CHAPTER 1

Introduction

1.1 Introduction

Since early 1860s, there are considerable amount of research work related to
panel data analysis that are available in the literature. There are a few terms used to
describe panel data analysis. Woolridge (2003) and Hsiao (2005) defined panel data as
at least two-dimensional data with a combination of time series and cross section
analysis. Gujarati (2003) however categorised the following as panel data: (1) pooled
data (pooling time series and cross sectional observations), (2) combination of time
series and cross section data, (3) micro panel data, (4) longitudinal data (a study of a
variable or group of subjects over time), (5) event history analysis and (6) cohort
analysis. On the other hand, Arellano and Honoré (2001) defined a panel data set as a
group of observations in which such groups consist of individuals belonging to the same
family; a situation in which there is a ‘homogeneous’ grouping of the data. Thus, in
general, panel data analysis refers to the study of observations on many individual units
over a specific time interval (Franses, 2002; Nerlove, 2002; Hsiao, 2003 and Yafee,
2003). The individual units can be countries, states, firms, commodities and groups of
people or even individuals.

Since the availability of data sources have been greatly raised nowadays, the
interest to study a cross-sections of individuals observed over time have been increased
among researchers and econometricians (Hsiao, 2003). Panel data can be used to
describe the cross sectional behavior by pooling all information together rather than a
single time series or cross-section. Panel data can enhance the quality and quantity of

data: more informative data, more variability, less collinearity among variables, more
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degree of freedom and more efficiency rather than using either cross section or time
series dimensions (Gujarati, 2003). In other words, if one is willing to consider both
these two dimensions, panel analysis can provide a wealthy and powerful study of set of
people. Panel data techniques consider fewer time series observations (Breitung and
Candelon, 2005). This condition has challenged the traditional time series approach
which requires more time spans to study the economics activities over a period of time.
This is simply because, the short time span enable researchers to observe the units
which are having similar characteristics before it becomes unstable if too long time
spans are taken. Therefore, with continual observations of cross-section, panel analysis
allows the researcher to study the dynamics of change of cross sectional units with short
time series (Gujarati, 2003). The use of panel data in economics enables us to analyze
the complex economic phenomena (Kapetonis et. al, 2006). That is why there are vast
literatures on this panel analysis in economics. The attractions to obtain the parameter of
interest which is assumed to have common values across panels units caused the huge
development in this area.

To set the idea, the following panel data is considered: y,, for
i=12,...,N: t=12,...,T, bethe i™ unit observed at a particular point in time, t .
Thus, a typical data set will consist of N xT data. As an illustration, the United States
(US) oil consumption trend data for the periods 1949 - 2004 is utilized (see Figure 1.1).
In Figure 1.1, the use of the US oil for several sectors for over more than 50 years is
studied. The sectors (panels) considered are transportation, industrial, residential and

commercial lots. Here, y, refers to the US petroleum consumption (measured in

million barrels) for the sector i at year t, and thus we have N =4 sectors and T =55
years which gives a total of 4x55=2200observations in this study. Since these sectors
are of interest, the characteristics of the petroleum used in each sector over a specified

time period can be observed by plotting them together.
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Figure 1.1: Panel Time Series Plots of the US Oil Use

There are two common models in the panel: first is the purely static model and
second is the dynamic model. In the pure static case, several independent variables may
be used to explain the model. For the simple pure static case, the following linear

heterogeneous panel model is considered:

Ye=0;+B % +e; i=12..,Nand t=12,...T (L1)
where 'y, is the response variable, X, is the independent (predictor) variable, «;, g
are unknown parameters which varies across i and e, are the random errors. In the

dynamic panel model, there is the lagged dependent variable in the model which

commonly takes the form as follows:
V.= + By, +e; i=12,.. ,Nandt=12...T (1.2)
where ¢, f,,e, areasin (1.1) while y, , isthe first lagged value of y, . To estimate

the parameters of interest, the standard Ordinary Least Squares (OLS) estimation is

commonly used in the static case, while the standard Generalized Methods of



Moments® (GMM) is used in the dynamic model (Ahn et al., 2001; Wansbeek, 2001;
Bond, 2002; Hsiao and Tahmiscioglu, 2008).
In the pure static model, two models that are usually considered: (1) fixed effects

(FE) and (2) random effects (RE). In the FE model, all regressors and individual effects

are allowed for endogeneity (Y, =« + 8 X, +€,; €, ~iid(0,6°)) while RE model

i
assumes exogeneity of all regressors and the random individual effects
(Y, = + BT %, +e,; 5 =p+V.,, where e, ~iid(0,6°) and v, ~ (0,Q)) (Baltagi et al.,
2003). The choice between these models can be investigated using the Hausman and
Taylor (1981) test.

For the dynamic case, the investigation of the stationary data in the panel data
has received a great attention in this area. This is because one of the main
characteristics of panel model is that they show nonstationary patterns, although there
may be occasions on which linear combinations of the series are stationary. This can be
achieved via the unit root test. Due to these interests, this study will focus on the
estimation for the pure static case, where we limit our study to the FE model?® and

testing for the unit root in the dynamic model.

1.2 Related Issues
1.2.1 Cross Sectional Dependence (CD)

Panel data analysis has attracted a lot of attention among researchers for some
reasonable motivations; one issue that is often addressed in many of the literature is the
appropriateness of pooling the units in the sample which results in a pooled model
(Davidson and MacKinnon, 1993; Baltagi, 2001; and Green, 2003). In the pooled

model, the parameters are assumed to be constant, that are o, =a, f, =/, and the

residuals are identically and independently (iid) distributed with mean zero and a

! The GMM estimator is based on method of moments to estimate the model.
2 The RE model is beyond the scope of the study.



constant variance. Here, the OLS is appropriate, yielding the estimators that are
consistent, efficient and unbiased (Coekley et al., 2006).

The pooled model ignores parameter heterogeneity (Coekley et al. 2006).
Ignoring such heterogeneity could lead to inconsistent or meaningless estimates of
interesting parameter estimates. Therefore, in order to tackle the problem with
heterogeneity in parameters (refer model (1.1), two common approaches are usually
employed: (1) FE (2) RE. Such models (pooled, FE and RE) however ignore the
structure of the data since each observation is treated as independently among the

others, E(e.e;)=0. In general such restriction is invalid since most of the economic

data are correlated between cross sectional units; this may arise from a common
influence which affects all cross section units.
The cross sectional dependence (CD) is defined when the residuals are

correlated across units (test for E(e;e;) =0 for i= j). The CD among cross sectional

units may occur due to the presence of unobserved factors and global shocks that are
common to all members. This shock can be correlated with other regressors, whose
effects are captured by the disturbances and thus give rise to non-zero off-diagonal
elements of the variance covariance matrix. In economic applications, these unobserved
factors may be explained by social norms and neighbourhood effects which imply
strong interdependencies between cross sectional units.

There are a number of studies that have used an unobserved common factor
structure to explain cross dependency (see Pesaran, 2004, 2006; Bai and Ng, 2002;
Moon and Perron, 2004; and Philips and Sul, 2003). The common factor structures have
several advantages: firstly, the procedure of statistical estimation and inferences are in
general well-understood, and secondly, using common factors to explain cross
dependency leads to no dimensionality problem which has been found to work well in

many empirical studies (Gengenbach et al., 2010).



When the assumption of the independence among residuals is violated, the
pooled and other estimators which assume cross sectional independence are inadequate,
and could lead to significant size distortions in the presence of neglected CD. To
illustrate this, consider model in (1.1). For the pooled model which restricted to

independent  assumption among the residuals, we have the estimates
Wb=(ap) =X X)* X"y ; with E(B)=b and Var(b)=(X"X) 2. In the
presence of CD, the estimates of b takes the form of (2)
6=<&,|§)T =(X"QX)*X"Qy ; with E(b)=b and Var(b) = (X" QX) o2, with non-
zero off diagonal of Q. It is observed that, the parameter estimates in both cases, (1)

and (2) are unbiased but Var(b) in (2) is inefficient due to the effect of the CD on the

standard error. This could leads to incorrect inferences to the model and subsequently
results in the wrong decision making.

Moreover, with CD, the model becomes more complicated and the limitations of
software language for modeling the panel in the presence of cross dependency hinder
reliable modeling. By ignoring the cross dependency problem and assuming
uncorrelated errors among the cross sectional units (Philips and Sul, 2003), a

misspecified model is obtained.

1.2.2 Outliers

Outlier is an observation that is very peculiar and differs from the entire
observed data. In many cases, some data points will be deflected away from their
expected values than what are deemed reasonable. This can be due to a systematic error,
faults in the theory that generated the expected values, or it can simply arise from the
cases where some observations are a long way from the centre of the data. Outlying

points can therefore indicate faulty data, erroneous procedures, or areas where a certain


http://en.wikipedia.org/wiki/Systematic_error
http://en.wikipedia.org/wiki/Theory

theory is perhaps not valid. In practice, a small number of outliers are expected in
normal distributions.

There are several types of outliers that are commonly handled in statistics
applications; namely (1) Additive outliers (AO), (2) Innovation outliers (10), (3) Level
Shift (LS), (4) Temporary Change (TC) and (5) Leverage Point (LP). The AO only
affect the level but leave the variance unaffected. The presence of the AO will not be
reflected in the values of the adjacent observations but its manifestation can be dramatic
and obvious. The 1O arises from an inherent form of contamination and can be reflected
through the correlation structure of the process in neighbouring observations. The
potential 10 conspires to conceal itself and the detection of it may become more
problematic. On the other hand, the LS will produce an abrupt and permanent step in the
series while TC dies out gradually in time. The LP refers to outlying values that are
present in the independent (predictor) variables. A large LP value influences the
parameter, thus pulling the fitted model towards it and resulting in a bad fit.

The existence of multiple outliers (MO) in the dataset adds to the complexity of
identifying and detecting outliers. The time series analysis with MO is hindered by two
problems: masking and swamping. While swamping occurs when the observation is
not an outlier but is misjudged as an outlier, masking occurs when an outlier is being
masked by other observations. These two problems are typically caused by the other
adjacent outliers. To illustrate this phenomenon, a linear regression model is considered.

Let ¥ =XB=X(X"X) X"y =Hy. Specifically, for the i™ observation,

Y, = xi(XTX)_lx[yk =>"h,Y,. In particular, consider an outlier at point i= j.
= o

1 ,i=]
y', =Y, +Ay,, is replaced, where Ay, takes the form of Ay, :{ J . It can be

0 otherwise

seen that at point i=j, ¥, => h,y +h;y' ;=D h,y, +h;Ay;; thus Ay, =h,Ay;.
k=1

k#j
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This is the impact on y,; of a change in y; equals that changes multiplied by h; . Thus,

the regression line will rotate or shift, causing some of the original observations to

appear as outliers (swamping). If the additional outliers (say at point i =m) are added to

the original outlier closely, these outliers may not be picked up as outliers because of
the more pronounced rotation or shift of the regression line towards these outliers
(masking).

To overcome masking, several proposals are made and this includes those of
Atkinson and Marco (2000). These methods however, typically involve removing the
'masking’ outliers from the data set before the 'masked’ outliers can be identified. The
misidentification of outliers may result in biasness to parameter estimates and thus
provide an inappropriate model in the panel analysis. Many other useful references for
the detection of outliers in the time series model are discussed in the following section.

Chang et al. (1989) introduced the iterative procedures by using the intervention
models discussed in Box and Tiao (1975) to determine the outliers’ effects for the
detections of the AO and 10. Chen and Liu (1993) extended the study by Chang et al.
(1989) to other two types of outliers: (i) LS and (ii) TC. Sachez et al. (2000) improved
the performance of the previous method of Chen and Liu (1993) by using two tools to
distinguish the 10 from the LS with the presence of outliers. The first is a better initial
parameter estimate that is obtained by cleaning the series of patches of jointly
influential observations that are treated as LS. The second is a better significance level
that prevents the confusion of LS with 10. Franses and Ghijsels (1999), who extended
the study of Chen and Liu (1993) in forecasting stock market volatility in generalized

Autoregressive  Conditional Heteroskedasticity (GARCH) models, focused on



forecasting performance of GARCH models for AO-corrected returns®. As a result, they
found that the models for the AO-corrected data yielded substantial improvement over

GARCH and GARCH-t (when for 7, is conditionally t-distributed) for the original

returns. Pena (1990) suggested a statistics based on the Mahalanobis distance to
measure the influence of outliers on the model parameters and the techniques were
shown to be very useful for indicating the robustness of the fitted model. Bidarkota
(2003) used different approaches whereby he suggested multi-process mixture models
as an alternative model in capturing LS in the presence of outliers.

In the economic and financial data, for example, some observed values may be
inconsistent from other observations in a sample of heterogeneous economic units.
These isolated or extreme observed values are termed outliers and often have a large
impact on the results of the statistical analyses on which the conclusion based on a

sample with and without these units may differ drastically (Verardi and Wagner, 2010).

1.3 Problem Statement and Objectives of the Study

Over the years, the interest in the panel data models focused on the issue of cross
sectional dependence. However, limited literature can be found on the presence of
outliers in the panel. Bramati and Croux (2007) studied the robust regression technique
with the fixed effects in contaminated panel. They investigated the robustness of the
procedure by means of breakdown point computations with simulated data.

In empirical studies, CD among cross sectional units may occur due to the
presence of unobserved factors and global shocks that are common to all panel

members. In addition, each cross sectional may have local shocks (outliers) which affect

3 AO-corrected returns, r;, that is formulated from; “Let’s consider the GARCH (1,1) model; :77tht1/21 where;
h, =ay +a,r% + B0, 7 ~N(@OI). Thus, the AO-corrected returns is constructed as r, =r, for t=z , with the formula

r. =sign(r,).(r,?)"? for t=7 .”



only these respective individual units. With the presence of outliers, the effect of cross

dependency can be more severe. In view of these, it is necessary to assess whether:

e In the presence of outliers, does cross sectional dependence really exists?
The standard cross sectional dependence tests rely on the estimated OLS residuals
and it is subjected to the influence of outliers. The presence of multiple outliers may
worsen the situation due to masking, and this will affect the presence or absence of
CD. Thus, robust versions of CD tests are proposed to overcome such problem.

e Are the standard approach of estimation and inference employed in the literature
remains appropriate in dealing with cross correlated error?
Even though there are a number of available approaches (Coakley et al., 2002, 2006;
Philips and Sul, 2003; Kapetonis and Pesaran, 2004; Pesaran, 2006) that take into
consideration the presence of CD in modeling the panel, the methods may provide
inconsistent parameter estimates and inferences when outliers occur in the panel. As
such, one needs to filter the effect of this cross section dependence and outliers to
the model. Based on this interest, some robust approaches are proposed to deal with
the cross sectional problem in the presence of contaminations in the panel data. The
properties, test of hypothesis and construction of the confidence intervals for the
parameter are also considered.

e Does the presence of outliers affect the finite sample behavior of the standard
estimator?
The finite sample behaviors of estimator are commonly evaluated via simulation
experiment. The statistical measures obtained from the experiment, for example;
bias, MSE; may affected in the presence of outliers. The bias of the parameter
estimates may become huge and subsequently result in large MSE. This will lead to
inconsistent in parameter estimates as well as its standard error. This problem can be

avoided using an appropriate estimation procedure and this can be achieved using
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robust estimator. Due to that, the performance and robustness of the proposed
estimator in parameter estimation is discussed and comparisons are made to some
existing approaches in the literatures.

e Do the standard unit root tests provide reliable result in detecting the presence of a
unit root in the presence of outliers and cross dependency?
The presence of cross dependency and outliers may affect the stationary of the
model in the dynamic model. The CD and outliers’ effect may biases the OLS
estimator subsequently result in stationary of the model where as it is nonstationary.
Based on this issue, a modification of existing unit root test is discussed with the
aim to correct for CD, reduce the outliers’ effect and yield a reliable result for a unit

root test.

1.4 The Contribution of the Thesis

The main contributions of the thesis are listed as follows. Firstly, robust cross
dependency tests which are less sensitive to the influence of outliers are proposed. The
presence of cross sectional tests reviewed includes the Breusch and Pagan (1980)
Lagrange Multiplier Test (LM) and the Pesaran (2004) Cross Dependency Test (PCD).
The LM and PCD tests as in Pesaran (2004) are sensitive to outliers in both pure static
and dynamic models especially for the case of mild CD effect. These tests produce both
type 1* and type 11° error in the presence of outliers. Thus, as an alternative to these
tests, robust tests which filter the effects of outliers on cross section correction are
proposed. Our tests incorporate the robust methods with some modifications to the
existing approaches in both types of models. The properties of the tests are derived in
terms of asymptotic distribution of the respective proposed tests, while the finite sample

behaviour of the proposed tests is examined by means of Monte Carlo experiments.

* The test rejects a true null hypothesis (no CD).
® The test fails to reject a false null hypothesis (no CD).
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Secondly, a robust estimation procedure is proposed to estimate the parameter
of interest in pure static model. The objective function of the proposed procedure aims
at minimizing overall error yet is robust to influence outliers as well as cross correlated
errors. The proxy (the average of dependent variable and the observed regressor) of
Pesaran (2006) approach is modified with the aim of computing a robust variance
covariance matrix of residuals which yield consistent and unbiased estimators. Since
Pesaran’s (2006) approach provide inconsistency in parameter estimates in the presence
of outliers, an alternative approach that allows for cross sectional dependence in the
presence of outliers is introduced.

Thirdly, the properties of the proposed model in terms of the limiting
distribution of the proposed estimator are derived. This will provide a new test statistics
for hypothesis testing, confidence interval of parameter of interest and overall goodness
of fit of the model. To understand the finite sample behavior of the proposed estimator,
a Monte Carlo simulation study is conducted. The performance of the proposed method
will be measured in terms of bias and consistency.

Fourthly, in coping the presence of outliers and CD in dynamic panels, a
modification of Pesaran (2007) unit root test (namely, CIPS) is proposed. The CIPS unit
root test seems to provide a good size and power of study when no outlier is present.
Because the poor performance of CIPS in the presence of outliers, we modify the CIPS
approach and Monte Carlo evidence support a better result of a proposed test in terms of
size and power.

For illustration purposes, all proposed procedures are applied to the real data set.
The gasoline data of 18 organizations for Economic Co-operation and Development
(OECD) countries will be used to estimate the parameter of the model in purely static
model while; The Purchasing Power Parity (PPP) data will be used as an empirical

application for testing a unit root in dynamic framework. Here, the aim is to illustrate
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how those approaches solve the real situations of economic dataset and provide a good

explanation and discussion based on the output obtained.

1.5 Organization of the Study

The remainder of this study is organized as follows: Chapter 2 will discuss cross
dependency tests of Breusch and Pagan (1980) (LM) and Pesaran (2004) (PCD). The
details about the proposed cross dependency tests based on the robust tools are also
presented in this chapter. The properties of the proposed tests are studied and the
performances of these tests are illustrated via the Monte Carlo simulation study. The
results of the simulation study of these CD tests are also discussed in this chapter.

Chapter 3 discusses the techniques of the estimation procedures used to estimate
the parameter in panel. The pooled model which is restricted to independence
assumption of residuals is reviewed. The Common Correlated Effects Mean Group
(CMG) of Pesaran (2006) which relaxes such assumption is also discussed. The robust
version of the CMG is proposed where the details of this procedure are discussed. The
method to evaluate the fit of the model is also discussed further. In inferential statistics,
the asymptotic distribution of the RCMG is revised: the test statistics, hypothesis tests
as well as the confidence interval of parameter estimates based on the asymptotic
distribution are also developed in this chapter.

Chapter 4 will focus on the simulation studies with the aim of illustrating the
respective estimation procedures. Several simulation experiments are conducted to
study the behaviour of these procedures in terms of the parameter estimates itself. In the
presence of outliers, the estimation procedure is illustrated by introducing a small
percentage of the contaminated data to the original series. Here, the size and the power

of the respective procedures as discussed in the previous chapter are measured. For Cl
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estimation, the quartiles of the parameter estimates using Monte Carlo simulation study
are estimated.

Chapter 5 discusses the unit root tests in the panel data in the presence of the
cross-sectional dependence. The beginning of the chapter discusses the standard
Augmented Dickey-Fuller (ADF) unit root test with the assumption of cross sectional
independence within the residuals. With CD, the Common Correlated ADF (CADF)
proposed by Pesaran (2007) which uses the simple average of the individual CADF-
tests is reviewed and this is subjected to the influence of outliers. A robust unit root test
as an alternative to the ADF is introduced while Pesaran’s unit root tests and the
properties of these tests are discussed. The small sample performance is examined via
the Monte Carlo simulation study and the results are given at the end of this chapter.

Chapter 6 presents the analyses using real data with the aim of determining the
appropriate procedure and reliable model. Finally, Chapter 7 provides some concluding

remarks of this study.
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CHAPTER 2

Cross Sectional Dependence Tests

2.1 Introduction

Several statistical procedures have been developed to diagnose the CD in panels.
Moran (1948) was the first to provide a test of spatial independence in the context of a
pure cross section model. This test is however based on spatial matrix which is
inappropriate for finance and economics modeling. Thus, the residuals correlated

across units (test for E(e,e;) =0 for i= j) is analysed based on the average of pair-
wise correlation of the residuals 5, . The Lagrange Multiplier (hereafter LM) test of
Breusch and Pagan (1980) is based on the squared sample pair-wise correlations ,02J of

residuals. It has been shown that the test has the correct size only if the number of cross

sectional units (N ) is less than or equals to the length of the time period (T ), which is

N <T. This is due to the fact that E(,bfj)él by the central limit theorem and is non-
centered at zero for large N (see Pesaran, 2004). As such, the size of the test will be

distorted as N — oo. Pesaran (2004) examined the normal approximation version of the

LM test resulting in a modified CD test (hereafter PCD) which uses /Bij and is

applicable for any values of Nand T. The PCD test is very similar to Friedmen’s

(1937) test which is based on Spearman’s rank correlation coefficient R_,, °.

2
ave

Frees (1995) however modified the version of Friedmen to RZ. in order to

obtain a better power and size of the CD test in his paper. Meanwhile, Pesaran et al.

(2008) proposed a bias-adjusted normal approximation version of the LM test for the

N-1 N
> > f, . where f, is the sample estimate of the rank correlation

8 The formula of Friedmen’s test is given as R, = 2
N(N-1) =5

coefficient of the residuals.
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panel data models with strictly exogenous regressors and normal errors. This method
uses the exact mean and variance of the LM test and provides consistency in size and
power when the cross section mean of factor loadings’ is near zero. However, the bias-
adjusted LM test is not as robust as the PCD test for the non-normal residuals and/or in
the presence of weakly exogenous regressors.

In a recent study, Godfrey and Yamagata (2010) proposed the bootstrap methods
for testing Hp of the cross section independence in the panel. They relaxed the
assumption of normality and homoskedasticity of the residuals as described in Pesaran
et al. (2008) and the Monte Carlo results indicate that the proposed test give comparable
results under classical assumptions and is well-behaved under heteroskedasticity.
Moscone and Tosetti (2009) reviewed and compared the performance of several
possible CD tests based on the sample pair-wise correlation coefficient and spacing. The
Monte Carlo results show that the tests based on spacing are powerful (reject the null
hypothesis correctly) under various forms of strong CD. However, these tests have low
power (inability to detect the presence of CD) in capturing weak dependency among the
residuals®.

A small fraction of spurious observations can sometimes seriously distort the
results of CD due to the estimated residuals obtained from OLS. However, it is more
severe when there are bad leverage points (that is, outliers in X-direction). This situation

arises in the dynamic panel model. For example, consider model in (2.3):
y. =a.+By. , +¢e,.If outlier occurs at t =s, it creates two outliers in the regression.
Say that (y,,,Y,) Is a vertical outlier referring only to the outlyingness iny,, while
(Yis» Yissr) 1S the leverage point because their y, value is outlying. If (y,,VY.,)is far

from the plane corresponding to the majority of the data, it is said to be a bad leverage

" Refer to equation (2.4) to see what factor loading is.
8 Also known as spatial correlation (see Moscone and Tosetti, 2009).
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point. If this point is large enough, the OLS estimator will be biased towards zero
(Rousseeuw and Van Zomeren, 1990).

The cross sectional dependence tests of the LM and PCD rely on the OLS
residuals, and it is well known that these estimates are sensitive to the presence of
outliers. The presence of multiple outliers may worsen the situation due to masking, and
this will subsequently affect the OLS fit and the corresponding residuals. The estimated
residuals are affected by the outliers’ effects which subsequently result in an incorrect

value of pair-wise correlation of the residuals p; and provide incorrect results for the

test statistics. For example, when the panel is free from CD, the presence of outliers will
tend to favour the alternative hypothesis that CD is present. Likewise, if CD is observed
in the panel, the presence of outliers may lead to the acceptance of the null hypothesis
of cross section independence. This phenomenon is shown in the simulation results of
the LM and PCD tests when outliers are present in the panel.

In this chapter, robust methods for testing the presence of CD in uncontaminated
and contaminated panels are developed. Here, the potential outliers are estimated using
robust tools which subsequently reduce the effects of outliers. The properties of the
proposed tests are studied and the finite sample behaviour of the tests will be

investigated by means of Monte Carlo experiments.

2.2 Model

Consider the panel model given by

Vi = (%o Vi s i) + €4 i=12,..,Nand t=12,...,T (2.1)
where f(X,,VY,;;, B;) is a function of x, and y, with X, denotes the observed
regressor (independent variable), y, is the dependent variable, «;, 5, are parameters

which are allowed to vary across each panel member i and e, is the random errors

17



component. The function f (x,y) can be expressed in the form of linear regression

model with X, as the explanatory variable:

Yi = i+:8'T Xit + €, (2.2)

or, in the form of a dynamic model:

Vi =B Vs +8; (2.3)
where 'y, _, is the first lagged value of y, and e, are random errors.
In the presence of CD, e, takes the form

e, =y f +e; i=12,...,N and t=12,...,T (2.4)
where f, is the latent factors, y, are factor loadings that are common across cross-

sectional units i, and &, is the random errors of e, .

The objective of the tests is to ‘measure’ CD, that is to decide whether in reality
we have a cross section independence (null hypothesis Hp) or the process is indeed cross
sectional dependence (alternative hypothesis Hi). Specifically, Ho and H; are defined as
follows:

Ho: E(ee;)=0 forall i, j=12,...,N,i= j;t=12...T;
Hi: E(e.e;) =0 for at least a pair of (i, j),i,j=212,...,N, i=j;t=12,...,T.
Under Ho, there is cross section independence between the (i, j) ™ residuals at time t

while the Hj states that at least a pair of cross sectional units is dependent. To test for
Ho, the following usual assumptions are required:

A2.1: The disturbances e, are serially uncorrelated random variables (rv), that is
E(ee.) =0 forall t,s=12,...,T, t#s;i=12,...,N;each with mean 0 and the finite
variance, 0<o” <.

A2.2: Under the null hypothesis of cross section independence, e, =o,¢, forall iand t

it

and with &, ~iid (0,2).
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2.3 Existing Approaches of CD tests
2.3.1 The LM test of Breusch and Pagan (1980)
The most common method used to detect CD in the panel data model is the

Lagrange Multiplier of Breusch and Pagan test and this test is given as

N-1 N
LM=T» > p? (2.5)

i=1 j=i+l

where p, is the sample pair-wise correlation of the residuals with

,bij = léji = N7 (2.6)

and €, is the fitted residual obtained from the OLS estimator of model (2.1).
Specifically, é, =y, —9V,, where y,and y, are the observed and fitted values

respectively of the dependent variable. Under the null hypothesis, LM tends to a chi-

N(N

square distribution with T_l) degrees of freedom when N is fixed and T tends

to infinity®.

2.3.2 The PCD test of Pesaran (2004)

As an alternative to the LM test, Pesaran (2004) proposed a new Ccross
dependency test (PCD) to test for cross sectional dependence in the panel model. This
test is applicable to both the pure static and dynamic models and is also robust to

structural breaks™®. The test is then given by

PCD= /N(N D Zl

2.7)

T MZ

® See Breusch and Pagan (1980) for details of the test properties.
10 pesaran has shown both theoretically and empirically that his test is robust to multiple structural breaks and can also be applied to
skewed data.
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with p, as in (2.6) and that the PCD test is distributed as the N(0,1) under the null

hypothesis. A major drawback of the PCD test as argued by Hoyos and Sarafidis (2006)

is that it is likely that the sum of negative and positive correlations will cancel out even

though

p;|1s close to 1 which is indicative of the presence of CD. The PCD test lacks
power in situations where the average population pair-wise correlations are zero,
although the underlying individual population pair-wise correlations are non-zero. This
could arise under the alternative hypothesis cross sectional dependence where cross
sectional dependence can be characterised as a factor model with a mean of zero factor

loadings (see Pesaran, 2004). In addition, it is only applicable for residuals distributed

from any symmetric distributions.

2.4 Robust Regression

An OLS estimator is not applicable in models where the fundamental
assumptions are violated. Although some analysts adopt ‘data transformation’ to ensure
that the assumptions of the model hold, this approach may not totally eliminate the
effect of outliers (Yafee, 2003). While the Box-Cox transformation is successful for the
weak CD in many cases, it will fail in the strong CD effect. For this, a small simulation
is conducted to support this finding*.

Inaccurate value of the parameter estimates may distort the results or
information wanted. Thus, an alternative is to replace the OLS by robust regression
(RREG) (Maronna et al., 2006).

The main purpose of the RREG is to find a reliable fit for a model by limiting
the influence of outliers. Chen (2002) addresses the following problems which may

occur in regression models:

™ The result of this analysis is given in Appendix A.
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e Outliers occur in Y- direction (dependent variable)
e Outliers occur in X-direction (called leverage observation)
e Qutliers occur in both X and Y-directions.

As a first step towards robustness, the OLS estimator is replaced with two
techniques of the RREG in order to reduce the influence of outliers in the estimation
process: (1) An M-estimator for the pure static model, and (2) a Least Trimmed Squares
(LTS) in the dynamic case. The spin-off from the robust fit allows the identification of
outliers. Once outliers are detected, these observations can be corrected or ‘re-
estimated’. In general, this procedure is used for exploratory purposes to (1) identify

potential outliers, and (2) compute robust p; .

Case 1: Pure Static Model

In the pure static panel, a robust M-estimation is applied to obtain Bi = (o?i,,éi )T

in model (2.2) which, typically ‘handles’ outliers in the dependent variable and
assuming that there is no outlier in vertical direction (independent variables). The

general M-estimator is defined as the value b, which minimizes the following criterion:

manp{y“ A‘ J mlnz,o,(jtJ fori=12,..,Nand t=12,...,T (2.8)
o O

with a bounded p - function and a high breakdown point preliminary scale &; given in

(2.17), for each individual units, i .

For the M-estimator, the p, in (2.8) is a filter function constructed subject to the

following properties:
Foreach i=12,...,N,

A2.3: p,(A] 0

A2.4: p.(0)=0
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A2.5: p; (éA_nj = Pi (_ éA_nj
O O

A2.6: p,(c0)=1 if p, is bounded. (2.9)

with a w -function defined as the derivative of a p -function such that y is an odd

function with y/[ij >0for St >0 (Maronna et al., 2006).
o

Oi i

Examples of the p - function include the family of M-estimation (such as Huber,
Tukeys biweight, and Hampel), Generalized M-estimation (such as Schweppes) and
high-breakdown estimation (such as Least Median Squares (LMS) and LTS). Next, how
the b, in (2.8) is obtained, is shown.

Let G, =6%, minimizing (2.8) can be achieved by differentiating (2.8) w.r.t. b, thus
it i
(oX

solving
i
Z'/’i (uit))(it =0, (2.10)
t=1
where (0, )= p/(d,) and &, is computed from initial L1' scale estimate of b, based
on Median Absolute Deviation formula given in (2.17)"

.
Using > w; (0, )=0,w(0,), (2.10) can be written as follows:

t=1

.
> 6w (G, )%, =0  for i=12,...,Nand t=12,...,T. (2.11)
t=1

Rewriting Git:e—‘, the following is obtained:

o

W, (ljit )Xit =0

M—|

.
Q> |:‘ >

t i

T A
'2 The L1 estimator minimize objective function of Yle, (bi] =min.
t=1

2 Here, X;; is the combination of vector of independent variable and vector of ones.
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T AT
z Yit _;i Xit Wi(oit )Xit ~0 (2.12)
1 i
b =3 Y (G Jx, (2.13)
| =1 W (Oit )ant

6i =(0}“ A.) :(XiTW(Oit)Xi )_lxiTW(aut)yi (2.14)
1 Xy Xpi o X Yia
where X, — 1 X‘li2 Xziz X{dz Ly = y‘i2
Ta(k+1) >
1 Xy Xoip oo Xgr Yir

and W, (4, )is T xT matrix of weight matrix. .
This estimating equation is solved using iteratively reweighted least squares with
the initial estimates B from OLS. The weights W,(a") are computed from the

previous estimates using éi(t“’l’ at iteration h. Thus, a new weighted least squares
estimation is given as follows:

B® = (XTW, (") X, [ XTw, (0, (2.15)
and this procedure is repeated until the convergence is observed. For a homogeneous

estimate for all i(b,=b,=..=b, =b), b, =(e;, ) where the estimate of b is

N
computed as b = %Zbi :
i=1l

Case 2: Dynamic Model

In the dynamic model however, the Least Trimmed Squares (LTS) estimator is
employed with a high breakdown point. The motivation for choosing the LTS instead of
other robust estimators is to detect outliers and bad leverage points. According to

Rousseeuw (1984), the LTS estimator is more efficient than other procedures in RREG
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and he advocates trimming the distribution to eliminate the outliers’ effects. Besides, the
LTS method has better statistical efficiency and local stability than the LMS (Wang and
Suter, 2002).

The LTS estimator is defined through the following criterions:

m N 2
min D"y, —=bi %| © (2.16)
t=1

that is, minimizing the sum of the absolute squared residuals to obtain a coefficient of

interest. Here, m takes the value of |T/2+[(k +2)/2] with |.| denoting the integer
value and |Z|m representing the |Z| order statistics for t=12,...,T .

Once outliers are detected from the robust fit, two different approaches are
applied to reduce the outliers’ effect and consequently results in the correct value of p,.

The details of the procedures are given in the next section.

2.4.1 Robust Standard Deviation (Scale)

The standard deviation of the residual process in (2.1) is commonly computed as

T 1/2

P
G, = ﬁ , Where €, is the estimated residual obtained from OLS procedure.

In the presence of outliers, the OLS residuals are affected result in a larger value of &, .
As ¢, may be overestimated in the presence of outliers, we may need an alternative

estimate of the standard deviation. A very robust choice of scale estimate is the Median

Absolute Deviation (MAD) with the tuning constant ¢ =1.4825, chosen so that &; is

consistent for o, at the normal distribution, which yields

&; = C median
t

é, —meqlian(éit)hor i=12,...,Nand t=12,..,T. (2.17)
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Therefore, the MAD is employed in (2.8) as a robust scale estimates since it is more

robust than other scale estimates.

2.4.2 Robust CD tests
The following simple alternative is proposed by replacing p; in (2.6) with /3,/,(”)

where:

T

D VIV
A A t=1

Py(ii) = Pyli) = K (2.18)

T 1/2 T 1/2 !
(;WﬁnJ (Zﬂ”f]nj

t=1

and yqy, represents either wpy OF iy, , Where wpy, and ), are the robust

standardized residuals using a robust and diagnostic tools, respectively, and this is

described in Sections 2.4.2.1 and 2.4.2.2.

2.4.2.1 Robust CD test using a robust tool
Some commonly used methods for ‘reducing’ the outliers’ effects can be found
in Huber (1981), Rousseeuw and Leroy (1987), Chen (2002), and Maronna et al. (2006).

The following method is based on Huber p -function:

2
u—z“ Ju| <@
)= - (2.19)
@ (|uit - Ej ;otherwise
where u,, is standardized by
é
u, =—1t 2.20
= A (2.20)

Al

Here, the standardized residual u,, is computed using €; as the fitted residual

obtained from a RREG divided by an estimate of their robust scale, MAD given in
Equation (2.17).
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The yyy, is the derivative of (2.19) w.r.t. u;

u, Ju, | < @
Yijie = t . | t| . (2.21)
@sign(u,)  otherwise

By setting @ =1.345 to achieve a 95% efficiency at normal distribution, any

N
it
A

O;

observation with >1.345 will be flagged as outliers. While most standardized

residuals remain unchanged, those flagged outliers will be replaced by a constant

@ sign (U, ) . Notice that as @ — o , y;, — U, . In general, this procedure is used for

exploratory purposes to identify the potential outliers prior to computing the robust

correlation coefficient 5, -

By substituting (2.21) into (2.18), two robust versions of the CD test are
obtained based on the Huber function, namely:

i) Robust LM Test 1, denoted by RLM1:

N-1 N
RLM1=T> > 5 (2.22)

i=l j=i+l
i) Robust PCD Test 1, denoted by RPCD1.:

1

2T B 4.
RPCDl1= | — . 2.23
N(N _1);§lpW1('J) ( )

The behaviour of these tests is discussed in Section 2.4.3.

2.4.2.2 Robust CD test with diagnostic tool
In the second approach, the outliers’ effects are detected using the benchmark of

standardized residuals u, . Here, y,;, is used in (2.18) and it is given as follows:

A

Gl ilu,|<d
= (2.24)
Ven {O ;otherwise
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where &; is a robust scale computed as in (2.17) , u, is computed as in (2.20) and d is
chosen from the simulation study reported in Tables 2.1 to 2.2 for the pure static and
dynamic models, respectively. The value of d represents the critical value of this
procedure and the effect of outliers is removed when the absolute standardized residuals

lu,|>d . Notice that as d — o0, yp,y; —> Uy

Substituting (2.24) in (2.18), yields other sets of robust CD tests as follows:

i) Robust LM Test 2, denoted by RLM2:

N-1 N
RLM2=T> > 5. i (2.25)

i=1 j=i+l

i) Robust PCD Test 2, denoted by RPCD2:

a0 uy,
i=l j=i+

For the case of the unbalanced panel, p,;, in (2.18) is computed as (see Pesaran, 2004)

) (‘//[.]it _V7[-]i XV/[-]J': N l/7[-]1)

teTj mTj

Puti) = Putin =

w(ii) 1/2 1/2
(tenzﬂ(j‘»”[.]n ~V )Zj ( > (), _17[.]])2}

teTj mTJ'

> Vi 2 Vi

teliNT i _ teTiNT i
and . =
TN, Vil

[ j

where 7 =

2.27
T, mTj ( )

2.4.3 The Properties of the Proposed CD tests

The following theorem is needed in Theorem 2.1 and Theorem 2.2.

Central Limit Theorem (CLT)
This theorem states that the sum of a large number of random variable (rv) will

have an approximately normal distribution if the sequences of those rv are identically
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and independently distributed (iid), with some mean and variances. For example, in the

panel data model described in (2.1), if (&, &5,-..,&)fOr i1=12,...,N. t=12,...,T

are iid with mean x and variances o, the central limit theorem states that:
1 N T
VNT [WZZEH —ﬂj%’\'(oﬁz)

i=1 t=1

asN >0 andT > oo.

Theorem 2.1: Under assumptions A2.1- A2.6, and assuming that wr;, is monotone

nondecreasing function™*,

E(/amaj) ): 0

and
E(RPCD1)=0
T
Z Ynlit¥n)it
where o, i) = . = - 77 and the RPCD1 are defined in (2.23) .
(Z ‘/’[i]itj (Z ‘//[i]jtj
t=1 t=1

Proof of Theorem 2.1%:

Al

Assuming that assumptions A2.1-A2.2 is true for robust residuals'®, €, and under

assumption A2.3- A2.5 for the proposed procedure, we have

O;

E[w{é"‘ j} —E(y,(u,)=0 . (2.28)

Al

Equation (2.28) holds if &, is symmetric, where €&/ is the estimated residuals obtained
from M-estimator (e, in model (2.1)) and &; is the robust scale estimate, MAD and

computed as in (2.17).

¥y, is monotone nondecreasing with y; (—0) < 0 <y, ().

%5 The references of this proof are based on Maronna et al. (2006) and Pesaran (2004).

18 Robust M-residuals coincides with the OLS residuals when wpe In (2.21) is identity function (McKean et al. (1993)). Thus, the
properties of this M-residual will follow OLS properties that result in the assumption of A2.1-A2.2. See details in McKean et al.
(1993).
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Let &, and &, be the scaled standardized residuals defined by

v, (Uy) y, (U J't)

_ Cand g, - . (2:29)
[‘//1 (uit)T 4 (uit)]l [Wl (u J't)T Y1 (U jt )]l
T
_ ZW1]|tW1]Jt
and rewrite p, ;= = 785 Dy i) anf,t

.
[Z ‘//[i]n j (Z V’[i]jt J
t=1 =1

Using the properties of (2.28) in (2.29), we have E(&,)=0 forall iand t.
Assuming that assumptions of A2.1-A2.2 are true for €, ,and then p, ;) and p, ) are

cross sectional independences for i, j,s such thati = j =s. Specifically,

E(p )= T ElEe et )= X Y E(e, B E(E,)=0,

t=1 t'=1 t=1 t'=1

Thus, E(p,,;)=0, which in turn leads to E(RPCD1)=0 forany N andall T >k+1.

End of proof of Theorem 2.1.

Proposition 2.1: Under Theorem 2.1, and assumptions A2.1-A2.6, the asymptotic

distribution of RPCDL1 is given as follows

2T
R 2 2 —NO.ZD)

as T —ooand N — oo, where Z? is given in (2.30).

Proof of Proposition 2.1

Under Hy, let

N-1 N

FN N(N l)zzpllflll ’

i=1 j=i+l

" The references of this proof are based on Maronna et al. (2006) and Pesaran (2004).
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Using the result in Theorem 2.1 where p, ., are cross sectional independences for

i, j,s such thati = j =s. Specifically,

E(pm (ii) p‘//l (is) ) ii E(gitgjtéit‘gst'): ii E(gitgjt )E(git')E(gst'): 0,

t=1 t=1 t'=1

and so,Var([)Wl(ij)): E(,b2 ) )sl.

(i)
Using the CLT, for all T >k+1 where k is the number of independent variables, the
following is obtained.
F, ——>N(0,22) asN —>w

N-1

N%[N(N NN D2 2 5P el ﬂ (230)

N-1 N R
= Z_Zpt//l(ii)
Hence, L e ~N(@©]1) as N—o.

NEZRNE F

with Z:=

Thus,

2T -1
- —)N OZ as N >,
N(N 1)%2? i) ©.2¢)

where Z2 is givenin (2.30) and depends on v, used.

Note that (2.18) can be rewritten as follows:
1 T
ﬁzvfl(uit)%(ujt)
T = 1/2 T
ZV’1(U t)z Z‘//l(ujt )2

t=1 t=1

T T

T By =

1/2
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il//l(uit )2

. 1 =
and obtain ngxl(un)yxl(ujt):op(l) and % =1+0,(1)

under Ho and as T o0, Tp,;——>N(0,22). Using the results in

\/N(N 122

will subsequently yield ﬁz D Py ——>N(©0,Zf)as T »>coand N — 0.
i=1 j=i+l

End of proof of Proposition 2.1".

119

Corollary 2.1°°: Using result in Theorem 2.1 and Proposition 2.1:

-1 N
TZ Z/A’;l(ii) — ’Zﬁ(w—l)/z

i=1 j=i+l

asN >0 andT — .

Corollary 2.2: When @ tends to infinity, RLM1 coincides with LM and RPCD1
coincides with PCD.
Corollary 2.3: When d tends to infinity, RLM2 coincides with LM and RPCD2

coincides with PCD.

2.5 Finite Sample Behaviours of the Tests of Cross Sectional Dependence

In this section, the Monte Carlo simulation study is used to investigate the finite
sample behaviour of the CD tests in the presence of contaminations. In the first part of
this experiment, the mean and standard deviation, size and power of the test based on

500 replications for N =20,T =100 are computed to investigate the performance of the

CD tests under the various degrees of CD and various types of outliers. In testing the

'8 Figure 2.1 supports the result that RPCD1 approximate the normal distribution.
' Figure 2.2 supports the result that RLM1 approximate the normal distribution.
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null hypothesis of the cross sectional independence, the size of the test is defined as the
probability of rejecting the null hypothesis of cross sectional independence when no
contemporaneous correlated errors exist in the model, that is,

The size of the test = P(reject H, | H, is true)
We say that the size of the test is reasonable if it is fairly close to 0.05 (at 5% level of
significant). The power measures the probability of correctly rejecting the null when the
alternative hypothesis is true (there is cross correlated errors in the model), that is,

The power of the test = P(reject H, | H, is false)

and if the power more than 90% (at 5% level of significant), than the test is considered
has high power .

Next, 500 runs are performed for each pair of cross sectional units and times
with N =(10,20,30,50,100) and T =(10,20,30,50,100) to investigate the size and
power of the tests in uncontaminated and contaminated panels with 5% contamination®.
For the LM, RLM1 and RLM2 tests, only the performance of the tests for N <T is

studied because these tests experience size distortion when N >T.

2.5.1 The Pure Static Panel Model

Following Pesaran (2004), data generating process (DGP) is considered as
specified by:
V. =a, + X, +e.;and e, =y, f, +o,¢&,;fori=12,...,N, t=-49,..,012,...,T
with ¢; ~iidU (-0.5,0.5); o, =1; X, ~iidN (0,); &, ~ iidN (0,) ; f, ~ iidN (0,1).
B, is set as follows:

1. Homogeneous slope: B, = =1,

2. Heterogeneous slope: g, ~U[0]. (2.31)

2 All of the computations are conducted using S-PLUS
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Under various degrees of CD, the value of y, takes the following forms?*:
(i) 7, =0 for cross-sectional independence,

. . : (2.32)
(i) »; ~ 1idU (0.1,0.3) for mild cross dependency and ,
(iii) y, ~ iidU (0.5,1.5) for strong effect of cross dependency.
In the presence of contaminations (m, ) at time t=r,, for each cross-sectional unit i,
the residual has the following form:

e, fort =z, _
e, = fori=12,...,N; (2.33)

e, +m, fort=r,

and in the presence of structural breaks (changes in slope):

0.2 fort=-49,....T/2 )
B = fori=12,...,N;
1.0 fort=T/2+1,...,T
and for changes in variances:
o, = v1.5 fort=-49,...,T/2 fori=12.... N: (2.34)
1.0 fort=T/2+1,...,T

2.5.1.1 Results and Discussion

Tables 2.1 and 2.2 provide the cut-off point, d in (2.24) based on three different
nominal levels, 10%, 5% and 1% for the pure static and dynamic models, respectively.
As expected, when T large, RLM2 and RPCD2 follow a normal distribution and hence

d ~1.64,1.96,2.58 at 10%, 5% and 1% nominal level, respectively. These values

however, are subjected to the small sample size as shown in the table. This cut-off point
d is used in computing the test statistics in investigating the size and power of the tests.

Tables 2.3 to 2.4 summarize the results of the CD test in the regression panel for
the case of the homogeneous slope. For uncontaminated data and cross sectional

independence (column 1), the average values of test statistics for LM and PCD are

2 The forms of CD are set to be close to Pesaran (2007) and Coakley et al. (2006).
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relatively small, suggesting that the null hypothesis of y, =0 should not be rejected.

The size of these tests is around 5%. The proposed tests (i.e. RLM1, RLM2, RPCD1
and RPCD2) provide the same conclusion, and are comparable with those results
obtained from the standard LM and PCD tests. For the case of mild CD

effecty, ~iidU (0.1,0.3), it is observed that only the PCD, RPCD1 and RPCD?2 tests

reject the null of the cross section independence while the LM, RLM1 and RLM2 do

not. When the effect of the CD is stronger y, ~iidU (0.51.5), all tests reject the null of

cross section independence with a high probability.
In the presence of 5% contamination (see columns 2 to 5 of Table 2.3), it is
observed that the LM test is over-sized when no CD is present in the panel. The RLM1,

RLM2 and RPCD2 however provide the correct size for the study. Similar results are
obtained for the RPCD1 test, except in the presence of contamination from ;((230).

Notice that both the LM and PCD tests fail to detect the present of mild CD in the
contaminated panel. By contrast, the RPCD1 and RPCD2 tests perform well with
reasonably good power. For the stronger CD effect, the power of the proposed methods
(RLM1, RLM2, RPCD1 and RPCD2) continue to perform well compared to the LM
and PCD tests in both the uncontaminated and contaminated panels. Similar results are
obtained as the percentage of contaminations increases to 10% (Table 2.4). For the
heterogeneous panel, the similar findings are observed and these are reported in Tables

2.510 2.6.

In the presence of the structural breaks, all tests attain the correct size for the
case of the pure static model (Table 2.11). The PCD, RPCD1 and RPCD2 tests
outperform the LM, RLM1 and RLM2 tests in term of power for the case of mild CD

effect.
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2.5.2 Dynamic Panel Model

The DGP for the first order dynamic panel model is considered as follows:
Vo=a, +B'y.  +e; with o =u@0-4) and e, =y f +e&, for
i=12,..,N. t=-49,...012,...T. u ~iidU[0,0.02] is set with &,,f ~N(0])
and g, are given as in (2.32). In investigating the power and size of the tests, the degrees

of the cross sectional dependence in the DGP for this model will be similar with (2.32).

In the presence of contaminations in the dynamic case, only the additive outliers (AO)%

type that affects only y,, is considered. Thus, the notation of this will take the form of:

Vi fort =z, _
Y, = fori=12,...,N. (2.35)

Y. +m, fort=r,

Based on 500 simulation runs®, the mean and standard error of the test statistics
are computed for a pair of sample size N =20,T =100 in the first experiment, together
with the respective power and size of study under five conditions namely, in which the
residuals e, are distributed as  ())N(0Q);  (ii)(1-S)NOD+5r;
(i) A= S)N(0) + N (4,4); (iv)(1-S5)N(0,1)+N(12); (v)(1—5)N(01)+ S Cauchy
(0,16) , where Jis the percentage of contamination chosen as 0.05 and 0.10,
respectively. In the second experiment, in order to provide insight on the effect of N
cross sectional units and time T on the size and power of the test, residuals e; are
simulated from N(0,1) for the uncontaminated and (1—&)N(0,1) + § Cauchy (0,16) for
the contaminated panels, respectively with 6=0.05. The pair of sample size chosen
isN =(10,20,30,50,100), and T =(10,20,30,50,100). The performance is investigated

when g, = £ (that is when the slope is homogeneous across cross sectional units) and

2 AQ affect the level but leave the variance unaffected.

2 Only 500 runs are used due to time consuming especially when sample size are large, for example when (N, T) = (100,100) which
equivalent to 10000 samples. Besides that, with 500 runs, the results slightly consistent if we take larger replications, and due to the
time constraint, we fix to this number.
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when g differs across i (heterogeneous case) under the various levels of cross

dependency in the panel: no CD, mild CD effects and strong CD effects.

2.5.2.1 Results and Discussion
The results of the dynamic panel are summarized in Tables 2.7 to 2.8, and 2.9 to
2.10 for the homogeneous and heterogeneous slopes, respectively. In the case of the

homogeneous slope and no contaminations, all tests have the correct size when y, =0

(see column 1 Tables 2.7 and 2.8). The power of the tests for the case of mild CD is
reasonably well except for the RLM, RLM1 and RLM2 tests. These tests however
provide a good power for the case of a strong CD effect, and are comparable with those
obtained for the PCD, RPCD1 and RPCD tests in uncontaminated data.

For the homogeneous case and in the presence of outliers, the LM, RLM1 and
RLM2 tests suffer from size distortion (for both 5% and 10% contaminations from ;((230)

and Cauchy distribution (see columns 2 and 5 of Tables 2.7 and 2.8). Similar results are
obtained for the RPCD1 and RPCD?2 tests. These tests fail for a larger size and heavy
tailed contamination. The PCD test however provides a reasonable size of the test in the
presence of outliers (columns 2-5 of Tables 2.7 to 2.8). The proposed method, the
RPCD1 and RPCD2 tests have reasonably good powers when CD is observed in panel

(that is y, ~1idU (0.1,0.3) and y, ~iidU (0.5,1.5)) and which outperform the PCD, LM,

RLM1 and RLM2 tests for the case of mild CD in contaminated panel. Similar results
are obtained for the size and power of the tests for the case of the heterogeneous slope
in the uncontaminated data (see column 1 of Tables 2.9 to 2.10). In the presence of
outliers, the size of the LM, RLM1 and RLM2 tests suffer from size distortion as in the
homogeneous slope case. The PCD, RPCD1, RPCD2 tests however have the correct
size for the test with values approximately 0.05 (as shown in columns 2 to 5 of Tables

2.9 to 2.10). In the case of mild CD effect, the RPCD1 and RPCD?2 tests provide good
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results in the presence of 5% contamination while the LM, RLM1, RLM2 and PCD

tests fail to do so (see Table 2.9). The power remains high with 10% contamination

except for the RPCD1 test when AOs are from y. distribution (see Table 2.10). All

tests attain high power for the case of the strong CD in the presence of 5%
contamination (Table 2.9) but not for LM and PCD when the percentage of
contamination increases to 10% (Table 2.10).

In the presence of the structural breaks (Table 2.12), similar results are obtained
as in the pure static case. The LM, RLM1 and RLM2 tests suffer from size distortion in
the presence of structural breaks while the RPCD1 and RPCD2 outperform PCD in term
of size of the test in the presence of structural breaks in the dynamic model. All tests
however provide the correct detection of CD when a strong CD is observed in the panel.

For overall performance of size and power of CD tests, the results are reported
in Tables 2.13 to 2.14 (pure static model) and Tables 2.15 to 2.16 (dynamic),
respectively. The results of the Monte Carlo study are summarized as follows: First, in
the contaminated data (see Tables 2.14 and 2.16), the RLM1, RLM2, RPCD1 and
RPCD?2 tests retain similar power as in the uncontaminated version (see Tables 2.13 and
2.15). Secondly, the RLM1 and RLM2 tests however generally have lower power in the
presence of a mild CD except when T — oo for both the uncontaminated (see Tables
2.13 and 2.15) and contaminated panels (see Tables 2.14 and 2.16). Thirdly, while the
power of the test for the PCD and LM tests decreases as T — «in the presence of mild
CD and outliers, as shown in Tables 2.14 and 2.16, the RPCD1 and RPCD2 tests
continue to attain good power. Finally, it is concluded that the proposed method
(RPCD1 and RPCD?2) yields comparable size and power of study to those obtained in
the PCD approach for both cases when N large relative to is T and when T is large

relative to N .

37



Table 2.1: Critical Region for d in the Pure Static Panel Model (Heterogeneous slope)

T/N 10 20 30 50 100
10%
10 1.818 1.796 1.786 1.788 1.783
20 1.707 1.707 1.707 1.697 1.700
30 1.690 1.682 1.681 1.681 1.678
50 1.668 1.667 1.665 1.663 1.664
100 1.657 1.655 1.654 1.652 1.656
5%
10 2.264 2.218 2.208 2.199 2.184
20 2.077 2.069 2.066 2.054 2.053
30 2.048 2.025 2.026 2.020 2.017
50 2.003 1.997 1.996 1.994 1.993
100 1.983 1.977 1.977 1.974 1.979
1%
10 3.269 3.143 3.110 3.088 3.056
20 2.878 2.814 2.814 2.788 2.785
30 2.772 2.727 2.714 2.708 2.703
50 2.681 2.663 2.662 2.656 2.654
100 2.629 2.614 2.614 2.612 2.617

Note: The results are the value of d in (2.24) for three nominal levels, 1%, 5% and 10% computed based on 5000 replications.
The model for the purely static panel is y, =a; + B % +& ;and &, = y; f, + oy & ; With o; ~iidU (-0.5,0.5) ; o, =1; %, ~iidN(0) &, ~iidN(02); f, ~iidN(0,)) ; 5, ~U[0.]



Table 2.2: Critical Region for d in the Dynamic Panel Model (Heterogeneous slope)

T/N 10 20 30 50 100
10%
10 1.968 1.946 1.940 1.937 1.940
20 1.780 1.775 1.783 1.770 1.774
30 1.739 1.739 1.736 1.730 1.733
50 1.701 1.697 1.702 1.701 1.701
100 1.676 1.674 1.673 1.673 1.674
5%
10 2.552 2.522 2.513 2.502 2.503
20 2.246 2.244 2.245 2.232 2.238
30 2.169 2.162 2.166 2.157 2.155
50 2.092 2.083 2.089 2.089 2.088
100 2.032 2.032 2.029 2.027 2.029
1%
10 3.676 3.571 3.565 3.546 3.533
20 3.078 3.048 3.056 3.035 3.034
30 2.915 2.890 2.889 2.877 2.883
50 2.770 2.755 2.763 2.761 2.765
100 2.677 2.669 2.668 2.671 2.669

Note: The results are the value of d in (2.24) for three nominal levels, 1%, 5% and 10% computed based on 5000 replications.
The model for the dynamic panel is Y, =a; + B Yy 1 +€; With o, = 1,(1— ) and e, =y, f, +&, ; 4 =&+ With g.,7;, f, ~ N(0,)) ; B ~U[0/]



Table 2.3: CD Test in the Pure Static Model (Homogeneous slope) (5% contamination)

Test CD case/ g, N (0,1) 0052, 0.05N(4.4) 0.05LN(L2) O.O?Oia(;j)chy
LM 191.696 193.203 192.487 193.137 192.161
(18.679) (39.209) (48.081) (65.059) (82.285)
0.048 0.212 0.260 0.296 0.302
RLM1 191.778 189.139 191.755 191.208 192.117
(19.215) (19.551) (20.182) (19.793) (18.528)
0.056 0.048 0.064 0.056 0.048
RLM?2 191.645 191.064 191.631 191.603 191.551
(19.312) (19.220) (19.361) (19.150) (19.101)
No CD 0.054 0.050 0.058 0.054 0.044
PCD Vi = -0.010 0.043 -0.030 -0.020 0.072
(0.999) (1.039) (0.979) (0.974) (1.003)
0.050 0.056 0.046 0.042 0.044
RPCD1 -0.002 0.763 0.010 0.126 -0.030
(1.010) (1.020) (0.963) (0.986) (1.003)
0.050 0.134 0.048 0.050 0.042
RPCD2 0.017 0.061 0.002 0.022 0.062
(1.034) (1.025) (1.007) (1.011) (0.949)
0.056 0.052 0.060 0.062 0.038
LM 221.866 192.555 192.796 194.370 189.078
(26.609) (38.005) (48.830) (67.681) (74.700)
0.450 0.200 0.240 0.278 0.296
RLM1 218.010 216.869 213.530 215.813 212.000
(25.779) (26.749) (23.328) (24.677) (24.036)
0.400 0.354 0.312 0.372 0.298
RLM2 205.551 205.393 207.392 206.680 206.910
) (22.146) (23.018) (22.370) (22.420) (22.306)
Mild CD 0.202 0.202 0.234 0.220 0.220
PCD 7 ~U(0.10.3) 5.174* 0.157 0.521 0.920 0.166
(1.757) (1.056) (1.123) (1.217) (1.060)
0.984 0.062 0.114 0.196 0.076
RPCD1 4.910* 4.907* 4.218* 4.578* 4.283*
(1.741) (1.614) (1.558) (1.595) (1.649)
0.964 0.966 0.932 0.962 0.924
RPCD2 3.739* 3.480* 3.738* 3.602* 3.895*
(1.584) (1.523) (1.418) (1.457) (1.570)
0.878 0.858 0.902 0.878 0.896
LM 4373.464* 210.470 404.418* 728.332* 234.439*
(885.003) (43.692) (122.165) (283.102) (84.262)
1.000 0.340 0.972 0.992 0.524
RLM1 4023.240* 2993.436* 3037.903* 3388.093* 3076.213*
(859.100) (597.366) (605.708) (665.294) (645.163)
1.000 1.000 1.000 1.000 1.000
RLM2 2504.035* 2160.785* 2403.561* 2305.680* 2518.730*
(666.212) (529.390) (563.367) (551.954) (605.188)
Strong CD 1.000 1.000 1.000 1.000 1.000
PCD 7, ~U(0.51.5) 65.558* 3.845*% 12.128* 15.923* 3.476%
(7.111) (1.671) (3.378) (5.241) (2.119)
1.000 0.824 1.000 1.000 0.764
RPCD1 60.857* 52.023* 52.328* 55.535* 52..679*
(7.156) (5.850) (5.888) (6.108) (6.190)
1.000 1.000 1.000 1.000 1.000
RPCD2 47.639* 44.115* 46.678* 45.629* 47.859*
(6.965) (6.004) (6.119) (6.136) (6.407)
1.000 1.000 1.000 1.000 1.000
Note: The results are the sample mean, standard deviation (parentheses) and rejection rates (bold) of the tests based on 500
replications. ~ The H, is  rejected  (marked  with ) if LM,RLM1, RLM2 > 7 ) = 223.160 and

|PCD,|RPCD1|,|RPCD2| > N(0,1) =1.96 at 5% significant levels.
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Table 2.4: CD Test in the Pure Static Model (Homogeneous slope) (10% contamination)

0.90 N (0,1)+ 0.90 N (0,1)+ 0.90 N (0,1) + 0.90 N(0,1)+
Test CDcasel &, N(0.) 0.1042, 0.10N(44)  0.10LN(L2) 0'1?0Cfg‘)‘3hy
LM 191.696 192.392 190.536 186.813 190.862
(18.679) (23.090) (33.318) (71.063) (76.327)
0.048 0.104 0.154 0.274 0.288
RLM1 191.778 191.904 191.190 189.909 192.059
(19.215) (20.223) (19.899) (19.862) (19.453)
0.056 0.062 0.072 0.052 0.044
RLM?2 191.645 192.448 192.394 191.976 191.820
(19.312) (18.938) (19.857) (19.827) (19.969)
No CD 0.054 0.056 0.068 0.048 0.060
PCD 7 =0 -0.010 0.050 -0.073 -0.079 -0.004
(0.999) (1.033) (1.052) (0.974) (0.968)
0.050 0.054 0.050 0.038 0.036
RPCD1 -0.002 2.763* 0.106 0.532 -0.030
(1.010) (1.019) (0.990) (1.038) (0.955)
0.050 0.774 0.044 0.100 0.042
RPCD2 0.017 -0.017 0.014 0.067 -0.028
(1.034) (0.983) (0.998) (1.050) (0.956)
0.056 0.046 0.040 0.072 0048
LM 221.866 192.392 191.439 195.228 189.858
(26.609) (22.162) (34.942) (79.600) (76.777)
0.450 0.104 0.176 0.302 0276
RLM1 218.010 226.475* 207.771 213.367 206.137
(25.779) (27.622) (22.967) (23.913) (22.214)
0.400 0.540 0.244 0.330 0.200
RLM?2 205.551 202.969 206.529 205.159 207.428
Mild CD (22.146) (21.530) (21.969) (21.937) (23.127)
0.202 0.160 0.218 0.208 0..228
PCD 7 ~U(0.103) 5.174* 0.135 0.171 0.280 0.027
(1.757) (0.985) (1.027) (1.058) (0.937)
0.984 0.052 0.058 0.074 0.046
RPCD1 4.910% 6.269% 3.624* 4.478* 3.541*
(1.741) (1.481) (1.504) (1.535) (1.557)
0.964 0.996 0.874 0.962 0.844
RPCD2 3.739* 3.154* 3.698* 3.464* 3.851*
(1.584) (1.478) (1.445) (1.430) (1.567)
0.878 0.788 0.890 0.876 0.904
LM 4373.464* 195.876 233.448* 291.731* 192.135
(885.003) (24.065) (45.549) (110.697) (75.803)
1.000 0.148 0.540 0.714 0.286
RLM1 4023.240% 2379.144* 2246.318* 2844.122* 2236.337*
(859.100) (469.926) (464.425) (573.148) (479.913)
1.000 1.000 1.000 1.000 1.000
RLM?2 2504.035* 1834.594* 2045.567* 2093.207* 2414.202*
(666.212) (458.405) (504.123) (503.889) (550.847)
Strong CD 1.000 1.000 1.000 1.000 1.000
PCD 7, ~U(0.515) 63.558% 1.669 5.560* 5.735% 0.738
(7.111) (1.199) (2.038) (2.837) (1.104)
1.000 0.386 0.982 0.934 0.180
RPCD1 60.857* 46.006* 44.263* 50.487* 44.160*
(7.156) (5.139) (5.268) (5.743) (5.431)
1.000 1.000 1.000 1.000 1.000
RPCD2 47.639* 40.339* 44.943* 43.238* 46.749%
(6.965) (5.692) (5.710) (5.895) (5.978)
1.000 1.000 1.000 1.000 1.000

Note: The results are the sample mean, standard deviation (parentheses) and rejection rates (bold) of the tests based on 500 replications. The
Ho is rejected (marked with ") if LM,RLM1,RLM2> 2 , . =223.160 and [PCD|,|RPCD1],|RPCD2| > N(0,1) =1.96 at 5% significant

levels.
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Table 2.5: CD Test in the Pure Static Model (Heterogeneous slope) (5% contamination)

I N©.1) 0052,  O005N(44)  005LN(L2) O-O?OC{"EE)J)C“V
LM 192.030 192.581 191.581 188.421 185.691
(19.234) (38.275) (45.886) (63.636) (76.961)
0.056 0.180 0.242 0.252 0.272
RLM1 191.808 189.398 191.385 190.953 191.025
(19.913) (19.494) (17.848) (18.735) (19.462)
0.046 0.048 0.042 0.042 0.066
RLM?2 190.944 192.186 190.513 191.287 192.215
(20.511) (19.054) (18.298) (18.994) (18.619)
No CD 0.050 0.054 0.040 0.048 0.050
PCD Vi = -0.001 -0.022 0.019 0.030 -0.038
(1.006) (1.031) (1.008) (1.008) (1.003)
0.042 0.054 0.066 0.052 0.052
RPCD1 0.014 0.733 0.058 0.202 -0.003
(1.030) (1.009) (1.001) (1.035) (1.022)
0.066 0.134 0.052 0.070 0.056
RPCD2 -0.001 -0.013 0.026 0.018 0.011
(1.047) (0.979) (1.010) (1.008) (1.046)
0.062 0.042 0.058 0.050 0.056
LM 221.247 188.415 190.858 189.204 194.555
(27.763) (36.037) (43.828) (59.166) (84.603)
0.428 0.162 0.226 0.244 0.328
RLM1 218.330 215.971 214518 216.534 213.401
(26.219) (27.004) (24.075) (24.408) (25.076)
0.380 0.354 0.326 0.346 0.306
RLM?2 205.936 203.596 207.463 206.771 208.202
) (22.291) (22.344) (22.736) (22.798) (23.160)
Mild CD 0.212 0.176 0.216 0.212 0.250
PCD 7 ~U(0.10.3) 5.192% 0.109 0.592 0.898 0.211
(1.717) (1.042) (0.994) (1.097) (1.016)
0.986 0.066 0.096 0.166 0.046
RPCD1 4.938* 4.789* 4.287* 4.634* 3.723*
(1.665) (1.645) (1.564) (1.621) (1.523)
0.972 0.970 0.944 0.968 0.926
RPCD2 3.761* 3.369* 3.827* 3.723* 3.744*
(1.526) (1.510) (1.541) (1.523) (1.581)
0.884 0.822 0.898 0.878 0.872
LM 4393.100* 205.248 403.501* 712.852* 239.534*
(792.487) (41.902) (122.032) (274.245) (95.069)
1.000 0.270 0.980 0.994 0.548
RLM1 4040.739* 2925.314* 3044.824* 3398.364 * 3008.858*
(763.288) (598.863) (632.519) (706.001) (630.438)
1.000 1.000 1.000 1.000 1.000
RLM2 2511.355* 2088.451* 2414.057* 2321.304* 2452.455*
(608.222) (523.827) (599.387) (595.814) (611.719)
Strong CD 1.000 1.000 1.000 1.000 1.000
PCD 7, ~U(0.51.5) 63.789* 3.368* 12.095* 15.738* 3.479*
(6.346) (1.587) (3.313) (5.112) (2.222)
1.000 0.798 1.000 1.000 0.752
RPCD1 61.087* 51.295* 52.355* 55.584* 52.026*
(6.340) (5.858) (6.087) (6.427) (6.097)
1.000 1.000 1.000 1.000 1.000
RPCD2 47.806* 43.234* 46.776* 45.778* 47.111*
(6.301) (6.034) (6.403) (6.468) (6.482)
1.000 1.000 1.000 1.000 1.000
Note: The results are the sample mean, standard deviation (parentheses) and rejection rates (bold) of the tests based on 500
replications. ~ The H, is  rejected  (marked  with ) if LM,RLM1, RLM2 > 7 ) = 223.160 and

|PCD,|RPCD1|,|RPCD2| > N(0,1) =1.96 at 5% significant levels.
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Table 2.6: CD Test in the Pure Static Model (Heterogeneous slope) (10% contaminations)

090N (0,1)+ pooN 01+ 090N (0,1)+ 0.90 N(0,1)+

LM 192.030 192.392 188.826 190.376 190.769
(19.234) (23.090) (34.273) (73.393) (80.260)
0.056 0.104 0.154 0.282 0.290
RLM1 191.808 191.904 191.014 190.036 191.465
(19.913) (20.223) (17.830) (18.404) (19.966)
0.046 0.062 0.038 0.036 0.062
RLM2 190.944 192.448 190.925 190.759 192.289
(20.511) (18.938) (18.589) (18.393) (18.577)
No CD 0.050 0.056 0.046 0.048 0.054
PCD Vi = -0.001 0.050 0.045 0.034 0.036
(1.006) (1.033) (0.954) (0.984) (0.942)
0.042 0.054 0.040 0.044 0.032
RPCD1 0.014 2.763* 0.127 0.599 0.000
(1.030) (1.019) (0.981) (0.995) (1.022)
0.066 0.774 0.060 0.086 0.052
RPCD2 -0.001 -0.017 0.031 0.086 0.048
(1.047) (0.983) (1.020) (1.000) (1.029)
0.062 0.046 0.064 0.054 0.058
LM 221.247 190.709 191.558 185.986 191.700
(27.763) (21.801) (31.546) (71.183) (78.097)
0.428 0.074 0.144 0.256 0.300
RLM1 218.330 225.516* 208.878 213.742 207.921
(26.219) (27.645) (22.800) (25.387) (22.289)
0.380 0.490 0.236 0.332 0.228
RLM2 205.936 210.387 207.556 204.671 208.190
. (22.291) (20.563) (23.079) (22.301) (23.219)
Mild CD 0.212 0.138 0.236 0.182 0.242
PCD 7 ~U (0.10.3) 5.192* 0.010 0.202 0.228 0.087
(1.717) (0.978) (0.984) (0.981) (1.025)
0.986 0.046 0.062 0.056 0.050
RPCD1 4.938* 6.163* 3.657* 4.524* 3.569*
(1.665) (1.544) (1.445) (1.570) (1.491)
0.972 1.000 0.886 0.962 0.864
RPCD2 3.761* 3.077* 3.730* 3.553* 3.734*
(1.526) (1.423) (1.536) (1.505) (1.529)
0.884 0.760 0.872 0.850 0.852
LM 4393.100* 193.285 223.171* 281.515* 194.066
(792.487) (23.379) (41.805) (108.271) (77.414)
1.000 0.068 0.564 0.686 0.322
RLM1 4040.739* 2315.331* 2247.844* 2845.936* 2192.461*
(763.288) (464.728) (474.317) (597.721) (464.100)
1.000 1.000 1.000 1.000 1.000
RLM2 2511.355* 1762.913 * 2251.347* 2112.504* 2345.785*
(608.222) (454.738) (535.675) (529.529) (559.377)
Strong CD 1.000 1.000 1.000 1.000 1.000
PCD v~ U(0.51.5) 63.789* 1.520 5.562* 5.556* 0.804
(6.346) (1.179) (2.977) (2.773) (1.183)
1.000 0.346 0.970 0.924 0.170
RPCD1 61.087* 45.287* 44.305* 50.497* 43.680*
(6.340) (5.121) (5.321) (5.977) (5.299)
1.000 1.000 1.000 1.000 1.000
RPCD2 47.806* 39.385* 45.008* 43.469* 45.950*
(6.301) (5.770) (5.988) (6.092) (6.098)
1.000 1.000 1.000 1.000 1.000
Note: The results are the sample mean, standard deviation (parentheses) and rejection rates (bold) of the tests based on 500
replications. ~ The H, is  rejected  (marked  with ) if LM,RLM1, RLM2 > 7\ /) = 223.160 and

|PCDJ,|RPCDY),|RPCD2 > N(0,1) =1.96 at 5% significant levels.
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Table 2.7: CD Test in the Dynamic Model (Homogeneous slope) (5% contamination)

0.95 N (0,1) + 0.95 N(0,1)+

Test CD case/ e; N (0,1) 00572, 0.05N(4.4) 0.05LN(L2) 0.0?001agj)chy
LM 193.223 272.167* 226.788* 234.271* 222.825
(19.290) (41.936) (32.166) (62.862) (69.395)
0.070 0.898 0.518 0.522 0.434
RLM1 192.070 332.084* 193.613 192.320 201.967
(19.305) (100.223) (19.460) (19.629) (23.504)
0.064 0.898 0.072 0.070 0.156
RLM2 191.579 414.084* 191.714 190.842 208.911
(18.962) (154.835) (18.836) (18.836) (31.331)
No CD 0.054 0.946 0.074 0.044 0.264
PCD vi = 0.044 -0.035 0.137 0.110 0.052
(1.019) (1.138) (1.126) (1.145) (1.079)
0.054 0.086 0.082 0.096 0.058
RPCD1 0.033 0.227 0.051 0.039 0.033
(1.040) (1.249) (1.016) (1.016) (1.008)
0.066 0.122 0.058 0.060 0.060
RPCD2 -0.020 0.040 -0.004 -0.033 0.035
(1.050) (1.395) (1.021) (1.029) (1.041)
0.052 0.138 0.052 0.064 0.052
LM 219.169 277.042% 229.804* 234.479* 223.640*
(25.296) (45.814) (32.931) (60.867) (70.986)
0.390 0.894 0.556 0.542 0.448
RLM1 215.135 335.996* 207.623 208.211 213.505
(25.204) (101.654) (21.576) (22.815) (24.619)
0.340 0.912 0.242 0.278 0.344
RLM2 204.300 416.239* 202.883 203.396 220.947
Mild CD (23.253) (159.955) (21.628) (21.174) (31.056)
0.194 0.962 0.170 0.160 0.434
pco /i U003 4790 0.690 1.700 0.959 0.414
(1.545) (1.507) (1.357) (1.296) (1.265)
0.970 0.188 0.384 0.212 0.108
RPCD1 4.492* 2.629* 3.428* 3.656* 3.237*
(1.535) (1.676) (1.428) (1.438) (1.423)
0.966 0.612 0.848 0.872 0.778
RPCD2 3.288* 2.614* 3.183* 3.088* 3.240*
(1.423) (1.866) (1.430) (1.433) (1.504)
0.818 0.614 0.802 0.820 0.784
LM 4094.888* 356.117* 1121.806* 576.969* 276.786*
(558.689) (78.386) (275.015) (207.040) (81.992)
1.000 0.986 1.000 0.998 0.746
RLM1 3711.907* 1546.011* 2328.707* 2594.715* 1978.073*
(529.526) (322.698) (404.005) (436.187) (367.426)
1.000 1.000 1.000 1.000 1.000
RLM2 2350.155* 1796.809* 1980.675* 2160.231* 2148.955*
Strong CD (433.641) (381.177) (362.187) (397.134) (417.062)
~ 1.000 1.000 1.000 1.000 1.000
7. ~U(0.51.5)
PCD i 61.423*% 9.356* 28.102*% 13.873* 5.999*%
(4.687) (3.807) (4.562) (4.291) (2.907)
1.000 0.996 1.000 1.000 1.000
RPCD1 58.240% 33.157* 45.157* 47.950* 40.710*
(4.632) (4.935) (4.532) (4.619) (4.574)
1.000 1.000 1.000 1.000 1.000
RPCD2 45.254* 35.681* 41.427* 43.378* 42.767*
(4.727) (5.484) (4.383) (4.587) (4.926)
1.000 1.000 1.000 1.000 1.000

Note: The results are the sample mean, standard deviation (parentheses) and rejection rates (bold) of the tests based on 500

replications. The Ho is rejected

(marked with

|PCDJ,|RPCD1,|RPCD2 > N(0,1) =1.96 at 5% significant levels

Noif LM,RLM1, RLM2 > 4

N(N-1)/2

,=223.160 and
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Table 2.8: CD Test in the Dynamic Model (Homogeneous slope) (10% contamination)

090N 0,1+ (pooN ©1+ 090N(01)+ 0.90 N(0,1)+

Tet  CDeasele,  NOL  g19,2°  “g1oN@44)  010LN(L2) 0-1?0016‘6‘3‘)‘3hy
LM 193.223 245.432* 248.422* 235.066* 206.779
(19.290) (32.611) (31.526) (63.383) (72.799)
0.070 0.752 0.778 0.548 0.352
RLM1 192.070 1151.167* 202.515 198.565 526.170*
(19.305) (234.788) (20.715) (20.600) (138.780)
0.064 1.000 0.158 0.128 1.000
RLM2 191.579 1760.005* 200.742 198.763 772.479*
(18.962) (394.666) (21.203) (21.626) (229.797)
No CD 0.054 1.000 0.158 0.146 1.000
PCD yi =0 0.044 0.020 -0.007 0.005 0.051
(1.019) (1.095) (1.163) (1.084) (1.040)
0.054 0.070 0.086 0.076 0.062
RPCD1 0.033 1.201 -0.005 -0.010 -0.090
(1.040) (2.369) (0.996) (1.003) (1.593)
0.066 0.330 0.040 0.046 0.158
RPCD2 -0.020 0.193 -0.016 -0.007 -0.070
(1.050) (2.992) (1.002) (0.984) (1.915)
0.052 0.458 0.046 0.042 0.230
LM 219.169 249.092* 247.841* 235.769* 207.658
(25.296) (36.436) (32.200) (67.427) (69.264)
0.390 0.774 0.770 0.504 0.366
RLM1 215.135 1153.719* 209.053 207.695 516.953*
(25.204) (244.910) (21.711) (21.918) (136.603)
0.340 1.000 0.252 0.242 0.998
RLM2 204.300 1754.184* 207.109 208.551 761.311*
Mild CD (23.253) (415.755) (20.550) (23.120) (220.801)
0.194 1.000 0.202 0.246 1.000
PCD 7 ~U0103 4.790% 0.530 1.080 0.479 0.282
(1.545) (1.360) (1.348) (1.250) (1.117)
0.970 0.156 0.224 0.126 0.086
RPCD1 4.492* 3.356* 2.433* 2.779* 1.873
(1.535) (3.543) (2.300) (1.335) (2.277)
0.966 0.604 0.612 0.732 0.386
RPCD2 3.288* 2.821* 2.7125* 2.934* 2.345*
(1.423) (4.328) (1.288) (1.318) (2.841)
0.818 0.524 0.778 0.728 0.466
LM 4094.888* 325.333* 628.911* 312.730* 232.863*
(558.689) (78.566) (142.346) (89.181) (74.233)
1.000 0.942 1.000 0.866 0.526
RLM1 3711.907* 1533.176* 1429.117* 1751.728* 1001.766*
(529.526) (393.360) (284.475) (337.832) (200.920)
1.000 1.000 1.000 1.000 1.000
RLM2 2350.155* 2228.397* 1458.926* 1839.931* 1531.163*
(433.641) (642.014) (279.526) (343.874) (343.821)
Strong CD 1.000 1.000 1.000 1.000 1.000
pcD 7 ~U(O515) g1 403+ 8.127* 18.809* 7.554* 3.616*
(4.687) (4.125) (3.438) (2.975) (2.538)
1.000 0.972 1.000 0.988 0.718
RPCD1 58.240* 26.759* 33.966* 38.213* 24.379*
(4.632) (8.604) (4.105) (4.348) (4.793)
1.000 1.000 1.000 1.000 1.000
RPCD2 45.254* 31.168* 34.713* 39.521* 30.814*
(4.727) (11.004) (4.026) (4.339) (6.463)
1.000 1.000 1.000 1.000 1.000
Note: The results are the sample mean, standard deviation (parentheses) and rejection rates (bold) of the tests based on 500
replications. ~ The H, is  rejected  (marked  with ) if LM,RLM1, RLM2 > 7\ /) = 223.160 and

|PCD,|RPCD1],|RPCD2|> N(0,1) =1.96 at 5% significant levels.
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Table 2.9: CD Test in the Dynamic Model (Heterogeneous slope) (5% contamination)

095N (0,1)+ (po5N 01+ 095N(01)+ 0.95 N(0,1)+

et GDEE G WED 0.05,2, 0.05N(44)  0.05LN(L2) O-O?OCfg)Chy
LM 192.801 193.619 195.131 198.096 187.042
(19.270) (36.917) (24.103) (65.938) (79.281)
0.072 0.180 0.130 0.292 0.270
RLM1 191.379 201.462 191.830 191.567 193.348
(18.833) (21.175) (18.855) (19.432) (19.810)
0.054 0.102 0.056 0.058 0.064
RLM2 192.449 207.159 193.169 192.652 197.640
(20.027) (24.537) (19.220) (19.111) (20.385)
No CD 0.076 0.106 0.072 0.048 0.100
PCD 7i =0 0.047 0.025 0.134 0.104 0.060
(1.019) (1.056) (1.030) (1.025) (0.949)
0.054 0.062 0.054 0.052 0.036
RPCD1 0.023 0.433 0.181 0.119 0.041
(1.016) (1.027) (1.044) (1.021) (1.061)
0.050 0.086 0.050 0.058 0.064
RPCD2 -0.045 0.020 -0.002 -0.061 0.106
(1.028) (1.041) (1.070) (1.054) (1.032)
0.050 0.058 0.064 0.062 0.054
LM 218.843 193.708 201.372 201.490 187.100
(25.244) (37.075) (26.817) (67.102) (76.126)
0.382 0.192 0.194 0.314 0.264
RLM1 214.211 215.105 207.048 207.809 207.468
(24.651) (25.892) (22.115) (23.211) (23.943)
0.322 0.344 0.224 0.246 0.226
RLM2 204.995 219.089 203.353 203.315 211.195
Mild CD (22.673) (27.303) (21.277) (21.666) (23.390)
0.186 0.410 0.180 0.184 0.286
PCD 7 ~U(0.103) 4.806* 0.222 2.168* 0.958 0.242
(1.563) (1.067) (1.297) (1.209) (0.995)
0.966 0.070 0.546 0.214 0.050
RPCD1 4.502* 3.636* 3.742* 3.862* 3.433*
(1.537) (1.393) (1.457) (1.472) (1.484)
0.960 0.882 0.898 0.906 0.840
RPCD2 3.313* 3.152* 3.130* 3.176* 3.238*
(1.451) (1.417) (1.428) (1.422) (1.457)
0.840 0.798 0.802 0.806 0.800
LM 4102.829* 218.240 1511.915* 649.811* 229.897*
(556.187) (44.283) (345.707) (258.493) (81.880)
1.000 0.986 1.000 0.998 0.546
RLM1 3720.083* 2073.993* 2612.715% 2785.489% 2263.177*
(528.175) (369.601) (438.711) (457.294) (395.828)
1.000 1.000 1.000 1.000 1.000
RLM2 2355.418* 2031.676* 2008.971* 2166.818* 2124.033*
Strong CD (429.196) (423.122) (376.656) (401.229) (420.813)
~ 1.000 1.000 1.000 1.000 1.000
y. ~U(0.51.5)
PCD i 61.483* 4.169* 34.478* 14.757* 3.666*
(4.661) (1.722) (4.780) (5.020) (1.910)
1.000 0.996 1.000 1.000 0.808
RPCD1 58.309* 42.234* 48.233* 49.938* 44.497*
(4.609) (4.336) (4.578) (4.636) (4.441)
1.000 1.000 1.000 1.000 1.000
RPCD2 45.302* 41.436* 41.702* 43.418* 42.801*
(4.637) (5.000) (4.510) (4.634) (4.938)
1.000 1.000 1.000 1.000 1.000

Note: The results are the sample mean, standard deviation (parentheses) and rejection rates (bold) of the tests based on 500
replications. The Ho is rejected (marked with b if LM,RLM1, RLM2 > Z(me—n/z) =223.160 and

|PCDJ,|RPCDY),|RPCD2 > N(0,1) =1.96 at 5% significant levels.
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Table 2.10: CD Test in the Dynamic Model (Heterogeneous slope) (10% contamination)

0.90N(0,1)+ pooN 01+ 090N (01)+ 0.90 N(0,1)+

e DGR & N©.1) 01072  0.10N(4d4)  0.10LN(L2) 0-1?001""6‘3‘)‘3“y
LM 192.801 192.053 194.701 193.210 192.081
(19.270) (23.416) (23.895) (70.995) (73.366)
0.072 0.098 0.130 0.290 0.302
RLM1 191.379 235.089* 193.625 192.753 220.842
(18.833) (26.693) (18.956) (19.023) (24.062)
0.054 0.284 0.058 0.064 0.454
RLM2 192.449 310.237* 198.928 197.171 237.434*
(20.027) (69.156) (19.679) (19.880) (27.113)
No CD 0.076 0.360 0.116 0.104 0.684
PCD 7i =0 0.047 0.022 0.034 0.025 0.082
(1.019) (1.083) (1.053) (0.997) (1.000)
0.054 0.066 0.060 0.048 0.048
RPCD1 0.023 -0.013 0.692 0.441 0.009
(1.016) (1.094) (1.044) (1.034) (1.059)
0.050 0.068 0.116 0.088 0.050
RPCD2 -0.045 2.850* 0.002 -0.019 0.042
(1.028) (2.246) (1.054) (1.057) (1.084)
0.050 0.063 0.064 0.056 0.066
LM 218.843 192.082 197.851 193.385 193.035
(25.244) (23.343) (25.304) (71.255) (73.234)
0.382 0.086 0.168 0.286 0.306
RLM1 214.211 251.553* 206.616 205.492 235.412*
(24.651) (29.301) (22.534) (21.432) (27.499)
0.322 0.832 0.218 0.206 0.666
RLM2 204.995 333.800* 208.550 206.717 257.031*
) (22.673) (71.208) (22.400) (22.294) (30.490)
Mild CD 0.186 0.992 0.248 0.224 0.878
PCD 7 ~U(0.1,0.3) 4.806* 0.115 1.357 0.302 0.093
(1.563) (1.083) (1.243) (1.059) (1.035)
0.966 0.062 0.692 0.078 0.054
RPCD1 4.502* 2.391* 3.542* 3.495* 2.782%
(1.537) (1.455) (1.407) (1.390) (1.517)
0.960 0.590 0.898 0.888 0.690
RPCD2 3.313* 5.249* 2.852* 2.951* 3.018*
(1.451) (2.215) (1.427) (1.428) (1.675)
0.840 0.948 0.738 0.754 0.720
LM 4102.829* 198.375 867.096* 273.998* 195.672
(556.187) (25.937) (209.001) (95.339) (72.223)
1.000 0.164 1.000 0.672 0.318
RLM1 3720.083* 1329.286* 1904.317* 2102.362*% 1513.449*
(528.175) (283.044) (342.683) (375.769) (272.890)
1.000 1.000 1.000 1.000 1.000
RLM2 2355.418* 1743.721* 1642.788* 1903.784* 1775.999*
(429.196) (368.083) (305.008) (355.380) (355.474)
Strong CD 1.000 1.000 1.000 1.000 1.000
PCD 7, ~U(0.51.5) 61.483* 2.108* 24.528* 5.572% 0.955
(4.661) (1.334) (3.904) (2.563) (1.165)
1.000 0.544 1.000 0.932 0.176
RPCD1 58.309* 31.538* 40.502* 42.763* 35.159*
(4.609) (4.364) (4.195) (4.378) (3.875)
1.000 1.000 1.000 1.000 1.000
RPCD2 45.302* 37.132* 37.320* 40.406* 38.284*
(4.637) (4.858) (4.083) (4.391) (4.701)
1.000 1.000 1.000 1.000 1.000

Note: The results are the sample mean, standard deviation (parentheses) and rejection rates (bold) of the tests based on 500
replications. The Ho is rejected (marked with b if LM,RLM1, RLM2 > Z(ZN(N—l)/Z) =223.160 and

|PCDJ,|RPCDY,|RPCD2 > N(0,1) =1.96 at 5% significant levels.
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Table 2.11: Results of the CD Tests in the Presence of Structural Break (SB) in the Pure Static Model

Vi Conditions LM RLM1 RLM2 PCD RPCD1 RPCD2

No SB 192.030 191.808 190.944 -0.001 0.014 -0.001

y. = 0 (19.234) (19.913) (20.511) (1.006) (1.030) (1.047)

L=

With SB 197.930 193.878 191.945 -0.022 -0.025 -0.004

(18.680) (18.817) (18.643) (0.990) (0.969) (0.943)

No SB 221.247 218.330 205.936 5.192* 4,938* 3.761*

¥, ~ U (0. 110_3) (27.763) (26.219) (22.291) (2.717) (1.665) (1.526)
With SB 212.590 208.384 201.113 3.794* 3.618* 2.759*

(24.355) (24.090) (22.238) (1.516) (1.505) (1.383)
No SB 4393.100* 4040.739* 2511.355* 63.789* 61.087* 47.806*

¥, ~ U (0. 51 5) (792.49) (763.29) (608.22) (6.35) (6.34) (6.30)
With SB 3155.866* 2912.080* 1799.027* 53.170* 50.981* 39.545*

(687.58) (656.32) (482.87) (6.60) (6.53) (6.05)

Size
y. = 0 No SB 0.056 0.046 0.050 0.042 0.066 0.062
' With SB 0.102 0.078 0.056 0.030 0.034 0.038
Power

¥ ~ U (0.1'0_3) No SB 0.428 0.380 0.212 0.986 0.972 0.884
With SB 0.322 0.244 0.150 0.894 0.876 0.690

¥, ~ U (0.51_5) No SB 1.000 1.000 1.000 1.000 1.000 1.000
With SB 1.000 1.000 1.000 1.000 1.000 1.000

Note: The results are the sample mean, standard deviation (parentheses) and rejection rates (second row) of the tests based on 500 replications. The H, is rejected (marked with ) if
LM,RLML,RLM2 > #¢ . . =223.160 and |PCD|,|RPCD1|,|[RPCD2 > N(0.1) =1.96 at 5% significant levels.
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Table 2.12: Results of the CD Tests in the Presence of Structural Break (SB) in the Dynamic Panel Model

Vi Conditions LM RLM1 RLM2 PCD RPCD1 RPCD2

No SB 193.223 192.070 191.579 0.044 0.033 -0.020

7. =0 (19.290) (19.305) (18.962) (1.019) (1.040) (1.050)

' With SB 277.538* 240.229* 209.656* 0.138 0.145 0.174
(28.550) (25.261) (23.584) (1.180) (1.083) (1.076)

No SB 219.169 215.135 204.300 4.790* 4.492* 3.288*

y ~U (0 10 3) (25.296) (25.204) (23.253) (1.545) (1.535) (1.423)
' ’ With SB 292.176* 254.998* 218.818* 3.804* 3.705* 2.753*
(32.010) (27.857) (22.845) (1.744) (1.627) (1.456)
No SB 4094.888* 3711.907* 2350.155* 61.423* 58.240* 45.254*

7. ~U (O 51 5) (558.689) (529.526) (433.641) (4.687) (4.632) (4.727)
! With SB 3124.143* 2892.372* 1765.898* 52.437* 50.443* 38.312*
(594.189) (549.518) (379.724) (5.659) (5.400) (4.821)
Size
y =0 No SB 0.070 0.064 0.054 0.054 0.066 0.052
' With SB 0.984 0.746 0.296 0.102 0.080 0.076
Power

7. ~U (0 10 3) No SB 0.390 0.340 0.194 0.970 0.966 0.818
' ' With SB 0.994 0.886 0.420 0.858 0.862 0.668
7 ~U (O 51 5) No SB 1.000 1.000 1.000 1.000 1.000 1.000
' With SB 1.000 1.000 1.000 1.000 1.000 1.000

Note: The results are the sample mean, standard deviation (parentheses) and rejection rates (second row) of the tests based on 500 replications. The H, is rejected (marked with ) if
LM,RLML,RLM2 > #¢ . . =223.160 and |PCD|,|RPCD1|,|[RPCD2 > N(0.1) =1.96 at 5% significant levels.
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Table 2.13: Performance of the CD Tests in the Pure Static Model (Uncontaminated panel)

Size: ¥, =0(No CD) Power : y; ~iidU(0.1,0.3)(Mild CD) ¥; ~1idU(0.5.1.5)(Strong CD)
T/N 10 20 30 50 100 10 20 30 50 100 10 20 30 50 100
LM
10 - - - - - - - - - - - - - - -
20 0.068 - - - - 0.084 - - - - 0.994 - - - -
30 0.054 0.082 - - - 0.080 0.210 - - - 1.000 1.000 - - -
50 0.070 0.068 0.106 - - 0.120 0.242 0.382 - - 1.000 1.000 1.000 - -
100 0.070 0.056 0.070 0.068 - 0.186 0.428 0.678 0.942 - 1.000 1.000 1.000 1.000 -
RLM1
10 - - - - - - - - - - - - - - -
20 0.096 - - - - 0.070 - - - - 0.990 - - - -
30 0.060 0.082 - - - 0.090 0.202 - - - 1.000 1.000 - - -
50 0.076 0.070 0.082 - - 0.104 0.228 0.316 - - 1.000 1.000 1.000 - -
100 0.070 0.046 0.074 0.060 - 0.178 0.380 0.648 0.924 - 1.000 1.000 1.000 1.000 -
RLM2
10 = = = = = = = = = = = = = = =
20 0.074 - - - - 0.066 - - - - 0.962 - - - -
30 0.052 0.072 - - - 0.084 0.126 - - - 0.998 0.992 - - -
50 0.066 0.048 0.078 - - 0.100 0.194 0.268 - - 1.000 1.000 0.998 - -
100 0.064 0.050 0.066 0.064 - 0.154 0.212 0.596 0.870 - 1.000 1.000 1.000 1.000 -
PCD
10 0.060 0.034 0.046 0.032 0.058 0.160 0.356 0.440 0.702 0.924 0.978 0.998 1.000 1.000 1.000
20 0.042 0.064 0.034 0.062 0.046 0.196 0.536 0.704 0.910 0.998 1.000 1.000 1.000 1.000 1.000
30 0.050 0.044 0.048 0.046 0.060 0.310 0.626 0.894 0.982 1.000 1.000 1.000 1.000 1.000 1.000
50 0.056 0.056 0.044 0.038 0.044 0.440 0.814 0.960 1.000 1.000 1.000 1.000 1.000 1.000 1.000
100 0.044 0.042 0.050 0.064 0.050 0.634 0.986 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
RPCD1
10 0.058 0.034 0.060 0.038 0.058 0.148 0.332 0.460 0.674 0.910 0.976 0.998 1.000 1.000 1.000
20 0.046 0.056 0.028 0.062 0.034 0.180 0.496 0.654 0.888 0.998 1.000 1.000 1.000 1.000 1.000
30 0.044 0.050 0.042 0.048 0.054 0.286 0.630 0.822 0.978 1.000 1.000 1.000 1.000 1.000 1.000
50 0.048 0.050 0.044 0.040 0.040 0.414 0.796 0.948 1.000 1.000 1.000 1.000 1.000 1.000 1.000
100 0.046 0.066 0.044 0.054 0.052 0.594 0.972 0.994 1.000 1.000 1.000 1.000 1.000 1.000 1.000
RPCD2
10 0.052 0.048 0.058 0.042 0.052 0.110 0.200 0.262 0.564 0.842 0.860 0.982 1.000 1.000 1.000
20 0.040 0.042 0.040 0.048 0.032 0.102 0.274 0.448 0.788 0.988 0.988 1.000 1.000 1.000 1.000
30 0.034 0.044 0.048 0.038 0.038 0.136 0.378 0.536 0.946 1.000 1.000 1.000 1.000 1.000 1.000
50 0.052 0.040 0.040 0.030 0.034 0.210 0.526 0.702 0.990 1.000 1.000 1.000 1.000 1.000 1.000
100 0.040 0.062 0.046 0.062 0.052 0.314 0.884 0.918 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Note: rejection rates of the tests are based on 500 replications.
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Table 2.14: Performance of the CD Tests in the Pure Static Model (Contaminated panel)

Size: y, =0(No CD) Power : y; ~iidU(0.1,0.3)(MildCD) 7; ~1idU(0.51.5)(Strong CD)
T/N 10 20 30 50 100 10 20 30 50 100 10 20 30 50 100
LM
10 - - - - - - - - - - - - - - -
20 0.146 - - - - 0.158 - - - - 0.584 - - - -
30 0.184 0.216 - - - 0.204 0.212 - - - 0.482 0.724 - - -
50 0.190 0.212 0.240 - - 0.178 0.232 0.252 - - 0.308 0.498 0.664 - -
100 0.168 0.272 0.198 0.076 - 0.160 0.328 0.190 0.042 - 0.230 0.548 0.446 1.000 -
RLM1
10 - - - - - - - - - - - - - - -
20 0.068 - - - - 0.084 - - - - 0.986 - - - -
30 0.054 0.070 - - - 0.064 0.130 - - - 1.000 1.000 - - -
50 0.070 0.062 0.050 - - 0.096 0.196 0.286 - - 1.000 1.000 1.000 - -
100 0.054 0.066 0.066 0.056 - 0.140 0.306 0.570 1.000 - 1.000 1.000 1.000 1.000 -
RLM2
10 = = = = = = = = = = = = = = =
20 0.060 - - - - 0.082 - - - - 0.950 - - - -
30 0.048 0.060 - - - 0.070 0.102 - - - 0.972 0.968 - - -
50 0.052 0.054 0.048 - - 0.088 0.166 0.250 - - 0.998 0.990 0.994 - -
100 0.050 0.050 0.046 0.052 - 0.128 0.250 0.556 1.000 - 1.000 1.000 1.000 1.000 -
PCD
10 0.060 0.034 0.036 0.064 0.086 0.096 0.160 0.208 0.234 0.468 0.740 0.948 0.988 1.000 1.000
20 0.026 0.054 0.036 0.038 0.038 0.058 0.112 0.150 0.100 0.324 0.626 0.916 0.982 1.000 1.000
30 0.056 0.042 0.042 0.060 0.052 0.080 0.076 0.098 0.114 0.308 0.518 0.862 0.978 1.000 1.000
50 0.056 0.036 0.056 0.088 0.058 0.058 0.084 0.076 0.052 0.212 0.416 0.814 0.950 1.000 1.000
100 0.036 0.052 0.052 0.076 0.066 0.046 0.046 0.040 0.042 0.146 0.392 0.752 0.926 1.000 1.000
RPCD1
10 0.040 0.044 0.070 0.058 0.074 0.142 0.270 0.446 0.916 0.926 0.970 0.998 1.000 1.000 1.000
20 0.074 0.064 0.062 0.052 0.056 0.176 0.472 0.690 1.000 1.000 0.998 1.000 1.000 1.000 1.000
30 0.044 0.070 0.068 0.066 0.060 0.284 0.640 0.830 1.000 1.000 1.000 1.000 1.000 1.000 1.000
50 0.070 0.062 0.050 0.068 0.054 0.376 0.846 0.978 1.000 1.000 1.000 1.000 1.000 1.000 1.000
100 0.078 0.056 0.066 0.056 0.062 0.584 0.926 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
RPCD2
10 0.038 0.050 0.042 0.056 0.038 0.114 0.186 0.384 0.882 0.908 0.868 0.928 0.886 1.000 1.000
20 0.060 0.064 0.046 0.048 0.066 0.128 0.324 0.490 0.976 0.992 0.990 0.998 1.000 1.000 1.000
30 0.040 0.060 0.062 0.044 0.044 0.178 0.404 0.604 1.000 1.000 1.000 1.000 1.000 1.000 1.000
50 0.058 0.062 0.054 0.068 0.048 0.252 0.600 0.828 1.000 1.000 1.000 1.000 1.000 1.000 1.000
100 0.058 0.056 0.046 0.052 0.052 0.352 0.872 0.974 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Note: rejection rates of the tests are based on 500 replications
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Table 2.15: Performance of the CD Tests in the Dynamic Model (Uncontaminated panel)

Size: y, =0(No CD)

Power : ; ~iidU(0.1,0.3)(MildCD)

7; ~1idU(0.51.5)(Strong CD)

T/N

10
20
30
50
100

10
20
30
50
100

10
20
30
50
100

10
20
30
50
100

10
20
30
50
100

10
20
30
50
100

10

0.094
0.086
0.062
0.066

0.064
0.070
0.048
0.060

0.078
0.062
0.066
0.054

0.038
0.054
0.042
0.058
0.046

0.038
0.048
0.036
0.046
0.050

0.046
0.048
0.042
0.054
0.050

20

0.104
0.074
0.072

0.084
0.056
0.054

0.068
0.054
0.076

0.056
0.058
0.036
0.048
0.054

0.056
0.052
0.030
0.042
0.050

0.062
0.044
0.034
0.030
0.050

30

0.128
0.048

0.064
0.040

0.046
0.044

0.058
0.050
0.028
0.040
0.050

0.064
0.046
0.030
0.040
0.056

0.052
0.030
0.036
0.038
0.058

50

0.060
0.040
0.048
0.056
0.046

0.044
0.060
0.042
0.058
0.050

0.044
0.044
0.044
0.046
0.056

100

0.044
0.056
0.058
0.042
0.050

0.056
0.056
0.050
0.048
0.042

0.056
0.048
0.040
0.052
0.052

10

0.114
0.094
0.106
0.188

0.098
0.084
0.104
0.166

0.062
0.074
0.080
0.108

0.156
0.208
0.300
0.368
0.624

0.116
0.170
0.276
0.334
0.602

0.100
0.114
0.178
0.196
0.386

20

0.204
0.234
0.382

0.152
0.182
0.322

0.122
0.140
0.186

0.312
0.508
0.600
0.828
0.966

0.270
0.420
0.566
0.780
0.960

0.164
0.254
0.370
0.542
0.840

30
LM

0.420
0.728
RLM1

0.326
0.640
RLM2

0.290
0.560
PCD
0.460
0.794
0.892
0.990
1.000
RPCD1
0.422
0.656
0.854
0.984
1.000
RPCD2
0.278
0.546
0.662
0.884
0.992

50

0.732

0.640
0.916
0.980
0.996
1.000

0.580
0.880
0.970
0.992
1.000

0.356
0.692
0.862
0.958
1.000

100

0.942
0.996
1.000
1.000
1.000

0.928
0.998
1.000
1.000
1.000

0.734
0.990
1.000
1.000
1.000

10

1.000
1.000
1.000
1.000

0.996
1.000
1.000
1.000

0.870
0.958
0.992
1.000

0.988
1.000
1.000
1.000
1.000

0.982
1.000
1.000
1.000
1.000

0.854
0.988
1.000
1.000
1.000

20

1.000
1.000
1.000

1.000
1.000
1.000

0.994
1.000
1.000

1.000
1.000
1.000
1.000
1.000

1.000
1.000
1.000
1.000
1.000

0.980
1.000
1.000
1.000
1.000

30

1.000
1.000

1.000
1.000

1.000
1.000

1.000
1.000
1.000
1.000
1.000

1.000
1.000
1.000
1.000
1.000

0.994
1.000
1.000
1.000
1.000

50

1.000
1.000
1.000
1.000
1.000

1.000
1.000
1.000
1.000
1.000

1.000
1.000
1.000
1.000
1.000

100

1.000
1.000
1.000
1.000
1.000

1.000
1.000
1.000
1.000
1.000

1.000
1.000
1.000
1.000
1.000

Note: rejection rates of the tests are based on 500 replications.
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Table 2.16:

Performance of the CD Tests in the Dynamic Model (Contaminated panel)

Size: y, =0(No CD)

Power : 7, ~iidU(0.10.3)(MildCD) 7: ~iidU(0.5,1.5)(Strong CD)

T/N

10
20
30
50
100

10
20
30
50
100

10
20
30
50
100

10
20
30
50
100

10
20
30
50
100

10
20
30
50
100

10

0.146
0.166
0.166
0.172

0.086
0.078
0.104
0.102

0.080
0.082
0.090
0.098

0.060
0.048
0.042
0.060
0.044

0.048
0.034
0.044
0.052
0.056

0.046
0.054
0.056
0.062
0.070

20

0.198
0.228
0.270

0.108
0.100
0.064

0.088
0.098
0.100

0.046
0.054
0.040
0.058
0.036

0.058
0.044
0.060
0.078
0.064

0.066
0.054
0.054
0.056
0.054

30

0.222
0.410

0.102
0.108

0.088
0.194

0.040
0.060
0.048
0.044
0.050

0.060
0.046
0.048
0.040
0.052

0.078
0.064
0.050
0.046
0.048

50

0.060
0.050
0.050
0.070
0.042

0.072
0.060
0.082
0.078
0.066

0.070
0.068
0.048
0.030
0.052

100 10 20 30 50 100 10 20 30 50
LM
- 0.146 - - - - 0.650 - - -
- 0.170 0.202 - - - 0.468 0.628 - -
- 0.158 0.226 0.212 - - 0.270 0.538 0.636 -
- 0.160 0.264 0.214 0.238 - 0.254 0.546 0.556 0.694
RLM1
- 0.090 - - - - 0.986 - - -
- 0.090 0.236 - - - 0.998 1.000 - -
- 0.134 0.246 0.416 - - 1.000 1.000 1.000 -
- 0.160 0.266 0.690 0.888 - 1.000 1.000 1.000 1.000
RLM2
- 0.096 - - - - 0.952 - - -
= 0.100 0.208 = = = 0.962 0.994 = =
- 0.138 0.238 0.398 - - 0.996 1.000 1.000 -
= 0.154 0.286 0.642 0.864 = 1.000 1.000 1.000 1.000
PCD
0.074 0.082 0.118 0.218 0.320 0.620 0.694 0.932 0.992 1.000
0.054 0.056 0.108 0.116 0.184 0.522 0.636 0.914 0.990 1.000
0.040 0.064 0.078 0.108 0.126 0.324 0.530 0.876 1.000 1.000
0.034 0.070 0.056 0.060 0.144 0.182 0.454 0.858 1.000 1.000
0.060 0.050 0.050 0.058 0.108 0.124 0.468 0.808 1.000 1.000
RPCD1
0.078 0.096 0.202 0.340 0.534 0.818 0.912 0.990 1.000 1.000
0.058 0.134 0.318 0.626 0.692 0.982 0.998 1.000 1.000 1.000
0.076 0.192 0.430 0.712 0.888 1.000 1.000 1.000 1.000 1.000
0.068 0.296 0.618 0.920 0.994 1.000 1.000 1.000 1.000 1.000
0.056 0.412 0.840 0.992 1.000 1.000 1.000 1.000 1.000 1.000
RPCD2
0.066 0.108 0.126 0.260 0.412 0.634 0.826 0.974 0.980 1.000
0.088 0.108 0.266 0.500 0.608 0.966 0.990 1.000 0.996 1.000
0.048 0.156 0.366 0.584 0.814 0.990 0.998 1.000 1.000 1.000
0.050 0.248 0.500 0.916 0.920 1.000 1.000 1.000 1.000 1.000
0.054 0.364 0.800 0.984 0.990 1.000 1.000 1.000 1.000 1.000

100

1.000
1.000
1.000
1.000
1.000

1.000
1.000
1.000
1.000
1.000

1.000
1.000
1.000
1.000
1.000

Note: rejection rates of the tests are based on 500 replications.
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Figure 2.2: Quantile-Quantile Plots of PCD, RPCD1, RPCD2
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2.6 Conclusion

This chapter proposes the robust versions of the LM test of Breusch and Pagan and
the PCD test of Pesaran for the cross sectional dependence. The proposed tests are
robust to the effect of the spurious observation in the data. The asymptotic distribution
of the proposed test and the finite sample behaviour are provided resulting from the

Monte Carlo analysis. From the results, it can be concluded that the RPCDL1 is oversized

in the presence of 10% outliers from ;((230) distribution for the pure static model. Since

observations drawn from ;((230) are always positive, the RPCD1 tends to reject the null

in favor of the alternative. Other proposed tests yield reasonable size and good power in
most scenarios in the pure static model. In the dynamic model, it is observed that the

proposed tests (RLM1, RLM2, RPCD1 and RPCD2) exceed the reasonable size (that is
0.05) in the presence of larger size and heavy tailed contaminations ( ;((230) and Cauchy).

The presence of outliers affect the absence of CD subsequently results in the incorrect
results for the test statistics. The powers of the tests are not as high as in the pure static
model and this illustrates that the proposed tests do not perform well in the dynamic
model in the presence of outliers. The powers for the dynamic model are expected to be
less than in the pure static model when the independence among the regressor is
assumed.

Although the PCD test is quite robust in detecting the CD in the presence of breaks,
this test fails to detect the mild CD in the contaminated panels. The proposed RPCD1
test, on the other hand, is capable of detecting the presence of the CD in the presence of

outliers even for the case of the mild CD effect.

55



CHAPTER 3

Parameter Estimation and Inferences in Panel Model

3.1 Introduction

There are a vast number of studies on panel data modeling in the presence of
cross sectional dependence (Coakley et al., 2002; Bai and Ng, 2002; Philips and Sul,
2003; Moon and Perron, 2004; Kapetonis and Pesaran, 2004; Coakley et al., 2006;
Pesaran, 2006; and Noman, 2008)%*. This is due to the recent development in panel data
analysis in view of the fact that most economic data are cross correlated in panel
framework; independent assumption of the residual among cross sectional units is
therefore no longer appropriate.

The presence of contemporaneous cross correlation among the disturbances, e,

finds support from many empirical applications in macroeconomics, finance and
international finance (Moon and Perron, 2004). Many studies have been conducted by
characterising CD using factor structure (see Bai and Ng, 2002; Coakley et al., 2002;
Philips and Sul, 2003). In order to correct the CD in modeling and estimating the panel,
Coakley et al. (2002) and Stock and Watson (2002) proposed the principal component®
approach to obtain unobserved factor in order to accommodate the presence of CD in
the panel. Kapetonis and Pesaran (2004) applied the principal component procedure in
modeling the standard Arbitrage Pricing Theory (APT) Model of the company asset
returns. Bai and Ng (2002) and Moon and Perron (2004) determined the number of such

unobserved factors using the selection criteria such as the Akaike's information

24 Some literature focuses on (i) estimation of panel model in the presence of cross sectional dependence and (ii) tests on the
existence of unit root in the presence of cross dependency among the residuals.
%5 The residuals are obtained using principal component procedure and are considered as unobserved factor.
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criterion® (AIC) and Bayesian information criterion?” (BIC). This approach however,
provides unreliable parameter estimates since the residuals are obtained from the
procedures based on the OLS method to explain the CD.

In this chapter, the techniques used to estimate the panel data model, both with
and without the presence of cross sectional dependence are discussed. These techniques
include the standard method that uses OLS and the proposed procedure which is based
on robust parameter estimation. The properties of the proposed estimator are derived.
From this a robust hypothesis tests is proposed and robust confidence interval for the
parameter estimates is constructed. In the final section, the goodness of fit of the

proposed method is discussed.

3.2 Estimation Procedure
3.2.1 Pooled Model

The standard technique used to model and estimate the parameter of the model is
to pool the cross sectional units of the data together. The pooled model is considered
since this model is restricted to the assumption of cross sectional independence among
the residuals and parameter homogeneity in the model. Coakley et al. (2006) showed in
their study that FE and RE provide similar results in terms of sample mean, standard
deviation and mean squared error (MSE) under several scenarios of CD and these
approaches are listed under Appendix B and not considered in this study?.

A simple pooled regression model is considered as follows:

Y, =a+p'x, +e, ;i=12..,Nand t=12,...T (3.1)

% AlC s computed as AIC=2k —2In(L) with k as the number of parameters in the model, and L as the maximized value of the
likelihood function (will be discussed in the next page) for the estimated model.

7 BIC is computed as BIC=In(&2)+%In(NT) with k defined as above, &* is computed as the variance of the estimated
residuals, N and T are the number of cross sectional units and time period, respectively.

2 For interested reader, refer Coakley et al. (2006).
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where vy, is the observation on the i™ cross section unit at time t, x, represents the

k x1 vector independent variable (regressor) on the i™ cross section unit at time t and

e, is the random error components on the i™ cross section unit at time t. In this

pooled model, the parameters b=(a,[3)T are assumed constant across i and t. The
following assumptions are considered in the pooled model (Stock and Watson, 2006):
A3.1: e, ~iidN(0,)
A3.2: E(x.e,)=0
A3.3: E(eit|xi1,...,xiT):O
A3.4: E(ee,)=0
A35: E(ee;)=0
fori,j=12,...,N. st=12,....T with s=tand i= j.

Assumptions A3.1, A3.2 and A3.4 are the usual assumptions for the linear
regression with residuals, independent and identically (iid) normal distribution with
mean zero and constant variance, and that the regressors are uncorrelated with the
residuals. Assumption A3.3 imposes strictly exogenous where the residuals and
regressors are independent; while assumption A3.5 ensures no cross sectional
dependence between residuals.

When the assumptions A3.1-A3.5 are satisfied, the Maximum Likelihood

Estimator (MLE) is used to estimate the parameter of the model. The likelihood

function of (3.1) is given as follows:

L :ﬁ]l[ f(x;,b) (3.2)

i=1 t=1

Under assumption A3.1, (3.2) becomes:

L=T 11[#62@j (3.3)
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Take the natural log to (3.3), yields:

InLZN:iIn[\/Zl_Z oo ] (3.4)
i=1 t=1 o

Expanding (3.4) gives the following:

NT NT 18I (e, Y
InL = ———In(27)——In{c? )-= 1. 35
L=~ int2z)- N nfo?) zzz[aj (35)
With e, =y, —b'x,, (3.5) can be written as follows:
ik =~ N in(2r)- N in(0?)- 2 33 Y= 2 (3.6)
2 2 25T o

Here, the value of b=(a,B)" that maximizes (3.6) can be obtained by differentiating

w.r.t. b,

and thus solving

i N [yit _bTXit}(it _0%

i=l t=1 o

this yields b as follows:
b=(ap) =L 3.7)

In matrix notation, (3.7) is equivalent to the following:

T

b=(ap) =(x'x)"' X"y (3.8)

% Under assumption e, ~iidN (0,1) , we have o =1.
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Xlll Xle Xkll yll

XllZ X212 XklZ y12

1 x Xoq +oe X y
where >((k = R R VAR el
NTx(k+1 . .
. NTx1
1 XlNl XZNl s XkNl le
[T X Xont oo Xt Ynr |

Under assumption A3.1, this MLE coincides with OLS. Specifically, the OLS

minimizes the sum of the squared residuals of model (3.1). If X is full rank, the

asymptotic variance for b is
N T 5
226

Var(D) = 62(XTX)" where &2 =_ittl 3.9
(6)=67(x"x] 7 TNT-k-1 (39)

where k is the number of parameters in the model. Thus, the asymptotic distribution

of the pooled estimates, b is:
(6 —b)~ N(O,w/Var‘B D

where Var (b)is given in (3.9).

OLS is widely used as a statistical tool in econometric analysis. Despite its
powerful properties, efficiency and accuracy under the standard assumptions of pooled
model (A3.1-A3.5), this method lacks robustness. The OLS estimator of pooled model
is consistent but is inefficient estimates in the presence of CD. Notice that, in the

presence of CD, the Assumption A3.5 is violated and hence the estimates of b takes the

. A 1
form, b=(0?,|3)=(XTQXT XTQy , With non-zero off diagonal of Q. Since the

estimated scale of b is based on the square residuals (refer (3.9)), the presence of
outliers influence the estimates resulting in bias estimates and increase in variance.
Thus, the pooled model is inappropriate for computing the parameter of interest when

contemporaneous correlated errors (CD) and outliers exist in the data.
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3.2.2 Common Correlated Effects Mean Group (CMG)

In order to correct for cross dependency, Pesaran (2006) introduced two
approaches of the common correlated effects in modeling the panel. The first approach
namely, the Common Correlated Effects Mean Group Estimators (CMG) is commonly
used in many applications such as by Coakley et al. (2006) and Noman (2008). In the
second approach, Pesaran proposed the pooled version of the common correlated effects
where the parameters of interest are assumed constant for all cross-sectional units.

Referring to Equations (2.2) and (2.4), model (3.1) will take the following form
in the presence of the CD:

Vi =a;, +B] X, +7; T+, (3.10)

th

where vy, denotes the observation on the i cross section unit at time t for

i=12,.,N; t=12..T, x, isa kx1 vector of independent variable on the i ™ cross

it
section unit at time t . Here, «,, B, are parameters which differ across i, while f, is

the unobserved factor, y, are the factor loadings which are common across i, and &,

represents random error.
In order to eliminate the effect of cross dependency, Pesaran used the cross

section averages of the dependent variable (y,) and observed regressor (X, ), to explain

the unobserved factor, f,. This f, is derived as follows:

Taking the cross section averages of both the sides of (3.10), the following is obtained:

N

N N
Z Yit Zai Bl X
=) o

N

N
Z?/iT ft zgit

— i=1 + i + i=1 + i=1 (311)
N N N N N
It can be rewritten as:
yt :§+BiT)_(t +77T ft +§t (3-12)

ZN:yit int Zai Z7i Zgit

where y, = ile X =t =ity g
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Taking 7' f, to the left hand side, yields:

—T o — T< —

e ft_yt_a_BiXt_gU (3-13)
Multiplying both sides with (WT )_1;7, (3.13) becomes:

fo= (7" ) 75 -a@-p"% -2) (3.14)
Using the assumptions in Pesaran (2006), the followings are considered:

B3.1: Unobserved factor, f, and factor loadings, », isiid for all iand t .

B3.2:¢, is iid for all i and t, serially uncorrelated with mean zero and a finite
variance, o < k (number of regressor), and a finite fourth - order cumulant .
B3.3:[B;[ <k

The assumption of B3.2 implies the asymptotic distribution of &, that is:

Z~ N(O,%iaﬁj, (3.15)

and in terms of convergence rate, the variance of &, can be rewritten as:

Var(z,,)= O(Zilwin = o[%j (3.16)

where w; is the weight that satisfies conditions (Pesaran, 2006) as in the following:

N
(i w :o(lj (i) 3w, = ||
N =
As shown in Pesaran (2006), & converges as™":

& —"—>0asN —»>oo , foreach t,
and under assumption B3.1 that is y isiid for all i and t, yields:

7—LsyasN >o0 | (3.17)

* k is the number of specific regressor which is assumed known, m is the number of unobserved factor which is assumed to be
unknown but both values are fixed.
% The detail of this proof has been shown in Pesaran (2006).
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Suppose the rank of » =m, using the result in (3.17), the following® is obtained:

f.—(7" V' Ay, ~@ —BI %, )—2>0 asN >0 (3.18)

gm

where >, —P—denotes as convergence in quadratic mean and convergence in

probability, respectively.

This suggests that using ﬁz(l,)‘(t,yt), f, and ¢; can be eliminated. Averaging
across the cross section may reduce the effects of CD among the residuals. Here, B;
can be estimated consistently by augmenting the dependent variable; y, on the
observed regressor; X, with vector of ones and cross section averages of respective
dependent and observed variable y,, X, ; using OLS.

The individual parameter estimate of the common correlated effects in (3.10) is
given by:
B = (X MX,) X My, (3.19)

where M =1, —ﬁ(ﬁTﬁ)_lHT and I, is a unit matrix of order TxT. To compute
factor loading y , H=(1,X,,V,)is used, where His a combination of vector of ones,

average of independent variables (X, ) and dependent variables (y,) and it is given as

follows:
1 % Y ]
X, Y,
H= (3.20)
1% ¥

%2 This result is obtained as in Pesaran (2006)
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Then, the CMG estimates, B, is the average of parameter estimates f, that is

Following Pesaran (2006), the asymptotic distribution of CMG is
\/ﬁ(ﬁCMG _B)L) N(oyi(:MG)as (N ,T)—) o0

with —— denotes convergence in distribution; and

R Z(BI _ﬁCMG)(ﬁi _ﬁCMG)T
Toye = N _1 : (3.21)

The CMG seems to be robust and stands out for homogeneous as well as
heterogeneous slope experiments, and does not seem to depend on whether the rank
condition is satisfied (Pesaran, 2006). Coakley et al. (2006) found that the CMG
estimator stands out as the most robust in the sense that it is the preferred choice in
rather general (non) stationary settings where regressors and errors share common
factors and their factor loadings are possibly dependent.

However, this procedure is subjected to the influence of outliers since the OLS is
used to model the data. A single influential outlier will automatically pull the fitted line
towards it and result in poor parameter estimates. The standard error of CMG estimates
is observed as lack robustness of standard deviation due to OLS estimated residuals.
Moreover, there is the influence of the outlying observation on the mean and
subsequently on M. The aim is limit the influence of outliers and this can be achieved
through the use of robust measures. Thus, a robust version of RCMG is proposed in the

next subsection.
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3.2.3 Robust Estimation Procedure (RCMG)
Following Peter et al. (1982), a general version of the M-estimator criterion for

model (3.10) can be written as follows:

min i_l:c}iui (%, M2 (%, ), (%&2)} foreach i=12,...,N. (3.22)

=
where v,(x, ) and u,(x, ) are positive functions that are related to the position of the
X, in the X-space. Here, p(t) is a differential convex function (with minimum at 0)
and is known as the robustifying criterion function while &; is the robust scale defined

in (2.17) in Chapter 2. The objective function in (3.22) is introduced with the aim of
minimizing a function related to standardized residuals. Therefore, (3.22) is minimized

by differentiating p, w.r.t. g;;

;

iZ@ui(Xn)/f(Xn)p{ (P, ] foreach i=12,...,N;
o)

yields the following:

ic}iui (%, W2 (X, (F‘Lﬁi))jxh, wherey (t) = p'(t). (3.23)

oV, (Xit

Using a weight function given by

_v®
w(t) ==,

and solving (3.23) equals to 0, the M-estimates B, can be computed as follows:

iui(xit )Ni[ () ]én (B,)x, =0 (3.24)

t=1 &ivi(xit)
Several different robust M-estimators can be obtained by substituting the

different choices of u,(x,),Vv,(x, )andw,(x,). The choice will result in how much the

data are scarified to achieve certain efficiency at the true underlying model assumption.
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In order to provide robustness to the effects of the outlying observation
occurring in the Xand y directions, the high breakdown point estimator is suggested.

Let

z; =d, (Xit )éit (BI ) J (3.25)

and following the work of Hung et. al (2008), a generalization of the M-estimator can

be obtained by substituting u,(x,)=1 and v;(x,)=

in (3.23), yields the

following:
T

ZWi (Zit )gitxit =0. (3.26)

t=1

The d,(x, ) is given as a measure of the outlyingness “ X ” from its mean value and is

defined as follows:
Case I: single regressor variable

_ ‘Xit — Hyx

Ox

d(x;)

where u, is a robust location of x, (median(x,)) and o is a robust scale (MAD)

and is given by o, =1.4825 meglian

X, — median (xd .

Case II: multiple regressors

d(Xit): \/(Xit — Hx )T Vil(xit _:ux) (3.27)

where u, is a robust location of x, (median(x,)) and V is a matrix of robust variance
covariance matrix of x, (Minimum Volume Ellipsoid).
Following the procedure to the residuals of Bai and Ng (2002)*, we have

€ = M(yi _BiTXi) (3.28)

% This can be achieved if m (number of unobserved factors) is fixed.
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where &, is the fitted value of e , for i=1,2,...,N of model (3.10), and M is computed
as:

M=1, - H(HH)"H. (3.29)
In order to limit the influence of outliers in M, the robust version given by
M* =1, —ﬁ*(ﬁ*Tﬁ*Tlﬁ*T is introduced; I, is an identity T by T matrix with the
value of H" (1 y/( ) w(y t)) Here y(.)are some filter functions for the adjusted value
of location for dependent and independent variables. The values of /() are set as
follows:

) Y, Jif |V <c
w(¥)=1. . | (3.30)
sign(y, )x (R yNt)1 -elsewhere

where c is the critical value, chosen to achieve specified level of efficiency, and it is

computed as 30 with o is a robust scale given by

&Vt =1.4825 meqlian

Y, —median (M .
Thus, by replacing M"in (3.28), and substituting &, = M*(yi —ﬁiTXi) into (3.26), yields
XMW (z, Ny, — X, )=0 (3:31)

and final estimates of B, can be obtained via the following:

ﬁi :(XiTGiXi)_lxiTGiYi (3'32)

>

where G, =M*W,(z,) The final estimates of B is P acye = =

N
The algorithm of RCMG estimator is given as follows:
(i) Compute the fitted residuals
60 =y, —99 =y, -M[y, - X, } (3.33)
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where B is the initial values obtained from  LTS™-estimates,

M* =1, —ﬁ*(ﬁ*Tﬁ*rﬁ*T and H* = (Ly(X, ) w(y,)) with w()is given in (3.30).

NG

(if) Compute z'” = d, (x,)—5; where ¢ is computed from (3.33) and
o

o? =1.4825 median e{? — median (efto )1

with d(x,) givenin (3.27).

(iii) Compute

and () in (3.35) is given by Huber function

z© ;‘zfo)‘ <w

wl®)=1" |
@ sign(z”)  otherwise

@ is set to 1.345 at 95% efficiency at normal distribution.
(iv) The value of B is computed as

BO =(XTGOX, ) XTGOy,
where G, = M" W9 (z,). Thus, for " iteration in (3.37);

B =(xTG0 X, ) X6y,

(v) Repeat the procedure (i)- (iv) until the value of ™ converges; that is

< Q and Q is some constant value.

% The objective function of LTS estimates has been defined in Equation (2.16) in Chapter 2.

(3.34)

(3.35)

(3.36)

(3.37)

(3.38)
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3.3 Inferences

In this section, the properties of the parameter estimates through its asymptotic
distribution are described. The test statistics and confidence interval are constructed
based on the asymptotic distribution of the proposed estimation procedure, RCMG.
Other studies on inferences of parameter estimates can be found in Kapetonis and

Pesaran (2004) and Pesaran (2006).

3.3.1 Asymptotic Properties of RCMG

Preliminaries

(1) Assumptions for p, (filter function); for each i =12,...,N

C3.L p [$] >0
o

C3.2: p,(0)=0

C3.3: p,(w)=1if p, is bounded.

(2) Law of Large Number

Let X,,X,,...,Xybe an independent trial process, with finite expected value

U= E(xj)and finite variance o :V(xj). Let Sy =X, + X, +...e.. + X , then for any

S
Pl =N —
G

S
Pl =N —
s

e> 0,

2&}—)0 as N > o

Equivalently,

<ej—>1 as N — .
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(3) Slutsky’s Theorem (Maronna et al. (2006))

Let ap, by and xp be the sequence of random variables, and also let x be a random

variable, and a, b are constants. Suppose a, —*—>a, b, —"—>bconverges in
probability as N — oo, and that x,, —%— x (converges in distribution) as N — oo, then

ayXy +by =>ax+b as N - .

The asymptotic distribution of RCMG is given as follows:

Theorem 3.1: Under assumptions A3.2-A3.4, A3.6, B3.1, B3.2 and C3.1-C3.3,
VT (B, -} —>NO.v,)
as N—oowand T >,

where

( “QJZ
")

v, = (XM, )

for i=12,...,N; where v,(x,)=

Proof of Theorem 3.1.

Suppose the Generalized M-estimates of B, satisfies the following:

E(y/i (ae\t/(—?x?)jj -0, (3.39)

Taking the Taylor of expansion of order 1 to (3.39) as a function of B, about B,is

Sl a2 BBt o) 540

70




Solving (3.40) equals to 0,

&, (%)

Averaging over t , yields

e Ero

v, (X, t=1

and the following estimate is obtained:

_ 1;5‘%’( & (B) }ql\/r"xi

oV (Xit )

(3.43)

(3.44)

The random variable v, (wj is iid with mean 0 because E(wi[%nzo.
O Vi \ X

&ivi (Xit)
Therefore, for large T, the CLT (defined in Chapter 2, Section 2.4.3) implies that the

distribution of

ﬁ%:zl‘/ji[ Aéit(l}i))}(i d >N (0,a) with a= E(Wl(é_él'\t/l(&z)}j XiTM*Xi

oV (Xit

and the Law of Large Number implies that

St e E i
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Let

Let A=TE ://{ é“(ﬁiv) jxij and B=—L E Wi’(ﬁnxw*xi

Then by Slutsky’s Lemma, %%S for largeT . Under CLT and Law of large

T

numbers, the following is obtained:

A%N(O,%j
B B

as N —>o and T — o0, as stated.

End of proof of Theorem 3.1.

Thus, by definition of RCMG estimates, the following is obtained:

ﬁ(ﬁRCMG _B)L) N(O’iRCMG) (3-45)
~ 1 Q

where N is a number of cross sectional units in the panel and X..,c = FZvi with
i=1

v, given in Theorem 3.1.

From this, the hypothesis test and confidence interval for the parameter

estimates can be derived as follows:

Hypothesis Test

Here, we are interested to test whether the slope estimates of the proposed model,

Bacue is close to the true value, B,. Thus, the hypothesis is defined as follows:
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Null hypothesis Hy 2 Breus = Bo
Alternative hypothesis H, : Brcue # By (3.46)

Since Ppcye is asymptotically normally distributed and variance of B, is known, the

test statistics that can be used for the above hypothesis test is the standard z-test which

is as follows:

A

BRCMG _ﬁ (3_47)

7= ~
se BRCMG

where ﬁRCMG is the parameter estimates obtained from the proposed estimation

procedure, and se(ﬁRCMG) is the standard error of .o Where

N
se(pRCMG):i(zRCMG )“2 ' ZReMG =i22vi and v; is given in Theorem 3.1. Ho is

JT N2 3

not rejected if |z| < z,45,, =1.96and rejected for|z| > 2,45, =1.96.

Confidence Interval

For a confidence interval, a 100(1— )% ClI for the slopes estimates fq.,,q is given by:
[ﬁRCMG - Zalzse(ﬁRCMG)< B< ﬁRCMG + Zalzse(ﬁRCMG )J (3.48)
A . . A 1 (- 2 A 1

where Bqcueis computed as in (3.37), se(BRCMG)z—(ZRCMG)l s Zeowe = —5 DLV

ata o level of significant.

3.3.2 A Simple Measure of Robustness

There are several measures of robustness are used in the literature to establish
whether the estimates have good properties (Wilcox, 2012). The most common one is
the breakdown point and it is defined as the minimum fraction of outlying data that can

cause the estimator to take an arbitrary value. A second measure of robustness is the
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influence function where is defined as the change in an estimate caused by insertion of
outlying data as a function of the distance of the data from the (uncorrupted) estimate.

It is really difficult to find the finite sample breakdown point of RCMG
estimator since the sophisticated mathematical techniques are required. Thus, Imon
(2011) introduced a very simple rule for finding the breakdown point of estimators. The
rule assumes that

e There are outliers only in the Y-direction.
e The numbers of observations are deleted/weighted are known before
fitting the model.
e The number of parameters (k) to be estimated.
According to Imon (2011), the Generalized M-estimator is a bounded influence

estimator and it is popular among the statistician. The weakness of this estimator is that

it possess a breakdown point of % Thus, when k is large, the breakdown point is small

and may not be larger than the lowest breakdown point of %35 (breakdown point for

OLS estimator). Therefore, the performance of proposed estimator is investigated by
considering the small number of regressor (k) (refer Monte Carlo experiments in
Chapter 4), it is believed that proposed Generalized M-estimator will produce very good
results®.

Finally, we can measure the robustness of the proposed estimator in terms of
efficiency. The efficiency is defined as the ratio of the minimum variance in an estimate
to the actual variance of a (robust) estimate, with the minimum variance being
determined by a target distribution such as the normal distribution (Lindgren, 1993).
According to Walpole et al. (2012), any estimator is an efficient estimator among all

the estimators of g if they produce a minimum variance. Notice that, the MLE is

% N is the number of sample size.
% We will discuss the breakdown properties for a larger number of regressos in our forthcoming paper.
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always an efficient estimator under the iid assumption of residuals. In the presence of

CD, MLE is no longer an efficient estimator. Therefore, the efficiency of the proposed
estimator can be investigated dividing the Var (Bacy,e) With Var(Be,e). If the value is

less than 1, we say that RCMG is efficient estimator than CMG, or vice versa.

Consider®’

Var(f} P00|) = 6_2(XT MX )_1 ;Var(ﬁCMG) - %Z(XT I\/Ixi )*1&_2 and

LS amx) s E("”(a(?)ﬂj

Var(ﬁRCMG) = 2"
TN E !//" éit(Bi
"\ 6 (x;)
For an illustration, we investigate W : We have
ar CMG
v é.t<?.>)j]2
1 S(utapen Va2 G, (%,
Nz XM, A :
= El ' eit(Bi)
Var (Becyc) Yle vi(x,,)
BeMe” T et . It is observed that
Var (Bcyc) 7Z(XTMXi)716-i2

1 4
T3 5 i
. [E{V/I’( Aeit (BI Jj]
Var (Brevc) _ v, ()

Var (B CMG ) 1

panels), and yields

¥ Details of Var(B qovs ) iS % where 2 peve :% > v; with v; is given in Theorem 3.1 is
i=1

& (B

N R N
T while Var(Ba,) is derived from £, =$Zvi with v, = (XM, )6,
i=1
it i

[E{w[ ~ <>JJJ

v, =(XTM"x, ) 6.2
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Notice that, in the presence of CD, it is believed that B, will produces

minimum variance among the estimation procedures (pooled and RCMG) in

uncontaminated panel®®

. However, in the presence of outliers, it is believed that RCMG
will produces minimum variance since M in CMG procedure is affected by the

influence of outliers.

3.4 Goodness of Fit of the Model

The respective estimation procedure is evaluated using several commonly used
measures; that are: (1) coefficient of determination R?; (2) a robust version of R*; (3)
cross validation criteria CV , and; (4) a robust version of CV . Here, the focus is to (i)
assess the goodness-of the fit to the data, and (ii) find the best fitting model. The details

of these measures are discussed in the next section.

3.4.1 Coefficient of Determination
The first measure is to use the ratio of the explained variance to the total

variance given by:

) D Y (N

Re= S @49
220-yf 22 -y)

Basically, this measure gives the ratio of the “regression sum of squares”,

T N

SSR :ZZ()?“ —V)Z , to the “total sum of squares”, given by
t=1 i=1
T N

SST = ZZ Vi — ?.The SST can be decomposed into two components: SSR and the
t=1 i=l

“residuals sum of squares”, SSE .

% Refer Table 4.13 in Chapter 4 where when the bias is so small, RMSE =y var(B) and this result is proven that CMG is efficient
under CD and without outliers.
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T N T N
Here, SST = SSR+SSE=>"> (9, - ¥)* +>_.> (v, — ¥, ). The R? is computed as a

gy o i1
measure goodness-of-fit, to quantify the percentage of the uncertainty in the data that is
explained by the regression model. The R? ranges from O to 1. If the value of the R” is
close to 0, this indicates a poor fit. However, if the fitted model is a good fit, the value
of the large R? is obtained, and a perfect model if R* =1.

In the presence of an influential outlier, the SSE components will be larger due
to a poor fit model, thus resulting in a small R?. To limit the influence of such outlier
on the resulting model, a robust version of R* is employed on which it is based on the

absolute values of the fitted residuals (Croux and Dehon, 2003) and yields;

2

T N
ZZ|yit - 9it

RRZ=1-| — 212 (3.50)
DY - medlan )1
t=1 -1
T N T N
where SST =>">"(y, —y) is replaced in (3.50) by > >'ly, — medlan(yn)1
t=1 i=l t=1 i=1

3.4.2 Cross Validation (CV ) Criteria

To find the ‘best’ model, the cross validation techniques of Herwatz and Xu
(2006) are employed. The CV techniques are widely used in applied non- and semi-
parametric modelling. The details of the techniques are discussed as follows:

For each cross sectional units i,

(1) CV based on averages of absolute value of residuals:

.
Z‘yit - y(—i)t‘
CV, = %; (3.51)
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(2) CV based on squared residuals:

i (Yn Yiir )2

cv? =4 . 3.52
i = (3.52)

Here ¥ =b! X 1S computed, where b (i the estimated parameter that is

obtained is for a particular model after removing the i ™ pair dependent and independent
variables. Morell et al. (2010) stated that although the absolute distances are less
affected by outliers than the squared ones, outliers still have an impact on the estimation
of iy In(3.51). Thus, Zheng and Yang (1998) introduced the median of the CV (here
denoted as RCV ) as follows:

RCV, = medianjﬁyi1 = einh|Yiz = Vioh oo Yir = iin ‘} (3.53)
A possible disadvantage of RCV is that substantial information may be lost since only
the median of the residual is used. An alternative to RCV is to trim a proportion A of

the residuals square which is particularly large in the sample, thus vyielding the

following:
1
RCV, :[—g (3.54)

where ¥y, = f){_i)x(_i)t and 6(_i) is the estimated parameter after removing AT pairs of
dependent and independent variables.
By comparingCV,, CV.*, RCV, and RCV,* values for each unit i, the model

that corresponds to the smallest value among these measures, will be selected as the best

fitting model.

3.5 Discussion
In this chapter, an alternative approach of the CMG is proposed in order to limit

the influence of outliers and leverage observations in the panel model. The Generalized-
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M estimator is introduced in the model together with the modification of the variance
covariance matrix which results in the RCMG procedure. The RR?, a robust version of

R*and RCV , a robust version of CV as the measures to evaluate the goodness-of-fit
of the fitted model are discussed. The behaviour of RCMG is asymptotically normally
distributed and as such the test statistics of the hypothesis testing of the parameter
estimates can be derived together with the construction of the CI. Therefore, the
performance of the proposed test is investigated in the next Chapter in terms of

parameter estimates, size, power and also ClI.
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CHAPTER 4

Finite Sample Behaviour of RCMG: A Monte Carlo Simulation Study

4.1 Introduction

Several simulation studies are conducted with the aim of studying the behaviour
of small sample properties of the proposed estimator in the presence of cross correlated
errors in the panel. Coakley et al. (2006) designed a Monte Carlo simulation study in
order to compare the properties of the estimators in several settings with cross section
dependent errors. The errors are set to be either 1(0) or 1(1) processes®. Among the
approaches used for the comparatives purposes, include: Pooled, Individual fixed
effects, Two-way fixed effects, Fixed effects with principal components, Mean group
(MG), Seemingly unrelated (SUR) mean group, Demeaned mean group, Mean group
with principal components, CMG, and Between or cross section®®. This study focuses
on the analysis of the estimator through summary statistics: sample mean, sample
standard deviation, standard error and bias of the parameter estimates.

Pesaran (2006) studied the small sample properties of CMG and common
correlated error pooled estimators in terms of size and power of the test by means of the
Monte Carlo simulation. The MG and pooled models are also considered which include

the unobserved factor f; in the regression of yj;, and the “naive” estimators that

exclude those unobserved factors. He computed bias and root mean square errors of the
parameter estimates for the cases of homogeneous and heterogeneous slope in the
panels. Kapetonis et al. (2006) used a similar approach to conduct the simulation
experiments. They however considered another alternative approach which used a

principal component (PC) as discussed in Kapetonis and Pesaran (2004). The

% 1(0) is a stationary process and I(1) is integrated of lagged dependent variable of order 1 (non-stationary).
“0 This estimator is defined in Appendix B.
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alternatives are the pooled and mean group versions of this PC estimator. Other related
studies can be found in Philips and Sul (2003) and Coakley et al. (2002).

In this chapter, the finite sample behaviour of the proposed estimator is
illustrated using a Monte Carlo simulation study as discussed in Chapter 3. The
performance of the estimators are illustrated using several experiments: the first two
experiments (given in Subsections 4.2.1.1 and 4.2.1.2) are summarised by the sample
mean, standard deviation, standard error and bias of the parameter estimates over
replications; in Section 4.3, the size and power of the estimator for the hypothesis test

are examined; and in the last section, the CI for parameter estimates are obtained.

4.2 Performance Study

In this section, the performances of the estimators discussed in Chapter 3 are
measured (see Pesaran, 2006; Kapetonis et al., 2006; and Coakley et al., 2006). By
limiting the analysis to estimation issues, the performances of the estimator are

measured based on (see Coakley et al., 2006) the following:

(1) Sample mean (Mean), 3 of the slope estimates, 2.

nsimul
A

%,

~ nsimul

(4.1)

where ﬁg Is the parameter estimates obtained for g =1,2,...,nsimul ; with nsimul as the
number of simulations.

(i) Sample standard deviation, SD(,B) of the parameter estimates ,8 and;

n:zr_njl(ﬁg - IE)Z
nsimul (4.2)

where £, and nsimul are in (4.1).
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A

(iii)  Bias of the parameter estimates, g

Bias(3)= E(3- 5) (4.3)
where bias is the expectation of the difference between an estimator and the true value

of the parameter being estimated.

(iv) Mean squared error, MSE(,B) values of the parameter estimates, ﬂ

MSE()=Var(g)+ Bias(s)’ (4.4)
where Var ()= SD(8)’, SD() and Bias(/3) are given in (4.2) and (4.3), respectively.
where SD(ﬂ)and Bias(ﬂ) are given in (4.2) and (4.3), respectively. These measures can

be used to gauge the bias and variance of the estimator and the reliability of the

conventional standard errors.

4.2.1 Design of Experiment
The purpose of this section is to compare the small sample properties of CMG
and RCMG with error cross section dependence. Here, two types of experiments are run

with different settings among the regressor(x, ), unobserved factor(f,), and factor
loadings (y/i) in the DGP process under the following conditions: (i) the degrees of

cross sectional dependence; (ii) the percentage of contaminations and leverage points;
and (iii) the type of contaminations. The DGP of Experiment 1 and Experiment 2 are
briefly discussed in Subsections 4.2.1.1 and 4.2.1.2, respectively. In Experiment 1, the
common factor only affect the error while in Experiment 2, the common factors affect

both the errors and regressors.

4.2.1.1 Experiment 1
Using the same design as in Pesaran (2006) and Kapetonis et al. (2006), the

DGP for panel model (similar as in Section 2.5) is given as follows:
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Y. =a + B X, +e,;
and ¢, =y, f, +o,&,; fori=12,..,Nandt=-49,..012,..T
with ¢, ~1idU (-0.5,0.5) ;0, =1; B, =p£=1;
X, ~1idN (0,2) &, ~iidN (0,2) ; f; ~iidN (0,0).
In this experiment, only f, (unobserved factor) drives the errors and the degree of cross
sectional dependence (y, ) takes the following value as in (2.32);
(i) ¥, =0 for no cross dependency;
(i) 7, ~1idU (0.1,0.3) for mild cross dependency and ;
(iii) y, ~ iidU (0.5,1.5) for strong effect of cross dependency;

with outliers defined as in (2.33)

e, fort # z; :
= for i=12,...,N.

e, +m, fort=r,

In the presence of LP, m, attime t =7, the following Xj; is set as:

Xit fort =z, )
Xy = fori=12,...,N.
X, +my, fort=r;
The  contaminations™  (m,) for e and X are  derived

from y2,, N(4,4),N(0,4), LN(L2), Cauchy(0,16).

4.2.1.2 Experiment 2

In this study, the Monte Carlo design (with reference to Coakley et al., 2006)

which allows for one or two common factors, f,, is given as:
Ve =a,+ B % +e,; for i=12,...,Nandt=-49,...,012,....T. (4.4)

€ = 7’; fio + €0 1 &eir ~1IAN(0D); (4.5)

“ The performances of the estimators are measured under various types of outliers.
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Xe =& o vz + & Exp ~ 1IN (0,0%) ;0 ~iidU[0.51.5] (4.6)
The unobserved factors, f, and y, are set as:

f, ~ iidN (0,2); =12 and y, ~iidN(02)
The parameters of unobserved factors are generated as:
w, ~iidU[0.51.5]; 7, ~iidU[0.515], and ¢ ~iidU[0.51.5];1 =1,2. (4.7)
In the presence of outliers, the DGP for the errors, e, is setattimet =z, ;

€ fort =z, _
= fori=12,...,N;

e, +m, fort=r

and in the presence of leverage point at time t =z, , as follows:

Xit fort = r; )
Xjt = fori=12,...,N;

Xit + Mt fort= Tj

where m, ~ y2 *,
Briefly, it is observed that all variance o =o7j =o2 =1 but the regressor

variances differ randomly across units, that is ;o ~iidU[0.51.5] . The specifications
are considered here (1) ¢ is drawn independently from y, for each i ; and (2)
dependence is introduced for each i if y, = ¢, . In this experiment, the factor loadings
(vi, 7 and  @; 1=12)in (4.7) are set to U[0.5,1.5] which imply strong CD within
residuals in the panel. The details specifications under certain conditions of CD are
given in Table (4.1).

For each experiment, we generate heterogeneous slope, ¢«; ~iidU[-0.5,0.5]
with a=E(e;)=0.4 = =1 is set to provide a homogeneous slope for all cross
sectional units. Here, how close the slope estimates value to the true £ using the stated

statistical measures will be investigated. Only evaluating the performance of the

“2 Only one type of LP is chosen from Experiment 1 in order to investigate the sample small properties of the procedure when LP
drawn from where xZ, (asymmetric and larger size of contamination).
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estimators based on the slope coefficient will be considered since the concept of slope is
highly important in the economics view. This is simply because it is used to measure the

rate of change in the dependent variable as the independent variable changes.

Table 4.1 — Settings in DGP for Experiment 2

Case Settings Definition

No cross sectional

A Vi=ri=9 dependence

e Factor f,and y, drives the

errors and regressors

B V2= ¢ =0 respectively.

(The errors and regressors are
independent)

e Factor f, drives both the

errors and regressors.
(The errors and regressors are
dependent)

C Wi=Vsu= ¢ =0

e Factor f, drives both the

C Wi=vx=¢,;=0and y; = ¢, errors and regressors.
e Factor-loading dependence

e Factor f, drives both the

errors and regressors.
D Vai = @y =0 (The errors and regressors are
dependent)

e Factor y, drives the regressors

o Factor f, =(f, f,)" drives

E v, =0 both the errors and regressors
1

(The errors and regressors are

dependent)

o Factor f =(f, f,)" drives

E’ y;=0and 7, = ¢, both the errors and regressors.
(Factor-loading dependence)

o Factor f =(f, f,)" drives

both the errors and regressors
F Original setting in DGP (The errors and regressors are
dependent)

e Factor y, drives the regressors
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In both experiments, 500 replications are performed for N =20,T =100 to
investigate the performance of the estimator under the various degrees and conditions of
CD and various types of outliers. The first 50 observations will be removed in order to

eliminate the initial effect of random generators.

4.2.2 Results and Discussion
4.2.2.1 Results - Experiment 1
Tables 4.2 to 4.7 provide the results of CMG and RCMG with and without the

presence of outliers and leverage point. In Table 4.2, the value of the mean, standard
deviation, bias and MSE of £ are reported with 1% contamination present in the panel.
Both the CMG and RCMG methods perform well with small MSE of 0.001 under the

various degrees of CD in the uncontaminated panel (that is when e, ~ N(0,1)). Under
the cross sectional independence in the panel, the average of the CMG is comparable to
the RCMG in the presence of contaminations such as y’,N(4,4) and N(0,4).

However, the RCMG vyields unbiased estimates than CMG in the presence of heavy
tailed outliers (drawn from Lognormal and Cauchy distributions) with small MSE in
both estimators. These results hold for both cases of mild and strong CD in the panel.
Thus, it is observed that CMG is quite robust and not much affected by outliers less than
5%.

As the percentage of outliers increases to 5% (see Table 4.3), the SD of CMG
inflate in the presence of outliers drawn from Lognormal and Cauchy distributions and
this result worsen for the case of strong CD effect. The RCMG continues to yield
smaller MSE compared to CMG and these results hold as we increase the percentage of
outliers to 10% (see Table 4.4). Thus, RCMG is robust even in the presence of a strong

CD effect in the contaminated panel. As expected, the MSE for CMG in all cases of CD
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will always be large in the presence of more than 5% outliers drawn from heavy tailed
distribution.

Tables 4.5 to 4.7 report the performance results of CMG and RCMG in the
presence of outliers in input variable (X): the leverage point. With 1% leverage points in
the panel, CMG estimator is more bias than RCMG even with a smaller value of MSE.
RCMG performs better in all the CD cases with and without the presence of CD. As the
percentage of leverage point is increased to 5% (see Table 4.6), the CMG continues to
be bias and this subsequently affects the value of MSE. The RCMG however is slightly

bias with smaller value of MSE for all CD cases. In the presence of 10% LP (see Table

4.7), Beusis far from the true value of B =1.0and intends to contribute to the huge

bias to the estimates. The Sg.y is Slightly bias as the percentage of leverage points
increases; however, it still outperforms CMG with a smaller value of MSE. In general,
Beevs  Provides stable/consistent estimates in the presence of up to 10%

contaminations.

In general, CMG is quite robust in the presence of outliers in the response
variable (Y-direction) in most cases apart from when outliers drawn from Lognormal
and Cauchy distribution. In the presence of LP (X-directions), the estimates of CMG
will be affected and differs significantly from the true estimates as the percentage of LP
increases but the RCMG less affected in all cases in the presence of outliers in X and Y
directions.

The behaviour of this estimator reported in Tables 4.4 and 4.7 are illustrated via
box plots in Figures 4.1 to 4.3 and 4.4 to 4.6 for the case of the contaminated panel in Y
and X directions, respectively. In Figures 4.1 to 4.3, the proposed estimator provides a

stable estimate of £ compared to CMG in the presence of outliers for all cases of CD.

In the presence of leverage points, SBecye is Unbiased while 4., is consistently bias.
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4.2.2.2 Results - Experiment 2

Tables 4.8 to 4.12 present the results of the simulation study under the various
scenarios of the cross section dependence with the strong CD in the DGP setting given
in Table 4.1. The summary of the statistics of the estimators based on 500 simulated

data is computed: sample mean, sample standard deviation, bias and MSE value with /
without the presence of outliers and leverage points (drawn from y2)). In the

uncontaminated panel (refer Table 4.8), the CMG performed better than the RCMG in

all cases. For E’ case, both estimators give a bias estimate of 4. This is due to: (1) the
factor loadings, »; and ¢ are dependent, and (2) the unobserved factors f, derive the

regressors and errors, subsequently resulting in the dependency between the regressors
and error. Likewise, in the presence of 5% contamination (shown in Table 4.9), the
CMG outperforms the RCMG estimator in all cases. Similar results are obtained when
the percentage of outliers increases by 10% (refer Table 4.10). Although the RCMG

gives us a slightly bias estimate, generally the performance is comparable with small
MSE. Since the outliers drawn from 7, , it is observed that the result of CMG and

RCMG are comparable with the result in Experiment 1 (see column 4 Tables 4.2 to 4.4,
for strong CD effect) for cases A and B (no CD and dependency between errors and
regressors). The results in Experiment 2 however conflicts the Experiment 1 for other
cases ( C, C’, D, E, E’ and F) in the presence of outliers. The outliers worsen the
conditions of cross dependency between the factor loadings, regressors and errors and

therefore results in the bias estimates of RCMG.
The results of A3 are reported in Tables 4.11 to 4.12 in the presence of LP. The

CMG provides a poor estimate in all cases and it is expected since the results in
Experiment 1 are comparable with the result in Experiment 2 (see column 4 Tables 4.2
to 4.4, for strong CD effect). The proposed estimator however yields reasonably good

parameter estimates with a small bias and MSE) except in the case of B and D, that is
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when the unobserved factors, f, and y, drive the errors and regressors to indicate the

presence of CD among the errors and regressors. The RCMG estimate is stable even
with a larger percentage of LP while the CMG continues to yield a bias estimate. It can
be concluded that RCMG is not much affected by the presence of LP while the CMG
fails with bias and larger MSE. As expected, RCMG outperform CMG in the presence
of LP since the RCMG are developed to limit the effects of outliers especially in X-

space because outliers in X-space are more influential.
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Table 4.2: The Results of ﬂ with 1% Contamination (Experiment 1)

€it

Estimation  Performance N(0,) 0.99N(0,1) + 0.99N(0,) + 0.99N(0,1) + 0.01 LN(L2) 0. 01 Cauchy
Method Measure 0.01x5 0.0IN(4.4) 0.01IN(0,4) ' (0,16)
7i=0
CMG Mean 0.993 1.000 0.993 0.999 1.005 1.007
SD 0.025 0.029 0.041 0.022 0.151 0.224
Bias -0.007 0.000 -0.007 -0.001 0.005 0.007
MSE 0.001 0.001 0.002 0.000 0.023 0.050
RCMG Mean 0.996 1.000 0.992 0.999 1.000 1.000
SD 0.027 0.027 0.027 0.025 0.027 0.032
Bias -0.004 0.000 -0.008 -0.001 0.000 0.000
MSE 0.001 0.001 0.001 0.001 0.001 0.001
y; ~1idU(0.1,0.3)
CMG Mean 0.998 1.000 1.001 0.998 1.037 1.019
SD 0.025 0.028 0.042 0.026 0.201 0.193
Bias -0.002 0.000 0.001 -0.002 0.037 0.019
MSE 0.001 0.001 0.002 0.001 0.042 0.037
RCMG Mean 0.997 0.999 1.005 0.997 1.000 1.001
SD 0.028 0.026 0.028 0.029 0.029 0.033
Bias -0.003 -0.001 0.005 -0.003 0.000 0.001
MSE 0.001 0.001 0.001 0.001 0.001 0.001
y; ~1idU(0.51.5)
CMG Mean 1.000 0.997 1.006 1.000 0.992 0.996
SD 0.027 0.030 0.043 0.027 0.169 0.258
Bias 0.000 -0.003 0.006 0.000 -0.008 -0.004
MSE 0.001 0.001 0.002 0.001 0.029 0.067
RCMG Mean 1.000 0.996 0.998 1.000 1.007 1.018
SD 0.029 0.032 0.026 0.029 0.028 0.019
Bias 0.000 -0.004 -0.002 0.000 0.007 0.018
MSE 0.001 0.001 0.001 0.001 0.001 0.002

Mean and SD are the sample mean and standard deviations of ,1§ over 500 replications respectively. MSE is the mean squared error for ﬁ .
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Table 4.3: The Results of ,B with 5% Contamination (Experiment 1)

€it

Estimation B N(0,) 0.95N (0,1) + 0.95N(0,1) + 0.95N(0,1) + 0.05 LN(L2) 0. 05 Cauchy
Method Measure 0.0575 0.05N(4,4) 0.05N(0,4) ' (0,16)
Vi = 0

CMG Mean 0.993 1.000 1.007 1.000 1.182 1.000
SD 0.025 0.041 0.089 0.031 0.779 1.155

Bias -0.007 0.000 0.007 0.000 0.182 0.000

MSE 0.001 0.002 0.008 0.001 0.640 1.335

RCMG Mean 0.996 1.004 1.002 0.999 1.002 1.003
SD 0.027 0.032 0.029 0.027 0.034 0.049

Bias -0.004 0.004 0.002 -0.001 0.002 0.003

MSE 0.001 0.001 0.001 0.001 0.001 0.002

y, ~1idU (0.1,0.3)

CMG Mean 0.998 0.996 0.982 1.002 1.088 0.933
SD 0.025 0.034 0.097 0.033 0.725 1.367

Bias -0.002 -0.004 -0.018 0.002 0.088 -0.067

MSE 0.001 0.001 0.010 0.001 0.533 1.872

RCMG Mean 0.997 0.995 0.994 1.000 1.002 1.002
SD 0.028 0.027 0.031 0.031 0.047 0.035

Bias -0.003 -0.005 -0.006 0.000 0.002 0.002

MSE 0.001 0.001 0.001 0.001 0.002 0.001

y, ~iidU (0.5,1.5)

CMG Mean 1.000 1.001 1.024 1.007 1.003 0.823
SD 0.027 0.040 0.084 0.032 1.603 1.175

Bias 0.000 0.001 0.024 0.007 0.003 -0.177

MSE 0.001 0.002 0.008 0.001 2.568 1.412

RCMG Mean 1.000 1.000 1.001 1.005 1.002 0.999
SD 0.029 0.032 0.032 0.031 0.037 0.041

Bias 0.000 0.000 0.001 0.005 0.002 -0.001

MSE 0.001 0.001 0.001 0.001 0.001 0.002

Mean and SD are the sample mean and standard deviations of /3 over 500 replications respectively. MSE is the mean squared error for ﬁ .



Table 4.4: The Results of ,B with 10% Contamination (Experiment 1)

€it

Estimation performance  NOD)  09ON(©OD+ 0.90N(03) + 0.90N(0) + 291‘; Tlilo,l); 0.90 Nﬁ0,1)+
Method Measure 0.1042, 0.10N (4,4) 0.10N(0,4) 10 LN@2) B CEmE (0410
7, =0
CMG Mean 0.993 1.002 1.002 0.996 1.063 1.034
SD 0.025 0.045 0.130 0.041 2.248 2.807
Bias 10.007 0.002 0.002 0.004 0.063 0.034
MSE 0.001 0.002 0.017 0.002 5.059 7.881
RCMG Mean 0.996 1.001 1.000 0.999 0.989 0.999
SD 0.027 0.031 0.038 0.034 0.098 0.060
Bias -0.004 0.001 0.000 10.001 0.011 0.001
MSE 0.001 0.001 0.001 0.001 0.010 0.004
y, ~1idU (0.1,0.3)
CMG Mean 0.998 0.999 1.007 0.991 0.512 0.845
SD 0.025 0.049 0.123 0.036 4540 1.960
Bias 0.002 0.001 0.007 10.009 10.488 0.155
MSE 0.001 0.002 0.015 0.001 20.854 3.868
RCMG Mean 0.997 1.003 1.000 0.998 0.990 0.989
sD 0.028 0.034 0.037 0.034 0.049 0.070
Bias 10.003 0.003 0.000 10.002 10,010 0.011
MSE 0.001 0.001 0.001 0.001 0.002 0.005
7. ~ iidU (0.5,L.5)
CMG Mean 1.000 0.993 0.991 0.998 1186 1.083
SD 0.027 0.045 0.120 0.037 2.054 2.092
Bias 0.000 0.007 -0.009 0.002 0.186 0.083
MSE 0.001 0.002 0.014 0.001 4.252 4.385
RCMG Mean 1.000 0.992 0.998 1.000 0.979 1.005
SD 0.029 0.034 0.039 0.031 0.240 0.058
Bias 0.000 10.008 10.002 0.000 0.021 0.005
MSE 0.001 0.001 0.002 0.001 0.058 0.003

Mean and SD are the sample mean and standard deviations of ,b’ over 500 replications respectively. MSE is the mean squared error forﬁ .
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Table 4.5: The Results of ﬁ with 1% Leverage Points (Experiment 1)

Xit
0.99 N(01)+
Estimation  performance  N(© 0.99N(0,1) + 0.99N(0,1) + 0.99N(0.1) + gzi 'Elgo(ll)g 0,01 Cauchy
Method Measure 0.01x5 0.0IN(4.4) 0.01IN(0,4) ' ’ (0,16)
Vi = 0

CMG Mean 0.997 0.822 0.598 0.888 0.749 0.535
SD 0.023 0.058 0.093 0.040 0.094 0.094

Bias -0.003 0178 -0.402 0.112 -0.251 -0.465

MSE 0.001 0.035 0.170 0.014 0.072 0.225

RCMG Mean 0.996 0.982 0.983 0.986 0.991 0.981
SD 0.027 0.026 0.028 0.030 0.030 0.027

Bias -0.004 0,018 0,017 0.014 -0.009 -0.019

MSE 0.001 0.001 0.001 0.001 0.001 0.001

y, ~1idU (0.1,0.3)

CMG Mean 0.998 0.813 0.614 0.897 0.741 0.537
SD 0.023 0.052 0.084 0.040 0.083 0.098

Bias -0.002 0187 -0.386 :0.103 -0.259 -0.463

MSE 0.001 0.038 0.156 0.012 0.074 0.224

RCMG Mean 0.998 0.978 0.979 0.985 0.981 0.978
SD 0.030 0.026 0.024 0.031 0.027 0.029

Bias -0.002 0,022 0,021 .0.015 -0.019 -0.022

MSE 0.001 0.001 0.001 0.001 0.001 0.001

y, ~ 1idU (0.5,1.5)

CMG Mean 1.002 0.819 0.604 0.887 0.726 0.530
SD 0.024 0.051 0.096 0.035 0.090 0.100

Bias 0.002 0181 -0.396 0.113 -0.274 -0.470

MSE 0.001 0.035 0.166 0.014 0.083 0.231

RCMG Mean 1.002 0.981 0.973 0.976 0.987 0.978
) 0.026 0.029 0.028 0.027 0.023 0.026

Bias 0.002 -0.019 0,027 0.024 .0.013 0,022

MSE 0.001 0.001 0.001 0.001 0.001 0.001

Mean and SD are the sample mean and standard deviations of ﬁ over 500 replications respectively. MSE is the mean squared error for ﬂ
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Table 4.6: The Results of ﬂ with 5% Leverage Points (Experiment 1)

Xit
Estimation  Performance N(0.2) 0.95N(01)+ 0.95N(0)+ 0.95N(01) + %9055 E\(loil); o Nf]O,l)+
Method Measure 00573 0.05N(4,4) 0.05N(0.4) 05LN(L2) 0.05 Cauchy (0.16)
Vi = 0
CMG Mean 0.997 0.439 0.132 0.611 0.259 0.066
SD 0.023 0.048 0.041 0.047 0.066 0.034
Bias -0.003 -0.561 -0.868 -0.389 -0.741 -0.934
MSE 0.001 0.317 0.755 0.153 0.554 0.873
RCMG Mean 0.996 0.933 0.949 0.943 0.945 0.948
SD 0.027 0.031 0.030 0.025 0.027 0.027
Bias -0.004 -0.067 -0.051 -0.057 -0.055 -0.052
MSE 0.001 0.005 0.004 0.004 0.004 0.003
y, ~1idU (0.1,0.3)
CMG Mean 0.998 0.446 0.132 0.605 0.272 0.056
SD 0.023 0.047 0.035 0.046 0.071 0.026
Bias -0.002 -0.554 -0.868 -0.395 -0.728 -0.944
MSE 0.001 0.309 0.755 0.158 0.536 0.892
RCMG Mean 0.998 0.930 0.938 0.938 0.940 0.940
SD 0.030 0.027 0.029 0.027 0.026 0.025
Bias -0.002 -0.070 -0.062 -0.062 -0.060 -0.060
MSE 0.001 0.006 0.005 0.005 0.004 0.004
y, ~ iidU (0.5.1.5)
CMG Mean 1.002 0.451 0.138 0.620 0.264 0.063
SD 0.024 0.044 0.039 0.043 0.070 0.036
Bias 0.002 -0.549 -0.862 -0.380 -0.736 -0.937
MSE 0.001 0.303 0.744 0.146 0.546 0.879
RCMG Mean 1.002 0.909 0.921 0.929 0.931 0.925
SD 0.026 0.035 0.027 0.032 0.024 0.025
Bias 0.002 -0.091 -0.079 -0.071 -0.069 -0.075
MSE 0.001 0.009 0.007 0.006 0.005 0.006

Mean and SD are the sample mean and standard deviations of ,b’ over 500 replications respectively. MSE is the mean squared error forﬁ .
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Table 4.7: The Results of ﬁ with 10% Leverage Points (Experiment 1)

Xit
Estimation performance  N(OD 090N+ 0.90N(03) + 0.90N(0) + gi‘(’) 'E'EIO-ll); 0.90 Nﬁ0,1)+
Method Measure 0.102, 0.10N (4,4) 0.10N(0,4) 10 LN@2) QA ERNEI7 (0:L9)
7, =0
CMG Mean 0.997 0.272 0.048 0.422 0.088 0.010
SD 0.023 0.031 0.011 0.036 0.038 0.007
Bias -0.003 0.728 0.952 0578 0.912 -0.990
MSE 0.001 0531 0.907 0.336 0.833 0.980
RCMG Mean 0.996 0.871 0.915 0.881 0.910 0.928
SD 0.027 0.031 0.030 0.029 0.027 0.026
Bias -0.004 0.129 -0.085 0.119 -0.090 0.072
MSE 0.001 0.018 0.008 0.015 0.009 0.006
y, ~1idU (0.1,0.3)
CMG Mean 0.998 0.269 0.051 0.427 0.098 0.010
SD 0.023 0.029 0.011 0.039 0.036 0.006
Bias -0.002 0.731 :0.949 0573 -0.902 -0.990
MSE 0.001 0535 0.901 0.330 0.814 0.979
RCMG Mean 0.998 0.872 0.912 0.880 0.912 0.913
sD 0.030 0.031 0.027 0.031 0.028 0.027
Bias -0.002 0.128 :0.088 0.120 -0.088 10.087
MSE 0.001 0.017 0.008 0.015 0.008 0.008
7. ~ iidU (0.5.L.5)
CMG Mean 1.002 0.266 0.049 0.418 0.093 0.009
SD 0.024 0.026 0.012 0.039 0.037 0.005
Bias 0.002 0.734 -0.951 0582 -0.907 -0.991
MSE 0.001 0539 0.904 0.340 0.824 0.983
RCMG Mean 1.002 0.826 0.873 0.838 0.851 0.887
SD 0.026 0.036 0.030 0.032 0.030 0.025
Bias 0.002 0.174 0.127 0.162 0.119 0.113
MSE 0.001 0.032 0.017 0.027 0.015 0.013

Mean and SD are the sample mean and standard deviations of ,6’ over 500 replications respectively. MSE is the mean squared error for ﬁ
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Table 4.8: The Results of ﬁ in the Uncontaminated Panel (Experiment 2)

Case Method Mean SD Bias MSE
A CMG 1.0004 0.0272 0.0004 0.0007
RCMG 0.9940 0.0315 -0.0060 0.0010
B CMG 1.0001 0.0284 0.0001 0.0008
RCMG 0.9801 0.0353 -0.0199 0.0016
C CMG 0.9976 0.0276 -0.0024 0.0008
RCMG 1.0197 0.0375 0.0197 0.0018
C CMG 1.0002 0.0269 0.0002 0.0007
RCMG 1.0208 0.0378 0.0208 0.0019
D CMG 0.9990 0.0249 -0.0010 0.0006
RCMG 0.9937 0.0330 -0.0063 0.0011
E CMG 0.9974 0.0309 -0.0026 0.0010
RCMG 1.0241 0.0397 0.0241 0.0022
E’ CMG 1.0806 0.0317 0.0806 0.0075
RCMG 1.1106 0.0403 0.1106 0.0139
F CMG 0.9995 0.0319 -0.0005 0.0010
RCMG 1.0043 0.0353 0.0043 0.0013

Mean and SD are the sample mean and standard deviations of ﬁ over 500 replications respectively. MSE is the mean squared error for ,@ .



Table 4.9: The Results of ﬁ with 5% Contamination in the Panel (Experiment 2)

Case Method Mean SD Bias MSE
A CMG 1.0003 0.0457 0.0003 0.0021
RCMG 0.9988 0.0643 -0.0012 0.0041
B CMG 0.9996 0.0408 -0.0004 0.0017
RCMG 0.9961 0.0570 -0.0039 0.0033
C CMG 0.9967 0.0449 -0.0033 0.0020
RCMG 1.1278 0.0652 0.1278 0.0206
C CMG 1.0006 0.0446 0.0006 0.0020
RCMG 1.1378 0.0641 0.1378 0.0231
D CMG 0.9977 0.0463 -0.0023 0.0021
RCMG 1.1081 0.0677 0.1081 0.0163
E CMG 0.9965 0.0430 -0.0035 0.0019
RCMG 1.1828 0.0683 0.1828 0.0381
E’ CMG 1.0871 0.0458 0.0871 0.0097
RCMG 1.2722 0.0667 0.2722 0.0785
F CMG 0.9960 0.0451 -0.0040 0.0020
RCMG 1.1641 0.0754 0.1641 0.0326

Mean and SD are the sample mean and standard deviations of ﬂ over 500 replications respectively. MSE is the mean squared error for ﬁ .
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Table 4.10: The Results of ,Bwith 10% Contamination in the Panel (Experiment 2)

Case Method Mean SD Bias MSE
A CMG 0.9994 0.0563 -0.0006 0.0032
RCMG 0.9956 0.0766 -0.0044 0.0059
B CMG 0.9995 0.0519 -0.0005 0.0027
RCMG 0.9976 0.0712 -0.0024 0.0051
C CMG 0.9937 0.0505 -0.0063 0.0026
RCMG 1.1430 0.0671 0.1430 0.0249
C CMG 0.9979 0.0501 -0.0021 0.0025
RCMG 1.1563 0.0680 0.1563 0.0290
D CMG 1.0051 0.0571 0.0051 0.0033
RCMG 1.1173 0.0818 0.1173 0.0204
E CMG 0.9929 0.0492 -0.0071 0.0025
RCMG 1.2344 0.0852 0.2344 0.0622
E’ CMG 1.0897 0.0552 0.0897 0.0111
RCMG 1.3111 0.0786 0.3111 0.1029
F CMG 1.0027 0.0554 0.0027 0.0031
RCMG 1.1641 0.0754 0.1641 0.0326

Mean and SD are the sample mean and standard deviations of ﬂ over 500 replications respectively. MSE is the mean squared error for ﬁ .
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Table 4.11: The Results of ﬁ with 5% Leverage Points in the Panel (Experiment 2)

Case Method Mean SD Bias MSE
A CMG 0.4274 0.0513 -0.5726 0.3305
RCMG 0.9804 0.0634 -0.0196 0.0044
B CMG 0.4292 0.0575 -0.5708 0.3291
RCMG 0.9336 0.0681 -0.0664 0.0090
C CMG 0.4258 0.0489 -0.5742 0.3321
RCMG 1.0139 0.0781 0.0139 0.0063
C CMG 0.4270 0.0489 -0.5730 0.3307
RCMG 1.0439 0.0919 0.0439 0.0104
D CMG 0.4325 0.0457 -0.5675 0.3242
RCMG 0.9967 0.0769 -0.0033 0.0059
E CMG 0.4445 0.0487 -0.5555 0.3110
RCMG 1.0162 0.0968 0.0162 0.0096
E’ CMG 0.4788 0.0532 -0.5212 0.2745
RCMG 1.1265 0.0964 0.1265 0.0253
F CMG 0.4484 0.0477 -0.5516 0.3065
RCMG 1.0045 0.0903 0.0045 0.0082

Mean and SD are the sample mean and standard deviations of ﬂ over 500 replications respectively. MSE is the mean squared error for ,é
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Table 4.12: The Results of £ with 10% Leverage Points in the Panel

Case Method Mean SD Bias MSE
A CMG 0.2669 0.0351 -0.7331 0.5387
RCMG 1.0174 0.0389 0.0174 0.0018
B CMG 0.2733 0.0388 -0.7267 0.5296
RCMG 0.8868 0.0480 -0.1132 0.0151
C CMG 0.2648 0.0332 -0.7352 0.5416
RCMG 0.9666 0.0648 -0.0334 0.0053
C CMG 0.2655 0.0330 -0.7345 0.5406
RCMG 0.9832 0.0644 -0.0168 0.0044
D CMG 0.2725 0.0312 -0.7275 0.5302
RCMG 0.9029 0.0741 -0.0971 0.0149
E CMG 0.2804 0.0331 -0.7196 0.5190
RCMG 0.9120 0.0841 -0.0880 0.0148
E’ CMG 0.2975 0.0326 -0.7025 0.4945
RCMG 1.0133 0.0971 0.0133 0.0096
F CMG 0.2852 0.0325 -0.7148 0.5120
RCMG 0.8281 0.0994 -0.1719 0.0394

Mean and SD are the sample mean and standard deviations of ﬂ over 500 replications respectively. MSE is the mean squared error for ﬁ .

100



Beta

1.05

0.95

Slope Estimates in clean data Slope Estimates in contaminated data (10%chisq(30))

16

I e ————

1.0

Beta

04

BBeta.X.CMG BBeta.X.RCMG BBeta.X.CMG BBetaX.RCMG

Slope Estimates in contaminated data (10%Norm(4,4)) Slope Estimates in contaminated (10%LogNorm(1,2))

Beta

12

08

10 0 10

Beta

-30

BBeta.X.CMG BBeta.X.RCMG BBeta.X.CMG BBetaX.RCMG

Slope Estimates in contaminated data (10% Cauchy)

% i Z‘
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4.3 Hypothesis Testing

In this section, the performance of the pooled, CMG and RCMG are compared
in terms of size and power of the test for the parameter estimates (slope coefficient)
given in hypothesis in (3.46) (refer Chapter 3). 500 runs are performed for each pair of
cross sectional units and time with N =(20,30,50) and T =(20,30,50,100) in the

uncontaminated and contaminated panels. The bias and RMSE of the slope estimates

are computed as follows: (1) Bias=E(ﬁ—ﬂ)as given in (4.3); and

(2)RMSE = \/Var(ﬁ)Jr (Bias(ﬁ’, ,8))2 ; where RMSE is equals to the sum of the variance
and the squared bias of the estimator. Note that, RMSE is a square root of MSE in (4.3).
Here, # is the parameter estimates and A is the true estimate.

The performances of the respective estimators are measured using the test
statistics given by the following:

(1) Pooled Estimator

~n

ZPool = BP02| _B (48)
SeBPooI
N T
é
0 Ty YY2 2 i:ltzzl: " i
where se(ﬁpoo,):a(x X) with o = NT K 1 k is the number of regressor and

€, is the estimated residuals, computed as €, =y, —¥,; withy, and y, the observed

and fitted values of the dependent variable respectively. f,,, is the slope estimates

obtained from the pooled model and is obtained from (dpool, ﬁpoo,>T :(XTX)fley(in

matrix form).

(2) CMG Estimator

A

BCMG _B (4.9)

Zemg = ~
Se(BCMG)
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N ~ ~ ~ ~
. 1 (= /2 Z(BI _BCMG)(Bi _BCMG)T .
where  se(Beyc) :W()ZCMG)1 . Xows = N1 and B, is
computed in B, = (XTMX,)* X My, in matrix form, for each i=12,...,N and Mis
A~ A A N A
given in (3.29) . The B, is the average of B,, that iy =(Zﬁij/ N .
i=1
(3) RCMG Estimator
Zpeme = (BRCAMG _B) (4.10)
S€ BRCMG

A 1 (- 12 A 1 9
where Se(BRCMG) :F(ERCMG)1 » Zpemc :Wzvi )

e

v, = (XM, )6 E[W{G‘c‘(&:)ﬁ: and v, (x,)=—
)

N ~
Bi
i=L

A
I

BRCMG =

with B, is computed asp, = (X] GX,) X GY,.
All estimators follow the standard normal distribution and therefore the z-test are used

to test for [3 (See the details in Chapter 3.)

4.3.1 Data Generating Process (DGP)
Using the same DGP in Section 4.2.1.1 (Experiment 1), we have:

T ) T )
Vi =c; + B X, +&,; and g =y f+o,8,

fori=12,...,N. t=-49,...,0,12,...,T ; where

a, ~ iidU (-0.5,05); 0, =1

X, ~ iidN (0.2); &, ~ iidN (0.1); f, ~ iidN (0.2).
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B, = [ =1 s set to compute the size of the tests while the power is computed under the

alternatives hypothesis of 8, = f=0.9. The presence of cross dependency is set as
follows:

(i) » =0 for no cross dependency;
(i) y, ~ iidU (0.1,0.3) for mild cross dependency and ;
(i) , ~ 1idU (0.5,1.5) for strong effect of cross dependency.

In the presence of contaminations at time t =z, the residual takes the form of

the following:
e fort =7, _
. = fori=12,...,N;
e, +m, fort=r,

with m, ~ LN(12) . We allow a 5% contamination since LN(L2) gives the worst case

scenario in our previous study.

4.3.2 Discussion
Tables 4.13 to 4.16 provide the results of the RMSE in the uncontaminated and
contaminated panels for the pooled, CMG and RCMG respectively. Table 4.13 provides

the results for the case when S =1in the uncontaminated panel. In the presence of cross
sectional independencey, =0 , the pooled estimator yields the smallest RMSE for

(N,T)=(20,20) . However as N increases, the RMSE decreases for all estimators and

all results are comparable with the RCMG slightly bigger due to bias. The results hold
in the presence of the mild CD. When the strong CD effect is observed in the panel, the
RMSE of the pooled estimator are slightly larger compared to in the presence of the
mild CD but not for the CMG and RCMG. Both estimators continue to yield a

consistent RMSE as in the presence of the mild CD and cross sectional independence.

106



In the presence of contaminations (shown in Table 4.14), the pooled and CMG
estimators result in larger RMSE than RCMG under the various degrees of CD. As
expected, when N and T increases, the RMSE decreases for all estimators. Under CD,
the RMSE for the pooled estimator is slightly smaller than when no CD is observed in
the panel. The RCMG vyields the smallest RMSE and outperforms all the estimators in
the presence of outliers. Similar results are obtained for the case of £ =0.9 and the
results are reported in Tables 4.15 to Table 4.16.

The bias of the respective estimators in Tables 4.17 to 4.20 for the case g =1is
reported. In the uncontaminated panel (see Table 4.17), the bias value for the RCMG
estimates is comparable to the bias value of the pooled and CMG for all sample size. In

the presence of outliers, the estimates of g for the pooled and CMG estimators are

slightly bias than in the uncontaminated panel (see Table 4.18). The S retains a

small bias and outperforms the pooled and CMG estimates in the presence of outliers
for all CD cases. When £ =0.9, similar bias results are observed for both the
uncontaminated and contaminated panels (See Table 4.19 and Table 4.20).

The results of the size and power*® of the test are reported in Tables 4.21 to 4.24.
The size and power of the test are computed under the null hypothesis =1, #=0.9 ,
respectively. For the uncontaminated panel (see Table 4.21), the pooled estimator gives
reasonable size for (N,T)=(20,20). The CMG and RCMG however are slightly
oversized under the cross sectional independence. As N increases, the sizes of the
study for all estimators are reasonable (close to 0.05). In the presence of the mild CD,
the sizes of study are comparable for all estimators. The RCMG however is undersized

when y; ~iidU (0.5,1.5) for each sample size under study. All estimators yield large

powers (more than 95%) for all the CD cases and sample sizes (see Table 4.22) except

for the RCMG when T =20.

“% For more details about the size and powers, refer to page 32, Chapter 2.
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Reasonable sizes of the study for all estimators are obtained in the contaminated
panel (see Table 4.23). The RCMG estimators however are slightly oversized for the

case y;, =0 and y, ~iidU (0.1,0.3) but attain reasonable sizes under the strong CD

effect in the panel. The RCMG also yields good powers of the tests in the presence of
outliers (see Table 4.24). The two estimators of the pooled and CMG however have low
powers in the presence of outliers and these powers are consistent in each sample size in

all the CD cases: (1) 7, =0, (2) », ~1idU (0.1,0.3), and (3) y; ~iidU (0.5,1.5) . Based on

these results, the proposed estimator provides a good estimate (unbiased and small
RMSE) with reasonable size and high power in the presence of outliers relative to the

other two estimators. The summary of the results are given in Table 4.25.
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Table 4.13: RMSE of (3 =1) for the Uncontaminated Panel

T/N 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7i =0
20 0.0503 0.0432 0.0322 0.0587 0.0487 0.0364 0.0731 0.0539 0.0455
30 0.0421 0.0337 0.0286 0.0447 0.0357 0.0296 0.0475 0.0463 0.0366
50 0.0324 0.0272 0.0199 0.0338 0.0287 0.0202 0.0412 0.0325 0.0218
100 0.0228 0.0185 0.0145 0.0227 0.0188 0.0146 0.0276  0.0224 0.0172
200 0.0166 0.0131 0.0095 0.0167 0.0127 0.0091 0.0188 0.0164 0.0119
7, ~ 1idU (0.1,0.3)
20 0.0529 0.0446 0.0357 0.0586 0.0461 0.0396 0.0687 0.0585 0.0506
30 0.0434 0.0351 0.0258 0.0460 0.0374 0.0274 0.0567 0.0494 0.0419
50 0.0338 0.0273 0.0218 0.0361 0.0285 0.0214 0.0406 0.0356 0.0209
100 0.0243 0.0196 0.0150 0.0238 0.0189 0.0146 0.0281 0.0240 0.0187
200 0.0161 0.0134 0.0099 0.0161 0.0127 0.0096 0.0190 0.0151 0.0110
y, ~1idU (0.51.5)

20 0.0740 0.0606 0.0472 0.0589 0.0459 0.0397 0.0681 0.0595 0.0488
30 0.0612 0.0483 0.0370 0.0462 0.0372 0.0271 0.0541 0.0510 0.0410
50 0.0446 0.0375 0.0307 0.0364 0.0285 0.0212 0.0404 0.0344 0.0213
100 0.0331 0.0274 0.0207 0.0238 0.0190 0.0146 0.0276  0.0228 0.0183
200 0.0231 0.0193 0.0140 0.0162 0.0127 0.0096 0.0188 0.0148 0.0116

RMSE is computed as RMSE = \/Var(ﬁ)+ (Bias(ﬁ, ﬁ))z and Bias = E(ﬁ—ﬂ) based on 500 numbers of replications.
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Table 4.14: RMSE of (3 =1) for the Contaminated Panel (5% contamination)

T/IN 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7i =0
20 0.9832 0.7680 0.6426 0.4604 0.3342 0.3742 0.0923 0.0674 0.0531
30 5.2336 0.9610 0.9119 0.3565 0.3467 0.3142 0.0673 0.0576 0.0458
50 0.5961 0.7808 0.7336 0.3367 0.3319 0.2507 0.0454 0.0376 0.0303
100 0.5487 0.4837 0.4153 0.2330 0.2433 0.1965 0.0316 0.0254 0.0181
200 0.3862 0.3784 0.3325 0.2348 0.1946 0.1765 0.0207 0.0161 0.0139
7, ~ 1idU (0.1,0.3)
20 1.1278 1.0214 0.7658 0.5588 0.4171 0.4254 0.0927 0.0661 0.0560
30 1.8626 0.9775 0.5951 0.4819 0.3317 0.2835 0.0725 0.0526 0.0470
50 0.6519 0.7012 0.6315 0.2997 0.2907 0.3453 0.0480 0.0371 0.0329
100 0.5977 0.4961 0.4662 0.2576 0.2351 0.1972 0.0318 0.0262 0.0209
200 0.4038 0.3208 0.2228 0.2381 0.1860 0.1745 0.0217 0.0166 0.0138
y, ~1idU (0.51.5)

20 1.1279 1.0209 0.7660 0.5919 0.4524 0.4450 0.1009 0.0725 0.0597
30 1.8633 0.9763 0.5958 0.5057 0.3545 0.3089 0.0746 0.0489 0.0507
50 0.6522 0.7025 0.6335 0.3142 0.3048 0.3518 0.0525 0.0379 0.0345
100 0.5986 0.2417 0.4669 0.2642 0.2417 0.2121 0.0342 0.0277 0.0217
200 0.4039 0.3204 0.2239 0.2400 0.1918 0.1805 0.0233 0.0184 0.0144

RMSE is computed as RMSE = \/Var(ﬁ)+ (Bias(ﬁ, ﬁ))z and Bias = E(ﬁ—ﬂ) based on 500 numbers of replications.
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Table 4.15: RMSE of (8 =0.9) for the Uncontaminated Panel

T/N 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7i =0
20 0.0523 0.0437 0.0329 0.0591 0.0484 0.0371 0.0732 0.0537 0.0453
30 0.0425 0.0341 0.0287 0.0449 0.0362 0.0289 0.0472 0.0464 0.0366
50 0.0327 0.0279 0.0201 0.0336 0.0291 0.0231 0.0435 0.0326 0.0219
100 0.0233 0.0183 0.0148 0.0229 0.0193 0.0147 0.0264 0.0224 0.0173
200 0.0167 0.0135 0.0099 0.0174 0.0132 0.0098 0.0185 0.0164 0.0118
7, ~ 1idU (0.1,0.3)
20 0.0531 0.0448 0.0364 0.0587 0.0469 0.0393 0.0649 0.0583 0.0508
30 0.0437 0.0356 0.0259 0.0461 0.0375 0.0273 0.0566 0.0494 0.0420
50 0.0338 0.0275 0.0222 0.0358 0.0289 0.0217 0.0419 0.0356 0.0209
100 0.0244 0.0195 0.0157 0.0234 0.0191 0.0148 0.0286 0.0240 0.0187
200 0.0162 0.0133 0.0096 0.0166 0.0128 0.0099 0.0201 0.0151 0.0110
y, ~1idU (0.51.5)

20 0.0744 0.0613 0.0474 0.0588 0.0460 0.0395 0.0658 0.0596 0.0488
30 0.0609 0.0485 0.0371 0.0463 0.0377 0.0272 0.0540 0.0509 0.0410
50 0.0433 0.0377 0.0313 0.0365 0.0284 0.0218 0.0414 0.0344 0.0213
100 0.0332 0.0275 0.0212 0.0233 0.0192 0.0144 0.0278 0.0228 0.0183
200 0.0234 0.0196 0.0143 0.0165 0.0126  0.0095 0.0201 0.0148 0.0117

RMSE is computed as RMSE = \/Var(ﬁ)+ (Bias(ﬁ, ﬁ))z and Bias = E(ﬁ—ﬂ) based on 500 numbers of replications.
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Table 4.16: RMSE of 3 (8 =0.9) for the Contaminated Panel (5% contamination)

T/IN 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7i =0
20 0.9844 0.7689 0.6543 0.4651 0.3407 0.3776 0.0913 0.0653 0.0542
30 49776 0.9456 0.9133 0.3889 0.3532 0.3215 0.0657 0.0574 0.0457
50 0.5977 0.7843 0.7612 0.3347 0.3334 0.2566 0.0399 0.0371 0.0306
100 0.6432 0.4899 0.4231 0.2589 0.2442 0.2076 0.0311 0.0254 0.0181
200 0.3891 0.3674 0.3756 0.2379 0.1999 0.1871 0.0214 0.0160 0.0139
7, ~ 1idU (0.1,0.3)
20 1.1296 1.0232 0.7669 0.5597 0.4186 0.4266 0.0941 0.0660 0.0570
30 1.8734 0.9795 0.6034 0.4910 0.3332 0.2978 0.0719 0.0513 0.0465
50 0.6662 0.7089 0.6411 0.3008 0.2981 0.3563 0.0573 0.0372 0.0328
100 0.5999 0.4816 0.4673 0.2656 0.2359 0.1986 0.0362 0.0262 0.0206
200 0.4128 0.3232 0.2234 0.2379 0.1891 0.1788 0.0223 0.0166 0.0137
y, ~1idU (0.51.5)

20 1.1284 1.0221 0.7678 0.6323 0.4667 0.4578 0.1022 0.0727 0.0598
30 1.8673 0.9790 0.5982 0.5071 0.3563 0.3919 0.0750 0.0496 0.0507
50 0.6569 0.7133 0.6337 0.3243 0.3158 0.3635 0.0618 0.0379 0.0344
100 0.5778 0.4977 0.4802 0.2332 0.2424 0.2176 0.0408 0.0277 0.0217
200 0.4125 0.3210 0.2250 0.2455 0.1923 0.1817 0.0244 0.0184 0.0144

RMSE is computed as RMSE = \/Var(ﬁ)+ (Bias(ﬁ, ﬁ))z and Bias = E(ﬁ—ﬂ) based on 500 numbers of replications.
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Table 4.17: Bias of B(/ =1) in the Uncontaminated Panel

T/N 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7i =0
20 0.0018 -0.0006 0.0017 0.0012 0.0010 0.0029 -0.0012 0.0082 0.0023
30 0.0002 -0.0024 0.0004 -0.0017 -0.0028 -0.0006 -0.0126  0.0010 0.0076
50 0.0013 0.0006 -0.0009 0.0003 0.0008 -0.0005 -0.0014 0.0006 -0.0026
100 -0.0010 0.0001 -0.0001 -0.0014 -0.0005 0.0000 0.0015 -0.0007 -0.0001
200 -0.0008 -0.0005 0.0005 -0.0010 -0.0005 0.0008 -0.0004 0.0022 0.0011
7, ~ 1idU (0.1,0.3)
20 -0.0004 -0.0030 0.0034 -0.0009 -0.0024 0.0041 -0.0008 0.0020 0.0032
30 0.0003 -0.0009 -0.0019 -0.0007 0.0001 -0.0027 0.0069 0.0133 0.0046
50 -0.0023 -0.0005 -0.0001 -0.0026 0.0000 -0.0002 -0.0011 -0.0036 -0.0010
100 0.0008 0.0005 0.0004 0.0005 -0.0001 0.0000 0.0006 -0.0024 -0.0006
200 -0.0003 -0.0004 0.0010 -0.0001 -0.0007 0.0013 0.0001 -0.0015 0.0015
y, ~1idU (0.51.5)

20 -0.0011 -0.0061 0.0028 -0.0004 -0.0021 0.0039 -0.0028 0.0019 -0.0004
30 0.0000 -0.0006 -0.0033 -0.0007 -0.0001 -0.0027 0.0103 0.0111 0.0045
50 -0.0026 -0.0011 -0.0010 -0.0026 0.0000 -0.0004 -0.0013 -0.0045 -0.0009
100 0.0002 0.0005 0.0010 0.0005 -0.0002 -0.0001 0.0008 -0.0018 -0.0002
200 -0.0006  0.0005 0.0003 -0.0001 -0.0007 0.0014 0.0005 -0.0006 0.0017

Bias is computed as Bias = E(ﬁfﬁ) based on 500 numbers of replications.
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Table 4.18: Bias of 4(4 = 1) for the Contaminated Panel (5% contamination)

T/N 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7i =0
20 -0.0631 0.0193 0.0038 -0.0329 0.0137 -0.0006 -0.0020 -0.0017 0.0006
30 0.2717 0.0865 0.0234 0.0114 0.0093 -0.0339 -0.0027 0.0045 -0.0013
50 0.0094 0.0227 -0.0742 0.0001 0.0355 -0.0105 -0.0004 0.0089 -0.0036
100 -0.0426 0.0141 0.0125 0.0019 -0.0030 -0.0168 -0.0011 -0.0016 -0.0030
200 -0.0032 0.0002 -0.0360 -0.0086 -0.0038 -0.0091 -0.0018 0.0009 0.0008
y; ~ iidU (0.1,0.3)
20 -0.0195 -0.0269 -0.0305 -0.0134 -0.0344 0.0190 -0.0016 -0.0065 -0.0003
30 -0.0754 -0.0356 -0.0223 0.0166 -0.0032 0.0139 -0.0039 -0.0019 -0.0015
50 -0.0197 -0.0311 0.0355 -0.0210 0.0044 -0.0298 0.0000 0.0048 -0.0047
100 0.0158 -0.0146 -0.0056 -0.0001 0.0035 -0.0057 0.0010 0.0014 -0.0021
200 0.0281 0.0235 -0.0149 0.0138 0.0011 0.0043 -0.0015 0.0008 0.0021
y, ~iidU (0.51.5)

20 -0.0180 -0.0286 -0.0301 -0.0151 -0.0304 0.0205 -0.0023 -0.0113 0.0015
30 -0.0761 -0.0343 -0.0228 0.0189 -0.0036 0.0154 -0.0006 -0.0023 -0.0021
50 -0.0195 -0.0298 0.0339 -0.0228 0.0034 -0.0302 0.0009 0.0029 -0.0054
100 0.0156 0.0062 -0.0058 -0.0013 0.0062 -0.0042 0.0013 0.0013 -0.0020
200 0.0273 0.0236 -0.0147 0.0139 -0.0003 0.0026 -0.0005 0.0009 0.0013

Bias is computed as Bias = E(ﬁ'—ﬁ) based on 500 numbers of replications.
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Table 4.19: Bias of 3 (= 0.9) for the Uncontaminated Panel

T/N 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7i =0
20 0.0021 -0.0006 0.0019 0.0015 0.0011 0.0031 -0.0010 0.0086 0.0023
30 0.0004 -0.0027 0.0005 -0.0024 -0.0028 -0.0006 -0.0121 0.0015 0.0077
50 0.0013 0.0006 -0.0009 0.0007 0.0008 -0.0005 -0.0022 0.0006 -0.0025
100 -0.0015 0.0004 -0.0001 -0.0024 -0.0004 0.0001 0.0001 -0.0007 -0.0001
200 -0.0009 -0.0006 0.0006 -0.0013 -0.0006 0.0009 -0.0011 0.0022 0.0011
y; ~ iidU (0.1,0.3)
20 -0.0005 -0.0033 0.0037 -0.0010 -0.0034 0.0032 0.0022 0.0021 0.0032
30 0.0004 -0.0011 -0.0019 -0.0009 0.0001 -0.0027 0.0070 0.0133 0.0047
50 -0.0023 -0.0005 -0.0001 -0.0025 0.0004 -0.0005 -0.0074 -0.0035 -0.0009
100 0.0009 0.0005 0.0004 0.0008 -0.0003 0.0007 0.0011 -0.0023 -0.0005
200 -0.0005 -0.0004 0.0016 -0.0003 -0.0004 0.0023 0.0012 -0.0014 0.0016
y, ~iidU (0.51.5)

20 -0.0018 -0.0066 0.0038 -0.0005 -0.0033 0.0032 0.0016 0.0021 -0.0004
30 0.0001 -0.0007 -0.0043 -0.0004 -0.0003 -0.0027 0.0104 0.0111 0.0046
50 -0.0028 -0.0011 -0.0020 -0.0027 0.0001 -0.0003 -0.0056 -0.0043 -0.0009
100 0.0003 0.0005 0.0011 0.0006 -0.0003 -0.0004 0.0006 -0.0018 -0.0002
200 -0.0004 0.0006 0.0004 -0.0003 -0.0009 0.0024 0.0012 -0.0006 0.0017

Bias is computed as Bias = E(ﬁ'—ﬁ) based on 500 numbers of replications.
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Table 4.20: Bias of 3 (= 0.9)for the Contaminated Panel (5% contamination)

T/N 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7i =0
20 -0.0644 0.0204 0.0049 -0.0331 0.0149 -0.0007 -0.0013 -0.0008 -0.0006
30 0.2821 0.0871 0.0239 0.0127 0.0094 -0.0349 -0.0104 0.0039 -0.0017
50 0.0095 0.0229 -0.0755 0.0005 0.0366 -0.0113 0.0011 0.0091 -0.0031
100 0.0559 0.0147 0.0123 -0.0004 -0.0039 -0.0184 0.0021 -0.0012 -0.0029
200 -0.0037 0.0012 -0.0473 -0.0088 -0.0044 -0.0111 -0.0016 0.0010 0.0008
y; ~ iidU (0.1,0.3)
20 -0.0215 -0.0321 -0.0323 -0.0153 -0.0364 0.0231 0.0011 -0.0062 -0.0006
30 -0.0862 -0.0364 -0.0271 0.0213 -0.0056 0.0154 -0.0037 -0.0015 -0.0019
50 -0.0234 -0.0332 0.0355 -0.0232 0.0099 -0.0312 0.0008 0.0049 -0.0049
100 0.0173 -0.0176 -0.0065 -0.0044 0.0065 -0.0088 0.0055 0.0014 -0.0019
200 0.0299 0.0243 -0.0158 0.0176 0.0091 0.0054 -0.0042 0.0009 0.0022
y, ~iidU (0.51.5)

20 -0.0194 -0.0293 -0.0332 -0.0191 -0.0355 0.0276 0.0023 -0.0110 0.0015
30 -0.0766 -0.0362 -0.0274 0.0201 -0.0096 0.0157 -0.0007 -0.0017 -0.0021
50 -0.0222 -0.0321 0.0354 -0.0234 0.0045 -0.0371 0.0003 0.0032 -0.0052
100 -0.0467 -0.0183 -0.0098 0.0069 0.0092 -0.0083 0.0053 0.0016 -0.0019
200 0.0279 0.0255 -0.0197 0.01422 -0.0007 0.0048 -0.0034 0.0010 0.0013

Bias is computed as Bias = E(ﬁ'—ﬁ) based on 500 numbers of replications.
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Table 4.21: Size of the Test for the Uncontaminated Panel at 5% Significant Level

T/IN 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7i =0
20 0.043 0.046 0.040 0.080 0.059 0.054 0.080 0.050 0.067
30 0.040 0.041 0.068 0.051 0.057 0.062 0.066 0.071 0.079
50 0.041 0.053 0.038 0.054 0.070 0.060 0.071 0.067 0.066
100 0.050 0.047 0.048 0.063 0.073 0.064 0.065 0.069 0.053
200 0.040 0.042 0.025 0.076 0.058 0.035 0.066 0.079 0.061
7, ~ 1idU (0.1,0.3)
20 0.036 0.064 0.072 0.066 0.054 0.056 0.054 0.062 0.092
30 0.043 0.044 0.034 0.074 0.066 0.050 0.061 0.089 0.088
50 0.044 0.053 0.048 0.081 0.073 0.060 0.072 0.077 0.045
100 0.060 0.051 0.052 0.076 0.060 0.070 0.063 0.079 0.089
200 0.044 0.050 0.040 0.046 0.044 0.050 0.062 0.067 0.055
y, ~1idU (0.51.5)

20 0.060 0.061 0.054 0.070 0.051 0.068 0.014 0.009 0.037
30 0.049 0.051 0.038 0.070 0.066 0.052 0.010 0.026 0.020
50 0.039 0.053 0.060 0.081 0.081 0.058 0.016 0.011 0.019
100 0.039 0.064 0.046 0.077 0.062 0.066 0.013 0.023 0.016
200 0.048 0.058 0.025 0.050 0.044 0.040 0.008 0.011 0.010

The test statistics for the respective estimation procedure is rejected at 5% significant level if the test >|

7
0.025

=1.96 and the results are based on 500 numbers of replications.
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Table 4.22: Power of the Test for the Uncontaminated Panel at 5% Significant Level

T/N 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7 =0
20 1.000 1.000 1.000 1.000 1.000 1.000 0.976 0.978 0.981
30 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
50 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
100 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
200 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
y; ~ iidU (0.1,0.3)
20 1.000 1.000 1.000 1.000 1.000 1.000 0.994 0.937 0.958
30 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.989 0.991
50 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
100 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
200 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
y, ~iidU (0.51.5)

20 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.934 0.964
30 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.992 0.997
50 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
100 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
200 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

The test statistics for the respective estimation procedure is rejected at 5% significant level if the test > |z|ms =1.96 and the results are based on 500 numbers of replications.
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Table 4.23: Size of the Test for the Contaminated Panel at 5% Significant Level (5% contamination)

T/N 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7 =0
20 0.044 0.044 0.052 0.037 0.028 0.038 0.086 0.080 0.074
30 0.061 0.052 0.028 0.039 0.032 0.046 0.089 0.071 0.070
50 0.066 0.046 0.050 0.030 0.050 0.060 0.080 0.047 0.063
100 0.042 0.062 0.055 0.044 0.060 0.045 0.076 0.062 0.057
200 0.050 0.046 0.035 0.050 0.054 0.045 0.054 0.064 0.069
y; ~ iidU (0.1,0.3)
20 0.056 0.046 0.038 0.057 0.044 0.040 0.091 0.080 0.079
30 0.051 0.044 0.058 0.043 0.040 0.042 0.083 0.077 0.083
50 0.044 0.054 0.045 0.052 0.038 0.040 0.076 0.072 0.081
100 0.034 0.050 0.045 0.050 0.038 0.045 0.080 0.081 0.078
200 0.074 0.040 0.030 0.060 0.052 0.055 0.079 0.066 0.078
y, ~iidU (0.51.5)

20 0.056 0.054 0.048 0.046 0.032 0.028 0.044 0.039 0.047
30 0.050 0.048 0.052 0.036 0.036  0.040 0.039 0.034 0.045
50 0.044 0.054 0.050 0.050 0.036 0.045 0.038 0.032 0.041
100 0.034 0.052 0.040 0.048 0.036 0.045 0.036 0.042 0.039
200 0.076 0.040 0.030 0.060 0.046  0.055 0.032 0.035 0.046

The test statistics for the respective estimation procedure is rejected at 5% significant level if the test > |z|0025 =1.96 and the results are based on 500 numbers of replications.
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Table 4.24: Power of the Test for the Contaminated Panel at 5% Significant Level (5% contamination)

T/IN 20 30 50 20 30 50 20 30 50
Pooled CMG RCMG
7i =0
20 0.453 0.450 0.432 0.680 0.648 0.618 0.986 0.966 0.992
30 0.444 0.436 0.524 0.660 0.656 0.706 0.980 0.989 1.000
50 0.488 0.510 0.595 0.686 0.634 0.760 1.000 1.000 1.000
100 0.548 0.544 0.665 0.740 0.728 0.805 1.000 1.000 1.000
200 0.614 0.652 0.740 0.784 0.810 0.860 1.000 1.000 1.000
7, ~ 1idU (0.1,0.3)
20 0.453 0.436 0.478 0.653 0.648 0.608 0.990 0.988 0.947
30 0.457 0.470 0.520 0.689 0.642 0.654 1.000 0.991 0.993
50 0.506 0.474 0.540 0.708 0.668 0.705 1.000 1.000 1.000
100 0.544 0.532 0.660 0.716 0.722 0.785 1.000 1.000 1.000
200 0.594 0.632 0.730 0.728 0.818 0.865 1.000 1.000 1.000
y, ~1idU (0.51.5)

20 0.433 0.434 0.470 0.596 0.594 0.552 0.982 0.988 0.969
30 0.456 0.446 0.514 0.630 0.606 0.628 0.996 0.995 0.991
50 0.496 0.480 0.540 0.658 0.624 0.705 1.000 1.000 1.000
100 0.498 0.532 0.660 0.700 0.702 0.770 1.000 1.000 1.000
200 0.598 0.628 0.735 0.726 0.826 0.860 1.000 1.000 1.000

The test statistics for the respective estimation procedure is rejected at 5% significant level if the test > |z|0_025

=1.96 and the results are based on 500 numbers of replications.
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Table 4.25: Summary of the Results for Tables 4.13 to 4.24.

Uncontaminated Panel Contaminated Panel
Estimator Parameter Estimates Size Power Parameter Estimates Size Power
no CD
Unbiased Bias
Pooled (Consistent) V. HIGH (Inconsistent) VooLow
Unbiased Unbiased
CMG Unbiased v HIGH (Inconsistent) v MD
(Consistent)
Unbiased Unbiased
RCMG (Consistent) V. HIGH (Consistent) V. HIGH
with CD
Unbiased Bias
Pooled (Consistent) V. HIGH (Inconsistent) VooLow
Unbiased Unbiased
CMG Unbiased v HIGH (Inconsistent) v MD
(Consistent)
Unbiased Unbiased
RCMG (Consistent) vV HIGH (Consistent) V. HIGH

The summary is based on the estimation results. The abbreviations for V=reasonable size, US = undersize, LOW = low power, MD = medium power and HIGH = high power*.

* The details of definition of size and power have been discussed in Section 2.5, Chapter 2.
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4.4 Confidence Interval
In this section, a Monte Carlo simulation study is run in order to obtain an
approximate confidence interval for the parameter based on the pooled, CMG and

RCMG estimators. The 100(1— «)% CI for the parameter estimates are computed as in

(3.48) and given by the following:

(1) Pooled Estimator

lﬂPool - Za/zse Pool) ﬂPooI + Za/ZSe(ﬂPool)J

N T
228
)=G(XTX)_1/Zand o? == t

—=tt=l with  k is the number of
NT -k -1

where sel3

Pool

independent variable.

(2) CMG Estimator

lﬂCMG - Zalzse(ﬁcme) :BCMG +Z,,,5€\Peme )J

Z(ﬁ. _ﬂACMG)(Bi _léCMG)T

A 1 (- /2 A i
where se(ﬂCMG)z—N(ZCMG)1 and X.g = N1
(3) RCMG Estimator
lﬁRCMG —Z4/25€\Premc )’ ﬂRCMG +2,,25€\Premc )J
n n n N
where se(ﬁRCMG):iT(zRCMG)“z, > reme =%Zvi and v, is defined in
i=1

Theorem 3.1.

Here « is chosen as 10% and 5% respectively and z_,, is a standard normal. The data
are generated as follows:
Vi, =a, + B X, +e,;and e, =y f+o,.8,;
fori=12,...,N. t=-49,...,0,2,....T
with ¢; ~iidU (-0.5,0.5); 0, =1
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Xjt ~ N (0,1) &, ~iidN (0,); f, ~ iidN (0,);

and S, = =1.0. Here, y, is set as follows:

(i) » =0 for no cross dependency;

(i) y, ~ iidU (0.1,0.3) for mild cross dependency and ;

(i) , ~ 1idU (0.5,1.5) for strong effect of cross dependency.

In the presence of contaminations at time t=r,, the residual takes a similar form as
before, that is:

e fort =7, _
= fori=12,...,N;

e, +m, fort=r,
with m, ~ LN(1,2) and 5% contamination are chosen.

In this experiment, 500 samples for each of size (N,T); N =(20,30,50) and

T =(20,30,50,100,200), are simulated. The 95% and 90% CI of parameter estimates

Brene @re computed with the respective length of CI.

4.4.1 Results and Discussion

The CI of the parameter estimates for the respective estimator (Pooled, CMG
and RCMGQG) is reported in Tables 4.26 to 4.31. In the uncontaminated panel (Table
4.26), the length of the CI for the pooled estimates attains a small value as N and T
increases when no CD is present. Similar results are observed for the case of the mild

CD. The length however increases in the presence of the strong CD. The length of ClI

for ,BCMG however is comparable with and without the presence of CD (Table 4.27).

For B rene. Similar findings are observed and these are reported in Table 4.28. Based on

these results, the pooled estimates yields the shorter length for the case of the no and
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mild CD in the panel but not for the strong CD case. The CMG however provides the
shortest length of CI in the presence of the strong CD effect.

For the contaminated panel (Table 4.29) and no CD (row 1), the pooled
estimates yields a larger length of CI for(N,T)=(20,20), but this results decrease as
N and T increase. The CI of the pooled estimator however worsens under the CD.
Similar results are obtained for CMG (Table 4.30) with a slightly shorter length of ClI
than the pooled estimates. The parameter estimates ﬁRCMG (Table 4.31) however
provides better results for small N andT , and these values improve with shorter length

of Clas N and T increase.
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Table 4.26: Cl of f,,,, in the Uncontaminated Panel

length length length length length length
90% ClI 95% ClI of of 90% ClI 95% ClI of of 90% ClI 95% ClI of of
90%  95% 90% 95% 90%  95%
Cl Cl Cl Cl Cl Cl
T/N 20 30 50
7i =0
20  (0.9174,1.0822) (0.9018,1.0960) 0.1648 0.1942 (0.9279,1.0701) (0.9132,1.0840) 0.1422  0.1708 (0.9399,1.0556) (0.9301,1.0627) 0.1158 0.1326
30  (0.9355,1.0686) (0.9240,1.0779) 0.1342  0.1539 (0.9415,1.0539)  (0.9325,1.0622) 0.1124  0.1296 (0.9575,1.0438) (0.9425,1.0539) 0.0863 0.1114
50  (0.9484,1.0551) (0.9390,1.0618) 0.1067 0.1228 (0.9564,1.0451) (0.9456,1.0520) 0.0887  0.1065 (0.9627,1.0358) (0.9576,1.0417) 0.0732  0.0841
100  (0.9631,1.0359) (0.9558,1.0431) 0.0729 0.0873 (0.9693,1.0304) (0.9639,1.0338) 0.0612  0.0699 (0.9741,1.0252) (0.9711,1.0291) 0.0511 0.0579
200 (0.9707,1.0268) (0.9650,1.0309) 0.0561  0.0659 (0.9785,1.0220) (0.9751,1.0241) 0.0435  0.0490 (0.9814,1.0166) (0.9783,1.0200) 0.0352  0.0417
y, ~ 1idU (0.1,0.3)
20  (0.9195,1.0878) (0.9044,1.1017) 0.1683 0.1973 (0.9244,1.0684) (0.9120,1.0836) 0.1440  0.1716 (0.9444,1.0563) (0.9332,1.0661) 0.1119  0.1329
30  (0.9310,1.0711) (0.9145,1.0851) 0.1401 0.1706 (0.9439,1.0561) (0.9308,1.0615) 0.1122  0.1307 (0.9544,1.0490) (0.9411,1.0552) 0.0946 0.1141
50  (0.9398,1.0547) (0.9305,1.0674) 0.1149 0.1368 (0.9533,1.0453)  (0.9447,1.0493) 0.0920  0.1046 (0.9665,1.0333) (0.9572,1.0395) 0.0667  0.0823
100  (0.9633,1.0434) (0.9571,1.0539) 0.0800 0.0967 (0.9706,1.0317) (0.9634,1.0370) 0.0611  0.0736 (0.9759,1.0248)  (0.9729,1.0285) 0.0489  0.0556
200 (0.9691,1.0295) (0.9638,1.0341) 0.0604 0.0703 (0.9786,1.0209) (0.9738,1.0209) 0.0423  0.0509 (0.9834,1.0163) (0.9802,1.0190) 0.0329  0.0389
y, ~ iidU (0.5,1.5)

20  (0.8795,1.1147) (0.8578,1.1254) 0.2352  0.2675 (0.8948,1.0980) (0.8835,1.1170) 0.2032  0.2335 (0.9342,1.0785) (0.9186,1.0958) 0.1442  0.1772
30  (0.8971,1.1010) (0.8783,1.1251) 0.2040 0.2468 (0.9209,1.0804)  (0.9032,1.0906) 0.1594  0.1874 (0.9352,1.0609) (0.9232,1.0772) 0.1257  0.1540
50  (0.9197,1.0715) (0.9067,1.0830) 0.1518 0.1763 (0.9375,1.0689) (0.9258,1.0836) 0.1314  0.1579 (0.9560,1.0483) (0.9434,1.0579) 0.0924  0.1145
100  (0.9489,1.0556) (0.9376,1.0657) 0.1068 0.1281 (0.9545,1.0449)  (0.9426,1.0523) 0.0905  0.1097 (0.9667,1.0328) (0.9624,1.0418) 0.0661  0.0793
200 (0.9583,1.0376) (0.9499,1.0451) 0.0793  0.0951 (0.9685,1.0313) (0.9621,1.0362) 0.0628  0.0740 (0.9766,1.0234) (0.9734,1.0259) 0.0468  0.0524

The length of CI is computed as length of Cl =upper CI — lower CI
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Table 4.27: Cl of BCMG in the Uncontaminated Panel

length length length length length length
90% Cl 95% Cl 98‘;/0 9?;/0 90% Cl 95% Cl 98‘;/0 9?;/0 90% ClI 95% Cl ggf% ggl;)
Cl Cl cl cl cl cl
TIN 20 30 50
7i =0
20 (0.9051,1.1015) (0.8788,1.1133) 0.1964 0.2345 (0.9228,1.0840) (0.9102,1.0956) 0.1612 0.1854 (0.9377,1.0595) (0.9245,1.0686) 0.1218 0.1440
30 (0.9233,1.0710) (0.9162,1.0808) 0.1477 0.1646 (0.9415,1.0560) (0.9308,1.0707) 0.1145 0.1399 (0.9527,1.0477) (0.9385,1.0550) 0.0950 0.1164
50 (0.9455,1.0544) (0.9318,1.0626) 0.1090 0.1308 (0.9507,1.0469) (0.9437,1.0566) 0.0962 0.1129 (0.9621,1.0373) (0.9552,1.0476) 0.0751 0.0924
100 (0.9614,1.0332) (0.9548,1.0414) 0.0719 0.0866 (0.9707,1.0313) (0.9662,1.0395) 0.0606 0.0733 (0.9731,1.0235) (0.9686,1.0283) 0.0504 0.0597
200 (0.9728,1.0272) (0.9641,1.0308) 0.0544 0.0667 (0.9787,1.0217) (0.9746,1.0258) 0.0430 0.0512 (0.9810,1.0155) (0.9781,1.0184) 0.0345 0.0403
7. ~iidU (0.1,0.3)
20 (0.9080,1.1011) (0.8897,1.1160) 0.1931 0.2262 (0.9237,1.0748) (0.9073,1.0888) 0.1511 0.1815 (0.9345,1.0597) (0.9215,1.0708) 0.1252 0.1493
30 (0.9213,1.0787) (0.9041,1.0787) 0.1574 0.1840 (0.9367,1.0549) (0.9244,1.0724) 0.1182  0.1480 (0.9531,1.0464) (0.9417,1.0578) 0.0932 0.1162
50 (0.9366,1.0615) (0.9228,1.0701) 0.1249 0.1472 (0.9507,1.0399) (0.9396,1.0448) 0.0892 0.1052 (0.9645,1.0350) (0.9572,1.0411) 0.0705 0.0838
100 (0.9628,1.0403) (0.9543,1.0498) 0.0775 0.0955 (0.9686,1.0322) (0.9644,1.0360) 0.0635 0.0716 (0.9779,1.0231) (0.9713,1.0265) 0.0452 0.0552
200 (0.9711,1.0277) (0.9668,1.0318) 0.0566 0.0649 (0.9780,1.0208) (0.9739,1.0247) 0.0428 0.0508 (0.9829,1.0167) (0.9801,1.0199) 0.0338 0.0399
¥, ~ iidU (0.5,1.5)

20 (0.9099,1.1024) (0.8908,1.1168) 0.1925 0.2260 (0.9252,1.0778) (0.9104,1.0864) 0.1526 0.1760 (0.9373,1.0553) (0.9226,1.0682) 0.1180 0.1456
30 (0.9206,1.0804) (0.9079,1.0918) 0.1598 0.1839 (0.9372,1.0563) (0.9239,1.0708) 0.1190 0.1469 (0.9504,1.0461) (0.9428,1.0548) 0.0957 0.1120
50 (0.9346,1.0586) (0.9222,1.0680) 0.1240 0.1458 (0.9537,1.0479) (0.9447,1.0557) 0.0941 0.1110 (0.9670,1.0345) (0.9612,1.0447) 0.0674 0.0835
100 (0.9622,1.0409) (0.9561,1.0505) 0.0787 0.0944 (0.9691,1.0334) (0.9606,1.0404) 0.0643 0.0798 (0.9762,1.0239) (0.9721,1.0262) 0.0477 0.0541
200 (0.9706,1.0315) (0.9662,1.0315) 0.0576 0.0653 (0.9778,1.0204) (0.9735,1.0234) 0.0426  0.0499 (0.9835,1.0176) (0.9802,1.0215) 0.0341 0.0413

The length of Cl is computed as length of CI =upper CI — lower CI
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Table 4.28: Cl of ﬁ’RCMG in the Uncontaminated Panel

length length length length length length
90% Cl 95% Cl 98‘;/0 9‘;& 90% Cl 95% Cl 98‘;/0 922/0 90% ClI 95% Cl 98‘;/0 9?;/0
Cl Cl cl cl cl  Cl
TIN 20 30 50
7 =0
20 (0.8756,1.1231) (0.8589,1.1431) 0.2475  0.2842 (0.9042,1.0991) (0.8829,1.1157) 0.1949  0.2327 (0.9393,1.0806) (0.9250,1.0960) 0.1413 0.1710
30  (0.9068,1.0938) (0.8836,1.1044) 0.1870  0.2207 (0.9302,1.0734) (0.9104,1.0004) 0.1432  0.1800 (0.9407,1.0584) (0.9177,1.0707) 0.1177 0.1530
50 (0.9388,1.0938) (0.9231,1.1044) 0.1550 0.1813 (0.9432,1.0527) (0.9317,1.0711) 0.1095 0.1393 (0.9547,1.0312) (0.9481,1.0376) 0.0765 0.0895
100 (0.9555,1.0465) (0.9484,1.0570) 0.0910 0.1086 (0.9576,1.0299) (0.9560,1.0383) 0.0723 0.0823 (0.9710,1.0267) (0.9653,1.0294) 0.0557 0.0641
200 (0.9649,1.0286) (0.9619,1.0286) 0.0594 0.0667 (0.9760,1.0282) (0.9610,1.0356) 0.0522 0.0746 (0.9710,1.0267) (0.9776,1.0294) 0.0557 0.0518
7. ~iidU (0.1,0.3)
20 (0.8914,1.1115) (0.8615,1.1335) 0.2202 0.2720 (0.9022,1.0937) (0.8866,1.1161) 0.1915 0.2294 (0.9293,1.1012) (0.9210,1.1179) 0.1719 0.1969
30  (0.9049,1.0892) (0.88751.1062) 0.1843  0.2187 (0.9297,1.0770) (0.9091,1.0887) 0.1473  0.1795 (0.9386,1.0593) (0.9214,1.0866) 0.1207  0.1652
50 (0.9299,1.0694) (0.9175,1.0847) 0.1395 0.1671 (0.9416,1.0539) (0.9352,1.0616) 0.1123 0.1264 (0.9614,1.0290) (0.9553,1.0406) 0.0676 0.0853
100 (0.9533,1.0442) (0.9434,1.0534) 0.0909 0.1100 (0.9538,1.0340) (0.9436,1.0378) 0.0803 0.0942 (0.9680,1.0344) (0.9602,1.0360) 0.0663 0.0758
200 (0.9705,1.0289) (0.9651,1.0461) 0.0584 0.0810 (0.9733,1.0269) (0.9664,1.0323) 0.0537 0.0659 (0.9824,1.0175) (0.9781,1.0235) 0.0351 0.0454
¥, ~ iidU (0.5,1.5)

20 (0.8883,1.1097) (0.8628,1.1385) 0.2214 0.2756 (0.9081,1.0891) (0.8887,1.1167) 0.1811 0.2280 (0.9210,1.1005) (0.9129,1.1190) 0.1795 0.2061
30  (0.9139,1.0908) (0.8916,1.0993) 0.1769  0.2078 (0.9310,1.0804) (0.9102,1.0912) 0.1494  0.1810 (0.9359,1.0643) (0.9247,1.0782) 0.1284 0.1535
50 (0.9293,1.0658) (0.9120,1.0838) 0.1365 0.1719 (0.9350,1.0440) (0.9275,1.0690) 0.1090 0.1415 (0.9643,1.0357) (0.9512,1.0432) 0.0708 0.0920
100 (0.9517,1.0458) (0.9427,1.0541) 0.0941 0.1114 (0.9583,1.0318) (0.9460,1.0343) 0.0736 0.0883 (0.9725,1.0337) (0.9620,1.0366) 0.0612 0.0747
200 (0.9691,1.0341) (0.9630,1.0415) 0.0650 0.0785 (0.9725,1.0229) (0.9687,1.0266) 0.0504 0.0579 (0.9790,1.0189) (0.9785,1.0227) 0.0399 0.0442

The length of Cl is computed as length of Cl =upper CI — lower CI
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Table 4.29: Cl of ﬁpoo, in the Contaminated Panel

length length 90% Cl 95% C] length length 90% C] 95% Cl| length length
90% ClI 95% ClI of of of of of of
90%  95% 90%  95% 90%  95%
Cl Cl Cl Cl Cl Cl
TIN 20 30 50
7i =0
20  (0.0062,1.7465)  (-0.6119,2.0778) 1.7403  2.6898 (0.0550,1.8851)  (-0.4382,2.1613) 1.8301  2.5996 (0.2914,1.8018)  (0.0121,2.3509)  1.5104  2.3389
30 (0.1451,2.0847)  (-0.2654,2.5206) 1.9397  2.7859 (0.3336,1.7274)  (0.0483,2.3801) 1.3938 2.3318 (0.2999,1.6502) (-0.0384,2.1510) 1.3504 2.1894
50  (0.3012,2.0107)  (-0.3281,2.3226) 1.7095  2.6507 (0.3124,1.6115)  (-0.0243,2.0508) 1.2991  2.0751 (0.4018,1.4987)  (0.0501,1.7086)  1.0969  1.6584
100 (0.2313,1.6131)  (-0.0462,1.9887) 1.3818  2.0349 (0.2614,1.5708)  (-0.1811,1.7369) 1.3094  1.9180 (0.6033,1.4855)  (0.4247,1.7491) 0.8822  1.3245
200 (0.4379,1.5361)  (0.1618,1.7327) 1.0982  1.5709 (0.5539,1.4584)  (0.3238,1.6042) 0.9045 1.2804 (0.6129,1.3823)  (0.4044,1.4867)  0.7694  1.0823
7, ~ 1idU (0.1,0.3)
20  (-0.3033,1.9085)  (-1.3946,2.7744) 22118 4.1690 (0.0812,1.9253)  (-0.5551,2.5743) 1.8441 3.1294 (0.1520,1.6586)  (-0.3005,1.9129) 1.5066 2.2135
30 (0.02252.1861)  (-0.4787,2.7472) 2.1636  3.2259 (-0.0958,1.7845)  (-0.7386,2.2414) 1.8804  2.9801 (0.2676,1.8755)  (-0.1788,2.1425)  1.6079  2.3213
50  (0.1495,1.7839)  (-0.4547,2.0226) 1.6344  2.4773 (0.1405,1.6726)  (-0.2032,1.9289) 1.5321 2.1320 (0.4435,1.6636)  (0.1566,2.0296)  1.2200  1.8730
100  (0.3675,1.5994)  (0.0908,1.8920) 1.2319  1.8012 (0.4597,1.5480)  (0.1734,1.8233) 1.0882  1.6499 (0.5140,1.4609)  (0.2719,1.6490) 0.9470 1.3771
200 (0.4015,15176)  (0.1647,1.8083) 1.1161 1.6436 (0.5238,1.4749)  (0.3159,1.6063) 0.9510  1.2904 (0.6838,1.4246)  (0.5104,1.5905)  0.7408  1.0801
y, ~iidU (0.51.5)

20  (-0.3263,1.8778)  (-1.3946,2.7377) 2.2041 4.1323 (0.0687,1.8782)  (-0.5310,2.5629) 1.8095  3.0939 (0.1389,1.6637)  (-0.3582,2.0066) 1.5248  2.3648
30 (0.0462,2.1641)  (-0.4857,2.7208) 2.1180  3.2065 (-0.1182,1.7851) (-0.6971,2.2347) 1.9033  2.9319 (0.4469,1.7220)  (0.0364,2.1559)  1.2751  2.1195
50 (0.1321,1.7818)  (-0.4507,2.0290) 1.6497  2.4797 (0.1203,1.6745)  (-0.1847,1.9346) 1.5542 2.1194 (0.2749,1.6582)  (-0.2394,1.9366) 1.3834 2.1759
100 (0.3561,1.5924)  (0.0845,1.8824) 1.2363 1.7978 (0.3971,1.5715)  (-0.2205,1.7839) 1.1744  2.0044 (0.4272,1.5125)  (0.2708,1.8272)  1.0852  1.5564
200 (0.5069,1.5215)  (0.2613,1.6450) 1.0145 1.3837 (0.5560,1.3713)  (0.2253,1.5443)  0.8153  1.3190 (0.6204,1.3419)  (0.3866,1.4855)  0.7214  1.0989

The length of Cl is computed as length of Cl =upper CI — lower CI
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Table 4.30: Cl of f.,,. in the Contaminated Panel

length length length length length length
90% ClI 95% CI of of 90% ClI 95% ClI of of 90% ClI 95% ClI of of
90% 95% 90% 95% 90%  95%
Cl Cl Cl Cl Cl Cl
T/N 20 30 50
7i =0
20 (0.3876,1.4750) (0.0972,1.6100) 1.0874  1.5128 (0.5338,1.5813) (0.3382,1.8168) 1.0476  1.4786 (0.5337,1.4955) (0.2500,1.7377) 0.9617 1.4878
30 (0.4814,1.5850) (0.3287,1.6768) 1.1036  1.3482 (0.5425,1.4332) (0.3547,1.6684) 0.8907  1.3137 (0.5010,1.4236) (0.3185,1.5476) 0.9226  1.2291
50 (0.5103,1.5065) (0.2374,1.6294) 0.9962  1.3919 (0.6436,1.4527) (0.4923,1.5764) 0.8090  1.0841 (0.5701,1.3768) (0.4020,1.4991) 0.8067 1.0972
100 (0.6186,1.3923) (0.5402,1.4816) 0.7737  0.9414 (0.6306,1.3520) (0.5008,1.4602) 0.7214  0.9594 (0.7024,1.2860) (0.6151,1.3723) 0.5835 0.7572
200 (0.6233,1.3590) (0.5346,1.4443) 0.7358  0.9097 (0.6869,1.2983) (0.5868,1.3681) 0.6113  0.7813 (0.7080,1.2906)  (0.6366,1.3763) 0.5827  0.7397
7, ~ 1idU (0.1,0.3)
20 (0.4272,1.5234) (0.1548,1.8411) 1.0963  1.6862 (0.3995,1.4862) (0.0191,1.6747) 1.0867  1.6556 (0.4497,1.5402)  (0.3095,1.6840) 1.0905 1.3745
30 (0.4386,1.5556) (0.2454,1.9499) 1.1170  1.7045 (0.5416,1.5291) (0.3102,1.6868) 0.9875  1.3766 (0.5766,1.4898)  (0.4560,1.6079) 0.9133  1.1519
50 (0.4886,1.4680) (0.2656,1.5219) 0.9794  1.2562 (0.5734,1.4537) (0.4269,1.6564) 0.8804  1.2295 (0.5979,1.3927) (0.4247,1.4725) 0.7948 1.0479
100 (0.5792,1.4094) (0.4830,1.5124) 0.8301  1.0294 (0.6153,1.3538)  (0.4443,1.4431) 0.7385  0.9988 (0.6598,1.3591)  (0.5541,1.4740) 0.6993 0.9199
200 (0.6519,1.3641) (0.4694,1.4339) 0.7122  0.9645 (0.6836,1.2942)  (0.5997,1.4050) 0.6106  0.8052 (0.7441,1.2785) (0.6987,1.3020) 0.5344  0.6034
y, ~1idU (0.51.5)

20 (0.3386,1.5441) (0.0684,1.8054) 1.2055  1.7370 (0.2555,1.6027)  (0.2555,1.6027) 1.3472  1.8309 (0.4956,1.5175) (0.2517,1.8512) 1.0219  1.5995
30 (0.4190,1.5893) (0.1146,1.9488) 1.1703  1.8341 (0.4656,1.5410) (0.4656,1.5410) 1.0754  1.3913 (0.6041,1.5483) (0.3265,1.6207) 0.9443  1.2942
50 (0.4550,1.4638) (0.2582,1.5599) 1.0088  1.3017 (0.5695,1.4715)  (0.5695,1.4715) 0.9019  1.2232 (0.5572,1.4587) (0.3568,1.6081) 0.9015 1.2513
100 (0.5869,1.3928) (0.4679,1.5687) 0.8059  1.1008 (0.5942,1.4256) (0.5942,1.4256) 0.8314  1.0996 (0.6538,1.3406)  (0.5259,1.4794) 0.6868 0.9536
200 (0.6527,1.3481) (0.5945,1.4428) 0.6954  0.8484 (0.6873,1.3077) (0.6873,1.3077) 0.6205  0.8348 (0.7141,1.2859) (0.6619,1.3733) 0.5718 0.7113

The length of CI is computed as length of Cl =upper CI — lower CI
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Table 4.31: Cl of S, in the Contaminated Panel

length length length length length length
90% ClI 95% ClI of of 90% ClI 95% ClI of of 90% ClI 95% ClI of of
90% 95% 90%  95% 90%  95%
Cl Cl Cl Cl Cl Cl
T/N 20 30 50
7i =0
20 (0.8578,1.1655) (0.8133,1.1992) 0.3077  0.3859 (0.8661,1.1342) (0.8243,1.1631) 0.2680  0.3389 (0.9031,1.1115) (0.8777,1.1272) 0.2084  0.2495
30 (0.8864,1.1046) (0.8611,1.1191) 0.2182  0.2580 (0.8972,1.0930) (0.8818,1.1117) 0.1957  0.2299 (0.9349,1.0655) (0.9224,1.0752) 0.1306 0.1528
50 (0.9188,1.0825) (0.9052,1.0959) 0.1636  0.1907 (0.9393,1.0604) (0.9279,1.0691) 0.1212  0.1412 (0.9532,1.0465) (0.9462,1.0572) 0.0933 0.1110
100 (0.9470,1.0525) (0.9354,1.0639) 0.1055  0.1285 (0.9554,1.0399) (0.9425,1.0470) 0.0844  0.1045 (0.9664,1.0305) (0.9595,1.0375) 0.0641  0.0781
200 (0.9660,1.0330) (0.9616,1.0407) 0.0670  0.0792 (0.9732,1.0231) (0.9691,1.0273) 0.0499  0.0582 (0.9795,1.0214) (0.9751,1.0239) 0.0419 0.0488
7, ~ 1idU (0.1,0.3)
20 (0.8620,1.1579) (0.8250,1.2043) 0.2959  0.3793 (0.8744,1.1182) (0.8351,1.1496) 0.2438  0.3145 (0.8969,1.1048) (0.8775,1.1274) 0.2078  0.2499
30 (0.8845,1.1030) (0.8630,1.1218) 0.2185  0.2589 (0.9101,1.0907) (0.8828,1.1127) 0.1806  0.2299 (0.9323,1.0719) (0.9226,1.0846) 0.1396  0.1620
50 (0.9275,1.0775) (0.9122,1.0980) 0.1500  0.1857 (0.9356,1.0685) (0.9177,1.0685) 0.1246  0.1508 (0.9528,1.0507) (0.9430,1.0555) 0.0980 0.1125
100 (0.9421,1.0488) (0.9296,1.0598) 0.1067  0.1302 (0.9556,1.0437) (0.9482,1.0505) 0.0881  0.1023 (0.9658,1.0329) (0.9582,1.0366) 0.0672  0.0784
200 (0.9633,1.0349) (0.9532,1.0452) 0.0716  0.0919 (0.9698,1.0273)  (0.9649,1.0315) 0.0575  0.0666 (0.9782,1.0217) (0.9743,1.0258) 0.0435 0.0515
y, ~1idU (0.51.5)

20 (0.8333,1.1720) (0.7886,1.2264) 0.3387  0.4378 (0.8550,1.1337) (0.8227,1.1789) 0.2787  0.3562 (0.8944,1.1377) (0.8595,1.1377) 0.2192 0.2782
30 (0.8803,1.1262) (0.8544,1.1626) 0.2458  0.3082 (0.9090,1.0924) (0.8885,1.1055) 0.1834  0.2169 (0.9216,1.0688) (0.9075,1.0808) 0.1472  0.1733
50 (0.9130,1.0788) (0.8863,1.0958) 0.1658  0.2095 (0.9374,1.0615) (0.9235,1.0759) 0.1241  0.1524 (0.9491,1.0481) (0.9344,1.0636) 0.0990 0.1292
100 (0.9446,1.0518) (0.9335,1.0629) 0.1072  0.1294 (0.9569,1.0437) (0.9490,1.0498) 0.0867  0.1008 (0.9664,1.0333) (0.9605,1.0389) 0.0669  0.0784
200 (0.9619,1.0384) (0.9549,1.0447) 0.0765  0.0899 (0.9691,1.0319) (0.9612,1.0387) 0.0628 0.0775 (0.9745,1.0222) (0.9676,1.0277) 0.0477 0.0598

The length of Cl is computed as length of ClI = upper CI — lower CI.
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4.5 Conclusion

In this chapter, the finite of sample behaviour of the estimation procedures are
examined via simulation experiments. By limiting the analysis to estimation issues, the
performances of the estimator are measured based on the sample mean, standard
deviation, bias and MSE of the parameter estimates in the presence of outliers and
leverage points in the first part of the study. The proposed estimator yields unbiased
estimates with small MSE under such conditions. Extensive simulation studies are run
to investigate the behaviour of the proposed estimation procedure in terms of power and
size of the test. The proposed estimator provides comparable results with the CMG in
the uncontaminated panel; however outperforms the CMG in the contaminated panel.
With small bias and RMSE, a reasonable size and high power, the RCMG retains its

robustness with and without the presence of outliers. This is shown in 90% and 95% ClI,

where the values of f.,care £10% from g forlarge N and T .
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CHAPTER 5

Panel Unit Root Tests

5.1 Introduction

There has been a considerable amount of research work related to unit root test.
One of the most commonly used procedures in testing the presence of unit root is that of
Dickey and Fuller (1979)*. The Dickey-Fuller*® (DF) test, as it is commonly called,
tests the presence of unit root in an autoregressive (AR) model under the assumption
that the residuals are iid. In statistics and econometric, the augmented version of the DF
test (ADF) is widely used for many empirical studies.

The panel unit root test can be found in Im et al. (2003), Levin and Lin (1992,
1993), Levin et al. (2002), Bai and Ng (2004), Philips and Sul (2003), Moon and Perron
(2004), Pesaran (2007) and Choi (2001, 2002). Hurlin (2010) distinguished two
generations of unit root tests on which the first generation tests relied on the assumption
that all cross sectional units are independent (see Dickey and Fuller, 1979). The first
generation of unit root tests are those proposed by Quah (1994), Breitung and Meyer
(1994) and Levin and Lin (1992, 1993). Quah (1990, 1994) showed that the asymptotic
property of the DF unit root tests is a standard normal distribution when the residuals
are iid and all groups are homogeneous. Breitung and Meyer (1994) also showed the
same asymptotic distribution of DF test and this is applicable for large N and small
fixed T .

For the second generation of panel unit root tests, the presence of CD among the

residuals is allowed within the panel. The assumption of the cross correlated errors is

*® The test iis based on the AR model; Y, =, +€, t=12,...,n.where y,isthe variable of interest, n is the number of

observation, p is the coefficient and e, is the error term. The model is non-stationary if o =1 meaning the unit root is present in the
series.
* The hypothesis testing for this test is under the null hypothesis, Ho: o =1 versus the alternative; Hi: p<1.
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due to the evidence obtained on the strong co-movements among the economic
variables (Barbieri, 2009). The assumption that the individual time series in the panel
are cross sectional independent is not practical in the context of cross country
regressions. The presence of such CD may affect the finite sample behaviour of the
panel unit root test (O’Connell, 1998). Those who proposed the tests which
incorporated the CD are: Pesaran (2007), Philips and Sul (2003), Bai and Ng (2004),
Moon and Perron (2004) and Choi (2002).

Pesaran (2004), Bai and Ng (2002), Moon and Perron (2004) and Philips and Sul
(2003) used the factor approach to explain the CD. In their study, the CD is allowed to
have different effects on different cross sectional units. Pesaran (2007) introduced a
new unit root test in which the standard DF regressions are augmented with the cross
sectional averages of lagged levels and first differences (hereafter called CADF)*’. The
test is then generalized based on the t-ratio of the average of the individual CADF-test
statistics. Moon and Perron (2004) proposed a pooled panel unit root test based on “de-
factored” observations in which the factor loadings were estimated by using the
principal component approach. This test has good asymptotic power properties if the
model does not contain deterministic trends. Bai and Ng (2004) used similar
orthogonalisation procedures as in Moon and Perron. They however specified the model
by allowing the possibility of unit roots in the common factors and then used the first
differences of the model and applied the principal components. The unit root test is then
computed by taking the partial sums of the estimated first differences on both factor
loadings and the individual de-factored series.

The existence of outliers implies that some shocks will only have temporary
effects and thus, providing that they are sufficiently large or sufficiently frequent
indicated that the series is stationary (Franses and Haldrup, 1994). Martin and Yohai

(1986) showed via the simulation experiment that an AO biases the OLS estimator

" Refer equation (5.7) on page 136.

133



downward for the parameter in a stationary first order autoregressive process. Hence, in
some situations it could be expected that the AOs will establish the wrong impression
that a time series is stationary when it is actually non-stationary. In addition, the
presence of a cross dependency may deteriorate the asymptotic distribution of the
standard unit root test which is normally distributed (Philips and Sul, 2003; Banerjee,
1999). Due to such interest, in this chapter, we propose a robust unit root test in the
panel data model which aims at reducing the effects of outliers in the presence of the
CD. Specifically, the presence of the unit root will be tested for when both the CD and
outliers exist in the panel. The finite sample behaviour of the proposed test is studied

and its performance is evaluated through the Monte Carlo simulation study.

5.2 The Unit Root Test
5.2.1 Augmented Dickey-Fuller (ADF) Test

The following model is considered in the ADF test:

Pi
AYy = +b Y =D Ay, +e 1=12,..,N;t=12...T (5.1)
1

=
where 'y, is generated according to a finite order AR(p, +1), p;is the number of
augmenting lags, «; is the intercept, and b;,5; are parameters for the respective
variables of y, , and Ay, ;.

This test can be employed for larger and complicated set of time series. In the
absence of the unit root, negative values for b; are expected. Specifically, Ho and H; are
defined as follows:

Ho: b. =0 forall i; i=12,...,N;t=12,...,T;

Hi: bj <0 for some i; i=12,...,N;t=12,....T (5.2)
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where under HO: y, , has a unit root and under Hy:y, , ~ 1(0)*.

Following the work of Dickey and Fuller (1979), the t-ratio statistics for testing

the presence of a unit root is given by the following:

b, —b, . .
t L for each cross sectional units i=1.2,.....,N (5.3

- \/O'i2 (yI,l i )71

-
D>
= N

,_.
Il
LN

where y; :(yio’ Yitreo yiT—l)T ; and o-iz = ) with &, = Ay, — Ay, .

Here Bi is the estimates of b, obtained from the OLS estimator. The asymptotic

distribution for the ADF test is a Wiener process under certain conditions®’. The

t

N
average of t. is computed which is given by t :%(follows the work of Im et al.

(2003)).

5.2.2 Pesaran’s Unit Root Test (2007)

In the presence of the CD, Pesaran (2007) proposed an alternative approach to
the ADF where the standard ADF is augmented with the cross section averages of the
lagged levels and first-differences of the individual series. The methodology is
introduced by Pesaran (2004) in which the unobserved common factors are used to
explain the CD. Specifically, Pesaran considers the following model to test the presence
of the unit root:

Ay, =o; +by,  +yi T +e 1=12,..,N. t=12,...,T (5.4)

)50

where Ay, =Y, — Vi, B =(@— p;) > with the following unit root hypothesis.

“This means y, , are integrated with order 0 (the data is stationary).
“ See Dickey and Fuller (1979) for more details of the properties of the test.
% Consider this model, Y, = oY, 1 +€ , i=12,...,N; t=12,...,T where y, is the variable of interest for each cross sectional

unit i attime t. Here, p; isthe autoregressive coefficient for each i and e, is the error term.
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Ho: bj =0; foralli=12,...,N  (this is equivalent to testing p; =1) (5.5)
against the possible alternative:

.{bi<0, i=12,...,N, 5:6)

Ylb,=0, i=N;+1..,N
where the fraction of the stationary individuals is such that N,/N — & such that

0<o<las N —oo. Under the alternative hypothesis, the panel can be a combination
of stationary and non-stationary model.
Model in (5.4) can be expressed as cross-sectional augmented ADF (CADF) model:
AYy =0 +0 Y, +C Yy +AAY, +e;  T=12,. N, t=12,...,T; (5.7)
that is (5.7) a DF (or ADF) regression which is augmented with the cross section
averages of lagged levels and first differences of the individual series, i.

Let CADF; be the ADF statistics for the i ™ cross sectional unit given by the t-
ratio of the OLS estimate Bi of b, in the CADF regression (5.7). Then, the Pesaran unit

root test is given by

N
> CADF,

where CIPS stands for cross-sectional augmented IPS (Im et al. (1997) unit root test) .
This CADF;is given by

(VI My, ) (v .May,)
\/ O i2 (yI—lmyi,—l )_1

CADF =t.(N,T) = (5.9)

T .
where 'y, = (Yoo Yira)' A = (Y A Y ) o = 't|'=1—l4 Wi

€, =Ay, — Ay, and M is defined as M =1, —ﬁ(ﬁTﬁ)flﬁT with H=(1,AY,.Y,.,) .
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I, is a unit matrix of order TxT and H is the combination of the dummy variables,
average of cross section of the first difference of y, and its first lagged value vy, , .

The asymptotic distribution of this distribution is more skewed compared to the
ADF (asymptotically normal) distribution in the presence of the CD (Philips and Sul,
2003). The critical value of the test statistics in (5.9) is given in Table C1, Appendix C**
and those are obtained from the simulation experiment based on the cross-sectional
augmented DF statistics (denoted by CADF) model®%.

Although Pesaran (2007) proposes a truncated version of CIPS, termed as CIPS*

which tends to standard normal distribution for large N and T, the critical value for

CIPS* obtained by him coincides with CIPS®®. Thus, for comparing the models, the

CIPS is used.

5.2.3 The Proposed Unit Root Test

The Pesaran’s unit root test uses the OLS estimator that is non-robust. It has
been known in the literature that the OLS is sensitive to the influence of outliers in the
data. To limit the influence of outliers in the data, the estimation procedure is adopted
in Chapter 3 by using the Generalized M-estimator to investigate the presence of the
unit root in the model. Recall that®* the Generalized M-estimator is obtained by solving

the following equation:

iu. (Viea Vi (Vi 1)'//( i((y))jy.tl—o for i=12,...,N. (5.10)

1
where u.(y,,)=1land vly, ,)=————.
|(y|t—1) |(ylt—l) d(yit,l)
To test for a unit root, the following hypothesis test is considered:
Ho: b. =0 for all i; i=12,..,N;t=12,...,T

* Quoted from Pesaran (2007).
52 The critical values are obtained from the estimates of AY, =, +bY, | +C,AY, +d.Y_, +e, regression based on 10,000 runs.

>3 for more details, see Pesaran, 2007.
% Note that, the details of the objective function for Generalized M- estimator has been given in Chapter 3.
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Hi: bj <0 for some i; i=12,...,N;t=12,...,T (5.11)

where under Ho: y,, isnotstationary and under H; : vy, , is stationary®.

Under Ho of no unit root, the generalisation of the test is given by:

b* —b,
= (5.12)

i \/\T(BI*)

where b. is the Generalized M-estimator and it is computed as follows:

A

b =1 .Gy, ) (V.G .Ay,)
where y; :(yil""'yiT—l)T , AY; =(Ayi2’Ayi3""!AyiT )T and G, ZM*VVu (Zit)

and

var(6)) =yl My, ,)"s,

(5.13)

— J— =T — . V1 —
The M"is computed as M* =1, — H*(H*TH*) AT I, is an identity T by T matrix

and H' =(Lw(y.,)w(ay,)). The value of () takes the form

o) Vir i [Yal<c
V)= sign(y,_, )x median(yn_l,...,ym_lj .elsewhere
and
AY, f |Ayt| <d
Ay, )= 5.14
v(4%) sign(Ay, )x median(Aylt,...,AyNt)( ,elsewhere (619

where ¢ and d*° are the critical values and are computed as 36, ,and 36, ,

respectively. &, ~and &, ~are a robust scale and this is given by

Yt

Gy, =1.4825 mectiian

Yoy — median (VI_J , 65, =1.4825 median ‘Ayt —median (Ayt)( ,

respectively.

% Similar hypothesis tests as in (5.2).
% ¢ and d is the critical value, chosen to achieve specified level of efficiency
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The proposed unit root test is the average of t~ which is given by

*

t.
i

RCIPS=f = % (5.15)

‘Mz

where t7 is given in (5.12) .

The asymptotic distribution of the test statistics given in (5.12) is obtained
through the extensive simulation experiment. Based on Figure 5.2, the RCIPS unit root
test tends to have an approximate t-distribution with a mean x and a standard deviation,
o . As the sample size increase, it is believed that the RCIPS will tend to a standard
normal distribution. This result is comparable with Pesaran (2007) under conditions

where ¢, is normally distributed.

To investigate the performance of the RCIPS, the critical region of test statistics
is required. Therefore, the critical region of RCIPS test is obtained through simulation
experiment at the 0.05 level of significance and it is given in Table (5.13). The DGP

and results are given in the next section.

5.3 Simulation Experiment

First, the critical values for the ADF and RCIPS test are computed. Following
the work of Im et al. (2003), the DGP for computing critical values for ADF and RCIPS
test is given by

Vi =Yiy+€, With e, ~iidN(0); for i=12,...,N. t=-49,...,0,2,...,T

The value of the test statistics at 1%, 5% and 10% quartiles are computed based on the
formula given in (5.3) and (5.12).

Next, for computing the size and power of the unit root tests in the presence of
the CD, Monte Carlo simulations are run with the following DGP setup:

Yie =i A=4)+ 4 Vi + 8 and

e, =7 f.+e.;u ~iidN(OY);

139



f ~iidN(0,1); &, ~iidN(0,67); 5?2 ~ iidU [0.5,1.5]
The performance of the tests is measured by setting: 1) ¢ =1 and 2) ¢ ~U[0.75,0.95]
for computing the size and power of the test, respectively. The setup of y, is similar to
the other experiments in the previous chapter, which is as follows:
(i) y, =0 for no cross dependency;
(if) » ~1idU (0.1,0.3) for mild cross dependency and ;
(i) 7, ~1iidU (0.51.5) for strong effect of cross dependency.
A panel contaminated by outliers is represented by
yi=y, +&L)al (z) fori=12,..,N. t=-49,...,012,...T
where
y“it is the observed contaminated series
Yy, IS the uncontaminated series
&(L) is the dynamic pattern of the outliers

@ is the magnitude of outliers

() is the indicator function of the presence of outlier at time t =z which

takes the following form:

|n(T)={1 ift=1

0 elsewhere

In the presence of AO, &(L)=1while TC takes the form of §(L)=ﬁwhere

& represents the velocity of the dynamic effect and is bound by [0,1](Tsay, 1998).

The distribution of the test can be computed in the traditional way (see Fuller,
1976; and Herce, 1993). However, the computation of RCIPS is similar to the CADF
statistics under the null hypothesis of absence of unit root based on 5,000 replications.

In order to compute the critical values of the test statistics at 1%, 5% and 10% nominal
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levels, the pair of sample size N =(20,30,50)andT =(20,30,50,100,200) are chosen.

The size and power of the tests are investigated at the 5% significant level using the

same sample size with 500 replications.

5.3.1 Results and Discussion

The critical values for the ADF and RCIPS tests are provided in Tables 5.1 to
5.3. The nominal levels chosen are at 1%, 5% and 10%, respectively. The values of the
mean and standard deviation of the respective unit root tests are also reported.
For N =20, the critical values for the ADF test decreases at each respective nominal
level, as T increases. Similar results are obtained for the mean and standard deviation
of this test with a large T . The average and standard deviation of the ADF test statistics
are closer to -1.5 and 0.12, respectively, for large N and T, and this is expected based
on Figure 5.1. Note that, the average of the ADF test is comparable with those obtained
in Im et al. (2003). The t-statistics of the RCIPS is slightly larger than the ADF unit
root tests (Tables 5.3 to 5.4). It is observed that these values approximated -1.28 (mean)
and 0.2 (standard deviation for large N and T ) (see Figure 5.2). As we would expect in
theory, as the sample size increase, the absolute of critical value will also increase. The
results at 5% nominal levels are used as critical values in order to compute the size and
power of the tests which are reported in Tables 5.5 to 5.10.

The results at 5% nominal levels are used as critical values in order to compute
the size and power of the tests which are reported in Tables 5.5 to 5.10.

The size and power of the unit root tests are investigated for the uncontaminated
panel, the panel with additive outliers (AO) and the panel with temporary change (TC)
which is based on 500 replications. The results are tabulated in Tables 5.5 to 5.10. For
the uncontaminated panel, the size of the ADF unit root is O for the small N and T

under the cross sectional independence (y, =0). Similar results hold when the number
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of Nand T increases. The CIPS gives a similar size for a small sample but attains a
reasonable size as T increases. The t-test of the RCIPS however is slightly oversized

even when N and T are large. In the presence of the CD (y, ~iidU (0.1,0.3) and
7, ~ 1idU (0.5,1.5)), the size of the ADF, CIPS and RCIPS are comparable with those in

the absence CD in the panel. The behaviour of these tests can be observed in Figure 5.3.

In the presence of the AO and TC (see Tables 5.6 to 5.7) in the panel, the sizes
for the ADF test are O for all CD cases. The CIPS also provides similar results for all
sample sizes and CD cases. The size for the RCIPS however is small for

(N,T)= (20,20). The results hold as N increases in the presence of AO. The RCIPS

does not perform well in the presence of AO in the panel. In the presence of the TC, the
RCIPS achieves good size of the test compared to the others and comparable with the
uncontaminated panel. The behaviour of these tests (ADF, CIPS and RCIPS) is
illustrated in Figures 5.4 to 5.5 in the presence of AO and TC.

In investigating the power of the test in the uncontaminated panel (See Table 5.8
and Figure 5.6), the ADF test surprisingly yields a stronger power compared to the
CIPS for T <50 under the CD even though the ADF test relaxes the assumption of the
CD. The CIPS however provides good power as T increases and the result is
comparable to those obtained in Pesaran (2007). The RCIPS outperforms the ADF and
CIPS even for small sample and all CD cases. In the presence of the AO and TC (See
Tables 5.9 to 5.10 and Figures 5.7 to 5.8) in the panel, the powers for the ADF and
CIPS tests are poor whenT <50. The power however increases for T >100 with an
increasing N . The powers for all tests are good as N increases in the presence of TC in
the panel. The RCIPS provides a sensible power when T <30in the presence of the AO
but outperforms the ADF and CIPS in the presence of the TC. Based on these results,

the RCIPS provides a good reasonable size>’ (close to 0.05) and power (greater than

%7 The definition of size and power of the tests have been discussed in Section 2.5, Chapter 2.
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0.95) in the presence of the AO and TC relative to the other two estimators especially

when N and T are small.
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Figure 5.1 : The Density and QQ plots of t-statistics (ADF unit root test)
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Figure 5.2: The Density and QQ plots of t-statistics (RCIPS unit root test)
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Table 5.1: Critical VValues for the ADF Unit Root Tests

T/N 20 30 50

Quartile 1% 5% 10% 1% 5% 10% 1% 5% 10%
20 -1.8719 -1.7451 -1.6746 -1.8021 -1.6848  -1.6249 -1.7071 -1.6117 -1.5702
30 -1.9041 -1.7858 -1.7167 -1.8443 -1.7182  -1.6575 -1.7348 -1.6591 -1.6164
50 -1.9276 -1.7562 -1.7340 -1.8473 -1.7445  -1.6861 -1.7847 -1.6946 -1.6522
100 -1.9429 -1.8244 -1.7531 -1.8621 -1.7671  -1.7132 -1.7893 -1.7092 -1.6637
200 -1.9661 -1.8365 -1.7679 -1.8751 -1.7714  -1.7178 -1.7983 -1.7184 -1.6762

The table contains the 1%, 5% and 10% critical values of the proposed test and it is based on 5,000 numbers of runs.

Table 5.2: Summary Statistics of Average (t') ADF

Mean

T/N 20 30 50

20 -1.4067 -1.4039 -1.4062
30 -1.4536 -1.4528 -1.4558
50 -1.4895 -1.4847 -1.4906
100 -1.5120 -1.5145 -1.5100
200 -1.5241 -1.5208 -1.5221

Standard Deviation

T/N 20 30 50

20 0.2045 0.1699 0.1291
30 0.1992 0.1611 0.1271
50 0.1933 0.1605 0.1255
100 0.1886 0.1539 0.1217
200 0.1911 0.1551 0.1197
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Table 5.3:

Critical Values for the Proposed Unit Root Tests (RCIPS)

T/N 20 30 50

Quartile 1% 5% 10% 1% 5% 10% 1% 5% 10%
20 -1.6240 -1.3834 -1.2711 -1.5179 -1.3423  -1.2458 -1.4291 -1.2888 -1.2124
30 -1.6565 -1.4592 -1.3637 -1.6139 -1.4300  -1.3319 -1.5264 -1.3843 -1.2931
50 -1.7569 -1.5555 -1.4484 -1.6979 -1.4987  -1.4138 -1.6126 -1.4483 -1.3692
100 -1.8267 -1.6090 -1.5238 -1.7662 -1.5894  -1.6866 -1.6866 -1.5242 -1.4575
200 -1.8983 -1.6946 -1.5992 -1.8397 -1.6613  -1.5646 -1.7706 -1.6182 -1.5319

The table contains the 1%, 5% and 10% critical values of the proposed test and it is based on 5,000 numbers of runs.

Table 5.4: Summary Statistics of Average (t') RCIPS

Mean

T/N 20 30 50

20 -0.9418 -0.9465 -0.9576
30 -1.0274 -1.0365 -1.0375
50 -1.1204 -1.1165 -1.1273
100 -1.2015 -1.2130 -1.2077
200 -1.2717 -1.2753 -1.2794

Standard Deviation

T/N 20 30 50

20 0.2569 0.2269 0.1916
30 0.2488 0.2253 0.1920
50 0.2503 0.2225 0.1885
100 0.2448 0.2186 0.1922
200 0.2483 0.2227 0.2010

146



Table 5.5: Size of the Unit Root Tests in the Uncontaminated Panel

ADF CIPS RCIPS ADF CIPS RCIPS ADF CIPS RCIPS
N 20 30 50
T 7, =0
20 0.000 0.004 0.042 0.000 0.000 0.074 0.000 0.000 0.082
30 0.000 0.014 0.080 0.000 0.008 0.050 0.000 0.008 0.066
50 0.000 0.024 0.062 0.000 0.014 0.056 0.000 0.014 0.076
100 0.000 0.035 0.068 0.000 0.028 0.080 0.000 0.012 0.052
200 0.000 0.036 0.080 0.000 0.052 0.080 0.000 0.036 0.080

y, ~1idU (0.1,0.3)
20 0.000 0.008 0.040 0.000 0.004 0.074 0.000 0.002 0.068
30 0.000 0.012 0.082 0.000 0.002 0.052 0.000 0.004 0.066
50 0.000 0.012 0.070 0.000 0.012 0.056 0.000 0.014 0.080
100 0.000 0.029 0.072 0.000 0.028 0.080 0.000 0.036 0.076
200 0.000 0.050 0.074 0.000 0.034 0.064 0.000 0.024 0.080
y, ~ 1idU (0.5,1.5)

20 0.002 0.006 0.040 0.000 0.002 0.058 0.000 0.006 0.056
30 0.000 0.010 0.074 0.000 0.004 0.042 0.000 0.002 0.062
50 0.000 0.012 0.052 0.000 0.014 0.048 0.000 0.008 0.058
100 0.000 0.046 0.076 0.000 0.022 0.078 0.000 0.028 0.074
200 0.000 0.034 0.068 0.000 0.034 0.058 0.000 0.024 0.080

The results given are the proportion of rejecting the null if there is a unit root in panel based on 500 runs. The presence of the unit root is investigated in (1) ADF unit root test, (2) CIPS of Pesaran’s unit root test, and (3) the

proposed test, RCIPS. The test is significant based on its corresponding critical values given in Tables 5.1, C1 and 5.2, respectively. The critical value is set at the 5% significant levels.
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Table 5.6: Size of the Unit Root Tests in the Presence of the AO

ADF CIPS RCIPS ADF CIPS RCIPS ADF CIPS RCIPS
N 20 30 50
T 7, =0
20 0.000 0.000 0.016 0.000 0.000 0.022 0.000 0.000 0.006
30 0.000 0.000 0.012 0.000 0.000 0.000 0.000 0.000 0.002
50 0.000 0.000 0.008 0.000 0.000 0.018 0.000 0.000 0.000
100 0.000 0.000 0.026 0.000 0.000 0.020 0.000 0.000 0.008
200 0.000 0.000 0.046 0.000 0.000 0.012 0.000 0.000 0.016

y, ~1idU (0.1,0.3)
20 0.000 0.000 0.006 0.000 0.000 0.014 0.000 0.000 0.002
30 0.000 0.000 0.016 0.000 0.000 0.004 0.000 0.000 0.002
50 0.000 0.000 0.001 0.000 0.000 0.008 0.000 0.000 0.010
100 0.000 0.000 0.034 0.000 0.000 0.012 0.000 0.000 0.016
200 0.000 0.000 0.044 0.000 0.000 0.034 0.000 0.000 0.038
y, ~ 1idU (0.5,1.5)

20 0.000 0.000 0.008 0.000 0.002 0.006 0.000 0.000 0.004
30 0.000 0.000 0.012 0.000 0.000 0.010 0.000 0.000 0.002
50 0.000 0.000 0.004 0.000 0.000 0.026 0.000 0.000 0.020
100 0.000 0.000 0.048 0.000 0.000 0.070 0.000 0.000 0.052
200 0.000 0.000 0.080 0.000 0.000 0.076 0.000 0.000 0.070

The results given are the proportion of rejecting the null if there is a unit root in panel based on 500 runs. The presence of the unit root is investigated in (1) ADF unit root test, (2) CIPS of Pesaran’s unit root test, and (3) the

proposed test, RCIPS. The test is significant based on its corresponding critical values given in Tables 5.1, C1 and 5.2, respectively. The critical value is set at the 5% significant levels.
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Table 5.7: Size of the Unit Root Tests in the Presence of TC

ADF CIPS RCIPS ADF CIPS RCIPS ADF CIPS RCIPS
N 20 30 50
T 7, =0
20 0.000 0.000 0.066 0.000 0.000 0.036 0.000 0.000 0.048
30 0.000 0.000 0.044 0.000 0.000 0.026 0.000 0.000 0.032
50 0.000 0.000 0.038 0.000 0.000 0.040 0.000 0.000 0.046
100 0.000 0.000 0.064 0.000 0.000 0.054 0.000 0.000 0.046
200 0.000 0.006 0.054 0.000 0.000 0.052 0.000 0.000 0.042

y, ~1idU (0.1,0.3)
20 0.000 0.000 0.054 0.000 0.000 0.064 0.000 0.000 0.062
30 0.000 0.000 0.048 0.000 0.000 0.040 0.000 0.000 0.038
50 0.000 0.000 0.048 0.000 0.000 0.048 0.000 0.000 0.060
100 0.000 0.002 0.066 0.000 0.000 0.046 0.000 0.000 0.064
200 0.000 0.006 0.076 0.000 0.000 0.042 0.000 0.000 0.074
y, ~ 1idU (0.5,1.5)

20 0.002 0.000 0.038 0.002 0.000 0.038 0.000 0.000 0.056
30 0.000 0.000 0.042 0.000 0.000 0.022 0.000 0.000 0.044
50 0.000 0.000 0.030 0.000 0.000 0.032 0.000 0.000 0.054
100 0.002 0.000 0.050 0.000 0.000 0.044 0.000 0.000 0.038
200 0.000 0.008 0.042 0.000 0.000 0.052 0.000 0.000 0.044

The results given are the proportion of rejecting the null if there is a unit root in panel based on 500 runs. The presence of the unit root is investigated in (1) ADF unit root test, (2) CIPS of Pesaran’s unit root test, and (3) the

proposed test, RCIPS. The test is significant based on its corresponding critical values given in Tables 5.1, C1 and 5.2, respectively. The critical value is set at the 5% significant levels.
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Table 5.8: Power of the Unit Root Tests in the Uncontaminated Panel

ADF CIPS RCIPS ADF CIPS RCIPS ADF CIPS RCIPS
N 20 30 50
T Vi= 0
20 0.516 0.000 0.740 0.668 0.034 0.914 0.878 0.028 0.974
30 0.852 0.206 0.916 0.958 0.250 0.974 0.998 0.274 0.982
50 1.000 0.866 0.982 1.000 0.952 0.994 1.000 0.994 1.000
100 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
200 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
y, ~1idU (0.1,0.3)
20 0.548 0.000 0.762 0.662 0.024 0.926 0.884 0.014 0.956
30 0.862 0.216 0.926 0.972 0.256 0.978 0.998 0.236 0.990
50 1.000 0.852 0.992 1.000 0.940 0.998 1.000 0.992 1.000
100 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
200 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
7, ~ iidU (0.5,.5)
20 0.518 0.000 0.792 0.610 0.022 0.912 0.708 0.018 0.952
30 0.744 0.206 0.920 0.770 0.240 0.964 0.812 0.282 0.982
50 0.950 0.862 0.994 0.954 0.952 1.000 0.964 0.998 1.000
100 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
200 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

The results given are the proportion of rejecting the null if there is a unit root in panel based on 500 runs. The presence of the unit root is investigated in (1) ADF unit root test, (2) CIPS of Pesaran’s unit root test, and (3) the

proposed test, RCIPS. The test is significant based on its corresponding critical values given in Tables 5.1, C1 and 5.2, respectively. The critical value is set at the 5% significant levels.
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Table 5.9: Power of the Unit Root Tests in the Presence of AO

ADF CIPS RCIPS ADF CIPS RCIPS ADF CIPS RCIPS
N 20 30 50
T Vi= 0
20 0.028 0.000 0.504 0.024 0.000 0.558 0.012 0.000 0.680
30 0.050 0.002 0.592 0.072 0.000 0.788 0.040 0.000 0.842
50 0.164 0.014 0.840 0.134 0.002 0.940 0.204 0.000 0.988
100 0.558 0.876 0.998 0.822 0.266 1.000 0.954 0.342 1.000
200 0.998 0.952 1.000 1.000 0.994 1.000 1.000 1.000 1.000
y, ~1idU (0.1,0.3)
20 0.020 0.004 0.474 0.024 0.000 0.532 0.026 0.000 0.706
30 0.060 0.000 0.628 0.068 0.000 0.780 0.064 0.000 0.798
50 0.178 0.010 0.870 0.164 0.002 0.936 0.214 0.000 0.994
100 0.672 0.882 1.000 0.836 0.240 1.000 0.962 0.306 1.000
200 1.000 0.966 1.000 1.000 0.990 1.000 1.000 1.000 1.000
7, ~ iidU (0.5,.5)
20 0.188 0.000 0.422 0.210 0.000 0.480 0.304 0.000 0.682
30 0.276 0.000 0.616 0.310 0.000 0.752 0.372 0.000 0.804
50 0.482 0.010 0.834 0.554 0.004 0.922 0.644 0.000 0.986
100 0.938 0.918 1.000 0.958 0.282 1.000 0.986 0.354 1.000
200 1.000 0.980 1.000 1.000 0.994 1.000 1.000 1.000 1.000

The results given are the proportion of rejecting the null if there is a unit root in panel based on 500 runs. The presence of the unit root is investigated in (1) ADF unit root test, (2) CIPS of Pesaran’s unit root test, and (3) the

proposed test, RCIPS. The test is significant based on its corresponding critical values given in Tables 5.1, C1 and 5.2, respectively. The critical value is set at the 5% significant levels.
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Table 5.10: Power of the Unit Root Tests in the Presence of TC

ADF CIPS RCIPS ADF CIPS RCIPS ADF CIPS RCIPS
N 20 30 50
T Vi= 0
20 0.014 0.000 0.796 0.030 0.000 0.854 0.014 0.000 0.956
30 0.050 0.000 0.910 0.086 0.000 0.964 0.080 0.000 0.988
50 0.350 0.010 0.982 0.406 0.006 0.996 0.660 0.010 1.000
100 0.978 0.746 1.000 1.000 0.906 1.000 1.000 0.954 1.000
200 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
y, ~1idU (0.1,0.3)
20 0.014 0.000 0.772 0.012 0.000 0.884 0.016 0.000 0.970
30 0.064 0.000 0.874 0.096 0.000 0.976 0.094 0.000 0.988
50 0.294 0.014 0.968 0.440 0.010 0.994 0.670 0.008 1.000
100 0.980 0.752 1.000 1.000 0.916 1.000 1.000 0.948 1.000
200 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
7, ~ iidU (0.5,.5)
20 0.150 0.000 0.788 0.152 0.000 0.832 0.268 0.000 0.960
30 0.288 0.000 0.864 0.384 0.000 0.962 0.440 0.000 0.980
50 0.642 0.026 0.968 0.698 0.022 0.988 0.828 0.022 1.000
100 0.992 0.836 1.000 0.994 0.952 1.000 0.998 0.978 1.000
200 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

The results given are the proportion of rejecting the null if there is a unit root in panel based on 500 runs. The presence of the unit root is investigated in (1) ADF unit root test, (2) CIPS of Pesaran’s unit root test, and (3) the

proposed test, RCIPS. The test is significant based on its corresponding critical values given in Tables 5.1, C1 and 5.2, respectively. The critical value is set at the 5% significant levels.
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5.4 Discussion

An alternative approach to the ADF and Pesaran unit root test is proposed in
order to investigate the presence of the unit root when outliers occur in the panel. Two
types of outliers are considered: (1) Additive outliers, and (2) Temporary change®®. The
proposed unit root test is based on the Generalized M-estimator which has been
discussed in Chapter 3. The finite sample behaviour of the tests is studied and compared
via the Monte Carlo experiments. The results show that the proposed unit root test
outperforms the ADF and Pesaran’s unit root test in terms of power with/ without the
presence of outliers and CD in the panel especially for the small pair of sample size.
The proposed test however suffers slightly from size distortion compared to the ADF in

the uncontaminated panel.

% The definition of these outliers has been given in Chapter 1.
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CHAPTER 6

Empirical Illustrations

6.1 Introduction

There are considerable amount of empirical studies conducted to illustrate the
behaviour of the tests and estimation procedure in the panel framework (see Philips and
Sul, 2003; Coakley et al., 2002; Pesaran, 2004; Noman, 2008; and Serlenga and Shin,
2004). Kapetanios and Pesaran (2004) compared two alternative methods in modeling a
panel set of company returns. One uses the CMG technique and the other uses the
principal component of Stock and Watson (2002). Serlenga and Shin (2004)
generalized the Hausman-Taylor estimation methodology and used the factor structure
as a proxy on the unobserved factor. The proposed method is applied to a gravity
equation of bilateral trade flows amongst the 15 European countries over the period of
1960 to 2001. The results show that the proposed approach fit the data reasonably well
and provide much more sensible results than the conventional methods such as pooled,
FE, RE and between or cross section regression methods.

Empirical applications on the CD tests recently have been studied in Pesaran
(2004), Cerrato and Sarantis (2007), Hoyos and Sarafidis (2006), and Sarafidis et al.
(2009). Pesaran used the PCD test to investigate the presence of the CD for per capita
output of innovations across countries within a given region, and across countries in
different regions. The results show a significant evidence of CD in output innovations
across many countries and regions in the world. Cerrato and Sarantis tested for the
presence of CD prior to applying the panel unit root tests in the PPP data of 20 OECD
countries. The LM test results strongly reject the null hypothesis of the cross sectional

independence among the group of innovations. Hoyos and Sarafidis described the new
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command of the Stata routine to test for the presence of the CD. The example of the
Cobb-Douglas production relationship taken from Baltagi (2001) is used to illustrate the
command and the results show evidence of the presence of CD in the data. In a recent
study, Sarafidis et al. investigated the presence of CD in a linear dynamic model with
regressor for employment equations of the United Kingdom (UK) firms. The results
show that there is enough evidence to reject the null hypothesis of the cross sectional
independence in the data.

Several studies have been conducted to investigate the presence of the unit root
in the PPP data. MacDonald (1996) implemented the ADF unit root test using the real
exchange rate (RER) data sets. The ADF test statistics is able to reject the null
hypothesis of a unit root both for high frequency data (monthly) and annual data.
Coakley and Fuertes (1997) used the Im et al. (1995) unit root test to analyse the
stationary of the RER for the G10°° economies and Switzerland. The results show that
there is a mean reversion in the RER in the period of the monthly data of 1973 -1996
and a half life of less than three years for a one-off shock. Caporale and Cerrato (2006)
highlighted various drawbacks of the standard panel data methods, which represents
important challenges for future research, such as: (i) the existing unit root tests suffer
from severe size distortions in the presence of negative moving average errors, (ii) the
common de-meaning procedure used to correct the bias however has a non effective
result in the presence of CD; and (iii) co-integration between cross sectional units could
also lead to size distortion however it is concluded that the panel approach is unlikely to
solve the PPP puzzle. Harris et al. (2005) investigated the PPP hypothesis in the case
when the CD is present. The data of a group of 17 countries are investigated using a
new panel based test of stationary that allows for arbitrary CD. The results of unit root

tests indicate that there is significant evidence against the PPP.

%% G-10 refers to the group of countries that have agreed to participate in the General Arrangements to Borrow (GAD).

161



In this chapter, real examples of the panel dataset through a proper estimation
procedure are examined. The aim of this chapter is to estimate the appropriate model
and provide a reasonable explanation about the relationship of the economic variables.
In this estimation process, the CD tests are evaluated first. The chapter is divided into
two parts: (1) first, for the pure static model, the presence of the CD is investigated and
then the parameter of the model is estimated, (2) second, for the dynamic model, the CD

tests are considered first and then the presence of a unit root is investigated in the panel.

6.2 Estimation Procedure

The example of the Gasoline data is considered in modeling the panel dataset for
the pure static case. Prior to estimating the model, the presence of the CD is examined.
In the estimation procedure, the parameters of the model are estimated using the

methods of: (1) Pooled, (2) CMG, and (3) RCMG, as discussed in Chapter 3. The fitted

model is evaluated using the criteria of: (1) the coefficient of determination (Rz); (2 a
robust version of R?, (RRZ) : (3) cross-validation (CV ) and CV ?; together with (4) a

robust version of CV and CV? , RCV and RCV “as discussed in Section 3.4, Chapter

3.

6.2.1 Gasoline Data
The gasoline data are annual demands (observations) of 18 OECD countries for
the sample period of 1960 until 1978. These data are available at

http://www.wiley.com/legacy/wileychi/baltagi/supp/Gasoline.dat (Baltagi, 2001). It

consist information of wide variations of per capita income, relative gasoline process,

and cars per capita, both over time and across countries.
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The approach is to model a gasoline consumption based on three variables: (1)
utilisation of the typical auto, (2) gasoline efficiency, and (3) stock of cars on the road,
which form the following consumption identity (Baltagi and Griffin, 1983):

Gasoline = Miles driven x Gasoline consumption x Cars consumption per car per mile

= Utilisation  x _ 1 Stock of cars (6.1)

efficiency

The advantage of analysing gasoline consumption in these three components is that the
effects of short and long run consumption can be separated. For example, changes in the
utilisation of cars may be achieved in the short run with the existing stock of cars, while
changes in auto efficiency need a longer period to turn over the car stock. Due to the
lack of data on the miles driven and gasoline consumption per mile, the utilisation and

efficiency factors are combined, thus leaving gasoline consumption per car (Gas/Car)

to be explained by variables of utilisation (U) and efficiency (E) as follows:
Gas/Car =U/E (6.2)
The empirical determination of (6.2) is based on the variables that reflect the utilisation

of cars, such as per capita income (Y /N) and gasoline price (P, / Pspp ). O the other

hand, the rising stock of cars per capita (Car/ N) is likely to lead to reduced car
utilisation. Specifically, the model describes how gasoline price and income affect the
utilisation and the efficiency of the car fleet. Thus, the following relationship which is
the model of Baltagi and Griffin (1983) is considered:

Gas Car
In C—_ﬂl In + 4, In P + f, InT+u (6.3)

GDP

Gas . . . . Y .
where InC— is the logarithm of motor gasoline consumption per car; Inﬁ is the
ar

: . P . . :
logarithm of real per capita income; In & s the logarithm of real motor gasoline
GDP
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price; In% is the logarithm of the stock of cars per capita; f,, S3,, S, are parameters

to be estimated for the respective independent variable; and u is the residual.

Table 6.1 provides a statistical summary of the gasoline consumption per car for
all 18 OECD countries. Turkey records the highest average annual gasoline
consumption (5.8) followed by Canada, Greece and the US (4.8-4.9). Italy exhibits the
lowest gasoline consumption. With small kurtosis for all countries, it is expected that
gasoline consumption per car value is closer to the mean, with no fat tails, but slightly

skewed.

Table 6.1: Summary Statistics of In ?for 18 OECD Countries
ar

Min Max Mean Median Std. Dev  Skewness Kurtosis

Austria 3.9227 4.1994 4.0565 4.0475 0.0693 0.0592 0.5685
Belgium 3.8182 4.1640 3.9223 3.8778 0.1034 1.2468 0.5826
Canada 4.8110 4.8997 4.8624 4.8558 0.0262 -0.0949 -0.8663
Denmark 4.0005 4.5020 4.1899 4.1617 0.1582 0.6495 -0.5593
France 3.7495 3.9081 3.8152 3.8080 0.0499 0.7487 -0.5537
Germany 3.8488 3.9324 3.8934 3.8894 0.0239 0.1215 -0.6616
Greece 4.4800 5.3815 4.8787 4.8948 0.2547 -0.0028 -0.6499
Ireland 4.1649 4.3256 4.2256 42211 0.0437 0.4306 -0.3332
Italy 3.3802 4.0507 3.7296 3.7374 0.2200 -0.0867 -1.0947
Japan 3.9487 5.9953 4.6996 45183 0.6841 0.5318 -1.0926
Netherland  3.7114 4.6463 4.0803 3.9877 0.2864 0.5780 -0.7250
Norway 3.9603 4.4350 4.1098 4.0846 0.1231 1.2787 1.6262
Spain 3.6204 4.7494 4.0553 3.9941 0.3170 0.6445 -0.2065
Sweden 3.9132 4.0674 4.0061 4.0026 0.0364 -0.3338 1.3780
Switzerland  4.0500 4.4413 4.2376 4.2592 0.1018 -0.0767 -0.0388
Turkey 5.1413 6.1566 5.7664 5.7221 0.3290 -0.4013 -1.1804
UK 3.9126 4.1002 3.9847 3.9768 0.0479 1.3011 1.5555

us 4.7879 4.8603 4.8191 4.8110 0.0219 0.5910 -0.9557
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Table 6.2: The Correlation Results among the (i, j)™ (,[) )Cross Sectional Units of 18 OECD Countries

ij

G, i) Austria Belgium Canada Den- France Germany Greece Ireland Italy Japan Nether- Norway Spain Sweden SWwitzer- Turkey UK US
mark land land

Austria 1

Belgium 0.2232 1

Canada -0.1216 0.0062 1

Denmark 0.1078 0.2657 0.0875 1

France 0.1702 0.1568 -0.0339  -0.1117 1

Germany 0.5281 0.5635 0.1212  -0.0725  0.1222 1

Greece -0.1496  -0.2590 -0.1384 01721  -0.1420 -0.1469 1

Ireland 0.3410 0.1872 0.3348  -0.4431  0.0524 0.4785 -0.1229 1

Italy 0.4136 0.6413 0.3324 0.3262 0.3296 0.6425 -0.3221 0.0765 1

Japan -0.2323 0.0008 -0.1187 0.0710 -0.1539 -0.0992 -0.2817 -0.4674  0.1326 1
Netherland  0.1106 0.4795 0.4487 0.4933  0.0726 0.1409 -0.0280  -0.0751 0.4736  0.2036 1

Norway 0.2021 0.5797 0.4091 03571  -0.1781 0.3193 -0.2481 04025 0.3523 -0.0587  0.6133 1

Spain 0.4263 0.3728 -0.0203  0.0892  0.2151 0.2016 -0.3466 05053  0.0304 -0.5250  -0.0042 0.4923 1

Sweden 0.0018 0.4639 -0.1285  0.3808  -0.0341 0.1530 0.0710  -0.3909  0.3468  0.1198  0.3102 -0.0259  -0.0994 1
Switzerland 0.4248 0.4128 -0.1441 0.1920 0.4633 0.5549 0.2016 0.1405 0.5324  -0.0700 0.3545 0.2406 0.0294 0.2347 1

Turkey 0.3558 -0.4073 0.0270 0.1141 -0.0195 0.1207 0.3349 -0.1759  0.1130  0.0454 -0.0685 -0.4880 -0.3366 0.2617 0.1208 1

UK 0.1176 0.5108 0.5874 0.0367 0.1542 0.2463 -0.2279 0.6155 0.2976  -0.3293 0.4553 0.7352 0.5798 -0.1431 0.0195 -0.4878 1
us -0.0044 0.6397 0.4320 0.1789  0.1938 0.4333 -0.4969  0.3221  0.5451  0.0056  0.3272 05258  0.3841  0.3356 0.1560 -0.3288 05938 1

T
PICTH

py iscomputed as p; = p; = !

I
[N

-

2 T 1/2
2.8
it
t=1

T
é 2
it
t=1
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Before estimating the model in (6.3), the presence of CD is investigated among the

innovations in the model. The results are reported in Tables 6.2 and 6.3. From Table

6.2, some countries provide very small correlations, for example: between Belgium and

Canada, and Belgium and Japan, indicating that these countries are independent to each

other. The US, UK and lItaly yield strong cross dependency within most of these 18

OECD countries. The LM, RLM1, RLM2, PCD, RPCD1 and RPCD2 (showed in Table

6.3) are compared at 5% significant levels based on the respective critical values. All

tests provide significant evidence of the presence of the CD in model (6.3) and this

result is comparable with the value of the absolute correlation |p| =0.266. In view of the

presence of the CD, the parameter estimation procedure that relaxes the independence

assumption should really be considered.

Table 6.3: Cross Dependency Test Results of Gasoline Data

Test Test statistics
p| ®° 0.266
LM 303.296*
RLM1 314.660*
RLM2 282.630*
PCD 7.795*
RPCD1 7.382*
RPCD2 5.925*

*The test is significant when LM,RLM1,RLM2 > ;((ZN(N&),Z) =182865and
|PCD},|RPCD1,|RPCD2| > N(0,1) =1.96 at 5% significant levels.

% || is computed as || =

N A
Z plj

i=1 j=i+l

(N-D)

166



Table 6.4: Estimation Results of Gasoline Data

Methods Pooled CMG RCMG
Parameter B, 0.195 0.123 -0.059
Estimates " 7.654% 1386 10.602
(0.000) (0.917) (0.274)
B, -0.512 -0.214 -0.316
stats -15619% | -4.716 -7.604%
(0.000) (0.000) (0.000)
JiA -0.575 -0.593 -0.410
st -35.691* | -6.221% -5.986*
(0.000) (0.000) (0.000)
Goodness- R? 0.685 0.986 0.977
of-fit RR? 0.645 0.999 0.999

Note: * significant at 5% significant level

The estimators used to estimate the model parameters are (1) Pooled, (2) CMG,

and (3) RCMG. The results are reported in Table 6.4. For the pooled estimator, ,Bl,ﬁz

and /3, show significant test statistics with low R? = 0.685. These results are consistent

with the fact that the cross sectional independence is violated since the CD test results

provides evidence on the presence of the CD. On the other hand, the CMG and RCMG
estimators which relax the independent assumption show that only ,82 and 5’3 are
significant. This suggests the importance of the real motor gasoline price and the stock
of cars per capita variables (predictor) in predicting the gasoline consumption per car
(response). The coefficient of determination R* and the robust version RR? indicate a
good fit for both the CMG and RCMG estimator. Further checks on the residual plots

illustrate the bell-shaped residuals distributed around O (see Figure 6.1) with slightly

deviates from the normal distribution.
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Figure 6.1: QQ and Density Plots of Gasoline Data

The CV and CV ? for the respective estimation procedure are reported in Table 6.5.

Both CMG and RCMG provide a comparable value of CV and CV >when the i ™ pair

of the dependent and independent variables are omitted.

Table 6.5: Cross-Validation Results of Gasoline Data

(cv)

i Pooled CMG RCMG
1 0.23365 0.01677 0.02323
2 0.19195 0.01657 0.02299
3 0.17799 0.01656 0.02264
4 0.20511 0.01419 0.01993
5 0.20131 0.01304 0.01668
6 0.19827 0.01155 0.01555
7 0.19226 0.01024 0.01409
8 0.11023 0.01051 0.01479
9 0.09632 0.00793 0.01277
10 0.09914 0.00823 0.01391
11 0.11094 0.00898 0.01488
12 0.11628 0.01010 0.01610
13 0.12064 0.01075 0.01686
14 0.13380 0.01188 0.01842
15 0.17073 0.01289 0.01944
16 0.17767 0.01385 0.02037
17 0.18521 0.01689 0.02358
18 0.19094 0.01749 0.02434
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cv?)

i Pooled CMG RCMG
1 0.11603 0.00071 0.00110
2 0.07434 0.00071 0.00115
3 0.07064 0.00073 0.00115
4 0.10965 0.00052 0.00090
5 0.10692 0.00048 0.00069
6 0.10695 0.00044 0.00066
7 0.10485 0.00040 0.00060
8 0.03090 0.00055 0.00079
9 0.02674 0.00034 0.00063
10 0.02779 0.00035 0.00074
11 0.03170 0.00037 0.00077
12 0.03244 0.00040 0.00081
13 0.03297 0.00041 0.00082
14 0.03889 0.00044 0.00089
15 0.07349 0.00047 0.00092
16 0.07445 0.00050 0.00094
17 0.07587 0.00073 0.00118
18 0.07655 0.00074 0.00120

To illustrate the usefulness of the proposed method in presence of

.. e . Gas .
contamination, 5% contamination is allowed in o in model (6.2)**. The CD tests
ar

and parameter estimates are computed based on the three techniques mentioned earlier
as well as the value of R?, RR?, CV and the results are reported Table 6.7.
In the presence of outliers (see Figure 6.3), the LM and PCD tests provide

insignificant test statistics indicating that there is no cross dependency in the panel
whereas the cross section dependence exists among the residuals (see the value |p| in
Table 6.7). This shows that the cross dependency effect is masked by the presence of

outliers. The robust versions of these tests however provide a significant result of there

is cross dependency in the panel.

51 The contamination chosen is from ;((220) so that the band of this value will not exceed some points of d.
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Table 6.6: Robust Cross-Validation Results of Gasoline Data

(RCV)
I Pooled CMG RCMG
1 0.1463 0.0106 0.0167
2 0.1522 0.0113 0.0168
3 0.1422 0.0121 0.0178
4 0.1348 0.0118 0.0173
5 0.1541 0.0118 0.0162
6 0.1724 0.0112 0.0159
7 0.1878 0.0103 0.0153
8 0.1604 0.0098 0.0172
9 0.1515 0.0094 0.0175
10 0.1474 0.0098 0.0192
11 0.1468 0.0097 0.0178
12 0.1401 0.0099 0.0180
13 0.1350 0.0098 0.0176
14 0.1359 0.0102 0.0177
15 0.1436 0.0105 0.0171
16 0.1411 0.0106 0.0168
17 0.1436 0.0113 0.0177
18 0.1347 0.0112 0.0172
(Rev?)
i Pooled CMG RCMG
1 0.00602 0.00003 0.00009
2 0.00636 0.00004 0.00009
3 0.00550 0.00005 0.00011
4 0.00526 0.00004 0.00010
5 0.00685 0.00004 0.00008
6 0.00947 0.00003 0.00008
7 0.01128 0.00003 0.00007
8 0.01014 0.00003 0.00009
9 0.00886 0.00003 0.00010
10 0.00901 0.00003 0.00011
11 0.00827 0.00003 0.00010
12 0.00726 0.00003 0.00010
13 0.00619 0.00003 0.00010
14 0.00603 0.00003 0.00010
15 0.00636 0.00003 0.00009
16 0.00598 0.00004 0.00009
17 0.00619 0.00004 0.00010
18 0.00575 0.00004 0.00009
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Figure 6.2: Residual Plots of Gasoline Data;
(1)Pooled model; (2) CMG; (3) RCMG

Table 6.7: Cross Dependency Test Results of Gasoline Data
with 5% contamination

Test Test statistics
A% 0.143
LM 139.253
RLM1 239.520*
RLM2 278.440*
PCD 1.028
RPCD1 8.023*
RPCD2 7.631*

*The test is significant when LM,RLMl,RLM2>;((2N(N,1),2) =182865and
|PCD},|RPCD1,|RPCD2| > N(0,1) =1.96 at 5% significant levels.

® || is computed as || =
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Table 6.8: Estimation Results of Gasoline Data with 5% contamination

Methods | Pooled | CMG RCMG
Parameter B, 0.246 0.331 0.141
Estimates st 7.642% 0.463 0.416
(0.000) | (0.678) (0.661)
5, -0.461 | -0.617 -0.346
stats 11141 | -1.290 -1.993*
(0.000) | (0.099) (0.023)
JiX 0484 | -1.279 -0.535
stats -19.603* | -2.152* -2.029*
(0.000) | (0.016) (0.021)
Goodn_ess- R? 0.549 0.580 0.492
offit RR? 0575 | 0.999 0.999
Note: * significant at 5% significant level

Figure 6.3: Residual Plots of Gasoline Data
with 5% contamination; (1)Pooled model; (2) CMG; (3)RCMG.
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Table 6.9: Cross-Validation Results of Gasoline Data
with 5% contamination

(cv)
i Pooled CMG RCMG
1 0.28895 0.12092 0.13144
2 0.23529 0.11436 0.11705
3 0.21772 0.10577 0.10756
4 0.25276 0.10343 0.11300
5 0.24811 0.10419 0.11213
6 0.24562 0.10355 0.11197
7 0.23017 0.08373 0.09289
8 0.13545 0.07032 0.07932
9 0.12139 0.06720 0.07417
10 0.12626 0.06191 0.07038
11 0.14170 0.07177 0.07932
12 0.14846 0.07307 0.08057
13 0.15748 0.08361 0.09138
14 0.17900 0.09333 0.10078
15 0.21827 0.10371 0.11175
16 0.22741 0.11265 0.12017
17 0.23653 0.11677 0.12443
18 0.24663 0.12436 0.13424
cv?)
i Pooled CMG RCMG
1 0.19140 0.05080 0.06313
2 0.14241 0.04856 0.05303
3 0.13030 0.04062 0.04718
4 0.17074 0.03941 0.05059
5 0.16745 0.04144 0.05089
6 0.17060 0.04601 0.05379
7 0.15525 0.03705 0.04451
8 0.06689 0.02853 0.03731
9 0.06394 0.02938 0.03711
10 0.06436 0.02768 0.03541
11 0.07173 0.03089 0.04028
12 0.07310 0.03093 0.04032
13 0.08036 0.03671 0.04606
14 0.09696 0.03990 0.04963
15 0.13990 0.04697 0.05679
16 0.14490 0.05010 0.05897
17 0.14755 0.05061 0.05948
18 0.15428 0.05264 0.06391
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Table 6.10: Robust Cross-Validation Results of Gasoline Data
with 5% contamination

(RCV)
i Pooled CMG RCMG
1 0.15811 0.06785 0.07478
2 0.14563 0.07029 0.06674
3 0.13439 0.06871 0.06657
4 0.15829 0.07617 0.08221
5 0.16648 0.08121 0.09067
6 0.22535 0.09010 0.10357
7 0.25329 0.07983 0.08575
8 0.16867 0.06986 0.06980
9 0.15890 0.07004 0.06680
10 0.18326 0.05150 0.06358
11 0.19528 0.06458 0.07233
12 0.18251 0.04905 0.05736
13 0.17708 0.05196 0.06365
14 0.15656 0.05905 0.06680
15 0.15109 0.06784 0.07487
16 0.14308 0.07004 0.07670
17 0.15052 0.06986 0.07487
18 0.14796 0.07054 0.07670
(Rev?)
i Pooled CMG RCMG
1 0.00839 0.00079 0.00142
2 0.00623 0.00081 0.00119
3 0.00546 0.00075 0.00115
4 0.00788 0.00113 0.00187
5 0.00968 0.00158 0.00239
6 0.01333 0.00218 0.00321
7 0.01624 0.00119 0.00204
8 0.01025 0.00099 0.00137
9 0.00782 0.00095 0.00121
10 0.01186 0.00049 0.00091
11 0.01226 0.00071 0.00116
12 0.01053 0.00048 0.00075
13 0.00854 0.00057 0.00092
14 0.00856 0.00063 0.00103
15 0.00800 0.00073 0.00123
16 0.00719 0.00081 0.00136
17 0.00756 0.00082 0.00135
18 0.00707 0.00088 0.00146

For the estimation results (see Table 6.8), the RCMG estimator yields significant

values of ﬁz and 5’3 in the presence of outliers whereas the CMG reports a
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significant 4,. /3, 8,and /3, are significant for the pooled model due of the presence of

positive and negative large residuals which are averaged out (see residual plot for

pooled model in Figure 6.3). These results however are unreliable due to the smaller
values of R? and RR?, indicating a poor fit. Both the CMG and RCMG provide a large

value of RR?, indicating a good fit. The values of CV and CV ?(see Table 6.9) for all

the estimators are slightly large compared to the uncontaminated panel. The robust

RCV s also large but not the RCV * (see Table 6.10). Based on these results, the
RCMG provides comparable estimates with its uncontaminated panel, which illustrates

its robustness.

6.3 Panel Unit Root Tests

To investigate the presence of the CD and unit root in the dynamic panel
framework, the PPP data are suggested. The panel unit root tests used include: (1) ADF
unit root test, (2) CIPS and (3) RCIPS. The CD is first examined prior to testing the unit

root.

6.3.1Purchasing Power Parity (PPP)

The PPP is a criterion for an appropriate exchange rate between currencies. It is
a rate that a representative basket of goods in country A costs the same as in country B
if the currencies are exchanged at that rate. This PPP is related to the exchange rates

where the equilibrium exchange rates are often defined in terms of the PPP (see
Gokcan, 2002; Haw and Baharumshah, 2002). A constant real exchange is required for

PPP to hold. One should expect PPP to hold in a world where the transportation and
transaction costs are negligible, consumption basket is identical and no arbitrage profit
existed. The real exchange rate will vary without these conditions. So, the most

common way to test for PPP is investigating the presence of unit roots in RERs.
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In the time series model, the most common definition of the RER is the nominal

exchange rate (q; ) adjusted by the price levels ( p; ) and is given as follows:

Ot =St + Pt — Pt (6.4)
where the PPP condition is defined by

S =P P (6.5)
Here, s, is the log exchange rate, p, and p, are the log domestic and foreign price
levels respectively.

Note that, if relative PPP holds, then g, in (6.4) is a constant. This is clearly not
true in the short run, but it could happen in the long run empirically. The PPP holds
when it achieves mean stationary in the long run and it can be evaluated by application

of the unit root tests. Generally, the panel methods with long time spans provide more

evidence in favour of a trend reverting g than the pure time series methods.

6.3.2 Data and Model

Two examples are considered on PPP real data set: (1) Asian and (2) Central and
Eastern Europe (CEEC) countries. The data employed are on the monthly RER of 13
countries in both examples®®. The first covers the period M1 1986 to M4 2010 in which
the time dimension is equals to 290 while in the second it consists the data from M1
1996 to M4 2010 which is equivalent toT =170.

The following equation is used to model RER:

O =Sy + Py — Py (6.6)

where g, is the logarithm nominal exchange rate at country i " currency in terms of US

dollar, p, and p;, are the logarithm of consumer price indices in the US and country

I, respectively.

8 The data is available upon request.

176



For a panel of countries (i=12,...,N) the RER can be represented by,

As, =a; +bs, , +&;
where As, =S, —S, ,; Is the first difference of RER; ¢, is the intercept which varies
across i. Accordingly, if b, <0, then s, is stationary and if b, =0 then the series is
nonstationary or has a unit root. For the ADF test, the following model is used;

As, =a; +bs, |+ pAS, | + &
while for the CIPS and RCIPS unit root tests, the following model is considered:

As, =a;, +bs,  +7, f +&.;
Here, y, is the common factor, f,is unobserved factor and &, is the disturbances and

the CD is explained by the f, has been derived in (3.10) to (3.14) in Chapter 3.

6.3.3 Critical values

Critical values are computed based on two procedures: (1) DGP in Chapter 5,
Section 5.4 and (2) the idea in Breuer et al. (1999). The simulated critical values of the
second procedure are based on the exact values of the parameter estimates in PPP for
each group of countries using Pesaran’s (2007) method of estimation. The error series

are generated from the standard normal distributions with the variance covariance
matrix: M =1, —ﬁ(ﬁTﬁ)&ﬁT with H=(LAy,,y,,) . I, is a unit matrix of order
T xT and H is the combination of the dummy variables, average of cross section of the
first difference of y, and its first lagged value, vy, , . Here, y, isthe RER.

Then, each simulated data is generated from the error series using the parameter
estimates with intercept set at zero since the null hypothesis has a unit root. For each
series, T +50 are generated for each group, and the first 50 observations are discarded

in order to reduce the initial effects of data generation. The remaining T observations
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are then used to compute the critical values of the unit root test at 0.05 significant levels.

The critical values produced in Table 6.15 are based on 5000 replications.

6.3.4 Results and Discussion

First, the pair-wise cross section coefficient of the residuals which consists of
C%B =78 pairs is computed and these coefficients are tabulated in Tables 6.11 and

6.13. From Table 6.11, China (CHN), Hong Kong (HK), India (IND), Pakistan (PAK)
and Sri Lanka (LKA) yield small p; that is less than 0.2 among the other countries. The
PPP of these countries are almost independent of the other ASIAN countries especially
China (CHN). The PPP of Malaysia (MYS), Singapore (SGP), Thailand (THA),
Indonesia (IDN) and Philippines (PHI) yield strong cross dependency among each other

and it is observed that Korea (KOR) and Taiwan (TWN) are also dependent to each

other. The absolute pair-wise correlation

p|=0.171 and cross dependency tests

(reported in Table 6.12) provide significant evidence of the CD that is to reject the null
cross sectional independence among ASIAN countries.

High cross correlation coefficient is obtained in the CEEC panel with p; > 0.3

and these results are comparable with

p|=0.570 (see Tables 6.13 to 6.14). The test
statistics of the CD unanimously rejects the null hypothesis of the cross sectional
independence among the group of CEEC members at 5% significant levels. This clearly
means that the CD among the CEEC countries exists and is strong.

The unit root tests are computed for each ASIAN and CEEC panel and the results
are given in Table 6.15. Two bases of critical values are provided at 5% significant
levels as a benchmark to compare the unit root test. The ADF unit root test provides
significant results in rejecting the presence of the unit root based on the critical values

obtained from procedure 1 but fails to reject it based on the second procedure. These
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results however are unreliable due to the presence of the significant CD (from Tables
6.12 and 6.14). As such, the CIPS and RCIPS unit root tests are employed as the
alternative approach which accommodates the CD. Both tests give insignificant results
of a unit root test i.e. do not reject the null of the unit root at 5% significant levels, with
respect to both the critical values. This means that the PPP hypothesis is no longer valid
in the presence of a unit root. Likewise, for the CEEC panels, all the unit root tests fail
to reject the null hypothesis of a unit root and therefore, this provides some evidence

against PPP.
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Table 6.11: The Correlation Results among the (i, j)" (ﬁij)Cross Sectional Units of the ASIAN Data®.

(i,])) CHN HKG IDN IND KOR LKA MYS PAK PHL WSM SGP TWN THA

CHN 1

HKG  0.0809 1

IDN 0.0098  0.0037 1

IND 0.0245 0.0696 0.0310 1

KOR 0.0278 0.0386 0.1342 0.2058 1

LKA  -0.0291 0.0290 -0.2859 -0.0495 -0.1959 1

MYS  0.0353 0.1053 0.5682 0.0678 0.1339 -0.0965 1

PAK  0.0236 0.1338 0.1129 0.1629 0.0547 -0.0035 0.1505 1

PHL 0.0241 -0.0060 0.3615 0.0374 0.3052 0.0664 0.3833 0.1032 1

WSM  -0.1051 -0.0343 0.1814 0.1122 0.2587 -0.0278 0.1407 0.1097 0.1972 1

SGP  -0.0212 0.1541 0.5015 0.1687 0.3253 -0.0919 0.6092 0.2157 0.3282 0.2972 1

TWN  0.0896 0.2209 0.1995 0.1254 0.2586 -0.0457 0.2783 0.0925 0.1197 0.0996  0.3299 1
THA  0.0050 0.0339 05759 0.0386 0.2659 -0.1160 0.7057 0.1340 0.5474 0.1482 0.6186 0.2653 1

Table 6.12 : Cross Dependency Test Results of the ASIAN Data

Test Test statistics
Yo, 0.171

LM 1269.020*
RLM1 335871.716*
RLM2 36970.724*

PCD 21.458*
RPCD1 483.919*
RPCD2 245.817*

|/3ij|
*The test is significant when LM,RLM1,RLM2 > y{\(n_1)/2) =99.617and |PCD|,|RPCD1,|RPCD2 > N(0,1) =1.96 at 5% significant levels. || is computed as || = u:l(,:.ﬂ .

& Abbreviations of the ASIAN country are given in Appendix D.
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Table 6.13: The Correlation Results among the (i, it (/5

ij

)Cross Sectional Units of the CEEC Data®™.

(@i, J) AL BG CR Ccz EE HU LV LT MK PL RO SK SL
AL 1
BG 0.3696 1
CR 0.4711  0.3589 1
Cz 0.4552  0.2987  0.7447 1
EE 0.5281 0.4152 0.8928 0.7778 1
HU 0.4746  0.3084 0.7536 0.6871  0.7990 1
LV 0.5054 0.3410 0.7720 0.6687 0.8257  0.7091 1
LT 0.4621 0.2389 0.6893 0.6508 0.7443 0.6650 0.7820 1
MK 0.3503 0.3591 0.8415 0.6792 0.8374 0.6887 0.7656  0.6592 1
PL 0.3956 0.2688 0.6112 0.6643 0.6332 0.7616 05758 0.5046 0.5576 1
RO 0.5229 0.3847 0.4338 0.3658 0.4744 0.4308 0.4114 0.3528 0.4145 0.3887 1
SK 0.3911 0.3127 0.6818 0.6637 0.7463 0.6780 0.6500 0.5900 0.6659 0.5661 0.3734 1
SL 0.3867 0.3577 0.8214 0.6975 0.8326 0.6251 0.6479 0.6521 0.7708 0.5099 0.3698 0.7420 1
Table 6.14: Cross Dependency Test Results of the CEEC Data
Test Test statistics
p 0.570
LM 4697.555*
RLM1 937523.671*
RLM2 82977.353*
PCD 65.630*
RPCD1 952.565*
RPCD2 720.589*
| o
The test is significant when LM,RLM1,RLM2> 28\ 4,2) =99.617and [PCO},|[RPCD1,[RPCD2| > N(0,1) =1.96 at 5% significant level. |5 is computed as |ﬁ|:ﬁ

% Abbreviations of the ASIAN country are given in Appendix D.
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Table 6.15: The Unit Root Test Results
ADF CIPS RCIPS
Critical values®*  -1.9036 -2.2231 -1.7517
ASIAN  Critical values® -2.4836  -2.6779  -4.2509
Test statistics ~ -1.9658*  -0.7164 -0.3772
Critical values®*  -1.8976 -2.2252 -1.7433
CEEC Critical values® -2.1718  -2.1151  -3.9435
Test statistics ~ -1.0859  -0.4826 -0.0751

Note: ? is the critical value obtained from DGP as in Section 5.4 while ® is computed based on the idea in Breuer et al. (1999) and is
discussed in Section 6.3.3.

*: significant and rejected if|Test statistics| > Critical values, based on its corresponding critical values. Critical values are

computed based on 5000 replications at 5% significant levels.

6.4 Discussion

In this chapter, The CD tests discussed in Chapter 2 are employed to investigate
the presence of the CD in the gasoline data. There is strong evidence that the CD is
present in the gasoline panel and therefore the Generalized M-estimator (named
RCMG) is adopted to estimate the parameter of the model. The parameter estimates
obtained are in line with the Pooled and CMG estimator. However, as the gasoline
panel is contaminated with outliers, the RCMG provides a good fit with larger values of
RR?and smallest values of RCV,RCV? among other estimation procedures. This
indicates that the advantage of the RCMG is the ability to handle extreme observations.
The unit root tests of PPP data find evidence that the ASIAN and CEEC data are
strongly cross correlated among the group members. The unit root results provide some
evidence of the non-stationary of the PPP data and conclude that the PPP hypothesis

does not hold in both the ASIAN and CEEC countries.
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CHAPTER 7

Conclusion

This study propose the method to statistical modeling and inferences in the panel
data model when there exist suspicious observations in the series and cross correlation
among the group members in the panel. For exploratory purposes, the cross-sectional
tests are applied to investigate the presence of cross sectional dependence (CD) in the
panel. In Section 2.3 of Chapter 2, the tests by Breusch and Pagan (1980) and Pesaran
(2004) are revisited and the residuals obtained by the Least squares estimation are
known to be sensitive to the outliers. A robust estimation procedure is considered to
capture the outlier effects and those spurious observations are removed when computing

pair-wise correlation coefficients, p; using robust filter function, such as the Huber

function and diagnostic tools. This study supports that the robust version of Pesaran’s
(2004) (namely RPCD1 and RPCD2) and outperform other tests in detecting the CD

especially when mild CD is observed.

In modeling the panel, the Generalized M-estimator is proposed to minimize the
objective function of overall error (given in Equation (3.22)) by advocating Pesaran’s
(2006) estimation procedure named the Common Correlated Effects Mean Group
(CMG) in purely static model. The CMG method uses the unobserved factor to explain
the cross correlation. The modification of the variance-covariance matrix in the CMG
procedure enables the recovery of reliable estimators which limits the influence of both,
CD and outliers. This Generalized M-estimator is asymptotically normally distributed as
N —> o andT —>oo. The asymptotic distribution of the Generalized M-estimator is

used to derive the test statistics which is important in the construction of the hypothesis
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testing and confidence interval of the parameter estimates. Furthermore, this study only
focuses on the properties of estimator in term of asymptotic distribution, thus, future
studies will be undertaken on qualitative and quantitative robustness such as influence

function and breakdown point.

Extensive simulation studies of a simple pure static model with one regressor are
chosen to illustrate the estimation techniques, hypothesis testing and confidence interval
of parameter estimates. The Pooled, CMG and RCMG procedures are examined and

this study concludes that the proposed method, RCMG has small mean square error
(MSE) of the residuals and bias of the parameter estimates, Bq.c in the presence of
CD and outliers. The hypothesis test supports the findings in Section 4.2.1.1 that the
RCMG is more reliable (powerful) in estimating Sy, . in terms of accuracy. This can

also be observed from the shorter length of CI in Table 4.31.

In the dynamic framework, the reliability of the unit root tests is investigated in
the presence of the CD and outliers. An Augmented Dickey Fuller (ADF) unit root test
is modified (Im et al., 2003) so that it is suitable with the panel framework; however
this test assumes cross sectional independence in the panel. On the other hand, the
Pesaran unit root test (2007) which uses the CMG approach is not robust to outliers
occurring within the panel. The robust Generalized M-estimator, described in Chapter 3,
is used to investigate the stationary of the series in panel. The Monte Carlo simulation
studies support the findings of this study that the proposed procedure outperforms the
ADF and the Pesaran unit root test in terms of size and power of the test in the presence
of the CD and outliers. In testing for a unit root test, the asymptotic distribution of the
proposed unit root test is approximated via the Monte Carlo experiment. Future studies
will be undertaken on the statistical properties of this method.
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For the illustrations, the gasoline data taken from Baltagi’s work (2005) are
considered in pure static model. The simulation results support the findings of this study

that the parameter estimates obtained from RCMG are comparable with uncontaminated

panel. The value of RR? and RCV and RCV ? indicate that RCMG is a good fit for the
gasoline panel. For the dynamic case, the examples of the PPP data are considered and
the results find that the PPP hypothesis does not hold and this clearly indicates that the
PPP of ASIAN and CEEC is not mean stationary in the long run. Thus, there is

evidence against the PPP and for this; it is left as an open study.

A drawback of the Breusch and Pagan (1980) and Pesaran (2004) CD tests is
that they are sensitive to the influence of outliers especially for the case of mild CD in
the panel; the presence of the CD being masked by the presence of outliers. Thus, the
robust estimation procedures are incorporated to the test with some filtration to remove
the outliers’ effects; similarly, for the estimation procedure of Pesaran’s (2004). As a
possible alternative, Pesaran’s approach is replaced with the robust Generalized M-
estimator and the results provide support that the proposed technique is able to yield
good estimates in the presence of outliers and CD. This technique can also be modified
to the more complicated panel model such as panel with multiple regressors and
unobserved factors. Even though the extended and complicated panel model is not
considered in this study due to the complicated nature of the properties of the model, the
model is of interest for future work.  With the flexibility of the existing software
packages that are available today, it is believed that the study can be extended to include

complicated panel models.
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