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ABSTRACT

This study conduct an extensive analysis of various biasing estimators in the context of multiple
explanatory variable (p) and varying degree of multicollinearity, a number of approaches have
been developed for deriving biasing estimators. In this study, a new approach to obtain the ridge
biasing parameter k is suggested and then evaluated by Monte Carlo simulations. A number of
different models are investigated for different number of observations, the strength of correlation
between the explanatory variables, and distribution of the error terms. The mean squared error
(MSE) criterion is used to examine the performance of the proposed estimators when compared
with other well-known estimators. Accordingly, the analysis revealed that generally, mean
square error (MSE) value of the estimators decrease as the degree of correlation among
explanatory variables increased with a few exceptions. In conclusion, kibria’s biasing estimator
proposed in 2022 exhibit effectiveness across multicollinearity level, error terms, sample sizes
and correlation levels. These results provide valuable insight for researcher and practitioner
seeking to choose appropriate biasing estimators in similar statistical scenarios.
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1 Introduction

Regression analysis is a statistical tool used for investigating the relationships between variables.
Usually, the investigator seeks to ascertain the causal effect of one variable upon another. For
example, the effects of a price increase upon demand and the effect of changes in the money
supply upon the inflation rate. Also, one may wish to examine whether drinks’ consumption is
related to various socioeconomic and demographic variables such as age, education, income, and
price of drinks. The relationship is expressed in the form of an equation or a model connecting
the response or dependent variable with one or more explanatory or predictor variables. The

response variable is denoted by Y and the set of predictor variables by X,, X, ..., X/, where p

p?’

denotes the number of predictor variables. The true relationship between Y and X, X, ..., X jcan

be approximated by the regression model given as:
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Y = (X, Xy X))+ 1)

where ¢ is assumed to be a random error representing the discrepancy in the approximation, it

also accounts for the failure of the model to fit the data exactly. The function f(X,, X,,...,X )
describes the relationship between Y and X, X, ..., X . An example is the linear regression
model

Y=8,+BX +B, X+ .+ B, X +& (2
Where, 3., 5., S, v By, ATE called the regression parameters or coefficients, which are unknown

constants to be determined (estimated) from the data (Chatterjee and Hadi 2015).
The Ordinary Least Squares (OLS) estimator stands as the preferred method for estimating the

parameters of regression model, provided certain assumptions are satisfied.

However, when the assumptions of independence among explanatory variables are violated, the
problem of multicollinearity occurs (Owolabi et al, 2022). In the presence of multicollinearity,
OLS estimator performance is unsatisfactory in that the standard errors of the regression
coefficients are high leading to insufficient contribution of the regressors (Oladapo et al,
2022;ldowu et al, 2023). When these happens, the OLS is no more Best Linear Unbiased
Estimator (BLUE). Several estimators have been proposed to handle the problem of
multicollinearity, such as Stein estimator, Ridge estimator, Liu estimator, Principal Component

and the likes.

When applying the biased estimators in handling multicolinearity, the biasing parameter has
been studied to have effect on the value of the Mean Square Error (MSE) (Kibra, 2003; Oladapo
et al 2023, 2024). In 2022 Kibra proposed some biasing parameter k but didn’t subject it to either

simulation or empirical studies. The objective of this paper is to subject some of the biasing
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parameter k propose by Kibra and also proposed some modified biasing parameter k using the
concept of Kibra 2022 estimators to simulation studies. Performance of all the proposed biasing
estimators is examined over several existing estimators with OLS using the mean square error

(MSE) criterion through Monte Carlo Simulation.

2. METHODOLOGY

The regression model given as:

Y=XB+¢ (3)
Consider the canonical form of the regression model in (3) as:

Y =X*a+ ¢ 4)
Where X" =XD, (a=D'=(a a,....a,;)" and D is the orthogonal matrix given that D'D = Ly
and D'X'XD=A, where A = diagA=diag(4,4,,...4,) contains the eigen values of X'X

matrix. Then, OLS (o) and Ridge estimator («y) in canonical form are given as:

A Wk )L *

o5 =(X"X") (X7y) (5)
A P — -1 oy

& =(X"X"+k) (X"y), (6)

where k = diag(kj,k,.k;,....k,) andk ;>0, for i = 1,2,3,....p. The MSE of OLS and ridge

regression estimation are given respectively as follows:
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MSE (G5 ) = azziﬂz (7)
A\ 2 p ﬂ.fl p k2a2
MSE (&s ) =0 Zi‘l—(ﬂv. A +0 k) ®)

2.1  Some Ridge Estimators

In this section, we reviewed and proposed some ridge parameters.

Hoerl and Kennard (1970) suggest to replace o and «?by their corresponding unbiased

2

estimator 6°and, @° respectively. That is

% i=12,...p (9)

&2 (y-9) (y-9
Where, 6° =§ 'pz(y {]) (;/ y) is the residual mean square error, which is unbiased

estimator of o2 Hoerl and Kennard (1970) suggest k to be

Kis = kAHK =2 (10)

Where 42, is the maximum element of a?. If o?and a?are known, then ky will give smaller

MSE than the OLS.

Kibria (2003) proposed some new estimator based on generalized ridge regression approach, by
using the geometric mean of equation (9), which produces the following estimator as expressed

below:
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(11)

By using the median of equation (9), which produces the following estimator as expressed
below:

~2
Kyep = Media{‘f—z_}i =12,..,p

a i

(12)
Alkamisi and Shukur (2007), proposed six biasing estimators of k:
A2
k20 = O; + /11
/Bmax max (13)
6 1
k,, = max 5 +Z (14)
1&(6° 1
k, =— 4+ =
- pg(ﬂf ﬁiJ (15)
A2
Kyy = Median(?2 +%J
i i (16)
o 1
K, = pp ~+ 7
Zi:lﬁi max (17)
6° 1
Ky = pp/l -+ 7
DB A (18)
Kibria (2022) also proposed the following estimators
A2
Kyoecm :GM(‘TZ +%J
Where GM stand for geometric mean
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é* 1
Kiostm = HM(ﬂAz T

Where HM stand for harmonic mean

~2
Kiosmep = Median[;2 + /%J

6% 1
Ko7 max = Max Iz +I

Where max stand for maximum

(6% 1
Ky = MiN 5 +/1—i

Where min stands for minimum

2.2  The proposed Biasing Estimator.

JRSS-NIG. Group Vol. 2(1), 2025, pg. 271 - 288

(20)

(21)

(22)

(23)

Following the works of Alkhamisi and Shukur (2007) and the works of Kibria (2022), the

following estimators are proposed:

G? 1
Kaoms == 2 1
min mean
A2
o} 1
k g =
AOM 2 A
ﬂ 2 min ﬂv.
ot 1
AOM3 = A~ 9 + 1
ﬁ min
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(25)

(26)

(27)
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pé? 1
Kaoms = 5o T
i ﬁ’min
Zi:lﬂ' (28)
A2 1
Kaoms = pij2+/1-
2 ABT Hen (29)

2.3 Monte Carlo Simulation

In this section, the procedure of simulation study that has been conducted to compare the
performance of the proposed biasing estimators with the OLS and Ridge Regression estimators

are discussed.

2.3.1 Model Formulation for Simulation and Data Generation Procedure

Consider the linear regression model of the form

Y, :ﬂOXt1+[32Xt2+...+,Bpti+Ut (30)
t=12,..,n;p=3,7

where Ui ~ NID (0, 62 In)

The model will be studied with fixed regressor, x“, t=12...n ; 1=12,..p

2.3.2 Procedures for Generating the Explanatory Variables

The simulation procedure used by McDonald and Galarneau (1975), Wichern and Churchill
(1978), Gibbons (1981), Kibria (2003), Lukman and Ayinde (2017), Owolabi et al (2022),
Oladapo et al (2022) and lyabo et al (2023), will be used to generate the explanatory variables in
this study: This is given as:

X, =(1=p2) 2 2+ 2,0, 1=1,2000M, =12, . (31)
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Where z; is an independent standard normal distribution with mean zero and unit variance, pis

the correlation between any two explanatory variables and p is the number of explanatory
variables. The values of p will be taken as 0.8, 0.9, 0.95, 0.99 and 0.999 respectively. Thus, the
correlations between the variable are the same. In this study, the number of explanatory variables
(p) will be seven (7).

2.4 Criteria for evaluation of the estimators

The performance of the estimators will be compared using estimated mean square error (EMSE).

For any estimator,éij EMSE is defined as follows:

1 sooo(A '

EMSE(,B)— B _:B) (Bu ‘:B) (32)

5000 &
Where 4, is i element of the estimator p in the j™ replication which gives the estimate of /% . j

are the true value of the parameter previously mentioned. Estimators with the minimum MSE are
considered best.

3 Simulation Results

The performance of the proposed estimator is examined over several existing estimators. The
result of Monte Carlo experiment concerning the MSE of different estimator compared to the
OLS are presented

3.1  The performance of the estimators when number of parameters, p=2

The MSE values from the simulation studies for the design used are presented for different

sample size n, p and & ?in Table 1 to Table 7.
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Table 1: Best three k-estimators when numbers of parameter, p = 2 and sample size, n = 10

2

o Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.9999

3 Kiostm (0.8221)  Kiostm (0.7211)  Kyosrm (0.6404) Kiomvax (0.4948)  Kaoms (0.4221)
Kio7max(1.2634)  Kiormax(1.0699) kio7max (0.8022) kam (0.5123) K1o4em (0.5403)
Kawm (1.4401) Kzosmep (1.2236)  Kioemen(0.8971) kaosmen(0.5123) Kaom2(0.5938)

5 Kiostm(1.2335) Kiosm(1.0606)  Kiostm(0.9881) Kiostm (0.7353)  Kuoemen(0.8221)
kio7max(2.4971) K107max(2.0862)  Kio7max(1.5676) k24 (0.8113) kam (1.2633)
kmax(2.7581) kmax(2.4497) kam(1.8372) Kiormax (0.8172)  Kiosam (1.4402)

10 K1osHm(3.0804) Kioshm( 2.5431)  Kiosim(2.0391)  Kaosrm (1.1520) ko4 (0.8864)
k107max(8.1657) Kio7rmax (6.7091)  Kio7max(4.992) Ki07max (2.2553) kos(0.8864)
Kwax (9.0082) Kwax (7.7426)  kaw(6.0934) Kam (3.0098) Kiozmax (0.8874)

MSE bold is the smallest

Table 2: Best three k-estimators when numbers of parameter, p = 2 and sample size, n = 20

2

o Multicollinearity level (p)
0.8 0.9 0.95 0.99
3 Kiostim (0.5469)  Kiostm (0.4651)  Kiostm (0.3995)  Kas (0.2623)
Kiormax (0.6478)  Kkiormax(0.5816) Kkiormax (0.4953) K25 0.2671
kaw (0.6519) kmax(0.5866)  Kwax (0.5022)  Kiosom (0.2745)
5 Kiostim (0.7201)  Kiostim (0.6382)  Kiostam (0.5837)  Kaostm (0.5068)

k107MAX (0.9504) k107MAX (0.8441) k107MAX (0.7389)

kmax (0.9546)

10 Kiostm (1.1853)
Kiozmax (2.0848)
Kwiax (2.0943)

MSE bold is the smallest
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kmax (0.8493)
Kioskm(1.1126)
klO?MAX(l8423) k107MAX(16574)

Kmax (1.8514)

k1o7max (0.5599)
Kuax (0.7447)  Knax (0.5614)
Kiosin(1.0661)  Kiosrw (0.9569)

k107MAX (14268)

kam (1.6668) kawm (1.4624)

0.9999
Kaomz (0.2052)
Kaowm (0.2305)
kaw (0.2439)
Kam (0.4045)
Kiosmep (0.4045)
Ksomax (0.4111)
Kiosrm (0.7235)
Kio7max(0.8116)

kmax (1.4232)
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Table 3: Best three k-estimators when numbers of parameter, p = 2 and sample size, n = 30

o’ Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.9999
3 kiosim(0.4215)  Kaosrm(0.3398)  Kaosrm( 0.2737) Ki0s1m(0.1755) k25(0.0842)
k107max(0.4876)  K107max(0.4467) Kiormax(0.3784) kio7max( 0.2044) k24(0.0870)
kaw (0.4884) kmax(0.4479)  Kwax(0.3796) kmax (0.2058) Kaowmz (0.09493)
5 Kiostm(0.5499)  K1os1m(0.4705) ka0srm(0.4113) Kioskm(0.3351) kos (0.1874)
Kio7max (0.6668)  Kio7max(0.5777) kio7max (0.4833) K107max(0.3355) k24 (0.1899)
kmax(0.6674) kmax(0.5784)  Kwax (0.4839) kwmax(0.3362) Kiosmin(02249)
10 Kiostm (0.8165) Kiosrm(0.7477)  Kiostm(0.7050) K1os+m(0.6584) Ksostm (0.7235)
kiormax ((1773)  Kiormax(1.0147) k107max(0.8947) k107max(0.7606) k107max (0.6824)
kwmax(1.1781)  Kwax(1.0155) Kmax (0.8955) kmax(0.7612) kmax (0.7295)

MSE bold is the smallest

Table 4: Best three k-estimators when numbers of parameter, p = 2 and sample size, n = 40

o’ Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.9999
3 ko4 (0.4431) Kostm (0.4654)  Kaosrm (0.3848) Kioskm (0.2421) ko5 (0.0955)
Kina(0.4446) Kiormax( 0.5192) kiormax (0.4793)  Kiormax (0.2964)  kas (0.0987)
ko1 (0.4461) kmax (0.5201)  Kkwax(0.4808) kmax (0.2979) kioaom (0.1188)
5 Kiosm (0.6823)  Kiostm (0.5968)  Kiosrm (0.5237) Ksostm (0.4071) kas (0.2448)
kiormax (0.7731)  Kiormax (0.7213)  Kio7max(0.6413) kio7max (0.4383) k24 (0.2467)
kmax (0.7737) kwax (0.7213)  Kwax (0.6424) kmax (0.4393) Kiosmin (0.2676)
10 Kiostm (0.9556) Kiostim (0.8807)  Kiosrm (0.8201) Kiostm (0.7423) Kiostm (0.6563)

k107MAX (14522) k107|\/|AX (13221) klO7MAX (11716) k107MAX (09212) k107MAX (08153)

kmax (1.4534) kmax (1.3234) kmax (1.1730) kmax(0.9226) kmax (0.8335)
MSE bold is the smallest
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Table 5: Best three k-estimators when numbers of parameter, p = 2 and sample size, n = 50

o’ Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.9999
3 ko1 (0.3956) Kioskm (0.4755) Kiostm (0.4136)  Kaosrm (0.2839) kos (0.1154)
ka4 (0.3991) Kiormax (0.5257)  Kiozmax (0.5068)  Kiozmax (0.3451) K24 (0.1196)
kiosmin (0.4317)  kmax (0.5266) kmax (0.5084) kmax (0.3475) K1oagm (0.1447)
5 Kiostm (0.6541)  Kaosrm (0.6058) Kiostm (0.5545)  Kaosum (0.4541) kos (0.2585)
kiormax (0.7372)  Kiormax (0.7329)  Kiormax (0.6887) Kio7max (0.5085) k24 (0.2696)
kmax (0.7376) kmax (0.7337) kmax (0.6897) kmax (0.5097) k1oemin( 0.3245)
10 K1osHm (0.9042) K1os+m( 0.8839) KiosHm (0.8574) k105+m(0.8063) KiosHm (0.7111)
kiormax (1.3415)  Kiormax (1.3353)  Kiozrmax (1.2657) K1o7max (0.0549) k1o7max( 0.9362)
kmax (1.3423) kmax (1.3364) kmax (1.2672) kmax (1.0567) kmax (0.9622)

MSE bold is the smallest

Table 6: Best three k-estimators when numbers of parameter, p = 2 and sample size, n = 60

o’ Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.9999
3 ko1 (0.3144) Kiosm( 0.4082)  Kuoskm (0.3404)  Kaosrm (0.2121) Kas (0.0829)
Kas (0.3297) Kiommax (0.4579)  Kigmax (0.4336)  Kigzmax (0.2704)  Kaq (0.08553)
Kioemin (0.3554)  Kmax(0.4584) Kmax(0.4345) Kwmax (0.7122) K1o4em (0.0991)
5 Kiosi (0.5956)  Kiosim (0.5257)  Kiostm (0.4631)  Kiosuwm (0.3609) Kzs (0.2191)
K107max(0.6461) Kiozmax (0.6140)  Kiormax (0.5528)  Kiomax(0.3771) K24 (0.2225)
Kax (0.6463) Kwax (0.6144) Kwax (0.5533) Kwax (0.3776) Kiosmin (0.2302)

10 K1ostm (0.8026) K1ostm (0.7578) Kiostm (0.7214) K1ostm (0.6688) K1ostm (0.6196)
K107MAX (10816 ) K107MAX (10278) K107MAX (09467) K107MAX( 07772) K107MAX (07095)

Kmax (1.0819) Kmax (1.0283) kmax (0.9472) kmax (0.7778) kmax (0.7148)
MSE bold is the smallest
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Table 7: Best three k-estimators when numbers of parameter, p = 2 and sample size, n =70

o’ Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.9999

3 ko1 (0.2933) K10sHm(0.4005) kioshm (0.3293)  Kuosim (0.1946) ks (0.0772)
ka4 (0.3139) kiomaax (0.4098)  Kiormax (0.4312)  Kiommax (0.2704)  kzq (0.07888)
kiosmin (0.3145)  kmax (0.4129) kmax (0.4350) kmax (0.2712) K1osam (0.8741)

5 Kiostim (0.5923)  Kaosum (0.5143) Kuoshm (0.4435)  kuoskm (0.3230) ko5 (0.2110)
Kiormax (0.6494)  Kigrmax (0.6186) k1o7max (0.5526) Kiormax (0.3514) ka4 (0.2085)
kwax (0.6496)  kwax (0.6190) kmax (0.5531) Kwax (0.3518)  Kuosmin (0.2152)

10 K1osrm (0.8084) K1ostm (0.7465) K1ostm (0.6909) k1ostm (0.6107) k1ostm (0.5556)
k]_O7|V|AX (11239) k]_O7MAX (10449) k107MAX (09289) k107MAX (07075) k107MAX (06184)

Kwax (1.1242) Kmax (1.0453) kmax (0.9293) kmax (0.7079) kmax (0.6198)

MSE bold is the smallest

3.2  The performance of the estimators when number of parameters, p=7

The MSE values from the simulation studies for the design used are presented for different
sample size n, p and o?in Table 8 to Table 10.

Table 8: Best three k-estimators when numbers of parameter, p = 7 and sample size, n = 10

o’ Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.999
3 Kiostm (0.7999)  kormax (0.7151)  Kiozmax (0.4572) ka4 (0.4948) kaomz (0.1009)
kiormax (0.8602)  Kigskm (0.7261) ko4 (0.5938) kos (0.1161) ka1 (0.1028)
kan (1.0305) kwax (1.2275)  kos(0.6073) Kam (0.5542) Kiosmen (0.1571)
5 Kuostm (0.8256)  Kuoskim (0.7624)  kormax (0.6882 ) kzs (0.2078) kaoms (0.1917)
K107max(1.3095) K107max(1.0740)  Kioshm (0.7267) k2s (0.2086) K1o4em (0.2583)
kmax (1.6057) kwax (1.7898)  Kwax (1.6064) kiommax (0.3012)  Kaomz (0.2691)

10 Kiostm (0.8735) Kiostm (0.8207)  Kiostm (0.7883)  Kuormax (0.6421)  Kam (0.4962)
k107|\/|/.\x (25321) k107MAX (19678) klO?MAX (12933) k25 (06391) k104G|\/| (05094)

kmax (3.1089) kmax (3.0739) kam (2.9373) k24 (0.6437) kwmep (0.5425)
MSE bold is the smallest
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Table 9: Best three k-estimators when numbers of parameter, p = 7 and sample size, n = 20

2

o Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.999
3 k107max(0.6754)  Kigrmax (0.6172)  Kiormax (0.5762)  kos (0.2174) kawm (0.1086)
kmax (0.6767)  Kwax (0.6233) kwax (0.5989)  kas (0.2177) Kiosmin (0.1284)
Kam (0.7457) Kiostim (0.8288)  kuoum (0.7454)  Kiommax (0.2777)  kaowz (0.1320)
5 kmax (0.8076) kiormax (0.7607)  Kiormax (0.6948)  kiormax (0.4013)  Kiosem (0.1665)

Kiosim (0.9122)  Kwax (0.7660)  kwax (0.7058) Kwax (0.4804)  Kiosmep (0.1672)

Kmax (1.6057)  Kiosuw (0.8495)  Kiosnm (0.8313) kos (0.5761) Kaoma(0.1755)
10 Kiosim (0.9254)  Kiosrim (0.8788)  Kiosm (0.7883)  Kiormax (0.7289)  Kas (0.4137)

Kiormax (1.1336)  Kiommax (1.0857) Kiommax (0.9993)  Kuoskm (0.7657)  kos (0.4143)

kmax (1.1364)  Kwax(1.0901) kmax (1.0085) kmax (0.7711)  Kiormax (0.4665)

MSE bold is the smallest

Table 10: Best three k-estimators when numbers of parameter, p = 7 and sample size, n = 30

Vs

o Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.999
3 Kawm (0.6119) Kiommax (0.5740)  Kiormax (0.5341)  Kiozmax(0.35810 ki (0.1116)

kmean(0.6131)  kmax (0.5754) kmax (0.5397) kmax (0.3986) k107max(0.1142)

Kwax (0.6503)  kawm (0.6909) Kiorm (0.7454) Kiosm(0.5553)  Kwax (0.1431)

5 Kiormax (0.7431) Kiommax (0.6861)  kzs (0.0709) kaoma (0.0243) K1 (0.0097)
Kwax (0.7444)  Kwax (0.6884) kas (0.0757) Kioaom (0.0314)  Kaomz(0.0153)
Kiostim (0.9164)  Kiosim (0.8516)  kam (0.8516) Kiosmep (0.0345)  kaomas (0.0501)

10 Kiosm (0.9291)  Kiosm (0.8810)  kiozmax (0.8284)  Kiormax (0.6114)  kos(0.3588)
k107MAX (09646) k107MAX (091323) klOSHM (08285) kMAX (06157) k24(04318)

Kmax (0.9645) Kmax (0.9145) kmax(0.8302) Kiostm (0.7272)  Kam (0.4318)

MSE bold is the smallest
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Table 11: Best three k-estimators when numbers of parameter, p = 7 and sample size, n = 40

o’ Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.999
3 kam (0.5151) Kiormax (0.5115)  Kiormax(0.4761)  Kiommax(0.3729)  kaq (0.0347)
kmean(0.5157)  kwax (0.5122) Kmax (0.4794) kmax (0.3907) k25(0.0347)
Kiormax (0.5914)  kaw (0.5742) Kionm (0.7013) K10s1m(0.4688)  Kiosom (0.0518)
5 Kiormax (0.6721)  Kio7max(0.6192) kiormax (0.5752)  Kiormax (0.3692)  k4(0.0868)
kmax (0.6723) Kmax (0.6201) kmax (0.5722) kmax (0.3738) kzs (0.0871)
kaw (0.8167) Kioshm (0.8185)  kuosim(0.7279)  Kuosrm (0.5296)  Kuoaom (0.1221)

10 Kiormax (0.8610)  Kiormax (0.8100)  Kiowmax(0.7256)  Kiomax(0.5058)  Kas (0.3289)
Knmax (0.8613) Kwax (0.8106) kmax(0.7263)  Kwax(0.5072)  kos (0.3323)

K1iosHm (0.9115) K1osHm (0.7892) K1054m(0.07892)  Kios1m(0.6622)  kig7max (0.3599)

MSE bold is the smallest

Table 12: Best three k-estimators when numbers of parameter, p = 7 and sample size, n = 50

o’ Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.999
3 Kioaom (0.5560)  kam (0.5734) Kiormax (0.5288)  Kiozvax \(0.4095)  k24(0.0476)
Kawm (0.5655) Kmean (0.5757) kmax (0.5304) kmax (0.4234) k25(0.0476)
kem(0.5591) Kiormax (0.5836)  Kawm (0.6959) Kiostm (0.5592)  Kioam (0.0729)
5 kiormax (0.7425)  Kigrmax (0.6771) K107max(0.6248)  Kiormax (0.4291)  kas (0.1221)
kwmax (0.7426) kmax (0.6775) kmax (0.6262) kmax (0.4332) k24(0.1239)
kawm (0.8104) K1051m(0.8823) Kostm (0.8079)  Kuosm (0.6162)  Kiosowm (0.1695)
10 Kiormax (0.9214)  Kigrmax (0.8761) Kio7max (0.8102) K107max(0.59302) ka5 (0.4302)
kmax (0.9216) Kwax (0.8765) kmax (0.8113) kmax (0.5946) k24(0.4375)

K10sHMm (0.9455) K1osHMm (0.9015) klosHM(O.8478) klosHM(O-7227) k107MAx(0-471)

MSE bold is the smallest
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Table 13: Best three k-estimators when numbers of parameter, p = 7 and sample size, n = 60

o’ Multicollinearity level (p)
0.8 0.9 0.95 0.99 0.999
3 Kioaom(0.4635)  kam (0.4901) kiomax(0.4632)  kiormax(0.3791)  ka4(0.0437)
kom (0.4653) kmean (0.4240) kmax (0.4645) kmax (0.3910)  kas(0.04366)
kaw (0.4913) kmax (0.5223) kam(0.6603) Kuosrm (0.4907)  Kuoaem (0.0802)
5 Kio7max(0.6852)  Kiormax (0.6118) Kio7max(0.5638)  Kiormax(0.3858)  kas(0.1455)
kmax (0.6852) Kmax (0.6122) Kmax (0.5649) kmax (0.3886) k24(0.1573)
kaw (0.70850) kam (0.8032) Kiostm (0.7635)  Kiostm (0.5415)  K104GM 0.1708

10 Kio7max (08468) K1o7max (0.7924) K1o7max (0.7194) k107MAx(0-4975) Kas (03410)
Kwax (0.8469) kmax (0.7927) kmax (0.7191) Kmax (0.4984)  k24(0.3431)

Kiostm (0.9306)  Kioskim (0.8759)  Kuosnm (0.8101)  K105HM (0.6608)  Kiormax (0.2558)

MSE bold is the smallest

Table 14: Number of times the k-estimators produced minimum MSE.

P=2 P=7
Est | 0808 0 [095[0.99][0.999] Total [ 0.9 [0.95[0.99 [0.999 [ Total
o,s [o[o[o[of[o] o] o [o]o| o] o0 0
Ko |(O]O0[0|0o[0o] oo ofo]o] o 0
Ky, |0 O0]O0] 0[]0 0] 0o o]0 0] o0 0
Kyow |0/ 0] 0[O0 0| 0 0 |0o|o0o]| o] 1 1
Ky |00 O0] 00 0| o0 [0]o0o][o0] o0 0
Ky | 00000 oo o|o]o] o 0
Kyg 0] O0]O0]0]0] 0] 0 0[]0 0] o0 0
Kyw | 0] OOl OO [ 00 [0|[O0][0] o0 0
K, | 3|0 |2]o |21 |3 [o|o]o0]o 3
K, | 0|2]0]0o[o| 26 |0o|o0o]| o] 1 1
K, |1 |oflolo|[2]3 5 [0o]o0] 0] 2 3

285
ISSN NUMBER: 1116-249X



Adedoyin et al. JRSS-NIG. Group Vol. 2(1), 2025, pg. 271 - 288

K, |0oJoJoloJo[ 5[5 [o][o] 1] 8 9
Kooy | 010 3]0 0 2 | 3 [0|0]o0 /o0 2
Koy | 17| 50 2] 0] 0 | 8 [2t]21] 2 | 85
Koo | 0 | 0 |8 0[]0 0 [ 0 |0o|o0]| 0] 1 1
Kown | 0 | 9 | 0 [15[13] 3 | 8300 ] 0] 0 0
Koy | 0 | O | O [ 0 [0 ] 1 1 [o]o o0 0 0
Kow | 0000 [ 1] 0 1 [o] o]0 0 0
Kuw, | 0 | O[O0 [0 1 1 (oo |0 1 1
Koy | 0] 0] O[O0 0] 0] 0 0[]0 0] o0 0
Ko | 000001 1 (o] o[ o0 1 1
Koy | 0] O] O[O0 0] 0] 0 0[]0 0] 0 0
Koye | 0] O] O[O0 0] 0] 0 0[]0 0] 0 0

NOTE: the most frequency efficient estimator is bolded over the levels of multicollinearity.

4. Discussion

In this study, observations were made based on different scenarios involving the number of
explanatory variables (p), levels of multicollinearity, error terms values and samples sizes (n).
The k Harmonic mean (HM) version of the biasing estimator proposed by Kkibria in 2022
consistently demonstrated superiority across all levels or degree of multicollinearity compared to
other estimator. The superiority was evident when error terms were set at values of 5 and 10 for
all sample sizes, except at a degree of multicollinearity of 0.999. The k Maximum version of
Kibria's biasing estimator outperformed all other estimators at all levels of multicollinearity, with
the only exception being when the degree of multicollinearity was 0.999

5. Conclusion and Recommendation

This study evaluated the performance of a newly proposed estimator through extensive

simulation experiments under varying conditions of multicollinearity levels, error structures, and
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sample sizes. The results revealed that the proposed biasing estimators did not meet expectations,
often underperforming across the tested scenarios. In contrast, Kibria’s (2022) biasing estimator
consistently demonstrated superior performance, exhibiting the lowest mean squared error in
nearly all cases. Based on these findings, the study recommends the use of Kibria’s (2022)
biasing estimators for sample sizes up to 100. It is particularly effective in settings with a large
number of explanatory variables and remains a viable choice even when only two explanatory

variables are involved, provided the sample size does not exceed 100.
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