™ T m™ w 2w 5w

{_F’ T3 T 9 T3 —%, 0, 673192730 6 7T} = {wj}jzl,.__jlz. We limit our attention to a DGP
without deterministic terms

p
Yr = Z Ojyr—j + €
j=1

The generalized first difference operator is the usual seasonal first difference operator

12

A (L) = J[(1-e™1L)

j=1

— (1-1LY)
and the family of difference operators that define processes integrated of order 1 at each par-
ticular frequency, say wj, is given by

11

Am,—j (L) — Z e—ikijk

k=0

Theorem 5 and Lemma 7 allow us to rewrite this equation as follows

p 12 11
Y = Z Vi (Ye—j — Ye—j—12) + Z R; (Z ezkij’“> Yi—p—1 + &t
j=1 j=1

k=0

D 11 12
S ) £ 7Y (Z 6‘”1”}%’“) e

=1 =0 \ k=1

11



When p = 12, we get
12 12 1 12 11
j=1 j=1 1

= k=0

4.3 General test procedure

Testing for Hy with OLS estimates derived from (7) will correspond to testing with stan-
dard Wald statistic ignoring the under the null zero matrix coefficients introduced in the
lag augmented regression. The Wald test statistic can be derived from iterative applica-
tions of Frisch-Waugh Theorem. It is convenient to write (7) with matrix notations as fol-

lows: Let 7 be the d x T matrix whose columns 7 are equal to ( Tit --- TDt )I where
Tjt = < it po—i@it  ydj =it ) for j =1,...D, y_1 the np x T matrix whose columns
are equal to ( Yior - Yiyp )/ and y_,, the n(p, —p) x T matrix whose columns are equal
to ( Yip1 - Yippa ) and y and ¢ the n x T" matrices whose columns are equal to y; and
Ety then "

y=0T+¢y1+ Py, +e (8)
with [ :(ﬁm . Bz, ) 6 =(¢1 ... ¢p)and & = (p1 ... by )

(nxnp) (nXn(pa—p))

(nxd)
Let Pr = Iy — 7 (7)) "' 7 and
_ _ —1
Py, =P —Py_, (yp. Y ) Yp.Pr

the Wald statistic is equal to

-, B |
w =/ (vecd) [afeiw {oaP, 7)) 00 81()96J;¢] f (vecd) 9)

=/

With;ﬁ:y T (Y Py ygl)_ and Q. TEE .
From Theorem 5, we know that we can rewrlte (5) under the form
ye = d (t) + ¢ (L) Ay + R (L) Yt—p-1 T E
where ¢ (L) = ¢y L + ...+, L” and

(¥ o ) =(r ... 6,)M®I,

with M a full ranked matrix. It follows that f (vecp) = 0 can be expressed with this new set of
parameters under the form f ((M™1) ® I,) ® I,vecy)) = g (veeip) = 0. In the neighborhood
of the true value of vecg, the jacobian matrix z - 5 is assumed to be full rank which ensures

thaf{the jacobian matrix 8iiw = 6fefc¢ (((M_l), ® 1,) ® Iyvect)) ((M_l), ® 1,) ® I, is also full
rank.

From Lemma 7, we can rewrite (5) under the form

yr = d (t) + ¢ (L) Dgyr + Z R; (0u;) Do jY—p1 + &t (10)
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which we also write with matrix notations as follows : Let A,y be the np x T matrix whose

columns are equal to Axyfjll, = ( JAVS T/ A W VA )/ and z_, the nd, x T matrix whose
columns z; are equal to ( 214 .. 2S¢ )/ with
_ ’ / dj—1_ 4
Zit = < Azyijtfpfl Ax,,j(iujytfpfl e Azp,fjéwj ytfpfl ) 5
then B
y=pT+YAy+ Rz p+e¢ (11)
with Q/J :<’QD1 %,)and R :(Rl Rs)Wlth Rj :(ij Rj,dj—l)-
(nXxnp) (nXndg) (nxnd;)

When p, > p + d,., we apply the algebraic reparameterization of Theorem 5 and Lemma 7 to
a matrix polynomial of degree p, — d, > p obtained by introducing p, — p — d, additional lags
with zero matrix coefficients. Equation (10) takes the following form

S
ye=d (1) + 1 (L) Aat + L7 (L) Ay + D> Ry (0,) D jtt—po—1 + & (12)
j=1

where £ (L) is a polynomial matrix of degree (p, —p — d, — 1). Since the matrix M in The-
orem H is an upper triangular matrix, the linear relationship between ( 1o Yy ) and
( o1 .. Py ) is preserved. Similarly, the space spanned by the regressors in (7) is the same
one as that spanned by the regressors in (12), it follows that the OLS residuals and the esti-
mate ). are equal in both regressions. With obvious matrix notations, equation (11) takes the
following form B

y=pT+YAy+ Ay, + Rz, + €

or equivalently B B
y=pT+vAy+ Rz +¢ (13)

with z = ( Ay, 2, )/ and R = (5 R).
We can now show that testing for Hy : f(vecp) = 0 is equivalent to testing for H| :
g (vecyp) = 0. The Wald test statistic can again be derived from iterative applications of Frisch-

Waugh Theorem. This gives:

- A -1
Lemma 9 Let P- = Iy — 7 (7‘?’)717 and P = P. — PTE’J (ZPT%J) ZP. , we get that the
standard Wald test statistic in (9) is such that

—_— _ —— !
g <U€C7Z)\> lﬁv(ziw’ {(AwszA_xy/> 1 ® ﬁg} 839901/) ] g (U@CIZ) =&w (14)
~ - IR |
with § = yP:Ayy (AyPBy)

We now turn to the analysis of the asymptotic distribution of (14) which is also that of (9).
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5 Asymptotic analysis

The formal asymptotic analysis of Hy testing in VAR'’s relies on the asymptotic behavior of the
partial sums of the process

~ / / / !
At = ( Aa:yt—p—l A$yt—pa Ft—pa-+p )

introduced in (13) and its cross-product. We limit our attention to processes that are at most
integrated of order one at the various frequencies present in the DGP, possibly cointegrated
at each frequency in presence of a deterministic trend and a set of seasonal dummies. Toda
and Yamamoto (1995) consider VAR processes that are integrated at most of order two at
frequency 0, which allows for polynomial cointegration and makes the analysis more worked
out. Empirically, cases of polynomial seasonal cointegration introduced by Gregoir (1999) do
not seem frequent and for sake of simplicity we do not consider this situation. The basic
arguments are nevertheless quite similar and could be extended to deal with this situation. We
start by describing the DGP of the multivariate process under study, we then introduce some
operators that allow us to summarize under a convenient form in three Lemmata the asymptotic
properties of regressor cross-products. At last, we establish that as soon as p, > p+.5, the Wald
test statistic (14) is yo—distributed with the usual degrees of freedom, invariant to whether the
process is covariance stationary, integrated of order one or cointegrated at the set of frequencies
under scrutiny.

5.1 The data generating process

The DGP we deal with in this section is given by (3) with D = S, {&y,...,wp} = {w1,...,ws},
wlzoaqlzlavj#qu:O

S
d(t) = B + Put + Z Bjoe” 1"
=2
where d (t) is real so that Vw; € ]0,7[, 3k € {2,..., S}, such that wy = —w; and By = B;, and
(4) where the real process {x;},., may be I (0), integrated and cointegrated at the frequencies
{w1, ..., ws}, technically speaking we write

Pa
Ty = Z qul’t_j + &¢ (15)
j=1

where the roots of the polynomial det (]n — ?il Pul ) have moduli larger than one or are in

{e™i} j=1...s- This last equation can be written in a VECM format in applying Theorem 5 to
the matrix polynomial I — ?;S ;L7 = (L) A, + [P~ R (L) with A, = 1 — L. This
gives

Pa
Ay = (L) Apwy + L5 R (L) 4 + Z PjTi—j + &
Jj=pa—S+1

with
Pa

L»STRL)+ Y @l = L STII(L)
Jj=pa—S+1
14



where I (L) is a matrix polynomial of degree S — 1 than can be decomposed by Lemma 7 into
the basis of polynomials {A, _;},_, . This gives the following VECM equation:

pa—>9
Ayxy = E ’l/}jA e g WkAx —kTt—pa+S—1 T €t
7j=1 k=1

where all the matrix coefficients {¢;},_, o are real and some matrices m; associated to
frequencies different from 0 and 7 are complex and such that if 7, is associated to wy then 7
is associated to —wy. This equation is similar to those proposed by Johansen and Schaumburg
(1999) or Gregoir (1999a) with different notations. In particular, since the last equation is just
a rewriting of (15), we have

e~ i(Pa—S+1)w
— 1jwi
M= ———————— E pje
A% k e“’k i€

When e™* is a root of the polynomial det < Zp L QU ) the rank of 7 or equivalently that

of <In — ?“:1 gbje”w’“) is necessarily less than n. The matrix m; is such that m, = Osz;; for
some « and (3 that are n x r, matrices of rank r,. Notice that 7, can be equal to 0; in this
case, we set 1, = 0 and there is no cointegration at this frequency. To ensure that the order
of integration is at most 1 at each frequency, we must rule out polynomial cointegration, this
corresponds to the following set of conditions (Johansen and Schaumburg (1999)): for all &

Pa
L (Z j¢j€ijw’“> B, 1 is full rank

J=1

where ay 1 and By 1 are full rank (n x n — ry) matrices such that @ oy, = 0 and B;C’lﬁk =02
In the sequel, we assume that the above conditions are satisfied. In the matrix notations of (13),

for the DGP under study, we have z = ( Ay, 2, )/ where columns of A,y_,, are equal to

/ /!
(Azyipr - Dayi_pps ) and those of z_p, t0 ( Au 1y 145 - Do—sYipo_14s ) -

5.2 Invariance principle and asymptotic distributions of cross-products

To present the asymptotic convergence of the regressor cross-products, we introduce now an
integral operator which plays the role of the inverse of the first difference operator at frequency
w, namely &, = (1 — e ™L).

Definition 10 The integral operator S,, associates to any sequencee, = (g, t = ... — 1, 0,1,....)
of real numbers a (complex) sequence S,e; defined by :

S eem T fort >0
S, = 0 fort=0
— S ee T fort < 0

2This can also be characterized in this case by assuming that the order of multiplicity of each unit root e*i
in det (In -2k ¢juj) is equal to n — rank (m;) (Gregoir (1999a)).
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Its algebraic properties are summed up in the following statement (Gregoir (1999a)):

Corollary 11
(1)0,5, = 1d, (16)

(1) (ye); » Subule = Y — yoe ™ (17)

We stress that the operator é, and S, do not commute. The constant term which appears
in (i) in the above Corollary is due to our definition of the integral operator that constructs
integrated of order 1 processes that are always equal to 0 at t = 0. Alternative definitions with
different conventions are possible.

Under assumption 3, Chan and Wei (1988) and Tsay and Tiao (1990) have shown that when
T goes to infinity and w ¢ {0, 7}, the following multivariate convergence in distribution holds :

(Tt] iw[TH] 1

1 2 iwT €
ﬁ e e = WSUJ&“[TT] — EWW (t)
=1

where [T't] is equal to the integer part of Tt and W, (t) = W, g (t) + W, (t) and W, g (¢)
and W, r (t) are two real independent Wiener processes whose variance-covariance matrix is €2.
This presentation with complex number is a convenient way to state the joint convergence of
\/LT Z[TT:t]l e, coswt and % Z[TT:t]l g, sinwr. When w € {0, 7}, we have

eiw [T't]

— e, = ——— S e = W, (t
Z VT (T'7] (t)

where W, (t) is a real Wiener process whose variance-covariance matrix is 2.
We now partition the set of regressors z in two sets, the first one is composed of covariance
stationary processes, the second one of integrated of order one processes: for each frequency,

we have
—/
— -1 —/ -1 /BAZ77 xt
Ay = ( Bi (ﬁjﬁj) BjL <ﬁj,Lﬁj,i> > ( B/-JLA J.zt )
Js =7
o A B;Ax’fjxt
—= j 3/‘ A -
j, L=z, =gt

Wo, 5.t
— Aj I
W14t

.. —/ . . .
where A, _jz; is integrated of order one at the frequency wj, 8;A, _;z; is a complex r;-dimensional

covariance stationary process and B; 1Az, is integrated of order one at w;. When the process
is not cointegrated, the covariance-stationary term collapses. Let A be a n (p, — p) X n (p, — p)
block diagonal matrix whose p, —p — S first (n x n) blocks are equal to I, and for j =1, ..., S,
the p, — p + j one to A;, P be a n(p, —p) X n(p, — p) matrix that reorders the rows of
Z to collect in the n(p, —p—295) + Z]S:l r; first positions the covariance-stationary compo-
nents, ie. ( Agx) , | .. Agxi_, g )/ and the wy ;; , and in the nS— Zle r; last ones, the
non-stationary components w; ;. We note

PAZ = ( ZTZ )
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It is relatively cumbersome to work with this vector completed with ( Apzy oy o Az, )/
to get the set of regressors. We propose in the statement of the properties used in the derivation
of the asymptotic distribution to work with a set of S covariance stationary processes composed
of the n(p, —p—95) + Zle rj + n — rp-dimensional processes

t—1s / / /
t—p Woy 5wkwl,k,t)

for k = 1,...S. These processes satisfy a FCLT as follows (cf. Gregoir (2010)): when wy, ¢ {0, 7}

Ukt = ( Ax.flf

ek [T't] 1
kauk’,[TT] = —=DB; (t)

VT V2
where By, is a complex Wiener process and when wy, € {0, 7}
k[T
T
where By is a real Wiener process. In both cases, the variance of By is equal to the spectral
density matrix of {uy .} at frequency wy,

kauk‘,[TT] - Bk‘ (t)

1 =
—1jw —/
d (Wr) = gy Y e Buy iy,
j=—oo

1 —
= % (Ek + Ak7wk + Ak,wk>

with X = Bug, @, and Ay, = Z;’:of e‘i“jEuk,tﬂ;7t+j . We partition By X, Agy, et di (wk)

conformally with wuy, with indexes x,0 and 1, for instance
!/
By, = ( Bl/c,x B;g,o Bllc,l )

Furthermore, from Chan and Wei (1988), an orthogonality property between two integrated
processes at two different frequencies

1
—
T2 E :w1,k,tw1,j,t — 0

allows us to derive the asymptotic behavior of the regressor cross-products.We now summarize
the asymptotic behavior of the sample moment matrices that appear in the Wald test statistic
in three lemmata. The first one is similar to Lemma 2 in Toda and Yamamoto (1995).

Lemma 12 Under assumption 3, for the DGP under study, for all k € {1, ..., S}

T /

1 Azt Agzi! Yz X
_ T¥t—p THt—p Ea: w0 = T x0
T tzz; < Wo,¢ Wo,¢ TP a0 Yoz oo

and when wy, ¢ {0, 7}

etw [T't]
jTt kag[Ts] %ka (t)
t—1
R AN AV i — Co
VT D i1 ( Woy ) & &y Co



and when wy € {0, 7}

eiwg [T1]
\jT kag[Ts] ka (t)
t—1
L T Axl’t_p :> gx
VT Zf:l ( wo,¢ > ® e Co

where ¢ is a normal random vector with mean zero and covariance matrix ¥go .0 @ 1 and ¢,

We,, and W, (j # k) are independent.
The second Lemma is a restatement of a particular case of Theorem 6 in Gregoir (2010).

Lemma 13 Under assumption 3, for the DGP under study, for all k € {1,...,S}, when wy ¢

{0, 7}

T 1

1 . 1 _

T ) w0y, => 5/0 By () dBro (t) + X0 + Ako
t=1

and when wy € {0, 7}

T 1

1 _

T ) wi kW), :>/0 Bii1 (t) dBryo (t) + 10 + Ak,10
t=1

The third Lemma summarizes the asymptotic behavior of the sample moments.

Lemma 14 Under assumption 3, for the DGP under study,
e (i) when w; ¢ {0, 7},
- iy €t = \/LiBj,O (1)
Y 1
— L W01 = 7 Jo Bi(s)ds
—J# ks i iy €W g = 0
T _ 1 -
— g Y Wi = 5 Jy B (s) By (s)' ds
—JF ]{77%2 ZtT:1 wl»]}twll,k,t =0
o (ii) when w; € {0, 7},
T 1
— 77 D Wi e = [y B (s) Bj (s) ds
— J# ki Y w1 W) g =0
o (iii) for wy =0,
— 7% ZZ;I te, — f SdWo (8)
- # Zthl twy, = fsdBO (s)
- # Zthl twy g = fol sBy (s)ds
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5.3 Asymptotic distribution of the Wald statistic
We now turn to the analysis of the asymptotic distribution of {y, in (14). We first note that

Agyy = SPBu+ Azxy

S—1
Ay = S {510 + B <t — T)} + Ay 12y
5-1
Ap_jye = SBjoe ™"+ B Z ke ik 4 JANS
k=0

whence AyyPr = AyzPy and Vy € {1,..5}, A, _jyP. = A, _;zP;. From usual algebra and the
standard OLS estimator definition in a complex number framework

0 = yPAy (AuyPA) "t = yPA (Ao PeA)

with
= /
z= ( Axx/_p Z;?,—pa )
and
/
Rz, —pa ( Am,—lxé—pa—ws Ax,—Szé—pa—HS )
we get that
) — = ePAa (AaPeAa)
and

P; = P

= /. =N\ "1_
= P —P7Z (QPTE) ZP;

= ~ = -1 ~
= P —PZAP (PAzPTz A P/) PAZP,

where PAZ is the T x n (p, — p) matrix whose elements are (wp, wj, )/. To obtain the
limit distribution of the OLS estimator of @ we use the limits described in the previous set
of lemmata. We introduce two block diagonal matrices with the rates of convergence of the
different terms, D, r is associated to the deterministic terms and D, to the stochastic ones:

L0
DLT:( 0 T—I/QIS)

and

We have

_ 190
Dl,TTT/Dl,T — ( (2) IS

Relying on the three previous lemmata, we can state the following convergences
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Lemma 15 Under assumption 3, for the DGP under study,

DyrPAZPEAPD —o "
2, T 2Tz 2,T — 0 dzag (fol B;E:/d8>
where diag (fol B*F- ds ) s a (nS Z - rj) (nS — Zsﬂ Tj) block diagonal matriz whose
blocks are equal to % [ B (s) Bf (s)'ds when w; ¢ {0,7} and to fo B (s) B; (s)'ds when

J
WJG{O,TF}’U}ZthB;(): j() fOijhenj;élandBi“()—Bl() (4—6s) [ By —
6 (28 —-1) ftBl

T~ 2vec (e P, Ax") = ¢,

PEZAPD @
vee\sir® 2T ) = | pec (f de§2/>
where dekEZ/ is a nS X (nS — Zé;l rj> block matriz whose the k™ block is a n x (n — 13)

matriz equal to 5 [ dWj (s ) By, (s)' ds when w; ¢ {0,7} and to [ dWy (s) By (s)' ds when w; €
{0, 7}

T'AzP Ay — Y,
T*IAmxpgAxx/ — Y — EmOEaOIEOm
=~
TN, xP,Z AP Doy — ( Sy 0 )
We now can derive the asymptotic distribution of 15 :

VTvec (75— ¢> = VTvec [stgwa’ (AxxpgAxm’)*l}
1

= <T (AzPA) T @ In) %vec (eP:A.2')

— ((Exa) _ ExOZ on) ! ®In> ( In2p —Ezozaol ®In ) ( E'z )

= N (0, (S — 0T Tee) ' ©Q)

We use the standard argument of applying a Taylor expansion to g (.) in the neighborhood of
vecy) under the null H{ : g (vect)) = 0. This gives

~ dg e -1 dg '
\/Tg (U€C¢) — N (0> W [(Zm — X020 ZOm) ® Q} Dvecy )

From Lemma 15, we conclude that {D\ is consistent and so is ia. It follows that

§w = x2 (dimg (.))

From Lemma 9, we can claim that testing Hy with a Wald test statistics based on OLS estimates
in levels VAR is x, (dim f (.)) as soon as p, > p+ S.
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Remark 16 This result can be extended to situations in which the variables are integrated of
different orders at different frequencies. If we introduce for a given variable at least as many
additional lags as the number of unit roots present in its individual data generating process, we
preserve the fact that the Wald statistic is asymptotically chi-squared distributed.

We can now turn to the finite sample properties of this test procedure.

6 Finite-sample properties

We propose to illustrate the size and power properties of this approach on a particular DGP.
We first consider the size and power properties of a standard lag order test procedure and then
turn to the size and power properties of Student and Fisher test statistics to test for linear
constraints. The lag selection procedure we consider is based on the usual sequence of nested
Fisher tests for the nullity of the matrices associated to the largest lags. In our approach, these
tests are carried out in a model in which for each variable, additional lags equal to the number
of unit roots present in their individual data generating process have been introduced. In a
model of order p, we first test for null hypothesis that the p'* matrix is equal to 0, then when
accepted, we test for the null hypothesis that the p'* and (p — 1)* matrices are jointly equal
to zero and so on.

We consider a particular case of the DGP introduced in the second section, we set a =1 :

1 —L Y1t _ €1t
L 1 Yot Eat
The determinant of the matrix polynomial associated to this VAR process is equal to 1 + L2,

whose roots are the two unit roots {i, —i} . Theorem 5 and Lemma 7 allow us to rewrite the
DGP as follows

(é _1L> - (é _1L><1T)L2 1£L2)+L2(—Ll —Ll)
- (0 ) )
+L2{%(_Z.1 j)(1+z‘L)+%(j j)u—z’L)}

Since
and

this last matrix polynomial corresponds to the VECM representation of {y;} whose components
are integrated of order 1 at frequencies § and —7 and cointegrated at these frequencies:

(o) (iam ) =a( 5 ) oo (Ghas)

21



()0 (G )}

In short, the unconstrained VAR representation of this DGP involves one lag. Its VECM
representation shows that the associated processes are integrated of order 1 at frequency 7 and
—% and cointegrated. There are two unit roots in their individual DGP and two additional lags
must be introduced in the model to test for the lag length of the VAR representation.

Starting from a lag order equal at most to 8, we run a Monte Carlo exercise to measure
the size of each Fisher tests involved in the sequential testing (i.e. sequence of null hypotheses:
Hop :Vj e {kk+1,..,8},®, =0,; Hyp : 3j € {k,k+1,...,p}, &; # 0. We consider
Gaussian innovations with a variance-covariance matrice equal to

1 05
( 05 1 )

and various specifications without or with deterministic terms (constant, sine and cosine func-
tions at frequency 7, both). Results are presented in Table 1. When the sample size is small
(T=50), the size of each test is significantly larger than the nominal level (5%) and this distor-
tion is larger when deterministic terms are introduced in the specification. When the sample
size gets larger, the empirical size gets closer to the nominal one. The empirical size is close to
the nominal one when 7' is larger than 250. We can also in this exercise produce the empirical
distribution of the lag lengths obtained in this iterative procedure. They are given in Table 2.
When the sample size is small, we observe that we obtain the correct lag order in at most 75%
of the simulations when there is no deterministic term in the regression. Due to the dependence
of the tests, the decisions we take at various steps of the procedure lead to an underrepresen-
tation of the correct lag length. When the sample size is larger, the correct lag order is more
frequently selected (about 87% when T=500).

We then propose to test for the following set of null hypotheses on this DGP for various
sample sizes and values of the variance-covariance matrix of the error terms:

Hy @ ¢ra=1
Hypy @ ¢ =—1
Hoz @ ¢12=1and ¢ = —1

We first simulate the size of these tests in the same situations as those considered above
and then move to the power properties. The empirical sizes are given in Table 3. They have
been computed without imposing the lag length but with the lag length selected with the above
iterative procedure. We observe that the empirical size is larger than the nominal one when 7 is
small and in this case, it is more over-sized in presence of deterministic terms in the regressions.
When T gets larger, the empirical size gets closer to the nominal one. It can be over or under
the nominal one.

We then turn to the analysis of the power properties when the lag length has been selected
with the above iterative procedure. Nevertheless to keep to a finite order VAR representation,
we keep to processes that are cointegrated at frequencies 7 and —7% but change the value of the
cointegrating vector. To do so, we consider the DGPs introduced in the introductory example

22



Table 1: Lag selection procedure (ppq: = 8, 5000 simulations)

Hops Hyz3 Ho 4 Hos Hyg Hy 7 Hog

T=500
no deterministic term 0.0478 | 0.0476 | 0.0524 | 0.0520 | 0.0518 | 0.0516 | 0.0546
constant term 0.0488 | 0.0476 | 0.0532 | 0.0510 | 0.0530 | 0.0512 | 0.0532
sine and cosine functions | 0.0502 | 0.0494 | 0.0542 | 0.0528 | 0.0534 | 0.0520 | 0.0552
all terms 0.0512 | 0.0510 | 0.0540 | 0.0534 | 0.0540 | 0.0522 | 0.0538

T=250
no deterministic term 0.0592 | 0.0558 | 0.0498 | 0.0498 | 0.0510 | 0.0498 | 0.0512
constant term 0.0620 | 0.0588 | 0.0546 | 0.0538 | 0.0528 | 0.0540 | 0.0504
sine and cosine functions | 0.0612 | 0.0578 | 0.055 | 0.0548 | 0.0540 | 0.0516 | 0.0532
all terms 0.0614 | 0.0606 | 0.0596 | 0.0568 | 0.0558 | 0.0538 | 0.0578

T=100
no deterministic term 0.0754 | 0.0710 | 0.0688 | 0.0660 | 0.0606 | 0.0586 | 0.0616
constant term 0.0786 | 0.0746 | 0.0714 | 0.0686 | 0.0634 | 0.0616 | 0.0642
sine and cosine functions | 0.0906 | 0.0876 | 0.0822 | 0.0762 | 0.0670 | 0.0640 | 0.0690
all terms 0.0876 | 0.0852 | 0.0822 | 0.0770 | 0.0666 | 0.0668 | 0.0770

T=50
no deterministic term 0.1526 | 0.1412 | 0.1324 | 0.1210 | 0.1010 | 0.0892 | 0.0830
constant term 0.1634 | 0.1502 | 0.1452 | 0.1320 | 0.1140 | 0.1006 | 0.0890
sine and cosine functions | 0.2246 | 0.2088 | 0.1886 | 0.1708 | 0.1432 | 0.1220 | 0.1034
all terms 0.2190 | 0.2024 | 0.1880 | 0.1720 | 0.1352 | 0.1254 | 0.1238
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Table 2: Empirical distribution of the selected lag orders.

Proportion of lag order selected | p=1 | p=2 | p=3 | p=4 | p=5 | p=6 | p=T7 | p=8
T=500
no deterministic term 0.8684 | 0.0054 | 0.0066 | 0.0086 | 0.0138 | 0.0170 | 0.0256 | 0.0546
constant term 0.8714 | 0.0050 | 0.0064 | 0.0090 | 0.0130 | 0.0162 | 0.0258 | 0.0532
sine and cosine functions 0.8658 | 0.0058 | 0.0068 | 0.0092 | 0.0140 | 0.0172 | 0.0260 | 0.0552
all terms 0.8694 | 0.0050 | 0.0068 | 0.0088 | 0.0132 | 0.0174 | 0.0256 | 0.0538
T=250
no deterministic term 0.8532 | 0.0104 | 0.0138 | 0.0128 | 0.0132 | 0.0186 | 0.0268 | 0.0512
constant term 0.8492 | 0.0096 | 0.0142 | 0.0144 | 0.0136 | 0.0186 | 0.0300 | 0.0504
sine and cosine functions 0.8466 | 0.0110 | 0.0134 | 0.0138 | 0.0146 | 0.0200 | 0.0274 | 0.0532
all terms 0.8422 | 0.0076 | 0.0140 | 0.0158 | 0.0156 | 0.0202 | 0.0268 | 0.0578
T=100
no deterministic term 0.8344 | 0.0124 | 0.0116 | 0.0156 | 0.0194 | 0.0208 | 0.0242 | 0.0616
constant term 0.8296 | 0.0118 | 0.0130 | 0.0160 | 0.0190 | 0.0208 | 0.0256 | 0.0642
sine and cosine functions 0.8144 | 0.0154 | 0.0134 | 0.0176 | 0.0222 | 0.0220 | 0.0260 | 0.0690
all terms 0.8124 | 0.0124 | 0.0120 | 0.0172 | 0.0232 | 0.0208 | 0.0250 | 0.0770
T=50
no deterministic term 0.7592 | 0.0148 | 0.0162 | 0.0252 | 0.0294 | 0.0302 | 0.0420 | 0.0830
constant term 0.7436 | 0.0154 | 0.0170 | 0.0266 | 0.0296 | 0.0338 | 0.0450 | 0.0890
sine and cosine functions 0.6820 | 0.0214 | 0.0234 | 0.0296 | 0.0390 | 0.0436 | 0.0576 | 0.1034
all terms 0.6826 | 0.0194 | 0.0222 | 0.0296 | 0.0396 | 0.0350 | 0.0478 | 0.1238
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Table 3: Empirical Size.

to t1/a F

T=500
no deterministic term 0.0518 | 0.0550 | 0.0500
constant term 0.0528 | 0.0542 | 0.0500
sine and cosine functions | 0.0514 | 0.0544 | 0.0496
all terms 0.0514 | 0.0532 | 0.0506

T=250
no deterministic term 0.0534 | 0.0586 | 0.0584
constant term 0.0532 | 0.0584 | 0.0558
sine and cosine functions | 0.0518 | 0.0578 | 0.0572
all terms 0.0562 | 0.0614 | 0.0576

T=100
no deterministic term 0.0632 | 0.0690 | 0.0686
constant term 0.0640 | 0.0682 | 0.0686
sine and cosine functions | 0.0594 | 0.0662 | 0.0662
all terms 0.0674 | 0.0760 | 0.0786

T=50
no deterministic term 0.0846 | 0.0940 | 0.1026
constant term 0.0878 | 0.0940 | 0.1104
sine and cosine functions | 0.0790 | 0.0860 | 0.0948
all terms 0.0992 | 0.1044 | 0.1230
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in Section 2 associated to various values of o and test for the capacity to reject the null that
a = 1. The results are given in Figure 1. The results are not size-adjusted. We observe that
the power properties are relatively satisfactory, increasing with the size sample and somewhat
asymmetric.

7 Conclusion

We extend the lag-augmented approach introduced by Toda and Yamamoto (1995), Dolado and
Liitkepohl (1996) and Yamamoto (1996) to the situation in which seasonal unit roots are present
in the data generating process. This allows the econometrician to test in a VAR framework
for linear constraints such as for instance Granger-Causality relationships with non-seasonally
adjusted data. This is of practical interest as we know that separate seasonal adjustment
may introduce some distortion in the relationships between the variables the economist wants
simultaneously study. The rule we obtain is that if we introduce for a given variable at least
as many additional lags as the number of unit roots present in its individual data generating
process, we preserve the fact that the Wald statistic is asymptotically chi-squared distributed.
The simulation exercise illustrates that as soon as the sample size is large enough (more than
250), size and power properties are satisfactory.
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9 Appendix

Proof of Theorem 5: The proof is by induction and relies on a polynomial division by ascending
order. We denote A, ; the coefficients of the polynomial A, (L)

where A, o = 1. By convention, when the index j is larger than d,, A, ; = 0. We set oM (L) =
¢ (L) and R (L) = 0. The first step consists of computing the first order polynomial remainder
defined by

p de
¢(L) = A(L)L = Z o, L7 — ZAa:,lLlH
J=1 1=0

P dz1
= Z(¢j—¢1Ax,j 1 Z P18 1L
Jj=1 l=p+1
P da—p
= Z (¢j - ¢1A:p,j71) L — <Z ¢1Ax,p+lLl>
j=2 =0

where the second term in the right-hand side of the last equation is equal to 0 if d, < p . Let
us denote

¢(2)(L) = Z(¢ ¢l T,j— 1) j

a polynomial matrix whose minimal degree is equal to 2 and maximal one to p, and

dz—p
R(Q) (Z ¢1 prrlL )
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a polynomial matrix of degree at most d, — p — 1, we have

o(L) = oW (L) + LR (L)
— oA (L)L + ¢ (L) + LP'R® (L)

and
(0 6 o )= (o) o o )NOs,
where
1 _A.Z‘,l _Aa: p—1
N 0 1 0 0
(pxp) : - :
0 - 0 1

We now define (i) a sequence of polynomial matrices {d)U) (L)} -
are given by the following recurrence equation

. whose matrix coefficients

o) = Ofor1<k<j—1

o = o = A for j <k <p
or similarly
( Q9D 69 ) ) _ ( U0 gD Y >N<j—1> ® 1,
where
1 _Aa:,l _Ax,p—j—i-l
e 0 1 0 0
(p—j+2xp—j+2) .
0 - 0 1
(1) a sequence of polynomial matrices {R(j ) (L) }j:2 o given by the following recurrence equa-
tion o
de+j—p—2
: . -
RO(L) = ROV = 30 6 Ay yul?
k=0

where the degree of the second term of the right-hand side of the last equation is at most
dy + 7 — p — 2, which is increasing with j.
We claim that for j =1,...,p

-1
6 (L) = o A(L) L} + ¢ (L) + LP*'RY (L)

1

.

e
Il
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This holds for j = 1 and 57 = 2. Let assume that it holds up to order j < p — 1. We then have

p dy
¢(j) (L) — ¢§J)Az (L) i = Z gb,(j)Lk . gbéj) Z AI’ZLH-J
k=j 1=0

p A ) datj
_ Z <¢](€a> _ ¢§J)Ax7k_j> Ik _ Z ¢§J)Am7l_le
k=j l=p+1

p ' detj—p-1
= Z@]H)LJ — Lr+ ( Z ¢§])Ax,p+l+1—le>
k=j 1=0

de+j—p—1
= U (L) + DM (— ) ¢§-”Ax,p+l+1_jﬂ>

=0

therefore

J
o(L) = Y oA (L)LF+ ¢t (L)
k=1
‘ de+j—p—1 )
+LP (R(j) (L)y- . ¢§])Am,p+l+1—le>
=0

gbfﬂk)A (L) Lk + ¢(j+1) (L) + P pG+D (L)

M-

k=1

When j = p, since ¢+ =0, we get

p dy—1
6 (L) = ¢AL) Lh+ ! (R(m (L) - > ¢§f>Ax,l+1Ll>
k=1 =0

We set ¢ (L) = SF_ ¢ LF and R (L) = R®) (L) — S.% 1 ¢ A,y 1 L' whose degree is d,, — 1.
If we denote M = N and for j > 2

we set M = MM . M®P=D 5o that

<¢§1> o ¢§)p>>:(¢1 G2 ... Gy )M®I,

where M is a full rank matrix as a upper triangular matrix with diagonal terms equal to 1.
QED. =m

Proof of Lemma 7: The proof amounts to show that the set of d, polynomials
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is a basis of the polynomials of degree less or equal to d, — 1. Indeed, if this is true, any
polynomial ¢ (L) of degree less or equal to d, — 1 can be decomposed in these basis elements,

i.e. there exists a set of numbers {(qjk)kfo dj_l} such that
=0y j=1,..8

S dj—1
q(L) = Y | D st As
] k=0

7j=1

I
E

;-1
k
> a4l | vy
k=0

J=1

This is true for each coefficient of a polynomial matrix, so it holds for the polynomial matrix
itself. To show that the above set of polynomials is a basis we establish it is a set of linearly

independent elements that generates polynomials of degree less or equal to d, — 1. We start

with the independence property. Let us consider a set of numbers {(qjk) o0 dj—1} ; such
j=1,...

that ¢ (L) = 0. We partition the set {1,...,.S} into subsets of index related to frequencies that

have the same order of integration:

max]

- U

with

and

=35 (Sud) o

k=1 jeJg

We denote K; = Uizljk. We proceed by induction on k. First, we compute the value of ¢ (L)
at each unit root and get Vj € {1,...,S}

q(e) = qole (™) =0
— ({jo = 0

since Vk # j, A,y (€7) = 0, then

=S (S

k=2 jeJg

If we compute the derivative of this polynomial, we get

max; d; k—1 max; d
= > Y (Z (1—1) gud, 2) A Z Z (Zqﬂal 1) [0, AL — ™A,

k=2 jeJi =2 k=2 jeJi
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which is equal to zero. We compute the value of ¢’ (L) at each unit root whose index is in J\ K>
we get that Vj € J\ K>

q/ (eiwj) — _qjleiwj A:v,fj (eiwj) =0
= (1 = 0
and then

q(L) = Zj Z (Zqﬂ(sl 2) z,~j

k=3 jeJi

+ Z Qj15wj AJ},—j

JEJ2

This result holds because the value of the derivative of A, _j at e™“i when j is in J\ K> is zero
due to fact that the monomial associated to this unit root is raised at a power strictly larger
than 1 in A, _j. Let us assume that when we repeat this kind of operations h times, we get
the following form for ¢ (L) :

- S Z(qu 5 ) 1)

k=h-+1 ]GJk

+ Z Z q]"k_l(su]i;lA _

k=2 jeJi

We compute the derivative of order h. We take in turn each polynomial in this sum and start by
those in the second term. We use the property that when j € J\ K}, the value of the derivative
of order h of A, ; at € for any k # j is zero due to fact that the monomial associated to
this unit root is raised at a power strictly larger than h in A, _;. By Leibnitz rule, we get that

for j € Kp,
d" b1 h M\ d 1 dh—1
g (4185 s = g ; (z) ap’s apeite

and conclude that its value at each unit root whose index is in J\ K}, is 0 by the above property.
For j € J\ K}, we get

dh dj—1 . . h h dl dj—1 . h dhfl
| [ Zwt ) asans| = (V)45 2 0%, | 85, e A
g=h

When we compute the value of the term at a unit root whose index j' € J\ K}, by the above
property, the only non zero term is the one when [ = h and j° = j. This implies that for
j €I\,

= Al (—1)h e"h‘”ij,,j (ei“’j) =0



This ensures that (18) holds at the order h + 1. By induction, we conclude that

max; d;
G(L)= D Y k105 Dy
k=2 jeJi
or
max; d; A
e = > 2]l | 5——=0
k=1 jEJ I IT d,
j=1

In this product, the second polynomial is different from 0, the first one is therefore exactly
equal to 0. If we compute its value in each unit root w; we conclude that g;4,—1 = 0 . This
family is linearly independent. The dimension of the vector space of polynomials of degree less
that d, — 1 is exactly equal to d, . The above family is composed of d, linearly independent
elements, it is therefore a basis of the space of polynomials of degree less that d, — 1.
QED. =m

Proof of Lemma 9: We start from the equivalent representations of the generating equation
with additional lags written with matrix notations in equations (4.3,13)

y = Brtoys+Py,, +e
y = PBr+vAy+EAy_p+ Rep+¢
y = Br+¢Ay+RE,+e
where according Theorem 5, Lemma 7 and the attached comment we know there exist two

matrices M and K of respective dimensions (p, —d, — 1 X p, —d, — 1) and (p x d, — 1) such
that

(¢ @)Mel) = (¢ &)
(¢ (I)>(K®[n) = R

and M is upper triangular so that there exists with obvious notations a (p X p) matrix M,
such that

¢ (M @ I,) =1
or
vec) = (M}, ® I,) ® I,] veco

The test statistics have the following form

=1 (veed) [52 (anent ) 00) 2] (veed)

and

— 1

Cw =9 <vecvz>, {(%aeiw’ ((Axypz_pA_xy,>_1 ® §€> 85%/1/1} g (vec@) )

On the one hand,
ag _ of
dvec)!  dvecd

(M3 '®1,) ® 1,
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on the other hand, with obvious notations

Y1 +Py_p, = VALY +EA Yy, + Rz,

= (o m)ron)( o

)+(¢ ) (K®I,) 2
= ¢Mu®L)Awy+ ( (¢ (M2®1I,)+®(My®1,)) (¢ @)(K@In))<
= ¢(M11®In)Axy—|—((¢(M12®In)+@(M22®In)) (925 CD)(K@)In))%:p

and since each component at date ¢ of z_,, is a linear combination of y;_,_1, .. ¥4, , there exists
a (dy — 14 p, —p) X (pa — p) matrix H such that

Hy_pa = f'g_p7

it follows that
Py-1P,_,, = (M ®IL,)AyPs_,

This holds for any value of ¢ where y_1P, 7", and Al,yngpA_xy/ are symmetric definite
positive matrices whence the result.

QED. m
Proof of Lemma 15: It is direct application of the joint weak convergences summarized in the
Lemmata of section 5 and the algebraic results. m
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