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A

ABSTRACT

Hypothesis testing plays an important role in econometrics. It is used to test aspects
of economic theory or to check the specification of an econometric model. Because
econometrics is a non-experimental discipline, it is essential to have reliable testing
procedures, particularly in the presence of nuisance parameters. Also,
econometricians often use sample sizes of under one hundred, therefore it is
preferable that their testing procedures have reliable finite-sample properties. In the
absence of uniformly most powerful (UMP) tests or uniformly most powerful
invariant (UMPI) tests, King (1987b) suggested the use of point optimal (PO) tests,
which are most powerful at a chosen point under the alternative hypothesis.
Unfortunately, these tests cannot always be constructed for a composite null
hypothesis, For situations where PO tests cannot be constructed, King suggested an

approximate point optimal (APO) test.

Existing studies, show that King's APO tests are not always reliable. For example,
Silvapulle (1991, 1994a) applied King’s APO tests to two composite non-nested
testing problems, namely, testing for first-order moving average (MA(1)) errors
against first-order autoregressive (AR{1)) errors and testing for AR(1) errors against
first-order integrated MA (IMA(1,1)) errors with a negative MA coefficient in the
linear regression model. The APO test worked extremely well for the former problem
but performed poorly for the latter. This and the excellent finite-sample performance
of the PO test motivated us to propose an APO test, called the g test, based on the
generalised Neyman-Pearson lemma (GNPL), for testing a composite null hypothesis
against a simple alternative. This test can be used for testing a composite null

hypothesis versus a composite alternative.

In this thesis, we apply the g test to the above two testing problems considered by
Siivapulle and to the problem of testing for a static linear regression mode! with
AR(1) errors against a dynamic linear regression mode! with white noise errors. For
the first two problems, we compare the small-sample sizes and powers of our g test
with those of Silvapulle’s test with encouraging results, while for the third problem,

we compare the small-sample sizes and powers of our test with those of marginal




likelihood based one-sided classical tests, such as, the likelihood ratio (LR), Wald
(W) and Lagrange multiplier (LM) tests. Because classical tests are specially
designed for nested testing, they are applied to test for the significance of the dynamic
regressor coefficient in a dynamic linear regression model with AR(1) errors. We
consider both the Laplace approximated information based and estimated information

based W (and LM) tests, in order to see which test is best in finite samples.

We selected the third problem purposely because the performance of the PO and APO
tests in the presence of (unavoidable) nuisance parameters is largely unknown in
practice. The presence of nuisance parameters can make tests non-similar. Because it
is extremely hard to obtain exact non-similar critical values of non-similar tests, few
studies exist based on (approximate) non-similar critical values. In this thesis, we
propose a new approach to obtain exact non-similar critical values of general non-
similar tests, using a global optimizer called simulated annealing (SA). Because this
can be an extremely computer intensive procedure, we also suggest and investigate
the performance of near exact non-similar critical values. Because this SA based
approach involves controlling the maximum size of a non-similar test over the
nuisance parameter space, this method also allows one to assess the accuracy of any
approximation to the distribution of the test statistic under the null hypothesis. In this
thesis, we used this approach to assess the finite-sample performance of large-sample
based classical tests under the null hypothesis and to check whether the large-sample
distribution based test or the approximate small disturbance asymptotic (ASDA)
disiribution based test is more reliable. For the latter case, we used the large-sample
based Durbin’s ¢ test and the ASDA distribution based Durbin-Watson (DW) test in

the context of the dynamic linear regression model.

Our study clearly shows that the marginal likelihood based one-sided asymptotic LR
and W tests cannot be trusted under the null hypothesis even when the sample size is
60, because they can have maximum sizes closer to one over the nuisance parameter
space. Compared to all the tests considered, the Laplace approximated information
based LM test seems to be the best in this regard, however, it is not ideal either. Our
study also shows that neither the large sample based ¢ test nor the ASDA distribution
based DW test is best under the null because both tests can have approximately the

same (higher than nominal) maximum sizes over the nuisance parameter space.

xi




The overall recommendation of this thesis is that, if a PO test is suitable for a
particular testing problem it should be used. For the testing problems we considered,
the g test performs well, which suggests that this test may be useful for other
situations where the PO test cannot be constructed. For the non-simiiar tests we
considered, near exact non-similar critical values generally seem good approximations
to the exact non-similar critical values. Also our study favours near exact non-similar

critical values over approximate non-similar critical values.
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Chapter 1:  Introduction

CHAPTER 1

INTRODUCTION

1.1 Introduction

Hypothesis testing plays an important role in econometrics. It is used to test aspects
of economic theory or to check the specification of an econometric model. The non-
experimental nature of econometrics (which distinguishes econometrics from its
parent discipline of statistics), means econometricians have little control over sample
size and there is much less certainty about model specification than in disciplines in
which experiments can be conducted. Also, econometric models often have to
account for factors which may not be directly of interest. Thus, econometric models
typically contain farge numbers of unknown parameters, about whose true functional
form, little is known. For all these reasons, econometricians need reliable testing
procedures, particularly in the presence of nuisance parameters (see King (1994)).

Also, these tests should be as powerful as possible.

Tests that have the correct size and good power properties can be regarded as good
tests. Achieving correct sizes is a problem in the presence of nuisance parameters

because their presence can make tests non-similar. In other words, the test’s sizes




Chapter 1; Introduction

vary with the nuisance parameter values, thus size cannot be fixed at a desired level.
The conventional approach to dealing with non-similar tests is to control the
maximum probability of a Type I error (or size) over the nuisance parameter space by
ones choice of critical values. These critical values are called exact non-similar
critical values and if they are used, sizes for all null hypothesis data generating

processes will never exceed the nominal size.

For any testing problem, we would like to use a uniformly most powerful (UMP) test
or a uniformly most powerful invariant (UMPI) test', which always have power at
least as great as that of any other test of the same size. However, such tests rarely
exist. If a UMP test does not exist then selecting a test becomes complicated by the
fact that no single test dominates in terms of power. For this situation, Cox and
Hinkley (1974) suggested three alternative approaches to test construction, namely,
using a test which maximizes power at a “somrzwhat arbitrary typical point” in the
alternative parameter space, removing this arbitcariness by choosing the point to be
close to the null hypothesis and choosing the test which maximizes some weighted
average of power over the alternative parameter space. Cox and Hinkley’s first
suggestion is known as the point optimal (PO) solution and was investigated by King
(1983, 1987b). For tests based on the second suggestion, see Wu and King (1994),
and for tests based on the third suggestion, see Andrews and Ploberger (1994).

In this thesis, we propose an approximate point optimal (APO) test, based on the
generalised Neyman-Pearson lemma (GNPL), for testing a composite null hypothesis
against a simple alternative. We denote this test as the g test. The g test can be used
for testing a composite null hypothesis against a composite alternative. As explained
below, this test will be useful for situations where King’s PO test cannot be
constructed. The g test involves the finding of multiple critical values. These critical
values can be obtained by following an iterative procedure (described in Chapter 3) or
by using a global optimizer called simulated annealing (SA) (described in Chapter 5).
In this thesis, we also propose a new approach to obtain exact (and near exact) non-
similar critical values of general non-similar tests, using SA. To author’s knowledge

this is the first study that uses SA for these pusposes.

Y1f a test is UMP within the class of invariant tests then it is called a UMPI test.

e




Chapter 1: Introduction

1.1.1 Motivation for Constructing the g Test

King (1987b) introduced a PO test (which is the most powerful test at a chosen point
under the alternative hypothesis) for testing nested and non-nested hypotheses®.
Because it is the most powerful test at a chosen point, King observed that his PO test
can be used to trace out the maximum attainable power envelope for a given problem.
The power envelope provides a benchmark against which test procedures can be
evaluated. Also, the PO test exploits the one-sided nature of the testing problem in
economic applications, which is helpful for situations where one has reasons to

believe that the parameter under study is positive or negative®.

Because, PO tests are exact, they are useful for the typical sample sizes used in
econometrics. For the majority of testing situations, PO tests have excellent relative
power around the point at which power is optimised. They also can have good power
away from this point. For example, if a UMP test exists, then the PO test wil]l be
UMP. For some testing situations, PO tests can be approximately UMP (see Shively
(1988b)) or can be UMP over a subset of the alternative parameter space (see King
and Smith (1986)). However, for other testing situations, the relative power
performance of the test can drop away quickly as one moves away from the point at

which power is optimised (see Dufour and King (1991)).

Though the PO test has several advantages, it is not suitable for every testing situation
in econometrics. It seems suitable for testing problems which involve a small number
of parameters and prior knowledge of the signs of the parameters under the alternative
hypothesis. As King points out, in econometric applications the knowledge of the
parameter’s signs can often be deduced from the underlying economic theory and the
number of parameters in a testing problem, particularly if one is dealing with a linear
model, can sometimes be reduced by invariance methods or by considering sufficient
statistics. Even if these are realised, the PO test cannot be guaranteed always to exist

as we shall discuss next.

? Nested hypotheses mean the null can be obtained as a simplified version of the alternative model. If
this is not the case for all models under the null then the hypotheses are known as non-nested (see
McAleer and Pesaran (1986)). )

* In hypothesis testing, using such information should result in greater power (see Wu and King
(1994)),
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A PO test always exists for (a) a simple null hypothesis versus a simple alternative
hypothesis testing problem, and for (b) a simple null hypothesis versus a composite
alternative hypothesis testing problem, but not always for (c) a composite null
hypothesis versus a composite alternative hypothesis testing problem. That is, for (a),
the fundamental Neyman-Pearson lemma (FNPL) provides a likelihood ratio (LR)
test, which is the most powerful test, therefore, it is the PO test. Similarly, for (b), for
a chosen point in the alternative parameter space, the FNPL based LR test is the most
powerful test in the neighbourhood of that chosen point, therefore, it is the PO test.
For (c), one might think of applying the FNPL based LR test for a chosen point under
the null versus a chosen point under the alternative case, however, this test does not
necessarily result in a test which is PO. The reason for this is that because the null
hypothesis is composite, the sizes of the test are a function of parameters under the
null hypothesis and hence vary with the values of these parameters. This means that
we cannot fix the size of the test to a desired constant level. The standard approach in
this situation is (as mentioned earlier) to control the maximum size to be less than or
equal to some desired nominal size by ones choice of critical value. If for such a
critical value, the maximum size of the FNPL based LR test occurs precisely at the
chosen point under the null, then the test will be most powerful in the neighbourhood
of the chosen point under the alternative, thus, it is the PO test. However, it may not
be possible to obtain such critical values always, consequently this form of PO test
cannot be guaranteed always to exist when testing a composite null. For situations

where a PO test cannot be constructed, King (1987b) recommended an APO test.

Existing studies suggest that King’s APO tests are not always reliable. For example,
Silvapulle (1991, 1994a) applied King’s APO tests to two composite non-nested
testing problems, namely, testing for first-order moving average (MA(1)) errors
against first-order autoregressive (AR(1)) errors and testing for AR(1) errors against
first-order integrated MA (IMA(1,1)) errors with a negative MA coefficient in the
linear regression model. The APO tests worked extremely well for the former
problem but performed poorly for the latter. Studies like this indicate that it is
important to have a reliable APO test for testing composite hypotheses, which
econometricians frequently face. This and the reme~i. .»le finite-sample properties of
the PO tests reporied in previous studies motivated us to develop the g test which is

introduced in Chapter 3.
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1.1.2 Motivation for a New Approach to Finding Exact (and Near Exact)
Non-Similar Critical Values

As noted earlier, the presence of nuisance (or unknown) parameters can make tests
non-similar. To avoid the effects of nuisance parameters, researchers often search for
a class of similar or invariant tests. In the former test case, the size of the test is fixed
independently of the nuisance parameters and in the latter case, the nuisance
parameters are avoided by making the test invariant to the class of data
transformations that they represent. Invariant tests are attractive but not always
available. Also the associated test statistics tend not to have standard distributions.
Similarly, it may not always be possible to construct similar tests for complicated
problems. Also, similar tests may be less powerful than non-similar tests (see
McAleer and Pesaran (1986) and McAleer (1995) in the context of non-nested
testing). Another popular approach (in the presence of nuisance parameters) is to
rcplacé the unknown parameters by consistent estimates and appeal to asymptotic
theory. Recent studies show that using marginal likelihood estimates rather than
classical likelihood estimates for the nuisance parameters can result in better finite-
sample inferential procedures (see Ara (1995), Grose (1998) and Rahman and King
(1998))*. However, this approach does not solve the problem of tests being non-

similar.

By assuming knowledge of the nuisance parameters, exact size critical values of a
non-similar test can be obtained via the Monte Carlo method. If such a critical value
is used, for the nuisance parameter values we assumed the test size will be equal to
the nominal size. Exact size critical values for non-similar tests are not useful in
practice because they require knowledge of the unknown parameters. Exact non-
similar critical values can be useful, however, they seem to be less popular because
they require perfofming a Monte Carlo experiment each time one wants a critical
value. There are few existing studies based on non-similar critical values (see Inder
(1985), King and McAleer (1987), Grant (1987) and Silvapulle (1991)). However,

these are typically only based on approximate non-similar critical values.

4 Marginal likelihood is one of the likelihood based methods designed to overcome the nuisance
parameters’ probiem and is discussed in Chapter 5.




Chapter 1: Introduction

Approximate non-similar critical values may not work well for all testing problems,
design matrices and tests. Also, it is difficult to obtain them when the number of
nuvisance parameters is high. This motivated us to investigate a (SA based) approach
to obtain exact (and near exact) non-similar critical values of general non-similar
tests. This approach involves controlling the maximum size of a non-similar test over
the nuisance parameter space, therefore it is also useful for assessing the accuracy of

an approximation to the distribution of the test statistic under the null hypothesis.

This thesis focuses on the following issues:

(1) The theory and construction of the g test.

(2) Testing for MA(1) errors against AR(1) errors in the linear regression model,
using the g test.

(3) Testing for AR(1) errors against IMA(1,1) errors in the linear regression model
using the g test.

(4) Calculating exact (and near exact) non-similar critical values and exact size
critical values® for general non-similar tests via SA.

(5) Testing a static linear regression model with AR(1) errors against a dynamic linear
regression model with white noise errors, using the marginal likelihood based g

test and the marginal likelihood based one-sided classical tests.

Among these, (1), (2) and (3) are discussed in Chapter 3, while (4) and (5) are
discussed in Chapter 4 and Chapter 5, respectively. Unlike for the first two testing
problems, nuisance parameters cannot be avoided for the last problem. We purposely
selected the last problem, in order to see the performance of the g test (which is an

APO test) in the presence of (unavoidable) nuisance paramctersﬁ.

5 Bxact size critical values are obiained by assuming knowledge of the unksiown parameters.
% Chapter 2 reveals that the performance of the PO and APO tests in the presence of unavoidable

nuisance parameters is largely unknown.
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1.2 Outline of the Thesis

A review of hypothesis testing is presented in Chapter 2. This chapter mainly focuses
on studies involving PO tests in the context of composite hypothesis testing. Because
all the applications considered in this thesis are non-nested, some popular non-nested
tests are also briefly discussed. In addition, other studies that are relevant to this

thesis, such as, studies based on non-similar critical values and those based on SA are

also discussed.

This chapter reveals the importance of developing tests which have excellent finite-
sample properties, such as, PO tests, rather than relying on large-sample based tests.
For example, in the context of non-nested testing, almost all the existing tests are
large-sample based and many are observed to perform poorly in finite samples.
Studies involving APO tests of a composite nuil indicate the need for a reliable APO
test. We also note that PO and APO tests have been applied mainly for situations
where the nuisance parameters can be avoided via invariance arguments, which
confirms the fact that their performance in the presence of unavoidable nuisance
parameters is largely unknown. Studies based on approximate non-similar critical
values indicate that obtaining such critical values can be quite difficult when the null
distribution of the test statistic depends on more than one nuisance parameter.
Finally, studies on SA confirm that the SA algorithm is much more robust than

conventional algorithms.

Chapter 3 discusses the theory behind the g test and how it can be applied for testing
composite non-nested disturbance covariance matrices in the linear regression model.
The g test is then applied for the first two (above mentioned) testing problems and the
small-sample size and power properties are compared with those from Silvapulie
(1991, 1994a) and Silvapulle and King (1991). Also, the use of the g test is illustrated

by its application to two real world data sets. -

Chapter 4, proposes a new approach to calculating exact size critical values (t s
assuming knowledge of the unknown parameters) and exact non-similar critical

values of general non-similar tests. Because obtaining the exact non-similar critical

e
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values can be time consuming, we also suggest and investigate the use of near exact
non-similar critical values. For this study we consider two non-similar tests, namely,
the Durbin-Watson (DW) test and Durbin’s ¢ test in the context of the dynamic linear
regression model. In order to obtain near exact non-similar critical values of these
tests, we use approximate small disturbance asymptotic (ASDA) and large-sample
based critical values, respectively, and SA. Therefore, in this case, our SA based
approach can be expected to indicate which asymptotic approach ic more reliable
under the null hypothesis. In this chapter, we calculate the sizes of the tests for a
variety of nuisance parameter values and design matrices, in order to check whether
the SA based near exact non-similar critical values are indeed working well in terms
of controlling the sizes over the nuisance parameter space. We also compare near
exact non-similar critical values with approximate non-similar critical values used in

previous studies,

Chapter 5 explores the problem of testing for a static linear model with AR(1) errors
against a dynamic linear model with white noise errors. As mentioned earlier, for this
problem, the nuisance parameters cannot be avoided. Therefore, to lessen the
nuisance parameters’ effect, here we deal with marginal likelihood based tests. The
tests considered for this problem are the marginal likelihood based g test and the
marginal likelihood based one-sided LR, Lagrange multiplier (LM), and Wald (W)
tests. Both Laplace approximated information based and estimated information based
W (and LM) tests are considered in order to see which test is best in finite samples.
The size and power comparisons of this chapter are based on near exact non-similar
critical values obtained via SA. Here, the size and power calculations are made for a
variety of nuisance parameter values in order to determine the best test over the

nuisance parameter space.

A summary and some concluding remarks are given in the final chapter.
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CHAPTER 2

HSYPOTHESIS TESTING AND RESEARCH FINDINGS RELATED
TO OUR STUDY: A REVIEW

2.1 Introduction

The non-experimental nature of econometrics leads to much less certainty about
model specification than in disciplines in which experiments can be conducted. That
is, for a particular economic data set there may be more than one piausible model.
Any model seems plausible should it be able to stand up to rigorous testing using
empirical data. For this purpose there exist many diagnostic tests such as the DW test
for serial correlation, LM tests for various forms of heteroscedasticity, tests for
functional form, structural stability, exogeneity of regressors and so on (see Beggs
(1988) for an excellent survey on diagnostic tests). It is possible for these diagnostic
tests to accept one or more models within the same (nested) or across different (non-
nested) paradigms. It is then important to test the models which are not rejected by
diagnostic tests against each other using powerful testing procedures because correct

model specification is essential for inference, forecasting and policy making.
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Econometricians typically use small to moderate sized samples. Because it is
extremely hard to derive the finite-sample distributions of test statistics in the
presence of nuisance parameters, econometricians often use large-sample based tests.
However, large-sample based tests generally perform poorly in terms of size
properties. For example, the majority of the tests proposed for non-nested prchlems
are large-sample based and many are known to perform poorly in finite samples (see
McAleer and Pesaran (1986} and McAleer (1987, 1995) and Godfrey (1998)). The
reason for the failure of most of the asymptotic tests in finite samples may be due to
their dependence on the likelihood principle. That is, the most popular basis for
estilnation and inference in econometrics is the maximum likelihood or likelihood
principle. It is well known that maximum likelihood estimates are biased in finite
samples, consequently, maximum likelihood based tests can be expected to perform
relatively poorly in finite samples. Recent studies show that marginal likelihood
based tests behave better than conventional likeiihood based tests in small samples
(see Ara (1995), Rahman and King (1998), and Grose (1998)). This suggests that
better handling of nuisance parameters may improve the small-sample properties of
large-sample based approaches. Because marginal likelihood based tests have been
applied mainly to linear regression models and dynamic linear regression models with
white noise errors, their performance for more complicated models is largely

unknown.

King’s (1987b) point optimal (PO) testing approach is particularly aimed at sraall-
sample testing problems. Since its introduction, PO tests and approximate point
optimal (APO) tests have been applied successfully to many testing situations.
Strangely, many text books fail to mention the PO testing approach and its progress.
We also observe that recent studies on non-nested testing procedures also mostly
ignore this approach (see McAleer (1995) and Pesaran and Weeks (2000)). This
chapter’s aim is to survey contributions on PO testing in the context of composite
hypothesis testing. Because all the applications considered in this thesis are non-
nested, we briefly discuss some popular non-nested tests as well. Other studies

relevant to this thesis are also reviewed.

The plan of this chapter is as follows. Section 2.2 introduces PO and APO tests.

Section 2.3 briefly discusses some mon-nested tests. Section 2.4 compares the PO
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(and APO) tests of a composite null hypothesis with other existing tests. Section 2.5
reviews some other relevant studies to this thesis. Finally, concluding remarks are

given in section 2.6.

2.2 Introduction to PO Tests and APQ Tests

In the absence of UMP or UMPI tests, King (1987b) suggested a PO test, which is the
most powerful test at a chosen point in the alternative parameter space. The idea
behind his PO test is as follows. If we focus ~n one point in the alternative hypothesis
parameter space, then for a given significance level, all tests have a single power
value at this point. According to theory, for a given class of tests, the maximum (or
supremum) of these power values exists and a test whose power attains this maximum
is a most powerful test in the neighbourhood of the predetermined point; it is the PO

fest.

King proposed the PO test for a very general framework and applied it to the problem
of testing for AR(1) errors against MA(1) ervors in the linear regression model. He

proposed the PO test for the general problem of testing

H,: x has density f(xl@) (2.2.1)
against
H_: x has density g(x16) (2.2.2)

where x is the observed sample, @ is a pXx1 vector of parameters restricted to the
set A and @ isa gx1 vector of parameters restricted to the set ©. Observe that this

general testing problem incorporates both nested and non-nested problems as special
cases. We assume that any knowledge about the possible range of parameter values

has been used to keep the parameter sets, A and @, as small as possible.

For the simpler problem of testing

I
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H,: x has density f(x,m,) (22.3)
against
H: x has density g(x,8,), (2.2.4)

where @, € A and 8, € O are fixed and known, the fundamental Neyman-Pearson
lemma (FNPL) implies that rejecting H, for large values of s(w,,8,) =
g(x,8,)! f(x,w,) is the most powerful test. Suppose we wish o test a simple
hypothesis H, against a composite alternative H, , the same test can serve as the most
powerful test in the neighbouhood of &,. However, as discussed in the previous

chapter, the same test does not necessarily result in a most powerful test in the

neighbourhood of &,, when testing H, against H,. King observed that this could

happen only if the critical value ¢ and the point @, can be chosen such that
Pr{s(®,,8,)>clx ~ f(x,0,)) = & (2.2.5)
and
Pris(®,,8)>clx~ f(x,0)] < a, forall weA, (2.2.6)

where & is the desired level of significance. That is, we have to choose @, such that

the maximum size of the test occurs at this point. For situations where appropriate

values of @, and ¢ cannot be found, King suggested an APO test. The APO test

requires @, 1o be chosen such that (2.2.6) holds and

a - Pr{s(®,,0,) > clx ~ f(x,@,)] 2.2.7

is minimised. Obviously, if (2.2.7) equals zero, then, the APO test is the PO test.

Thus, the closer (2.2.7) is to zero the better.
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The majority of successful applications of the PO approach have been in the context
of the linear regression model. Some examples are: testing for AR(1) disturbances
(Berenblut and Webb (1973), King (1985a) and Dufour and King (1991)); testing for
MA(1) disturbances (King (1985b)); testing for heteroscedasticity (Evans and King
(1985, 1988)), testing for random walk disturbances (Sargan and Bhargava (1983));
testing for random coefficients (Franzini and Harvey (1983), Shively (1986, 1988a,
1988b), Brooks and King (1994), Brooks (1993, 1995) and Rahman and King
(1994)); testing for moving average unit roots in ARIMA models (Saikkonen and
Luukkonen (1993)); testing for autoregressive disturbances in a time series regression
with missing observations (Shively (1993)), testing for block effects in regression
disturbances (Bhatti (1992) and Bhatti and King (1994)); and tests of non-nested esror
processes (King (1983, 1987b), Silvapulle (1991, 1994a, 1994b) and Silvapulle and
King (1991, 1993)).

Despite its excellent performance on many occasions, King's PO test has had its
critics (see Dastoor and Fisher (1988), Bierens (1988) and Potscher (1988)). The

main criticisms King’s PO test have received are as follows.

(1) The finite-sample distributions of the PO tests are complex, therefore, it is

computationaly difficult to obtain critical values for the PO tests.

(2) If the null hypothesis is simﬁle (possibly after reduction by invariance), PO tests
can be easily constructed using FNPL. But in practice, there exist testing
problems which cannot be simplified by using the invariance principle or by any
other means. Will PO tests be able to be found and will they continue to perform

well in such situations?

For the first reason, some researchers have ignored the PO test (even for situations
where it can be easily constructed) and have developed or used tests which have
known asymptotic distributions (see Burke et al. (1990) and Smith and Tremayne
(1990)). Asymptotic tests are easier to apply because of their known asymptotic null
distributions. However, computational simplicity is not the only criterion for making
a choice of testing procedure. A good test should have right size and good power

properties.

13
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2.3 A Brief Introduction to Non-Nested Tests

The classical tests are not appropriate for non-nested hypothesis testing, because the
distributions of statistics such as LR or W test statistics are not centred at zero under
the null hypothesis when the hypotheses under consideration are non-nested.
However, if conventional test statistics are appropriately centred (at least
asymptotically), the same tests can be applied for non-nested hypothesis testing.
Observing that the standard LR test is not applicable for non-nested hypothesis testing
and needs to be properly centred, Cox (1961, 1962) suggested a modification of the
LR test statistic (hereafter, the Cox test) which does not have the usual central chi-
squared distribution under the null hypothesis and can be quite demanding in terms of
computation. The Cox test has been mainly applied to linear and simple non-linear
regression models (for example, see Pesaran and Deaton (1978) and Evans and
Deaton (1980)). This may be due to the complex and often intractable derivations
that are involved in the computation of the numerator of the Cox statistic in non-
regression situations. To overcome this probiem, Pesaran and Pesaran (1993)
proposed a simulation based approach for computing the Cox statistic. A drawback of
this approach is that it depends on a reference distribution which is valid

asymptotically.

Atkinson’s (1970) test is closely related to the Cox test and is based on a
comprehensive model constructed by artificially nesting the non-nested modeis of
interest. Because his testing framework is nested, standard tests designed for nested
hypothesis testing can be used. However, Atkinson’s test suffers some limitations
(see Pesaran and Weeks (2000)).

Many other tests that are asymptotically equivalent to the Cox test have been
proposed and investigated by various authors in the context of non-nested linear
regression models. Among these, the following tests seem popular: two artificial
nesting procedures known as the J and P tests proposed by Davidson and
MacKinnon (1981, 1982), the JA test (which is an exact test under normally and
independently distributed (NID) errors) proposed by Fisher and McAleer (1981), the
Cox-type N test proposed by Pesaran (1974) and adjusted Cox-type tests derived by

14
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Godfrey and Pesaran (1983). Though easy to implement, Deaton’s (1982) F test
(which is exact under NID errors) has been used less frequently than either the J or

JA tests. This may be due to its poor power properties (see McAleer and Pesaran
(1986)).

According to the literature, the Cox test and Cox-type tests can have significantly
higher than nominal sizes, particularly in finite samples. Though, the JA and F tests
have accurate sizes, they can be less powerful than the Cox and J tests. In order to
overcome the poor performance of the Cox test under the null, Godfrey and Pesaran
(1983) proposed some modifications to the test based upon mean and variance
adjustments which resulted in a substantial improvement in its finite-sample
performance. In particular, Godfrey and Pesaran showed that their adjusted Cox-type
tests have empirical sizes that agree very closely with the nominal size, while having
power that is typically much higher than those of the F and JA tests. However, their

adjusted Cox tests do not have known null distributions.

In the context of non-nested linear regression models, Godfrey (1998) noted that the
J test has several useful features: it is easily generalised to allow for several non-
nested alternative regression models; and it has considerable intuitive appeal. He also
noted that after adjustment of critical values (because the J test is known to perform
poorly in small samples), the J test might be more powerfui than other procedures.
These observations led him to apply the bootstrap method to the J test to reduce the
problem of over rejection of true models’. He also applied this technique to the Cox-
type N test, JA test, F test and adjusted Cox-type tests of Godfrey and Pesaran
(1983) and noticed a substantial improvement in finite-sample sizes, when the errors
are normal and non-normal (when errors are non-normal, the JA and F tests are no
longer exact and are asymptotically valid only). Godfrey’s power results indicate that
the J and Godfrey and Pesaran’s tests are equally powerful, whereas, the F and JA
tests are less powerful. He applied the bootstrap method to the muitiple non-nested
alternatives case as well. Based on his results, he recommended the bootstrap based
joint J test over a joint F test for testing multiple alternatives. The remarkable

performance of the bootstrap approach led Godfrey to comment that the bootstrap

7 Bootstrap is a data based simulation method which is useful to approximate an unknown sampling
distribution (see Horowitz (1997)).
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samples could be used to make more reliable inferences from diagnostic checks as

well. Fan and Li (1995) and Davidson and MacKinnon (1996) also successfully
applied the bootstrap method to the J test,

Walker (1967) was the first to introduce a test based on Cox’s principle for testing
non-nested time series models, especially AR(p) against MA(g) processes. However,
his test trns out to be unattractive in terms of computation, particularly when both p
and g exceed one. Godfrey and Tremayne (1988) proposed pure significance (PS)
tests for testing AR(1) against MA(1) models. These tests are asymptotically valid
and are easy to calculate but can have higher than nominal sizes in finite samples.
Observing this, Smith and Tremayne (1990) introduced various correction factors to
the PS tests to ensure that sizes of the corrected PS tests are reasonably close to the
nominal size, in the context of testing AR(1) against MA(1) models. Burke et al.
(1990) introduced an easy to implement PS test to the problem of testing for AR(1)
errors against MA(1) errors in the linea: regression model. Some other studies that
considered the problem of testing between AR and MA models are McAleer et al.
(1988), Hall and McAleer (1989), Godfrey and Tremayne (1992), and Franses (1992).

Baltagi and Li (1995) derived some modiﬁcdtions to the PS test of Burke et al. (1990)
and applied their modified test to the problem of testing for AR(1) errors against
MA(1) errors (and vice-versa) in an error components model. Their Monte Carlo
results suggest that the PS test for testing AR(1) against MA(1) errors is trustworthy
only when the sample size, n = 60 and »n is greater than the number of individuals.
However, the PS test for MA(1) errors against AR(1) errors performs well when the
number of individuals is large and does not rely on n to achieve its asymptotic

distribution.

McKenzie et al. (1999) developed some simple (large-sample based) separate {or non-
nested) tests for testing AR(p) against MA(q) errors (and vice-versa) in the linear
regression model. After estimating both the nuil and alternative non-nested models
by maximum likelihood methods, their testing procedure involves testing the
significance of variables added to a linearised version of the null model, the added

variables being the predictions, or the residuals from the specified alternative model,
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or the difference of the predictions of the two models®. For the simpler case of testing
for AR(1) against MA(1) errors (and vice-versa), they compared the finite-sample
properties of their tests with those of the PS tests of Burke et al. (1990) and LM tests
of AR(1) against ARMAC(1,1) errors. Their Monte Carlo results, supported the
prediction tests which use information from the alternative hypothesis. The LM tests
(which use information about the null model only) are the second best and PS tests

perform the worst.

Mizon and Richard (1986) proposed two encompassing testing procedures, namely,
the Wald encompassing test (WET) and the score encompassing test (SET), for
testing encompassing hypotheses {see Gourieroux and Monfort {1995) and references
therein). The encompassing approach involves asking whether the null model can
explain one or more features of the rival alternative model. When all the features of
the alternative model can be explained by the null model, it is said that the latter
model encompasses the former model. Similarly, the alternative model can also
encompass the null model®. McAleer and Pesaran (1986) noted that encompassing
tests are also straightforward applications of Cox’s principle. Both encompassing
tests are harder to implement because the derivations invelved in the test statistics are

not always easy to evaluate.

2.4 Comparing PO (APQ) Tests of a Composite Null Hypothesis with
Other Tests

PO and APO tests have been applied to both nested and non-nested testing problems,
which are discussed separately below. Also, for each category (nested and wnon-
nested), we explain how the PO test and APO test can be constructed for a selected

testing problem.

8 Thus, separate tests are also known as prediction tests.
® For a formal definition of encompassing, see Gourieroux and Monfort (1995).
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2.4.1 Comparing Tests for Composite Non-Nested Problems

Because PO tests have been applied more to the problem of testing for AR(1) errors
against MA(1) errors in the linear regression model, we explain how to construct the

PO test for this popular problem. Consider the linear regression model,
y=Xf +u, (2.4.1)

where y is an nx1 vector, X is an nxk nonstochastic matrix of rank k<n, §

isa kx1 parameter vector and u is the nX1 vector of disturbances.

Suppose we wish to test the null hypothesis that the elements of # are generated by
the stationary AR(1) process,

Hy:u=pu_,+e, 05 p<l, 2.4.2)

against the alternative hypothesis that the elements are generated by the MA(1)

process,

H

a

Ty, =e %+ %, O<y <1, : (24.3)

where, e = (e, €, ..., &) ~ N(0,0°1,,,). These hypotheses can be rewritten in

matrix form as

H,: u ~ N(0,6°Z(p)), 0% p<1l, (2.4.4)
against
H:u~N 0,0, 0<y =1, (2.4.5)
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where Z(p) is an nxn matrix whose (i, j)th element is p'1/(1-p*) and Q) is
the nXxn tridiagonal matrix with 1+ #* as the main diagonal elements and ¥ as the

nonzero off-diagonal elements. For this problem, the nuisance parameters £ and ¢*

can be avoided by using the invariance method (explained in the next chapter).

The construction of King’s point optimal invariant (POI) test'” for testing (2.4.4)
against (2.4.5) involves first pre-specifying values for the autocorrelation parameters

p and y. Let these values be p, and 7,, respectively, and the corresponding
covariance matrices under the null and alternative hypotheses be o*X{p,) and

o?Q(y,), respectively. Here ¥, is the point under the alternative hypothesis at
which we wish to optimize power while p, is an arbitrary value of p under H,.
Now the FNPL provides a POI test which possesses optimal power at y,. The

critical regions of such a test can be written as
(¥o,P0) = WY, @ITE(py) ' < ¢, (2.4.6)

where i and # are the generalised least squares (GLS) residual vectors from (2.4.1)

for covariance matrices Z(p,) and Q(y,}, respectively.

King explored whether the s(¥,,p,) test still optimizes power at y, when Z(p,) is
broadened to =(p) . He observed that this could happen if the critical value ¢ and the

parameter g, can be chosen such that

Pr{s (¥4, P0,) < clu ~ N(0,6°Z(p))] = & (2.4.7)

and

Pr{s (7o, £o) <l ~ N(0,2(p)),0< p<099] s @, (2.4.8)

10 1 5 test achieves optimum power at a particular point within the class of invariant tests then it is
called a POI test,
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hold simultaneously, where « is the desired level of significance. Here, we
approximated 0 < p <1 with0 £ p < 0.999 for practical reasons. The LHS of
(2.4.8) (of which (2.4.7) is a special case) can be evaluated using standard numerical
methods such as Koerts and Abrahamse’s (1969) or Davies’ (1980) versions of
Iinhof’s (1961) algorithm. Alternatively, Palm and Sneek’s (1984) and Shively et
al.’s (1990) procedures can be used (for more detail see King (1987b)).

If ¢ and p, cannot be chosen to solve (2.4.7) and (2.4.8) together, as mentioned
earlier, King’s APOI test can be constructed. Such tests have critical regions of the
form of (2.4.6) with ¢ chosen such that (2.4.8) holds and p, chosen to make the left

side of (2.4.7) as close to & as possible.

King suggested an iterative procedure to obtain appropriate p, and ¢ values. He also
provided solved p, and ¢ values for an X matrix which can be regarded as a

representative matrix for a number of matrices used in practice.. Such values might be
used to apply an approximate test, ot they could be used as good starting values for
the iterative process. In order to make the POI test (or APOI test) operational, the
point at which power is to be optimized should be decided (see King (1987b) and Wu
and King (1994) on this issue).

King (1983) originally considered an approximate version of the s(¥,, p,) test which
we call the pseudo POI (PPOI) test. The PPOI test is obtained by controlling the

maximum probability of a type I error by ones choice of critical value alone. That is,

¢ is determined by solving
Pris(0,,7,) < clu ~ N(0,0°Z(p))S . (2.4.9)

King (1987b) compared his s (¥,,0,) tests with PPOI tests and found that the former

tests are preferable over the latter.

King and McAleer (1987) considered testing for AR(1) errors against MA(1) errors in
the linear regression model using the Cox test, P test, prediction test, LM test of

AR(1) disturbances against ARMA(1,1) disturbances, and PPOI tests. Their Monte
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Carlo study revealed that the Cox test and its versions can have actual sizes much
higher than the nominal size, while the LM test sizes are acceptable. On the other
hand, (by construction) the PPOI test has sizes less than or equal to the nrominal size.
Therefore, in order to compare the powers at roughly the same significance levels,
they followed two steps. The first step involves controlling the maximum size of an
asymptotic test by ones choice of critical value {(explained 1-ore in section 2.5.1) and
the second step involves calculating the powers using that critical value (hereafter,
tests based on this approach are called size corrected tests). Based on their empifical
results, King and McAleer recomrnénded the PPOI test and they also commended the
LM test as having reasonable power properties even when it is applied for an

inappropriate alternative.

When testing for AR(1) errors against MA(1) errors, King (1983) commented that any
good test should have a size which tends to zero, asymptotically, for autocorrelation
coefficients greater than 0.5. Burke et al. {1990) introduced an easy to implement PS
test which satisfies King’s suggestion, based on ordinary least squares (OLS)
residuals. In particiziar, they compared their (size corrected) PS test results with those
of King and McAleer (1987). Their study also supported the PPOI test while their
new test seems to be slightly more powerfui than the LM test. This is in contrast to

McKenzie et al.’s (1999) finding that the LM test is more powerful than the PS test.

Silvapulle (1991, 1994b) considered tesing for AR(1) errors against MA(1) errors in
the first-order dynamic linear regression model, using POL, PS (denoted the 7 test)

and LM tests. Consider the first-order dynamic linear regression model

y, =y, +xf+u, t=l.,n, (2.4.10)

where y, is the dependent variable at time 7, x, is a kX1 vector of non-stochastic
exogenous variables at time ¢, £ is an unknown scalar assumed to be such that I <

1'!, B is an unknown k X1 parameter vector and u, is the disturbance term.

" 4 is believed to be typically non-negative in economic applications,
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Obviously, if iy, is not present in (2.4.10), the testing problem can be simplified
using invariance arguments. This influenced Silvapulle to estimate u using the
instrumental variable (IV) estimator and subtract jy_, from y,'2. Thereafter, she
applied a modified version of King’s POI test, denoted the MPOI test, to the problem.
She showed that the approximate critical value for the MPOI test can be obtained
using an approximate small disturbance asymptotic (ASDA) distribution of the test
statistic. Her ASDA distribution based critical value for the MPOI test statistic turns
out to be the true critical value of the statistic for the corresponding regression with
the lagged dependent variable omitted. This approach is analogous to the one adopted

by Inder (1985) when testing for AR(1) disturbances in the dynamic linear regression
model.

Silvapulle found that MPOI tesis generally perform better than asymptotic tests in
terms of size and power properties and the LM test is the second best'®. However, her
study is rather limited in the sense that she carried it out almost always in the positive

nuisance parameter space. That is, she nearly always used a positive § vector and

varied it by varying o, which can take only positive values. Therefore, Silvapulle’s
((1991), p.129) conclusion that, “ASDA distribution based MPOI tests perform
equally well with choppy, random and economic data series as eXogenous regressors.
Thus, we are tempted to say that the ASDA distribution based critical values of the
MPOI tests are good approximations to the non-similar critical values” is
questionable. Also, her results indicate that the ASDA distribution based MPOI tests

can have estimated sizes as high as 0.120 when the nor - -al size is 0.050.

Silvapulle and King (1993) considered testing for higher-order autocorrelations such
as joint AR(1)-AR(4) disturbances against joint MA(1)-MA(4) disturbances in the
linear regression model, using POI tests, the LM test of restricted AR(5) errors against
restricted ARMA(5,5) errors and the prediction test. Because the asymptotic tests are
observed to have significantly higher than nominal sizes, they used size corrected
tests. Their empirical power results favoured the POI tests when positive first-order

and fourth-order autocorrelations are considered while they favoured the asymptotic

12 Because the OLS estimator is inconsistent under the nuil, the IV estimator is used.
'3 She did not size correct the tests in this case.
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tests when wrongly assuming positive autocorrelation in the presence of mild negative
autocorrelation. On many occasions, the POI tests are found to possess more than
double the power of their competitors. In addition, the POI tests are the only ones to
have the desirable property that the test’s size tends to zero as the sample size
increases whenever the AR(1)-AR(4) disturbance process has either a first-order or
fourth-order autocorrelation coefficient greater than 0.5 (see King (1983) for more
detail). Based on their results, Silvapulle and King commented that the extra
computation required to perform a POI is worthwhile. Their study encourages the use

of POI tests for testing higher-order autocorrelations.

Silvapulle and King (1991) and Silvapulle (1994a) encountered two situations where
the POI tests cannot be constructed, when testing for MA(1) errors against AR(1)
errors and testing for AR(1) errors against IMA(],1) errors in the linear regression
model. For the latter problem, Silvapulle was able to construct a PO test (which
excelled in its performance) when the MA coefficient is positive but not when it is
negative. For the cases where POI tests cannot be constructed, they constructed APOI
tests and compared their performance with those for the LM, PS and prediction tests.
The APOI tests worked extremely well for the former problem in terms of size and
power preperties, but performed poorly.for the latter problem. In particular, for the
latter problem, the APOI test sizes are generally closer to zero in absolute value and
powers are less than or equal to the nominal size. We note that, for the former
problem, the probability of the form (2.2.7) is closer to zero, while this is not true for
the latter problem. This suggests that the APOI test may work well if it is nearly a PO

test, otherwise it is not always reliable.

2.4.2 Comparing Tests for Composite Nested Problems

King (1989) applied the APOI test to the problem of testing for fourth-order

autoregressiv= /. .(4)) disturbances in the linear regression model in the presence of

AR(1) disturbances. For this case, the POl test (and APOI test) can be constructed as
follows. Consider the linear regression model (2.4.1). Suppose the error term u is

generated by a joint AR(1) and simple AR(4) process,
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(1-pL)A-pLyu =e, (24.11)

inwhich0 £ p, <1and 0 < p, <1 are unknown parameters, L is the lag operator

such that Lu, = u,,, and e = (e,,...,¢,)" ~ N(0,0°1,). Note that (2.4.11) is the
AR(5) process,

u, = p\u,_+ p4ur-4'plp4u:—s + €. (2-4-12)
Suppose we wish to test
H,: p, =0against H,: p, > 0. (2.4.13)

This testing problem can be simplified by using invariance arguments. Now King’s
POI test and APOI test can be constructed as outlined in section 2.4.1. This involves

first constructing the test for the simpler problem of testing

Hy: (0,:04) = (010,0) (2.4.14)
against
H':: (01:0) = (P11P4) {2.4.15)

where 0 € p,, £ 0.999,0 < p,, <0.999 and 0 < p,, <1 are known and fixed. Let
Q,(p,,0) and Q,(p,,p,) be disturbance covariance matrices under the null and
alternative hypotheses, respectively, and A, = Q,(p,,,0) and A, = Q,(py,P4) -

Now the FNPL provides the most powerful test based on critical region of the form
(P10 PrisPa) = WARITEAE <c, (2.4.16)

where & and @ are the GLS residual vectors assuming disturbance covariance

matrices A, and A,, respectively. For the existence of a POI test (as explained
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earlier) we have to choose the critical value and p,, such that the following

probabilities hold simuitaneously.

PIs(P10: P11 Pay) < chit ~ N(0,Q,(0,0,0))] = & (24.17)

and

Pris(p10:011,P4) <clu ~ N(0,Q,(p,,00N] < . (2.4.18)

If such p,, and c cannot be chosen then the APOI test can be obtained by searching

for a p,, value which minimises

0 - Pris(Pye Prs Par) < clt ~ N(0,2,(p,5. 0] (2.4.19)

subject to (2.4.18) holding. By construction, the POI (and APOI) tests have sizes less

than or equal a for all the p, values, therefore, it is possible that their powers at

some points under the alternative hypothesis will be less than their nominal size. For
more information about how to select p,,, p,, and p,,, see King (1989). King
considered three versions of the APOI test corresponding to three different choices of
these parameters. These parameter choices are either arbitrary or satisfy some
optimality criteria associated with power. Based on his empirical results, he
recommended that all values of test parameters be chosen by optimality criteria
associated with power. One of the APOI tests he considered is not nearly optimal and

was found to be poor at optimizing power.

As mentioned earlier, existing studies show that marginal likelihood based tests

perform better in finite samples. We have seen that the PO tests also have excellent

finite-sample properties. Rahman and King (1994) explored which of these
approaches is best in finite samples. They considered testing random regression
coefficients in the presence of AR(1) errors, using APOI tests and the marginal

likelihood based LM and asymptotically Jocally most mean powerful (ALMMP)
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tests'’, Surprisingly, they concluded that the extra computation required for the APOI
tests hardly seems worthwhile. According to their empirical results, neither of the
two asymptotic tests dominates the other in terms of power properties. The ALMMP
test is best on average but for certain data sets in which the component scores used in
the test statistic are negatively correlated, this test performs poorly. Though, the
APOI tests are sometimes less powerful than their competitors, there are cases where
the APOI tests dominate the asymptotic tests, particularly when their sizes are much
lower than their competitors. Also, as Rahman and King noted, one of the required
probabilities for the existence of an APOI test (similar to (2.4.19)) is not properly
satisfied in the sense that it is typically significantly different from zero. Therefore,
these APOI tests may not nearly optimize power at the chosen points under the
alternative hypothesis which may be the reason for their inferior properties. Thus, an

appropriate choice of APOI test could have altered Rahman and King’s conclusion.

2.5 Research Findings Related to Our Study

Griliches (1967) considered an interesting testing problem, namely, testing for a static
linear regression model with AR(1) errors against a dynamic linear regression modej

with white noise errors and suggested an ad hoc rule-of-thumb to discriminate

between these two models. The null and the alternative models he considered can be

written as
Hyy =xB+u, u=pu,+e, t=1..n, (2.5.1)
and

H;:y =My, +x/f+e, e~ N(@0,6», t =2,....n, (2.5.2)

14 King and Wu (1997) inroduced the ALMMP test.
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respectively, where, y, is the dependent variable at time ¢, x, is a kx1 vector of
non-stochastic regressors at time ¢, B is a kx1 vector of coefficients, 0 < g < 1

and u, is the disturbance term with |p| <1and ¢, ~ N(0,0?).

Griliches observed that if the true model is (2.5.1) and if (2.5.2) is fitted to the sample
by OLS, it is likely to explain the data quite well. Therefore, one may mistakenly
assume that the sample was generated by (2.5.2) which will lead to misleading
inferences and sub-optimal forecasts. For example, King and Rankin (1993) (in the
context of forecasting alone) commented that when the DW test is significant and the
dynamic parameter of the dynamic linear model is large, a substantial loss in accuracy
of prediction can occur if one proceeds to correct for AR(1) disturbances in a static
linear model without first checking for a possibility of a dynamic linear model with

white noise errors.

Observe that the null model can also be written as

Yo = PV + x:ﬂ - px:—-lﬁ +e,. (253)

Model (2.5.3) is similar to (2.5.2), except for the regressor x,_; . Obviously, these two
models are not distinguishable if the regressor x, is lag invariant (that is, the lag of

the exogenous regressors added provides no extra explanation of the dependent
variable). Similarly, it can be shown that these models are not distinguishable if the

exogenous regressors are a constant and/or time trend only (see King (2000)). Also,

the null and alternative models may not be distinguished at all if exogenous regressors

are not present. Thus, this testing problem is a complicated one.

Griliches’ ad hoc rule-of-thumb for discriminating between (2.5.1) and (2.5.2) is as

follows. He suggested that after (2.5.2) has been estimated by OLS one should also

estimate

y; = nlxr + 7?2)’:-1 + 773-":-1 + el' (254)
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If 7, is significant and close to —( 77, X7}, ), then one can conclude that the sample was
generated by (2.5.3) and not by (2.5.2). However, Griliches did not quantify the

expression “close to”. Griliches also suggested that if his proposal is followed and 7

is significantly positive, the true model is a generalised Koyck model. Giles (1975)
noted some practical difficulties associated with this suggestion and suggested one

should consider the possibility of a generalised Koyck model even if 7, is negative.

Maddala (1971) suggested a Bayesian posterior odds method to discriminate between
the null and alternative models of interest. Giles (1975) tested (2.5.1) against (2.5.2)
using Griliches’ ad hoc rule-of-thumab and Maddala’s Bayesian posterior odds
analysis. Based on his empirical results, he concluded that the Bayesian analysis is
generally superior to the ad hoc rule-of-thumb. . To the best of the author’s
knowledge, other than Griliches (1967), Giles (1975) and Maddala (1971), so far no

one has considered this complicated testing problem.

2.5.1 Non-Similar Tests

The problem with non-similar tests is that their sizes are a function of nuisance (or
unknown) parameters. Consequently, it is impossible to obtain exact size critical
values for which the size always equals the significance level. As noted in Chapter 1,
finding exact non-similar critical values of these tests is the only promising way to
proceed in this situation. Because it is extremely hard to obtain exact non-similar

critical values, researchers nearly always use approximate non-similar critical values.

Inder (1985) considered testing for autocorrelated disturbances (as in (2.4.2)) in the
first-order dynamic Jinear regression model (as in (2.4.10)). Because this testing
problem is of interest in this thesis, we discuss it in detail. It is well known that, in the
linear regression model with a lagged dependent variable as regressor, the assumption
of uncorrelated disturbances is essential for the properties of the structural parameter
estimates. If the disturbances are autocorrelated and the parameters are estimated by

OLS, the estimates will be inconsistent, and may lead to misleading inferences.
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Therefore, it is important to have a powerful testing procedure to detect the presence

of autocorrelation.

In their seminal paper, Durbin and Watson (1950, 1951) emphasised that their DW
test (which is specially designed for static linear regression models) is not applicable
for models including lagged dependent variables such as the dynmamic linear
regression model. This is mainly because of the lack of appropriate critical values for
such models. However, researchers indiscriminately used the DW test in the context
of the dynamic linear regression model using upper and/or lower bounds of the
critical values (intended for static linear regression models) as actual critical values.
Not surprisingly this received much criticism because at the time, there was no
theoretical basis for using such critical values and because of inconsistent test

performance.

Later, Durbin (1970) proposed two large-sample based tests, namely, Durbin’s ¢ test
and h test for models including lagged dependent variables. After carefully studying
the literature on autocorrelation and dynamic linear regression models and also
through Monte Carlo experiments, Inder (1985) realised that if appropriate critical
values could be found then the DW test would be the prefesred candidate compared to
Durbin’s asymptotic tests. This motivated him to derive the ASDA distribution of the
DW statistic in the context of the first-order dynamic linear regression model. His
ASDA distribution based critical value turns out to be the exact DW critical value for
the dynamic linear regression model when the lagged dependent variable is omitted as
a regressor. Therefore, his work allows one to use existing computer algorithms for
calculating DW critical values or tables of bounds or further approximations

appropriate for the static model.

Observing that the testing problem is not invariant to J (except for the intercept}, but
is invariant to rescanng such that the ratio /o is preserved, Inder also obtained
approximate non-similar critical values by letting B =0 and experimenting with 4
values until the smaliest (and largest) critical value for the DW (and Durbin’s
asymptotic tests) is found. In particular, he compared the performance of the DW test

and Durbin’s asymptotic tests based on exact size critical values (obtained via the
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Monte Carlo method assuming knowledge of the nuisance parameters), approxirmate
non-similar critical values and asymptotic critical values and found that the DW test is
always the best. He also commented that the ASDA distribution based DW test
performs much better than do Durbin’s asymptotic tests, under the null. His empirical
results indicate that the use of approximate -10n-similar critical values can often
produce sizes well below the nominal size for all three tests. For example, when the
nominal size is 0.050, sizes of the tests are frequently less than 0.010 or equal to zero.
Thus, the use of approximate non-similar critical values does not lead to ideal sizes.
Also, because Inder considered a limited number of nuisance parameter values in his
study', it is not clear whether his approximate non-similar critical values are

adequate enough to control the sizes of the tests over the nuisance parameter space.

After Inder’s study, there seemed to be an awakening of interest in applying the DW
test to dynamic linear regression models (see Grant (1987), King and Wu (1991),
Rayner (1993), King and Harris (1995) and Dezhbakhsh and Thursby (1995))'®. King
and Wu (1991) and King and Harris (1995) extended Inder’s study for the dynamic
linear model. In particular, King and Wu (1991) observed that the exact small
disturbance asymptotic distribution of the DW statistic is equivalent to the distribution
of the DW statistic from the rcgréssion model with the lagged dependent variables
replaced by their means (i.e., by their expected values). A shortcoming of their
approach is that the expected values of the lagged dependent variables are unknown
because they are functions of unknown regression coefficients. They discussed how
bounds for the small disturbance critical value could be calculated. Therefore, their
study gives a justification for the use of the familiar tables of bounds when applying
the DW test to the dynamic lincar regression model. An alternative approach would
be to estimate the expected values of the variables. King and Harris (1995) adopted
this approach and treated the lagged dependent variables as estimates of their means.
That is, their approach involves calculating the exact critical values of the DW test
with the lagged dependent variables treated as non-stochastic. Their Monte Carlo
results generally support their new approach over Inder’s (1985) ASDA based DW,
modified PO tests and Durbin’s asymptotic tests, particularly when two lags of the

' He used one S vector and varied it by varying o .
¥ Grant’s study is similar to Inder’s.
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dependent variable are present. They also found that the sizes of all five tests they

considered are rejatively robust to non-normality in the disturbances.

In the case of testing AR(1) errors against MA(I) errors in the static linear regression
model, King and McAleer (1987) observed that the null distributions of the
asymptotic tests they considered depend on p. Therefore, in order to compare the
powers at roughly the same significance levels, they used approximate non-similar
critical values for their tests. Their approach inviives finding the exact critical value
of an asymptotic test (via the Monte Carle method) assuming AR(1) errors with a
fixed p value. This is done for p =0, 0.1, ..., 0.9. From these critical values, they
choose the largest (absolute) value as their approximate non-similar critical value.
This choice ensures that, at least for the above p values, the size of the test is not
greater than the desired significance level. Burke et al. (1990), Silvapulle and King
(1991) and Rahman and King (1998) also used this kind of approximate non-similar

critical values.

Silvapuile and King (1993) (see section 2.4.1), estimated the asymptotic tests’ sizes at
25 grid points, defined as {(p,,0,): £,, P =0.1,0.3, 05,07, 0.9}, For each test,
the largest of the 25 critical values was taken as the appropriate critical value, thus
ensuring that, at least for these grid-points, the size of the test does not exceed the

nominal size.

Grose (1998) considered testing the partial adjustment (or dynamic regressor)
coefficient in the first-order dynamic linear regression model with white noise errors.
In particular, she compared marginal likelihood based classical tests with
conventional likelihood based counterparts. Observing that this testing problem is not
invariant to B (except for the intercept), Grose obtained approximately exact non-
similar critical values by doing simulations across a range of 3 values. For this, she
considered nine S vectors, namely, (0,0,0), (0,0,1), (0,1,1), (0,1,0}, (0,1,-1), (0,0,-1),
0,-1,-1), (0,-1,0) and (0,-1,1) and made f larger or smaller along each of eight
directions by decreasing or increasing o. Her approximately exact non-similar

critical value of a test is the largest critical value found for all (B, ¢) combinations.
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Silvapulle and King’s (1993) and Grose’s (1998) studies indicate that obtaining
approximate non-similar critical values can be quite demanding when the null

distribution of the test statistic depends on more than one nuisance parameter.

2.5.2 The Simulated Annealing (SA) Algorithm

The SA algorithm is used for all the optimizations carried out in this thesis. SA is a
global optimizer which is explicitly designed for optimizing functions with multiple
optima. It was first introduced in thermodynamics, where one studies a system’s
thermal energy. To achieve a low energy state of a molten meta, it is first heated and
then slowly cooled {called annealing)'’. If the cooling is done very quickly the metal
might not escape the local energy minimum and when fully cooled it may contain
more energy than the desired level. This cooling schedule motivates the concept of
the SA algorithm. That is, SA tries to minimize some analogue of energy in a manner
similar to annealing, in order to find the giobal minimr:- Thus, for function
optimization, the objective function to be minimized corresponds to the energy of the

states of the solid.

SA explores the function’s entire surface and tries to optimize the function by doing
both uphill and downhill moves'®. Thus, unlike the conventional algorithms, SA is
largely independent of the starting values., Also, SA assumes very little about the
shape of the function to be optimized. This can be considered as another advantage of
SA, because, almost all the conventional algorithms explicitly assume that the
function has one optimum and often assume that the function is approximately
quadratic. Thus, when faced with a function with multiple optima or a difficult
function not approximately quadratic, conventional algorithms may fail. Also,
because conventional algorithms assume that the function has one optimum, it is
possible for them to find any local maximum as the global maximum. SA can also

optimize functions that are not defined for some parameter values. Therefore, as

7 Slowly cooling means every time the rate of heating is redL!ced. .
% Conventional algorithms do not explore the entire surface, instead they head up (or down) the hill

much as a blind man would (see Goffe et al. (1992)).
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Goffe et al. (1992, 1994) point out, SA can easily identify corner solutions because jt
can snuggle up to a corner for functions that don’t exist in some regions. Finally, SA
can optimize functions which need not even be differentiable (see Corana et al.
(1987)). All these observations led Goffe (1996) to comment that the SA algorithm is
much more robust than conventional algorithms. The only undesirable aspect of SA
is the greater run time it takes. Because it is more reliable than the conventional
algorithms, this problem has to be stomached. Also, in an era of cheap, and

increasingly cheaper computing, this may become a minor problem.

Kirkpatrick et al. (1983), and Cerny (1985) are the first to show how Metropolis et
al.’s (1953) model for simulating the annealing of solids (discussed above), could be
used for optimisation problems. After this, SA received much attention and has been
applied to many optimisation problems occurring in areas such as statistics, computer
design, image processing, molecular physics and chemistry. Some examples of
applications in statistics are Corana et al. (1987), Aarts and Laarhoven (1989), Eglese
(1990), Brooks and Morgan (1995), Goffe (1996) and Ali et al. (1997).

Goffe et al. (1992, 1994) introduced SA to optimize some econometric functions with
great success. Goffe et al. (1992) minimised a function with two local minima, using
conventional algorithms, namely, conjugate gradient, quasi-Newton and simplex
methods, and SA. All algorithms were run 100 times with different starting values for
the model parameters (same ones were used by all algorithms). We reproduce their

results in Table 2.1, below.

Table 2.1: Goffe et al.’s comparison of four algorithms giving number of times

different maxima were obtained and average time taken for 100 runs

Algorithm Simplex Conj. gradient | Quasi-Newton SA
Solutions

2(:.482 40 48 43 0
16.G82 60 52 52 100
Time (seconds) 0.019678 0.004083 0.006829 16.328

“Solutions are categorised by the minimum at which they terminate. The minimum with the

value of 16.082 is the global minimum.
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Table 2.1 shows that the conventional algorithms converge nearly half the time to the
local minimum, 20.482, whereas SA always converges to the global minimum,
16.082. This example clearly shows that (for functions with multiple optima)
conventional algorithms are not efficient enough to distinguish between the local and
global optima. Though SA is much more efficient in this regard, it takes greater run
time than its competitors'®. This led Goffe et al. (1992, p.141) to conclude, “Though
this algorithm is considerably more expensive in computational resource, its benefits
in estimation of functions with multiple optima are quite obvious. Thus, its use

should be considered for difficult econometric problems”.

Goffe et al. (1994) compared the same algorithms (as above) for more complicated
econometric functions. The first two functions they considered are, the rational
expectations version of the monetary theory of exchange rate determination
(minimization of which involves 14 parameters), firm production efficiency based on

a system of a frontier cost function and its input share equations (minimization of

which involves 62 parameters) and the third function comes from the neural network
literature (minimization of which involves 35 parameters). The first function is
difficult to minimize because it effectively does not exist for some parameter values.
In these regions, the function value is either compiex or the elements of the
covariance matrix go to infinity. For such regions, they set the objective function

0%%® to force termination of the conventional algorithms. Of the 100

value to about 1
runs, with the simplex and quasi-Newton algorithms, about half are observed to have
terminated due to floating point errors, which indicates that the algorithms are beyond
the likely region of a solution because large numbers are needed to cause a floating
point error on the computer they used. The conjugate gradient algarithm performed

better in this regard. However, all the conventional algorithms fail to find the global

minimum.

SA also experienced some difficulty with this function. It converged to different
optima for different starting values and seed values for the uniform random number

generator of SA (explained later). Goffe et al. modified the function to search a

¥ The much longer time for SA is largely due to using Corana et al.’s (1987) very conservative
suggestions for paramelers, which are appropriate for very complicated functions, Even if these
parameters are reduced, SA will take more time than conventional algorithms,
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restricted region of the parameter space to find an explanation. Once SA detected the
problem for this small region they enlarged the region. SA then found that the
optimal value of one parameter (the interest rate elasticity of money demand) often
occurs at its upper bound. This suggested that the function is decreasing in this
parameter. Goffe et al. plotted several of these minima with the elasticity varying and
the other parameters held constant. These plots also showed that the interest rate
elasticity parameter achieved a minimum at the boundary. Thus, the function
appeared to be a ditch in this parameter: as the boundary expanded, the minimum
point of the function is observed to follow this wandering ditch. This might be the
reason why the conventional algorithms could not minimize the function. Because
SA was able to find an explanation, Goffe et al. recommended its use as a diagnostic
too) for difficult functions. In order to continue the comparison of the algorithms,
Goffe et al. fixed the interest rate elasticity parameter to 0.25 and repeated the
experiments. Their results show that SA is much more consistent in finding the
global minimum (it was 3 out of 3, while the conventional algorithms were, with
generous accounting, 64 out of 300). This led Goffe et al. (1994, p 82) to comment,
“While a single run of SA requires substani.ally greater execution time, this is
ameliorated by the large number of runs with a conventional algorithm a researcher

would have to make to be sure of the robustness of estimated results™.

The second function they considered has steep valleys and the third function has
many loca)l minima. None of the conventiona) algorithms were able to optimize the
second function whereas SA was able to find the global minimum. Because of its
nature, it is virtually impossible to optimize the third function. For this function, SA
was able to find a much better optimum than its competitors. These findings indicate
that SA can optimize functions that conventional algorithms have extreme difficulty
with or simply cannot optimize at all. Thus, the SA algorithm has many useful
features not shared by conventional algorithms. Fortunately, GAUSS and FORTRAN
programming codes for the SA algorithm are available nowadays (see Goffe (1996)

and Tsionas (1995)).

Aarts and Laarhoven (1989) derived necessary and sufficient conditions to ensure that
asymptotically, the SA algorithm finds a globally optimal solution with probability 1.

However, they observed that these conditions cannot be satisfied in finite time, 50
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they advised one to find appropriate values for the parameters of the algorithm such
that in finite time, near optimal solutions are returned.

The essential starting parameters involved in minimizing a function f(x) are T}, the
initial temperature, x,, the starting vector of parameters, and v,_, the step length for
x,. Here x, and v, are both vectors of length a”, the number of parameters of the
model. Because v, quickly resets from its initial value, Tsionas (1995) observed that
the input of v, is not very important. v, gives the researchers valuable information
about the function. If an element of v,, is very large, it indicates that the function is
very flat in that parameter. The steps involved in minimising a function f via SA are

as follows (see Goffe et al. (1994) :nd Brooks and Morgan (1995)).

(1) SA begins with an initial temperature 7;, and computes the function value f, for

the initial parameter values x,.

(2) SA randomly selects another point x in the parameter space (within the
neighbourhood of the initial parameters and within the bounds set for it by the

problem of interest) and calculates the corresponding function value f. Each

element of x is obtained as follows.
X; = Xo; + @V

where a’ is a uniformly distributed random number from [~1,1] and v,,; is the ith

element of v,,.

(3) Then SA compares the two points in terms of their function values. If f is less
than f,, then x is accepted and x, is setto x and the alg'- “thm moves downhill.

If this is the smallest f, it and the corresponding x are recorded as the best

current value of the optimum.
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If f is greater than f, then SA accepts x based on a criteria, known as the

Metropolis criteria, as follows. Let f' = f-f,. x is accepted and SA moves

uphill if and onmly if a random variable ', distributed uniformly over [0,1],
satisfies

b <exp(—f"I1T)

where T is the current temperature. If x is accepted, as before, x, is updated with

x and so is the corresponding function value.

(4) After repeating steps 2~ 3 N, times, the step length vector v,, is adjusted so that
50% of all moves are accepted, where N, is the number of cycles provided by the

user. This makes SA sample values of the function widely.

(5) After repeating steps 2 - 4 N, times, the temperature T is reduced by a factor
called r,, where, 0 £ r, < 1. Usually # will be 0.5 or 0.85 (see Tsionas (1995)).
The process then begins again from step 2 (taking as the initial state the point
following the last iteration of the algorithm). Termination of the algorithm occurs

when the optimum function value reaches a stable state (for more detail sce
Tsionas (1995) and Brooks and Morgan (1995)).

A lower temperature makes an uphill move less likely, therefore, the number of

rejections increase and v, declines. The smaller steps and starting at the current

T, N,, N, and r,. Among these, 7, and N, greatly influence the robustness of the

algorithm and number of function evaluations since they control how quickly the

temperature T declines and the number of function evaluations performed at each
temperature. Goffe et al. (1994) give some useful hints for determining these values.
Their suggestion is to obtain the optimum results assuming small parameter values for

r, and N,, and providing a seed value for the uniform random number generator of
SA and starting values for the parameters. Thereafter, they recommend increasing 7,

and N,, and getting the optimum results once again for a different uniform random
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number generator seed value and starting values (hence dealing with an entirely
different sequence of sampled points). If the current optimum results are the same as
before then according to Goffe et al., the global optimum is achieved, therefore, one
can proceed with small r, and N, parameter valves. If this is not the case, then it is

an indication that small SA parameters are not adequate for the optimization

considered and they should be increased.

2.6 Conclusion

In this chapter, we focused on contributions to PO testing in the context of composite
nypotheses testing. Because all the applications considered in this thesis are non-
nested, we briefly discussed some popular non-nested tests as well. Other studies

relevant to this thesis were also reviewed.

King’s PO tests have mainly been applied to composite non-nested testing problems
rather than to composite nested testing problems. These studies show that PO tesis

have excellent finite-sample properties compared to existing popular non-nested tests.

However, King’s APO test does not seem to always be reliable. These tests appear to

perform well when they are nearly optimal, otherwise there is a question mark about

k their reliability. For a composite non-nested testing situation, Silvapulle (19%4a) 1
% preferred some asymptotic tests over an APCI test (which was not nearly optimal). _i
E Similarly, for a composite nested testing sitwaticn, Rahman and King (1994) preferred

[ some marginal likelihood based asymptotic tests over APOI tests (which were not
:L nearly optimal). Thus, it is important to have a reliable APO test for testing
composite hypotheses. Also, it is interesting to see whether the marginal likelihood

based tests still dominate an appropriate APO test in finite samples.

| Because it is extremely hard to obtain exact non-similar critical values, researchers
nearly always use approximate non-similar critical values in their studies. We
observed that the use of approximate non-similar critical values can produce sizes

well below the nominal size. Also, obtaining such critical values becomes extremely
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difficult when the null distributior of the test statistics depends on more than one

unknown parameter.

We observed that the SA algorithm bhas several advantiages over conventional
algorithms. In addition, it can be used as a diagnostic tool to understand why
conventional algorithms fail to optimize a certain function. Goffe et al.’s (1992,
1994) studies show that SA can optimize functions that conventional algorithms have
extreme difficulty with or simply cannot optimize at all. Therefore, SA can be very

useful for difficult econometric problems.
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CHAPTER 3

THE g TEST: AN APPROXIMATE POINT OPTIMAL TEST OF A
COMPOSITE NULL HYPOTHESIS

3.1 Introduction

As discussed in Cilapter 1, in the absence of UMP tests, King’s (1987b) PO tests can
be useful. Unfortunately, PO tests cannot always be constructed when testing a
composite null hypothesis. King suggested an APO test for situations where his PO
test cannot be constructed. It seems that King’s APO tests are not always reliable.
Therefore, it would be desirable to have another APO (est for situations where the PO
tests cannot be constructed. In this chapter, we propose an APO test, called the g test
based on the GNPL for testing a composite null hypothesis.

Suppose the observed sample is generated by a finite number of densities under the
nuli hypothesis. The GNPL provides a PO test for the problem of testing for a finite
number of observable density functions against a single alternative density function.

Now, suppose the observed sample is potentially gencrated by one of an infinite

number of densities under the null hypothesis, the question is, can we approximate the
infinite number of densities by a finite number of densities and then apply the GNPL a

to obtain a PO solution? The g test is based on this idea. Our question then becomes
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can this type of approximation based g test work well in practice? This chapter seeks

an answer to this question.

In this chapter, we cons.truct the g test and apply it to two testing problems, namely,
testing for MA(1) errors against AR(1) errors and testing for AR(1) errors against
(non-stationary) IMA(1,1) errors with a negative MA coefficient in the linear
regression model. Silvapulle (1991, 1994a) considered these two testing problems
and recommended APOI tests for the former problem and some asymptotic tests for

the latter. We compare the g test results with those for Silvapulie in terms of size and

power properties.

It is well known that a significant DW statistic can result from either AR(1) or MA(1)
errors. King (1983) points out that wrongly correcting for AR(1) disturbances in a
model with MA(1) disturbances can lead to inefficient parameter estimates and, more
impertantly, misleading inferences. Therefore, powerful testing procedures are
desirable to distinguish these two error processes. Informal procedures such as
deciding the error process of the model based on autocorrelation and partial
autocorrelation patterns of the ordinary least squares (OLS) residuals have only an

asymptotic justification (see King (1983) and King and McAleer (1987)).

In practice many economic time series are non-stationary (see Dickey et al. (1986)).
Knowing whether nonstationarity in the data is due to a deterministic time trend or a
unit root seers to be popular in econometrics. Nelison and Plosscr (1982) argue that
many economic time series are better represented by unit roots than by deterministic
time trends. It is well known that a unit root process can be transformed to a
stationary process by differencing the serics. However, differencing a dependent
variable to remove non-stationarity can give rise to an MA(1) error process (see
Schwert (1989)). Also, from the litcrature we observe that many econornic time series

can be adequately represented by an IMA(1,1) process (see Ermini (1993) and
Huberman and Schwert (1985)).

Newbold and Davies (1978) observe that the AR(1) and IMA(1,1) error processes are
equally plausible ones. However, Wichern’s (1973) study, shows that the AR(1)
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process cannot provide an adequate approximation to an IMA(1,1) process in general.
On the other hand, a significant DW statistic can result from either error process.
Newbold and Davies (1978) note that wrongly assuming an AR(1) error process, when
the true process is IMA(1,1), can lead to misieading statistical inferences. Thus, we
need a powerful testing procedure to distinguish these two error processes as is in the

case of testing for MA(1) errors against AR(1) errors,

The plan of this chapter is as follows. The theory concerning the g test is discussed in
section 3.2. This section describes the GNPL briefly and how it can be used to
construct a PO test of a composite null. Section 3.3 explains how the g test can be
applied to testing non-nested error covariance matrices in the linear regression model.
This section also explains how testing problems of this type can be simplified using
invariance methods. The theory discussed in sections 3.2 and 3.3 is applied in section
3.4 to the above mentioned testing problems. The details of the Monte Carlo
experiment and its main findings are given in section 3.5. Two applications of the g
test to real world data are given in section 3.6. Finally, some concluding remarks are

made in section 3.7.

3.2 Theory

This section explains the basic idea behind the GNPL and how it can be used to
construct a point optimal test of a composite null hypothesis (the lemma is given in
the Appendix 3.1). When nuisance parameters are not present, the GNPL provides a

point optimal test of
H, x is generated by ore of the densities fi,..., £ (3.2.1)
against

H_: x is generated by the density f,.»
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where x is the observed sample. That is, under H,, we assume that either f, is the

true density of x, or f, is the true density of x, and so on. f,,, is the true density at

the point where we would like to maximize the power.

The point optimal test provided by the GNPL for testing hypotheses of the form
(3-2.1) and (3.2.2) is the one that rejects Hj, if

Jeu(x)> Z k. fi(x). (3.2.3)

i=l

For the existence of such a test, the following » size conditions,
P f,n(x)> D kfi(Dx~f;(N =a;, j =1,...,7, (3.2.9)

need to be solved simultaneously, by appropriate choices of values for k,, ...; k.

r

Here, k;, i = 1, ..., r, are the critical values of the test and «; is the level of
significance when f;(x) is the true density. These critical values can be positive

and/or negative (see Appendix 3.2).

Suppose we wish to test composite hypotheses of the form,

H; x hasdensity f(x,8), (3.2.5)
against
H: x has density f(x,4), (3.2.6)

where & is a pX1 vector of parameters restricted to the set ¥ and A is an gx1

vector of parametérs vestricted to the set @. It is assumed that any knowledge about
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the possible range of parameter values has been incorporated to keep the parameter

sets, 'V and @, as small as possible.

In order to construct a point optimal test for this problem, let us assume that A’ e @ is
the point under the alternative hypothesis at which we wish to optimize power. Thus,

the testing problem given in (3.2.5) and (3.2.6) can now be written as

- Hy x has density f(x,0), 327
against
H: x has density f(x,1). 3.2.8)

In order to use the GNPL for this type of testing problem, we need to approximate
f(x,0), de ¥, by a finite number of densities as in (3.2.1). That is, under H,, we

need to select r separate & points in W, namely &,, ..., d,, and define the

corresponding densities as

fi=f(x8),i=1,..r. (3.2.9)

We regard these finite number of densities as representative densities of f(x,0).
Now the GNPL may be used to obtain a point optimai soiution for this type of

approximation.

The big questions now are how to select the representative densities (this is explained
in section 3.2.1) and how many of them should be selected? For the second issue, it is
tempting to select the representative densities over a fine grid points of &. However,

the larger the number representative densities we choose, the greater the computing
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time it takes to find the appropriate % values of the test and also (because of imposing
more restrictions under the null) it may reduce the power of the test. Therefore, it is
better to aim for the minimum number of representative densities and if the critical
values found for them are also sufficient to control the sizes of the test over ¥ then it

will result in a more desirable test. The g test we propose in this chanter is based on

this idea.

3.2.1 The g Test

The g test for testing composite hypotheses of the form given in (3.2.5) and (3.2.6) is
the one with the minimum number of representative densities under the null.

According to cur experience, in the limited case of p =1 (i.e., & is a scalar) and ¥

being a closed interval, we need at least three representative densities (i.e., r = 3)
under the null. Therefore, to construct the g test in this case, basically we start with

three representative densities and find k; values, i = 1, ..., 3, such that the following

size conditions (which are evaluated via the Monte Carlo method) hold

simuitaneously:
3
Pelf (x,A)> Y kfix0)Ix~ f(x, 6=, j=1,...,3. (3.2.10)
i=l

In the case of p = | und ¥ being a closed interval, 8, and &, can be the start and
end points of ¥, respectively, and J, can be any point in between (the reasons for

selecting these points will be clear when it comes to applications, see section 3.3).
Also, instead of using different levels (as allowed by the GNPL), we use the same

significance level for all three size conditions as a standard approach.

Next, for the same &; values, we check whether the sizes over a fine grid points of &,

are reasonably (i.e., sizes should be not significantly different from @) controlled™.

20 According to our experience, IWo representative densities (i.e., r =2 case) are not sufficient for this,
which is why the r =2 case is not considered.
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If this is the case then we have finished consiructing the g test, otherwise, we can

change &, (while keeping the other two fixed) and proceed as before once again. If

this does not help much in terms of controlling the sizes then the number of
representative densities under the null can be increased by one and the whole process
repeated. This is explained in more detail in the next section. Therefore, in order to
construct the g test we start with three representative densities (i.e., r = 3 case), but

may end up with more than three representative densities (i.e., r > 3 case).

The critical values, k,, i =1, ..., r, of the g test for r = 3 can be obtained by the

following iterative procedure and this procedure can easily be generalised to r > 3 if

need be?!,

(1) Guess some possible values for k,, k,, and k, and obtain the sizes of the test at

8,, &,,and &, via the Monte Carlo simulation method.

(2) Fix the size at 8, as @. To do this obseive the size corresponding to &,. If that
size is greater (less) than & then increase (decrease) the k, value (while keeping
the other two k; values fixed) and obtain the sizes once again. Repeat this process

until the size at J, is &.

(3) Try to fix the size at §, as « by adjusting k, (as explained above). While doing
this, check the size at &,. If it has changed (i.e., become not equal to &) go o

step 2. Continue this until the size at both &, and d, is a.

(4) Try to fix the size at §, as & by adjusting k,. If the size at &, (and J,) changes

go to step 2 (and step 3). Repeat this process until the sizes at §,, 0, and &, are

x.

2 The same can be achieved more easily from the user’s point of view by using SA which is explored in
Chapter 5.
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3.3 Testing Composite Non-Nested Disturbance Covariance Matrices
in the Linear Regression Model Using the g Test: Theory

Consider the linear regression model
y=Xf+u, 3.3.1)

where y isan nX1 vector, X is an nXxk nonstochastic matrix of rank k <n, and B

is a k X1 parameter vector. Suppose we wish to test

H,: u~N(,6’TL,(8,)), 0< 6, € p, (3.3.2)
against

H,: u~N@®,01L,(8,), 0<8, < q, (3.3.3)
or

Hg: u~N©TI(E,), p<6,<0 (3.3.4)
against

H:: u~N(0,0T1,(6,)), g, £ 6,<0, (3.3.5)

where, I1, and I1, are nXxn positive definite matrices, 8, and &, are the parameters

of interest, p, and g, are known numbers and f§ and o* are the nuisance parameters.

Observe that this type of testing problem is invariant with respect to transformations

of the form
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YUy + Xv, (3.3.6)

where v, is a positive scalar and v isa k¥ X1 vector. Therefore, the test statistics we

consider should also be invariant to transformations of the form (3.3.6). The vector

we Pz
(ZIZ)UZ ’ (3.3-7)

is a maximal invariant under the group of transformations given by (3.3.6), where z =
P,y is the nx1 OLS residual vector from (3.3.1)%, and P is an Ix»n matrix such
that P’'P = Fx and PP’ = I,,in which I = n - k (see King (1983, 1987b)). Here
the row vectors of the P matrix are the orthonormal eigenvectors corresponding to

the nonzero eigenvalues of the matrix P, .

Because w is a maximal invariant, any statistic invariant to transformations of the
form (3.3.6) can be expressed as a function of w and any function of w is invariant
under such transformations (see King (1983, 1987b)). Therefore, we can concentrate
on test statistics which treat w as the observed sample and use the density of w as the
likelihood function”. Ara and King (1993) showe.i that this type of approach is

equivalent to considering marginal likelihood based tests.

Now the hypotheses (3.3.2) to (3.3.5) can be shown equivalent to

H,: w has density fo(w,0,), 056, < p (3.3.8)
against
H,: w has density f,(w,68,), 0< @, <€ q, (3.3.9)

22 For any full column rank matrix K, P =1,- K(KK y™ K is called the orthogonal projector.

2% Such tests are known as invariant tests.
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against

. -w has density f,(w,8,), ¢, < 8, <0,

T

where

fo(w,6)) dw = ¢ |PIL P (w' (PILPY" w ) dw,

and

fa (w, 92) dw =0 lPIIz Prl-’]fz
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(3.3.10)

(3.3.11)

3.3.12)

(3.3.13)

are the probability density functions of w under the rull and alternative hypotheses,

respectively, ¢ = —:Ii- T(1/2) 7" and dw denotes the uniform measure on the surface

of the unit /-sphere.

Observe that the restriction to invariant tests has removed the nuisance parameters S

and ¢, as the densities above involve only the parameters of interest. Therefore, we

can say that invariance has simplified the testing problem. Also we note that the

testing problem mentioned above can easily be extended to disturbances following

elliptical symmetry. That is, the distribution of any statistic that is invariant to the

scale of wu is invariant to such a widening of the normality assumption (see King

(1979)).
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Now the testing problcni above is similar to the one discussed in section 3.2, thus, the

g test can be applied. For testing F, against H,, the g test can be constructed as

follows®*,

First, we have to choose three points under the null to obtain the
representative densities of w, fi(w), f,(w) and f,(w). Let these three points be 9,
=0, 8, = 6, (where,0< 6; < p,)and 8, = p,. Among these, 8, =0 and 6, = p,
are assumed to be permanent points involved in the construction of the g test and so

are the densities f;(w) and fi(w). On the other hand, f,(w) can vary according to
the value 8, takes. Let f,(w) be the density of w under the alternative hypothesis at
6, the point where we want to maximise power>. For this problem, the g .tcst can
be denoted as the g(8, ,; 0,6}, p,) test. However, for convenience we denote it as the

g( 8, ) test throughout.

As mentioned earlier, for the existence of the g( 8, ,) test, we need to control the sizes

of the test first. This involves finding 8 and k,, k, and k; values such that the

following size conditions (which are evaluated via the Monte Carlo method) hold

simultaneously.
Pr{f,(w) > &, [, (W) + K, f(W)+ K, f5(w) 16, = 0] = a, (3.3.19)
PrLf, (W) > k f, (W) + ko [ (W) + iy f5(0) 16, = 6]] = &, (3.3.15)
Prf (W) > k fi(w) + K, [ (W) + ks fs(W) 16, = p ] = &, (3.3.16)
and
Prf, (W) > k, fi(w) +k, [,(W) + Ky f,(w)10< 8, < p ] = o (3.3.17)

2 The construction is similar for testing Hy against H,
% Actually afl these densities should be written as f,(w 0}, fy(w, 91) f3(w, pp) and fi(w. 8,4},
but for convenience they are denoted as above throughout this chapter.
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where, ¢ is the nominal significance level, and " should be within the (1-a)

percent confidence interval of @ when evaluated by Monte Carlo methods. If for
particular values of &, k,, k, and k,, probabilities (3.3.14) to (3.3.17) hoid

simultaneously, then we have constructed the g( 8,,) test, otherwise we can try

another 8] value and find k;, &, and k, values accordingly and proceed as before. If

this also doesn’t work, as mentioned earlier, we can add another representative density
under the null (say at &,) and try to solve the following four size conditions

simultaneously by appropriate choices of 8}, 85, k,, k,, k,, and k, :
Pr{fi(w)> k fi(w) +k, f,(w) + &, £ (W) + K, f,(w) 160, =0] = ¢, (3.3.18)
Pt fi(w) > k fy(W) + k, [ (W) + ko f, (W) + &, f,(w) 16, = 6]] = @, i=1,2,(3.3.19)
Prlfs(w) > ki fi(w)+ ko (W) + ks fi(w)+ b f( W16 = p] = &, (3.3.20)
and

Pr[fi(w) >k, f, (W) + k. [, (W) +ly (W) + b fy(w)10< 6, < pl=a’, (3.3.21)

where, f,(w), f,(w), fi(w) and f,(w) are the representative densities under the
null, and f,(w) is the density under the alternative where the power is maximized.

Even if including another representative density also doesn’t work as desired, one can

include yet another representative density under the null and hence solve for another

size condition and so on until the desired outcome is achieved.

The reason for including @, = 0 in the construction of the g(8,,) test and fixing the

size at this point as @ is to make the power curve of the test start from . 8, = 6,

(and 8, = 8.,i=1,2,..,(r—2),if more than three points are considered under the

null) is included in the test because it brings the sizes for 0 < 6, < p, reasonably
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closer to the nominal size. 8, = p, is included in the test because it was found to be

important in the work of Silvapulle and King (1991) and Silvapulle (1994a) where )2
=1.
3.4  Applications of the g Test

3.4.1 Testing MA(1) Errors against AR(1) Errors in the Linear
Regression Model

Consider the linear regression model given in (3.3.1). If the elements of the nx}

disturbance vector u follow the MA(1) process,

w=e +%., {7 <1, t=1..,n, (3.4.1)

where e" =(ep,€,,....e,) ~ N(0,6%1,,)) then u~ N(0,0°Q(¥)) , where Q(¥) is the
nxn tridiagonal matrix with 1+9° as the main diagonal elements and y as the

nonzero o “iagonal elements. If the elements of # follow the AR(1) process,

u=pu_ +e, o<1, t=1..n (3.4.2)

L4

where 1, ~ N(O,c*/(1-p*)) and e = (e,..¢) ~ N(0,6%1), then

4~ N(O,0%5(p)) in which I(p) is an nxn matrix whose (i,j)h element is

A1-p%.

The hypotheses of interest for this problem can be written as
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‘ Hy:u~ N(0,6°Q(7)), 0<y<l, (3.4.3)
1
‘t against
E H:u~ N(0,6°Z(p)) O<p<«l, (34.4)
or
H::u~N©,6°QP)., -1<¥<0, (3.4.5)
against
H;:u~ N(0,0°Z(p)) -1<p<0. (3.4.6)

Normally positive autocorrelation is more likely in econometric applications.
However, negative autocorrelation is also likely if the dependent variable is

differenced. Therefore, both positive and negative autocorrelation are considered in

this chapter. Obviously, the hypotheses (3.4.3) to (3.4.6) are special cases of (3.3.2) to
(3.3.5), respectively, in which, 8, = 7, 6 = ¥, 8, = p, 020 = po. I, = Q, 11, =
% and for the positive autocorrelation case, p; = 1 and g, = 0.999 and for the
negative case, p, =-1and ¢, = -0.999. Therefore, the g test can be constructed for
this problem as outlined in section 3.3. The g tests for positive and negative
autocorrelation testing are denoted as the g(0,) and g(-p,) tests, respectively,
throughout. In particular, for this problem, we consider four versions of the g test,

namely, the g(0.3), g(0.5), g(0.75) and g(-0.5) tests.
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3.4.2 Testing AR(1) Errors against IMA(1,1) Errors in the Linear
Regression Model

Here we are interested in testing the error process given in (3.4.2) against an IMA(1,1)

€ITOT process,
(1- Ly, =14+ e, -1<y<0, t=1,...n, (3.4.7)

where L is the lag operator such that Lu, = »_,, 4 = ¢ and (e,....8,) -~

N(0,0°%1,,).

We observe that when ¢ = -1, equation (3.4.7) reduces to u, = ¢,. Consequently, the

null and the alternative models become identical when p =0and ¥y =-1.

Following Silvapulle (1994a), the error process in (3.4.7) may be written as

Au=H'e, (3.4.8)
where
[y, O 0]
-1 1 0
0
A=| o ] (3.4.9)
. 0
0 0 ~1 1]

for some unknown ¢, and
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(3.4.10)
Here the non-zero elements of H' are generated by the recursive scheme,
h“ = (1+ J‘,2)11’2’.’
Y
h. =—t—,
o hf-—].:’—l
h; =[(1+72)"h,‘2;_11'”2, i=2,..,1 (3.4.11)
From (3.4.8), under H,,
Var(e)=c* &' H'H” (&7
= 6%Z,(1,,7) (say). (3.4.12)
Thus, the hypotheses of interest for this problem can be written as,
H,:u~ N(0,0°2(p)), 0<p<] (3.4.13)
against )
H, :u~N(©0,06°Z,(1,y)) -~1sy<0. (3.4.14)
55 ]
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We consider these particular hypotheses because for this case, Silvapulle (1991,
1994a) could not obtain King’s PO test. The hypotheses given in (3.4.13) and (3.4.14)
are special cases of (3.3.2) and (3.3.5), respectively, in which 8, = p, 8} = p", 6, =
YO =%. I, =2, 11, = 2, p =0.999 and g, =-1. Therefore, the g test can
be constructed for this problem as outlined in section 3.3. Here we denote this test as
the g(7,) test throughout and consider the g(-0.5) test only. For this problem,
Silvapulle (1991, 1994a) considered only an APO test, called the s5(-0.5) test and
found that her APO test behaves poorly compared to the asymptotic tests she
considered. This prompted us to consider the g(-0.5) test only and compare its finite-

sample size and power properties with those for Silvapulle’s recommended

asymptotic tests.

3.5 The Monte Carlo Experiment and the Results

In order to compare our Monte Carlo results of the g test with Silvapulle’s (1991,
1994a) test results, we used her design matrices and the same values of the sample

size.

Details of design matrices used for the first testing problem namely testing MA(I)

errors against AR(1) errors are as follows:

XI: nx3, n =20 and 60, the regressors are a constant, real income and relative price
of spirits. This design matrix is known as Durbin and Watson’s (1951) consumption

of spirits example.

X2 : nx3, n = 20 and 60, the regressors are a constant dummy, the Australian
quarterly consumers’ price index (CPI) starting with 1959(1), and the same index

lagged one quarter.

X3 : nx5, n =20 and 60, X3 is obtained from X2 by adding the CPI lagged two

quarters and three guarters as additional regressors.
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X4: nx3, n =20 and 30, the regressors are a constant, logarithms of Chow’s (1957,
table 1) automobile stock per capita and personal money stock per capita variables for
the United States 1921-1950.

X5: nx3, n =20 and 60, the regressors are the eigenvectors corresponding to the

three smallest eigenvalues of the nxXn Durbin-Watson differencing matrix A, which

is a tridiagonal matrix whose main diagonal elements are 2 except for the top left and

bottom right elements which are both 1 and whose elements in the leading off

diagonals are all ~1. Here, the first regressor is a constant.

For the second testing problem namely testing AR(1) errors against IMA(1,1) erross,

the following design matrices were used together with the X7, X2 and X5 matrices

outlined above.

X6: nx1, n =20, 60 and 100, the regressor is the constant dummy.

X7 : nx2, n =20, 60 and 100, the regressors are the constant dummy and time trend.

These design matrices cover a variety of characteristics. In particular, XI contains

smoothly evolving series (intended to reflect some typical time series data) and X2 and

X3 exhibit realistic degrees of muticollinearity. X5 was included because the DW test

is approximately uniformly most powerful invariant for this matrix. X4, X6 and X7

have been used in previous studies.

2000 replications were used in the two Monte Carlo experiments. For the problems

under consideration, the performance of the g test is invariant to the values of § and

o?, thus, B,, i =1, ..., k, and ¢ were all set to unity. Also, for the second

problem, following Silvapulle (1991, 19%4a), we set ¢, = 1. The computer programs

were written using GAUSS version 3.2.11. The sizes and powers of the tests were

calculated at the 5% level of significance. For the first problem and for testing

positive autocorrelation, sizes were calenlated at ¥ = 0.1, 0.3, 0.5, 0.7 and 0.9 and

powers were calculated at p = 0.1, 0.3, 0.5, 0.7 and 0.9. For testing negative
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autocorrelation, sizes and powers were calculated at ¥ and p values of ~0.1, -0.3, ...
»-0.9. For the second problem, sizes were calculated at p = 0.1, 0.3, 0.5, 0.7, 0.9 and
0.99 and powers were calculated at ¥ = -0.1, -0.3, -0.5, -0.7, -0.9 and ~1.0. Some

selected size and power results are plotted in Figures 3.1 to 3.4.

The estimated size and power properties of the APOI tests, s(0.3), s$(0.5), s(0.75) and
5(-0.5), the LM test and the best PS test (denoted as the 7,(<) test®®) were obtained

from Silvapulle (1991, 1994a). For the asymptotic tests, she used approximate non-
similar critical values, in order to compare asymptotic tests’ powers with those of the

APOI tests at approximately the same level of significance.

The ¥°, k,, k,, and k, values of the g tests for the first problem are given in Table
3.1. Unlike for the first problem, for the second problem we were often forced to
consider more than three representative densities under the null. The p;, i =1, ...,

(r—2), and the  values for the second problem are given in Table 3.5.

3.5.1 Monte Carlo Results for Testing MA(1) Errors against AR(1)

Errors

For this testing problem, Silvapulle (1991) and Silvapulle and King (1991) considered
six versions of the APOI tests, namely, the s(0.3), s(0.5), s(0.75), s(-0.3), $(-0.5), and
s(-0.75) tests. They found that their APOI tests have superior small-sample properties
compared to the asymptotic tests they considered. Therefore, it is appropriate to
compatre our g test results with their s test results only. The size and power results for
this problem are presented in Tables 3.2 to 3.4. In the following discussion, the
abbreviation g (and s) test stands for both positive and negative autocorrelation tests.

Similarly, g{p,) (and s(p,)) test stands for ali the positive autocorrelation tests

considered.

% She named this test as the 7,(<) test because it is used for testing the null against y <0.
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Among the g test critical values, the %, values are always far larger in absolute
magnitude than the &, and %, values (see Table 3.1). Thus, the ¢" value seems to be
important in the construction of the g test. Also, the 7" values and ¥, values of the s
tests are always similar (see Silvapulle (1991)). Moreover, for some cases, the k, and
k, values are not very different from zero. Consequently, for such cases, the g test

statistic coincides with King’s POI test statistic described in Chapter 2. We now

compare the performance of the g and s tests under the null.

The sizes of the s tests are always Jess than or equal to the nominal size whereas the
sizes of the g tests are always not significantly different from the nominal size*’. On
average, the g and s test sizes are comparable though sometimes the g test sizes can be

as high as 0.058 (and 0.062 on one occasion).

The sizes corresponding to the g(-0.5) test are always closer to the nominal size
compared to the sizes of the s(-0.5) test and g(0.5) test for all the design matrices
when n=20 (and for X4 when # = 30). The g(-0.5) test’s sizes become similar to
those of the g(0.5) test when the sample size increases to 60. Because the g test sizes
are successfully controlied, we now turn our attention to the power properties of the s

and g tests.

The power results are encouraging. The g(0.5) and g(0.75) tests are always more
powerful than the s(0.5) and s(0.75) tests, respectively. Interestingly, the g(0.5) test is
always more powerful than the s(0.75) test except on two occasions when n=20.
Similarly the g(0.3) test is always more powerful than the $(0.3) test except for a few
cases when n=20. Even for such cases, the power differences between the tests are
small. Also, the g(0.3) test is always more powerful than the 5(0.75) test when n =
60. For this testing problem, the s tests (which are nearly optimal) also pesform
equally well, therefore the power differences between the s and g tests are small.

Among all the design matrices, the power superiority of the g(p,) tests over the s(0,)

tests ranges up to 0.052 for n =20 and to 0.076 for n = 60.

7 For ZOOb replications, estimnated sizes in the range 0.041-0.060 (0.038-0.063) are not significantly
different from the nominal size of 0.050 at the five (one) percent level.
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One could suggest that these power results are to be expected because the g( Do) tests’
sizes are generally higher. However, compared to the s( Po) tests, the g(p,) tests

often have exact sizes and good power properties. Also, there are some cases where
the g(p,) tests are more powerful than the s(p,) tests while the corresponding test

sizes are similar.

Like the s p,) tests’ powers, the g(p, ) tests’ powers are always greater than or equal
to the nominal size. Also, the g( p,) tests’ powers always increase with p and n.

We would expect the g(0.3) test, g(0.5) test and g(0.75) test to be the most powerful

test for small, medium, and large values of o, respectively. However, we find that
this is not always the case, for example, for the X3 matrix, when n = 60 and p =0.3,

the powers of the g(0.3) and g(0.5) tests are 0.153 and 0.164, respectively, and the
corresponding average sizes are 0.052 and 0.055 respectively, Similarly, for the X5
matrix, when n = 60 and p = 0.7, the powers of the g(0.5) and g(0.75) tests are 0.890

and 0.883, respectively, and the corresponding avcragé sizes are 0.057 and 0.054,

respectively. Thus, the size differences of the g(p,) tests may be causing this

unexpected behaviour.

Finally, we observe that the size and power results of the g(p,) tests are largely
unaffected by the choice of p, value. The g(0.5) test seems worth focussing on in

terms of powers, but only just.

The g(-0.5) test is always more powerful than the s(-0.5) test, except for some cases
where the power differences between the two tests are small. Surprisingly, for such
cases, the average sizes of the g(-0.5) test are always greater than or equal to those of

the (-0.5) test. The powers of the g(-0.5) test always increase with p and n. Among
all the design matrices, the power advantage of the g(-0.5) test over the s(-0.5) test

ranges up to 0.029 and 0.067 for n =20 and n = 60, respectively.

The power results indicate that when the s test is nearly optimal, little gain can be

achieved by applying the g test.
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3.5.2 Monte Carlo Results for Testing AR(1) Errors against IMA(1,1)

Errors

For this problem, Silvapulie (1991, 1994a) found that the asymptotic tests such as the

LM test and pure significance test (denoted as the 7,(<) test) behave better than her

s(-0.5) test (which is not nearly optimal) and the other asymptotic tests she considered.

In particular, she recommended the 7,(<) test for small to moderate values of n and

the LM test for large n. Therefore, for this case, we compare our g(-0.5) test results

with the LM and 7,(<) tests results and also with the s(-0.5) test results. The size and

power results for this problem are presented in Tables 3.6 to 3.7.

For all the design matrices considered, we observe that the middle k& values of the
g(—05) test are always larger in absolute magnitude than the first and last &k values
(see Table 3.5). This indicates that the p;, i = 1,2, ..., (r—2), values are important

in the construction of the 2(-0.5) test.

The sizes of the g(-0.5) test are always not significantly different from the nominal
size, whereas, the other tests’ sizes are always less than or equal to the nominal size.

The 7,(<) test has its maximum size at p = 0.1 when n = 20, and its sizes decrease
as p increases. A similar pattern can be seen for n = 60. For n =100 and 0.1 < p
< 0.9, the 7,(<) test’ sizes are closer to zero in absolute value and its size becomes
exact when p =0.99. Like the g(-0.5) test, the LM test tends to have its maximum
size at different values of p for different X matrices and sample sizes. Among the

tests considered by Silvapulle (1991, 1994a), generally, the LM test sizes are much

closer to the nominal size. The 7,(<) test sizes are also better for small to moderate

sized samples. On the other hand, the s(-0.5) test behaves poorly. Its sizes always

decrease from 0.05 to O and then increase to 0.05 as p increases from 0 to 1. Also the

s(-0.5) test sizes are similar for all the design matrices.

The g(-0.5) test sizes are generally not significantly different from the nominal size,

and they vary between 0.038 to 0.058. On the other hand, as noted above, the other
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test sizes are sometimes closer to zero in absolute value or vary between 0.010 to
0.050. This makes it difficult for us to compare the powers of the tests at

approximately same level of significance.

The power results of the g(-0.5) test are very encouraging. Its powers are always well

above the powers of other tests when ¥ varies over -0.1 to -0.9 and becomes exactly
equal to 0.050 when ¥ =-1. The power result at ¥ = -1 is not surprising, because as
mentioned earlier in section 3.4.2, the null and the alternative models of interest
become identical when p =0 and ¥ =-1. Therefore, the power at y = -1, should be

equal to the size of the testat p =0, which in our case is fixed as 0.050.

Among all the design matrices, the power advantage of the g(-0.5) test over the 7,(<)

test when n = 20 and 60 are 0.148 and 0.354, respectively. Similarly, the power
advantuge of the g(-0.5) test over the LM test is 0.369 when n = 100. Here the 7,(<)
and LM tests are the ones recommended by Silvapuile (1991, 1994a) for small to
moderate and large samples, respectively. The g(-0.5) test is always more powerful
than these tests, Figures 3.1, 3.2 and 3.3 clearly illustrate this. On the other hand, the
s(-0.5) test performs poorly in terms of power properties, for example, the power
advantage of the g(-0.5) test over the s(-0.5) test is 0.969 when r = 100 (see Figure
3.4). The power dominance of the g(-0.5) test over the other tests may seem due to its
higher sizes. However, there are many cases where the g(-0.5) test has better sizes
-0.3 and n = 60,

and higher powers than its competitors. For example, for X6,
the powers of the 7,(<) and g(-0.5) tests are 0.261 and 0.615, respectively, while the

corresponding average sizes are 0.040 and 0.051, respectively. Similarly, for X7, n =

100 and ¥ = -0.7, the powers of the LM and g(-0.5) tests are 0.520 and 0.882,

respectively, while the corresponding average sizes are 0.044 and 0.050, respectively.

The g(-0.5) and LM tests’ powers always increase with sample size, whereas, the

7,(<) test powers increase when n increases from 20 to 60 but not when n increases

from 60 to 100. The g(-0.5) and 7,(<) tests’ powers always first increase and then
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decrease as ¥ decreases. The same happens for the s(-0.5) test when n = 20 and for

the LM test when n =60 and 100.

Compared to other tests, the g(-0.5) test detects the fact that the null and the

alternative models are the same when ¥ = -1 and p = G, perfectly well as its power
always becomes equal to 0.050 at ¥ = -1. The g(-0.5) test is also very good in
detecting the difference between ¥ = -0.9 and ¢ = -1 compared to other tests. The
distinct power difference between these two ¥ points is more obvious in large

samples. For example, for X6 and n = 100, the g(-0.5) test powers corresponding to
y =-0.9 and -1 are 0.506 and 0.050, respectively. The second best test in this regard
for the same data mairix and sample size is the LM test, which has powers 0.178 and

0.046, respectively.

Based on our results, we strongly recommend the g{-0.5) test for this testing probiem.

3.6  Applications of the g Test to Real World Data

In this section, two applications of the g test to real world data are outlined.

3.6.1 Application 1

Here, we consider the model used by Silvapuile (1991), which is a simple quarterly

linear regression model for Australian real interest rates given by
Ar, = By + By, + BiSy + PaSy, + 4, (3.6.1)

where A denotes first differences, 7, = R, —TI, is the ex post real interest rate, R, is
the nominal interest rate measured by the 90-day bank accepted bill rate, Il, is the
annual inflation rate calculated as TI, = 400%[In(CPI,) - In(L{CPI,))], CPI, is the

unadjusted weighted average of consumer price indices of all eight cities in Australia
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attime ¢, and §,,, S,,,and S, are quarterly seasonal dummies. The CPI data we
used here is different from Silvapulle’s because her data is not currently available.
She used an unadjusted weighted average of consumer price indices of six cities in

Australia excluding Darwin and Canberra,. Using quarterly Australian data for the
period 1969(2) to 1987(1), estimation of (3.6.1) by OLS results in

A7, = -2991+7878S, + 24315, +2096S, (3.6.2)

(—2.604}) (4.852)

R?*=0274, d =2.903.

The DW statistic, 4, indicates significant negative first-order autocorrelation at the
one percent level of significance because the one percent exact critical value is given
as 2.525 (see King (1981)). Although, our OLS results are slightly different from
Silvapulle’s, the finding is the same, Therefore, following her, we assume that the
error term in (3.6.1) follows a negative MA(1) process. An obvious alternative

hypothesis is that u, follows a negative AR(1) process.

In order to construct the g(-0.5) test for this problem, we have to find 7", (where, -1 <
¥ <0)and k,, k, and k, values such that the following size conditions (which are

evaluated via Monte Carlo method) hold simultaneously.

Prlf,(w) > k fi(W}+ K, f(W) + k. fy(w) 1y = 0] = &, (3.6.3)
Prif,(w) >k f,(w) + ko (W) + K f(M Ny = 7] = @, (3.6.4)
Prlf, (W) > kb f,(w) + B (W) + ks fi(w) 1y =—1] = &, (3.6.5)
and
PHLf, (W) > F f(w)+k, (W) +kafy(w)-1<y < 0] = &, (3.6.6)
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where f,(w), fo(w), and f,(w)are the densities corresponding to ¥ =0, ¥ = 3"
and y = -1, respectively, and f,(w) is the density corresponding to p = -0.5, the
point where the power is to be maximised. The solution found at @ = 0.05is ¢* = -

0.4229, k, =0.0000115, k, =3.23 and k, =0.000024. For these values the calculated

value of the statistic is

PS(~05) P’ ~Ui, m=1_ =112
g(~05) = l:., COSPT WPECOSPY W™ _ (oo 367

ZklIPQ(}/i)Pl]"UZ (w:(PQ(yi)Pr)—lw =112

where Q(7,), i= 1....,3, correspond to Q evaluatedat ¥ =0, ¥ = -0.4229,and ¥ =
-1, respectively. Because the calculated value of the test is less than one, we do not

reject the null hypothesis that the error term follows a negative MA(1) process at the

five percent level of significance. This finding coincides with Silvapulle’s.

3.6.2 Application 2

For this case, we obtained data from Griffiths et al. (1993, p.516). They model the

response of an area of sugarcane sown in a region of Bangladesh by the linear model,
In(A) =4+ B, In(P,/P) +e, (3.6.3)

where A is the area for sugarcane production (in thousands of hectares), F, is the

price of sugarcane (in taka/tonne) and P, is the price of jute (in taka/tonne). Using 34

annual observations, estimation of (3.6.8) by OLS results in

In(A,)= 6.2 +1004In(P, / P,), (3.6.9)

(0.214) (0.141)

R =0.614, d =1.093.
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The DW statistic, d , indicates significant positive first-order autocorrelation at the 5
percent level of significance. Griffiths et al. assume that the errors of their model
foliow an AR(1) error process. Therefore, here we test an AR(1) error process against

an IMA(1,1) error process using the g(-0.5) test.

The parameter solution found at the 5% level of significance is k, = 0.125, k, =

1499, k, = 1.53, k, = 043, p; = 0.38 and p, = 0.74. For these values the
calculated value of the statistic is 0.055 which is less than one, therefore we do not

reject the null that the error term follows an AR(1) process at the five percent level of

significance. This finding coincides with Griffiths et al.’s.

3.7 Conclusions

In this chapter, we proposed a new APO test, called the g test, based on the GNPL, for
testing a composite null. This new test will be helpful for situations where King’s PO
test cannot be constructed. The small-sample properties of the g test were
investigated using Monte Carlo simulations and the results were compared with those
for APOI tests and asymptotic tests of Silvapulle (1991, 1994a). In particular, we
applied the g test to two testing problems, namely, testing for MA(1) disturbances
against AR(1) disturbances and testing for AR(1) disturbances against IMA(1,1)
disturbances with a negative MA coefficient in the context of the linear regression
model. Because she could nct construct King’s POI test for these two composite non-
nested testing problems, Silvapulle (1991, 1994a) constructed King’s APOI tests
which performed exiremely well for the former problem but performed poorly for the
latter. Our g test performed well for both testing problems, in terms of size and power

properties.

The power results for the first problem indicate that when King’s APO test is nearly
optimal, little gain can be achieved by applying the g test. For the second problem,

Silvapulle (1994a) recommended two asymptotic tests, 7,(<) and LM, for small to

moderate and large samples, respectively. Our Monte Carlo results clearly show that
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the g(-0.5) test is always far superior to these two tests in terms of power properties.
Therefore, we strongly recommend the g(-0.5) test for testing AR(1) errors against

IMA(1,1) errors with a negative MA coefficient in the linear regression model.

The performance of the g test for these two problems is highly encouraging. In this
chapter, we analysed the performance of the g test in situations where the nuisance
parameters can be avoided via invariance methods. But in practice there are situations
where the nuisance parameters cannot be avoided via invariance or by any other
means. It is interesting to see the performance of the g test in such situations. This is

explored in Chapter 5.

In the next chapter, we discuss how to obtain exact (and near exact) non-similar
critical values and exact size critical values (by assuming knowledge of the unknown

parameters) of general non-similar tests, via SA.




Table 3.1: k; and 'y* values for the g tests at the 5% level for testing MA(1) vs AR(1) exrors

Test k;

8(0.3) k2

g05) ks

k;
8(0.75)  k,
ks

ki
g(-05) &,

Y

X1 X2 X3 X4 X5
n=20 n=601] n=20 =60 [n=20 n=60|n=20 n=30|n=20 n=60
0.0295  0.0045 0.04809 0.0035 | 00206 000276 | 0014 00113 | 00394  0.00361
1,5025 204 1.4255 2.11 1.368 2.04 1.48 1.727 14112 204178

-0.000987 000000011 -0.001922 90x10” | 0000681 7.8x107 [ 0.00007 -0.000052 [-0.000594 7.5 x 10
0.28 0277 0.28 0.28 0.27 0.28 0.27 0.278 0.27 0.277
0.0105 00000845 | 001804 0000148 | 0025  0.000i6 | 0.01986 0.00i183 | 0023 000023
237 2872 2.287 2.95 2.03 2.843 2315 2.798 2.13 2.803
0.0066 0000026 | -0.00712  0.00009 | -0.0009  0.00023 | -0.0044  0.00251 | -0.00092 0.000027
0.405 0.405 0.405 04105 | 0405 0.414 0.405 0.405 0.39 0.406
000249 62x107 | _00005 41x107 | -00032 44x107 | 00083 000029 | -0.0002 1.08x10%
1.1 08 278 0.614 2.64 0.682 3 2,496 28 0,835
0001  0.000065 0.095 0000208 | 0.107 000048 | 0.027 0.009 0025  0.00008
0.5 0.495 0.48 0.4995 0.48 0.505 0.499 0.499 0.46 0.492
0.00045  0.00003 00051  0.000045 | -0.00582 0.000045 | 0.002 000144 | -0.00295 0.000018
2.828 3.1 2541 3.18 1.815 2.94 2755 3.162 | 20085 321
02 0.0029 0.286 0.001 0824 00024 | 0145  0.1056 0.82 0.004
0.5 -0.44 -0.5 -0.439 -0.5 -0.439 -0.5 -0.46 05 -0.44
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Table 3.2: Sizes and powers of the s(po) tests and g(py) tests at the 5% level
for n = 20, when testing for MA(1) errors against AR(1) errors

$(0.3) s(0.5)  s(0.75) _ g(0.3) g(0.5)  g(0.75)

by, p=01 0.046 0.044 0.044 0.053 0.055 0.053
03 0.045 0.043 0,043 0.049 0.051 0.049

05 0.046 0.045 0.044 0.042 0.054 0.050

0.7 0.047 0.048 0.046 0.042 0.053 0.051

09 0.048 0.049 0.048 0.047 0.050 0.050

p=01 0.052 0.051 0.051 0.056 0.060 0.054

03 0.079 0.076 0.075 0.683 0.088 0.082

05 0.116 - 0.163 0.159 0.168 0.190 0182

07 0.335 0.337 0.336 0.323 0.365 0360

09 0515 0.526 0.536 0.508 0.556 0562

X2 y =01 0.048 0.047 0.046 0.056 0.055 0.049
03 0.044 0.045 0.044 0.046 0.052 0,052

05 0.046 0.046 0.045 0.044 0.043 0.049

07 0.049 0.048 0.048 0.042 0.047 0.053

09 0.049 0.049 0.049 0.049 0.050 0.053

p =0l 0.052 0.051 0.050 0.058 0.057 0.050

03 0.076 0.077 0073 0.089 0.082 0.074

05 0.156 . 0156 0.154 0.160 0.170 0.166

01 0.311 0324 0324 0310 0.338 0.349

09 0.504 0529 0.540 0.518 0.548 0.578

X3 y=01 0.045 0.046 0.047 0,052 0.056 0.049
03 0.044 0.045 0.043 0.051 0.058 0.046

0.5 0.044 0.045 0.045 0.052 0,049 0.049

07 0.046 0,047 0.048 0.052 0.053 0.052

09 0.048 0.049 0.050 0.050 0.051 0.048

p =01 0.052 0.053 0.053 0.056 0.060 0052

0.3 0.070 0.071 0.071 0.082 0.088 0.075

0.5 0.130 0.133 0.132 0.154 0.158 0.149

07 0252 0.261 0264 0276 0.285 0295

09 0.418 0.435 0447 0.453 0472 0430

x4 y=01 0.046 0.045 0.046 0.051 0.055 0.053
0.3 0.044 0.044 0.045 0.050 0.053 0.053

05 0.044 0.045 0.045 0.043 0.048 0.050

0.7 0046 0.048 0.047 0.050 0.046 0.050

0.9 0.048 0.049 0.048 0.049 0.051 0.049

p =01 0054 0.053 0.053 0.054 0.056 0.055

03 0.076 0.076 0.074 0.077 0.081 0.083

0.5 0.152 0.153 0.150 0.158 0.164 0.170

07 0293 0310 0317 0304 0312 0.329

09 0438 0.484 0.539 0459 0.493 0.562

X5 y=01 0.046 0.045 0.045 0.052 0.055 0.048
03 0.045 0.043 0.043 0,052 0.054 0.054

0.5 0.046 0.045 0.044 0.050 0.049 0.050

0.7 0.049 0,048 0.047 0.048 0.049 0.053

09 0.050 0.050 0.049 0.049 0.049 0.051

p=01 0.053 0.052 0.053 0.055 0.059 0,053

03 0.075 0.073 0.072 0.085 0.091 0.082

05 0.141 0.139 0.137 0.150 0.160 0.150

0.7 0.250 0251 0249 0.248 0.266 0.267

09 0.343 0.348 0.350 0.345 0.361 0.363
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Table 3.3: Sizes and powers of the s(pg) tests and g(py) tests at the 5% level for
n =60, when testing for MA(1) errors against AR(1) errors

$(0.3) $(0.5) s(0.75) 2(0.3) g(0.5)  g8(0.75)

X7 y=01 0.047 0.044 0.046 0.056 0.055 0.056
03 0.082 0.039 0.039 0.050 0.049 0.050
05 0.044 0042 0.042 0.053 0.054 0.049
07 0.046 0.044 0.044 0.054 0.058 0.055
09 0.042 0.047 0.047 0.054 0056 0.055
p=01 0.054 0.052 0.051 0.065 0.067 0.065
03 0.131 0.122 o119 0.159 0.156 0.147
05 0.434 0426 0419 0.439 0500 0.436
07 0.839 0.842 0.845 0.877 0.290 0.839
0.9 0.975 0.979 0984 0.934 099 0.992
X2 y=01 0.046 0.044 0.043 0.056 0.057 0.058
03 0.043 0.042 0.041 0.049 0.052 0.053
0.5 0.045 0.043 0.042 0.047 0.050 0.050
0.7 0.048 0.047 0.046 0.049 0.055 0.055
0.9 0.049 0.049 0049 0.050 0.052 0.053
p=01 0.053 0.052 0.051 0.061 0.065 0.065
0.3 0.136 0132 0.426 0.148 0.154 0.154
0.5 0.455 0.453 0.442 0.486 0.512 0513
0.7 0.870 0815 0372 0.892 0.508 0.908
0.9 0.990 0.991 0.992 0.993 0.995 0.996
X3 ye0l 0.045 0.044 0.044 0.055 0.059 0.056
0.3 0.043 0.041 0.041 0.048 0.054 0.050
05 0.045 0.043 0.042 0.050 0.053 0.050
07 0.048 0.047 0.047 0.054 0.060 0.058
0.9 0.049 0.049 0.050 0.052 0.050 0.055
p=al 0.058 0.056 0.057 0.064 0.069 0.062
0.3 0132 0127 0.123 0.153 0.164 0.151
05 0.441 0436 0.429 0.493 0512 0.500
0.7 0.859 0.862 0.862 0.891 0.901 0.894
0.9 0.989 0.989 0.590 0991 0.994 0.994
X4 y=01 0.044 0.045 0.034 0.051 0.052 0.054
03 0.043 0.043 0.042 0.049 0,049 0.048 ;
05 0.045 0.044 0.043 0.044 0.049 0.051 3
07 0.048 0.048 0.048 0.047 0.053 0,053 .
09 0.049 0.049 0.050 0,043 0.053 0.052 i
p =01 0.052 0.054 0.054 0.061 0.058 0.061 ]
03 0.094 0.092 0.090 0.10 0.107 0.112 4
05 0.243 0.244 0.238 0.254 0274 0.278 :
07 0.543 0.538 0538 0.546 0.584 0.582
09 0.778 0792 0.803 0.786 0.318 0.837
X5 y=01 0.045 0.043 0.042 0.054 0.062 0.056
0.3 0.043 0.042 0.040 0.049 0.054 0.048
0.5 0,044 0.043 0.042 0.051 0.054 0.051
0.7 0.047 0.047 0.047 0.055 0.061 0.057
0.9 0.049 0.050 0.050 0.055 0.054 0.056
p a0l 0.058 0.056 0.054 0.065 0.071 0.066
0.3 0.133 0.130 0122 0.159 0.164 0.149
0.5 0.435 0.434 0.423 0.486 0.508 0.492
03 0.840 0.844 0.842 0876 0.890 0883
09 0971 0979 0979 0.985 0,989 0.988

* Bor X4, sample size, n = 30 was used




Table 3.4: Sizes and powers of the s(-0.5) and g(-0.5) tests at the 5% level,
when testing for MA(1) errors against AR(1) errors

n =20 n = 60*
s(-0.5) g(-0.5) s(-0.5) g(-0.5)

X1 y=01 0.048 0.0483 0.051 0.057
03 0.045 0.048 0.041 0.050
05 0.046 0.050 0.043 0.051
-0.7 0.048 0.052 0.047 0.056
0.9 0.050 0.050 0.049 0.053
p=-01 0.051 0.051 0.053 0.062
03 0.083 0.085 0.135 0.165
05 0216 0215 0.499 0.553
07 0.538 0527 0.930 0.947
09 0.883 0.377 0.999 1.000
X2 y=-01 0.047 0.050 0.047 0.057
03 0.043 0.051 0.041 0.050
-05 0.045 0.050 0.045 0.053
0.7 0.048 0.052 0.049 0.056
09 0.050 0.051 0.050 0.052
p=-01 0.050 0.056 0.053 0.064
03 0.081 0.099 0.136 0473
05 017 0.246 0.508 0.553
0.7 0.546 0.553 0.933 0.947
-09 0.889 0.894 0.999 1.000
X3 y=-01 0.047 0.049 0.047 0.055
03 0.045 0.048 0.043 0.049
05 0.046 0.050 0.044 0.052
0.7 0.049 0.050 0.048 0.055
08 0.050 0.050 0,050 0.050
p=-01 0.050 0.052 0.052 0.064
03 0.078 0.086 0.134 0175
05 0.188 0.203 0.482 0.549
01 0484 0439 0919 0.940
09 0.855 0.849 0.999 0.999
X4 y=-01 0.049 0.052 0,048 0.050
03 0.044 0.052 0.042 0.051
-0.5 0.043 0.050 0.044 0.050
07 0.045 0.049 0.046 0.050
09 0.047 0.051 0.047 0.050
p=-01 0.053 0.055 0.051 0.057
03 0.082 0.092 0.096 0.115
05 0217 0.235 0.299 0.332
07 0.544 0.559 0711 0.731
09 0.887 0.887 0.967 0.962

X5 y=-01 0.049 0.049 0.050 0.052
03 0.045 0.052 0.042 0.047
0.5 0.047 0.050 0,043 0.051
0.7 0.049 0.049 0.047 0.055
09 0.050 0.051 0.049 0.051
p=-0l1 0.052 0.054 0.059 0.060
03 0.083 0.093 0.137 0.160
0.5 0.216 0.234 0,501 0.547
0.7 0.540 0531 0931 0.949
09 0.885 0878 0.999 1.000

* Por X4 sample siz=s n

=20 and n = 30 were used
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Table 3.5: k; and p; " values of the g(-0.5) test at the 5% level for testing
AR(1) errors against IMA(1,1) errors |

n k; k, k3 k, ks £ P2 P3 )
X!

20 0.1185 2.09 0.285 - - 0.4 - -

60 0.01435 221 0.8725 0.0443 - 043 0.74 -
X2

20 0.0656 1.2865 1.2234 0.0096 - 0.32 0.69 -

60 0.0052 1.399 1.48 0.029 - 0.42 0.73 -
X5

20 051 1.18%8  0.00938 - - 04 - -

60 0.0104 193 . 175 0.0075 - 0.36 0.64 -
X6

20 0.195 2.7 0.57 - - 0.595 - -

60 0.00131 0.6d6 1.32 0.0416 - 0.454 0.799 -

100 17x10°  0.0346 0.192 0.054 000264 0.404 0.643 (3.848
X7

20 0.414 1.996 0.026 - - 0.5 - -

60 0.00042 1.169 1.98 0.0118 - 0.37 Q.72 -

160 0.00011 0.192 0.663 0.045 000018 0402 {6461 0.853




Table 3.6: Sizes and powers of the s(-0.5) and g(-0.5) tests at the 5% level for X1 ,
X2 and X5, when testing for AR(1) errors against IMA(1,1) errors

n=20 n =60

T(<) LM 5(-0.5) g(-0.5)] 1<) LM s(-0.5) g(-0.5)
X1 p =01 0.650 (1,050 0.029 0.047 0.050 0.050 0.024 0.053
03 0.04% 0.039 0.009 0.047 0.044 0.043 0.010 0.049
0.5 0.040 0.02¢ 0.000 0.052 0.046 0.034 0.000 0.052
0.7 0.031 0.022 0.001 0.052 0.043 0.023 0.000 0.055
0.9 0.018 0.019 0.033 0.048 0.032 0.015 0.020 0.056
0.99 0.020 0.018 . 0.046 0.050 0.018 0.014 0.044 0.052
y=-0.1 0.031 0.012 0.045 0.085 0.050 0.021 0,040 0.145
03 0.067 0.018 0.056 0.163 0.239 0.089 0.038 0.551
0.5 0.100 0.025 0.064 0.172 0.425 0.193 0.029 0.727
0.7 0.073 0.037 0.059 0.116 0.312 0.128 0.029 0.518
-0.9 0.051 0.045 0.054 0.056 0.085 0.054 0.035 0.118
-1 0.057 0.051 0.050 0.052 0.049 0.045 0.050
X2 p =01 0.048 0.050 0.030 0.044 0.023 0.050 0.022 0.046
03 0.045 $.043 0.010 0.051 0.022 0.040 0.008 0.044
0.5 0.050 (0.038 0.001 0.048 0.021 0.032 0.000 0.056
0.7 (.040 0.033 0.601 0,048 |- 0.036 0.022 0.000 0.050
0.9 0,038 0.024 0.034 0.050 4.040 0.016 0.015 0.051
0.99 0.028 0.020 0.046 0,052 0.050 0.011 0,045 0.049
y=-0.1 0.059 0.016 0.045 0,082 0.111 0.007 0.043 0.143
-0.3 0126 0018 0056 0166 | 0350 0065 0.040 0538
-0.5 0.170 0.029 0.063 0.188 0.519 0.188 0.030 0.752
0.7 0.128 0.034 0.05% 0,127 0.37% 0.129 0.030 0.593
-0.9 0.061 0.049 0.055 0.061 0.068 0.044 0.038 0.131
-1 0.051 0.052 0.052 0.050 0.039 0.055 0.045 0.050
X5 p=01 0.050 0.049 0.032 0.054 6.050 0.034 0.024 0.053
0.3 0.042 0.050 0.007 0.056 0.045 0.033 0.012 0.049
0.5 0.042 0.048 0.002 0.050 0.050 0.036 0.000 0.055
0.7 0.035 0.049 0.003 0.045 0.045 0.041 0,000 0.049
0.9 0.025 0.046 0.033 0.048 0.034 0.050 0.024 0.045
0.99 0.023 0.048 0.044 0,048 0.027 0.045 0.047 0.046
y=-0.1 0.046 0.032 0.046 0.071 0.090 0.017 0.045 0.117
03 0.085 0.026 0.053 0.107 0.327 0,051 0.039 0.404
-0.5 0.092 0.031 0.064 0.101 0.465 0.101 0.030 0.580
-0.7 0.077 0.041 0.05% 0.068 0.301 0.051 0.038 0.394
09 0.054 0.052 0.055 0.053 0.077 0.027 0.045 0.087
-1 0.055 0.049 0.053 0.050 0.050 0.030 * 0.050

*This value is not reported in Silvapulle (1991)




Table 3.7 : Sizes and powers of the s(-0.5) and g(-0.5) tests at the 5% level for
X6 and X7, when testing for AR(1) errors against IMA(1,1) errors

Ty(<) LM s(-0.5 £(-0.5) (< LM s(-0.5) g(-0.5)
n =20, X6
p=01 0.050 0.050 0.028 0.054 y=-01
03 0.045 0.050 0.008 0.058 0.3
0.5 0.037 0.048 0.000 0.049 0.5
0.7 0.028 0.044 0.002 0.046 0.7
0.9 0.022 0.046 0.032 0,053 0.9
0.99 0.032 0.032 0.045 0.049 -1
n=20X7
p =01 0.050 0.050 0,018 0.052 y=-01
03 0.04% 0.048 0.012 0.055 0.3
0.5 0.045 0.042 0.001 0.950 0.5
0.7 0.031 0.050 0.003 0.050 0.7
09 0.024 0.038 0.025 0.050 0.9
0.99 0.019 0.040 0.048 0.050 -1
n =60, X6
p=01 0.048 0.041 0.021 0.055 y=-0.1
03 0.047 0.046 0.609 0.044 03
0.5 0.050 0,045 0,000 9.053 0.3
0.7 0.044 0050 0.000 0.054 0.7
09 0,025 0.043 0.018 0.048 -0.9
0.99 0.031 0.031 0.041 0.054 -
n =60, X7
£ =01 0.049 0.041 0.027 0.038 y=-0.1
0.3 0.046 0.044 0.009 0.043 0.3
0.5 0.050 0.043 0.000 0.058 -0.5
0.7 0.045 0,050 0.003 0,050 0.7
0.9 0.031 0.047 0.017 0.045 0.9
0.99 0.019 0.035 0.043 0.049 -1
n =100, X6
£2=01 0.002 0.046 0.018 0.055 =-0.1
03 0.002 0.046 0.003 0.048 0.3
0.5 0.001 0.049 0.000 0.057 0.5
0.7 0.001 0.050 0.000 0.052 0.7
0.9 0.010 0.045 0.015 0.051 0.9
0.99 0.050 0.040 0.042 0.050 -1
n =100, X7
p=01 0.00% 0.049 0.020 0.056 y=-0.1
03 0.002 0.049 0.002 0045 0.3
0.5 0.002 0.045 0.000 0.055 -0.5
0.7 0.006 0.050 0.000 0.048 0.7
0.9 0.00% 0.045 0.014 0.046 0.9
099 0.050 0.031 0.043 0.049 -1

*These values are not reported in Silvaputle (1991)




Figure 3.1: Comparing the PS and g(-0.5) tests for X6 with n =
20, when testing for AR(1) errors against IMA(1,1) errors
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Figure 3.2: Comparing the PS and g(-0.5) tests for X6 withn =
60, when testing for AR(1) errors against IMA(1,1) errors
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Figure 3.3: Comparing the LM and g(-0.5) tests for X7 withn =
100, when testing for AR(1) errors against IMA(1,1) errors
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Figure 3.4: Comparing the s(-0.5) and g(-0.5) tests for X6 withn =
100, when testing for AR(1) errors against IMA(1,1) errors
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APPENDIX 3.2
The Generalised Neyman-Pearson Lemma (GNPL)
Here we give the theorem only. For full mathematical details see Lehman (1986).

Theorem (Lehman (1986, p. 96)): Let f,, ..., f,,, be real valued functions defined on
a Euclidean space A and integrable g, and suppose that for given constants ¢, ...,

o, there exists a critical function ¢ satisfying
[ofdu=a,, i=1..r. (A3.1)

Let b be the class of critical functions ¢ for which (A3.1) holds.

1) Among all members of b there exists one that maximises

[ fudu. (A32)

2) A sufficient condition for a member of b to maximise (A3.2) is the existence of

constants ,, ..., k. such that

§x)=1when fou(0)> S kA
i=]

#(x) =0 when £, ()< P A, (0). (A33)

i=1

3) If a member of b satisfies (A3.3) with k,, ..., k, 2 O then it maximises (A3.2) 1

among all critical functions satisfying
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I#ﬁdﬂsan i=1..,r. (A3.4)

4) The set R of points in r—dimensional space whose coordin'atcs are
fordn....[ &,

for some critical function ¢, is convex and closed. If &, i =1,..,r is an inner
point of R, then there exist constants k,, ..., k,, and a test ¢ satisfying (A3.1) and

(A3.3), and a necessary condition for a member of b to maximise (A3.2) is that
(A3.3) holds. '

Notes

The size conditions (A3.1) can also be written more simply as
Prireject Hylf,l=a,, i=1,.,r, (A3.5)

where the ,’s are ones preferred levels of significance, like, 0.05, 0.01 etc.

Generally, we would like to fix the nominal size at one level. However, the GNPL

does allow flexibility in this area when testing a composite null hypothesis.
The power of the test (A3.2) can also be written more simply as
Pr{reject Hylf, ;1. (A3.6)

The GNPL states that provided one finds appropriate critical values &;, i =1, ..., r,
such that the r size conditions (A3.1) hold simultaneously, then for those critical
values, the test (given in A3.3) will be the most powerful test among the tests of size

equal to a;, i =1, ..., r. If all the critical values satisfying (A3.1) happen to be




|

positive then the test will be the most powerful test among all tests of size less than or

equalto «;, i =1, ..., r.




Chapter 4: Exact non-similar critical values for general non-similar tests

CHAPTER 4

EXACT NON-SIMILAR CRITICAL VALUES FOR GENERAL NON-
SIMILAR TESTS

4.1 Introduction

In the previous chapter, we considered two testing problems for which the nuisance
parameters can be avoided by using invariance methods. However, in practice one
often has to work in the presence of unavoidable nuisance parameters. The presence

of nuisance parameters can make tests non-sitm’ar.

The classical approach to non-similar tests is to find exact non-similar critical values,

for which sizes are never greater than the nominal size for all possible values of the

nuisance parameters. Because there are no analytical tools proposed in the literature
to derive or approximate these critical values for particular tests, the critical values a
have to be obtained by using the Monte Carlo methed. Consequently, there are few H
existing studies based on non-similar critical values (see Inder (1985), Grant (1987), 4
King and McAleer (1987) and Silvapulle (1991)).




Chapter 4: Exact non-similar critical values for general non-similar tests

As noted in Chapter 2, previous studies based on non-similar critical values (except
studies involving PO and APO tests) are actually based on approximate non-similar
critical values. Approximate non-similar critical values are obtained by varying the
key nuisance parameters (those which if we knew their value we could apply a
standard exact test) only, keeping the other nuisance parameters constait.
Researchers (who used approximate non-sim lar critical values) checked whether their
critical values are adequate to control the sizes over a part of nuisance parameter
space only. Thersfore, we can say th. - the performance of approximate non-similar
critical values over the entire nuisance parameter space is unknown. Also, these
critical values may not work well for all testing problems, tests and design matrices.

Hence, the need for a method of finding exact non-similar critical values.

In this chapter, we propose a new approach to obtaining exact non-similar critical
values based on the simulated annealing (SA) algorithm. This involves an iterative
process as follows. First we allow SA to find values for the nuisance parameters
(over the nuisance parameter space) such that the size of a non-similar test is at its
maximum>.. Then for those values of the nuisance parameters, we obtain the exact
size critical value. Using SA and the new exact size critical value, we again obtain
the maximum size of the non-similar test. If the maximum size obtained at this stage
is equal to the nominal size then we stop this process, otherwise we obtain the exact
size critical value for the new parameter solution and proceed as before, until the
maximum size obtained is acceptable. This iterative procedure will eventually lead
one to an exact naon-similar critical value of a non-similar test. If ones aim is to obtain
sizes that are always less than or equal to the nominal size, one can follow this
iterative process. However, this can be an extremely computer intensive procedure.
Therefore, a more practical approach might be to stop the iterative process after one
full round of the procedure and hope the exact critical value obtained at this stage is
close to the exact non-similar critical value (this assumes, little change in the values
of the nuisance parameters that maximise size for different critical values). Critical
values obtained this way can be regarded as near exact non-similar critical values. In

this chapter, we investigated the performance of near exact non-similar critical values.

2 The same could not be achieved by using the Newton-Raphson method, not surprisingly, because it
is not designed to optimize a step function such as the size function estimated via simulation,
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The exact non-similar critical values (involving Monte Carlo methods) mentioned
above can be thought of as approximate because they are subject to sampling error.
The size of this error can be controlled by the number of iterations taken. As noted in
Chapter 1, our SA based approach will not only lead us to exact (and near exact) non-
similar critical values but also allows us to assess whether an approximate distribution
is a good approximation to the exact distribution of the test statistic under the null
hypothesis. We also show how SA can be used to obtain exact size critical values of

non-similar tests, assuming knowledge of the nuisance parameters.

In this chapter, we apply the SA based approach to two non-similar tests, namely, the
DW test and Durbin’s ¢ test in the context of the dynamic linear regression model.
Because Durbin’s A test is known to perform poorly in finite samples and because it
cannot be defined sometimes, we did not include it. The critical values for the DW
and ¢ tests are obtained from the approximate small disturbance asymptotic (ASDA)
distribution and large-sample distribution of the statistics, respectively. Therefore, for
this case, our SA based approach can be expected to indicate which asymptotic
approach is best. The SA based approach can also be used to check, for example,
whether the standard normal distribution or Student’s ¢ distribution is appropriate for
the null distribution of Durbin’s ¢ test statistic in finite samples. Also, in this chapter,
we compare SA based near exact non-similar critical values with approximate non-
similar critical values obtained following Inder (1985). Furthe., an extensive Monte
Carlo study is conducte to see whether SA based near exact non-similar criticai
values are indeed wor" . ig well in terms of controlling the sizes of the tests over the

anisance parameter space.

The plan of this chapter is as follows. The theory inciuding how SA can be
effectively used to obtain exact (and near cxact) non-similar critical values and exact
size critical values of tests is discussed in section 4.2. This theory is applied in
section 4.3 to the problem of testing for autocorrelation in the dynamic linear
regression model. Section 4.4 presents the details of the Monte Carlo experiment and

its main findings. Finally, some concluding remarks are given in section 4.5.
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4.2 = Theory

Let y be an observable nx1 vector which has probability density
F(y;0,8,8), 4.2.1)
where ¢, ¢ and € are ux1, vx1 and wx1 vectors of unknown parameters.

Suppose we wish o test

against
H:0>0,(ord<Pyor d=9,), 4.2.2)

where %, is a known uXx1 vector. Then ¢ and & are vectors of nuisance
parameters. Suppose we have a test statistic T(y) whose null distribution is invariant
with respect to ¢ but depends on £. In other words, the T(y) test sizes vary with

values of &£, thus, the test is non-similar. In sections 4.2.2 and 4.2.3, we discuss how
to obtain exact size critical values (by assuming knowledge of the unknown
parameters) and exact (and near exact) non-similar critical values, respectively, for

such tests.

4.2.1 Finding the Maximum Size of a Non-Similar Test via SA

In order to apply SA, the function to be optimized first has to be defined. Usually one
is able to provide this function explicitly. However, our case is different, because, the

" function, namely, the size function, has to be estimated via simulation. Therefore, this

SA based approach may seem unattractive in terms of computation, however, this

should not be the case, especially with the highly advanced computing facilities
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available nowadays. Also, a computational gain in terms of time can be achieved by

noticing which parameters need to be varied and which do not over the nuisance

parameter space.

To find the maximum size of a non-similar test over the nuisance parameter space we

can define the function to be minimized as either
f = 10000x s
or
f = 10000x 52, (4.2.3)

where s = (1 —¢) and ¢ = size of the test (over the nuisance parameter space) at the

o nominal level of significance. The rationale behind (4.2.3) is simple. We want SA
to find values for the nuisance parameter vector, £, such that s is as small as
possible. In other words, we want SA to find values for the nuisance parameters such
that the test size is as big as possible. Therefore, by multiplying s by a big number
(such as 10000) we are in a way forcing the SA algorithm more towards minimizing
s. Here one is included in s, because we wish SA to find a size (if any) closest or

equal to one.

4.2.2 A New Approach to Obtaining Exact Size Critical Values via SA

By assuming knowledge of the nuisance parameters, the exact size critical value of a
non-similar test can be found via Monte Carlo methods. This invoives taking
repeated samples under the nuil hypothesis and finding the value for which the correct
percentage of statistics are in the rejection region. Here we apply SA to do the latter
part, That is, our method involves calculating the test statistic values for the number
of Monte Carlo replications, and then applying SA to find the exact size critical value
for the caiculated test statistic values. That is, SA’s role here is to vary the critical

value of the test until the test size becomes equal to the nominal size.
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If we wish to achieve an exact size critical value of a test at the o level of

significance, the function to be minimized can be provided as

f = 10000x s*, (4.2.4)

where, s = (@ —¢). Here, we strictly prefer to work with s, instead of s, because
s can also take negative values in this case. The rationale behind (4.2.4) is as
explained above, that is, we want SA to find a critical value such that (4.2.4) is as
small as possible, thus by multiplying by a big number this is ensured. In other
words, we want SA to find a critical value such that the test size equals to &, which is

why @ is included in the function to be optimized.

4.2.3 A New Approach to Obtaining Exact (and Near Exact) Non-
Similar Critical Values via SA

In this section, we provide the steps involved in obtaining an exact non-similar critical

value of a non-similar test.

{1) Start the iterative process with (probably an asymptotic) critical value of a non-

similar test.

(2) Apply SA (as explained in section 4.2.1) to find the nuisance parameter values

such that the test size is at its maximum.

(3) Apply SA (as explained in section 4.2.2) to find exact critical value at these values

of nuisance parameters.

(4) Using the new critical value repeat steps 2 and 3 continuously until convergence

(i.e. repeat this process until maximum size obtained is equal to the nominal size).
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As mentioned earlier, following all four steps will lead to an exact non-similar critical
value and following the first three steps will lead to a near exact non-similar critical

value of a non-similar test.

4.3 Testing for Autocorrelation in the Dynamic Linear Regression
Model

Consider the dynamic linear regression model
Y, S Wy rxfru, t =2,...,n, (4.3.1)

where y, is the tth observation on the dependent variable, x, is a £ X1 vector of
observations on the exogenous variables at time ¢, ¢ and f§ are unknown parameters
with |,u| < 1 (as noted in Chapter 2, # is believed to be non-negative in economic

applications) and u, is a stochastic disturbance term which follows an AR(1) process,
u=pu_ +e, t=2..,n, 4.3.2)
where, |g| < 1, and ¢, ~ IN(0,6%).

Suppose we wish to test

H,;p=0
against
H:p>0. (4.3.3)

As a result of the dynamic nature of the model, it is necessary to make further

assumptions about y, and u, before the model is completely defined. Following

Inder (1985) and King (1996), we make the following two assumptions.
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(1) The mean of y, is stableat ¢t = 1. Thatis, E(3,) = E(3,).
(2) The variance of y, is the same forall ¢t = 1,...,n.

According to these two assumptions, it can be shown that

= b +d
-

i%h» ‘ 4.5.4)

where d,2 = (d+4p) du = —8'2—1-5- (see Inder (1985)). Thus, the model
1-p%)

7o an
(1-pp)1- %) (
is now completely specified by equations (4.3.1), (4.3.2) and (4.3.4).

For this testing problem, &, # and ¢ are nuisance parameters. However, this testing

problem is invariant with respect to the constant coefficient, f,, and is affected by o
only in the same way as a scaling of the 8 = (f,,...,5,)" vector (see Inder (1985)).
That is, the testing problem is invariant to rescaling such that the ratio §°/ o is
preserved. This means, #° can be fixed and ¢ can be varied or vice versa. Because
o can take only positive values, it is better to vary 8 . Therefore, for the testing

problem, ¢ and #° (or o) are unavoidable nuisance parameters. Consequently, tests

appliied to this problem will be non-similar in nature and the critical values of the tests

can be obtained following section 4.2.3.

It will be useful to represent the model in vector notation. For any time series z,,
define z = (z,,23,..-,2,) and z_;, = (2, 2;,...,2,;)’. For example, y stands for

(¥, y,Y and y for (¥,...,¥,.) . Similarly for any matrix H, H’ =

(hys.... b)), and H. =(h,..,h,_), where h/ is the row of H representing the fth

observations. For example, X’ stands for (x,,...,x,) and X/, for (x,,....x,,).
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Following Inder (1985), the OLS estimates of # and f, and the OLS residual vector
from (4.3.1) can be written as

= }3%__%3-'_], (43.5)
B= (XX X' (y-y.), (4.3.6)

and
Cd=P(y-y.l, (43.7)

respectively, where P, is the orthogonal projector of X .

4.3.1 The Tests

Durbin and Watson (1950, 1951) proposed the famous DW test for AR(1)

disturbances in the context of the static linear regression model, based on the statistic

d = (4.3.8)

where A, is the first differencing matrix as defined in section 3.5. For the testing

problem considered, the null hypothesis is rejected for small values of 4.

The construction of Durbin’s ¢ test for testing H,: p = 0 amounts to the following.
First #i has to be regressed on y_;, X, and i, thereafter, the significance of the
coefficient of #i_, is tested using the usual ¢ test, which is called Durbin’s ¢ test. For
any time series vector, w,, by defining w™ = (w,w,,...,w,) and wl, =

(Wy, Wapees w, ), Inder (1985) showed that Durbin’s # statistic can be written as
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i, B n—k—4

’— r— r— .

t= , (4.3.9)

where Z = [y7,X"]. The ¢ test, under regularity conditions outlined by Durbin

(1970), follows the standard normal distribution asymptotically.

44 Monte Carlo Experiment Design and Main Findings

An extensive Monte Carlo study was conducted to see whether SA based near exact i
non-similar critical values work well in terms of controlling the sizes over the
nuisance parameter space. For this a variety of design matrices with different

characteristics were used, namely:

X8: nx4, n =20 aud 60, the X matrix is the same as X5. The o values used for n =
20 and 60 are o =0.7, 2, and 40 and o = 0.64, 1.35, and 8, respectively.

X9: nx4, n =20 and 60, the regressors are a constant and eigenvectors associated

with the largest characteristic roots of A,. The ¢ values used for n =20 and 60 are

o =0.25,0.54, and 6 and o = 0.4, 0.86, and 5, respectively.

X10: nx4, n = 20 and 60, regressors are a constant, the natural log of quarterly
observations on three Australian series: nominal interest rates, CPI and GDP starting
1969(3). The o values used for n =20 and 60 are ¢ =0.2, 0.5, and 3and g =0.3,
0.8, and 4, respectively.

X11: nx2, n = 32 and 76, the regressors are a constant dummy, and Maddala and
Rao’s (1973) GNP data. The o values used for » = 32 and 76 are o = 26.5, 53, and
210 and ¢ =57, 116, and 465, respectively.

X12: This design matrix is identical to X1/ except that the GNP series is replaced by

another series with less serial correlation generated by adding a random variable o, to
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the GNP series, where 0, ~ IN(0,1600). The ¢ values used for n = 32 and 76 are
o =31,64.2,and 250 and o =72, 147, and 580, respectively.

X13: nx5, n = 30 and 60, the regressors are a constant, three quarterly seasonal
dummy variables, and the quarterly Australian CPI commencing 1959(1). The o
values used for n = 30 and 60 atre o = 0.5, 5, and 150 and o = 10, 20, and 250,
respectively.

X14: nx3, n =30 and 60, the X matrix is the same as XI. The ¢ values used for »
= 30 and 60 are o = 0.035, 0.081, and 0.68 and o = 0.085, 0.185, and 0.95,
respectively.

Among these, X8 to X10 were used by Grant (1987) and the rest by Inder (1985).
These design matrices cover a variety of characteristics. In particular, X8 and X9 (as
noted in Chapter 3) reflect some extreme data sets, X10 is typical economic data, X7/,
X13 and X14 are smocthly evolving series, and XJ2 possesses a high degree of

randomness.

5
;
i
}
. .o i
In order to check whether the SA based near exact non-similar critical values are
adequately controlling the sizes, sizes were estimated via simulation for a variety of i

B and o values. Accordingly, B vectors over a range of directions were used, for
exémple, for X14, the B vectors used were: (0,0,0)', (0,11), (0,-1,-1),
0,-1,1’, (0,1,-1°, (0,1,0), (0,-1,0), (0,0,1)" and (0,0,~1), and 8 was made
larger or smaller along each of eight directions by decreasing or increasing . The
complete list of # vectors used for each design matrix is given in the footnotes below
cach table of results. For each of these S directions and o values, sizes were
estimated for g = 0.1, 0.3, 0.5, 0.7, 0.9, and 0.99. When £ =0, results are invariant

with respect to o, therefore, for this case, size calculations were done for only one o

value. All other studies conducted in a similar setting, calculated sizes for only one

vecfor and for some o values (see Inder (1985) and Grant (1987)).
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To ensure that reasonable values of o were used, three o values that made the
average R® (coefficient of determination) approximately 0.3, 0.7 and 0.9,
respectively, were chosen. The average R? for all # directions used was obtained
by assuming 2 = 0.5 and p = 0 and for each J vector with 100 iterations being
used.

A nominal significance level of five percent and 5000 iterations were used
throughout. The ASDA distribution based critical values for the DW test are obtained
from Inder (1985) and Grant (1987). Because the testing problem of interest is

invariant with respect to B, and is affected by & only as a scaling of ' =

(B,,....B,) vector, we set B, =0 and o = 1 throughout. Here o is fixed as one,

purposely, because it allows us to see the size changes with respect to true §° (over

the nuisance parameter space). The random normal numbers of the model were
generated using seed value 98726679. The uniform random numbers of SA were
generated using seed value 6696. The computer programs were written in GAUSS for
windows NT/95 version 3.2.35 and Tsionas’s (1995) program code for the SA

algorithm was used.

For the testing problem considered, following Inder (1985), approximate non-similar
critical values are obtained by setting B to zero and experimenting with u values

until the smallest (and largest) critical value for the DW (and ¢) test is found. Eleven
values of g between O and 1, namely, g = 0.001, 0.1, 0.2, 0.3, ... , 0.9 and 0.999

were used in a grid search. On the other hand, SA based near exact non-similar

critical values are obtained by varying 8 and g over the nuisance parameter space.

Before applying SA to find values for the nuisance parameizrs, B and u, we should
note an important issue. That is, Tsionas’s program code is not intended for
optimizing functions which need to be evaluated via the Monte Carlo nethod, such
as, the size functions. Perhaps because of this or may be ikis is a problem specific to

GAUSS, we observed that the SA algorithm gets confused when tiere is a seed value
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present inside the main procedure in which the function to be optimized is evaluated®
and tends to consider only that seed value and ignore any other seed value present
outside the main procedure such as the one used for generating uniform random
numbers. Consequently, the experiment cannot be repeated if it needs to be.
Therefore, in order to avoid this problem, we were forced to generate the normal
random numbers of the model beforehand, outside of the main procedure where the
function to be optimised is evaluated. This means we had to generate, an n x 5000
matrix of random normal numbers (using seed value, 98726679) beforehand®!. This
effectively avoids the presence of a seed value inside the main procedure, which
makes SA work properly. The need to generate random numbers beforehand is the
only undesirable aspect of the SA based approach because this may cause trouble if
one wants to consider an even larger number of replications. For a large number of
replications, this amounts to using a vast amount of computer memory, which will
slow down the computer. This hurdle may be overcome in the future, because,
Tsionas (1995) commented that he is going to write another programming code for
SA and others might do this too. If this problem is rectified then it will increase the

use of SA in econometric:.

In order to obtain the maximum sizes of the tests, we optiini.ed (4.2.3) by setting the

SA parameters as, N, =2, r, =0.5, N, =2 and T = 2. The starting values for the

parameters provided were, § =0 and g = 0.5. For these parameter values, SA

quickly finds the optimum solution. We observed that the maximum time it takes to

provide the results is about one and a half hours (for # = 76) and the minimum time it
takes is about three minutes (for n = 20) when using Pentium If 400 or Pentium HI

500 machincs.

In order to check whether SA has indeed achieved the global maximum size,
following Goffe et al.’s (1994) suggestion, we obtained the optimum solution once

again for a different uniform random number generator seed value, namely, 123

% To obtain sizes via the Monte Carlo method, naturaily, a seed value for the random number generator
of the model has to be provided.

% Even if the seed values involved in programming, are defined separately as seed1 and seed2, and
even if they are used in separate procedures, the SA algorithm stili considers one seed value and

i gnores the other,
3'1If a seed value is permissible inside the main procedure, we would have generatedan 1 X1 vector

of random numbers for each iteration,
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(because SA is largely independent of starting values, the same starting values were
used). If the maximum sizes obtained for both the seed values were roughly the same
then we stopped, if not, we inmased the SA parameters and proceeded as before. We
observed that, overall, the small SA parameter values (as above) are adequate to find
the global maximum size, except for a few cases. For such cases, increasing the SA
parameter values led to the global maximum size, except for X12, n = 76 aad the DW
test. Also, for both the unit‘orm random nﬁmber generator seed values, we noted that
approximately the same maximum sizes occur, but for different parameter values.
This is possible with size functions because they are step functions. That is, for
different parameter values it is possible to obtain the same size. To check why SA
appeared to have failed for X12, n = 76 and the DW test, we obtained sizes via
simulaﬁon for a variety of nuisance parameter values. These sizes suggest that (for
this case) the size function is almost always bounded below by 0.057 and reaches

0.085 only when 8 =0 and g 2 0.9. Therefore, for the starting values we used,

there will be no significant change in the function value for quite some time,
consequently SA stops at the jocal maximum size, 0.057. For this case, by increasing
the SA parameter values further or by providing starting vakies close to f =and u
> 0.9, we could have achieved the global maximum size. However, for this case, we
used the local maximum size in order to see its impact on the performance of an near

exact non-similar critical value.

In order 10 obtain exact size critical values (by assuming knowledge of the unknown
parameters), we optimised (4.2.4) by setting N, =2, N, =6, r, =05and T = 2.
According to our experience, these parameters are adequate to obtain the exact size
critical values. If they are not adequate, obviously, one can increase these parameters
slightly and proceed. For these parameters, SA will take less than three seconds to

produce the result.

The maximum sizes of the tests over the nuisance parameter space and the
corresponding parameter values are given in Tabie 4.1. Tables 4.2 and 4.3 report
approximatc non-similar critical values and SA based near exact non-similar critical
values of the DW test and Durbin’s ¢ test, respectively. The size results using near

exact non-similar critical values are given in Tables 4.4 through to 4.17.
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44.1 The Results

Our study clearly indicates that neither the ASDA distribution based DW test nor the
large-sample distribution based ¢ test is best under the null because both tests can
have significantly higher than nominal sizes over the nuisance parameter space (see
Table 4.1). Sometimes, both tests have approximately the same (higher than nominal)
maximum sizes. For example, for X10 and n = 20, the DW test and Durbin’s ¢ test
have maximum sizes of 0.109 and 0.114, respectively, over the nuisance parameter
space. The DW test behaves maricedly better than Durbin’s 7 test only on three
occasions. For example, for X9 and » = 20, the maximum sizes observed for the DW
test and Durbin’s ¢ test are 0.093 and 0.281, respectively. Similarly, Durbin’s ¢ test
outperforms the DW test on two occasions. Across ali the design matrices, the
highest sizes observed for the DW test and Durbin’s ¢ test over the nuisance

parameter space are, 0.205 and 0.281, respectively.

Sometimes, the performance of Durbin’s ¢ test improves with sample size. For
example, for X9, the maximum sizes observed for n =20 and 60 are 0.281 and 0.057,
respectively. Apast from this example, strangely, there is no notable improvement in
the ¢ test’s maximum sizes with respect to the sample size. In some cases, the
maximum size increases with sample size as well. The DW test also has similar

behaviour.

The DW test’s maximum size generally occurs for small f° values and for u
between 0.84 to 0.98, however, on one occasion, the same happens for big f° values

and g closer to zero. The maximum size of Durbin’s ¢ test occurs for small 5

values and for g between 0.27 to 0.92.

For the DW ftest, approximate non-similar critical values and near exact non-similar
critical values are approximately the sarne, except for a few cases. For Durbin’s ¢
test, approximate non-similar critical values are generally higher than near exact non-

similar critical values, except for X12 when n = 32.
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For the problem of interest, (any) S approaches 0 when ¢ increases, therefore, the
size results for § = 0 and for big o can be expected to be alike. Thus, in the
discussion below any findings reported for £ = 0 also apply to big .

The near exact non-similar critical values we proposed are working well in terms of
controlling the sizes for almost all the design matrices considered. Only for XI12, n =
76, #£ 2 0.9 and the DW test, do we have sizes that are slightly above the nominal

size. However, these sizes are never greater than 0.075 (see Table 4.8). Except for
this casz, the SA based approach works extremely well for all the design matrices and
sample sizes. Recall that only for X12, n = 76, and the DW test, we used the local
maximum size in order to achieve the near exact non-similar critical value.
Therefore, according to our results, if we make sure that the SA algorithm achieves
the global maximum size at step 2 of section 4.2.3, then near exact non-similar critical

values can be expected to work well.

The sizes based on near exact non-similar critical values are generally less than or
equal to the nominal size and on some occasions marginally above the nominal size.
If the tests were to be ranked on the basis of their sizes, overall Durbin’s ¢ test is
superior. Of the 1668 cases, the ¢ test has sizes that are not significantly different
from the nominal size in 688 cases. Similarly, the DW test sizes are not significantly
different from the nominal size in 319 cases. If we consider sizes above 0.030 the

superiority of Durbin’s ¢ test is even more marked.

As noted above, the near exact non-similar critical values work well for Durbin’s ¢
test compared to the DW test. Recall that the approximate non-similar critical values
of Durbin’s ¢ test are almost always greater than the near exact non-similar critical
values, therefore, if we use the former critical values they will unnecessarily make the
test under reject. This in turn will make the test’s sizes low and hence reduce the
powers. Therefore, the approximate non-similar critical values do not seem suitable

for Durbin’s ¢ test. The DW test seems to be less affected in this regard.

Inder’s (1985) results based on approximate non-similar critical values, show that the

DW test performs better than Durbin’s asymptotic tests. However, his study also
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shows that Durbin’s ¢ test always has reasonable powers which are not far behind
those of the DW test. The above observation led us to wonder whether the inferiority

of Durbin’s ¢ test is due to the approximate non-similar critical values Inder used.

45 Conclusions

How to successfully deal with non-similar tests in finite samples is an important
problem that econometricians often face. This is because the sizes of such tests vary
with nuisance parameter values. The classical approach to this problem is to use
exact non-similar critical values, for which the size is never greater than the nominal
size for all possible values of the nuisance parameters. Because these critical values
are extremely hard to compute, researchers nearly always use approximate non-
similar critical values. In this chapter, we proposed a new approach (based on the SA
algorithm) to obtain exact non-similar critical values of general non-similar tests. Our
s based approach involves controlling the maximum size of a non-similar test over
the nuisance parameter space, therefore this approach also allows us to assess any
approximate distributions under the null. Because this approach is extremely
computer intensive, in this chapter, we also suggested and investigated the
performance of near exact non-similar critical values. In addition, we showed that SA
can be used to obtain exact size critical values (by assuming knowledge of the

unknown parameteys) of non-similar tests.

In the case of testing for autocorrelation in the dynainic linear regression model, our
Monte Carlo results almost always support the new SA based near exact non-similar
cri'tical values. Only for one design matrix, 4 = 0.9 and the DW test, do we have
sizes that are .slightly above the nominal size. Apart from this case, none of the (near
exact non-similar critical values based) sizes are significantly above the nominal size.
Therefore, near exact non-similar critical values seem to be a good approximation to
the exact non-similar critical values. For this study, we used the ASDA distribution

based DW test and the large-sample based Durbin’s ¢ test.
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Our study clearly indicated that neither the DW test nor the ¢ test is best under the
null in small and large samples. On many occasions, both the tests have
approximately the same (higher than nominal) maximum sizes over the nuisance
parameter space. In some cases, the DW test seemed better than Durbin’s ¢ test and
vice-versa. Therefore, Inder’s (1985) claim that the ASDA based approach is better

than the large-sample based approach is questionable.

Based on our size results using near exact non-similar critical valves, we conjecture
that approximate non-similar critical values are not ideal for Durbin’s ¢ test because

they may make the test’s sizes unnecessarily low, and hence reduce the powers.

It is ideal to use an exact non-similar critical value for a non-similar test. However, it
may be extremely difficult to obtain an exact non-similar critical value as outlined in
this chapter. Our study in the case of the DW test and Durbin’s ¢ test suggesis that
near exact non-similar critical values are a good approximation to the exact non-
similar critical values. Also, it seems that if we make sure that the SA algorithm
achieves the global maximum size at step 2 of section 4.2.3, then we can expect near
exact non-similar critical values (o be successful in terms of controlling the sizes over
the nuisance parameter space. It takes about the same time to calculate approximate
non-similar critical values and SA based near exact non-similar critical values. In
addition, the SA based approach allows one to assess the accuracy of any approximate
distribution of the test statistic under the null. Furthermore, there may be design
matrices or tests for which approximate non-similar critical values may not work well,
whereas, near exact non-similar critical values may be helpful. Also as noted above,
for some tests, the use of approximate non-similar critical values may unnecessarily
make the test sizes low and hence reduce the powers, Therefore, based on our results,
we recommend the use of SA based near exact non-similar critical values. Because,
the SA based approach worked well for this problem, we apply it to a more

complicated testing sithation in the next chapter.




APPENDIX 4.1

Tables of Results for the DW test and Durbin’s 1 test

Table 4.1: Maximum sizes of the DW and ¢ tests together with the nuisance

parameter values at this maximum size

X8 X9 X10 X11
. DW t DW ? DwW t DW t
n;  MaxSize 0199 0232 | 0093 0281 | 0109 0.14 | 0090  0.128
B 0651 0006 | -111.654 -0.020 | 0134 0157 | 0009  -0.001
;s 0118 0014 | 9792 0108 | -0974 0330 ] - -
B 0.137 -0.001 | 199417 -0.840 | 0987 0221 - .
Bs - . : : - - - -
1 0841 0767 | 0003 0506 | 0872 0700 | 0864 0515
n,  MaxSizz 0205 0.I9 | 0073 0057 | 0105 0114 | 0.104 009
B, 0680 0368 | -0408  0.153 | -0.591 0157 | 0000  -0.001
Bs 0356 0039 | 0002 o018 | 0713 0330 ) - -
B4 0.323  -0.052 - -0151 | -0332 0221 - -
Bs - ~ - - . ~ - -
P 0946 0911 | 0975 0272 | 0963 0700 | 0979 0900
X12 Xi3 Xi4
DW__ ¢ DW ¢+ | DW ¢
n,  MaxSize 0077 0085 | 0082 0065 { 0127 012
B 2001 000t | -0041 0304 [ 0441 0504
B; ; - 1043 0307 | -0457 0184
B . . 0315 0017 . -
Bs - . 0005 0000 | - -
i 0975 0513 | 0899 0831 { 0952 0500
n,  MaxSize 0057 0089 | 009 0118 | 0124 0124
B: 0.501 0000 | 1504 0809 | 0143 0044
Bs - - 2396 0738 | -0.007 -0.594
B . - 8211 3.298 . -
Bs . . 0008 0020 | - -
P 0063 0645 | 0987 0802 | 0953  0.635

n; and n, are the smail and large sample sizes, respectively
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Table 4.2: Comparison of near exact and approximate non-similar

critical values of the DW test
Critical X8 X9 X10 X1l XI12 X13 X4
_ values n=20 n=32 n =30
Approx 14452 09663 1.3351 1.3827 1.3857 | 1.3017 1.3971
Near exact | 1.4451 0.8949 1.3378 1.3823 1.3850 } 1.3020 1.4024
n =60 n=76 n =60
Approx 1.5214 1.5886 1.5425 1.5771 1.5941 1.4961 1.5446
Near exact | 1.5271 1.5887 1.5486 1.5797 1.6330 | 1.4954 1.5361

Table 4.3: Comparison of near exact and approximate non-similar
critical values of Durbin’s ¢ test

Critical X8 X9 X10 XiI X2 Xi3 Xi4
values n=20 n=32 n =30
Approx 2.8808 2.8206 2.1864 | 2.1614 1.9293 | 2.1515 2.1919
Near exact | 2.8350 28087 2.1635 2.1467 2.1286 } 2.1468 2,172
n =60 n=76 n =60
Approx 2.4480 1.6918 2.0512 1.9922 1.9240 | 2.1114 2.1224
Near exact | 2.4500 1.6901 2.0361 1.9736 1.9453 1 2.0752 20932

. .'1‘




Table 4.4: Sizes of the DW test at the 5% level for X8, and selected 3, o, and
M values, using near exact non-similar critical values

n o p B V. B4 Bs Bs B Bs B

20 0.7 0.1 0003 0008 0008 0008 0007 0008 0008 0003 0004
' 0.3 0008 0013 0012 0012 0011 €013 0013 0009 0.009

0.3 0019 0014 0017 0013 0016 0016 0017 0021 0019

0.7 0.03¢ 0010 0017 0.00% 0017 0010 0013 0030 0.034

0.9 0.049 0010 0033 0007 0021 001} 0.023 0020 0.041

0.99 0650 0006 0008 0044 0007 0032 0018 0020 001

2 0.1 0.005 0005 0004 0004 0005 0005 0.003 0.004
0.3 0008 0008 0010 Q009 0408 0008 0009 0009
0.5 0019 0019 0019 0018 0020 0019 0018 0019
0.7 0032 0034 0028 0031 0031 0032 0036 0035
0.9 0036 0047 0027 0043 0039 0044 0043 0047
0.99 0024 0025 0049 0023 0048 0040 0042 0039
40 0.1 0004 0004 0003 0004 0004 0004 0003 Q.003
0.3 0008 0008 0008 0009 0008 0008 0008 0.008
G.5 0619 0019 0019 0018 0019 0019 0019 0019
0.7 6036 0037 0036 0035 0037 0037 0036 0036

0.9 0048 0048 0049 0048 0048 0.049 0049 0049
0.99 0050 0050 0050 0050 0050 0050 0050 0.050

60 0.64 0.1 0.000 0000 0.000 0000 0.000 0000 €000 0.000 0.000
0.3 0000 0000 0000 0000 0000 0.000 0000 0000 0.000
0.5 0002 0003 0003 0005 0005 0003 0003 0002 0.002
0.7 0014 0019 0019 0018 0018 0012 0019 0016 0.015
0.9 0046 0015 0019 001 0017 0013 0014 0033 0.043
0.99 0054 0010 0022 0010 0012 0010 0019 0014 0.027

1.35 0.1 0000 GG 0000 0000 0000 0.060 0000 0.000
0.3 0000 0000 0000 Q000 000 0.000 0000 0,000

0.5 0003 0003 0002 0002 0003 0002 0002 0.002

0.7 0017 0017 0017 0016 0017 0017 0015 0014

0.9 0029  0.034 0022 0033 0028 0030 0.044 0.046

0.9% 0015 0040 0013 0026 0.022 0035 0031 0.042

3 0.1 0000 0000 0000 0000 0000 0.000 0000 0.000
0.3 0000 0000 0000 0000 0000 0000 0.000 0.000

0.5 0.002 0002 0002 0002 0002 0002 0.002 0.002

0.7 0014 0014 0015 00153 0015 0014 0014 0014

0.9 0046 0046 0047 0047 0046 0046 0046 0.046

0.99 0047 0053 0.048 0052 0049 0.053 0.052  0.053

ﬂ FERLL ﬂ, are (030:0’0)‘1 (0: 1 s 1 » l).! (0!" 1 ’ ‘ ] t )"! (Os" lvl » l).! (0,0,'1 ’-l ).3 (090’0’{ }" (0"1 !031).’ (0’ i ).150)'! (0’ 1 » 1 ’0).!
respectively
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Table 4._5:_ Sizes of the DW test at the 3% level for X9, and selected 3, o, and #
"valucs, using near exact non-similar critical values

n | 5’ | u ﬁ.l ) Bz B3 By Bs Bs Bz Bs B

20 625 01 0001 0011 0012 0002 0008 0005 0007 006 0003
03 0002 D00 0011 0003 0008 0004 0005 0005 0.004
05 0004 0013 0014 0005 0011 0005 0007 0003 0.009
07 0010 0017 0016 0013 0017 0012 0014 0016 0017
05 0027 0013 0014 0022 ©00i15 0028 0025 0018 0017
099 0032 0012 0013 0015 0013 0032 0022 0013 0014

0.54 0.1 0003 0004 0002 0003 0001 0003 0003 0001
0.3 0003 0005 0002 0004 0002 0003 0003 0003
0.5 0007 0010 0005 0007 0004 0005 0006 0.005
07 0014 0017 6011 0015 0011 0011 0013 0014
09 0018 0018 0026 00i8 0027 0027 0025 9023
0.99 0014 0014 0023 0016 0032 0027 0019 0019
6 0.1 0001 0001 0001 0001 0001 00051 0001 000
03 0002 0002 0002 0002 0002 0002 0002 0002 £
05 0004 0004 0004 0004 0004 0004 0004 06004
0.7 0010 0011 0016 0011 0010 0010 0010 0011 '
09 0028 0026 0028 0027 0027 0028 0028 0027
099 0031 0031 0031 0032 0031 0031 0031 0032 g

60 24 0.1 0000 0026 0028 G008 0027 0018 0021 0017 0.022
0.3 0001 0026 0027 0011 0027 0019 0021 0015 0.023
0.5 0002 0027 0027 0014 0027 0020 0023 0021 0.025
0.7 0013 0027 0027 0021 0028 0023 0025 0024 0.026
0.9 0030 0032 0032 003 0031 6033 0033 0034 0036
0.99 0049 0030 0030 0044 0031 0041 0040 0037 0035

0.86 G1 0016 0019 0000 0018 0004 0008 0006 0.009
0.3 0018 0021 0002 002 0007 0011 0010 0012
05 0019 0022 0007 0023 0011 0014 0013 0014
0.7 0022 0024 0016 0025 0018 0019 0018 0020
09 0035 0036 ©03% 0035 0037 0038 0038 0039
0.99 0038 0037 0049 0038 0045 0045 0044 0043
5 0.1 0000 0000 0000 0000 0000 0000 0000 0000
03 0001 0001 0001 0001 0001 0000 0000 0.0
0.5 0004 0004 0002 0004 0003 0003 0003 0003
0.7 0013 0013 0014 G014 0013 0014 0014 0013 "
0.9 0040 0039 0039 0039 0038 0041 0040 0.039 g
0.99 0050 0048 0049 0048 0049 0049 0050 0.049 3

ﬁ] R ﬂ? are (0‘0'0‘0),' (O'I N 1 ,1)', (0,“1 ,‘1 .'1 )" (0,0;1,0)‘: (Og'loon'l).v (09'1 ¥ 1}1)’! (0, 1 "l 10)'l (Otl roto).) (0900'1 !-1).'
respectively
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Table 4.6: Sizes of the DW test at the 5% level for XI0, and selected f, &, and 11
values, using near exact non-similar critical values

c i B B B B4 Bs Bs Bz Bs Be
A 01 0.006 0.016 0014 0.010 0.007 0.008 0.014 035 0.016
0.3 0,010 0.0231 0.017 t.0l6 0011 0.010 0.017 0021 0.021
05 0.020 0,022 0018 0.019 0.021 0.022 0.018 0.023 0,021
0.7 0.039 0.016 0.017 0.017 0039 0.038 0.016 0.018 0.015
0.9 0.051 0012 0.013 0.013 0.045 6,049 0.013 6014 6.012

0.99 0.052 0.013 00613 0.013 0.032 0.050 0.013 0.013 0.013

B>
1=
[ ]

05 0.1 0007 0009 0007 0005 0006 0009 0009 0008
0.3 0014 0014 0011 001t 0010 0015 0014 0015
0.5 0024 0021 0020 0019 0021 0021 0024 0025
0.7 0031 0028 003t 0038 0037 0029 0031 0030
09 0031 0031 0035 0049 0052 0029 0034 0029 3
0.99 0.028 0034 0034 0046 0053 0029 0036 0026
3 0.1 0006 0006 0006 0006 0006 0006 0006 0.005 k-
03 0010 0009 0010 0010 0010 0009 0009  0.009
05 0.020 0020 0019 0020 0021 0020 0020 0.020 3
0.7 0036 0038 0038 0039 0039 ~0037 0037 0037 1
09 0051 0050 0050 0052 0051 0051 0052 0052
0.99 0.048 0052 0.053 0051 0053 0052 0049 0.049

60 03 0.1 0006 0001 0000 00060 0000 0000 0000 0001 0.001
03 0000 0002 0002 0002 0001 0001 0002 0003 0.003
0.5 0.004 0009 0008 0007 0005 0004 0009 0010 0.010
0.7 0019 0024 0023 0023 0020 0.020 0022 0024 0023
0.9 0047 0024 0032 0034 0028 0046 0028 0032 0.024
0.99 0054 0019 0021 0038 001% 0030 0021 0025 0.019

i e e et o 2l e e

08 01 0000 0006 0000 0000 0000 0000 0000  0.000
03 0001 0001 0000 0000 0000 0001 0001 0.001
05 0005 0003 0004 0004 0003 0004 0005  0.005 y
07 0021 0021 0022 0018 0018 0021 0020 0.021 3
09 0038 0044 0044 0046 0047 0042 0043 0038
0.99 0019 0034 0050 0021 0046 0034 0043 0020 2
4 0.1 0000 0000 0000 0000 0000 0000 0000 0.000
03 0000 0000 0000 0000 0000 0000 0006  0.000 4
05 0003 0004 0003 0003 0003 0004 0003 0003 3
0.7 0019 0020 0020 0019 0019 0020 0019 0619
09 0047 0047 0047 0047 0048 0047 0047 0.047
0.99 0041 0052 005: 0045 0053 0051 0051 0044

ﬂ] 3 hasy ﬂg are (0’0'0.0).1 (0' l ;1 ;1 )" (0"1! 1 11 )'- (0!'1 ] l- t"l ).t (0’0" 1 "~ 1 ).! (010'0' 1 )I’ (0’-1 '0’1 )‘f (0'1’- 1‘0)" (0’ 1 L 1’0).’
respectively

102




Table 4.7: Sizes of the DW test at the 5% level for X1/, and selected 3, o,
and x values, using near exact non-similar critical values

n o H B B2 B3

32 26.5 0.1 0.001 0.001 0.000
0.3 0.001 0.602  0.002

0.5 0005  0.0il 0.009

0.7 0.019 0026  0.023

0.9 0046 0019 0.018

099 0.050 6.015 0.015

53 0.1 0.001 0.000
0.3 0.001 0.001

0.5 0.006  0.005

0.7 0.021- 0.024

0.9 0.028  0.026

0.99 0018  0.018

210 0.1 0,001 0.001
03 0.001 0.001

0.5 0005 0,005

0.7 0019 0019

0.9 0043  0.044

0.99 0.039  0.039

76 57 0.1 0000 0.000 0.000

0.3 0.000  0.000  0.000
0.5 0.001 0.001 0.002
0.7 0.011 0016  0.013
0.9 0038  0.031 0.032
0.99 0.051 0.020 0.020

116 0.1 0.000  0.000
0.3 0.000 0,000
0.5 0.001 0.001
0.7 0013  0.011
0.9 0036  0.038
0.99 0.024  0.024
465 0.1 0.000  0.000
0.3 0.060  0.000
0.5 0.001 0.001
0.7 0.011 0.011
0.9 0.038  0.039
0.99 0044 0,044

ﬂ I ﬂ Fi na E) are (010)'9 (01 ] )', (0,'1)', respectively




Table 4.8: Sizes of the DW test at the 5% level for X72, and selected 3, o,
and 4 values, using near sxact non-similar critical values

n c H B B B

32 31 0.1 0.001 0.031 0.036
03 0.001 0.028 0.034

85 - 0005 0027 D.032

0.7 0.022 0027 0.033

0.9 0046 0031  0.033

0.99 0.051 0032  0.036

64.2 0.1 0016  0.020
.03 00195  0.023

0.5 0.022  0.024

0.7 0028 0031

0.9 0.037 0.038

0.99 0038  0.043

250 0.1 0.002  0.002
0.3 0003 0.003

0.5 0.008  0.007

0.7 0.022  0.023

0.9 0.045 0.043

0.99 0.051 0.050

76 72 0.i 0000 0020 0.024

0.3 0.006 0026 0027
0.5 0.004 0036 0.036
0.7 0.028 0.042 0.043
0.9 0.067 0044 0,043
0.99 0075 0042 0.042

147 0.1 0.004  0.005
0.3 0.008 0010
0.5 0022 0021
0.7 0.042  0.039
0.9 0.046  0.048
0.99 0042 0043
580 0.1 0.000  0.000
0.3 0.001  0.000
0.5 0.005  0.007
0.7 0.031  0.029
09 0.062  0.063
0.99 0.058  0.060

B1. B2, Bs are (0,07, (0,1, (0,-1)', respectively
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Table 4.9: Sizes of the DW test at the 5% level for X13, and selected 8, o, and y

values, using near exact non-similar critical values

30 0.5

150

60 10

20

250

0.1

0.3

0.5

0.7

0.9
0.99

0.1
0.3
0.5
0.7
0.9
0.99

0.1
0.3
0.5
0.7
0.9
0.99

0.1
0.3
0.5
0.7
0.9
0.99

0.1
0.3
0.5
0.7
0.9
0.99

0.1
03
0.5
0.7
0.9
0.99

7 B B3 B Bs i B Bs B
0000 0018 0016 0018 00I8 0000 0016 0015 0.018
0001 0021 0020 0022 0021 0001 0020 0021 0021
8005 0023 0022 0023 0022 0005 0022 0022 0.022
0020 0021 0019 0020 0020 0022 0019 0019 0021
0.045 0020 0020 0020 0021 003 0021 0020 0.020
0050 0021 0021 0020 0021 0027 002t 0021 0021
0.061 0000 0001 0001 0000 G000 0.000 0.001
0001 0002 0001 0001 0001 0002 0002 0001
0007 0007 0007 0067 0005 0.007 0.008 0.007
0024 0024 0025 0022 0021 0024 0024 0.023
0034 0032 0033 0035 0045 0034 0031 0034
0025 0023 0023 0027 0048 0024 0.022 0027
0.000 0000 0000 0000 0000 0000 0.000 0.000
0001 0.001 0.001 0001 0001 0001 0001  0.001
0.005 0005 0.005 0005 0005 0.005 0005 0.005
0026 0020 0020 0020 0020 0020 0020 0020
0.045 0045 0045 0045 0045 0045 0046 0.045
0050 0049 0050 0050 0050 0049 0049 0.050
0.000 0000 0000 0.000 0000 0000 0000 0000 0.000
0.000 0000 0000 0.000 0000 0.000 0000 0000 0.000
0.00f 0001 0002 0000 000! 0001 0002 0001 0.001
0013 0014 0014 0014 0014 0012 0014 0014 0014
0.043 0038 0035 0037 0038 0043 0036 0.035 0038
0.049 0028 0029 0028 0028 0051 0029 0028 0.028
0.000 0000 0.000 0000 0000 0000 0000 0.000
0.000 0000 0.000 0000 0000 0000 0000 0.000
0.001 0.001 0001 0001 0001 000! 0000 0001
0013 0013 0013 0013 0012 0013 0013 0013
0040 0.039 0040 0041 0.043 0.039 0038 0040
. 0046 0040 0039 0.042 0050 0040 0.040 0.041
0.000 0000 0000 0000 0000 0000 0.000 £.000
0.000 0000 0000 0000 0000 0000 0000 0000
0.008 0001 0001 0001 0001 0001 0001 0001
0012 0012 0012 0012 0013 0012 0012 0012
0.043 0043 0043 0043 0043 0043 0042 0043
0.050 0050 0050 0049 0049 0050 0049 0.050

. ﬂ P ﬂg are (0,0,0,0,0)', (0, ] 2 1 M 1 » 1 )l’ (0,' l,‘l_s"l "l).’ (01'1 ’ l! l,l )': (01 l Lnl l"' 1 » 1 )'! (01 1 )0’ i ,0)', (0" 1 !‘0)- 1 » 1)'3
(0,0,-1,-1,-1)', (0,1,0,0,1, respectively :
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Table 4.10: Sizes of the DW test at the 5% level for X714, and selected 3, o, and 4
values, using near exact non-similar critical values

n o 7 Bi B2 B3 By Bs Bs B Be By

30  0.035 0.1 0000 0006 0005 0002 0004 0003 0.002 0003 0002
0.3 0.002 0011 0.011 0007 - 0009 0.007 0.005 0.007 0.006
0.5 0007 0017 0018 0015 0017 0016 0016 0014 0015
0.7 0025 0018 0020 0022 0022 0021 0.024  0.021 0.022
0.9 0.048 0015 0016 0019 0019 0017 0018 0020 0.020
0.99 0.051 0.014 0014 0016 0014 0014 0014 0016 0.016

0.081 0.1 0.002 0001 0.008 0.001 0.000  0.001 0.001 0.000
03 0.004 0003 0.003 0003 0002 0002 0003 0003
0.3 0014 0012 0002 0.011 0010 0010 0009 0.008
0.7 0025 0024 0.027 0026 0026 0.025 0024 0,025
0.9 0.019 0020 0036 0034 0026 0029 0032 0.034
0.99 0014 0015 0028 0024 0016 0017 0024 0.023
0.68 0.1 0000 0000 0000 0000 0000 0000 0.000 0.000
0.3 0002 0002 0002 0002 0002 0002 000z 0.002
0.5 0008 0007 0007 0008 0008 0.007 0008 0.007
0.7 0025 0025 0026 0026 0026 0026 0025 0025
0.9 0046 0046 0.048 0.048 0.047 0.047 0043 0.047
0.99 0.045  0.045  0.051 0.05¢  0.048 0.047 0050 0.050

60 0.085 0.1 0.00¢  0.001 0.001  0.001 0.001 0000 0.000  0.00f§ 0.001
0.3 0.000 0005 0004 0005 0004 000 0.001  0.003  0.003
0.5 0.002 0014 001z 0013 0083 0005 0005 (.01 0.012
0.7 0017 0019 0017 0020 0018 0,021 0019 0020 0018
0.9 0046 0018 0017 0018 0016 0020 0021 0019 0017
0.99 0.045 0015 0015 0016 0015 0015 G015 0016 0015

0.185 0.1 0.000 0.000 ©0000 0000 0000 0000 0.000 0.000
0.3 0.000 0001 0001 0001 0000 0000 0000  0.001
0.5 0006 0004 0006 0005 0003 0003 0005 0.005
0.7 0.021 0018 0021 0020 0019 0017 0021 0018
09 0022 0024 0024 0023 0030 0029 0028 0027
0.99 0016 0016 0019 0017 0016 0017 0020 0018
095 01 0000 0000 0000 0000 0000 0000 0000  ©.000
0.3 0000 0000 0000 0000 0000 0000 0.000 0000
0.5 0003 0003 0003 0002 0002 0002 0003 0002
0.7 0017 0016 0017 0017 0017 0017 0017 0017
0.9 ' 0.043 0040 0042 0043 0044 0043 0043 0042 3
0.99 0033 0032 0043 0043 0041 0040 0044 0042 -

ﬂ | . ﬁ y e (0!0’0)'! (0’ 1 ] 1 )'- (0,- 1 I ] ).9 {0"] ] 1 ).’ (091»" l)', (0) 1 so).! (0"1 vo)'9 (0'09 i )" (0,0,'1 )'s mpcdiVCIY ~
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Table 4.11: Sizes of Durbin's ¢ test at the 5% level for X8, and selected 3, o,
and z values, using near exact non-similar critical values

20

60

0.7

40

0.64

1.35

H

0.1
03
0.5
0.7
0.9

0.1
0.3
0.5
0.7
0.9

0.1
0.3
0.5
0.7
0.9

0.1

0.3

0.5

0.7

0.9
0.99

0.1
0.3
0.5
0.7
09
0.99

0.1
0.3
0.5
0.7
0.9
0.99

Bi B B; B4 Bs B B Bs By
0.012 0.005 0.007 0.005 0.006 0.006 0.007 0.012 0.011
0.025 0.007 0.010 0.005 0.010 0.007 (.008 0.022 0.020
0.040 0.004 0.010 0.002 0.009 0.004 0.005 0.031 0.026
0.047 0.002 0.000 0.000 0.006 0.002 0.003 0.022 0.021
0.050 0.001 0.0l6 0.000 0.003 0.001 0.008 0.002 0.006

0.014 0.015 0.012 0.013 0.015 0.015 0.012 0.011
0.021 0.023 0.021 0.022 0.022 0.023 0.026 0.025
0.032 0.035 0.025 0.031 0.032 0.032 0.039 0.037
0.031 0.043 0.020 0.039 0.034 0.035 0.045 0.041
0.015 0.044 0.009 0.033 0.027 0.040 0.034 0.030
0.012 0.012 0.011 0.012 0.011 0.011 0.011 0.012
0.024 0.025 0.026 0.027 0.024 0.024 0.025 0.025
0.040 0.040 0.039 0.039 0.039 0.040 0.040 0.038
0.047 0.047 0.048 00438 0.048 0.043 0.047 0.047
0.050 0.050 0.053 0.053 0.050 0.049 0.051 0.051
0.022 V020 0.021 0.015 0.016 0.021 0.021 0.021 0.023
0.036 0.030 0.033 0.029 0.030 0.031 0.031 0.037 0.038
0.039 0.030 0.030 0.028 0.030 0.03% 0.032 0.041 0.042
0.042 0.018 0.023 0.013 0.019 0.020 0.022 0.039 0.040
0.049 0.003 . 0.005 0.001 0.004 0.002 0.003 0.018 0.040
0.051 0.004 0.007 0.001 0.001 0.001 0.004 0.00] 0.010
0.02= 0.022 0.020 0.019 0.022 0.021 0.021 0,023
0.035 0.036 0.037 0.036 0.035 0.036 0.037 0.037
0.037 0.039 0.038 0.037 0.939 0.010 0,041 0.040
0.035 0.036 0.033 0.036 0.036 G.036 0.041 0.041
0.016 0.024 0.008 0.023 0.015 0.017 0.039 0.049
0.002 0.028 0.00} 0.009 0.005 0,020 0.012 0.029
0.022 0.022 0.023 0.022 0.023 0.022 0.021 0.023
0.036 0.036 0.038 0.037 0.037 0.036 0.037 0.036
0.038 0.038 0.039 0.039 0.038 0.039 0.040 0.039
0.042 0,043 0.042 0.041 0,042 0.042 0.042 0.042
0,047 0.048 0.047 0.049 (0.047 0.047 0.050 0.050
0.043 0.050 ¢.038 0.048 0.045 G.049 0.048 0.050

ﬁf O ﬂ? are (0)050’0)'3 (0’ 1 > 1 * l)" (D,‘l,l ’ !)" (0" 1 » 1" i )'! (0,0,"1 » l )" (0:0’0! 1 )l! (0)-1 ’Os 1 )" (0’ 1 " 1 ’0)'! (0’ 1 E 1’0).:

respectively




Table 4.12: Sizes of Durbin’s ¢ test at the 5% level for X9, and selected S, o, and 4
values, using near exact non-similar critical values

20

0.25

054

04

0.86

u

0.1
03
05
0.7
0.9
0.99

0.1
03
0.5
0.7
09
099

0.1
03
0.5
0.7
09
0.99

0.1
03
0.5
07
0.9
059

9.1
03
0.5
0.1
0.9
0.99

0.1
0.3
035
07
0.9
0.99

B B, B; B4 Bs Bs B Bs By
0.041 0.021 0.015 0.031 0.016 0.019 0.019 0.020 0.028
0050 0.031 0020 004 0027 0031 0032 0032 0.041
0.049 0.033 0.034 0.046 0.033 0.040 0.036 0.037 0.046
0.045 0.017 0.022 0.040 0.025 0.038 0.034 0.033 0.035
0.040¢ 0.005 0.005 0,023 0.008 0.032 0.028 0.012 0.013
0.036 0.004 0.004 0.009 0.004 0.030 0.017 0.005 0.005

0.032 0.026 0.040 0.027 0.027 0.031 0.034 09035
0,042 0.043 0.046 0.040 0.043 0.040 0.043 0.045
0042 0042 0.048 0.043 0.046 0.045 0.046 0.049
0.038 0.036 0.045 0.038 0.044 0.042 0.042 0.045
0.016 6.015 0.037 0.022 0.040 0.038 0.031 0.031
0.005 0.006 0.021 0.010 0.036 0.031 0.014 0.015
0.044 0.042 0.042 0.043 $.044 0.043 0.042 0.042
0.046 0.051 0.050 0.049 0.051 0.047 0.047 0.049
0.049 0.051 0.048 .- 0.050 0.048 0.050 0.049 0.049
0.046 0.046 0.045 0.046 0.046 0.044 0.045 0.045
0.040 0.041 0.041 0.040 0.046 0.040 0.040 0.041
0.035 6.036 0.034 0.036 0,035 0034 0.035 0.036
0.049 0.018 0.016 0.030 0016 0.0620 0.020 0.022 0.022
0.050 0013 0.016 0.026 0016 0.017 0.017 0.018 ¢.019
0,037 0018 0017 0.022 0016 4.017 0.016 0.017 0018
0.031 0.018 0.0617 0.021 0.018 0.019 0.016 0.017 0,019
¢.039 0.020 0.020 0.029 0.021 0.025 0.023 0024 0.025
0.040 0.018 0.019 0.032 0.020 0.028 0.028 0.026 0.024
0.021 0.025 0.039 0.026 Q.030 0.030 0.02¢ 0.033
0017 0023 0.035 0023 0022 0024 0025 0.027
0.017 0.019 0.029 0.020 0.019 0.019 0.021 0.022
0.017 0.019 0.025 0.020 0.020 0.019 0.021 0,023
0.025 0.026 0.036 0.026 0.030 0,030 0.031 0.032
0026 1.025 0.038 0027 0.035 0.034 0.033 0.033
0040 0044 0047 0047 0046  0.047 0.049  0.050
0.039 0.043 0.04% 0.043 0.045 0.045 0.046 0.049
0.030 0.033 0.037 0.033 0.035 0.032 0.032 0.037
0.027 0.029 0.031 0.036 0.030 G.030 0.030 0.03¢
0.038 0.037 0.040 0.037 0.040 0.039 0.039 0.038
0.039 0.037 0.040 0.039 0.040 0,040 0.040 0.040

B, ... B are (0,0,0,0), (0,1,1,1), (0,-1,-1 1) (0,0,1,0), (0,-1,0,-1¥, (0,-1,1,1)’, (6,1.-1,0)', (0.1,0.0)’, 0,0,-1,-1),

respectively
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Table 4.13: Sizes of Durbin’s ¢ test at the 5% level for X10, and selected 5, ¢, and i
values, using near exact non-similar critical values

60

02

0.5

0.3

038

7

0.1
0.3
05
0.7
0.9
0.99

0.1

03

05

0.7

0.9
0.99

0.1
0.3
0.5
0.7
09
0.99

0.1
03
0.5
0.7
0.9
0.99

01
03
0.5
0.7
09
0.99

0.1
03
0.5
0.7
09
0.99

B, B2 Bs B4 Bs Bs B Bs B
0014 0007 0004 0007 0011 0011 0004 0006 0.006
0024 0008 0004 0008 Q016 0015 0004 0008  0.008
0039 0006 Q004 0007 0028 0028 0003 0007 0005
0052 0001 0003 0004 0033 0038 0002 0003 0002
0047 0000 0002 0003 0025 0038 0002 0001 0.000
0042 0000 0002 0003 0012 0032 0002 0002 0000
0013 0009 0008 0913 0011 0002 0014 0014
0026 0015 06016 0023 0023 0016 0023 0024
0030 0020 0024 0038 0036 0020 0027 0028
0026 0021 0026 0048 0047  0.021 0026  0.026
0016 0018 0022 0044 0046 0014 0023 0016
0.009. 0021 0021 0032 0041 0014 0026 0.008
0012 0012 0014 0014 0012 0012 0012 0012
0025 0024 0024 0025 0024 0024 0024 0024
0041 0036 0038 0039 0038 0036 0040 0041
0050 0047 0.049 0050 0053 0047 0051 0051
0.048 0.047 0048 0048 0047 0046 0.048  0.048
0041 0042 0044 0042  0.041 6044 0043 0042
0028 0023 0017 0018 0023 0026 0019 0023 0023
0043 0032 0022 0026 0034 0038 0022 0031 0030
0051 0034 0022 0029 0045 0044 0022 0032 0029
0050 0024 0020 0026 0047 0047 0020 0024 0021
6046 0008 0016 €02 0017 0044 0014 0020 0008
0043 0004 0005 0023 0004 0013 0006 0010 0004
0027 0025 0026 0026 0030 0025 0025 0025
0041 0037 0040 0041 0043 0036 0041 0041
0046 0044 0046 0048 0049 0043 0047 0046
0046 0043 0047 0049 0049 0042 0044 0045
0025 0037 0038 0038 0045 0036 0039 0025
0005 0017 0039 0007 0036 0021 0028 0005
0027 0029 0029 0028 0028 00290 0027 0027
0043 0044 0045 0043 0043 0043 0041 0042
0051 0050 0050 0050 0051  0.05% 0.049  0.050
0051 0050 0051 0050 0050 0050 0051 0051
0044 0045 0046 0047 0045 0046 0046 0044
0025 0042 0044 0034 0043 0042 0042 0028

ﬂ} b ey ﬁg are (0,0’0,0)'. (0,1,1 ,1)', (0,‘1,1.1)‘. (0,"1.1,'1).g (0,0.‘1,'1)'. (0,0,0.1)', (0"ls0$1)l9 (Onl a'lvo)" (0|1 ‘1'0)“

respectively




Table 4.14: Sizes of Durbin's ¢ test at the 5% level for X1, and selected 3, o,
and 4 values, using near exact non-similar critical values

n o y, Bi B2 B3

32 26.5 0.1 0.03% 0.022 0.021
0.3 0.044  0.029 0.027
0.5 0.0438 0.024 0.023
0.7 0.050  0.017 0.015
0.9 0.047 0003 0.004
0.99 0.043 0.002 0.002

53 0.1 0.028 0.023
03 : 0.040 0.038

0.5 - 0,041 0.037

0.7 0.033 0.032

0.9 0.01i 0.010

0.99 0.003 0.003

210 0.1 0.028 0.026
0.3 0.047 0.042

0.5 0.051 0.045

0.7 0.052 0.047

0.9 0.042 0.043

0.99 0.025 0.025

76 57 0.1 0.039 0.033 0.035

03 0.048 0.043 0.047
0.5 0.05% 0.044 0.049
0.7 0.051 0.040 0.041
0.9 0.051 0.024 0.025
0.99 0.048 0.010 0.009

116 0.1 0.035 0.037
0.3 0.047 0.049

0.5 0.050 0.050

0.7 0.047 0.049

0.9 0.037 0.03%

0.99 0.013 0.014

465 0.1 0.038 0.040
0.3 0.049 0.049

0.3 0.052 0.050

0.7 0.050 0.053

0.9 0.050 0.048

0.99 0.039 0.039

B B, B3 are (0,0Y, (0,1), (0,-1), respectively




Table 4.15: Sizes of Durbin's ¢ test at the 5% level for X12, and selected 3, o, 1
and u values, using near exact non-similar critical values

n o H B B2 Bs

32 31 0.1 0022 0.008 0.010
0.3 0.028 0.008 0.009

0.5 0.031 0.008 0.009

0.7 0.031 0.008 0.008

0.9 0.029 0.009 0.009

0.99 0.028 0.007 0.009

64.2 0.1 0.010 0.012
0.3 0.011 0.012

0.5 0.012 0.013

0.7 0.012 0.013

0.9 0.014 0.015

0.99 0.015 0.015

250 0.1 0.020 0.021
0.3 0.026 0.024

0.5 0.030 0.024

0.7 0.027 0.026

0.9 0.028 0.028

0.59 0.025 0.026

76 72 0.1 0.037 0.017 0.018

0.3 0.044 0.016 0.020
0.5 0.043 0.017 0.019
0.7 0.047 0.017 0.019
0.9 0.047 0.014 0.016
0.99 0.040 6.013 0.013

147 0.1 0.021  0.025
0.3 0025  0.027
0.5 0025  0.026
0.7 0.025  0.026
0.9 0.019  0.021
0.99 0013 0015
580 0. 0.035  0.036
0.3 0.044  0.044
0.5 0.043  0.045
0.7 0.043  0.043
0.9 0.038  0.040
0.99 0.026  0.026

Fr 5o By ate (0.0), (0,1), (O-1), respectively




Table 4.16: Sizes of Durbin's ¢ test at the 5% level for X713, and selected 3, o,
and p values, using near exact non-similar critical values

n o M

30 0.5 0.1
0.3
0.5
0.7
0.9
0.9%

5 0.1
0.3
0.5
0.7
0.9
0.99

150 0.1
03
0.5
0.7
0.9
0.99

60 10 0.1
0.3

0.5

0.7

0.9
0.99

20 0.1
0.3

0.5

0.7

0.9
0.99

250 0.1
0.3
0.5
0.7
0.9
0.99

B

B B By Bs Bs B Be By
0.022 0.012 0.011 0.012 80.012 0.022 0.011 0.011 0.012
0_.032 0.009 0.009 0.011 0.010 0.033 0.009 0.009 0.010
0.041 0.007 0.007 0.007 0.006 0.042 0.007 0.007 0.006
0,044 0.005 0.005 0.005 0.005 0.045 0.005 0.005 0.005
0.051 0.004 0.005 0.004 0.005 0.031 0.005 0.005 0.004
0.048 0.005 0.005 0.005 0.005 0.010 0.005 0.005 0.005

0.021 0.024 0.021 0.020 0.022 0.024 0.024 0.020
0.033 0.032 0.034 0,034 0.032 0.032 0.031 0.034
0.039 0.040 0.039 0.037 0.041 0.041 0.041 0.038
0.039 0.040 0.040 0.038 0.045 0.040 0.039 0.039
0.021 0.018 0.017 0.022 0.050 0.018 0.012 0.022
0.008 0.009 0.0067 0.010 0.049 0.009 0.008 0.009
0.02z 0.023 0.022 0.022 0.022 0.023 0.023 0.022
0.033 0.032 0.033 0.033 0.032 0.032 0.032 0.033
0.041 0.041 0.041 0.041 0.041 0.041 0.040 0.041
0.044 0.043 0.044 0.044 0.044 0.043 0.044 0.044
0.050 0.049 0.048 0.05¢ 0.050¢ 0.049 0.049 0.050
0.046 0.049 0.043 0.047 0.047 0.049 0.04% 0.046
0.026 0.031 0.025 0.030 0.031 0.026 0.025 0.025 0.031
0.035 0.036 0.034 0.037 0.036 0.035 0.034 0.034 0.036
0.042 0.040 0.040 0.042 0.040 0.042 0.039 0.040 0.040
0.045 0.044 0.042 0.043 0.044 0.045 0.043 0.042 0.044
0.053 0.034 0.035 0.034 0.036 0.053 0.035 0.034 0.035
0.048 0.018 0.017 0.017 0.018 0.050 0.017 0.017 0.018
0.028 0.025 0.028 0.028 0.026 0.025 0.025 0.028
0.039 0.034 0.038 0.038 0.035 0.034 0.034 0.03%
0.043 0.042 0.043 0.043 0.042 0.043 0.042 0.043
0.045 0.045 0.046 0.045 0.045 0,046 0.045 0.045
0.047 0.047 0.047 0.047 0.053 0.047 0.047 0.047
0.032 0.030 0,030 0.032 0.050 0.030 0.030 0,033
0.026 0.026 0.026 0.026 0.0626 0.026 0.026 0.026
0.035 0.035 0.035 0.035 0.035 0.035 0.035 0.035
0,043 0042 0.043 0.042 0.042 0.042 0.042 0.042
0.045 0.044 0.045 0.045 0.045 0.044 0.044 0.045
0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053
0,049 0.048 0.048 0.049 0.048 {.048 0.048 0.049

.af‘ verr 59 are (010!0’090)'l (0,1,1,1,])‘, (0,"‘,'1,'1,"‘1)', (0"ls1’lsl)" (o’l,'lp'l’ I)') (0:] ,0, 130)': (0)'1 :0"13'1)" (0)0»'1:'])'1).’

(0,1,0,0,1)', respectively




Table 4.17: Sizes of Durbin's ¢ test at the 5% level for X74, and selected 3, o,
and u values, using near exact non-similar critical values

n o M

30 0.035 0.1
0.3
05
0.7
0.9
0.99

0.081 0.1
03
0.5
0.7
0.9
0.99

0.68 0.1
03
0.5
0.7
0.9
0.99

60 0.085 0.1
0.3

0.5

0.7

0.9
0.99

0.185 0.1
0.3
0.5
0.7
6.9
0.99

0.95 0.1
03

0.5

0.7

0.9
099

Bi B2 B By Bs B B Bs B
0.025 0.010 0.609 0013 0.011 0.013 0.014 0.014 0.012
0.041 0.008 0.008 0.014 0.012 0.015 0.015 0.015 0.014
0.051 0.007 0.007 0.010 0.011 0.012 g.011 0.014 0.614
0.046 0.005 0.005 0.009 0.008 0.006 0.007 0.012 0.010
0.041 0.002 0.003 0.005 0.004 0.002 0.003 0.006 0.006
0.037 0.002 0.002 0.003 0.003 0.002 0.002 0.003 0.003

0,017 0.014 0.022 0.018 0.021 0.020 0.020 0.019
0.020 0.013 0.031 0.028 0.02% 0.031 0.029 0.030
0.017 0.018 0.032 0.030 0.028 0.030 0.031 0.034
0.012 0.013 0.028 0.027 0.021 0.022 0.629 0.028
0.005 0.004 0.019 0.018 0.008 0.007 0.017 0.016
0.002 0.003 0.007 0.007 0.003 0.004 0.G08 0.006
0.025 0.025 0.026 0.025 0.026 0.026 0.025 0.026
0.040 0.039 0.043 0.039 0.039 0.038 0.041 0.039
0.048 0.046 0.048 0.049 0.047  0.048 0.051 0.051
0.0643 0.046 0.047 0.046 0.046 0.046 0.046 0.047
0.035 0.036 0.042 0.038 0.039 0.040 0.039 0.041
0.025 0.026 0.035 0.036 0.031 0.032 0.035 0.034
0.031 0.016 0.013 0.015 0.016 0.023 0,016 0.019 0.017
0.046 0.017 0.015 0.017 0.018 0.031 0.025 0.019 6.017
0.050 0.016 0.014 0.015 0.014 0.030 0.027 (.018 0.016
0.052 0.011 0.011 0.011 0.009 0.022 0.021 0.013 0.011
0.050 0.005 0.006 0.006 0.007 0.008 0.009 0.097 0.006
0.040 0.004 0.604 0.005 0.004 0.004 0.005 0.004 0.004
0.022 0.019 0.022 0.022 0.029 0.024 0.027 0.025
0.029 0.027 0.030 0.029 0.041 0.035 0.033 0.033
0.029 0529 0.029 0.030 0.044 0.039 0.033 0.032
0.024 025 0.024 0.025 0.042 0.040 0.030 0.030
0.011 0.012 0,012 0.010 0.018 0.020 0.015 0.014
0,005 0.005 0.007 0.007 0.005 0.006 0.008 0.008
0.030 0.030 0.030 0.032 ¢.031 0.03¢ 0.02¢ 0.031
0.044 0.045 0.044 Q.050 0.047 0.045 0.043 0.047
0.05¢ 0.050 0.047 0.051 0,051 0.050 0.049 0.050
0.051 0.048 0.049 0.051 0.053 0.052 0.050 0.049
0.043 0,042 0.044 0.046 0.049 0.048 0.045 0.047
0,021 0.021 0.034 0.033 0.Q29 0.031 0.033 0.031

ﬂ F . ﬂ? are (0’0’0)'$ (0’ I, l)‘s (0"1 ~1 )'! (0,- L1 )') (0: 1,- l)‘, (0: i,O)', (0,' 1 ’0).s (0:09 1 )'r (0n09'1 }‘s TCSPOCliVOI}‘
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Chapter 5 : Testing a static model against a dynamic model

CHAPTER 5

TESTING FOR A STATIC LINEAR REGRESSION MODEL WITH

AR(1) ERRORS AGAINST A DYNAMIC LINEAR REGRESSION
MODEL WITH WHITE NOISE ERRORS

5.1 Introduction

In this chapter, we deal with a more complicated testing problem, namely, testing for a
static linear regression model with AR(1) errors against a dynamic linear regression
model with white noise errors. If the DW statistic for autocorrelation is significant in
the context of a linear regression model, some prefer to work with static linear
regression models with autocorrelated errors while others favour dynamic linear
regression models with white noise errors. That is, the dynamic part of the model can
be incorporated into the model through the error term or through lagged dependent
variable regressors’2. Both the approaches are plausible. However, it would be
desirable to have a powerful testing procedure to distinguish these two approaches

because a correct model specification is important for forecasting purposes and also

32 This choice is similar to one discussed in the unit root testing literature, That is, some researchers
test for unit roots in errors and others test for it in the mean of their models (see Stock (1994) and
Silvapulle (1992)).
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for the purpose of further inference. As noted in+ napter 2, King and Rankin (1993)
point out that when the DW test in a static linear model is significant, and the true
model is the dynamic linear model with a large autoregressive parameter, a substantial
loss in accuracy of prediction can occur if one proceeds to comect for AR(1)

disturbances without first checking for the possibility of a dynamic linear mode] with

white noise etrors.

Some may a'rgue that the correct model (from the two mentioned above) can be
chosen by observing the significance of the OLS estimates and R2. However,
Griliches (1967) and Giles (1975) point out that while the true model which generated
the given sample is the regression model with AR(1) errors, if one fits the dynamic
linear regression model with white noise errors to the sample by OLS then it is likely
to explain the data rather well. Therefore, one can mistakenly select a wrong model

by using the OLS approach and this may lead to misleading inferences.

In Chapter 2, we outlined some situations where the null and the alternative mo&els of
interest in this chapter may not be distinguished at all. We purposely selected this
difficult problem in order to see which test succeeds in every case, if such a test exists,
then we can recommend that test for other complicated testing situations with greater

confidence.

For this problem, the nuisance parameters cannot be avoided, thus tests appiied can be
expected to be non-similar. The literature review of Chapter 2 reveals that, in the
presence of nuisance parameters, marginal likelihood based tests perform better than
conventional likelihood based tests in finite samples. Therefore, we consider
marginal likelihood based tests in this chapter. In particular, we compare marginal
likelihood based g tests with marginal likelihood based one-sided LR, LM and W
tests, in terms of size and power properties obtained via Monte Carlo experiments.

Because the classical tests are specially designed for nested testing, they are applied to

test for the significance of the dynamic regressor coefficient of a dynamic linear
regression model with AR(1) errors. To \he author’s knowledge, this is the first study
that investigates the finite-sample performance of marginal likelihood based classical

tests in the dynamic linear regression model with AR(1) errors. Grose (1998) applied
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Chapter 5 : Testing a static model against a dynamic model

these tests to the dynamic linear mode] with white noise errors. The size and power
comparisons of this chapter are based on near exact non-similar critical values of the

tests obtained using the simulated annealing (SA) algorithm.

The plan of this chapter is as follows. The models and assumptions are discussed in
section 5.2. Section 5.3 describes the marginal likelihood function of the parameters
of interest and section 5.4 discusses the marginal likelihood based tests. Section 5.5
discusses how to obtain exact (and near exact) non-similar critical values of these
tests. In this section, we also discuss how (4.2.4) can be generalised in order to obtain
exact critical values of the g test. Section 5.6 presesus the Jetails of the Monte Carlo
experiment and surnmarizes the main findings. Finally, concluding remarks are given

in section 5.7.

5.2 Models and Hypotheses of Interest
The non-nested models (or hypotheses) of interest in this chapter are

Hy, =x'B+u, u=pu +e, t=1..n,
(5.2.1)

and

H; y =y, + x B+e, t=2,...n, (5.2.2)

where y, is the dependent variable at time ¢, x, is a kX1 vector of non-stochastic

regressors at time ¢, f is a kX1 vector of coefficients, u, is the disturbance term

with0 < p <1, e ~ IN(0,0%) and0 < s < 1.

Because positive autocorrelation is more likely in practice we consider this case only,

however, the discussion of this chapter also applies to the negative autocorrelation
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case as well. In the case of the classical tests, as mentioned earlier, we consider the
dynamic linear regression model with AR(1) errors, which can be regarded as the
general model. Because the models given by (5.2.1) and (5.2.2) are nested within the
general mo;lel, it is appropriate to discuss the theory for the general model and this
theory can be applied to each of the nested models as special cases when needed.

First consider the dynamic linear regression model] with AR(1) errors,

Y = Wyt xBru, £=2,..n, (5.2.3)
where u, =pu,_; +¢,,0< p<l, e ~ IN(O,6>)and 0 < gt <1.

As discussed in the previous chapter, y, and #, of model (5.2.3) can be written as

5B 4 . (5:24)
N (-2 1%
and
e
u = (1—__;;—2'5;;; , (5.2.5)

where d? = U+HP) _  Now model (5.2.3) is completely specified by equations
" (- ppX(1- )

(5.2.3), (5.2.4) and (5.2.5).
Model (5.2.3) can be written in matrix form as
T(wyy = XB+D(u,pHu,

where T'(4) is the nXn matrix
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(- 0 0 . . . O]
-H 1 0
0 -1 1 .
= . . . 5.27
1 0
[ 0 —# 1]

y isan nX1 vector, X is an nXk nonstochastic matrix of rank k<n, f isa kx1
parameter vector, D(i,p) is the nXn diagonal matrix, defined as,
diag(d,(1— ),1,1,...,1 ) and u is an nx1 vector such that, # ~ N(0, 6*Z(p)) in which
T(p) is an nXn matrix whose (i, j)th element is P17/ (1~ p?) (see King (1996)).

Equation (5.2.6) implies that

y =T (wXp+u", (5.2.8)
where the error term,
w =TT (W)D(p, p)u
529

~ N0, o’ T () D(1, YZ(p) D(p1, YT (1))

Therefore, for the classical tests, the model and hypotheses of interest can be written

as

y=X(W)p+u, n~N©O,6*Z(1L,p)), (5.2.10)

and

Hy: =0 (52.11)
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against

H:u>0, (5.2.12)

respectively, where, 0 £ p <1and0 < g <1, X(#) = T (WX and Z,(,p) =
T () D, p) (YD, pYT ()Y

Now, if 4 =0, d, becomes 1 and I'(x) and D(u,p) become identity matrices.
Similarly, if p =0, d, becomes (1-2*)™* and Z(p) becomes an identity matrix.

Therefore, the hypotheses of interest can be rewritten in matrix form as

Hy: y=XB+u, u~N(©O,0°Z(p)), 0< p <1, (5.2.13)
against
H:y=Xwp+u,u~ N@OCE, W), 0< u <1, (5.2.14)

where y, X and Z(p) are as defined above, and Z,(4) = T () D)X(T™'(wy)’ .
Here we assume that u, ~ N(0, 0% /(1-p%)) and e = (e,,...,e,) ~ N(0,6°1)). In
Chapter 3, following Silvapulle (1991, 1994a), u, was assumed to be g,/ (1—p*)"*.
Here u, is assumed to be ¢ /(1—p*)"? in order to make it consistent with the

alternative model assumption (5.2.5).

For the testing problem at hand, B, ¢ and (for the classical tests case) p are

nuisance parameters. As discussed in the previous chapter, the testing problem is

invariant with respect to the constant coefficient, f,, and is affected by o only in the

same way as a scaling of §° = (f8,,...,5,)". Therefore, one can fix o and vary g or

vice versa.
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5.3 The Marginal Likelihood Function

If for a particular inference problem, one can factorise the sample density function
into the product of two parts, namely, one depending only on the parameters of
interest and the other containing no available information about the parameters of
interest in the absence of knowledge of the nuisance parameters, then the former part

can be interpreted as the marginal likelihood of the parameters of interest (see Grose
{1998) for more detail).

In the case of the general linear regression model
y = Z(OP+u, u - NO,5°Q), (5.3.1)

Belihouse (1978) has shown that the marginal likelihood function for & and Q, is

equal to

m(EQy) = ¢ IZ(@,Z(‘;_.)lmIQI(-uz'z(g),gl-:z(g)l-m(_@_), (532)

E-I

where, y and u are nx1 vectors, Z(£) is an # Xk matrix dependent on a parameter

vector &, f3 isa kx1 parameter vector, Q, is an nXn matrix, ¢ = -;jn""z l"[é), [
= n—k, § = yPy and 5 = yB,oy are the sums of squared OLS and GLS
residuals, respectively, from the regression of y on Z(§), B =
I=Z(ENZ(EYZ(H)' Z(H)' is the orthogonal projector, and finally Po=
Q7' QP Z(ENZEY' Q' Z() Z(£)'Q;! is the orthogonal projector for non-spherical

disturbances.

The log of the marginal likelihood function for & and 2, can be written as
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MEQ,y) = Inc + -;—m]zg)'z@j - —;—ln]QJ - -;-1n|zo§)'9;‘2(§)| +

-;—ln ;- —é-ln ¥2. (53.3)

Model (5.3.1) covers a range of linear models including the models given in (5.2.10)
to (5.2.14). For (5.2.10), Z({) = X (&) and Q, = Z,(4,p), for (5.2.13), (because u
=0) Z(¢) = X and Q; = Z(p) and for (5.2.14), Z(§) = X(u) and (becavse p = 0)
Q, = X,(1). Therefore, for the problem of interest to this chapter, the marginal
likelihood function and its log form can be denoted by m(1,Q,1y) and M(1,Q,1y),
respectively. But for convenience they are denoted as m and M, respectively,

throughout,

5.4 The Tests

The following discussion concerning tests applies to testing positive p and u

parameters. The tests can easily be modified to test negative p and g parameters if

need be.

5.4.1 The Marginal Likelihood Based g Test

For the testing problem of interest, the g test can be denoted as the g(#,; 0, P 0.999)
test, where f, is the point under the alternative where the power is maximised and 0
< p° < 0.999. However, for convenience we denote this test as the g(x,) test
throughout. The construction of the g(4,) test for testing hypotheses of the form

(5.2.13) against (5.2.14) is as outlined in Chapter 3. That is, the g(,) test is the one

that rejects H, if
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My > 3 km,. | (5.4.1
f=1
For the existence of such a test, the following r size conditions,

Prlm,, > Y kmim]l=a, j=1,..r, (54.2)

i=1

need to be solved simuitaneously, by appropriate choices of values for %, ..., k,.
Here m,, k = 1,..., r, can be regarded as representative marginal likelihood functions
under the null hypothesis, m,,, is the marginal likelihood function corresponding to

I, and o is the level of significance.

As outlined in Chapter 3, we start with the r = 3 case and select the representative

marginal likelihood functionsat p =0, p = p* and p =0.999. Next we need to find

P2, k. k, and k, values such that the following size conditions (which are evaluated

via the Monte Carlo simulation method) hold simultaneously.

Prlm, > kymy +km, + kym1p=0] = «, (5.4.3)
Pr{m, > kym, + kym, +kym \p=p 1 = a, (5.4.4)
Prlm, >k + k,m, +kgmy 1 p=0999] = o, (5.4.5)
Prlm, > kg, + kymy + kg, 10< p< 0999] = o, (5.4.6)

where, o shouid be within the (1 - &) percent confidence interval of & .

I for particulaf values of p°, k,, k, and k,, probabilities (5.4.3) to (5.4.6) hold

simultaneously then we have constructed the g(#,) test otherwise we can try some
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other p* value, find the %,, k, and k; values accordingly and proceed as before. If

this also doesn’t work, (as mentioned in Chapter 3) we can include another

representative density under the null and hence solve for another size condition and so

on until the desirable test is found.

The critical values, &, k,, ..., k, of the g(/,) test can be found by following the

iterative procedure outlined in Chapter 3. Alternatively, the same can be done by

using SA as explained in section 5.5.3.

Here, we use marginal likelihood functions, m,, instead of log marginal likelihood

functions, M;, i = 1,..., r+1, because, the GNPL based test of the form log(m,,,)
=M_,)>loglkym + kym, +, ..., +km )isvalid,but M, > kM, + kM, +... +
k.M, is not valid.

As discussed in Chapter 3, the GNPL provides a PO test for the problem of testing
whether an observed sample is generated by a finite number of observable density
functions against a single alternative density function. Thus, under the null and the
alternative the observed sample is the same. For the problem of interest, under the
null, the observed sample is equivalent to the maximal invariant function valne
(3.3.7). This is because, for the null model, Ara and King (1993) showed that the
marginal likelihood based approach is equivalent to considering the density function
of a maximal invariant statistic. However, the same is not true under the alternative,
therefore, the observed sample is not the maximal invariant function value.
Consequently, the hlarginal likelihood based g( i, ) test is not perfect for the problem
at hand, however, it is interesting to see its performance. In this chapter, we consider
two versions of the g test, namely, the g(0.3) test and the g(0.5) test. We did not
consider the g(0.75) test because when 2 gets bigger it becomes easier to distinguish
the null and the alternative models of interest, thus, this case is not as interesting.
Also, the asymptotic tests are expected to have good power properties for this

relatively easier case.
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5.4.2 The Marginal Likelihood Based One-Sided LR, LM and W Tests

The one sided LR, LM and W tests for testing (5.2.11) against (5.2.12) in the presence

of nuisance parameter p can be written as

LR = sgn(f2) [2(M - M)]'?, (5.4.7)
LM = q,(I"Y ", i pep s (5.4.8)
and

W= QY2 a g (5.4.9)

which under the standard regularity conditions (see White (1982)) follow a N(0,])
distribution under the null asymptotically, where ﬁ and p are the unrestricted
maximum marginal likelihood estimates of g and p, respectively, p is the restricted
maximum marginal likelihood estimate of p under the null, M=M (&,p) and M =
M(0,p) are the unrestricted and restricted log marginal likelihood functions,
respectively, sgn(ft) = 1, -1, O according to whether & >0, t <0, 0or I =0,
respectively, and g, is the score function with respect to 4. At this point, it is

convenient to introduce the following notation. Define the marginal likelihood based

information matrix as

d*Inm
- - , (5.4.10)
s E( 307 )

where ¢ = (,p)’ . Let I, be partitioned as

1, -. * "P], (5.4.11)
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and let I** be the block in I}' corresponding to I,,. Thatis, I# =1 wr— Ll 1)

Because 4 and p are scalars, I isascalarand 7,, = 1,,. Grose (1998) derived all
these terms (see Appendix 5.2 for more detail). Among these, 1 uo and I, have
closed form solutions, whereas, I ” does not have a closed form solution. Grose

(1998) provided two computable forms of I, namely, Laplace approximated

information and estimated information (see Appendix 5.2). These two
approximations are asymptotically equivalent, but may differ in finite samples.
Which of these approximations is best, particularly in small sampies, is unknown in

practice. Therefore, in this chapter, we study both itests’ behaviour using both

approaches.

To make the W and LM tests operational we require, in addition to the maximum
marginal likelihood estimates of y and p, suitable estimators of S and o?. The

GLS estimators (conditional on & and p),
Blu,py = (XY'Z, (.0 X ()™ Xy E, (.p)y (5.4.12)
and

&', (1, p)E
I

& (1,p) = (5.4.13)

are the obvious unbiased candidates, where &

(3.2.10).

is the GLS residual vector from

Grose (1998, p.168) commented that “While the marginal likelihood-based score with
respect to p is ‘unbiased’, in the sense that its expectation is zero, the same cannot be
said of the marginal likelihood-based score with respect to the regressor parameter /.

Use of the marginal likelihood, therefore, results in unbiased estimating equations for

covariance parameters, but not regressor parameters”. Therefore, the marginal

125




T —

Chapter 5 : Testing a static model against a dynemic model

likelihood based LM test may not have better finite-sample properties for the problem
at hand.

5.5 Obtaining Exact (and Near Exact) Non-Similar Critical Values via
SA

The exact (and near exact) non-similar critical values of the classical tests (because
they have standard test statistics and known asymptotic critical values) can
straightaway be obtained by using SA, as explained in Chapter 4. The g test case is
different. For a given f and o, the g test statistic is unknown until appropriate
critical values and p° are found such that the size conditions (5.4.2) hoid
simultaneocusly. Also, the g test has no known asymptotic distribution. Therefore,
obtaining near exact non-similar critical values of the g test involves two steps
(obtaining exact non-similar critical values involves an iterative process explained in
section 5.5.1). The first step involves constructing the test statistic assuming values
for B and . For this, we assume § = 0and ¢ = 1 and construct the g test”®. We
denote this test the go( 4, ) test. The second step involves applying SA to find values
for the nuisance parameters such that the go( 22, ) test size is at its maximum. For the
parameter solution provided by SA, we construct the g test again by finding
appropriate critical values and p°. We denote this test the g(u,) test. For the
classical tests, obviously, the first step is not necessary. For ease of application, we
provide the steps invoived in computing exact non-similar critical values of the tests
in detail below. The following discussion concerning the g test applies for the r =3
case, the same can easily be generalised for any r > 3 case if need be. Also, as in

Chapter 4, B, and ¢ are set 0 and 1, respectively, throughout.

3 As noted in the previous chapter, ¢ can take any value in this case.
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5.5.1 Steps Involved in Obtaining Exact Non-Similar Critical Values of
the g( &, ) Test

(1) Let B° =0 and construct the go( 1, ) test following section 5.4.1. That is, p and
critical values, k,, k,, and k,, have to be found such that the probabilities (5.4.3)
to (5.4.6) hold simultaneously.

(2) Let SA find the values for #° and p over the nuisance parameter space such that

the size of the go( 1, ) test is at its maximum.

(3) Construct the g( 4, ) test for the parameter solution provided by SA. That is, as

before, new p°, k,, k,, and k, values have to be found such that the probabilities

(5.4.3) to (5.4.6) hold simultaneously.

(4) Again apply SA to check whether the sizes of the g(u,) test are reasonably

controlled over the nuisance parameter space. Repeat steps 3 to 4 until the

maximum size obtained is equal to the nominal size.

Observe that the critical values of the go( 4, ) test are obtained by fixing f vector to
zero and controlling the sizes of the test over the p parameter space alone. Therefore,
the critical values of the go( 4, ) test can almost be interpreted as the approximate non-

similar critical values used in previous studies. Obviously, if step 2 reveals that the
approximate non-similar critical values of step 1 are adequate to control the test sizes

over the nuisance parameter space then steps 3 — 4 are not necessary.

The reason for fixing ¢ as one and varying f is as explained in Chapter 4. Though
o is not a nuisance parameter in the g test case, it is also varied (over its parameter

space) because the null distribution of the g test statistic depends on it as well.
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5.5.2 Steps Involved in Obtaining Exact Non-Similar Critical Values of
the LR, LM and W Tests

The following steps appiy for all three classical tests.

(1) Let SA find the values for §° and p over the nvisance parameter space such that

the size of the test (based on the asymptotic critical value) is at its maximum.

(2) Apply SA (as explained in section 4.2.2) to find exact size critical value at these

values of nuisance parameters.

(3) Use SA to check whether the sizes of the test (based on the exact size critical
value of step 2) are reasonably controlled over the nuisance parameter space.

Repeat steps 2 to 3, until the maximum size obtained is equal to the nominal size.

As explained in Chapter 4, following all four (first three) steps of section 5.5.1 and all
three (first two) steps of section 5.5.2 will lead to exact non-similar critical values
(and near exact non-similar critical values) of the g test and the classical tests,

respectively.

5.5.3 Obtaining Exact Size Critical Values via SA

The finite-sample critical values of the classical tests (by assuming knowledge of the
unknown parameters) can straightaway be obtained by minimising (4.2.4). This is
because each classical test involves the finding of one critical value alone and (4.2.4)
is specially designed for this. Because the g test involves r critical values, we have to
generalise (4.2.4) in order to obtain them. How this can be done for the » =3 case is

discussed below, the same can easily be generalised for the r > 3 case if need be. In

the following discussion, ¢(*) means size at *.
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For a given " vector and p" value, we can use SA to find the appropriate critical

values of the g test such that the probabilities (5.4.3) to (5.4.5) hold simultaneousiy.
For this, we have to generalise the function (4.2.4) as,

f =10000%(s2+52 + 52), “(5.5.1)
where 5, = - ¢(0), 5, = @ - g(p*),and 5, = & - ¢(0.999).

Here, SA finds values for k,, &,, and %, such that (5.5.1) is minimized. In other
words, SA tries to find values for k,, k, and k, such that the sizes at p =0, p* and
0.999, are exactly equal to . To gain in terms of computational time one can

generate the marginal likelihood functions, m,;, m,;, my, and my;, i =1,2, ..., j,,

where j, is the number of Monte Carlo replications, for each of p =0, p” and 0.999,

beforehand, and then apply SA. According to our experience, this is the most efficient

way to proceed.

For the problem of interest, a possible value for p° can always be guessed. That is,
P will be closer to g, of the g test. For example, if we are considering the g(0.3)

test then p* will be within 0.29 to 0.38 and most probably 0.31 or 0.32. Once p’ is
decided, the appropriate critical values can be obtained as above. Thus, the

construction of the g test is not as hard as it seems. One may wonder why p” of the g

test also cannot be obtained via SA. It may be possible to find p° (together with
appropriate critical values) via 8A, but there is a practical difficulty associated with

this, which is explained next.

T order to obtain p° and critical values of the g test, the function to be minimised can

be given as

f = s +10000%(s2 +53 +53), (5.5.2)
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where 5 = Maximum of s;, where s} =(a@- ¢(,)), i =1,...,19, and p, € (0.05,

0.1,...,0.95), 5, = & - §(0), s; = @ - g(p°) , and 5, = & - c(0.999).

Here, SA finds values for p’, k,, k, and k, such that (5.5.2) is minimized. s? is

included in (5.5.2) in order to contro} the maximum size over the p parameter space.
Because we prefer sizes at 0, p° and 0.999 equal to , (to make sure that this

happens) (s} + s¢ + s7) is multiplied by a big number, such as, 10000 (as above).

This type of optimization is very time consuming, because, the function f (given in

(5.3.2)), involves twenty-two sizes (i.e., sizes at p =0, 0.05, 0.1,..., 0.55, 0.999 and

p = p ) which have to be evaluated via the Monte Carlo simulation method. As
mentioned earlier, to gain in terms of computational time, one can generate the
marginal likelihood functions, m,;, m,;, my; and m,;, i = 1,2, ..., j,, where j, is
the number of Monte Carlo replications, for each of p =0, 0.05, 0.1, ..., 0.95 and
0.999, beforehand, and then apply SA. However, this amounts to a Jarge amount of
computation and will not be attractive if j, is large. Therefore, finding p' via SA is

not feasible in practice.

5.6 Details of the Monte Carlo Design

Extensive Monte Carlo experiments were conducted to see the performance of the
marginal likelihood baéed g and one-sided LR, LM, and W tests in the presence of the
nuisance parameters. This study was based on near exact non-similar critical values
obtained via the SA based approach. We observed that this approach could be time
consuming, particularly for the classical tests because their construction involves
repeated maximum marginal likelihood estimation as well. On the other hand, it takes
less time for the g test. In addition to this, the type of study we conducted in this
chapter (which is explained below) is aiso time consuming, therefore, to keep the

study at a manageable level, we used only two design matrices namely:
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XI5: nx3, n =20, and 40, the X matrix is the same as XJ. The & values used for
n = 20 and 40 are ¢ = 0.015, 0.025, and 40 and ¢ = 0025, 0.045, and 0.2,

respectively.

X16: nx3, n =20 and 40, the regressors are a constant dummy and standard normal
random numbers. The o values used for n =20 and 40 are ¢ =04, 0.8, and 10 and

o =04, 0.7, and 1.81, respectively.

‘Here, XI5 is a smoothly evolving series, while XI6 possesses a high degree of

randomness. In Chapter 2, we discussed some situations where the null and the
alternative models of interest may not be distinguishable, of which one is thai when
the design matrix is lag invariant. That is, for a particular design matrix, if the
regressions of each regressor (lagged once) on the rest of regressors all have high R?
then the corresponding design matrix can be regarded as almost lag invariant. We
observe that XI5 is almost lag invariant and X6 is not lag invariant. It will be

interesting to see the tests’ performance for these two design matrices.

The computer programs were written in GAUSS for windows NT/95 version 3.2.35
and Tsionas’s (1995) program code for the SA algorithm was used. A nominal
significance level of five percent and 2000 iterations were used throughout. The
maximum marginal likelihood estimates of # and o were obtained by minimizing
the negative of the relevant log-marginal likelihood subject to the constraints ~1 < £
<land -1 < p <1, with OLS estimates as starting values and the bounds set to
+0.999. Here, the OLS estimates were calculated for each iteration, therefore, the

starting values vary for each iteration.

In order to compare the powers of the classical tests (which were applied for the
dynamic linear regression model with AR(1) errors) with those of the g test (which

was applied to the non-nested testing problem of interest), the y vector was generated

assuming p = 0 under the alternative for the former test.
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The one-sided version of a classical test statistic cannot be computable if the term for
which the square root has to be taken is negative. This happened sometimes due to

sampling variability. For such situations, the test statistic was set to zero,

consequently the null was accepted.

In order to check whether the SA based near exact non-similar critical values are
indeed working well in terms of controlling the sizes over the nuisance parameter

space, we calculated the tests’ sizes for a variety of § and ¢ values. The S vectors
considered for n = 20 were: (0,0,0)", (0,1,1)", (0,-1,-1), (0,1,-1)’, (0,~1,1),
0,1,0)’, (0,-1,0), (0,0,1) and (0,0,—1)’, respectively, and each  was made
larger or smaller along each of eight'directions by decreasing or increasing o. For
each of these B directions and & values, sizes were calculated for p = 0.1, 0.3, 0.5,
0.7,0.9, and 0.99. When f§ =0, as in Chapter 4, the size calculations were done for

only one ¢ value. Because this type of study is quite demanding in terms of time, for

n = 40, size calculations were done for four selected f directions only, namely,
(0,11, (0,~1,1), (0,1,0), (0,0,—1)" and (0,0,0)". The size results are reported
in Tables 5.4 to 5.15.

Power calculations were also done for the above B vectors (except, for § =0) and o
values (except, for big o of the three considered), in order to determine the most
powerful test over the nuisance parameter space. The powers were not calculated for
B =0 and for big o because for these cases, the nuil and the alternative models of
interest become similar, consequently, powers can be expected to be close to sizes.
For each § and o, the power calculations were done for £ =0.1, 0.3, 0.5, 0.7, and
0.9. The power results are reported in Tables 5.16 to 5.21. Also, some selected power

results were plotted in Figures 5.1 to 5.5.

Though, considering a variety of § and o values takes up a lot of time, particularly
in the case of the ciassical tests, it is worth doing so because the finite-sample
performance of these tests in the context of the dynamic linear model with AR(1)
ervors is unknown in practice. For example, for each design matrix and » = 20, it

takes about 12 days for the LR test, 10 days for the W test and 6 days for the LM test
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to do both the size and power calculations. For similar testing scenarios, as noted in

Chapter 4, researchers have calculated sizes and powers for only one § vector and for

some o values (see Inder (1985) and Silvapulle (1991)), thus, these studies can be
considered inadequate because a test might behave well in terms of size and power

properties in a particular f direction, but may behave poorly in another one.

The o values were chosen as explained in Chapter 4. For this, the y vector was
generated assuming # =0 and p = 0.5 and for eachi § vector with 100 iterations
being used. Also, in order to obtain R?®, y was regressed on y_, and X. Therefore, in
the g( 44,) test case, o values determined in this way are slightly biased because for
this case, y should have been regressed on X alone. However, in order to compare

the g( 4, ) test performance with that of the classical tests we use the same o values

throughout.

In order to find values for the nuisance parameters such that the size of a test is at its

maximum, the key parameters of the SA algorithm, T, N, N, and r, were setas, T
=2, N, =2, N, =2and r, =0.5. The same SA parameter values were used to

obtain unrestricted maximum marginal likelihood estimates. Together with the other
parameter values, N_, = 3 and N, = 3 were used to obtain restricted maximuimn
marginal likelihood estimatcs'. Preliminary work showed that these parameter values
are adequate for the maximum marginal likelihood estimation carried out in this
chapter®. However, we could not check whether the parameter values provided are
adequaie to find the global maximum size of a test because it will be too time
consuming, particularly for the classical tests. Also, when dealing with size functions,
we cannot decide anything firmly based on a small number of Monte Carlo

replications such as 50 or 100.

According to our experience, when using Pentium II 400 or Pentium III 500 machines,
(for the above SA parameter values) for each design matrix, n = 20 and 2000 Monte

Carlo replications, SA takes about 6 days for the LR test, 4 days for the W test, 2 days

34 This observation is based on 100 iterations, We compared these small SA parameter values based optimum
results with those based on increased SA parameter values (see Goffe et al. (1994)).
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for the LM test and less than 5 minutes for the g test, to provide the nuisance
parameter values such that the respective tests sizes are at their maximum. Obviously
it takes more time for n = 40. The nuisance parameter values and the corresponding
maximum sizes are reported in Table 5.1. The p” and critical values of the gy M)
and g( /4, ) tests are given in Table 5.2. The near exact non-similar critical values of

the classical tests are given in Table 5.3.

In order to obtain exact size critical values of the classical tests (by assuming
knowledge of the unknown parameters), T =2, N, =3, N, =3 and 7, = 0.5 were
used. Similarly, for the gtest, T =5, N, =5, N, =5 and r = 0.85 were used.
According to our experience, these SA parameter values are adequate for the classical
tests to find the exact critical values. However, for the g tests, the SA parameter
values, sometimes, have to be increased slightly. If the above SA parameter values
are used, SA will take less than two seconds for the classical tests and about twenty

minutes for the g test to produce the required outcome.

In order to find values for the nuisance parameters such that the size of a test is at its
maximum, the starting values of the parameters provided were: §° =0 and p =0.5.

As mentioned earlier, the restricted (calculated under the null) and unrestricted OLS
estimates of each iteration were provided as the starting values for obtaining restricted
and unrestricted maximum marginal likelihood estimates, respectively. Seed values,
9662 and 63721179 were provided for the uniform random number generator of SA
and the normal random number generator of the model, respectively. For reasons
discussed in the previous chapter, random normal numbers were generated beforehand
(i.e., outside the main procedure where the function to be optimized is being

evaluated).

As mentioned earlier, in this chapter, we consider both Laplace approximated

information based and estimated information based LM (and W) tests, in order to see

which information based test is best in finite samples. We denote these tests as

=

LM(L), LM(E), W(L) and W(E) tests throughout. Also, as mentioned earlier, we

denote the g test corresponding to step 1 of section 5.5.1 as the go( 1, ) test, otherwise
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we denote the g test as the g( 1, ) test. In the remaining sections of this chapter, * j, is

closerto j,” means j is closer to j, in absolute value, where J, and j, are known

numbers.

5.6.1 Results Under the Null Hypothesis

Our study clearly shows the danger in using large-sample based tests, particularly the
LR, W(L) and W(E) tests, in small samples. For example, for X176 and n = 20, the
LR, W(’L) and W(E) tests can have (maximum) sizes as high as 0.748, 0.930 and
0.920, respectively, over the nuisance parameter space. The next poor performers in
this regard are the go(0.3) and go(0.5) tests which can have sizes as high as 0.245 and
0.210, respectively. The go(0.5) test is always slightly better than the go{0.3) test.
Among all the tests considered, the LM(L) test is the best because its size never
exceeds 0.120 over the nuisance parameter space. Similarly, the LM(E) test size
never exceeds 0.182, and thus can be regarded as second best. Among all the tests,
the W(L) and W(E) tests always attain the highest sizes over the nuisance parameter

space.

The poor performance of the large-sample critical value based classical tests,
particularly, the W(L), W(E) and LR tests, may seem due to the small-sample size, n
= 20, we used. However, this situation seems to worsen when the sample size
increases to 40. For example, for X16 and n = 40, the LR, W(L) and W(E) tests have
(maximum) sizes as high as 0.933 and 0.981, and 0.963, respectively, over the
nuisance parameter space. In fact the (naximum) sizes are increasing with sampie
size (see the results reported for n = 20 above). For the same design matrix, both the
LM tests’ respective maximum sizes also slightly increase with sample size. For
example, the LM(E) test size increases from 0.158 to 0.182 as the sample size
increases from 20 to 40. However, LM tests’ {maximum) sizes seem to improve
slightly for XI15. For example, the LM(E) test size decreases from 0.169 to 0.131
when the sample size increases from 20 to 40. The 20(0.3) test’s (maximum) size

decreases for X16, but it increases for XI5, when the sample size increases. The only

135

e s o




Chapter 5 : Testing a static model against a dynamic model

test whose (maximum) size always decreases when the sample size increases is the
£0(0.5) test.

For the classical tests only, we further increased the sample size to 60 and observed
that the LM tests’ (maximum) sizes slightly improve. For example, for X76, the
LM(E) test size improves from 0.142 to 0.119 when the sample size increases from 40
to 60. Similarly, for X153, the LM(L) test size improves from 0.102 to 0.088. For X135,
the LR test size improves from 0.501 to 0.220, however, for X6, its size increases
with the sample size. Our study clearly shows that the large-sample based LR, W(L)
and W(E) tests are not reliable under the null even when n = 60. Though, the LM
tests’ sizes are better than their competitors, they are not ideal even when n = 60.
Therefore, it is not pariicularly advisable to use large-sample critical value based

classical tests in finite samples.

Generally, the LR, W(L) and W(E) tests achieve their maximum sizes for smali §
values and for o between 0.85 to 0.99. For the LM tests, the same happens fbr P
between 0.3 to 0.99. While the go(0.3) and go(0.5) tests attain their maximum sizes
for small § values and p between 0.6 to 0.9 or for big f# values and p closer to

zero. These observations suggest that approximate non-similar critical values used in

previous studies may work well for the asymptotic tests but not for the g( 4, ) tests.

Now let us discuss the performance of the near exact non-similar critical vziues based
tests. The near exact non-similar critical values we proposed are working remarkably
well in terms of controlling sizes. Generally, the sizes are less than or squal to the
nominal size and sometimes higher than the nominal size. All these tests’ higher than
nominal sizes are almost always less than twice the nominal size. Also we observe
that such higher than nominal sizes occur more for the g(0.3) test compared to the

other tests.

For the design matrices considered, all the tests’ sizes have a common pattern which

is as follows. The tests’ sizes seem to change with § for small o (this happens more

for n =20 than for n = 40) and become stable for big o. For example, for X15, o =
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0.015 and p =0.99, the W(L) test sizes for f = (0,1,1)’ and B = (0,-1,0)’ are 0
and 0.022, respectively. Also, it can be seen that the size resulis corresponding to big

o are always closer to those for 8 = 0. This is not surprising, because, for the
problem of interest, (any) f approaches 0 when o increases, hence the result. Thus,

in the discussion below, any findings reported for 8 = 0 also apply to big &.

We now discuss the results for n = 20. For the LM(L), LM(E), g(0.3) and g(0.5)
tests, use of near exact non-similar critical values often produces sizes that are not
significantly different from the nominal size, while for the LR, W(L) and W(E) tests
they often produce sizes well below the nominal size. For X15, among the asymptotic
tests, the LM(E) test sizes are the best, because they generatly range between 0.030 to
0.050. The g(0.5) test sizes for o = 0.015 and 0.025 are also best in this regard. For
X16, among the asymptotic tests, both the LM tests’ sizes are better. The g(0.5) test
sizes are generally closer to 0.018, but sometimes closer to zero. The g(0.3) test sizes
are typically closer to 0.010, except when ¢ = 0.8. For both design matrices, the LR

and W tests’ sizes are generally closer to zero or 0.010, except when § = 0 and/or p

= 0.9. All the asymptotic tests’ sizes increase and become closer to the nominal size
when o increases, whereas, the g(0.3) and g(0.5) tests’ sizes become closer to 0 or

0.01. The LR and W tests’ sizes seem to increase with p, while other tests’ sizes

seem to increase with p sometimes and waver otherwise.

If the tests were to be ranked on the basis of their sizes, for n = 20, overall the LM(E)
test is superior. Of the 300 cases, the LM(E) test has sizes that are not significantly
different from the nominal size in 96 cases. Similarly, the LML), g(0.3), £(0.5),
W(L), W(E) and LR tests’ sizes are not significantly different from the nominal size in
00, 82, 69, 27, 25, and 21 cases, respectively.

Now let us discuss the results for n = 40. For XI5, among the asymptotic tests, the
LM(L) and LM(E) tests’ sizes are better because they are generally closer to the
nominal size. The g(0.3) test’s sizes for & = 0.025 and the g(0.5) test’s sizes for ¢ =
0.025 and o = 0.045, are also better in this regard. For X16, among the asymptotic
tests, the LM(L) test sizes seem better. The LM(E) test sizes are generally less than or




Chapter 5 : Testing a static model against a dynamic model

equal to 0.010. The g(0.5) test sizes are generally closer to zero except when ¢ =
1.81, while the g(0.3) test sizes range between 0 to 0.078. For both design matrices,
the LR and W tests’ sizes behave as for n = 20, If the tests were to be ranked on the
basis of their sizes, for n = 40, overall the LM(L) test is superior. Of the 156 cases,
the LM(L), g(0.5), g(0.3), LM(E), W(E), W(L) and LR tests’ sizes are not
significantly different from the nominal size in 62, 57, 53, 37, 9, 8 and 2 cases,

respectively.

Even if the sizes are successfully controlled, the tests will be of little use if they do not

have sufficient power to reject a false null hypothesis. We compare the powers next.

5.6.2 Results Under the Alternative Hypothesis

The power comparisons of this section are based on near exact non-similar critical
values. We observed that the power results for each design matrix change when B
changes. For example, for X16, n =20, ¢ =0.8 and u = 0.5, the g(0.3) test powers
for § = (O,L,1)) and B = (0,0,1)) are 0.873 and 0.364, respectively, while the
corresponding (average) sizes are similar. Similarly, for particular 4 and ¢ values,
the classical tests also have markedly different powers along different § directions.
Therefore, it seems reasonable to compare the tests’ powers along each § direction.
By doing this, we observed that the main findings are largely unaffected with respect

to . The main findings are as follows.

For X15, n =20 and ¢ = 0.015, the following pattern emerges always (regardless of

B). Sometimes none of the tests are powerful at z =0.1. Except for these cases, the
g(0.3) test is the most powerful test for 0.1 £ ¢ < 0.5 and generally it continues to
have reasonable powers for g = 0.7. The g(0.5) test is the second best test for 0.1 <
4 < 0.5, and it continues to be the most powerful test for 0.5 < ¢ < 0.9 along 4 (out
of 8) 8 directions. It may look strange that the g(0.3) test is the most powerful test at

4 = 0.5 instead of the g(0.5) test. This may be happening due to the g(0.3) test’s
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higher sizes. On many occasions, the g(0.3) and g(0.5) tests have better sizes and
powers that are almost double that of the best classical test.

None of the classical tests are reliable when g = 0.1 in terms of power. Among the
classical tests, the LM(E) test is the best for g = 0.3 and the LM(L) test is second

best, however, their powers are much less than those for the g(0.3) test. Here, it is
difficult to compare power because the LM(E) tests’ sizes are almost always higher
than those of the LM(L) test, stiil there are a few cases where the latter test

demonstrates superiority over the former. For example, for § = {0,-1,-1) and g =

0.5, the LM(L) and LM(E) tests’ powers are 0.722 and 0.687, respectively, while the
corresponding average sizes are 0.015 and 0.030, respectively. It is worth noting that
the LR test’s nower for this case is 0.905, whereas, its corresponding average size is

0.010. Among the classical tests, the LR test is the most powerful test for ¢ = 0.5,
except for two S directions in which the LM(E) test is more powerful at g4 = 0.5.

Among all the tests, generally, the LR test is the most powerful test for gz 2 0.7. -.

When o increases, f decreases, therefore for this case, it will be harder to
distinguish the null and the alternative models when g and p are small. This can be

described as the most complicated testing situation. In addition, if the design matrix
is lag invariant then it will be impossible to distinguish the null and the alternative

models of interest. Such a situation exists when ¢ = 0.025 and g = 0.1. Though

none of the tests are powerful in this case, the g(0.3) and g(0.5) tests manage to have

better powers along two (out of eight) f directions. When u increases, the g(0.3)

and £(0.5) tests often have powers that are more than double those of their

competitors. The LR test overtakes the g(0.5) test only when u = 0.9 (see Figure
5.1). Surprisingly, the W tests sometimes outperform the LM tests at 4 = 0.9.
Similarly, there are cases where the g(0.3) and g(0.5) tests outperform the LM and W
tests at ¢ =0.9.

For X16, n =20 and ¢ = 0.4, generally the g(0.3) test is the most powerful test at 1

= 0.1. Because of their higher sizes, sometimes, the LM tests outperform the g(0.3)
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test at 4 =0.1. The g(0.3) test is the most powerful test at # = 0.3 and it continues
to have better powers for u < 0.7. Whenever, the g(0.3) test sizes are higher than
those of the g(0.5) test, the former test turns out to be the most powerful test at u =
0.5 and vice-versa. The g(0.5) test is the most powerful test at & = 0.7, even when its

sizes are closer to zero.

Generally, the asymptotic tests’ powers are not far behind those for the g(0.3) and
g(0.5) tests. Among the asymptotic tests, the LM(L) test is most powerful for 0.1 <
# = 0.3 and the LM(E) test is second best for g = 0.1. The LM(L) test clearly

dominates the LM(E) test on many occasions. For example, for # = (0,1,1)" and u

= 0.5, the LM(L) and LM(E) tests’ powers are 0.967 and 0.587, respectively, while
both tests’ sizes are comparable. Among the asymptotic tests, the LR test is second

best for 4 = 0.3 along some f directions and for the other directions the LM(E) test
is second best. Similarly, for z = 0.5, the LR test is the most powerful test along
some J directions and for the other directions the LM(L) test dominates. The LR test
possesses reasonable power for # = 0.7 and it turns out to be the most powerful test

for 4 =0.9.

When ¢ increases to 0.8, the only test that always successfully overcomes the most
complicated testing situation (outlined above) is the g(0.3) test. None of the classical
tests are reliable at & =0.1. The g(0.3) test is the most powerful test for 4 < 0.3 and

it continues to have reasonable powers for ¢ = 0.5 and g = 0.7. The g(0.5) test is
the second best test for # < 0.3 and the most powerful test for 0.3 < ¢ < 0.7. Both

the g(0.3) and g(0.5) tests have very high powers compared to their competitors and
the LR test overtakes the g(0.5) test only when g > 0.7 (see Figure 5.3). There are

cases where the g(0.5) test outperforms the LM and W tests at 22 = 0.9 (see Figure
5.3). Similarly, the W tests sometimes outperform the LM tests at 4 = 0.9 (see
Figure 5.4). Among the asymptotic tests, the LM(L) test is the best for0.1 < # < 0.5

and the LR test overtakes thereafter.
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The W(E) and W(L) tests are generally the worst performers. Their powers are zero
or closer to zero for 0.1 £ u < 0.7 and sometimes (as noted above) they catch up
with their competitors at g = 0.9 (see Figure 5.1 and 5.4). This may be due to their
lower sizes. The W(L) test seems more powerful than the W(E) test for XI5 ard the

converse is true for X16.

The power results at 4 = 0.9 are worth mentioning. The LR test is always the most
powerful test at £ = 0.9 and its powers approach one, whereas, the LM and W tests’
are not always reliable. The g(0.5) test powers approach one along some £ directions
and for the other § directions the test powers approach zero. Generally, the g(0.3)
test is the least powerful test at z = 0.9 (see Figure 5.4), however, it occasionally

outperforms the W(L) and W(E) tests. This shows that the g(0.3) and g(0.5) tests are
always reliable in the neighbourhood of the point where the power is maximised and
not always reliable some distance from that point. As expected, compared to XI5
(which is nearly lag invariant), all the tests’ powers are generally higher for X716

(which is not lag invariant).

- When the sample size increases to 40, none of the classical tests are recommendable

for X15 when u = 0.1 and ¢ = 0.025, however, the g(0.3) test manages to have
better powers along three (out of four) § directions. This test is the most powerful
test for £ < 0.5 and the g(0.5) test is second best. As expected, asymptotic tests’

powers improve with increased sample size, although, they are less powerful thun the
£(0.3) and g(0.5) tests for the above parameter range. The LR test overtakes the g(0.5)

test only when g 2 0.7. However, the g(0.5) test powers are the second best at i =
0.7. All the asymptotic tests powers approach one at & = 0.9, whereas, the g(0.3) and
£(0.5) tests’ powers approach zero (see Figure 5.2). The LM(IL) and LM(E) tests’

powers are almost similar, whereas, the W(L) test is more powerful than the W(E) test

(see Figlre 5.2).

When o increases to 0.045, none of the tests are advisable at g = 0.1. The rest of

the findings are similar to those above, except now the LR tesi overtakes the g(0.5)
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test only when £ =0.9. Also, the LR test powers (at # = 0.9) always approach one,
whereas, the other asymptotic tests’ powers do the same along some S directions

only. Moreover, compared to the LM tests, the W tests are more powerful at 2z =0.9.

For X16 (which is not lag invariant) and n = 40, all the tests’ powers increase

remarkably. When o = 0.4, the LM(L) test is the most powerful test at ¢z = 0.1. For

this case, the LM(L) test always possesses higher average sizes than the g(0.3) test.
The g(0.3) test is the most powerful test for 0.1 < g < 0.7 and its powers are closer to

one. The g(0.5) test is also equally powerful for 0.5 < 4 < 0.7. The LM(L) test’s
powers closely follow the g(0.3) test’s powers for 0.1 < # < 0.5. For this design

matrix, the LM(L) test’s sizes are always higher than those for the LM(E) test, which
makes the latter test less powerful than the former. Among the asymptotic tests, the
LR test is the most powerful test for # 2 0.5 and its powers always approach one.
All the asymptotic tests’ powers at £ = 0.9 approach one, while the g(0.5) test also

manages to have better powers along three (out of four) § directions.

When o increases to 0.7, the g(0.3) test is the most powerful test for £ < 0.5 and it
continues to have better powers for b= 0.7. The g(0.5) test is the second best test for
i = 0.5 and the most powerful test for jt = 0.7. Among the asymptotic tests, the
17.9(L) test is the best for i < 0.5 and the LR test is the best for x# > 0.5 (see Figure
*.5). For both the design matrices, the W(L) aid W(E) tests are the worst performers.

Our study supports the LM(L) test over the LM(E) test, particularly when the design
matrix is not lag invariant and n = 20. When the sample size increases, as expected,
the LM(L) and LM(E) tests tend to behave similarly. In the case of the W(L) and
W(E) tests, it is not clear which test is better. For X/5 , the W(L) test seems better
than the W(E) test in terms of power, but the converse is true for XJ6. Because both
the W(L) and W(E) tests are the worst performers always, neither of them are

advisable for the testing problem considered.
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5.7 Conclusion

In this chapter, we dealt with a complicated testing problem, for which the nuisance
parameters cannot be avoided. Because marginal likelihood based tests are known to
perform better in the presence of nuisance parameters, we considered marginal
likelihood based tests for this problem. In particular, we compared marginal
likelihood based g tests with marginal likelihood based one-sided LR, LM and W tests
in terms of size and power properties, using near exact non-similar critical values
obtained via SA. Both the Laplace approximated and estimated information based
LM and W tests were considered for this study.

This study clearly indicated that the large-sample based classical tests, such as, the LR
and W tests cannot be trusted under the null even when #n = 60. Among all the tests
considered, the LM(L) test is found to be the best test because it always achieves the
least maximum size over the nuisance parameter space. The LM(E) test is the second

best in this regard.

The size and power calculations were made for a variety of § and o values in order

to determine the best test over the nuisance parameter space. The size results indicate
that, the SA based near exact non-similar critical values are generally reliable over the
nuisance parameter space. We also observed that approximate non-similar critical

values used in previous studies are not useful for the g(z,) test, whereas, cur SA

based near exact non-similar critical values seem useful.

The power study conducted along each f direction revealed that the g(0.3) test is the
most powerful test for ¢ < 0.5 and the g(0.5) test is generally the second best test for
this range and the most powerful test for 0.5 £ x4 < 0.7. Whenever, the g(0.3) test

sizes are higher than those of the g(0.5) test, the former test turns out to be the most

powerful test at 2 =0.5. The g(0.3) and g(0.5) tests often have powers that are more

than double of their competitors. The g(0.3) test is generally the least powerful test at

i = 0.9. The g(0.5) test’s power sometimes approaches zero when u approaches

zero or one. Therefore, these tests seem always reliable in the neighbourhood of the
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point where the power is maximised and net always reliable some distance from that
point. Consequently, the g(0.75) test might be suitable for # > 0.7. However, this

test may lack power for small values of .

Among the asymptotic tests, the LM tests behave better for £ < 0.5 and the LR test
overtakes thereafter. The only test whose power always approaches one at 1 = 0.9 is

the LR test. The W(L) and W(E) tests are generally the worst performers. The LM(L)
test seems better than the LM(E) test, whereas, this is not clear in the W tests’ case.

We observed that when 4 increases it becomes easier to distinguish the null and the
alternative models of interest. Therefore, for the testing problem considered, the
g(0.3) and g(0.5) tests should be commended because they are the ones doing a
tougher job. In addition, the only test that successfully overcomes some very tough
testing situations typically is the g(0.3) test. Even though the marginal likelihood
based g tests are not perfect for the problem of interest (see section 5.4.1), they excel
in their performance. The LM tests are also not expected to have better finite-sample
properties (see section 5.4.2), yet, they are the best asymptotic tests for small values of

M. Another, notable performer is the LR test whose sizes are generally closer to zero

than those of other asymptotic tests, yet it possesses reasonable powers.

Based on our results, we recommend the g(0.3) and g(0.5) tests for £ <0.5and 0.5 <
i < 0.7, respectively. The critical values of these tests can be obtained using SA, as
explained in this chapter. The asymptotic tests, particularly the LR test seems suitable
for u > 0.7. Recall that, in the context of the static linear regression model, Rahman
and King (1994) preferred some marginal likelihood based asymptotic tests over

King’s APO tests. For a more complicated testing situation, we have seen that the

g( 4, ) test (which is an APO test) behaves better than the marginal likelihood based

classical tests.
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APPENDIX 5.1

Tables of Results of the Monte Carlo Experiments

Table 5.1: Maximum sizes of the asymptotic and g tests together with the nuisance
parameter values at this maximum size

n=20
LR W(L) W(E) LML) LM(E) 2,(0.3) £2:(0.5)
X135 Max Size 0.373 0.525 0.627 0.120 0.169 0.245 0210
B2 -0.234 -0.258 0.189 -1.500 «0.955 -72.998 -58.800
B3 -0.831 -0.261 0.140 1175 0.932 -13.420 -8.590
P 0.993 0.853 0.983 0.922 0.996 0.002 0.002
Xi6 Max Size 0.748 0.930 0.920 0.094 0.158 0.198 0.131
B2 0,003 0.016 -0.005 -0.055 -0.015 -1.068 -0.618
Bs 0.006 0.001 0.000 0,006 0.077 0.308 0.266
P 0.949 0.986 0.982 0.685 0.523 0.912 0.817
n =40
Xis Max Size 0.501 0.847 0.803 0.102 0.131 0.268 8.151
B2 -0.013 0.051 0.42% -1.172 0,675 12375 -6.914
B3 0.030 0.507 3.183 2.324 -0.422 -18.411 -27.567
P 0.955 0.949 0.992 0.895 0.999 0.025 0.381
X6 Max Size 0.933 0.981 0.963 0.109 0.182 0.152 0.087
B 0.000 -0.029 0.024 -0,021 0.042 -0.525 -0.005
Bs 0.004 0.033 0.000 -0.082 0.03) 0.494 0.556 _ﬁ
P 0,960 0.994 0.901 0.502 0.373 0.024 0.696 ;
n =60
Xt5 Max Size 0.220 0.961 0.860 0.088 0.107
yigt -1.078 0.135 0.135 -0.292 2.531 :
B3 0.191 -0.132 -0.130 0,350 -0.180
P 0.739 0.934 0.934 0.729 0.976
Xi6 Max Size 0.953 0.968 0.946 0.099 0.119
B2 0.000 0.034 -0.016 0.017 0.000
B 0.000 . 0016 0.017 -0.003 0.011 ;
p 0.961 0.843 0.807 0.353 0.500 :
E!
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Table 5.2: Critical values and p * values of the gp and g tests at the 5% level

40

£0(0.3) (0.3) £¢(0.5) g(0.5)
Xi5 Xi6 X135 Xi6 X15 Xi6é X15 Xi16
-0.02494 -0,02328 | 0.0312 -0.081 |-0.01151 -0.016799 |-0.07332 -0.017

1.4576  2.1277 3.0512 535 0.675 3.583% 3.015 6.97
0.696 0.000223 | 0.14138 0 44591  0.047263 | 240945 0.022
0.32 032 0.31 0.37 0.42 0.52 0.44 0.58
0.0155 002233 0018 0.049 {-0.00022 0.00035 | -0.0021 -0.00023
1.479 2.636 339 4.810 1.83 5.3745 373 92
0.064 0 0.00405 0 3715 0 0.92 0
0.335 0.353 0.31 0.353 0.525 0.55 0.495 0.561

Table 5.3: Near exact non-similar critical
values of the classical tests

Test X15 Xi6
n=20 n=401n=20 n=40
LR 2.5656 2.7121 | 2.8538 3.3016
LM(L) 20789 2.0172 | 1.8869 1.9874
LM(E) 23953 2.1960 | 2.6734 2.7839
W(L) 10.1000 10.1983 | 16,2175  30.5770¢
W(E) 10,0200 11.2518| 15.5300 22.7321
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Table 5.4: Sizes of all the tests at the 5% level for X15, selected £, o and p
values with # = 20, using near exact non-similar critical values

B

©, 11y

(0, -1,-1)

(0,41, 1)

o

0.015

0.025

40

0.015

0.025

40

0.045

P

0.1
03
0.5
0.7

09

0.99

0.1
0.3
0.5
0.7
0.9
0.99

0.1

03

0.5

0.7

0.9
0.99

0.1
0.3
0.5
0.7
0.9
0.99

0.1
0.3
0.5
9.7
0.9
0.9

0.1
0.3
0.5
0.7
0.9
0.99

0.1
0.3
0.5
0.7
0.9
0.99

LR LM(E) LM(L) W(E) W(L) g(0.3)____g(0.5)
0.007 0.027 0.012 0.000 0.000 0068 0,042
0.007 0.028 0.009 0.000 0000 0.068 0.038
0.008 0.027 0.012 0.000 0000 0051 0035
0.0608 0.024 0.012 0.000 0001 0046 0.025
0.010 0.025 0.017 0.000 0.000 2039 0.025
0.014 0.031 0.018 0.000 0000 0045 0.021
0.009 0.029 0.014 0.000 0001 0051 0.049
0.009 0.035 0.013 0.000 0060 0050  0.05)
0.009 ¢.031 0.016 0.000 0000 0044 0048
0.013 0.029 0.018 0.001 0001 0042 0.038
0.017 0.023 0.623 0.001 0.003 0037 0033
0.021 0.027 0.029 0.002 0.006 0047 0.038
0.002 0.056 0.013 0.004 0.009 0000 0.004
0.003 0.067 0.027 0.004 0011 0000 0.003
0.007 0.059 0.036 0.006 0030 0004 0,007
0.015 0.044 0.040 0.017 0.044 0081 0015
0.032 0.043 0.049 0.042 0061 0019 0.021 -
0.051 0.050 0.057 0.049 0.047 0.023 0031
0.007 0.030 0.012 0.000 0000 0.071 0.039
0.008 0.031 0.015 0.000 0000 0.068 0.035
0.011 0.035 0.014 0.000 0.000 0.067 0.032
0.009 0.026 0.011 0.000 0000 0058 0.030
0.012 0.028 0.015 0.060 0.000 0049 0024
0.013 0.033 0.021 0.000 0000 0052 0.024
0.006 0.031 0.013 0.000 0.000 0045 0.047
0.007 0.035 0.017 0.000 0000 0047 0.049
0.010 0.034 0.016 0.000 0006 0048  0.047
0.014 0.030 0.020 0.000 0001 0049  0.047
0.018 0.031 0,023 0.000 0.603 0048 0.042
0.026 0.036 0.031 0.005 0007 0052 0.041
0.003 0.056 0.013 0.004 0010 0000 0.004
0.003 0.067 0.027 0.004 0015 0000 0003
0.008 0.05¢ 0.035 0.006 0.029 0.004 0.007
0.016 0.044 0.040 0.017 0041  Q.011 0015
0.032 0.043 0.049 0.040 0.066 0019  0.02%
0.051 0.050 0.057 0.049 0043 0023 0.032
0.006 0.026 0.009 0.000 0.000 0045 0.013
0.009 0.026 0.013 0.001 0001 0064 0025
0.010 0.033 0.022 0.001 0.001 0086 0.036
0.013 0.036 0.028 0.003 0002 009 0043
0.018 0.040 0.033 0.003 0003 0.091 0.038
0.022 0.039 0.032 0.005 0005 0081 0.039

147




Table 5.5: Sizes of all the tests at the 5% level for X15, selected 8, o and p
values with n = 20, using near exact non-similar critical values

B 4 P LR LM(E) LML) WE) WwWdo) g03) g0.5)

©,-1, 1y 0025 0.4 0.004 0.026 0.012 0.001 0.001 0024 0016
03 0.007 0.031 0.016 0.002 0.001 0044 0028

0.5 0.008 0.035 0.027 0.002 0002 0062 0.042

0.7 0.017 0.036 0.030 0.607 0.005 0068 0052

09 0.024 0.037 0.034 0.014 0015 0066 0.05]

0.99 0.030 0.038 0.040 0.022 0.018 0968 0.054

40 0.1 0.002 0,056 0.013 0.004 0009 0000 0.004
0.3 0.003 0.067 0.026 0.004 0.019 0000 0.003

0.5 0.009 0.059 0.036 0.006 0.025 0.004 0.007

0.7 0.015 0.044 0.040 0.017 0.042 0011 0,015

09 0.031 0.043 0.049 0.042 0060 0019 0.021

0.99 0.050 0.050 0.057 0.049 0049 0.023 0032

0,1,-1y 0.015 0.1 0.005 0021 0007 0.000 0000 0038 0012
" 03 0007 0029 0010 0000  0.000 0067 0.017

0.5 0.008 0030 0017  0.00] 0.000 0087 0.029

0.7 0011 0028 0017  0.001 0.000 0098 0.038

0.9 0.016 0033  0.025 0.003 0.003 0.087 0.044

09% 0017 0035 0031 0.005 0.006 0089 0.045

0.025 0.1 0.004 0.027 o.011 0.000 0.000 0017 001
0.3 0.005 0.033 0.018 0.000 0.000 0040 0.019

0.5 0.006 0.034 0.024 0.002 0.001 0.062 0.041

0.7 0.01% 0.033 0.027 0.004 0002 0071 0053

0.9 0.024 0.035 0.034 0.016 0016 0065 0035

0.99 0.029 0.038 0.037 0.023 0.023 0072 0.053

40 0.1 0.003 0.056 0.013 0.004 0010  0.000 0.004
0.3 0.004 0.067 0.027 0.004 0.0t5 0000 ©.003

0.5 0.007 0.059 0.035 0.066 0.032 0004 0.007

0.7 G015 0.044 0.040 0017 - 0643 G011 Q0I5

0.9 0.032 0.044 0.049 0.041 0.064 0019 0.021

0.9% 0.049 0.050 0.057 0.049 0.050 0023 0031

©, 1,00 0.0I5 0.1 0.008 0.034 0.015 0.000 0.000 0.036 0.046
0.3 0.008 0,035 0.015 0.000 ¢.000 0.039 0.048
0.5 0.012 0.029 0.021 0.000 0.000 0044 0.049
0.7 0.022 0.026 0.023 0.003 0007 0048 0.052
0.9 0.031 0.033 0.028 0.007 0.011 0043 0046
0.9% 0.035 0.034 0.031 0.011 0016 0042 0.048

0.025 0.1 0.006 0.044 0.015 0.000 0.000 0.007 0.017
0.3 0.006 0.043 0.019 0.000 0.000 0.013 0023
0.5 0.010 0.034 0.027 0.001 0001 0016 0.029
0.7 0.014 0.030 0.029 0.005 6.005 0.022 0.034
0.9 0.035 0.035 0.038 0.009 0.013 0026 0,042
0.99 0.046 0.041 0.041 0.012 0.013 0031 0.040
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Table 5.6: Sizes of all the tests at the 5% level for X135, selected 8, o and p
values with n = 20, using near exact non-similar critical values

i G P LR LME) LME) WE) WL) g(03) g(0.5)

(0,1,0 40 0.1 0.003 0.056 0.013 0.004 0010 0000 0.004
0.3 0.004 0.067 0.027 0.004 0.016 0000 0.003
0.5 0.067 0.059 0.035 0.006 0.028 0.004  0.007
0.7 0.015 0.044 0.040 0.617 0.045 0011 0015
0.9 0.032 0.043 0.049 0.041 0.056 0.019 0.021
0.99 0.050 0.050 0.057 0.049 0043 0.023 0.03)

0,-1, 0 0.0i5 0.1 0.008 0.034 0.012 ¢.000 0.001 0031 0042
0.3 0.007 0.032 0.015 0.001 0.001  0.035 0.045
0.5 0.013 0.034 0.018 0.000 0.000 0.034 0043
0.7 0.020 0.030 0.025 0.001 0.002 0045 0044
0.9 0.031 0.031 0.027 0.607 0016 0.044 0.047
0.99 0.033 0.034 0.033 0.012 0.022 0051 0051

0.025 0.1 0.004 0.042 0.014 0.000 0.000 0006 0.017
0.3 6.005 0.046 0.020 0.000 0001  0.01i§ 0.019
0.5 0.006 0.037 0.024 0.090 0.000 0.014 0027
0.7 0.018 0.033 0.027 0.003 0004 0024 0033
0.9 0.034 0.037 0.039 0.010 0016  0.029 0040
0.99 0.050 0.041 0.044 0.016 0,020 0.037 0051

40 0.1 0.003 0.056 0.013 0.004 0.011 00600 0004
0.3 0.004 0.067 0.026 0.004 0.015 0.000 0.003
0.5 0.007 0.059 0.035 0.006 0.030 ° 0.004  0.007
0.7 0.015 0.044 0.040 0.017 0040 0011 0015
09 0.032 0.043 0.049 0.040 0.062 0019 0.021
0.99 0.050 0.050 0.057 0.050 0.048 0.023 0.032

(0,0,1y 0015 01 0004 0020 9011 0001 0001 0349 0.024
03 0006 0030 0012 0001 0001 0061 0028
05 0007 0028 0018 0001 0001 0072 0.034
07 0008 0030 0021 0001 0002 00668 0.040 ,
09 0016 0033 0025 0001 0003 0066 0.036
099 0021 0033 0031 0003 0005 0063 0038

0.025 0.t 0.005 0034 0013  0.001 0.001 0025 0.023 2
0.3 0.006 0030 0015 0001  0.001 0033 0027
0.5 0.009 0035 0023 0000 0000 0044 0032 ;
07 0009 0033 0026  0.001 0.003  0.045 0.040 i
0.9 0021 003t 0033 0006 0010 0050 0041
099 0027 0034 008 0.006 0009 0054 0045 B

40 0. 0003 005 0013 0004 0010 0000 0004 3
03 0004 0067 0026 0004 0015 0000 0.003
05 0007 0059 0036 0006 0019 0004 0.007
07 0015 0044 0040 0017 0044 00iF 0015
09 0032 0043 0049 0042 0062 0019 0021
099 0050 0050 0057 0049 0049 0023 0.032
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Table 5.7: Sizes of all the tests at the 5% level for X135, selected 8, o, and p
values with » = 20, using near exact non-similar critical values

B o p _IR IME LML) WE _WL) g03) g0.5)

{0,0,-1y 0015 0.1 0.005 0.029 0.013 0.000 0000 0047  0.024
0.3 0.004 0.030 0.017 0.000 0000 0062  0.028
0.5 0.008 0.031 0.020 0.000 0000 0078  0.038
0.7 0.010 0.028 0.019 0.0c0 0000 0081 0047
0.9 0.014 0.031 0.024 0.000 0002 0076 0442
0.99 0.019 0.036 0.032 0.002 0.004 0074  0.045

0.025 .1 0.002 0.034 0.016 0.000 0000 0022 0019
0.3 0.003 0.035 0.022 0.000 0000 0034  0.029
0.5 0.007 0.035 0.023 0.001 0.001 0050  0.037
0.7 0.014 0.030 0.023 0.003 0.003 0056  0.049
0.9 0.022 0.032 0.032 0.009 0012 0053  0.050
0.99 0.026 0.041 0.041 0.010 0016 0060  0.050

40 . 01 0.003 0.056 0.013 0.004 0.011 0000  0.004
03 0.004 0.067 0.027 0.004 0015 0000  0.003
Q.5 0.607 0.059 0.035 0.006 0.029 0004  0.007
0.7 0.0t5 0.044 0.040 0.017 0.046 0011 0015
09 0.633 0.043 0.049 0.040 0.061 0019 0921
0.99 0.049 0.050 0.057 0.049 0050  0.023 0031

{0,0,0 0.015 0.1 0.002 0.056 0.013 0.004 0010 0000  0.004
0.3 0.004 0.067 0.026 0.004 0.015 0000  0.003
0.5 0.007 0.059 0.035 0.006 0.021 0.004  0.007
0.7 0.015 0.044 0.040 0.017 0.043 0011 0015
0.9 0.033 0.043 0.049 0.041 0055 0015  0.021
0.99 0.051 0.050 0,057 0.049 044 0023  Q.032

150




Table 5.8: Sizes of all the tests at the 5% level for XI5, selected 8, o, and p
values with n» = 40, using near exact non-similar critical values

B c - p LR IME LML) WE W) g03) g05)

{0,1,1 0.025 0.1 0.004 0.022 0.018 0.000 0.000 0.048  0.035
0.3 0.007 0.019 0.016 0.000 0.000 0.052  0.038
0.5 0.007 0.020 0.018 0.000 0.000 0046  0.039
6.7 0.006 0.025 0.026 0.000 0.001 0.041 0.C31
0.9 0.009 0.026 0.029 0.003 0007 0046  0.029
0.99 0.017 0.032 0.034 0.007 0.015 0.051 0.031

0.045 0.1 0.004 0.620 0.018 0.000 0.000 0019 0.04i
03 0.005 0.025 0.021 0.000 0.001 0.020 0.046
0.5 -0.007 0.025 0.028 0.000°  0.00% 0.022  0.048
0.7 0.008 0.027 0.032 0.001 0.005 0.023  0.049
0.9 0.019 0.036 0.043 0010 0017 0040 0048
0.99 0.037 0.042 0.050 0.023 0.043 0.051 0.057

0.2 0.1 0001 0040 0019  0.001 0.001  0.000  0.006
03 0003 0037 0030  0.001 0.001  0.000  0.001
0.5 0004 0033 0037 0002 0003 0000 0.005
0.7 0007 0035 0044  0.003 0.007  0.005  0.028
09 0031 0039 0047 0017 0022 0031 0050
099 0078 0047 0060 0046 0070 0.045 0068

©,-1,1y 0.025 0.1 0.004 0.031 0.027 0.000 0.000  0.038 0.031
0.3 0.004 0.032 0.030 0.001 0.001 0.04¢  0.040
0.5 0.004 0.034 0.032 0.000 0.001 0.057  0.055
0.7 ¢.010 0.030 0.036 0.001 0002  0.061 0.057
0.9 0.013 0.031 0.035 0.004 0.006  0.05¢  0.049
0.99 0.019 0.034 0.044 0.0135 0026 0056 0,043

0.045 0.1 0.002 0.032 0.027 0.001 0.001 0.008 0.021
0.3 0.002 0.029 0.028 0.001 0.001 0.017 0.029
0.5 0.003 0.031 0.035 0.001 0.002  0.022  0.947
0.7 0.008 0.038 0.042 0.003 0.004 0027 0.057
0.9 0.023 0.036 0.045 0.012 0.021 0.045 0.057
0.99 0.046 0.046 0.022 0.033 0.055 0.050  0.058

6.2 0.1 0.001 0.047 0.023 0.001 0.001 0.000  0.005

0.3 0.002 0.038 0.032 0.002 0.0C2 0000 0.001

0.5 0.002 0.032 0.037 0.002 0004 0000 0.005

' 0.7 0.004  0.034 0.042 0.008 0.011 0006  0.026
0.9 0.028 0.043 0.050 0.018 0.027 0.028  0.057

0.99 0.080 0.048 0.058 0.046 0.080 0042  0.069
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Table 5.9: Sizes of all the tests at the 5% level for X135, selected 3, o, and p
values with n = 40, using near exact non-similar critical values

B c P LR LME) LML) WE) WL) g(03) g0.5)

{0, 1,00 0.025 0.1 0.006 0.028 0.022 0.000 0000 0033 0.043
0.3 0.008 0.029 0.025 0.000 0001 0035  0.050
0.5 0.009 0.025 0.025 0.000 0001 0038 0059
0.7 0.008 0.026 0.029 0.004 0.004 0041  0.053
0.9 0.014 0.037 0.041 0.005 0013 0049  0.051
0.99 0.029 0.040 0.050 0.021 0.035 0051 0.047

0.045 0.1 0.003 0.028 0.023 0.000 0000 0003 0023
03 0.006 2.028 0.029 0.001 0.001  ¢.007 0.030

0.5 0.007 0.026 0.033 0.000 0002 0009 0.036

0.7 0.00% 0.032 0.033 0.002 0004 0013 0.049

0.9 0.024 0.041 0.051 .01 0016 0041 0.056

0.99 0.062 0.047 0.057 0.035 0051 0049 00068

0.2 0.1 0.co 0.049 0.025 0.000 0000 0000 0.006
0.3 0.003 0.038 0.028 0.002 0.002  0.000 0.001

0.5 0.003 0.032 0.037 0.004 0004 C000 0.004

0.7 0.007 0.036 0.045 0.006 0.006 0006 0.025

B 0.026 0.040 0.047 0.017 0023 0029 0.052

0.99 0.080 0.047 0.058 0.052 0078 0049 0.072

©, 0,-1y 0.025 0.1 0.004 0.025 0.021 0.000 00060 0024 0.032
0.3 0.004 0.025 0.023 0.000 0000 0.028 0038
0.5 0.003 0.026 0.029 0.001 0.001 0034 0048
0.7 0.008 0.025 0.027 0.002 0002 0.048 (0.083
0.9 0.021 0.036 0.044 0.005 0012 0052 0052
0.99 0.034 0.044 0.050 0.020 0.036 0.051  0.045

0.045 0.1 0.002 0.025 0.022 0.001 0001 0004 0.013
0.3 0.002 0.029 0.028 0.000 0.001 0006 0.020
0.5 0.002 0.031 0.033 0.001 0.002 0011 0.031
0.7 0.003 0.030 0.037 0.002 0003 0025 0052
0.9 0.024 0.039 0.047 0.011 0.018 0039 0.058
0.99 0.056 0.043 0.055 0.033 0.053  0.051 0.060

0.2 0.1 0.000 0.050 0.025 0.000 0.000 0000 0.005
0.3 0.002 0.044 0.033 0.001 0.002 0000 0.001 e
0.5 0.002 0.032 0.036 0.003 0.004 0002 0.004
0.7 0.005 0.033 0.040 0.007 0.008 0007 0026
0.9 0.028 0.041 0.050 0.018 0.024  0.030 0.054

0.99 0.081 0.048 0,059 0.046 0.069 0.047 0.066 ?
it
(0,0,0) 0025 0.1 0.000 0.045 0.022 0.000 0.000 0.000 0.005
0.3 0.002 0.043 0,031 0.002 0.002 0.0¢0 0.001 ';I_
0.5 0.002 0.032 0.037 0.004 0.006 0.000 0.003 i
0.7 0.006 0.034 0.042 0.009 0.015 0.005 0.022 ;
0.9 0.030 0.040 0.050 0.0i18 0.028 0.029 0.052 :
0.99 0.082 0.048 0.059 0.048 0.082 0.048 0.069 é;
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Table 5.10: Sizes of all the tests at the 5% level for X16, selected 8, o, and p
vaines with n = 20, using near exact non-similar critical values

a3

B o o LR LM(E) LML) WE) W) g(03) g05)
0,1,1) 04 01 0.007 0.021 0.021 0.000 0.000 0.012 0.001
03 0009 0023 00235 0000 0000 0009 0.000

0.5 - 0.009 0.028 0.026 0.000 0.000 0.009 0.000

07 0009 0025 0024 0000 0000 0008  0.000

09 0005 0018 0023 0000 0000 0015  0.000

099 0005 00i8 0021 0000 0000 0021 0000

0.8 0.1 0.605 0.022 0.021 0.000 0000 0045 0017
0.3 0.008 0.024 0.028 0.000 0.000 0044 0.013
0.5 0.009 0.027 0.031 0.000 0000 0041 0015
0.7 0.009 0.023 0.025 0.000 0000 0042 0014
0.9 0.008 0.019 0.025 0.000 0000 0040 0018
0.99 0.008 0.016 0.026 0.001 0001 0042 0019

b R e e L

10 0.1 0003 0.047 0026 0001 0001 0009  0.027 E
03 0005 0052 0035 0002 0002 0006 0024 :
05 0010 0045 0046 0003 0003 0004 0018 :
07 0015 0029 0044 0008 0006 0002 0016
0% 0035 0014 0046 0023 0020 2003 0016
099 0064 0017 0052 0055 0052 0002 0013

R 0 Wl R SN i S

©,-1,-1) 04 0.1 0.003 0.025 0.023 0.000 0000 CO00% 0.00]
0.3 0.003 0.030 0.029 0.000 0.000 0006  0.000
0.5 0.004 0.027 0.027 0.0uD 0000 0005 0.000
0.7 0.005 0.023 0.026 0.000 0.00¢ 0.006 0.000
0.9 0.005 0.021 0.024 0.000 0000 0013 0000
0.99 0.006 ¢.022 0.023 0.000 0000 0.0i8 (000

08 0.1 0.004 0.024 0.022 0.000 0000 0053 0015
03 0.004 0.032 0.033 0.000 0000 0047 0011

0.5 0.005 0.027 0,032 0.000 0000 0042  0.011

0.7 0.007 0.025 0.031 0.000 0000 0038 0011

0.9 0.008 0.023 0.029 0.000 0000 0035 017

0.99 0.00¢ 0.021 0.030 0.001 0001 0039 0019

10 0.1 0.003 0.047 0.019 0.000 0.000 G009  0.023
03 0.005 0.035 0.040 0.001 0000 0004 0.020 2
0.5 0.007 0.052 0.049 0.002 0.001 0004  0.019
0.7 0.015 0.034 0.052 0.010 0008 0003 0.015
0.9 0.038 0.017 0.051 0.032 0929 0003 0.014
0.99 0.06% 0.015 0.061 0.060 0056 0002 0.011

0,-1,1y 04 0.1 0.004 0.017 0.016 0.000 0.000 0008 0.001
0.3 0.005 0.023 0.023 0.000 0.000 0008 0.000
0.3 0.004 0.022 0.023 0.000 0000 0010 0000
0.7 0.005 0.626 0.027 0.000 0000 0017 0000
0.9 0.005 0.024 0.025 0.000 0.000 0.02% 0.000
0.99 0,005 0.022 0.022 0.000 0000 0032 0.001
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Table 5.11: Sizes of all the tests at the 5% level for X716, selected S, o, and p
values with n = 20, using near exact non-similar critical values

B o P LR EME) LML) W(E) WL) g0.3) g0.)5)
0,-1,1y 0.8 0.1 0.002 0.019 0.016 0.600 60006 0046 G018
0.3 0.006 0.022 0.024 0.000 0000 0044 0016

0.5 0.008 0.022 0.023 0.000 0000 0045 0017

0.7 0.007 0.024 0.026 0.000 0000 0052 0023

0.9 0.008 0.021 0.026 0.000 6000 0046 0025

0.99 0.008 0.019 0.023 0.000 0000 0049 0023

10 0.1 0.004 0.044 0.023 0.000 0000 0005  0.023
0.3 0.004 0.058 0.639 0.000 G000  0.007 0.022

Q.5 0.007 0.045 0.042 0.002 0.002 0004 0018

0.7 0.0i6 0.027 0.041 0.010 0008 0002 0.014

0.9 0.036 0.014 0.046 0.029 0.026 0003 0012

0.99 0.063 0.0t4 0.058 0.051 0048 0.004 0.012

©1,-1 04 0.1 0.002 0.015 0.014 0.000 0060 0.006 G001
0.3 0.003 0.015 0.014 0.000 0000 0.005  0.000
0.5 0.003 0.017 0.017 0.000 0000 0006  0.001
0.7 0.003 0.616 0.020 0.000 0000 0.013 0.00%
0.9 0.005 0.017 0.018 0.000 0000 0020 0.001
0.99 0.003 0.018 0.019 0.000 0000 0029 0.000

08 0.1 0.002 0.016 0.013 0.000 0000 0046 0.013
0.3 0.002 0.017 0.013 0.000 0.000  0.039  0.009

0.5 0.004 0.018 0.018 0.000 0.000 0.040 0010

0.7 0.006 0.016 0.022 0.000 0.000 0.043  0.015

6.9 0.006 0.016 0.023 0.000 0.000 0.045 0017

0.99 0.006 0.014 0.021 0.001 0.001 0.052  0.023

10 0.1 0.002 0.044 0.020 0.000 0000 0005  0.022
0.3 0.005 0.050 0.039 0.002 0.001 0004 0014

0.5 0.010 0.047 0.050 0.005 0004 0004 0015

0.7 0.021 0.029 0.050 0.012 0.011 0004 0014

0.9 0.038 0.013 0.050 0.033 0.028 0.002 0.014

0.99 0.064 0.016 0.056 0.057 0.053 0001 0011

0, 1,0y 0.4 0.1 0.006 0.022 0.020 0.000 0000 0024  0.002
6.3 0.006 0.023 0.022 0.000 0.000 0024 0.00]
0.5 0.065 0.022 0.025 0.000 0000 0024  0.00)
0.7 0.008 0.021 0.023 0.000 0.000 0.031 0002
0.9 0.007 0.023 0.024 6.000 0.000 0.053 0007
0.99 0.005 0.021 0.027 0.000 0.000 0.082 0.008

0.8 0.1 0.005 0.023 0.023 €.000 0.000 0052 0.030
0.3 0.007 0.024 0.027 0.000 0.000 0050 0.028
0.5 0.008 0.024 0.030 0.000 0000 0047 0.029 E
0.7 0.008 0.022 0.030 0.000 0.000 0047 0.034 g
0.9 0.012 0.019 0.029 0.001 0.001 0.053 0.044 :
0.99 0.010 0.021 0.030 0.006 0.005 0067 0.057




Table 5.12: Sizes of all the tests at the 5% level for X716, selected £, o, and p
values with » = 20, using near exact non-similar critical values

B c
(0,1,0f 10
(©,-,00 04

0.8

10

0,0,1y 04
08

| 10

0.1

0.3

0.5

0.7

0.9
0.99

0.1

0.3

0.5

0.7

0.9
0.99

0.1
03
0.5
0.7
0.9
0.99

0.1

03

0.5

0.7

09
0.99

0.1
0.3
05
0.7
0.9
0.92

0.1
0.3
0.5
0.7
0.9
0.99

8]

0.3

0.5

0.7

0.9
0.59

LR LM(E) LML) WE) W) g03) g05)
0.003 0.047 0.023 0.001 0000 0006 0.025
0.004 0.051 0.037 0.002 0001 0004 0021
0.010 0.646 0.045 0.003 0003 0003 0018
0.017 0.027 0.048 0.010 0009 0003 0015
0.035 0.014 0.045 0.028 0022 0003 0013
0.064 0.017 0.055 0.058 0054 0002 0013
0.604 0.019 0.015 0.000 0.000 0017 0001
0.006 0.023 0.022 0.000 0.000 0016  0.000
0.006 0.026 0.026 0.000 0.000 0.026 000
0.005 0.026 0.027 0.000 0000 0038 0.00]
0.006 0.023 0.026 0.000 0000 0054 00006
0.007 0.022 0.026 0.000 0000 0082 0010
0.003 0.017 0.014 0,000 0.000 0050 0023
0.005 0.026 0.026 0.000 0000 0.05¢ 0.020
0.008 0.026 0.030 0.000 0000 0.054 0.025
0.009 0.026 0.038 0.000 0.000 0059 0036
0.008 0.022 0.031 0.601 0.001  0.056 0.045
0.009 0.024 0.036 0.002 .00  0.063 0.056
0.004 0.051 0.022 0.000 0.000 0.009  0.022
0.003 0.055 0.039 0.000 0.000 0.005  0.02}
0.006 0.049 0.046 0.002 0.002 0.003  0.017
0.018 0.034 0.049 0.010 0009 0003 0014
0.035 0.015 0.046 0.031 0029 0003 0013
0.068 0.016 0.059 0.054 0055 0003 0013
0.003 0.024 0.023 0.000 0000 0.042  0.009
0.003 0.024 0.023 0.000 0.000 0.032 0.008
0.004 ¢.021 0.025 0.000 0.000 0.023  0.005
0.003 0.019 0.021 0.000 0.0600 0015 0.004
0.002 0.017 0.016 0.000 0.000 0.0i0 0.000
0.002 0.015 0.018 0.001 0.001  0.007  0.000
0.005 0.028 0.023 0.000 0.000 0.064 0.056
0.607 0.028 0.024 0.000 0.000 0.057 0.051
0.007 0.022 0.026 0.001 0000 0037 0.040
0.006 0.019 0.025 0.002 0.002 0.021 0.030
0.606 6.013 0.021 0.007 0006 0012 00i6
0.008 0.012 0.021 0.016 0016 0008 0012
0.004 0.044 0.023 0.000 0.000 0.008  0.024
0.003 0.056 0.042 0.001 0.000 0.004 0.020
0.009 0.040 0.042 0.004 0003 0003 0.018
0.014 0.030 0.045 0.010 0008 0003 0015
0.033 0.016 0.045 0.031 0.025 0.002 0.01)
0.061 0.017 0.056 0.055 0.054 0.002 0.011
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Table 5.13: Sizes of all the tests at the 5% level for X176, selected 8, o, and p
values with n = 20, using near exact non-similar critical values

B o P LR LME) LMI) WE Wd) g0.3) g0.5)

0,0,-1 04 0.1 0.003 0422 0.018 0.000 0.000 0039 0010
0.3 0.003 0.621 0.019 0.000 0000 0030 0.005
0.5 0.004 0.023 0.026 0.000 0.000 0023  0.00}
0.7 0.004 0.022 0.027 0.000 0000 0012 0.001
0.9 0.005 0.021 0.026 ©.000 0.000 0.007 0,002
0.59 0.006 0.021 0.025 0.001 0.001 0005  0.001

08 0.1 0.003 0.026 0.020 0.000 0.000 0060 0.054
0.3 0.005 0.025 0.025 0.000 0000 0049  0.047
0.5 0.005 0.025 0.029 0.001 0000  0.036 0.038
0.7 0.007 0.021 0.631 0.601 0001 0019 0026
0.9 0.007 0.017 0.031 0.006 0006 0.008  0.013
0.99 0.005 0.018 0.030 0.013 0.018 0008 0011

10 .1 0.004 0.044 6.021 0.006 0.000 0008 0.022
0.3 0.005 0.052 0.042 0.001 0.000 0003 0.018
0.5 0.009 0.049 0.053 0.004 0.003 0003 0015
0.7 0.019 0.030 0.053 0.011 0.008 0003 0012
0.9 0.037 0.015 0.051 0.033 0.028  0.001 0.010
0.99 0.066 0.016 0.057 0.055 0.055 0.001 0.011

0,0,0 04 0.1 0.003 0.039 0.023 4.000 0.000 0006 0.021
0.3 0.005 0.050 0.044 0.001 0.000 0004 0017
0.5 0.009 0.044 0.046 0.004 0003 0003 0013
0.7 0.019 0.034 0.051 6.011 0.009 0003 0012
0.9 0.036 0.014 0.05] 0.031 0.026 0002 0.009
0.59 0.065 0.015 0.059 0.055 0.053 0001 0009
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Table 5.14 : Sizes of all the tests at the 5% level for X176, selected 8, o, and o
values with » = 40, using near exact non-similar critical values

B c P LR LME) LML) WE) WL) g03) 205

(0,1,1y 04 0.1 0.001 0.011 0.023 0.000 0.000 0001 0.000
0.3 0.001 0.013 0.027 0.000 0.000 0.000  0.000
0.5 0.001 0.013 0.024 0.000 0.000  0.001 0.000
0.7 0.001 0.013 0.025 0.000 0.000 0002  0.000
0.9 0.000 0.009 0.029 0.000 0000 0.004  0.000
0.99 £.000 0.007 0.032 0.0C0 0.000 0.018 0.015

0.7 0.1 0.001 0.012 0.024 0.000 0060 0014 0.001
0.3 0.002 0.014 0.028 0.000 0000 0015 0.000
0.5 0.001 0.014 0.027 0.000 0000 0018 0.000
0.7 0.001 0.009 0.027 0.000 0.000 0019 0.001
0.9 0.000 0.009 0,030 0.000 0000 0025 0.002
0.99 0.000 0.009 0,033 0.002  0.001 0033 0018

1.81 0.1 0.001 0.013 0.023 0.000 0000 0056 0.030
0.3 0.001 0.015 0.035 0.000 0000 0055 0.032
0.5 0.002 0.013 0.036 0.000 0000 0048  0.031
0.7 0.004 0.009 0.041 0.000 0000 0042 0,031
0.9 0.003 0.008 0.038 6.017 0003  0.032 0,030
0.99 0.002 0.00% 0.040 0.086 0030 0034 0036

©,-1,1y 04 0.1 0.000 0.006 0.016 0.000 0.000 0006  0.000
0.3 0.003 0.00% 0.017 0.000 0.000 0000 0.000
0.5 0.001 0.008 0.022 0.000 0.000 0001  €.000
0.7 0.001 0.009 0.025 0.000 0.000 0006  0.000
0.9 0.001 0.008 0.622 0.000 0.000 0029 0.000
0.99 0.001 0.008 0.023 0.002 0001 0060 0.016

0.7 0.1 0.000 0.006 0.018 0.000 0000 0016 0001
0.3 0.001 0.008 0.018 0.000 0.000 0014  0.000

0.5 0.001 0.010 0.025 0.000 0.000 0.019  0.001

0.7 0.001 0.009 0.029 0.000 0.000 0033 0003

0.9 0.001 0.008 0.026 0.004 0002 0064  0.611

0.99 0.001 0.009 0.028 0.034 - 0.021 0.078  0.038

1.81 0.1 0.000 0.010 0.021 0.001 0.000 0053 0.036
03 0.000 0.613 0.030 0.001 0000 0055 0.037
0.5 0.00] 0.007 0.035 0.002 0.000 0046  G.037
07 0.003 0.005 0.038 0.007 0000 0050 0.034
0.9 0.006 0.005 0.036 0.067 0.013 0045 0.044
0.99 0.007 0.007 0.044 0.155 0.060 0047  0.058
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Table 5.15: Sizes of all the tests at the 5% level for X76, selected £, o, and p
values with » = 40, using near exact non-similar critical values

B c P LR IM(E) LML) W(E) WL) g03) g0.5)

(0,1,0 04 0.1 0.000 0.009 0.020 0.000 0.000 G003  0.000
03 0.000 0.009 0.024 0.000 0.000 0002 0.000
0.5 0.002 0.010 0.026 0.000 0.000 0.004  0.000
0.7 0.001 0.010 0.027 0.0600 0.000 0006  0.000
09 0.001 0.008 0.026 0.000 0.000 0015  0.000
0.99 0.00 0.007 0.026 0.002 0.000 0028 0.015

0.7 0.1 0.001 0.008 0.020 0.000 0.000 0030 0.003
6.3 0.000 0.010 0.026 0.000 0.000 0032 0003

Q0.5 0.002 0.010 0.030 0.000 0000 0029 0002

0.7 0.002 0.011 0.031 0.000 0.000 0030 0.005

0.9 0.002 0.009 0.029 0,003 0.000 0037 0012

0.99 0.002 0.007 0.033 0.023 0012 0043 0025

1.81 0.1 0.600 0.013 0.025 0.660 G.000  0.047 G043
03 0.000 0.0i4 0.034 0.000 0.000 0048  0.044

0.5 0.002 0.012 0.040 0.603 6001 0042  G.039

0.7 0.005 0.0t 0.045 0.009 0.000 0.031 0.036

0.9 0.010 0.008 0.041 0,044 0011  0.028  0.038

0.99 0.013 0.006 0.045 0.178 0.087 0034 0.043

©0-1y 04 0.1 0.002 0.009 0.020 0.000 0.000 0.015 0.001
0.3 0.001 0.008 0.023 0.000 0000 0014 Q.00
0.5 0.000 0.007 0.026 0.000 0000 0018  0.000
97 0002 0.007 0.024 0.000 0.000 0029 0.001
0.9 0,002 0.006 0.022 0.000 0.000  0.061 0.006
0.99 0.001 0.007 0.023 0.005 0.000 0077 0.026

0.7 0.1 ¢.001 0.609 0.020 6.0060 6000 0048 G014
0.3 0.001 0.010 0.025 6.000 0000 0048 0013
0.3 0.001 0.008 0.030 0.000 4.000 0049 0010
0.7 0.002 0.007 0.031 0.000 0006 0061 0017
0.9 0.002 0.006 G.027 0.005 00600 0068 0031
0.99 0.002 0.006 0.026 0.030 0004 0073 0055

.81 ¢.1 0.000 0.022 0.025 0.00% 0000 0035 0.044
0.3 0.000 0.022 0.038 0.001 0000 0036  0.041
0.5 0.002 0.014 0.047 0.001 0000 0034 0042
6.7 0.004 0.011 0.046 0.005 0001 0037 0,042
0.9 0.009 0.006 0.040 0.022 0.002 0026 0.041
0.99 0.016 0.006 0.038 0.093 0032  0.033 0.048

0,0,0y 04 0.1 0.001 0.044 0.034 0.002 0000 0006 0.017 1
0.3 0.001 0.051 0.045 0.005 0000 0006 0.017
0.5 0.004 0.02% 0.052 0.006 0000 0006 0.019
0.7 0.006 0.014 0.048 0.007 0006 0006 0.016 §
0.9 0.031 0.007 0.052 0.047 0005 0002 0012 b
0.59 0.059 0.005 0.046 0.134 0045 0017 0.022
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Table 5.16 : Powers of all the tests at the 5% level for X135, selected 8, o, and
A values with #» = 20, using near exact non-similar critical values

B o H LR LME) LML) WE) WoL) g03) g0.5)

{0,1,1y 0015 0.1 0.024 0.078 0.037 0.000 0.000 0158 0.090
0.3 0.239 0.383 0.255 0.001 0.001 0637 0432
0.5 0.895 0.7110 LYY 0.017 0.025 0991 0955
0.7 1.000 0.981 0.986 0.478 0553 099  1.000
0.9 1.000 i.000 1.000 0.986 0.983 07950 1.000

0.025
0.1 0.616 0.059 0.023 0.000 0.001 D082 0,083
0.3 0.076 0.177 0.109 0.000 0001 0337 0285
0.5 0.438 0.421 0316 0.003 0.005 0305 0.722
0.7 0.951 0.728 0.677 0.084 0123 ©928  0.98t
0.9 1.000 0.999 0.959 0.815 0.848 0.687 0.963

(0,-1,-1y 0.015 0.] 0.022 0.088 0.032 0.000 0.000 0169 0.099
0.3 0.261 0418 0.294 0.000 0.000 0.654 0458
0.5 0.905 0.687 0.722 0.015 0021 098% 0956
0.7 1.000 0.978 0.991 6.491 051 0992 1000
09 1.000 1.000 1.000 0.991 0588 0811 0999
0,025 ' :
0.1 0.010 0.057 0.023 0.000 0000 0.087 0.082
0.3 0.079 0.200 0.112 0.000 0.000 0367 0310
0.5 0.462 0.449 0.354 0.001 0003 0802 0734
0.7 0.959 0.710 0.682 0.021 0125 0933 0574
0.9 1.000 1.000 1.000 0.816 0854 0717 0963

0,-1,1y 0015 0.1 0.016 0.062 0.025 0.000 0000 0102 0.036
0.3 0.119 0.224 0.130 0.003 0.004 0503 0276
0.5 0.4%1 0.403 0.345 (.048 0072 0882 0.803
0.7 0.907 0.713 0.728 0.480 0.58% 0319 0.800 3
09 0.999 0.945 0.939 0.952 0875 0001 09015 1’

0025 0.1 0009 0046 0020 0000 0000 0048 0029
03 0035 0110 0064 0002 0002 0221 0.145 -:
05 0153 0173 0134 0012 0016 0505 0462 1
07 0468 0265 0276 0149 0211 0385  0.571
09 0851 0473 0537 06i4 0737 0024 0076

©1,-1) 0015 0.1 0.617 0.057 0.023 0.600 6000 0104  0.028
03 0.122 0.219 0.132 0.001 0.001 0512 0256
0.5 0.504 0.400 0.332 0.060 0078 0889  0.802
0.7 0.900 0.71%9 0.727 0.463 0.563 0329 0.79%
0.9 0.997 0.938 0.956 0.943 0970 001 0.016

0.025 0.1 0.010 0.048 0.019 0.000 0000 0043 0022 '
0.3 0.031 0 0.061 0.000 0.000 - 0221 0.152 3
0.5 0.160 0.168 0.134 0.013 0.018 0512 0465
0.7 0.464 0.234 0.271 0.155 0210 0372  0.580
0.9 0.837 0.482 0.533 0.616 0727 0026 0.082
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Table 5.17 : Powers of all the tests at the 5% level for X135, selected 8, o, and
4 valueas with n = 20, using near exact non-similar critical values

A o s LR LME) LML) WE) W) g03) g0.5)

(0,1,0) 005 0.1 0.013 0.052 0.022 0.000 0000 0058 0073
. 03 0.050 0.125 0.067 0.000 0001 0159 0200
0.5 0.228 0.311 0.200 0.006 0.008 0563 0.547
0.7 0.826 0.589 0.512 0.031 0046 0887 0909
0.9 1.000 0.932 0.972 0.24% 0.357 0962 099

0.025 0.1 0.008 0.049 0.020 0.000 0000 0013 00206
0.3 6.021 0.081 0.042 0.600 0000 0030 0083
0.5 0.064 0.143 0.081 0.002 0066 0175 0233
07 0382 . 0.286 0.197 0.011 ¢.019 0497  0.569
0.9 0.981 0.685 0.625 0.030 005F 0833 0904

0,-1,0) 0.015 0.1 0.010 0.053 0.020 0.000 0001 0058  0.077
03 0.043 0.135 0.075 0.001 0001 0231 0.238
0.5 0.257 0329 0.222 0.002 0004 0583 0.5
0.7 0.841 0.559 0.532 0.020 0046 0873 0911
0% 1.000 0.938 0,969 0.257 0368 0965 099%

0.025 0.1 0.004 0.052 6.018 0.000 0.001 0009  0.025
0.3 0.013 0.085 0.048 0.000 0000 0049 0.081
0.5 0.071 0.142 0.094 0,002 0004 019 0.273
0.7 0.406 0.309 0.22% 0.005 0011 0523 059
0.9 0.977 0.674 0.620 0.036 0.058 0832 0905

00,1y 0015 0.1 0.016 0.058 0.032 0.001 ¢.001 0113 0.056
0.3 0.131 0.226 0.148 0.001 0062 0491  0.300
0.5 0.593 0.409 0.352 0.022 0033 0909 0.831
0.7 0.979 0.819 0.812 0.382 0470  0.672 0,950
0.9 1.000 1.000 1.000 0.960 0970  0.016 0293

0.025 0.1 0.007 0.047 0.021 0.001 0.001  0.047 0037
03 0.033 0.124 0.074 0.001 0002 0216 0171
0.5 0.195 o2 0.164 0.005 0009 0534 0497
0.7 0.666 0.306 0.306 0.i01 0.147 0602  0.758
0.9 0.992 0.844 0.363 0.629 0712 0103 0348

0,0,-1y 0015 0.1 0.011 0.061 0.029 0.000 0000 0.115 0055
0.3 0.130 0.251 6.161 0.000 0000 0502 0324
6.5 0.610 0.439 0.366 0.028 0.041 09509  0.837
0.7 0.975 0.815 .81 0,387 6473 0692 0956
09 1.600 1.000 1.600 0.964 6973 0018 0316

¢.025 0.1 0.005 0.051 0.023 0.600 0.000 0.042  0.033
0.3 0.036 0.123 0.071 0,000 0000 0231 0176
0.5 0.206 0.239 0.169 0.003 0007 0575  0.523 ;
0.7 0.679 0.325 0.332 0.110 G150 0.623 0.770
0.9 0.987 0.834 0.85¢ 0.627 0.720 0126 0.362
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Table 5.18 : Powers of all the tests at the 5% level for X15, selected 8, o, and
4 values with n = 40, using near exact non-similar critical values

B o P LR LME) LML) WE) WLy g03) g0.5)

{0,1,1 0.025 0.1 G.013 0.063 0.052 0.000 0.000 0,132 0.088
0.3 0.233 0.421 0.380 0.000 0.001 0615 0.441
0.5 0.520 0.487 0476 6.011 0025 0982 0973
0.7 1.000 0.977 0977 0.876 0.951 0602 0988
0.9 1.000 1.000 1.000 1.000 1.000 0000 0.000

0.045 0.1 0.005 0.038 0.033 0.000 0000 0044 0076
03 0.042 0.155 0.137 0.001 0001 0255  0.281
0.5 0.397 0373 0355 0.001 0.006 Q779 0.761
0.7 0.939 0.253 0.273 0.149 0284 0722 0.899
09 1.000 1.000 1.000 1.000 1.000 0000  0.002

0,-1, 1y 0.025 0.1 0.012 0.053 0.048 0.000 0.000 0077 0053
0.3 0.100 0.249 0227 0,000 0.000 0446 0326
0.5 0.618 0.412 0.394 0.002 0.009 0942 0870
0.7 0.970 0.451 0472 0.382 0590 0453 0.845
0.9 1.600 1.000 1.000 1.000 1.o00  0.000  0.000

0.045 0.1 0.003 0.043 0.038 0.001 6.001 0018 0.035
0.3 0.022 0.095 0.092 0.001 0.001 0126 0.159
0.5 0.149 0.199 0.190 0.001 0002 0507 0.534
0.7 0.607 0.131 0.138 0.028 0076 0637 0725
0.9 0.995 0.742 0.777 0.966 09%0 0002 0027

(0,1,0)y 0.025 0.1 0.012 0051 0.043 0.000 0.000 0074 0.078
0.3 0.086 0.221 0.202 0.001 0.001 0384 0331
0.5 0.611 0432 ¢43 0.004 0.006 0910 0.860
0.7 0.979 0485 0.508 0.389 0.583  0.567 0.892
09 1.600 1.000 1,000 1.000 1000 0000  0.000

0.045 0.1 0.004 0.039 0.032 0.000 0.000 0012  0.040
0.3 0.016 0.088 0.084 0.000 0.001 0.08¢ 0157
05 0.138 0.208 0.199 0.0062 0004 0450 0.533
0.7 0.702 0.107 0.113 0.033 0085 0691 0762
0.9 1.000 0.987 0.991 0.999 0999  0.000 0.006

0,0,-1y 0.025 G.1 0.006 2,045 0.036 0.000 0000 0047 0.058
0.3 0.036 0.169 0.156 0.000 0.000 0270 0277
0.5 0.354 0323 0.306 0.001 0.003 0.763 0.725
0.7 0.876 0275 0.290 0.108 0.205 0.743  0.869
0.9 1.000 0.992 0.994 0.997 0.999  0.000 0.038

0.045 0.1 0.004 0.036 0.029 0.000 0.000 0.006 0.021
0.3 0.006 0.075 0.068 0.000 0.001 0.043  0.087
0.5 0.045 0.134 0.130 0.001 0.002 0214 0364 3
0.7 0.348 0.128 0.133 0.015 0.043 0518 0.610 :
0.9 0.959 0447 0.491 0.712 0844 0.073  0.151
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Table 5.19 : Powers of all the tests at the 5% level for X16, selected 3, o, and
4 values with n = 20, using near exact non-similar critical values

B o H LR _IME) LML) WE) W) g03) g05)

01,1y 04 0.1 0.060 0.193 0.198 0.000 0000 0.132 0007
0.3 0,750 0.533 0.885 0.000 0000 0935 03506
0.5 0.989 0.587 0.967 0.055 0.042 1.000 0998
0.7 0.999 0.972 0.988 0.863 0840 0999 1L.OK
0.9 1000 1.600 1.000 1.000 1000 0.047 0.000

08 01 0.018 0.070 0.072 0.000 0000 0133 0057
03 0171 0.341 0372 0.000 0000 0558 0.389
0.5 0.56% 0.502 0.577 0.001 0001 0873  0.855
0.7 0.876 0.410 0.508 0.159 0.137 0.828 0.969
0.9 0.994 0.629 0.878 0.992 0991 0038 0048

©,-1,-1 04 0.1 0.057 0.196 0.198 0.000 0000 0131 0.005
03 0.758 0.560 0.877 0.001 0000 0933 0.509
0.5 0.989 0.614 0.563 0.061 004% 1000  0.997
0.7 0.999 0.966 0.987 0.881 0857 1000 1.000
09 1.000 1.000 1.000 1.000 1.000  0.043 0000

0.8 Q1 0.017 0.071 0.070 0.000 0000 G.156 0054
0.3 0.175 0.335 0.368 0.000 0.000 0571 0377
0.5 0.582 0.450 0.579 0.003 0003 08N  0.855
0.7 0.873 0.355 0.493 0.155 G139 0342 09N
0.9 0.993 0,628 0.876 0.993 0993 0039 0058

0,-1,1y 04 0.3 0.044 0.173 0.174 0.000 0000 O.144 0.009
03 0.638 0.558 0.811 0.000 0.000 0893 0.539
0.5 0.964 0.540 0.970 0.010 €008 1000 0987
0.7 0.998 0.816 0.994 - 0.144 0.135 0992  1.000
0.9 1.000 0.984 0.994 0.657 0.697 0332  0.957

0.8 0.1 0.012 0.062 0.058 0.000 0000 0.148 6.073
03 0.128 0.282 0.293 0.001 0.001 0493  (L390
0.5 0.407 0.470 0.531 0.003 0002 0720 0.760 _
0.7 0.702 0.523 0.591 0.023 0.020 0.600 0.378 3
0.9 0.893 0.437 8572 01132 145 0162 0616

-1y 04 0.1 0.049 0174 0.179 G000 0.060 0140 0.011 T
03 0.646 0.558 0.8i1 0.001 0.000 0.864  0.543
0.5 0.961 r.536 0.975 0.006 0005 09%%  0.991
0.7 0.997 0.806 0.991 0.148 0.137 0993  1.000
0.9 1.000 0.979 0.994 0.654 0.697 0315 0954

0.8 0.1 0.015 0.071 0.067 0.000 0000 0.147 0.075
0.3 0.126 0.284 0.203 0.000 0.000 0493 0386
0.5 0.403 0475 0.523 0,004 0.064 0931 0.748
0.7 0.703 0.514 0.572 0.027 0.022 0608 0880
0.9 0.896 0417 0.562 0.140 0.155 0.157 0.614
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Table 5.20 : Powers of all the tests at the 5% level for Xi6, selected A, o, and
4 values with » = 20, using near exact non-similar critical values

B o p LR . LME) LML) WE) WL) g(03) g0.5)

1,0y 04 ¢.1 0.035 0.i22 0.121 0.000 0000 0139 0019
0.3 0.411 0.497 0.593 0.000 0000 0796 0429
0.5 0.849 0.631 0.746 0.005 0005 0992 0961
0.3 0.966 0.697 0721 0.306 0274 0980 0993
09 1000 0.815 0.943 0.995 0994 0032 0.062

08 0.1 0.012 0.054 0.052 0.000 0.000 0119 0.066
0.3 0.069 0.199 0.189 0.000 0.000 0354 0.289
0.5 0.247 0.262 0.290 0.001 0003 0563 0.628
0.7 0.527 0.174 0.234 0.026 0021 0500 031
0.9 0.843 0.123 0.329 0.584 0.569 0058 0275

(0,-1,6 04 0.1 0.030 0.122 0.119 0.000 0.000 0151 0016
03 0.402 0.480 0.575 0.000 0.000 0803 0427
0.3 0.865 0.633 0.741 0.009 0.007 0993 0961
0.7 0.964 0.700 0.726 0.294 0267 0982 0993
0.9 0.999 0.820 0.941 0.997 09% 09039 0.075

0.8 6.1 0.008 0062 0053 0.000 0000 0.128 0.071
0.3 0.067 0173  0.185 0.001 0.001 035 0293
05 0257 0252 0282 0.002 0.002 0565 0.632
0.7 0525 0174 0250  0.028 0.024 0506 0814
0.9 0.843 0129  0.341 0592 0579 0069 0.280

01y 04 0.1 0.024 0.097 0.095 0.000 0000 0177 0061
0.3 0.282 0.481 0.562 0.000 0000 0698 0494
0.5 0.770  0.667 0.878 0.003 0.002 0942 0920
0.7 0.974 0.807 0.899 0.160 0.147 0887 0995
09 0.999 0.876 0.968 0.9%3 04992 0016 0217

0.3 0.1 0.010 0.058 0.050 0.000 0006 0126 0115
0.3 0.050 0.186 0.189 0.000 0.000 0265 0.299
0.5 0.199 0.329 0.2:46 0.003 0.001 0364 0544
0.7 0.506 0.324 0.400 0.028 0.025 0298 0.686
0.9 0.861 0.156 0.380 0.625 0616 0045 0307

0.0,-1y 04 0.1 0.024 0.103 0.107 0.000 0.060 0.177 0,063
0.3 0.291 0.482 0.559 0.000 0000 0702 0484
0.5 0.779 0.664 0.861 0.006 0004 0949 0926
0.7 0.975 0.786 0.878 0.153 0145 0896 0.996
0.9 0.99% 0.866 0.964 0.996 099 0018 0203

0.8 0.1 0.011 0.062 0.047 0.000 0.000 0122 0113
0.3 0.054 0.187 0.193 0.001 0.001 0250 0.303
0.5 0.201 0.305 0.349 0.005 0004 0355 0538
0.7 0.498 0.317 0.389 0.032 0027 0291  0.686
0.9 0.859 0.168 0.365 0.638 0.617 0045  0.297
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Table 5.21 : Powers of all the tests at the 5% level for X/6, selected £, o, and
4 values with n = 40, using near exact non-similar critical values

B o # LR LME) LML) WE WL g(0.3) g(0.5)

©1L,1y 04 0.1 0.107 0.367 0.519 0.000 0000 0067  0.000
0.3 0.992 0.705 0.999 0.000 0.000 0999 0635
0.5 1.600 0.806 L.000 0.019 0003 1000 1.000
0.7 1.000 1000 1.060 0.949 0.631 1.600  1.000
0.9 1.000 1.0600 1.000 1.000 1000 0423 0990

0.7 0.1 0.019 0.114 0.192 0.000 0.000 G146  0.008
03 0.596 0.766 0.865 0.000 Q000 0926 0525
0.5 0.979 0.930 0.981 0.000 0.000 1.000 0995
0.7 0.999 0.973 0.993 0.206 0027 1000 1000
09 1.000 0.998 1.000 1.000 1.000 9176 0.733

-1y 04 0.1 0.057 0.241 (.365 0.000 0000 0112  0.001
' 03 0.935 0.872 0.984 0.000 0000 0990 0627

0.5 1.000 0.898 1.000 0.000 0000 1000 1000

0.7 1.000 0.999 1.000 0.227 0.023 1000 1000

0.9 1.000 1.000 1.000 0.994 0503 0920 1.000

0.7 0.1 0.011 0.078 0.148 0.000 0000 0181 0023
0.3 0332 0.551 0.688 0.000 4.000 0349 0489
0.5 0.858 0.752 0.852 0.000 0000 0997 0977
0.7 0.988 0.739 0.370 0.005 0000 0999 1000
0.9 1,000 0.819 0.949 0.517 0170 0680 0965

{0,1,0' 04 0.1 0.033 0.176 0.275 0,000 0000 0114 0,003
0.3 0.826 0.884 0.968 0.000 0000 0972 0.596
0.5 0.997 0.936 0.998 0.000 0000 1000 0999
0.7 1.000 0.998 0.999 0.167 0018 1.000 1.0060
0.9 1.000 1.000 1.000 1.000 0999  0.024  0.640

0.7 0.1 0.007 0.059 0.111 0.000 0000 0161  0.032
0.3 0.210 0.452 0.606 0.000 0000 0771 0470
0.5 0.729 0.706 0.815 0.000 0000 0982 0943
0.7 0.956 0.666 0.833 0.008 0001 0982 0996
0.9 0.997 0.689 0.395 0.899 0700 0082 0.5

0,0,-1y 04 0.1 0.018 0.105 0.185 0.000 0000 0.141  0.010
0.3 0.594 0.734 0.847 0.000 0000 0930 0.501 _
0.5 0.981 0.909 0.960 0.000 0000 1000 0,994 }
0.7 0,999 0.970 0.993 0.254 0039 1.000 1,000 ﬂ
0.9 1.000 1.000 1.000 1.000 1000 0124 0971

0.7 g.1 0.005 0.048 0.084 0.000 0000 0.154  0.046
0.3 a.114 0.289 0.420 0.000 0000 0664 0394
0.5 0.555 0.416 0.591 0.000 0.000 0953 0.894
0.7 0.904 0.384 0.610 0.011 0000 0968 0993
0.9 0.993 0.592 0.339 0.972 0.851  0.084  0.633
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Figure 5.1: Comparison of powers for X135, # =(0,1,1), o =0.025 and

n = 20, using near exact non-similar criti
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Figure 5.2: Comparison of powers for XI5, g =(0,1,1), o = 0.025
and n = 40, using near exact non-similar critical values
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Figure 5.3: Comparison of powers for X16, f =(0, -1, 1)', o = 0.8 and
n = 20, using near exact non-similar critical values
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Figure 5.4: Comparison of powers for XI6, # = (0,-1,0), o = 0.8
and » = 20, using near exact non-similar critical values
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Figure 5.5: Comparison of powers for X716, # =(0,-1,1), 0 =0.7
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APPENDIX 5.2

Terias Involved in Marginal Likelihood Based One-Sided LR, IM and W
Tests

Following Grose (1998), we define the following terms, in which Q and Z stand for
Z,(u,p) and X(u), respectively. Similarly C, T, D and T stand for Clu,p), T'(w),

D(u, p), and Z(p), respectively.

{1te(Q, B, ) —[tr(Q, P, )1}, (A5.1)

, 1
T o(+2)

o =12, 5,00 B, o J+— {0, B0, ) - (2, B )@, B

21 +2
(A5.2)
and
L l2_1+2 res-lrs=1rrr 5 z szj')' Z,B/O'Z]
it =q+ l(l—2) {U((ZQ Z) ZpPZ,ﬂ p)+nB e 2%
[tr((P) MY +2u((F),Q)* +48Z, P,QF,Z B/ 6
2{a (L))

_((R), )+ BZ,FZ,B! 0 (A5.3)
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where 7 ‘f;, and T w are the Laplace approximated information and estimated information,

respectively, B, =(Z'Z)™" Z’, B,, = (Z’Q7'2)" Z'Q™" and

g = ~t((B, - Ez'n)zm] - w{(Z'2)"'2,B,Z,} + w{(B,Z,B,-B,,2,B,,)Z,)

+20(2,5,0Q,%0) + - {lt r(Q, P 0) - 1m(Q,B )1} (A5.5)

The first derivatives of £ with respect to p and g are given below, in which, R, (5}

stands for the diagonal matrix with the scalar § in the top-left corner, zeros otherwise.

Q,=CEC +CL,C +CEC, (A5.6)

in which, ¢ = T7'D, C, = -CC,'C, C;' = R(S,), &, = —df ’{1_ﬁ2pz}’

1+ e e o
d, = P 3 = o35i%, 50 =2p(1,-85) - (L+L), S «
! (l_pp)(l_ ”2) o iy b ( I) (Ll L]) y 15a nXxXn

diagonal matrix with diagonal elements (1,0,...,0,1), L, is the #Xn matrix with ones on

the first lower off-diagonal, zeros otherwise,

Q, = -(cC'a+ac’cy, (AS.7)

in which, C'-R(é‘) -0, J,’#"-

+ ).
1-p*p" 1=y’
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The first and second derivatives of Z with respect to £ are as follows.

Z, =YWz, (A5.8)

and
Z,=2Y(W’Z. (A5.9)
where W) =T"'(R,+L,).

By letting P, = ZB,, the first and second derivatives of P, with respect to g can be

writien as
(P, =—(RY() P+ PY(W'R), (A5.10)
(B, =2 BOP, + ROF, + RY) B, ¥(WF, -~ E¥Y(F YR},
(AS5.11)
where, 0, = —W(u)P,¥ (1)
The sccre function with respect to 2 can be written as
- = 1 = 1
q,= tr{(B:—Bm)Zp]—--i-tr{@_QQﬂH—z—Qp, (AS5.12)
&Z,pB eQzp Qe ) _ 5
= - —_— =] and ¢ = (I-2ZB and € =
where, O, 2 = + 21 T o ( 2)Y

(I-ZB,,)y are the OLS and GLS residual vectors, respectively.
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SUMMARY AND CONCLUSIONS

In this thesis, we have proposed a new APO test, called the g test, for testing
composite null hypotheses and a new approach to obtain exact {and near exact) non-
similar critical values of general non-similar tests. The g test is based on the
generalised Neyman-Pearson lemma (GNPL) and it involves the finding of multiple
critical values. We have also outlined two methods for finding these critical values.
The new approach to obtain exact {(and near exact) non-similar critical values involves
controlling the maximum size of a non-similar test over the nuisance parameter space,
thus it also allows one to assess whether an approximate distribution is a good
approximation to the exact distribution of the test statistic under the null hypothesis.
In Chapter 1, we discussed the motivations for constructing the g test and for a new
approach to finding exact non-similar critical values. In this chapter, we briefly
summarise the main observations and conclusions which can be drawn from this

thesis. These conclusions include a recommendation regarding the best test procedure
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for the testing problems considered. Some issues which require further research are

also discussed.

A review of hypothesis testing was presented in Chapter 2. This chapter mainly
focuses on studies invoiving King’s (1987b) PO tests in the context of composite
hypothesis testing. Because all the applications considered in this thesis are non-
nested, some popular non-nesied tests were also briefly discussed. In addition, other
studies that are relevant to this thesis, such as, studies based on non-similar critical
values and those based on SA were also discussed. This chapter reveals the
importance of developing tests which have excellent finite-sample properties, such as,
PO tests, rather than relying on large-sample based tests. PO tests cannot always be
constructed when testing a composite null. For situations where his PO test cannot be
constructed, King suggested an APO test. APO tests seem to perform well when they
are nearly optimal, otherwise there is a question mark about their reliability. For
example, in the context of composite nested testing, Rahman and King (1994)
preferced some marginal likelihood based asymptotic tests over the APO tests (which
were not nearly optimal). Similarly, in the context of composite non-nested testing,
Silvapulle (1994a) preferred some asymptotic tests over an APO test (which was not
nearly optimal). Studies like these indicate the need for a reliable APO test for testing

a composite null.

Also in Chapter 2, we observed that approximate non-similar critical values can be
difficult to obtain when the number of nuisance parameters is large. Because
researchers conducting simulation studies always used a limited number of nuisance
parameter values, the reliability of approximate non-similar critical values over the
nuisance parameter space is largely unknown. Studies on SA confirm that the SA
algorithm is much more robust than conventional algorithms in finding the global
maximum and less likely to fail on difficult functions. Also, SA has several
advantages compared to the conventional algorithms. It can be used to optimize
functions with multiple cptima and functions that are not defined for some parameter
values, it assumes very little about the shape of the function to be optimized and it is
largely independent of the starting values. In addition, Goffe et al. (1994) recommend
that SA to be used as a diagnostic tool to understand how conventional algorithms

fail. The only undesirable aspect of the SA algorithm is that it takes greater run time.
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Because it is much more reliable thar *he conventional algorithis this problem has to
be stomached.

In Chapter 3, we discussed the theory behind the g test and how it can be applied to
testing composite non-nested disturbance covariance matrices in the linear regression
model. The g test was applied to the problems of testing for MA(1) errors against
AR(1) errors and AR(1) errors against IMA(1,1) errors with a negative MA
coefficient in the linear regression model. For the first problem, we considered four
versions of the g test, namely, the g(0.3), g(0.5), g(0.75) and g(-0.5) tests and for the
second problem, we considered the g(-0.5) test only. Silvapulle (1991, 1994a)
investigated the testing of these two problems using King’s APO tests and some
asymptotic tests, Based on her results, she recommended APO tests for the former
problem and some asymptotic tests for the latter. We compared our g test results with
those of Silvapulle. Also, the use of the g test has been illustrated by its application to

two real world data sets.

For both testing problems considered, the g tests performed better than the APO tests.
For the first problem, the performance of the g test was largely unaffected by the
choice of the point under the alternative where the power is maximised. For this
problem, the APO tests (which were nearly optimal) also performed equally well,
therefore, the power advantage of the g tests over the APCO tests was small in
magnitude. But for the second problem, the g(-0.5) test always has a significart
power advantage over its competitors. In particular, the g(-0.5) test always
outperformed Silvapulle’s recommended asymptotic tests in terms of size and power
properties. On many occasions, the g(-0.5) test is observed to have exact sizes and
higher powers than its competitors. Therefore, based on our results, we strongly
recommend the g(-0.5) test for the second problem. The power results for the first
problem indicate that when King’s APO tests are nearly optimal, little gain can be

achieved by applying the g test.

In Chapter 4, we explained how SA can effectively be used to obtain exact size
critical values (by assuming knowledge of the unknown parameters) and exact {and
near exact) non-similar critical values of general non-similar tests. In this chapter, we

investigated the performance of near exact non-similar critical values. For this study,
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we used two non-similar tests, namely, the DW test and Durbin’s ¢ test in the context
of the dynamic linear regression model. In order to obtain the near exact non-similar
critical values of these tests, we used approximate small disturbance asymptotic
(ASDA) and large-sample based critical values, respectively, and SA. In this chapter,
we calculated the sizes of the tests for a variety of nuisance parameter values and
design matrices, in order to check whether the SA based near exact non-similar
critical values are indeed working well in terms of controlling the sizes over the
nuisance parameter space. We also compared near exact ncn-similar critical values

with approximate non-similar critical values used in previous studies.

Our study clearly showed that neither the large-sample based 7 test nor the ASDA
distribution based DW test is best under the nuil becanse both tests can have
approximately the same Chigher than nominal) maximum sizes over the nuisance
parameter space. For the nuisance parameter values considered, the SA based near
exact non-similar critical values controlled the sizes remarkably well, indicating that
these critical values are reliable over the nuisance parameter space. Also, the use of
near exact non-similar critical values often produced sizes that are insignificantly
different from the nominal size. Based on our size results, we conjecture that
approximate non-similar critical values are not ideal for Durbin’s ¢ test because they
may make the test’s sizes unnecessarily low, and hence reduce the powers., Also, for
the tests considered, it takes about the same time to calculate near exact non-similar
critical values and approximate non-similar critical values. In addition, (as mentioned
carlier) the SA based approach has an advantage, it can be used to assess any
approximate distributions under the null. Therefore, we recommend SA based near
exact non-similar critical values over approximate non-similar critical values. Our
study suggests that if SA achieves the global (instead of local) maximum size then
near exact non-similar critical values can be expected to work well in terms of
controlling the sizes. Therefore, the SA parameters need to be chosen carefully,

otherwise SA might i 1d the local maximum size.

In Chapter 5, we explored the problem of testing for a static linear model with AR(1)
errors against a dynamic linear model with white noise errors. Here, we compared
marginal likelihood based g tests with marginal likelihood based one-sided LR, LM

and W tests. Both Laplace approximated information based and estimated
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information based W .(and LM) tests were considered in order to see which test is best
in finite samples. Two versions of the g test, namely the g(0.3) and g(0.5) tests were
considered. The size and power comparisons of this chapter were based on near exact
non-similar critical values obtained via SA. Here, the size and power calculations
were made for a variety of nuisance parameter values in order to determihe the best

test over the nuisance parameter space.

When the exogenous coefficient vector, S, is close to zero and the dynamic
coefficient, 4, and the autocorrelation coefficient, p, are similar in magnitude, it
may be impossible to distinguish the null and alternative models of interest. In
addition, if exogenous regressors are lag invariant, it is virtually impossibie to
distinguish between the models. We regard these testing situations as the toughest
testing situations. On the other hand, distinguishing between the null and alternative

models becomes easier when ¢ approaches one.

Our study clearly showed that the large-sample based LR, W(L) and W(E) tests are
not reliable under the null even when the sample size is 60. In particular, these tests
can have maximum sizes close to one, over the nuisance parameter space. Of all the
tests considered, the LM(L) test is found to be the best in this regard and the LM(E)
test is the second best. For the nuisance parameter values considered, near exact non-
similar critical values generally controlled the sizes remarkably well, but sometimes
produced sizes that are approximately twice the nominal size. This indicates that
these critical values are generally reliable over the nuisance parameter space. For the
g(0.3), g(0.5), LM(L) and LM(E) tests, the use of near exact non-similar critical
values often produced sizes that are not significantly different from the nominal size,
while for the LR, W(L) and W(E) tests, they produced sizes well below the nominal
size. Obtaining near exact non-similar critical values of the asymptotic tests (via SA)
can be quite demanding in terms of time, because the tests involve repeated maximum
marginal likelihood estimation. On the other hand, it takes much less time for the g

tests.

Power results using near exact non-similar critical values led to the following

conclusions. The g(0.3) and £(0.5) tests generally outperformed the classical tests
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when # < 0.9. In many situations, the g tests possess powers that are more than

double those of their competitors. Generally, the g(0.3) test is the least powerful test
at g =0.9. The g(0.5) test’s powers also sometimes approach zero when g = 0.1
and g =0.9. These observations suggest that the g tests are always reliable in the
neighbourhood of the point where the power is maximised, but not always reliable
some distance from that point. Therefore, it seems that the g(0.75) test might be

suitable for 12 >0.7. However, this test might lack power for small values of .

Among the asymptotic tests, the LM(L) test was found to be the best for g4 < 0.7,

though its powers are lower than those for the g fests. The LR test outperforms the g
tests only when # is closer to one. Both the W(L) and W(E) tests were found to be

the worst performers always. As expected, when the sample size increases, the
asymptotic tests’ powers improve, but they are still lower than those for the g tests,

particularly for # < 0.5.

The only tests that generally overcome the toughest testing situations (discussed
above) are the g tests, particularly the g(0.3) test. The asymptotic tests seem

trustworthy only when g approaches one (which is a relatively easier testing situation

as noted above). Therefore, compared to the asymptotic tests the g tests should be
commended on their performance. Also, the overall performance of the g tests seems
largely unaffected with respect to the nuisance parameter values. For reasons
discussed in Chapter 5, marginal likelihood based g tests are not perfect for the

problem of interest, still they perform better than the asymptotic tests for u < 0.9.

Similarly, the LM tests are also not expected to have better finite-sample properties,

yet, they are found to be the best asymptotic tests for small values of x. Based on
our results, we recommend the g(0.3) test for ¢ < 0.5, the g(0.5) test for 0.5 < u <
0.7 and the LR test for y >0.7.

The overall recommendation of this thesis is that, if a PO test is suitable for a
particular testing problem it should be used. If the null hypothesis is composite and
the PO test cannot be constructed then the g test should be the next preferred
candidate. However, our study suggests that when King’s APO test is nearly optimal,
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there is little gain in applying the g test in terms of power properties. According to
our study, the g test is always reliable when the nuisance parameters can be avoided
via the invariance method. When these nuisance parameters cannot be avoided, the g
test is always reliable in the neighbourhood of the point where the power is
maximised and not necessarily always reliable some distance from that point, In the
context of the dynamic linear model, the large-sample based LR, W(L) and W(E) tests
seem unreliable under the null even when the sample size is 60. Of all the tests, the
LM(L) test seems always reliabie in this regard. The LM(L) test seems better than the
LM(E) test in finite samples, whereas, this is not clear in the case of the W tests. Our
study also supports SA based near ¢xact non-similar critical values over approximate
non-similar critical values. We observed that approximate non-similar critical values
are not useful for the g test, whereas, near exact non-similar critical values are useful.
This indicates that the SA based non-similar critical values may be helpful for

situations where approximate non-similar critical values fail to control the sizes.

Finally, there are a few areas in which further research could be undertaken. In this
thesis, we applied the g test to three composite non-nested testing situations, with
encouraging results. How well the g test works for composite nested testing situations
is clearly an interesting area which requires further research. By construction the g
test has sizes not significantly different from the nominal size, therefore, for
composite nested testing situations, it is possible that its powers at some points under

the alternative hypothesis will be not significantly different from the nominal size.

The only problems we have investigated in this thesis are those were the parameter
under test is reduced to an interval (after using invariance method or due to economic
beliefs). The g tests performed well for this case. The question is, can this test be
applied for testing problems involving nuil hypotheses defined over an open interval,
such as, (o0, 0), (0, o) or (-e0, «)? In order to apply the g test for this case, we
might have to use a function that can map an infinite interval to a finite interval. For
this, a logistic function might be a useful way to map an infinite interval to a finite
interval [0, 1]. How well the g test performs for this type of testing problems is an

interesting question which requires further research.

179




Chapter 6: Summary and Conclusions

All the testing problems we have investigated in this thesis are one dimensional in
nature and the g test performed well. It would be interesting to see how well this
approach extends to two and higher dimensional cases. For this, the general ideas
developed in Chapter 3 and Chapter 5 could be extended to cover (1) testing higher
order MA against higher order AR processes, (2) testing higher order non-stationary
error processes involving IMA(1, g}, g > 1, (3) testing higher order non-stationary
against higher order stationary disturbances and (4) testing higher order non-nested
processes in the dynamic linear regression model. Similarly it would be interesting to
apply the g test to higher order composite nested testing problems as well. Finally

robustness of the g test to non-normal errors can also be explored.

Our study clearly showed that SA is very useful for optimizing difficult functions, like
a size function, which is a step function when obtained via simulation. This indicates
that SA should be used for difficult econcmetric functions. Also, for the problems
considered, SA effectively found near exact non-similar critical values and exact size
critical values. How well this result translates to more complicated problems is

clearly an another interesting area for further research.
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