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Abstract: Stunting is a major concern in many nations, including Indonesia, and it has long-term implications for 

human resource quality. The Special Index of Stunting Treatment (SIST) is one of the social population problems that 

can be modeled with regression. The combination of parametric and nonparametric regression techniques is known as 

a semiparametric regression. This study used longitudinal data, obtained from repeated observations within a certain 

time span on the same individual in sequence. This study's estimation method makes use of a truncated spline, which 

has great flexibility and statistical interpretation. In the statistical inference of the parameter, the calculation of the 

confidence interval is crucial. Providing an estimated range for a population parameter based on two boundary points 

enables quantification of the level of confidence in the accuracy and reliability of the estimate. Six dimensions are 

formed in the acceleration of stunting reduction: health, education, nutrition, housing, food, and social protection. 

Results of the confidence interval estimation of truncated semiparametric spline regression parameters on longitudinal 

data. The optimal model was obtained using three knot points, resulting in a minimum GCV of 12.7066, an MSE of 

2.0225, and 𝑅2 93.66%. This study shows that this model is feasible and the predictor variables have a negative and 

positive influence on the Special Index of Stunting Treatment (SIST). 

Keywords: confidence interval; semiparametric regression; truncated spline; longitudinal data; GCV; SIST. 
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1. INTRODUCTION 

Stunting is a nutritional problem that requires serious handling in Indonesia [1]. Stunting is a 

growth and developmental problem experienced by children as a result of poor nutrition, frequent 

illnesses, and lack of psychosocial stimulation [2]. According to the Indonesian Nutrition Status 

Survey in 2021, the prevalence of stunting in Indonesia is 24.4%, with a target of 14% by 2024. 

Stunting, or low height for age, is caused by long-term lack of dietary intake and/or repeated 

illnesses [3]. Some of the variables that impact the high incidence of stunting in Indonesia include 

inadequate parenting, poor access to health facility services, particularly ANC, especially for 

pregnant women, restricted availability of healthy food for families, and limited access to clean 

water [4]. There have been many studies on stunting, including sparse categorical principal 

component analysis [5], support vector machine [6], nonparametric spline truncated regression [7], 

spline binary logistic [8], and ordinal logistic regression models [9]. This study used data from the 

Special Index of Stunting Treatment (SIST), in which one predictor variable has a known 

association pattern with the response variable; however, the link between the other predictor 

factors and the response variable is unclear. This problem can be solved by using a semiparametric 

regression model. 

Semiparametric regression combines parametric and nonparametric regression methods.  

Parametric regression is a type of regression in which the relationship pattern between the response 

variable and the predictor is known. Nonparametric regression is a type of regression in which the 

pattern of connection between the response variables and predictors is unknown [7]. Some 

estimators that have been performed in semiparametric regression include the kernel [10-11], 

Fourier series [12], local linear [13], local polynomial [14] and spline [15-18]. Among these 

estimators, spline is the most commonly used because it has the flexibility to estimate functions or 

data that vary on certain sub-intervals [18]. 

One of the most important parts of statistical inference is the confidence interval. With 

confidence interval estimation, it can be determined whether the value of a parameter is significant, 

especially the parameters in a regression model [19]. Confidence interval estimation approaches a 

parameter value using two points, which makes it possible to measure the degree of confidence in 

the accuracy of the estimate. Some researchers have addressed confidence interval estimation, 

namely, confidence interval estimation of semiparametric regression model parameters, 
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confidence interval estimation with known variance using spline nonparametric regression [20], 

and confidence interval of truncated spline semiparametric regression [21]. Although these 

investigations remain confined to cross-sectional data, they may be advanced into longitudinal 

data.  Longitudinal data refer to the information that is observed and measured regularly over 

specified time intervals.  Numerous scholars have conducted studies on longitudinal data in 

semiparametric regression, focusing on the selection of optimal knot points [22], using 

longitudinal semiparametric regression with the least squares spline estimator [17]. 

Based on this description, the challenge in this work is how to model the Special Index of 

Stunting Treatment (SIST) with a confidence interval estimation method for the parameters of the 

spline semiparametric regression model on longitudinal data. The problem restriction in this study 

is the identification of ideal knot locations utilizing Generalized Cross Validation (GCV) with one, 

two, and three knots. 

 

2. PREPARATION 

A spline is a piecewise polynomial function that consists of several polynomials defined at certain 

sub-intervals. This feature is shown by a truncated function coupled with the estimator, and the 

pieces are referred to as knots. Knot points are joint combinations that illustrate the change in the 

behavioral pattern of the function at different intervals. If a spline function is programmed with 

knot points 𝑘1, 𝑘2, ⋯ , 𝑘𝑟 is a function expressed in the form [23] 

𝑔(𝑧𝑖) =∑𝛼𝑠𝑧𝑖
𝑠 +∑𝛼𝑘(𝑧𝑖 − 𝑘𝑘)+

𝑚

𝑟

𝑘=1

𝑚

𝑠=1

 

(1) 

With, ∑ 𝛼𝑠𝑧𝑖
𝑠𝑚

𝑠=1   is the polynomial component and ∑ 𝛼𝑘(𝑧𝑖 − 𝑘𝑘)+
𝑚𝑟

𝑘=1  is the truncated 

component with: 

(𝑧𝑖 − 𝑘𝑘)+
𝑚 = {

(𝑧𝑖 − 𝑘𝑘)
𝑚,   𝑧𝑖 ≥ 𝑘𝑘

  0                  , 𝑧𝑖 <  𝑘𝑘
 

   (2) 

The semiparametric regression integrates parametric and nonparametric regression methods. 

If given data (𝑥𝑖𝑗 , 𝑧𝑖𝑗 , 𝑦𝑖𝑗),  where; 𝑖 = 1,2, … , 𝑛 ; 𝑗 = 1,2, … , 𝑡  the data are considered to be 

linked and follow longitudinal semiparametric regression. Thus, the equation model is as follows 

in (3). 
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                          𝑦𝑖𝑗 = 𝑓(𝑥𝑖𝑗) + 𝑔(𝑧𝑖𝑗) + 𝜀𝑖𝑗 

                                = 𝑓(𝑥1𝑖𝑗 , 𝑥2𝑖𝑗 , … 𝑥𝑝𝑖𝑗) + 𝑔(𝑧1𝑖𝑗, 𝑧2𝑖𝑗 , … , 𝑧𝑞𝑖𝑗) + 𝜀𝑖𝑗 

(3) 

Where 𝑦𝑖  is the response variable on the-𝑖 th data, 𝑓(𝑥1𝑖𝑗 + 𝑥2𝑖𝑗 +⋯𝑥𝑝𝑖𝑗) is the parametric 

component predictor variable approximated by a linear function while 𝑔(𝑧1𝑖𝑗 , 𝑧2𝑖𝑗, … , 𝑧𝑞𝑖𝑗) is a 

nonparametric function of unknown shape. 

If the semiparametric regression on the longitudinal data is additive, then the following 

equation can be formed: 

𝑦𝑖𝑗 = ∑𝑓(𝑥𝑢𝑖𝑗) +∑𝑔(𝑧𝑠𝑖𝑗)               

𝑞

𝑠=1

𝑝

𝑢=1

 

(4) 

where, 𝑢 = 1,2, … 𝑝 ; 𝑠 = 1,2, … 𝑞 . If the truncated polynomial function is assumed to be the 

value of 𝑚 = 1, then based on the model in equation (4), the semiparametric regression model on 

longitudinal data can be derived in Equation (5) as follows: 

𝑦𝑖𝑗 = 𝛽0𝑖 +∑𝛽𝑖𝑢𝑥𝑖𝑢𝑗 +

𝑝

𝑢=1

∑(𝛼1𝑖𝑧𝑠𝑖𝑗 +∑𝛼𝑠(1+𝑘)𝑖(𝑧𝑠𝑖𝑗 − 𝐾𝑠𝑘𝑖)+
1

𝑟

𝑘=1

)

+

𝑞

𝑠=1

+ 𝜀𝑖𝑗 
(5) 

where its truncated function(𝑧𝑠𝑖𝑗 − 𝐾𝑠𝑘𝑖)+
1  is defined as follows  

(𝑧𝑠𝑖𝑗 − 𝐾𝑠𝑘𝑖)+
1 = {

(𝑧𝑠𝑖𝑗 − 𝐾𝑠𝑘𝑖)
1,   𝑧𝑠𝑖𝑗 ≥ 𝐾𝑠𝑘𝑖

  0                  , 𝑧𝑠𝑖𝑗 <  𝐾𝑠𝑘𝑖
 

                          

Based on Equation (5), the following matrix form can be presented: 

𝒚 = 𝑺𝜹 + 𝜺        (6)                

Where, 

[

𝑦1
𝑦2
⋮
𝑦𝑛

] = [

𝑆1 0 0 0
0 𝑆2 0 0
⋮ ⋮ ⋱ ⋮
0 0 ⋯ 𝑆𝑛

] [

𝛿1
𝛿2
⋮
𝛿𝑛

] + [

𝜀1
𝜀2
⋮
𝜀𝑛

] 

     (7)                

Where, 𝒚  is a vector of size𝑛𝑡 × 1, 𝑺  is [𝑿 ⋮ 𝒁 ] of size 𝑛𝑡 × 𝑛[1 + 𝑝 + 𝑞(1 + 𝑟)]  which 

contains parametric and nonparametric component variables, 𝜹 is a consists of parameter vectors 

𝛽̂ and 𝛼̂ size 𝑛[1 + 𝑝 + 𝑞(𝑟 + 1)] × 1 that includes parametric and nonparametric component 

parameters and 𝜺 is random error vector size 𝑛𝑡 × 1. Based on Equation (6), if it is assumed that 

the random error 𝜺 is independent and normally distributed with mean 0 and variance 𝜎𝑖
2, then 

estimator 𝜹 can be obtained by solving the Maximum Likelihood estimation (MLE).  
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𝜺 = 𝒚 − 𝑺𝜹       (8)                

So that the likelihood function is obtained 

 𝐿(𝜹) =∏(
1

𝜎𝑖√2𝜋
) [exp {−

1

2
(
𝒚 − 𝑺𝜹

𝜎𝑖
)
𝟐

}]

𝑛

𝑖=1

 

                           =  ∏(
1

𝜎𝑖√2𝜋
)exp {−

1

2
(
1

𝜎𝑖
(𝒚 − 𝑺𝛅)𝑇(𝒚 − 𝑺𝜹))}

𝑛

𝑖=1

  

    (9) 

If,  

𝑾 = (

1/𝜎1
2 0 ⋯ 0

0 1/𝜎2
2 ⋯ 0

⋮ ⋮ ⋱ ⋮
0 0 ⋯ 1/𝜎𝑛

2

), 

then 𝑾 is a weighted matrix of size 𝑛𝑡 × 𝑛𝑡  that addresses cases of heteroscedasticity. The 

optimization solution was then carried out with the following explanation,  

𝐿(𝜹) =∏(
1

𝜎𝑖√2𝜋
)exp {−

1

2
(𝒚 − 𝑺𝛅)𝑇𝑾−𝟏(𝒚 − 𝑺𝜹)}

𝑛

𝑖=1

 

(10) 

The Log-likehood function: 

𝐿(𝜹) = log(𝐿(𝜹))                                                                                               (11) 

         = log (
1

𝜎√2𝜋
)
𝑛

exp {−
1

2
(𝒚 − 𝑺𝛅)𝑇𝑾−𝟏(𝒚 − 𝑺𝜹)}    

 

         = 𝑛. log(1) − 𝑛 log(𝜎) − 𝑛 log(√2𝜋) −
1

2
(𝒚𝑇𝑾−𝟏𝒚 − 2𝑺𝑇𝑾−𝟏𝒚𝜹 +

              𝑺𝑇𝑾−𝟏𝑺𝜹𝑇𝜹)  

 

To get the estimation of  𝜹, it can be partially derivatized and then equated zero, to get the 

estimation of  𝜹, as follows  

𝜕(𝑙(𝜹))

𝜕𝜹
=

𝜕

𝜕𝜹
[𝑛. log(1) − 𝑛 log(𝜎) − 𝑛 log(√2𝜋) −

1

2
(𝒚𝑇𝑾−𝟏𝒚 −

                2𝑺𝑇𝑾−𝟏𝒚𝜹 + 𝑺𝑇𝑾−𝟏𝑺𝜹𝑇𝜹)]     

 

              = −0 − 0 − 0 + 𝑺𝑇𝑾−𝟏𝒚 −
1

2
. 2 𝑺𝑇𝑾−𝟏𝑺𝜹̂  = 𝑺𝑇𝑾−𝟏𝒚 − 𝑺𝑇𝑺𝜹̂   (12) 

Then the estimation for 𝜹 ̂ is obtained as follows: 

𝜹 ̂ = (𝑺𝑇𝑾−𝟏𝑺)−1𝑺𝑇𝑾−𝟏𝒚  (13 ) 
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By 𝜹 ̂ = [
𝛽̂
⋮
𝛼̂

]  

based on the estimation of 𝜹 ̂ in equation (13), then obtained: 

                   𝒚̂ = 𝑺𝜹 ̂ 

                                                        = 𝑺(𝑺𝑇𝑾−𝟏𝑺)−1𝑺𝑇𝑾−𝟏𝒚 

                                                        = 𝑨𝒚 

Where 𝑨 = 𝑺(𝑺𝑇𝑾−𝟏𝑺)−1𝑺𝑇𝑾−𝟏𝒚. Knot point selection with Generalized Cross Validation 

(GCV).  

𝐺𝐶𝑉(𝑘) =
𝑀𝑆𝐸(𝑘)

[𝑛−1𝑡𝑟𝑎𝑐𝑒(𝑰 − 𝑨[𝒌])2]
 

(14)               

where 𝐺𝐶𝑉(𝑘) is a vector containing the GCV values of the knot points, 𝑀𝑆𝐸(𝑘) =

𝑛−1∑ (𝑦𝑖 − 𝑦̂𝑖
𝑛
𝑖=1 )2, 𝑰 is the identity matrix, 𝑛 is the number of observations, and the matrix 𝑨[𝒌] 

is obtained 𝒚̂ = 𝑺𝜹 ̂. Furthermore, assuming 𝜀~𝑁(0, 𝜎2𝑾−𝟏)  then 𝑦~𝑁(𝑺𝜹̂, 𝜎2𝑾−𝟏). The 

expectation and variance of the estimate 𝜹̂ are respectively: 

𝐸(𝜹̂ ) = 𝐸((𝑺𝑇𝑾−𝟏𝑺)−1𝑺𝑇𝑾−𝟏𝒚)  
 

             = (𝑺𝑇𝑾−𝟏𝑺)−1𝑺𝑇𝑾−𝟏𝑺𝜹  (15) 

= 𝜹                                                                                                                   

𝑉𝑎𝑟( 𝜹̂ ) = 𝑉𝑎𝑟((𝑺𝑇𝑾−𝟏𝑺)−1𝑺𝑇𝑾−𝟏𝒚)   
 

                  =  (𝑺𝑇𝑾−𝟏𝑺)−1𝑺𝑇𝑾−𝟏). 𝑉𝑎𝑟 (𝒚).𝑾−𝟏(𝑺𝑇𝑾−𝟏𝑺)−1  (16) 

                 = 𝜎2(𝑺𝑇𝑾−𝟏𝑺)−𝟏   

It is proven that the estimator. 𝜹̂~𝑁(𝜹̂, 𝜎2(𝑺𝑇𝑾−𝟏𝑺)−𝟏)  

A confidence interval is an interval that contains parameters with a certain probability. 

Confidence intervals (1 − 𝛼)100%  for semiparametric regression model parameters using a 

truncated spline on longitudinal data, where 𝛿𝑢, 𝑢 = 1,2, … 𝑛𝑡 − 𝑛(𝑝 + 𝑞(1 + 𝑟)), variance 𝜎2 

is unknown. 

𝑇𝑢 = (𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑝,𝑧𝑖1, 𝑧𝑖2, … , 𝑧𝑖𝑞 , 𝑦) =
𝜹̂𝑢 − 𝜹𝑢

√𝑀𝑆𝐸(𝑺𝑇𝑾−𝟏𝑺)𝑢𝑢−𝟏
 

(17) 



7 

ANALYSIS OF STUNTING THROUGH CONFIDENCE INTERVAL OF SPLINE PARAMETERS 

Furthermore, the confidence interval (1 − 𝛼) can be obtained by solving the probability in 

Equation (18). 

𝑃(𝐴𝑢 ≤ 𝑇𝑢(𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑝,𝑧𝑖1, 𝑧𝑖2, … , 𝑧𝑖𝑞 , 𝑦) ≤ 𝐵𝑢) = 1 − 𝛼 
(18) 

If the significance level is𝛼 then the confidence interval(1 − 𝛼)100%  for the parameter 𝜹̂  in 

Equation (6) is as follows  

𝑃

(

 
𝛿𝑢 − 𝑡𝛼

2
,𝑛𝑡−𝑛(𝑝+𝑞(𝑟+1)) ≤ √

𝑦𝑇𝑨𝑦

𝑛𝑡−(𝑝+𝑞(𝑟+1))
𝒌 ≤ 𝛿𝑢 ≤

 𝛿𝑢 + 𝑡𝛼
2
,𝑛𝑡−𝑛(𝑝+𝑞(𝑟+1))√

𝑦𝑇𝑨𝑦

𝑛𝑡−(𝑝+𝑞(𝑟+1))
𝒌                  

)

 = 1 − 𝛼  

   (19) 

𝒌 = (𝑺𝑇𝑾−𝟏𝑺)𝑢𝑢
−𝟏 denotes the element of the 𝑢 th row 𝑢  th column of the√(𝑺𝑇𝑾−𝟏𝑺)𝑢𝑢−𝟏 

matrix. 

 

3. RESULTS 

This study uses data from the Special Index of Stunting Treatment (SIST) in 2018-2023 data in 

Indonesia as well as several influencing factors, namely the health, education, nutrition, housing, 

food, and social protection dimensions. 

Table 1. Descriptive Statistics 

Variables N Min Max Mean 

𝑦 204 45.5 85.8 68.145 

𝑥1 204 36.1 97.4 70.979 

𝑥2 204 11.7 77.6 38.558 

𝑥3 204 52.2 100.0 80.473 

𝑥4 204 49.6 97.5 82.175 

𝑥5 204 25.1 97.6 76.330 

𝑥6 204 35.0 95.7 57.345 

Table 1. shows that the average SIST is 68.145 percent with a maximum value of 85.8 percent 

obtained by East Java Province in 2023, while the minimum value is in Papua Province at 45.5 

percent. The average Health Dimension in Indonesia in 2018-2023 is 70.979, for the Education 

Dimension in Indonesia in 2018-2023 is 38.558, the Nutrition Dimension in Indonesia in 2018-

2023 is 80.437, and the Housing Dimension in Indonesia in 2018-2023 is 82.175, the Food 
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Protection Dimension in Indonesia in 2018-2023 is 76.330 and the Social Protection Dimension 

in Indonesia in 2018-2023 is 57.345.  

The relationship pattern between the response and predictor variables was analyzed using a 

scatter plot before beginning any modeling. The initial form of the relationship between the 

response and predictor variables was determined using at scatter plot. The figure below shows at 

scatter plot between the response variable and predictor variables.  

 

 

Figure 1: Health Dimension and SIST 

 

Figure 2: Education dimension and SIST 

 

 Figure 3. Nutrition Dimension and SIST 

 

Figure 4. Housing Dimension and SIST 

 

Figure 5. Food Dimension and SIST 

 

Figure 6. Social Protection Dimension and SIST 

Figure 1. Scatter plot of predictor variables and Special Index of Stunting Treatment (SIST) 

Based on Figure 1, the relationship pattern between SIST and several predictor variables forms 

two relationship patterns, where the green scatter plot forms a regular pattern that includes the 

health and education dimensions. In addition, for the red-colored scatter plot, it makes a pattern 

that is not known to its functional form, where the variables included are the nutrition, housing, 

food, and social protection dimensions. Therefore, special index of stunting treatment data with its 

predictor variables will be modeled using semiparametric spline regression on longitudinal data. 

To identify the optimum model, the Generalized Cross Validation (GCV) approach uses the 

minimal value to find the optimal knot point. One to three ideal knot points were employed in this 

investigation. Table 2 indicates that the minimum GCV value with three knot points was 12.7066. 
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These findings are used to model the Special Index of Stunting Treatment. Table 3 displays the 

outcomes of utilizing three knot points to estimate the parameters of the spline semiparametric 

regression model on longitudinal data. 

Table 2. Optimal Knot Point Selection 

Knot Point 1 2 3 

GCV 14.9384 14.0566 12.7066 

 

Table 3. Parameter Estimation 

Parameters Estimation Parameters Estimation 

𝜷𝟎 -1.0164 𝛼24 0.2975 

𝜷𝟏 0.1757 𝛼31 0.3578 

𝜷𝟐 0.1771 𝛼32 9.2684 

𝜶𝟏𝟏 0.1320 𝛼33 -10.2171 

𝜶𝟏𝟐 0.5826 𝛼34 0.7373 

𝜶𝟏𝟑 -0.6273 𝛼41 0.0435 

𝜶𝟏𝟒 0.1120 𝛼42 0.1308 

𝜶𝟐𝟏 0.1736 𝛼43 -0.0203 

𝜶𝟐𝟐 -0.8676 𝛼44 0.0566 

𝜶𝟐𝟑 0.5977   

The longitudinal model created by the spline semiparametric regression model is:   

𝒚̂ = −1.0164 + 0.1757𝑥𝑖1 + 0.1771𝑥𝑖2 + 0.1320𝑧𝑖1 + 0.5826 (𝑧𝑖1 − 68.4) − 0.6273(𝑧𝑖1 − 68.7) 

    +0.1120(𝑧𝑖1 − 71.6) + 0.1736𝑧𝑖2 − 0.8676(𝑧𝑖2 − 75.1) + 0.5977(𝑧𝑖2 − 75.4 ) + 0.2975 

              (𝑧𝑖2 − 77) + 0.3578𝑧𝑖3 + 9.2684(𝑧𝑖3 − 51.9) − 10.2171(𝑧𝑖3 − 52.6) + 0.7373 

        (𝑧𝑖3 − 64.8) + 0.0435𝑧𝑖4 + 0.1308(𝑧𝑖4 − 45 ) − 0.0237(𝑧𝑖4 − 45.2 ) + 0.0566(𝑧𝑖4 − 47.1) 

Confidence interval estimation follows the acquisition of the parameter estimation model for the 

longitudinal spline semiparametric regression model to improve the accuracy of the estimated 

results in describing population circumstances. First, a test for the standard distribution was 

conducted. The acquired value of 0.09 > 0.05, which indicates a normal distribution, was subjected 

to the normality assumption test. Confidence intervals were constructed using the best spline 

semiparametric regression model parameter estimation findings. 
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Table 4. Confidence Interval 

Parameters Estimate lower limit Upper limit Parameters Estimate lower limit Upper limit 

𝛽0 -1.0164 -8.6971 6.6643  𝛼24 0.2975 -2.5834   3.1785 

𝛽1 0.1757 0.0855 0.2659 𝛼31 0.3578 0.1195 0.5962 

𝛽2 0.1771 0.0881 0.2660 𝛼32 9.2684 -0.0809 18.6177 

𝛼11 0.1320 -0.1214 0.3855 𝛼32 10.2171 -19.8128 -0.6214 

𝛼12 0.5826 13.8103 14.9756 𝛼34 0.7373 0.1949 1.2797 

𝛼13 -0.6273 -16.3543 15.0995 𝛼41 0.0435 -0.3794 0.4666 

𝛼14 0.1120 -1.5550 1.7790 𝛼42 0.1308 -1.6525 1.9142 

𝛼21 0.1736 -0.0394 0.3868 𝛼43 -0.0203 -1.9085 1.8677 

𝛼22 -0.8676 -16.3103 14.5750 𝛼44 0.0566 -1.1318 1.2452 

𝛼23 0.5977 -17.2100 18.4055     

Based on Table 4, 95% confidence interval of the model parameters. The predictor variables 

that do not have a significant effect on the Special Index for Handling Stunting are Nutrition 

Dimension, Housing Dimension, and Social Protection Dimension because the parameter 

confidence interval is obtained in the range from negative values to positive values that contain 

zero values. However, the Food, Education, and Health Dimensions significantly improved the 

Special Index of Stunting Treatment (SIST). Therefore, every one unit increase in the Special 

Index of Stunting Treatment (SIST) will increase the value of the health, nutrition, and food 

dimensions by respectively, 0.1757, 0.1771, and 0.3578. The semiparametric regression model 

with a linear truncated spline approach on this longitudinal data has a value 𝑀𝑆𝐸 of 2.0225 and a 

value 𝑅2 of 93.66%.  

 

4. CONCLUSION 

Based on the findings of the 95% confidence interval estimation for the parameters of the 

semiparametric spline regression model using longitudinal data of the Special Index of Stunting 

Treatment (SIST) in Indonesia between 2018 and 2023, it was shown that among the six predictor 

variables is health, education, food, nutrition, housing, and social protection. Three had a 

statistically significant effect: health, education, and food. By contrast, the nutrition, housing, and 

social protection dimensions exhibit confidence intervals that range from negative to positive 
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values and include zero, indicating that these dimensions do not have a sufficiently strong or 

consistent influence on the stunting reduction index. 
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