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Abstract: 

The additive partial linear model (APLM) was used to estimate the effects of some 

linear and non-linear explanatory variables on the response variable represented in the 

market value of the Baghdad Soft Drinks Company. Four methods have been to choose and 

estimate the model, namely ALasso, SCAD, Elastic Net and Adaptive Elastic Net. The 

methods used were compared using comparison criteria represented by mean squares error 

and coefficient of determination. Through the results of the analysis, it has been noticed that 

the method Adaptive Elastic Net is more efficient than to other methods. 

Key words: APLM, ALasso, SCAD, Elastic Net, Adaptive Elastic Net. 

1- Introduction 

 In some applications of multiple regression, the number of explanatory variables is 

large, therefore, the analysis of these models becomes difficult. Therefore, for dealing with 

this problem, to reduce its dimensions by making some assumptions. and extending the 

single smoothing mode to a high-dimensional . 

      The basic idea of scatter plot smoothing can be extended to higher dimensions in a 

straightforward way. Theoretically, the regression smoothing for a d-dimensional predictor 

can be performed as in the case of a one-dimensional predictor. The local averaging 
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procedure will still give asymptotically consistent approximations to the regression surface. 

However, there are two major problems with this approach to multiple regression 

smoothing. First, the regression function      is a high dimensional surface and since its 

form cannot be displayed for        , it does not provide a geometrical description of the 

regression relationship between X and Y. Second, the basic element of nonparametric 

smoothing, averaging over neighborhoods, will often be applied to a relatively little set of 

points since even samples of size            are surprisingly sparsely distributed in the 

higher dimensional Euclidean space.
 [5]

 

If we had            points uniformly distributed over the ten-dimensional unit cube 

       . What is our chance of catching some points in a neighborhood of reasonable size? 

An average over a neighborhood of diameter      (in each coordinate) result in a volume of 

                   for the corresponding ten-dimensional cube. Hence, the expected 

number of observations in this cube will be           and not much averaging can be 

expected. If, on the other hand, one fixes the count          of observations over which to 

average, the diameter of the typical (marginal) neighborhood will be larger than        

which means that the average is extended over at least two thirds of the range along each 

coordinate.
 [5]

 

A first view of the sparsity of high dimensional data could lead one to the conclusion that 

one is simply in a hopeless situation - there is just not enough clay to make the bricks! This 

first view, however, is, as many first views are, a little bit too rough. Assume, for example, 

that the ten-dimensional regression surface is only a function of     , the first coordinate of 

 , and constant in all other coordinates. In this case, the ten-dimensional surface collapses 

down to a one-dimensional problem. A similar conclusion holds if the regression surface is 

a function only of certain linear combinations of the coordinates of the predictor variable. 

     The basic idea of additive models is to take advantage of the fact that a regression 

surface may be of a simple, additive structure. 

     When we talk about reduction dimensionality, it means that there are higher dimensions. 

These dimensions are known as variables. The more variables there are, the more difficult 

to deal with them. So, we're going to have a problem known as the curse of dimensions 

which occurs as a result of increase the number of explanatory variables dealt with the 

greater the number of dimensions, the more difficult it is to predict the dependent variable. 
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     Not all of these variables may be effective (significant), in addition to what has been 

mentioned, there is a reduction in the procedures of the computer solution. 

2- Additive Partial Linear Model (APLM) 

     The additive partial linear model (APLM) is one of the semi-parametric models, that 

received special attention recently because it combines both the parametric and non-

parametric components. that is, the response variable depends on some explanatory 

variables in a linear and another non-linear manner. Hence, this model can put clearer 

explanations and is preferred over nonparametric, parametric models or nonparametric 

additive models, so it can be considered as a special case of generalized additive 

nonparametric regression models. 
[8][13] 

                          
 

    This model is more flexible compared with linear model and more efficient compared 

with nonparametric regression model because it reduces a problem known as the curse of 

dimensionality or multidimensionality.
 [2]

 

The APLM model can be written as: 

             ∑       

 

   

                                                    

where {          }   
  denote to an independent and identical distributed random samples of 

size n, where 

X = (X1, X2,…, Xd)
T
  denote to the linear variables. 

  Z = (Z1, Z2,…, ZK)
T
   denote to the  non-linear variables. 

(g1, g2,…, gk) refers to unknown smoothing functions. 

                  indicates a vector of unknown parameters. 

  is a random error of the model and is independent of each(X, Z). 

with Zero mean and variance equal to            (  |    )      

To ensure that the nonparametric functions are defined, we assume that: 

                                          



Al Kut Journal of Economics and Administrative Sciences /ISSN: 1999 -558X /ISSN Online 2707-4560/ Vol (14) Issue: 44-2022 

(September) 
 

408 
 

APLM has the simplicity of a general linear model (GLM) and the flexibility of a general 

additive model (GAM). It combines both parametric and nonparametric components.
 [6]

  

In many cases, the nonparametric components are often the troublesome parameters and the 

main interest is the linear part, therefore, our aim is to select the variables in the parametric 

part. 
[7] 

The natural extension of the APLM model is the Generalized Additive Partial Linear Model 

(GAPLM).
 [6][10]

 

                   {  
   ∑  

 

   

  (    )}                             

where      is a unknown link function.  

We note that the model (1) is a special case of the model GAPLM in (2) , so when (K = 1) 

we get a model (1) which called Partial Linear Model:
 [6] [8][13] 

 

                                                                            

3- Model Selection Methods  

    The selection of variables is essential in the statistical analysis of high-dimensional data. 

In most studies, researchers are usually interested in finding the relationship between the 

dependent variable and a set of the studied explanatory variables. As well as in diagnosing 

the most important explanatory variables without others. By using an appropriate selection 

method and under appropriate conditions, consistent models can be built patterns that are 

easy to interpret and avoid over-prediction and estimation. There are in general two 

methods to select the model in the case of the additive partial linear model (APLM):
 [1]

 

3-1 Classical Methods 

   These methods are unstable and they take a long time from the computational point of 

view, especially when the number of explanatory variables is large in the model. Also, this 

selection process leads to an increase in unexplained random errors in the steps of selecting 

variables, and among these methods are The stepwise regression, The back-word 

elimination, The forward selection procedure, Akaike information criterion (AIC), Bayesian 

information criterion (BIC) and Schwarz’s Bayesian criterion (SBC).
 [1][3][4]
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3-2 Regularization Methods 

     Regularization methods are used for model selection in the case of linear models; 

therefore, the problem of selection regression models has received extensive studies from 

researchers. To overcome such problems, the penalized methods have gained great 

importance in recent times because of their speed in selecting the explanatory variables and 

the stability of the selection results compared with the classical selection methods as well as 

used to solve complex model problems. Generally, performance is closely related to more 

complex models because high complexity models have low bias and high variance. While 

models with low complexity tend to have a high bias with low variance. So, regularization 

methods are often used to control the complexity of the model by setting penalty functions 

with more complex models. That is, the regular methods help to reduce the overfitting 

problem. The aim behind adding the penalty constraint is to control the complexity of the 

model and to provide a criterion for choosing a variable by introducing some restrictions on 

the parameters. These restrictions force some parameters to have their values equal to zero, 

which lead to improve the model prediction accuracy and providing an easily interpretable 

model. These methods are: 
[2][6][7] 

3-2-1 Adaptive Least Absolute Shrinkage and Selection 

            Operator  (A Lasso) 

    Adaptive Lasso was proposed by researcher Zou (2012) 
[13]

. this method corrects the 

problems in the Lasso procedure considering that the lasso method is biased, especially for 

large coefficients, as well as the lack of oracle properties therefore, it was processed through 

the assumptions of different weights for different coefficients in the penalty function. 

Therefore, this method has been addressed and thus will reduce the amount of bias and the 

accuracy of selecting variables V.S, The resulting estimate from adaptive lasso is unbiased, 

consistent, and validates oracle properties. 

In this method, the estimation and selection of explanatory variables are carried out in two 

steps: 

the first step: the use of the Lasso method for a preliminary estimate, as well as working to 

reduce the dimensions of the model. 
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the second step: the use of the adaptive lasso method to select and estimate the components 

for the additive partial linear model (APLM)
[10]

 

 using the spline approximation of the nonparametric components, the penalized tsael-

eerause criterion with adaptive lasso functions can be written. 

             ∑[    ∑       

 

   

 ∑ ∑      (   )

  

   

 

   

 ]

 
 

   

    ∑    ‖   ‖ 

 

   

                                  

  is the number of linear explanatory variables in the model and (k=1,2,. .,p). 

  is the sample size (i=1,2,...,n). 

  (   ) is the B-Spline basis function. 

   vector of spline parameters. 

  represents the adjustment parameter or penalty parameter of the adaptive lasso and is non-

negative. 

    weights estimated. 

let (   ) be the basis functions of the    observation of the    nonparametric function defined 

by (  ) 

     (  (   )        (   ))
 

    and       (           )
 
 

   represents the “design” matrix of degree       for     of the nonparametric functions 

   

  (         ) represent to the total “design” matrix of degree (     
) , therefore, 

equation     can be written as: 

             ‖         ‖ 
    ∑    ‖   ‖  

 

   

                        



Al Kut Journal of Economics and Administrative Sciences /ISSN: 1999 -558X /ISSN Online 2707-4560/ Vol (14) Issue: 44-2022 

(September) 
 

411 
 

       ( ̂   ̂ )        
       

                                                                     

with constraint 

    ∑ ∑      (   )

  

   

 

   

                                                                       

These centering restrictions are to ensure unique identification of the   
  which are analogs 

of the restriction  [  (  )]           

the values of         that minimum      and satisfy the following condition: 

                                                                                                       

assuming that the number of non-parametric compounds is not too large. 

                                                                                                              

   is the projection matrix for the column space of Z. 

        are an idempotent matrix and the eigenvalues for         are 0 or 1 and the order 

        is      ,therefore, equation     can be written as: 

          ‖              ‖    ∑   ‖   ‖ 

 

   

                     

the estimation and selection of variables in this way are carried out in two stages: 

Step 1: Compute the estimator of the Lasso. let 

            ‖              ‖      ∑ ‖   ‖ 
 
                       

Whereas the objective function (11) is a special case of (10) when 

               and thus, Lasso's estimations are: 

       ̃     ̃                 
                                                        

and from equation     we get: 

    ̃              (    ̃ )                                                                        
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Step 2: using the estimators of Lasso in the first step ( ̃ ) to  

            obtain the weights of the adaptive lasso function, since: 

       {
‖ ̃ ‖ 

  
         ‖ ̃ ‖ 

   

                   ‖ ̃ ‖ 
  

                                                                

The adaptive lasso objective function is as follows: 

             

‖              ‖
  

                                  ∑    ‖   ‖ 
 
                                                              thus, the adaptive 

lasso estimator is:
 [14]

 

 ̂   ̂             
  

                                                                      

 ̂            (    ̂ )                                                                                 

 ̂      ∑        ̂  

  

   

                                                                            

3-2-2 Smoothly clipped absolute deviation (SCAD) 

    Fan and Li (2001)
 [8]

 suggested the penalty SCAD method and prove that SCAD 

possibilities achieve the oracle properties, since SCAD is given a penalty function defined 

within the interval      , the penalty likelihood of nonparametric and semiparametric 

models is used to balance between model complexity and estimation accuracy. where the 

penalty objective function is defined as follows:
 [5]

 

        
 

 
∑[     {            

  } ]
 

 

   

  ∑   (|  |)

 

   

                   

Since        are a penalty function and    is the tuning parameter (which can be selected in 

several data-driven methods). it should be noted that the penalty functions and tuning 

parameters are not necessarily the same for all parameters. 

    (|  |)         
    {|  |     }          {|  |     } 
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This method develops criteria for selecting classical variables such as BIC, AIC, and RIC 

for APLM as follows: 

                
 

 
 ∑  

    {|  |     }

 

   

                                                         

also, ∑    {|  |     } 
    is equal to the size of the specified models or the number of 

explanatory variables selected in the model. the RIC, BIC, AIC take [    √ 
  ⁄     

√
      

  ⁄    √
      

  ⁄ ] Respectively. 

It was noted that the Bridge regression is equivalent to the penalty of   , as it was 

   (|  |)        |  |
 
and Lasso corresponds to     and SCAD corresponds to the 

following functions: 

  (|  |)   

{
 
 

 
 
               | |                                   | |    

          | |      

       
       | |    

        

 
                          | |      

                  

where the parameter     can be estimated by the cross-validation criterion and (Fan and Li) 

suggested using (a = 3.7) as the optimal value, the SCAD method is a improvement of 

LASSO in terms of model bias and the Ridge regression in the case        in terms of 

stability, in addition, it has oracle properties.
 [11]

 

let                   
       

      
                                                   

real values of     without generality loss, and assuming      are all nonzero components 

and       are the parameters whose values are zero and let S be the length of      (the 

number of parameters for    ). 

           {| 
   (|   |)|        }                                               

           {| 
    (|   |)|        }                                              
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   {     |   |              
    |   |         }

                     

       {      |   |      
     |   | }                                              

Theorem: Assuming             [         ⁄  ]  under the following regularity 

conditions: 

let r be a positive integer and {       } so that             and assuming H is the 

collection of functions g on [0,1] whose the r-th derivative ,      exists and satisfies the 

Lipschitz condition of order r: 

|                 |     |     |                      

Since     is a positive constant. 

[1]  Each component function                               

[2]  The distribution of     is absolutely continuous and its   probability density function f is 

bounded away from zero and infinity on       . 

[3]  The random vector X satisfies that for any vector      

   ‖ ‖        ((   |   ))          ‖ ‖  

[4]  The number of entering knots satisfies the following inequality [      ⁄           

    ⁄  ] that is, in the case of (P = 2), the number of internal knots is equal to [   

   ⁄      ]. 

[5]       A projection function has an additive form, that is: 

                                                    

where:                                        

                                      ; under the conditions above: 

1) As the probability approaches one, there is a local estimator ( ̂ ) that is smaller than the 

term          It shall be: ‖ ̂   ‖    (    ⁄ ) 

2) Additionally, if the {           ⁄        } as well: 

                
     

         
      

               ⁄          
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As the probability approaches one, the consistent estimator of ( ̂) for roots (n) in [1] 

achieves: 

a)   ̂    

b) (  ̂ ) It has an approximately normal distribution, that is: 

  √  {  ( ̃ 
  )     }   * ̂        { ( ̃ 

  )      }
  

  +  
 
                              

          and          (   ̃ ) 

From the above theory, it was noted that the selection procedure for the variable in a SCAD 

method can effectively determine the significant compounds with accompanying estimators 

and those who achieve the Oracle property.
 [11][12] 

3-2-3 Elastic Net (EN)  

    The Elastic Net (EN) method was proposed by Zou and Hastie (2005)
 [14]

. They point out 

that the Lasso method has limitations: 

i. If         then in this case Lasso selects approximately n variables. 

ii. If there is a set of highly correlated variables, lasso will select only one variable from the set 

and ignore the rest. 

iii. In the case          with a strong correlation between the explanatory variables an 

empirical observation of lasso prediction performance is shown it is controlled by ridge 

regression. 

Estimates for (EN) can be obtained by the following formula: 

             |               |     ‖ ‖     | |    

            ∑[              
   ]

 
 

   

   ‖ ‖    | |                                            

           ‖ ‖   ∑  
 

 

   

                | |   ∑|  |

 

   

 

       are non-negative EN tuning parameters, such that: 
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  is the sample size            .  

  
 : represents the square of parameters related to the penalty function of the ridge method. 

|  |: represents absolute parameters related to the Lasso penalty function. 

    spline parameters vector. 

      B-Spline basis function 

with the following conditions                     and 

                  where      is the projection matrix for the column space of Z. 

        are an idempotent matrix and the eigenvalues for         are 0 or 1.
 [6]

 

therefore, equation      can be rewritten as: 

            ‖              ‖    | |    | |                               

The estimator ( ̂  ) by (EN) method reduces the sum of squares of penalty errors shown in 

Equation (  ): 

 ̂   ̂               
 

                                                                           

 ̂            (    ̂)                                                                                       

 ̂      ∑        ̂  

  

   

                                                                              

The (EN) method combines the two methods of Lasso and Ridge, and they also prove that 

the (EN) method has the property of oracle property.
[9] 

 

3-2-4 Adaptive Elastic Net (AdEN)  

     This method was suggested by Zou and Zhang (2009)
[15]

  that combines the features of 

Adaptive Lasso and Elastic Net as the Adaptive Lasso method in some cases is unstable, 

especially in the case of high-dimensional data, due to the emergence of the problem of 

collinearity, while the Elastic Net method lack to the Oracle feature. for these reasons, the 
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two methods were combined to get a method that has good properties of the chosen model 

and is defined by (AdEN) that works on the penalty square error loss function using a 

combination of penalty function    and adaptive penalty function   . 

To estimate (AdEN), this method can be summarized according to the following steps: 

1) Estimate the parameters of the Lasso  ̂               model. 

2) Estimate the weights  ̂  :  ̂   (| ̂              |)
   

  

where   is a value positive and defined as: 

    
   

    
                    

3)  Find the AdEN estimator with the following formula: 

 ̂              
 

∑[    {            
  } ]

 
 

   

  ∑|  |

 

   

                     

with the following conditions                      

  (         ) represents total design matrix of degree         

and                  where      is the projection matrix for the column space of Z, and 

        are an idempotent matrix and the eigenvalues for         are 0 or 1.
 [10]

 

            ‖              ‖
     ∑ ‖   ‖ 

 
                             

Estimator Lasso is: 

       ̃   ̃               
                                                                 

using Lasso estimates in (35) to get the weights of the Adaptive Elastic Net (AdEN) penalty 

function, since: 

        {
(| ̃ |)

   
         ‖ ̃ ‖ 

   

                                     ‖ ̃ ‖ 
  

                                                 

the adaptive elastic net (AdEN)objective function is as follows: 
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 ̂       (   
  

 
)       

 
‖              ‖     ‖ ‖ 

    ∑ ̂ 

 

   

                      

where:       are the non-negative AdEN tuning parameters  

                    ; ‖ ‖  ∑   
  

     

  
 : represents the square of parameters related to the penalty function of the ridge method. 

|  |: represents absolute parameters related to the Lasso penalty function. 

    spline parameters vector.       : B-Spline basis function. 

thus, the adaptive elastic net (AdEN)estimator is: 

      ̂   ̂                 
 

                                                            

       ̂            (    ̂ )                                                                            

       ̂      ∑        ̂  

  

   

                                                                       

4. Practical Part 

This chapter includes the practical aspect in which the real accounting data are 

employed for several Iraqi companies. The factors that influence the market value of the 

name were identified and the data were obtained. The results of the practical application 

were obtained through programs written in the R language. 

4.1 Description of the sample and study variables 

The study sample consists of the Baghdad Soft Drinks Company and they are considered 

one of the Iraqi commercial companies listed in the Iraq Stock Exchange during the period 

from 2012 AD to 2019 AD, as its data is regularly presented through this market during the 

years of the study, as it was selected according to the following conditions, which are to be 

listed and traded Its shares during the above period and the possibility of obtaining the data 

or information necessary to complete the study, as for the research variables, they were 47 
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variables (Market value or stock market value, Dividend distribution, Financial leverage, 

Return on assets, Sales growth rate, Annual Growth Rate, Company Size, Operating cash 

flow, Liquidity ratios, The amount of investment spending, Issuance of new shares, Net 

Working Capital, Accounts Receivable Turnover, Average Collection Period, Inventory 

Turnover, Average Age of Inventory, Operating Cycle, Payable Turnover, Payable 

Turnover in Days, Fixed Asset Turnover, Total Asset Turnover, Debt Ratio, Leverage 

Ratio, Debt / Equity Ratio, Times Interest Earned, Return on Common Equity, Return on 

Total Assets, Return on Investment, Gross Profit Margin, Profit Margin, Earnings Per 

Share, Price / Earnings Ratio, Dividend Yield, Dividend Payout, Book Value Per Share) 

4-2 Estimation 

   The Estimation and Variables Selection for Estimation and Variables Selection by using 

methods (ALasso, SCAD, EN, AdEN). based on a program written in R language, and the 

results were as follows: 

Table 1. Results of the study: Estimation and variables selection, of the coefficients using 

the additive partial linear model (APLM). 

j 

ALasso SCAD EN AdEN 

    SE    SE    SE    SE 

1 0.8222 
1.074

2 

0.7174 0.326

6 

0.7312 0.109 
0.7437 

0.978

3 

2 -0.2214 
0.724

3 

Remove

d 

- Remove

d 

- 
-0.2325 

0.698

1 

3 
Remove

d 

- Remove

d 

- Remove

d 

- Remove

d 

- 

4 -0.1075 
0.454

5 

Remove

d 

- Remove

d 

- 
-0.1150 

0.403

3 

5 0.6344 
1.659

1 

0.5371 0.319 0.5662 0.113

5 
0.6395 

1.488 
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6 0.7540 
1.155

2 

0.7351 0.275

6 

0.7355 0.108 
0.7691 

1.056

7 

7 0.1954 
0.724

6 

Remove

d 

- Remove

d 

- 
0.2005 

0.637

6 

8 
Remove

d 

- Remove

d 

- 0.6861 0.103

2 

Remove

d 

- 

9 0.9042 
2.553

2 

0.9974 0.293

8 

0.9683 0.113

7 
0.9250 

2.150

1 

1

0 
-0.4708 

1.212

9 

Remove

d 

- -0.5603 0.110

9 
-0.4788 

1.078

4 

1

1 
0.4928 

0.645

4 

0.5752 0.184

2 

0.5484 0.107

4 
0.5093 

0.610

4 

1

2 

Remove

d 

- -0.2435 0.032 Remove

d 

- Remove

d 

- 

1

3 
0.5162 

0.938

5 

Remove

d 

- 0.5079 0.099

6 
0.5254 

0.820

6 

1

4 
-0.6566 

1.478

4 

-0.6321 0.217

3 

-0.6917 0.1 
-0.6828 

1.334

5 

1

5 
0.7264 

0.605

3 

0.8182 0.015

9 

0.8091 0.097

8 
0.7582 

0.555 

1

6 
0.7402 

1.234

9 

0.7927 0.305

8 

0.7886 0.108

9 
0.7571 

1.110

8 

1

7 

Remove

d 

- Remove

d 

- Remove

d 

- 
-0.4809 

2.307

9 

1

8 
-0.3004 

0.835

3 

Remove

d 

- Remove

d 

- 
-0.3224 

0.760

7 
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1

9 

Remove

d 

- Remove

d 

- Remove

d 

- Remove

d 

- 

2

0 

Remove

d 

- Remove

d 

- Remove

d 

- 
0.1943 

0.901

8 

2

1 
0.1607 

0.336

4 

Remove

d 

- Remove

d 

- 
0.1608 

0.323

6 

2

2 
0.4846 

1.211

6 

Remove

d 

- 0.4846 0.100

4 
0.4952 

1.071 

2

3 

Remove

d 

- Remove

d 

- Remove

d 

- Remove

d 

- 

2

4 

Remove

d 

- Remove

d 

- Remove

d 

- Remove

d 

- 

2

5 
-0.2136 

0.852

6 

Remove

d 

- Remove

d 

- 
-0.2309 

0.804

2 

2

6 

Remove

d 

- Remove

d 

- Remove

d 

- Remove

d 

- 

2

7 

Remove

d 

- Remove

d 

- Remove

d 

- Remove

d 

- 

2

8 
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4-3 Comparison 

  A comparison was made between the estimation and variables selection based on each of 

the criteria mean squares error, prediction error and coefficient of determination and the 

results were as follows: 

Table 2. The criteria represent a comparison between the methods.  

Methods MSE R
2
 

ALasso 0.1296 86.62% 

SCAD 0.1541 84.01% 

EN 0.1383 85.73% 

AdEN 0.0608 93.73% 

Through the results of the above table and through the comparison criteria described, we 

note that the value of the mean squares error and prediction error is less for the Adaptive 

Elastic Net (AdEN) method than the value of the other methods. The values of the 

coefficient of determination for the Adaptive Elastic Net method are greater than the values 

of the coefficient of determination for the other methods. 

It can also be illustrated by the drawing It can also be illustrated by the drawing: 
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Figure 1. shows the real and estimated values in for ways for the (ALasso, SCAD, EN, 

AdEN) methods. 

The above figure shows the amount of bias between the real values and the estimated values 

of the response variable values estimated by for ways for the (ALasso, SCAD, EN, AdEN) 

methods. 

5-Conclusions 

1.  The additive partial linear model (APLM) to reduce a high-dimensional problem. It is 

considered more flexible than other models because it contains multiple linear components 

and multiple nonlinear components and additive. 

2. The Adaptive Elastic Net (AdEN) is more efficient than the other methods, so it is preferred 

to use it to Estimation and Variables Selection for Semi – Parametric Additive model. 

3. It is possible to apply this APLM in a number of fields, including health, educational, social, 

financial, economic, and others, which have high flexibility in their inclusion on more than 

one linear explanatory variable as well as more than one non-linear parametric function. 

These features make the model highly flexible in various applications. 

4. Through the results of the analysis, it was noted that there are some variables with an 

important impact that must be focused and followed up by the shareholders and 

beneficiaries. 
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