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Abstract:

This study aims at suggesting a biased regression estimator for treating both the autocorrelation
between errors and the multicollinearity among the explanatory variables together. The properties of
the suggested generalized biased (GB) estimator are stated, and its performance is investigated using
the mean square error criterion over the generalized least squares estimator, the generalized ridge
estimator, and the generalized Liu estimator. Also, the estimators for the two parameters k and d of the
suggested GB estimator and the others are selected. A massive study of simulation is performed, and
the results indicate that the suggested GB estimator performed well compared to the other generalized
estimators under specific conditions. Finally, two real datasets are used to explain these findings.

Keywords: Generalized Biased Estimator, Generalized Liu Estimator,
Multicollinearity, Generalized Ridge Estimator, Correlated errors

1. Introduction: In linear regression models, it is known that
the independence assumption of explanatory
The popular linear regression model with variables holds. But there may be a linear
uncorrelated errors is considered as relationship between explanatory variables in
real-life situations in which this causes a
y=XB+V, (1) problem called multicollinearity (Lukman and
Ayinde, 2017; Lukman et al., 2019; Qasim et
where y is indicated as an nx1 vector of the al., 2020; Dawoud, 2021a). In the case of

multicollinearity, the OLS estimator is

dependent variable, X is defined as an nxp inefficient and produces wrong signs sometimes

matrix of known explanatory variables with a (Hoerl and Kennard, 1970). To handle these
full rank, /s indicated as a px1 vector of problems, some studies have introduced
unknown regression parameters, and V is estimators with one parameter, such as the ridge
indicated as an nx1 vector of errors with mean estimator, which is
is equal to zero and the variance-covariance, ,3R — (X' X +klp)‘1X’y, k>0 (Hoerl and
Cov (V) =0°l,, o is the variance, and I, is Kennard, 1970), the Liu estimator, which is

known as an nxn identity matrix. The popular BL S (X' X+ 1) X' X +dl )3, 0<d <1
p p !

ordinary least squares (OLS) of unknown 4 in (Liu, 1993), as well as the recent estimator of

(1) Is as follows: Kibria and Lukman (2020). Then, some studies
. NP ) combined the two parameters (k, d) in one
B=(XX) "Xy (2) estimator, as in Ozkale and Kagiranlar (2007),
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Dawoud and Kibria (2020), Dawoud (2021b),
Dawoud et al. (2022), as well as the new type
of regression estimator recently given by Aslam
and Ahmad (2022) and called the modified Liu-
ridge type estimator, in which it is defined as

Purr = (X' X +Ip)‘1(X’X +dl,)

(X' X +k@+d)I )" X"y
the parameters k and d are defined above.

Time series data happen frequently in many
fields, such as business, economics, and
engineering, where the uncorrelated errors
assumption of these data does not often hold,
and in this case, the OLS estimator becomes
inefficient. To solve this, the generalized least
squares (GLS) estimator is defined, which is
unbiased and whose variance is less than that of
the OLS estimator (Gller and Kagiranlar,
2009). However, the multicollinearity problem
may exist even after getting the GLS estimator
because of a large variance, which vyields
untrusted estimates. As a result, Trenkler
(1984) proposed the generalized ridge (GR)
estimator to extend the ridge regression idea for
reducing  multicollinearity  effects  with
correlated errors, and Kaciranlar (2003)
introduced the generalized Liu (GL) estimator.
Moreover, there are many studies about solving
the above problems, for example, (Bayhan and
Bayhan, 1998), (Alheety and Kibria, 2009),
(Gller and Kagiranlar, 2009), (Alkhamisi,
2010), (Huang and Yang, 2015), (Eledum and
Alkhalifa, 2012), (Siray et al., 2014), (Chandra
and Sarkar, 2016), (Chandra and Tyagi, 2017),
and (Tyagi and Chandra, 2017).

., Where

Consider the linear regression model with
correlated errors as:

y=Xﬂ+8, (3)

where y, X, g are as defined in model (1)
and ¢ is considered as an nx1 errors vector
with E (¢) =0, and Cov(s)=c?V . Since oV
is the errors variance-covariance matrix, v is
known as positive definite (p.d.), so there is an

35

nxn matrix E, where E'E =V , then model
(3) is rewritten as

E'y=E 'XB+E"¢, (4)

X,=E*X as well as
E(s.)=0 as well as
see Alheety and Kibria

let y. =Ely,
e.=E'e, so
Cov(e)=o°l,,
(2009).

So, the transformed model is given as
Yo = X B+ &, ®)

which it satisfies the error assumption,
& ~N(0,5°1,). So, the OLS estimator using
(5) is as follows:

EGLS = (X*:X*)_leZ Y«
=(X’V‘1X)‘1X’V‘1y, (6)
= Dle'Vfly

where D=(X'VX) and S, is called the
Aitken estimator or the GLS estimator of f,
where it is the best linear unbiased estimator of
the parameter A and Cov (By.)=0c’D™,
(Aitken, 1936).

The mean squared error matrix (MSEM) as
well as the mean squared error (MSE) of an

estimator £ are given
as.

MSEM () = Cov (5) + (Bias () |Bias(5))

: (7
MSE(/3) = Trace (MSEM () ). ®)

The GLS estimator in the canonical form is
given as follows:

&GLS =Q7'W’ Y 9)
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the MSEM and the MSE are given respectively
as:

MSEM (dss) =02 Q™ (10)

1

MSE (&) = 0 (11)

=1 M

where W = X,P=E™*XP, P is known as an
orthogonal matrix of D, with columns
representing the eigenvectors of D, and
W'W =Q =diag{q,, @,,--,q,} is the diagonal

matrix, with elements representing the
eigenvalues of D, and «a=P’'B, where

q, =29, =..2q, =0.

The objective of this study is to suggest a
generalized biased estimator for the regression
parameter when both autocorrelation and
multicollinearity problems occur, and then to
study the performance and compare the
suggested generalized biased estimator with the
GLS, the GR, and the GL estimators.

This study is planned as follows: In Section 2,

we give the available estimators and the
suggested estimator. We give some theorems
about the superiority of the suggested
generalized biased estimator in Section 3. In
Section 4, the selected estimators of the
parameters of all estimators are given. A
simulation is conducted in Section 5. Two real-
life applications are illustrated in Section 6.
Finally, a conclusion is summarized in Section
1.

2. The Available Estimators and the
Suggested Estimator

2.1 Generalized Ridge Estimator

Since the GLS estimator is still affected by
multicollinearity, the GR estimator is proposed
by Trenkler (1984) for « as follows:

36

Ger =F W'y, (12)

and the MSEM as well as the MSE of the GR
estimator are given as

MSEM (&4s) =c*F * QF

: (13)
L (F'Q-Daa (F'Q-1Y
MSE(&y,) :azi%+k2i% (14)
=1 =

where F=(Q+kl ) and F, =(q; +k).
2.2 Generalized Liu Estimator

The GL estimator is proposed by Kaciranlar
(2003) for « as:
(15)

~ ol =~
g =R "N ags,

and the MSEM as well as the MSE of the GL
estimator are given as

MSEM (&g ) =0’ R*NQ*NR™

,  (16)
+(RIN=-Daa' (RN -1)

2
Ni

MSE(o) =" Lo+ (=)' Y. 2L ()

ERILY i
where R=(Q+1,), R, =(q;+1),

N=(Q+dl,), and N; =(q; +d).

2.3 The Suggested Generalized Biased

Estimator

The efficiency of the modified Liu-ridge type
estimator given by Aslam and Ahmad (2022)
over previous and recent estimators for linear

regression models encourages us to proposed
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the generalized form of it for handling both
autocorrelation and multicollinearity together.
Therefore, we suggest the generalized biased

(GB) estimator for « as follows:

Qs = RINT W'y, (18)
where T =(Q+k@+d)l ).
The GB estimator is a biased regression

estimator of «. The bias amount and
covariance are given respectively,

Bias(@s) =[RNT Q- 1,]e , (19)

Cov (b?GB) =o?RINT *1QT*1 NR. (20)
So, the MSEM and the MSE are defined as

MSEM (&gs) = o2 R*NT QT *NR ™

(21)
+[RANTQ-1,]aa' [RINTQ-1,T
o Y Nz p J
MSE(ags) =0 Jz Rz-l-z +z Rz 2 ’ (22)
where T, =(q; +k(+d)) and

—q,(1—d) +K(L+d)R,.

3. The Superiority of the GB Estimator

Theorem 1:
p Mzaz p 2T2 ‘

if Dy - <Z o'(R - (3‘ ) then
T RIS E AR,

MSE (@45 ) < MSE (ags) -
Proof: The difference between MSE (o, ) and

MSE (agg) is as:
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A= MSE(&GB) - MSE(&GLS)
o’ (i N; —RIT? )+ q M} &}
= qJRZTZ

. (23)

A, in equation (23) will be negative if

Mol ¢ ot (RITE o N)
; RiT? <; 0 RT , then

MSE (@g5) < MSE (@, ). Therefore, the GB

estimator is better than the GLS estimator if

2 2 2T 2
Zp:MJO‘j <zp: ( RIT/ -q; N )
212 212 '
= RiTy = q;RiT
Theorem 2:
If
0 Z(Mze_szsz) p 2 (Rsz_Nze)
Zaj i ji<z‘7qijj i
; RITZF? ; RITZF?
= = it

, then MSE (dgz) < MSE (@g) .

Proof: The difference between MSE («.;) and
MSE (agg) is as:

A, = MSE (&s5) - MSE(&'GR)

2(M2F2 —k?R?T?)

o [o2q,(N?F2 R )+ a
= RZTj Ff

(24)
A, in equation (24) will be negative if

M3 -KRT?) g%, (RETE - N7

j=1

RJ2 sz FJZ j=1 Rjz sz Fiz
, then MSE (@) < MSE () . Therefore, the
GB estimator is better than the GR estimator if

a?(M2F2 —K?R2T?) o azq.(R.zT.Z—szsz).

p

§ ] <§ J 1]
2 2 2122

i1 RIT/F, i1 RiTiF
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Theorem 3:
If

(M -a-0)’T})

> 53

P
212
= RiTJ =t

o’Ni(T7 —af)
o;R{TY

then MSE (@) < MSE (ag, ).

Proof: The difference between MSE (e, ) and
MSE (agg) is as:

A, = MSE (&g, ) — MSE (&g, )

_g[ il T afa, ] -0 oy)
- j=1 quJ’ZTi2

(25)

A, in equation (25) will be negative if

o"Ni(T7 ~a})
a;RT}

0 (M2 —(L-d)?T2) @
2 o <
j=1 RiT; j=L
then MSE () < MSE (g ). Therefore, the
GB estimator is better than the GL estimator if

Zp:ajz(sz—2(1:d)2Tj2)<i02Nj2(T5 _quz )
i1 RiT; = Ry

4. Selected estimators for the biasing
parameters k and d

We choose the estimators of the biasing
parameters (k,d) for all above estimators as:

~ . o
k :mln( = J : (26)
XeLs(i) ) j,
p
~2
~ a .
d = max # , (27)
O | ~2
T ais(j)
q;

j=1
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where &7 is the estimated variance based on
the GLS estimator; see for other details: Hoerl
and Kennard (1970), Kibria (2003), Ozkale and
Kaciranlar (2007), and Aslam and Ahmad
(2022).

5. A massive Simulation Study

A massive simulation study is carried
out to compare the performance of the proposed
GB estimator with that of the existing
estimators. The computational procedures are
done via MATLAB software. According to
Kibria (2003) and Dawoud and Kibria (2020),
the following equation is used for generating
the explanatory variables:

X = (1_72)1/22ij +7

i, p+1?
. (28)
1=12,..n,

j=12,..,p

where z;'s are considered independent pseudo-
random numbers that follow a standard normal
distribution, and » is determined, where * is

known as the correlation between two
explanatory variables. According to Kibria
(2003), the coefficient vector is the largest

eigenvalue of D. The following is the
dependent variable y :
Yi :ﬂlxil+ﬂzxi2+“‘+ﬂpxip+ei’ (29)

i=12,...,n

and the error processes for (29) are chosen as:

e, =U;,  White Noise errors (30)
e, =pe_ tU, AR(1)errors (31)
€=U +7U_, MA(1)errors (32)

where U are known as iidN(0,0%). The
values of p are selected, where p'p=1,
(Dawoud and Kibria, 2020). The V matrices
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and the variances of ¢ for (30), (31) and (32) V=1, o° =au2 (33)
are given in Trenkler (1984) and Ozkale (2009),
respectively,
V=), v.=p"% o°=c’I0-p°), r,5=12,..,n (34)
1472 ¢ 0 - 0 0
1 r 1+7" ¢ -+ 0 0
V= A : : : , ol =0(1+77). (35)
1+7 )
0 0 0 - 1+7 T
0 0 O r 1+7°
Also, all factors used in this simulation are stated in Table 1.
Table 1. The values of the factors that are considered in simulation
Factor Symbol Values
Autocorrelation of the error P, T 0.3,0.7
Sample size n 50, 150
Standard deviation o 1,5
Degree of correlation /4 0.7,0.9
Number of explanatory variables | p 3,7
Number of replicates MCN 1000
To investigate the performances of the GLS, where & is estimator output and s, is true

GR, GL, and the suggested GB estimator, we
compute the estimated MSE values by using the

following formula:
1 MCN

parameter output.

The estimators' estimated MSEs are shown in

MSE(5") = —— 2(55 _5i)'(5i’j“ -58), (36) Tables 2-4. The smallest MSE value is bolded
j=1

MCN 4 in each row.

Table 2. The Estimated MSE of Estimators for White Noise Errors
n P o /4 GLS GR GL GB
50 3 1 | 0.70 | 0.0882 | 0.0801 | 0.0880 | 0.0742

0.90 | 0.2136 | 0.1727 | 0.2117 | 0.1444

5 1070 | 2.2058 | 1.3463 | 2.1786 | 1.0364

0.90 | 5.3394 | 2.7537 | 5.2069 | 1.9064

7 1 | 0.70 | 0.2822 | 0.2238 | 0.2809 | 0.1863

0.90 | 0.7436 | 0.5195 | 0.7354 | 0.3983

5 | 070 | 7.0556 | 3.8890 | 6.9586 | 2.7580

0.90 | 18.5888 | 9.6747 | 18.1893 | 6.5686

150 | 3 1 | 0.70 | 0.0302 | 0.0288 | 0.0301 | 0.0277

0.90 | 0.0751 | 0.0672 | 0.0750 | 0.0607

39



Dr. Issam Dawoud, Al-Agsa University Journal, Volume 25, Issue 1, January 2023

0.70 | 0.7551 | 0.5332 | 0.7528 | 0.4319
0.90 | 1.8766 | 1.0818 | 1.8615 | 0.7728
7 0.70 | 0.0790 | 0.0726 | 0.0790 | 0.0671
0.90 | 0.2089 | 0.1778 | 0.2086 | 0.1540
0.70 | 1.9751 | 1.3220 | 1.9693 | 1.0081
0.90 | 5.2216 | 3.1817 | 5.1911 | 2.2812
Table 3. The Estimated MSE of Estimators for AR(1) Errors
P n P | o /4 GLS GR GL GB
03] 50 | 3 1 |0.70 | 0.0848 | 0.0771 | 0.0846 | 0.0713
0.90 | 0.2079 | 0.1697 | 0.2067 | 0.1427
5 1070 | 21193 | 1.3102 | 2.0964 | 1.0116
0.90 | 5.1976 | 2.7310 | 5.0807 | 1.9002
7 1 | 0.70 | 0.2826 | 0.2224 | 0.2818 | 0.1843
0.90 | 0.7444 | 0.5147 | 0.7383 | 0.3941
5 | 070 | 7.0658 | 3.8532 | 6.9881 | 2.7261
0.90 | 18.6110 | 9.5815 | 18.2710 | 6.5111
150 | 3 1 |0.70 | 0.0279 | 0.0267 | 0.0278 | 0.0257
0.90 | 0.0696 | 0.0629 | 0.0695 | 0.0572
5 1070 | 0.6971 | 0.4965 | 0.6954 | 0.4029
0.90 | 1.7407 | 1.0261 | 1.7299 | 0.7405
7 1 ]0.70 | 0.0739 | 0.0683 | 0.0738 | 0.0634
0.90 | 0.1949 | 0.1676 | 0.1948 | 0.1463
5 1070 | 1.8469 | 1.2608 | 1.8426 | 0.9718
0.90 | 4.8728 | 3.0227 | 4.8500 | 2.1887
07| 50 | 3 1 | 0.70 | 0.0760 | 0.0703 | 0.0759 | 0.0657
0.90 | 0.1887 | 0.1599 | 0.1884 | 0.1384
5 1070 | 1.8993 | 1.2484 | 1.8919 | 0.9832
0.90 | 4.7186 | 2.6755 | 4.6789 | 1.9241
7 1 ]0.70 | 0.2713 | 0.2166 | 0.2710 | 0.1816
0.90 | 0.7137 | 0.5050 | 0.7113 | 0.3945
5 | 070 | 6.7820 | 3.8421 | 6.7490 | 2.7752
0.90 | 17.8424 | 9.5541 | 17.7020 | 6.6833
150 | 3 1 ] 0.70 | 0.0218 | 0.0210 | 0.0217 | 0.0204
0.90 | 0.0545 | 0.0503 | 0.0543 | 0.0466
5 1070 | 05438 | 0.4076 | 0.5434 | 0.3370
0.90 | 1.3626 | 0.8559 | 1.3595 | 0.6335
7 1 | 0.70 | 0.0585 | 0.0548 | 0.0584 | 0.0516
0.90 | 0.1541 | 0.1357 | 0.1540 | 0.1209
5 1070 | 1.4620 | 1.0300 | 1.4607 | 0.8064
0.90 | 3.8518 | 2.4739 | 3.8447 | 1.8293
Table 4. The Estimated MSE of Estimators for MA(1)Errors
T n P | o /4 GLS GR GL GB
03] 50 | 3 1 | 0.70 | 0.0867 | 0.0785 | 0.0865 | 0.0723
0.90 | 0.2141 | 0.1734 | 0.2128 | 0.1450
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5 | 070 | 21663 | 1.3277 | 2.1419 | 1.0197

0.90 | 5.3515 | 2.7563 | 5.2280 | 1.8998

7 1 1070 ] 0.2790 | 0.2208 | 0.2782 | 0.1835
0.90 | 0.7342 | 0.5112 | 0.7288 | 0.3924

5 | 070 | 69738 | 3.8294 | 6.8975 | 2.7111

0.90 | 18.3559 | 9.5278 | 18.0433 | 6.4801

150 | 3 1 [ 070 | 0.0274 | 0.0263 | 0.0273 | 0.0253
0.90 | 0.0685 | 0.0618 | 0.0684 | 0.0563

5 | 0.70 | 0.6856 | 0.4885 | 0.6840 | 0.3966

0.90 | 1.7116 | 1.0077 | 1.7009 | 0.7274

7 1 [ 070 | 0.0725 | 0.0670 | 0.0724 | 0.0623
0.90 | 0.1912 | 0.1644 | 0.1910 | 0.1436

5 | 070 | 1.8117 | 1.2360 | 1.8074 | 0.9524

0.90 | 4.7797 | 2.9574 | 4.7570 | 2.1402

0.7 50 | 3 1 [ 070 | 0.0670 | 0.0612 | 0.0669 | 0.0564
0.90 | 0.1713 | 0.1419 | 0.1710 | 0.1206

5 | 070 | 1.6757 | 1.0443 | 1.6660 | 0.7998

0.90 | 4.2831 | 2.2736 | 4.2255 | 1.5837

7 1 070 | 0.2224 | 0.1807 | 0.2222 | 0.1525
0.90 | 0.5812 | 0.4163 | 0.5793 | 0.3248

5 | 0.70 | 55599 | 3.0948 | 5.5270 | 2.1985

0.90 | 14,5298 | 7.6308 | 14.3962 | 5.2299

150 | 3 1 {070 | 0.0174 | 0.0169 | 0.0173 | 0.0164
0.90 | 0.0440 | 0.0408 | 0.0437 | 0.0379

5 | 070 | 04347 | 0.3261 | 0.4344 | 0.2690

0.90 | 1.0997 | 0.6883 | 1.0968 | 0.5077

7 1 [ 070 | 0.0461 | 0.0433 | 0.0460 | 0.0409
0.90 | 0.1217 | 0.1070 | 0.1216 | 0.0953

5 | 070 | 1.1520 | 0.8093 | 1.1509 | 0.6333

0.90 | 3.0418 | 1.8833 | 3.0356 | 1.3688

Tables 2-4 illustrate that the increases of y, o
and p lead to higher estimated MSE values,

while the increases of n lead to lower estimated
MSE values for white noise, MA(1), and,
AR(1) errors. According to AR(1), and MA(1)
errors, as the values of (p,7) increase, the

MSE values for all different values of y, o, p,

and n decrease. As expected, when
multicollinearity and correlated errors exist, the
GLS estimator has the lowest performance of
all estimators. By selecting these estimators for
the parameters (k,d), the results indicated that
the GR estimator is better than the GL
estimator. In addition, the suggested GB

41

estimator has the best performance by giving
the smallest MSE values.

6. Real-life Applications:

The GLS, GR, GL, and the suggested GB
estimators' performances in the MSE sense are
studied in this section using two real-life
datasets.

6.1 Application 1:

We first use the real-life US gross domestic
product (GDP) data that is given in Gujarati
(2002). And, this data was investigated by
Chandra and Sarkar (2016) and Tyagi and
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Chandra (2017). The quarterly US data
variables are defined as GDP growth (Y),
personal disposable income (X,), personal
consumption expenditure (X,), corporate tax
after profits (X;) and net corporate dividend
payments (X,) for the years 1970-1991. The
eigenvalues of X'X for the standardized
variables are 324.6527396, 21.8742084,
1.2365875, and 0.2364645, indicating the
presence of multicollinearity in this data. Also,
the value of the Durbin-Watson test of this data
is calculated as 0.4784, which gives an
indication of the existence of a positive
autocorrelation at « =0.05, where the critical

values are d, =1.429 and d, =1.611 for
n=88. The error term follows AR(1) with
p=0.7530. So, the matrix V is constructed
using (34). Also, 64, equals 0.00292. As a
result, the eigenvalues of D are
g, =56.855746, q,=7.238663, g, =0.578735
and ¢, =0.230750. And the condition number

of D is calculated as 246.3951 which means
multicollinearity occurs.

The given estimated parameters as well as the
estimators' MSEs are stated in Table 5.

Table 5. The regression coefficients as well as their MSEs

Coef. GLS GR GL GB

o 0.2073 0.2119 | 0.2074 | 0.2163
a, 0.5930 0.5827 | 0.5928 | 0.5728
a3 0.1054 0.1064 | 0.1054 | 0.1074
o, 0.1087 0.1134 | 0.1089 | 0.1179
MSE 0.0182 0.0173 | 0.0181 | 0.0168
k | = 0.0083 | ------ 0.0083
d | | 0.9989 | 0.9989

Table 5 clarifies that the GLS estimator
performs the worst in the presence of
multicollinearity. Also, the GR estimator is
better than the GL estimator. Moreover, the
lowest MSE value is for the suggested GB
estimator. So, the suggested GB estimator is the
best among the mentioned estimators in the
presence of both autocorrelation and
multicollinearity problems simultaneously.

Through our application, we verify the
theoretical results with the estimated values of
the parameters as follows:

42

-In theorem 1, the necessary condition is

2 =2
M7 g5
2T 2
il

~2 2T 2 2 2
<Zp:0 (RjTj q; Nj)
2T 2

q;R;T;

j=1

=0.0000655
j=L .

=0.0019323

then, MSE (@) < MSE(a,s) . That is,

the suggested GB estimator outperforms
the GLS estimator.
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- In theorem 2, the necessary condition is
~2 22 L 2p2T2
C aGLS(J’)(MiFJ’ —k RjTj)

>, =0.0000486
2122
i=L RiT{F
P 5%a.(R*T2 = N?2F?
2 a i ) _ o.o00s33s
i RiTiF

; then, MSE (@) < MSE () . That i,

the suggested GB estimator outperforms
the GR estimator.

-In theorem 3, the necessary condition is
: ézc-:ZLS(j)('V'jZ_(1_0|)2T12)

> — =0.0000655
= RJ'TJ'

p ~2N2 T-2 _ 2
L3N i 9 ) _ 00019028

= ORI,

; then, MSE (ag;) < MSE (g, ) . That is,

the suggested GB estimator outperforms
the GL estimator.

6.2 Application 2:
Here, we use the data on Egypt's GDP that is

taken from the World Bank, where this data is
stated and investigated by Youssef (2022). The

dependent variable is GDP (Y), and the
explanatory variables are nitrous oxide

emissions (NOE) ( X,), and methane emissions
(ME) (X,) for the years 1990-2022. The
eigenvalues of X'X are calculated as

1.3994e+10, and 0.0018e+10, which clarify the
occurrence of multicollinearity. In addition, the
Durbin-Watson value is calculated as 0.395,
giving an indication of the existence of a
positive autocorrelation at o =0.05, where
d, =1.321 and d, =1.577 for n=33. So, the
error term follows AR(1) with H=0.8025.
Then, the matrix V is constructed using
equation (34). Hence, &% is equal to
1.1494e+22. The eigenvalues of D are
g, =1.9235e+9, and g, =0.0351e+9. And the

condition number of D is computed as 54.8,
which means the multicollinearity still exists.

Table 6 shows the estimated parameters as well
as the MSEs of the estimators.

Table 6. The regression coefficients as well as their MSEs

Coef. GLS GR GL GB
o 8.6804e+6 | 6.2889e+6 | 8.6804e+6 | ©.7257e+6
a, 4.9690e+6 | 6.1661e+6 | 4.9691e+6 | 5.9177e+6
MSE | 3333.2e+11 | 237.43e+11 | 3332.9e+11 | 178.56e+11
k | - 1.5254e+08 |  ----- 1.5254e+08
d | - | e 0.9265 0.9265
Table 6 clarifies that the GLS estimator Through our application, we verify the

performs the worst in the presence of
multicollinearity. Also, the GR estimator is
better than the GL estimator. Moreover, the
lowest MSE value is for the suggested GB
estimator. So, the suggested GB estimator is the
best among the mentioned estimators in the
presence of both autocorrelation and
multicollinearity problems simultaneously.
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theoretical results with the estimated values of
the parameters as follows:

-In theorem 1, the necessary condition is

P M2a? .,

> JO;?;S“) = 21.03e+12

j=1 it .
2(R2-|-2_ 2N2) '
WL N 325900 412
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then, MSE (&) < MSE(a,, ). That is,

the suggested GB estimator outperforms
the GLS estimator.

-In theorem 2, the necessary condition is
~2 22 [ 2p2T2
3 aGLS(J)(MiFJ -k RiTj)

2.

2122
1 RiT/F

~2 2T 2 2 2
<Zp:‘7 qj(RjTj _Nij)
< RITIF?

=4.31e+12

=8.36e +12

; then, MSE (ag) < MSE () . That is,

the suggested GB estimator outperforms
the GR estimator.

-In theorem 3, the necessary condition is
e, @2 g (M2 —(-d)?T?)

2= R

~2N\]| 2 2 2
37 N"(T; -y ) 25210 412
= 0GR,

; then, MSE (@) < MSE (e, ). That is,

the suggested GB estimator outperforms
the GL estimator.

=21.02e+12

7. Conclusion

A generalized biased (GB) regression
estimator is introduced when both correlated
errors and  multicollinearity  exist. The
suggested GB estimator is investigated versus
the generalized least squares (GLS), the
generalized ridge (GR), and the generalized Liu
(GL) estimators via mean squared error. A
massive simulation has been made to show the
performance of the suggested GB estimator by
comparing it to other existing estimators.
Clearly, under specific conditions, the
suggested GB estimator has performed well
when compared to other existing estimators.
Two real-life datasets are also used to illustrate
these ideas. The findings of this paper could be
generalized to other error terms (variance-
covariance structures) in other studies. Finally,
the recommendation for practitioners is to use
the suggested GB estimator in the presence of
both autocorrelation and multicollinearity
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problems at the same time by selecting
appropriate estimators of the parameters (k, d).

Conflicts of interest
No conflict of interest was declared by the
author.

References

Aitken A.C. 1936: On least squares and linear
combination of observations, Proceedings of
Royal Statistical Society, Edinburgh, 55, 42-48.

Alheety M.I. and Kibria B.M.G. 2009: On the
liu and almost unbiased liu estimators in the
presence of multicollinearity with
heteroscedastic or correlated errors, Surveys in
Mathematics and its Applications, 4, 155-167.

Alkhamisi M.A. 2010: Ridge estimation in
linear models with autocorrelated errors,
Communications in  Statistics-Theory and
Methods, 39(14), 2630-2644.

Aslam M. and Ahmad S. 2022: The modified
Liu-ridge-type estimator: a new class of biased
estimators to address  multicollinearity,
Communications in Statistics - Simulation and
Computation, 51(11), 6591-6609.

Bayhan G.M. and Bayhan M. 1998: Forecasting
using autocorrelated errors and multicollinear
predictor variables, Computers and Industrial
Engineering, 34(2), 413-421.

Chandra S. and Sarkar N. 2016: A restricted r-k
class estimator in the mixed regression model
with autocorrelated disturbances, Statistical
Papers, 57(2), 429-449.

Chandra S. and Tyagi G. 2017: A general class
of biased estimators in the presence of
multicollinearity with autocorrelated errors,
International Journal of Mathematics and
Statistics, 18(2), 30-49.

Dawoud I. and Kibria, B.M.G. 2020: A New
Biased Estimator to Combat the



A Proposed Biased Regression Estimator for Treating the Existence of Autocorrelation and
Multicollinearity

Multicollinearity of the Gaussian Linear

Regression Model, Stats, 3(4), 526-541.

Dawoud I. 2021a: Performance of Some New
Biasing Parameter Estimates of Kibria-Lukman
Estimator in Linear Regression Model, Al-Agsa
University Journal (Natural Sciences Series),
23(1), 31-49.

Dawoud 1. 2021b: A new improved estimator
for reducing the multicollinearity effects,
Communications in Statistics —Simulation and
Computation, 10.1080/03610918.2021.1939374

Dawoud I., Lukman A.F. and Haadi A.R. 2022:
A new biased regression estimator: theory,
simulation  and  application.  Scientific
African, 15 (2022), p. e01100.

Eledum H.Y.A. and Alkhalifa A.A. 2012:
Generalized two stages ridge regression
estimator GTR for multicollinearity and
autocorrelated errors, Canadian Journal on
Science and Engineering Mathematics, 3, 79—
85.

Gujarati D.N. 2002: Basic Econometrics, Mc-
Graw Hill, NY(USA).

Guler H. and Kagciranlar S. 2009: A comparison
of mixed and ridge estimators of linear models,
Communications in Statistics-Simulation and
Computation, 38(2), 368—401.

Hoerl A.E. and Kennard R.W. 1970: Ridge
regression: biased estimation for nonorthogonal
problems, Technometrics, 12 (1), 55-67.

Huang J. and Yang H. 2015: On a principal
component two-parameter estimator in linear
model with autocorrelated errors, Statistical
Papers, 56(1), 217-230.

Kaciranlar S. 2003: Liu estimator in the general
linear regression model, Journal of Applied
Statistical Science, 13, 229-234.

45

Kibria B.M.G. 2003: Performance of some new
ridge regression estimators, Communication in
Statistics- Simulation and Computation, 32(2),
419-435.

Kibria B.M.G. and Lukman A.F. 2020. A New
Ridge-Type Estimator for the Linear
Regression Model: Simulations and
Applications, Scientifica, 2020, 1-16.

Lukman A.F. and Ayinde K. 2017: Review and
classications of the ridge parameter estimation
techniques, Hacettepe Journal of Mathematics
and Statistics, 46(5), 953-967.

Lukman A.F., Ayinde K., Binuomote S. and
Clement O.A. 2019: Modified ridge-type
estimator to combat  multicollinearity:
Application to chemical data, Chemometrics,
DOI:10.1002/cem.3125.

Liu K. 1993: A new class of biased estimate in
linear regression, Communications in Statistics-
Theory and Methods, 22, 393-402.

Ozkale M.R. and Kagiranlar S. 2007: The
restricted and unrestricted two-parameter
estimators, Communications in Statistics-
Theory and Methods, 36(15), 2707-2725.

Ozkale M.R. 2009: A stochastic restricted ridge
regression estimator, Journal of Multivariate
Analysis, 100(8), 1706-1716.

Qasim M., Amin M. and Omer T. 2020:
Performance of some new Liu parameters for
the linear regression model, Communications in
Statistics - Theory and Methods, 49(17), 4178-
4196.

Siray G.U., Kagiranlar S. and Sakallioglu S.
2014: r-k class estimator in the linear
regression model with correlated errors,
Statistical Papers, 55, 393-407.

Trenkler G. 1984: On the performance of
biased estimators in the linear regression model


https://doi.org/10.1080/03610918.2021.1939374
https://doi.org/10.1080/03610918.2021.1939374

Dr. Issam Dawoud, Al-Agsa University Journal, Volume 25, Issue 1, January 2023

with correlated or heteroscedastic errors,
Journal of Economics, 25, 179-190.

Tyagi G. and Chandra S. 2017: A Note on the
Performance of Biased Estimators with
Autocorrelated Errors, International Journal of
Mathematics and Mathematical Sciences, 2017,
1-12.

Youssef A.M.A.  2022: Detecting of
Multicollinearity, Autocorrelation and
Heteroscedasticity in Regression Analysis,
Advances, 3(3), 140-152.

46



