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method. The dissertation consists of 5 articles, as follows.

The first article is a generalization of the median regression to the estimation 
of the SURE models. The second article generalizes the median regression on 
the conventional multivariate regression analysis, i.e., the SURE models with the 
same design matrices of the equations. In the third article, the author develops 
ridge estimation for the median regression. Some properties and the asymptotic 
distribution of the proposed estimator are investigated. In the fourth article, the 
properties of some biasing parameters used in the literature for ridge regression 
are investigated when they are used for the new methodology proposed in the 
third article. In the last article, the methodologies of the four preceding articles are  
assembled in a more generalized methodology to develop the ridge-type  
estimation of the LAD method for the SURE models.
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Abstract 

This doctoral dissertation is a progressive generalization of some of the robust 
estimation methods in order to make those methods applicable to the 
estimation of the Seemingly Unrelated Regression Equations (SURE) models. 
The robust methods are each of the Least Absolute Deviations (LAD) 
estimation method, also known as the median regression, and the ridge 
estimation method. The first part of the dissertation consists of a brief 
explanation of the LAD and the ridge methods. The contribution of this 
investigation to the statistical methodology is focused on in the second part of 
the dissertation, which consists of 5 articles. 

The first article is a generalization of the median regression to the estimation of 
the SURE models. The proposed methodology is compared with each of the 
Generalized Least Squares (GLS) method and the median regression of 
individual regression equations.   

The second article generalizes the median regression on the conventional 
multivariate regression analysis, i.e., the SURE models with the same design 
matrices of the equations. The results are compared with the median regression 
of individual regression equations and the conventionally used OLS estimation 
method for such models (which is equivalent to the GLS estimation, as well). 

In the third article, the author develops ridge estimation for the median 
regression. Some properties and the asymptotic distribution of the estimator 
presented are investigated, as well. An empirical example is used to assess the 
performance of the new methodology.  

In the fourth article, the properties of some biasing parameters used in the 
literature for ridge regression are investigated when they are used for the new 
methodology proposed in the third article.   

In the last article, the methodologies of the four preceding articles are 
assembled in a more generalized methodology to develop the ridge-type 
estimation of the LAD method for the SURE models. This article has also 
provided an opportunity to investigate the behavior of some biasing parameters 
for the SURE models, which were previously used by some researchers in a 
non-SURE context. 
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Preface 

With a prespecified model, if the model specification is not a problem at all, 
mostly the available data are not perfectly desirable for estimation problem. 
Undesirability arises from the conflict between God’s will (the data) and man’s 
will (model specification). Blanchard (1986) is quoted in Gujarati (2003) as 
saying that “Multicollinearity is God’s will, not a problem with OLS or 
statistical technique in general”. Also he quoted Achen (1982) as follows. 

“Beginning students of methodology occasionally worry that their 

independent variables are correlated– the so-called multicollinearity 
problem. But multicollinearity violates no regression assumptions. 
Unbiased, consistent estimates will occur, and their standard errors will 
be correctly estimated. The only effect of multicollinearity is to make it 
hard to get coefficient estimates with small standard errors. But having a 
small number of observations also has that effect, as does having 
independent variables with small variances. In fact, at a theoretical level, 
multicollinearity, few observations and small variances on the 
independent variables are essentially all the same problem. Thus, What 
should I do about multicollinearity? is a question like What should I do if 

I don’t have many observations? No statistical answers can be given”. 

In the theory of statistics, it is not desirable (or not allowed) to retouch God’s 
will, but it is necessary to adapt man’s will to suit God’s will. The problem 
progresses from undesirable to disputable when man’s will clashes with itself. 
Pro-least-squares and anti-least-squares modelers (if I don’t want to say 
scholars), for instance, may blame each other for dealing with problems which 
have actually arisen from God’s will. The applied statisticians can model the 
estimating problem differently based on the available data. Koenker (2005) 
remarks:  

“Why does least-squares estimation of the linear regression model so 
pervade applied statistics? What makes it such a successful tool? Three 
possible answers suggest themselves. One should not discount the 
obvious fact that the computational tractability of linear estimators is 
extremely appealing. Surely this was the initial impetus for their success. 
Second, if observational noise is normally distributed (i.e., Gaussian), 
least-squares methods are known to enjoy a certain optimality. But, as it 
was for Gauss himself, this answer often appears to be an ex post 
rationalization designed to replace the first response. More compelling is 
the relatively recent observation that least-squares methods provide a 
general approach to estimating conditional mean functions”. 

In applied statistics, problems with estimation are de jure and de facto due to 
model specification and data nature, respectively. The author is not among 
those who believe that man’s will should not be affected by God’s will. Gujarati 
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names them “the do-nothing scholars of thought”. The data nature is as much 
God’s will as the Great Flood once was. For applied statisticians, the nature of 
the data is not a problem in itself, but the estimation is the problem. On one 
hand, applied statisticians do not want— or they cannot, change the nature of 
the data (stop the flood from happening, for instance). On the other hand, “do 
nothing” (drowning in the flood) does not attract most of them. They try very 
hard to manage to survive from the estimating problem and come up with a 
solution (safely landing on the summit) through their specified model. The 
impeccable model specification is the one adapted to suit the data. 

In an estimation problem, it is usually the case that some assumptions are 
imposed on the specified model by its theoretical, mathematical-tractability or 
data-availability limitations. On one hand, the stricter the assumptions, the 
more sensitive the estimation usually is to any violation of the assumptions 
from the data. On the other hand, the stronger the level (scale) of measurement 
for which the estimator is permitted, the stricter the imposed assumptions on 
the specified model are likely to be. For instance, reliance on the median is 
more robust that on the mean. Robustness in the linear regression analysis is 
one axis of the dissertation and we look for violator data. Some data violate one 
of several assumptions and some beset the estimation by violating more than 
one assumption. More violator data causing multicollinear independent 
variables and non-Gaussian disturbances are emphatically dealt with in this 
thesis.  

For statisticians, an estimator possesses desirable properties (the most accurate 
estimator) if it is unbiased with the least variance. Or, more precisely, an 
estimator with less bias and smaller variance is more desirable (more accurate) 
among a set of estimators. In this thesis, the accuracy of an estimator for 
comparative purposes is measured by the Mean Squared Error (MSE) of the 
estimator. Accuracy is usually interpreted as the efficiency. Thus, the efficiency 
based on the MSE comprises another axis of the dissertation. 

The main research throughout the dissertation is presented in 5 articles. The 
articles are presented in the dissertation exactly as they are published or 
submitted for publication, with any further changes or comments outlined in 
the footnotes. 
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Introduction and Summary 

 

1.1) Introduction 

Most of the applied statistical methodology involves an assumption-based 
approach to modeling different phenomena. Apart from the logical pre-
assumptions, it is mainly based on probabilistic and mathematical assumptions. 
However, the extent to which each probabilistic and/or mathematical 
assumption is logical could be under debate among applied statisticians. When 
it comes to the probabilistic assumptions, the most popular are those 
assumptions that lead to mathematically and probabilistically tractable 
estimators. The easier the tractability of the estimator, the more popular the 
assumption is. Some of the most populistic assumptions in statistical 
methodology of regression analysis are those assumptions that try to model the 
phenomena in a way that the ground is well prepared for adopting the Ordinary 
Least Square (OLS) method of estimation. That is done mainly for the ease of 
mathematical and probabilistic tractability of the OLS estimator.  

A strong assumption in regression analysis, that can be used to demonstrate the 
excellence of the OLS estimator, is the sphericity of the error terms. With 
spherical error terms, Gauss-Markov theorem states that the OLS estimator is 
the Best Unbiased Linear Estimator (BLUE). All this is based on strong 
assumptions; the linearity of the estimator in terms of the dependent variable, 
the unbiasedness of the estimator and the minimum variance of the estimator. 
Furthermore, among spherical distributions, the Gaussian distribution of the 
error terms makes the OLS estimator a probabilistically tractable BLUE, which 
is of a great interest in hypothesis testing and interval estimation. However, 
error normality is an idealized assumption. 

The unbiasedness and the minimum variance together are strongly desirable 
statistical properties of estimators, since with these two properties the Mean 
Squared Error (MSE) of the estimator can be improved. That is the 
cheerfulness of the assumption of error sphericity for linear estimators and 
Gauss-Markov theorem.  Nonetheless, it is not the case to think that by using 
other biased and/or non-linear estimators, the MSE of the estimator cannot be 
improved at all. In fact, they can improve the MSE of the estimator even more. 

However, it is easier to keep track of the properties of the linear estimators. For 
instance, the probabilistic tractability and the robustness of the linear estimators 
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are much easier to be investigated than those of nonlinear estimators. 
Therefore, throughout this dissertation, the focus is on the multiple linear 
regression models. 

 Consider the classical multiple linear regression model 

i i iy  x β ,      (1.1) 

with the pairs ( , )i iy x  a sample of dependent–independent variable 

observations,  i  unobservable error terms, for 1, ,i n , and the unknown 

( 1) 1p   vector parameter β , including intercept. In addition, let us assume 

the classical mathematical and probabilistic assumptions which are necessary 
for the OLS estimation of the parameter in the model (1.1). It is well known 
that with the idealized assumption of error normality, the maximum likelihood 
estimator of β  is the OLS estimator, which in turn leads to the sample estimate 

of the conditional mean of the dependent variable Y  given x , i.e., 

( | )E Y x x b , where b  is the OLS estimator. 

A serious problem may arise when one or more of the assumptions necessary 
for the OLS estimation or the idealized error normality assumption are not 
convincingly suggested. In real life studies, it is quite common to face situations 
in which the available data cannot be framed to follow all the assumptions 
necessary for making the OLS estimate the idealized one. The question is 
whether to preserve the prespecified model and change the procedure for 
dealing with the data, by using proper transformations on the variables, or 
drawing up new model specifications.  

The transformation of the variables can also be considered as the change in the 
model, since the new model includes some new variables, but it also can be still 
seen as the mirror of the original model. Or at least, in many cases an estimate 
of the original model can be retrieved from the findings of the transformed 
model. The author means by different model specifications different statistical 
analysis procedures or different regression models, like generalized linear 
models, for instance. 

This dissertation expresses concern over the violation of the error normality 
assumption and the high multicollinearity of the independent variables, though 
none of them cause problems for the OLS estimation. The only problem is that 
the OLS estimator will lack the ideal assumptions necessary for being 
probabilistically tractable and precise. Another issue assumed throughout the 
dissertation is the nonrandomness of independent variables in a regression 
model, though in many areas of research both the dependent and independent 
variables are randomly collected. However, except for experimental designs, 
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building models upon the assumption of fixed independent variables is 
addressed just for the sake of the simplicity of the probabilistic tractability of 
the estimators.     

With abnormal errors, one way of dealing with the model (1.1) is to make other 
assumptions about the error terms, and to continue to find the maximum 
likelihood estimate of the model. With different distributions assumed for the 
error terms, a class of robust estimators is defined which is called in the 
literature (with the simplest and incomplete definition, the class of) M-
estimators (see Maronna, Martin & Yohai, 2006). The OLS estimator is of 
course also an M-estimator. 

A common way of dealing with the problem of multicollinearity is to shrink the 
estimator through a penalty term imposed on the objective function. The 
simplest shrinkage estimation method is the ordinary ridge regression method 
(see Hoerl & Kennard, 1970a,b). This section will briefly be followed by a 
discussion on a special M-estimator and the ridge-type estimator of the 
regression parameter, both used as robust estimators for the linear regression 
model (1.1).  

1.1.1) Median Regression  

It is well known that the maximum likelihood estimator of a location parameter 
when the sample is from a normal distribution is the OLS estimator of the 
parameter while it is the Least Absolute Deviation (LAD) estimator, when the 
distribution is Laplace (double exponential). Additionally, the OLS estimate of 
the location parameter leads us to the sample mean and the LAD estimate to 
the sample median. Both estimators are consistent and asymptotically unbiased 
estimators. Whatever the distribution, if it is symmetric and the mean exists 
then the mean and the median will coincide and their estimates will be quite 
close to each other. 

Similarly, for the linear regression model (1.1), the maximum likelihood 
estimator of the parameter is the OLS estimator if the independent identically 
distributed (iid) error terms are supposed to come from a normal distribution, 
while it is the LAD estimator if the distribution is Laplace. Therefore, the LAD 
estimator is an M-estimator, as well. The LAD estimation method of the model 
(1.1) is also called the median regression– a special case of the quantile 
regression at the 0.5 quantile (median) (see Bloomfield & Steiger, 1983).  

If the supposed error distribution is symmetric and the mean exists, the OLS 
and the LAD estimates of the model (1.1) will be quite close to each other. It is 
well known when the mean shifts from zero the OLS estimator of model (1.1) 
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is biased. Similarly, a nonzero median leads to a biased LAD estimator. With an 
intercept involved, for both estimators the slopes are unbiased but the bias of 
the intercept will be equal to the amount of location shift from zero. 

For many real data, the two estimates differ considerably from each other 
because of an amount of skewness in the error terms. If the maximum 
likelihood estimation is based on the normality assumption of the error terms, 
the residuals resulted from the OLS fit must, to a large extend, follow a normal 
distribution. The same argument holds for the LAD fit residuals and the 
Laplace distribution. However, any violation of the assumptions about the error 
distribution affects the OLS estimate more than the LAD estimate. 

The influence function of M-estimates, explained by Hampel et al. (1987), can 
be factorized into 2 parts; the influence of the residuals which is bounded, and 
the influence of the location of independent variables which is unbounded. For 
a linear model with random independent variables, the M-estimates are 
generally nonrobust, since they are sensitive to leverage observations and have a 
zero breakdown point. However, for models with fixed independent variables, 
the robustness of some other M-estimates, e.g., the LAD estimate, improves 
further, compared to the robustness of the OLS estimate. For those estimates, 
the influence of the residuals is bounded more than the influence of the OLS fit 
residuals. The following theorem (see Koenker, 2005) shows the robustness of 
quantile regression estimates to the outliers in the dependent variable.  

Theorem: Let D  be an n n  diagonal matrix with nonnegative elements and 

ˆˆ ( ; , )y X y X     be the residual vector of the th  quantile regression fit 

with ˆ( ; , )y X   the th  quantile regression estimate of the model (1.1), y  

the vector of observed dependent variable and X  the design matrix. Then,  

ˆ ˆ ˆ ˆ( ; , ) ( ; ( ; , ) , )y X X y X D X        . 

The above theorem indicates that the quantile regression estimate (including 
the LAD estimate) is not affected by any change in the values of the dependent 
variable for some observations as long as the relative positions of the 
observation points to the fitted hyperplane is maintained. Unlike the quantile 
regression estimates (with the LAD estimate as a special case) the OLS estimate 
is highly sensitive to any outliers in the residuals. 



Introduction and summary 

7 

1.1.2) Seemingly Unrelated Regression Equations 

Let us consider the multiple linear regression model (1.1) as being bogged down 

in autocorrelation and heteroscedasticity problems, i.e., ( ) nE   0  and 

2( ) nE    V I . Then, the OLS estimator is still unbiased but not the 

BLUE. An alternative to the OLS estimation method is Aitken’s Generalized 
Least Squares (GLS) estimation method. Roughly speaking, the idea behind the 
GLS estimation method is to conduct a proper transformation in order to get 

rid of the non-scalar error covariance matrix, i.e., to get 
2

n I , and to maintain 

the regression parameter as the same as it was in the original model. That 
proper transformation is done through multiplying both sides of the equation 
model (1.1) by the inverse of the square root of the error covariance matrix, i.e.,  

1 2 1 2 1 2Y X    V V β V .    (1.2) 

According to Gauss-Markov theorem, the OLS estimator of the transformation 
(1.2) is the BLUE. This property is the core argument behind Zellner’s GLS 
estimation of the Seemingly Unrelated Regression Equations (SURE) models.   

Let us consider a system of M  multiple linear regression equations, whose 
error terms are contemporaneously correlated and intertemporally independent. 
Such systems of equations are called Seemingly Unrelated Regression 
Equations (SURE) models by Zellner (1962) after his seminal paper on such 
models. The observation vector of the dependent variable with a block diagonal 
design of the SURE model is a pile of the observation vectors of the dependent 

variables of the M  multiple linear regressions. The error vector is also a pile of 
the error vectors of the individual regression equations.  

Individual regression equations are supposed to be free from heteroscedasticity 
and autocorrelation, but do not necessarily share the same scalar error 
covariance matrix. Therefore, stacking the error vector of the SURE model 
with the error vectors of the individual equations causes the problem of 
heteroscedasticity to appear. Additionally, the inter-equation correlation of the 
error terms causes the autocorrelation with the lag n , where n  is the sample 
size. Consequently, not the OLS estimator of the SURE model, but the GLS 
estimator will be the BLUE. We should notice that any positive definite matrix 
instead of the inverse of the square root of the error covariance matrix used for 
the GLS transformation gives a more efficient estimator than or at least as 
efficient as the OLS estimator. But only those positive definite matrices that 
make the transformed errors spherical result in the BLUE estimator.  

Here it may come to mind that the GLS estimator is the BLUE for a model 
that the SURE block diagonal structure caused problems for. The fact is that 
the OLS estimator of the SURE model is equivalent to the OLS estimator of 
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the individual regression equations. Therefore, even with the lack of correlation 
between inter-equation errors, since their covariance matrix is a diagonal 
positive definite matrix, the GLS estimation is always a never-lose procedure.  

The GLS estimation of the SURE model is not helpful when the design 
matrices of the individual regression equations are identical. With identical 
design matrix it is not meant the same independent variables in each individual 
equation but the same observations for the independent variables of each 
regression equation. In the literature, such SURE models are known as 
conventional multivariate regression models.   

1.1.3) Ridge Regression 

Ridge regression, proposed by Hoerl & Kennard (1970a,b), is the most 
common way of dealing with the problem of multicollinearity, when none of 
the highly multicollinear independent variables is to be removed from the 
model. A perfect multicollinearity is a severe mathematical problem for the 
OLS estimation and many other statistical methods and procedures. 
Throughout the dissertation references to the multicollinearity indicate less than 
perfect multicollinearity, unless clearly stated otherwise. 

Simply expressed, the problem of multicollinearity arises when we try to 
retrieve information more than what the data embody. If we look at the 
variation in the data as the information embodied by the data, with few 
information in one or more orthogonal directions the problem of 
multicollinearity appears. If available, by collecting more information the 
problem of multicollinearity is resolved. Otherwise, ridge regression adds some 
fictitious information to the data. Most of the research on the ridge regression 
has been on that fictitious information which is added to the sample. In 
ordinary ridge regression that information is represented in a single value called 
the biasing parameter. 

The amount of information in each orthogonal direction is the eigenvalue of 
the covariance matrix of the independent variables corresponding to an 
eigenvector of that matrix. The orthogonal direction is the direction of the 
eigenvector itself. Therefore, with little information in one or more orthogonal 
directions, one or more eigenvalues become very close to zero. If a matrix has 
some eigenvalues close to zero then the determinant will also be close to zero. 

The covariance matrix of the OLS estimator (and generally of the M-
estimators) relies on the reciprocal of the determinant of the covariance matrix 
of the independent variables. Therefore, multicollinear independent variables 
result in big variances of their estimated slopes. With its fictitious information, 
ridge regression improves the variances of the slopes through expanding the 
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determinant of the covariance matrix of the independent variables, i.e., 
changing it to a bigger positive number. But that fictitious information causes a 
bias in their estimates since the fictitious information is not real. The bias is in 
the form of shrinking the estimated parameter vector to a shorter vector in 
length. Therefore, the ridge estimation is a trade-off between bias and variance, 
in a way that gives a smaller MSE of the parameter estimator. 

There is no rule of thumb for the extent to which the multicollinearity should 
exist before it necessitates applying ridge regression. With perfect 
multicollinearity, any biasing parameter improves the MSE of the estimator. 
With a perfect orthogonality of the independent variables, i.e., zero 
multicollinearity, the MSE of the ridge estimator is always bigger than the MSE 
of the OLS estimator. Ridge regression can improve the MSE of the parameter 
estimator, even if the multicollinearity is not severe. However, with low 
multicollinearity, there is no need of adopting ridge regression. In fact, there is 
even no specific rule for deciding to which extent the multicollinearity is low or 
high. 

1.2) Summary of the Included Articles 

In this section, the problems that are investigated in the dissertation along with 
the suggested solutions to them are briefly discussed. The discussion is 
arranged in 5 different articles proposing new statistical methodologies.  

1.2.1) Article I: 

In “On the Median Regression for SURE Models with Applications to 3-Generation 
Immigrants Data in Sweden”, a LAD estimation method is proposed for 
estimating the SURE models in the presence of skewed errors (see Shukur & 
Zeebari, 2011). The same transformation used for the GLS estimation of the 
SURE models is exploited in developing the LAD estimation method called the 
Generalized Least Absolute Deviations (GLAD) estimation method. More 
precisely, instead of the OLS estimate, the LAD estimate of the transformed 
SURE model is calculated. 

Some properties of the new estimator are investigated. For instance, with no 
correlation between equations, the GLAD estimator is equivalent to the LAD 
estimators of the individual regression equations. Additionally, the LAD 
estimator of the SURE model is again equivalent to the LAD estimators of the 
individual regression equations. However, with identical design matrices of 
individual regressions, the GLAD estimator is not equivalent to the LAD 
estimators of individual regression equations.  



Jönköping International Business Schiool 

10 

A simulation study shows the efficiency of the GLAD estimator over the LAD 
estimators of the individual regression equations, in the presence of inter-
equation error correlations. The higher the level of those correlations, the more 
efficient the GLAD estimator than the LAD estimators is likely to be. Also, it is 
found that the GLAD estimator has smaller total variance and generalized 
variance, in the presence of skewed intra-equation errors. The more the errors 
depart from the normality, the bigger the gap between the total and generalized 
variances of the GLAD estimator and the GLS estimator is, in favor of smaller 
variances of the GLAD estimator.  

Additionally, the GLAD estimation method is used for some real data and the 
results of the estimation are compared with the results of the GLS method and 
the LAD method of individual equations.   

1.2.2) Article II: 

In “Median Regression for SUR Models with the Same Explanatory Variables in Each 
Equation”, the GLAD estimation method is suggested when the SURE model 
has identical design matrix in each of its equations (see Shukur & Zeebari, 
2012). In such cases, the GLS estimation collapses to the OLS estimation of 
individual regression equations, meaning that the information embedded in the 
inter-equation error correlation is abandoned. This means that, in conventional 
multivariate regression analysis, if the error covariance matrix is not diagonal, 
with the GLAD estimation method, we can still exploit the error covariance 
matrix in gaining efficiency.  

Contrary to the GLS estimator which becomes the OLS estimators of the 
individual equations, it has been mathematically proved that the GLAD 
estimator is not equivalent to the LAD estimators of individual equations.  

A simulation study shows the smaller total variance and generalized variance of 
the GLAD estimator compared to those of the OLS estimator in the presence 
of inter-equation error correlations and intra-equation error skewness.  

A previously used example in the literature is taken again to show the 
applicability of the GLAD estimation method to conventional multivariate 
regression models. The GLAD estimates are compared with the OLS and the 
LAD estimates. It has been shown that the GLAD estimates have lower 
variances compared to their OLS and LAD matches.     
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1.2.3) Article III: 

In “Developing Ridge Estimation Method for Median Regression”, the problem of 

multicollinearity in the median regression is targeted (see Zeebari, 2012a). After 

adding a fictitious portion to the data, as it is done through the ridge-type 

estimation method, the LAD estimation is used instead of the OLS estimation. 

The new LAD estimator after adding the fictitious data is called the LAD ridge 

estimator.  Some properties of the LAD ridge estimator, such as asymptotic 

normality, are investigated. 

A simulation study shows the relative efficiency of the LAD ridge estimator to 

the LAD estimator at the presence of multicollinearity. The higher the 

multicollinearity, the more the relative efficiency of the LAD ridge estimator to 

the LAD estimator is. Furthermore, the MSE of the LAD ridge estimator is 

shown to be much smaller than the MSE of the OLS ridge estimator when the 

errors are skewed. For any increase in the error skewness, the gap between the 

two MSEs increases in the favor of the LAD ridge estimator.  

An empirical example used in the literature is taken to show the relative 

efficiency of the LAD ridge estimator over the LAD estimator and the more 

robustness of the LAD ridge estimator compared to the OLS ridge estimator. 

1.2.4) Article IV: 

In “A Simulation Study on the Least Absolute Deviations Method for Ridge Regression”, 

some 17 biasing parameters previously used in the literature for ridge regression 

are investigated for the LAD ridge method (see Zeebari, 2012b). Furthermore, 

the LAD version of each of those biasing parameters based on the LAD fit of 

regression model is developed. In a simulation study, those 17 biasing 

parameters along their proposed LAD versions are used for both the LAD 

ridge and the OLS ridge estimation. 

With each combination of different sample sizes, levels of multicollinearity, 

levels of error skewness and number of independent variables in the regression 

model imposed on the simulated data, an optimum value for the biasing 

parameter is detected for each of the LAD ridge and the OLS ridge methods. 

By the optimum value of the biasing parameter, it is meant a positive value that 

gives the minimum MSE of the estimator. Each calculated biasing parameter is 

considered as an estimate for the optimum biasing parameter. By processing in 
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this manner, an MSE for each biasing parameter is calculated. Along with the 

MSE of each biasing parameter, the MSEs of the LAD ridge estimator and the 

OLS ridge estimator using those biasing parameters are calculated.  

The same empirical example of Article III is taken to compute the LAD and 

the OLS versions of the biasing parameters. Then, with each calculated biasing 

parameter, the LAD ridge and the OLS ridge estimates are calculated, as well.  

1.2.5) Article V: 

In “On the Least Absolute Deviations Method for Ridge Estimation of SURE Models”, 

the LAD ridge estimation method proposed in Article III is used for estimation 

of the SURE model after the same transformation of the GLAD and the GLS 

estimation is performed (see Zeebari & Shukur, 2012). With the new 

methodology, the two problems of intra-equation multicollinearity and error 

skewness in the SURE context are targeted together. 

In a Monte Carlo simulation study, the same 17 biasing parameters investigated 

in Article IV were used for the LAD ridge estimation and the Least Squares 

(LS) ridge estimation of the SURE model. Some of the biasing parameters were 

not previously used in the SURE context. Based on the simulation results, with 

many of those biasing parameters, the LAD ridge estimator is more efficient 

than the GLAD estimator, in the presence of multicollinearity. The same 

argument holds for the LS ridge estimator and the GLS estimator of the SURE 

model.  

The ridge estimation is more beneficial to the LS context. This fact can be 

detected by comparing the smaller MSE of the LS ridge estimator with the 

MSE of the LAD ridge estimator. A reason that suggests itself may be the fact 

that the LAD estimation is more robust compared to the LS estimation. 

Therefore, the ridge-type estimation improves the LS estimation more than the 

LAD estimation. However, with an increase in the level of skewness of the 

intra-equation errors, the MSE of the LAD ridge estimator decreases while the 

MSE of the LS ridge estimator increases. This lets the gap between the two 

MSEs vanish or even makes the MSE of the LAD ridge estimator smaller when 

the level of error skewness gets much higher. 
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