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Abstract

This paper considers Markov error-correction (MEC) models in which deviations from the
long-run equilibrium follow a Markov-switching autoregressive process which is nonstation-
ary in one state of nature and mean-reverting in the other. In order to establish the existence
of MEC adjustment, we suggest testing for cointegration first and then examining the equi-
librium error or the error-correction model for signs of Markov-switching behaviour. Monte
Carlo experiments demonstrate that standard cointegration tests based on linear models
remain useful when the error-correction representation is subject to Markov switching. Fur-
thermore, tests for parameter instability and neglected nonlinearity are capable of revealing
the invalidity of the assumption of linear adjustment. The performance of a model selection
procedure based on an information criterion is also investigated. As an empirical illustration

of these ideas, we analyze the long-run properties of US stock prices and dividends.
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1 Introduction

Following the seminal work of Engle and Granger (1987), a phenomenal amount of theoretical
and empirical research has been devoted to the analysis of systems of cointegrated variables and
the related issue of error-correction mechanisms. The latter may be thought of as providing an
adjustment process through which deviations from a long-run equilibrium relationship (or an
attractor) are corrected for. In the great majority of research papers, this adjustment towards
equilibrium is implicitly assumed to be linear, which implies that it takes place at all times and
is a constant portion of the disequilibrium error.

More recently, however, a number of authors have recognized that the assumption of lin-
ear adjustment is likely to be inappropriate for a variety of economic situations (e.g., in the
presence of transaction costs, lumpy costs of adjustment, or policy interventions), and have
discussed cointegration models in which disequilibrium adjustment occurs in a nonlinear man-
ner. Examples include the nonlinear error-correction models discussed in Granger and Swan-
son (1996), threshold cointegration models (van Dijk and Franses, 1996; Balke and Fomby, 1997),
smooth transition error-correction models (Anderson, 1997; Hansen and Kim, 1996; Michael et
al., 1997; van Dijk and Franses, 2000), neural network error-correction models (Haefke and Hel-
menstein, 1996), Markov switching error-correction models (Hall et al., 1997), regime-sensitive
cointegration models (Siklos and Granger, 1997), and bilinear error-correction models (Peel and
Davidson, 1998).

This paper takes up the idea of Markov-type discontinuous disequilibrium adjustment in-
troduced by Hall et al. (1997) in their study of the dynamics of house prices in the UK. Thus,
we consider situations where deviations from the long-run equilibrium are stationary (so that
cointegration holds) but they occasionally tend to follow a nonstationary path. During the lat-
ter periods the system behaves as if cointegration has been “switched off” and disequilibrium
adjustment does not take place. Such behaviour is modelled by letting deviations from equilib-
rium follow a nonlinear process which is second-order stationary but subject to discrete Markov
switching between two regimes that are respectively characterized by stationary and unit-root
dynamics. We shall refer to this type of disequilibrium adjustment as ‘Markov error correction’
(MEC).

The motivation behind the notion of MEC derives from the economically plausible situation
where major events, or changes in technology, in government policy or in some important insti-
tutional feature of the economy, can interrupt temporarily the adjustment towards an underlying
long-run equilibrium. Like bilinear error-correction mechanisms, MEC models provide a flexi-
ble stochastic structure for describing situations involving fairly abrupt changes or bubble-like
behaviour (cf. Hall et al., 1997), situations which might not be adequately described by models
with smooth transitions or threshold effects. MEC is also related to the concept of regime-
sensitive cointegration proposed by Siklos and Granger (1997) which allows for an equilibrium
relationship to exist but not over the whole sample period of interest. Our specification of the
mechanism governing transitions between the stationary and unit-root regimes as a Markov
process has the obvious advantage of requiring no a priori information about the location of the

shifts in regime, letting the data select when and where these shifts occur.



The aim of the present paper is to study MEC models in detail and, in particular, to propose
ways in which the presence or otherwise of MEC adjustment in the data may be established in
practice. The next section of the paper introduces the MEC model and discusses some of its
probabilistic properties. In Section 3, Monte Carlo experimentation is used to examine whether a
multi-step procedure, based on a combination of tests for cointegration, parameter instability and
neglected nonlinearity, is capable of detecting the presence of MEC adjustment. The properties
of a model selection procedure based on a popular complexity-penalized likelihood criterion are
also investigated. In Section 4, we discuss an empirical application which examines whether the
long-run relationship between historical US stock prices and dividends can be described by a
MEC model. Finally, in Section 5, we present our conclusions and suggest some other areas

where we expect MEC models to be useful.

2 Markov Error Correction

2.1 A simple model

To illustrate the concept of MEC, consider the following simple model for the bivariate time
series {(y¢, )T : t € N},
Yt oxe =z, 2= g z-1+ €, (1)

Y + Bry = ug, Up = Ug—1 + E2¢, (2)

where o # 0, 3 € R, ¢, € (—1,1], {e; = (e11,€2¢)T} is a white-noise process with zero mean and
positive-definite covariance matrix, and {s;} are latent random variables on {0, 1}, independent
of {e;}, which indicate the state (or regime) that the system is in at date ¢. This is a simple
cointegrated system where {y;} and {z;} are both integrated processes of order 1 and equation
(1) defines a cointegrating relationship between y; and x;, provided that {z;} is stationary (cf.
Engle and Granger, 1987).

Like Balke and Fomby (1997) and Hall et al. (1997), we consider a situation where adjustment
towards the long-run equilibrium determined by y + ax = 0 does not necessarily takes place
at each date ¢ but only during periods that are associated with one of the two regimes. It is
assumed that nature selects state at date ¢ with a probability that depends on what state the

system was in at date ¢ — 1. In particular, it is assumed that

b5, = Po + (D1 — Po)st, Gl <1, ¢ =1, (3)

where {s;} is a homogeneous, irreducible, and aperiodic Markov chain of order 1 with state

space S = {0, 1} and transition probabilities
pij = Pr{s; = j|s;—1 =i}, i,j €S. (4)

The time series {z;} obeys, therefore, a model which allows the dynamic behaviour of the series
to be governed by either a stable first-order stochastic difference equation or a random walk
scheme, depending on the realized value of the state indicator s;. Consequently, deviations from

equilibrium tend to decay to the mean level of zero as long as s; = 0; otherwise, z; behaves like



a nonstationary process, and there is no tendency for the system in (1)-(2) to move towards
equilibrium.
An alternative characterization of such state-dependent behaviour may be given in terms of

the error-correction representation of the system in (1)—(2). The latter can be written as

Ay = Bla—B)" (1 = ¢g,) 21+ vu, (5)
Az =—(a—0)"H1 - bs,)2t—1 + Vo, (6)

where v1; = (aear — ferr) [ (o — B), var = (€11 — €2t) / (e — 3), and A is the differencing operator
defined by Aw; = wy — wy—1. In (5)—(6), 2,—1 = y1—1 + axy—1 represents deviation from long-
run equilibrium at date ¢t — 1, while the coefficients on z;—; measure the strength of short-run
disequilibrium adjustment. Clearly, correction for past disequilibrium only takes place when
st =0 (and o > 20).

At this point, some remarks on the properties of the ‘equilibrium error’ {z;} are in order. It is
clear from the Markov specification in (3)—(4) that {2} is ‘locally’ nonstationary since ¢,, = 1 in
the state characterized by s; = 1. However, second-order stationarity of an autoregressive process
with Markov regimes does not necessarily require the characteristic polynomial of the process
to have all its zeros lying on the open unit disk. Hence, despite the occasional nonstationary
behaviour of {z} (when s; = 1), the equilibrium error can be ‘globally’ stationary, provided
that poo, p11, ¢y and ¢, satisfy appropriate restrictions. Unfortunately, the determination of
necessary and sufficient conditions for second-order or strict stationarity of an autoregressive
process with Markov switching parameters is still an open question. When the underlying
Markov chain is strictly stationary, a sufficient condition for second-order stationarity is given
in Karlsen (1990) and Holst et al. (1994). For the equilibrium error {z;} that evolves according

to (1), (3) and (4), this stationarity condition requires that the eigenvalues of the matrix

P00y Prod ]

A=
Po1dT pr1dd

lie on the open unit disk. This is equivalent to:

poods + P17 — (Poo + p11 — 1)gadt < 1,
—poodg — P1167 — (poo + P11 — Vgt < 1, (7)
|(poo + p11 — 1)¢%¢%’ < L

It can be easily verified that, for an irreducible and aperiodic Markov chain {s;}, the conditions
in (7) are always satisfied when |¢g| < 1 and ¢; = 1, in which case {(y,z¢)T} admits a MEC

1 Tt follows, of course, that our characterization of MEC models implies that

representation.
cointegration between y; and x; is a global property that is guaranteed by the second-order
stationarity of the equilibrium error {z;}. Yet, as long as s; = 1, y; and x; do not respond
to deviations from the long-run equilibrium. These are properties that the MEC model shares
with the threshold model of Balke and Fomby (1997), although in the latter transitions between

regimes are governed by the threshold variable z;_; rather than by an exogenous Markov process.

'Note also that these conditions are much weaker than the naive condition max{|¢,|, |#;|} < 1 which excludes

processes that occasionally follow nonstationary or explosive paths.



2.2 More General Models

The simple model of the previous subsection may be generalized by specifying richer dynamics
for the equilibrium error {z;}. For example, we could allow {z;} to evolve according to a Markov
switching autoregression where the intercept, coefficients and innovation variance are all state-
dependent, i.e.,
m
2= g, + Y 052 + ol (8)
j=1
{n,} being a white-noise process, independent of {s;}, with E(n,) = E(n7 — 1) = 0. The
parameters in (8) can be such that a second-order stationary solution exists even though
=37 gbg) = 0 for s; = 1, so that (1, —«) would still be a cointegrating vector for (y, x¢)T.

This would indeed be true if all the eigenvalues of the 2m? x 2m? matrix

A — Poo(Po @ Bo)  p1o(Po @ Po)
" P01(P1 @ P1) p11(P1 @ P1)

lay on the open unit disk, where

B ¢§1) ¢§2) ¢§m—l) ¢§m) 7]
10 - 0 0
&= 0 1 .- 0 0 |, es
0 0 10

and ¢ = ¢ if s, =i (j=1,...,m; i €S); cf. Holst et al. (1994).

Another useful extension involves abandoning the assumption of homogeneity for the Markov
chain {s;}. In some applications, it is reasonable to expect that the further away from equilibrium
the system is, the higher is the probability of switching from an unstable non-correcting regime
to a stable error-correcting one. This suggests allowing the transition probabilities of the hidden
Markov chain to depend on the extend to which the system is out of long-run equilibrium. The

transition mechanism of {s;} may, therefore, be specified as

Pr{s; =i|si—1 = i,2e—1} = exp(a; + biz—1)/[1 + exp(a; + biz—1)], €S,
9)

Pl"{St = j|8t—1 = iazt—l} =1- PT{St = i’&f—l = i,Zt—l}a i,j €S, 1#7],

2

where a; and b; (i € S) are real constants.” Unfortunately, conditions that guarantee second-

order stationarity of {z;} when {s;} is a nonhomogeneous Markov chain are currently unknown.

3 Detecting MEC Adjustment

In this section, we examine how one may detect MEC adjustment. Within a hypothesis testing
framework, it would appear natural to consider testing the null hypothesis of single-regime/no-

>The potential applicability of an error-correction model based on the assumption in (9) is illustrated in Hall
et al. (1997).



cointegration against the alternative cointegration with MEC adjustment. However, this prob-
lem is fraught with difficulties similar to those outlined by Balke and Fomby (1997) for models
of threshold cointegration. Specifically, the testing problem is non-standard due to the presence
of unit roots and the unidentifiability of the transition probabilities under the null hypothesis.
For this reason, we follow Balke and Fomby (1997) in suggesting using a multi-step test
procedure that exploits the differences between the global and local characteristics of systems
with MEC adjustment. In particular, since for a cointegrated time series with MEC adjustment
the equilibrium error {z;} is globally stationary, conventional tests for (linear) cointegration are
likely to be useful in establishing the long-run properties of the series. Once cointegration is
found, then the equilibrium error or the associated error-correction model may be investigated
for signs of local nonlinear Markov switching behaviour. For the latter type of analysis, tests
for parameter instability or tests for nonlinearity may be employed. Alternatively, likelihood-
based model selection criteria may be used to choose between models with linear and Markov
switching dynamics. The usefulness of these procedures is examined in turn in the remainder of

this section using Monte Carlo experimentation.

3.1 Cointegration Tests

As pointed out before, the equilibrium error {2} in (1) or (8) is second-order stationary in the
presence of MEC adjustment, and hence the order of integration of {y} and {z;} in (1)—(2)
is not affected. In addition, {z;} is known to be strong mixing with geometrically decreasing
mixing coefficients (Karlsen, 1990). It follows, therefore, that standard unit root tests for {y;}
and {x;} will be asymptotically valid, and should be capable of revealing the nonstationarity
of the observed series. Moreover, the cointegrating vector (1, —a) will be super-consistently
estimated by ordinary least squares, and hence conventional residual-based cointegration tests
constructed under the assumption of linear adjustment towards equilibrium (cf. Phillips and
Ouliaris, 1990) will still be valid, and can be expected to be able to detect the presence of an
equilibrium relationship.

In our analysis below, we focus on some cointegration tests that have proved to be popular in
practice. Three such tests are the residual-based Augmented Dickey—Fuller (ADF') and Zo and
Zy tests discussed in Phillips and Ouliaris (1990). These are all tests for the null hypothesis of
no cointegration, and are based on the ordinary least-squares residuals from the static regression
of y; on z;. In our implementation of the tests, the order of the AR(k) model on which the
ADF test is based is selected by minimizing Akaike’s (1973) information criterion (AIC) over
ke {1,2,...,[4(T/100)"/*| +1}, where T is the sample size and |-| denotes the greatest-integer
function. The Ea and /Z\t tests are used in conjunction with a prewhitened kernel estimator for
the long-run innovation variance based on the Parzen kernel function and an automatic plug-in
bandwidth (see Andrews and Monahan, 1992). For all three tests, a constant term is included
in the test regressions.

We also consider tests of the null hypothesis of no cointegration which are based on vector
autoregressive models for {(y;, )T : t = 1,2,...,T}. These include Stock and Watson’s (1988)
minimum-eigenvalue test based on their statistic ¢+ (2,1) (denoted below by SW) and Jo-



hansen’s (1991) trace and maximal-eigenvalue likelihood ratio tests (denoted by LRirace and
L Rpax, respectively). For the latter, the order k (say) of the vector autoregressive model used
is determined by minimizing the AIC over k € {1,2,..., |[4(T/100)"/*| 4+ 1}. The SW test is
based on a corrected first-order sample autocorrelation matrix for (y, x;)T, where the correction
term is estimated nonparametrically using a prewhitened kernel estimator, the Parzen kernel
function and a data-dependent automatic bandwidth (Andrews and Monahan, 1992). For both
types of tests, a constant is included unrestrictedly in the vector autoregressive equations.

In our simulation experiments, the bivariate system in (1)—(2) is used as the data-generating
process, with {s;} being an ergodic Markov chain on {0, 1}, and {e;} being independent Gaussian
random vectors with E(e;1) = E(e3, — 1) =0 (i = 1,2) and E(e1s69¢) = p. The experiments are a

full factorial design of:

o = _27 /8 € {_370}7 (Z)O S {0707}7 (bl - 17 pE {07 _05}7
(poo, p11) € {(0.9,0.9), (0.98,0.98), (0.98,0.9), (0.9,0.98), (0.5,0.5)}, T € {50,100, 200, 500}

The first two pairs of transition probabilities, (0.9,0.9) and (0.98,0.98), allow for symmetry in
the persistence of the two regimes, the expected duration of each regime being much longer
when pgp = p11 = 0.98. The probabilities (poo,p11) = (0.98,0.9), on the other hand, imply
that the regime that corresponds to s; = 1 is considerably less persistent than the regime that
corresponds to s; = 0; the opposite is true when (pgo,p11) = (0.9,0.98). Finally, the regime
indicators {s;} are uncorrelated when (poo, p11) = (0.5, 0.5) so that z is independent of the state
that prevailed at date ¢ — 1. Finally, notice that setting 8 = 0 implies that y; does not react to
deviations from long-run equilibrium since an error-correction mechanism is only present in the
equation for .

In all the experiments carried out in this paper, 50 + 7" data points for (y;, x;) are generated
according to (1)—(4) by setting zop = up = 0 but, in order to attenuate the effect of the initial
values, only the last T" data points are used for estimation and testing purposes. Unless otherwise
stated, the number of Monte Carlo replications per experiment is 2,500.

Table 1A gives Monte Carlo estimates of the Type-I error probability of 0.05-level cointegra-
tion tests in the case where 3 = 0 and p = 0 (the results for § = —3 are very similar and are
therefore omitted in order to save space).3 Most of the tests have empirical rejection probabili-
ties that are close to the correct rate, the exception being the Johansen tests. The latter tend
to be somewhat liberal when the sample size is small, and this must be borne in mind when
interpreting results obtained under cointegration.

The empirical rejection probabilities of the tests when cointegration with MEC holds are

reported in Table 1B.4 Tt is evident that, although the equilibrium error follows a nonstationary

3The results for tests at the 0.01 and 0.10 level of significance are qualitatively similar and do not affect
the conclusions about the relative merits of different tests. Critical values are taken from Phillips and Ou-
liaris (1990, Table IIb) for the ADF and Z, tests, from Phillips and Ouliaris (1990, Table Ib) for the Za test,
from Stock and Watson (1988, Table 2) for the SW test, and from Osterwald-Lenum (1992, Table 1.1%) for the

L Rirace and LRmax tests.
*In order to reflect empirical practice, power calculations throughout the paper are made using asymptotic

critical values rather than finite-sample critical values estimated from Monte Carlo experiments where the relevant

null hypothesis holds.



path occasionally, the tests are generally quite powerful to detect the presence of cointegration.
This is especially true when the state indicators {s;} are not correlated, a finding which is perhaps
unsurprising since the frequent state transitions that take place when pgg+p11 = 1 tend to make
the equilibrium error look very much like white noise with large variance. For data-generating
processes with pgo + p11 > 1, a comparison across different values of the transition probabilities
reveals that the probability of correctly detecting cointegration is higher: (a) the more persistent
the regime where short-run disequilibrium adjustment takes place is relative to the regime where
no such adjustment occurs, and (b) the more observations correspond to the error-correcting
regime s; = 0 (as is indeed the case when pgo = 0.98 and p;; = 0.9). Also, for any given pair of
transition probabilities, the power of the tests rises as the strength of disequilibrium adjustment
in the regime corresponding to s; = 0 increases (or, equivalently, as the autoregressive coefficient
¢y decreases). This makes it difficult for the tests to detect cointegration with MEC when the
equilibrium error is relatively persistent and the sample size is small.

Turning to the individual tests, the Za and Zg tests always have higher empirical rejection
probabilities than the ADF test, presumably because the nonparametric autocorrelation correc-
tions that the former two tests employ are more successful in accounting for Markov dynamics
than the autoregressive approximations on which the ADF test is based.” Among system-wide
tests, the SW test is generally more powerful than the LRi;.ce and LRy tests, although in
most cases the power differences are not very substantial.

Repeating the experiments with p = —0.5 revealed that the correlation between the inno-
vations of the equilibrium error and the stochastic trend does not contribute to any significant
changes in the power of the tests in large samples. For small and moderately-sized samples, the
ADF, Za and Zg tests suffer a small decrease in power relative to the case with p = 0, while
the opposite is true for the LRi;ace and LRy tests.

In summary, our analysis shows that conventional cointegration tests based on the assump-
tion of a linear adjustment process are capable of detecting the presence of a equilibrium rela-

tionship between MEC time series.

3.2 Parameter Instability Tests

As explained in Section 2, if 3 and z; are cointegrated with MEC adjustment, the equilibrium
error {z } will obey a Markov switching autoregression and an error-correction model like (5)—(6)
will have coefficients which are subject to Markov changes. Such time-varying behaviour raises
the question of whether tests for parameter instability might be capable of revealing any evidence
of nonconstancy in the coefficients of either the error-correction model or an autoregressive model
for the equilibrium error. This subsection investigates the performance of some tests of this type,
again using Monte Carlo simulation.

In our analysis, we consider variants of two classes of tests for parameter instability, namely
tests for stochastic parameter variation and tests for a single structural break at an unknown

time. A test of the former type is based on Nyblom’s (1989) L statistic, which provides a

*These findings are similar to the results of van Dijk and Franses (1996) and Balke and Fomby (1997) who
found the Z, and Z; tests to be more powerful than the ADF test in the presence of threshold cointegration.



locally most powerful test for the null hypothesis of parameter stability against the alternative
of martingale parameter variation (the statistic is modified as in Hansen (1992a) to achieve
robustness with respect to heteroskedasticity). The second type of tests are based on functionals
of the sequence of likelihood ratio statistics which test the null hypothesis of parameter stability
against the alternative of an one-time break at all possible break-points in the sample. Following
Andrews (1993) and Andrews and Ploberger (1994), we consider the statistics

SupLR = max LR(T), AvgLR = (|7,T| — |7oT| +1)7! E LR(T),
TE
TeT

EzpLR =n |(|11T) — [70T| +1)7" Y exp{3LR(1)}|,
T€T
where T = {[70T|/T,(|70T| + 1)/T,...,|T1T|/T} and LR(T) denotes the likelihood ratio
statistic for testing for a change at date t = 771". The tests are implemented with 7o =1 — 71 =
0.15.

The experimental design is the same as in subsection 3.1. For computational convenience, we
set § = 0 in the data-generating process so only the error-correction equation (6) is considered
in the simulations. Further, in order to reflect empirical practice, we treat the cointegrating
vector as unknown and estimate it from the data. Thus, in each Monte Carlo replication, we
proceed according to the following two-step procedure. First, we obtain an estimate (1, @) of the
cointegrating vector (1, @) by means of the fully-modified least squares method of Phillips and
Hansen (1990); long-run covariance matrices are estimated as in Andrews and Monahan (1992),
using a prewhitened kernel estimator, the Parzen kernel function and a data-dependent au-
tomatic bandwidth. Second, we test for parameter instability in: (a) an AR(1) model for
zt = y + axy (model My); (b) an error-correction model like (6) with 2,1 replaced by Zz;_1
(model M3); a constant is included in both models.

The top panel in Tables 2A-2B gives Monte Carlo estimates of the empirical rejection proba-
bilities of 0.05-level tests for models My and My when p = 0 and the null hypothesis of parameter
constancy is true (i.e. ¢ = ¢g, |pg| < 1).6 Tests in the error-correction model My generally
have rejection probabilities that are not very different from the 0.05 nominal value. This is not
the case in model M; where all tests tend to be somewhat liberal even for relatively large sample
sizes.

Turning to the rejection probabilities of the tests in the presence of MEC adjustment, also
shown in Tables 2A-2B, it is obvious that the performance of the tests is disappointing when
poo = p11 = 0.5. In this case, there are frequent transitions between the two regimes, and the
power of the tests suffers as a result. Fortunately, however, matters improve considerably when
poo+p11 > 1. In model My, tests other than L are capable of detecting parameter non-constancy,
especially when the change in the autoregressive parameter is relatively large (i.e., ¢y = 0). The

rejection probabilities of the tests are lower in the error-correction model Mo, presumably due to

SResults for p = —0.5 are very similar to those obtained with p = 0, and are not, therefore, reported.
Asymptotic critical values are taken from Hansen (1992a, Table 1) for the L test, from Andrews (1993, Table 1)
for the SupLR test, from Andrews and Ploberger (1994, Table II) for the AvgLR test, and from Andrews and
Ploberger (1994, Table I) for the EzpLR test.



the fact that the changes in the coefficient of the error-correction mechanism that are implied by
our data-generating process are small (this coefficient switches between 0 and 0.5 when ¢, = 0
and between 0 and 0.15 when ¢y = 0.7). Finally, the EFxpLR and SupLR tests are consistently
more successful than the AvgLR and L tests. The latter is very weak compared to the other
tests, which is not perhaps surprising since the test is designed for situations where there is a

relatively constant likelihood of parameter variation throughout the sample.

3.3 Tests for Neglected Nonlinearity

As demonstrated in the previous subsection, once the presence of an equilibrium relationship has
been established, tests for parameter instability can be useful in detecting Markov switching be-
haviour in the adjustment process. Further useful information about the adequacy or otherwise
of a linear adjustment process may be obtained from application of tests for neglected nonlin-
earity in the relevant error-correction model or in an autoregressive model for the equilibrium
error.

In this subsection, we investigate the properties of such tests in the context of the linear
models My (AR(1) model for z;) and My (error-correction model for x;) considered in the exper-
iments of subsection 3.2. Fach of these models is tested for neglected nonlinearity using some
general tests that have been shown to have respectable power in the presence of Markov regime
switching (see Psaradakis and Spagnolo, 1999). These include: (i) the modified regression equa-
tion specification error test (RESET') of Thursby and Schmidt (1977), with powers of regressors
up to 4; (ii) the BDS test of Brock et al. (1996), with embedding dimension equal to 2 and
metric bound equal to the standard deviation of the estimated residuals; (iii) the “WHITE3”
dynamic information matrix test discussed in Lee et al. (1993) (denoted below by WHT); (iv) the
“NEURAL2” neural network test of Lee et al. (1993), based on a logistic squashing function
and the second and third largest principal components of 20 randomly generated unit signals
(denoted by NNT).

Tables 3A-3B report the empirical rejection probabilities of 0.05-level nonlinearity tests for
data-generating processes identical to those considered in subsection 3.2, with 8 = p = 0.7
With the exception of the BDS test, nonlinearity tests reject at the correct rate when the null
hypothesis of linearity is true (¢; = ¢g), even for the smaller sample sizes. In the presence
of Markov cointegration, tests for neglected nonlinearity in model M; perform poorly when
poo = p11 = 0.5, with only the BDS test being capable of rejecting the linear model (although
the rejection probabilities for the two smaller sample sizes is misleading since the test tends to
over-reject under the null). Allowing the chain {s;} to be fairly persistent leads to a considerable
improvement in the performance of the tests, especially when T° > 200. In these cases, the
RESET and WHT tests perform best overall but test power remains low for small differences
between ¢, and ¢.

The overall picture is the same for tests applied to model Ms. Here, however, test rejection
frequencies are generally lower than those obtained for model My, presumably because Markov

nonlinearity is less prominent in the error-correction model as a result of the shifts in coefficients

"Very similar results were obtained with p = —0.5.



being relatively small.

3.4 A Test for Markov Switching

The previous two subsections have demonstrated that tests for parameter instability and ne-
glected nonlinearity can provide useful insights into the validity or otherwise of the assumption
of a linear adjustment process. It should be appreciated, however, that such tests are not de-
signed to test departures from linearity or stability in the direction of Markov switching models,
and they are reasonably powerful against several types of nonlinearity and parameter noncon-
stancy. Thus, in the absence of additional information, rejection of the hypothesis of stability
or linearity on the basis of these tests cannot be necessarily accepted as evidence in favour of
Markov switching behaviour.

In the face of these difficulties, it is clearly desirable to complement parameter instability
and nonlinearity tests with procedures which directly test the hypothesis of linear adjustment
towards equilibrium against a Markov alternative. Unfortunately, this testing problem is non-
standard in that the transition probabilities are unidentified and scores are identically zero under
the null hypothesis of linearity, thus violating conventional regularity conditions for likelihood-
based inference. Hansen (1992b) proposed a general theory for testing under such non-standard
conditions. By viewing the likelihood function as an empirical process of the unknown parame-
ters, a bound for the asymptotic distribution of a suitably standardized likelihood ratio statistic
can be obtained. This asymptotic distribution is generally non-standard, but an approximation
to it may be obtained via simulation. The difficulty with this method is that it involves evalu-
ation of the likelihood function across a grid of different values for the transition probabilities
and for each state-dependent parameter and hence is extremely computationally intensive.®

The data-generating process for the simulations is similar to that used in the previous two
subsections, although, due to the exceptionally high computational cost of the experiments, only

the following parameter values and sample sizes are considered:

a = _27 ﬂ = 07 ¢0 S {0707}7 ¢1 = 17 p= 07
(poos p11) € {(0.5,0.5),(0.9,0.9), (0.98,0.9)}, T & {50,100,200}.

For each design point, we test model M; (i.e. one-state AR(1) model for z;) and model My (i.e.
one-state error-correction model for z;) of subsections 3.2 and 3.3 against corresponding Markov
alternatives (i.e. two-state Markov switching models), using Hansen’s (1992b) standardized
likelihood ratio statistic. In both cases, a constant is also included in the models but, in order
to reduce the computation times, it is assumed to be state-independent. For the calculations,
we use for grid for the state-dependent coefficients the range [0.01,1.01] in steps of 0.1 (11
gridpoints), while the range [0.50, 0.95] in steps of 0.05 (10 gridpoints) is used for the transition
probabilities. The asymptotic p-values of the tests are calculated according to the method
described in Hansen (1996), using 1,000 random draws from the relevant limiting Gaussian
processes and bandwidth parameter M € {0,1,...,4}.

8 An alternative approach to this difficult testing problem is discussed in Garcia (1998), but his method is

theoretically less attractive since it overlooks the problem of identically zero scores.
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Table 4 records the empirical rejection probabilities of the tests (calculated as the fraction
of 500 Monte Carlo trials in which the test p-value was less than or equal to 0.05). It is clear
that, when testing the AR(1) model for Z;, the likelihood ratio test is fairly powerful if the
Markov chain is persistent and ¢, = 0. However, the test has virtually no power to detect
Markov switching behaviour when the difference between ¢; and ¢, is small (the problem is, of
course, exacerbated by the fact that our test procedure uses asymptotic p-values which are only
an upper bound for the true p-values and hence the test tends to be conservative). A similar
picture emerges when testing the error-correction model for x;, in which case the rejection
probabilities are lower than those obtained for model M; (due to the fact that the changes in
the coefficient of the error-correction mechanism that are implied by our data-generating process
are small). Finally, as with parameter instability tests, the Hansen test is more successful in

detecting Markov switching the more autocorrelated the hidden regime indicators are.

3.5 A Model Selection Approach

An alternative way of distinguishing between cointegration models with linear adjustment and
cointegration models with MEC adjustment is by comparing the rival models on the basis of a
complexity-penalized likelihood criterion (e.g., the AIC). Procedures based on such criteria have
enjoyed much popularity in statistics as a means of choosing among competing models of an
empirical phenomenon and, under appropriate conditions, they are known to be capable of con-
sistently selecting the model with lowest Kullback—Leibler divergence from the data-generating
process (see Nishii, 1988; Sin and White, 1996). Furthermore, as Granger et al. (1995) point
out, these methods are arguably more appropriate for model selection than procedures based on
formal hypothesis testing, partly because, unlike testing, they do not favour unfairly the model
chosen to be the null hypothesis. This last point is particularly important in the case of MEC
adjustment since all the procedures considered in subsections 3.2-3.4 have a linear cointegration
model as a null hypothesis. To make matters worse, one of the tests (i.e. the Hansen test) is
conservative by construction, thus further favouring linear models.

In this subsection, the finite-sample performance of a selection procedure based on the pop-
ular AIC criterion is investigated by simulation under model (1)—(4) with 5 = 0. In each Monte
Carlo replication, we calculate the value of the AIC for the linear models My and My of subsec-
tions 3.2-3.5 (which include a constant) and the corresponding Markov models (with switching
intercept and slope).

The empirical probabilities of correctly selecting the Markov two-state models instead of the
corresponding single-state specifications are reported in Tables 5A-5B. In the case of autore-
gressive models for z;, the AIC performs extremely well when ¢, = 0 and T > 100. For the
error-correction model for Az, roughly the same picture emerges, although the AIC is somewhat
less successful in selecting the right model, especially when pgg + p11 = 1. As with all previous
procedures, difficulties are encountered when ¢, = 0.7, but even in these cases one is more likely
to arrive at the correct conclusion about the presence of MEC adjustment using the AIC than
the nonlinearity tests of the type discussed in the last two subsections. There appear, therefore,
to be good reasons for using a model selection procedure as a further means of establishing the

11



presence or otherwise of Markov-type nonlinearity in the adjustment process.

4 An Empirical Example

Since the influential paper of Campbell and Shiller (1987), it has been well established in the
literature that US stock prices and dividends are linked by a linear long-run relationship. In
the corresponding error-correction model, adjustment towards long-run equilibrium is also con-
sidered to be linear and a constant portion of the disequilibrium error throughout the sample.
There are, however, numerous reasons for questioning the validity of the latter assumption.
For instance, the presence of collapsing bubbles in prices (e.g., Froot and Obstfeld, 1991) may
change or interrupt temporarily the adjustment towards the underlying long-run equilibrium.
Other possible explanations for such departures from the standard model have been analyzed by
Shiller (1989), including time-varying discount factor and fads, to mention but a couple. In this
section, we investigate the possibility that the relationship between stock prices and dividends
can be characterized by MEC adjustment.

In the sequel, p; and d; respectively denote the annual Standard and Poor’s composite real
stock price index and real dividends per share. It is evident from Figure 1, which plots p; and d;
over the period 1900-1992,° that prices and dividends are upward trending during the sample
period and that for some short periods in the sample (during the sixties, the seventies and the
late eighties) the behaviour of prices does not seem to reflect the behaviour of dividends.

Table 6 reports the results of cointegration tests for p; and d;, along with an estimate of the
cointegrating vector obtained by means of fully-modified least squares (denoted by PH).!” The
null hypothesis of no cointegration can be firmly rejected at the 5% significance level on the
basis of all the tests.

Having established the “global” characteristics of the series, we now check for signs of “lo-
cal” nonlinear Markov switching behaviour in the equilibrium error and the associated error-
correction mechanism. To start, an AR(1) model for the equilibrium error (z; = p; — 24.274d,)
and the related error-correction model with no differenced lagged variables are estimated (both
of which exhibit no signs of residual autocorrelation). These models are then subjected to the
tests for parameter instability and neglected nonlinearity described in earlier sections of the
paper. We also carry out Hansen’s test for Markov switching and compute the value of the AIC
for the single-state and corresponding two-state models. The results of the parameter instability
and nonlinearity tests, shown in Table 7, are mixed with the former suggesting no parameter
instability and the latter providing strong evidence in favour of neglected nonlinearity in both
models. The Hansen tests, shown in Table 8, also reject the null hypothesis of linearity in favour
of the Markov alternative for both models at the 10% significance level.!! Furthermore, the AIC

9We discarded the last 5 observations on the available sample since for the period 1990-1997 the two series
do not appear to share a long-run relationship. Furthermore, the test of Leybourne et al. (1996) rejects the null
hypothesis of a fixed unit root against the alternative of a randomized root for the prices series for the period

1990-1997, but not for the period 1990-1992.
The null hypothesis of a unit root in prices and dividents cannot be rejected on the basis of ADF and

Phillips—Perron tests.
A significance level of 10% is prefered in light of the fact that the test is conservative.
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clearly selects a Markov switching specification over a linear one, both for the AR(1) model for
the equilibrium error (—58.058 vs —47.113) and the error-correction model (5.070 vs 11.444).
We conclude, therefore, that there is significant evidence of MEC behaviour in the two time
series.

In Tables 9A and 9B, we report maximum likelihood (ML) estimates (based on the Gaussian
likelihood) and associated asymptotic standard errors of the parameters of the Markov switch-
ing autoregression for the equilibrium error and of the associated error-correction model. The
results are clearly consistent with a MEC relationship between prices and dividends. In the
regime characterized by s; = 1, the equilibrium error is ‘locally’ nonstationary (the ¢-statistic
for p; = 11is —1.017) and the corresponding adjustment coefficient in the error-correction model
is insignificantly different from zero (the t¢-ratio for ¢¥; is —1.273). In contrast, in the regime
corresponding to s; = 0, the equilibrium error is ‘locally’ stationary and statistically significant
error-correction takes place (the t-ratio for ¥y is —2.387).12

The inferred probabilities that the system was in regime 1 at each date in the sample, based
on currently available information, are shown in Figure 2, together with a time plot of the
equilibrium error z;. The unstable regime is clearly associated with the periods 1956-1973 and
1986-1992. A slightly different picture emerges from Figure 3, which shows inferred probabilities
that the system was in regime 1 based on the MEC model. The unstable regime is associated
with the periods 1959-1978 and 1987-1992.13

5 Concluding Comments

This paper has analyzed a model of cointegration in which deviations from long-run equilibrium
follow a two-state Markov switching autoregressive process which is mean-reverting in one state
of nature and has a unit root in the other. Thus, adjustment towards the long-run equilibrium
is discontinuous and only takes place in one of the two states.

Like Balke and Fomby (1997), we have advocated a two-step approach to testing for MEC
adjustment which involves first testing for cointegration under the assumption of linear adjust-
ment and then testing for Markov switching behaviour in the dynamics of the equilibrium error
or in the corresponding error-correction model. On the basis of our simulation results, we rec-
ommend starting with the Za, Zg and SW cointegration tests, which have high power to detect
the presence of a long-run relationship among cointegrated MEC time series. In the second step,
the ExpLR and SupLR tests for parameter instability can be useful in revealing the invalidity
of the assumption of a continuous and constant-strength adjustment process. These could be
supplemented with the RESET and W HT tests for neglected nonlinearity both of which have
respectable power against Markov-type alternatives. Better still, if the high computational cost

is acceptable, Hansen’s (1992b) procedure can be used to directly test the one-state linear model

2Tt is worth mentioning that we repeated the simulation experiments of Section 3 using a data-generating
process calibrated to the empirical results in Tables 9A-9B. The results were very similar to those reported for

(pop,pn) = (0.98,0.9).
3 The two sets of filter probabilities do not imply exactly the same classification of regimes since all parameters

in the two models are allowed to be subject to Markov switching.
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of interest against the corresponding Markov model. Of course, since there exist situations in
which all these tests tend to have low power, it seems prudent to anyhow fit both linear and
Markov switching models to the data. Then, one of the competing models may be selected by
using the AIC criterion, which was found to work well in our simulations. Also, bootstrap-based
techniques like those discussed in Psaradakis (1998) could be used to assess the adequacy of
the rival models. As an illustration of the ideas discussed in the paper, we have analyzed the
long-run relationship between stock prices and dividends in the US.

In closing, we should stress that the idea of MEC adjustment has potential applications be-
yond the context of modelling temporary deviations of asset prices from underlying fundamen-
tals, especially when the class of MEC models is generalized to allow not only for the possibility
of ‘temporary’ cointegration analyzed here but also for situations where error-correction takes
place at each point in the sample but the speed of adjustment is subject to discrete changes. To
give an example, most stochastic general equilibrium models incorporate intertemporal budget
constraints which imply that, even though the relevant variables tend to move together in the
long run, there may be substantial short-run deviations from equilibrium. Although the vari-
ables will adjust in response to such disequilibrium errors, the adjustment will not necessarily
be continuous or of constant strength. One can think of situations where error correction will
depend on the type of economic policy adopted by the government (e.g., disequilibrium adjust-
ment in an imports—exports system can depend on whether the government is running current
account deficits or is implementing some trade policy). Another example are studies of currency
devaluations where the question of interest is the speed at which a devaluation (used as a means
of improving short-run competitiveness) is transmitted to domestic prices. Such questions are
typically answered by using linear error-correction models incorporating a long-run equilibrium
relationship such as the PPP. It is clear, however, that inferences about the speed of adjust-
ment made from such models will be misleading since they are based on information from two
different exchange-rate regimes. A MEC model should provide a more appropriate framework

for analyzing such problems.
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Table 1A. Rejection Probabilities (%) of Cointegration Tests

(po=¢1=1)

T ADF A 7 SW  LRiyace LRmax
50 484 644 780 504  9.80 9.76
100 428  6.64 616 488  7.32 7.36
200 476 648 596 568  7.20 7.72
500 540 548 520 508  6.28 5.72
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Table 1B. Rejection Probabilities (%) of Cointegration Tests (¢; = 1)

T =50 T =100 T =200 T =500
oo 0.0 0.7 0.0 0.7 0.0 0.7 0.0 0.7
Poo = 0.5, P11 = 0.5
ADF 44.60  8.68 92.36 25.24 99.76 81.40 100.0 100.0
Za 75.60 15.16 99.32 42.64 100.0  93.00 100.0 100.0
2,5 78.60 16.08 99.12 35.84 100.0 89.56 100.0 100.0
SW 83.44 12.32 99.64 40.40 100.0 93.24 100.0 100.0
L Rirace 56.24 16.72 94.72 30.00 99.96 74.68 100.0 100.0
L Rpax 56.92 14.64 95.76  27.60 99.96 77.80 100.0 100.0
poo = 0.9, p11=0.9
ADF 16.40  7.36 33.52 15.24 60.36  40.76 97.64 92.56
ZX 34.24 11.48 56.28  26.20 79.36 50.76 99.24 95.52
2,5 38.00 12.32 55.16 21.92 78.00 46.36 99.00 93.64
SW 37.68  9.56 58.68 23.44 83.60 52.16 99.64 96.80
L Rirace 23.08 14.00 39.28 21.00 65.80 41.04 97.72 89.28
L Rmax 21.48 12.20 38.56 18.68 66.20 39.88 98.48 90.64
poo = 0.98, p11 =0.98
ADF 13.24 7.64 15.76  12.20 20.32  21.20 36.48 39.32
Za 2740 11.32 33.28 20.16 3792 27.72 56.08 46.04
2,5 30.36 12.24 32.80 16.96 37.64 25.28 53.68 43.04
SW 28.60  9.32 34.28 18.68 41.40 28.60 59.48 48.08
L Rirace 17.40 12.52 21.84 15.48 26.80 22.84 42.28 37.36
L Rmax 17.64 12.12 21.00 14.72 25.32 21.84 42.68 37.12
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Table 1C. Rejection Probabilities (%) of Cointegration Tests (¢; = 1)

T =50 T =100 T =200 T = 500
oo 0.0 0.7 0.0 0.7 0.0 0.7 0.0 0.7
Poo = 0.98, P11 = 0.9
ADF 21.32  8.52 36.72  22.48 61.12 59.88 94.80 96.04
Za 44.16 15.48 67.52 38.56 87.16 70.92 99.32 97.84
Zg 4792 16.68 67.60 32.92 87.16 66.84 99.12 97.28
SW 46.76  13.28 70.08 36.44 89.16 71.80 99.56 98.24
L Rirace 26.56 14.84 45.44  26.76 70.12 57.52 96.20 94.92
L Rpax 25.80 12.72 44.84 24.48 71.20 57.56 96.44 95.40
poo = 0.9, p11 =0.98
ADF 8.72  5.56 9.12  6.76 12.28  9.56 35.16 19.88
ZX 16.00  7.96 18.84 10.04 21.84 11.96 45.24  23.16
Zg 19.00 948 18.04 9.40 20.76 11.12 41.20  20.20
SW 16.92  6.60 19.40 8.84 24.48 11.48 52.04 24.20
L Rirace 15.00 11.96 15.28 11.04 18.24 13.32 37.72  20.56
L Rmax 14.12  11.72 12.88  9.32 14.76  11.04 36.88 18.40
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Table 2A. Rejection Probabilities (%) of Parameter Instability Tests: Model M

T =50 T =100 T =200 T =500
oo 0.0 0.7 0.0 0.7 0.0 0.7 0.0 0.7
¢1 = ¢
L 6.32 2.24 7.64 3.64 9.72 4.64 12.32  6.40
AvgLR 7.84 840 8.88  8.60 10.64  7.60 12.80  8.80
ExpLR 8.96 11.76 9.76  9.80 11.48  8.32 12.76  8.32
SupLR 592  9.04 7.32  8.92 9.20 7.72 1140  7.76
¢ =1, poo=0.5, pn1=05
L 2.60 2.36 4.40 1.80 5.12  2.68 720 5.44
AvgLR 772 12.84 12.24 11.48 15.16 10.08 19.04 10.64
ExpLR 14.48 17.76 15.88 14.52 17.56 11.52 22.24 10.76
SupLR 13.56 16.08 17.04 14.84 18.24 12.80 24.60 11.08
¢1 =1, pw=0.9 p1=09
L 8.12 2.64 10.60  2.80 15.00 3.68 21.48  7.68
AvgLR 30.12 17.92 40.04 16.64 50.60 17.28 61.32 23.48
ExpLR 45.44  26.20 56.72 23.68 65.60 25.44 75.92  30.80
SupLR 40.84 23.08 55.28 24.28 67.96 29.16 79.64 37.48
o1 =1, poo=0.98, p11=0.98
L 13.00 3.16 21.96 5.12 26.84 7.60 28.76 12.44
AvgLR 47.00 23.72 63.16 30.04 68.60 38.20 70.48 46.16
FExpLR 58.68 33.28 72.68 39.32 79.12 48.96 82.92 59.76
SupLR 53.04 29.08 70.20 37.20 79.20 49.76 84.76  65.00
(bl =1, pg=0.98 p;1 =09
L 14.12  2.96 25.68  3.68 39.64 8.72 58.68 23.36
AvgLR 41.76  19.52 66.12 22.04 80.32 31.88 92.28 48.28
ExpLR 54.72  26.96 75.24  27.92 87.56 35.76 96.36 56.16
SupLR 49.08 24.04 72.52 27.64 88.16 34.72 97.00 57.72
o1 =1, poo=0.9, p;;1=0.98
L 7.64  3.56 6.96 3.44 6.88  2.80 540  2.16
AvgLR 33.64 23.96 38.28 24.80 37.40 23.44 35.08 19.32
FExzpLR 51.28 35.40 56.04 36.72 55.96 37.24 56.04 35.64
SupLR 46.56 31.92 55.44 37.76 58.64 42.64 62.04 44.08
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Table 2B. Rejection Probabilities (%) of Parameter Instability Tests: Model Ms

T =50 T =100 T =200 T =500
oo 0.0 0.7 0.0 0.7 0.0 0.7 0.0 0.7
¢1 = ¢
L 4.16 2.64 5.56  3.92 6.52  3.80 6.76  4.88
AvgLR 6.44 648 6.68 6.16 6.60  5.40 6.64  5.28
ExpLR 748  7.72 6.64  6.40 6.08 5.96 6.08 5.04
SupLR 5.04  5.56 4.68  5.12 4.60 5.12 512  4.56
¢»1=1, poo=05  p11=05
L 2.00 2.72 3.28 2.88 3.36  2.76 4.16  4.32
AvgLR 592  7.80 7.08 6.64 8.80  6.28 10.56  6.28
FExpLR 8.16  9.32 8.84 7.32 10.12  6.92 12.00 6.36
SupLR 796 7.64 8.48  6.60 10.08  6.96 13.48  6.08
¢1 =1, pw=0.9 p1=09
L 3.76  2.80 6.56  2.80 8.48  3.08 12.44  4.76
AvgLR 15.96 10.20 21.60  8.60 29.52  8.48 41.00 11.56
ExpLR 26.40 13.80 34.44 11.00 42.88 11.08 55.56 14.00
SupLR 23.32 11.40 33.32  10.28 45.44 12.88 59.96 17.32
o1 =1, poo=0.98, p11=0.98
L 752  3.36 11.96  3.76 14.92  3.60 17.68 6.16
AvgLR 25.28 13.76 38.00 12.64 43.52 15.24 50.60 21.32
FExpLR 37.44 19.28 49.80 18.64 56.96 21.52 65.32 30.64
SupLR 34.44 15.60 48.08 18.04 58.16  22.68 69.16 35.52
(bl =1, pg=0.98 p;1 =09
L 6.96 2.80 14.52  3.04 23.60  4.48 42.64 11.92
AvgLR 23.24  9.52 39.64 10.64 59.28 13.04 79.56  25.48
ExpLR 34.08 13.40 49.92 13.24 68.44 15.68 88.00 28.64
SupLR 29.12 11.36 46.40 12.16 69.08 15.68 89.72 29.08
o1 =1, poo =09, pi1=098
L 3.88  3.72 3.80 2.48 3.08 2.64 2.96  2.40
AvgLR 16.84 12.68 19.16 12.44 18.48 10.40 15.92  7.52
FExzpLR 31.60 20.08 34.88 18.84 35.72 17.16 31.84 13.72
SupLR 29.24 17.76 35.00 18.88 38.48 20.00 39.80 20.52
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Table 3A. Rejection Probabilities (%) of Nonlinearity Tests: Model M;

T =50 T =100 T =200 T =500
oo 0.0 0.7 0.0 0.7 0.0 0.7 0.0 0.7
¢1 = ¢
RESET 4.44  3.28 3.80 3.92 4.48  3.28 4.76  3.24
WHT 3.84 4.80 4.48  4.80 4.08 3.20 5.00 4.60
BDS 18.20 17.48 10.84 10.20 7.64 7.76 580 5.52
NNT 4.16  4.08 3.68  4.20 4.32  4.52 4.40 4.72
¢ =1, poo=0.5, pn=05
RESET 1824  5.40 26.20 5.92 32.16  7.60 43.48  8.56
WHT 13.56  6.44 20.04  6.52 23.56  6.76 31.00 7.76
BDS 33.56 16.60 50.32 10.96 79.44  8.76 99.24 10.52
NNT 11.08 3.72 13.64  4.56 16.12  5.20 20.96 6.12
¢1 =1, pyw=0.9 p1=09
RESET 23.56  5.60 37.76  7.20 53.56 10.08 75.96 20.44
WHT 16.52  6.12 31.04 7.20 57.48 10.84 92.52 24.72
BDS 26.20 18.28 33.28 11.44 53.76  9.76 87.40 10.00
NNT 11.20  3.96 19.96  4.40 40.32  6.28 81.00 25.64
o1 =1, poo=0.98, p11 =098
RESET 24.48  7.92 41.96 11.24 54.68 18.92 68.60 35.60
WHT 20.32  6.88 41.52  7.84 69.36 14.12 91.92 35.68
BDS 25.36  18.88 30.20 11.80 49.16 11.28 82.48 12.76
NNT 12.20  5.04 24.88  6.72 42.28 11.96 63.12 34.40
(bl =1, poo=098, pi1 =09
RESET 24.64  5.52 48.92  9.24 77.12  19.08 97.40 50.12
WHT 19.56  6.00 50.48  7.12 86.88 13.08 99.92 36.36
BDS 24.64 17.96 36.60 11.52 69.72  8.92 99.08  9.68
NNT 12.84  4.12 29.48  5.88 63.88 14.08 97.04 55.16
o1 =1, poo=0.9 pi1=0.98
RESET 21.32  6.92 30.40 9.16 36.44 10.04 43.08 11.56
WHT 16.96  8.36 24.04  9.32 34.72 14.72 57.68 31.00
BDS 27.00 19.68 25.96 13.28 31.40 12.12 49.68 14.84
NNT 9.80 3.88 15.64  5.40 19.52 524 29.20 7.20
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Table 3B. Rejection Probabilities (%) of Nonlinearity Tests: Model Mj

T =50 T =100 T =200 T =500
¢o 0.0 0.7 0.0 0.7 0.0 0.7 0.0 0.7
¢1 =P
RESET 4.20  3.56 4.04  4.48 4.28  4.92 4.20  3.76
WHT 5.16 4.12 4.68  3.44 5.20  4.96 5.08  4.56
BDS 19.92 17.68 10.48 11.60 7.84  7.76 592 5.84
NNT 4.00 4.24 3.80 4.96 4.76  5.20 440  4.36
¢1 =1, poo =05, p11=05
RESET 12.28  5.08 17.36  5.52 21.36  6.20 29.16  7.84
WHT 9.60 4.08 11.92 4.20 13.96  5.52 19.00 5.76
BDS 19.84 17.40 16.04 12.00 23.16 7.80 45.80  6.36
NNT 9.36 4.16 10.68  4.68 11.48  5.08 15.16  5.40
1 =1, poo=0.9, p11=09
RESET 17.00 6.40 26.28  7.00 40.16  7.44 61.12 12.88
WHT 11.36  4.56 17.88  4.76 32.72 7.24 66.52 12.16
BDS 20.76 18.44 15.84 11.20 19.28  8.32 30.20  6.48
NNT 8.72  5.12 12.20  4.68 26.72  5.04 69.08 14.24
o1 =1, poo=0.98 p11=0.98
RESET 19.00 6.48 29.68  8.12 42.20 11.40 58.84 21.40
WHT 13.60 6.24 24.36  6.92 50.40 10.56 84.08 19.60
BDS 22.52 18.56 18.68 12.64 23.68 10.44 40.68  9.04
NNT 8.48  4.96 16.68  5.44 29.96  7.96 52.28 20.32
¢1 =1, pow=0.98, pi1=09
RESET 18.60  5.56 35.20  6.92 61.00 10.28 93.68 30.04
WHT 12.92 4.48 24.96  4.76 56.56  7.44 94.36 13.92
BDS 19.84 18.00 17.20 11.00 23.48  8.48 51.16  6.96
NNT 9.28 3.88 19.16  5.24 48.40  8.04 93.28 32.96
o1 =1, poo=0.9, pi1=098
RESET 18.08  7.96 23.48  8.60 29.12  8.20 34.92  9.80
WHT 12.28  6.68 18.56  8.24 25.52 12.16 39.24 19.64
BDS 22.32 18.32 19.60 13.88 16.32 10.84 19.60 10.28
NNT 8.00 4.24 9.28  4.56 12.24  4.56 19.40  6.68
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Table 4A. Rejection Probabilities (%) of Hansen’s Test: Model for z; (¢ = 1)

T =50 T =100 T =200
oo 0.0 0.7 0.0 0.7 0.0 0.7

Poo = 0.5, P11 = 0.5
11.20 0.40 26.00 0.80 69.40  1.20
11.40 0.60 26.80 0.80 69.20 1.60
12.60 0.80 28.40 0.80 69.40 1.40
14.20 1.20 29.40 1.00 69.20 1.20
14.60 1.20 29.60 1.00 69.20 1.40

SEEER
[

poo = 0.9, p11 =09
16.40 1.80 50.20 2.00 82.80  6.60
16.00 1.40 49.20 1.80 82.40  5.00
16.20 1.20 47.00 1.40 80.60  3.80
15.80 1.40 45.20 1.20 80.00 3.20
15.80 1.00 45.00 1.20 79.40  3.00

S S
[

poo = 0.98, p1; =0.9
19.40 0.60  52.00 240  87.80 10.60
1840 0.60  50.20 2.00  86.40  9.40
1760 0.60 4620 1.80  85.20 8.20
17.00 0.60  44.60 1.80  85.00 7.60
1660 0.60  42.80 1.80  83.80 7.00

ST EER
[
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Table 4B. Rejection Probabilities (%) of Hansen’s Test: Model for Az, (¢; = 1)

T =50 T =100 T =200
oo 0.0 0.7 0.0 0.7 0.0 0.7

poo = 0.5, p11=20.5
5.20 1.00 6.60 0.40 20.00 0.60
5.40 1.40 6.60 0.40 21.20 0.70
5.60 1.40 7.80 0.60 21.20 0.80
6.00 1.80 8.00 0.60 21.80 0.80
6.80 1.60 9.20 0.60 22.40 0.60

SEEER
[

poo = 0.9, p11 =09
13.20 1.00 23.40 0.40 45.40 1.20
13.00 0.80 23.00 0.20 44.40 1.00
12.60 0.80 22.60 0.20 43.80 0.80
12.40 1.20 21.60 0.20 43.00 0.60
12.20 1.20 20.80 0.20 43.20 0.60

ST EER
[

poo = 0.98, p11 =0.9
10.60 0.60  22.00 0.80  59.80 2.00
10.40 0.60  20.80 0.80  58.60 2.00
10.60 0.60  20.20 0.80  57.00 1.40
11.00 0.60  19.00 0.80  54.80 1.20
10.80 0.60  18.00 1.00  53.60 1.00

S S
[
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Table 5A. Selection Probabilities (%): Model for z; (¢; = 1)

o

T =50 T =100 T =200 T = 500

0.0 0.7 0.0 0.7 0.0 0.7 0.0 0.7

poo = 0.5, p11 =05

48.68 21.36 69.64 22.80 92.12 26.24 100.0 42.68
poo = 0.9, p11 =09

57.72 23.68 83.48 28.16 98.00 42.48 100.0 75.28
poo = 0.98, p11 =0.98

57.16 22.40 77.96 27.76 89.16 42.36 96.88 74.60
poo = 0.98, p11 =0.9

55.88 21.84 83.60 26.84 98.12 43.56 100.0 79.60
poo = 0.9, p11 =0.98

58.12  26.04 77.52 32.24 88.32 44.04 97.80 73.04

Table 5B. Selection Probabilities (%): Model for Ax; (¢; = 1)

N

T =50 T =100 T =200 T = 500

0.0 0.7 0.0 0.7 0.0 0.7 0.0 0.7

poo = 0.5, p11 =0.5

31.36 16.56 42.84 17.24 65.64 19.08 95.32 23.84
poo =0.9, p11 =09

41.64 1724  61.64 16.52  88.00 2324  99.64 40.08
poo = 0.98, pi1 = 0.98

45.80 17.24 63.16 19.44 79.44  26.80 91.28 48.88
poo = 0.98, p11 =0.9

39.64 15.72 60.60 16.20 89.68 21.84 99.80 45.96
poo =0.9, pi11 =0.98

51.32 21.28 66.88 26.04 81.44 32.52 94.72  53.00
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Table 6. Cointegration Tests and Estimated Cointegrating Vector

ADF  -4.284 [2] SW —41.771
Zn -36.201 LRirace  24.997 [1]
Zy —4.506 LRmayx 21.673 [1]
PH pe = 24.274d,

NOTES: The number of lags (in square brackets) is selected
by minimizing the AIC over k € {1, ...,12}. For all tests, a
constant and a trend are included in the test regressions.

Table 7. Parameter Instability and Nonlinearity Tests

2=+ 0z1+e Apy =p+9z-1+ e
L 0.297 (0.749) 0.584 (0.749)
AvgLR 2.561 (4.610) 2.671 (4.610)
ExpLR 2.245 (3.220) 1.627 (3.220)
SupLR 10.938  (11.790) 5.981 (11.790)
RESET  5.683 [0.001] 6.389 [0.000]
WHT 8.664 [0.070] 4.569 [0.334]
BDS 3.118 [0.000] 2.192 [0.014]
NNT 11.950 0.002] 13.760 0.001]

NOTES: 5% critical values are in parentheses and p-values are

in square brackets.

Table 8. Hansen’s Test

2t = [+ P21+ € Apy = p+Vz-1 + e

M=0 [0.050] [0.035]
M=1 [0.047] [0.037]
M=2 [0.049] [0.054]
M=3 [0.059] [0.072]
M=4 [0.060] [0.089]
Standardized LR statistic 3.566 3.360

NOTE: p-values are in square brackets.
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Table 9A. ML Estimates for the Equilibrium-Error Model

2t = Mg, + Ps, ft—1 + 0,1

Estimate Std. Error

Lo —0.134 0.026
1y 0.059 0.060
©o 0.406 0.112
1 0.882 0.116
o) 0.120 0.019
o1 0.197 0.026
Poo 0.944 0.048
P11 0.955 0.039
Log-likelihood 37.029

Table 9B. ML Estimates for the Error-Correction Model

Apt = Mg, + ﬂStZt—l + 05,1y

Estimate Std. Error

Ho -0.025 0.033
o 0.260 0.115
Jo -0.561 0.235
h -0.163 0.128
ol 0.170 0.015
o1 0.328 0.044
Doo 0.940 0.087
D11 0.969 0.025
Log-likelihood 5.465
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12

Figure 1: Stock prices (solid line) and dividends (broken line).
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Figure 2: Inferred probability for regime 1 based on the AR(1) model (solid line) and equilibrium
error (broken line).
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Figure 3: Inferred probability for regime 1 based on the MEC model (solid line) and equilibrium
error (broken line).
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