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Abstract

General Background The general linear regression model balances nonparametric flexibility with parametric
explanatory power. Specific Background High-dimensional data requires robust regularization to isolate critical
predictors. Knowledge Gap Classical approaches falter with small datasets or multicollinearity, triggering the curse of
dimensionality. Aims This study compares smoothly clipped absolute deviation methods and the mini-max concave
penalty approach for simultaneous parameter estimation and covariate selection. Results Simulations across various
sample sizes and correlation intensities show that the SCAD-L2 penalty consistently achieves the lowest average error.
Novelty Empirical implementation using clinical records from Al-Kut Teaching Hospital confirms SCAD-L2 isolates
critical variables by driving non-significant coefficients to zero. Implications This optimized methodology enhances
predictive accuracy and simplifies model architectures without losing explanatory control.

Keywords: General Linear Regression, Variable Selection, Penalty Function, SCAD-L2 Method, MCP
Method

Key Findings Highlights

SCAD-L2 consistently outperforms alternative regularization methods across diverse sample sizes and
high correlation configurations.

Empirical medical database validation successfully isolated critical blood urea determinants by
eliminating non-significant clinical indicators.

The integrated mathematical algorithm achieves stable parameter convergence while minimizing the
overall mean absolute error.
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1. Introduction

Parametric methods are often inappropriate for data that is small or has no known distribution. Whereas, nonparametric methods can
contribute to some extent in obtaining a practical ability to avoid the problem Multicollinarity contained in this type of data As the study of
general linear regression model, will elicit the problem curse of dimensionality Which most researchers suffer from and restricts them and
prevents their progress towards generalizing a univariate case to a bivariate case and then to a multivariate case.

Accordingly, the issue of developing penalized methods for analyzing big data is one of the things that are required.

In a large measure to modern methods represented by parametric statistical methods for data analysis, which provide us with valid
inferences in the event that the conditions are there is a non-linear structure of the data Most economic models follow the behavior of semi-
parametric models, which, as their name As the parametric part represents the regression function that is supposed to be linear in the
observations of its explanatory variables, while the non-parametric part includes the distribution of the population suggests, is general linear
regression model of great importance in the field of statistics and has a wide range of applications in the fields of biostatistics, medicine, finance,
business and others Semi-parametric models are of great importance when non-parametric models perform poorly For example, when the
problem is dimensionality, it leads to high variance estimates . From the foregoing, general linear regression model has become more common
in the statistical literature than other models because it preserves the flexibility of nonparametric models and maintains th e explanatory power
of parametric models,

In this research, the general linear regression model was studied, and penalized estimation methods were used in its analysis, which are
smoothly clipped absolute deviation (SCAD-L1) penalty function method, are smoothly clipped absolute deviation (SCAD-L2) penalty function
method with mini-max concave penalty (MCP) penalty function method (MCP) method . The simulation method was used for the purpose of
comparing the various estimation methods and for several experiments, and finding the best estimation method based on the comparison
standard, Average Mean Absolute Error (AMAE). And then using real data to compare the various estimation methods and reach the most
important conclusions of this research.

2. The General Linear Regression Model

The general regression model is used to analyze the relationship between a variable called the response variable and several variables called the
explanatory variables, considering the response variable as a function of the explanatory variables. Based on the nature of the relationship
between the response variable and the explanatory variables, there are two types of general (multiple) regression models. The first is the general
linear regression model, based on the assumption that the relationship between the variables is linear. The second is the general nonlinear
regression model, based on the assumption that the relationship between the variables is nonlinear. Our study will focus on the general linear
regression model. The general linear regression model is based on the assumption of a linear relationship between the response variable and a
number of explanatory variables and a random error term. This means that the relationship between the response variable and the explanatory
variables is described by a linear function.

The general linear regression model is based on the assumption of a linear relationship between the response variable and a number of
explanatory variables and a random error term. For a random sample of size n, assuming that the response variable is represented by the
variable Y_i and the explanatory variables by the variables X_ij where (i=1,2,..,,n)and (j=1, 2, ..., p), and where p represents the number of
explanatory variables included in the model, and the random error term is represented by the variable U_i, then the general formula for the
general linear regression model for each observation of the response variable randomly selected from a sample of size n is as follows :

Y i=p_o+f_1X 1+f_2X_2+-+f_pX p+u_i ,=12,.n ... ... (1)

The above template can be written in shorthand using the sum symbol as follows:

By Xdj+u i) (2

Y_i=3 (j=0)"
i=123,..n and j=0,,2,..,p ,X_0j=1

Matrices can be used to write the model formula as follows:

Y=XB+U e (3)

Since:

Y: is a value vector of the response variable of degree n*1

f: is the vector representing the unknown model parameters that need to be estimated to order (p+1)*1.
X: represents the matrix of explanatory variables of order n*(p+1).

U:represents the vector representing the random error values of order n*1

3. Variable selection

Sometimes a large number of independent variables, Xi, is available for a given modeling problem, and not all of these predictor variables may
contribute equally well to the explanation of the predicted variable Y. Some of the independent variables may not contribute at all to the model.
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Thus we have to select from these variables to obtain a model which contains as little variables as possible while still being the best model,
Therefore, some punitive methods will be used to select the significant variable and exclude the non-significant variable from the study model.
Variable selection is a technique used in statistical modeling to identify the most significant covariates , ensuring that only the most relevant
factors are included, such as in General linear regression model. This process enhances model accuracy by filtering out less important variables,
allowing for a more streamlined and effective analysis. Through variable selection, researchers can better understand the relationships within
their data and improve predictive performance. And the methods used to solve this problem are the MCP method and SCAD-L1 and SCAD-L2 .

4. Advantages and disadvantages for linear regression model

4.1 Advantages

1- Linear regression is a relatively simple algorithm, making it easy to understand and implement. The coefficients of the linear regression model
can be interpreted as the change in the dependent variable for a one-unit change in the independent variable, providing insights into the

relationships between variables.

2- Linear regression is computationally efficient and can handle large datasets effectively. It can be trained quickly on large datasets, making it
suitable for real-time applications.

3- Linear regression is relatively robust to outliers compared to other machine learning algorithms. Outliers may have a smaller impact on the
overall model performance.

4.2 Disadvantages

1- Linear regression assumes a linear relationship between the dependent and independent variables. If the relationship is not linear, the model
may not perform well.

2- Linear regression is sensitive to multicollinearity, which occurs when there is a high correlation between independent variables.
Multicollinearity can inflate the variance of the coefficients and lead to unstable model predictions.

3- Linear regression provides limited explanatory power for complex relationships between variables.

5. Tuning Parameter and Penalty Parameter :[1],[2].[6]

A tuning parameter (A), sometimes called a penalty parameter, controls the strength of the penalty term in ridge regression and lasso regression.
It is basically the amount of shrinkage, where data values are shrunk towards a central point, like the mean. Shrinkage results in simple, sparse
models which are easier to analyze than high-dimensional data models with large numbers of parameters.

When A = 0, no parameters are eliminated. The estimate is equal to the one found with linear regression.

As A increases, more and more coefficients are set to zero and eliminated.

When A = «, all coefficients are eliminated.

There is a trade-off between bias and variance in resulting estimators. As A increases, bias increases and as A decreases, variance increases. For
example, setting your tuning parameter to a low value results in a more manageable number of model parameters and lower bias, but at the
expense of a much larger variance.

Penalty Parameter L1 and L2 Penalties

Tuning parameters are part of a process called regularization, which works by biasing data towards particular values. Popular regularization
methods use either an L1 or L2 penalty (or sometimes, a combination of both):

L1 penalties limits the size of the coefficients and can result in sparse models (i.e. models with a small number of coefficients); Some coefficients
are eliminated.

L2 penalties do not result in sparse models because all coefficients are shrunk by the same factor and none are eliminated.

6. Selection of the tuning parameter:[1],[8]
The choice of A is critical. In practice A is usually selected by minimizing the generalized cross validation criterion

_xB.II? 2
GCV, = ly-xBall” _ o1 @

,,(1_%)2 (1-DF3 /n)?

Where

~ _ 5112

6} = n7Mly = XBal

DF, :is the generalised degrees of freedom given by
DF; = tr {X(X/X +nZ;)"'X/} and

P,1/( [Ba]) PA/ (Bra)

¥ =dia = .
g |8 |Baal

The diagonal elements of %, are coefficients of quadratic terms in the local quadratic approximation to the smoothly clipped absolute deviation
penalty function P,(-) (Fan & Li, 2001). Since some coefficients of the estimator of § are exactly equal to zero, DF is calculated by replacing X,
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with its submatrix corresponding to the selected covariates, and by replacing ¥, with its corresponding submatrix. The resulting optimal tuning
parameter is A;c, = argminy GCVy .

7-penalty function . [8],[10]

Penalization method are used As a procedure for estimating and selecting the significant variable simultaneously To perform the process of
selecting the significant variable, some formulas of the following penalty functions were used selecting the significant variable, some formulas
of the following penalty functions were used

Penalty function Formula
IL-SCAD = Al8; [ (IB5])
Is called 11- penalty function if |Bj| <A ,with q=1
L2- SCAD =B "pa(I8y1)

Is called L2- penalty function if|B] <A ,with q=2

SCAD -Lq = Al8;| *pa(IB;
Is called bridge penalty function if |8 < )\| ]\|Jvitl};(|0 ]<|) q<1
j ,

MCP =118l = EpaliBD
if|[] <al ,with a>1

8- Methods of penalized Estimation

There are many special statistical methods estimating and selecting the significant variable for general linear regression model Which leads
to a high improvement in the accuracy of the model as well as its computational efficiency The following are some of the statistical methods
used:

8-1 Smoothly Clipped Absolute Deviation( SCAD) —Lz2 with L1 Method :[1],[4],[14],[15]

That is a penalty function —Lq It is suggested by the researcher Tibshirani in year (1996) And it has the following :
= )\lﬁj |q with q >0, Whereas: p;\(lﬁj D

q: Represent The shrinkage parameter

and penalty function Special cases are as follows:

1) If the value o0 < g<1 The penalty function is called bridge penalty And it has the following form :

=Ag|* with 0 < g < 1p,(|B)])

2) If the value q=0 The penalty function is called Lo- penalty function And it has the following form :

=1 with q=0p,(|8;])

3) If the value q=1 The penalty function is called Li- penalty function And it has the following form :

= Ag| with q=1p([g}])

4) If the value q=2 The penalty function is called L2- penalty function (ridge penalty function) And it has the following form :
=Algl" with a =2p(I8))

In partial regression and general linear regression model y = XB + €

This method has three properties Transactions estimators which includes the following :( Unbiasedness, Sparsity and Continuity)

It is defined by the following new partial least squares function:

Ly, 2,- SCAD — 1,(B) = %IIy —XBII? + Zf:lfxl(ﬁ) + X lIBlI? ----mmmmmmm e (5)
Whereas:
: Represent L. normally and ||B]|?2 = ]d=1 sz II. 117

: Represent SCAD penalty function It is defined by the following equation . f; (8
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(Al Lif0 < Bl <A
—B2—2aA |B+2?| .
fup = 1 2an fASIBl <ar (6)
|
k (HTIW , Other wise
Whereas:

The constant (a) has a value greater than two Where the researchers used Fan & Li( a=3.7 ) for average sample size . This method is
suggested by researchers Fan and Li) in year (2001)

And to estimate the coefficients using the penal least squares method We first suppose that the matrix X is Orthonormal whereas XTX =I
and Under this assumption We can integrate estimator SCAD — L. or SCAD — L; With other partial least squares including SCAD,
assuming that:

Pup = Zitipa(By) (7)
When my penalty limits is used.

The formula for the partial least squares function can be written as follows:
La(B) = lly = XBII? + Py(B)
LB = slly = 9112+ lly = XBI> + L, Pi(B)
1 Az, 15 2 d
La(®) =5 lly = 9117 + 5 [IBais = BII” + ZiL: Pu(By)
Whereas:
: Tt is the estimator of the ordinary least squares(OLS) B, = Xy
: whereas |ly — 9|2 does not depend on B § = Xfs

And to reduce the penalty squares functionL; ()

It is equivalent to reducing the following function :
LA(B) = 3 [1Bois — Bl + ZiLi Pu(Bp

and the first partial derivative of B; It is given by:
25 A = B = Byais + Bi(B)

Whereas:

Ejlols:Represent jth elements for B, By setting all the first partial derivatives equal to zero We get the estimate for jth It is given according to
the following formula:

B = Bjois — BA(B) (8)
And penalty function SCAD know through P, scaps) = Zjdzl (B

Then estimated SCAD for ith It is given according to the following formula:

Sing ( Bjo1s) ([Bjots| =)+ Af|Byois| < 24
Bjscap = w B R T B (9)
k Bj,ols Otherwise

Where:

Bjyols:is Estimation( unbiased) When the estimator has an absolute value greater than (aA) . And as the penalty least squares were defined to
SCAD - L2, the penalty function is :

Py, SCAD. L (B) = XL, (£, (B) + 22 B) (10)

Whereas:
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Py, (B) = £, (B) +2,B2

And it has the following first derivative:

A, Sing(B) + 2,8 JIF0 < (Bl < A,
P32 B) = ah%nfﬁ)—ﬁ + 22,8 , ifA < IBl < ady p------ (11)
22,8 , Otherwise

We put the first partial derivative of the partial squares SCAD-L2 equal to zero And we get solutions Naive SCAD-L2 to jth and It is given
according to the following equation:

Sing ( Gj,ols)( |Gj,ols| - }\1) +
1+ 22,

(a - 1)Bj,ols - a}\l' Sign (Bj,ols)
“1+(a—1)(1+2A)
Bj,ols
1+2A,

,ifléj,olsl < 2}\1(1 + )\Z)

( )
| i
Bjnaive = { , 20 (1 +2y) < [Bois| < aly (1 +22y) }
| I
I I
{ )

Otherwise

Specifically, it is:

Gj,naive = Gj,ols/(1 +213) (12 )

for the greatest value to|[§j,015| and is biased estimator Finally, it is estimator SCAD-L2 It is defined by the following formula :

BSCAD—LZ = (14 24)Bnaive (13)
And it is an unbiased estimator.
Note that the value of the constant parameter (a=3.7) and values of tuning parameters penalty (A; =1, A, = 0.5).

And in the general linear regression model then design matrix (X) may not be orthonormal then the estimator B, the estimate can be
obtained by reducing the following equation:

= (14) Lya,scan — LB = 5 (v = XB)T(y = XB) + ZiL, £, (B)) + 1. [1BII

In year (2007) the researchers found Huang and Xie Until that SCAD method It has two main advantages :

1- The process of selecting a variable with the SCAD method is continuous Hence; it is more stable than the usual variable selection
methods As a subset selection method which is a discrete and unstable process.

2- The SCAD method is computationally intensive for high dimensional data On the other hand, the calculation of the usual variable
selection methods is the method of choosing a subset It is complex and not feasible to calculate when the explanatory variable-P-
dimensions are large .

Method estimates can be obtained SCAD-L1 for semi parametric single index model Through the following formula:

Q(g", B") = arg ming (T, (Yi — g(X{ B)) > + n T, (AIB )

While method estimates are obtained SCAD-L2 for semi parametric single index model through the following formula:

Q9" B") = arg ming (T, (Yi — g(X{ ) }* + n X7, (AIB;|*)

where
L2 penalty:

pa(|B;D=2I8)" = 2%5-.87

L1 penalty: p,(|;])=2IB1 = 225~ B;
Where tuning parametersis: 4; = 1and 1, = 0.5

8.2: MCP Method. [5],[7],[9],[13]

|2

Mini max Concave Penalty Method

Working method MCP On estimating and selecting significant parameters at the same time And it is a penalty function MCP from
Concave penalty functions Which is efficient in estimation and selection If the oracle properties are true .

A penalty function has been proposed MCP by researcher Zhang (2010) According to the following formula:
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. {um—f—a if 1Bl < @l .
Pucp = 2 T T T T T T T T 1
k% if otherwise

where.
A : represent tuning parameter
a: Another represent tuning parameter And it's worth (a > 1)

And when MCP Concavity results in penalty loss points At certain thresholds for variable selection as well as unbiased Penalty function of

MCP can be understood Through the derivative of the function and as follow .

-------------------- (16) It matches the derivative of the following function:

; 181 i
Plyer(B) = {;mg ®(1-2) if 18] <ar

if otherwise

181 _
Pyyer(B) = {gl‘z) if 18l <a

if otherwise

As a penalty function MCP It starts with the same penalty rate as in the rest of the other penalty functions But the penalties are
minimizes or reduced until they reach g > at .

Also, until the rate of penalization reaches zero , And minimizes the partial regression of a function (MCP) It is given as follows:

+n25’=1 Pacp (IBgel) ~=mmmmmmmmmmmmm e (17 ) T, (Y, = X[ B)?

It has been suggested MCP method by researchers Wang and Yin in year (2008) Concerning the estimation and selection of significant
variables as follows:

5 . 2

BMCP = argmin {2}11 Z?:d Yi—a— (X — Xj)TBbj} Wi + nZ}‘:l PMCP(lﬁjl)
B: 1Bl =1

a;b; j=12,..,n

where.
KT8O-xT50)
h

— TR —
W = kh(Xij [3(0)) == k<xiTé(o)_XjTg(o))

i=1 h

Because the penalize estimator can be known for penalty function — MCP for general linear model as follows:

BMCP = arg min {S1,(Y, - X2, 8%, ) + 2181 - (£))
B:lIBll = 1

aj,b]-, i=12,..,n
. B2
It represents the estimator 1|8| — (Z) penalty function — MCP

Under restraint || < al It can take the following form:

BMCP = argmin{¥™, (Y, — 21}7:1 ﬂinj}z + (a 1_22)}

B:lIBll =1
aj,bj, i=12,..,n

It represents the amount a%z penalty function —-MCP under the following constraint|3| > a1
Algorithm can be explained MCP According to the following steps:
Step (1): We assume an initial estimate of the parameter (®
Using the ordinary least squares method (OLS).
Step (2) :is installed#(® = # Parameters vector is calculated EY ,BjThrough the following formula :
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a -1

)= {20 (gp) (i) } 2000”7
JRA D - - o owh ) Y,
(bj 1 wl] X’lI]‘ B X’lI]‘ B ij Wl] X;[; B i
3O

Where
. (xgg(m _XjTg(m)
wi = kh(XiT-B“’)) =
n

ijo j xTB0)-xTR(0)
sh, k(%

Step (3) : is installed 3;, B]- Through the following formula : And estimation vector parameters
~ . JUP 2 gO 2
BMCP = argmln{er‘=IZ{‘=1{ Y — 4 - b]-Xﬁﬁ} wﬁ + Al - (f—a) }
BBl =1

apbj i,j=12..,n
represents the amount 2|8 — (f—;) penalty function — MCP under the following constraint || < a
Step (4): The two steps are repeated second and third with

BO=sign (B)
Even convergence and the last vector is an estimator vector MCP for 3®and known through M And the final estimation of the link
function g(.) is

a=g(u, pMP ).

9- Comparison standard Mean Absolute Error (MAE) [6],[9]:

Mean Absolute Error is an evaluation metric used to calculate the accuracy of a regression model. MAE measures the average absolute
difference between the predicted values and actual values.

Mathematically error (AMAE) to can be calculated by the following formula which is used for simulation experiments:

AMAE=-E 1L {|Y; - %i[} (18)

Here
® n:is the number of observations

® Yi: represents the actual values.

e 7, : represents the predicted values

Lower MAE value indicates better model performance.
And Standard of Mean Average Error (MAE) to can be calculated by the following formula which is used for real data:

MAE:%Z?:llYi - vy (19)

10- Simulation studies. [3],[11]

Simulation experiments are performed using (200) data set each consisting of a random sample size of ( n=25, n=100) observation With a
repetition of 200 times for each experiment, from the following model : Y = X" + ¢ € as follows :

With p=8, Where X= ( X;,X,, X3, X4, Xs, X6, X7Xg) , B = (3,1.5,0,0,2,0,0,0)T
With Xi are iid ~N(0, 62) where: €; ~N(0,6?) with 2 = 3 and correlation between Xi and Xj is
=p and X~N(0, £) for ij=1,2,..,,8 with three values of where explored 0.25, 0.5, 0.95 with €; and X are inedpendent . Zi]- = p“‘j|

Table1 : Represents the estimated value and standard error of the parameter vector for all estimation methods when p =
8,p = 0.25when 6% = 3
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methods
n variable SCAD-Ia SCAD-Iz MCP
Average(f) SE Average(f) SE Average(j) SE
i o.84505 DT o.T2501 o.oBogB oua3hBg o.10020
F O.210060 0.14533 Ou3az3 0.1107%0 000000 o.20185
2 -0.24050 o.35005 000000 0.2683~ orzBma 0.35001
a4 D242 o101z OO D00 OO o.390607 0.31250
- 5 0.34001 0.01472 0.00000 0.oTgTT 0.00000 o.zfzz0
23 [ 000000 o.28175 o.44680 o181 o0.26853 0.13134
- -0.05173 o082 -0.20702 o.14B854 0. 00000 0.25735
8 O ODOOD o281z 0.OD0T0 0.15701 o.zbrzo 0.05013
AMAE 1.00TTO 1. 4] 1.8z=
i o.B16g~ 0.01237 0.58138 O AYTOZ 0.45580 0. 49150
F 0. 20T G AOZT o.644920 oz B 0.24305 12571
2 o.109066 o.0083g 000000 0.0 0 012042 0.22020
4 o.23509 0.20000 O.OOD00 o.180z23 0.20044 o.z7128
1ae 5 0.37220 o.05705 0.46218 o.o0bboz o.gmbmo 0. 0G0
[ o0.11288 o.o0z="B -o.ago8s o35 o.23258 o.1g128
- o.10078 0.01121 0.0y 0.1700T 01275 o.00814
8 0.126017 0.11684 -0.08335 0.10:415 0.30342 o.128~5
AMAF 19738 1833~ 184304

Table2 : Represents the estimated value and standard error of the parameter vector for all estimation methods when p =8,p =
0.50 when 62 = 3

methods
n variable SCAD-L1 SCAD-Lz MCP
Average(§) 5.E Average(F) 5.E Average(R) 8E
i 0.75663 0.18803 o0.93783 0.20513 o0.09460 0.45326
z 0.00000 o0.35708 0.00000 0.40220 0.67793 o0.18385
3 -0.19142 0.13:109 -0.28415 0.20:440 -0.33910 o.2766g
4 0.309310 0.25518 0.00000 o.14028 0.00000 0.15510
25 5 0.21409 o.13567 010174 o.1z026 0.309223 0.09010
[i] -0.183-8 0.13021 0.42017 o0.28310 -0.15563 0.13858
- 0.15771 0.22523 0.12074 0.20035 -0.31880 o.25184
8 0.32513% o.106g99 0.00000 o.1508 0.300635 0.18576
AMAFE 1.82 E 1.';;#& z.08680
1 075022 o0.00445 o.bz2241 o.1z3081 0.87565 0.10151
z o.51880 0.12719 0.72002 0.28673 o.25826 o.08871
2 0.08314 0.05005 0.00000 0.00471 -0.25722 0.219:46
4 o.22118 o.13819 -0.01740 o.078z0 o.16551 o0.16383
100 5 0.19270 0.10488 0.304060 0.04850 0.23688 0.108673
[i] 0.23000 o.o0522 0.00000 0.14530 0.00000 0.00000
- o.o0b767 o.00108 0.00000 0.10042 0.09531 0.05503
8 0.11902 0.0055 0.01100 014572 -0.08721 0.47273
AMAF 195681 1.03395 105870

Table3 : Represents the estimated value and standard error of the parameter vector for all estimation methods when p =8,p =
0.95 when o¢ =

Average(F) 5.E Average(§) 5.E Average(§) SE
1 o0.01799 o.27910 0.32745 0.21450 0.314060 0.16434
2 058986 o.6573 o.77Hbo 047211 o.35089 0.42195
3 0.20030 048741 0.00000 0.27750 0.07759 0.55147
4 0.00000 o.18007 -0.30401 0.15927 -0.23873 0.34779
25 5 0.300z29 0.19753 o0.43520 0.25130 0.00000 0.28433
[ 0.30707 0.24797 0.00000 0.35700 o.72039 0.41938
i -0.17455 0.40513 0.00000 0.22133 -0.41468 0.34838
a o0.10508 o.25520 -0.08784 o0.20051 -0.13197 o0.07619
AMAFE 2.21470 1923358 z.32542
1 0.63083 0.009314 0.32058 o.2q9080 0.40:490 0.00210
2 o.00508 o.00801 o0.65626 0.43701 0.27488 0.14001
3 0.33054 o.32z80 -0.42135 0.17457 0.00000 0.20040
4 -0.28179 0.19015 0.00000 0.05741 -0.07507 0.15017
100 5 o.03250 0.04551 0.46084 o0.03834 o.637T0 0.2102:]
[i] 0.00000 0.21132 -0.08010 0.28626 0.00000 0.00000
- -0.05523 o.o058035 0.00000 0.05753 -0.49104 o0.58370
8 0.00000 0.1:3073 0.24077 0.10497 0.32713 o.3z227
AMAF 227630 2.42669 2.9000
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Table 4: The criteria represents comparison (AMAE) between methods when (n = 25and p =0.25,0.50,0.95)

n=25,p0=0.25 n=25,p=0.50 n=25,p=0.95
methods AMAF AMAE AMAE
SCADL, 1.90770 1.87793 2.06273
SCADL. 1.64146 1.73744 1.92358
MCP 1.82769 2.08680 2.32542
The Best methods SCAD-L. SCAD-L. SCAD-L.

Table 5: The criteria represents comparison (AMAE) between methods when (n =100 and p = 0.25,0.50,0.95)

n=100,p =0.25 n=100,p =0.50 n=100,p =0.95
methods AMAE AMAE AMAE
SCADL, 1.92738 1.95681 2.27630
SCADL. 1.83737 1.93393 2.42669
MCP 1.84204 1.95870 2.49066
The Best methods SCAD-L. SCAD-L. SCAD-L,

We note through Tables No (1) ,(2),(3)When sample size n=25 And the number of variables P=8 and Correlation coefficient value (p) =
0.25 ,0.50,0.95

the results showed that method (SCAD-L2) This is the best Method to estimate vector parameters for model Because it gives less value for
Average Mean Absolute Error (AMAE) then (MCP) method

When sample size n=100 And the number of variables P=8 and Correlation coefficient value (p ) = 0.25

In general, the results showed that (SCAD-L2) method This is the best Method to estimate vector parameters for model Because it gives less
value for Average Mean Absolute Error (AMAE) then SCAD-L1 method

When sample size n=25,100 And the number of variables P=8 and Correlation coefficient value (p ) = 0.5 and 0.95

In general, the results showed that (SCAD-L2) method This is the best Method to estimate vector parameters for model Because it gives less
value for Average Mean Absolute Error (AMAE) then SCAD-L1 method.

Overall, this(SCAD-L2) method proved superior to other estimation methods in all simulation experiments .

11-A real data Application

A random sample was taken from Al-Kut Teaching Hospital From 30 patients in 2024

This data will be analyzed using some penalized methods to based on the general linear regression model

The study variables can be explained as follows:

Dependent variable (Yi): It represents the percentage of urea in the blood

The independent variables are represented by the following factors:

X1: Represents the level of the enzyme (GOT) in the blood for liver function

X2: Represents the measurement of the enzyme (GPT) in the blood for liver  function.
X3: Represents the level of ferritin in the blood .

X4: Represents the percentage of calcium in the blood.

X5 : Represents the level of sugar in the blood.

X6: Represents the level of thyroid hormone in the blood (T3).
X7: Represents the level of thyroid hormone in the blood (T4).
X8: Represents the level of thyroid hormone in the blood (T5h).
A real data in the h top.io/downloadf-2662
Analyze and Explanation the results:

On dependent general linear regression model (GLRM) to predict the value of the dependent variable which represents the percentage of
urea in the blood It is explained below:

1-docx.html

Y; = B1Xiy + B2Xiz + B3Xiz + BaXis + BsXis + BeXie + B7Xi7 + BsXig + €

Table 6: Represents the estimated value and standard error of the parameter vector for Real data of all estimation methods when
n=30,p=8

methods
Variable SCAD-L, SCAD-L. MCP
Average(f) S.E Average(f) S.E Average(f) S.E
X1 0.77605 0.12040 0.77660 0.24080 0.06216 0.64315
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Xy -0.16731 0.21850 -0.16681 0.43701 0.14691 0.00000
X3 0.23020 0.08728 0.22994 0.17457 0.20046 0.24692
X4 0.00000 0.02737 0.00000 0.05474 0.15017 0.16973
X5 0.30738 0.01917 0.30759 0.03834 0.21029 0.32893
Xg 0.19407 0.14313 0.19343 0.28606 0.00000 0.37962
X7 0.42960 0.02876 0.42904 0.05753 0.58376 0.42812
Xg 0.00571 0.05248 0.00000 0.10497 0.32227 0.24693
MAE 5.78662 5.78639 5.80662

Table7: The criteria represent comparison (MAE) between The methods

Methods MAE
SCAD-L, 5.78662
SCAD-L. 5.78639
MCP 5.80662
The best SCAD-L.

Through the results of Table No (6) and (7) of the real data analysis Shows that method SCAD-L2 It is the best compared to other methods in
estimation general linear regression model because it gave less value for Mean Absolute Error

(MAE) = 5.78639
12- Conclusion

Through the results obtained by relying on some statistical methods in estimating and selecting parameters general linear regression model
(GLRM) The results were shown in the experimental side and the applied side that method SCAD-L2 A clear advantage over the rest of the
estimation methods based on the mean Absolute error Depending on the results of the best method SCAD-L2 The factors affecting elevated
blood urea levels, represented as the dependent variable, were identified. It was found that all factors affect elevated blood urea levels except
for the X4 is the percentage of calcium in the blood equal zero and X8 is the level of thyroid hormone in the blood (T5h) equal zero , which
had no significant effect on the dependent variable (Y) .
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