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ABSTRACT

In this study two new preliminary ... stochastic restricted estimators, a
Preliminary Test stochastic restricted ,-k class estimator and a Preliminary Test
stochastic restricted r-d class estimator, are proposed. The comparison of one
estimator over the other is done in the mean square error matrix sense. Further
preliminary test stochastic restricted r-k class estimator is compared with r-k class
estimator (Baye and Parker, 1984) and stochastic restricted r-k class estimator
(Wu, 2014). Similarly preliminary test stochastic restricted r-d class estimator is
compared with r-d class estimator (Kagiranlar and Sakalliogiu, 2001) and
stochastic restricted r-d class estimator (Wu, 2014). Finally a numerical example

is given to illustrate the theoretical results.
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1. INTRODUCTION

Instead of using the Ordinary Least Square Estimator (OLSE), the biased estimators
are considered in the regression analysis in the presence of multicollinearity. Some
of these are namely the Principal Component Regression Estimator (PCRE) (Massy,
1965), Ridge Estimator (RE) (Hoerl and Kennard, 1970), Liu Estimator (LE) (Liu,
1993), r-k class estimator (Baye and Parker, 1984), Almost Unbiased Ridge
Estimator (AURE) (Sing et al., 1986), Almost Unbiased Liu Estimator (AULE)
(Akdeniz and Kagiranlar, 1995) and the r-d class estimator (Kagiranlar and
Sakallioglu, 2001). An alternative method to deal with multicollinearity problem is
to consider parameter estimation with some restrictions on the unknown parameters,
which may be exact or stochastic restrictions. In the presence of stochastic prior
information in addition to the sample information, Theil and Goldberger (1961)
proposed the Mixed Estimator (ME). By replacing OLSE by ME in the RE, LE,
AURE and AULE respectively, the Stochastic Mixed Ridge Estimator (SMRE) (Li
and Yang, 2010), Stochastic Restricted Liu Estimator (SRLE) (Hubert and
Wijekoon, 2006), Stochastic Restricted Almost Unbiased Ridge Estimator
(SRAURE) (Wu and Yang, 2014) and Stochastic Restricted Almost Unbiased Liu
Estimator (SRAULE) (Wu and Yang, 2014) are introduced. Recently, Wu (2014)
proposed a new stochastic restricted r-k class estimator which is defined by combing
the ME and r-k class estimator and a new stochastic restricted r-d class estimator
which is defined by combing the ME and r-d class estimator.

When different estimators are available to estimate the unknown parameter,
preliminary test estimation procedure is adopted to select a suitable estimator, and it
can be also used as another estimator with combining properties of both estimators.
The preliminary test approach was first proposed by Bancroft (1944), and then has
been studied by many researchers, such as Judge and Bock (1978), Wijekoon (1990)
and Arumairajan and Wijekoon (2013). By combining OLSE and ME, the Ordinary
Stochastic Preliminary Test Estimator (OSPE) was proposed by Wijekoon (1990).
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Recently, Arumairajan and Wijekoon (2013) introduced the Preliminary Test
Stochastic Restricted Liu Estimator (PTSRLE) by combining the Stochastic

Restricted Liu Estimator and Liu Estimator.

In this study, we propose a new Preliminary Test stochastic restricted r-k class
estimator which is defined by combing the r-k class estimator and stochastic
restricted r-k class estimator and a new Preliminary Test stochastic restricted r-d
class estimator which is defined by combing the r-d class estimator and stochastic
restricted r-d class estimator. Further the proposed estimators are compared with
some biased estimators in the mean square error matrix sense. Also Preliminary Test
stochastic restricted r-d class estimator is compared with Preliminary Test stochastic
restricted r-k class estimator. Finally a numerical example is given to illustrate the

theoretical results.

2. MODEL SPECIFICATION AND ESTIMATORS

First we consider the multiple linear regression model
Y=Xp+e, e~N(0,0°1), (2.1)
where Y is an n x 1 observable random vector, X is an n x p known design matrix of

rank p, f is a px1 vector of unknown parameters and ¢ is an nx1 vector of

disturbances.

In addition to sample model (2.1), let us be given some prior information about £ in

the form of a set of m independent stochastic linear restrictions as follows;
r=Rp+5+v,v~N(0,6°Q) (2.2)

where r is an m x 1stochastic known vector R is a m x p of full row rank m < p with

known elements, & is non zero mx1 unknown vector and v is an m x1random
vector of disturbances and Q is assumed to be known and positive definite. Further

it is assumed that v is stochastically independent of . i.e. E(ev')=0.
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The Ordinary Least Squares Estimator (OLSE) for the model (2.1) and the mixed
estimator (Theil and Goldberger, 1961) due to a stochastic prior restriction (2.2) are
given by

p=5"X'y and f,=p+S"R(Q+RS'R) " (r-Rp) (2.3)
respectively. where S=X" X .

The expectation vector, and the mean square error matrix of ,3 are given as
E([}) = f and MSE(ﬁ) = oS respectively.

The expectation vector, dispersion matrix, and the mean square error matrix of ﬁm
are given asE(ﬁm)=ﬂ+H5, D(,@m)z 0’S™ —o’G and

MSE ( ﬁm ) =c’ (S oo G) +HO0'H' respectively, where,

G=S"R(Q+RS'R) RS ,H=S"R(Q+RS'R) and 5= E(r)-Rp.

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
st )= | (5-)( - 5) |- () 5(8) (7). 4
where D()is the dispersion matrix, and B( ﬁ ) =FE ( ,3 ) — [ denotes the bias vector.

We recall that the Scalar Mean Square Error SMSE ( ,5’, p ) =trace [MSE ( ,3 ] )J .

For two given estimators /4, and f3,, the estimator $3,is said to be superior to /4,
under the MSEM criterion if and only if

M (B, B,) = MSE( . B)~ MSE( 3, 8) 0. 2.5)
Let us now turn to the question of the statistical evaluation of the compatibility of

sample and stochastic information. The classical procedures is to test the hypothesis
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H,:0=0 against H,:0#0 (2.6)
under linear model (2.1) and stochastic prior information (2.2).

The Ordinary Stochastic Pre Test Estimator (OSPE) of £ (Wijekoon, 1990) is

defined as
. B, if H:6=0
Boser =9 ~ . ’ (2.7)
g if H:0+#0

Further, we can write (2.7) as

Y

'B)OSPE :ﬁml[O,Fmﬂ,p(a))(F)+ﬂl[ﬂn’n71)(a),oo)(F)’ (2.8)

-1

(r—Rﬁ)' (Q+RSTR) (r —Rﬁ’)

where, F = =
mé

(2.9)

which has a non-central F, , . distribution under H, :6 # 0, with non-centrality

parameter

. 5’(Q+RS21R')1 oo (y—xB) (v-x3) |

20 n—p

(2.10)

and I[o,Fm,,,_p (a))(F ) and I[Fm,,,_p (@0) (F ) are indicator functions which take the value

one if F falls in the subscripted interval, and zero otherwise. F

m,n—p

(a)is the upper

« - level critical value from the central F distribution 7, , ;.

The expectation vector, dispersion matrix, and the mean square error matrix of £,

are derived by Wijekoon (1990), and given by

E(fogpe ) = B+1, (2)HS, (2.11)
D(Boge ) =08 =01, (2)G +[ 20, (2)~ h, (4) - (2) | HOS'H', (2.12)

and

MSE( ﬁm) =05 ~a’h, (2)G+(2h,(2)~h, (4)) HSS'H' (2.13)
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respectively, where, &, () = Pr(ﬂ(’”” 2 < Frnp(@)

for /e N.
an n_p

Now we consider the transformation for model (2.1):

y=XITT'f+e=Za+¢ (2.14)
where Z=XT,a=T'f and T = (tl,tz, . ) (T T, )15 a px p orthogonal matrix

such that

! Ar O
(7.7,.,) X’X(TroTpr):A:[ 0 Ap_,j

by, ) s T = (gt ) o A=diag(A, Ay, d,)

A, =diag (A, 2y, 2,), A, = diag (4., 2

T+ T2

where 0<k<p,T =(1,
,ﬂp)and A2 z..2A,>0are the
eigenvalues of XX . Note that Z = XT :(zl,zz,...,zp)=(Zr,Zr_p)is the nx p matrix

of the principal components, where z, = X¢, is the i” principal component. When

Z,_. contains principal components corresponding to near zero eigenvalues, Z can

be separated as Z,andZ,  , where Z _ is to be deleted. Now we can rewrite the

—r

model (2.14) as
y=XTT'B=XT.T)B+XT, T, p+e=Za.+Z, a, +¢&. (2.15)

-r* p-r p—r%p-r
By omitting Z,_, the OLSE of e, is obtained, and &, =(Z,Z, )_1 Z'y. Then PCRE of
fis
ﬁAPCRE =T, (Z"ST;‘ )_1 T'Xy. (2.16)

Now the r-k class estimator proposed by Baye and Parker (1984) and the r-d class
estimator proposed by Kagiranlar and Sakallioglu (2001) are defined as

ﬂ,k (r k) ( T'XXT, +k[) T'XYy (2.17)
and

B (r,d) =T (T'XXT, +K,) ( ’Xy+dTﬂ) (2.18)

respectively.
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Followed by Xu and Yang (2011), the r-k class estimator and the r-d class estimator

could be rewritten as follows:
B (r k) =TT B(k)=T,TW, 3 =Rf (2.19)
and
Ba(r.d)=TTB(d)=TTF,p=H,p
(2.20)
respectively, where R, =T.TW and H, =T.T'F, .
Note that when r=p we may conclude that 7,7=17, .Hence the estimators

B, (r.k)=W,f3 called as RE and S, (r,d) = F, 3 named as LE.

The mean square error matrices of ,é’rk (r,k) and ﬁrd (r,d) can be obtained as

MSE| B, (r.k)|= 0" RS R, + (R, ~1) BB' (R, 1) 2.21)
and

MSE| 3, (r.d) |= o’ H,S " H} +(H, ~1) BB (H, ~ 1) 2.22)
respectively.

Wu (2014) proposed a new stochastic restricted r-k class estimator which is defined
by combing the ME and r-k class estimator and a new stochastic restricted r-d class

estimator which is defined by combing the ME and r-d class estimator as follows:

Biw (ro k) =TT 3 (k) =T,TW, 5, =R 5, (2.23)
and

Bswu (r,d)=TT3(d)=T,T/F, B, = H,B, (2.24)
respectively.

Whenr = p, the estimator ﬁSRrk (r.k)= W,ﬁm called as SMRE and ,@SM (r,d)= Fdﬁm
named as SRLE.

The mean square error matrices of f,, (r,k)and Berna (r,d) can be derived as
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MSE| By (k) | = RS 'R, ~ 0" R,GE;

+[(Rk —[),B+RkH5][(Rk _1)ﬂ+RkH5]’ (2.25)
and

MSE| By (r,d)|= 0" H,S™ H}) 0> H GH,

+[(Hd_1)ﬁ+HdH5:|[(Hd_I)ﬁ+HdH5]' (2.26)

respectively.

3. PROPOSED ESTIMATORS
Arumirajan and Wijekoon (2013) proposed the Preliminary Test Stochastic
Restricted Liu Estimator (PTSRLE) by combining the LE and SRLE as follows:

BPTSRLE (d) = Fd:éml[ofmw(a)) (F) + Fd:él[pmw(a),m) (F) = FdﬁOSPE (3.1)

Following Arumirajan and Wijekoon (2013), we may write the Preliminary Test
Stochastic Mixed Ridge Estimator (PTSMRE) by combining RE and SMRE as

follows:

ﬁPTSMRE (k) = VVkﬁm [[nypmw(a)) (F) + VVkﬁ I[F

ey (@)0) (F) =W, Boser (3.2)
Following Arumairajan and Wijekoon (2013), we propose a new Preliminary Test
stochastic restricted r-k class estimator which is defined by combing the r-k class
estimator and stochastic restricted r-k class estimator and a new Preliminary Test
stochastic restricted r-d class estimator which is defined by combing the r-d class

estimator and stochastic restricted r-d class estimator as follows:

,BPTSRrk (k) =R, |:ﬁm[[0,pm.”p(a)) (F) + ,BI[FW”?FW)’OO) (F)} = Rk,éospga (3.3)
and

ﬂNPTSer (d) = Hd [ﬁml[o’f‘;"ﬂp (0{)) (F) + ﬁAI[FmM?[](a)’OO) (F)j| = HdléOSPE (34)
respectively.

Now we will see some properties of proposed estimators.
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I. When r=p , we may conclude that S, (k)= Bosms (k) and

/BPTSer (d) = IBPTSRLE (d) :
2. When r=p , k=0 and d=1 , we may conclude that

5PTSRrk (k ) = BPTSRm’ (d) = Poser -

3. When =0 , we may conclude that By, (k)= P (r.k) and
,BPTSer (d) = Bsrea (r,d) .

4. When a=1 , we may conclude that B, (k)= B (r,k) and
ﬁPTSer (d) = ﬁrd (}",d) °

By using (2.11), (2.12) and (2.13), the expectation vector, bias vector, dispersion

matrix, and the mean square error matrix of S, (k) can be shown as follows:

E[IBPTSRrk (k)J = RkE(:BOSPE) = Rkﬂ + h/l (Z)RkH5 > (3.5)
B[ﬁPTSRrk (k):| = E[ﬁPTSRrk (k)] _ﬁ = (Rk _I)ﬂ"‘ hz (Z)RkH& (3.6)
D[Bprsmk (k):l = RkD(ﬂAOSPE )R;Z

=o"R,S"'R, —0’h, (2) R,GR; +| 2h, (2)~h, (4)—h} (2) | R HOS'H'R,, (3.7)
and

MSE[IBPTSRrk (k)] =0’RS 'R ~7’h,(2)R,GR,
+[ 2k, (2)—h, (4)- 1 (2) | R HSS' H'R,
SR [(1-R) peh, (S |[(1-R') poh, (2)HO| R, (3.8)

respectively.

Similarly the expectation vector, bias vector, dispersion matrix, and the mean square

error matrix of 3,6, (d) can be shown as follows:
E|:ﬂ~PTSer (d)] = HdE(BOSPE) = Hdﬂ + h/l (2)HdH5’ (3.9)

B Borsa () | = (H, = 1) B+, (2) H,HS, (3.10)
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D[ B (d) )= 0 H,S ™ H ~ 7 h, (2) H,GH,
+[ 2h, (2)—h, (4)-K; (2) |H,H5S H'H), (3.11)
and
MSE| Byysuq (d) | = 0” H,SH, — o*h, (2) H,GH],
+[ 2k, (2)—h, (4)- 1} (2) |H,HSS H'H)
wH, | (1=H') B+h, (2)HS || (1-H,') B+, (2)H6}’ H) (3.12)

respectively.

4. MEAN SQUARE ERROR MATRIX COMPARISONS

In this section the Preliminary Test stochastic restricted r-d class will be compared
with r-d class estimator and stochastic restricted r-d class estimator and, the
Preliminary Test stochastic restricted r-4 class estimator will be compared with r-k&
class estimator and stochastic restricted r-k class estimator in the mean square error
matrix sense. Also Preliminary Test stochastic restricted r-d class estimator will be

compared with Preliminary Test stochastic restricted r-k class estimator.

4.1. Comparison between J, (r,k)and S, (k)
The mean square error matrix difference between S, (k)and 3, (k) is obtained
as

MSE| 3, (r,k) |~ MSE[ Borgu (k) | = R [D+didi ~d,d ] R, (4.1)
where D = 0°h, (2)G - EHOS'H', & =2h,(2)-h, (4)-h} (2), d,=(I-R,") B and
dy=(I1-R")B+h,(2)HS.

Now the following theorem can be stated.
1

Th 4.1: When A< , the estimator S, (k) i
eorem en 2[2_@ (2)/% (4)_% (2)] e estimator ,BPTSR,k( ) 1s

superior to J, (r,k)if and only ifd} (D +d,d}) " d, <1.

Proof:
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The mean square error matrix difference between S, (k) and B.(r.k) is
nonnegative definite matrix if and only if D+d,d/ —d,d; > 0. To find the conditions
that D+d,d/ —d,d; > 0by using lemma 3 (Appendix), we have to show that that D

is a nonnegative definite matrix andd,,d, € R(D), where %(.)denote the column

space of the corresponding matrix.

Note that

2
D=0"h,(2)G-EHSS'H' = %%(2)(; —H§5'H’J =&D,
2
where D, :%(Z)G—Héé'H'.

*h, (2
Setyz%(), B=G anda=Ho.

Note that G>0, and the generalized inverse of G isG™ = SR* (RS’lR'+ Q)(R’)+ S.

Hence GG H6=HJ6 . This implies H5 € R(G) . Then according to lemma 1

(Appendix)
o o’h,(2)
O'HG Ho6 < T (4.2)

After some straightforward calculations we can easily now show that

SHG HS=5(RS'R+Q) & 4.3)
' -1 pr =
o _S'(RST'R+Q) S5 h,(2)
By substituting this result to (4.2) we can obtain 5 < (4.4)
20 2&
Using (2.10), this inequality can be rewritten as
1

(4.5)

P @) @)k (2)]

Then according to lemma 1, D, is a nonnegative definite matrix, and therefore

D=¢D, > 0since$ >0.
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Now the Moore Penrose inverse of D is obtained by using lemma 2 (Appendix), and

is given by

! ¢
D'=—x|G" G HSO'H'G™ |. 4.6
o, (2) |7 o, (2)-ESHG HS (36

After some straightforward calculations we can show that
S'HG'HS =20°1. (4.7)
Using (4.6) and (4.7) we can easily prove that DD" =1,, where [, is an identity

matrix with order(px p). This implies that DD"d, =d, and DD"d, =d,. Then we
have d, e R(D)andd, e R(D). To establish condition (a) in the lemma 3, we find

f; =d/D"d; for i=1,2, j=1,2 such that
fu=B(1-R) D" (1-R") 5.
oo =[(1—Rk1)ﬂ+hﬂ(2)H5]’ D* [(I—Rlzl)ﬂ+hi(2)H§}and

o= B (1-R) D[ (1-R") p+h, (2) H5 ).
Note that, instead of D™, the Moore Penrose inverse D' of D is used, since Sy is
invariant to the choice of D™ .
Now according to lemma 3 in appendix, MSE [,é’rk (r,k)]—MSE [:Bprsmk (k)] > 0if
and only if

(dD7d, +1)(dsD"d, ~1)<(diD7d,) .

4.2. Comparison between j,  (r,k) and S, (k)
The mean square error matrix difference between S, (k) and By, (r.k) is

obtained as

MSE] Brrsg () |~ MSE| By (k) | = D, +d.d; - d d, (4.8)

where D, =c”[1-h,(2) |R.GR, + ER HSS'H'R, d, = (R, ~1) f+h, (2)R,H & and
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d,=(R,—1)B+RHS.
Now we can state the following theorem.
Theorem 4.2: The estimator S, (r,k)is superior to Bug,, (k) if and only if
d;(D, +dd;) " d, <1,
Proof: First we consider the matrix

D,=0’[1-h,(2)|R,GR +ER HOS'H'R; .
The matrix D, can be rewritten as D,=RM,R , where
M,=0’[1-h,(2)]G+EHSS'H' . The matrix o [l—h)b (Z)JG is nonnegative
definite matrix since G>0 and0<#,(2)<1, and the matrix HS5'H'is positive
definite matrix since Ho0'H' is positive definite matrix and & > 0. Therefore the
matrix M, is positive definite matrix, which leads the matrix D, is positive definite
matrix since R, >0 . Now according to lemma 4 (Appendix), the matrix
D, +dydy—d,d; >0 if and only if d, (D, +d,d; )_1 d, <1. This completes the proof.
4.3. Comparison between £, (r,d)and 5,5, (d)
The mean square error matrix difference between ,ﬁPTSer (d ) and ﬂﬂrd (r,d ) is
obtained as

MSE| B, (r.d) |~ MSE[ Brysga (d) | = H, (D+ b ~b,b} ) H, (4.9)

where, b =(1-H,")pand b, =(I-H,") +h,(2)HS .

1 ~
Theorem 4.3: When A < ] , the estimator g, (d) is

(2, (2) /(@) (2

superior to f,, (r,d)if and only if5} (D +b5/) " b, <1.

Proof: The mean square error difference between [, ., (d) and ﬁrd (r,d) is
nonnegative definite matrix if and only if D+bb/—b,b; >0 . We have already

proved that D>0 and DD" =1,. Therefore DD"b =b and DD"b, =b,, which
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implies thatb,b, € R (D). Now according to lemma 3, D+bb/—b,b, > 0if and only
. 2 .

if (bl'D+bl + 1)(&12'D+b2 —1) < (bl’Dl+ bz) . This completes the proof.

4.4. Comparison between f,, (r,d)and S, (d)

The mean square error matrix difference between [, (d)and By, (r.d) is
obtained as

MSE[ By () |~ MSE| By ()| = B, +b,b, ~b b (4.10)
where B, =o?|1-h,(2)|H,GH} +£H,HOS'HH), , by=(H,~1)B+h,(2)H,HS5
and
by=(H,~I)p+H,HS.
Now the following theorem can be stated.

Theorem 4.4: The estimator ﬂASM (r,d) is superior to Brrswa (d)if and only if
by (B +bb) b, <1.
Proof: The matrix B, can be rewritten as B, = H,M ,H,. We have already proved

that M, is positive definite matrix. Therefore the matrix B, is positive definite matrix

since H, > 0. Now according to lemma 1, the matrix B, +b;b; —b,b, > 0 if and only if

b, (B+byb; )_1 b, <1. This completes the proof.

4.5. Comparison between [, (d)and S, (k)

The mean square error matrix between ﬁPTSM (d ) and f o (k) is given as
MSE[ s (k) |~ MSE[ Byrsuy (d) | = 9+ dsds — b @.11)

where 9=R M R, —H,M H) and M ,=0’S™ —0’h,(2)G+EHSS'H' .

Theorem 4.5: When maximum eigenvalues of (H,M H})(RM R}) " is less than

one, the estimator [, (d) is superior to Brrsant (k) if and only if

b (9+dyd;) by <1,
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Proof: First we consider M, =o’S™' —o’h, (2)G+EHSS'H' Note that
o’S"'-c’h,(2)G20" (S*1 — G) since0< 4, (2)<1. But

§7-G=(S+RQ'R) 20.

Therefore 6°S™ —0°h, (2)G>0 . Since 0°S™ —0’h,(2)G>0 and EHSS'H' >0,
the matrix M _>0. Therefore H,M H) and R,M R, are positive definite matrices

since H,>0 and R, >0 respectively. So that, according to lemma 35,

9=RM R, -H,M H,>0 if and only if maximum eigenvalues of
(H M H, )(RkM R, )7l is less than one. Applying lemma 4, we can easily prove that

the estimator f,,4,, (d)is superior to By, (k)if and only if b;($+d,d, )71 b, <1.

This completes the proof.

Note

In the above theorem, when =0 and =1, we can obtain the superiority
conditions of the Stochastic Restricted r-k class estimator over the Stochastic
Restricted r-d class estimator, and the superiority conditions of the r-k class estimator

over the r-d class estimator respectively.

5. NUMERICAL ILLUSTRATION

To illustrate our theoretical results in this section we consider the data set which was
discussed in Gruber (1998) and later considered by Akdeniz and Erol (2003), Li and
Yang (2011), Alheety and Kibria (2013), Toker and Kagiranlar (2013), Wu (2013)
and, Wu and Yang (2013). Table 5.1 gives Total National Research and
Development Expenditures-as a Percent of Gross National Product by Country:
1972-1986. It represents the relationship between the dependent variable y the
percentage spent by the United States and the dependent variables x,,x,,x;andx, .

The variable x, represents the percent spent by France, x, that spent by West

Germany, x, that spent by Japan, and x, that spent by the former Soviet Union.
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338
Table 5.1: Total National Research and Development
Expenditures-as a Percent of Gross National Product by
Country: 1972-1986.
Year Y X, X, X5 X,
1972 23 1.9 2.2 1.9 3.7
1975 22 1.8 22 2.0 3.8
1979 22 1.8 24 2.1 3.6
1980 23 1.8 24 2.2 3.8
1981 24 2.0 2.5 23 3.8
1982 2.5 2.1 2.6 24 3.7
1983 2.6 2.1 2.6 2.6 3.8
1984 2.6 22 2.6 2.6 4.0
1985 2.7 23 2.8 2.8 3.7
1986 2.7 23 2.7 2.8 3.8
339

340 We assemble the data in the matrix form as follows:

1.9 22 19 3.7 23
1.8 22 2.0 38 2.2
1.8 24 21 3.6 2.2
1.8 24 22 38 23
241 P 20 25 23 38 = 24
21 26 24 3.7 2.5
21 26 26 3.8 2.6
22 26 26 40 2.6
23 28 28 3.7 2.7
23 27 28 38 2.7

342
343  The four column of the 10x4 matrix X comprise the data on x,, x,, x; and x,

344  respectively, and y is the response variable. Note that the eigen values of S are
345  1,=302.9626,4, =0.7283, 4, = 0.0447 and 4, = 0.0345and the condition number of

346 X is approximately 8781.53. This implies the existence of multicollinearity in the
347  data set. The OLSE is given by



348

349

350

351

352

353
354
355
356
357

358
359

Borse =S XY =(0.6455,0.0896,0.1436,0.1526)

with MSE( 55, 8)=0.0808 and & =0.0015.

Consider the following stochastic restrictions

r=RB+5+v  where  R=(1,-2,-2,-2)

17

r=1 and

v~N (0, 6 = 0.0015). We select the significance level @ =0.05. Following Chang

and Yang (2012) we choose the number of the principal components » =3. Fig.1,

Fig.2 and Fig.3 are obtained by using the equations (2.21), (2.22), (2.25), (2.26),

(3.8) and (3.12) for different shrinkage parameters d and k values selected from the

interval (0, 1).
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Fig.1: Estimated SMSE value of tk, SRrk and PTSRrk.
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Fig.3: Estimated SMSE value of PTSRrk and PTSRrd

From Fig.1, when £ is small the PTSRrk has the smallest SMSE than SRrk. When &
is large, the PTSRrk has the smallest SMSE than rk. From Fig.2, when d is small the
PTSRrd has the smallest SMSE than rd. When d is large, the PTSRrd has the
smallest SMSE than SRrd. From Fig. 3, when d/k is small, PTSRrk has the smallest
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SMSE than PTSRrd, the situation is reversed when d/k is large. From Fig.1, Fig.2

and Fig.3, we can say that no estimator is always superior to other estimators.

Remark:
Arumairajan and Wijekoon (2014) proposed the Generalized Preliminary Test
Stochastic Restricted Estimator (GPTSRE) as follows:

Borrsee = A(j)leI[O,EM,p(a)) (F) + A(j)'B [[Fm,,,(a),oo) (F) - A(j)ﬂOSPE

where A . is a positive definite matrix.

)
Note that when 4 ) = R, , ﬁGPTSRE gives the Preliminary Test stochastic restricted r-k
class estimator (PTSRrk), and when 4, =H, , it gives the Preliminary Test

stochastic restricted r-d class estimator (PTSRrd).

6. CONCLUSION

In this study, we propose a new Preliminary Test stochastic restricted r-k class
estimator which is defined by combing the r-k class estimator and stochastic
restricted r-k class estimator and a new Preliminary Test stochastic restricted r-d
class estimator which is defined by combing the r-d class estimator and stochastic
restricted r-d class estimator. Further the proposed estimators are compared with
some biased estimators in the mean square error matrix sense. Also Preliminary Test
stochastic restricted r-d class estimator is compared with Preliminary Test stochastic
restricted r-k class estimator. Finally a numerical example is given to illustrate the
theoretical results. Based on the theoretical findings and numerical illustration, we

can conclude that no estimator is always superior to other estimators.
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APPENDIX
Lemma 1: (Baksalary and Kala, 1983)

Suppose Bis a symmetric real (nxn)matrix, a is an (nx1) real vector and yis a

positive real number. Then the following two properties are equivalent

a) y B—aad'is nonnegative definite (n.n.d)

b) Bisn.n.d, a€R(B) and a'B a<y.

Lemma 2: (Trenkler, 1985)

Let 4be a symmetric (nxn)matrix, and leta,q,, and a,be (nx1)vectors. Suppose

that

a) aeR(A4), and the real numbers ¢ and y satisfy ¢ = 0and g+wa'd"a=0.

Then we have the identity

+ 1
[pA+yad] =— A+—+A+aaﬂ4+
7/ p+wya'da

b) a,eR(A4), j=1,2, and the real number p satisfies 1+ pa/4"a, # 0. Then

we have a, e R(A4+ paa)).
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Lemma 3: (Baksalary and Trenkler, 1991)

Let C be a nonnegative definite matrix andc,, ¢, be linearly independent vectors.
Furthermore for some generalized inverse C~ of C, let fi=¢iCc;;i=12,j=12

and let

,_GU=CCY(I-CC e,
/(I-CCYI-CC ),

where ¢, e R(C) and R(.) denote the column space of the corresponding matrix.
Then we have C+c¢,c; —c,c; 20 if and only if

a) ¢ €R(O),c, eR(C) and (f;, +D)(fo, ~1) < £} o1

b) ¢ 2 R(C),c, eR(C,c,)and(c, —sc,)C (¢, —sc,)<1—s’

and all expressions in (a) and (b) are independent of the choice of C ™.

Lemma 4: (Trenkler and Toutenburg, 1990)

Let ,31 and ,32 be two linear estimator of £ . Suppose that D=D(ﬁ1)—D(ﬁ2) is
positive definite then A = MSE (ﬁl)—MSE(,Bz)is nonnegative definite if and only if
by(D+bpb))"'b, <1, where b, denotes the bias vector of ,3 ) =12

Lemma 5: (Wang et al., 2006)
Let nxn matrices M >0 , N>0 (or N>0 ), then M >N if and only if

A (NM "1) <1.where 4, (NM - ) is the largest eigenvalue of the matrix NM .



