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Abstract

The modified semi-parametric for non-participation of sample selection models are emphasized by the
use of the bandwidth parameters. This paper provides a consistent and asymptotically normal
estimator for the estimated of modified semi-parametric sample selection models. Some results of
Monte Carlo, to demonstrate of the limited sample performance is provided. However, the problem of
uncertainty and ambiguity occurred in the proposed models particularly the relationship between
endogenous and exogenous variables. This paper needs to consider the model estimation using fuzzy
modelling approach, called fuzzy modified semi-parametric sample selection model (FMSPSSM), the
fuzzy concept and its properties is the best alternative to overcome this problem. The triangular fuzzy
number with membership function is used. In the development of the proposed models, the
consistency and efficiency become an important aspect and need to study. Thus, to test the
consistency and efficiency of the proposed models, the Monte Carlo simulation developed by Nawata
(1994) is used. In this simulation, sample size of 100, 200, and 400 are used. The results revealed
that the proposed models of FMSPSSM are consistent and efficient.
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1 INTRODUCTION

The semi-parametric model characterized as having a finite-dimensional parameter of interest
(parametric) and a finite-dimensional nuisance parameter (non-parametric) was given by Begun et al
(1983). Even though this difference is a defining characteristic of semi-parametric modelling.
Definitions of “parametric”, “semi-parametric” and “non-parametric” according to Powell’s (1994). The
same estimator can be viewed as parametric, non-parametric or semi-parametric, in many cases,

depending on the assumptions of the model. The classical linear model as follows :
Y, =xB+u, 1

The unknown coefficients (8 is estimated by the least squares estimator :

B:[ixix;} _ZN:Xiyi )
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2 MODIFIED SEMI-PARAMETRIC OF SAMPLE SELECTION MODELS

The modified semi-parametric sample selection model (MSPSSM) as follows :

yi =9(x)+9g(wa)+u

»

d =w,_a+v,
sp sp

Iy

yisp = y::pdisp ©)
4 - 1 if dfsp <0
' 0 otherwise

Where yisp and disp are dependent variables, X; and W, are vectors of exogenous variables, o

sp sp

and B are unknown parameter vectors, Ui and Vi are error terms.
sp sp

The MSPSSM as described in Equation (1) consist of two steps. The first step is an estimation of the
participation equation using DWADE and the second step is an estimation of structural equation using
Powell (1987) estimator.

The First Step: Estimation of the Participation Equation

Powell et al. (1989) proposed Density Weighted Average Derivative Estimator (DWADE) to estimate
parameter a in the first step of Equation (3). DWADE that is non-iterative and easily computed.
DWADE is based on sample analogues of the product moment representation of the average
derivations and is constructed using non-parametric kernel estimators of the density of the regressors.
To estimate of the coefficients in index models through the estimation of the density-weighted average
derivative of a general regression function.

The Second Step: Estimation of the Structural Equation

Powell (1987) has proposed that the Powell estimator is used to estimate B in the second step of
Equation (3). Powell (1987) regarded as a semi-parametric selection model which combines the two-
equation structure with the weak distributional assumption of the joint distribution of the error terms as
follows :

f(u, v, %) =fu,v; [ xB) (4)
where f(-) is unknown function of the joint density of U,, V, (conditional on X ).

the estimator proposed by Powell (1987) as follows :

BPoweII = HZJZN: iﬁ'ijN(Xi _Xj)(xi _Xj)"| {[;] iiﬁluN(xi _Xj)(yi _yj)] (5)

=1 j=itl i=1 j=itl

where [i;N =

1y W6 — W G
h h

] with symmetric kernel function K(-), fi; is weights and are

calculated,  is parameter estimated and obtained by a weighted least-squares estimator, h is

bandwidth, & is parameter estimated.
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3 DEVELOPMENT OF FUZZY MSPSSM

This fuzzy concept is applied to the MPSSM and MSPSSM. Fuzzification is a process to convert non-
fuzzy variables into fuzzy variables. In the first stage, this data will be in the fuzzification of input and
output data. Input data are obtained from the survey of The Malaysian population and family survey
1994 (MPFS-1994) or the actual data and also from the simulation data. The output data are in the
forms of levels of self-defined levels. Here the level of those levels can be implemented in the form of
indicators that have been given an explanation of each relevant level. The a-cut method with an
increment value of 0.1 starting with O up to 0.8 is then applied to the triangular membership function.
From the a - cut method, a lower and upper bound for each observation are obtained (x;, y* and w;)
which is defined as

X; = (X Xim» Xy ), y.* =(YirYim: Vi) and W, = (W, , W, ,W,,)

The functions of membership are as follows :

M if X e[X;,X]
(Xim —X31)

1 |f X = Xim
iy M if XE[Xim!Xiu]
(Xiu _Xim)

0 otherwise
M if ye[yn’yim]
(Yim = Yi)

1 if Y=V¥in
\Jiuw Y if yE[yim’yiu]
(yiu - yim)

0 otherwise
M if welw;,w;]
(Wi, =Wy

1 if w= Wi
Hg, (w) = (w,, —w) :
N T if WE[Wimvwiu
(Wiu _Wim)
0 otherwise

To create the MPSSM and MSPSSM, then the first step is to change the membership (converting
real-triangular fuzzy membership values into a crisp value). A centroid method or the centre of gravity
method is used to calculate the outputs of the crisp value as the centre of the area under the curve.
The values of X, Yi, and W;. be the defuzzified values of )'Zi, ?i and \7Vi respectively. The

calculation of the centroid method for X, Y., and W;. to formulas that are:



ICIT 2013 The 6™ International Conference on Information Technology

J.xu;i(x)dx
X :_O:o—:_(xil—‘_xim_‘_xiu) 9)

[z, ()l

J Yug, (dy
Y = - =3 (Yi + Yin + Ya) (10)

[ug, (y)dy

jWM\Tvi (w)dw
W, = _O; - = _(Wil + W, + Wiu) (11)
[ s (w)dw
At this stage of the fuzzy environment, the a-cuts method is used for all the exogenous variables and

error terms. As in the defuzzifation stage, the values of fuzzy are converted to output of the value of
crisp as follows :

(X J|S XJu )
P : s (12)

i
Jspu—l 2,3,4,5 z

i=1

4 MONTE CARLO SIMULATION OF FMSPSSM

The purpose of the Monte Carlo simulation is used to calculate the values of the sample selection
model Nawata (1994). The fuzzy model for Monte Carlo simulation as follows :

yisp =B, +B1iisp +Gisp (13)
d; =1(o, + ocl\TviSP + T/isp <0) (14)
The following items are considered in the Monte Carlo study as follows :
- The effect of the correlation of X;_and W, _

- The effect of the correlation of Gisp and \7isp

X iy and \/~visp are the exogenous variables and the values are as follows :

Wi, =S, (15)

. b, s,
. Jn2+(1-n)’

§1isp and §2isp are independent and identifically distributed (iid) random variables distributed

(16)

uniformly on (0,20].

The values of the exogenous variables, X; and W, are as follows :
sp sp
S, and S, are random uniform variables with mean 0 and variance 20. T is the correlation
$ P

coefficient of -)Zis and W with T = 0.0 is considered. The fuzzy error terms {(~I Vi )} are jointly
normal and determined as follows :
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—_—

ViSp - Elisp ’ a7
B Po’éliSp +(1_P)Ezisp

g
\/po2 + (1_po)2

{&, }are normal random variables with mean zero and variance 1. {€2i } are i.i.d. normal random
p »

(18)

variables with mean zero and variance 100. {-élisp} and {Ezisp} are independently distributed. Po is the

correlation coefficient of Uiy and Vi with values of p, = 0.0 is considered. The error terms are
calculated twice, which is for the classical error terms as well as the fuzzy error terms. p from [-0.99,
0.99] with interval 0.01. Our hypothesis is Hp: B; = 0 against H;: B, # 0. If the hypothesis testing fail
to reject Hp, meaning that the model is not reflected our data. The sample sizes n=100, 200, and 400
are considered with 1000 replications on each sample size.

5 RESULT

The result is shown from Table 1 to Table 2 is the Mean, SD, RMSE with n=100, 200 and 400 for £3;.
The first column shows the sample size (n), while the second column shows the parameter of
bandwidth with a value of 0.2, 0.4, 0.6, 0.8, 1. Columns 3, 4, 5 provide information about the Mean,
SD (standard deviation) and RMSE (root mean square error). This calculation is obtained by using
DWADE estimator of the Powell estimator method.

Fuzzy Modified Semi-Parametric Sample Selection Model (FMPSSM)
Sam?:g Size | gandwidth (h) Mean ) RMSE
0.2 1.071450 0.2689982 0.2783256
0.4 1.070610 0.2614857 0.2708515
100 0.6 1.070836 0.2563274 0.2659351
0.8 1.071685 0.2526506 0.2626234
1.0 1.072515 0.2499261 0.2602336
0.2 1.047969 0.1748553 0.1813158
0.4 1.048289 0.1687668 0.1755394
200 0.6 1.050418 0.1673359 0.1747662
0.8 1.052373 0.1670478 0.1750656
1.0 1.054159 0.1668233 0.1753945
0.2 1.016707 0.1283052 0.1293884
0.4 1.015019 0.1254655 0.1263612
400 0.6 1.011026 0.1228866 0.1238683
0.8 1.015830 0.1212995 0.1223281
1.0 1.016037 0.1200999 0.1211659

Table 1 : Fuzzy Modified Semi-Parametric Sample Selection Model (FMSPSSM) using =0, pe=0,
and a-cut=0.2 for 3,
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Fuzzy Modified Semi-Parametric Sample Selection Model (FMSPSSM)
Sample Size Bandwidth

(n) (h) Mean SD RMSE
0.2 1.060961 0.2578526 0.2649608
0.4 1.057912 0.2520313 0.2585993

100 0.6 1.056710 0.2469395 0.2533675
0.8 1.057172 0.2448945 0.2514795
1.0 1.057583 0.2436515 0.2503635
0.2 1.047969 0.1748553 0.1813158
0.4 1.048289 0.1687668 0.1755394

200 0.6 1.050418 0.1673359 0.1747662
0.8 1.052373 0.1670478 0.1750656
1.0 1.054159 0.1668233 0.1753945
0.2 1.016778 0.1278666 0.1289627
0.4 1.015081 0.1250520 0.1259581

400 0.6 1.015619 0.1225069 0.1234985
0.8 1.015885 0.1209339 0.1219728
1.0 1.016090 0.1197439 0.1208201

Table 2 : Fuzzy Modified Semi-Parametric Sample Selection Model (FMSPSSM) using =0, py=0,
and a-cut=0.4 for 3,

6 CONCLUSION

To reduce the problem of uncertainty that exists in MSPSSM, the fuzzy concept and its properties are
the best alternative to overcome this problem. The triangular fuzzy number with membership function
is used. The FMSPSSM has used the bandwidth by Powell estimator. Table 1 and Table 2 are

calculation of the FMSPSSM for Mean, SD, RMSE under normality assumption. The values of SD and
RMSE decreased with increased sample size, and also decreases with increasing values of a-cut.
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