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Abstract:-

The regression analysis is a statistical tool through which we build
statistical models in order to estimate the relationship between the
dependant variable and the explanatory variables. Which produce a
statistical equation that shows the relationship between these variables

This relationship can be wused for estimation and prediction.

In most studies, the subject of non—parametric has a clear interest in a
more advanced process of statistical analysis aimed at obtaining high—
quality competencies. The simulation method was used to compare the
non—-parametric model with different size samples and variances using

some comparison criterion

The aim of this study is to estimate the function of the regression
of the non-parametric using the estimatores of (Nadaraya-Watson) &

(Regression local polynomial) in the case of( Epanechnikov), (Gaussion)

The simulation results was found that the Epaneknikov function

is the best when using the estimated Nadaraya—\Watson

Keywords: - Multiple regression, nucleus correlations of multiple
regression (continuous correlation nucleus of multiple regression
(Epaneknikov, Gaussion), (Nadaraya_ Watson) and (polynomial of

multiple regression), Bandwidth.
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(P=4) Lapda gil) &l jaial) 230 (6 Ladie MSE Uadd) cilay ya o gia ad i g (1) Jgaad

0.5 1.0 2.0
Jigall
n NW LLS NW LLS NW LLS
0 1.0552 16.2748 1.0330 35.7537 1.8812 11.7322
Epanechnikov * 60 0.0187 1.1129 0.0183 0.1239 0.00064 0.0419
Epanechnikov
120 0.000068 0.00059 0.0000427 0.00017 0.000232 0.00075
30 0.9701 18.1255 1.0341 39.7583 1.1290 46.7000
Gaussion * 60 0.0149 0.3825 0.0151 1.3578 0.0159 1.6622
Gaussion
120 0.0000611 0.0014 0.0000603 0.0213 0.000058 0.0980
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0.5 1.0 2.0
Jleall
n NW LLS NW LLS NW LLS
30 2.4710 2.5679 2.5199 13.7708 2.8204 74.4992
Epanechnikov * 60 0.0651 0.000252 0.0380 0.2267 0.0220 0.0625
Epanechnikov
120 0.9991524 0.000307 0.000160 0.0026 0.000148 0.0069
a0 2.2157 17.2806 2.3181 20.6293 2.5275 22.8235
Gaussion * 60 0.0381 1.2107 0.0391 1.6156 0.0413 1.7315
Gaussion
120 0.000149 0.0058 0.000147 0.0125 0.000141 0.0130
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0.5 1.0 2.0
Jlgall
n NW LLS NW LLS NW LLS
30 3.1933 5.6049 3.7746 16.55805 0.2324 0.00321
Epanechnikov * 60 0.0671 0.1401 0.0745 0.0080 0.1128 0.0013
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120 0.0002311 0.0010 0.000254 0.0119 0.000216 0.0097

a0 3.6926 20.1549 3.8672 22.3982 4.2176 24.5838
Gaussion * 60 0.0602 1.3655 0.0619 1.5712 0.0653 1.6659
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120 0.000235 0.0079 0.000230 0.0112 0.000222 0.0111
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