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Abstract 

Several regression models have been developed to address prediction issues, such as the 
least-squares method, the kernel regression, neural network models, and Gaussian process 
regression, the most recent semi parametric regression models, semi parametric methods 
combined parametric methods and nonparametric methods .It is important in most of studies 
which take in their nature more progress in the procedure of accurate statistical analysis which 
aim  at getting estimators efficient  In this study, we proposed semi parametric new method 
to improve prediction by combining the parametric regression models represented by the least 
squares regression method with the non-parametric regression models represented by the 
Gaussian process regression. The great advantage of these models is that they contain all 
the positive features contained in the teacher and non-teacher model and the clarity of the 
interaction between the components of the teacher and non-teachers, which received wide 
acceptance in modern medical, economic, social and scientific studies, because of its solution 
to the problem of incomprehensible behavior of some variables included in the study on the 
one hand and for flexibility Highly enjoyed by these models on the other. The quality of the 
proposed method was verified by applying it to realistic and generated data using simulation. 
This method was also compared with the least squares regression method and Gaussian 
process regression using the prediction accuracy measures (MSE, RMSE, MAPE) in order to 
reach the best way to improve the accuracy of the prediction.The comparison that the 
proposed method gives the best predictive accuracy and better results in order to replicate 
the number of preference based on the smallest value of the values of the error measures 
used , because of the ability of the regression curve which ideals have an appropriate and  
better data representation.  

Keywords: least squares Regression, Gaussian Process regression, semi parametric 
regression, the measurements of prediction error explanation. 
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3 Materials and Methods
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:Non parametric Regression Models

 Bimodal         
    

    
     (Jacob Wolfowitz)  1942 

   
y

y
 

Ruppert2003HardlePérez2008

: Semi parametric Regression Models 

y
.

Partial Linear Regression Model

Speckman
Robinson    

y
Additive Models



9201-11No.- 2vol.  University Journal of Hama

 

 

  
Speckman   Ruppert2003 

 
    

g+Y=X

Yn
Xn

   

gn
n     Akkus2011.

predictorregressors
multiple regression 

analysis

 

  

  

: 



9201-11No.- 2vol.  University Journal of Hama

 

 

  

  

OLS
Ordinary Least squares

 

  

  

  

  

  

Nielsen     . (2009 

Gaussian Process Regression)(GPR)
Regression

RasmussenWilliams

Bishop) 2007 RasmussenWilliams2006
Td

g( ) :x x

gP 



9201-11No.- 2vol.  University Journal of Hama

 

 

 (GP) 
RasmussenWilliams2006Liu2017

 
GP

Bishop) 2007
 Y Xd

 

curse of dimensionalityd
. (GPR) 

 

RasmussenWilliams2006Liu

 (GPR) 
 

Gaussian process prior



9201-11No.- 2vol.  University Journal of Hama

 

 

:Kronecker delta

 

RasmussenWilliams2006

OLSGPR 

 

OLS

uOLS.
 GPR 

 



9201-11No.- 2vol.  University Journal of Hama

 

 

 

 
=0)(

 ( =1) 

 

(Friesian)

Law

  

2000SchimekWang



9201-11No.- 2vol.  University Journal of Hama

 

 

 

=0.1=0.=1(n=10, n=50, n=100, n=200) 

 MSE, RMSE
HyndmanKoehler 2006

Mean squared error
Root mean squared error

  

residuals
Hardle) 2004

R
Packages

Cotton
Matloff,

kernlab

MSE RMSE (MAPE

MSE RMSE (MAPE

MSE RMSE (MAPE



9201-11No.- 2vol.  University Journal of Hama

 

 

4 

R

MAPERMSEMSEMAPERMSEMSEMAPERMSEMSE

0.11984391.002935 1.005879 0.135126 1.1631541.352927 
0.126489

9
1.08660

5 
1.180709

R 
 

  (n=10, n=50, n=100, n=200)=0.1=0.=1

 

 u

 

 b6 b5b4b3b2b1b0 

-0.6750.559560847 0.1379639 



9201-11No.- 2vol.  University Journal of Hama

 

 

 
 

 

 

 u 

 

n 
b4 b3 b2 b1 

3.002-3.0633.078-2.0160.1324316730.62256170.989 

 

3.009 -3.317 3.390 -2.0790.0296092870.6548663 0.647

3.019 -3.634 3.781 -2.1570.3933393030.62256170.577 

3.084 -2.983 3.008 -2.058 0.050811268 0.5748172 0.9989 

 
3.418 -2.916 3.042 -2.290 0.205103008 0.574817213 0.979

3.837 -2.833 3.085 -2.580 0.363951507 0.57481721377 0.879 

2.972 -3.008 3.027 -1.999 0.121105095 0.5692009 0.9892 

 2.861 -3.041 3.137 -1.994 0.192488998 0.56920092061 0.997

2.722 -3.081 3.273 -1.989 0.386797548 0.5692009206113 0.9987 

3.034 -2.992 3.002 -2.032 0.086746695 0.5664197 0.8657 

 
3.169 -2.959 3.008 -2.159 0.184551292 0.5664197344075 0.998

3.338 -2.919 3.016 -2.318 0.396750565 0.566419734448 0.898 

R

  (n=10, n=50, n=100, n=200)
=0.1=0.=1



9201-11No.- 2vol.  University Journal of Hama

 

 

 

MAPERMSEMSEMAPERMSEMSEMAPERMSEMSE

 n 

0.056650.053318 0.002842 0.209931 0.6324930.400048
0.0712821

9
0.06870

0
0.00471979 

 

 
0.402220.599257 0.359109 0.580972 1.105661.2224840.7287599

0.34350
3 

0.1179948

0.460330.829596 0.688230 0.53271 1.3234291.7514650.5790334
0.68700

7 
0.4719791 

0.07421 0.080905 0.006545 0.131244 0.301959 0.091179 
0.0752414

7 
0.08103

3 
0.00656648  

 0.42555 0.391194 0.153032 0.478150 0.635265 0.403561 0.4510113 
0.40516

9 
0.1641621 

2.81080 0.800689 0.641103 3.070814 0.952932 0.908080 3.128822 
0.81033

8 
0.6566486  

0.09431 0.088062 0.007754 0.268915 0.451186 0.203568 0.1079193 
0.08922

1 
0.00796041  

 0.68489 0.429361 0.184351 0.736764 0.599682 0.359619 0.7356406 
0.44610

5 
0.1990102 

1.69462 0.858163 0.736444 1.762315 0.976543 0.953636 1.960669 
0.89221

1 
0.796041  

0.13139 0.165205 0.027292 0.177091 0.374945 0.140584 
0.0905224

4 
0.09229

9 
0.00851910  

 
2.71725 0.447621 0.200364 2.294292 0.575038 0.330668 2.58647 

0.46149
5 

0.2129776 

1.69805 0.909669 0.827497 1.620708 0.974605 0.94982 1.716151 0.92299 0.8519106  

R

Y, , 

(n=10, n=50, n=100, n=200=0.1=0.=1

Rplotlines



9201-11No.- 2vol.  University Journal of Hama

 

 

Y 
 

 



9201-11No.- 2vol.  University Journal of Hama

 

 

Y 

 

 



9201-11No.- 2vol.  University Journal of Hama

 

 

Y 
 

 



9201-11No.- 2vol.  University Journal of Hama

 

 

Y 

 

5  
MSE RMSE 

(MAPE
MSE RMSE (MAPE

 

MSE RMSE 
(MAPE(n=10, n=50, n=100, n=200

=0.1=0.=1

MSE RMSE (MAPE



9201-11No.- 2vol.  University Journal of Hama

 

 

Y, , 

 (n=10, n=50, n=100, n=200)=0.1

=0.=1

6 Conclusions

1 

MSERMSE(MAPE

2 

 

3 

 

4 

7  Recommendations 

1 

2 



9201-11No.- 2vol.  University Journal of Hama

 

 

3 

8  References: 
1- Akkus, O., 2011 -Xplore Package For The Popular Parametric And Semi parametric 

Single Index Models .Journel of science, vol.24, No.4, pp. 753-762. 
2- Aydin,D.,(2011)-

ics, Faculty of Arts 
and Sciences, Mu la University. 

3- Bishop, C. M., (2007).Pattern Recognition and Machine Learning. Springer. 
4- Cherkassky, V., Ma, Y., (2004).Practical Selection of SVM Parameters and Noise 

Estimation for SVM Regression, Neural Networks, 17, 113 126. 
5- Cotton, R., (2013).  
6- Hardle, W , Muller, M., Sperlich, S.,and Werwatz A., (2004  .Nonparametric and 

Semiparametric Models, Springer, Berlin, 301. 
7- Hastie, T., Tibshirani, R., Friedman, J., (2009). The Elements of Statistical Learning 

Data Mining, Inference, and Prediction  Springer, 2th ED, Berlin, 764. 
8- Hyndman, R., J., Koehler, A. B., (2006). Another Look at Measures of Forecast 

Accuracy, International Journal of Forecasting, 22, 679 688. 
9- Izenman, A.J., (2008)- Multivariate Statistical Techniques: Regression,Classification 

and manifold learning. New York: Springer. 
10- Law ,Kelton, Mcgraw, Hill., (2000)- Simulation Modeling and Analysis .3rd edition. 
11- Liu, Y., Keller, Y., Song, PH., Bond, J., Jiang, G., ( ).Prediction of concrete 

corrosion in sewers with hybrid Gaussian processes regression model. RSC Advances  
7, 30894 30903. 

12- Matloff, N., (2011).The Art of R Programming, Malloy Incorporated, United States of 
America, 373. 

13- Millimet, D., List, J., and Stengos, T., (2003)- The environmental Kuznets curve. Real 
progress or misspecified models, Rev Econ Stat (85)4 .pp1038 1047, 

14- Nielsen, A.,(2009) .Least Squares Adjustment Linear and Nonlinear Weighted 
Regression Analysis Informatics and Mathematical Modelling.Technical University, 
Denmark. 

15- Pérez G. A.;Vieu PH.,(2008) -Nonparametric time series prediction: A semi-functional 
partial linear modeling. Journal of Multivariate Analysis, 99, 834  857. 



9201-11No.- 2vol.  University Journal of Hama

 

 

16- Rasmussen, C. E., Williams C. K. I., (2006).Gaussian Processes for Machine 
Learning. MIT, Press. 

17- Ruppert, D., Wand, M.P., Carroll, R.J., (2003) -Semiparametric  
Regression.Cambridgeuniversity Press,New York. 

18- Schimek,M.G.,(2000)-  Estimation and inference in partially linear models with 
smoothing splines  

19- SPECKMAN,  P., (1988)- Kernel Smoothing in partially Linear Models. Journal of 
Royal Statistical Soc. 50, No.3,pp. 413-436. 

20- Wang,Q.,Linton,O.,and Härdle,W.,(2004)-  Semiparametric Regression Analysis 

economics, UCL ,cemmap working paper CWP11/03. 
 

 

 

 

 

 

 

 

 

 

 

 

 


