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In this study two new preliminary test stochastiestricted estimators, |a

estimator over the other is done in the mean sgeam matrix sense. Further

estimator (Baye and Parker, 1984) and stochassiticted r-k class estimator

(Wu, 2014). Similarly preliminary test stochastestrictedr-d class estimator is

Preliminary Test stochastic restrictede class estimator and a Preliminary Test

preliminary test stochastic restricted class estimator is compared with r-k class

S

an



1. INTRODUCTION

Instead of using the Ordinary Least Square Estim@&aSE), the biased estimators
are considered in the regression analysis in teegmce of multicollinearity. Some
of these are namely the Principal Component Reigregsstimator (PCRE) (Massy,
1965), Ridge Estimator (RE) (Hoerl and Kennard,@9TLiu Estimator (LE) (Liu,
1993), r-k class estimator (Baye and Parker, 1984), Almosbidsed Ridge
Estimator (AURE) (Sing et al., 1986), Almost Unla@dsLiu Estimator (AULE)
(Akdeniz and Kagiranlar, 1995) and thed class estimator (Kagiranlar and
Sakalliglu, 2001). An alternative method to deal with nagdtlinearity problem is
to consider parameter estimation with some regiriston the unknown parameters,
which may be exact or stochastic restrictions. e presence of stochastic prior
information in addition to the sample informatiofheil and Goldberger (1961)
proposed the Mixed Estimator (ME). By replacing @&.8y ME in the RE, LE,
AURE and AULE respectively, the Stochastic Mixediga Estimator (SMRE) (Li
and Yang, 2010), Stochastic Restricted Liu EstimaiS8RLE) (Hubert and
Wijekoon, 2006), Stochastic Restricted Almost Usbth Ridge Estimator
(SRAURE) (Wu and Yang, 2014) and Stochastic ResttiAlmost Unbiased Liu
Estimator (SRAULE) (Wu and Yang, 2014) are introelicRecently, Wu (2014)
proposed a new stochastic restrictekl class estimator which is defined by combing
the ME andr-k class estimator and a new stochastic restrictédclass estimator
which is defined by combing the ME andl class estimator.

When different estimators are available to estim#dte unknown parameter,
preliminary test estimation procedure is adopteddiect a suitable estimator, and it
can be also used as another estimator with contbjpioperties of both estimators.
The preliminary test approach was first proposedhagcroft (1944), and then has
been studied by many researchers, such as Juddgoakd1978), Wijekoon (1990)
and Arumairajan and Wijekoon (2013). By combiningSE and ME, the Ordinary
Stochastic Preliminary Test Estimator (OSPE) wagp@sed by Wijekoon (1990).

Recently, Arumairajan and Wijekoon (2013) introdiicthe Preliminary Test



Stochastic Restricted Liu Estimator (PTSRLE) by bonmg the Stochastic

Restricted Liu Estimator and Liu Estimator.

In this study, we propose a new Preliminary Testlsstic restricted-k class
estimator which is defined by combing the r-k classtimator and stochastic
restrictedr-k class estimator and a new Preliminary Test stdichasstrictedr-d
class estimator which is defined by combing the class estimator and stochastic
restrictedr-d class estimator. Further the proposed estimat@scempared with
some biased estimators in the mean square erroixreahse. Also Preliminary Test
stochastic restrictectd class estimator is compared with Preliminary Bésthastic
restrictedr-k class estimator. Finally a numerical example anMante Carlo
simulation study are done to illustrate the theocaktfindings of the proposed

estimators.
2. MODEL SPECIFICATION AND ESTIMATORS

First we consider the multiple linear regressiordaio
Y=XB+e, £~N(00°1), (2.1)
whereY is annxl1lobservable random vectoX is annx p known design matrix of

rank p, B is a px1 vector of unknown parameters amds an nx1vector of

disturbances.

In addition to sample model (2.1), let us be gigeme prior information aboyg in

the form of a set omindependent stochastic linear restrictions as figdlo
r=RB+J+v, U~N(0,0’2Q) (2.2)

wherer is an mx1stochastic known vectoR is a mx p of full row rank m< pwith

known elementsp is non zeromx1l unknown vector and’is an mx1random
vector of disturbances arfd is assumed to be known and positive definite.Heurt

it is assumed that is stochastically independent ef i.e. E(sv') =0.



The Ordinary Least Squares Estimator (OLSE) forrtiaeel (2.1) and the mixed
estimator (Theil and Goldberger, 1961) due to alststic prior restriction (2.2) are
given by

B=SX'Y andB, =+ S‘lR/(Q+Ris')'1(r -RB) 2.3)
respectively. wher&s= X' X .
The expectation vector, and the mean square errixnof ,@ are given as
E([S’) = Band MSE(/S") =0°S™ respectively.
The expectation vector, dispersion matrix, andniean square error matrix ¢A3tn
are given aE(ﬁ’m) =fB+HJ, D(,@m) =0*’S*-0°G and
MSE(ﬁ’m) =g?* (S‘1 —G) +HOO'H' respectively, where,
G=S'R(Q+RS'R) RS™ H=S'R(Q+RS'R)" andds=E(r)-RA.
When different estimators are available for the egmarameter vectof in the

linear regression model one must solve the prolgetheir comparison. Usually as a
simultaneous measure of covariance and bias, tla& sguare error matrix is used,

and is defined by
MsE(2, 5= €| (5-4)(#- ] |=0(2) +8(4) % (). .
where D(,[?) is the dispersion matrix, arﬂ(/;") = E(/S")—,Bdenotes the bias vector.

We recall that the Scalar Mean Square E$MSE(,@ ,8) :trace[MSE(,@,,B)]

For two given estimatorg andg,, the estimatog, is said to be superior t@;
under the MSEM criterion if and only if

M (B, B) = MSE (B, B) - MSE(B,.8) 2 0. (2.5)
Let us now turn to the question of the statisteahluation of the compatibility of

sample and stochastic information. The classicatgutures is to test the hypothesis



H,:0=0 against H,:6#0 2.9)
under linear model (2.1) and stochastic prior infation (2.2).
The Ordinary Stochastic Pre Test Estimator (OSPE)3 o(Wijekoon, 1990) is

defined as
. B, if H,:0=0
Bose =1~ ° (2.7)
B if H:0#0
Further, we can write (2.7) as
'BOSPE = ’gml[O,Fmvn,p(a)) (F) +ﬁ|[Fmvn,p(a),oo) (F) ! (2-8)
A/ -1 ~
r-RB) (Q+RS™R) (r-RS
where, F = ( ) ( ~ ) ( ) (2.9)
mg
which has a non-centrd _ , distribution underH,:J# 0, with non-centrality
parameter
5(Q+RS'R) "5 vy-X3) (Y-Xx2
A= ( 5 ) with g2 :( ) ( ) : (2.10)

20 n-p

and I[OF ] (a))(F)and I[ F)are indicator functions which take the value

Fnnep (@):) (
one if F falls in the subscripted interval, and zero otheewF,,_ (a)is the upper

a - level critical value from the central F distribart F

m,n-p,0*
The expectation vector, dispersion matrix, andnfe&n square error matrix ¢,

are derived by Wijekoon (1990), and given by
E(fose ) = B+h, (2)HS, (2.11)
D(Bore ) = 0°S ™~ 0%, (2)G+[ 2, (2=, (4-h (I JHATH', (2.12)
and

MSE (Bowe | = 07S -0, (2)G + (20, (2)—h, (4) HATH' (2.13)



Xr?w/,,/l < mFm,n—p (a)
X n-p

respectively, wherdy, (¢) = Pr( ] for¢ON.

Now we consider the transformation for model (2.1):
y=XTT'B+e=Za+¢ (2.14)

whereZ = XT ,a =T'f andT = (tl,tz,...,tp) = ('I'r ,Tp_r) is a px p orthogonal matrix

such that

: A, O
(7.7, ) xX(T, ,Tp_r):/\=[ 0 AP_J
where 0<k<p, T, =(tu by, ) s Ty =(tpbsgety) » A=diag(A,A,.4,)

A, =diag(A, Ay ed ) s A, =diag (A, A ,pndy) @nd A2, 2.2 4,> 0 are

r+1?
the eigenvalues of’X . Note thatZ = XT :(zl,zz,...,zp) :(Zr ,Zr_p) is thenx p

matrix of the principal components, wheze= Xt is thei" principal component.

WhenZ _ contains principal components corresponding to mees eigenvalues]

can be separated @& andZ _ , whereZ _ is to be deleted. Now we can rewrite the

pr

model (2.14) as

y=XTT'B=XTTB+XT T _B+e=Za +Z a, +¢& (2.15)
By omittingZ,,_, , the OLSE ofa, is obtained, and, =(Z/z,)" Z/y. Then PCRE of

Bis

p-r !

Bocre =T, (T'ST,) " T/XY. (2.16)

Now ther-k class estimator proposed by Baye and Parker (1&8d)ther-d class

estimator proposed by Kagiranlar and Sakglu@¢2001) are defined as

B (r,K) =T, (T/XXT, +k, )" T/XYy (2.17)
and

B (r,d) =T, (TXXT, +K,) (T Xy +dT/3 ) (2.18)

respectively.



Followed by Xu and Yang (2011), tlek class estimator and thred class estimator

could be rewritten as follows:

B (r.K)=TTB(K)=T.TWB=RA (2.19)
and

Ba(r,d)=TTB(d)=TTF,B=H,f (2.20)
respectively, wherg, =TTW, andH, =T, T'F,.
Note that whemr =p we may conclude thaf T'=1, .Hence the estimators

B, (r.k) =W, called as RE ang,, (r,d) = F,Znamed as LE.

The mean square error matrices/®f(r,k) and 3, (r,d) can be obtained as

MSE| B, (r.k)|=0’RS'R +(R~1) 88 (R~ 1) (2.21)
and

MSE| B, (r,d) | = 0®H S™Hy +(Hy = 1) BB (Hy 1) (2.22)
respectively.
Wu (2014) proposed a new stochastic restrietédclass estimator which is defined

by combing the ME and-k class estimator and a new stochastic restrictédalass
estimator which is defined by combing the ME and class estimator as follows:
B (1K) =TT'B(K) =TTW, B, = R4, (2.23)
and
Bea (r,d) =TTB(d) =T,TF, B, = H,f, (2.24)
respectively.
Whenr = p, the estimatoiBg, (r,k) =W, 4, called as SMRE anfly,, (r,d) =F, 4,
named as SRLE.

The mean square error matrices/y,, (r,k)andfe, (r.d) can be derived as



MSE[,&SR”( (r,k)j| :UZRKS_lR; _UZRKGR‘:
+[(R~1)B+RHS][(R 1) B+RHJ] (2.25
and

MSE| Biq (r,d) | = 0°H,S™H - 0°H GH;

+[(Hd")ﬂ+HdH5][(Hd-l)ﬂ+HdH5]' (2.26
respectively.

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

Borsue (4) = Fabialior, oy (F)*FaBlr 1) (F) = Fofose (3.1)

Following Arumirajan and Wijekoon (2013), we mayiterthe Preliminary Test
Stochastic Mixed Ridge Estimator (PTSMRE) by conm@nRE and SMRE as

follows:
BPTSMRE (k) :Wk'éml[o,lzmvn,p(a)) (F) +Wk:[; I [Frnp @)e) (F) :Wk,[;ospE (3-2)

Following Arumairajan and Wijekoon (2013), we pregpoa new Preliminary Test
stochastic restrictertk class estimator (PTSRrk) which is defined by camglihe r-

k class estimator and stochastic restrietddclass estimator and a new Preliminary
Test stochastic restrictedd class estimator (PTSRrd) which is defined by cargbi

ther-d class estimator and stochastic restrieteticlass estimator as follows:

A~

Borsu () =R Bultor o (FYFB 0y (F)| = R e (3.3)

and

A A

Brrses (@) = Ha | Alioe o) (F)¥ BN (F) |5 Haboe 39)

respectively.

Now we will see some properties of proposed estinsat



1. When r=p , we may conclude thatSmey (k)= Borame (k) and
EPTSer (d) = EPTSRLE (d) .

2. When r=p , k=0 and d=1 , we may conclude that
EPTSRrk (k) = BPTSer (d) = léOSPE .

3. When @=0 , we may conclude thatfm e (k)= Bex(r k) and
BPTSer (d) :IBSer (I’,d) .

4. When a=1 , we may conclude thatBu e, (k)=/4.(r.k) and
EPTSer (d) :lérd (r'd) .

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

matrix, and the mean square error matriggf. (k) can be shown as follows:
E[ﬁPTﬂk(k)}:RKE(IéOSDE):RKIB-I-hA (Z)RkHO_’ 3B.
B[IBPTSRrk (k)] = E[:BPTSRrk (k)]—ﬁ = (R< ol ),3+ h, (2) RHO, (3.6)

DI:BPTSRrk (k)] = RkD(ﬁospE) Re
=0’RS™R -, (2JRGR. +[ 2, (9 -h, (4-hi( I |RHATHR, , (3.7

and
MSE| Borgui (K) | = 0°RS ™R ~ 0N, (2RGR.
+[ 8 ( p-h( phi( BRHOHR,
+R[(1-R?) p+h, ( 3HS|[(1-R?) p+h, ( JHS| R @

respectively.

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

error matrix of Buq (d) can be shown as follows:
E[ Borerva (0) ] = H4E(Bogre ) = HaB+h, (2) HyH O, (3.9)

B[ Borsva ()]

(Hd_l)ﬂ-'-h/l(z)HdHJ’ (3.10)
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D[ Burena () ] = 02H,S ™ 0%, (2) H,GH,
+[ Y )2h, (4)-h7(2) JHHOTHH;, (3.1
and
MSE| Borna (d) | = 0°HS™H; ~oh, (2) H,GH;
+ B, ( p-h( phi( PHHITHH,
+Hd[(l —HZ) B+h, ( z)HJ][(l ~HZ) B+h, ( ;Ha}' H! (3.1

respectively.

4. MEAN SQUARE ERROR MATRIX COMPARISONS

In this section the Preliminary Test stochastidrieted r-d class will be compared
with r-d class estimator and stochastic restricted class estimator and, the
Preliminary Test stochastic restrictedk class estimator will be compared withk
class estimator and stochastic restrictekiclass estimator in the mean square error
matrix sense. Also Preliminary Test stochasticriest r-d class estimator will be

compared with Preliminary Test stochastic restdieté class estimator.
4.1. Comparison between S, (r,k)and Bore (K)
The mean square error matrix difference betwgga,, (k)and 3, (r,k) is obtained
as

MSE| B, (1) |~ MSE[ Brrsui (k) | =R [D+did; ~d d] R, (4.)
whereD = o°h, (2)G-¢HAGH', £ =2h,(2)-h, (4 -h;(2), d,=(1 -R*)Band
d,=(1 -R*)B+h,(2)HS.

Now the following theorem can be stated.

Theorem 4.1: WhenA < 1 , the estimatofrg (K) is

Z[Z—hﬁ(z) /hA(A’)_hA(aJ

superior tof3, (r,k) if and only ifd; (D +d,d;) " d, < 1.
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Pr oof:

The mean square error matrix difference betwe@n,, (k) and [?rk(r,k) is
nonnegative definite matrix if and onlyDf+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 D

is a nonnegative definite matrix adlddZDD(D), where (.)denote the column

space of the corresponding matrix.
Note that

2
D=0%n(2)G-éHAIH' :5(%(2)6—H55'H'] =&D,

2
whereD, =< h:t(z)G—Ha'd'H'.

oh, (2)

Sety = , B=G anda=HoJ.

Note thatG=0, and the generalized inverse GfisG™ = SR" (RS‘lR’+Q)(R’)+ S.

HenceGG'HO=HJ . This impliesHoOO(G) . Then according to lemma 1

(Appendix)
OJH'G HJO< o' (2) (4.2)
After some straightforward calculations we can lgasw show that
SHGHo=5(RS'R+Q) o (4.3)
By substituting this result to (4.2) we can obtg'i. .RS_l;;: Q)_lé < , (2) (4.4)
Using (2.10), this inequality can be rewritten as
A< 1 : (4.5)

- 2[2-@(2) /hA(A’)_hA(aJ
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Then according to lemma D), is a nonnegative definite matrix, and therefore
D =¢D, 2 0since 20.

Now the Moore Penrose inverse bf is obtained by using lemma 2 (Appendix), and

is given by

+ 1 + E + ~+
D'=——— x| G G'HOO'H'G™ |. 4.6
h, @) | C T ot (2)-earehe (*.8)

After some straightforward calculations we can shioat
OH'G'HJ =20°%). 4.7)

Using (4.6) and (4.7) we can easily prove DBt =1, wherel is an identity

pl
matrix with orde{px p). This implies thatbD*d, =d, and DD*d, =d,. Then we
haved, 00 (D)andd, 00 (D). To establish condition (a) in the lemma 3, welfin

f, =d/D"d, fori=1,2,j = 1,2such that

fll

A(1-R*) D' (1-RY)B.

[(1-R)B+h, (2)H5]' D[ (1 -R*) B+, (9 HS]and

f22

fo=f(1-R?) 0*[(1-R?) B+hy (2)HS ).
Note that, instead dd~, the Moore Penrose inverdg” of Dis used, sincef; is
invariant to the choice @ .
Now according to lemma 3 in appendM,SE[[S’rk(r,k)]—MSE[BPm,k(k)]zOif
and only if

(a:D*d, +1)(d;D*d,-1) < (diDid ) .

4.2. Comparison between Bq,, (r,k) and S (K)
The mean square error matrix difference betwgn,, (k) and Bg, (r.k) is

obtained as
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MSE| Borgri (k) |~ MSE| By (K) | = D, +didy - d d, (4.8)
where D, =0?[1-h, (2) [RGR, +éRHHR,, d,=(R ~1)B+h, (2)RHJand
d,=(R -1)B+RHJ.

Now we can state the following theorem.
Theorem 4.2: The estimatofq, (r,k)is superior tofug, (k) if and only if
d; (D, +dd;) " d,=1.
Proof: First we consider the matrix

D,=0?[1-h,(2)|JRGR +éRHITHR,.
The matrix D, can be rewriten as D,=RM,R , where
M, =0’[1-h,(2)]G+EHOOH' . The matrix o?[1-h,(2)]G is nonnegative
definite matrix sinceG=0 and0<h,(2)<1, and the matrixHdd'H'is positive
definite matrix sinceHAdO'H' is positive definite matrix anfl>0. Therefore the
matrix M, is positive definite matrix, which leads the matbXis positive definite
matrix sinceR, >0 . Now according to lemma 4 (Appendix), the matrix
D, +d,d;—d,d,>0 if and only if d; (D, +dd;) " d,<1. This completes the proof.
4.3. Comparison between S, (r,d)and B (d)
The mean square error matrix difference betwg®n,,, (d) and £, (r,d) is

obtained as
MSE| B, (r,d) |~ MSE[ Brrens (d) ] = Hq (D +bib] ~ b H (4.9)
where, b, :(I —Hgl),Bandb2 :(I - Hgl)ﬁ+hﬂ (2)HJ.

1 . ~ .
Theorem 4.3: WhenA < , the estimatofgq (d) is

Z[Z_hA(Z) /hA(A')_hA(Zﬂ

superior tof3,, (r,d)if and only ift, (D +bb}) b, < 1.
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Proof: The mean square error difference betweBng,,(d) and G, (r,d) is
nonnegative definite matrix if and only D +bb -bp,>20. We have already
proved thatD>0 and DD" =1 . ThereforeDD"ly =b, andDD"b, =b,, which

implies thab,,b, 00 (D). Now according to lemma 3 +bb; —bb, > 0if and only
if (;D*b, +1)(b,D*b,~1)< (b’lDIbz)z. This completes the proof.
4.4. Comparison between fg,q (r,d)and Borgq (d)

The mean square error matrix difference betwgn,,(d)and Baq(r.d) is
obtained as

MSE| Borgna (d) | -MSE| Biq (d) | = B+ bl ~b)p, (4.10)
where B, = %[ 1-h, (2) |H,GH, +HHOTHH, , by=(H,-1)B+h,(2)HHO
and
b,=(H,-1)B+H,HJ.
Now the following theorem can be stated.

Theorem 4.4: The estimatoBs, (r.d) is superior t0fB.q,(d)if and only if
b, (B, +bb}) b,<1.

Proof: The matrixB, can be rewritten &8 =H M ,H;. We have already proved
that M, is positive definite matrix. Therefore the matikis positive definite matrix

sinceH, >0. Now according to lemma 1, the mati +b,b;—b 0, > 0if and only if

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

4.5. Comparison between fForgq (d)and Borg (K)

The mean square error matrix betwgep (d)and So (K)is given as
MSE | Borui (K) |~ MSE| Borgrya (d) | =9+ dydi ~ b, (4.11)

whered =RM R -H,M H} andM, =0g’S™*-cg*h, (2)G+EHAITH'.
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Theorem 4.5. When maximum eigenvalues 6H,M H})(RM,R)™" is less than
one, the estimator Bogq(d) is superior t0 Bugy (k) if and only if
b, (9+d.d;) b,<1.

Proof: First we consideM, =g°S™-oh, (2)G+¢HAIH' .Note that

0’S™t -0, (2)G20?(S'-G)sinced< h, (2)< 1. But

-1

S'-G=(S+RQR) 20.
Therefores®S™ - oh, (2)G 2 0. Sinced’S™ -0, (2)G = 0andéHAFH' >0, the
matrix M, >0. ThereforeH ,M H;and R M,R, are positive definite matrices since

H,>0 and R >0 respectively. So that, according to Ilemma 5,

J=RM,R-H,M H,>0 if and only if maximum eigenvalues of
(H,M H:)(RM,R)™ is less than one. Applying lemma 4, we can easibye that

the estimatofy e (d)is superior t0fm g (K)if and only if b (+d,d;) b, <1.

This completes the proof.

Note

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

over the r-d class estimator respectively.

5. ILLUSTRATION OF THEORETICAL RESULTS

5.1. Numerical Example

To illustrate our theoretical results in this sective consider the data set which was
discussed in Gruber (1998) and later consideredKaeniz and Erol (2003), Li and
Yang (2011), Alheety and Kibria (2013), Toker andckanlar (2013), Wu (2013)
and, Wu and Yang (2013). Table 5.1 gives Total deti Research and

Development Expenditures-as a Percent of GrossohltiProduct by Country:
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1972-1986. It represents the relationship betwden dependent variablg the
percentage spent by the United States and the depewariablesx, x,, x,andx, .
The variable x, represents the percent spent by Francehat spent by West

Germany,x, that spent by Japan, angthat spent by the former Soviet Union.

Table 5.1: Total National Research and Development
Expenditures-as a Percent of Gross National Prodyct
Country: 1972-1986.

Y ear y X X, X3 X,

1972 2.3 1.9 2.2 1.9 3.7
1975 2.2 1.8 2.2 2.0 3.8
1979 2.2 1.8 2.4 2.1 3.6
1980 2.3 1.8 2.4 2.2 3.8

1981 2.4 2.0 2.5 2.3 3.8
1982 2.5 2.1 2.6 2.4 3.7
1983 2.6 2.1 2.6 2.6 3.8
1984 2.6 2.2 2.6 2.6 4.0
1985 2.7 2.3 2.8 2.8 3.7
1986 2.7 2.3 2.7 2.8 3.8

We assemble the data in the matrix form as follows:

1.9 22 19 3.1 2.3
1.8 2.2 2.0 3.8 2.2
1.8 24 21 3.6 2.2
1.8 24 22 3.8 2.3
20 25 23 38 2.4
21 26 24 3.9 2.5
21 26 26 3.8 2.6
22 26 26 40 2.6
23 2.8 2.8 3.7 2.7
23 2.7 2.8 3.9 2.7

The four column of thelOx4 matrixk comprise the dataxpnx,,,x, and X,

respectively, andy is the response variable. Not¢ the eigen values o are
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A, =302.962¢, 1, =0.728¢, A, = 0.0447andA, = 0.034and the condition number of

X is approximately 8781.53. This implies the existeof multicollinearity in the
data set. The OLSE is given by

B = S™XYy =(0.6455,0.0896,0.1436,0.15p
with MSE By, /8) = 0.080€ and 62 = 0.0015.
Consider the following stochastic restrictions
r=RB+J+v  where R=(L,-2-2-3 , r=1 and
V~N (O,é2 = 0.0019. We select the significance lewek 0.05. Following Chang

and Yang (2012) we choose the number of the prahapmponents=3. Fig.1,
Fig.2 and Fig.3 are obtained by using the equat{@il), (2.22), (2.25), (2.26),
(3.8) and (3.12) for different shrinkage parameteendk values selected from the
interval (0, 1).

0.25

2
N
1

0.15

2
[ERN
1

0.05

Estimated SMSE value

0.4

0.1
0.2
0.3
= 0.5
0.6
0.7
0.8
0.9

Fig.1: Estimated SMSE value of rk, SRrk and PTSRrk.
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Fig.3: Estimated SMSE value of PTSRrk and PTSRrd

From Fig.1, wherk is small the PTSRrk has the smallest SMSE thaohsastic

restricted r-k class estimator. Whens large, the PTSRrk has the smallest SMSE
than r-k class estimator. From Fig.2, wietis small the PTSRrd has the smallest
SMSE than r-d class estimator. Wiekis large, the PTSRrd has the smallest SMSE
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than stochastic restricted r-d class estimatormFrag. 3, whend/k is small, the
PTSRrk has the smallest SMSE than PTSRrd, thetisitues reversed whed/k is
large. From Fig.1, Fig.2 and Fig.3, we can say tleagstimator is always superior to

other estimators.

5.2. Simulation Study

To illustrate the statistical behavior of our prepd estimators, we perform a Monte
Carlo Simulation study by considering different déss of multicollinearity.
Following McDonald and Galarneau (1975) we genemadplanatory variables as

follows:

1/2

X =(1-0°) 2 +0Z 4 1=12,.0,j= 1,2,.p

where z, is an independent standard normal pseudoomangumber, andp is
specified so that the theoretical correlation betwany two explanatory variables is
given by p* . A dependent variable is generated bygiie equation.

Yi =BXit BX ot BX st BX 4+ &,1=1,2,..0
where ¢ is a normal pseudo random number with mean zero \ami&nceo; .
Newhouse and Oman (1971) have noted that if the lSEfunction ofo”and g,
and if the explanatory variables are fixed, thebjestt to the constrai# =1, the
MSE is minimized wheng is the normalized eigenvector corresponding to the

largest eigenvalue of th&’X matrix. In this study we choose the normalized

eigenvector corresponding to the largest eigenvafu€X as the coefficient vector
£.,n=50,p=4 ando®=1. Two different sets of correlations are considepgd
selecting the values g$=0.8 and 0.9, and the significance level is taken as
a =0.05. Fig.4, Fig.5, Fig.6, Fig.7, Fig.8 and Fig.9 arktained by using the
equations (2.21), (2.22), (2.25), (2.26), (3.8) dBdL2) for different shrinkage

parametersl andk values selected from the interval (0, 1).
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Based on Fig.4, r-k class estimator and PTSRrk Bavalest SMSE than stochastic
restricted r-k class estimator. According to Fighere is no big difference in the
SMSE exceptk=0. From Fig.6 and Fig.7, we can say that, wideis large the
estimator r-d class estimator has the smallest Skh&k PTSRrd. From Fig.8 and
Fig.9 we can notice that whehor k is small, the PTSRrk has the smallest SMSE

than PTSRrd, the situation is reversed wdenk is large.

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

Boprsre = Aij)lgml[o;m‘nip(g)) (F)+ Ali)'g I[Fm,n,p(a),oo) (F) = Aii)'BOSPE
where A is a positive definite matrix.

Note that whey;) =R, Brse gives the Preliminary Test stochastic restriotéd

class estimator (PTSRrk), and whép, =H, , it gives the Preliminary Test

stochastic restrictedtd class estimator (PTSRrd).

6. CONCLUSION

In this study, we propose a new Preliminary Testlsstic restricted-k class
estimator which is defined by combing the r-k classtimator and stochastic
restrictedr-k class estimator and a new Preliminary Test stdithasstrictedr-d
class estimator which is defined by combing the class estimator and stochastic
restrictedr-d class estimator. Further the proposed estimatascampared with
some biased estimators in the mean square erroixnsahse. Also Preliminary Test
stochastic restrictertd class estimator is compared with Preliminary Btsthastic
restrictedr-k class estimator. Finally a numerical example an¥ante Carlo
simulation study are done to illustrate the thaoattfindings of the proposed
estimators. Based on the theoretical findings andherical illustration, we can

conclude that no estimator is always superior beoestimators.
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APPENDIX
Lemma 1: (Baksalary and Kala, 1983)
SupposeBis a symmetric rea{nxn) matrix, a is an(nx1) real vector and/is a
positive real number. Then the following two pedjes are equivalent
a) y B-—aa'is nonnegative definite (n.n.d)
b) Bisn.n.d,al](0(B) andaB a<y.
Lemma 2: (Trenkler, 1985)
Let Abe a symmetri¢gnxn) matrix, and let, a,, anda,be (nx1)vectors. Suppose
that
a) alO(A), and the real numbergand ¢ satisfy g# 0 andg+yaA'az0.
Then we have the identity
[pA+yaa] =iA+ _—(p+w¢;'A+a A*aa’A*}
b) a,00(A), j=1,2, and the real numbep satisfies1+ pajA'a, # 0. Then
we havea, 00 (A+ paa;) .
Lemma 3: (Baksalary and Trenkler, 1991)
Let C be a nonnegative definite matrix andc, be linearly independent vectors.
Furthermore for some generalized inve@Ge ofC, letf, =c/C'c;; i=12j=12
and let

o= &l —=CCTY(1 -CC e,
c(I -CC™)(I -CC)c,

where c, UO(C) and (.) denote the column space of the corresponding xnatri
Then we haveC +c,c; —c,c, 20 if and only if

a) ¢ 00(C),c,00(C) and(f,+1)(f,,-1)< 2 or

b) ¢ O0O(C),c, 00(C,c,)and(c, —sc,)'C (c,-sc) £1-§°

and all expressions in (a) and (b) are independiietite choice ofC™.
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Lemma 4: (Trenkler and Toutenburg, 1990)

Let ﬁA’l and ,@2 be two linear estimator g . Suppose thaD:D(,él)—D(,éz) is
positive definite ther\ = MSE(,@;)—MSE(,@’Z) is nonnegative definite if and only if
b,(D +bbi) b, <1, whereb, denotes the bias vector @q =12

Lemma5: (Wang et al., 2006)
Let nxn matricesM >0 , N>0 (or N=20 ), then M >N if and only if

A ( NM '1) <1. Where/ll(NM '1) is the largest eigenvalue of the mathit ™.



