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ABSTRACT

Ridge type estimators are used to estimate regression parameters in a multiple linear regression model when multi-
colinearity exists among predictor variables. When different estimators are available, preliminary test estimation proce-
dure is adopted to select a suitable estimator. In this paper, two ridge estimators, the Stochastic Restricted Liu Estimator
and Liu Estimator are combined to define a new preliminary test estimator, namely the Preliminary Test Stochastic Re-
stricted Liu Estimator (PTSRLE). The stochastic properties of the proposed estimator are derived, and the performance
of PTSRLE is compared with SRLE in the sense of mean square error matrix (MSEM) and scalar mean square error
(SMSE) for the two cases in which the stochastic restrictions are correct and not correct. Moreover the SMSE of
PTSRLE based on Wald (WA), Likelihood Ratio (LR) and Lagrangian Multiplier (LM) tests are derived, and the per-
formance of PTSRLE is compared using WA, LR and LM tests as a function of the shrinkage parameter ¢ with respect
to the SMSE. Finaly anumerical exampleis given to illustrate some of the theoretical findings.

Keywords: Preliminary Test Estimator; Mean Square Error Matrix; Scalar Mean Square Error; Stochastic Restricted
Liu Estimator; Liu Estimator; Wald Test; Likelihood Ratio Test; Lagrangian Multiplier Test

1. Introduction on these three tests by combining the Restricted Liu
Estimator (RLE) and the Liu Estimator.

In this paper, two ridge estimators, the Stochastic
Restricted Liu Estimator and Liu Estimator are combined
to define a new preliminary test estimator. The new
PTSRLE is introduced and derives its stochastic pro-
perties in Section 2. The mean sgquare error and scalar
mean sguare error comparisons between PTSRLE and
SRLE are carried out in Section 3. In Section 4 the
SMSE of the PTSRLE based on WA, LR and LM tests
are derived and the performance of the PTSRLE is com-
pared using WA, LR and LM tests as a function of the
shrinkage parameter d with respect to the Scalar Mean
Square Error. Finally in Section 5, we illustrated these
comparisons with a numerical example.

A common problem in a multiple linear regression model
is a multicolllinearity. Some biased estimators are pro-
posed to solve this problem such as the Ordinary Ridge
Estimator (ORE) by Hoerl and Kennard [1], the Res-
tricted Ridge Estimator (RRE) by Sarkar [2], the Liu
Estimator (LE) by Liu [3], the Restricted Liu Estimator
(RLE) by Kagiranlar, et al. [4] and the Stochastic
Restricted Liu Estimator (SRLE) by Hubert and Wijekoon
[5]. When different estimators are available the preli-
minary test estimation procedure is adopted to select a
suitable estimator. The preliminary test approach was
first proposed by Bancroft [6] and then has been studied
by many researchers, such as Judge and Bock [7], Wije-
koon and Trenkler [8] and Saleh and Kibria [9]. Later

Kibria and Saleh [10] have discussed the performance of PR :
preliminary test ridge estimators based on WA [11], the 2. Model Spedification and Stochastic

LR [12] and the LM [13] tests. Then Yang and Xu [14] Properties of the Proposed Estimator
have introduced the preliminary test Liu estimators based First we consider the multiple linear regression model
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Y=Xp+¢& ¢~N(00%1), 1)

where Y isann x 1 observable random vector, X is
an n X p known design matrix of rank p, g isap x1
vector of unknown parametersand & isann x 1 vector
of disturbances.

In addition to sample Model (1), let us be given some
prior information about S in the form of a set of m
independent stochastic linear restrictions as follows;

r=Rp+5+v, v~N(0,6°Q) 2

where r isanm x 1 stochastic known vector R isam
x p of full row rank m < p with known elements, ¢
is non zero m x 1 unknown vector and v isanm x 1
random vector of disturbances and Q is assumed to be
known and positive definite. Further it is assumed that
v isstochastically independent of ¢, i.e.,

E(su') =0.

Let us now turn to the question of the statistical eva
luation of the compatibility of sample and stochadtic informa:
tion. The classical proceduresisto test the hypothesis

H,:6=0 against H,:5+#0 3

under linear Mode (1) and stochastic prior information (2).

The Ordinary Least Squares Estimator (OLSE) for the
Model (1) and mixed estimator [15] due to a stochastic
prior restriction (2) are given by

f=SX"Y and f,=f+S*R(Q+RS'R) " (r-Rp)

4
respectively, where S =XX
The Ordinary Stochastic Pre Test Estimator (OSPE) of
£ [8] isdefined as
. B, if Hy:6=0
Poser =7 - . ° (5)
g itH:6#0

Further, we can write (5) asfollows
ﬂOSPE - ﬂm[[o'Fm,n*P(a)) (F) - ﬂI[Ft,n*.U(a)'oc) (F) (6)

m

where,
-1

(r—R[f)' (Q+RSR) (r—R[f)

F= >
mo

™
which has a non-central £, , ,, distribution under

H,:8 # 0, with non-centrality parameter
. 5'(Q+§S:R')'15 it 5 (r-xB) (v-x4) |
oz n—p

©)

[[op () (F)

m,n-p
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and
L. ) (F)

are indicator functions which take the value one if F
falsin the subscripted interval and zero otherwise.

F,., (a)

m,n—p

is the upper a-level critical value from the central F dis-
tribution

F

m,n—-p,0 "

When different estimators are available for the same
parameter vector £ in the linear regression model one
must solve the problem of their comparison. Usually as a
simultaneous measure of covariance and bias, the mean
square error matrix is used, and is defined by

N

(7.6)= | (5-7) 3] |~0(5)+5(7)(7)

. (©)
where D(,b’) isthe dispersion matrix and

8(7)-#(3)-»

denotes the bias vector. We recall that the Scalar Mean
Square Error

SMSE (B, ) = trace(MSE( B, ﬁ))

Now the Liu estimator

ﬁLE =F, d:é (10)
and stochastic restricted Liu estimator
ﬂ’\sm’ = Fdﬁm (11)

are combined to define the new preliminary test estima-
tor (Preliminary Test Stochastic Restricted Liu Estimator
(PTSRLE)) as

(12)

i FE,B, if Hy:5=0
ﬂPTSRLE (d):{ ! °

F,B if H:5#0
where,
F,=(S+1)"(S+dl)

with O0<d <1 and d isthe shrinkage parameter.
Then we can write (12) asfollows

/}PTSRLE (d)
= F, /?ml[OF ) (F)+E, [31[me () (F) - (13)

L n—p\ &

=F; Boser

Wijekoon [8] derived the stochastic properties of OSPE.
By using those results the expectation vector, bias vector,
dispersion matrix, MSEM and SMSE of S, (d)
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can be shown asfollows

E[ Brrsuie () | = FLE| Bosne | = FiB+ 1, (2) F,HS (14)
B[ﬁPTSRLE(d)J |:( )(S+ ) B+h, ( )H§j| (15)
D [BPTSRLE D |:ﬂOSPE:|
=0’F,SF, 0'2h .(2)F,GF, 16)
+[ 2h, (2)—h, (4) -1 (2) | F,HOS'HF,
MSE [ﬁNPTSRLE (d):|
=0’F,S"'F; -c’h, (2)F,GF,
+[ 2n, (2)~h, (4)- 1} (2) |F,HOS HF, an

HE [ (d-1)(S+ar)* B+, (2)H5 |
x| (d-1)(s+ar)" B+, (2)H5] F,
and

SMSE | Byysuee (d ]

=o’tr(F,S7F] ) *h, (2)tr (F,GF})
+[2h,(2)-h, (4)|n'F,Fn
+2(1—d)h2( ),B(S+I) En+(1-d) p(S+1)° B

(18)
respectively, where,

G=S"R(Q+RS'R) RS,
H=5"R(Q+ Rs-lk')’l,

S§=E(r)-RB, n=H[RB-E(r)]

and

2 F,
hﬂ(ﬁ):Pr{)j;’;“ < ’;’"_Pp(a)] for (€N .
n-p

Hubert and Wijekoon [5] have given the MSE and
SMSE for SRLE as

MSE ( B, ) =

+F, [ (d-1)(S+dl)* B+ HO| (19)

’F,S7'F) - o*F,GF)
x| (d —1)(S+d1)_1,3+H§]’ F)

SMSE (B, ) = otr(F,S7'F}) - o’ (F,GF)
' FiFn+2(1-d) ' (S+1) " Fyy (20)
+(1-d) p(S+1)° B

Copyright © 2013 SciRes.

Now we will see some properties of S, (d),

¢ Note that the PTSRLE reduces to the OSPE when
d=1.

o If a=1 then h,(2)=h,(4)=0 and hence the MSE
matrix of B, (d) reducesto

MSE| Bz | = 0”F,S ) +(1-d )’ (S+1) " g (S+1)"

which isthe MSE matrix of Liu estimator.
o If =0 then h,(2)=4h,(4)=1 and hencethe MSE
matrix of /3, (d ) reducesto

MSE| B, |= 0°F,S7'F} -

[ (d=1)(S+d1) B+ HO |

o’F,GF),

x[(d—l)(S+d1)_lﬂ+H§] F

which isthe MSE matrix of SRLE.

e If 2> then h,(¢)—0, and hence from (17),
the MSE matrix of the PTSRLE tends towards that of
the LE.

3. Performance of the Proposed Estimator

In this section, we will compare the PTSRLE with the
SRLE in the sense of mean square error matrix and scalar
mean square error when stochastic restrictions are correct
and not correct.

Definition: (MSEM Superiority of Estimators)

Let two aternative estimators B, and B, of S be
given. Then g, is said to be superior to g, with re-
spect to the MSEM criterion if and only if

M (4. B)-M(5,.8)20. (21)

3.1. Comparison between the PTSRLE and
SRLE under MSE Criterion

In this subsection, we will compare the PTSRLE with
SRLE under MSE criterion when the stochastic restric-
tions are correct and not correct.

Consider the MSE difference between the PTSRLE
and SRLE,

MSE [/}PTSRLE (d):| ~MSE [’[}»"d :|

(22)
=F,[D+dd;—d,d,|F,
where,
=0?(1-h,(2))G+EHSS'H'
dy=(d-2)(S+dl)" g+h,(2)H&,
d,=(d-1)(S+dI)" p+HS
and
QJs
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£=21,(2)-h, (4)-#2(2)>0.

3.1.1. Theorem 3.1:

1) If the stochastic restrictions are true (i.e., §=0);
the SRLE is always superior to the PTSRLE in the mean
squared error matrix sense.

2) Under the assumption

(d-1)(S+dl)" peR(D),
the SRLE is not worse than the PTSRLE if and only if:

{[(a-s(s+ar* s @s]
(=)' pn @]
a5 any peno] o
-5 an)* peo]-
<l an) pen, @] o

x[(d—l)(S+dI)_l,b’+H5J}2

in the mean square error matrix sense when the stochastic
restriction are not true (i.e., 6 #0). Here *R() denotes
the column space of the corresponding matrix.

3.1.2. Proof:
If the stochastic restrictions are correct then

E(r)-RB=6=0,
and consequently the Equation (22) reduced to
MSE [ﬁPTSRLE (d)] —MSE [Iésm] = F,DF; (23)

Since 0<#h,(2)<1 the D matrix is clearly non-
negative definite.

Therefore the mean square difference in (23) is clearly
nonnegative definite matrix since D is nonnegative
definite matrix. Hence the SRLE is always superior to the
PTSRLE in the mean square error matrix sensewhen 6 =0.

If the stochastic restriction are not correct then

E(r)-RB=5%0,

and consequently with respect to the M SE matrix criterion
Boq 1S SUPENOr 10 Bope,, (d) if and only if ( D+
d,d; —d,d, ) is nonnegative definite. Since D is non-
negative definite, we can apply the lemma of [16] (see
Appendix) to analyze the MSE matrix superiority of S,
over IBPTSRLE (d) :

According to [17] (Theorem A.76, p. 514) we can de-
rive the generalized inverseof D as

-1
o?(1-h,(2))

24)

x| G —— d — G HSS'H'G
o?(1-h,(2))+ESH'G HS

After some straightforward calculation we can show
that

S'H'G HS = 20°2 (25)
Using (24) and (25) we can easily prove that
DD HS=H5 . This implies that H6eR(D) . If
(d-1)(S+dl)" peR(D) then we have d,eR(D)
and d,eR(D).
To establish condition (1) in the lemma (see Appendix),
wefind f, =d/D"d, for i=12,j=12 suchthat

fu= {[(d ~1)(S+dl) " p+h, (z)Ha]' D

X

(d-1)(S+dI)* B+h, (Z)HdJ}

1

S = {[(d -1)(S+ d])_1ﬂ+H§] D

X[ (¢-1)(s+ d[)_1ﬂ+H§J}
and,

fir = {[(d ~1)(S+dl) p+h, (2)H5], D

x[(d—l)(S+d1)lﬂ+H5J}

Hence, according to the lemma the mean square error
matrix difference
MSE[/;)PTSRLE (d):| _MSEI:ﬂsrd :|

is nonnegative definite if and only if

{[(d ~1)(S+dl) B+, (2)H§], D x| (d=1)(S+dl)" p+h, (2)HO | +1} x{[(d ~1)(S+dI) B +H5J, D

<[ (d-1)(s+ar)* p+H5| —1} < {[(d ~1)(S+dl) " p+h, (2)H5] D x| (d=1)(S+dl) " p+ H(SJ}Z

Copyright © 2013 SciRes.
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This compl etes the proof of theorem.
3.2. Comparison between the PTSRLE and
SRLE under SMSE Criterion

In this subsection, we will compare the PTSRLE with
the SRLE under SMSE criterion when stochastic re-
stricttions are correct and not correct.

If the stochastic restrictions are correct then

E(r)-RB=6=0,

and consequently the SMSE difference between
Brorsis(d) and f,, can bewritten as

SMSE| Borsuue (d) |- SMSE| B,., |
- 0?[1-h, (2)]er(F,GF}) '

(4 +d)

1

SMSE| B4 |~ SMSE[ Byrsuur (d) ] = Zpl: 4 +1)

(
h(2)ir) =Y hi+d)

i=1 (ﬂ, 1)2

i

—~

+2(1-d)(1-

{(1— 2h, (2)+h, (4)) 477 +2(1-h, (2)) 77,

which is nonnegative definite as
0<h,(2)<1.

Hence Iésrd
when 6=0.
If the stochastic restrictions are not correct then

E(r)-RB=56#0,

is aways superior t0 S, (d)

and consequently since the matrix S is positive defi-
nite, there exist an orthogonal matrix P and a posi-
tive definite diagonal matrix

A =diag(4, 4,14, )

such that P'SP=A, with PP=PP' =] . Then the
SMSE difference between SRLE and PTSRLE can be
written as

{ 2(h, (2)-1)(4 +d)a, +(1-2h, (2)+ h, (4))(4 +d) 7}

-o%(1-1,(2))a,4  (26)

~d[0®(1-h,(2)), ~(1-h, (2)+ by (4))77 +2(1- 1, (2)) 717, ]}

where,

!

7:P’ﬁ:(711721"'17,,),1 ﬁ:P’n:(ﬁl’ﬁZ’..‘Yﬁp)

and a,>0 isthe " diagonal element of the matrix
A= P'AP. Therefore, the SMSE difference in (26) is
nonnegative definite if and only if 0<d <d", where,

(27)

ELQ{[]' 2h, 2 ])”71 +2|:1 h :|’7[7i_02|:1_hﬁ~(2):|5”ﬂi}
LW{ 2[1-h, ( ]a,, [1-21, (2)+h, (4)]72 +2[1- 1, (2)]77,)

Now we summarize our findings:

Theorem 3.2:

1) If the stochastic restrictions are true (i.e. 5§ =0);
the SRLE is always superior to the PTSRLE in the sca-
lar mean sguared error sense.

2) If the stochastic restrictions are not true (i.e.
6 #0); the Preliminary Test Stochastic restricted Liu
Estimator has Smaller SMSE than the Stochastic Re-
stricted Liu Estimator if and only if 0<d <d’, where
d" isgivenin (27).

4. PTSRLE Based on WA, LR and LM Tests

In general, the finite sample test such ast or F was used
to define the preliminary test estimator. Since these finite
sample tests are not aways available it is very useful to
consider the preliminary test estimators based on the
three tests WA, LR and LM. The WA test offers the ad-
vantage of only requiring estimates of the unrestricted
model, whereas LR test requires estimates of both unre-

Copyright © 2013 SciRes.

stricted and the restricted model. The LM test only re-
quires estimates of the restricted model. In different
situations, we may find one or the other of these tests
which is easier to compute. Judge and Bock [7] have
rewritten the model given in (1) and (2) to obtain the F
statistics for testing the hypothesisin (3). Using the same
model we can derive the test statistics for the WA, the
LR and the LM tests which are well employed for testing
the Hypothesis (3) and given by

(n+m)mF
gWA =
n—-p

E1n =(n+m)|n[1+ ’"F} (28)

n—p
(n+m)mF

d == "
e [n—p+mF]

respectively [18].
It's known that under the null hypothesis H,, the

QJs
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three test statistics have the same asymptotic chi-square
distribution with m degrees of freedom [18]. When the
exact distribution is approximated by the asymptotic chi-
sguare distribution, the critical value for an a-level test of
H, is approximated by the central chi-square critical
value zZ(a) for large sample tests. This asymptotic
chi-square distribution has wide application in the field
of Econometrics. Based on the above tests, the PTSRLE
takes the form [10] as

Borswu (d.€.)=F, B, Do ))(g*)+Fd,BI[ ) )’w)(g*)

(29)
where (*) stands for either WA, LR or LM tests vaues,
and x2(c) is the upper percentiles of the central z?
distribution with m degrees of freedom.

By using the equation in (18), now we can obtain the
SMSE of the PTSRLE based on WA, LR and LM tests.

SMSE| fprsuss (&) |
=c’r(F,S7F})-c’h, (2)tr(F,GF})
+[ 28, (2) -k, (4) |n'FiFm (30)
+2(1-d)h, (2)B (S+I) F,n
(1 d) ﬂ(S+I) p

where,
2 *
B, (0)=Pr| Zmez < M€
Hoep NP

for feN,and ¢
tests as

takes the value for WA, LR and LM

e

M (n_p)li (0‘) CLR (
(n+m)m m

and

m[n+m—;(; (a)]

M (n_p)lfz (0!)

respectively.
We consider the SMSE difference between WA and
LR tests of the PTSRLE

SMSE| Borsss (64d) |~ SMSE| Brrsyys (£100) |
=c’tr(F, GF’)y/l—n'F’E,n[Zl//l—l//I] 3D
—2(1 d)l//lﬂ (S+I) Fn
where:
=h" (2)-1;"(2)
and

vy =k (4) =" (4).

Copyright © 2013 SciRes.

Now we consider the SMSE difference between LR
and LM tests of the PTSRLE

SMSE | Brorusr (£100d) | = SMSE[ Byrsur (€101 |
=o%tr (F,GF) )y, ' FiFn| 2y, —v, | (32)
~2(1-d)y, B (S+1) " En
where:
v, =k (2)-1"(2)
and
vy =h" (4)=h" (4)

Casel: If the stochastic restrictions are true then 6 = 0.

Note that y, >0 as ¢ >c" and y,>0 as
> " then the SMSE difference in (31) reduced to
o’tr(F,GF, )y, which is nonnegative definite as y, >
0. Similarly the SMSE difference in (32) reduced to
o’tr(F,GF,)y, which isnonnegative definite as y, >
0.

Case |I: If the stochastic restrictions are not true then
0=0.

We can rewrite the SMSE difference in (31) asfollows

SMSE [BPTSRLE (8WA ) d)] - SMSE [:BPTSRLE (gLR 'd)J

jlé/l 1)){ o hawy =ik (=i -2riin (39)

+d[a ay,—1’ (2% —wl*)+ ZWWJ}

Therefore the SMSE difference in (33) is honnegative
definiteif d, <d <1, where
. . 2, -
. rgaig{n A 2-vi )+ 2y -0 ﬂia,-,-t/fl}

mln{a ay, — (2l//1 W1)+27,77,l//1}

I<i<p

(34)

Hence ﬂPTSRLE(guw ) will dominate ﬂPTSRLE(gWA’d)
if d,<d<1 and we can smilarly get that B,
(gWA,d) will dominate ;g (£,7,d) Whenever 0<
d <d, where

. min{7°4 (2, —v; )+ 27— o Ad,wn)
2

max {o%a,u, 7 (20w )+ 2w

I<i<p

(35

We can rewrite the SMSE difference in (32) as fol-
low:

SMSE [,BPTSRLE (é‘LR ) d)} - SMSE[IBPTSRLE (‘9LM J d):|
2 (A +d)
"Ry

+d[ Pay, — i (2, —y3) + 2%-?%%]}

o Aaw, -7 A2y, — ) - 27w, - (36)
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Therefore, the SMSE difference in (36) is nonnegative
definiteif d <d <1, where
max {ﬁfzﬂ“[ (2W2 ~; ) +2y7y, - Gzﬂ"[dii‘/lz}

d* _ I<i<p

min (P, =i (202~ )+ 27w
. He*nce BPTSRLE(SLM'd) Wil_l dpminae ﬁPTSRLE(‘gLR’d)
if dy<d<1 and we can similarly get that S,
(£,2.d) will dominate f,q,,(,,,,d) Whenever 0<
d <d, where

(37)

. min {ﬁiz){‘i (2‘//2 - ‘//; ) +2y0y, - O-Z/L'dﬁ'//z}
dy == * (38)
max {0-25:1‘//2 - ﬁiz (2'//2 —¥, ) + 271'771"//2}

I<i<p

Now the performance of the PTSRLE estimator based
on WA, LR and LM tests are compared with respect to
the SMSE, and the following theorem can be stated.

Theorem 4.1:
1) The stochastic restrictions are true (i.e. ¢ = 0); then
SMSE [,BPTSRLE (&1 dﬂ
< SMSE[ fyrs (6100d) |
< SMSE | Borsuve (&14d) |

2) The stochastic restrictions are not true (i.e. §=0)
then
3 If max{d;,d;}<d <1 then

SMSE I:ﬁPTSRLE (e dﬂ

< SMSE[ Byysure (€144 |

< SMSE| Byysprr (&140d) |
b) If 0<d <min{d;,d;} then

SMSE | Brrsuve (€r41d) |

< SMSE I:ﬁPTSRLE (e dﬂ

< SMSEI:ﬂNPTSRLE (e d)J

where, d;, d,, d, and d, are given in Equations
(34), (35), (37) and (38), respectively.

From Theorem 4.1(2b) and according to [14] we can
say that when 4 is small, WA test has the smallest
SMSE than the other tests. Similarly according to the
results stated in (2a), the LM test has the smallest SMSE
than the other testswhen d becomeslarge.

5. Numerical Example

To illustrate our theoretical results, we consider the fol-
lowing data set on Portland cement originaly due to
Woods, Steinour and Starke [19]. This data set came

Copyright © 2013 SciRes.

from an experimental investigation of the heat evolved
during the setting and hardening of Portland cements of
varied composition and the dependence of this heat on
the percentages of four compounds in the clinkers from
which the cement was produced. The four compounds
considered by Woods, Steinour and Starke [19] are trica
lium duminate: 3Ca0-Al,O3, tricalcium silicate: 3Ca0-S 0,
tetracalcium aluminaferrite: 4Ca0-Al,O5Fe,0s, and beta-di-
calcium silicate: 2Ca0-SiO,, which we will denote by X,
X,, X, and X,, respectively. The dependent variable
Y is the heat evolved in calories per gram of cement
after 180 days of curing. This dataset has since then been
widely used by many researchers (e.g. [4,20]).

7 26 6 60 78.5
1 29 15 52 74.3
11 56 8 20 104.3
11 31 8 47 87.6
7 52 6 33 95.9
11 55 9 22 109.2
X=/3 71 17 6|, Y=|1027
1 31 22 44 72.5
2 54 18 22 93.1
21 47 4 26 115.9
1 40 23 34 83.8
11 66 9 12 1133
10 68 8 12 109.4

The X = (X1, Xz, Xa, X4) matrix contains n=13 ob-
servations and p =4 predictor variables. Since the re-
gressor matrix X does not include a column of ones a
homogeneous multiple linear regression, Model (1)
without intercept is fitted to the data.

The ordinary least square estimator of regression coef-
ficient g is

B=S"XY = (2.1930,1.1533,0.7585, 0.4863)'
with
MSE [ B, ﬁ] =0.0638
and

6% =5.8455.

Consider the following stochastic restrictions »=RfS+
5+v where R=(0,1,31), r=0 and

v ~N(0,62,5 =5.8455) (see[20,21]).

Figures 1 and 2 are drawn by using the SMSE given
in Equations (18) and (20) for different d values se-
lected from (0, 1).

According to the Figures 1 and 2, we can conclude
that when d is smal the PTSRLE has the smallest
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SMSE value than the SRLE, OSPE and OL SE.

Figures 3 and 4 are drawn by using the SMSE given
in Equation (30) for different d vauessdected from (0, 1).
From Figures 3 and 4, we can notice that when d is
small, the WA test has the smallest SMSE than the other
tests. When 4 becomes large, the LM test has the
smallest SMSE. Hence the data analysis supports the
findings of this paper.

6. Conclusions

In this paper, we have introduced a new preliminary test
estimator in amultiple linear regression model. When d
is small, the PTSRLE based on WA test has the smallest
SMSE than the other tests. When d becomes large, the
PTSRLE based on LM test has the smallest SMSE.
Moreover, for certain cases (Figures 1 and 2) the pro-
posed estimator has the smallest SMSE. The results of
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el
(0]
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@ 0.0632—
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----- PTSRLE
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0.0630 —— . . . —OLSE
o ol < O o0 o ]
=} =) =) o o —

Shrinkage parameter d

Figure 1. Estimated the SMSE values for SRLE, PTSRLE,
OSPE and OLSE at « =0.01.
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Figure 2. Estimated the SM SE values for SRLE, PTSRLE,
OSPE and OLSE at a=0.05.
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Figure 3. The SM SE of the PTSRLE based on WA, LR and
LM testsfor a=0.01.
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Figure 4. The SM SE of the PTSRLE based on WA, LR and
LM testsfor a=0.05.

this paper have a potential for future developments for
both theoretical and practical aspects.
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Appendix

Lemma: (Baksalary and Trenkler, [16])

Let C be a nonnegéative definite matrix andc;, c,
be linearly independent vectors. Furthermore for some
generdized inverse C- of C , let f,=c/Cc; ;
i=12,;=12 andlet

i ¢(1-cc) (1-cc)e,
c(1-cC)(1-CC ),

where ¢, e*R(C) and R(.) denote the column space
of the corresponding matrix. Then we have

Copyright © 2013 SciRes.

C+cep—cyc0 20
if and only if
1) ¢, eR(C),c, eR(C) and
(fu+)(fo+)< f3 or
2) cleE‘B(C),cze‘R(C,cl)and

’

(¢, —s¢,) C (c,—s5¢,)<1-s7
and all expressionsin (1) and (2) are independent of the
choiceof C™.
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