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ABSTRACT

The objective of this study is to introduce estimation method of a
joined point in Tobit-piecewise regressionimedel which is first constructed in
Mekbunditkul (2010). The factored likelihood method applied on TP model
makes possible parameter estimation such as TP estimator which retains good
properties of a MLE, egamconsistency and beSt asymptotically normal
(B.A.N). There are two interested\foundationsgin this research, introduced to
estimate the unknown,joined point in Tobit-piecewise model in the case that
observed data contain: outliers. Those estimators are obtained under the
maximumf likeltheodymethady, for example Quandt’s method and under the
nonlinear least square method; " namely Levenberg-Marquardt method. The
numericahanalysis and simulation study are provided to compare the potential
applicability. of eachdestimator considered in terms of the average sum of
squares of residual (ASSR) and relative efficiency (RE). It is found that Tobit-
piecewise regression model with the joined point estimated by nonlinear LS
method yields non-significant smaller ASSR than by ML method in every
situation. In addition, for this particular case, Tobit-piecewise estimator is the

best among all four different estimators.
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CHAPTER 1

INTRODUCTION

1.1 Background

A statistical analysis used for analyzing and indicating the relationship
between a dependent/response and independent/predictor variables is called
regression analysis. It is now presentable a changenon one of the variables in
correspondence with a change in the @ther. In addition, the regression model can
estimate or predict the value of response wariable when knowing the value of

predictor variables. A linear orgtraightiline relationship.€an be written as follow:

Y2X0+ ¢, (1.1)

where Y is@n nx1 vector of\dependent/response variable, X isan n x(k+l) matrix

of independent/predictor variables, 6 is a (k+1)x1 vector of unknown parameters, ¢
is an nx1 vector of errorsdvnere it element, ¢, is independent identically distributed

as normal with zero mean and constant variance. It is also assumed that matrix X is

of full rank, i.e., rank(X) is p = k+1 and it is less than the sample size n. If ¢ are

NID (0,571, ), then the least square (LS) estimator of © is the same as the maximum

likelihood (ML) estimator and it is éz(x’x)_l(X'Y). In addition, under Gauss-

Markov assumptions, LS method yields the best linear unbiased estimator (BLUE) of
0.

Whenever the assumptions are violated, e.g. non-normality, heteroscedasticity
(variances of the errors are not constant), and non-linearity, the LS estimator would
not be preferable. Another important problem is that the observed data contain

outliers. These outliers may have a large effect on the estimated value,



Heteroscedasticity problem in regression analysis might be caused by outliers in

y —direction and/or x—direction (Rousseeuw and Leroy, 1987: 3-59). Hence, a

better way to estimate the parameters 6 in the regression model (1.1) are needed.

1.2 Statement of the Problem

The least square method is a mathematical way to make the “magnitude” of

random errors as small as possible. Magnitude of errors are measured as the square of
nterms of e, =y, —>~<i§ and add them up. Then the @ minimizing the resulting sum of

squared errors is called LS estimator. LS appreach, a traditional approach to
regression analysis, attains the BLUEgestimator whentGuass-Markov assumptions
hold. In practice, it often found that the normal distribution might not be in line with
the assumption caused by somedbservations being,quitedar from the bulk of the data.
These observations are called outlierss These are data points not typically located
close to the usual data (Montgomeryfand Peck, 1982:70). The outliers in this research
are considered in the sense,of regression outliers. They are the observed data that are
distinct from the linear relationship representing most of the data and they can draw a
regression Imenaway from the usual data. Nevertheless, they exclude unusual
incidents. It is often found 4n practice that outliers can have a large distorting

influence on LS estimatey for example as shown in figure 1.1.
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Figure 1.1 LSE fitting with Shock data
Source of Data: MaronnajMartin and4Yohai, 2006: 87-88.

To cope avith™ the“existent“preblem of outliers, some may fix the model by
deleting (weighted by zero) the\outliers but this method can be dangerous as it can
give the user a false sense of/precision in estimation and prediction. Another two
ideas with the different benefit first considered in Mekbunditkul’s earlier research
(Mekbunditkul, 2010) can be concluded as following: First, Tobit regression is a tool
used to investigate the linear relationship when the dependent variable in a regression
model is limited. This concept is taken into account for this study in the sense that
putting limited value at some desired variable can reduce effect value of outliers in y-
and xy-directions. However, the existence of other types of outliers has not been
manipulated. Second, piecewise regression is a regression analysis properly applied
when structural change in regression occurs. Hence, in this regression analysis,
outliers in x- and xy-directions are taken into account. However, piecewise is rather
not suitable for data consisting of outliers in y-directions.

Another approach, termed TP (abbreviated from Tobit-piecewise)
regression, employs a fitting criterion to unusual data that is not as contained as LS.
An alternative approach, in addition, is used to reduce or down-weigh value of



outliers. This research applied Tobit and piecewise regression to TP regression model
(Mekbunditkul, 2010). She constructed the TP regression model by the combination
of the Tobit and piecewise regression models. Moreover, there was first found the
evidence that the Tobit model (Tobin, 1958, Rosett, 1975 and Joreskog, 2002),
limited by some desired variables could reduce the effect of outliers in some
situations in the study of Mekbunditkul. Nevertheless, censoring the data set with one
value of either lower or upper limit might not be suitable, thus we need to filter
outliers with more than one limiting value. It is dependent on the structure of the
whole data. According to the piecewise regression model (Quandt, 1958: 874,
Hudson, 1966: 1097-1129, Goldfeld, Kelejian andyQuandt, 1971, Suits, Mason and
Chan 1978: 132-133), for instance, one data set is fit with two regression regimes
when a single regression is inadequatgsythe structural“ehange is then taken into
account as they should be. Thisgstructural 'ehange in the meaning of regression
analysis is a change in one or'more of the parametersfin a regression model (Poon,
et.al. 2008).

Moreover, according t@ thefevidence in simulation results of Mekbunditkul’s
dissertation, we 4found-thats TP “regression model can reduce the effect value of
outliers andgean utilize the data with structural change more effectively than
piecewise, Tobityand LS. Newvertheless, there was not any study regarding an
estimation of joined point i TP regression model. Therefore, in this research, the
matter is studied. Considering figure 1.1, three obvious outlier data affect the LS
regression drawn away from the bulk of the data. This means that the LS regression
might not be preferable for the particular case. Whilst these data are analyzed by both
Tobit and piecewise regression models, they yield better results than LS regression.
Moreover, we can see that TP regression model yields the best among all four
different regression models. Therefore, instead of using LS, Tobit or piecewise, we
use TP regression model to fit the data consisting of outliers in the sense that TP

regression model can reduce the effect of outliers better than Tobit and piecewise.
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Figure 1.2 Four different regression‘models fitting with Shock data
Source of Data: Maronna, Martin and Yohai, 2006:°87-88.

Figure 1.2, ingthis,particular case, shows that TP regression model seemingly
results better than any other, Bherefare, TP regression model is an alternative robust
method for those situations where outliers exist. Such “belief” is strongly supported
by the data set in‘the figure above. Nevertheless, there has been little to none literature
that describes the estimation method for the joined point in TP regression model. As a

result, this point is now first being focused throughout the research.

1.3 Objectives of the Study

To summarize, objectives of the study are as followed:

1) To estimate the joined point in TP regression model.

2) To apply the TP regression model with the real data, for example, socio-
economic survey data. This research on the joined point in TP regression model can
be estimated by two approaches such as ML based, Quandt’s method, and LS based,
Levenberg-Marquardt method,



3) To compare two estimation methods of joined point such as ML based and
nonlinear LS based. The comparison will be done by both simulation and empirical

data analysis.

1.4 Scope of the Study

The TP regression model achieved from the combination of two principal
ideas, namely 1) Tobit regression, and 2) piecewise regression. Two estimation
methods for the joined point in TP regression model are compared by means of the
average sum of square residual (ASSR).

This study is restricted by the following statements:

1. The regression model (1.1)

2. ¢ is normally distributed.with the zero mean vegtor and covariance matrix

>, where ¥ is a diagonal matfix'whichis\positive definite

3. The estimators of regressionoefficients in TP regression model are derived
by using maximum likelihood estimation (Mekbunditkul, 2010)

4. Two estimation methods for, the joined point in TP regression model can be
compared thé performance by ASSRYof regression model. Performances of four
different estimators are compared by using the Monte-Carlo simulation. Moreover,
these method will alse, applied to the survey data from the socio-economic survey in
Thailand. The four different estimators are LS, Tobit, piecewise and TP.

5. ASSR of regression model is defined as follow.

2
/l 2 .
ASSRj=[dj+ Edj+2f1] , j=a,b,

_ (\:(jl - I:jl)' (\:(jl - I:jl) ) (sz ~Yi2 ), (sz —\:(jz)
nj2 nj2

(Mekbunditkul, 2010).



CHAPTER 2

THEORY

2.1 Outliers

According to Barnett, V. et al.(1994) (access by http://en.wikipedia.org), an
outlier in the sense of statistics is an observation that is numerically distant from the
rest of the data. They can occur by chance in any distribution, but they are often
indicative either of measurement error or that“the, population has a heavy-tailed
distribution. In the former case one wishes to discard them or use statistics that are
robust to outliers, while in the latter case they indicate thatithe distribution has high
kurtosis and that one should be verweautious in using tool/or intuitions that assume a
normal distribution. Outliersg¢being the most extremerobservations, will include the
sample maximum or sarmiple, minimum, or both, depending on whether they are
extremely high or low. Howewverfthe sample maximum and minimum need not be
outliers if they aré mot unusually far from other observations. This definition is similar
to others suehas Montgomery, et al:'®(1982), Moore, et al.(1999), Monhor, D. et
al.(2005) and Walfish, S. (2005), etc.

Outliers in thisyresearch are considered in the sense of regression outliers.
They are the observed data that are distinct from the linear relationship representing
most of the data and they can draw a regression line away from the usual data.
Nevertheless, they exclude unusual incidents of outliers. Moreover, types of
regression outliers (Rousseeuw and Zomeren, 1990: 633) studied in this research are

as below:
1) y-direction outliers

These are points that are outliers only because they are extreme y-
coordinates. The extent to which such outliers will affect the parameter is estimated
depending on both their x-coordinate and the general configuration of other points.
Thus, those points could also be a regression outliers or residual outliers.



2) x-direction outliers

These are points that deviate only with regard to the x-coordinates. Such
points can cause some regression estimates to perform poorly. The x-direction outliers

could also be regression or residual outliers.
3) xy-direction outliers

These are points outlying in both x- and y- coordinates. It may be a

regression outliers or residual outliers (Ryan, 1997: 350).

Classical estimate such as the sample mean, variance, covariance and
correlation, or the LS fit of a regression model, can*ewery adversely influenced by
outliers, even by a single one, and oftényfail to provide“good fits to the bulk of the
data. An alternative approach such_as robustyapproach has been introduced to cope
with outliers’ problem in ordegto provideia good fit,forthe bulk of the data containing
outliers, as well as when the data are free of them. Nevertheless, robust approach is

quite complicate.

2.2 LS Regression

The second topic togbe studied is the regression analysis which is well
concluded by Ampantheng (2009: 10-12). Accordingly, regression analysis is a
statistical tool for modeling and analyzing several variables which underlie vital
assumptions. To estimate the unknown parameters in a regression model is among the
most significant objectives of regression analysis. This process is also called “fitting

the data to the model”. According to Gauss-Markov theorem, the maximum

likelihood estimate of ©=(o,B;,B,,...8) turns out to be the BLUE of . One
usually tries to estimate the unknown parameters in a regression model from a data set

by the LS method to obtain § = (X'X)_l(X’Y). When the method is applied to acquire

the estimates éj of0;, for j=1, 2,... , k, those so found are called LS estimates of the

regression coefficients. The fitted regression equation concluded from the data set is

¥, = &+ Xpgy + XioBy + .+ X By fOri=1, 2, ..., n,



This equation is regarded as the estimate of the regression model Y =x;0,
where X; = (X3, Xz, X ), iI=1, 2, ..., n. The residual r; is defined as the difference
between the observed value y;and the fitted value y;, i.e. r, =y; — ;. The method of

obtaining the LS of éj , for each j=1, 2,..., p is the most popular estimate method. The

LS estimator that minimizes the sum of squared residuals, i.e. ﬁl, [32, f&k will have
n n 2
Min > r?=Min> (y;—¥;)". Nevertheless, LS estimator is not suitable when the
L) 9 i

distribution of their residuals is not normal. In some case, when data have a heavy tail
in any direction due to the presence of outliers, LSimethod of estimate might not be
preferable. While in other cases, data may have only a'small fraction of outliers, but
LS estimate is still not suitable for further analysis. A small fraction of outliers may

have a large effect on the LS estirhator.

2.3 Two-Limit Tobit Model

The tweslimit Tobittmedel (Tokin, 1958) is the simplest model for censored
data. Here,“we stimulate the \discussion using an example based on Tobin’s
application of the model. Let/a dependent variable be the monthly expenditure on
luxury goods of eachhyhouSehold and let an independent variable or explanatory
variable be such as the"monthly income for the corresponding the household’s

monthly expenditure. The parameters vector 6, which contains the set of population

regression parameters related to the variables, need to be estimated. In this example,

link variable or Yi* might be the capacity of households to spend their income on

luxury goods, but this is only realized as actual expenditure, Y; , if that expenditure
exceeds zero. Thus, even if many observations might have value to be zero on the
Y; , they can be considered as having changing values on the link variable Yi*. The
two-limit Tobit model (Tobin, 1958: 26 , Rosett, 1975: 141 and Joreskog, 2002: 13)

can be written as the dependent variable Y; satisfies
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*

L .Y, <L
Y, ={Y! L L<Y; <U (2.1)
U .Y, 2U,

where Yi*, for 1=1,2,...,n, is the link function generated by the linear regression

model
Yi = o+ ByXy A ByXi + &,

where X;,X5,...,X) are regressors, and ¢g; ’s are the @sror terms having independent
normal distributions with zero mean andjeonstant variance (ai ~ i.i.d.N(O,GZ)) and

are independent of x;. L and dJin‘the, model(2.1) aredan lower and upper limits,

respectively.
The probability density function (p.d.f.) of Y for given values of each L and U

is determined by fY(Yi)=q)[L_>Sin if Yi=L;, fy( ) :—4)[ i x6] if
Gj

Oj
* _ Ui —xi0 | -
Yi=Yi, and fy())= 1-® == if Yj=U;. Where ® and ¢ are the
1

cumulative distribution“function (c.d.f.) and the p.d.f. of a standard normal
distribution, respectively. From the p.d.f. of Y, we then get the log-likelihood function
and by the ML fashion, the Tobit estimator was constructed. Actually, LS fashion
might be inappropriate in the case that the dependent variable is limited by some
desired variable. As the mention of Greene (1981: 505-513) who described that the
LS estimator of parameter vector in Tobit model is the bias and also the asymptotic
bias of the regression coefficients, this means that the LS based for the limited

dependent variable case is inconsistent.
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2.4 Piecewise Regression Model

In this research, the structural change in the regression model is taken into
account, thus the piecewise regression model (Quandt, 1958: 874, Hudson, 1966:
1097-1129, Goldfeld, Kelejian and Quandt, 1971, Suits, Mason and Chan 1978: 132-
133) is considered. Quandt first introduced that economic variables may sometimes be
fitted by linear relations with the property that the parameters of the relationship are
subject to discontinuous changes. For example, consider the consumption

functionY = aX+p. Aggregate consumption depends upon the level of aggregated

income. In addition, it may be hypothesized that“eonsumption depends non-linearly
on other factors such as the state of expectations“c€oncerning the future of the
economy, the volume of installment buying, the level of the interest rate, etc. These
other variables may have the effectnof altering the parameters of the consumption
function in the following fashion: when the critical'@utside variable i satisfies i < i*

then Y = oy X+, and when, i > i%fthen Y = a,X+B,, where i* is the critical

level of the outside vakiable in“question. In general, one may not be able to identify
the critical outside variablesand one“may not be able to state at what time the system

Y = aX+f changes from one regime to the other. In the paper of Quandt, there was

indicated an estimating procedure for the switching point under the conditions when it
is known that the time jp€riod under consideration contains a single switching.
Parameters in the piecewiSe regression model were estimated by the ML method.
Subsequently, Hudson (1966: 1097-1129) discussed a similar estimate
problem in which the two regression regimes are required to be intersected, see
example on figure 2.1. Parameters estimate based on the LS method and the models

were assumed to be joined at the value X .
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(b) Model (2.14b).

Figure 2.1 Two possible types of the Piecewise Regression Model
Source: Tishler and Zang, 1981: 117.
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Two regression regimes joined at point v (Hudson, 1966) can be represented

by
v {a1+B1Xi +&j ; Xj <V 2.2)
(12+[32Xi+8i ; Xj >V
where Y; is a dependent variable, x; is a corresponding independent variable, and

error terms, ¢;’s are assumed to be normally and independently distributed with mean

2

zero and variance c“ and are independent of the independent variable. In addition,

the model (2.2) is subject to oy +pv =09 +Bov n be written as

0 + BX; + €
= 1 Bl i i (2.3)
o +ByXj +(B2 =By
Suits et al. (1978: 132-138) extended .3) SO that it can be written in the
multiple regression model d y variable, D;, consisting of two independent
variables as follg
Y= a ‘ (24)

where X; =(xj—v)D
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2.5 Methods for Finding the Minimum of the Sum of Squares

This research is related to solve nonlinear least square problem.
Therefore, there are three methods introduced to find the minimum of sum of
squares for that problem. Nonlinear least square problems occur for instance in
nonlinear regression namely piecewise and TP regression as considered in this

study.
2.5.1 Gauss-Newton Method
The Gauss-Newton approximation (Seber and Wild, 1988: 25) is

described as the followings. Suppose Q(a) IS an@pproximation to the LS estimator é

of a nonlinear model. By the Taylor’s expansion, we will,get

f(x:0) = ;o2 jmeld) (0%0l)). (25)

(2)

=
=
@D
-
@D
T
QD
~
o
L
—_——
X
D

Se———

. It canibefapplied to the residual vector, r(X;0), as

From the equation S(9)=_(Y; —f(x;;0)) ., we will get
i1

-t st ) )

+(Q—Q(a))' F(a), F(a) (Q—Q(a)) (2.6)

Thus, we can conclude that the right hand side of the approximation (2.6) is

minimized with respect to 6 when
U _1 U
0o :(F(a) F(a)} @) r(X;Qm))

_5@). 2.7)
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This equation gives the approximation of Q(a) then we can say that the next

approximation is followed by

o(2+1) _g(@) 4 §@). 2.8)

The equations (2.7) and (2.8) determine the updating result and the @ can be attained
by the equation (2.8). In addition, Seber and Wild (1988) mentioned that the Gauss-

Newton algorithm is convergent.

2.5.2 Steepest Descent Method
The steepest descentsmethod s also known as the gradient descent. It is
based on the gradient of ¢'c . 4Seber and Wild (1988%594) described the theory of this

method as the followings:“The steepest descent method is one of iterative processes

where an initial guess Q(l) is furmished, from which the algorithm sequentially moves

in %P of poinis 9(2) 9(3),... which“are aimed to converge to a local minimum (:3

Practically usefulyis this algorithm method to make sure that h(@), a real-valued
function of p parametersyvector 0 = (61,62,...,6p)’ , is reduced at each iteration so that

h((j(a+1))<h(@(a)). In this research the function h(8) is defined as

2
n
8(0)=2_(Yi—f(xi:9)) -
i=1
The approximation of the (a+1)™ iterative is the same as (2.8) nevertheless the
updating §<a), the computation of the a™ step, is differently defined as

5(8) = p(@)g(a) (2.9)
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where the vector g(a) is called the direction of the step and p(a) is the step length.

Frequently p(a) is selected to approximately minimize S(Q) along the line

Q(a) +p§(a), this process known as a line search. If the p(a) Is the exact minimum at
each iteration, then the algorithm is said to have exact line searches; otherwise, it
employs approximate line searches. Whenever there exists the convergent of S(Q) to
the local minimum, this means that the exact line searches are not manipulated and

S(Q) is sufficiently reduced at each iteration (Gill, 1991: 100). A descent direction

d® can be determined by

as(g(a) i pg)
g@d - 1 <0 (2.10)
= ~ ap
p=0
By the Taylor expansion, we get
S(Q(a) ; pg) ~ s( Q(a))+ pgl®kg + O(pz). 2.11)

Thus, when the appreximation (2.11) attains, the decrease in function S(Q(a)) can be

obtained by the small ‘epough step pin the directiond. The important theorem is

stated in order to know “how descent directions can be calculated?” as followed.

Theorem 1 A direction d is a descent direction at parameters vector 0 if and only if

there exists a positive definite matrix R such that
d=-Rg.

Proof . It is available on Nonlinear Regression (Seber and Wild, 1988: 595).

Therefore from equations (2.8) and (2.9), we can state that

_o@) _p(a)R(a)g(a)_ (2.12)
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Where the choice of Ris R =1, the descent direction becomes to d = —g(a) and this

is called the steepest descent direction. However, the direction of steepest descent

depends entirely upon the scaling of 0.

2.5.3 Levenberg-Marquardt Method (Seber and Wild, 1988)

This method is a compromise between the Gauss-Newton and steepest

descent methods. As d — 0, the direction approaches Gauss-Newton. As d — «o, the

direction approaches steepest descent. Levenberg-Marquardt method is equivalent to
performing a series of ridge regressions and is useful when the parameter estimates
are highly correlated or the objective function is<net well approximated by a

quadratic.

Let a model be fitted tntothe datathere isdikely the function f (gi ; Q*)
as expressed in the model Yj =f (gi;(j*)+si , The problem is to compute the estimates

of parameters which will \minimize S(Q):H\N/—f(gi;g)uz. By utilizing ideas of

Levenberg together with Marquardt (1963), thus the Levenberg-Marquardt algorithm
adaptively varies the parameter updates between the gradient descent and Gauss-
Newton update (Seberand Wild, 1988)

’ _1 ’
5@ =_(,4a> @) +n<a)D<a>j @) r(x;Q<a>), (2.13)

where D(a) is a diagonal matrix with positive diagonal element frequently defined to
be the same as F®) F?) and n(®) is the a step direction. When D(®) is I, and
n(a) — 0, the direction approaches Guass-Newton. Whereas, n(a) — oo, the direction

approaches steepest descent. In the case that n(®) >0 then F&) F&) 1 n(®)p@) s

positive definite, as D(a) is positive definite. Thus the updating function §(a) as in

(2.13) and by the Theorem 1, is a descent direction. And in the case that
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n(a) — o then §(a) tend to zero. Therefore if we select very large n(a) then we can

so fast reduce the function S(9) =Y —f ()Si;Q)HZ' Nevertheless, for many iterations

n(a) which are too large, the algorithm adapt with little progress.

Marquardt’s finding indicates that the average angle between Gauss-
Newton and steepest descent directions is about 90 degree. A choice of initial value of

the direction n(o) for this research is n(o) =102 used to start and compute the

updating vector §(a). If S(Q(a)+§(a))<s((§(a)), then n becomes % for the next

iteration. Otherwise S(Q(a) +§(a)) >S(Q(a)) , then 1 1§ 20n for the next iteration.kk

2.6 TP Regression Model

There was first interested the combination of two principal ideas, i.e. Tobit
and piecewise regression, Where each, has a different benefit as described before. And
there were not'any literatures which applied these two ideas to cope with the outliers
problem untilfMekbunditkul (2010) first introduced the TP (abbreviated from Tobit-
piecewise) regression, as thedderivation of the TP regression model and the log-

likelihood function of ‘@ deseribed below:

According to the two-limit Tobit model (2.1) and by assuming that there exists
the structural change in regression parameter, the piecewise multiple linear regression
(Quandt, 1958: 874, Hudson, 1966: 1097-1129, Goldfeld and Quandt, 1971, Suits et

al. 1978: 132-133) is utilized. The link function as mentioned in the model (2.1), Yi*

can be broken into two regression regimes as

(2.14)

* _{Ot1+l311Xi1+B12Xi2 +o+HBuXik tei 5 if v <,
oty +Bo1Xip +Bo2Xip +.+PokXik te 5 if v >,

:th

where Y, is a dependent variable, Xijj represents the i observation of the j

independent variable, for j=1, ...,k and i=1, ..., n. In addition, v; =X%;3 (Quandt,
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1972: 307), where x; is the row vector with k variables of the i observation and 9 is
a k-dim vector of unknown parameters. The errors ¢;’s are N(O,ciz). Suppose

X0 =(Xog,---Xok ) is @ vector of regressors at a joined point, i.e., Xo9 =v, then, from

k k k
model (25), Otl—l-ZBleOj =02 +ZB2J'XOJ' , i.e., 0o = 0(1—2([32] _Blj)XOj'
=1 =1 =1
For vu; > v,
. k k k
Yi :al+ZBleij+Z(BZj‘B1j)Xij_ Xoj+ &
==t i

(2.15)
L; CY <L
Y, =Y S Li<Y; <U;
U, .Y 22U,
where Yi = OLl+ZB1inj +ZszXijDi +B3Di +&j. In addition, this model can be
=1 =1

written in the matrix form as

Y=X0+g, (2.16)
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where

Y=[L!

L

1o 17
12 UB]nxl’

'
1

=|:L11 L21 Lnll: Y12 Y22 Yn22: U13 U23 Un33:|,

Y, =Y, and Qz(ocl,ﬁll, coor Bis Bags oo sz,[?;;) and X is defined as in the

equation (2.9). Moreover, the limits L and U are defined by

La
Lim = (2.17)
Lb
The vector Y* can be described as below nerality (WLOG), all of
the observed data Y;’s a ich Y; corresponds, for
i=1, ..., n are rearranged. F servation vector Y* consists of three parts. One
of them is obseryvg i 3 smaller than the lower limit L. The second
comprises of limit (L,U) and the third indicates values
greater than 0 be specific, suppose that the observation in each
partare ny, n,
Y* :|: *! i * i ! :|’ ’
Y 1t 18y
=[Y11 Y21 Y1t Y12 Y22 Yn,2 + Y13 Y23 Yn33J

51010
= 0 z 0|, where Zm= diag(clm...cnmm) and
0! 0 i3,
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2 .
oy If vy, <V, )
Gizmz a m ,m=1,23;i=1 .., np,.

ctz) if Vi, >V

St 010
Therefore, the inverse matrix of £ is =2=| 0 331! 0
0: 0 ix3t
. . . 1 . 1 1
Since Z,,, are diagonal matrices, so X, = diag ,Wherem=1, 2, 3.
Snpm

.- . 2
In addition, it is assumed that &, ~ N(O,cim).

The matrix of X indepen

Y=L Y5 Us] s

1 Xq11

(2.9)

- nx(2k+2)
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1 ;vim>v,

where xﬁm = XijmDim+ Xim =Dijm and Djn ={ where m=1, 2, 3;

0 ;Vjm <v,
=1, ..., k;i=1, ..., nn, and k is the number of regressor variables. Note that 2k+2 is

less than n.

2.7 TP Estimator

The log-likelihood function of 6 in TP regression model was derived by

Mekbunditkul (2011) via the p.d.f. of Y;,, the im™ element of vector Y . The p.d.f.

of &j, is assumed to be normal with zero mean an variance and it is independent

from each other. When given the values ; ; ri=1 ..

m=1, 2 and 3, the p.d.f. of Y w, i the followings.

Part 1. For Yj =L;

inl

=P(xyf%ex < Ly),

_p (i < M]
Gi1 Gi1

q)(l—il_)filg}
Gij1

Part 2. For Ljp <Yjo <Ujp, where i=1 .., ny:

P(Li2 <Yj, < Uiz) = P(Liz <Xi20+&iz SY?z):
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Gi2 Gi2 Gi2

:Q(MJ_ q)[l—iZ —Z(izQJ_
Gi2 Gi2

Hence, fY_2 (yi2)= 1 ¢(Yi2—>~<i29J: 1 ¢[Yi2_)~(i29}where Viz € (Liz, Uip).
2

_ P(Liz—lizg < iz YTz—Z(iz(ﬂj

Part 3. For Yj3 = Uj3, where i =1, ..., n3:

P(Yis = Ui3) = P()~(i39+8‘3 z U‘3)’

Functions ® a and p.d.f. of a standard normal distribution,

respectively

Some notatio

IL :{l | Yi1: Lil’ i:]., very nl},

dicated to be used in the next part as

IY ={i|Li2<Yi2<Ui2,i=1, —y No },and

Iy ={i|Yi3=Ui3, i=1 .., ng }

From the independent property of each element in the vector Y, the p.d.f. of Y can

be expressed as
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exp {—;(Yz - XzQ)l P (Yz - Xz@)}

(2 n2/2|2 |n2/2

Oi1

fy(y)= I q)( '—ir?SuQJ,

T11- q{ i3~ XBOJ (2.19)

IEIU GIS

Thus, the log-likelihood function is thus given by

InL(g;Y)= 3 In cp(x,l) 21, Zn—%ln 22l ng) zgl(yz —XZQ)
I€||_

(2.20)

where Xj =

The can be obtained straightforwardly from the log-

likelihood equation (2. ich consists of three parts, as

From Mekbunditkul (2010), @Tp was verified as in the form of
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~ -1 ~ ~
7o = (X522, ) | X2 by (i )]+ (X5231Ys )+ X523 2 s (1)}

1 1 .
=(X'2251X2) (X'zzile)—(X'zﬁilxz) [X'lzl_llz{lﬂl(f )}}

(xazixa) [ Xa2z? (o )]

where H; x)=(h 71—11 h(%; 1 . d)(i_ll) ¢(A_nll) 2.21
(7 )=(n(F) -~ nlEas)) o(n)  @(ing) | @.21)

and Hy(i)= (h(Ags) - h(Rn.a)) = UES L NI | 2.22
~3( ) ( ( ) ( n3 )) 1_®(7113) 1_(1)(71”33) - (222)

where i‘nll and ii3 are estimators'of A, 1 andha;s, respectively.

There exist three parts of, TRéestimator which the first part is the LS estimator
based on n, observationSpwhere“values are not at the limits. The other two parts
concern n; and n3 observationsywhose values are truncated respectively by the lower

and upper desired limits.
2.8 Properties of TR Estimator

In Mekbunditkul’s dissertation, there were verified some properties of TP
estimator in terms of its bias and mean square error (MSE). Two situations were
defined: (1) U—>w and L is finite, (2) L—>-o and U is finite. Some

vectors/matrices such as Y, X, L and U and X were defined as in section (2.4) and

the following statements were indicated to refer throughout this section

C1: Assuming that U — oo and L is finite, the response variable Y in TP regression

) L
model isas Y = [.:}] , Where n=nq+n5.
nx1

Y,
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C2: Assuming that L — —co and U is finite, the response variable Y in TP regression

_ Y.
model isas Y = 2 , where n=n, +ng.
Us
~91nx1

The TP estimator, éTp corresponding respectively to each of C1 and C2 is

re =(xomaxa) (XmaYe - (e i (R))]. @29

. 1 1 .
O1p (X'22§1X2) (X'2251Y2)+(X'22§1X2) {X§2§1/2{|:|3(7L)}}7 (2.24)

where Ijl(i) and Hg(i) are in the forms of equations, (2.23) and (2.24).

Theorem 2. Assume Cl1, éTp, asgdefinediin, equation (2.23), is biased where the

bounds of the bias are (Mekbunditkul, 2010)

_ _ -1
Bias, =—Aq (1+A;) 1@—{I—A1(|+A1) 1}(X'2251x2) X'lzl‘l’z(l—zl‘l’zlﬂ),

-1
Bias, ={|—A1(| +A1)‘1}9-{|—A1(| +A1)‘1}(X'2251x2)
(XaBa'L o - Xiz g + X525 2).

Proof. It is availableiimMekbunditkul’s dissertation.

Theorem 3. Assume C1 holds. The asymptotic variance-covariance matrix of E)Tp ,

as defined in (2.23), is (Mekbunditkul, 2010)

-1

-1
(x’\/\/x) :{(xl'w1 x1)+(X2’W2X2)} , Where Wy =Gl(7C )21_1 and

W, =35,

Proof. It is available in Mekbunditkul’s dissertation.

Theorem 4. If C2 holds, the estimator @TP , as defined in equation (2.24), is biased

where the bounds of the bias are (Mekbunditkul, 2010)
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Bias, :{l—AZ(I+A2)_1}Q_{I—A2(|+A2)_1}

1yl -1 r -1 r -1
{( 222 Xz) ( 323 Uz — X%, Uy —X5%%; l)}
: N[ (yrs1y \Hro1/2 -1
Buasuz{l—Az(HAz) }(xzz2 x2) {x323 (ug+1)} —A,(1+A,) M.

Proof. It is available in Mekbunditkul’s dissertation.

Theorem 5. Assume C2 holds. The asymptotic vakiance-covariance matrix of (:9Tp ,

as defined in (2.24), is (Mekbunditkul, 2010)

kbunditkul, 2010)

2
i J ,  Where j=a,b,

~ (\:(jl - L—jl)' (\:(jl - L—jl) ( Yi2 —\A!jz)' (sz _?jZ) |
nj2 nj2

Proof. It is available in Mekbunditkul’s dissertation.
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Theorem 7. Let C2 hold, then ML estimators of each cg and c% in the TP regression

model are obtained by (Mekbunditkul, 2010)

2
R /1 .
maX(pJZ,rj)<cjz<(qj+ quz+2er , Where j=a,b,
pj=0ifqj- ‘/ qJ+2r <0 and pj=q;j- ‘/ qJ+2r otherwise,

l(U Yjs) and rj=
njz nj2

Qj=—""—""

Whenever the same sample size ed then an estimate of

variance ch is as their poole decor and Cochran, 1989

2 . -2 _Ga+6h ~2
and Welch, 1947). That is ator of o%p is 65p =—2 5 , Where &3
and o cb as sho




CHAPTER 3

A JOINED POINT ESTIMATION IN
TOBIT-PIECEWISE REGRESSION MODEL

The TP regression model which was first introduced by Mekbunditkul, the
joined point was assumed to be fixed. It is quite simple to fix the joined point in TP
regression model if it is known in advance where(tis. Thus this research deals with
the more difficult case where the joined point has to be estimated from the data. Two
estimation methods are introduced to ‘investigate the joined point in TP regression
model in this research as describeddeelow.

3.1 The Maximum Likelihoed Fashign
In this section; the particular case that a single one regressor is
assumed to simplify. The‘combination, of the simple Tobit (2.1) and simple piecewise

(2.4) regression models to be the, TP regression model is shown in the model (3.1):

LI ’ Yi =L
Y=t T Li<Y;  <U; (3.1)
Ui Y, =

* * . *
where Y =y +B1Xj+BoXj +&j, the regressor variables are x; and X,
*

Xi =(xi —u)Di, v is an unknown joined point of two regression lines, and ¢;’s is

if x; <
id. N(O.Giz). Note o? =1 2 =" The locally lower and upper limits are
Cp if Xj>v

L, ;X< U ;X < . . .
L; :{ a =Y and U :{ a =" The probability density function
Lb ; Xj>v Ub ; Xj>v

(p.d.f.) of Y is determined by
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fy (vi) =<D[Li ~ 0P =P J It yi =L,

Oj

fy (i) =i¢[yi _al_B?Xi_BZXi j if Lj<yj<Uj,

i Gij

Oj

and fy (yj) = 1-@(”‘ ‘al‘lei‘BZXiJ if y;=U;.

Some notations are indicated for the derivation of joined point estimator as follows:

IaL ={| |Y|1 = Lll and Vi1 <v, i:l, . nal},

IbL {||Y|1 = Lil and Lj1 > L, i =1 .., nbl},

|aY ={i|Yi2 > Li2 and Vj2 <v, i =1, .
IbY ={| | Yi2 > Li2 and Lj2 > VL, i
lau ={ilYiz > Ujz and vj3
and IbU ={i|Yi3 > Li3 and 1 .., nb3}.
3
Note that n; = n§; - ; and nz =ny3 +npz. Inaddition,n= 3 nj.
j=1
The TP estim hieved by the ML method when the log-likelihood
function of 6 =(ay, ven Y for some fixed values of L,,L,U,, Uy, and 2

known, can be written as

In L(U;&l’ﬁl’ﬁZ’Y)= 3 {Inq)[l‘i _&1_[§1Xi B, ]}

i€||_ Gi

1 [yi —8q—Bxi —Boxi
+ In| — - 3.2
PR T s I

. {m[l_q{ui —&1—?1Xi—ﬁ2X?D}_
iE|U Gi
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BZDid)( Li —&1—[}1Xi —ﬁzer

A ~ -~ Gj
oln L(U;OLl,Bl,Bz,Y): z — i S
L Cj
ny BgDi(yi —&1_lei_B2Xi) (3.3)
+
~2
i€|Y Gi
~ U_& _Ax._A X*
BZDid{ s gll & I]
+ S —
ey | & [1®(Ui — O @Prxi —Boxi D
Oj

Accordingly, the score statistic forv,/the function (3.3), is always positive and it

proves to be inappropriate the'traditional way to find the value of v which maximizes
In L(o;&l,ﬁl,ﬁz,y) by“differentiating In L(o;&l,ﬁl,ﬁz,y) with respect to v and

setting the derivation equal to'zero. Quandt (1958) suggested a procedure to calculate
the value of a switching point'(a special case of joined point) by selecting t which
gives the maximum-ikelihg@d tunction, where t is the time period. Nevertheless, the
assumption of Quandt™is without one joined point. By then, the estimate of a
switching point was just introduced in piecewise regression model. Subsequently,
Hudson (1966) suggested a parameter estimate based on the LS method and the joined
point is assumed. Thus, we can apply the procedure of Quandt by assuming the
joined point to find the value of v in TP regression model. This procedure can be
expressed as followed:

First, order the observation according to the value of x; and split the data into
two groups, i.e. left hand group and right hand group.

Second, determine the initial value of v with v as being in the range of X

and put v in the model (3.1).
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Third, estimate remaining parameters in the model (3.1) by @Tp as shown in
the equation (2.14) or (2.15).
Forth, substitute &1,31,{32 back to the log-likelihood function (3.2) and

calculate its value, after that move the point of v between the two groups by one unit
at a time to the right and one unit at a time to the left.
Fifth, calculate the log-likelihood function for each value of v and then

choose the value of v which maximizes the log-likelihood function. Then, the ML
estimators &1,l§1,f32 are obtained.

In sum, this way can be generalized to the‘case that multiple linear regressions

are taken into consideration.
3.2 The Nonlinear Least Square_Eashion

The Tobit-piecewise regressionimodel can be considered as one of nonlinear
regression models evident in thexfigure 1.2 thus in the case that the data should truly
be fitted by nonlinear-regression“medels rather than linear models some nonlinear
least square solving based have beentrecommended. A nonlinear regression model
(Seber and Wild;»1988: 21) canjbe written as

Y, :f(gi;Q*)+si, (3.4)

where i=1, 2,..., n, f()gi;Q*) is a known regression function as defined in the

equation (3.1), x; is a k x 1 vector, Q* is a vector of k unknown parameters and the
E(ej)=0. The true value 0 of © is known to belong to ©®, a subset of p-dim
Euclidian space SRP. From these statements, we can state that the i"" element, Yi* , of
Y*as shown in the model (2.15) can be served as the model (3.4). The least square

estimate of Q*, denoted by @ minimizes the error sum of squares. Thus, we can state

the definition of nonlinear least square (NLS) estimator by the following definition.
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Definition 1. The nonlinear least square (NLS) estimator for the nonlinear regression
model (3.4) is defined by

2
n
oNS = argmind Yi—\?i(Q*))
0" enP i=1
N 2
= argminZ(Yi—f(;(i;Q*)) :
0 eRP i=1

Unlike the linear least square estimator, t Iytical solution of this solving

. * . .
for a general function f(gi;Q ) can no . Taylor’s series expansion

ve function because the

(3.5)

(3.6)

...,f(gn;Q))'

ad  F(x0)= 2 5i19) ZH% ()Si;Q)ﬂ, 37)

where F.(x;;0) represents the first derivative.

Rewrite the equation (3.5) as
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8(0) =]y -f(xi:0)"- (38)

n of (x;:0

> (Yi-f(xi:9)) (xi:0) =0,r=1,2,...,p, (3.9)

i=1 O op
or

0-E(x-r{xil)

=F2 (3.10)

This is called the normal ild, 1988: 22) for the
nonlinear model. The numerig ewton method, steepest
descent method and Leven method as described in the section 2.5, are
utilized to find the value o e the most nonlinear estimators of nonlinear
model can not In this research, only Levenberg-Marquardt

method is pre



CHAPTER 4
NUMERICAL ANALYSIS AND SIMULATION STUDIES

4.1 Numerical Analysis

Household income and household expenditure data on socio-economic surveys
(SES) in Thailand for the years 2007 and 2009 arg analyzed to particularly investigate
the performance of four different regressions, mamely LS, Tobit, piecewise
(abbreviated by PW) and Tobit-piecewisg (abbreviated by¥I'P) regressions.

In this research, TP and PW where each of their joined points is estimated by
two methods, i.e. ML based suchgs Quandt’simethod andfmonlinear LS based namely
Levenberg-Marquardt methéds. The data on SES wused in this application are
household-expenditure and*=iicome. First, some characteristics of the data, i.e. mean,
standard deviation, minimum and maximum values are shown. After that, the suitable
relationship befween response variables as being household expenditure and
explanatoryévariable as being household income are investigated by all four different

regression models.

Where, household income data in SES data means average monthly total
income per household and household expenditure data is average monthly total
expenditure per household. From the Table 4.1, there exists the evidence that both
income and expenditure data consist of outliers. Therefore, the LS regression might
not be preferable. Instead of using the LS, we use other ways, i.e. Tobit, PW, and TP,
to construct the relation of two variables. The results of this study are shown in the
form of regression line of each of the four different methods and the average sum of
square (ASSR) of them. The ASSR for this application is referred to Theorems 5 and
6 as shown in Chapter 2. RE is the ratio of the ASSR of the TP, PW and Tobit

regressions to the LS regression.
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Graphs of four fittings and their interpretations were only to present the data in
year 2009 meanwhile the ASSR and RE values were calculated for data in both 2007
and 2009.

Table 4.1 Minimum, Maximum, Mean and Standard Deviation values of Household

Income and Household Expenditure for Data on SES in Thailand duringYear 2009

Characteristics
Region Min Max Mean S.D.

Whole Kingdom
Income 617
Expenditure
Bangkok Metropolis
Income
Expenditure
Central
Income

5 17,032 16,085
22,426 38,031

393,229
62,80

1,114 26,726
44,471 80,068

472,941 18,576 16,422
2,821,572 23,178 36,879

273,571 13,335 12,396
888,539 17,816 21,407

558,365 14,853 13,557
23,804,30 19,900 36,693

Income 1,000 345,458 17,951 15,124
Expenditure 448 1,005,000 23,692 32,782

Source of Data: National Statistical Office
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The household expenditure and income in Bangkok Metropolis region is
analyzed. Mean and standard deviation of income data are 44,471 baht and 80,068
baht, respectively. Their values of expenditure are 31,114 baht and 26,726 baht,

respectively.
S.00E+05 + Observations
——L3E :T=23408. 173X
—4—Tobit: T=220 37X
_ —8—PW : Y=0385.808+0.539%-0.5283*
6.00E+05 —O0-TP :Y=3113936+0.604X-0.563X*
4.00E+05
2.00E+05
0.00E+00
0.00E+00 5.00E+05 2.50E+06
Figure 4.1 Observation and gression Lines for Household-Expenditure and
-Income Data for lis region on SES in year 2009

8.00E+05

6.00E+03

4.00E+03 *

2.00E+05 +

0.00E+00
0.00E+00 1.00E+03 2.00E+05 3.00E+03

Figure 4.2 The Expansion of Figure 4.1 for the Range of Household Income as being
between 0 and 300,000 Baht
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When we test the normal assumption of expenditure data for whole kingdom
and for each of region, we found that it is significantly violated. This mean that the
data not normally distributed (p<0.001), might be caused by outliers, thus the LS

regression does not properly act as evidence shown in Table 4.2 with largest ASSR, in

the case of Bangkok Metropolis region, as 362x10° and RE as 1.0000. Tobit, PW
and TP regression can be taken into account to cope with the case that data consist of
outliers. When the data is limited in the space of dependent variables, Tobit regression
isused to construct the linear relation. Nevertheless, in this case the Tobit regression

is seem to be not appropriate as shown fitting line in Figure 4.1 with ASSR and RE by

about 357x10° and 0.9864, respectively. Meanwhilepif the data are divided into two

groups and fitted by PW regression, its tesult is better than both of Tobit and LS with

ASSR and RE of it as 138x10%and 0.3823, tespectively. Because the first regression
regime properly fits the subsample, as shown in Eigure 402, but the second regime of

PW is still be affected by outlier data; Considermg, therefore, TP regression is
particularly best among all fouts different method with ASSR 134x10% and RE by

about 0.3709 fosfLevenberg-Marquardt method and with 136x10° and 0.3750 for
Quandt’s method, it means that the ‘estimation method of the joined point in TP
regression by théynonlinear LS based, for example Levenberg-Marquardt method is
slightly better than'byaML based such as Quandt’s method.

In addition, wetfound that the joined point occurring on household income
data estimated by Levenberg-Marquardt has a value of 118,213 baht while by
Quandt’s equals 122,500 baht.
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Mean and standard deviation of income data in Central region are 23,178 baht
and 36,879 baht, respectively. Their values of expenditure are 18,576 baht and 16.422
baht, respectively. Both the first and second regimes seem to be the TP and PW better
than LS and Tobit.

+ Observations

8.00E+05 —&—L3E . ¥=13530.762+0.218%
—¢—Tobit : Y=13501.152+0 2125
—mPW Y=4601.425+0 61930 63830*
6.00F+05 TP Y=5582.460-40. 571059830

4.00E+05

2.00E+05

0.00E+00
0.00E+00

Figure 4.3 Observation and egression Lines for Household-Expenditure and
-Income Data for € i S in year 2009

Source of Dat
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6.00E+05

4.00E+05

1.00E+05

0.00E-+00
0.00E+00 L.OOE+0S 1.00EH)5 3.00EH)5

Figure 4.4 The Expansion of Figure 4.3 for the Range of Household Income as being
between 0 and 300,000 Baht
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In the sense that they can preferably represent the bulk of the data, when considering
Figure 4.3 the Tobit regression, the dependent variable being limited by one value of
upper limit whole the observed data is inappropriate. Nevertheless, if we divide the
data into two groups and limit the dependent variable by upper limits for each group,

i.e. fitting data by TP regression, the result yields better than both Tobit and LS with
ASSR and RE as 65.30x10° and 0.3727 for Levenberg-Marquardt method and as
65.38x10° and 0.3731 for Quandt’s method. Meanwhile, PW is slightly larger the

value of ASSR 67.58x10° and RE by about 0.3857 than TP.

Thus in the particular case, we can concldde that TP and PW can down-weigh

value (reduce effect) of outliers than LS and Tobit ssion. When considering the

joined point in TP regression whic he nonlinear LS based,
Levenberg-Marquardt method is slightl ased such as Quandt’s
method.

In addition, we foun j i ing in the space of household
income data, which is esti ¢ svenberg- Marquardt’s has a value of 146,221

baht and by Quan
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+ (Ohservations
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Figure 4.5 Observation and four Regression Lines ft usehold-Expenditure and

Source of Data : National Statistical Offic
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Figure 4.6 The Expansion of Figure 4.5 for the Range of Household Income as being
between 0 and 300,000 Baht

Income data of households in North of Thailand 2009 have the mean and
standard deviation as 17,816 baht and 21,407 baht, respectively. Expenditure data
have them as 13,335 baht and 12,396 baht, respectively. From Figure 4.6, we found
that the observed data consist of outliers both in y-direction and x-direction as same as
the data in Central and Bangkok Metropolis. Therefore, the application of TP and PW

regression is preferable and they gave better results than Tobit and LS regression as
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shown in the performance of Tables 4.2 and 4.3. ASSR and RE of TP regressions are
each smallest as 39.96x10° and 0.5683 for Levenberg-Marquardt method and as
38.97x10° and 0.5685 for Quandt method, meanwhile, ASSR of each PW, Tobit and

LS are 40.99x10° , 69.51x10% and 70.31x10° , in that order. RE of each PW, Tobit
and LS are 0.5830, 0.9886 and 1.0000, in that order. It was found that the estimation
method of the joined point in TP regression by the nonlinear LS based, for example
Levenberg-Marquardt method is slightly better than by ML based such as Quandt’s
method.

In addition, we found that the joine int appearing on the range of

household income which is estimated by Levenber rquardt has a value of 97,281

baht and by Quandt’s equals 97,403 ba
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Figure 4.7 Observation and four Regression Lines usehold-Expenditure and

-Income Data for Northeast region on in year 2009

Source of Data : National Statistical Offi
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Figure 4.8 The Expansion of Figure 4.7 for the Range of Household Income as being
between 0 and 300,000 Baht

Mean and standard deviation of income data in Northeast region are 19,900
baht and 36,693 baht, respectively. Their values of expenditure are 14,853 baht and
13,557 baht, respectively. From Figure 4.8 for the range of explanatory variable or
household income as being between 0 to 300,000 baht, four different regression
methods yield nearly the same result. This means that y-direction outliers appearing in
the data do not much affect all the four regression lines. Whilst the x-direction outliers

occurring on the second regime are much affect to LS and Tobit regression drawn far
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away from the true value, meanwhile, TP and PW seem to be more suitable than Tobit

and LS. As evidence shown in Figure 4.7 and Tables 4.2 and 4.3, ASSR of each PW,

Tobit and LS regression are 43.36x10°%, 112.43x10° and 113.82x10°, respectively.
RE of each PW, Tobit and LS regression are 0.3809, 0.9879 and 1.0000, respectively.

When considering the estimation method of the joined point in TP regression,
we found that the nonlinear LS based, namely Levenberg-Marquardt method is

slightly better than ML based such as Quandt’s method with ASSR of each being as

41.49%10° and 41.56x10°, respectively. RE ofieach estimator are as 0.3645 and

0.3651, respectively.

In addition, we found that the joi appears on the space of

income data estimated by Levenberg- e of 77,965 baht and by

Quandt’s equals 78,081 baht.
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Figure 4.9 Observation and four Regression Lines ousehold-Expenditure and
-Income Data for South region on SES
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Figure 4.10 The Expansion of Figure 4.7 for the Range of Household Income as
being between 0 and 300,000 Baht

The mean and standard deviation of household expenditure are respectively
17,951 baht and 15,124 baht and of income are 23,692 baht and 32,782 baht. The
results of all the four regression models look like the observed data of Central,
Bangkok Metropolis, North and Northeast in Thailand. The LS and Tobit, in this

particular case, are much affected by x-direction youtliers. Nevertheless, TP and PW
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yield better results than Tobit and LS regression as shown the performance by ASSR

and RE in Tables 4.2 and 4.3. The smallest value of ASSR by about 63.8x10° is of
TP with joined point estimated by Levenberg Marquardt method and followed by of

PW as 65.13><106, Tobit as 12.63x10° and LS as 157.11x106, in that order.
Therefore the smallest RE is also of TP as 0.4064 and followed by PW as 0.4145,
Tobit as 0.8039 and LS as 1.0000, in that order.

When considering the estimation method of the joined point in TP regression,
we found that the nonlinear LS based, for example Levenberg-Marquardt method is

slightly better than ML based such as Quandt’s method with ASSR of each being as

63.85x10° and 64.05><106, respectively. RE of estimator is as 0.4064 and

0.4077, respectively.
In addition, we found that the j ppears on the space of
income data is estimated by L ue of 90,790 baht and by

Quandt’s equals 91,818 ba
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Table 4.2 ASSR for four different regression models on SES Data in Thailand,

Year 2009
Joined ASSR
Region Point .
i TP LS Tobit PW TP

Bangkok Metropolis

Levenberg Marquardt Method 118,213 361611477 356.678.962 138,229,145 134,137,380

Quandt’s Method 122,500 138,262,874 135,614,342
Central

Levenberg Marquardt Method 146,221 172,454,090 67,579,056 65,302,540

Quandt’s Method 146,988 67,579,975 65,380,687
North

Levenberg Marquardt Method 70,309,269 40,990,838 39,958,789

Quandt’s Method 40,990,875 39,967,927
Northeast

Levenberg Marquardt Method 112,433,338 43,358,120 41,487,126

Quandt’s Method 43,680,080 41,558,970
South

Levenberg Marqua 157113391 126.298.135 65,125,721 63,845,878

Quandt’s Met 66,127,146 64,048,316

From th and Figures 4.1 — 4.10, it was found that outliers in

y-direction and in X-C

weight” the values or reduce its effect by both TP and PW regressions.

for the data on SES in Thailand can be made “down-



Table 4.3 RE of four different regression models on SES Data in Thailand,
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Year 2009
. ASSR
Region -
LS Tobit PW TP

Bangkok Metropolis

Levenberg Marquardt Method 10000 0.9864 0.3823 0.3709

Quandt’s Method 0.3824 0.3750
Central

Levenberg Marquardt Method 1.0000 0.9841 0.3857 0.3727

Quandt’s Method 0.3857 0.3731
North

Levenberg Marquardt Method 0.5830 0.5683

Quandt’s Method 0.5830 0.5685
Northeast

Levenberg Marquardt Metho 0.3809 0.3645

Quandt’s Method 0.3838 0.3651
South

Levenberg Marquardt 1.0000 0.8039 0.4145 0.4064

Quandt’s Meth 0.4209 0.4077
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From the Tables 4.4 - 4.5, there is the evidence that outliers in y-direction and

in x-direction for the data on SES in Thailand year 2007 can also be made to “down-

weight” the values or reduced their effect by both TP and PW regressions. This

supports the results of SES data in year 2009.

Table 4.4 ASSR for four different regression models on SES Data in Thailand,

Year 2007
Joined ASSR
Region Point .
in TP Tobit PW TP

Bangkok Metropolis

Levenberg Marquardt Method 11.268 99,005,602 91,996,875

Quandt’s Method 101,472,751 99,386,841
Central

Levenberg Marquardt Metho 135,527,007 134,502,303 49,467,872 49,423,115

Quandt’s Method 58,816,868 57,362,815
North

Levenberg Margq 60,414,527 58.928.011 30,430,406 29,269,428

Quandt’s Me 32,289,353 31,653,535
Northeast

Levenberg Marg 64,712 89,959,059 89.453.915 35,973,115 34,048,778

Quandt’s Method 65,257 36,569,438 35,171,241
South

Levenberg Marquardt Met 64,403 124,510,620 88,043,683 50,917,754 49,742,225

Quandt’s Method 51,973 53,187,474 52,236,496
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Table 4.5 RE of four different regression models on SES Data in Thailand,
Year 2007

ASSR
LS Tobit PW TP

Region

Bangkok Metropolis

Levenberg Marquardt Method 1.0000 08693 03242 03012

Quandt’s Method 03322  0.3254
Central

Levenberg Marquardt Method 0.3647

Quandt’s Method 0.4233
North

Levenberg Marquardt Method 0.4845

Quandt’s Method 0.5239
Northeast

Levenberg Marquardt Me 0.3785

Quandt’s Method 0.3910

South
Levenberg Mar

Quandt’s

1.0000 0.7071 0.4089  0.3995

0.4272  0.4195
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4.2 Simulation Studies

The performance of Tobit-piecewise (TP) regression model is investigated in
term of the average sum of squares of residuals (ASSR) (Mekbunditkul, 2011) by
simulation studies. There are two situations to be considered, namely the y-direction,
and Xxy-direction. Nevertheless, other two situations are not taken into account. As
without the existence of outliers, it is found that the ASSR of Tobit is equal to the LS
regression model while the ASSR for PW and TP are the same. However, both Tobit
and LS results were significantly different from PW and TP methods. The data fitted
by PW and TP regression models yielded the valueyof ASSR that were smaller than
the Tobit and LS methods’ by about RE equal to 0:35%Mekbunditkul, 2010). This
mean that the PW and TP regressions are more suitable tham\LS and Tobit models. In
the existence of Xx-direction outliessgpnumerical examples and simulation results as
studied in Mekbunditkul’s reSearch provided the ewidence that Tobit and LS were
identical. Meanwhile PW%and TP were the same and they were significantly better

than Tobit and LS regressions.

Howevef, there hastbéen no'stady in terms of joined point estimation so that
the simulation is needed to compare the potential of four estimators again. Attributes
to the Monte Carle, technique/are specified as followed: Sample sizes are varied,
namely 10, 20, 30,.5,3004and the percentage of outliers considered are 5%, 10%,
15% and 20%. The ASSR"and RE of each estimator are determined.

Case 1: Outliers in the y-direction
1. Generate x;~N(2.5,4), for i=1, 2, ..., %, and x;~N(7.5,4), fori =
241, 242, 00
2 2

2. Generate g; ~N(0,Giz), fori=1,2,..., (l—(x)n , where

P16 if u; > 5.
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3. Generate & ~ N(0,144), fori= (1—o)n+1, (1-—a)n+2, ..., n, foran

outliers, where a is given in advance

4. Calculate y; as indicated in Case 1

Case 2: Outliers in the xy-direction

1. Generate x;~N(2.5,4), for i=l, 2, .., {@J+l, and

x; ~N(7.5,4), fori= {@J 42,0, (1—a)n

Each statis nd RE, was obtained for the four methods of
was calculated 1,000 times. The average of
each ASSR a methods is compared. For each of the above cases, a

k=1 for a simple linear regression.

4.2.1 Outliers in the y-direction

For y-direction outliers, the average values of ASSR and RE for 1,000
samples, with a certain percentage of outliers and different estimates of the regression
coefficients, i.e. LS, Tobit, PW and TP, are presented in Tables 4.6 and 4.7 and Figure
4.11. The value of ASSR of TP and of PW regression models with each joined point
estimated by Levenberg-Marquardt method, nonlinear LS based, is shown in Table
4.6 corresponding to Figure 4.11. In addition, the value of each ASSR and RE for
joined point in TP and PW estimated by Quandt’s method, ML based, are presented in
Tables 4.8 and 4.9 and also for Figure 4.12.
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Table 4.6 ASSR of four different regression models for Levenberg-Marquardt

method in cases of y-direction outliers

Sample % of Y- ASSRl

Size  Outliers | g Tobit PW TP Joint Point

in TP
10 5 - - - - -
4.02

3.97
437
4.07
4.05
4.01
4.45
4.15
4.09
4.04
4.71
434
4.25
4.17
4.74
4.41
4.28
4.19

20

40

60

100

1
Average sum of squares residual (ASSR) is used and recommended to be used as a measure of model

precision. Caution should be noted. The MSE in regression under classical assumption is usually an
estimator of the variance of error ( G2 ) and of dependent variable as well. As number of observation n

approaches infinity, such MSE should converge in probability to 62 but not zero (Mekbunditkul,
2010).
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Table 4.7 RE of four different regression models for Levenberg-Marquardt method in

cases of y-direction outliers

Sample % of Y- ASSR
Size Outliers LS Tobit PW TP
10 5 - - - -
10 1.0000 0.7355 0.8691  0.4230
15 - - - -
20 0.3699
20 5 0.3238
10 0.3861
15 0.3718
20 0.3552
40 5 0.3499
0.3931
0.3498
0.3339
0.3314
0.3886
0.3051
0.2685
100 5 1.0000 0.4605 0.9271 0.3134
10 1.0000 0.6084 0.9271  0.3557
15 1.0000 0.5152 0.9270  0.2837

20 1.0000 0.4702 0.9296  0.2501
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Figure 4.11 ASSR of four different regression models for Levenberg-Marquardt
method varied by percentage of outliers when n=10, 20,..., 100 where y-direction

outliers exist
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From Table 4.6 and Figure 4.11, for all percentages of outliers we find that the
significantly smallest ASSR is of TP regression model, followed by of Tobit, PW and
LS regression models, in that order.

Considering the information in Table 4.6, we can see that when the percentage
of outliers increases, TP regression model with joined point estimated by Levenberg-
Marquardt method is preferable to LS model. Furthermore, it was found that both
Tobit and PW regression models fit better than LS model for all values of percentage
of outliers. Thus, in this particular case, it can be concluded that the TP regression
model yields the best results followed by the Tobit, PW and LS regression models, in
that order. Moreover, in the case where outliers eXist in the y-direction, not only TP
but also the Tobit regression model is preferable totboeth PW and LS. The results
correspond to findings in Mekbunditkul’sicesearch when'the joined point is assumed
to be known.

In Figure 4.11, it was found\that the“values of ASSR of four different
regression models increas€ when the percentages of outliers increase for all sample
sizes are considered. For the"valué of joined point (see Tables 4.6 and 4.8) that is
estimated by both Levenberg-Marquardt and Quandt’s method, we find that it is
biased downaward from the truejyvalue“as’ fixed in advance by 5. The mean of joined
point estimated by, Levenberg-Marquardt is 4.23 and its standard deviation is 0.2288.
Whilst, the mean“ofyjoineddpoint estimated by Quandt’s method is 3.97 and its
standard deviation is 0:3781".

In addition, when the percentage of outliers increases, the bias increases for all
sample sizes considered. Meanwhile, the sample size increases then the bias decreases

for all percentages of outliers.

Next, Table 4.8 and Figure 4.12 exhibit the results of simulation studies for the
y-direction outliers, when unknown joined points in TP and in PW regression models

are estimated by Quandt’s method, ML based.
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Table 4.8 ASSR of four different regression models for Quandt’s method in cases of
y-direction outliers
Sample %of Y- ASSR
Size Outliers LS Tobit PW TP Joined Point
inTP

10 5 - - - - -
10 7,691 5,657 6,789 3,355 3.42
15 - - - - -
3.29
4.14
3.63
3.49
3.28
4.29
4.05
4.03
4.00
4.49
4.10
4.08
4.02
100 5 4594 2,116 4,328 1,506 4.58
10 8,009 4873 7,529 2,950 4.13
15 10,550 5,435 9,958 3,165 4.27
20 12,202 5,738 11,560 3,263 4.14
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Table 4.9 RE of four different regression models for Quandt’s method in cases of y-

direction outliers

Sample % of Y- ASSR
Size Outliers LS Tobit PW TP
10 5 - - - -
10 1.0000 0.7355 0.8828 0.4363
15 - - - -
20 1.0000 0.4987 0.9106 0.3703

20 5
10
15

0.3385
0.3990
0.3886
0.3729
0.3641
0.4058
0.3662
0.3515
0.3456
0.4012
0.3214
0.2859
0.3278
0.3683
0.3000
0.2674
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From Table 4.8 and 4.9, there is evidence that TP regression with the unknown
joined point estimated by Quandt’s method yields the smallest ASSR and RE among
all the different estimations and followed by Tobit, PW with the unknown joined
point estimated by Quandt’s method and LS, in that order. In addition, from Figure
4.12, it is found that the value of ASSR for all types of estimations increases when the

percentage of outliers increases for all sample sizes considered.

When the comparison of ASSR for joined point estimated by ML based and
nonlinear LS based was considered, it was found that TP regression with the unknown

joined point estimated by nonlinear LS based yi non-significantly smaller ASSR

than by ML based for all values of percentage of ou considered.
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4.2.2 Outliers in the xy-direction

For samples with xy-direction outliers, Tables 4.10 and 4.12 give the average
values of ASSR from 1,000 generated samples of various sizes and various
percentages of outliers considered. The corresponding graphs of ASSR of each
different estimation method against percentage of outliers are shown in Figures 4.13

and 4.14.

The difference of Tables 4.10 and 4.12 is that ASSR value appearing on the
Table 4.10 is from TP and PW in which their joined point estimated by Levenberg-
Marquardt method. Meanwhile, the ASSR sho Table 4.12 is obtained from TP

model in which the joined point is estimated by Qua



64

Table 4.10 ASSR of four different regression models for Levenberg-Marquardt

method in cases of xy-direction outliers

Sample % of Y- ASSR
Size Outliers LS Tobit PW TP
10 5 - - - -
10 4,157 1,416 2,126 992
15 - - - -
20 1,317
20 5 481
10 1,046
15 1,171
1,607
429
479
761
1,321
296
616
815
1,071
100 5 3,118 493 1,617 244
10 4,552 838 2,094 471
15 5,196 1,615 2,284 691

20 5,459 3,641 2,429 894
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Table 4.11 RE of four different regression models for Levenberg-Marquardt method

in cases of xy-direction outliers

Sample % of Y- ASSR
Size Outliers LS Tobit PW TP
10 5 - - - -
10 1.0000 0.3406 0.5113 0.2386
15 - - - -
20 1.0000 0.9541 0.5528 0.2597

20 5
10
15

0.1566
0.2449
0.2250
0.3040
0.1394
0.1034
0.1452
0.2404
0.0940
0.1377
0.1597
0.2001
0.0784
0.1036
0.1330
0.1638
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Figure 4.13 ASSR of four different regression models for Levenberg-Marquardt
method varied by percentage of outliers when n=10, 20,..., 100 where Xy-direction

outliers exist
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From Tables 4.10 and 4.12, where the percentages of outliers are 5%, 10% and
15%, it is found that the significantly smallest ASSR and RE (see Tables 4.11 and
4.13) are of the TP regression model then followed by that of Tobit, PW and LS
regression models, in that order. Meanwhile, at 20% outliers, the smallest ASSR and
RE (see Tables 4.11 and 4.13) are from the TP regression model then followed
sequentially by that of PW, Tobit, and LS. These results indicate that, in the case
where xy-direction outliers exist, the potential applicability of Tobit regression
decreases when the percentage of outliers increases. It can be seen that the PW
regression model slightly changes when the percentage of outliers increases, as
evident in Figures 4.13 and 4.14. Moreover, in the ease of outliers existing in the Xy-
direction between 5% and 15%, it was found that not enly the TP regression model
but also Tobit is preferable to both PWiand LS. Meanwhile, at 20% outliers, the PW
regression is preferable to both Tobitand LS Since, when the percentage of outliers is
high, it indicates that data sheuld be divided into twesgroups and ought to be fit by
either PW or TP. These fesults are thé same as those from Mekbunditkul’s study in
which each joined point in bothy P and PW regression models are assumed to be
known.

Whenflooking at Figures\4.13 and 4.14, it was found that the ASSR of the four
different regression models increases when the percentage of outliers increases, for all
sample sizes. Furthermore, itfis found that when the percentage of outliers increases,
the ASSR of TP and PW slightly increases.

Considerably, the value of joined point in TP regression model, which is
estimated by Levenberg-Marquardt and Quandt’s method, is biased downward from
the true value as fixed in advance by 5.

The mean of joined point estimated by Levenberg-Marquardt is 4.67 and its
standard deviation is 0.2134. Whilst, the mean of joined point estimated by Qunadt’s
method is 4.29 and its standard deviation is 0.3426.

In addition, when the percentage of outliers increases the bias increases for all
sample sizes considered. Meanwhile, when the sample size increases the bias

decreases for all percentages of outliers.
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Table 4.12 ASSR of four different regression models for Quandt’s method in cases of

xy-direction outliers

Sample % of Y- ASSR

Size Outliers LS Tobit PW TP
10 5 - - - -
10 4,157 1,416 2,031 897
15 - - - -
20 1,108
20 5 441
10 951
15 1,022
1,398
389
384
612
1,112
256
521
666
862
204
376
542
685
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Table 4.13 RE of four different regression models for Quandt’s method in cases of

xy-direction outliers

Sample % of Y- ASSR
Size Outliers LS Tobit PW TP
10 5
10 1.0000 0.3406 0.4884 0.2157
15
20 1.0000 0.9541 0.5116 0.2185

20 5
10
15

0.1436
0.2227
0.1963
0.2645
0.1264
0.0829
0.1168
0.2024
0.0813
0.1164
0.1305
0.1611
0.0655
0.0827
0.1043
0.1255
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Figure 4.14 ASSR of four different regression models for Quandt’s method varied by

percentage of outliers when n=10, 20,..., 100 where xy-direction outliers exist
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CHAPTER 5

CONCLUSION, DISCUSSION AND RECOMMENDATION

5.1 Conclusion

Throughout this research, the outliers prgblem is taken into account because
these data might affect the hetoroscedasticity problemy(Rousseeuw and Leroy, 1987).
Therefore, the Gauss-Markov assumptions are violated, and consequently, LS

estimator of © for regression coefficient®turn out not to he the best linear unbiased

estimator (BLUE). This study has focused on thewestimation of regression coefficients

0 in multiple linear regresSion when sample data contain some usual outliers. Four

different methods were first'applied 10 cope with the outliers problem, namely LS,
Tobit, piecewise (PW) anel, Tobit=piecewise (TP) (the construction of TP regression
model by thedeembination of the Tobit and piecewise regression models was first
introduced intMekbunditkul (2010)). The joined point estimation of TP regression
model is first interested, leading to an introduction of an estimation for the joined
point in TP regression‘medel based on nonlinear least square (LS) such as Levenberg-
Marquardt method and on maximum likelihood (ML), for example Quandt’s method.
From simulation results, it is found that the TP regression model with its joined point
estimated by Levenberg-Marquardt method can “down-weigh” the value or reduce the
effect of outliers better than other remaining methods. This is followed by TP with its
joined point estimated by Quandt’s method, PW, Tobit, and LS, respectively.

Results of the analysis of four different regressions on household-income and
—expenditure data in socio-economic surveys in Thailand in the year 2009 are

presented as below:

1) For Bangkok and Metropolis regions, we obtain four regression
models as the followings:
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LSE © Y =23,408.39+0.173X
Tobit  : Y =22,072.24+0.187X
PW © Y =9,885.90+0.539X —0.528X*
TP © Y =8,115.94+0.604X —0.563X™,

where Y represents expenditure data, X is income data and X" =(X-118,213)D,

D=1if X>118,213 and D=0 if X <118,213. The joined point value 118,213 was
obtained by Levenberg-Marquardt method. The smallest value of each ASSR and RE

is of TP as 134x10° and 0.3709, respectively. This means that, in this particular case,
TP is the best. In addition, TP regression model with 1S joined point estimated by
Levenberg-Marquardt yields smaller ASSR than with that By Quandt’s method. Take
into consideration the situatiopdwhen‘the value of household income is as zero baht
(any household have no ingdme) then the expenditure Is about 8,116 and 9,886 baht as
predicted by TP and PW madels, respectively. Meanwhile, it is 23,408 baht by LS
model and is 22,072 bahtyby Tobitymodel. We can see that TP and PW yield more
feasible results than both LS and Tobity In addition, there exist the same results for
other regions‘asishown from 2)it@ 5).

2) For_ the' Central region, the four regression models can be

constructed as the followings:

~

LSE : ¥ =13,530.76+0.218X
Tobit  : VY =13,591.15+0.212X

PW : ¥=4,691.43+0.619X —0.638X*
TP : Y =5,582.46+0.571X —0.598X>,

where X* =(X-146,221)D, D=1 if X >146,221 and D=0 if X <146,221. The

joined point value 146,221 estimated by Levenberg-Marquardt method makes TP

regression model attain the smallest ASSR as 65.30x10° and RE as 0.3727. And we
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also found that TP regression model with its joined point estimated by Quandt’s
method yields slightly larger value of each ASSR and RE than Levenberg-Marquardt

method.

3) For the Northern region, we obtain four different regression models

as the followings:

LSE : Y =6,062.13+0.408X

Tobit  : Y =6,132.13+0.402X

PW Y =3,236.19+0.582X20.626X™
TP : Y =3,419(87 +0.568X — 0.620X™,

where X*:(X—97,281)D, D=1 if1X>97,281wand D=0 if X<97,281. The

smallest value of each ASSRY¥as 39@6x10° and RE as 0.5683 is of TP regression
model with its joined"point estimated by Levenberg-Marquardt method yields better
result than Quahdt’s methodiimterms'@HASSR and RE.

4)For. the Northeastern region, four different regression models can be

obtained as the followings:

LSE © Y =11,423.80+0.172X
Tobit  : Y =11,415.66+0.169X
PW : Y =3,858.48+0.594X —0.586 X"
TP : Y =4,182.82+0.568X —0.571X,

where X*=(X—77,965)D, D=1 if X>77,965 and D=0 if X<77,965. The

value 77,965 came from Levenberg-Marquardt method and this method gave the

smallest value of ASSR as 41.49x10°% and RE as 0.3645.
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5) For the Southern region, four different regression models are formed

as the followings:

LSE Y =11,583.95+0.269X
Tobit : Y =11,829.82+0.253X
PW Y =4,888+0.586X —0.555X*

TP : Y =5,237.88+0.564X — 0.571X",

where X*:(X—90,790)D, D=1 if X>90,790 andyD =0 if X <90,790. The

value 90,790 was obtained by Levenberg-Marquardt method. This method yields

better results than Quandt’s method compared with Tobit, LS and PW, in senses of

ASSR as 63.85x10°% and RE as 0.4064,

Therefore,drom the, results ef both simulation study and numerical analysis,
we can conclude that TP<regressionymodel with its joined point estimated by
Levenberg-Marguardt method \attains the best among all four different estimation
methods including the joinedépoint estimated by Quandt’s method. Moreover, the
finding in empirical datayanalysis is that outliers of both y- and x-direction existing in
household expenditure and household income data can have their values down-
weighted (reduced effect) by either TP or PW. It is obvious the evidence that PW
gives slightly different results from TP. From figures 4.1 — 4.14, it can be seen that
both TP and PW can represent the relationship of the bulk of the data more suitably
than LS and Tobit models. The results of the analysis on SES data in year 2007 (see

also Table 4.4) also support the above conclusion.
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5.2 Discussion

1. The TP regression model is first proposed in Mekbunditkul’s
dissertation as one of alternative models to fit data consisting of outliers. It was
derived by the combination of two advantageous principle ideas, namely the Tobit
and piecewise regression models. In Tobit regression, putting appropriate limit(s) on
dependent variables may down-weigh the effects of outliers. Since the TP model can
be considered as one of the factored likelihood functions, the TP estimator was
derived by ML method as shown in Chapter 2. Therefore, TP estimator retains good
properties of a MLE, e.g. consistency and best asymptotically normal (B.A.N).
Further, benefits of piecewise regression can be obtained when structural change in
regression is present.

Findings, in this researchgindicate that, TP regression with the joined point
estimated by Levenberg-Marquardt method is mostsSuitable for data with outliers.
From simulation results, we ean indicate that the ranking of four estimators from the
best to the poorest, where the“best and poorest are measured by ASSR and RE, as
shown in the following table;

Data LS |Tobit| PW | TP
> no outlier ONNON RO NO
» y-direction @ | ® @ @
» xyirection |_Small % of outrs @@ 6 |0

Large % of outliers | @ | 3 @ @
> x-direction @ | @ @® @

2. In addition, another findings show that the Levenberg-Marquardt
method does not significantly differ from Quandt’s method regarding the results from

both simulation study and numerical data analysis, namely household income and
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household expenditure in socio-economic survey data. Nevertheless, Levenberg-
Marquardt method yields slightly better results than Quandt’s method in terms of
smaller ASSR and RE. The existence of this insignificant difference might be caused
by two reasons: (1) the application in this study is considered only in case of a simple
regression. That is one explanatory variable is chosen for done simulation and
numerical study, (2) Levenberg-Marquardt method, in this research, is utilized for
analyzing data described by model which is linear in parameters, such as TP

regression model.

5.3 Recommendation

There are three recommendations fer further study arising from this research.
First, estimators of the desired limited valte in TP regression model have not been
included under the scope of this'study but it could begednducted in the future because
they rather affect the fit ofithe, regression‘line and the verification of ASSR. Second, a
measure of error other than ASSR could be developed to investigate the potential
applicability of JP regression estimator. ASSR, as shown in Mekbunditkul’s (2010)
research, might not be suitable for the‘reason that ASSR is rather affected by limit
values. Third, the,factored likelihood, as shown particularly in model (2.10), is still
powerful for certaineases such as the Tobit and TP models. Thus, the estimator
constructed by the factared likelihood method could be utilized for other situations
because it is a good estimator and retains all of the properties of MLE, such as

consistency and best asymptotically normal (B.A.N).



BIOGRAPHY

NAME Titirut Thipbharos, Ph.D.

ACADEMIC BACKGROUND B.Sc. (Statistics)
Khon Kaen University,
Khon Kaen , Thailand, 2001.

Administration, 2010.

PRESENT PO
and Statistics, Faculty of Arts and
Sciences, Dhurakij Pundit University
Bangkok, Thailand.

Lecturer, Department of Mathematics

RESEARCHS : 1. PARMETERS-ESTIMATION OF

POLYNOMIAL REGRESSION
MODELS WITH ERRORS IN

INDEPENDENT VARIABLES, 2003

2. Burden of Household Expenditures for

Education , 2005

3. AN ALTERNATIVE ESTIMATOR
FOR REGRESSION COEFFICIENTS

WITH OUTLIERS, 2010



PUBLICATIONS:

82

1. Mekbunditkul, M. and Siripanich, P.
An Alternative Model used for Linear
Relations with Qutliers. Proceedings of
the 11™ Conference on Statistics and
Applied Statistics, May 28-29, 2010.
Chiangmai, Thailand.

2. Mekbunditkul, M. and Siripanich, P.

Tobit-Piecewise Estimator of the

Supply Chain
ly 25 - 27, 2010.

3. Mekbunditkul, M. and Siripanich, P.
Maximum Likelihood Estimation of
Parameters in Tobit-Piecewise
Regression Model. Proceedings of the
6" IMT-GT International
Conference on Mathematics,
Statistics, and its Applications,

Nov. 3-4, 2010. Kuala Lumpur,

Malaysia.



REFERENCES

Amphanthong, P. 2009. Estimation of Regression Coefficients with Outliers.

Dissertation. Bangkok: National Institute of Development Administration.

Barnett, V. and Lewis, T. 1994. Outliers in Statistical Data. John Wiley & Sons.
Available at http://en.wikipedia.org/wiki/Outlier.

Gill, P.E. 1991. Numerical Linear algebra and Qptimizatin. Adison-Wesley.

Goldfeld, S.M., Kelejian, H.H. and Quandt, R.E. 1971, keast Squares and Maximum
Likelihood Estimation of Switching,Regressions. Ecenometric Research
Program. 130 (November).

Greene, W.H. 1981. On the ASymptotic Bias of.the,Ordinary Least Squares
Estimator of the Tabit Model. The Econometric Society. 42(March):
505-513.

Hudson, D.J. 1966. Fitting Segmented, Curves Whose Join Points Have to be
Estimated. Journal ofithe American Statistical Association, 61, 1097-1129.

Joreskog, K.G.2002. Censored/Variables and Censored Regression. (Online).

Available at »http://wanvw.ssicentral.com/lisrel/techdocs/censor.pdf.

Marquardt, D. 1963. An Algorithm for Least-Squares Estimation of Nonlinear
Parameters. SIAM Journal on Applied Mathematics 11: 431-441.

Moronna, R.A., Martin, R.D. and Yohai, U.J. 2006 . Robust Statistics: Theory and.
Methods. West Sussex: John Wiley & Sons.

Mekbunditkul, T. 2010. An Alternative Estimation for Regression Coefficients with
Outliers. Dissertation. Bangkok: National Institute of  Development
Administration.

Monhor, D. and Takemoto, S. 2005. Understanding the concept of outlier and its
relevance to the assessment of data quality: Probabilistic background theory.
Earth Planet Space. 57 : 1009-1018.

Montgomery, D.C. and Peck, E.A. 1982. Introduction to Linear Regression
Analysis. New York : John Wiley & Sons.



80

Moore, D.S. et al. 1999. Introduction to the Practice of Statistics. New York :
W.H.Freeman.

Poon, K.S., Fan, G., Poon, J., and Young, R. 2008. Analysis of structural change-
point in multivariate regression models. An application on IT productivity
impact.

Quandt, R.E. 1958. The estimation of the Parameters of a Linear Regression System
Obeying Two Separate Regimes. Journal of the American Statistical
Association. 53 : 873-880.

Rosett, R.N. and Nelson, F.D. 1975. Estimation of.the two-limit Probit regression
model. Econometrica, 43, 141-146.

Rousseeuw, P.J. and Leroy, A. M. 1987. Robust Regressien and Outlier detection.
New York : John Wiley & Sons.

Rousseew, P.J. and Zomeren, B.G#1990. Unmasking multivariate outliers and
leverage points. Journal of the American‘Statistical Association. 85 :
633-651.

Ryan, T.P. 1997. Modern Regression Methods. New York: John Wiley & Sons.

Seber, G.A.F. and Wild, CJ.2003. Nonlinear Regression. New York:
JohniWiley & Sons.

Snedecor, G.W+and Cochran, W.G. 1989. Statistical Methods. 8" ed. lowa:
Blackwell.

Suits, D., Marson, A. and Chan, L. 1978. Spline Functions Fitted by Standard
Regression Methods. Review of Economics and Statistics. 132 — 139.

Tishler, A., and Zang, I. 1981. A Maximum Likelihood Method for Piecewise
Regression Models with a Continuous Dependent Variable . Applied
Statistics. 30(April): 116-124.

Tobin, J. 1958. Estimation of Relationships for Limited Dependent Variables.
Econometrica. 26 : 24-36.

Walfish, S. 2006. A Review of Statistical Outlier Methods. Pharmaceutical
Technology. Available at
http://www.pharmtech.com/pharmtech/content/print/content/printContentPopu
p.jsp?id=384716



	Cover
	ABS
	Chap_1
	Chap_2
	Chap_3
	Chap_4
	Chap_5
	App-bip
	App



