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Abstract

We consider a class of vector nonlinear error correction models
where the transfer function (or loadings) of the stationary relation-
ships is nonlinear. This includes in particular the smooth transition
models.

A general representation theorem is given which establishes the
dynamic properties of the process in terms of stochastic and deter-
ministic trends as well as stationary components. In particular, the
behaviour of the cointegrating relations is described in terms of geo-
metric ergodicity. Despite the fact that no deterministic terms are
included, the process will have both stochastic trends and a linear
trend in general.

Gaussian likelihood-based estimators are considered for the long-
run cointegration parameters, and the short-run parameters. Asymp-
totic theory is provided for these and it is discussed to what extend
asymptotic normality and mixed normaity can be found. A simulation
study reveals that cointegration vectors and the shape of the adjust-
ment are quite accurately estimated by maximum likelihood, while
at the same time there is very little information about some of the
individual parameters entering the adjustment function.
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1 Introduction

In this paper we study likelihood-based estimation of the parameters of a
class of multivariate, or wvector, nonlinear error-correction models (ECMs).
Our main contribution is to give a full asymptotic theory for the likelihood
estimators, including the cointegrating relationships and vector error cor-
rection (or adjustment) parameters. The much applied smooth transition
error correction model (STECM) — originating from Granger and Terésvirta
(1993) and for which the vector version is discussed in van Dijk, Teréisvirta
and Franses (2002) — is particularly included in our class of models consid-
ered, and a simulation-based study of the properties of the estimators for
such models is included.

Nonlinear ECMs have recently been applied to account for non-linear ad-
justment of key macroeconomic and financial time series to stable, or cointe-
grated, relationships, which are linear combinations of the included variables.
See for example the term-structure studies in Anderson (1997), Balke and
Fomby (1997), Bec and Rahbek (2004), Corradi, Swanson and White (2000),
Hansen and Seo (2002) and Seo (2003) where the (speed of) adjustment is
parametrized as a function of interest rate spreads, and similarly, for exam-
ple, Kapetanios, Shin and Snell (2006) and Psaradakis, Sola and Spagnolo
(2004) for studies of asset prices and dividends. See also Escribano (2004)
and references therein.

With p—dimensional observations X;, t = 1,...,T, we consider the maxi-
mum likelihood estimator (MLE) of the parameter vector § = (n, 8) based on
the Gaussian likelihood function. With £ is a (p x r)-dimensional matrix, /3
parametrizes the r < p, ‘long-run’ cointegration vectors, while 7 is the ‘short-
run’ parameter vector, which parametrizes the nonlinear adjustment of A X,
to the stable relationships 4’ X;_; and lagged differences, AX;_;, i =1, ..., k.

When deriving the asymptotic properties of the ML estimator of § =
(n,6), 0, we first study the dynamic properties of the model. In particular,
we show that similar to the linear case, the process X; can be decomposed
into (i) stationary, geometrically ergodic components, (ii) a linear trend due
to the nonlinearity term in the conditional mean, and (%) stochastic trend
components asymptotically equivalent to random walks. That is, correctly
normalized the stochastic trend components satisfy an invariance principle
or functional central limit theorem. These findings are closely related to
the results in Bec and Rahbek (2004) and Saikkonen (2005, 2006), see also
Corradi et al (2000) for the Markov case (k = 0).

Next we provide a detailed study of the asymptotic behaviour of the score
function, observed information and third order differentials of the likelihood
function. Consistency of 6 and the joint asymptotic distributions of the



adjustment and cointegration parameter estimators, 7 and B can be found
from the likelihood theory provided in Lemma 7 and 8 in the appendix.

In general we find that the MLE of the cointegrating vectors (3 are super-
consistent in all directions but one in which it is 7%/?-consistent, while the
short-run parameters are consistent at the usual v/7-rate. The higher rate
in one direction reflects the fact that despite no deterministic terms in the
model, a linear trend is induced in the process. It correponds to the case
of a linear ECM model with an unrestricted constant, where the constant
aggregates to a linear trend, see Johansen (1996). Also we find that short-run
and long-run parameters are not asymptotically orthogonal, or uncorrelated,
with 3 as in the linear ECMs. Moreover, the cointegrating relationships turn
out not to be asymptotically mixed Gaussian, unless certain quite restrictive
regularity conditions hold as discussed below. From our simulation study of
the STECM, we conclude that ( is quite accurately estimated and likewise
the adjustment function itself show little empirical variation, while n has
quite a large empirical variation.

While asymptotic likelihood inference for nonlinear vector error correction
models has not been considered elsewhere, inference was studied in de Jong
(2001, 2002) for the single equation, or partial model, case. In single equa-
tion nonlinear error-correction models, the p-dimensional observations X; are
decomposed as X; = (Y3, Z;)’, with Y; univariate and Z; (p — 1)-dimensional.
Under the assumption that Z; is an I(1) explanatory variable satisfying some
invariance principle and the assumption of a single cointegrating relation, de
Jong (2001, 2002) studies asymptotic inference for the parameters of the sin-
gle equation model of Y; given Z;, as well as lags of these. In de Jong (2001)
the cointegration relation is assumed super-consistently estimated from else-
where, while in de Jong (2002) it is estimated in the single equation nonlinear
regression. In accordance with our results on the joint distribution of 9, de
Jong (2001, 2002) find that the short-run parameters are not asymptotically
Gaussian. Further discussion of the results are given after Theorem 5.

With the focus of deriving tests for ‘stationarity-ergodicity’, that is cointe-
gration in Markovian nonlinear error correction models, Corradi et al (2000)
finds asymptotic properties of the linear OLS estimator in the case of a single
cointegration vector, when the data generating process is a nonlinear error
correction model. Likewise, Kapetanios and Shin (2006) and Seo (2006)
study test statistics for cointegration in single equation nonlinear error cor-
rection models. Pitarakis and Gonzalo (2006, 2007) study threshold error
correction models and testing.

The remains of the paper are organised as follows: In Section 2, we intro-
duce the model and then proceed to establish the dynamic properties of the
process under regularity conditions in Section 3. We propose estimators of
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the unknown parameters in Section 4, and derive their asymptotic properties
under additional conditions. Section 5 contains the results of a simulation
study. We conclude in Section 6. All proofs have been relegated to Appendix
A, while Appendix B and C contain lemmas, and auxiliary results respec-
tively. Finally Appendix D and E contain Figures 1-12 and Tables 1 and 2
respectively.

Some notation has been used throughout: With 8 a (p x ) dimensional
matrix of rank r < p, 3, is the (p X (p—r)) dimensional matrix of rank p —r
for which /3, = 0. Also § = (8'8)"", such that I = 338’ + 3. ,. We use
¢ to denote a generic constant.

2 The Model

Consider the class of discrete time vector process {X;}, X; € RP, solving
AXy =g (Zi1;7) + P1AX 1 + oo+ PAX g + &4, (1)
with Z; = ' Xy, {&:} an i.i.d. error process which satisfy,
Ele] =0, Q=FElge] < oo, (2)

and ¢t = 1,...,T. The parameters to be estimated are given by the ‘long-
run’ cointegration parameter matrix 5 € RP*" the ‘short-run’ parameters
v € G CRY and ®; € RP*P parametrizing the nonlinear adjustment in g (-)
and the lagged differences respectively. Finally, 2 is a p-dimensional positive
definite covariance matrix. The nonlinear error correction function g, is a
possibly nonlinear function specified as g : R” x G +— RP.

As mentioned a key example is given by the smooth transition error cor-
rection model (STECM) in Granger and Terésvirta (1993) and van Dijk,
Terdsvirta and Franses (2002). A general vector version of the STECM which
allows for more than one cointegration relation can be represented in terms
of the nonlinear error correction, or response, function g, given by

g(z7) =W (2)a+a)z (3)

Here o and & are (p x r) —dimensional matrices, while v (-) is a general
function for which ¢ (z) = 0(1) as ||z]| — co. A key example is the logistic
specification, where

P (z) = (1+exp{(z—w)’A(z—w)})_l, (4)

with A a positive definite (7 x7)-dimensional matrix while w is an r-dimensional
vector. The parameter ~ is in this case given by

v = (vec(a) ,vec (@) ,w,vec(A)) € R

4



with d =r(2p+7r+1).

3 Properties of the Process

We make the following assumptions:

A.1 The sequence {&;} is i.i.d. mean-zero random variables on R? with
positive definite covariance matrix 2. The marginal distribution is
given by a continuous density f. > 0 satisfying (2) and E [||5t||28} < 00
for some s > 1.

A.2 The function ¢ (-;7) : R” — RP satisfies
g9(z7) =az+o([z]) as [z] = oo,
for some o € RP*".

A.3 With the characteristic polynomial A (z) defined by,
k
AN =L1-X)—af A=) 2, (1-1)N, AeC,
i=1

assume that A (\) has exactly (p — r) roots at A = 1, while the remain-
ing roots satisfy [A| > 1.

Assumption A.1 implies that X; can be embedded in a Markov chain
which is shown below to be geometrically ergodic. It is particularly satisfied
if ¢, are assumed to be i.i.d. Gaussian, which is used when defining the
estimation function below.

Assumption A.2 states that for large values of the cointegrating relations,
the nonlinearity is vanishing. This assumption is satisfied for many of existing
nonlinear error-correction models, such as in analyses of real exchange rates
or yield curve dynamics, see e.g. Dumas (1992) and Sercu et al.(1995) for
the former and Anderson (1997) for the latter.

Assumption A.3 is the well-known cointegration regularity condition from
linear vector autoregressive models. This assumption is, together with A.2,
cruical when establishing Theorem 1 below. Note that upon estimation, it
can be verified by computation of the roots of A (\).

Assumptions A.2 and A.3, may be reformulated to allow for the case
where the linear adjustment coeffiecent v in A.2 is allowed to depend on the
direction of z and not the size alone. However, as shown in Saikkonen (2006)
this implies that the regularity condition involves the concept of generalized
spectral radius which is very difficult to verify for practical purposes.



Theorem 1 Assume that (A.1)-(A.3) hold.

(i)

(i)

The process Yy = (Xt’ﬁ, AX{B1, ..., X| 1.0, AX;_,CBL), is geometrically
ergodic. In particular, the initial value Yo can be given an initial dis-
tribution such that Y, is stationary and ergodic, with E[||[Y]|*] < cc.

The process X; has the representation

t
X, =C> si+Cput+v+D, (5)
=1

where C' = [, (al (I — Zle (I>i> 5L> o, p=Eg(fXsy), and

st =&+ go (B Xi—1)) — p

is a stationary and also geometrically mizing sequence with E [s;] = 0
and E||s;||**] < co. Moreover, D is a constant which satisfies 5D = 0
and depends on initial values (Xo, AXo, ..., AX r11). Finally v, is a
stationary and geometrically mixing sequence.

Remark 2 (i) The process contains a linear trend term induced by j =

(i)

Eg (' Xi;y) which in most cases will be non-zero. An important ex-
ception is the linear case, and also the case of STECM with o # & but
proportional such that o/ & = 0; see also the discussions in Bec and

Rahbek (2004).

The random sequence {s;} driving the stochastic trend is not necessarily
a Martingale Difference. This will have important implications for the
asymptotic properties of the MLE in the general case as we shall see in
the next Section.

Likelihood-based Estimation of the Para-
meters

We here define estimators of the unknown parameters v, 3,®4, ..., @5 and 2
based on the Gaussian likelihood. Let in the following vy and 3, denote the
true parameter values, and likewise for the remaining parameters.

Before stating results on the asymptotic behaviour of the likelihood esti-
mators of v and (3, we use the results in Theorem 1 to define a normalized,
and hence identified, version of 5. With C, p and S defined in Theorem



lset 6 = Cp € RP, and k = (B,5), € RP*P="=Y_ Then using the co-
ordinate system (f3y, ko, dp) we have by simple orthogonal projection that
B = Loy + kokgS + dod, and hence, we can define the normalized version

as =3 (6{)6)71, with
B — Bo = koby + dobs = (/ig, 50) b.
This defines the normalized cointegration matrix parameter,
b= (b, bs) € RPT™" (6)

With ® = [®4]...|®;] € RP*P* define furthermore,

n=(1,0), ¢=vec(d)eR"™ (7)
The parameters of interest for our asymptotic results are then given by
0= (n,b) (8)

in terms of (6) and (7). Various other normalizations on [ exist in the
literature; the one chosen here is theoretically appealing as it means that our
results can be presented in a straightforward way, see Theorem 5 below.

Note that in the STECM model with ¢ (2) = (o + av (2)) 2z, where 1) is
given by (4), by a simple reparametrization in terms of A, 1 (+) is invariant
to the proposed normalisation, and so the same holds for the likelihood func-
tion defined below. It implies for example that the limiting distribution of
3 normalized in some other way can be derived from /3 using simple Taylor
expansion arguments. Also the invariance implies that limiting distributions
of likelihood based test statistics can be found using the results for /3.

Next, in terms of 6 the model we rewrite the general model as,

AXy =g (Zog—1 + blZl,tfl; 7))+ P21 + e,

where the right hand side Z variables are defined by,

ZO,t = ﬁéXt 6 Rr, (9)
Zvy = (Zhy Zs5s) = (Xikio,t) € R and

Zoy = (AX], ., AX]_,,,) € R

By Theorem 1, Z,,; and Z,; are stationary regressors, while Z;; is a non-
stationary regressor for which all coordinates but one, that is p—r —1, satisfy
an invariance principle, cf. Theorem 3 below. The last coordinate in 7 ; is
a linear deterministic trend.



Assuming that the covariance matrix €2 is known, the negative Gaussian
log-likelihood function up to a constant and a scale is given by

Ze’ft Q Et ) (10)

where

g (0) =AXy — g (Zoy1 + 0 Z14157) — ®Zoy1.
We define the MLE as,

§ = arg min Ly (6),
where © = GxRP*F x Re—m*r G C R, Note that with  unknown, the MLE

is given by the residual sum of squares,
T
Z (0)e.(0)

and simple iterations maximizing over ¢ and € (with Q and 6 respectively
fixed) lead to the MLE of © and #. The asymptotics of Q are standard, and
will not influence the asymptotics of 6. We therefore treat it as known here
and in the following.

In order to derive the asymptotics of é, we need a set of additional regu-
larity conditions. Define go (2) = g (2;70), that is, the ¢ (-) function evaluated
at the true value. In terms of gy define the Jacobian matrices w.r.t. z and ~:

0 25 X7 0 2 X
0.90 (2) = % e RP*", d,q0 (z) = % e Rrxd (11)
Y="0 =70
Also, let
g (2;7) g (z7)
0? = 21 R?, 93 = _—--1 RP.
90 (2) 020z |, _ R Cyato(2) 020202 |, _ ©
=70 =

Define furthermore the processes u; € R’k and v € R” by

Uy = (u/l,t7u/2,t) = (8790 (Zog-1), Zé,tfl ® Ip),Qilga (12)
U = 0290 (Zo,t 1),Q lé?t-

These will be influential in deriving the asymptotics of the MLE since both
the score and the observed information can be expressed in terms of these
together with Z; ;. We shall need the following assumptions:
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A.4 With u; and v; defined in (12), the covariance matrix,
Uy . Euu Euv
Var( Uy ) B ( Zvu Evv )

A.5 The function g : R" x G — RP satisfies that all partial derivatives
with respect to z and « up to the third order derivatives are O(||z]|)
uniformly over . For example,

where ¢ does not depend on .

is positive definite.

10,9 )| < el |02 ;.9 (25 )|| <cllzll and

3
B 0,9 (7| < ezl

Note that in A.4, 3, € R(d”%)x(dﬂ’%), Yw € R and ¥, € R (d+p7k)xr
are given by,

Yuu = F [(8790 (ZO,t—l) ) Zé,t—l ® ]p)/ ! (6790 (ZO,t—l) ) Zé,t—l ® Ip)]

Yow=F [azQO (ZO,t—l)/Q_lazQO (ZO,t—l)} , and
S = B (0400 (Zos1) s Zha @ 1) 07 0g0 (Zog1)|

A.4 then in particular implies that >, and X, are positive definite.

Note also that in the linear case where ¢ (z;7) = az, v = vec(«), then
condition A.4 (as well as A.5) trivially holds. Also that as is easily checked,
the boundedness assumptions in A.5 hold in particular for the initial STECM
example in (3).

Note furthermore that A.5 is implied by the partial derivatives being of
order ||z]|” for some integer s > 1 together with s order moments of &, c.f.
Theorem 1 (i).

Theorem 3 With u; and v, defined in (12), and with Z,.; defined in (9),
then under Assumptions A.1-A.4 with r € [0,1], the following joint weak
conwvergence holds on D[0, 1]4+7+7°k,

(1] (]

\/—Z t’\/l—z t) \/—Z/ [Tr] E(B;(T),B;(T’),B;(T))



Here B = (B., B., B.)" is a (d + p*k + p — 1)-dimensional Brownian motion
with covariance matrix,

uw E’U/U Eulﬁ?

Z"U’U E’UH Y

ZK/’U EK/H

™
I
MMM
<
S5

see A4. Furthermore,

E=2(0)+ ) (S(h) +Z(h)), S(h) = Cou(ur, vs, #r) , (ursn, Ven, Kesn))

(13)

where ky = Kk,Cosy with s; given in Theorem 1.

Remark 4 In contrast to the standard FCLT for linear ECM models: The
covariance matrices Xy, and X, are not zero in general. This is a conse-
quence of (i) the nonlinearities in g and (i) k; = k,Cos; not being a MGD.
By definition of k; in Theorem 8 and v, in (12), then 3., = 0 is equivalent
to

E (0.90 (Zo4-1)") ol = 0.

To express the asymptotic distribution of the ML estimators, we define
the following normalization matrix containing their convergence rates:

Ly O 0
Ve=T| 0 TIL_., 0 |. (14)
0 0o 71?

Theorem 5 Assume that Assumptions A.1-A.5 hold. Then there exists a
consistent estimator 6 = (7),0) of @ = (n,b) as defined in (6)-(8). As T — oo,
0 satisfies:
V;/2 ( Ui N o ) 2) H-'S (15)
vec(b — by) ’
for a random matrix H and vector S.
With F(-) = (B.(-),-) € R, and with B,, B, and B, defined in

Theorem 3, these are given by:

= Zun Jy F(r) dr @2y,
e ( Jo F(r)ds® %o, fy F(r)F(r) dr@ S, ) | (16)

. (Bum ee /UleB;)’). )

10
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Remark 6 (i) The ‘short-run’ parameters are \/T-consistent, while the

(i)

(iii)

()

‘long-run’ cointegration vectors are super- or T-consistent in all direc-
tions but one, which is T%?—consistent. This reflects the presence of
the linear trend given in Theorem 1.

Corradi et al (2000, p.47) also notes the general presence of a linear
trend induced by monlinearities in Markov processes, and the thereby
implied increased rate of convergence for their OLS based estimator of
a single equation cointegration vector.

This differs from the results for the partial model in de Jong (2002), as
the linear trend is assumed not to be there by assumption: There, X; =
(ye, Z1)' with y, univariate while Z, satisfies an invariance principle.

If p = Ego (Zo) = 0, then the linear trend vanishes, c.f. Theorem 1,
and all directions of § will be super-consistent as in the linear cointe-
grated ECM. This will not necessarily hold in general though.

From the limit of the observed information as given by H in (16), it
follows that the ‘long-run’ parameters and the ‘short-run’ parameters
are not asymptotically orthogonal since ¥, # 0 in general. In par-
ticular, we observe that 7 is not asymptotically Gaussian, and b not
asymptotically mized Gaussian, implying that usual x> inference is not
possible. This generalizes the findings for the single-equation analysis
de Jong (2001, 2002).

The orthogonality condition in de Jong (2002) is equivalent to the suf-
ficient condition here that X, = 0, see Assumption A./J for the defini-
tion.

Note that even of ¥, = 0 then b will still not be asymptotically mized
Gaussian unless Xy, = 0 as well. In this respect, one can observe that
in the linear case where g (z;7y) = a, and n = vec(a), then the long-run
parameters in b and the short-run parrameters in n are orthogonal as
Yuw = 0. But also B,, and B, will be independent, and hence in this
case b has a mized Gaussian distribution. In the STECM case with
g (+) in (3), then

E (azgo (ZO,tfl),) ap =F (¢ (Zoj—1) + 0.9 (Zo 1) Z&tf]_) oy,

with 0,1 (Zp+-1)) the derivative of ¢ (-) with respect to z evaluated in
Zoi—1. Hence ¥, = 0 is implied by proportionality of the adjustments.

At the same time, de Jong (2002) finds that the parameters can be or-
thogonalized by using X, = (Y, Z!)', see (i) above, corrected for their

11



empirical average, or demeaned, prior to the statistical calculations.
Similarly here: if we replace the observations Xy by X; corrected for em-
pirical mean, F (-) in Theorem 3, would be replaced by F (-)—fol F(s)ds
with integral zero asymptotic normality of the short-run parameters. As
already noted this does not imply mixed normality of the long-run pa-
rameters though. Also observe that one could also detrend as well as
demean the observations prior to the analysis, in which case b would be
super consistent in all directions as in this case the linear trend would
vanish.

(v) A consistent estimator of the scale or information H in (16) is given
by the observed information, that is the second order derivatives com-
puted in the appendiz. Also the covarianc matriz of (By, By, B,) can
be estimated consistently based on the ‘HAC" estimator, cf. de Jong
(2002, Theorem 3).

5 A Simulation Study

We here investigate some finite-sample properties of the proposed estimator
for the smooth transition error correction model (STECM) described in Sec-
tion 2. For the implementation of the MLE, split the parameters § = (61, 02)
into 6, := (a,a,®) € R¥P*P and , := (3, A,w). We can then write the
model on a more compact form,

AXt = 9’1Wt_1 (92) + Et,
where
Wi (02) = (¢ (B' Xy 13 A, c) Xi 1B, X[ 10, Zé,t—l)/ € R

such that the profile estimator of #; and €2 is given by standard OLS,

b = (X mem ) (X Axwi6).

T
N 1 . . . A
Q(0) = D E(02)E(62), £ (02) = AX; — 0,y ().
t=1
Given these profile estimators, we can in turn estimate 6, by

0y = arg min log(|2 (62) |)-

12



In the simulation study, we consider the simplest possible case of a bivariate
system (p = 2), with one cointegrating relation (r = 1) and k£ = 1 lagged
difference entering. In this case A € R, w € R, and 3 € R?; Furthermore, we
choose the normalization 1 = 1. We consider three different sample sizes,
T = 250, 500 and 1000. For each sample size, we simulate 1000 sample paths
for a set of given parameter values and then estimate these using the MLE for
both the correctly specified non-linear model, and the incorrectly specified
linear model (i.e. with & = 0 but with the inclusion of a constant term
i, say). Empirical bias, standard deviation (std) and resulting root-mean-
square error (RMSE) of the MLE’s for the non-linear and linear model are
presented in Table 1 and 2 respectively, see Appendix E. We do not report
the results for & and €2 here, and only note that these are estimated with
very high precision of the same order as 5 when using the correctly specified
STECM, while they are severely biased when using the misspecified linear
ECM.

Regarding /3, we observe that the MLE for the STECM is very precise in
the sense that it has both a low empirical bias and std. This is consistent with
our theoretical results which states that B is super consistent. In comparison,
the MLE of § based on the linear ECM suffers from additional biases and
variances.! As also can be seen from Tables 1 and 2, in finite sample the
misspecified MLE leads to less precise estimates. And so, there seems to be
a considerable loss in using the linear MLE compared to using the correctly
specified MLE.

The performance of the MLE’s of the individual short-run parameters
based on the STECM are highly imprecise with empirical bias and std of
an order of magnitude of 10°. In fact, the MLE based on a linear ECM
deliver more precise estimates of the individual parameters despite a high
bias. However, when the set of short-run parameter estimates are combined
to compute the resulting estimator of g (z;7v) = (91 (2;7) , 92 (2;7)), the MLE
based on the STECM give good results as shown in Figure 1, 3, 5, 7, 9 and 11
in Appendix D: Here, we plot the empirical mean and the pointwise 95% em-
pirical confidence intervals of ¢1(z;%) and ¢2(z;4) together with g1 (z; 7o) and
g2(2;7). From these, we see that the estimates have small empirical biases
and their empirical variances are of a much lower order than the individual
parameter estimates. So the results reported in Table 1 for the short-run
parameter estimates appear to be due to problems of identification of the
individual parameters in g; the likelihood has no problems identifying the

!This finding is consistent with the results of Corradi et al (2000) where it is demon-
strated that OLS estimation of 8 based on the (incorrectly specified) linear ECM will
remain consistent for our class of models.

13



function g itself. Seemingly, the STECM specification is not very attractive
from this point of view. The nonlinear component of ¢ is pinned down by
the ‘extreme’ observations of 'X;_; lying out in tails of ¢; since we only
have relatively few observations in these regions, the confidence bands tend
to grow wider as we move away from the empirical mean of 'X; ;. In par-
ticular, for smaller sample sizes (here, T" = 250), the empirical confidence
bands are so wide that it appears likely that a linear specification would be
accepted when tested against the correct non-linear specification.

As expected, the estimates of the transfer function g (z) = a;2z based on
the MLE in the linear ECM are highly biased but exhibit small variance as
can be seen from Figures 2, 4, 6, 8, 10 and 12. So while the MLE of § based
on the linear ECM yield acceptable estimates, the ones of the short-term
parameters are highly unsatisfactory and give very misleading pictures of
the shape of the transfer functions.

6 Conclusions

The results here contain the estimation theory for the differentiable class
of error-correction functions, ¢g. It is also of interest to extend the results
in this paper to the case of regime switching models. In the survey Lange
and Rahbek (2007) make a distinction between ‘observation-switching’ (OS)
and ‘Markov-switching’ (MS) error correction models. In MS models, such
as in Krolzig et al (2002), the switching between regimes is determined by a
latent Markov process. In OS models, such as in Bec and Rahbek (2004), the
swicthing process is endogenously modelled with the probability of switching
a function of the observed data, or cointegrating relations. The extention
to both MS and OS error correction models is of much interest. Also by
definition, here threshold error correction models as applied in for example
Hansen and Seo (2002), are included if the threshold parameters are assumed
known. Non-likelihood based extensions to the case of unknown threshold
have been considered by Seo (2007), where a smooth estimating function
(‘smooth least squares’) is used to circumvent the non-differentiability of the
likelihood function.

The presented asymptotic theory implies as discussed, that even simple
hypothesis testing in most cases can not be based on standard x? distrib-
utions, see also de Jong (2002). On top of this is the problem that a key
hypothesis of interest is the one of linearity which introduces the additional
well-known identification problem as in Hansen and Seo (2002) testing for
linearity in a threshold error correction model.

Our set-up assumes that the cointegrating relations are linear combina-
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tions of the variables. Also this assumption can be challenged, see for example
Bae and de Jong (2006) where non-linear cointegrating relations are stud-
ied. In fact, a rich literature exist on estimation and testing in the case of
nonlinear cointegration, see e.g. Park and Phillips (2001), Chang and Park
(2003), Choi and Saikkonen (2004), Saikkonen and Choi (2004) and Karlsen,
Myklebust and Tjgstheim (2007).
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A Proofs

Proof of Theorem 1: The proof mimics the proof of Theorem 2 in Bec and
Rahbek (2004), and is similar in structure to also Saikkonen (2005, proof of
Theorem 2).

We set without loss of generality k =1 and & = ® :

AX; =g (B Xe—1;7) + PAX, 1 + &
=af' X1+ (9(B'Xi—1;7) — af' Xemq) + PAX, 4 + &
=af' X1 + PAX, 1+ 7+ &y,

where 7, = g (' X_1;7) — af' X;—1. With z, = /X, and w, = 5| AX}, then
Y, = (Z}i) w;:a 22—17 wllf—].),

solves
Y, =AY, 1 +B(z_1)+n

where using the projection identity I = 3,3, + 53,

I+ f'a+BTB BTRL. —ATE 0

_ | Pla+pIs TS =B 0
A= : I, ) L0 6 0 (18)

0 I, 0 0

B (thl) = (Tt/ﬁa TtIBJ_u 07 0)/ and Nt = (8257 8;&61_7 07 O)/

This is a time-homogenous Markov chain on R?’. By Assumption A.1, the 2
(in general k + 1) step transition density for Y, is positive and bounded on
compact sets in R? x R?’. This implies that the Markov chain is irreducible,
aperiodic and compact sets are ’small‘, and the drift criterion as stated in
Meyn and Tweedie (1993, Theorem 15.0.1(iii)) can be applied.

Consider a drift function proposed in Feigin and Tweedie (1985) which
implies existence of second order moments of Y; — and hence of z; and w;:

V(y) =1+yDy>1, D=3x2 ATAS

where A is defined in (18). This choice of the drift function is well-defined as
p(A® A) <1, where p(-) is the spectral radius. That this holds, is implied
by Assumption A.3 since p(A) < 1 is equivalent to the condition on the
roots of the characteristic polynomial in A.3.

It follows that with y = (2}, w}, 25, w})",

E(V(Y)|Yi1=y) =

1+tr{DX} + ¢y (D - 1)y +B(2) DB (2) + 2B (2;) DAy
(19)
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Next,

E(V(Y)| Y1 =) = V(y) (1 _ [y y_tT(ZD)_B(Zl)‘/](3211)3(21)_2]3(21) DAy])

Define for some x > 1 the compact set
K ={yeR” yDy <k}
On complement of K, K¢, it holds by definition that
V(y)=1+yDy <yDy(1+;) <2y'Dy

and therefore

'y—tr(ED)—B(z1)'DB(21)—2B(21) DA 1 - ! tr(D) B(z1)'DB(21)+2B(21) DA
- 1V(y) 1 1 y} = 5mf(y%/1§y) = ( V(@) 1 ‘lf(y) ; ’)
> 1 _ <tr(2D) o B(zl)'DB(z1)+2B(zl)/DAy)
= 2p(D) V(y) V(y) )

First, note that
tr(XD) tr(XD)
V(y) — 14k
Next, by definition V (y) = O(||y||*). Next as B (z1) = o (||z1]|) also B (z) =

o (|ly]|) and therefore

— 0 as kK — 0.

B(z1)'DB(21)4+2B(21) DAy

V() — 0 as |yl — oo.

In other words, for A. large enough,
E(VY)|Yia=y) <(1-7)V(y)

where WID) > > 0.

On K, E(V(Y:)|Y;-1 = y) is bounded by a continuous function and
hence bounded on the compact set K. We conclude that Y, is geometrically
ergodic with finite second order moment.

To address higher order moments the proof is similar. For the case of
fourth order moments, define

Y, =Y, Y, A=A®A and B(z) =B (21) ® B(21).

As before note that, p(A®A) <1 and therefore the p? x p? positive definite
matrix D as well as the drift function V' are well-defined, where

D =YY ,A"A" and V(y) = 1+ ¢ Dy with j = (y @ y). (20)
The rest is then as before, using inequalities in Feigin and Tweedie (1985).
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To derive the representation in (5) rewrite the process as,
A(L)Xt =T + &.

Note that by Assumption A.3, by Johansen (1996, Theorem 4.2) the following
algebraic identity holds for A # 1,

1
where C' = 3, (o, (1, — Zi.:ll [)B1) e/, and C(N\) = 2 C;\" with expo-

nentially decreasing coefficients C;. This gives,

X, =C> (n+e)+CL)(n+e)+D=CY (+e)+n+D, (22)

i=1 =1

where D depends on initial values X, AXj, ..., AX_ ;1 and satisfies 5'D = 0.
Note that 7, + &, is a (measurable) function of Y,. This implies in particular
that 7 4+ ¢; and hence v, = C(L) (7 + &;) are stationary, as C'(\) has expo-
nentially decreasing coefficients. Next, by (22) and the definition of C, then
with s; = ¢, + g (6’ Xi—1;77) — p, where u = E [g (8'Xi—1;7)],

t t
=1

=1

Proof of Theorem 3: Note initially by Theorem 1,

[T's] [T's] [T's]

1 1 1 1
ﬁzufbﬁ UQﬁﬂn]“ = ﬁZ(Ui,%SQC'“) +op (1)
t=1 t=1 t=1

[T's]
wzlf +op (1) )

1
VTS
where w; = (u}, v}, s,C'r)" € R¥P~1 Next, recall from the proof of Theorem
1 that s; = e + g(8'X4—1;7v) — p, where up = E[g (6 X¢—1;7)]. Hence by

definition, see also (12), w; = f (4, Y;—1) with in an obvious notation,

fley) = ((9:90 (%0) , 45 @ L) Qe (e + go (yo) — p)’ “)/
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and (EQ, Y{Efl)/ is a geometrically ergodic Markov chain. Geometric ergodicity
holds as in the proof of Theorem 1, using that the (2 + k)-step transition
density satifies the regularity conditions there and replacing the drift function
V (y) in (20) by V(e,y) =e€e+V (y),e= (e®e).

With (/,Y}) geometrically ergodic, the FCLT in Meyn and Tweedie
(1993, Theorem 17.4.2 and 17.4.4) can be applied to wy = f (¢4, Y;—1). This
again holds under the assumptions that || f||> < V and the long run variance
Y defined in (13) is positive definite. It follows that

2 2 2 2 2
AP < e (I19:g0ll” llell” + llgoll” + llell” + 1)
4 4
< ¢ (10:9001" + llell + llgolI* + 1)
< e (llyoll* + llefl* +1) < eV

for some generic constant ¢ > 0. The second last inequality holds by As-
sumptions A.2 and A.4. |

Proof of Theorem 5. To prove consistency, we verify the conditions of
Lemma 10 with Ur = £V and Qr (0) = 7Ly (f), where Vp is given in (14).
We have that (C.1) holds by (A.1) while (C.2)-(C.3) follow by Lemmas 7, 8
and 9:

dQr(00; Uy d0) = dLy(00: Vi 2d0) /N'T = op (1),

PQr (00; Uy 2d0, Uy ?df) = Ly (00; Vi 20, Vi 2df) B Hy, (d6, d6)

BQr (0;U;2d0, U 2df, Uy 2df) = TV Ly (0: V' 2d0, Vi 2de, Vi /2 dh)
= Op(||a01]||a8]|[|6]).

The asymptotic distribution will follow from Lemma 11 with vy = T, such
that vpUr = Vr, if we can verify the additional condition (C.4) in Appendix
C. But this follows from Lemma 7 since

dQ(0o; v72UY2d0) = dLr(8g; Vip 2d0) 2 S (d6) .
We conclude that V:,%/2(9AT—90) A 0, where 0, satifies Sy, (df) = Hy (df, 0)

for all directions df with S., (df) and Hy, (df,0) given in Lemma 7 and 8
respectively. This implies the result stated in Theorem 5. [
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B Lemmas

Recall the definitions of 0,g¢ (2) and 0,go (z) in (11). We then introduce the
first order differentials in the directions of z and ~y as given by dg (z;v;dz) =
0.9 (%;v)dz and dg (z;7v;dy) = 0,9 (%;v)dy. The second and third order
differentials are written as d?g(z,~;da,db) and d®g(z,7;da,db, dc), where
da,db,dc € {dz,dv}. When evaluated at the true value , we write dgy (2; )
and d3gg (z;+). Note that in the case r = 1, then for example d?gy (2; dz1, dzs)
reduces to 0%gg (2) dz1dzs, where 9%gy (2) = 0%g (2) /0z* is the second order
derivative.

Lemma 7 Assume that A.1-A.4 hold. Then for the -2log-likelihood function
L1(0,Q) defined in (10) and with df = (dn, db) , db = (db’., db;)" the following
hold:

ALy (00; Vy'2d0) = Sp(6; Vi 2d0) B 5. (d6)

where Vp is defined in (14) and

Seo (df) = — [/1 dB. (s)dsdn + tr(db’/1 FdB;)] :

0 0
with B = (B!, B!, B")" defined in Theorem 8 and F (s) = (B'.(s),s)’.
Proof. The first order differential of Ly () is given by

Sr(0; Vi 2d0) = T7Y28, 1 (0;dn) + T2 S,z (85 dby) + T~/2Ss7 (0; dbs)

where

T

Spr (05d7) = = (049 (Zoyr +V Z1amr) dy + (25,4 @ 1,) dg) Q0 7'e, (0) |
t=1
T

Ser (03dbe) ==Y Zl, 1dbed.g(Zog—1 +V Z11-1) Q7 'e, (0)

t=1
T

o (05dbs) = = Zsp1dbs0:9 (Zoy1 + bV Z141) Q7' (6)

t=1

Evaluated at the true parameter value 6y = (1, 0), we get

SnT(QOad/r/ = _dn Zutv nT 907db ZZI/it 1db Ut,

Sazr (Bo; dbs) = ZZM 1dbsvy,
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where u, € R“7°* and v, € R are defined in Theorem 3. From this theorem,
T 1
T3S, 1 (s dy) = =T~ 2dy Y uy = —diy / dB, (s) = —di/B, (1).
t=1 0

By Hansen (1992, Theorem 2.1), as joint convergence holds by Theorem 3,

T 1
TS.1 (0o; db,) = —T‘lz (Z,,_1db,) v, 5 / (B (s)dbs) dB, (s).
0

t=1
Finally, by yet another application of Theorem 3,

T 1
T=32Ss7 (0; dbs) = —T > Z (Z5,_1dbs) vy B (dbs) / sdB, (s).
t=1 0

The three convergence results above hold simultaneously since the conver-
gence in Theorem 3 does. By collecting terms, the desired result is obtained.

g

Lemma 8 Assume that A.1-A.j hold. With df = (dn,db), db = (db'., db})",
then for the -2log-likelihood function Lr(0) defined in (10) satisfies

d® Ly (0g; Vi 2d0, Vi 2 df) = He(0g; Vi t2d6, Vi df) 5 Hoo(d6, d),

where Hyo(d0,dA) > 0 a.s. is given by
1
Hoo(d6, dB) = dif S udij + tr{db' / F (s) F' (5) dsdbSy,}
1 " 1
—|—/ F(s)/dsdbzwdﬁ—i—dv'Zuvdb'/ F(s)ds
0 0
with $3 and B = (B!, B, B.)" defined in Theorem 3 and F (s) = (B’ (s),s)".

Proof. The second order differential is given by,

Hyp(0;V;%d0, Vi ' ?d6) = T-'H,,,) + T 2H,.,. + T *Hss + T2 (H, 5 + H;,)
(23)

+ T_3/2 (Hn,n + Hn,n) + T_5/2 (H&n + Hﬁ,é)
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where we have used the notation that H, s = d?Ly(6;dn, dbs) and so forth.
If we can prove that the following six claims hold simultaneously, the proof
is complete:

Claim 1: T7'H,,, A dn'Sy.dn,
Claim 2 : T™*H,, LA tr{(db,)’ /01 B, (s) By (3)'ds(dl~),i)2w},
Claim 3 : T3 Hs 5 2 / s (dbs) Soo (db)
0
Claim 4 : T~2H;, 5 ( /0 1 sds> dbsSpud,
Claim 5 : T-%/?H,,,, 2 / 1 By (s)' dsdbySyud.
0

1
Claim 6 : T~5/2Hy, 2 tr{db, / B, (s) sdsdbsS,, }.
0

Proof of Claim 1: We have

T
Hy,=dy Z 0y9 (Zopr + V' Z141) 00,9 (Zoyoy + V' Z14-1) d7

t=1

T
- Z A9 (Zog—1 + V' Zy4-1;dy,d7) Qe (6)

t=1

T
+ dg’ Z (Zoyor @ L) Q7 (Zoy1 @ 1) d
=1

T
+d¢/ Z (Zo4-1 @ I,) Q10,9 (Zog1 + V' Z141) dF

t=1

T
+ dy/' Z 0v9 (Zo4—1 + b/Z1,t71)/ Q" (Zyy1 @ 1) do

t=1

Evaluated at 6 = 6y = (70,0), the result holds by the law of large numbers

for geometrically ergodic processes, H,, EiR dn' ¥, dn.
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Proof of Claim 2: The differential H,, , takes the form

T
T Hyp =Tt {db, Y Zny 121y 1dbed.g (Zos—1) Q0.9 (Zos—1)} (24)

t=1
T ~
— T2 &' dPg(Zoyr; AV, Zy g1, AV, Zy 1)
t=1

Rewrite the first term on the right hand side as

T
T2d,> " Zeg-1Z}, 1dbe Sy, + T72db, sz \Zy qdbyw,y  (25)

t=1

where,

Wi—1 = azg (ZO,t—l)/ Q_lazg (ZO,t—l) - Evm
Evv =L [azg (ZO,tfl), Qilazg (ZO,tfl):| .

Note that by Theorem 3 and the CMT that the first term in (25) converges
weakly to the trace of (db,) [ B, (5)' ds(dby) Sy, Next, Uppny > U,
where U (s) = B, (s) BH (s)" and Wlth n= T Ot = e, Uy =T " Zoy 1 2,y
and Fy = 0 (Zyt, Zyt—1, -, Zip), Hansen (1992, Theorem 3.3) gives directly
that the second term in (25) tends to zero, provided

sup E |E (wi—1| Frem)| — 0, m — oc. (26)
t

This holds by Lemma 12. Next turn to the second term in (24) which can
be rewritten as

—T" th (I, ® Z,,,_1dby) (D290 (Zoy—1))db Zy i1
— —T’2Ztr{vec (I, ® Z,_ydby) vec(Zl,,_1db,) (D2go (Zoy—1) @2 )},

with D2g, (2) = (% , see Magnus and Neudecker (1988,

p.108). As before, the result now holds by Hansen (1992, Theorem 3.3) as
the process D?g, (ZO,t—l) ® £, is a Martingale difference sequence. We
conclude that

T8 B ir{(@0) [ BB dstabBa) (20
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Proof of Claim 3: The differential H;;s takes the form:

T
T Hss =T %dbs » _ Z3, 10-9 (Zo4—1) Q' 0.9 (Zos—1) dbs  (28)

t=1

T
— T3 e dg(Zoy—1; Vs Zs g1, dbs Zs41)

t=1

Rewrite the first term on the right hand side as

T T 1
T=3dbs » | Z3, 4 Soudby + T72dbs Y Z2, yw,_1dbs = / s2ds (dbs) Sy (db}).
t=1 0

t=1

To see that the limit is given as above, observe that by Theorem 3 and the
CMT, the first term converges weakly to fol s2ds (dbs) 3y, (dbs). With the

same notation as before, the process U,, = T2Z3, , satisfies Uy, 2,
where U (s) = s?. Hansen (1992, Theorem 3.3) then yields that the second
term tends to zero. Next turn to the second term in (28) which can be
rewritten as

T
— T3 e (I, ® Z5, ydbs) (D9 (Zos-1))dbs Zss—1
t=1

T
=773 Z tr{vec (I, ® Zj,_,dbs) vec(Z(';’t_leN)(;)' (D*g (Zos—1) ® 271},

t=1
and by the same arguments as before, we conclude that this is op (1).
Proof of Claim 4: The differential H;, takes the form:

T2HY, (29)

T
= T*dbs Z Z51-10.9 (Zo4-1) Q7 [awg (Zog—1) dy + (2, © L) dgg]

t=1
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T
+777 Z [8’Yg (ZO,tfl) dy + (Zé,tfl ® Ip) dﬁb]/Qflazg (ZO,H) chi,tfldgg

t=1

T
— T2 e P g(Zoyr; dVs Zs1, d7)

t=1

T
—-T7? Z eV P g(Zoy—1; dbsZs -1, dv)

t=1
We need here the second order differential in terms of w = (2/,~/) € R™*4

D? g0 (2) = (%>

8w]8wk

Using this with 04 = (0,0, ..., 0) of dimension d, we can write the second term
n (29) as

T- Zst (1, ® (Zhy1db5,04)) (D200 (Zos-1)) (0.4 = op (1)

by similar arguments as before. The first term can be written as
T ~
T2y 3 Zsy 1029 (Zog 1) Q@ |09 (Zo 1) d7 + (Zag 1 @ 1,) o

t=1

T T
= T72dbs Y Zsy 1 Spudi] + T 2dbs Y Zsy 1wy 14,

t=1 t=1

where

Wi = azg (ZO,t—l)/ Q_l [avg (ZO,t—1> ’ (Zé,t—l ® ]p)} - EU“

is a stationary mean-zero sequence. By Theorem 3,

T 1
T72dbs > Zsg1Soudi] = ( / sds) dbs S di,
0

t=1

while T—2dbs Ele Zsi—1wi—1 = op (1) by the same arguments used before.
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Proof of Claim 5: The differential H,, takes the form:

7‘!73/2}[}{77

T
— T—3/2 Z Zt i 1db.0.g (Zos-1) Q7 [@79 (Zog—1) d7 + (Zyy_y @ 1) d&]

t=1

T
— T2 Z e Py (Zogor; AV Zyoy 1, d7) .

t=1

where the second term is
T
T2 /07 (1, @ (2L, 1db, 03)) (D9 (Zoer)) (04, d5') = op (1)

by similar arguments as before. The first term can be written as

3/222,” (db0.g (Zosr) Q7 [&yg (Zoyr) A7 + (Zoyr ® 1) do

T
_ 7-3/2 Z Z}y 1 dbSoudi] + T2 " 70, dbewydij,

t=1 t=1
where 773237 Z}.; 1dbyw,_y = op (1) while

1
T_3/2Z io1dbs Sy 2 [ By () dsdb, S dil
0

Proof of Claim 6: The differential H, s takes the form:

T
T°PH, 5 =T"2dbs Y Zs410.9 (Zoa—1)' Q7' 0.9 (Zoy—1) b}, Zp 1

t=1

T
_T—5/2 Z 52971d29(20,t—1§ dbs Zs 11, dE;Z“’t_l)’

t=1

Write

T
T2 dbs Z Z54-10.9(Zos—1) Q10,9 (Zos—1) db. Zy 11

t=1

T T
= T7°Ptr{db, > Zns-1Z54-1dbsSon} + T~ tr{db], >~ Zys—1Zss-1dbswi1},

t=1 t=1
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where w;_; has been redefined as
wi—1 = 0.9 (ZO,t—l)/ Q1.9 (Zo1-1) — X

The proof of the claim now follows along the same lines as before. O

Lemma 9 Under (A.1)-(A.5),
sup | T2d>Ly(9, Vi V2d6, Vi 2 dd, VT_l/Qdé)‘ = Op(||d0]]]|d8|||dd]|)
QENT(Q())

for a sequence of neighborhoods

Ni(Oo) = {0+ 1712132 (9 = 0) || < ¢}
of Oy and with Vi defined in (14).
Proof. Write the third order differential as,

d*Ly(0,d0,d0,d0) =" Go, 9, .9,d0;d0;db).

ivj,k

Below we consider each of the terms Gy, g, 6, normalized as indicated in
VTd?Ly (0, VT_l/2d0, VT_lﬂdé, VT_lﬂdé) and argue that they vanish as T — oo
as desired. As the arguments, apart from normalization, are identical for the
individual derivatives, we state explicitly G, ,, -, and give the argument in
detail for this derivative. The orders of magnitude and expressions for the

remaining derivaties are listed below. We here leave out derivatives w.r.t. ¢
since they are similar to the ones of ~.

Claim 1: T7'G,, ,, ,, = Op ().
The derivative is given by

"Yz ViV Z Z()’til —|— blZl,tfl)/ Qfla,ng (ZO,tfl —|— b/ZI,tfl) + (30)
T
Z Oy.9 (Zoy—1 + 0 Z141) QO 18§ w9 (Zog1 + V' Z1y1) +
=1

T

> 049 (Zogr +V Z1ya) Q7102 g (Zogr + ' Z14) —
t=1

Zet 1837% (Zoy—1+0Z14-1)
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Next, note that with 6 € Nz(6y), we can write,

/ / 1 ! 1
V' = (by,b;) = (ﬁhnm fhé,T) (31)

where ||h, 7| < € and ||hs 7| < e. This way for example,

1 1
blZl,t = ﬁh;’TZK/’t + Th(;’TZ(S’t.

Hence considering the first term in (30) and using A.5, then with ¢ denoting
a generic constant:

T

1

7205009 (g + 0 Z040) 05,9 (Zogor + 1 Z040) (32)
t=1
1 T

<z 22 (120l £ Vel + 5 1701

The first term in (32) is bounded by stationarity of Zy; and E || Zo,_1 | < co
by Theorem 1 (ii). The second term is bounded using that by Theorem 2 the
FCLT applies to Z,;, and the continuous mapping theorem applied to the

mapping r — fol ||||” du, where & € D[0,1]. For the third term note simply

that 7 || Zs,— P =0(1).
The arguments are identical for the other terms in (30) apart from the
last term, which is given by:

T
Z EQ 163 v 9(Zog—1+ bIZLtfl)
vivimd

T
Z (AX: — g (Zot—1 + bth 1)) 0o 9(Zot—1 + blZl,tfl)
t=1

Using again A.5, together with the inequality, ||z|| |lyl| < ||z||* + ||y|*, we
make the following evaluations:

T
1
T Z AXy —g(Zog1+ 072y, 1)) Q1o 9(Zot—1+bZ14-1)

’Y’Y”Yk
t=1
C r & 4 C r & d
— AX |+ — Zrall? + — Zsia|? + = Zoa|
T;H i +T2;” | +T3;u sl +T;” o1l
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That the last expression is Op (1) follows by the arguments above.

Claim 2: T7%%G,, ., , = Op (1) and TG, 5,4, = Op (1).
To see this note initially that with b;, equal to either b, or bs,

Gy = Z 9 (Zoyr +V 21y D) Q70,9 (Zos1 + Y Z041) Zikia

T
+ Z 04,9 (Zo4—1 + b/Zufl)/ Qila’%jvzg (Zojg—1 + V' Z14-1) Zy 11

t=1

T
- Z AY: 1831 ;29 (Zog—1 + V' Z141) Zy gy

T

+ Z azg (Z07t_1 + b’Zl,t_l), Q_lﬁgmjg (Z(),t—l + blzl,t_l) Zl,k,t—la
t=1

Hence the same arguments as for the proof of Claim 1 gives the desired.

Claim 3: T~ G%, bi,jsbi k> T_5/QG%‘,bn,J}b57 T_gG%',ba,ba are Op (1)
Similar to the previous with b equal to either b, j or b,

Gripjb = Z i 20 (Zop—1+VZ14-1) 2 339(Z0t 1+qu 1) Z1j4-121 -1

+ Z 0.9 (Zo—1 + b/ZI,t—l) Qflaﬂi,zg (Zot—1 + blZl,t—l) 21121 ke p—1

t=1

T
- Z 0,9 (Zo -1 + blZl,tfl)/ Qflaﬁg (Zo4—1 + blZl,tfl) 21121 k-1
t=1

_fot 183279 (Zog—1 + V' Z141) Z1 jp1 2 g

Hence the same arguments as for the proof of Claim 1 gives the desired.

Claim 4: 752G,
are Op (1).

T=1/2 —4
K,y Hj7 K,k T Gbn iy Hj7 ) Gbn,iubéabé and T Gb57b57b6
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With b, equal to either b, or bj,

G, b, by, T Z ;.9 (Zog1 +V Z1,1) Q7 Y09 (Zoy1 + V' Z141) Z1is 12150171 ki

+ Z 0.9 (Zos—1 + blZl,t—l)/ Q—laizg (Zo4—1 + V' Z14-1) 2,121 jt—121 k-1

t=1

= Y029 (Zogr + V' Z140) Q71029 (Zogr + V' Z141) Ziii1 21 i1 Zi

t=1
_th 18§zz9 Zog—1 +V 214 1) Zhig1Z150-1 70 ki

As in the previous, arguments as for Claim 1 ends the proof. OJ

C Auxiliary Lemmas

Consider Q7(f) which is a function of observations X, ..., X7 and the pa-
rameter # € © C R Introduce furthermore 6y, which is an interior point
of ©. The proof is based on classic expansions of the likelihood function
similar to Jensen and Rahbek (2004). However, here the information is sto-
chastic in the limit and the arguments need be modified as done below in
Lemma 10 and 11. This is well-known from the study of regression with
non-stationary variables in Saikkonen (1995), and also similarly to the use of
local (likelihood) expansions as in Boswijk (2002) and de Jong (2002).

Lemma 10 Assume that:
C.1 Qr (-) : R — R is three times continuously differentiable in 6.

C.2 There emists a sequence of nonsingular diagonal matrices Up € R4
such that Up' — 0 and

(dQr (80; Uy *a6), *Qr (00; Uy Va0, U %aB)) 2> (0, Heo (d0, dB)) .

0=0o

where H, (d@, dé) >0 a.s.

C.3 SuPgen, (o) | Qr (0: U5 2d0, U "dd, U;l/zdé)‘ = Op(||dd]|||da]|||d6]])
over the sequence of local neighbourhoods

N (8y) = {9 NUY2 0 - 00| < e} .
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_ Then with probability tending to one, there exists a unique mmzmum point
0 of Qr(0) in N(0y) which solves dQr ()00 = 0. It satisfies U 2(0—0y) =
op (1) .

Proof of Lemma 10. Use a second order Taylor expansion to obtain for
any bounded sequence hr € R? such that 6y + U, 12 Nr(by),

Qr (Bo+Uz"*hr)—~Qr (6) = dQr (60; Uy *hr)+3 L2Qr (6,07 he, U hy),

for some 6 € [0y,0y + U, 1 2hT] € Nr(by). Define the bounded sequence
hy = Uy 1/2 (é (90) Then, by another application of Taylor’s Theorem, there
exists 0 € [0, 0] € Np(6) such that

EQr (0:U7 *hr, U hr) = d2Qr (00U e, U )|
| @Qr (307, U, U 2h)| = O (Il ) = O ().
where we have used (C.3). Thus,

Qr (0 + U_l/QhT) — Q7 (6)
1
= dQT (6o; U. 1/2hT) + 2H (hr, hr)
+ 5 PQr (00: U b, UV ?hy) — Ho (hr, hT)] +0p ()
1

= §Hoo (hT, hT) + OP (63) y

where the second equality follows by (C.2). By choosing e sufficiently small,
and as Hy, (hr, hr) > 0 a.s., Qr (0) is convex with probability tending to one
in the nelghbourhood ./\/T(Hg) In particular, there exists a unique minimizer
0 = 0, + Ur ~1/2 hT which solves the first-order condition, dQr (9 dg) = 0
for all df. Since we can choose € arbitrarily small, hy = op (1), and hence
U%m(é —0y) = op (1) as desired. O

Lemma 11 Assume that (C.1)-(C.3) holds and that

C.4 There exists a sequence of numbers vy € R, such that v;.' — 0 and

(dQT (00; 0¥ 2U-Y2d0), 2Qr (00; Up Y20, U ”%9))

D

L (Swo (dB) , Ho (d6, d)) .
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Then v;/QU%/Q(é — 6p) 2 H'S, where H € R4 and S € R? are given
through the following identities:

Se (d0) = Sd6,  dO'HdO = H., (d6,d0) .

Proof of Lemma 11. By Lemma 10, we know that fr is consistent and
solves the first order condition. A first order Taylor expansion of the score
and using (C.3) together with the same arguments as in the proof of Lemma
10 yields

dQr (Bo; vy UL ?d60) = d*Qp (8; U5 2d0, U v *UN?(6 — 6))
= Q7 (00; U7""%d0, U7X 2UN* (0 — 65)) + op (1)
such that, by (C.4),
S (d6) = Ho. (de, WMPUN 0 - 90)) +op(1).

This completes the proof. (]

Lemma 12 Asssume that Z; is a stationary V-geometrically ergodic time-
homogenous Markov chain. Then for any function g <V such that E [g (Z;)] =
0,
sup E |E (g (Z)| Zi—m, Zt—m—-1, s Zo)| = 0 as m — oo.
t

Proof. From the Markov property,

FE [g (Zt)| Zt—m =z, Zt—m—ly ceey Z()] =F [g (Zt)| Zt—m = Z] .
Next, by definition of V-geometric ergodicity (Meyn and Tweedie, 1992,
pp.382),

B9 (Z)| Z—m = 7] B[S (Z)| Ze-m = 2] — E[f (Z)]]

sup < sup sup
z V(2) z |fISV V(2)
(33)
_ o 12" 2) =y
TV
<cp™,
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where 0 < ¢ < o0 and 0 < p < 1. In total,
\E(g(Z)| Zt—m = 2, Zt—m1, -y Zo)| < cp™V (2).
Taking expectations and using that {Z,} is stationary,

sup B |E (g (Z)| Ze—ms Zi—m—1, -, Zo)| < cp™EV (Z) .
t
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D Figures
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Figure 1: MLE of g; (z) in ST ECM, T' = 1000 observations
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Figure 2: MLE of ¢; (2) in linear ECM, T = 1000.
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Figure 3: MLE of g; (z) in STECM, T' = 500 observations
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Figure 4: MLE of g; (z) in linear ECM, T = 500 observations

Par., n = 250

- — tue

Figure 5: MLE of g; () in ST ECM, T = 250 observations
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Figure 6: MLE of g; (z) in linear ECM, T = 250 observations

Par., n = 1000
0.251
— tue
— — mean
+ 95% CI
0.2 +
015} *
.
0.1
4
)
<
© 0.05F
ol
-0.05 -
n
¥
0.1 +
I I I I I I I I

Figure 7: MLE of g (z) in ST ECM, T = 1000 observations
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Figure 8: MLE of g, (2) in linear ECM, T' = 1000 observations
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Figure 9: MLE of g2 (z) in ST ECM, T = 500 observations
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Figure 10: MLE of g5 (2) in linear ECM, T' = 500 observations

Par., n =250
— true
0.6 — — mean
+ 95%CI
I
0.4
+
¥
¥
¥
0.2 +
I
I
¥
+ Lo
+ + * =
8 ok M &
;“ st T M o4
+
P " T
¥
+ +
0.2 - + *
+ +
+
-0.4 -
I
¥
-0.6 -
I I I I I I I I
3 2 1 0 1 2 3 4

Figure 11: MLE of g (z) in STECM, T = 250 observations
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Figure 12: MLE of g5 (2) in linear ECM, T" = 250 observations
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E Tables

T = 250 T =500 T = 1000

Bias Std RMSE Bias Std  RMSE | Bias Std  RMSE
A (107°x) [ -0.7000  1.7971  1.9284 | -0.2383 0.9214 0.9518 | -0.1070 0.5559 0.5661
w 0.6052 19.5887 19.5981 | 0.0858 4.3513 4.3512 | -0.0127 0.2273 0.2276
ap (10°x) |-2.1154  7.4716  7.7653 | -1.1666 4.1769 4.3368 | -0.2356 1.2099 1.2326
ay (10°x) | 0.8364 2.907 3.0381 | 0.4671 1.7008 1.7638 | 0.0906 0.4600 0.4688
a; (10°x) | 1.0577  3.7358  3.8826 | 0.5833 2.0884 2.1684 | 0.1178 0.6049 0.6163
dp (105x) |-0.4182  1.4603  1.5190 | -0.2336 0.8504 0.8819 | -0.0453 0.2300 0.2344
By 0.0117 0.2309 0.2312 | -0.0005 0.0703 0.0703 | 0.0016 0.0255 0.0256

Table 1: Bias, Std and root-MSE (RMSE) of MLE of STECM.
T = 250 T =500 T = 1000

Bias Std RMSE Bias Std RMSE Bias Std RMSE
ap (103x) | 5.4177 0.0000 | 5.4177 | 5.4177 0.0000 | 5.4177 | 5.4177 0.0000 5.4177
as (103x) | -0.3764 0.0000 | -0.3764 | -0.3764 0.0000 | -0.3764 | -0.3764 0.0000 -0.3764
B 0.0787 4.2421 4.2428 | 0.0206 2.5716 2.5717 | -0.0034 0.2249 0.2249

Table 2: Bias, Std and root-MSE of MLE of Linear ECM (ay = 0).

True values: A = —9.6178x1075, w = —0.1554, o = 100x (—5.41177,0.3764),
& = 100 x (2.7089, —0.1882), and f, — —0.9519.
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