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Introduction

Many macroeconomic and financial key variables such as e.g. consumption, invest-
ment, gross domestic product and interest rates, display non-stationary features such
as trends or changing variances. A non-stationary stochastic process that can be
made stationary by taking first differences, is called integrated of order one (I(1)). If
the variables in a p-dimensional vector y; = (Y14, .-, Yps) ', t = 1,...,T, are I(1),
then there may exist a linear combination of the variables such that the resulting pro-
cess is stationary. Integrated processes with this property are said to be cointegrated.
The concept of cointegration, introduced by Granger (1981) and Engle and Granger
(1987), allows to describe equilibrium relationships between economic variables and,
hence, bridges the gap between time series analysis and economics. For this reason,
cointegration has become a popular tool for applied econometric work, e.g. Johansen

and Juselius (1992).

In the last 25 years, both integrated and cointegrated processes have attracted a lot
of attention in theoretical and applied time series econometrics. The seminal contri-
butions by Dickey and Fuller (1979), Engle and Granger (1987), Phillips and Perron
(1988) and Johansen (1988, 1991) provided a solid basis for numerous extensions of

this field of research.

This dissertation sheds light on two important extensions of the unit root model
and the linear vector error correction model (VECM). In the first chapter, I extend
several state-of-the-art unit root tests in the presence of permanent variance changes
and compare their finite sample behavior in an extensive simulation study. In the two

remaining chapters, I concentrate on error correction models that allow for a nonlinear



adjustment process. The second chapter is devoted to the statistical inference of a
general three regime threshold VECM. In chapter three, I explore the dynamics of
spot and future prices using a novel nonlinear error correction model.

In the next paragraphs, I present the main topics covered in this thesis in more

detail.

The first chapter?, is devoted to testing for a unit root under time-varying variances.
Recent literature find that many macroeconomic and financial variables exhibit a
change in unconditional volatility. The presence of non-stationary volatility alters the
asymptotic distribution of unit root tests and may lead to a high rejection rate of the
null hypothesis.

The aim of this chapter is to investigate the finite-sample properties of three recent
unit root tests. First, Beare (2006) suggests to scale the innovations by a nonpara-
metric estimator of their variances such that the first differences of the series are
approximately homoskedastic. Then, the Phillips-Perron test is applied to the scaled
data. Additionally, I apply the local-to-unity approach by Elliott et al. (1996) to the
test by Beare (2006) in order to de-trend the series. Second, Cavaliere and Taylor
(2008) propose to apply the wild bootstrap method to the M class of unit root tests.
Third, I extend the ML coefficient test by Boswijk (2005) to allow for deterministic
components.

The key results of the simulation study are as follows. First, the proposed detrended
version of the Phillips-Perron test by Beare (2006) improves the power substantially.
Second, empirical size and power of unit root tests requiring a nonparametric estimator
of the variance path, depend considerably on the choice of the bandwidth parameter.

Third, the ML test outperforms the remaining tests in terms of power.

In the second chapter? of this thesis, I focus on a three-regime threshold VECM

whose dynamics are characterized by a piecewise linear VECM. The regime switches

!This chapter is based on Gaul (2008).
2This chapter is based on Gaul (2007).



depend on the magnitude of a stationary threshold variable crossing unknown thresh-
old parameters. In contrast to previous literature, the model does not impose any

rank restrictions on the long-run impact matrix.

To estimate the parameters of the model, I employ the constrained least squares
method. I show that the estimator for the threshold parameters is consistent. Then, I
introduce an information-based selection criterion to estimate the cointegration ranks.
If the regimes are characterized by the same rank configuration, I construct an LM
test to detect threshold effects. Since the threshold parameters are not identified
under the null hypothesis, I show that the asymptotic distribution is non-standard
and, in particular, depends on moments of the data set. A parametric bootstrap

algorithm is proposed to simulate critical values.

An empirical application to the term structure of US interest rates is conducted
to highlight the approach. The results confirm the intuition that the series are not
cointegrated in the case of small deviations from the long-run equilibrium, but they
become cointegrated for large deviations. Furthermore, the model clearly outperforms
the random walk model and the linear error correction model in terms of forecast

ability.

In chapter 32, I consider the dynamics of spot and futures prices in the presence
of arbitrage. The cost-of-carry relation establishes the relationship between prices in
spot and futures markets. In a frictionless world any deviations from this relation
would be eliminated by arbitrage. In practice, however, the prices in both markets
may and do differ for several reasons. First, the existence of transactions costs makes
it unprofitable to exploit small deviations. Second, traders with access to private
information may prefer to trade in a specific market. Consequently, prices in this

market may reflect information earlier than prices in the other market.

I use a novel partially linear VECM where the adjustment process is modelled by a

non-parametric function. Estimation of the model is non-standard and employs kernel

3This chapter is based on Gaul and Theissen (2007).



methods. The short-run dynamics are estimated by density-weighted OLS, whereas
the adjustment process is estimated by a Nadaraya-Watson estimator. To detect
whether the adjustment process is indeed nonlinear, I perform a non-parametric test
whose test statistic is asymptotically normally distributed.

The model is implemented using data on the DAX index and the DAX futures
contract. I find that the conjecture of a nonlinear adjustment is strongly supported
by the non-parametric test. The speed of price adjustment is increasing almost mono-
tonically with the magnitude of the price difference. The estimation results indicate
that the futures market leads the spot market. Furthermore, I observe that the par-
tially linear VECM clearly improves the forecasting ability compared with that of the
linear VECM.

The next three chapters each present one idea as a self-contained unit.



Chapter 1

Unit Root Tests with
Time-Varying Variances:

A Simulation Study

1.1 Introduction

Many key variables such as gross domestic products, interest rates and exchange rates
display non-stationary behavior. Since the seminal contributions by Dickey and Fuller
(1979) and Phillips and Perron (1988) testing for a unit root has become a widely
used tool in macroeconomics and finance. However, the derivation of the asymptotic
distribution of unit root tests relies on the assumption of a constant variance of the
innovations. For example, models of heteroskedasticity involving a sudden change in
the volatility are very common in econometrics. Among others, Sensier and van Dick
(2004) find that about 80% of 214 US macroeconomic time series feature a change in
unconditional volatility.

To the author’s best knowledge, Hamori and Tokihisa (1997) were the first to show
that a single break in the variance can have a great impact on the asymptotic distribu-
tion of standard unit root tests. For this specific case, Kim, Leybourne and Newbold

(2002) suggest a modified version of the Perron (1989, 1990) unit root tests. Cavaliere
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(2004) develops a new asymptotic theory that allows for a wide class of heteroskedas-
ticity. Based on the latter contribution, different approaches for testing for a unit
root under heteroskedasticity has been proposed. In this chapter we investigate the

finite sample properties of three state-of-the-art unit root tests.

Beare (2006) proposes a modification to the Phillips-Perron test that scales the
innovations by a nonparametric estimator of their variances such that the first differ-
ences of the series are approximately homoskedastic. Then, the Phillips-Perron test
is applied to the scaled data. The main advantage of this method is that the test
statistic has the standard asymptotic distribution and hence the use of simulation
methods is not necessary. Inspired by Elliott et el. (1996) we suggest a detrended

variant of the test.

Recently, Cavaliere and Taylor (2008) analyze in the case of time-varying variances
the asymptotic distribution of the M class of unit root tests originally introduced by
Stock (1999). They show that the asymptotic distribution depends on the volatility
path and therefore general critical values are not available. They establish that the
wild bootstrap method is valid since it replicates the heteroskedasticity present in the

original shocks in the resampled data.

Boswijk (2005) derives the asymptotic power envelope of unit root tests under
heteroskedasticity when the series has no deterministic component. Furthermore,
he constructs a class of feasible test statistics whose power functions are tangent to
the power envelope at one point. Boswijk (2005) observes that the power of the
Gaussian ML coefficient test is close to the power envelope. In this chapter we allow
for deterministic components and propose to detrend the series using the local-to-unity
approach by Elliott et al. (1996). Then, we perform the Gaussian ML coefficient test
following Boswijk (2005).

The key results of the simulation study can be summarized as follows. First, the
standard unit root tests exhibit serious size distortions for several models of het-
eroskedasticity. Second, the proposed detrended version of the Phillips-Perron test

by Beare (2006) increases the power substantially. Third, empirical size and power of

6



unit root tests requiring a nonparametric estimator of the variance path depend con-
siderably on the choice of the bandwidth parameter. Fourth, the ML test outperforms
the remaining tests in terms of power.

The remaining chapter is organized as follows. In section 1.2 we introduce the
model and the basic assumptions. The test by Beare (2006) and its detrended version
are outlined in section 1.3. Section 1.4 is devoted to the bootstrap M tests by Cavaliere
and Taylor (2008). We describe the modification to the ML test by Boswijk (2005)
in section 1.5. The simulation results for two different data generating processes are

reported in section 1.6. Finally, we conclude.

1.2 Model

As in Beare (2006) and Cavaliere and Taylor (2008) we suppose that the data gener-

ating process is given by the econometric model

Y = 5T2t+13t, tZO,,T (11)
t

Ty = PTi—1+ 49 (T) €¢. (12)

In (1.1), the deterministic components of the process are collected in z;. Here, we
restrict our attention to the leading cases of a constant, i.e. 2, =1 and § = §y, and a
linear trend, i.e. 2z = (1,¢)" and § = (&, 1) ".

The class of functions triggering heteroskedasticity is defined by the following

assumption.

Assumption V: The function g : [0,1] — R is twice continuously differen-
tiable except at a finite number of points. Furthermore, there exists a constant
M € (1,00) such that M~ < g(r) < M for all v € [0,1], |¢'(r)| < M at which ¢'(r)
exists, and |¢"(r)| < M at which ¢"(r) exists. Additionally, we assume that g is

right-continuous.



It encompasses several different forms of models including non-continuous functions
with a finite number of breaks and trending functions. However, stochastic functions
such as GARCH models, near-integrated and integrated models are not covered by

our framework.

Furthermore, we suppose that the error process (e);—1.. 1 satisfies the following

condition.

Assumption E: The error process (€)i—1..r is a strictly stationary o-mizing
process with E(e;) = 0, E(e?) = 1, E|gP < oo for some p > 4 and with mizing coef-
ficients (Quy)m>o satisfying >, Q2P g for some r € (2,4]. Additionally,
we require that the long-run variance o? = Z;’;foo E(eerr ) is strictly positive and

finate.

We aim to test the null hypothesis p = 1 in the situation that the innovations

may be heteroskedastic.

The following lemma by Cavaliere (2004) plays a central role in order to analyze
the effect of heteroskedasticity on standard unit root tests. It extends the standard

functional central limit theorem to the heteroskedastic case.

Lemma 1.1:

Suppose Assumption V and E hold. Let u; = g¢ (%) €. As T — o0,

(Tr]

Sr(r) =T u = / g(s)dW (s) = W,(r),
t=1 0
where W (-) denotes a standard Brownian motion.

In the homoskedastic case g(s) = o it follows that

(Tr] r
Sp(r) =T-1/2 Z e = 0/ dW (s) = oW (r)
t=1 0



and, hence, Lemma 1.1 coincides with the standard FCLT.

Let p denote the least square estimator in (1.1) and (1.2) and set for simplicity
z; = 0. As shown by Cavaliere (2004), the asymptotic distribution of the standard
Dickey-Fuller coefficient test is given by

Jo Wy(r)g(r)dW (r)
fl Wy (r)>dr

0

Thp = (1.3)
Note that the distribution on the right-hand side in (1.3) differs substantially from
the standard Dickey-Fuller distribution unless g(s) = o. Therefore, we expect that
standard unit root tests fail to work under heteroskedasticity. In the subsequent
sections we describe recent adjustments to this lack of robustness, evaluate the finite

sample properties of the tests and compare them with the standard tests.

1.3 The Modified Phillips-Perron Test

1.3.1 Phillips-Perron test by Beare (2006)

Recently, Beare (2006) has developed a correction to the standard Phillips-Perron
test that allows for a very general class of heteroskedasticity. As shown by Beare
(2006), the approach offers the advantage that the test statistic possesses the standard
Dickey-Fuller distribution. The test statistic can be derived as follows. Under the null
hypothesis, p = 1, it follows from (1.1) and (1.2) that

t
Ay, =061+g (f) €t

Regressing Ay; on a constant, we obtain the least square estimator 31 = %Zthl Ay;.

A nonparametric estimator of g is given by the Nadaraya-Watson estimator

1/2

L () (A - by
9(7“) = 23:1 % (t/];t—r)

9




where K : R — R denotes the kernel function and A is the bandwidth parameter.

The kernel function K and the bandwidth A are assumed to satisfy the following

conditions.

Assumption K: The kernel function K : R — R is symmetric about 0, positive and
three times differentiable. Additionally, it satisfies [ K(x)dz >0, [ |z]|K(z)dz < oo,
JlzK'(z)|dx < oo, limp—e * K (z) — 0 and limp,_o *K'(x) — 0, monotonously
for sufficiently large |x|. The Fourier transformation of K, denoted by 1 exists and
satisfies [ [Ap(N)|dA < 0.

Assumption H: The bandwidth parameter satisfies hy — 0 and Th} — oo

as'T — oo.

The estimator g is used to construct the series

t
Ys — Ys—1
Y =D Ty (1.5)
: ; 9(?)

It is important to note that the series (y; )1, 1 is constructed in such a way that its
differences are approximately homoskedastic. Then, Beare (2006) suggests to apply
the standard Phillips-Perron test to the series (y; )1, 7. Running the regression of
y; on y;_, and the deterministic components z, leads to least squares estimators p*

and 0* = (67,0%)T. Then, it follows that the test statistic is given by

5\*

Ty =T (5" = 1) = e
T=2% Y2

where \* is defined as
m j 1 T—j
A= Z K (E) (T Z (yf — 0Tz - /3*?/;1) (ZJ:H - 5*T2t+j - /3*2/:+j1>> .
=1 t=1
The asymptotic distribution of the test statistic Z;- is stated in the following theorem.

10



Theorem 1.2:
Suppose Assumptions V, E, K and H hold.

(a) Let zz =1. As T — o0,

_sway -y -wa fJ
Jy Wrydr = | f; w dr]

Z

p*

(b) Let zy = (1,t)". As T — oo,

2, = ajvh,
- [ womse-wn o
-l ][

- [wera- ([ aview)
12/ W (r dr/o rW(r )dr—4(/01W(r))2.

The proof of the first part of Theorem 1.2 is given in Beare (2006). The second
part of Theorem 1.2 can be established along the lines of Beare (2006).

1.3.2 GLS Detrended Phillips-Perron Test

In this subsection we propose a slight modification to the procedure described in the

previous subsection. Let y; be defined as in (1.5). Inspired by Elliott et al. (1996)

11



we define

-
Yz = <3/07y1 - (1_T> Yo, - Y1 — (1_T> nyl)

and

zZe= 20,21 — (1 — =) 20,20 — (1 — =) 21— )
0y 21 T) %0 T T )71

The value of ¢ depends on the deterministic components; Elliott et al. (1996) suggest
to set ¢ = 7 when z = 1 and ¢ = 13.5 when 2, = (1,¢)". Next, regress y; on
2z, denote the corresponding least squares estimator by 4 and define the local GLS
residuals §; = y; — 4" 2. Then, the test statistic is given by

5\*

GLS (16)

2y =T (pos— 1) — ———=F >
g T=2% U2

A% . : : ~x ~ % N :
where pZ, . is the least squares estimator of the regression of ¢ on ¢; ; and A’ . is

defined as

<) i j 1
Acts = ZK (E) (T
j=1

The following theorem shows that the asymptotic distribution of the corrected test

T—j
(@: - pAZLsy:—l) (:&;-j - pAZLsy;-j—l)) :
t=1

coincides with the limit distribution that the uncorrected test would have if the

innovations were homoskedastic. Therefore, we are able to use the critical values

provided in Table 1 in Ng and Perron (2001, p. 1524).

Theorem 1.3:
Suppose Assumptions V, E, K and H hold.

(a) Let zz =1. AsT — o0,



where W(r) is a standard Brownian motion.

(b) Let z, = (1,t)7. As T — oo,

(W (1) 1)
fol Wtr(r)2dr

Z;’;LS =

where W' (r) == W(r) —r (VgW(l) +3(1 — 1) fol rW(r)dr) and vz == (1 +
o)/(1+c+c*/3).

The proof is based on Lemma 10 in Beare (2006) and follows exactly the same

steps as in Theorem 2 of Cavaliere (2004). Hence, it is omitted.

1.4 The M Class of Unit Root Tests

Most of the conventional unit root tests have a substantial size distortion when the
errors are serially correlated. For this reason, Stock (1999) proposes a class of unit
root tests (the so-called M tests) being robust to autocorrelation. Recently, Cavaliere
and Taylor (2008) extend the M tests to the case of potential heteroskedasticity. Their

approach can be described as follows.

Similar to the previous subsection, let

¢ c T
Ye = <y07y1_ (1—T>yo,~->yT— <1——> ?JT—1>

and

¢ c i
2,’5:(ZO,Zl—(1—?>Z0,---,ZT—<1_?>ZT—1> :

Denote by 4, the local GLS residuals , = 1 — 4" 2, where ¥ is the least squares

13



estimator from the regression of y; on z;. The M unit root statistics are given by

152 .2

_ T -
272 Ztﬂ 93—1

1/2
MSB = ( Zyt /S (k ) , (18)

MZ, = MZ,- MSB, (1.9)

where

Anlt) = o/ (1-5) . (1.10)
B = 3Bk (1.11)

In (1.11), ﬁzk,z =1,....,k, are estimators of the coefficients [, in the Dickey-Fuller

regression
k
Agy = 7g-1+ Z Bi kA —i + uy
i=1

and in (1.10)

with
k
Uy = AYy — Th—1 + Zﬁi,kAgt—i (1.12)
i=1
is an estimator for 02 = F(u?), respectively.

The main result of Cavaliere and Taylor (2008) is articulated in the following

theorem. For simplicity, we focus on the case that z; = 1.
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Theorem 1.4: Suppose Assumptions V, E, K and H hold. Then, as T — oo

’ fol Wg(r>2d7’

1 1/2
MSB = (/ Wg(r)zdr> =: &,
0

M7, = € 6= 3(Wy(1)? — 1)

(fw,tryear) ™

=: &1,

It is evident from Theorem 1.4 that the asymptotic distribution depends on the time-
path of the variance and, hence, general critical values are not available. Cavaliere
and Taylor (2008) propose a wild bootstrap algorithm to obtain valid critical values
given the time-path of the variance. The algorithm consists of the following steps.
Step 1: Calculate the residuals @; given by (1.12) using the original sample.

Step 2: Generate the bootstrap residuals u; := G,w;, where (w;)i—1 7 denotes an
independent N (0, 1) sequence.

Step 3: The bootstrap sample is obtained by using the model under the null hypothesis

t
yf:ya‘qLZuf, t=1,...,T
i=1

for some initial value y;.

Step 4: Calculate the value of the M test statistics for the bootstrap sample
(Y5 )e=1...1-

Step 5: Repeat steps 2-4 B times.

Step 6: Reject the null hypothesis if the value of the M test statistics based on the
original sample is smaller than an appropriate quantile of the bootstrap distribution

generated in the previous step.

Cavaliere and Taylor (2008) establish that under the null hypotheis the de-

scribed wild bootstrap algorithm leads to tests with asymptotically correct size and,
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furthermore, the procedure is consistent under the alternative.

1.5 The ML Unit Root Test

Under the assumption that the volatility of the innovations is constant, Elliott,
Rothenberg and Stock (1996) derive for standard unit root tests the asymptotic power
envelope which is an upper bound for the power function. When the volatility pro-
cess is non-stationary and deterministic components are excluded, Boswijk (2005)
characterizes the power envelope and constructs a class of feasible tests whose power
functions are tangent to the power envelope at one point.! In particular, Boswijk
(2005) observes that the power of the Gaussian ML coefficient test is close to the
power envelope. To allow for deterministic components, we employ the local-to-unity

GLS approach by Elliott et al. (1996) and define

= (- (1-7) (- f))
Ye = | Yo, Y1 T Yo, .-, Yr T Yr—1

and

c ¢ ’
g = <Z07Z1— (1_T> 205+ RT — (1_T> ZT—1> )

where ¢ is defined as in the previous section. Let 9 = y, — "2, where ¥ is the
least squares estimator from the regression of yz on zz. Similar to Boswijk (2005), we
propose the ML test statistic

ML =T(p%,, — 1), (1.13)

GLS

where pe = (i 02 S0 95 0F = Jp'Sp? is the GLS estimator of the re-

gression of g7 on g/ |, with g/ := g(g—z) and ¢(-) is given by (1.4) Note that the GLS

T

IThe derivation of the power envelope is based on the Neyman-Pearson lemma, that is the com-
parison of the log-likelihood of pr = (1 — %), ¢ > 0 with the log-likelihood of p = 1.

2Note that St is the score function at p = 1 and Jr is the Fisher Information at p = 1.
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estimator pf, , coincides with the Gaussian ML estimator. Since the asymptotic dis-
tribution depends on the variance path g(r), r € [0, 1], p-values of the ML test are
obtained by simulation of Sy and Jr, given g(-).

1.6 Finite-sample simulations

1.6.1 Setup

In this section we investigate the finite sample properties of the tests described in the

previous sections. The data are generated by the two processes

DGP1: y, = 14+

c t
Ty = <1 — ?> Ti1+ g (T) €,

DGP 2: y, = 14+t+ux
c t
Ty = (1 - ?> Ti—1+g <T) €t

where ¢ > 0. The error process (€)1 7 was taken to be a Gaussian white noise
process. This allows us to focus on the effect of heteroskedasticity on the tests inde-
pendent of the effect of serial correlation. We consider ten different choices of g being
similar to Beare (2006) and Cavaliere and Taylor (2008). The choices are given in
Table 1.1.

Model 1 is homoskedastic. Models 2-4 feature a single variance break. Models
5 and 6 have two variance breaks. Models 7-10 are exponential near-integrated or
integarted stochastic volatility models. Note that the latter models are stochastic
and, hence, are not covered by our framework. To investigate the size of the tests we
set ¢ = 0 such that the process ()1, r has a unit root. The nominal size is set to
a = 5%. Under the alternative we set ¢ to 3, 6 and 9. Note that if ¢ differs from zero,
(@t)¢=1,...r is stationary. Local power of the standard Phillips-Perron test and M tests
is computed by using the 95% empirical quantile leading to an exact size under the

null hypothesis (size-adjusted power). The bootstrap distributions of the M tests of
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Table 1.1: Models of heteroskadasticity considered in Tables 1.2 - 1.17
Model Volatility Function

Looglr?=1

2 g(r)?=1{r <08} +9{r > 0.8}

3 g(r)?=1r<02}+{r>02}

4 g(r)? =1{r < 0.8} + %{7’ > 0.8}

5 g(r)?=1{r <02} + H02>r <08} +1{r > 0.8}
6 g(r)*=1{r <04} +9{0.4 > r < 0.6} + 1{r > 0.6}
7 g(r)* =exp(4J_19(r))

8  g(r)* =exp(9J_10(r))

9  g(r)? = exp(4B(r))

10 g(r)* = exp(9B(r))

section 1.3 are approximated by B = 499 replications. The nonparametric variance
estimator (1.4) is computed by using a Gaussian kernel with bandwidth h = - T7%2.
The parameter x is set to 0.2, 0.4 and 0.6. This enables us to investigate the effect
of the bandwidth parameter on size and power of the modified Phillips-Perron test
and the ML test. Size and power are computed for the standard Phillips-Perron test
(Z,), the modified Phillips-Perron test by Beare (Z7,) with bandwidth parameter
h = k- T7%% the GLS detrended version of the Phillips-Perron test (Zg"3) with
bandwidth parameter h = k- T-%2, the standard M class of unit root tests (M Z,,
MSB and M Z,), the bootstrap M tests (M Z%, MSB* and M Z;) and the ML test
(M L?) with bandwidth parameter h = x-T~%2. Two sample sizes are considered, viz

T =100 and T" = 250. All results are based on 5000 replications.

1.6.2 Results for DGP 1
Size properties

Empirical size under a nominal size of 5% is reported in Table 1.2 for the standard
Phillips-Perron test and the Phillips-Perron test by Beare (2006), in Table 1.3 for
the GLS detrended variants of the Phillips-Perron test, in Table 1.4 for the M tests
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Table 1.2: Size of standard PP test (Z,) and PP test by Beare (Z;), DGP 1
T=100 T=250
Model  Z, Zjoo Zjoa Zpos Zy,  Zyos Zpoa Zpoe

1 3.68 356 352 354 5.14 506 5.14  5.18
2 7.76  3.60 4.38 5.02 9.08 5.28 574 6.18
3 13.70  3.60 4.64 5.90 15.50 5.12 572  6.54
4 4.44 384 4.02 4.04 5.72 474 5.06 5.16
5 10.78 4.22 584 7.54 1246 520 6.92  8.00
6 6.70 3.70 5.02 5.74 762 552 6.06 6.66
7 5.34  4.06 430 4.70 6.10 5.16 5.28  5.32
8 10.22 416 586  7.40 11.76 580 7.54  8.38
9 12.44 440 592 7.58 13.46 5.08 6.18 7.72
10 25.14 6.60 13.58 18.50 26.30 6.86 12.72 18.06

Table 1.3: Size of GLS detrended PP test (Z5°) and GLS detrended PP test based
on Beare (Z5"*), DGP 1

T=100 T=250
Model  ZZ"  ZZ%, ZJ3%. Zi%e Z5¥" 25 Z55a 23
1 7.04  6.92 6.90 6.92 5.76  5.66 5.72 5.72
2 12.64 6.48 7.06 7.26 12.24  6.04 6.34 6.80
3 9.86  6.72 7.40 7.58 8.06  5.76 2.62 6.08
4 7.08  7.02 6.84 6.98 5.60  5.54 5.54 5.72
5 9.58  6.52 7.56 8.30 8.08  5.92 6.28 7.06
6 11.10  6.98 7.64 9.24 9.54  5.78 6.40 7.32
7 8.44  6.76 7.36 7.72 744 5.72 6.04 6.24
8 13.32  6.50 8.52 9.98 11.98  6.24 7.44 8.56
9 13.94 7.04 7.94 9.74 11.94  5.70 6.84 7.80
10 2218 812 13.70 17.44 19.26 694 1042 13.86
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Table 1.4: Size of standard M tests (M Z,, M SB, M Z;) and bootstrap M tests (M Z7,
MSB*, MZ¢), DGP 1

T=100 T=250
Model MZ, MSB MZ, MZ: MSB* MZ; MZ, MSB MZ MZ: MSB* MZ;
1 6.44 586 586 5.12 5.08  5.02 570 520 530 5.18 @ 5.20 5.36
2 11.88 14.48 10.26 5.42 5.30 5.48 12.06 13.22 10.50 5.54 5.68 5.62
3 916 816 882 5.72 5.56  5.68 774 712 732 544 5.50 5.40
4 6.40 5.32 6.44  4.90 4.94 5.10 540  4.60 5.32  4.76 4.82 4.88
5) 8.88 9.82 7.82 5.44 5.34 5.46 7.94 8.48 7.12  5.46 5.44 5.52
6 10.34 940 10.00 5.84 570  5.92 944 852 9.04 556 544 5.64
7 780 7.04 724 556 524 536 726 710 6.60 554  5.50 5.34
8 12.64 1296 11.80 6.26 6.16 6.26 11.78 11.64 11.16 5.86 5.98 5.72
9 13.30 13.92 12.22 5.88 5.58 6.02 11.72 11.96 10.74 5.30 5.24 5.46
10 21.56 24.08 19.80 &.14 7.84 8.00 19.08 21.78 17.32 5.94 5.94 5.84
Table 1.5: Size of the ML test, DGP 1
T=100 T=250

Model MLSY MLGF ML ML MLGE MLGE

1 4.34 4.76 4.88 4.72 4.92 4.98

2 4.14 4.88 5.28 5.16 5.46 5.94

3 4.14 4.46 5.00 4.24 4.68 5.08

4 4.54 4.88 4.82 4.44 4.42 4.44

5 3.96 4.70 5.78 4.26 4.90 5.70

6 4.28 5.52 7.06 4.70 5.44 6.40

7 4.38 5.12 5.44 4.80 5.24 5.62

8 4.16 6.20 7.18 4.50 5.88 7.38

9 4.08 5.18 6.42 4.56 5.62 6.62

10 3.82 6.04 9.78 3.56 5.18 8.38

20



and in Table 1.5 for the ML test, respectively. The most interesting feature is that
all uncorrected versions of the tests have substantial size distortion for models 2, 3,
5, 6, 8, 9 and, in particular, model 10. Depending on the test considered the latter
model yields a size between 17.32 (M Z; test when T = 250) and 26.30 (standard
Phillips-Perron test when T' = 250).

Let us initially turn to the results of the Phillips-Perron test by Beare (2006). Table
1.2 shows that the selection of the bandwidth parameter has a significant effect on
the empirical size. Whereas both x = 0.2 and x = 0.4 lead to a size much closer to
the nominal size, the choice k = 0.6 suffers from higher over-rejection.

The results for the GLS detrended versions of the Phillips-Perron test are essentially
comparable with those in Table 1.2. However, the results shown in Table 1.3 indicate
that the Z7*-test has generally a slightly greater size distortion than the Z;-test.

The size properties of the standard M tests and the bootstrap M test are given
in Table 1.4. We note that the bootstrap M tests perform very well; they feature
sizes between 4% and 6% in eight of ten cases when 7' = 100 and in all cases when
T = 250. It is worth noting that the differences between the M Z,-test, the M S B-test
and M Z;-test are negligible.

Finally, consider the size properties of the ML unit root test presented in Table 1.5.
The empirical size of the ML test depends on the choice of the bandwidth parameter
similar to the Phillips-Perron test. When x = 0.2, empirical size is very close to the
nominal size; when T' = 250 size peaks at 5.16% for model 2 and reaches a low at
3.56% for model 10; results for T'= 100 are similar. If x = 0.4, sizes are between 4%
and 6% in all cases when T = 250. Setting x = 0.6, the size distortion is more severe,
in particular for models 6, 8, 9 and 10. In these cases the size distortion is lowered by

choosing a smaller bandwidth, e.g. k = 0.2.

Power properties

Local power results are presented in Table 1.6 for the standard Phillips-Perron test

and the Phillips-Perron test by Beare (2006), in Table 1.7 for the GLS detrended
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Table 1.6: Power of standard PP test (Z,) and PP test by Beare (Z}), DGP 1

T=100 T=250

Model Zp Zyoo Zpoa Zpos Zy Zyoo Zpoa Zpos
1 c=3 13.64 13.62 14.02 14.08 11.12 11.18 11.26 11.18
c=6 26.66 26.82 26.90 27.08 22.00 21.82 21.98 21.74

c=9 45.86 45.56 46.04 46.32 3790 37.08 37.74 37.94

2 c=3 1190 1266 1192 12.30 12.06 10.84 11.26 11.76
c=6 21.30 25.10 23.98 23.66 21.26 20.90 21.60 22.48

c=9 33.88 42.18 40.74 40.44 33.76  35.20 36.00 37.18

3 c=3 9.72 8.64 8.58 8.70 8.18 6.34 6.44 7.20
c=6 1742 1556 1594 16.42 14.38 11.78 11.82 13.00

c=9 28.82 2790 29.04 29.70 23.80 22.02 2250 23.80

4 c=3 1344 1256 13.10 13.54 11.58 11.18 11.42 11.66
c=6 26.18 24.04 25.34 26.04 22.00 21.10 22.50 22.76

c=9 42.64 4094 42.38 42.80 38.06 35.76 38.06 38.56

5 c=3 9.80 8.26 8.46 9.02 8.72 6.76 7.26 7.56
c=6 16.82 1442 1530 15.86 15.54 12.14 13.14 13.62

c=9 2766 2554 2648 27.28 25.00 21.26 22.58 23.28

6 c=3 1246 13.52 13.72 13.76 11.86 11.08 12.84 12.44
c=6 2346 24.16 26.72 26.00 21.88 20.18 24.00 24.02

c=9 37.22 3848 43.50 41.98 35.12 31.08 38.44 38.30

7 c=3 1270 11.84 12,50 12.40 12.28 10.90 11.72 12.16
c=6 23.32 22.02 23.02 2298 22.34  20.72 22.06 22.82

c=9 3944 3744 39.16 39.24 3798 33.96 36.84 37.94

8 c=3 10.32 10.92 11.20 10.68 9.92 8.68 11.14 11.46
c=6 17.04 1888 19.86 18.76 17.32 14.52 18.60 19.38

c=9 2692 29.32 32.54 30.98 26.80 22.76 30.66 31.42

9 c=3 8.02 9.78 9.38 9.48 6.80 9.28 9.16 8.34
c=6 13.76 1796 1792 17.24 12.04 16.90 17.56 16.16

c=9 2290 30.80 31.14 29.30 19.92 28.20 30.22 28.30

10 c=3 5.58 5.92 5.34 4.92 4.50 5.94 4.24 3.82
c=6 7.96 9.70 9.22 7.46 6.66 9.66 7.78 6.88

c=9 10.56 1648 14.76 12.24 9.58 15.24 13.40 11.62
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Table 1.7: Power of GLS detrended PP test (Z5"°) and GLS detrended PP test based
on Beare (Z;*), DGP 1

T=100 T=250

Model ZEZE%e Z9a Zi%e 25N Z00e Z55a 2
1 c=3 1596 15.48 15.64 15.84 16.54  16.46 16.60 16.50
c=6 36.96 34.66 35.76 36.20 38.42  37.06 38.28 38.20

c=9 60.66 55.96 58.62 59.80 62.94 61.14  62.28 62.58

2 c=3 14.88 15.58 14.46 15.50 15.50 14.92 14.24 15.06
c=6 30.10 34.06 32.12 33.64 31.14 3290  31.96 32.72

c=9 47.28 54.32 52.70 54.90 47.70  54.22 54.26 53.84

3 c=3 14.22 13.18 12.86 14.08 16.04 13.94 16.18 16.62
c=6 23.70 23.94  26.68 27.90 30.96  25.24  32.10 33.66

c=9 36.10 40.22  45.10 47.86 46.90 40.62 51.94 54.98

4 c=3 16.16 17.08 16.80 16.88 17.66  18.42 18.90 18.60
c=6 36.28 35.92 36.74  37.26 39.94  39.36  42.68 42.20

c=9 59.50 56.40  60.00 60.74 64.10 61.48 65.78 65.66

) c=3 13.84 13.84 14.92 14.16 15.10 13.64 15.70 15.82
c=6 26.38 24.72 28.06 27.66 29.70 24.00  29.70 31.24

c=9 41.02 3996 45.64  44.36 4728 38.16  47.18 49.82

6 c=3 14.84 14.94 16.22 15.44 15.52 15.14 16.06 15.86
c=6 30.68 28.82 34.10 32.74 32.70  29.48 33.78 35.12

c=9 48.80 45.32 53.60 52.34 53.18  45.42 53.10 55.84

7 c=3 1596 15.00 15.88 15.80 16.00  16.46 17.86 18.18
c=6 33.60 31.08 34.30 34.10 35.18  34.60  38.10 38.08

c=9 54.62 49.20 55.32 56.02 56.60 53.74  60.50 60.96

8 c=3 1244 13.80 14.88 14.28 14.02  12.86 14.94 15.66
c=6 23.88 24.92 29.24  28.02 26.76  23.16 29.58 31.60

c=9 37.80 38.74 4740  44.62 42.16  35.78  47.28 49.44

9 c=3 10.78 12.44 13.40 13.12 11.40 14.08 14.92 14.06
c=6 19.26 24.58 28.54 26.32 22.60 26.34  30.24 29.94

c=9 31.00 39.66 44.16  43.20 36.10 41.46  48.50 47.96

10 c=3 7.90 7.90 8.58 7.86 8.54 7.96 8.40 8.52
c=6 11.78 13.64 15.24 13.34 13.30  12.86 15.80 15.44

c=9 16.70 22.52 25.24  20.24 19.14 1980  25.44 24.40
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Table 1.8: Power of standard M tests (M Z,, MSB, MZ;) and bootstrap M tests
(MZ:, MSB*, MZ;), DGP 1

T=100 T=250

Model MZ, MSB MZ. MZ, MSB* MZ; MZ, MSB MZ, MZ; MSB* MZ;
1 c=3 1578 1492 16.10 16.14 15.12 16.32 16.62 16.16 16.54 17.50  16.48 18.12
c=6 36.34 33.22 36.68 36.38 33.54 37.06 3846 36.60 37.72 39.22 3742  39.74

c=9 60.12 56.52 60.44 59.68 56.68  60.66 62.94 60.60 62.52 64.30 61.36  64.70

2 c=3 1484 13.78 14,50 15.68 15.04 15.80 15.48 14.26 15.56 16.94 16.48 16.94
c=6 30.16 28.36 28.88 31.60 30.46 31.20 31.10 30.52 30.70 3290 3332  32.30

c=9 4730 45.10 4490 48.70 47.50 47.26 47.80 4790 46.60 50.16 51.96  48.80

3 c=3 1392 1354 1456 15.26 14.80 15.78 1592 15.12 16.20 16.48  15.56 16.94
c=6 2284 22.00 23.70 26.06 24.20 26.42 30.72  28.68 31.80 31.44 2990 32.46

c=9 34.72 3254 3634 3782 36.08 39.22 46.46 43.58 48.18 47.06 44.88  48.44

4 c=3 16.08 15.10 17.08 16.50 1548 17.28 17.60 16.24 18.02 17.32 16.24 17.82
c=6 3588 33.34 37.82 3564 3380 37.44 39.94 3748 4138 39.26 36.80  41.00

c=9 58.60 5492 61.74 5840 55.56 60.70 63.96 60.42 65.76 62.60 59.70  64.50

5) c=3 13.78 12.86 13.88 15.00 13.86 15.52 1490 1498 1494 16.66 16.16 16.98
c=6 2582 2398 2592 2768 2538 28.20 29.42 2880 29.14 31.94 30.80 32.20

c=9 3994 3720 3992 41.68 39.16 41.58 46.88 45.36 45.52 49.50 48.06 48.44

6 c=3 1448 14.14 1522 17.04 16.46 17.18 1550 1526 15.34 16.58  15.90 17.04
c=6 3044 28.80 3190 33.70 31.84 35.02 32.62 30.80 32.88 34.58 32,52 3548

c=9 48.26 45.44 50.60 52.50 49.82  54.04 53.04 50.88 53.22 53.88 51.72  55.10

7 c=3 16.02 15.84 16.34 16.72 15.72 17.38 1596 1538 16.06 17.62  16.88 17.98
c=6 33.86 33.36 3454 35.00 33.00 35.58 35.10 33.16 36.44 37.76 35.80  37.88

c=9 5474 53.62 5570 56.24 5298 57.12 56.46 53.68 56.94 59.50  56.70  59.94

8 c=3 1256 11.92 13.26 1746 16.24 18.08 14.00 13.44 14.32 17.00 16.32 17.32
c=6 2390 2244 25.08 31.94 30.52 32.88 26.74 2456 28.12 3242 31.24  33.20

c=9 3786 34.76 40.00 48.12 45.88  48.96 42.16  39.64 43.78 50.04 47.78  50.80

9 c=3 1078 9.84 11.10 15.38 14.24 1544 1144 1046 1190 14.58 13.96 14.84
c=6 19.26 17.06 19.84 2738 26.00 27.66 22.58 20.12 2416 28.92 28.00  29.48

c=9 30.84 27.10 3196 41.80 40.04 42.74 36.02  32.02 37.80 44.68 43.38  45.36

10 c=3 7.76 7.00 8.10 14.76 14.12 14.74 8.52 8.22 8.26 12.06 12.02 12.34
c=6 1144 9.82 1252 23.04 21.82 23.22 13.28 1198 13.04 1994 1942 2048

c=9 1640 12.60 17.78 31.56 30.14 31.42 19.12 16.58 1896 29.44 2880  30.12
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Table 1.9: Power of the ML test, DGP 1

T=100 T=250
Model MLSS™  ML§Y  MLGE  MLGY MLSYS MLGE
1 c=3 1412 1494  14.96 1584 1648  16.68
c=6 3250 3398 3450 3720 37.90 3820
c=9 5522  57.00  57.84 61.20 6254 6244
2 ¢=3 1270 1420 1552 1474 1564  16.80
c=6 2894 3150  33.92 3440 3576 37.06
c=9 4936 5272 54.32 56.44  57.16  58.62
3 c=3 1292  13.94 1444 1646 16.60  17.00
c=6 2248  23.66  24.86 36.36  35.28 3538
c=9 3310 3522  37.34 53.82 5238 52.12
4 c=3 1578 1612 16.46 17.88  17.56  17.24
c=6 3628 3638  36.26 4374 4162 40.90
c=9  59.64  59.90  59.84 69.22 6574  64.82
5  c=3 1232 1432  16.24 1540 1618 17.92
c=6 2412 2698  30.84 3462  34.64  36.06
c=9  36.88 4208  47.62 5272 53.50 5556
6 =3 1574 1820  21.38 16.14 1762 19.66
c=6 3698 3880 4240 40.28 4054 43.56
c=9 6136 6296  64.30 68.42  66.86  67.82
7 ¢=3 1454 1606  17.22 1674 1780  18.62
c=6 3322 3592  36.62 3848 30.66  40.60
c=9 5580  57.98  58.92 63.10  62.86  63.32
8 =3 1552  19.02  21.68 1820 1988 21.94
c=6  37.64 3816  40.76 4716 43.06  43.96
c=9  59.96 5956  60.96 7200 65.02  64.54
9 =3 1364 1530  17.70 1674 1704 1868
c=6 2660 2940  32.38 34.68 3450  36.64
c=9  41.04 4426  48.08 53.16 5210  53.86
10 c=3 1848 1676  20.66 28.60 2254 21.22
c=6  27.66 2624  32.22 30.94 3252 34.56
c=9 3396 3576  43.96 45.90  42.66  47.54
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versions of the Phillips-Perron test, in Table 1.8 for the standard M tests and the
bootstrap M tests and in Table 1.9 for the ML test, respectively. It is important to
note that in general the corrected versions of the tests display a similar power as the
standard tests when the variance is constant. Hence, appealingly, the loss in power is
negligible when the corrected versions of the tests are applied to homoskedastic data.
Under heteroskedasticity the standard tests exhibit a considerably lower power than
under homoskedasticity. In particular, the power differs clearly in those cases where
the tests suffer from a high size distortion (i.e. model 9 and 10).

Focusing on T' = 250 we observe that the Z-test exhibits a lower power than the
remaining tests. For most volatility models, the ZZ*-test, the bootstrap M tests and
the ML -test are twice as powerful as the Z-test. Therefore, the results indicate
that the local-to-unity GLS approach increases the power substantially. Comparing
the Z7-test with the bootstrap M tests, we observe that the results are ambiguous.
Whereas the Z7"-test appears to exhibit a slightly greater power than the bootstrap
M tests for models 3 and 4 (both with x = 0.4), the pattern is vice versa for models
8 and 9. For model 10, we observe that the bootstrap M tests beats the ZZ*>-test by
ten percentage points. It appears that the power of the ML test is more robust to the
choice of the bandwidth parameter than the ZZ**-test. All three tests have similar
power when the data are homoskedastic, but the ML test is superior to the Z7"-test
and the bootstrap M tests for the remaining models. In particular, the differences in
power are greater when the volatility function is stochastic (model 7-10) than for a
deterministic function (model 1-6). These results are consistent with the findings in

Boswijk (2005).

1.6.3 Results for DGP 2
Size properties

Size calculations for DGP 2 are reported in Table 1.10 for the standard Phillips-Perron
test and the Phillips-Perron test by Beare (2006), in Table 1.11 for the detrended GLS
variants of the Phillips-Perron test, in Table 1.12 for the standard M tests and the
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Table 1.10: Size of standard PP test (Z,) and PP test by Beare (Z;), DGP 2
T=100 T=250
Model  Z, Zj,o, Zjoa Zjos Zy  Zyoo Zpos Zpos

1 3.54 318 334 3.32 494 434 462 468
2 738 296 3.72  4.20 9.58 398 4.64 540
3 13.52  2.68 3.52 4.36 1536 3.88 4.62 5.36
4 450 270 342 390 5.72  3.74 458 498
5 946 3.14 418 5.98 11.06 3.92 528 6.70
6 716  2.74 450 5.62 8.44 3.88 520 6.50
7 4.72 256 346 3.92 6.70 4.62 536 5.64
8 9.86 2.64 524 6.88 1158 394 592 7.68
9 12.14  2.06 3.42 5.04 13.46 3.16 4.06 5.14
10 2492 150 482 8.88 2582 156 396  7.08

Table 1.11: Size of GLS detrended PP test (Z;*°) and GLS detrended PP test based
on Beare (Z;%), DGP 2

T=100 T=250
Model  ZZ™  ZZ%, ZJ%. Zi%e Z5¥ 25 Z55a 23
1 5.80  5.10 5.44 0.44 4.68  4.62 4.60 4.66
2 11.00  4.28 5.24 5.90 10.54  3.86 4.42 4.76
3 13.02  4.26 5.20 5.90 8.66  3.92 4.16 4.48
4 6.30  4.22 5.16 5.68 5.40  3.80 4.42 4.76
5 10.18  4.10 5.58 6.98 774 3.72 4.32 5.34
6 10.24  4.54 5.96 8.50 990  4.38 5.40 6.50
7 742 492 5.94 6.66 6.44 4.74 0.46 5.74
8 1272 4.46 7.04 9.10 12.30  4.02 6.16 7.82
9 13.48  3.56 4.96 6.70 10.90  2.94 3.88 5.06
10 2378 244 5.58 9.96 19.66  1.52 3.88 5.96
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Table 1.12: Size of standard M tests (M Z,, MSB, MZ;) and bootstrap M tests
(MZ:, MSB*, MZ;), DGP 2

T=100 T=250
Model MZ, MSB MZ, MZ: MSB* MZ; MZ, MSB MZ MZ: MSB* MZ;
1 3.00 3.26 298 4.84 4.84 4.76 3.70 4.00 3.70 5.14 5.24 5.02
2 752 890 726 6.04 5.60 6.10 9.60 10.64 894 584 5.96 5.74
3 586  6.00 5.96 5.96 6.02 5.82 6.44 652 6.62 5.30 5.48 5.34
4 336 3.08 3.50 4.98 5.00 4.92 458 440 464 5.08 5.10 5.12
5 538 6.00 5.10 5.72 5.56 5.66 582 6.70 5.60 5.04 5.16 5.08
6 746 7.62 7.38 6.62 6.38 6.50 8.86 888 876 5.88 5.94 5.94
7 4.40 4.66 428 5.48 5.34 5.54 562 584 566 548 5.50 5.64
8 992 10.36 9.74 7.10 7.06 7.20 11.10 11.78 10.94 6.02 6.00 6.02
9 892 954 846 6.58 6.54  6.60 928 9.82 9.14 5.46 5.60 5.40
10  17.36 18.90 16.44 8.92 8.88 8.88 1752 1896 17.02 6.30 6.50 6.16
Table 1.13: Size of the ML test, DGP 2
T=100 T=250

Model MLG3" MLGE MLgg™  MLGE" MLGE"  MLGE”

1 5.22 5.28 5.38 4.84 4.82 4.86

2 5.36 6.22 6.92 5.52 5.86 6.28

3 4.98 5.78 6.18 4.66 4.78 5.20

4 4.72 5.24 5.68 4.54 4.86 5.08

5 4.98 5.72 6.94 4.78 5.32 5.66

6 4.98 6.46 8.40 5.42 6.26 7.50

7 5.12 6.36 6.72 5.46 6.04 6.34

8 5.16 7.94 9.36 4.74 7.24 8.96

9 5.04 6.08 7.40 4.70 5.54 6.40

10 4.58 7.88 12.18 3.84 5.98 8.96
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bootstrap M tests and in Table 1.13 for the ML test, respectively. All uncorrected tests
exhibit a substantial size distortion for models 2, 3, 5, 6, 8, 9 and 10. In particular
for model 10, the standard Phillips-Perron test yields an empirical size of about 26%
when T = 250.

The most striking aspect is that the corrected Phillips-Perron tests achieve an em-
pirical size being close to the nominal size by choosing a greater bandwidth parameter
than for DGP 1. The results propose to set £ = 0.4 for both the Z7 test (k = 0.2 for
DGP 1) and the Z3**-test (x = 0.2 for DGP 1). When x = 0.2, the empirical size of
the ML test is very close to the nominal size; when T' = 250 sizes are between 4% and
6% in nine of ten cases; results for T = 100 are similar. If x = 0.4, the test tends to a
slight over-rejection; when 7" = 250, the empirical size is about 6% in five of ten cases
and even greater when 7' = 100. Setting x = 0.6, the size distortion is even worse, in
particular for models 2, 6 and 8-10. In these cases the size distortion is lowered by

choosing a smaller bandwidth.

Power properties

Simulated power of the tests is quoted in Table 1.14 for the standard Phillips-Perron
test and the Phillips-Perron test by Beare (2006), in Table 1.15 for the detrended GLS
versions of the Phillips-Perron test, in Table 1.16 for the standard M tests and the
bootstrap M tests and in Table 1.17 for the ML test, respectively.

The results show that the power of all tests is lower for DGP 1 than for DGP 2
which is consistent with the findings of Elliott et al (1996). As for DGP 1, we observe
that the Z7-test is inferior to the Z;™*-test, the bootstrap M tests and the ML test.
Whereas the bootstrap M tests appear to be slightly more powerful than the Z7"-test
for DGP 1, Tables 1.15 and 1.16 indicate that the difference in power between the two
tests is negligible for DGP 2. For all models the ML test is superior to the Z7"-test

and the bootstrap tests.
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Table 1.14: Power of standard PP test (Z,) and PP test by Beare (Z;), DGP 2

T=100 T=250

Model Zp Zyoo Zpoa Zpoa Zp Zyoo Zpoa Zpos
1 c=3 7.28 7.30 7.40 7.48 7.04 7.28 7.34 7.40
c=6 13.32 13.02 13.18 13.24 11.72  12.06 12.00 12.12

c=9 23.06 22.22 2280 23.10 19.24 19.42 19.74  20.06

2 c=3 7.06 7.82 7.46 6.94 7.64  7.82 7.66 7.76
c=6 11.84 13.68 13.06 12.92 12.14 12.72 12.62 12.62

c=9 1992 23.18 2240 21.82 19.46 20.66 20.36 20.66

3 c=3 6.86 7.04 7.24 7.34 6.22 6.90 7.04 6.96
c=6 11.34 12.24 13.30 13.08 9.82 10.92 10.92 11.46

c=9 18.26 20.52 21.94 21.28 15.06 17.40 19.06 18.76

4 c=3 630 6.48 6.38 6.36 580  5.86 5.70 5.60
c=6 11.02 11.62 11.22 11.40 10.06 9.98 9.60 9.60

c=9 18.58 2040 19.52 19.28 16.78 17.12 16.58 16.66

5 c=3 7.48 7.16 7.40 7.32 7.28 6.78 6.96 7.14
c=6 1296 12.70 13.10 12.94 11.64 11.06 11.58 11.12

c=9 2098 2140 21.24 21.40 17.98 17.84 18.98 18.62

6 c=3 6.78 6.80 6.66 6.84 6.76 7.02 7.10 6.68
c=6 11.02 11.84 11.80 11.32 10.58 11.44 11.06 11.00

c=9 1798 19.94 20.32 19.22 16.36 18.70 19.02 18.10

7 c=3 734 7.06 6.92 6.82 7.02 6.96 7.20 7.02
c=6 13.04 1288 1246 12.44 11.64 10.94 11.44 11.74

c=9 2142 21.54 21.26 21.32 18.76 17.32 18.30 18.76

8 c=3 628 7.14 7.14 6.88 6.48  6.90 7.16 6.62
c=6 9.62 11.88 1146 11.10 9.44 11.14 11.88 10.62

c=9 14.74 19.94 18.62 17.54 14.96 17.60 19.14 16.94

9 c=3 6.26 7.66 7.40 7.68 6.74  7.30 7.96 8.06
c=6 9.04 12.78 13.00 12.34 10.18 11.38 12.62 12.56

c=9 1342 21.02 2146 20.62 14.48 18.82 19.78 19.98

10 c=3 548 6.42 6.58 6.22 558  6.62 7.10 7.56
c=6 6.54 10.10 10.08 9.20 6.42 10.10 11.44 12.04

c=9 &8.12 15.58 1524 13.94 7.92 15.10 17.66 17.18
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Table 1.15: Power of GLS detrended PP test (Z;"°) and GLS detrended PP test based
on Beare (Z;*%), DGP 2

T=100 T=250

Model ZEZE%e Z9a Zi%e 25N Z00e Z55a 2
1 c=3 7.38 6.80 6.80 7.08 7.70 7.84 7.94 8.08
c=6 14.12 13.54 13.74 13.96 14.56  14.54 14.46 14.90

c=9 25.58 24.60  24.88 25.30 26.26  26.04  26.64 26.78

2 c=3 T7.18 8.10 7.74 7.88 7.78 8.42 8.40 8.54
c=6 13.08 15.14 13.82 14.10 14.04  15.58 15.30 15.36

c=9 2294 26.54 2474  24.96 23.18 2694  26.44 25.70

3 c=3 7.10 7.16 7.04 7.20 6.88 7.12 7.16 7.16
c=6 12.52 13.32 13.04 13.50 12.60  13.40 13.96 14.02

c=9 20.68 24.60 24.06 24.92 21.34  24.78 25.88 25.86

4 c=3 6.62 6.28 6.24 6.44 6.48 6.42 6.26 6.38
c=6 12.12 11.96 11.66 11.76 12.28  12.78 12.32 12.38

c=9 2296 23.70 2292 22.68 22.46  23.88 23.02 22.66

3 c=3 7.42 7.66 7.48 7.58 8.04 7.76 7.50 7.54
c=6 12.94 14.62 14.38 13.78 14.34  15.04 14.60 14.14

c=9 2226 24.84  24.76 24.16 24.26  26.92 26.04 24.68

6 c=3 6.98 7.22 7.70 7.24 7.20 6.90 6.72 6.80
c=6 12.04 13.22 13.64 13.26 11.76  12.68 13.06 12.62

c=9 19.76 23.30 24.04  22.06 19.68  22.26 22.72 21.50

7 c=3 7.24 7.16 7.22 7.00 7.22 6.90 7.04 7.32
c=6 13.08 13.50 13.70 13.16 13.28 13.14 13.10 13.54

c=9 2320 2420 24.64 24.20 23.22  23.60  23.50 23.78

8 c=3 6.20 6.94 6.90 7.16 6.48 7.36 6.96 7.10
c=6 9.92 13.10 12.76 11.84 10.66  12.74 12.64 12.58

c=9 15.60 2234  20.78 19.78 16.88 21.74  21.98 20.86

9 c=3 6.38 7.70 7.72 7.44 7.44 8.18 7.58 7.72
c=6 10.38 13.94 14.14 13.26 12.78  14.12 14.06 13.84

c=9 16.04 23.74 2414  23.04 19.18  24.48 24.28 23.88

10 c=3 5.96 6.82 6.20 6.14 6.42 7.22 7.36 7.74
c=6 7.64 10.90 10.74 9.68 9.14 11.02 12.56 12.54

c=9 9.64 17.58 16.68 15.02 11.98  17.46 20.00 19.58
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Table 1.16: Power of standard M tests (M Z,, MSB, MZ,;) and bootstrap M tests
(MZ:, MSB*, MZ}), DGP 2

T=100 T=250

Model MZ, MSB MZ. MZ, MSB* MZ; MZ, MSB MZ, MZ; MSB* MZ;
1 c=3 7.30 7.32 7.52 7.36 7.42 7.32 7.54 7.64 7.66 7.76 8.02 7.70
c=6 14.22 13.92 14.54 14.04 13.74 13.92 14.40 13.88 14.56 14.68 14.24 14.62

c=9 25,56 2542 26.26 25.20 24.74  25.16 26.18 25.22 26.54 26.62 25.84  26.86

2 c=3 7.16 7.30 7.36  8.86 8.68 8.90 7.72 7.68 7.84  9.00 9.22 8.98
c=6 1292 13.08 13.00 15.32 14.68 15.24 14.00 14.08 14.22 15.76  15.80 15.78

c=9 2270 2288 22.72 2598 25.72  25.62 22.96 2258 23.68 25.86 26.02 25.66

3 c=3 6.96 6.98 7.28  8.42 8.22 8.44 6.82 6.84 7.12 7.64 7.60 7.60
c=6 12.16 11.98 12.68 13.92 13,50 14.26 1254 1272 1282 13.34  13.48 13.42

c=9 1992 1948 20.50 22.44 21.94 22.60 21.24 21.00 21.96 2236 22.02 22.50

4 c=3 6.68 6.76 6.34 6.44 6.66 6.50 6.56 6.46 6.68 6.66 6.70 6.70
c=6 1272 12.62 1232 1234 12.04 12.22 12.36  12.10 12.62 12.64 12.66 12.62

c=9 2342 2284 2324 2234 2192 22.64 22.60 21.96 23.10 2294 2240 23.20

5) c=3 7.56 7.60 732  8.54 8.24 8.40 8.16 8.04 8.12 8.46 8.28 8.38
c=6 13.66 13.38 13.62 15.02 14.50 15.10 14.32  14.00 14.34 14.18 14.12 14.28

c=9 22,68 2240 22,50 24.64 23.82 24.56 2422 2412 2476 24.60 24.12 24.72

6 c=3 T7.14 7.10 6.90  8.88 8.72 8.70 7.18 7.20 7.14  8.26 8.12 8.30
c=6 1222 12.04 1230 14.64 14.24 14.76 11.76 11.94 11.84 13.56 13.64 13.56

c=9 1980 19.62 20.32 22.78 2246 2292 19.70  19.70 19.78 22,56  22.34  22.66

7 c=3 7.20 6.80 7.04  7.68 7.38 7.58 7.38 7.14 7.12 8.24 8.24 8.20
c=6 13.00 12.24 13.34 14.12 1342 14.26 13.28 12.66 12,96 14.42 14.52 14.58

c=9 23.56 2256 24.00 24.56 24.16 25.00 23.34 2212 2288 2548 2544  25.38

8 c=3 6.26 6.22 6.30  9.40 9.42 9.38 6.48 6.66 6.70  8.34 8.50 8.42
c=6 990 10.00 10.00 15.56 15.02 15.62 10.60 11.10 11.06 13.72  13.78 13.82

c=9 1574 1530 15.64 23.72 2332 24.06 16.80 17.22 1744 21.52  21.36 21.68

9 c=3 6.68 6.58 6.86  9.08 9.00 9.18 7.30 7.32 7.58 7.66 7.72 7.60
c=6 10.60 10.54 10.62 14.72 1448 14.96 12.82 12,56 12.68 13.50 13.40 13.48

c=9 16.60 16.22 17.02 23.46 22.76 23.60 19.42 1888 19.50 21.86  21.90 21.88

10 c=3 6.28 6.02 6.12 1094 11.04 10.86 6.58 6.52 6.62 8.66 8.60 8.54
c=6 8.12 7.76 8.04 14.88 1490 14.86 9.40 9.00 9.48 12.78  12.78 12.88

c=9 11.02 10.24 11.08 20.12 20.08 20.06 12.20 1176 12.64 1824  18.10 18.14
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Table 1.17: Power of the ML test, DGP 2

T=100 T=250

Model ML§S™ ML ML ML§SS™  ML§LS®  ML§E”

1 c=3 7.04 7.64 7.72 7.70 8.06 8.12
c=6 13.88 14.80 14.88 14.38 15.06 14.96

c=9 25.04 26.14 26.76 25.90 26.56 26.50

2 c=3 8.06 9.32 10.22 8.84 9.38 10.02
c=6 14.80 16.54 17.72 15.96 16.90 17.70

c=9 26.00 28.34 30.64 26.96 28.62 29.78

3 c=3 7.10 8.14 8.94 7.24 7.30 7.78
c=6 13.32 15.32 16.68 14.04 14.50 15.18

c=9 25.74 27.94 29.74 26.92 27.60 27.84

4 c=3 6.04 6.82 7.12 5.98 6.12 6.68
c=6 11.52 12.90 13.72 11.86 12.16 12.82

c=9 22.10 23.94 24.96 22.14 22.80 23.64

) c=3 7.54 8.36 10.38 8.16 8.46 9.02
c=6 14.52 16.02 18.62 15.46 15.56 16.62

c=9 26.24 28.96 32.66 27.68 27.90 28.56

6 c=3 7.72 9.60 11.96 7.70 8.94 10.60
c=6 13.96 16.90 19.34 14.44 15.98 18.04

c=9 25.78 28.50 30.78 25.74 26.96 29.64

7 c=3 7.34 8.50 9.00 7.40 8.76 9.04
c=6 13.92 15.76 16.56 14.24 15.82 16.94

c=9 25.86 27.94 28.98 26.48 27.96 28.88

8 c=3 7.88 10.80 12.92 7.48 10.46 12.54
c=6 14.28 18.70 21.12 14.66 18.32 20.92

c=9 24.84 30.08 32.74 25.90 29.80 33.24

9 c=3 7.92 9.44 11.24 7.48 8.72 10.04
c=6 14.22 16.86 19.06 14.30 15.86 17.50

c=9 24.78 27.98 30.66 25.78 27.90 29.62

10 c=3 6.68 11.38 16.00 6.78 9.42 13.66
c=6 11.04 17.52 23.78 11.66 15.08 20.96

c=9 17.34 25.68 33.12 17.00 22.16 29.94
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1.7 Conclusion

In this chapter we show that the heteroskadastic innovations may affect the asymp-
totic distribution of unit root tests. We consider three recent adjustments to correct
this problem. We suggest a detrended version of the Phillips-Perron test by Beare
(2006) and propose an extension of the ML test by Boswijk (2005) to allow for de-
terministic components. To investigate the finite sample properties of the unit root
tests we perform a simulation study with two different specifications of the determin-
istic components of the data generating process. The key results of the simulation
study can be summarized as follows. First, the proposed detrended variant of the
Phillips-Perron by Beare (2006) clearly outperforms the conventional test by Beare
(2006). Second, the choice of the bandwidth parameter h has a significant effect
on the empirical size and the power of the tests. Third, the ML test is superior to
the remaining tests in terms of power. However, one has to bear in mind that the
ML test requires nonparametric estimation of the volatility function and simulation
methods to obtain critical values. Therefore, the computational effort is much more
time-consuming than for both the bootstrap M tests and, in particular, the detrended

version of the test by Beare (2006).
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Chapter 2

Estimation and Testing in a
Three-Regime Vector Error

Correction Model

2.1 Introduction

Since its methodical foundation by Engle and Granger (1987) cointegration is one of
the most important research areas in applied as well as theoretical time series analysis.
An appropriate framework for the analysis of cointegration has been proved to be the
linear vector error correction model (VECM). Its mathematical and statistical theory
has been developed amongst others by Engle and Granger (1987) and Johansen (1988,
1991). However, an essential shortcoming of the linear VECM is that deviations from
the long-run equilibrium are corrected by the same strength being independent of
the magnitude of the equilibrium error. As this is often a questionable assumption
(e.g. the validity of the purchasing power parity is questionable due to transaction
costs), vector error correction models with nonlinear adjustment have been suggested
recently.

van Dijk and Franses (2000) suggest a smooth transition vector error correction

model in which the strength of adjustment increases gradually as the equilibrium error
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gets larger. They consider interest rate series for the Netherlands consisting of one-
and twelve month interbank rates. They find that the smooth transition vector error
correction model captures the dynamics clearly better than the linear vector error

correction model.

An alternative model, the threshold vector error correction model introduced by
Balke and Fomby (1997) and Lo and Zivot (2001), has attracted much more attention
than the smooth transition vector error correction model. In this model, the adjust-
ment speed changes depending on the value of the error correction term or another
exogenous variable. In particular, it is possible that the variables evolve independently
if the deviation from the long-run equilibrium is small, but the variables become coin-
tegrated if the deviation exceeds a threshold. Most of the theoretical work focuses
on the two-regime model. Bec and Rahbek (2004) examine the stability of the two-
regime model and show that Ay, and 3Ty, are geometrically ergodic processes under
suitable assumptions. Hansen and Seo (2002) provide a full statistical treatment in
a two-regime vector error correction model. In particular, they construct a LM test
for threshold effects and show that the asymptotic distribution depends on moments
of the data set. Hence, bootstrap methods are necessary to obtain critical values.
However, Hansen and Seo (2002) assume that it is known a priori that the system is
cointegrated with a single cointegrating vector. Furthermore, Seo (2004) develops a
test for cointegration in the presence of possible threshold effects. Recently, Gonzalo
and Pitarakis (2006) consider a two-regime threshold vector error correction model
without imposing rank restrictions on the long-run impact matrices. However, they
assume that lagged dependent variables and constants do not enter the model. In
this setting, they construct a Wald test against threshold effects and show that the
asymptotic distribution is nuisance-free and independent of the absence or presence

of unit roots and cointegration.

The present chapter contributes to this line of research. We consider a general
three-regime threshold vector error correction model that does not impose any rank

restrictions on the long-run impact matrices. We prove consistency of the threshold es-
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timators obtained by minimizing the determinant of the estimated covariance matrix.
An information-based selection procedure is introduced to estimate the cointegration
ranks. A supLM test for linearity is suggested that takes advantage of the statistical
properties of the process. It is shown that the asymptotic distribution depends on
moments of the data set. Hence, we propose a parametric bootstrap method to ob-
tain critical values. Finally, we apply the proposed econometric methodology to the
term structure of interest rates. We find strong evidence for threshold effects. The
results confirm the intuition that the series are not cointegrated in the case of small
deviations from the long-run equilibrium, but that they become cointegrated for large
deviations. Furthermore, the model clearly outperforms the random walk model and

the linear error correction model in terms of forecast ability.

The chapter is organized as follows. In section 2.2 we introduce the three-regime
threshold VECM and give different examples illustrating the flexibility of the model.
Section 2.3 is devoted to the estimation of the threshold parameters. The problem
of selecting an appropriate rank configuration is discussed in section 2.4. A supLM
test against threshold effects is suggested in section 2.5. The results of the empirical
application are presented in section 2.6. Finally, we conclude. All mathematical

proofs are postponed to the appendix.

2.2 The Three-Regime Threshold VECM

In the following we consider the model

k
Ay, = | +Thyes + ZFl,iAy“) I(q—1 < m)

i=1

k
+ | g+ 1oy + Z F2,iAyt—i> I < g1 < 72)
i1
k

+ | ps + 1y + Z FS,iAyti> I(q—1 > 72) + (2.1)

i=1
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where A is the difference operator, (yi)i—1 .7 = ((yu,...,yp,t)T)t:LwT is a p-
dimensional process and I(-) is the indicator function being 1 if the statement
in brackets is true and being 0 else. The parameters p, o, s and I'yq, ... Tz,
[ =1,2,3, are unknown px 1 and pXx p-matrices, respectively. The long-run impact ma-
trices Iy, [Ty and II3 are possibly of reduced rank denoted by 0 < Rank(II;) = r; < p.
It is important to emphasize that the cointegrating vectors, if they exist, are assumed
to be constant throughout all regimes. Therefore, II; is decomposed into II; = o;37.
The thresholds v, and -, are unknown real numbers with v; < 5. Finally, (u¢)i=1. 7
denotes a p-dimensional error process. In order to illustrate the rich dynamics of
model (2.1), we discuss two basic models. We exclude lagged dependent variables

and constants to keep the examples simple.

Example 1:

We consider a bivariate system of cointegrated [(1) variables. We set

00 —-0.6 0.6
— I, =
00 0.7 =07

and ¢ = 8"y, = (1,—1)Ty;. Since the rank of both II; and II; is one, we decompose
them into I; = 8" (I = 1,3) with a = (=0.6,0.7)" and 8 = (1,—1)". If 3Ty, €
(71,72, y: and BTy, follow a random walk and, hence, the components of y; are not
cointegrated. Furthermore, if 3"y is smaller than v, or larger than v», 5"y, follows

the stationary AR(1)-process

ﬁTyt = —0-35T?/t—1 + N,

with 1, = 3¢,. Hence, the components of 7, are cointegrated.
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Example 2:

Now we consider a bivariate system of stationary variables. We set

O
= | "™ o | 1=123
0 pos

Hence, we have

Yt = 58)y1,t71[(%71 <= ’Yl) + 5991,#1[(% < Q-1 <= 72) + 5&?)%,1&71[(%71 > y2) + €1t

Yor = 5;;)y2,t—1I(Qt—1 <=m)+ 55??/2,1&—1](71 < Qo1 <="a) + 553)92,15—1](%—1 > y2) + €24,

with 5;? = pglj) +1,1=1,2,3 and j = 1,2. According to Theorem 4.2 in Fan and

For convenience, we re-write (2.1) by
AY = A1 Z) + Ay Zy + A3 Z3 + U, (2.2)
where A;, [ = 1,2, 3, denotes a matrix of the form
Ay = (g, 1L, Ty, oo Tug)
and the matrices AY, Z;, 1 = 1,2,3, and U are defined as

AY = (Ayl,.‘.,AyT),

Zi(vi—,m) = (Gol(vie1 < g0 <)s - bl (e < gr-1 <)) s
U = (Ul,...,’U,T),

where

-
§io1= (17 yll? Ayllv e 7Ay;k)
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is a p-m-dimensional vector with m = (k+1)p+1, and we set 7y = —o0 and 73 = oc.
Note that Z; and Z; (i,7 = 1,2,3;¢ # j) are orthogonal by definition, i.e. Zz-ZjT =0
(i # 7), and Z = (&,...,¢r—1) = Z1(n) + Zo(71,72) + Z3(73). In the following
we suppress their dependence on v, and e, i.e. 2y = Zi(71), Za = Za(71,72) and
Zs = Z3(72).

Under the assumption that the errors u; are i.i.d. Gaussian (0,€2), we suggest

estimation of model (2.2) by maximum likelihood. The log-likelihood function is

given by
Tp T 1 &
_ To-1
L(Ay, Ay, A3, Qv1,72) = —71n(27r) - §1H|Q| D) ;Ut Q
T T
:—éhmm—gmm

— %tr {(AY — 412y — Ay Zr — AsZ3) Q7
(AY - A1Z1 - AQZQ - Ang)} . (23)

For given 7, and 7s, (2.3) is maximized by the estimators

Aj(v) = AYZ[ (2, Z2])7, (2.4)
As(y,2) = AYZy (Z225)7, (2.5)
A3(n2) = AYZ{(Z2])", (2.6)
Qn,7) = ?0(71,72)0(71,72)? (2.7)

with U(vl, Yo) =AY — /11(71)21 - 1212(71, Vo) Zo — Ag(’yg)Zg. Note that the estimators
(2.4)-(2.7) coincide with the estimators obtained by OLS. For further use, we define
the vectorised versions of (2.4), (2.5) and (2.6), i.e.

vec Ay = [(Z,2])71Zy @ L)vec AY, (2.8)
vec Ay = [(Z22))7'Zy ® L)vec AY, (2.9)
vec Ay = [(ZsZ4 )" Zs ® L)vec AY, (2.10)
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where ® is the Kronecker product operator.

2.3 Estimation of the threshold parameters

We start by suggesting an estimation procedure of the thresholds 7, and 5. According
to the least square approach, the estimators of the threshold parameters are obtained

by minimizing the determinant of the covariance matrix Q(%, 72) being defined by

(2.7), i.e.

(F1,72) = argmin, _ r U, 12)U(n,72) |- (2.11)
For the subsequent analysis we make the following assumptions

(A1) The process w; = (Ay;,q;) is L*-bounded, strictly stationary and (3-mixing

with mixing coefficient 3,, = O(m~4) where A > v/(v — 1) and r > v > 1.

(A2) The process (ut);—1,.. 7 is a p-dimensional vector white noise sequence satisfying
E(u;) = 0 and E(wu,) = Q, where Q is a symmetric and positive definite

matrix.

(A3) The process (q¢)i=1.. 7 is strictly stationary, ergodic and independent of the
process (u¢)i—1,.. 7. We assume that the process (¢;);—1,.. r has a distribution F'

being continuous everywhere. Furthermore, we set r = F'(y) such that I(g;—1 <

v) = I(¢y—1 < 1) where ¢,_1 = F(q_1).

(A4) The thresholds v, and 72 are contained in I' = [y, vy], a closed and bounded
subset of R.

Recall that the S-mixing coefficient (3, is defined as



where F! denotes the o-algebra generated by (ws, ..., w;) for s < t.

It is well-known that the f-mixing condition in Condition (A1) holds for many
processes such as stationary ARMA processes and ARCH models, see Mokkadem
(1988) and Masry and Tjostheim (1995), respectively. Note that a strong (weak)
moment restriction on w, leads to weak (strong) condition on the convergence speed

of B,,.

Condition (A2) ensures that appropriate central limit theorems are applicable.

However, it may be relaxed to the assumption of a martingale difference sequence.

Condition (A3) ensures that the process (g¢);=1. . r is well-behaved and to exclude

-----

that it is 7(1) itself.

Finally, condition (A4) is a standard assumption. Following Andrews (1993), suit-
able choices of v, and 7y satisfy P(q—1 < v2) > 0, P(yvp < q—1 < ) > 0 and
P(qi—1 > ) > 0 with 0 usually chosen to be 0.1 or 0.15.

Under these assumptions, the following proposition establishes the consistency of

A1 and 4,. In particular, we have

Theorem 2.1:
Under Assumptions (A1)-(A4), 4, and 4, satisfying (2.11) are consistent estimators

for v; and o, i.e. 41 —, 71 and 42 —p y2 as T' — oo.

In order to examine the finite-sample behaviour of the estimators, we perform a
simulation study. In the following we consider a stationary process and a cointegrated
process. In both configurations we exclude the constant and lags of Ay; and set the
threshold parameters to vy = —0.5 and 2 = 0.5. The threshold variable ¢; is taken to
be a standard normal iid random variable. The simulation experiments are conducted
for both T' = 200 and T' = 300. The number of replications is chosen to be N = 1000.
Furthermore, we set # = 0.15. The empirical means and the standard deviations of

both estimators are presented in Table 2.1. We note that the estimation procedure
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Table 2.1: Empirical means and standard deviations of 44 and 4, (joint estimation)
"= —0.5 Yo = 0.5
Mean(%) Std(%) Mean(%) Std(’A}/Q)

Cointegrated DGP

T=200 -0.5104  0.0524 0.4902 0.0462
T=300 -0.5084  0.0330 0.4948 0.0327

Stationary DGP

T=200 -0.5047  0.1093 0.4881 0.1073
T=300 -0.5050  0.0626 0.4969 0.0626

works very well under both configurations. The bias of the estimators as well as
the standard deviation decline with the sample size. Since the computation time !
increases with the sample size at high rate, Bai (1997) suggests a sequential estimation
procedure. Following Bai (1997), the estimation procedure involves two steps. On the
first stage a misspecified two-regime threshold model is estimated. Bai (1997) shows
that the obtained estimator 4 is consistent for one of the two thresholds (71, 72).
At a second stage, a three-regime threshold model is estimated under the constraint
that one element of (7y1,72) equals 4. In order to see the enormous computational
savings of this procedure, let us denote the number of evaluations by N. Then it
is obvious that instead of N? evaluations only N + 2N evaluations are involved.
The results using the sequential estimation procedure are presented in Table 2.2.
Comparing the empirical means of both estimation procedures we note that the latter
suffer from a higher, but still moderate bias. Furthermore, the estimates obtained
by using the sequential procedure are more volatile demonstrated by higher standard
deviations. However, the sequential procedure is predominantly used in practice due

to the enormous computational savings 2.

!The computation time is about 1.5 hours when 7' = 200 and about eight hours when T = 300.

2The computation time is about 40 seconds when 7' = 200 and about two minutes when T' = 300.
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Table 2.2: Empirical means and standard deviations of 44 and 4, (seq. estimation)
Y1 = —0.5 Y2 = 0.5
Mean(%) Std(’A}/l) Mean(%) Std(’?g)

Cointegrated DGP

T=200 -0.5252  0.0645 0.5045 0.0684
T=300 -0.5204  0.0490 0.5061 0.0470

Stationary DGP

T=200 -0.5411  0.1164 0.5158 0.1259
T=300 -0.5249  0.0769 0.5179 0.0839

2.4 Estimation of the cointegration rank

Having estimated the threshold parameters the next step involves the determination
of the cointegration ranks of the long-run impact matrices Il;, I15 and II5. Following
Phillips and Chao (1999) and Gonzalo and Pitarakis (2006) we use an information-
based selection approach. In the spirit of the usual information criterions (see e.g.
Liitkepohl, 2006) we optimize an objective function balancing the goodness-of-fit and
the number of estimated parameters. We define the matrices

AY, =

Ayl (Y1 < qo < A1) - Ayrl (-1 < gr—1 <)),

( ol
Yoo = Wol(i-1 <o <A)s - yr—1d (i1 < gr—1 <4

( ),

( ),

. ),
. ,fT_ll(’?l—l <qr-1 < &l))’
. );

Zr = (Lol(h-1 < q0 <A
Zi—1 o= (Col(f—1 < qo <),y Cr—1l(Fi—1 < qr—1 <A

Gio1 = (L AytT_la . 7AytT—k—1)T>
U, = AY, - Az,
Ql — T_IUZUZT

with [ = 1,2,3 and 99 = —oo and 43 = oo. Regressing Zi\ﬁ and }71:1 on Z:,

we obtain the residuals Ry and [?;;, respectively. Next, we introduce the product
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moment matrices

with [ = 1,2, 3. Note that ), = Si00 — Si01 (Sl,n)_l Si10 by direct calculation. In the
following Ql(rl) denotes the sample covariance matrix of regime [ assuming

rank (II;) = 7. Our estimator is defined as
7 = argminme{owp}[Cl*(rl),
where

A c
16} (r)) = [Qu(r)| + TEm(r),

with m(r;) denotes the number of estimated parameters and c¢r is a deterministic
penalty term depending on T'. Using standard arguments we get
A Tl
In ()| = 0 (Syo0) + D In (1= A, (2.12)

i=1

where )\;; denotes the i-th eigenvalue of (Sl,go)il Sio1 (51711)71 Si10. Since Sigo is

independent of the value of r;, it is sufficient to optimize
T or
IC(r) = ZZ_;ln (1—N)+ T(Qprl —17),

with 1 > Ny > --- > )\;,. The following proposition states the asymptotic properties
of the described model selection approach. We omit its proof since it follows exactly

the same steps as the proof of Proposition 6 in Gonzalo and Pitarakis (2006).
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Theorem 2.2:
Under the assumptions (i) ¢y — oo and (ii) % — 0, the estimator 7; defined as in
(2.12) converges in probability to its true value as 7" — oo, i.e. 7, —, r;, where 7

denotes the true rank of II;, [ = 1,2, 3.

In the following simulation study and the empirical application we use ¢y = InT
satisfying both (i) and (ii). This corresponds to the well-known Bayesian Information
Criterion (BIC).

In order to evaluate the finite sample properties of the model selection approach,
we perform a simulation study. The data are generated according to three different
processes; the rank configuration of DGP Iis 1y = 1, 7o = 0 and r3 = 1, that of
DGP IT'is r1 = 1, ro = 1 and r3 = 1, and that of DGP IIl is r; = 2, v = 2 and
r3 = 2. Throughout all DGPs the threshold variable is a standard normally distributed
random variable, the threshold parameters are set to 74 = —0.5 and v, = 0.5. These
choices ensure that the number of observations is approximately equal in each regime.
The results based on N = 3000 replications are shown in Table 2.3.

The data indicate good finite sample properties of the model selection approach.
The decision frequency reaches a low of 46.20 % for DGP III when T' = 100, of 59.37
% for DGP III when T' = 300 and of 75.10 % when for DGP II when T = 500.

2.5 A test against threshold effects

It is obvious that regimes featuring different ranks are subject to threshold effects.
The aim of this section is to construct a test that enables us to detect threshold
effects between regimes which are characterized by the same rank 0 < r < p. Since
the need for estimating the cointegrating vectors only occurs when 0 < r <p—1, we
discuss this situation in detail. Extensions covering the situations r = 0 and r = p

are provided at the end of the section.
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Table 2.3: Decision frequencies of the model selection approach, ¢z = 1InT

DGPILri=1,r,=0,r3=1

T=100 1.13 63.74 35.13 53.07 33.27 13.66 093 63.24 35.83
T=300 0.00 75.00 25.00 80.10 17.23  2.67 0.00 78.03 21.97
T=500 0.00 7943 20.57 86.20 12.30  1.50 0.00 81.77 18.23

DGP II: ™ = 1,7“2:]_,7“3:1

T=100 1.10 61.27 37.63 1533 53.77 3090 140 60.80  37.80
T=300 0.00 69.70 3030 807 7340 1853 0.00 7227 27.73
T=500 0.00 75.10 2490 127 8327 1546 0.00 7763 22.37

DGP III: ry = 2,10 = 2,13 = 2

T=100 193 20.07 7800 15.13 38.67 46.20 213 19.70 78.17
T=300 0.00 1.47 9853 1227 2836 59.37  0.03 1.87  98.10
T=500 0.00 0.10 99.90 5.00 18.60 76.40  0.00 0.33 99.67
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2.5.1 Test statistic

Using the rank restriction 0 < r < p, model (2.2) can be re-written as
AY = AaZﬁA + 5QIZLB + 504323”3 + U,
with

Al,a = (/L, o, Fz,1, e ,Fl,k)

Z; = (5073, L ’STfl,ﬁA) ,
Zl,B = <SO,BI(’W—1 <q <M)--- ,fT_L@](%ﬂ < qr_1 < %)) ,

. T
gtfl,ﬁ = <1> y;r—lﬁ7 Ay:—h S A?JtT—k>

and Ay, = Asq, 010 = A1o — Ay and 93, = A3, — A,. Hence, the hypotheses we are

interested in can be expressed as

Hy : vec dy4 = vec 03, = 0 against

Hl : —/H().

The standard expression for the LM-statistic is given by

T

51,0& —1 ~ —1 31,0(
LM(71,72) = vec 5 Mr(y,72) " @ Q vec 5 , (2.13)
3,a 3,

T

Lo 5?IQ)T. In particular, the

where My (71,72) denotes a covariance estimator of vec(d

estimator is of the form

My = | BroFad) + Bapyp)” (Z252,5)""
T\ /1, 12) —
(ZQ,ﬁZ;:g))_l (Z2,BZ;B)_1 + (Zs,BZ;Ig)_l

and Q = % is an estimator for {2 using the residuals under the null hypothesis.

If the threshold parameters were known, then (2.13) would be asymptotically
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X2(2p + 2pr + 2p*k) distributed. Since we will not assume that the thresholds are
known, standard distribution theory is not applicable. In particular, the so-called
“Davies problem” occurs namely when the thresholds «; and 7, are not identified
under the null hypothesis. Here, we follow Davies (1987) by taking the supremum
of (2.13) with respect to the thresholds. Although Andrews and Ploberger (1994)
argue that the power of the test can be improved by using exponentially weighted
averages of (2.13), we restrict our analysis to taking the supremum. It is important
to note that the values of y; and 7, which maximize the test statistic (2.13) will be
in general different from 4; and A2 presented in section 2.3. The reason for this is
that (2.13) is an LM test, and is therefore based on parameter estimates obtained
under the null hypothesis rather than the alternative. The asymptotic distribution is

given in the following theorem.

Theorem 2.3:
Suppose Assumptions (A1)-(A4) hold. Then as 7' — oo

supLM = sup  J(r1, 1) [M(ri,r2) @ Q7] J(ry,72), (2.14)

0<ry,ra<1-0

where J(r1,79) and M (ry,re) are defined in the appendix.

It is important to emphasize that both J(ry,r) and M(ry,7re) depend on
Ell(ry < ¢o1 < rl)gt,17g5;17ﬁ], [ = 1,2,3; this means that the asymptotic
distribution depends on moments of the data set and hence critical values have to be
simulated for each data set. Here, we use the parametric residual bootstrap method.
The steps of computing the bootstrap distribution are given as follows.

Step 1: Estimate the linear model given the rank restriction rk(II) = r, yielding
estimates Az and empirical residuals uy.

Step 2: Draw from the residual vectors @; and create the vector series Ay; and & | 4
by recursion given A

Step 3: Compute the test statistic supLM* using Ay; and & 4.
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Step 4: Repeat Steps 1-3 B times and obtain the empirical distribution of the B test
statistics of supLM.

Step 5: Let supLMj_, be the 1 — a percentile of the empirical distribution obtained
in the previous step. Reject the null hypothesis if supLM > supLMj_,.

We now turn to the cases r =0 and » = p. If r = 0, we have

§i-1 = (17 Ay;r—h ce Ay;——k)T

and if r = p, we have

.
&1 = Ly, Ayl Ayly)

It is obvious that & _; contains only stationary variables in both cases. Therefore,

the previous analysis can be used to cover both situations.

In order to evaluate the empirical size of the proposed test we perform a small
simulation study. The data are generated according to three different bivariate
processes, a stationary system, a non-stationary system without cointegration and
a cointegrated system. The long-run matrix of the stationary system is of rank
two, that of the non-stationary system of rank zero and that of the cointegrated
system of rank one. In all three cases, we include one lag. To achieve an accurate
approximation of the bootstrap distribution, we set B = 500. We perform N = 1000
replications with sample size T" = 50. The results of the simulation study are shown
in Table 2.4. The results show that the empirical size of the supLM test is very close

to the nominal size, even for the small sample size T" = 50.

2.5.2 The case without lags of Ay, and intercept

In this subsection we consider the important case that lags of Ay; and intercept are

not included in model (2.1), thatisI';; =0 and yy =0,/ =1,2,3andi=1,...,k. In
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Table 2.4: Empirical size (in percent) of the supLM test, § = 0.15

T =50
a=10% a=5% a=1%
Stationary DGP 10.90 5.30 1.50
Non-stationary DGP 10.60 4.30 0.70
Cointegated DGP 10.10 5.70 1.40

this situation, we are able to simulate critical values being valid independent of the
data set. The following simulation aims to provide critical values.

Throughout all our experiments the error process u; is two-dimensional standard
normally distributed with covariance matrix I5. Furthermore, the threshold variable
q; follows a normally distributed white noise process. We perform 10000 replications
with a sample size of T' = 400. The results are presented for # = 0.1 and § = 0.15 in
Table 2.5 and Table 2.6, respectively.

Table 2.5: Critical values of the supLM test (p=2, 6 = 0.1)
90% 9%5%  97.5%  99%
Stationary DGP 27.715 30.513 32.912 36.572

Nonstationary DGP 27.697 30472 32.724 36.424
Cointegrated DGP 27.685 30.598 32.906 36.611

Table 2.6: Critical values of the supLM test (p=2, 6 = 0.15)
90% 9%5%  97.5%  99%
Stationary DGP 25.255 27.866 30.264 33.427

Nonstationary DGP 25.333 27.989 30.393 33.322
Cointegrated DGP 25.122 27.647 30.184 33.171

The results in Table 2.5 and 2.6 clearly show that the critical values are very

similar independent of the stochastic properties of the VECM. This enables us to test
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for threshold effects without having knowledge about the absence or presence of unit

roots and cointegration.

2.6 Application to the term structure of interest

rates

In this section we apply the proposed econometric methodology to the term structure
of interest rates. Due to the existence of transaction costs linear adjustment is not
implied by the theory of the term structure.

In section 2.6.1 we briefly re-state the arguments by Campbell and Shiller (1987)
that interest rates on bonds with different maturities are cointegrated. Section 2.6.2 is

devoted to the description of the data. The empirical results are presented in section

2.6.3.

2.6.1 Expectations hypothesis

The expectations hypothesis asserts that the long-term interest rate R; with a matu-
rity of NV is determined by the average of current and expected future returns on the

bond with a maturity of one period, denoted by r,. Hence, we obtain

| 1 [yl
R, = N Z (Teyio1) = N Z Ey(riw) + 14 (2.15)
i=1 i=1
Obviously, it holds that
E frt+l Z Et ATH]) + Tt. (216)

7=1

Combining (2.15) and (2.16) leads to

7

N-1
1
St = Rt — Ty = N Z Z Et(Art-i-j)'

i=1 j=1
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1980 1985 1990 1995 2000 2005

————— 5-Year rate —— 3-Month rate

Figure 2.1: 5-Year interest rate and 3-Month interest rate (Jan. 1976 to Aug. 2006)

If we assume that the expected future change of the short-term interest rate is sta-
tionary, the term spread s; is stationary. According to the definition of cointegration,
the long-term interest rate R; and the short-term interest rate r; are cointegrated by

the cointegrating vector 3" = (1, —1)7.

2.6.2 Data

In our empirical application we use the monthly interest rate on the 3-month treasury
bill as the short-term rate and the 5-year treasury constant maturity rate as the long-
term rate. The sample period runs from January 1976 to August 2006. The data is
extracted from the St. Louis federal reserve data base. Both series are depicted in

Figure 2.1.
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2.6.3 Empirical results

We start our analysis with the basic linear error correction model. The VAR lag-
length selection is carried out by using the Akaike Information Criterion (AIC) and
the Bayesian Information Criterion (BIC). Table 2.7 shows the results for the range
k=1to k=05.

Table 2.7: Lag-length selection using AIC and BIC
AIC BIC
-744.31  -739.80

k=1

k=2 -761.27*  -754.52*
k=3 -759.32  -750.34
k=4
k=5

-756.13  -744.93
-749.91  -736.50

Table 2.7 shows that both Information Criteria suggest to choose k = 2. Next, we
perform Johansen’s (1988) cointegration test to determine the number of cointegrating
relationships. Since we include an unrestricted constant in the model, the critical
values of the test are chosen according to Table 15.3 in Johansen (1995). The results

are given in the following table.

Table 2.8: Results of the trace test by Johansen (1995)
Null hypothesis Test statistic 5% critical value

Rank=0 18.63 15.34
Rank=1 2.34 3.84

The results shown in Table 2.8 clearly indicate that a long-run relationship exists
between the short-term interest rate and the long-term interest rate. The estimation
results of the linear error correction model are presented in Table 2.9. Standard
errors are based on the heteroskedasticity-robust covariance estimator. Due to space

constraints we do not report the results of the lagged dependent variables. The
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Table 2.9: Estimation results of the linear VECM (Jan. 1976 - Aug. 2006)

Long-term interest rate Short-term interest rate

3 -1.011
o) -0.032 0.035
s.e.(@) 0.024 0.040

cointegrating vector is estimated to be close to 1. The adjustment coefficient of the
short-term rate is positive but not significant and hence, the long-run relationship
does not provide significant information on the future change in the short rate. This
finding is consistent with the results of Mankiw and Miron (1986). The adjustment
coefficient of the long-term rate is not significant as well.

Due to the existence of transaction costs we conjecture that a threshold error correc-
tion model may provide a better empirical description. The estimates of the threshold
parameters are 41 = 0.090 and 4, = 2.430. Next, we estimate the cointgration rank
r; of regime [ (I = 1,2,3). Using the information-based selection approach we obtain

the results presented in Table 2.10.

Table 2.10: Choice of the cointegration rank

Rank Regime 1 Regime 2 Regime 3
A1 0.452 0.030 0.345
A2 0.016 0.002 0.011
IC(r=0) 0 0 0
IC(r=1) -0.553 * 0.017 -0.376 *
IC(r=2) -0.552 0.031 -0.371

The eigenvalue ), is substantially different for the outer regimes, whereas A1 is close
to zero for the middle regime. The eigenvalue )\, is close to zero for all regimes. Hence,
the information-based approach suggests a cointegration rank of one for regime 1 and
regime 3, and a cointegration rank of zero for regime 2. Given these rank restrictions

we estimate a threshold error correction model whose estimation results are displayed
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in Table 2.11. Standard errors are calculated from the heteroskedasticity-robust co-

variance estimator. The trimming parameter 6 is set at 0.1.

Table 2.11: Estimation results of the threshold VECM (Jan. 1976 - Aug. 2006)

Long-term interest rate Short-term interest rate

B -1.025

o -0.074 0.578

s.e.(aq) 0.216 0.248

as -0.650 -0.193

s.e.(as) 0.175 0.228
v = (7,72) 0.090, 2.430

Regime 1 contains 10.1% of the observations and covers the case that the dif-
ference between the short-term rate and the long-term rate is low. The short-term
rate responds by a strong positive adjustment whereas the long-term rate does not
respond reflected by a negative but insignificant adjustment coefficient. Regime 3
contains 17.8% of the observations. The adjustment coefficient of the short-term rate
is negative, but insignificant. The long-term rate responds by a strong negative and
significant adjustment coefficient.

In order to compare the forecasting ability of the threshold model with that of the
random walk model and the linear model, we calculate the root mean squared error
(RMSE) and mean absolute error (MAE) for all three models. The RMSE and the
MAE are defined as

T
RMSE = ZEt 17t = Tt)?,
t=k
MAE = 1/(T—k)Z|Et_1rt—Tt|.
t=k

We set k& = 50 to ensure that the parameter estimates are based on a sufficiently
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Table 2.12: Comparison of the prediction ability of the random walk model, the linear
VECM and the threshold VECM

Random walk (A) Linear VECM (B, B/A) Threshold VECM (C, C/A)

RMSE 0.522 0.424 (0.812) 0.330 (0.632)
MAE 0.264 0.256 (0.970) 0.208 (0.788)

large number of observations. The results are shown in Table 2.12. The root mean
squared error (RMSE) of the threshold VECM is about 35% lower than the random
walk model while the linear VECM reduces the RMSE by about 20%. The mean
absolute error (MAE) of the linear model is similar to the random walk model while
the threshold VECM reduces the MAE by about 20%. Thus, the threshold VECM

clearly improves the prediction ability.

2.7 Conclusion

In this chapter we examine a three-regime threshold error correction model being
widely used in applications. In contradiction to previous contributions we do not
make assumptions involving the stochastic properties of the process. In this gen-
eral framework we propose to estimate the threshold parameters by minimizing the
determinant of the residual covariance matrix and establish the consistency of the
estimators. Since a joint optimization is computationally burdensome we introduce
a sequential estimation procedure similar to Bai (1997). We propose an information-
based approach balancing the goodness of fit and the number of estimated parameters
to determine the rank configuration of the regimes. For the situation that the regimes
are characterized by the same rank, we propose a supLM test to detect threshold
effects. It turns out that the asymptotic distribution depends on moments of the
data set and, hence, bootstrap methods are necessary to obtain critical values. In
a simulation study it appears that the test shows low size distortion, even for small

sample sizes. Finally, we apply the suggested econometric methodology to the term

57



structure of interest rates. We find strong evidence for threshold effects. Our model
clearly outperforms the random walk model and the linear error correction model in
terms of forecasting ability.

However, many issues remain for future research. Among others, working out a
distribution theory for the parameter estimates is probably challenging due to the non-
standard distribution of the threshold estimators, see e.g. Chan (1993) and Hansen
(2000). Furthermore, estimation and testing methods for deterministic components
is an important issue. Finally, we would need a test to decide between a two-regime

model and a three-regime model.

Appendix

Preliminary Lemmata

Lemma 2.1:

Suppose Assumptions (A1)-(A4) hold. Then as 7" — oo

(a) ZﬁTZ; —p E[St—l,ﬁ&t—r—l,ﬁ] =0,

Z12) 4

(b) 7 Tp E[l(¢i—1 < r)ét—l,ﬁfttl,ﬁ] = Qu(r),

73,873 5

—p E[1(¢r-1 > T)ftfl,ﬂfttm] = Qs(r),

Zo g2
(d) # —p Ell(ry < ¢p1 < T2)ft71,ﬂ§;_1,ﬂ] = Q2(r1,72),

(€) =,

where @, Q1(r), Q2(r1,72) and Q3(r2) are positive definite (p-k+r+1)x (p-k+r+1)
matrices. Note that Q = @Q1(1).

Proof:
Observe that all processes in & are stationary. Then, part (a) and (e) follow

directly from the ergodic theorem. Part (b) and (c) follow from Theorem 3 in
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Hansen (1996). Next, we show part (d). Using Z;Z] = 0 (i # j), we have
27" = 7,70 + ZyZ) + ZsZ) . By part (a), (b) and (c), we have
ZopZiy  ZsZ]  ZipZly  ZsplZiy

T T T T
—p E[ft—lﬂéz;r—l,ﬁ] — E[1(¢y—1 < Tl)ft—l,ﬁftT—L,B] — E[1(¢p-1 > T2)§t—1ﬂftT—1,ﬁ]

= E[l(rn<¢1 < 7’2)51571,65;[1’5] = Qa(r1,12).

by the Continuous Mapping Theorem.

Define
Hir(r) = %(Zw@[p)vec U,
Hon(ri,rs) = %(zwmp)vec U
Hyn(rs) = ——(Zyy@ L)vec U

|

Lemma 2.2:

Suppose Assumptions (A1)-(A4) hold. Then as T'— oo

(a) Hyp(r1) = Hi(r1), where Hi(r1) is a p(p - k + r + 1)-dimensional zero mean

Gaussian process with covariance kernel )y <r§1) A r§2)> ® €,

(b) Hyr(r1,72) = Ho(r1,72), where Ho(r1,72) is a p(p - k + r + 1)-dimensional zero

mean Gaussian process with covariance kernel ), (rw \Y% 7“§2), rgl) A r§2)> ® €2,

(¢) Hsr(r2) = Hs(re), where Hs(re) is a p(p - k + r + 1)-dimensional zero mean

Gaussian process with covariance kernel ()3 (rél) Vv 7“52)) ® Q,

where V and A denotes the max- and min-operator, respectively.

Proof:

Note that (u; ® §&-11()),—; 7 is a p(p - k + r + 1)-dimensional martingale difference

.....
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sequence. By applying the central limit theorem for vector martingale difference se-
quences (e.g. see Hamilton, 1994, p. 194), we get the finite dimensional distributional
convergence. It is well known that this is not sufficient to get weak convergence.
Stochastic equicontinuity (see e.g. Andrews, 1994) is established by following the
same steps as in Hansen (1996, Theorem 1). Stochastic equicontinuity, combined

with the finite dimensional distributional convergence leads to weak convergence.

Next, we consider the case that 1y, is nonstationary. We decompose

Zf(ri—q,m) = (Zil(rl_l,n),Z;"l(rl_l,n)) where

=200 = (Eol(riey < go <), Sural(nio < oro <)),
Zyy = Zyy(rier,m) = (So0l(rior <o <), &or1l(rg < ¢ <m1)),
(

(

§1i-1 = L7220yl ,)T,

f2,t—1 = A%T—p S 7AytT—k)T'

Note that under the null hypothesis y; is generated by the stochastic process
Ay, = C(L)uy where C'(L) = C(1) + Cy(L)(1 — L).

Lemma 2.3:
Under Assumptions (A1)-(A4), on 71,7 € [0,1], r; < 1o,

* *T
2314351

(a) =25 =, B (1(¢t—1 < 7"1)52,t—1§;t_1) = Q201(r1),

* * T
433233

(b) —7T  p E (1(@71 > ?”2)52,1;715;,5,1) = Q223(12),

* *T
23025 9

(c) =522 =, E (1(7“1 <P < 7“2)52,15—15;7,5_1) = Qa22(71,72),

as T — oo.

Proof:
Note that Assumption 2 in Caner and Hansen (2001) is directly implied by Assump-
tions (A1)-(A4). Part (a) follows from the second part of Theorem 3 in Caner and
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Hansen (2001). Next, we prove part (b). From the ergodic theorem and part (a) we

get
VA Z*T Z*Z*T T (T )Z*T(r )
23423  _ 24y 421(12)45, (12
T T T
—p B (f2,t71§2T,t71) - E (1(@71 < 7”2)52,15715;,#1)
= £ (1(¢t—1 > 7“2)62,75—15;,:_1) )
where Z5 = (&0, ..., & r—1). Finally, part (c) is shown in a similar way as part (b)

by using the previous parts.

Lemma 2.4:
Let X(s) = (1,W(s)")7, where W(s) is a p-dimensional Brownian motion. Then,
under Assumptions (A1)-(A4), on 71,79 € [0,1], 1 < 79,

* * T
Z{17254 1

(a) —7 = E (1(@71 < 7“1)52&1) fo X(S)TdS = Q12,1(7”1)7

* * T
Z{ 3553 1

(b) — s = E (1(@71 > 7“2)52,1‘/71) fo X(s)Tds = Q12,3(7°2),

* *T
Z1,2ZQ,2 1

(c) 2222 = E(1(ry < ¢t < 1r2)&op-1) fy X(s) ds

= Q12,2(T‘1, 7"2)7
as T — oo.
Proof:

The first part of Theorem 3 in Caner and Hansen (2001) leads to

* * T
Zl,122,1

)\T
T

1
=\'E (L1 < T1)§2,t—1)/ X(S)Tds,
0

where A € R? and A"\ = 1. Then, the result follows by the functional Cramér-Wold

device, see e.g. Wooldridge and White (1988), Proposition 4.1. Next, we show part
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(b). Observe that

Zf’ngg AVA B Zf,l(rg)Zg‘I(rg)
T T T

= E(£27t_1)/0 X(S)Tdé‘ — E(1(¢t_1 S 7’2)527,5_1)\/0' X(S)TdS

= E(Udr-1> 7’2)52,151)/0 X(s)'ds,

with Z7 = (&0,...,&1r-1). Weak convergence follows from Phillips and Durlauf
(1986) and part (a). Finally, part (c) is shown in a similar way as part (b) by using

the previous parts.

Lemma 2.5:

Under Assumptions (A1)-(A4), on 1,75 € [0,1], 71 < 79,

* *T
Zl,lzl,l

(a) 2L =y [T X(5) X (s)ds = Quia(r),

* * T
413273

(b) 2378 = (1 — 1) [} X(5)X (5)Tds = Quiz(ra),

* * T
AR

(¢) 22212 = (py — 1) [ X(5)X(5)Tds = Qu12(r1,72),

as T — oo.

Proof:
The third part of Theorem 3 in Caner and Hansen (2001) leads to

* * 1
Zl,lzl,l

/\T
T

1
:>7’1)\T/ X(s)X(s)"ds,
0

where A € RP*! and AT\ = 1. Then, the result follows by the functional Cramér-Wold

device, see e.g. Wooldridge and White (1988), Proposition 4.1. Next, we show part
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(b). Observe that

Zingg AVAR B Zil(rg)Zﬂ(rg)
T

! o
= /OX(S)X(S)TdS—Tg/O X(5)X(s) ds

~ (1) /O X ()X (s)Tds,

where Z7 is defined as in the proof of Lemma 2.4. Weak convergence follows from
Phillips and Durlauf (1986) and part (a). Finally, part (c) is shown in a similar way
as part (b) by using the previous parts.

Applying Lemma 2.3-2.5 we obtain

Zi (e, ) Zi (ren,m) T = (251 m), Zyy(riea, )

( )

( )
Zy(ri, ) 28 (reas ) T Zsy(riea, m) 25y (rie,m)
Zyriens ) Zsy (s m) T Z3( )
Qu(ri—1,m1) Q12,l(7“l1,7“l)>

Q12,l(7“l—1,7“l) Q227l(7“l—1,7“l)

= Q] (ri—1,m).

with [ = 1,2, 3.
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Proof of Theorem 2.1

We define the empirical residuals
U(’yl,*}/g) = AY — fIlZl — ﬂQZQ — ﬂng.
In view to (2.11) we have

U, 12)U(n,72)" = (AY =1L 2y — 11,2, — T3 Zs)(AY T = 211 — 2,115 — Z{11)
= AYAY' —AYZ/TI] — AYZ/ 1] — AY ZJ 113
— IWZAY " + 162, 2 1] + 1L, 2,2 11) + 11,2, Z] 11]
— ILZ,AY " + 11,2, 2] 1] + 11,2, 2) 1) + 1,2, 7] 11

— T3 ZsAY " 4 13232 1] + 152575 1y + 32525 11

Using the orthogonality of Z; and Z; (i # j), i.e. ZiZ] =0, I, = AYZ(2;2])™"
(1t = 1,2,3), (see (2.4)-(2.6)) and introducing the projection matrix M; :=
Z;r(ZZZZT)_IZZ (fl = 17 273)7 we get

Uy, 72)U (71, 72) T = AYAY T — AYMAY T — AYM,AY T — AY MsAY'.

Next, we denote the true threshold parameters by 7{ and 7§ and write the model
evaluated at 7Y and 7§ as AY = ILZY 4+ ILZ9 4+ 11329 + U, with Z) = (&1(q <

W) €r—id(gro1 <)), Z9 = (Sl (W < g0 <9), ..., &r—1 I (V) < gr—1 <13)) and

Zz = (&I(q0 > ), ..., ér—11(gr—1 > 19)). Hence, it follows

Uy, 2)U(,72) " = (G20 + 11,29 + T 20 + U) (I 20 + T, 29 + s 28 + U) T
(I, 20 4+ 11,29 4+ T3 29 + U)YMy (11, 29 + T, 29 + 11529 + U) "
(T, 29 4+ 11,29 + T3 29 + U)Moy (11, 29 + Ty 29 + 329 + U) '
( )

I 29 4+ T, Z9 4+ 329 + U)M3 (11, 29 + o 29 + 329 + U) T
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It remains to show that the objective function converges uniformly in probability
to a nonstochastic limit that is uniquely minimized at (v,7) =: v = 7% := (72,49).
Under the restrictions 7, < 7o and 7y < 43, it is sufficient to consider the following
six cases. Consider first the case that g, is stationary. Applying appropriate

normalizations, we obtain by Lemma 2.1 after some lengthy calculations

Case (1): 71 <) <v2 <8

U(%ﬁz) (71772)T

—p (I = 2)Q2(71,71) @3 (71, 72) Q2 (71, 72) (I — )
+ (I — T3)Q2(72,19) Q5 (72)Qs(79) (T — IT3) T + Q
>

N

Case (2): 71 <7 <9 <9

p (I = T1)Qa(71,79) Q% (11, 72)Q2(71, 9) (I — TI)
(I — M3)Q2(71, 7)) Q3 (71, 72) Q2 (79, 72) (I — IT3) "

+
+ (I — T3)Q2(1), 7)) Q5 (11, 72)Q2(73, 72) (a — TI3) T + Q2
Q,

U(”YlaVz)U(”Yl»”Yz)T
T

V

Case (3): 1) <71 <2 <8

_>p

—115)Q:1(1Y)Q1 (1) Q2(7, ) (1 — II5)

Uln,72)U (71, 72)" (
T
+ (I — M3)Q2(12,%9) @5 ' (12)Q3(7) (I — TI5) T 4
0

V

9
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Case (4): 90 <y <9 <

~

U(Vh%) (71772)T

—p (I = 2)Q1(1Y) Q7 (1) Q2(7Y, 7)1y — TIp) "

+ (g —1I5)Qa(71,79) Q3 (71, 72)Q2(75, 72) (I — TI3) T + Q2
>

Nl

Case (5): 71 < 7o <) <9

3 3 T
T2l 1, 1) Q)@ () Q58491 — 1)

+ (I — 3)Q2(17,79) Q5" (12) Qs (79) (Tp — IT3) T +
Q’

V

Case (6): 7 <9 <y <o

A

U(Vh 72) (’717 72)T

Nl

—p (I — ) Q1 (1Y) Q7 (1) Q2(1),~9) (I — TIp) T
+ (I = I5)Q1 (7)) Q7 (1) Q2 (78, 71) (g — IT3) T
_l’_

(a — M3)Q2(77,749) Q1 (1) Q2(7, 1) (2 — ) T 4 Q

V
@)

?

If y; is nonstationary, the results continue to be valid by replacing Q;(y;—1,7%) by
Qf (v-1,M)-
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An alternative representation of the supLM statistic

First, we derive an alternative algebraic representation of Vec(ng, SST )T being an es-
sential building block of the supLM statistic. This representation will enable us to
apply Lemma 2.1 and Lemma 2.2 to prove Theorem 2.3.

Let U = AY — A, Z; = AY — AYZ](Z3Z}) " Z; the residuals under Hy. Then,

we have
vec 51706 = vec (ALa — 1212704)
— [(ZLBZIB)‘I ® L)[Z, 5 ® IJvec AY — [(ZMAZ;,B)* ® L) Z, 5 © Llvec AY
= [(ZLBZI[;)A ® 1] [Zl,B ® Ip|vec U+ [(ZQ,BZ;B)i1 ® Iy [ZLB ® Ip|vec U
+ [(Zy52, )7 © L][Zy 5 © lvec U
and
vec 33@ = vec (1513704 — Aan)
= [(Zs32, ) @ L[ Zy 5 @ Llvec AY = [(Z,32, 5) " @ L)[Z, 5 ® LJvec AY
= [(Zyp2, ) @ L) Z, 5 @ Lvee U+ [(Zy 37, 5) ™' © ][ Zy 3 ® L]vec U
+ [(Zs,BZ;I[g)il ® L][Z3 5 ® Ip]vec U.
This can be written as
A A T \-1 T \-1 T \-1
vec Al,a - A2,a _ [(ZLBZL@) + (ZQ,BZN:;) ] (ZQ,BZZB) ®1,
Az — Az (ZQ,BZ;[;)A [(ZMZQT,B)A + (Z:;ﬁZ?IB)fl]
Z, a1 .
LT ) vee U
Zs,[-} ® [p
Z, 2 1 .
= (Myp(r,m)@L) [ 77777 | vee U. (2.17)

Z3,B ® [p
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Using U = AY — A, Z; = AY — AYZE(ZBZgT)_IZB’ we get for the second term
in (2.17)

ZLB(X)IP Zlﬁ®lp

vec U = vee (AY — AY Z(Z23) " Zp)
Z&B@[p Z3,B®[p
2,591
= L vee AY
Z3,B ® Ip
Z, 32 (220 e I
— Lo ITB< 7 BT) g (Z5 ® I)vec AY.
-1
Z3vBZ3,B(ZBZB) ® I,

For [ = 1,2, 3 we note that

I(vier < o1 <) =1(ri-y < ¢y <1y

with ¢y_1 := F(q,_1). Then, we replace I(y,_1 < ;-1 <) by I(r;_1 < ¢y—1 < 1) in
the definition of Zl, ) and define

supLM = sup  LM(rq,79).

0<ri,ro<l1—6

Under Hy, it holds that AY = A,Z3 + U. Hence, we obtain,

Z, 5@ 1 N Z, 5@ 1

LT vee U = LTI vee (AaZs + U)
Z37B®Ip Z3,3®Ip
752 (2,2]) 7 @1,

LATLp (Z5® L)vec (AaZs + U)

Z3,BZ3T,B(Z/3’Z/3T>_1 ® I,
Z, a1

= LA P vec U
Zg,B ® Ip

ZLﬁZIﬁA(ZBZg>_1 & Ip
T T\—1

Zy 3723\ Z3Z]) @ 1,

=. JT(Tl,TQ). (218)

(Z5 @ Ip)vec U
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Hence, we have by (2.17) and (2.18)

Al,a - 1212,04
vec R A = (Mp(ry,7m9) ® 1) Jr(r1,12).
A3,a - AZ,&

Proof of Theorem 2.3

Since (3—3) = O,(T~") observe that £, ;—&.s] = [y (3—B)| = O,(T~Y/?), where |-|
denotes an arbitrary norm. Therefore, we can replace in the remainder of the proof

Zj by Zg. Consider the matrix Mr(ry,r9). By applying Lemma 2.1, we get

(Z1,32) 3) " + (ZapZy )" (ZopZy 5) "
(ZopZa )" (Zo5Z35) " + (Z3,5Z55)7"
(T4 Z1pZ)5) "+ (T ZopZy5) 7" (T~ ZopZ3 )"
(T ZopZy5) " (T ZopZy ) '+ (T Zy g 23 5) 7
Q1(r1) ™" 4 Qa(r1, 7)™ Qa(ry, )"

Qa(ry,m2) " Qa(r1,72) "t 4 Qs(r2)
= M(r,72) (2.19)

T'MT(T’l,TQ) :T

Next, consider the term Jp(rq,73). By introducing the /7T-normalization, we obtain

the distributional result

]_ 1 Zl Jé] ® ]p ~ ]_ Zl 8 ® Ip
—Jr(ry,m) = — ’ vec U = — ’ vec U
ﬁ \/_ Z3”g X [p \/T Zg,ﬁ X Ip

T 12,2 (T 221 ' ® [ 1

_ 12150 5%5) " —=(Zs @ I,)vec U
T\ 73 2) (T Z52)) w1, | VT
Hl(ﬁ)

=
Hg(’f’g)
Qi1(r)Q ' ® I,

— . Hl(l) = J(Tl,’l"g) (220)
Q3(r)Q ® I,




Finally, note that by (2.19)

T'MT<7’1,7”2 ®Q

Qa(ry,m2) 7t Q2(r1,m9) 1 + Qs(ra)~?
177.2 ® Q

( +Q2(T1,7’2) ! Qz(ﬁﬂb)*l
M (r

by using Lemma 2.1, part (e) and (2.19). It follows by the continuous mapping
theorem that

(T - Mp(ry,m2) @ Q1 —, M(r,m) P @Q L (2.21)

Combining (2.19), (2.20) and (2.21) leads to

J(ry,ra) (M (ry,7) @ L) (M (ry, 7)™t @ Q1) (M (r1,72) ® L) J (r1,72)
= J(ri,r2) [M(r1,r2) @ Q7] J(r1,72)

as claimed in Theorem 2.3.
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Chapter 3

A Partially Linear Approach to
Modelling the Dynamics of Spot

and Futures Prices

3.1 Introduction

Prices in spot and futures markets are linked through the cost-of-carry relation. In
a frictionless world arbitrage would eliminate any deviations from this relation. In
practice, however, such deviations may and do occur for several reasons. First, the ex-
istence of transactions costs makes it unprofitable to exploit small deviations. Second,
traders with access to private information may prefer to trade in a specific market.
Consequently, prices in this market may reflect information earlier than prices in the
other market. As transaction costs tend to be lower in the futures market (e.g. Berk-
mann et al. 2005) informed traders may prefer to trade in this market and it thus
might reflect the information earlier than the spot market. The opposite may also
occur, however. Consider a trader with information on the value of an individual
stock. The trader can trade on that information in the spot market. In the futures
market, on the other hand, he is restricted to trading a basket of securities (i.e., an

index futures contract). Therefore, firm-specific information may be reflected in the
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spot market first.

The question of which market impounds new information faster is thus an empirical
one, and it has been subject to academic research for about two decades.! The
empirical methods have been considerably refined since the early work of Kawaller
et al. (1987) and others. VAR models were introduced (e.g. Stoll and Whaley
1990) and soon thereafter replaced by error correction (ECM) models. A standard
ECM implicitly assumes that deviations of prices from their long-run equilibrium (the
pricing errors) are reduced at a speed that is independent of the magnitude of the
price deviation. This is unlikely to be the case, however. Whenever the deviations
are sufficiently large to allow for profitable arbitrage, the speed of adjustment should
increase.? Some authors (e.g. Yadav et al. 1994, Dwyer et al. 1996 and Martens
et al. 1998) have employed threshold error correction (TECM) models to address
this issue. A TECM assumes a non-continuous transition function and allows for a
discrete number of different speed of adjustment coefficients. If all traders would face
identical transaction costs, a TECM with two different adjustment coefficients (i.e., a
no-arbitrage regime and an arbitrage regime) would be a reasonable choice. If, on the
other hand, traders are heterogeneous with respect to the transaction costs they face,
a less restrictive model is warranted. An obvious candidate is a smooth transition
error correction (STECM) model as applied by Taylor et al. (2000), Anderson and
Vahid (2001) and Tse (2001).

A shortcoming of the STECM models is that the transition function must be exoge-
nously specified, and there is no theory to guide the specification of the model. The
researcher also has to decide for a symmetric transition function or one that allows
for asymmetry. Such asymmetries may arise because short sales in the spot market
are more expensive than short sales in the futures market.

The contribution of this chapter is to propose a more flexible modelling frame-

LGiven the nature of our empirical analysis we restrict the brief survey of the literature to papers
analyzing the relation between stock price indices and stock index futures contracts.

2The width of the arbitrage bounds is likely to depend on the liquidity of the market. In a recent
paper Roll et al. (2007) have documented a relation between liquidity and the futures-cash basis for
the NYSE composite index futures contract over the period 1988-2002.
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work. We estimate a partially linear ECM where the adjustment process is modelled
non-parametrically. The short-run dynamics are estimated by density-weighted OLS
based on the approach proposed by Fan and Li (1999a). The non-parametric function
modelling the adjustment process is estimated by a Nadaraya-Watson estimator. The
modelling approach that we use was proposed by Gaul (2005) but has as yet not been
applied.

We implement our model using data from the German stock market. Specifically,
we analyze the dynamics of the DAX index and the DAX futures contract. The
results suggest that the speed of adjustment is indeed monotonically increasing in the
magnitude of the price deviation. We test our specification against a standard ECM
and clearly reject the latter. Estimates of the parameters governing the short-run

dynamics are similar in the standard ECM and in our model.

These results have several implications. First, they confirm the intuition that the
speed of adjustments of prices to deviations from equilibrium is increasing in the
magnitude of the deviation. Second, they imply that a standard ECM as well as a
TECM is unable to fully capture the dynamics of the adjustment process. Third, the
form of the non-parametric adjustment function may guide the choice for a functional

form in STECM models.

The remainder of the chapter is organized as follows. Section 3.2 provides a de-
scription of the data set. In section 3.3 we describe the estimation procedure. In
section 3.4 we describe a test for linearity. Section 3.5 is devoted to the presentation

of the results, section 3.6 concludes.

3.2 Market Structure and Data

Our analysis uses DAX index level data and bid and ask quotes from the DAX index
futures contract traded on Eurex. The DAX is a value-weighted index calculated

from the prices of the 30 largest German stocks. The prices are taken from Xetra, the
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most liquid market for German stocks.® Index values are published in intervals of 15
seconds. The DAX is a performance index, i.e., the calculation of the index is based
on the presumption that dividends are reinvested. As a consequence, the expected
dividend yield does not enter the cost of carry relation. Besides an index calculated
from the most recent transaction prices the exchange also calculates an index from
the current best ask prices (ADAX) and an index calculated from the current best
bid prices (BDAX). These indices are value-weighted averages of the inside quotes,
and their mean is equivalent to a value-weighted average of the quote midpoints of
the component stocks.

Futures contracts on the DAX are traded on the EUREX. The contracts are cash-
settled and trade on a quarterly cycle. They mature on the third Friday of the months
March, June, September, and December. The DAX futures contract is a highly liquid
instrument. In the first quarter of 1999 (our sample period), more than 1,150,000
transactions were recorded. The open interest at the end of the quarter was more
than 290,000 contracts.

Both Xetra and EUREX are electronic open limit order books. Therefore, the
results of our empirical analysis are unlikely to be affected by differences in market
structure. The trading hours in the two markets are different, though. Trading in
Xetra starts with a call auction held between 8.25 am and 8:30 am. After the opening
auction, continuous trading starts and extends until 5 pm, interrupted by an intraday
auction which takes place between 1:00 pm and 1:02 pm. Trading of the DAX futures
contract starts at 9 am and extends until 5 pm.

We obtained all data from Bloomberg. Our sample period is the first quarter of
1999 and extends over 61 trading days. For this period we obtained the values of the
DAX index and the two quote-based indices ADAX and BDAX at a frequency of 15
seconds. From the quote-based indices we calculate the midquote index MQDAX; =
w. We further obtained a time series of all bid and ask quotes and all

transaction prices of the nearby DAX futures contract. We only use data for the period

3The DAX stocks are traded on Xetra, on the floor of the Frankfurt Stock Exchange and on
several regional exchanges. The market share of Xetra amounted to 90% during our sample period.
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of simultaneous operation of both markets. We further discard all observations before
9 am and from 4:55 pm onwards. We also discard all observations within 5 minutes
from the time of the intraday call auction (held between 1:00 pm and 1:02 pm). After

these adjustments the sample consists of 100188 observations.

All estimations are based on quote midpoints. They are preferred to transaction
prices because the use of midpoints alleviates the infrequent trading problem.* We
match each index level observation whith the bid and ask quotes in the futures market

that were in effect at the time the index level information was published.

The cost-of-carry relation implies that the cash index and the futures contract are
cointegrated. In order to eliminate the time-variation of the cointegrating relation we
discount the futures prices using daily observations on the one-month interbank rate

as published by Deutsche Bundesbank.?

As a prerequisite for our empirical analysis we have to establish that the time series
are I(1) and are cointegrated. Table 3.1 presents the results of augmented Dickey-
Fuller tests and Phillips-Perron tests applied to p; and Ap;. p; denotes a log price
series observed at date ¢ and the indices X and F' identify observations relating to the
cash market (X, Xetra) and the futures market (F'), respectively. A is the difference
operator. The results of the stationarity tests clearly suggest that all series are I(1).
In equilibrium spot and futures prices are linked through the cost-of-carry relation.
Consequently, the DAX index level and the discounted futures price should be equal in
equilibrium, and their difference should be stationary. We test the latter hypothesis
using both an augmented Dickey-Fuller test and a Phillips-Perron test and clearly
reject the null of a unit root (p-value 0.0000 and 0.0001, respectively). This result

4Spot market index levels are calculated using the last available transaction price for each of the
component stocks. As stocks do not trade simultaneously, some of the prices used to calculate the
index are stale. This may induce positive serial correlation in the index returns. Quote midpoints, on
the other hand, are based on tradable bid and ask prices and should be less affected by the infrequent
trading problem. See Shyy et al. (1996) or Theissen (2005).

5Given the margin requirements in the futures market, the rate for overnight deposits is an
alternative choice. However, the time series of overnight deposit rates exhibits peaks which may be
due to bank reserve requirements. Besides, the term structure at the short end was essentially flat
during the sample period, making the choice of the interest rate less important.
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Table 3.1: Results of the unit root tests for XDAX and FDAX

Level First Difference
Augmented DF  Phillips / Perron Augmented DF  Phillips / Perron
p~ 0.5773 0.6395 0.0001 0.0001
p* 0.3964 0.4113 0.0001 0.0001

confirms the theoretical prediciton that spot and futures prices are cointegrated with
the cointegrating vector being (1, —1)T. We use this pre-specified cointegrating vector

In our estimation.

3.3 Estimation procedure

For the reasons exposed in the Introduction, our model is characterized by a nonpara-

metric function for the pricing error. In particular, we propose to use the model

k
Ayt = Z FiAytfi + F(/BTytfl) + €, tzl, . .,T, (31)

i=1
where y; denotes a vector process containing the variables p;* and p/. The coin-
tegrating vector is denoted by 3 and is pre-specified to (1,—1)". The adjustment
process is described by the unknown nonparametric function F: R — R? and ¢ is a
two-dimensional error process. By introducing the 2 x 2k-matrix I' := (I'; ... ;) and

the 2k-dimensional vector &_; = (AytT_l o Ay;k)T, model (3.1) can be written as
Ayt = th—l + F(ﬁ—ryt_l) + €¢. (32)

Note that model (3.2) contains the linear VECM (Engle and Granger, 1987; Johansen,
1988), the threshold VECM (Hansen and Seo, 2002) and the smooth transition VECM

(van Dijk and Franses, 2000) as special cases.

The estimation procedure described in the following involves two stages. First, we

estimate the matrix I', then the function F.
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3.3.1 Estimation of I

Taking expectations in (3.2) conditional on 3"y, 1, we have

E(Ay|B Y1) = TE(&-1|B8 T yer) + F(B T yi-1), (3.3)

using E(e;|3"y;,—1) = 0. Subtracting (3.3) from (3.2) leads to
Ay — E(Ayel 8 ys-1) = T — E(&] B ye-1)) + e (3.4)
which has the following form
Ay; =T¢  + &, (3.5)

where Ayf = Ay, — E(Ay| 8" ye1) and &y = &1 — B(§1]8ys1). I
E(Ay| 8 yi—1) and E(&_1]8y:—1) were known, I" could be estimated by OLS. Since
E(Ay: |87 y—1) and E(&_1|8"y:—1) are usually unknown, an estimator based on Ay}
and &, is not feasible. To obtain a feasible estimator, we will use the nonparametric
kernel method, similar to Robinson (1988) and Fan and Li (1999a). In particular, the
conditional means E(Ay;| 3 y;_1) and E(&_1]3"y:_1) are estimated by the Nadaraya-
Watson estimator

5 1 < Ty — BTy-1\
BlawlsTvon) = g 3 Ak (PRI i),
j=1

. T Ty — BTy .
E(&a|8Ty) = TLhZ@_lK (ﬁ ot hﬁ < 1) /F(BTyi1),
=1

where

. T T AT,
F(B yer) = LZK <ﬁ Y1 hﬁ yﬂ*) (3.6)

is the kernel density estimator for f(3"y, 1), K(-) is a kernel function and h is a

bandwidth parameter.
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To avoid the random denominator problem in kernel estimation (i.e. the occurrence
of small values of the estimated density function), we use density weighted estimates,
similar to Fan and Li (1999a). Thus, we multiply (3.5) by f(87y:_1), the density

function of 3Ty;_1, and obtain

FB ) Ay, =TF(B ye )61 + (B y-1)er. (3.7)

We replace E(Ay: |8 yi—1), E(& 1|8 y:—1) and f(BTy:1) in (3.7) by their estimates.

This leads to the feasible estimator

-1

T T
[o8s = ZA@:@L A(ﬁTyt—1)2] [Zéflé:Tl (BT yem1)?| (3.8)
t=1 t=1

with Ag; = Ay, — E(AthTyt,l) and 5211 =& — E(ﬁt,llﬁTyt,l). Besides some
technical assumptions, we assume that (Ay;, 3'y;—1) is S-mixing, Th? — oo and
Th® — 0 for T — co. Similar to Fan and Li (1999a), it can be shown that vec (IS —

') is VT consistent and asymptotically normally distributed.

3.3.2 Estimation of F

Substituting [°* for I' in model (3.2), one obtains the nonparametric model
Agy = F(B ye-1) + w, (3.9)

where Ag, := Ay, — %€, 1. Applying the Nadaraya-Watson estimator to (3.9), i.e.

A ZtT=1 AgtK (Ziﬁzytﬂ)
F<Z) - T Z—ﬁTyt—l
2 K (T)

: (3.10)

we get an estimator for the function F. It is well known that F(-) has the same
asymptotic distribution as if I' were known. Later, we will use this statement for

constructing pointwise confidence intervals.
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3.3.3 Bandwidth Selection

In empirical applications we have to choose both the kernel function and the band-
width parameter h. Whereas the influence of the kernel function is negligible, the
choice of the bandwidth parameter plays a crucial role. Due to our enormous sam-
ple size, standard bandwidth selection procedures like cross-validation, are no longer
applicable as the computational time increases at quadratic rate with the number of
observations. In order to determine the bandwidth parameter A we use the method of
Weighted Averaging of Rounded Points (WARPing) developed by Héardle and Scott
(1992). This technique is based on discretizing the data first into a finite grid of bins,
then smoothing the binned data and finally selecting the optimal bandwidth using
the binned data. The main advantage of WARPing is the substantial gain of com-
putational efficiency. In particular, Hérdle (1991) and Héardle and Scott (1992) show
that the number of iterations increases at linear rate with the number of observations

rather than quadratic.

In our application we determine the optimal bandwidth by using four different
criteria, namely cross-validation, the Shibata’s Model Selector, Akaike’s Information
Criterion and Final Prediction Error Criterion. For a detailed discussion of them,
we refer to Héardle, Miiller, Sperlich and Werwatz (2004). The lower limit for h for
the grid search is set to 0.000332, the upper to 0.005307 and the bindwidth d to
6.634 -107°. The number of equidistant grid points is chosen to be 100. The analysis
is carried out by using the software package XploRe. The results are given in the

following table.

Table 3.2: Results of bandwidth selection
Bandwidth selection procedure XDAX  FDAX

Cross Validation 0.000371 0.000492
Shibata’s Model Selector 0.000351 0.000492
Akaike’s Information Criterion 0.000361 0.000492
Final Prediction Error 0.000361 0.000492
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The table shows that all methods lead to very similar results for the XDAX series.
According to Akaike’s Information Criterion and Final Prediction Error we choose
hX = 0.000361. For the FDAX series, all methods yield the same result. Hence, we
choose A = 0.000492.

3.4 Test for linearity

The linear vector error correction model
Ay =T& 1 +af g1+ (3.11)

may be considered the baseline model in cointegration analysis. We now provide a
statistical single-equation test to examine the hypothesis whether model (3.11) is as
accurate a description of the data as model (3.1). Formally, we are interested in

testing the hypotheses
H() . E(Ayit|§t—1, ﬁ—l—yt_l) = Figt—l —+ Oéiﬁ—ryt_l for some Fz and Q; against

Hy: E(Ayul&-1,8"y—1) = Ti&1+ Fi(B yi—1) with P(Fy (8 yi—1) = i y—1) < 1)

for any «; € R.

To motivate an appropriate test statistic, we consider (3.2) with I' = 0. Denote
uy = Ay — ;3 y;1 the residuals under Hy. Following Zheng (1996) and Li and
Wang (1998), our test is based on E [uitE[uit]ﬁTyt,l]f(ﬁTyt,l)}. Then under H,, it

follows

E [uaEluy|B3 y1] (8T ye-1)] =0, (3.12)

since Elu|B8 y;—1] = 0. Under Hy, we have Eluy|B8 y:—1] = Fi(B yi-1) — BT ys_1.

Using the law of iterated expectations, we obtain under H;

E [uitE[uit|ﬁTyt_1]f(ﬁTyt_1)} > 0. (3.13)
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Due to (3.12) and (3.13) it is obvious to use the sample analogue of
E [uitE[uitWTyt_l] f (ﬁTyt_l)] as the test statistic. The outer expected value is re-

placed by its mean, the inner expected value by the Nadaraya-Watson estimator

T T _ A3T.,. N
Z K(ﬁ Y1 — 3 yj_l)?/zij/f(ﬁTytl); (3.14)

Eug|B yi1) = .
=15t

b
(T —1)h
the density function f(-) by the kernel density estimator (3.6) and the residuals u;
by the empirical residuals under the null hypothesis, i.e. @; = Ay — &S Y.
Taking the lagged dependent values into account we substitute for @; the residuals
i = Ay — DOS¢,_1 — 4;8Ty,_1, where IO denotes the estimator of the -th row of
I" given by (3.8) and &; is the estimator of the i-th row of a under the null hypothesis.
Thus, the test statistic is of the form

T
1 By — 5T?/j—1 A .
Izzmzz K( A Uit Uy, Z:]_,...,p
t=1 j=1j57#t
To derive the asymptotic distribution, it is important to note that I; is a degenerate,
second-order U-statistic. Combining the ideas of Fan and Li (1999b) and Li and Wang
(1998), it can be shown that I; is asymptotically normally distributed by applying a

central limit theorem for U-statistics of S-mixing processes. Furthermore,

T
2 Z Z ﬁTfyt—l - ﬁTy'—l .
A2 2 J AD ~D .
g; —m ' K ( h uituij, 'L—]_,...7p

is a consistent estimator for o2, the asymptotic variance of Th'/?I;. It is well known
that the convergence speed to the normal distribution is quite low. Therefore, boot-
strap methods are suggested to approximate the finite sample distribution, see e.g.
Li and Wang (1998). Due to the enormous sample size it seems reasonable to rely on

the asymptotic approximation given through the asymptotic distribution.
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3.5 Results

We present the results in two steps. The starting point is the linear benchmark case.
We then proceed to the partially linear model and also present the results for the test

of linearity described in the previous section.

3.5.1 Linear error correction model

The following table shows the estimation results of the linear error correction model

rf = U +th7’t ,+Z%ﬁt it (ptx—l_pf—l)_l_ef
r o= +Z%ﬂ“t Z+Z%m i+t = o) + 6

where p denotes the log prices and r denotes a log return. The index X identifies
variables and coefficients relating to the spot market (X, Xetra), the index F' identifies
variables (adjusted by a discount factor according to the cost-of-carry relation) and
coefficients relating to the futures market. The cointegrating vector is pre-specified to
(1,—1)". The model is estimated by OLS with 20 lags, but to save space we present
only the coefficients for lags 1-4. Standard errors are based on the heteroskedasticity-
robust covariance estimator. The model is estimated based on quote midpoints and
100188 observations. The results are given in Table 3.3.

Considering the short-run dynamics first, we find that the DAX returns depend
negatively on their own lagged values but depend positively on lagged futures returns.
Returns in the futures markets exhibit a similar pattern. There is one exception, how-
ever, as the coefficient on the first lag of the futures returns is positive and significant.
The results of F-tests (not shown in the table) indicate that there is bivariate Granger

causality.
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Table 3.3: Estimation results of the linear ECM

XDAX FDAX
Estimates t-statistic Estimates t-statistic
Constant 3.385E-6 4.95 -4.427E-6 -3.80
EC -0.0087 -14.85 0.0047 5.42
XDAX(-1) -0.0876 -16.36 0.0542 7.36
XDAX(-2) -0.0773 -16.22 0.0534 7.83
XDAX(-3) -0.0632 -14.80 0.0573 7.69
XDAX(-4) -0.0522 -12.14 0.0489 6.76
FDAX(-1) 0.2107 68.32 0.0358 7.97
FDAX(-2) 0.1572 58.18 -0.0166 -3.81
FDAX(-3) 0.1215 46.31 -0.0173 -3.97
FDAX(-4) 0.0989 37.38 -0.0079 -1.78
R? 0.2244 0.0070

The coefficients on the error correction term have the expected signs (negative for
the spot market and positive for the futures market) and are both highly significant.

The estimates can be used to construct the common factor weights

0X = aFa_Fax§ 0F = (1 - QX) = a;fzx

The common factor weights measure the contributions of the two markets to the
process of price discovery. The measure builds on Gonzalo and Granger (1995) and is
discussed in more detail in Booth et a. (2002), deB Harris et al. (2002) and Theissen
(2002). In our linear error correction model the common factor weights are 0.3507
for the spot market and 0.6493 for the futures market. The futures market thus
dominates in the process of price discovery. This result is consistent with previous

findings.

3.5.2 Partially linear error correction model

Applying the test for linearity developed in section 3.4, we obtain I¥ = 3.265 and

I*¥ = 2937. We thus clearly reject the linear benchmark model in favor of our
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non-parametric specification. For the test we choose the bandwidth parameter to be
h = 267792, The following table shows the estimation results of the partially linear

error correction model
Tf - ZVIth Z+Z’7117ﬂt Z+Fpt 1 pf—1>+€f
TtX - Z%Zrt z+272zrt 1+Fpt 1 p£1>+€§(7

where the notation is as in the linear model. We estimate the model by the procedure
described in section 3.3. Again, we use 20 lags, but only the coefficients for lags 1-4 are
shown. Again, standard errors are based on the heteroskedasticity-robust covariance

estimator. The cointegrating vector is pre-specified to (1,—1)".

Table 3.4: Estimation results of the partially linear ECM (h = 267 %)

XDAX FDAX
Estimates t-statistic Estimates t-statistic
XDAX(-1) -0.0873 -15.25 0.0389 4.79
XDAX(-2) -0.0693 -14.90 0.0475 6.15
XDAX(-3) -0.0564 -13.57 0.0491 5.78
XDAX(-4) -0.0435 -10.76 0.0449 5.54
FDAX(-1) 0.1571 70.98 0.0558 11.39
FDAX(-2) 0.1351 58.79 0.0020 0.39
FDAX(-3) 0.1063 47.14 -0.0053 -1.05
FDAX(-4) 0.0882 39.27 -0.0028 -0.54

The results for the short-run dynamics are similar to those in the linear model.
The spot market returns depend positively on their own lagged values and negatively
on the lagged futures returns. Futures returns, on the other hand, depend positively
on the lagged spot market returns. They also depend positively on their first lag.
Coeflicients for higher lags are insignificant.

Figure 3.1 presents the results for the adjustment process. The figure plots the

value of the adjustment function F' against the pricing error 3y _;.
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Figure 3.1: Estimated adjustment process (solid line) and pointwise 95% confidence
interval (dashed line) for FDAX (upper panel) and XDAX (lower panel) as a function
of the error correction term p* — pf". A Gaussian kernel and the bandwidths A =
0.000492 and h* = 0.000361 have been used.
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It also depicts the 95% confidence intervals. The upper panel shows the results for
the futures market, the lower panel those for the spot market.The adjustment process
is estimated very precisely, as evidenced by the narrow confidence intervals. In the
outer regions (i.e., when pricing errors are large) estimation is less precise. This is a

natural consequence of the low number of observations in these regions.

The speed of adjustment is almost monotonically related to the magnitude of the
pricing error. This shape of the adjustment function is clearly at odds with a threshold
error correction model. Adjustment is slow for small pricing errors, as is evidenced by
the small slope of the adjustment function. When the pricing error becomes larger,

the speed of adjustment increases sharply. This is consistent with arbitrage activities.

There is an asymmetry with respect to the level of the pricing error that triggers
arbitrage. When the pricing error is negative (i.e., when the adjusted futures price
is larger than the spot price) the trigger level is about -0.001. When the pricing
error is positive, on the other hand, the trigger level is approximately 0.003. This
pattern is explained by slight, but systematic deviations of prices from the cost-of-
carry relation. On average, the difference between the discounted futures price and
the DAX index is -2.8 index points. This pattern has been documented in previous
research (e.g. Biihler and Kempf, 1995), and the most likely explanation is differential
tax treatment of dividends in the spot and the futures market (see McDonald, 2001

for a detailed discussion).

In order to compare the predictive ability of the partially linear VECM with that
of the linear VECM, the root mean squared error (RMSE) and the mean absolute
error (MAE) are calculated for both models.® The RMSE and the MAE are defined

6We restrict the analysis of the forecasting errors to the XDAX equation. This equation lends
itself to forecasting because of the large and significant coefficients on the lagged futures returns
documented in table 3.4.
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for one-step ahead forecast errors by

T
RMSE = \IZ Brap¥ pt>,

t=k
T

MAE:Z

=k

B apf —p*

~+

We set & = 80000 to ensure that the parameter estimates are based on a sufficiently

large numbers of observations. The results are given in Table 3.5.

Table 3.5: Prediction ability of the linear VECM and the partially linear VECM
Linear VECM (A) Partially Linear VECM (B, B/A)

RMSE 0.025 0.023 (0.919)
MAE 2.276 2.067 (0.908)

Table 3.5 shows that the root mean squared error (RMSE) of the partially linear
VECM is about 10% lower than the linear VECM. A similar result is obtained for the
mean absolute error (MAE). Hence, the partially linear VECM clearly improves the
forecasting ability.

3.6 Conclusion

The present chapter extends the literature on the joint dynamics of prices in spot and
futures markets by modelling the price-adjustment process non-parametrically using
the methodology developed in Gaul (2005).

We apply our partially linear error correction model to data for the German blue
chip index DAX and the DAX futures contract traded on the EUREX. We find that
the adjustment process is indeed nonlinear. The linear benchmark case is rejected
at all reasonable levels of significance. Consistent with economic intuition, the speed
of adjustment is almost monotonically increasing in the magnitude of the pricing

error (the deviation between discounted futures price and spot price). This pattern
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is inconsistent with a simple threshold error correction model. It is consistent with a
smooth transition model, and in fact the shape of the adjustment process in our non-
parametric model may guide the choice of the transition function in future empirical

research.
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