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Abstract

The observed persistence common in economic time series may arise from a va-
riety of models that are not always distinguished with confidence in practice,
yet play an important role in model specification and second stage inference
procedures. Previous literature has introduced causality tests with conventional
limiting distributions in I(0)/I(1)VAR models with unknown integration orders,
based on an additional surplus lag in the specification of the estimated equation,
which is not included in the tests. Building on this approach, but using an in-
finite order VARX framework, we provide a highly persistence-robust Granger
causality test that accommodates i.a. stationary, nonstationary, local-to-unity,
long-memory, and certain (unmodelled) structural break processes in the forcing
variables within the context of a single x? null limiting distribution. Since the
distribution under the null hypothesis is the same in all cases, no prior knowl-
edge, or first-stage testing or estimation is required and known lag orders are
not assumed.
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1 Introduction

Since its introduction in Granger (1969), tests of Granger noncausality have become
ubiquitous in economics, with applications ranging from the causal relation between
money and output (Friedman and Kuttner, 1992) to the export led growth hypothesis
(Marin, 1992). This paper develops a simple but flexible augmented VARX approach
to Granger causality testing that is highly robust to the degree and nature of the
persistence in the causing variables. In particular, the same estimator and test statistic
may be employed to test causality,! regardless of whether the true, but unknown,
data generating process for the causal variable is characterized by stationarity, long-
memory /fractional integration, a local-to-unity process, I(1) behavior, or breaks in the
mean of the process. Consequently no prior knowledge, pre-estimation, or pre-test is
required. Likewise, known lag orders are not assumed. Since the Granger causality
test is based on the same Wald statistic and Chi-squared limiting distribution in all
five cases, no prior knowledge, estimation, or testing is required to distinguish between
these processes.

These are desirable characteristics for several reasons. Frequently it is difficult
to determine the degree and nature of the persistence of the forcing variables with
full confidence. This can often matter in both theory and practice for second stage
model specification and inference. Likewise, recent developments in the cointegration
literature have also stressed the importance of allowing for fractional integration? and
near unit roots (Jansson and Moreira, 2006). In fact, two of the most recent studies
(Phillips, 2005; Muller and Watson, 2007), emphasize agnostic approaches to the form
of this persistence, motivated by robustness concerns similar in spirit to ours.

The difficulties associated with distinguishing 7(1) and I(0) processes are well
known. In short, unit root tests may have low power, confidence intervals on the
largest root are often wide in practice, and problems of near observational equivalence
put bounds on our ability to distinguish between true I(1) series and persistent 7(0) se-
ries in finite sample (Faust, 1996; Faust, 1999). Moreover, for many purposes, processes
with near unit roots may be better modelled as local-to-unity processes, which depend
on a local-to-unity parameter, which cannot be consistently estimated in a time series
context (Phillips, 1987; Chan, 1988; Nabeya and Sgrensen, 1994).These problems may
be further complicated with the allowance for structural breaks, in which numerous
modelling possibilities arise, unit root tests become more complicated, and the simi-
larity between break-stationary and unit root processes increases with the number of
breaks. Recent literature has also highlighted the difficulties in distinguishing between
structural breaks and long-memory /fractionally integrated processes (Diebold and In-
oue, 2001; Gourieroux and Jasiak, 2001; Granger and Hyung, 2004). Thus while it
is often easy to recognize that a given series is persistent, it can be far more difficult
to determine with confidence the right approach for modelling this persistence. As

'We address only Granger’s version of causality, despite the importance of several other definitions.
2(Jeganathan, 1999; Robinson and Marinucci, 2003; Robinson and Hualde, 2003; Kim and Phillips,
2004; Hualde, 2006; Hualde and Robinson, 2007, among others).



Phillips (2003, p. C35) puts it “no one really understands trends, even though most of
us see trends when we look at economic data.”

These distinctions are important to model specification. A typical VAR may be
specified in levels if unit roots are rejected, in first-differences if the variables are
individually integrated but not cointegrated, and in error-correction format if the vari-
ables are cointegrated. Likewise, structural breaks require explicit modelling and long-
memory processes are not easily accommodated in a VAR setting. Such choices can
have important practical implications. A recent controversial example involves the
role of technology shocks in macroeconomic models, for which VARs provide evidence
consistent with New Keynesian models if hours worked is treated as nonstationary and
enters in differences (Gali, 1999) but supports instead the conclusions of standard Real
Business Cycle models when the same variable is presumed stationary and enters in
levels (Christiano et al., 2003).

The persistence of the causing variable also matters for second-stage inference.
Even in simple regression models, different critical values may apply depending on
whether or not the regressor contains a unit root. Moreover, both stationary and unit
root asymptotics can be misleading in the presence of near unit roots when roots are
close, but not equal, to unity, as often modelled by the near unit root local-to-unity
model mentioned above (Cavanagh et al., 1995; Elliott, 1998). Such inference problems
may be further complicated once one allows more realistically for the possibility of
structural breaks or long-memory processes. They also matter in practical applications
and have played a particularly important role in the predictive regression literature,
including tests of stock return predictability (Stambaugh, 1999; Lewellen, 2004; Torous
et al., 2005), the expectations hypothesis of the term structure (Lanne, 2002), and
uncovered interest rate parity (Baillie and Bollerslev, 2000; Maynard and Phillips,
2001), all of which constitute special cases of Granger causality testing.

Our approach builds on a rich literature, the original insights for which derive from
the work of Park and Phillips (1989) and Sims et al. (1990). Their results imply that,
despite the nonstandard asymptotics in I(1) /cointegrated systems, parameters that
may be expressed as coefficients on stationary regressors retain a standard root-T nor-
mal asymptotic distribution. Similar results have also been found to hold in cointegrat-
ing systems involving nonstationary fractional integration (Dolado and Marmol, 2004).
The surplus lag approach uses this result to simplify inference. In the context of unit
root testing, Choi (1993) recognized that, with the addition of an extra, unnecessary
lag, the autoregressive model could be rewritten so that all the parameters of interest
are expressed as coefficients on stationary transformations of the data. Thus, at some
cost, in terms of efficiency, inference procedures could be simplified, via the avoidance
of nonstandard distributions. Toda and Yamamoto (1995), and Dolado and Liitkepohl
(1996) showed how the same surplus lag approach could be applied to provide inference
in finite order vector autoregression, without knowing which components are station-
ary and which have unit roots. Saikkonen and Liitkepohl (1996) extended these results
to infinite order VARs.

This approach is very flexible with respect to inference in general 1(0)/I(1) and coin-



tegrated models. On the other hand, the pure VAR framework adopted in these surplus
lag methods cannot accommodate long-memory, nor can it accommodate breaks un-
less they are explicitly modelled. Yet, since breaks are often tested for in conjunction
with unit roots, the requirement that they be specifically modelled detracts some-
what from the advantageous features of the surplus lag approach. By incorporating
an exogenously modelled component, we may accommodate a richer class of persis-
tent processes for the forcing variable in the VARX framework, including those with
long-memory /fractionally integration or unmodelled structural breaks. Moreover, we
find that with the incorporation of the surplus lag, the null limit distribution con-
tinues to be unaffected by the particular form of this persistence. Likewise, these
results are not dependent on knowledge of the correct lag orders. In all cases, we allow
for infinite lag orders under the null hypothesis, approximated by finite order models
whose lag lengths increase with sample size. Thus our results also build on the liter-
ature on reasonable approximability (Berk, 1974; Lewis and Reinsel, 1985; Liitkepohl
and Saikkonen, 1997) and provide some extensions to allow for exogenous regressors,
including those with long-memory, and certain structural breaks. Some related exten-
sions are provided by Poskitt (2007), who establishes autoregressive approximations
to (univariate) non-invertible and stationary long-memory processes.

The simplicity and generality of the surplus lag approach does not come without
cost. Naturally, the addition of an extra unnecessary lag reduces the efficiency of es-
timation, thereby leading to reduced power relative to a correctly specified model.
However, as previous literature reports, the magnitude of this effects varies con-
siderably. Power losses are greatest in unit root and cointegration tests, in which
super-consistency and thus power against O(T~!) alternatives is lost. Generally, the
surplus lag is not recommended in this case, even by its proponents (Toda and Ya-
mamoto, 1995; Saikkonen and Liitkepohl, 1996).> However, efficiency losses are often
far more moderate in type of the Granger causality tests considered here, particularly
when the baseline model already includes a number of lags, as in common macroeco-
nomic applications. Therefore the excess lag approach provides a persistence-robust
complement to, but not a substitute for, more efficient testing procedures.*

In the I(0)/I(1) context there arguably exist alternative methods that are as general,
but more efficient, than existing results for the VAR-based surplus lag method. When
the number of cointegrating vectors and orders of integration is known, error correction
models provide a natural context for efficient causality testing, although in practice
pre-tests are required (Toda and Phillips, 1993). The fully modified VAR estimation
(Phillips, 1995; Kitamura and Phillips, 1997) is also efficient and shares the advantage
of not requiring a priori knowledge on the number of 7(0) and unit root components.
Fully modified regression can also be extended to cover fractional cointegration (Kim
and Phillips, 2004). Nevertheless, most efficient tests designed for the I(0)/(1) case

3The surplus lag approach may also be unsuited to applications, such as forecasts for the persistent
variable itself, in which explicit modelling of the low-frequency behavior is unavoidable.

4For the applied researcher, our approach should be particularly useful in confirming the robustness
of rejections, whereas some caution should be applied in interpreting a failure to reject.



require adjustment in the presence of either near unit roots (Elliott, 1998) or fractional
integration, whereas we show that, in the VARX context, the same surplus lag test
continues to work without adjustment in both cases.

A second limitation of our approach is that we allow for long-memory in the forcing
processes but not the error process for the dependent variables. The difficulty of
weakening this assumption for time domain estimators is discussed in (Hidalgo, 2000;
Hidalgo, 2005), who provides frequency based non-parametric causality tests, which
allow for long-memory in both. On the other hand, these tests require covariance
stationarity, ruling out many of the interesting cases considered here.

A second limitation of the surplus lag approach is that, like many econometric
estimators, it provides only correct large sample, not finite sample size. In a simple bi-
variate predictive regression context, sign and sign rank tests are both non-parametric
and exact in finite samples, thus providing a very attractive alternative (Campbell
and Dufour, 1997). Unfortunately, they do not easily generalize to more complicated
models. As recent work has demonstrated (Dufour and Jouini, 2005), Monte-Carlo
methods may also be employed to provide finite sample inference even in quite com-
plicated parametric models. In principle, the generality of this approach is limited
only by its computational complexity. On the other hand, the econometrician must
simulate from all possible parametric models for the forcing variable, a set which may
become increasingly large once we consider the possibility of long-memory and breaks.
Moreover, the fact that exactly the same VARX based surplus lag test statistic works
without modification in all the standard cases considered here hints at the possibil-
ity that the technique may work for a much wider class of processes. This may be an
appealing aspect to those who suspect that the true mechanisms generating the persis-
tence in the data are likely more sophisticated than the econometric models typically
employed to capture them (Phillips, 2003, for example).

The remainder of the paper is organized as follows. Section 2 presents the model
and explains the basic intuition behind our results. Section 3 presents the large sample
results, showing that the VARX based excess lag Wald statistic has the same null
limiting Chi-squared distribution for a variety of forcing processes. Section 4 provides
some simulation results on the finite sample size and power of the test. Appendix A
collects some technical results and the proofs of the main theorems are provided in
Appendix B. The tables and figures are included at the back of the paper.

Finally, a word on notation. Lag orders are given by p and dimensions are given by
k. Capital letters denote regression matrices. Variables with time subscripts are lower
case. A variable with a minus sign in the superscript (e.g. x; ) includes all relevant lags.
The dependent variable is denoted by y,, the variables about which Granger causality
is tested are often written in terms of x; when referring to particular applications, but
as zy; for the theoretical results, and any additional control variables are included as
Zy:. We define || - || as the Euclidean norm ||z, = v/#’x, when applied to the vector
x and as the induced matrix norm max {||Az||, : x(n x 1), ||z||, = 1} when applied to
the m x n matrix A.



2 The model

Throughout this paper we consider three basic variables: by y; we denote a k, vector
of dependent variables, by z;; we denote a k,; vector of exogenously modelled forcing
variables, and z; denotes an optional k., vector of endogenously modelled control
variables.

We consider tests of the null hypothesis that z;; does not Granger cause y; after
controlling for zy,.> Let F;, 1.2 define the information set generated by the past
history of all three variables (i.e. by {(yg_j, 21y %) s J = 0} ). Likewise, let Fy, .o
denote the information set generated by the past history of the endogenous variables
only, (i.e. by {(y;_;,25_,)",j > 0}). Then we test the Granger noncausality condition

E [yt|ft—1,y,zl,z2] =E [yt“’/ttfl,y,ZZ] . (1)

In practice this hypothesis is often tested by means of parameter restrictions on a
joint VAR involving all three variables. However, our interest lies in cases in which the
forcing variable zy; displays persistent behavior, which may potentially be modelled
in a variety of different ways. In this context, the pure VAR may be too restrictive.
To maintain flexibility, the forcing variable zq; is instead exogenously modelled in the
sense that we do not explicitly model its possible dependence on past y;—; and z_;.
This allows us to consider a number of alternative data generating processes for zy; on
a case by case basis, including 7(0), I(1), local-to-unity, stationary and nonstationary
long-memory processes, and processes with structural breaks. We will defer discussion
of the exact modelling assumptions on zy; to Section 3. However, it should be noted
that although zy; is exogenously modelled, it is not assumed to be strictly exogenous
in a statistical sense. The innovations in the process for z;; may correlate with the
past innovations to y; and zy.

We maintain more traditional assumptions regarding the behavior of the endoge-
nously modelled variables. Under the null hypothesis the true joint DGP for w; :=
[y;, z5,]" will be assumed to be approximable by a VAR model, i.e. we assume that

wy = Z TwjWi—j + € (2)
j=1

where ()7 is a martingale difference sequence (MDS; for detailed assumptions see
Section 3).

In practice, the infinite order VAR in (2) is approximated using a finite autoregres-
sion. Our primary interest lies in the process for y;, which is approximated by

p

Yo =D (Tyiiy + Taajzon ;) + Eyipe (3)
=1

SWhile zy; is optional, the results of Dufour and Renault (1998) underline its potential importance.



In order to consider linear alternatives to Granger noncausality, we must also include
lags of z;; in the empirical specification. Thus, we estimate the VARX model®

p pz1+1
Y = Z(@Dyg‘yt—j + Yaj20t-5) + Z Yaj21e—j + Eytp (4)
j=1 j=1

and test the joint parameter restriction ¢,;; = 0 for 1 < j < p,; using a standard
Wald test.

The estimated model includes a surplus lag of the forcing variable, 21—, ,_1, which
is not tested. The role of the surplus lag becomes apparent after reparameterizing (4)
as

p Pz1 pz1+1
Y = ZWyj.%—j +¢zzj2’2t—j)+z V15 (2165 — 210-pa—1)+ ( Z %13’) Z1t—pa1—11 Eytp-

j=1 Jj=1

(5)
When zy; is integrated of order less than 1.5 the parameters restricted under the null
hypothesis (i.e. 1,1; for 1 < j < p,;) are expressed as the coefficients on the covariance
stationary variables zi;—; — 2z14—p,,—1 (recall that p,; is fixed) and may be shown to
follow a joint normal limiting distribution under suitable conditions. For instance,
when 2y, is I(1) it well known that they have a /T convergence rate and joint normal
limiting distribution (Park and Phillips, 1989; Sims et al., 1990). If the integration
order of zy; were to exceed 1.5, e.g. z1; ~ I(2), a second surplus lag would be required.
However, we do not consider this possibility.

The choice of p.1, the lag order of zy;, will generally influence the power of the test,
but not its large sample size. In particular, the test has power against a more general
set of alternatives for large p.;, but has greater power against simpler alternatives,
when the lag-length is small. Also, p.; need not be set equal to p, the lag order of
wy. This is another way in which the VARX provides additional flexibility. Even if
modelling zy; requires many lags, e.g. if z1; has long-memory, it may still be possible to
model w; parsimoniously. Likewise, in the pure VAR framework we require a surplus
lag of all variables, whereas in the VARX we require only an extra lag of z1;. This may
improve efficiency, particularly when the number of lags is small, but the dimension
of wy is large.

In order to rewrite (4) in compact form define y, = [y;_1,...,y; ] 2y =
(21 s 2] s Wy v= [y1, o Wyl a1 = [Yamn, gy, and 2y, o= 20, 20, ]
so that ey, = ¥ — VY, — Vu22s,. We define by z7;, = 2;;, the regressors whose co-
efficients 1,1 are to be tested. The remaining regressors, including the surplus lag,
are then grouped together as zy, := [(v; ), (23)", (#11—p.,—1)']’- Thus, the estimated
equation in (4) may be rewritten in single equation form as

Jj=1

Yy = wxl-tl_t + %:251@ + Eyt,p (6)

6When the null hypothesis holds Yy; = Ty; and Yo = W05,




where 10,1 € RFv*P=1k=1 and o), € RFvX(kypthe2pthaa) o in stacked form as
Y = X1¢;1 + Xﬂ/’;»g + gpv (7)

where Y = [ Yproatls o5 Yr }/, for prae = max{p,p. + 1}, and X, X, and &,
stack zy,, T3, and €, , in identical fashion.

The null hypothesis of no-Granger causality is then Hy : ¢,; = 0 and the alternative
hypothesis is H4 : 1,1 # 0. Defining X, = X;—X»(X5X5) ' X, X, with rows denoted
by (xiQt),, as the residual from the projection of X; on Xy, we estimate the parameter

of interest 1,1 by ﬁzl =Y'X,, (X{.QXLQ)_I and the variance of vec (1&“) is estimated
in the standard way by

~

Y1 1= ((X{,QXM)_I & is) )

for 3. = %Q’)Ep, with the rows of &, given by &, , for &y, ==y — Y12y, — Voo,

The standard Wald test for v,; = 0 then takes the form:

W i= vee(thar) St vee(thar) = vee(Y'X12)' (X[ 2X12) " @ 521) vee(Y'Xi).  (8)

In the section below, we show that under suitable regularity conditions W has a e
null limiting distribution for a wide variety of data generating processes under which
z1; may exhibit persistent behavior.

3 Large sample robustness results

In this section we show that the Wald statistic W for a test of Granger noncausality
in the surplus lag VARX obeys a standard Chi-squared null limiting distribution un-
der a variety of assumptions regarding the nature of the persistence in z;;. We begin
by stating the assumptions on the innovation process for the endogenous variables w;,
specified in (2):®

Assumption N: The noise (4)iez is a strictly stationary ergodic martingale dif-
ference sequence adapted to the increasing sequence of sigma algebras F; generated by
€, €11, - ... Further assume that E{e;e}|Fi—1} = Eeie}, = X > 0 and that E{e; o1 p6tc| Fio1} =
Wabe (constant) where ;4 denotes the a-th coordinate of the vector ;. Finally finite
fourth moments are assumed: E{e};} < oo.

Many of the results presented below may be proved under more general assumptions on
the innovations. In particular, finite fourth moments are often unnecessary. However,
the above assumptions are standard in VAR models (Saikkonen and Liitkepohl, 1996,
use similar but stronger assumptions) and provide a single set of assumptions that
are sufficient for most of our results. A second restriction is the assumed conditional
homoskedasticity of the innovations. If this restriction is dropped the asymptotic

"Here ® stands for the Kronecker product corresponding to columnwise vectorization.
8Note that Fi—1,y,.2 = Fy—1 under the null hypothesis.
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distributions change and the estimators have to be adapted to account for possible
heteroskedasticity. We will not go into details in this respect.
Under the null hypothesis we have y; = ey, + V225, and hence Y'X; 5 = EI/)XLQ.

This motivates the following high level assumptions where f‘m = T71X],X, 4 is used:

Assumption HL: Let p = p(T) be a function of the sample size T and p,; be a fized
integer. Then assume that the following conditions have been verified:

(i) $. — % in probability.

(ii) T1.5 — T4 in probability for some matriz Ty 5 € RF=1p=1xkaapan T s (),

(111) p(T) is such that T’I/QUec(ZtT:pH Epin(T1oy)) % Z. where Z. € R¥1%v s nor-
mally distributed with mean zero and variance I'y 5 ® 3.

From these high level assumptions the standard asymptotics for the Wald test are
immediate from (8).

Theorem 1 Let Assumption HL hold for €y, = ys — Vuots, — V127, where the integer
p is chosen as in HL (iii). Then, under the null hypothesis Hy : 1y, = 0, the Wald
statistic W converges in distribution to a x* distributed random variable with kyp,1k.1
degrees of freedom where p,1k,1 equals the dimension of x,.

Of course the high level assumptions are not directly applicable. In the following it will
be shown that in a multitude of circumstances the high level conditions are fulfilled.

3.1 Infinite Order Stationary VARX

We first address the stationary case. Under the null hypothesis we will assume that
the joint process wy := [y}, z5,]’ admits a VAR(co) representation of the form given in
(2) where e, = [ €}, €ly }/ fulfills Assumption N. The noise assumptions are in line
with Theorem 7.4.8. of Hannan and Deistler (1988) which extends Theorem 4 of Lewis
and Reinsel (1985) where (g;)icz was assumed to be ii.d. Many results building on
Lewis and Reinsel (1985) also use independent noise (Liitkepohl and Saikkonen, 1999;
Liitkepohl and Saikkonen, 1997; Dolado and Liitkepohl, 1996).

As described in Section 2, the test is based on the auxiliary model given in (4),
which for p = oo nests the true model. Here Hy : 9,1, = 0,5 = 1,...,p.1 specifies the
null hypothesis while a wide range of alternatives can be included for large p.;. In the
following we will only consider the case that p,; is some pre-specified integer rather than
the more general case, in which p,; — oo as a function of the sample size. It should
be noted, however, that p,; — 0o in some situations could also be dealt with leading
to a more complicated asymptotic theory (Saikkonen and Liitkepohl, 1996). However,
it is not clear how the integer p.; in such a setting could be chosen. Additionally the
assumptions on zy; in order for such results to hold are more restrictive. We will not
go into details in this respect.

We formalize the notion of reasonable approximability as is usually done in the
literature (Lewis and Reinsel, 1985; Liitkepohl and Saikkonen, 1997):

Assumption P1:



(i) The noise (&¢)iez fulfills Assumption N.

(i) 352 T jll2 < 00. For my(z) := I =377 my ;27 it holds that det m,(2) # 0, |2| <

1.

(iii) The integer p tends to infinity as a function of the sample size such that T*/? Z;’;pﬂ | 7w.ill2 —
0 and p*/T — 0.

(iv) The process (z14)iez is generated according to the equation
21t = Uy + Z Gjut,j + Z Qﬁj&?t,j (9)
j=1 =1

where (Vy)iez fulfills Assumption N with By, > 0 and is independent of the process
(€t)tez. Here Z;; 1[0, dlll2 < oo is assumed.

Assumptions (ii) and (iii) match those of Lewis and Reinsel (1985, Theorem 2, p.
398). However, unlike in (Lewis and Reinsel, 1985), the process (z1;)ez is not mod-
elled endogenously. In other words the VAR framework of Lewis and Reinsel (1985) is
exchanged with VARX modelling here. An important advantage of such an approach
is that it allows us to vary the integer p,; freely, i.e. the choice of p.; is not tied to the
approximation properties. Also we do not need to assume that (z1;);ez has a VAR(00)
representation. Hence the assumptions include overdifferenced processes which are
excluded in Lewis and Reinsel (1985). Furthermore z;; may be a function of lagged
y—; and z9_j,j € N. The assumptions on (21;)ez nevertheless exclude a number of
interesting cases: Due to the summability assumptions on the coefficients 6; and ¢; the
process (z1;)iez is stationary. Integrated processes will be dealt with in later sections.
Also certain long memory processes are excluded (see below). These are the topic of
section 3.4.

The following result is a consequence of the proof of Theorem 3 of Lewis and Reinsel
(1985), which it extends to the VARX framework:

I / / / !/ / / i !/ / /
Theorem 2 Let xy = [Yi_1s -\ Yiops Zop—1s -+ By 1ty 1) @A Ty = (21 g5y 270, ]
Then Assumption P1 implies Assumption HL.

The theorem shows that in situations where the true process follows a VARX(00,p.1)
the Wald test statistic can be used as if the true process was a VARX (p,p.1). The
main advantage in comparison to previously obtained results, such as those in Dolado
and Liitkepohl (1996), is that the regressors zj; are not modelled endogenously. This
leads to a more parsimonious model in the case where y; can be modelled using only a
few lags relative to a full VAR model also containing z1;. From the proof of the theorem
it is obvious that in this special case the result also holds if the surplus lag z1;—p,, -1 is
not included in z;,. The inclusion of this additional term may be expected to reduce
the power of the tests where the decrease in power depends on the characteristics of
z1; and the lag length p,;. Dolado and Liitkepohl (1996) contains a discussion on
these issues. This power loss is the downside to the robustness properties of the test
provided in the following sections.

10



3.2 Infinite Order Nonstationary VARX

In the last subsection we dealt with stationary processes. One of the main motivations
behind the surplus lag approach was to obtain results without unit root and cointe-
gration pre-testing in cases where components of y; and/or z; might be (co)integrated.
This is allowed for in the following assumption.

Assumption P2:

(i) There exists a nonsingular matriz T = [y, ,7],7 € Rwtk=2)xn o < n <k + ko
such that the process (v;)iez obtained as (using a random value wy that has finite fourth
moments and is independent of e;,m,t > 0)

vy = [ ¥ (Wi — wi—1) 1 (10)

/
Y Wy

has an autoregressive representation Z;‘;O Ty jVi—; = € where (e4)iez fulfills Assump-
tion N.

(i) For m,(2) := Y 2 my ;2 we assume det m,(2) # 0, |2 < 1.

(i1i) Summability of power series: Y22, jllm, jlla < oo.

(iv) The integer p is chosen as a function of the sample size such that p*/T — 0 and
T2 et Il = 0.

J=p+1
(v) The process (z14 — z11-1)ten for random zyy (finite fourth moment, independent of

e, Me, t > 0) fulfills Assumption P1(iv) where additionally 3772 jl|[0;, ¢5]ll2 < 0o holds.

Here y denotes the cointegrating relations as (7w )sen is assumed to be stationary.
Note that these assumptions also include many processes fulfilling Assumption P1.
They lead to the following Theorem:

- . / / / / / / - . !/ / /
Theorem 3 Let g, = [Yi 1,3 Yt ps Zop 15+ 24— ps Z1t—poy 1) O0A X7, = (27, 45, 20 ]

Then Assumption P2 implies Assumption HL.

The theorem extends the results of Theorem 5 of Saikkonen and Liitkepohl (1996)
from the VAR to the VARX framework with the same advantages as in the station-
ary case. The integer p,; is not tied to the approximation quality and more general
processes zy; are allowed for. This is an appealing and useful feature of Granger-
noncausality test in many different frameworks. All processes y;, z1; and zo; can be
stationary, integrated or cointegrated and we do not use any information on possible
cointegrating relations. This robustness property follows from the fact that the prop-
erties of €, are identical across all cases and that in all cases there exists a sequence
of matrices 7, such that x, — 7,25, is stationary. The fact that this is sufficient for
standard asymptotics to hold is also acknowledged in Theorem 1 of Toda and Phillips
(1993) and footnote 3 of Sims et al. (1990).

Of course this robustness comes at a price: If 2y, is stationary then one lag of zy; is
unnecessarily omitted from the test restriction, leading to a loss of power with respect
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to tests under correct specification as noted by Dolado and Liitkepohl (1996). From
the proof of Theorem 3 it is obvious that for stationary z;; the variable z1;_,_,_1 can
be omitted in the definition of z;, and the asymptotic distribution of W is unchanged
but the resulting test has higher power since it is based on a smaller model. If zy; is
in fact integrated but is considered to be stationary such that no lag of zy; is included
in x5, then the asymptotic distribution is incorrect as is the size of the test. Hence, in
situations where 21, clearly is stationary rather than integrated the omission of 21—, 1
seems to be the better procedure. If this decision cannot be made with certainty then
there is an argument for using the robust version of the test given the fact that for
large p,; the expected loss in power is small whereas the effect of misspecification can
be substantial.

If additionally the cointegrating rank of the joint process [y}, 25,, 21,]" is known then
superior tests can exploit this knowledge (Toda and Phillips, 1993). In this situation
the power loss can be substantial due to the T-consistency of the estimators of the
cointegrating vectors as compared to the v/T consistency of the excess lag estimators.
Note however, that in any case there is a risk of misspecification. The proposed tests
given in this paper sacrifice power in special cases for obtaining robust inference under
a wide variety of possible assumptions on the data generating process. The surplus
lag Wald test W relies on neither pre-test nor pre-estimation to obtain a distribution
that is invariant to the number of 1(0) and I(1) components and the same invariance
extends to the local-to-unity framework.

3.3 Local-to-unity processes

We next address the behavior of the surplus lag Wald test W under the local-to-unity
framework, introduced by (Phillips, 1987; Chan, 1988), which bridges the gap between
asymptotic theory for integrated and stationary processes. In this model, the largest
root of zy4, say ar = 1+ ¢/T), is specified as a Pitman drift that approaches unity as
T — oo. This is a modeling device, whose asymptotics have been found quite accurate
in approximating small sample distributions when roots are slightly less than unity.
It has played an important role in financial and macroeconomic applications in which
a number of variables that should be stationary according to economic theory, are
nonetheless found to be highly persistent in practice. It is also precisely the case in
which the power of unit root tests is low and therefore uncertainty exists regarding the
choice between level and difference specifications. This poses a challenge for inference
since the asymptotic distribution of most estimators depends on the value of ¢, a
parameter which cannot be consistently estimated using a single time series. For
example, Elliott (1998) finds that the critical values of most common I(1)/cointegration
methods, including those involving pre-test, may be inaccurate when the true process
is local-to-unity. Likewise, stationary asymptotics are also not generally appropriate
in this case. Thus, with a few recent exceptions (Jansson and Moreira, 2006; Maynard
and Shimotsu, forthcoming) bounds procedures have been required due to critical
values that depend on ¢ (Cavanagh et al., 1995, e.g.).
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As we show below, the robustness advantage of the surplus lag method becomes
particularly apparent in a local-to-unity context. Since the surplus lag Wald test 144
relies on neither pre-test nor pre-estimation to obtain a distribution that is invariant to
the number of I(0) and I(1) components, it may be expected that the same invariance
extends to the local-to-unity framework.

We will use the following assumptions:

Assumption P3 :
(i) Define Ary = 1 + Cy/T,C, = diag(ci, o, ..., Chytho—n) and ¢; < 0 for i

IA I

1,...Chythssn- There exists a nonsingular matriz T = [y,,7],y € RkvFk2lxn g
n < ky, + k.o such that the process (vy)iez obtained as (for suitable value wy)
vy = Yiwe — ArwY Wi (11)

/
Y Wy

has an autoregressive VAR (00) representation Y 7= m, jv;—j = & where (g¢)iez fulfills
Assumption N.

(ii) For m,(z) := Y 72 my ;27 we assume det m,(z) # 0, |2 < 1.

(iti) Summability of the power series: 322 j|my jlla < oo.

(iv) The integer p increases with T such that p*/T — 0 and T*/? > i 1Tl — 0.
(v) Let Ar, == I+C. /T where C, := Sdiag(c,1,...Cop.,)S™", i <0 fori=1,... k.,
and S € RF=1%k=1 s nonsingular. The process (21t — A72211-1)tez for some value z1g
fulfills Assumption P1(iv) where additionally 72, jl|[0;, ¢;]ll2 < 0o holds.

Under Assumption P3 y;, z;; and 2y are all defined as triangular arrays® that can
be either stationary, integrated, or near-integrated. Cointegrating relations may exist.
The matrices of largest roots Ar,, and Az . depend on the matrices of local-to-unity
parameters C,, and C, respectively, allowing for a different local-to-unity parameter (c;
and ¢, ;) in each element of 7/ w; and z;;. The component v'w; is stationary, allowing
for cointegration in w; with cointegration rank n. The no cointegration case (n = 0)
is also included. Cointegration between w; and zy; is allowed for, but not explicitly
modeled. Results for exact unit roots hold when ¢; = ¢,; = 0. It is obvious that
Assumption P3 implies Assumption P2 with ¢; = ¢,; = 0 for all 7.

The theorem below shows that the same high level assumptions are implied un-
der the local-to-unity model, which confirms that W maintains the same asymptotic
normality irrespective of the value of ¢ in the local-to-unity model. As in the I(1)
case, the main technical reason is that there exists a sequence of matrices 7, such that
T — TpTy, 1s stationary.

- / / / !/ / / e !/ / /
Theorem 4 Letxy, := [y;_4,. .. T VPR P th—pzl—l} andxy, = 2,4, ,zltfpzl] )
Then Assumption P38 implies Assumption HL.

The extension of this robustness result for the Wald test from the standard I(1) frame-
work to the local-to-unity framework is new to the best of our knowledge. From a

9For notational simplicity we follow common practice in suppressing the dependence on T' due to
the localization.
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theoretical perspective, it is perhaps not surprising, but as discussed above, this is a
rare property that has useful practical implications for the value of this method as a
robust test.

3.4 Long-memory forcing variables

Models of fractional integration originating from (Granger and Joyeux, 1980; Hosking,
1981) provide another useful method of spanning the I(0)/I(1) divide. A variable zy;
is said to be integrated of order d if its fractional difference (1 — L)%z, is 1(0). Thus
values of 0 < d < 1 provide an intermediate between I(0) and I(1) models, in which
shocks do decay, but only at a hyperbolic rate. These slow decay rates have been
found important to modelling a number of phenomena in economics and finance, as
well as in the natural sciences (Baillie, 1996). For values of d < 0.5, the process fits
into a larger class of stationary long-memory models. Values of d > 0.5 correspond to
nonstationary fractional integration. Because the degree of fractional integration d is
consistently estimable, long-memory models do not pose quite the same difficulties for
inference as the local-to-unity model. Nevertheless, specialized inference techniques are
often required for addressing systems involving fractional (co)-integration.'® Typically,
these techniques depend on consistent estimates of the parameter d and are thus not
the same as the techniques that would be applied under other models of persistent
behavior, such as the near unit root model analyzed above. An advantage of the
surplus lag Wald test statistic shown below is that it has a standard limit distribution
for both stationary and nonstationary long-memory forcing variables.

3.4.1 Stationary long-memory

Assumption P1 for stationary infinite VARX processes imposed summability assump-
tions on the impulse response sequence of the exogenous process (z1;)ien. These as-
sumptions exclude long-memory processes such as fractionally integrated processes
with 0 < d < 0.5. In this section we will provide less restrictive assumptions including
such processes:

Assumption P4 :

(i) Assumption P1, (i) - (iii) hold. Additionally (e;)iez is assumed to be i.i.d.

(ii) The process (z1¢)iez, is generated according to the equation (9), where (v)ez fulfills
Assumption N and is independent of the process (;)iez. Here ||[0;, ¢;]ll2 < cj® ! for
some constant 0 < ¢ < oo and —0.5 < d < 0.5 is assumed.

(iii) p is chosen such that p = o(T*~2%) and Assumption P1(iii) is fulfilled for this
choice of p.

These assumptions on the exogenous inputs include many long-memory processes
and in particular fractionally integrated processes. In fact the assumptions are much
weaker than this including sums of fractionally integrated processes. Since the squared

10Gee footnote 2 for a partial list of references.
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coefficients for d ~ 0.5,d < 0.5 are just summable, the conditions on the impulse
response sequences are close to minimal. On the other hand, it has been found nec-
essary to introduce an additional condition on p, the number of lags included in the
approximation for 1/3 < d < 1/2 since in this case the estimates of the covariance
sequence, including the cross covariance with lags of y; and 29, are extremely unre-
liable. In fact, their covariances are of order O(T%?~2) and hence arbitrarily small
fractions of the sample size are obtained as convergence orders for values close to
d = 0.5. This in turn limits the range of admitted processes via the assumption that
T\/? > eyt Imwjlla — 0. In some situations this is not a severe limitation. If the
joint process w; is a VARMA process then any rate of the form p = T will fulfill the
approximation restriction and choosing ¢ < 1 — 2d the condition on p can be easily
met.

In this setting the advantage of the VARX framework is most clearly visible. If
instead one modelled the process [y, z1;, 25,]" using the VAR framework then overly
large orders are needed in order to obtain a small approximation error €y, — &, due
to the slow decay of the coefficients in the VAR(oo) representation of the true process.
In the VARX framework this difficulty does not arise. Moreover, overdifferenced pro-
cesses can also be used as regressors since they do not need to be approximated using
autoregressive terms.

Again it can be shown that Assumption HL holds.

- / / / !/ / / e !/ / /
Theorem 5 Let g = [Yi_1s- -y Yiops Zop—1s -+ By ey 1) @A Ty = (21 g5y 23, ]
Then Assumption Pj implies Assumption HL.

This result for stationary long-memory does not depend on the surplus lag and also
holds if z1;_,.,—1 is omitted in the definition of x;,. Again this results in a power-
robustness tradeoff.

3.4.2 Nonstationary long-memory

It has been observed in the literature that the estimates of d for fractionally integrated
processes often are close to d = 0.5 (cf. the references given in Baillie, 1996, section 6,
p. 43). The last theorem showed that the Wald test is robust with respect to fractional
integration for —0.5 < d < 0.5. Previously, robustness with respect to integration has
been given in Theorem 3. We next combine these two results to conclude that the
surplus lag test also retains robustness under the following set of assumptions, which
allow for forcing variables with nonstationary long-memory.

Assumption P5 :

(i) Assumption P1, (i) - (iii) hold. Additionally (¢;)iez is assumed to be i.i.d. and
>ty 3 0l sl < o0 for some § > 0.

(i4) There exists full column rank matrices 3 € RF=1x(kbz1=¢21) gng g, € RF=1xca1 g3, =
0 such that for 3 z190 =10

{ 61(2123;121,:_1) ] — v, t €N (12)
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where
= Ty+d) Vi
, :E L(j])— " J 1
'Uz,t ~ l<]>F(dl)F(j+1)az ( 5t—j ’ ( 3)

for —0.5 < d; < 0.5, |las]l2 = 1, limj oo L;(§) = 1, and (v4)sez i.i.d. and independent
of e, with Evy = 0, Ev) > 0 and finite fourth moments.

(iii) Defining dmax = max(dy,...,dx.,), and dyyn = min(dy,...,d.,,), p is chosen
such that p = o, (Tmin{1/3,I—Qdmax,1/3(1+2dmin)}) and T2 Z;ip+1 [Twjlla — O for this
choice of p.

Nonstationary fractional integration in the forcing variable is allowed for through the
hyperbolic rates of decay on | (21 — z1,-1), through (13), which allows for different
values of d in each element of 3 21;.!' The cointegrating residuals, given by /3’2y,
may be fractionally integrated of order —0.5 < d; < 0.5. The inclusion of the slowly
varying coefficients, L;(j), lends flexibility to the short-memory dynamics, allowing for
models such as the ARFIMA(p,d,q), as discussed in Davidson and Hashimzade (2007).
In comparison to our previous assumptions, the required restrictions on the increase
of p as a function of the sample size are striking. Assumption P4 showed problems
for the fractional integration parameter d; close to 0.5 due to the bad estimates of the
covariance sequence. Assumption P5 indicates difficulties for d; near —0.5. The reason
for problems in that case is the slow divergence rate of the nonstationary component,
with integration 1 + d; only slightly above 0.5. The borderline case d; = 0.5 has not
been analyzed. On the other hand, the remaining assumptions are far from minimal.
In particular the assumptions on v; appear to be overly strong. Again we stress that
we are not interested in the most general setup but only in providing cases in which
the standard asymptotics for the Wald test hold:

- . / / / !/ / / - . !/ / /
Theorem 6 Letxy, = [y;_q,... VA VIR P Y zlt_pzl_l} andxy, =2 1, .- ,zlt_pzl] .
Then Assumption P5 implies Assumption HL.

The theorem shows that in the case that the exogenous regressors are fractionally
integrated of order 0.5 < d < 1.5 the null asymptotics of the surplus-lag Wald test
for Granger-noncausality remain standard. In the special case when the lag length p
is known and finite, the validity of the excess lag test may be partially anticipated
by the results of Dolado and Marmol (2004) who generalize the findings of Sims et
al. (1990) to allow for nonstationary fractional integration. However, the above result
appears to be the first to directly establish the validity of the surplus lag method
with nonstationary fractionally integrated regressors. The allowance for unknown and
possibly infinite order models complicates the analysis non-trivially.

HMarinucci and Robinson (1999) distinguish between two types of fractional integration, Type I
and Type I, depending on the treatment of the initial conditions. Our assumptions allow for Type I
fractional integration.
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3.5 Stationary processes with structural breaks

We next expand the stationary infinite VARX process to allow for the occurrence of
a fixed number (J) of historical breaks in the intercept of the exogenously modelled
variable z1;, which occur at fixed fractions of the sample size. Although the true data
generating process includes breaks, we do not assume that any breaks are included in
the estimated model. In particular, we wish to avoid any first stage inference regarding
the existence of and/or number of breaks. Breaks in the process for the endogenously
modelled variables w; would have to be explicitly modelled and thus are not consid-
ered. Breaks in the coefficients 1,1 governing the impact of xq; on y; are also excluded
under the null hypothesis, under which these coefficients are fixed at zero.

Assumption P6 :

(i) Assumption P1, (i) - (iii) hold. Additionally (e¢)iez is assumed to be i.i.d.

(i) Let J be a fized integer denoting the number of breaks. Defining wy := 0 and
letting w; j =1,...,J denote the fraction of the sample spent in regime j between the
(j — 1)th break and the jth break, with Z;}:le =1, the process (z1¢)ez 1S generated
according to the equation

J 7—1 7 [e’e) o]
21 = ZgzﬁjI (1 + \‘ZwkTJ <t< { wiT J) + v+ Zﬁjyt_j + Z¢j6t_j
J=1 k=0 k=1 Jj=1 j=1

where 1(-) denotes an indicator function |x| denotes the greatest integer less than x,
(Vt)1ez fulfills Assumption N with Ev, > 0 and is independent of the process (¢)iez.-
Here 3272 (105, ¢51l| < oo is assumed.

While we do not assume that zy; is explicitly modelled in the empirical analysis,
the estimated VARX must either include an intercept, or at a minimum, z; must
be demeaned prior to estimation. It will be convenient to work with deviations from
means. Let z; = [ (23,)" (23) ], denote the full set of regressors and define

J
n(j) =E[z;I(t € S;)] and fi := ij,u(j)
j=1
as the mean within regime 5 and the average mean across regimes, respectively. Here
we define S; = {pz1 14 [T [0 wi T } as the data range that would
result if restricted to regime j only.

Let 171/\(@_) denote the value of the Wald statistic introduced earlier when the
original data z; is replaced by z; —x~. To keep the proofs simple, we first show that

the infeasible estimator W (1) has the correct large sample distribution.

Theorem 7 Let g, = [Yi 1,3 Yt ps Zop 15+ 5 24— ps Z1t—poy 1) AT, = (27, 450, 20 ]
Then Assumption P6 implies Assumption HL is satisfied for the infeasible Wald statis-
tic W (1) .
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The result is easily extended to the feasible statistic W (z7) in the following corol-
lary, the proof of which is omitted.

Corollary Assume that P6 holds. Then under the null hypothesis Hy : 1,1 = 0 the
Wald statistic W (27) converges in distribution to a x? distributed random variable
with kyp.1k.1 degrees of freedom where p.;k.; equals the dimension of z7,.

4 Simulation results

In this section we conduct a small Monte Carlo study to investigate the finite sample
performance of the test. Following the notation above, we refer to ¥, as the dependent
variable and z1; as the forcing variable. The primary motivation for the inclusion of the
excess lag is to enhance the robusness of the resulting causality test to both the degree
and nature of the persistence in the forcing variable. Therefore we consider several
different models for zy;, including I(0), I(1), near-unit root, and fractionally integrated
cases. We also consider both 7(0) and I(1) models of the dependent variable and allow
both for cases in which y; and zy; are cointegrated and for cases in which ¥, and zy,
are nonstationary but do not cointegrate. Some related simulation results for the pure
VAR based surplus-lag tests in I(1) and cointegrating settings are provided by Dolado
and Liitkepohl (1996) and, more extensively, by Swanson et al. (2003). However, we
are not aware of any results on their performance in near unit root or long-memory
settings. We also present some new small sample power comparisons.

4.1 Simulation Models

In the simulation models presented below, we denote by 0 the parameter that is used
to measure the distance of the true model from the null hypothesis. With a few
exceptions, we test Hy : 0 = 0 against H, : d # 0 and thus we provide results for both
finite sample size (§ = 0) and power (§ # 0). We note, however, that the meaning of ¢
differs in each specification and therefore test power is not directly comparable across
models. The innovation process is specified as'?

1 J12
012 1

ep = (e, 9¢) ~1i.d. N(0,%) for ¥ = { } , and 010 = —0.8.  (14)

4.1.1 I(0), I(1), and cointegration cases

We first consider the behavior of the test under three standard models involving 1(0),
I(1), and cointegrated variables. The first is a stationary levels VAR (levels-VAR) in

12Granger noncausality (condition 1) has no implication for the residual cross-correlation, 5.
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which both y; and zy; are 1(0):

ye | |05 9 Yt—1 €1t
|:th:|_|:0-3 O5:| |:th1:|+|:€215:|. (15)
The second is a difference VAR (difference-VAR) in which both y; and 2y, are I(1) and
there are no cointegrating vectors:?

Ayt . 05 (5 Aytfl glt
|: Azlt :| N |: 03 05 :| |: Ath_l :| + |: Eot :| : (16)

The third type model we consider is a vector error correction model (VECM), in which
y; and zy; are I(1) and cointegrated:

Ay, —01 Yt—1 0.5 93 Ay €1t
[Azlt] - { 1 }[1 _62}[21?131}4_[0.3 0.5} [Azlt1}+{a%]ﬂ7)
Re-expressing the top equation as Ay, = —d01y;1 + 01022111+ 0.5Ay; 1+ 030z 1 +e1
illustrates three possible sources of Granger-causality running from z1; to y;: the speed-
of-adjustment term (d;), the cointegrating coefficient on z1; (d2), and the lagged first
differences (d3), the last of which is also examined in the simulations of Dolado and
Liitkepohl (1996). Due to the non-linearity, in this case the null hypothesis is given

by Hy : 6100 = 63 = 0. Because we expect this distinction to matter, we consider test
power along all three dimensions.

4.1.2 Models with near-unit-root/local-to-unity

We define ¢ < 0 as the local-to-unity coefficient and ar = 14 ¢/T. In this case there is
no equivalent to the stationary model in levels (levels-VAR) considered above. How-
ever, similar to the difference VAR above, we include a model with non-cointegrated
near unit roots (no-cointegration):

Ay, _|lar—1 0 Yi—1 05 9 Ay €1t
|: AZH :| N |: 0 ar — 1 :| |: Z1t—1 * 0.3 0.5 AZU,1 + Eot ' (18)
We also consider two models that allow for cointegration between near unit roots. In
the first model (z-adjusts):

Ayt o ar — 1 0 Yt—1 0.5 ) Aytfl E1t
|: Ath :| N |: ar —1 21t—1 + 0.3 0.5 Ath_l + Eot (19)
(yt, z1¢) have cointegrating vector (1,—1) and zj; may be seen as the variable that
adjusts to restore long-run equilibrium. In the second model (y-adjusts), specified by,

Ay _ —1 ard, Y1 + 0.5 09 Ay + €1t (20)
Ath 0 C/T Z1t—1 0.3 0.5 Athfl Eot ’
13In order to provide a basis of comparison to the previous literature, we choose the parameters of
this model to match a special case of the simulations in Dolado and Liitkepohl (1996).
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it is y; that performs this adjustment and therefore the cointegrating vector (—1,d;)
specifies an alternative to the null model of Granger noncausality. Both cointegrating
specifications are specializations of (Elliott, 1998, eq. 2), who considers inference on
cointegrating parameters, but not causality testing, in near-integrated models.

4.1.3 Models involving fractional integration in zy;

In this case, we assume that zy; is fractionally integrated of order d and model it as:
sp=(1—L) ey (21)

for 0 < d < 1. Under the null hypothesis we consider cases in which y; is I1(0) and
cases in which y; is I(1). We do not include cases in which y; is I(d) and fractionally
cointegrated with z1; because this is not a case in which our surplus lag method, which
relies on finite order approximate models under the null hypothesis, can be expected
to work. However, under the alternative we may allow for all three cases: y; 1(0), v
I(1), and y; I(d) and fractionally cointegrated with zy,.

To be concrete, we consider two models. In the first model:

Ay, = 0.5Ay—1 +0Azy_1 + ey, (22)

v is 1(1) under both the null and alternative. Because zy; is I1(d) for d < 1, y; and
z1; cannot cointegrate even under the alternative hypothesis. In the second model we
consider

Ay = —0.5(yi—1 — 61210-1) + 02021 + €1y, (23)

in which y; is I(0) under the null hypothesis (Hy: §; = do = 0). Under the alternative, y,
may be either 1(0) (d; = 0,2 # 0) or I(d) and cointegrated with zy; (with cointegrating
vector (1, —d)).

4.2 Test procedures

Under each of these models we compare four simple methods of testing Granger non-
causality. The first two tests, based on a VAR(2) in levels (Levels-VAR) and a VAR(1)
in differences (Dif-VAR), are included as a basis of comparison. They are both based on
standard Wald tests for Granger causality that do not employ the surplus lag methodol-
ogy. The levels VAR tests the null restriction Hy : A12(1) = A12(2) = 0 using the fitted
AR(2) model (i, 21,) = A(0)+3_7_, A(i)(ys—i, 211—i)'- The difference VAR tests the re-
striction Hy : Aj2(1) = 0 in the fitted model (&Jt, Kzlt)’ = A(O)—{—fl(l)(Ayt_l, Azyyq).
In both cases all relevant lags are tested. A levels VAR is an appropriate specification
under (15), while the difference VAR is correct under (16). However, as we do not
assume a priori knowledge of integration orders, we consider the behavior of both tests
under both data generating processes (hereafter DGPs).!

14The lag order of the levels-VAR (p = 2) is chosen to be large enough to accommodate (16), when
rewritten as a nonstationary VAR(2) in levels. When applying the levels-VAR(2) to (16), this choice
of p = 2 allows us to observe the effect of misspecifying the order of integration without misspecifying
the lag order.
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The third test (Toda-Phillips), an implementation of the method suggested by Toda
and Phillips (1993), is a causality test based on a vector error correction model, with
pre-tests for unit roots and cointegration rank. Unlike the two previous tests, this test
does not rely on prior information regarding integration orders and cointegration rank
and thus provides a far more serious and difficult benchmark than the two previous
tests.

The final test (Surplus-VARX), based on an ARX(2,3), is an example of the
surplus lag VARX causality test analyzed in theoretical sections above. In con-
trast to the previous three approaches, the forcing variable zy; is not explicitly mod-
elled. Instead, we estimate the autoregressive distributive lag or ARX model 91, =
a(0) + 27 a(i)yn—i + S0, b(i)z1,_, in which 2y, is an unmodelled forcing process,
and test Hy : b(1) = b(2) = 0. The implication of Granger noncausality for the surplus
lag b(3) is not tested. Because we do not require any extra surplus lags of y;; we base
the test on a surplus lag ARX(2,3) rather than a surplus-lag ARX(3,3).

4.3 Rejection rates under the null

Since we are interested in the robustness of these procedures to possible misspecifi-
cation of the order of integration, we consider the application of each of these four
methods under the null hypothesis corresponding to each of the data generating pro-
cesses considered in Section 4.1 above. The results are divided into three tables. Table
1 provides null rejection rates for the I(0), I(1) and cointegrated models of Section
4.1.1, Table 2 presents results for the local-to-unity specifications of 4.1.2, and Table
3 gives the rejection rates for the fractionally integrated model of Section 4.1.3. In all
cases the error processes are described by (14), with 015 = —0.8. Within each panel
we present results for sample sizes of T = 50, 100, 200, and 500. The table entries
show finite sample rejection rates under the null hypotheses for a five-percent nominal
test based on one thousand simulations.

We turn first to Table 1. Columns 3-4 provides null rejection rates for data simu-
lated under the stationary levels VAR (eq. 15, § = 0) and the difference VAR (eq. 16,
9 = 0), respectively. Columns 5-6 are both generated under the error correction model
(eq. 17, d3 = 0), which has cointegrating vector (1, —d3)’". In Column 5, (1, d2) = (1,0),
a null hypothesis under which there is no cointegration between 3, and zy;. In Column
6, (61,d2) = (0, 1), implying cointegration but not Granger causality from z;; to y;.

As expected, the levels VAR (top panel) has good size when the DGP is given
by the stationary VAR (Column 3). It also gives reasonable size under the two error
correction model specifications (Columns 5-6). However, it suffers from non-trivial size
distortion when the true model is a VAR in first differences (Column 4). Similarly, the
difference VAR (Panel 2) has good size when the true model is a difference VAR in
levels (Column 4) but suffers serious size-distortion when the true model is stationary
in levels (Column 5). This is due to over-differencing and also results in size distortion
in the VECM specification of Column 5, in which Ay, is again over-differenced. By
contrast, both the Toda-Phillips and surplus-lag procedures show reasonable rejection
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rates across all four specifications for sample sizes of 7' = 200 or larger. For both
tests some size distortion is nonetheless observed in smaller samples, particularly in
Columns 2 and 3.

Table 2 shows simulation results under the local-to-unity DGPs of Section 4.1.2; us-
ing a local-to-unity parameter of ¢ = —5.0. The results in Columns 3-5, correspond to
simulation models (18), (19), and model (20), respectively, with § = 0. The levels VAR
is moderately over-sized in model (18), in which both variables are quasi-differenced, a
DGP that specializes to the difference VAR for ¢ = 0 (ar = 1). On the other hand, it
shows reasonable accurate size for the specifications of Columns 4-5, based on models
that allow for cointegration between near unit roots. The difference specification gives
good results under the DGPs of Columns 3-4, but as shown in Column 5 is terribly
over-sized in model (20). Although the Toda-Phillips procedure was not specifically
designed to work in a local-to-unity setting, it nonetheless provides quite good size
under model (19), as seen in Column 4. On the other hand, it is subject to size distor-
tion under models (18), and (20) respectively. This may be due in part to difficulties
associated with unit root and cointegration pre-tests in local-to-unity models and we
found that the distortion appears only to occur in the case of residual cross-correlation
(i.e. 012 # 0). The surplus-lag VARX also suffers from some small sample size distor-
tion, particularly for 7" = 50, but provides quite accurate size across all three models
in larger sample sizes.

Finally, in Table 3, we consider the empirical size of the causality tests under the
fractionally integrated models of Section 4.1.3, in which z;; is generated by (21) us-
ing values of d = 0.4 (stationary long-memory) in Columns 3 and 5 and d = 0.8
(nonstationary fractional integration) in Columns 4 and 6. In Columns 3-4, the de-
pendent variable, v, is generated by (22), with § = 0, a model without cointegration.
In Columns 5-6 y; is given by (23), with ; = J = 0, a model allowing fractional
cointegration under the alternative.

All four methods show only moderate size distortion in larger samples when 2z,
has stationary long-memory (Columns 3 and 5). Recall that our theoretical results
did not in this case, require the addition of a surplus lag. On the other hand, some
difficulties are again encountered when zy; is modeled as a nonstationary fractionally
integrated process in Columns 4 and 6. The levels VAR shows size distortion in
both models for d = 0.8. While the difference VAR works fine in the model without
cointegration (Column 3), it again shows severe distortion in model (23) (Column 5).
The Toda-Phillips is slightly over-sized in both models. The surplus-lag VARX shows
size distortion in small samples, but is again the only test to show reasonable size
across all models in the larger samples.

To summarize briefly, both the levels and difference VAR specifications can show
substantial size distortion when misspecified. In the case of the levels VAR this is
likely due to the use of standard critical values when nonstandard asymptotics apply.
The difference VAR is misspecified in cases of over-differencing and these cases result
in particularly large size distortions. While these results are not surprising, they
underline the importance of inference methods that are more robust to differing orders
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of integrations. Both the Toda-Phillips and surplus-VARX model fit this description
and both tests have good size against all I1(0), I(1) and cointegrated models. Despite
the fact that the Toda-Phillips procedure is not designed for the local-to-unity or
fractionally integrated models, its size was still quite accurate across a number of
these specifications. Nevertheless, some size distortions were detected under certain
local-unity and nonstationary fractionally integrated models. Of the four models, only
the surplus-VARX based test provided reasonably accurate rejection rates in moderate
sample sizes across all specifications considered. This underlines its value as a causality
test that is particularly robust to misspecification of integration orders. Of course this
robustness does not come without cost. As we discussed earlier, the addition of an
unnecessary lag may be expected to reduce test power. The magnitude of this power
loss under various specifications is examined below.

4.4 Size-adjusted power

We next consider the behavior of the tests under the alternative hypothesis of Granger
causality (6 # 0 in most cases). Due to the large number of models and alternative
specifications in 4.1 we present only the results for the alternatives discussed in Section
4.1.1 to save space. The full set of results are available upon request.

Figures 1-5 display the size-adjusted power curves for all four tests, under the
alternative specifications of Section 4.1.1. Due to the large size distortions observed
in the level and difference VARs, when misspecified, we compare size-adjusted power
(defined here as power - actual size + nominal size) rather than power itself. In a few
cases we also omitted the difference VAR test due to its extreme distortion.

Figure 1 is generated under the levels VAR in (15). The misspecified difference
VAR appears biased and sized distorted. However, the size-adjusted power of the
other three tests are quite similar. In this case there appears to have been relatively
little power loss from use of the surplus lag. In Figure 2, the data is simulated from the
difference VAR specification given in (16). Here, the now correctly specified difference
VAR has substantially higher power than the other three methods. However, the size-
adjusted power of the surplus VARX is sometimes better and never much worse than
that of the other two tests.

The power loss due to the surplus lag becomes more evident in the VECM model,
which allows for the possibility of cointegration between y; and zy;. Figures 3, 4, and
5 show results for three different alternative specifications in (17). In figure 3, we set
(01,02) = (0,1) and vary d3 across the horizontal axis. In this model y; and zy; are
cointegrated under both the null and alternative and Granger causality is controlled
through the coefficients on the lagged first differences. In figure 4, (01,93) = (1,0) and
we vary d,. In this case, there is no cointegration between y; and zy; under the null
hypothesis d; = 0, but there is cointegration under the alternative. Finally, in Figure 5,
we set (02, d3) = (1,0) and trace the power curve by varying d;, the speed-of-adjustment
parameter for y;. In all three cases the size-adjusted power of the surplus-lag causality
test lies substantially below that of both the levels VAR and Toda-Phillips test, at
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least until power reaches close to one.

4.5 A brief comparison of two surplus lag approaches

We next provide a few comparisons of the two variants of the surplus-lag causality tests:
the VAR based approach considered in the previous literature (Dolado and Liitkepohl,
1996; Toda and Yamamoto, 1995; Saikkonen and Liitkepohl, 1996) and the VARX
based approach studied above. The first involves an addition of one extra, untested,
lag to each variable for a joint VAR for iy, and z;;, whereas in the second approach
only ¥, is modelled by means of a VAR and only zy; requires an extra surplus lag. As
seen in the theoretical section above, it is not in fact necessary to explicitly model
z1; in order to conduct a test of causality. Therefore, although the two approaches
are similar in spirit, one may expect certain advantages from the parsimony of VARX
based approach. More concretely, this may be expected to give rise to the following
two benefits:

1. The surplus-lag VARX requires only a surplus lag of z1;, whereas the surplus lag
VAR employs a surplus lag of both y, and zy,.

2. In the surplus lag VAR, the lag length must be chosen large enough to approxi-
mate the dynamics of both y; and zy;, whereas in the surplus lag VARX it needs
only be chosen large enough to accommodate the dynamics of y; (including its
possible dependence on past z1;).

In our Monte-Carlo experiments, we have generally found that the first of these
two advantages leads to relatively minor gains, whereas as the second advantage listed
above can be quite important, particularly when the dynamics of z;; are complicated
relative to those of y;. This is not an uncommon circumstance in practice. Stock
returns, for example, have simple mean-dynamics, whereas the variables often used to
predict them, such as earnings and dividend price ratios, are highly persistent with
strong seasonal dynamics. Likewise, it is common to attempt prediction of exchange
rate returns using the forward premium, which shows long-memory characteristics.

To demonstrate this point as simply as possible, consider a stationary seasonal
VAR model, in which z;; has a seasonal autoregressive component, but y; does not:

Yt 05 9 Yi-1 0 0 Yi—s €1t

{ = ] - [ 0.3 0.5 ] [ 21t } * [ 0 an(s) ] [ 21ems 1 * { e ] - @)
In this case, the surplus-lag VAR would be implemented by estimating the VAR (s+1)
model, (44, 21) = A(0) + 32551 A(i)(y1—i, 211—:)', and testing the relevant elements of
the first s autoregressive coefficients, i.e. by testing Hy : Ajo(i) =0fori=1,...s. On
the other hand, when using the surplus lag VARX we need only estimate the ARX(1,2)

given by 71, = a(0) + a(1)yy—1 + Z?:l B(z’)zlt_i and test Hy : b(1) = 0.
Figures 6 and 7 show the corresponding size-adjusted power curves for s = 4
(corresponding to seasonality in quarterly data) and s = 12 (corresponding to monthly
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data), respectively. In both cases we set aga(s) = 0.3. These comparisons demonstrate
well the potential gains that can be achieved from employing the more parsimonious
surplus-VARX in place of the surplus-lag VAR. The size-adjusted power of the surplus-
lag VARX (dashed green line) is considerably higher than that of the larger surplus-lag
VAR (solid red line). This is particularly apparent at the monthly frequency (s = 12)
in Figure 7.

While the case discussed above illustrates the relative advantages of the VARX
version of the surplus-lag test, these gains are far more modest when the dynamics
of both ¥, and 2y, are simple. For example, if we eliminate the seasonal root in the
above model, the surplus-lag VAR would simply be based on a test of Hy : a12(1) =0
in an estimated VAR(2) model. This still requires the estimation of a slightly larger
model than the ARX(1,2) in the surplus-lag VARX, but the difference in model sizes
is now far smaller. The size-adjusted power curve corresponding to this experiment is
shown in Figure 8. The surplus-lag VARX still shows marginally better power, but its
advantage in this case is quite slight. Likewise, in most of the simple models considered
in section 4.1 we found the small sample behavior of the surplus-lag VAR and VARX
to be quite similar.

Although the simulations above are somewhat unrealistic in assuming known lag
lengths, one may expect to find similar comparisons when employing model selection
methods. For example, the model selected for the VAR is likely to be considerably
larger when the true model is given by (24) than when it is given by (15), whereas
the orders selected for the ARX would likely be small in both cases. A similar model
selection outcome would be expected for the case in which zy; has long-memory, but
y1: does not.

5 Conclusion

Employing a surplus lag in VAR based tests has been known to provide for infer-
ence which is invariant to possible 7(1) nonstationarity without necessitating unit root
or cointegration pre-tests (Toda and Yamamoto, 1995; Dolado and Liitkepohl, 1996;
Saikkonen and Liitkepohl, 1996). This provides for robust inference at some cost in
terms of efficiency. On the other hand, there are arguably more efficient competing
methods, which make fuller use of the I(0)/I(1) framework, without requiring knowl-
edge on cointegration orders (Toda and Phillips, 1993; Kitamura and Phillips, 1997).

As our results demonstrate, the full advantage of the surplus approach becomes
more apparent once one departs from both the pure VAR model and the 1(0)/I(1)
framework, of which it makes little explicit use, in order to allow for more general
models of persistence. In particular, by applying the surplus lag to a VARX, in which
the causing variables are exogenously modelled, we have shown that the same Chi-
squared test statistic and critical values can be used to test Granger causality under a
variety of possible data generating processes that may characterize the persistence in
the forcing variable. These include the 7(0), I(1) and cointegrated models considered
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earlier in the VAR context, as well as stationary and nonstationary long-memory, local-
to-unity, and certain structural break models. In keeping with the earlier literature,
no estimates of the long-memory parameter or first-stage confidence intervals on the
local-to-unity parameter are required and the structural breaks need not be tested
for or explicitly modelled. The VARX framework turns out to be particularly useful
in allowing for long-memory and unmodelled structural breaks, which are not easily
incorporated into a pure VAR. However, it is only in the context of the surplus lag
that nonstationary processes, such as non-stationary fractionally integrated processes,
can be accommodated without altering the limit distribution of the test statistic. Our
simulation results suggest that this method works well in moderate sample sizes and
can, in some circumstances, provide substantial power improvements over the use of
the surplus lag test in a pure VAR model.
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A Technical lemmas

Lemma 1 Let w, = Z;’io Gu,jE1—j where (€;)ez is an i.i.d. sequence of random vari-
ables having zero mean and finite fourth moments. Let 4; = T~! ZtT:Hp wywy_; and
v; = Bwyw,_;. Assume that ¢, ; = O(j* ') where —0.5 < d < 0.5. Then:

O(T*2%) | for 0.25<d<0.5
Evec(y; — EA;)vec(J, — EAx) = 1 O(TtlogT) d = 0.25,
o(T—1) , —05<d<0.25

All O(.) terms hold uniformly in 1 < jk <pand1 <p<T.
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Proof: The proof uses the results of Theorem 1, 3 and 5 of Hosking (1996). The main
difference is that we are interested in expressions uniformly in the lag whereas Hosking
(1996) deals with fixed lags.

First note that using € := Ee,e} we have for some constant 0 < K < 0o not depending
onjezZ

lls = 1) bwifiijlle < C Y llbwillallduislls < K
i=j i=j
since ||Qz < C,||pwillz < Cri¢! for some K < oo (see Lemma 2, (Palma and
Zevallos, 2004)). The vector case is only notationally more complex and hence we only
show the result for the case of scalar w;.
Then we obtain

T
2 2 -2
E’Yﬂk =T E Ewt+jwtwsws+k-
t,s=1+p

Note that Ewswsw,wy = Ye—sVr + YeerVs + W Ys—r + Ka(t, s,7) for
K)4(t, S, 7”) = Z ¢w,a+t¢w,a+s¢w,a+7“¢w,a(ng - 3<E€?)2>

where for notational simplicity ¢, . = 0,a < 0 is used. It follows that Ewj < M, < oo
since ¢y, 4ll2 = O(a’¥™*) = o(a™?). Next

T T
T2 Y Bwegwawawee =T Y Wt YeestiVims—hHYisj—smk Vs tRa(t—s, t—5+], k).
t,s=1+p t,s=1+p

(25)
The first term here is equal to (T — p)*T ;v = E4,;E4; independent of the value of
d.
The derivation of the bounds for the remaining terms in (25) will be done separately
for the different cases for d. Thus let 0.25 < d < 0.5 for the moment. The last term
in (25) is majorized by the first term in (A.2) of Hosking (1996) and hence can be
bounded by My T *1%% where My, is the fourth cumulant of ;. In fact this holds for
any d < 0.5. The two middle terms can be dealt with using ||y;]]> < K[! as shown
above:

T—1-p

T
_ _ T—|l|—p
Y ] £ T Y b L2
t,s=1+4p I=1-T+p
T—1-p 12 1y 1/2
< T‘l( > %Z») ( > vf_k>
I=1-T+p I=1-T+p
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and for j > 0, using Lemma 3.2. (i) of Chan and Palma (1998), we have

T—1-p T—142j—p T—1+j-p
Yoot < D dtu= D A =0T —prih =0T
I=1-T+p I=1-T+p l=1-T—j+p

This holds for d # 0.25. For d = 0.25 the same argument shows the bound O(logT")
(cf. Hosking, 1996, top of p. 278). For j < 0 the analogous argument can be used
extending the sum to the negative integers. Combining these expressions we obtain
Ey4% — EY;Eq, = Ajx where E|A; ;| < MT*2 for 0.25 < d < 0.5.

For d = 0.25 the bound on the last term in (25) is identical to the case 0.25 < d <
0.5. Further E|A; ;| < M(logT)/T for d = 0.25 according to standard summability
arguments showing that erzl j71 = O(TlogT) (see e.g. Hosking (1996), top of p.
278). This shows the claim for d = 0.25.

For d < 0.25 it follows that the middle two terms are of order O(T~!) independent of
J, k,p. Hence E|A; x| < M/T for d < 0.25. All bounds hold uniformly in 1 < j, k <p
and 1 <p<T. [

Inspecting the proof it follows that it also applies (with d = 0) to linear processes
v = Z;’ia 0, jei—j where (g;)iez fulfills Assumption N if Z;io 16,52 < 0.

Lemma 2 Let (¢)iez fulfill Assumption N. Let vy, = Z;io Gpici—j,t € Z,p € N.
Then if sup,,cy Z;io |p,j15 < 00 it follows that sup,cy Eljve,||5 < co.

Proof: The proof for the multivariate case is only notationally more complex, hence
only the univariate case will be dealt with. Then Ev}, = 3(Ev7,)* + k4, (see e.g.
the proof of Lemma 1 given above). Next since Ev?, = > ¢7 ;Esf it follows that
sup,cy Ev7, < oo. Further

oo (o) 2
4 4 4 2
Rap = Z ¢p,jE5t < Ee; (Z qzsm‘) :
=0 =0

Hence sup, Exy ) < co. U

Lemma 3 Let I' denote the Gamma function and let L;(j) satisfy lim;_..L;(j) =1
fori=1,...,k,. Then define v, by Av, =y, t >0 and v, =0, t <0, where u;; =
Z;’ia Ouji(alei—s), llaulle = 1, (€1)iez is i.i.d. with mean zero and finite fourth moments
and 0, ;= D(d) " (j+1) VD Li(5), for0 < d; < 1/2 and Ou,ji = aji—aj_1, forj >0
and 0,0, := ag; for a;; == T(1+d;) 7 (j+1)% Li(5) for —1/2 < d; < 0. Further let w, =
> 20 Ow ey for 0 < || 32720 Ouwlla < 00 and 0y ;5 := O(j~'7°) for & > 0. Then using
D7 = diag (T*(dlﬂ), . ,T*(d’fu“)) and Dy = diag (T*(dlvo“), o 7T*(d’w»‘)“)), for

d; o := max(d;,0), we have (uniformly in p = o(T*/?))

T
(1)  Dr Z v, D 4, =4, where det=; # 0 a.s.

t=p+1
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T

(i) max |[Dro Y v lla=Op(1), where Hy = o(T"?)

0<j<Hr

t=p+1
T
(ZZZ) T—(1+maX(di+dj70)) Z Ui,tu;t — Op(l),
t=p+1
T
(iv)  Dr Z vi—1€, = Op(1).

t=p+1

Proof: (i), (iii), and (iv) follow from Proposition 4.1 and Theorem 4.1 of Davidson and
Hashimzade (2007). For (ii), the convergence in distribution of 7'~ (%.0+1) ZtT:p 1 Vit W)
follows from Theorem 4.1. of Davidson and Hashimzade (2007). The uniform (in j)
result can be derived from the following argument:

T T T
—(di,0+1 / _ —(di,0+1 / —(di,0+1 !
TR N "y = TR N oy — oy w TN e
t=p+1 t=p+1 t=p+1
J T T
—(d;,0+1 § : / —(d;,0+1 § : /
= T (di,0+1) Avt_mwt_j + T (ci,o+1) vt_j_uwt_j
r=0 t=p+1 t=p+1
7 T T
—d; -1 / —(ds0+1 /
= T~ %0 E T E Up—r jWy_ + T (di,o+1) E Ut,j,l,iwtfj.
r=0 t=p+1 t=p+1

The first term is the sum of j 4 1 estimated covariances which can be dealt with using
Lemma 1:

J T j j T
Z (T—l Z ut_r,iwé_j> = ZEut_r,iw,i_j—FZ (T‘l Z [ut_mw;_j — Eut_r7iw£_j}>+0(pT—1)
r=0 t=p+1 r=0 r=0 t=p+1

which is of order O(p™)+Op((j+1) fr) where fr = T?%i~! for 0.25 < do; < 0.5, fr =
T—12/logT for dy; = 0.25 and fr = T~Y/2 for dy; < 0.25. Here > 7_, By pyw;_; =
O(p%:) is used which is straightforward to derive. Hence the first term above is of
order o(1)+Op(j frT~%+) = op(1) for d; > 0 and of order O(1)+Op(jT~?) = Op(1)
for d; < 0 uniformly in 0 < 5 < TY/3.0

Lemma 4 Let vyr — Apviar = u, t € Ny Ap = I — diag(eq, ..., c,)/T,¢; > 0 for
1 =1,...k, where u; is stationary and ergodic with finite second moments generated
according to Z?io Ty jUt—j = € where (e¢)iez fulfills Assumption N, and where, for
Tu(2) = >t w2, we have detm,(z) 7é.(), |z| < 1and ) 72, ||7ru7j'||2' < oo The
recursions are started at vor = vo, T' € N which is assumed to be deterministic. Further
let wy = 3770 0% 60— + by M-y where 3777 65, 1l < 00,3272 (|04, 4ll2 < oo and
(m¢)tez fulfills Assumption N and is independent of (4)iez.-

Then:
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(i) Ellvir||3 = O(t) uniformly in T.
(id) BIT2 3y vezwilly = O(T ).

(111) T2 Zf:pﬂ Ve, TVt <, fol Je(w)Je(w) dw where J.(w) denotes an Ornstein-Uhlenbeck

process.

(iv) TS0 —pi1 Ut T U <, fo w)dB(w)" + o, for some matriz o,. Here B(w) de-
notes the Brownian motwn associated with T—?u,
Proof: (i) According to the assumptions it follows that u; = 3772 ¢y & (Lewis and

Reinsel, 1985, p. 395, 1.3). Further > °° _ [[Euguf|]; < oo follows. The recursive

J=—00

definition of v, r implies that v, = Abwy + Zt LAl u—;. Consequently

t— t—1 t—1
Ellver|5 = E(Ag«vo+z Aéut_i)’(Agﬂvo—l—Z Abuy_;) = Evj(AL) Al U0+Z Eu, (ALY Ay .
i=0 i=0 1,j=0

Since ¢; > 0 for i = 1,... k, it follows that the elements of the diagonal matrix Ay are
all less than one and hence vy(A%)' ALvg = O(1). For the second term note that

t—1 i—1 >
| > By (A7) Ay < Y [ Busuy_jlla <t ) [ Bugufla = O().
i,j=0 i,j=0 j=—o0
(ii)) We will only deal with the univariate case, the multivariate case is only nota-
tionally more difﬁcult The process (w¢)ien can be decomposed as wy 1= wi + w) =
_ i e mce €, and 7, are independent 1t tollows that
500 w0, €t j= 0¢wy j)- Si d ind dent it foll h

_ €., n
Eve rvs rwiws = Bvy pvs pwiw; + Ko pvg pEw, w?! (26)

because Ev; 7vs rwiw?! = Evy 7vs pw;Ew! = 0. Therefore the evaluations can be given
for w and wy separately. All expectations exist due to assumed finite fourth moments.
The contribution to E|7~3/2 ZtT:p 1 Urw)3 of the second term involving wy can be
bounded as

T T T T
T3 Z Z |Ev; rvs pBwfw?| < T3 Z Z Y2512 [Bwjw?| = O(T ™)
t=1+p s=1+p t=1+p s=1+p

due to 377 [|Ew/w, ;|2 < co.
For the first term in (26), we use the Beveridge-Nelson decomposition (Phillips and
Solo, 1992) w; = ¢, (1)er + w; — w;_;. The main strategy is to rewrite ZgT:pH Uy W
as a sum of several terms and then show that the expectation of the square of each
summand is of the required order. Of course, the cross terms are then of the same

order, as is straightforward to verify. It follows that

T3 ZtT=1+p VW = T3 Zthler Ve dw (1) + T3 ZtT 14p v (Wi — wiy)
T2 3 vredw(1) = T2 3 o — ver)w)
+T=3 v pwh, — T~ 3/2vp7Tw
(27)
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Since vrr = ALvy + ZT LA up—; it follows from finite fourth moments of w; that
Evgp = O(T") and finite fourth moments of w4 (see the proof of Lemma 1) then im-
ply via the Cauchy-Schwartz inequality that Evi,(w;)? = O(T?). Therefore the
two last terms in the expression above contribute terms of the order O(T~!) to

E||T-3/2 Et_pH v rwe||3 as required. Further v, = Agv,_1 7 + u, and

T 2 T T
E <T3/2 Z Ut1,T€t> =T Z Evi_1 1evs_1765 = T? Z EU?A,TE*?? = O(Til)

t=1+p t,s=1+p t=14p

due to E{ee)|Fio1} = Eeye} and Evfy = O(t). Obviously E(T%/2 ZtT:pH wer)? =
O(T™Y). Finally vir — v 17 = v — Arve_ 11 + (Ar — Vo170 = uy — ¢/Tv_1 7 and
therefore the square of the second term in (27) equals

T 2

C
-3 * ok * ok *

T ) wugwjw; — 7 (s Wi wg + Usruwywg) +

t,s=1+p

Now Ev/; = O(t') and hence Evruspwiw] < (EU;{T)1/4(Eu;1+1)1/4(E(wj)4)1/2 =
O(t). Therefore (ii) follows.

The proofs for (iii) and (iv) are omitted since they closely follow previously established
results. (iii) and (iv) are proved in Lemma 1 (¢) and (d) of Phillips (1987) for the uni-
variate case (k = 1) and in Lemma 1 (iii) and (iv) of (Elliott, 1998) for the multivariate
case, in both cases under different assumptions on the process u;. The main fact used
in both cases, however, is that the process Xp(t) = T-1/2¢~1 Z(Efﬂ us,0 <t <T
converges weakly to a Brownian motion. It is a standard result that this holds under
our assumptions (see e.g. Hall and Heyde, 1980, Theorem 4.1.). O

T2 — Ut T'Us TU) U)t

Lemma 5 Let the process (wi)icz be generated according to Assumption P3 (i)-(iv)
and be partitioned as w; = [y,, zb,). Accordingly let e, denote the first block of (I')~te

! !
Define myor = 1,17 = ( :yy% > Mg = () m T = o < AT’(SWL )]J >

A,
1. Let Eytp = ZP 1[[ O]ﬂ'w’ij’U}t,]’ — [IS,O](F/)_lﬂ'U’p,1 ( T7O L )wtp = Eyt —

> eyl s, 0](I") 7y jui—j. Then, for a suitable constant ¢ < oo not depending on p,

Elleyp — 1) < D Imusla (28)
Jj=p
Proof: Using (11) and the definition of m,, ; r above to substitute for w; and m, ;r re-
spectively in the equation for €, , we obtain e, ,, = Zf _é T,jVt—j Where g, = Z;’O 0 7TU §Ut—j-
Then (28) follows by Lewis and Reinsel (1985), p. 397, (2.9) and e, ,, = [Is, 0](I") ey,
O

Remark 1 The Lemma holds for both the stationary (see Assumption P1) and (co)-
integrated 1(1) processes (see Assumption P2) as special cases when v, =0 and ¢ =0,
respectively.
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Lemma 6 Let Ry € RIT*97 denote a sequence of (possibly random) matrices whose
dimension gr depends on the sample size T'. Let Ry denote a sequence of random
matrices such that | Ry — Ryl = Op(fr) where fr — 0. Then if suppey || Rz |2 < 00
a.s. it follows that |RT' — R7Y2 = Op(fr).

Proof: See Lewis and Reinsel (1985), p. 397, 1. 11. O

Lemma 7
[é gr: le—l 8}+ { _AI_IB} [D—-CA™'B] ' [ -CA™ 1] (29

Proof: This can be verified by simple algebraic manipulations. [

Lemma 8 Under Assumption P1(i), (ii) and (iv) let T, == E(x; )(x; ) where z; =
[(z5:)', (x1,)') as defined in Theorem 2. Then sup,y [T, 2 < co.

Proof: Note that zi; = z7, + 2§, where 27, = v, + > 0;v,j and 2§, = > 77 djer;
are mutually independent. Consequently Ezy; 21, ; = E27, (21,_;)" + Ezf,_,;(21,_;)"
Letting x7, and x7, denote the components of x;, generated from ¢, and v, respectively
, it follows that

Y (Y ) Yy (22) Y (2T, —1) Yy (25,)
I 7 AR (C - C A (T
P Zit—pzl—l(yt ) Zit—pz1—1(22t> Zit—pzl—l(zit—[)zl—l) Zit—pn—l(xit)
xit(yt_y xit('z;t)/ int(zitfpzlfl)/ xit(xit)/
00 0 0
00 0 0 def e y
e 00 21, 1(#lp,—1) 2mpa(2h) | bl
00 (2 py 1) oy, (27,)’

Clearly 0 < I',0 < Ty, Also the largest eigenvalues of both matrices are bounded
uniformly in p (see Theorem 6.6.10. of Hannan and Deistler (1988) for I';; the nonzero
eigenvalues of I'; do not depend on p). Furthermore the matrix in the third and fourth
block row and block column of ', is positive definite, since zq; contains the term v;.
For the heading subblock built from the first and second block row and columns of
I', the smallest eigenvalue is bounded uniformly in p by Theorem 6.6.10. on p. 265 of
Hannan and Deistler (1988). Suppose then that the uniform bound on the eigenvalues
of I, does not hold. Then there exists a sequence pr — oo and a sequence of unit norm
vectors x,, such that x;T',x, — 0. Then 217z, + 2,7z, — 0 and hence partitioning
T, = [¥),1,7,5,7,3,7,, where x,; corresponds to the partitioning used previously
it follows that E(x) 321, 1 + 2, ,27) (2}, 321, ., 1 + 2, 42%;)" — 0. It follows that
|zpsll2 + [|[zpall2 — 0. From Theorem 6.6.10 of Hannan and Deistler (1988) it also
follows that E(z),,y, + ¥, 920:) (2}, 1Y + ¥;,925;)" — 0 implies |[zp1]]2 + [|[zp2ll2 — 0.
But this produces a contradiction to ||z||s = 1. This shows the claim. O
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Lemma 9 Let (wy)iez, (Eyip)iez, and my 71, 7 > 0 be defined as in Lemma 5. Then,
under the noncausality hypothesis, Hy : 7v.1; = 0 for all j, and for T > max(c;), (4)
can be reformulated as

p p1+1 Pz1
/ —_
Ay = Vo, r(Y we—1)+ E Zjp TVt E Va5 | Z1t—pa—1+ E V215 (21— = Z1t—pa—1) Heytps

(30)
where sup,, (3277 12,7 ]l2) < 00, Yoz = —[1: 0)(I)H I+ 0) =0 f A7) —
(1 0)(T") " uprl - OV AT, and 1 = [Eryprs o) Jor Sigpr = Son sy monArl ™+
(Tt pall - O]’AJT‘,_erl for j = 1,...,p—1, and E1,,7 == 0, Eoq7 = —[I :
0](1 + mp1r)(T)7HO 2 1), Sgyp i= —[I : 0wy r(D)7HO : I} for j = 2,...p— 1,
Sopr =0, and 7y j :=[I : Oy (") : 0]

Remark 2 A similar reformulation is employed in (A.2) of Saikkonen and Liitkepohl
(1996) for the VAR case with Ar,, = I. pure unit roots (Ar.,, = I). However, the
deriwations and notation differ.

Proof: USing W}ij wz2j] = —[I, O]Ww7j7T7j = 17 ce ,p—l, W)ypa 'QZ)ZQp] = []sy 0](F/)717Tv,p—1 (WLAgl“7w> )/
(since 7,1; = 0 under Hy) and subtracting y;—1 = [ : 0Jw;_; from both sides of (4) and
using wy = (I') 7' Mw, = (T7) (v we)’, v5,)', for vay = [0 : I]vg, we obtain

r}/ w p 7/ w ) pzl+1

Aye=[1:0] [—(r") [ s } =D mugr(T) [ Lo } Y Yezu e
2,t—1 = U2,t—j st

(31)

Defining vy := [I : OJvy = 7, wy — Arw?y| wi—1 and noting that Az, is invertible for

T > max(c;), the terms involving 7/ w;_; in (31) can be re-expressed as:

p p—1 p
[—u SO0 - Zm,jAT,‘z,”] Yiwea =Y Y maAry P,

j=1 j=1 h=j+1

Likewise, the terms involving z1,_; may be re-expressed as in (5),yielding (30).
Since, by using (11) to substitute for v; j = 0,1,2...in Y32 7, jvrj = &, Tujr
may be expressed as a linear finite lag function of m, ;, > 272, jf|mu, ;7| < oo follows by

Assumption P2 (iii). SuPp,T(Z?L 1Z1p7ll2) < [1:0] Z]oil ZZ’%H [Tl [2(T) M
0]' < oo and absolute summability of =, ; both follow. [

B Proof of Theorems

The proof of the theorems will be given based on the following lemma, which introduces
a new set of high level conditions sufficient for Assumptions HL to hold:
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Lemma 10 Let (wy)iez, (€yip)iez, and myjr, 7 > 0 be defined as in Lemma 5. As-
sume that z, € RF=r 4s a vector, which is F;_1 measurable such that vy, = A(p)z, +
eytp = [A1(p), Aa(p), Ag(p)][(zgl)/, (zt_’Q,p)/ , Zé,t]l + ey1p where z; € R*» is partitioned
as z, = [(zit),, (Zit,p), ,244) such that zy = [z_y 4, ... ,zg,phl}’ € R¥1 (where p; is
fized) and z3; € R*3 do not depend on p and za;, = [Zét—p ce zét_p]/ depends on p.
Further let p tend to infinity as a function of the sample size such that p*/T — 0 and
T2 57 i Imuglls — 0 such that E(|ley, — eyell3)* = o(T71/2).
Then the following conditions are sufficient for Assumption HL to hold: There ex-
ists a matriv Ry and a scaling matriv Dy = diag(I,., T~'/? IT~'2 Fr) (where Fr =
diag(fi1, ..., ftk.s)) such that (Apa. denotes a mazimal eigenvalue)
Ijr}g%( )\maaﬁ(ERT) = 0(1) 9 )‘max(RT) = OP(l)a )‘maaﬁ(R;l) = OP(1)7 (32)
Ry Rraz2 O
Ry = Rro1 Rraz 0 ; (33)
0 0 RT73,3

T
Ry = Dy Z 27 (27) Dr, such that | Rp—Rrlls = op(p~"/?), and ERy = O(1) elementwise
t=p+1

(34)
T
sup TV N (B|I'Drz [3)7 = O(1), (35)
IER®=P |lIf|2=1 t=p+1
T
vec Z eye(2)DrRy (1 0 0)/] <z, (36)
t=pt1

where Z ~ N(0,3® ), where 'y 5 := limy_o Riq — RT7172R;71272RT,271 > 0.

Proof: Consider!®

Alp) = D w(m ) (D] 5 (z)) " =AW + Y epplz)Dr(Dr Y 2z () Dr) "' Dy

t=p+1 t=p+1 t=p+1 t=p+1
T
+ O(T™Y = Alp) + (Z gyt,p(z;)'DT) R:'Dr +O(T™H).
t=p+1
Now
T T T

> epp(z)Dr =Y eu(z)Dr+ Y (eyep — 4t)(27) Dr.
t=p+1 t=p+1 t=p+1

15The O(T~') term is due to the dependence of A(p) on A /T, Ar.,/T in the local-to-unity case,
see Lemma 5.
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Here

T T
Bl Y (epp—e)(z ) Drlla < > (Blleyey — eull3) (I Dr(z)[13)
t=p+1 t=p+1
T
(T2 (Elleyip — e ll3)'?) (Tm >, (EI\DT(Zt)!|§)1/2> = o(p'/?). (37)
t=p+1
Here (35) and Lemma 5 are used. Moreover letting e,;),7 = 1,...,k,, denote a

coordinate of ,, we have

T
Z epiiy(27) Dr)’ Z w2 ) Dr) = Y BelyEDrz () Dr = el ERp

t=p+1 t=p+1 t=p+1

using the martingale difference property. Therefore || ZtT:p 1 Etp(20)' Drll2 = Op(p*/?).

Consequently, we obtain ||(A(p) — A(p))D7||z = Op(p/?) using (35) and (32, 34) in
combination Wi‘Eh Lemma 6.
Then consider ¥, := 7! ZtT:pH i€} We obtain

. = %t;ﬂ@t—A<p>z;><yt—A<p>z;>'
- %Z( (Ap) ~ AW s — (Alp) — A))2r )
- 73 w7 Z oz V(AlD) — AW)Y %iui(p) — AW)
(A(p) - Ap) (%Z (s >') (A(p) — Ap))

= X +op(1) +Op(p/T) = Z + op(1).

Here the bound follows from 7! Zt o1 EytpEytpy — 2, Which can be shown using

yt,p
Lemma 5 and the ergodicity of (g;)scz, implying that 7! ZtT:pH eiey — X almost
surely. Further [ (A(p)—A(p)) D1z = Op(p2), 1 Brls = Op(1) and | 5L, 1, D el =
Op(p'/?) are used. This shows HL (i).

With respect to HL (i) note that I'T} equals the (1,1) block of Rz'. Then (34) in
combination with the bound on the norm of Ry and R given in (32) imply HL (ii).

With respect to HL (iii) note that z7,, = [['1.5,0]D7'R7'Dyz; . Therefore

T T ) f1.2 T f1.2
T2 Z Eyt,p(xf%)/ = Z Eyt,p(zt_),DTRf;l 0 = Z 5yt(zt_)/DTR:Fl 0 +0P<1)
t=p+1 t=p+1 0 t=p+1 0
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since || Zthp+1(€yt —eytp) (2 ) Drllla = op(1) similar to (37) and ZthpH eyt(z; ) Dr =
Op(p'/?) as used above. Then (36) and HL (ii) imply HL (iii). O

B.1 Proof of Theorem 2

Proof: The proof uses a number of results of Lewis and Reinsel (1985), henceforth
called LR. We will verify the conditions of Lemma 10 where 2y, := x7,, 25, ,, := Ty, and
23+ does not occur. Thus k., = k,1p.1 + p(k, + ko) + k1. Consequently Dy = T-1/2].
Also, the assumptions of the theorem imply that all occurring variables are stationary
with bounded variance. Then ERy = (T — p)/T Ry. The maximum eigenvalue of Ry
is bounded uniformly in 7" € N since 2; is a vector containing only lags of the vector
process [wy, 21,]', which has bounded spectrum due to the summability assumptions
on the autoregression coefficients (see e.g. Hannan and Deistler, 1988, p. 265). The
bound on the minimum eigenvalue of Ry is derived in Lemma 8. This verifies (32),
(33) and (35).

Each entry in Ry — Ry is equivalent to an estimated covariance at some lag up to
an approximation error due to the different limits of summation. Lemma 1 shows
that the variance of the estimators of the covariances are of order O(T™!), see also
Hannan (1976), Chapter 4. The change in the summation introduces an error of order
Op(pT™') since the difference is a sum of a maximum of p terms each of variance
O(T~2). This shows that all entries in Ry — Ry are of order Op(T~/2) and therefore
|Rr — Rrlls = Op(pT—*/?). Then p/T® — 0 implies that pT /2 = o(p~*/2) showing
(34).

Finally (36) follows as in Theorem 3 of LR (see also Theorem 7.4.9. of Hannan and
Deistler, 1988). The only change in the arguments lies in the different definition of the
regressors and correspondingly the replacement of I', of LR by Rz. In the proof the
uniform bound on )\max(R;l) derived above is crucial. Details are omitted. [J

B.2 Proof of Theorem 3

The proof is omitted because it is a special case of Theorem 4 provided below in which
AT,w =1 and AT,z =1.

B.3 Proof of Theorem 4

Proof: The proof builds on (and generalizes) the results of Saikkonen and Liitkepohl
(1996), henceforth denoted as SP96. Essential in the developments is the reparame-
terization of the auxiliary model (4) using (30). Since we are interested in testing the
significance of 1,1;,7 = 0,...,p.; and not in the other parameters the reparameteri-
zation is immaterial to our purposes since the estimates of ¢.;; in both, the original
model and equation (30), coincide.

Note that in (30) there are two variables containing nonstationary regressors: (7, w;_1)
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and zy;_p,—1. Assumption P3 allows for the existence of full column rank ma-
trices f € ROTF1x: with 0 < n, < n + ky; and B, € ROHk)x(rtka—n:) guch
that 3G = 0'° where (R 1 )en, et = B'[(Viwi-1)', 214_p., 1) is stationary and
(e)een, 1 = BL[(Y i wi-1)', 214, 1] 18 integrated allowing for no cointegrating re-
lation. Thus instead of the original regression, we can consider the regression

=
- - 1.t
Ayt = [%1, %27 \IJO] 22,t7p + Eytp = A(p, T)Zt + Eyt.ps
23t
- e , / ’ ne
where 21 == 27, = [(2u—210-p.1 1) - -+ (Brtmpo = 21-pa—1)'1 20 = [P 1 Vo1, - Vs (VW) ]
and z3; := 7n; analogously to the deﬁmtlon in Lemma A.3. of SP96. Here (zgtp)tez
is stationary for given value of p. 21, := [(21s — 211-p.1-1)s 5 (Brt—por — 226-—pay—1)']
p 1+1 J
behaves essentially as a stationary process since zy;_; — A%} Z1t—p,,—1 is stationary

(as a finite sum of stationary terms) and therefore

pz1—Jj+1 pz1—j+1
- ATZ, 2lt—psi—-1 T (Asz

Rlt—j = Rlt—p,1—1 = Zlt—j - 1)2’1t—p21—1,

where A%jj 1 — 1 = O(T~"). Therefore it follows from Lemma 4 that the second
term does not influence any of the results results. Thus, it is sufficient to verify the
conditions of Lemma 10.

Define Dy := diag(T~'/21,T~Y21, T'I), with partitioning corresponding to the par-
titioning of z; into 2y 4, 25, , and z3,; and let Ry = DT(z:tT:pJrl 2; (2;,)")Dr. Note that
in z; the last k.3 coordinates are integrated, whereas the rest are stationary, apart
from lower order remainders. Further let

]Ezl_,t(zl_,t>/ Ezl_,t(ZQ_,t), 0
Ry = EZZ_,t(Zl_,t)/ EZZ_,t(ZZ_,t)/ TO )
0 0 T2 Et:p—i-l nemy

such that obviously (33) holds. Here the submatrix built of the first two block rows and
columns of Ry has uniformly bounded eigenvalues (both from below and from above)
due to Lemma 8 as in the proof of Theorem 2. The nonsingularity (in probability) of the
(3,3) block of Ry follows from the convergence in distribution (cf. Lemma 4 (iii), ¢ = 0)
to an almost sure positive definite random matrix. Therefore A,q..(Rr) = Op(1) and
Amaz(R7Y) = Op(1) establishing (32). ERy = O(1) is easy to verify from the results
of the proof of Theorem 2 and Enn; = O(t) from standard theory.

Lemma 1 for d = 0 and Lemma 4 (ii) imply that each entry in Ry — Ry has variance
uniformly of order O(T~1). Accordingly || Ry — Rrll2 = Op(p/T~"/?) establishing (34)
for p = o(T"/3).

Next consider E||l' Dyz; ||5 = E(T 7|12, 1|3 + T ||l525, 1|3 + T2 ||l523,]|3) where I =
17,15, 1] is partitioned according to the partitioning of z,. According to Lemma 4

16Cointegration between ¥ we—1 and Z1t—p,,—1 is allowed for, but not imposed. The no cointegra-
tion case is accommodated by taking n, = 0.
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(i), we have El|/z34]|3 = O(t). Due to stationarity of the remaining terms we have
E||l'Drz, ||3 = O(T™'), analogously to the proof in Theorem 2. Therefore (35) follows.
Finally, in ZtT:p w1 &yt(2z ) DrR:MI,0,0] the nonstationary terms do not occur due
to the block diagonal structure of Rr. Thus analogous arguments as in the proof of
Theorem 2 imply that (36) holds. This concludes the proof. O

B.4 Proof of Theorem 5

Proof: The proof follows the same route as the proof of Theorem 2. The main
difference lies in the fact that the impulse response sequence corresponding to zy; is
not summable. Note, however, that only the process (z1;) has long-memory whereas
y; and zy; remain short-memory processes.

Hence let Dy = T7Y2I and Ry = Ez; (z; ), where z; is defined as in the proof
of Theorem 2. Accordingly Ry := T~ th:pH z7(z7). In order to show |Ry —
Rr|ls = op(p~'/?), note that every entry in this matrix converges in mean square
since, according to Lemma 1, the variances are of order O(T™*(44=2=1) for d +# (.25
and of order O(T~'logT) for d = 0.25. Note that E4; = (T — p)/T7,. Hence ERp =
(T — p)/TRr. Therefore the expectation of the sum of squared entries of Rr — Ry
is of order O(T42p + p*T~1) for 0.25 < d < 0.5, of order O(pTtlogT + p*T~ 1)
for d = 0.25 and of order O(pT~! + p?T~!) for d < 0.25. Here we use the fact that
there are only O(p) terms involving the long-memory processes since y; and zy; are
short memory processes contributing p? terms of order O(T~!). Therefore, in order for
| Ry — Rylly = op(p~'/?) it is sufficient that p?T*2 4 p>T—1 — 0 for 0.25 < d < 0.5,
(p*log T +p?)/T — 0 for d = 0.25, and in all other cases p>T~! — 0. This shows (34).
The bounds (32) on the eigenvalues of Ry follow from Lemma 8 (which did not use
the short memory assumption on zj;) as in the proof of Theorem 2. Since z3,; does not
occur (33) follows trivially. Stationarity and finite variances of (z14)en implies (35) as
in the proof of Theorem 2.

It remains to verify (36). In the following we will only deal with the scalar output
case (i.e. k, = 1). The multivariate case is only notationally more difficult. It is suf-
ficient to show that 7-1/2 Z,:T:p 11 6yt(ag,2; ) is asymptotically normal with o), Rpay, —
ol Rooiee for vector sequences ay, such that 0 < ¢ < infpey [|apll2 < sup,yey [laplls < C
for some constants 0 < ¢ < C < oo and ||[a},0]" — axll2 — 0 holds. Clearly the
columns of R;l fulfill these requirements. In this respect we use the three series cri-
terion of Hall and Heyde (1980, Theorem 3.2, p. 58): With Xp, = gyt(a;z[)/ﬁ we
obtain that (X7¢)1<;<r is a martingale difference sequence with respect to the sigma
field generated by g4, 15, s < t. In the following we will only deal with the univariate
case. The multivariate case follows as usual from the Cramer-Wold device (see e.g.

Davidson, 1994, Theorem 25.5.). Then Theorem 3.2. states that 3, Xz, <, N(0,n?)
if

(1) max | Xy 2, 0,
1<t<T
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T
(17) ZX%t 2 n%(a constant),
t=1

(1ii) E max. X2, is bounded in T

Assume that o/ Rpoy, — 7? (for some constant 7) as p — co. Then it holds that
EeZ, ()2, )® = BelE(apz, )> < M

for some constant 0 < M < oo uniformly in p € N due to the conditional homoskedas-
ticity and the assumption of finite second moments of z;. Then
T
E max X7, <> EX7, <M

1<t<T
t=1

such that (iii) follows. Secondly,

T T T
ZX%t =7! Zsit(a;z;)2 = Z —Eel,)ahz (2) oz,,—i—( Za 2 (2 ') apEe?,
=1 =1 =1

RTCYP

where 04;3(T_1 Zthl 2 (7)), = — 7)? since HRT — Ryrll2 — 0. Therefore
it is sufficient to show that 71 thl( o — Eez)on 2 (2 ) ay converges to zero. Ac-
cording to Davidson (1994, Theorem 19.7) this hold for our assumptions if |(e7, —
Ee?,) (a2 )?| can be shown to be uniformly integrable (uniformly over ¢ and p). Now
E(e2, — Eep)*(anz ) = (E(e), — (Be,))?)(Eayz)* due to the iid. assumption on
(et)tez. But E(e;, — (Ee,))* < oo due to finite fourth moments. In order to show
that suppeN E(a,z )" < oo for sup,, [|og|l2 < co we use Lemma 2: Clearly a;zt_ =
> s O Vet 5 jei—j. Therefore it is sufficient to show that sup, 7 (|04 ;. @513
0. But thls follows since since sup,, ||a,||2 is bounded by assumption and for each of
Yi, 21t and zo; the summability assumption holds, which is straightforward to verify.
Uniform integrability then follows from Davidson (1994, Theorem 12.10.). Hence it
follows that (ii) holds.

Finally (i) holds since it is implied by (I(.) denoting the indicator function)

A

T
> E[X; (X7, > €)] =TE [X;1(X7, > ¢€)] =0

t=1

for each € > 0 (see Hall and Heyde, 1980, (3.6), p. 53). Here convergence is implied by
Eleyi(a)21)]* = EeyE(aj21)* < oo as shown previously. This concludes the proof. O

B.5 Proof of Theorem 6

Proof: The proof of Theorem 6 combines the arguments from the proof of Theorems
3 and 5. Analogously to equation (30) we obtain

pz1+1 DPz1
Zﬂ']yt ]+Z¢]Z2t ]"‘(Z 7/&1]) let —pz1—1 +sz1] Z1t— ]_th —Pz1— 1)+€ytp

7j=1
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where B := [, 3.]. Note that z;_; — z14—p.,—1 = f:j Az =D 07 =, 14— is station-

. - . / / / / —
ary for each 1 < j < p.1. Define 2y, := [2{,_y — (21—p.—1)s- - Zyp, — (Zrimpa—1)'] 2204, =

(Y )"y (220)' (6210-p. 1)) and 23 1= 01 200y —1e Thenin 2= [(213)', (22,)"s 23]
the last coordinates (i.e. z3:) are fractionally integrated while the remaining coor-

dinates are stationary. Define Dy := diag (Tﬁl/QI,T*(dlﬂ), o ,T*(d%l“)), Ry =
Dr Yy 7 (%) Dr, and

0 0 [Rr]s.3

Obviously (33) holds with this choice. The uniform bound on the eigenvalues of Ry
follows as in the proof of Theorem 5 and from

T
diag (T~ HD, . T tD) N 25,24 diag (T, T (e tD) L= (39)
t=p+1

where = is an a.s. positive definite random variable by Lemma 3 (i). Consequently
(32) holds.

Next we show that (34) also holds. Ry — Ry consists of six types of subblocks: The
terms involving only z7, and 2;, can be analyzed exactly as in the proof of Theorem 5,
with dpax := max(dy, ..., dy.,) replacing d: The upper bound on the increase of p as a
function of the sample size shows that the sum of squares of these entries is of order
Op(p~). The (3,3) block of Ry — Ry is zero by definition. The remaining two terms in-
clude terms of the form 7—(d+3/2) Zf:p+1[Zg,t],,«Kﬁ,th_j)l]s = O, (Tmax(drtds0)=dr=1/2)

T (dr+3/2) ST tmpi1 23 [A2Y,_j]s = O, (Tmax(drtdi, e drtdez 0)=dr=1/2) 1y Temma 3 (iii).
Both terms are o,(p~/?) since |d,|,|d,| < 0.5 and, by Assumption P5 (iii), p <
Tins(1-2ds,(142dr)/3,1/3) for 1 =1, ... ¢,y and s = 1, ..., k,;. Likewise, defining dyo =
max(0, d,), it follows from Lemma 3 (ii) that'”
T
—dp—3/2 o _ dr,o—dr—1/2 /3y
Jmax | T ;I[zw]r[yt_j,z%_j] = Op(T*o"~12) for Hy = o(T"?), r=1,... c.

Therefore the sum over these terms is of order Op(pT%:r=%=1/2) = ( ~1/2) since,
by Assumption P5 (iii), we have both p < T3, as needed for 0 < d, < 1/2, and
p < T?30/2+dr) a5 needed for —1/2 < d, < 0.

Further E[z3,]2 = O(T?**1) follows from Davidson and Hashimzade (2007). Thus
(34) holds under the restrictions on p imposed in Assumption P5.

From (38) it also follows that the contribution of this block to E|I'Drz; |3 is O(1),
showing (35). Finally the arguments to show (36) are analogous to those used in
the proof of Theorem 5 since the nonstationary components are not involved. This
concludes the proof. [

"Note that the summability condition of Assumption P5 (i) implies the rate condition on 6, ;
assumed in Lemma 3.
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B.6 Proof of Theorem 7

Proof: The strategy of the proof is to apply, where possible, the previously proved
results within each regime. We will verify the conditions of Lemma 10 where 2, :=
Ty 294, = Ty and zz; does not occur. Thus k., = k.1 (p1 + 1) + p(ky + k.o) and
Dy = T7Y2[. Define S; = {pz1 24 (i@ T s LZizlwkTJ} as the data
range that would result if restricted to regime j only. S; omits p.; + 1 discarded lags,
denoted by D; := {L I+ 1, pa 1+ [ T } Let D := U;.le D;.
Define the within-regime variance I'(j) := E [z, (2;)I(t € S;)] — p(j)1(j) and define
R = Z‘j]:l w;R(j), where R(j) :==E [(z; — 1) (2 — [L)/I (t e Sj)} as a measure of
the overall average variation. Noting that R(j) = I'(j) + (u(j) — i) (u(j) — 1) we
decompose R as R =>"7, w;T'(j) + X7, w; (u(5) — ) (u(j) — 1)’

Using the same argument as was used directly for R in the proof of Theorem 5 for I'(7)
we have Apax (L(7)), Amax (L(7)71) = O(1). We also have \,qp ((u(j) — ) (u(y) — ﬂ)') =
O(1) despite the fact that the dimension u(j) — i grows in p, since it consists of p,, + 1
repeated copies of the same vector extended to the correct dimension by adding zeros.
Here p,, is fixed independently of the sample size. Then it follows (Liitkepohl, 1996,
p. 74) that

Amaz (R) < ijAmax (T(5)) + ijAm ((u(j) — i) (u(j) —)') = O (1) and

Amaz (R7) < (Z%Mm(r(j))) =0(1)

where J is fixed. This shows (32).
Next define sample counterparts:

2() = | TI 7Y a, 2=T7 ) a4, TG) =0T (5 = 1) (2 — 1))

tes; t=p+1 tes;
R(j) = |wT)7Y (5 — i) (s — i)'
tGSj

and note that

E||R(j) — R(j)

< E[0G) -1, + 2B 1EG) — 1 0Dl (I ) [, + 1711)
+(pa +1) H[WjT]_lﬂ/:‘/HQ

2

where the last term results from the sum over the p,; + 1 discarded lags in D;.

k21
El(2() —pGNIEESH = (pa+1)D E[(@1u()) — B[zl (t € 5;))*1(t € S))]

i=1
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ky +k'22

+ pZ (T () — E[wanl (t € S)])°1(t € S;)] =0 (pT7Y).

By similar argument ||l | (j)ll, = Op(1) and ||p.1 ;7] ¢, < Op (pT1). Thus

R(Gj) = RG)||, <

2

0G) = TG)|, +0p (7). (40)

Next define R := T~ ZtT:pH (zt_ — 2) (zt_ — 2)/ and note that
J
R="wR(j)+ ZT S G - ij )+ Op (\/pT_1> , (41)
j=1 teD;

since (p.1+1)T'E H(zt_ —z) (2 — 2 H (p1+1)T'E [H (2 — 2)”;] =0 (pT™ 1),
where the last step follows by an argument similar to (39). Then by (40) and (41)

[e6) 16|, +0r (Vo). (42)

The same arguments as in the proofs of Theorems 2 and 5 show Hf‘(]) — F(j)H =
2

op (pfl/ 2) since these do not involve breaks. The condition ERy = O(1) follows from
arguments analogous to those employed in the previous proofs above. This shows (34).
Next write

S (G- alE)” < 2 Y (e )

t=p+1 j=1 tESj

1/2 / 2\ /2 d -1 I (5 12

02 ZT > (rwm-mE)" + LY (el e -al) "
tes; J=1 teD;

1/2
For the last term in (43) we have (IE |0 (27 — 1) H2> = Op(p) by arguments similar

12
to those directly above (39). It follows that Z] Win 1Zt€D (E |0 (2 — R) H )
O (pT") = o(1). For the middle term in (43) we have -7 T~ s (I (u() — @)12)"* =
Z;.Izl |(Twj —pa —1) /T |l (11(7) — 1)||, = O (1) by argument similar to (39). Finally

1/2
the first term in (43) is also O(1) since J is fixed and 7 37, o (E 10 (2 = n(5)) ||;> -
O (1) by the same arguments as in the proofs of theorems 2 and 5. This establishes
(35).

As in the proof of Theorem 5, we will show that 771237 epal, (2 — i) converges
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to the normal distribution given in (36) by verifying the three conditions of (Hall and
Heyde, 1980, Theorem 3.2, p. 58) for Xy := g0, (z[ — [L) /V/T in the scalar case.
The multivariate case again follows from the Cramer-Wold device.
Condition (ii) of Hall and Heyde (1980, Theorem 3.2, p. 58) follows from
T J
E max X7, < ZEX% =E [¢2,] (X;ijE [(Z; — i) (7 — /j),} o, = E [e2,] o Ry,
=1

1<t<T '
Jj=1

For condition (ii)
T T
~ _ _ _ _ N/
ZX%t = E [efy} a;R’ap + 77t Z (Efy —E [qu}) Oé; (zt — ,u) (zt — u) ay, (43)
—1 =1

Note that Hf (7)) = T()

‘ —p 0 by the same arguments as in Theorems 2 and 5 and
2

-1
converges in probability to 7? = E [afy} o), Ray,. The second term in (43) converges in
probability to zero by the same arguments as in the proof of Theorem 5 (Lemma 2
implies that E [(a; (25 — (5)))"] and therefore E [(a; (27 — p))*] is bounded). Not-
ing that > E[X2,1(X3, > ¢)] = Z}]:1 |Tw; |E[X2,I(t € S;)I(X%, > €)], condition
(i) also follows by the similar arguments as in Theorem 5. [J

therefore by (42), this implies that

—, 0, so that the first term in (43)
2
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Table 1: Rejection rates under the null hypothesis of Granger noncausality: stationary,
nonstationary, and cointegrated models.

Simulation DGP

Method sample Levels Difference VECM VECM

size. VAR(1) VAR(1) ¢ = § =
(06 =0) (60=0) (1,0,0) (0,1,0)

50 0.089 0.211 0.124 0.069

Levels- 100 0.061 0.175 0.081 0.062
VAR 200 0.057 0.140 0.069 0.045
500 0.053 0.139 0.068 0.041

50 0.153 0.064 0.895 0.057

Dif- 100 0.227 0.058 0.999 0.064
VAR 200 0.432 0.050 1.000 0.061
500 0.735 0.064 1.000 0.043

50 0.104 0.110 0.152 0.067

Toda 100 0.059 0.080 0.113 0.065
Phillips 200 0.047 0.071 0.086 0.046
500 0.051 0.075 0.089 0.044

50 0.097 0.137 0.099 0.068

Surplus- 100 0.055 0.086 0.055 0.068
VARX 200 0.058 0.060 0.047 0.044
500 0.052 0.060 0.057 0.060

Table entries show empirical rejection rates under the null hypothesis for a nominal five percent test. In
Columns 3-4, the data is generated by (eq. 15, with 6 = 0) and (eq. 16, with 6 = 0), respectively. In
Columns 5 and 6 the data is generated by (eq. 17), with (d1, d2,03) = (1,0,0) and (41, d2,d3) = (0, 1,0),
respectively. In all cases the residuals are generated by (14) with 012 = —0.8. In Panel 1 (levels-VAR),
Granger-causality is tested using a VAR(2) in levels. Panels 2-4 employ tests based on a VAR(1) in
first-differences, Toda and Phillips (1993), and the surplus-lag ARX(2,3), respectively.
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Table 2: Rejection rates under the null hypothesis of Granger noncausality: local-to-
unity models.

Simulation DGP

Method sample no- 21— Yo~
size  cointegration  adjusts; adjusts;
(18,6 =0) (19,06 =0) (20,0 =(0,0))
50 0.126 0.072 0.084
Levels- 100 0.091 0.059 0.069
VAR 200 0.079 0.050 0.074
500 0.096 0.042 0.062
50 0.103 0.074 0.336
Dif- 100 0.059 0.069 0.692
VAR 200 0.051 0.058 0.969
500 0.055 0.047 1.000
50 0.143 0.083 0.390
Toda- 100 0.130 0.072 0.326
Phillips 200 0.126 0.052 0.344
500 0.130 0.049 0.332
50 0.099 0.076 0.090
Surplus- 100 0.058 0.057 0.052
VARX 200 0.042 0.041 0.060
500 0.066 0.057 0.059

Table entries show empirical rejection rates under the null hypothesis for a nominal five percent test.
In Column 3, the data is generated by (eq. 18, with 6 = 0). In Columns 4-5 the data is generated
from local-to-unity models with cointegration. In Column 4, it is generated by (eq. 19, with § = 0),
in Column 5 it is simulated from (eq. 20, with d; = d2 = 0). In all cases the local-to-unity (LTU)
parameter is set to ¢ = —5.0 and the residuals are generated by (14) with 012 = —0.8. In Panel 1
(levels-VAR), Granger-causality is tested using a VAR(2) in levels. Panels 2-4 employ tests based on
a VAR(1) in first-differences, Toda and Phillips (1993), and the surplus-lag ARX(2,3), respectively.
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Table 3: Rejection rates under the null hypothesis of Granger noncausality: fractionally
integrated models

Simulation DGP
Method no cointegration  test cointegration
(eq. 22,0 =0) (eq. 23,8 =(0,0))
d=04 d=08 d=04 d=0.28
50  0.100 0.155 0.097 0.164
Levels- 100  0.091 0.129 0.086 0.124
VAR 200  0.083 0.111 0.061 0.136
500  0.070 0.111 0.055 0.116
50  0.037 0.059 0.065 0.139
Dif- 100 0.045 0.052 0.061 0.244
VAR 200 0.064 0.055 0.064 0.504
500  0.049 0.054 0.058 0.920
50  0.128 0.106 0.126 0.120
Toda- 100 0.108 0.073 0.072 0.100
Phillips 200  0.082 0.082 0.042 0.100
500  0.067 0.090 0.048 0.129
50  0.098 0.125 0.103 0.126
Surplus- 100  0.092 0.093 0.087 0.080
VARX 200 0.078 0.064 0.061 0.069
500  0.070 0.068 0.057 0.052

Table entries show empirical rejection rates under the null hypothesis for a nominal five percent
test. In Columns 3 and 4 the data is simulated from (eqs. 21 & 22, with 6 = 0), for d = 0.4
and d = 0.8, respectively. In Columns 5 and 6, the data is generated by (egs. 21 & 23, with
01 = 02 = 0), for d = 0.4 and d = 0.8, respectively. In all cases the residuals are generated by
(14) with 012 = —0.8. In Panel 1 (levels-VAR), Granger-causality is tested using a VAR(2) in
levels. Panels 2-4 employ tests based on a VAR(1) in first-differences, Toda and Phillips (1993),
and the surplus-lag ARX(2,3), respectively.
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Figure 1: Size-Adjusted Power (power - actual size + nominal size): DGP is the
stationary levels VAR in (15): I(0) series; 7" = 100.
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Figure 2: Size-Adjusted Power (power - actual size + nominal size): DGP is the VAR
in differences in (16): Non-cointegrated I(1) series; 7" = 100.
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Size-adjusted power comparison (sample size, T = 100)
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Figure 3: Size-Adjusted Power (power - actual size + nominal size): DGP is the VECM
in (17) with (1,92) = (0,1) and &3 varying across the x-axis, 7" = 100.
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Figure 4: Size-Adjusted Power (power - actual size + nominal size): DGP is the VECM
in (17) with (d1,d3) = (1,0) and |J5| varying across the x-axis; 7' = 100.
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Size-adjusted power comparison (sample size, T = 100)
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Figure 5: Size-Adjusted Power (power - actual size + nominal size): DGP is the VECM

in (17) with (52,53) =

(1,0) and |6;| varying across the x-axis; 7' = 100.
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Figure 6: Size-Adjusted Power (power - actual size + nominal size):
quarterly seasonal levels VAR in (eq. 24, s = 4, as(s) = 0.3); T = 100.
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Size-adjusted power comparison (sample size, T = 100)
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Figure 7: Size-Adjusted Power (power - actual size + nominal size):
seasonal levels VAR in (eq. 24, s = 12, asn(s) = 0.3); T' = 100.
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Figure 8: Size-Adjusted Power (power - actual size + nominal size):

DGP is VAR(1)

in levels without seasonal component (eq. 24 with asa(s) = 0); 7' = 100.
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