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Abstract. Semiparametric regression combines the goodness of parametric re-

gression estimators and Kernel regression. In this research, a new method of  

semiparametric regression model was developed which contains parametric and 

non-parametric components, the second being multivariable, where the data con-

tains outlier data. Here we propose a multivariable Kernel method approach for 

data that does not follow a certain pattern and has outliers. The kernel function 

used is a multivariable Gaussian Kernel function with a Priestley-Chao estima-

tors approach. The goodness of the Kernel estimator depends on the value of the 

bandwidth parameter, to get the optimal bandwidth parameter using the General-

ized Cross Validation (GCV) method. The results of the theoretical study ob-

tained from the Mixed Kernel Regression Curve and multivariable Fourier Series 

estimators in this semiparametric regression, which is a combination of multivar-

iable parametric and multivariable nonparametric estimators. The estimators ob-

tained are biased estimators but are a class of linear estimators. 
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1 Introduction 

Semiparametric regression is a form of regression analysis method, apart from para-

metric and nonparametric regression. Semiparametric regression contains parametric 

and nonparametric components, the regression curve is estimated using a semiparamet-

ric estimator. As is the case in parametric regression and nonparametric regression, 

semiparametric regression, especially for multivariable cases [1], allows for several 

types of estimators. 

Several estimators in nonparametric regression, including the Kernel [2] are 

used for unpatterned data. Spline Smoothing [3] is used for data with changing patterns 

that do not depend on knot points (smooth). Truncated Splines are used for data with 

changing patterns in certain sub-intervals and Fourier Series [4] used on data that tends 

to repeat patterns. Among these estimators, the Kernel estimator is more often used in 

nonparametric regression. This is because the Kernel estimator is simpler [5]. In addi-

tion, the Kernel estimator has a relatively faster convergence speed compared to the 

Local Polynomial, Fourier Series or Spline estimators [6]. 

 Meanwhile, the semiparametric regression estimator is used to estimate the 

regression model where the predictor variable has a parametric pattern and other pre-

dictor variables whose shape is unknown have been developed by several researchers. 

Semiparametric regression estimators without using mixed estimators have been devel-

oped by researchers including [7]. [8] developed Partial Spline Smoothing estimation, 

developed the selection of smoothing parameters for Spline Smoothing by using Risk 

estimation minimization,while [6]; [9] develops a Fourier Series approach to semipar-

ametric regression. 

These researchers design non-parametric or semi-parametric regression mod-

els without outlier data. In the actual situation there is an outlier data pattern, the re-

searchers estimate the model by paying attention to the presence of outlier data. This 

was developed by Prestly_Chao in 1972. 

To estimate semiparametric regression curves according to data patterns that 

contain outliers in their nonparametric components, both nonparametric and semipara-

metric regression were developed. Research on the Prestly_Chao estimator in semipar-

ametric regression using the Kernel function approach. Therefore, a method for select-

ing the optimal bandwidth was developed. Next, the properties of the estimator obtained 

are shown. 

2 Research Methods 

To achieve the research objectives, the following steps were made. 

1 Obtaining Estimator of Kernel Gaussian Multivariable Semiparametric Re-

gression with Nadaraya_Watson Estimation 

2 Selecting Bandwidth Parameters in Multivariable Kernel Estimator Semipar-

ametric Regression with GCV. 

3 Investigate the properties of the obtained estimates. 
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3 Results and Discussion 

3.1 Multivariable Kernel Semiparametric Model 

Given paired data
1 2 1 2  ,  ,  ...,  ,  ,  ..( , ., , )  i i pi i i qi ix x x t t t y which follows a 

semiparametric regression model
1 2 1 2( ,,  ,  ...,  ,  ,  ...,   )i i i pi i i qi iy x x x t t t   ,

  1,2,..., ,i n
 
 is a regression curve,  ais a random error that is assumed to be 

independent and identically normally distributed with zero mean and variance
2.

Regression curve  assumed to be additive, so it can be written as: 
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Next can be written: 
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As a result, the regression model in equation (1) can be written as follows: 
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In matrix form it can be presented as follows: 

 j ky m + g +ε           (2)

 
Next is the regression curve
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 in equation (1) is a parametric component 

approximated by a linear function of the form: 

0 1( ) iim xx                                                                                 (3)

 

Kernels. Parametric components so that equation (2) can be written as:
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So equation (4) can be written in matrix form, as follows: 

j m Xβ        (5)  

where:
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11 21 1

12 22 2 *
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3.2 Multivariable Semiparametric Kernel Model Using Priestley and Chao 

For regression curve

1
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 in equation (1) is a nonparametric component of the 

Kernel ),(k kig t   1,2,...,k q approached by a Kernel function, then by [10], estimate
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Based on equation (6), equation (7) can be written as: 
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ĝ( ) y y
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So equation (7) can be written in matrix form, as follows: 

ˆ ( ) ( )kk kkig t Ω y            (8)
 

As a result of equation (7), then the estimate for the regression curve
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obtained, as follows:
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K is Kernel 

 is bandwidthd 

Next, to find the parametric component estimator, it can be obtained from minimizing
Tε ε from the equation: 
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Based on equations (9) and (10), the estimates for equation (1) are obtained as follows: 
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* λ Y            (11) 

Where
* 1( ) (2 )T T

k
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Multivariable Kernel mixture estimator in semiparametric regression, very 

dependent on optimal smoothing parameters, optimal bandwidth. One method that can 

be used is the GCV method [10]. 

If the Multivariable Kernel mixture estimator in semiparametric regression is 

presented in equation (11), it is as follows: 

,

*

( ) ,ˆ ( ), φβ t zx λμ y          

then the mean square error (MSE) is obtained: 

 
2

1 *MSE( )    ,n φ I λ y  
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so that the GCV of the Multivariable Kernel estimator in semiparametric regression: 
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The optimal smoothing parameters, optimal oscillation parameters and optimal band-

width are obtained in ( )GCV φ thesmallest. 

 

3.3 Properties of the Regression Curve Estimator 

In this subchapter we will discuss the properties of mixed Kernel and multivariable 

Fourier Series estimators in semiparametric regression. Before investigating the 

properties of the estimator, first investigate the properties of the estimator γ̂ , estimator

β̂ , parametric regression curve estimator
( , )
ˆ ( ),β φm x t , kernel regression curve 

estimator
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ˆ ( ),β φg x t , and Semiparametric regression curve estimator

( , )
ˆ ( ),β φμ x t . 

Then proceed with the properties of mixed Kernel and Fourier Series estimators
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Then look for the expected value of the regression curve estimator
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Next is the expected value of the regression curve estimator
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ˆ ( ),β φμ x t , following: 
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( , ( , ))
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4 Conclusion 

Given paired data 
1 2 1 2  ,  ,  ...,  ,  ,  ..( , ., , )  i i pi i i qi ix x x t t t y which follows a 

semiparametric regression model
1 2 1 2( ,,  ,  ...,  ,  ,  ...,   )i i i pi i i qi iy x x x t t t   ,

  1,2,..., ,i n
 
 is a regression curve,  ais a random error that is assumed to be 

independent and identically normally distributed with zero mean and variance
2.

Regression curve  assumed to be additive, so it can be written as: 
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* 1( ) (2 )T T

k

 λ X X X X P I  

 

 

3. The results obtained show that the estimator obtained is a biased but linear 

estimator 

The results of the theoretical study obtained from the Mixed Kernel Regression Curve 

and multivariable Fourier Series estimators in this semiparametric regression, which is 

a combination of multivariable parametric and multivariable nonparametric estimators. 

The estimators obtained are biased estimators but are a class of linear estimators. 
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