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Ghapani and Babdi [1] proposed a mixed Liu estimator in linear measurement error model with stochastic linear restrictions. In
this article, we propose an alternative mixed Liu estimator in the linear measurement error model with stochastic linear re-
strictions. *e performance of the new mixed Liu estimator over the mixed estimator, Liu estimator, and mixed Liu estimator
proposed by Ghapani and Babdi [1] are discussed in the sense of mean squared error matrix. Finally, a simulation study is given to
show the performance of these estimators.

1. Introduction

When we use the linear regression model to deal with the
problem, some regression explanatory can not be observed,
and the values of the regression explanatory often have
measurement. If we direct use these values to set the model,
the estimator of regression coefficient may not be a con-
sistent estimator. In order to overcome this problem, the
statisticians and econometrician have proposed the linear
measurements model. Fuller [2] and Cheng and Van Ness
[3] have discussed the model.

It is well known that, in standard linear regression model
when there exists collinearity, the ordinary least squares esti-
mator is no longer a good estimator. Some statisticians are
discussed how to deal with collinearity. One method is to
consider the biased estimator, such as Stein [4]; Hoerl and
Kennard [5]; Liu [6]; Yang and Chang [7]; and Wu and Yang
[8] et al. Anothermethod is to consider the linear restriction and
stochastic linear restrictions [9], such as Li and Yang et al. [10].

In the linear measurement error model, the collinearity
problem may also lead the estimator unstable. In order to
deal with this problem, Saleh and Shalabh [11] considered
the ridge estimator and Ghapani and Babdi [1] considered
the Liu estimator. When the linear restrictions or stochastic
linear restrictions are satisfied in linear measurement error
model, Li et al. [12] proposed some new estimators and

discussed the properties of these estimators under Pitman’s
closeness criterion. Saleh and Shalabh [11] discussed the
preliminary test ridge estimator in the linear measurement
error model with linear restrictions, Li and Yang [13] consider
the weighted mixed estimator. Ghapani et al. [14] have dis-
cussed the weighted ridge estimator in linear measurement
error model with stochastic linear restrictions. *ere are many
researches on Liu estimator for different models done by
various researchers. To mention a few, Arashi et al. [15], Kibria
[16], Alheety and Kibria [17], Ghapani [18], and, very recently,
Li et al. [19] are among them.

In this paper, we use a different method to propose a new
mixed Liu estimator by construct a Lagrange function.
Furthermore, we discuss the properties of the new estimator.

*e rest of the paper is organized as follows. In Section 2,
we propose the mixed Liu in linear measurement error model
with stochastic linear restrictions, and the properties of the new
estimator are studied in Section 3. A simulation study has been
conducted to support the theoretical results in Section 4, and
some conclusion remarks are given in Section 5.

2. The Proposed Estimator

In this section, we will introduce the mixed Liu estimator in
the linear measurement error model with stochastic linear
restrictions.
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2.1. "e Liu Estimator. Let us study the following linear
measurement error model:

y � Zβ + ε,

X � Z + Δ,
 (1)

where y � (y1, y2, . . . , yn)′ denotes an n × 1 vector of re-
sponse variables, β shows a p × 1 vector of unknown pa-
rameters, and Z denotes an n × p matrix of unobservable
values of explanatory variables which can be observed
through the matrix X with the measurement error
Δ′ � (δ1, δ2, . . . , δn), where δi, i � 1, 2, . . . , n are p × 1 un-
correlated random vectors with E(δi) � 0,Var(δi) � . We
assume that the common variance  of measurement errors
associated with the explanatory variables is known. And, we
also suppose that ε is an n × 1 vector of unobservable
random errors with E(ε) � 0,Var(ε) � σ2I. We let ε and Δ
to be mutually independent, and we assume the ith rows of
matrices Z and X with zt

′ and xt
′, respectively.

Fuller [2] has introduced the consistent estimator of β,
which is presented as follows:

β � X′X − n  
− 1

X′y, (2)

and this estimator is obtained by solving the following
function:

S1(β) � argminβ (y − Xβ)′(y − Xβ) − nβ′ β . (3)

In order to deal with the collinearity problem, Ghapani
and Babdi [1] introduced a Liu estimator (LE), and this
estimator can be obtained as follows: based on (3), consider
the following objective function:

S2(β) � argminβ (y − Xβ)′(y − Xβ) − nβ′ β

+(dβ − β)′(dβ − β).
(4)

Dealing with (4), we can obtain

β(d) � X′X − n  +I 
− 1

X′y + dβ , 0< d< 1. (5)

In Section 2.2, we will present the new estimator.

2.2."eMixed Liu Estimator. In this article, we suppose that
the stochastic linear restrictions on the parametric com-
ponent are of the following form:

h � Hβ + e, e ∼ N 0, σ2W , (6)

where h is a q × 1 observable random vector, H is a q × p

known matrix with rank (H) � q for q<p, and e shows a
q × 1 error vector with E(e) � 0 and Var(e) � σ2W, and we
also assume that W is a known positive definite matrix.
Furthermore, we also suppose that e is stochastically in-
dependent of ε and Δ.

Based onmodels (1) and (6), using themixedmethod, we
can minimize the following equation:

S3(β) � argminβ (y − Xβ)′(y − Xβ) − nβ′ β

+(h − Hβ)′W− 1
(h − Hβ),

(7)

with respect to β. By (7), we obtain the mixed estimator
(ME):

βME � X′X − n  +H′W− 1
H 

− 1
X′y + H′W− 1

h . (8)

Ghapani and Babdi [1] proposed a mixed Liu estimator,
which is defined as follows:

βMLE � X′X − n  +H′W− 1
H 

− 1

× X′X − n  +I 
− 1

X′X − n  +dI X′y + H′W− 1
h .

(9)

Now, we will propose a new mixed Liu estimator.
Consider the following function:

S4(β) � argminβ (y − Xβ)′(y − Xβ) − nβ′ β

+(h − Hβ)′W− 1
(h − Hβ) + dβME − β ′ dβME − β .

(10)

Dealing with (9), we can obtain

βNMLE(d) � X′X − n  +H′W− 1
H + I 

− 1

· X′y + H′W− 1
h + dβME ,

(11)

where 0< d< 1 denotes the biasing parameter and βME
denotes the mixed estimator, and we call this estimator as a
new mixed Liu estimator.

*e new estimator can also be written as follows:

βNMLE(d) � X′X − n  +H′W− 1
H + I 

− 1

· X′X − n  +H′W− 1
H + dI βME.

(12)

By the definition of the new estimator, we can see that
the new estimator is a general estimator which contains βME,
β(d), and β̂ as special cases.

If d � 1, β̂NMLE(d) � β̂ME.
If H � 0, β̂NMLE(d) � β̂(d).
If d � 1 and H � 0, β̂NMLE(d) � β̂.
In Section 3, we will study the asymptotic properties of

these estimators.

3. The Properties of These Estimators

In this section, we will give the comparison of the new
estimator with some estimators. Firstly, we give the prop-
erties of these estimators.

3.1. Large Sample Properties of"ese Estimators. *ough the
exact distribution and small sample properties of these es-
timators are difficult to obtain, in this paper, we use the large
sample asymptotic approximation theory to study the as-
ymptotic distribution of the estimators. We assume that the
parameter β is identifiable and we also assume that as n tends
to infinity, the limits of n− 1(Z′Z + H′W− 1H), n− 1(Z′Z +

H′W− 1H + dI), and n− 1(Z′Z + H′W− 1H + I) exist and E

denotes the global expectation taken at the true value β.
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Theorem 1. βNMLE(d) is asymptotically normally distrib-
uted. "e asymptotically mean and variance of βNMLE(d)

are, respectively, given as E[βMLE(d)] � M− 1
1 Mdβ and AVar

[βNMLE (d)] � M− 1
1 MdM− 1

0 (B + σ2 (Z′Z + H′W− 1H))M− 1
0

MdM− 1
1 , where Md � n− 1(Z′Z + H′W− 1H + dI) and

B � (nσ2 + β′Z′Zβ)Σ.

Proof. By Fung et al. [20], E(X′X) � Z′Z + n , we have

X′X � Z′Z + n  +Op n
(1/2)

 . (13)

*erefore, we may write

n
− 1

X′X + H′W− 1
H + I  � n

− 1
Z′Z + H′W− 1

H + I  +  +Op n
− (1/2)

 , (14)

n
− 1

X′X + H′W− 1
H + dI  � n

− 1
Z′Z + H′W− 1

H + dI  +  +Op n
− (1/2)

 , (15)

n
− 1

X′X + H′W− 1
H  � n

− 1
Z′Z + H′W− 1

H  +  +Op n
− (1/2)

 . (16)

*us, by (14)–(16), we can obtain that

�
n

√
βNMLE(d)

� n
− 1

Z′Z + H′W− 1
H + I  + Op n

− (1/2)
  

− 1

× n
− 1

Z′Z + H′W− 1
H + dI  + Op n

− (1/2)
  

× n
− 1

Z′Z + H′W− 1
H  + Op n

− (1/2)
  

− 1
n

− (1/2)
X′y + H′W− 1

h 

� I + Op n
− (1/2)

  
− 1

n
− 1

Z′Z + H′W− 1
H + I  + Op n

− (1/2)
  

− 1

× n
− 1

Z′Z + H′W− 1
H + dI  + Op n

− (1/2)
  

× n
− 1

Z′Z + H′W− 1
H  + Op n

− (1/2)
  

− 1
n

− (1/2)
X′y + H′W− 1

h 

� I + Op n
− (1/2)

   n
− 1

Z′Z + H′W− 1
H + I  + Op n

− (1/2)
  

− 1

× n
− 1

Z′Z + H′W− 1
H + dI  + Op n

− (1/2)
  

× n
− 1

Z′Z + H′W− 1
H  + Op n

− (1/2)
  

− 1
n

− (1/2)
X′y + H′W− 1

h .

(17)

Since the limit of C1 � n− 1(Z′Z + H′W− 1H + I),
Cd � n− 1(Z′Z + H′W− 1H + dI), and C0 � n− 1(Z′Z +

H′W− 1H) exists, then by (17), we may get
�
n

√
βNMLE(d) � C

− 1
1 CdC

− 1
0 ξ + Op n

− (1/2)
 , (18)

where ξ � n− (1/2)(X′y + H′W− 1h). By Fung et al. [20], ξ is
asymptotically normal and E(ξ) � (Z′Z + H′W− 1H)β �

M0β. *us, we get
�
n

√
βNMLE(d) − M

− 1
1 Mdβ  � C

− 1
1 CdC

− 1
0 [ξ − E(ξ)]

+ Op n
− (1/2)

 ,
(19)

which indicate that
�
n

√
(βNMLE(d) − M− 1

1 Mdβ) is asymp-
totically normal with mean zero. By (18), we get
AVar[

�
n

√
(βNMLE(d))] � C− 1

1 CdC− 1
0 Var[ξ]C− 1

0 CdC− 1
1 . From

[1], we get

Var[ξ] � n
− 1

B + σ2 Z′Z + H′W− 1
H  . (20)

*en, we get

AVar βNMLE(d)  � M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  

· M
− 1
0 MdM

− 1
1 .

(21)

Corollary 1. βME has asymptotically normal distribution
with E[βME] � β and AVar[βME] � M− 1

0 (B + σ2 (Z′Z +

H′W− 1H))M− 1
0 .

Corollary 2. β(d) has asymptotically normal distribution
with E[β(d)] � Gdβ and AVar[β(d)] � Gd(Z′Z)− 1

(B + σ2Z′Z)(Z′Z)− 1Gd, where Gd � (Z′Z + I)− 1(Z′Z + dI).

By [1], we know that E[βMLE(d)] � M− 1
0 (GdZ′Z +

H′W− 1H)β and AVar[βMLE(d)] � M− 1
0 [GdBGd + σ2

(GdZ′ZGd + H′W− 1H)]M− 1
0 .
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3.2. Comparisons among Biased Estimators. In this subsec-
tion, we will present the comparison of the new estimator to
the βME, β(d), and βMLE(d) under the mean-squared error
matrix. Firstly, we present the mean-squared error matrix of
an estimator θ of θ is defined as

MSEM(θ) � E(θ − θ)′(θ − θ) � Var(θ) + Bias(θ)Bias(θ)′,

(22)

where Bias(θ) � E(θ) − θ denotes the bias vector. In order to
present the main results, we give some lemmas.

Lemma 1 (see [21]). 0 Suppose that M be a positive matrix,
namely, M> 0 and a be some vector, then M − aa′ ≥ 0 if and
only a′M− 1a≤ 1.

Lemma 2 (see [9]). Let n × n matrices M> 0, N≥ 0, then
M>N if and only if λmax(NM− 1)< 1.

*en, we can compute the asymptotic MSEM of the
estimators β, β(k), β(d), and β(k, d) as follows:

AMSEM βNMLE(d)  � M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 MdM

− 1
1 + b1b1′,

AMSEM βME  � M
− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 ,

AMSEM[β(d)] � Gd Z′Z( 
− 1

B + σ2Z′Z  Z′Z( 
− 1

Gd + b2b2′,

AMSEM βMLE(d)  � M
− 1
0 GdBGd + σ2 GdZ′ZGd + H′W− 1

H  M
− 1
0 + b3b3′,

(23)

where b1 � M− 1
1 Mdβ, b2 � (Gd − I)β, and

b3 � (M− 1
0 (GdZ′Z + H′W− 1H) − I)β.

In order to compare the βNMLE(d) to βMLE(d), βME, and
β(d), we consider the asymptotic AMSEM differences:

∇1 � AMSEM βME  − AMSEM βNMLE(d) 

� D1 − b1b1′,

∇2 � AMSEM βLE  − AMSEM βNMLE(d) 

� D2 + b2b2′ − b1b1′,

∇3 � AMSEM βMLE  − AMSEM βNMLE(d) 

� D3 + b3b3′ − b1b1′,

(24)

where

D1 � M
− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0

− M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 MdM

− 1
1 ,

D2 � Gd Z′Z( 
− 1

B + σ2Z′Z (ZZ)
− 1

Gd

− M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 MdM

− 1
1 ,

D3 � M
− 1
0 GdBGd + σ2 GdZ′ZGd + H′W− 1

H  M
− 1
0

− M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 MdM

− 1
1 .

(25)

Now, we give the comparison of the estimator βNMLE(d)

to the βME in the MSEM sense.

Theorem 2. "e βNMLE(d) is better than the estimator βME in
the MSEM sense, if and only if b1′D

− 1
1 b1 ≤ 1.

Proof. Now we prove

D1 � M
− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0

− M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 MdM

− 1
1 > 0.

(26)

Let H � M− 1
0 (B + σ2(Z′Z + H′W− 1H))M− 1

0 , we have
H> 0, then we can write D1 as follows:

D1 � H − M
− 1
1 MdHMdM

− 1
1

� (1 − d)M
− 1
1 Md HM

− 1
d + M

− 1
d H +(1 − d)M

− 1
d H

2
M

− 1
d MdM

− 1
1 .

(27)

Since 0<d< 1, M− 1
d > 0, and H> 0, we have D1 > 0. By

Lemma 1, we have βNMLE(d) is better than the estimator βME
in the MSEM sense, if and only if b1′D

− 1
1 b1 ≤ 1. □

Theorem 3. When

λmax M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 MdM

− 1
1 · Gd Z′Z( 

− 1
B + σ2Z′Z  Z′Z( 

− 1
Gd 

− 1
 ≤ 1, (28)

the βNMLE(d) is better than the estimator β(d) in the MSEM
sense, if and only if b1′(D2 + b2b2′)

− 1b1 ≤ 1.

Proof. Since

Gd Z′Z( 
− 1

B + σ2Z′Z  Z′Z( 
− 1

Gd > 0,

M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 MdM

− 1
1 > 0,

(29)
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then by Lemma 2, when

λmax M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 MdM

− 1
1 · Gd Z′Z( 

− 1
B + σ2Z′Z  Z′Z( 

− 1
Gd 

− 1
 ≤ 1, (30)

we have D2 > 0, then by Lemma 1, we get that the new
estimator is superior to the β(d) in the MSEM sense, if and
only if b1′(D2 + b2b2′)

− 1b1 ≤ 1. □

Theorem 4. When

λmax M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 MdM

− 1
1 · M

− 1
0 GdBGd + σ2 GdZ′ZGd + H′W− 1

H M
− 1
0 

− 1
 ≤ 1.

(31)

the βNMLE(d) is better than the estimator βMLE(d) in the
MSEM sense, if and only if b1′(D3 + b3b3′)

− 1b1 ≤ 1.

Proof. Since

M
− 1
0 GdBGd + σ2 GdZ′ZGd + H′W− 1

H  M
− 1
0 > 0,

M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 MdM

− 1
1 > 0,

(32)

then by Lemma 2, when

λmax M
− 1
1 MdM

− 1
0 B + σ2 Z′Z + H′W− 1

H  M
− 1
0 MdM

− 1
1 · M

− 1
0 GdBGd + σ2 GdZ′ZGd + H′W− 1

H M
− 1
0 

− 1
 ≤ 1,

(33)

we have D3 > 0, then by Lemma 1, we get that the new
estimator is superior to the βMLE(d) in the MSEM sense, if
and only if b1′(D3 + b3b3′)

− 1b1 ≤ 1. □

4. Monte Carlo Simulation Experiments

In this section, we will conduct a Monte Carlo simulation
experiment is designed to show the performance of these
estimators. Following McDonald and Galarneau [22], we
may get the explanatory variables by using

zij � 1 − ρ2 
1/2

wij + ρwi(p+1), (34)

where wij are got by the standard normal distribution and ρ
is chosen so that the correlation between any two variables is
ρ2.*ree different values of the correlation are used, namely,
0.9, 0.95, and 0.99. *e real values of the parameter vector β
are chosen as the eigenvector of the matrix Z′Z corre-
sponding to the largest eigenvalue. Moreover, we have
considered the explanatory variable as p � 4. We also as-
sume that Σ � diag(0.01, . . . , 0.01) and σ � 1, 5, and 10. *e
sample size is taken to be 50, 100, and 150.

*e stochastic linear restrictions of H are generated by
norm distributions and e ∼ N(0, σ2I).

Note that in this paper we did not introduced any es-
timators of the shrinkage parameter d; therefore, we only
consider some values of d such that 0< d< 1. We generated
5000 data sets containing the explanatory variables and the
dependent variable. *e simulated mean-squared error
(MSE) is used to compare the estimators such that it can be
computed as follows:

βr �


5000
r�1

βr − β ′ βr − β 

5000
, (35)

where βr is any estimator considered in this paper in the rth

repetition. All computations are performed using the R
Program.

We have summarized the results of the simulation in
Tables 1–5. We can conclude the following from the tables.

(1) *e new estimator is always superior to the ME and
LE.

(2) *e new estimator is superior to the MLE in most
cases.When the ρ2 � 0.99, that is themulticollineariy
is serve, the new estimator is superior to the MLE.

(3) When the n is small, the new estimator performs
well.
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Table 3: MSE values of the estimator for different values of d and ρ when σ � 1 andn � 150.

d 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
ρ � 0.90
OME 0.1009 0.1009 0.1009 0.1009 0.1009 0.1009 0.1009 0.1009 0.1009
LE 0.1040 0.1048 0.1055 0.1063 0.1070 0.1077 0.1085 0.1093 0.1100
MLE 0.0953 0.0959 0.0965 0.0971 0.0977 0.0984 0.0990 0.0996 0.1002
NMLE 0.0953 0.0959 0.0965 0.0971 0.0977 0.0984 0.0990 0.0996 0.1002
ρ � 0.95
OME 0.2121 0.2121 0.2121 0.2121 0.2121 0.2121 0.2121 0.2121 0.2121
LE 0.2228 0.2262 0.2296 0.2330 0.2365 0.2400 0.2435 0.2471 0.2507
MLE 0.1891 0.1916 0.1941 0.1966 0.1992 0.2017 0.2043 0.2069 0.2095
NMLE 0.1891 0.1916 0.1941 0.1967 0.1992 0.2018 0.2043 0.2069 0.2095
ρ � 0.99
OME 0.9328 0.9328 0.9328 0.9328 0.9328 0.9328 0.9328 0.9328 0.9328
LE 0.9467 1.0154 1.0867 1.1606 1.2370 1.3159 1.3975 1.4815 1.5682
MLE 0.6152 0.6461 0.6781 0.7112 0.7454 0.7807 0.8171 0.8545 0.8931
NMLE 0.6132 0.6451 0.6778 0.7115 0.7461 0.7816 0.8180 0.8554 0.8936

Table 1: MSE values of the estimator for different values of d and ρ when σ � 1 and n � 50.

d 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
ρ � 0.90
OME 0.3466 0.3466 0.3466 0.3466 0.3466 0.3466 0.3466 0.3466 0.3466
LE 0.3630 0.3740 0.3851 0.3964 0.4080 0.4196 0.4315 0.4436 0.4558
MLE 0.2849 0.2914 0.2979 0.3046 0.3113 0.3182 0.3251 0.3322 0.3394
NMLE 0.2839 0.2905 0.2972 0.3040 0.3109 0.3179 0.3249 0.3321 0.3393
ρ � 0.95
OME 0.7517 0.7517 0.7517 0.7517 0.7517 0.7517 0.7517 0.7517 0.7517
LE 0.7320 0.7899 0.8503 0.9132 0.9787 1.0467 1.1172 1.1903 1.2659
MLE 0.5077 0.5311 0.5554 0.5806 0.6068 0.6339 0.6620 0.6910 0.7209
NMLE 0.4947 0.5202 0.5464 0.5734 0.6012 0.6297 0.6590 0.6891 0.7200
ρ � 0.99
OME 2.2716 2.2716 2.2716 2.2716 2.2716 2.2716 2.2716 2.2716 2.2716
LE 1.5203 1.9326 2.4041 2.9348 3.5247 4.1739 4.8823 5.6499 6.4768
MLE 0.9794 1.0775 1.1870 1.3078 1.4400 1.5836 1.7386 1.9049 2.0826
NMLE 0.8374 0.9553 1.0835 1.2221 1.3711 1.5305 1.7002 1.8803 2.0708

Table 2: MSE values of the estimator for different values of d and ρ when σ � 1 and n � 100.

d 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
ρ � 0.90
OME 0.1493 0.1493 0.1493 0.1493 0.1493 0.1493 0.1493 0.1493 0.1493
LE 0.1551 0.1567 0.1583 0.1600 0.1616 0.1633 0.1650 0.1667 0.1684
MLE 0.1375 0.1388 0.1401 0.1414 0.1427 0.1440 0.1453 0.1466 0.1479
NMLE 0.1375 0.1388 0.1401 0.1414 0.1427 0.1440 0.1453 0.1466 0.1479
ρ � 0.95
OME 0.2596 0.2596 0.2596 0.2596 0.2596 0.2596 0.2596 0.2596 0.2596
LE 0.2746 0.2801 0.2856 0.2912 0.2969 0.3026 0.3083 0.3141 0.3200
MLE 0.2249 0.2286 0.2323 0.2361 0.2399 0.2438 0.2477 0.2516 0.2556
NMLE 0.2248 0.2285 0.2323 0.2361 0.2399 0.2438 0.2477 0.2516 0.2556
ρ � 0.99
OME 1.2140 1.2140 1.2140 1.2140 1.2140 1.2140 1.2140 1.2140 1.2140
LE 1.1520 1.2763 1.4073 1.5451 1.6897 1.8411 1.9993 2.1642 2.3360
MLE 0.7091 0.7556 0.8045 0.8558 0.9095 0.9656 1.0240 1.0849 1.1482
NMLE 0.6951 0.7447 0.7963 0.8499 0.9056 0.9632 1.0229 1.0846 1.1482

6 Journal of Mathematics



5. Conclusions

In this paper, we use a new method to propose a new mixed
estimator in the linear measurement errormodel and we also
discuss the properties of the new estimator. A Monte Carlo
simulation experiment is designed to evaluate the perfor-
mances of the estimators in terms of the simulated mean-
squared error criterion. Simulation results indicated that the
new estimator performed better than the rest of the esti-
mators when themulticollinearity problem exists in the data.
*erefore, the new estimator can be an alternative to the
existing estimators especially in the presence of highly
correlated data.
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