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Abstract: Regression model is one of the statistical methods used to determine the functional relationship between predictor and 

response variables. Based on the pattern of the relationship regression model can be divided into 3 namely parametric regression, 

nonparametric regression and semiparametric regression. In statistical inference, parameter estimation consists of  point and 

interval estimations. In this paper, we estimate confidence interval of multiresponse semiparametric regression model parameters 
based on truncated spline involving inverse variance-covariance of the error weight, then it is implemented to simulation data in 

case of homoscedasticity. Based on the estimated parameters for both large and small samples with a significant level of 0.05 we 

get accuracy of 100% for using weight and get accuracy less than 100% for using no weight. It can be concluded that in the case 

of homoscedasticity, the estimated confidence interval of  the semiparametric multiresponse model parameters by using weighted 

truncated spline is better than by using unweighted truncated spline. 

Keywords: Confidence interval, Multiresponse semiparametric regression, Weighted and unweighted truncated spline. 

 

1. INTRODUCTION  

Regression model is one of the statistical methods used 

to determine the functional relationship between predictor 
and response variables. If the pattern functional relationship 

between the predictor variable and the response variable is 

known, then parametric regression is used. If the pattern of 

functional relationships between the predictor variable and 

the response variable is unknown, then nonparametric 

regression is used. In addition to parametric regression and 

nonparametric regression, there is also a semiparametric 

regression which is a combination of two components 

between the parametric regression model and the 

nonparametric regression model [1]. This regression model is 

used to determine the functional relationship between the 
response variable and several predictors, if one of the 

predictor variables has a specific pattern while the other 

predictor variables do not have a specific pattern. Regression 

models can also be distinguished based on the number of 

response, namely a regression model consist of one response 

called an unirespon, while a regression model whose number 

of response consists of more than one response is called 

multiresponse regression and correlate with each other.  

 

In the semiparametric regression model, there are 

several approach models to estimate the regression curve for 

its nonparametric components among others, kernels, local 
polynomial, Fourier series and splines. Among those 

approaches, spline has several features, namely a model that 

has excellent statistical and visual interpretation and can 

model data with changing patterns at certain sub-intervals, 

because spline is a type of polynomial pieces [2]. In this 

study, the truncated spline approach is used to estimate the 

curve of its nonparametric component. 
 

Parameter estimation is one that is considered important 

in statistical inference, consists of point estimation and 

interval estimation. Confidence interval estimation is the 

development of point estimation, that the estimated parameter 

value is not focus on a point but  based on a certain interval 

so it can minimize the error in estimating compared to the 

point estimate. This estimation aims to find out the predictor 

variable that has a significant effect on the response variable. 

Thus, the confidence interval is an important issue in terms of 

the semiparametric regression model inference. Confidence 
interval is an estimated range of values between two 

numbers, where the parameter value of a population is located 

within that interval. 

 

At present many researchers have focused their research 

on semiparametric regression. [3-5] used the penalized spline 

estimator; [6-8] used the smoothing spline estimator; however 

all of this researchers consist of only one response. 

Whereas for multiresponse semiparametric researches 

for instances [9] used linear local estimator; [10-11] used  

spline estimator; [12] used  kernel estimator, [13-15] 

developed unipredictor multiresponse semiparametric 
regression model based on the penalized spline estimator, 

[16-17] developed biresponse and multiresponse 

semiparametric regression model based on the truncated 

spline estimator. These studies are still discuss point 

estimation only, but these studies have not discussed 
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confidence intervals estimation. While [18] has discussed 

confidence interval estimation in the semiparametric 

regression model by using truncated spline estimator on 

longitudinal data, but it is still uniresponse. 
Based on the description of the development of research 

that has been carried out by previous researchers only limited 

to the estimated point and estimated confidence interval that 

are still uniresponse to the semiparametric regression model. 

Therefore, the focus of this study is to estimate the 

confidence intervals of the multiresponse semiparametric 

regression model parameters using truncated spline estimator, 

which is then implemented on simulation data by creating R-

Code. In homoscedasticity case, study simulation is used to 

compare between the modeling ability which use weighted 

and unweighted truncated spline estimators for estimating 

confidence interval of parameters of the multiresponse 
semiparametric regression model. 

 

2. METHOD 

The method used to estimate the confidence interval of 

parameters in multiresponse semiparametric regression model 

are based on weighted and unweighted spline truncated 

estimator. In simulation study, we create R-code to estimate 

the confidence interval of parameters in multiresponse 

semiparametric regression model are based on weighted and 

unweighted spline truncated estimator.  

 

3. ESTIMATION OF INTERVAL CONVIDENCE OF 

SEMIPARAMETRIC MULTI-RESPONSE REGRESSION 

MODEL TRUNCATD SPLINE  

Before given a paired variable 
( ) ( ) ( ) ( ) ( )

1 1
( , ..., , ..., , ),

r r r r r

p q
x x t t y  

which is approximated by a linear function for the 

multiresponse semiparametric regression model based on 

truncated spline as follows: 

( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )

0

1 1 1

( )

Sp q

r r r r r r r r r

i j ji i d i d i

j d

y x t t K    
 

  

     
 
 
 

    (1) 

with r=1,2,3,…,R  

So the multiresponse truncated spline semiparametric 

regression model is written in another form 

 y x t





 
 
 
 

 with  C x t
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Then it can be stated in matrix notation: 

 , ~ 0,Wy C N     (2) 

where 

(1)

(2)

( )R

y

y
y

y

 
 
 

  
 
 
  

(1)

( 2)

( )

0 0

0 0 0

0 0
R

C

C
C

C



 
 
 
 
 
 

  

(1)

(2)

( )R








 
 
 

  
 
 
 

 

( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )

0 1 2 1 2

r r r r r r r r

p q
          
  

Errors random vectors of each response variable 
(1) (2) ( ), ,..., R    correlate with each other. For estimating 

of parameters  , we use weighed least square (WLS) 

optimization method. In the WLS method, we minimize 

weighted sum square errors. The weight is invert of variance-

covariance of errors matrix. The variance-covariance matrix 

structure of the multiresponse semiparametric regression 
model is as follows: 

 
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                    (3) 

The steps to estimate   by using WLS method are as 

follows: 

1. Defining the function of Q 

1

( ) ( ) ( )
T

Q y C W y C  


     (4) 

and then taking derivation of ( )Q   with respect to   

2. Minimize equation Q by solving the following equation: 

( )
0

Q 







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 (5) 

Next, we design the shortest parameter confidence interval 

(1 )100% for v  where 2  is unknown, presumably with 

mean square error (MSE) by using pivotal quantity  as 

follows: 

1 2 1 2
1 1
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( )

v v
v p q

T
vv

T x x x t t t y
MSE C W C

 

 


 ,  

where MSE =
*

Ty Ay

nR R
 , A=1-D, 1 1 1( )T TD C C W C C W    

and 

1

, 1,2,..., *, *

q

v v R R R Rp qR R S


 
     
 
 

  

Furthermore, we determine the confidence interval (1 ) by 

solving the probability equation,

1 1( ( ,..., , ,..., , ) ) 1v v p q vP a T x x t t y b     . where va and bv an 

element is a real number   bv va  , so the length of the 

shortest parameter confidence interval is as follows: 
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4. SIMULATION STUDY  

Simulation study aims to show the ability of the weighted 

truncated spline estimator in homoscedasticty case in 

multiresponse semiparametric regression model. while the 

functions are as follows: 
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Simulation data generated for large samples and small 
samples, each of them was repeated with 100 times and 300 

replications with two treatments, namely choose one using 

weighted and unweighted. The estimation of multiresponse 

semiparametric regression model by using weighted 

truncated spline involve invert of covariance matrix of  . 

The generated data consist of three responses, one predictor 

variable of the parametric component (x), one predictor 

variable of nonparametric component (t), and 75.262
1    

25.26,56.16,81.31 12
2
3

2
2    56.16 ,9.17 2313   ,  

as follows: 
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The result of the simulation study for estimating 

confidence interval of multiresponse semiparametric 

regression model parameters by creating R-code is obtained 

in Table 1: 

 

Table 1. Summary of simulation results with n=25 u=100 

and  u=300 repetitions 

No   

n=25 u=100 repetitions n=25 u=300 repetitions 

weighted unweighted weighted unweighted 

̂  
Accur

acy ̂  
Accur

acy ̂  
Accur

acy ̂  
Accur 

acy 

1 9 8.85 100% 8.64 100% 9.00 100% 9.03 99% 

2 2 2.03 100% 2.04 100% 2.00 100% 2.00 99% 

3 4 4.03 100% 4.08 100% 4.01 100% 4.01 99% 

4 1 0.94 100% 0.90 98% 0.98 100% 1.02 99% 

5 15 15.31 100% 15.94 97% 14.95 100% 14.67 96% 

6 3 2.91 100% 2.83 97% 3.04 100% 3.06 97% 

7 1 1.04 100% 0.88 99% 1.00 100% 1.06 95% 

8 6 5.90 100% 5.96 98% 6.02 100% 5.93 96% 

9 11 11.20 100% 10.41 85% 10.82 100% 10.45 83% 

10 1 0.99 100% 1.03 82% 1.01 100% 1.03 81% 

11 6 6.01 100% 6.21 83% 6.08 100% 6.19 83% 

12 2 2.04 100% 1.75 86% 1.91 100% 1.65 85% 

 

In simulation study for small samples (n = 25) with 

repetition of 100 times and 300 times, Table 1 shows by 

using significance level ( 05.0 ), the accuracy of 

estimated confidence interval of parameters in multiresponse 

semiparameter model based on weighted spline estimator is 

in average of 100% but it based on unweighted spline 

estimator of 93.6%. It means that for small samples the 

accuracy of estimated confidence interval of parameters in 
multiresponse semiparameter model based on weighted 

spline estimator is better than unweighted spline estimator. 
 

Table 2. Summary of simulation results with n=100 u=100 

and  u=300 repetitions 

No   

n=100 u=100 repetitions n=100 u=300 repetitions 

Weighted unweighted weighted unweighted 

̂  
Accur

acy ̂  
Accur

acy ̂  
Accur

acy ̂  
Accur 

acy 

1 9 8.95 100% 8.81 99% 9.02 100% 8.96 100% 

2 4 4.00 100% 4.04 100% 4.01 100% 4.01 100% 

3 2 2.00 100% 2.00 100% 2.01 100% 1.99 100% 

4 1 1.01 100% 0.95 100% 1.00 100% 0.99 99% 

5 15 15.04 100% 14.98 97% 14.94 100% 14.88 90% 

6 3 3.01 100% 3.06 98% 3.00 100% 2.98 92% 

7 1 0.96 100% 0.93 95% 1.02 100% 1.05 90% 
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8 6 6.07 100% 6.14 96% 5.98 100% 5.94 99% 

9 11 11.02 100% 11.17 88% 10.90 100% 10.96 84% 

10 1 1.00 100% 1.00 86% 1.00 100% 1.00 85% 

11 6 5.98 100% 5.92 90% 6.02 100% 6.00 83% 

12 2 2.03 100% 2.13 94% 2.00 100% 2.08 83% 

 

Based on Table 2, for large samples (n = 100) with 

repetition of 100 times and 300 times shows by using 

significance level ( 05.0 ) in multiresponse 

semiparameter model, the accuracy of estimated confidence 

interval of parameters based on weighted spline estimator is 

in average of 100% and based on unweighted spline 

estimator of 94 %. This means it can be concluded that for 

large samples the accuracy of estimated confidence interval 

of parameters in multiresponse semiparametric model based 

on weighted spline estimator is better than unweighted spline 

estimator. 
 

5. CONCLUSION 

In the simulation study, the accuracy of estimated 

confidence interval of parameters based on weighted spline 

estimator is better than unweighted spline estimator in 

multiresponse semiparametric regression model for 

homoscedasticity cases. 
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