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 Stunting and wasting remain major nutritional problems in Indonesia, including in 
Kalimantan, with considerable interregional variation. This condition suggests that 
the relationships between determinants and indicators of child nutritional status 
may be nonlinear and interdependent. This study aims to develop and implement 
a biresponse nonparametric penalized spline regression model to simultaneously 
model the prevalence of stunting (Y₁) and wasting (Y₂) in Kalimantan. The data 
used secondary data from the 2024 Indonesian Nutritional Status Survey (SSGI) of 
the Ministry of Health and official publications from Statistics Indonesia (BPS), with 
districts/cities in Kalimantan as the unit of analysis. The predictor variables 
included the percentage of households with access to improved sanitation (X₁), low 
birth weight (X₂), and the percentage of the population covered by health insurance 
(X₃). The Pearson correlation test indicated a significant association between 
stunting and wasting (p-value = 0.012), supporting the application of a biresponse 
modeling approach. Model selection was conducted simultaneously for the knot 
points and the smoothing parameter (λ) using the minimum Generalized Cross-
Validation (GCV) criterion. The optimal configuration was obtained with one knot 
for each predictor, namely X₁ = 66, X₂ = 107, and X₃ = 53, with λ = 63.09 and GCV = 
20.83. Model performance evaluation yielded MSE = 28.012 and R² = 0.241 for 
stunting, and MSE = 4.810 and R² = 0.106 for wasting. These results indicate that 
the biresponse penalized spline model can serve as a flexible approach for 
simultaneously analyzing stunting and wasting and for capturing heterogeneous, 
nonlinear relationships between predictors and response variables. 
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A. INTRODUCTION  

Stunting and wasting remain major nutritional problems in Indonesia (Wulandari et al., 

2025). According to the 2023 Indonesian Nutritional Status Survey (SSGI), the national 

prevalence of stunting remains above 20%, although it shows a declining trend compared to 

previous years (Rahmadiani et al., 2025). This figure remains considerably higher than the 

national target of 14% set out in the stunting reduction acceleration policy. Meanwhile, the 

national prevalence of wasting ranges between 8–10% and continues to be classified as a public 

health problem according to WHO criteria (Jokhu & Syauqy, 2024). These conditions indicate 

that chronic and acute malnutrition problems persist simultaneously among children under 

five in Indonesia. 

In Kalimantan, the prevalence of stunting and wasting remains substantial and varies 

considerably across districts (Kustanto et al., 2025). Some areas report stunting rates above the 

national average, and wasting is also present at significant levels. Disparities in access to health 
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services, sanitation conditions, poverty levels, and heterogeneous regional characteristics are 

suspected to contribute to these variations (Eryando et al., 2022). This uneven distribution 

pattern suggests that the relationships between determinant factors and child nutritional 

status are likely complex and potentially nonlinear, requiring more flexible modeling 

approaches capable of capturing simultaneous dynamics (Vatsa et al., 2023). 

Previous studies have frequently modeled stunting and wasting separately using 

parametric approaches such as linear regression, logistic regression, and quantile regression 

(Asebe et al., 2024; Huq et al., 2023). While these approaches are effective in identifying 

statistically significant determinants, they generally rely on specific functional form 

assumptions, such as linear, quadratic, or cubic relationships (Arifin et al., 2023). In practice, 

however, the relationship between predictor variables and response variables is not always 

linear and may involve interactions or nonlinear patterns that are difficult to capture optimally 

using conventional parametric models (Huang & Su, 2021). Therefore, nonparametric 

approaches provide a relevant alternative, as they do not impose a predetermined functional 

form on the relationship between predictors and responses. 

Nonparametric methods offer greater flexibility in capturing complex relationship patterns. 

Commonly used approaches include spline methods (Islamiyati et al., 2022), kernel methods 

(Sukran et al., 2025), and Fourier series approaches (Dani & Adrianingsih, 2021). Among these, 

spline regression is one of the most popular techniques due to its ability to model nonlinear 

relationships flexibly through piecewise polynomial functions connected at specific points 

known as knots (Arifin et al., 2025). The primary advantage of spline methods lies in their 

ability to produce smooth yet adaptive curves that respond to changes in data patterns. 

Additionally, spline regression remains relatively interpretable, as it retains a polynomial 

regression structure within each interval segment. 

However, determining the number and placement of knots in classical spline models 

presents a methodological challenge (Yang et al., 2021). Too few knots may lead to underfitting, 

while too many knots can result in overfitting and high estimation variance (Arnes et al., 2023). 

To address this issue, penalized spline approaches have been developed, combining the 

flexibility of spline functions with a penalty mechanism that controls curve smoothness (Berry 

& Helwig, 2021). In penalized spline regression, parameters are estimated by incorporating a 

penalty component into the objective function, typically penalizing either the magnitude of 

coefficients or the degree of curvature (Gascoigne & Smith, 2023). This approach allows the 

model to automatically control its complexity through a smoothing parameter, resulting in 

curves that are more stable, robust, and generalizable. 

This study develops a biresponse nonparametric penalized spline regression model that 

enables flexible estimation of regression functions for each response variable while accounting 

for the correlation structure between responses. Based on this framework, the study aims to 

develop and implement a biresponse nonparametric penalized spline regression model to 

analyze stunting and wasting in Kalimantan simultaneously. This approach is expected to 

provide a more flexible, efficient, and informative modelling framework for identifying 

nonlinear relationships between socioeconomic determinant factors and the two indicators of 

child nutritional status. 
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B. LITERATURE REVIEW 

1. Nonparametric Spline Regression 

Nonparametric regression is a modeling approach used when the functional form of the 

relationship between the response variable and predictor variables is unknown (Arifin et al., 

2020). Unlike parametric regression, which requires a predetermined functional form, such as 

a linear or fixed-degree polynomial, nonparametric regression does not impose a rigid 

functional structure from the outset. This flexibility enables it to adapt more effectively to 

complex, nonlinear relationship patterns (Hidayat et al., 2025). Therefore, nonparametric 

regression is particularly suitable when the data exhibit structures that simple parametric 

models cannot adequately represent. 

Suppose there are 𝑛 observations with one response variable 𝑦𝑖  and 𝑝 predictor variables 

𝑥1𝑖 , 𝑥2𝑖 , … , 𝑥𝑝𝑖. The nonparametric regression model is given in Equation (1) below. 

 

 𝑦𝑖 = 𝑓(𝑥1𝑖 , 𝑥2𝑖 , … , 𝑥𝑝𝑖) + 𝜀𝑖 , 𝑖 = 1,2, … , 𝑛 (1) 

 

where 𝑓(⋅) is an unknown regression function and 𝜀𝑖represents random error terms assumed 

to be independent and normally distributed with mean zero and variance 𝜎2  (Nisa & 

Budiantara, 2020). To enhance interpretability and avoid high-dimensional complexity, the 

regression function is commonly assumed to take an additive form as shown in Equation (2) 

below. 

𝑦𝑖 = ∑𝑓𝑗

𝑝

𝑗=1

(𝑥𝑗𝑖) + 𝜀𝑖 (2) 

 

where 𝑓𝑗(⋅)  is a smooth univariate function. One of the most popular approaches in 

nonparametric regression is spline regression. A spline is a piecewise polynomial function 

connected at specific points known as knots (Husain et al., 2024). A spline function of order 

𝑞with 𝑟knots 𝑘1, 𝑘2, … , 𝑘𝑟  can be written as follows (Equation 3) below. 

 

(𝑥𝑗𝑖) = ∑𝛽𝑙

𝑞

𝑙=0

𝑥𝑗𝑖
𝑙 + ∑ 𝛽𝑞+ℎ

𝑟

ℎ=1

(𝑥𝑗𝑖 − 𝑘ℎ)+
𝑞

 (3) 

where 

(𝑥𝑗𝑖 − 𝑘ℎ)+
𝑞

= {
(𝑥𝑗𝑖−𝑘ℎ)𝑞, 𝑥𝑗𝑖 ≥ 𝑘ℎ

0, 𝑥𝑗𝑖 < 𝑘ℎ
 

 

Equation (3) can be expressed in matrix form as shown in Equation (4) below. 

 

𝐲 = 𝑋𝜷 + 𝜺 (4) 
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[

𝑦1

𝑦2

⋮
𝑦𝑛

] =

[
 
 
 
 1 𝑥11 … 𝑥𝑝1

𝑞 (𝑥11 − 𝑘11)+
𝑞

… (𝑥𝑝1 − 𝑘𝑝𝑟)+
𝑞

1 𝑥12 … 𝑥𝑝2
𝑞 (𝑥12 − 𝑘11)+

𝑞
… (𝑥𝑝2 − 𝑘𝑝𝑟)+

𝑞

⋮
1

⋮
𝑥1𝑛

⋱     ⋮                ⋮          ⋱                         ⋮
… 𝑥𝑝𝑛

𝑞 (𝑥1𝑛 − 𝑘11)+
𝑞

… (𝑥𝑝𝑛 − 𝑘𝑝𝑟)+
𝑞
]
 
 
 
 

[
 
 
 
 
 
 
 

𝛽0𝑗

𝛽𝑝1

⋮
𝛽𝑝𝑞

𝛽1(𝑞+1)

⋮
𝛽𝑝(𝑞+𝑟)]

 
 
 
 
 
 
 

+ [

𝜀1

𝜀2

⋮
𝜀𝑛

] 

The parameter estimates in Equation (4) can be obtained using the Least Squares method, 

yielding the estimator in Equation (5) below. 

 

𝜷̂ = (𝑋𝑇𝑋)−1𝑋𝑇𝐲 (5) 

 

However, when the number of knots is relatively large, classical spline models may produce 

curves that excessively follow data fluctuations, leading to overfitting. To address this 

limitation, the penalized spline approach was developed (Chamidah et al., 2022), which 

incorporates a penalty term to control model smoothness and complexity. 

 

2. Bivariate Nonparametric Penalized Spline Regression 

Suppose there are two response variables analyzed simultaneously, namely 𝑌1𝑖  

representing the prevalence of stunting and 𝑌2𝑖  representing the prevalence of wasting for the 

𝑖 -th observation, where 𝑖 = 1,2,… , 𝑛 . The bivariate nonparametric regression model is 

expressed in Equation (6) below. 

 

𝑌1𝑖 = ∑𝑓1𝑗

𝑝

𝑗=1

(𝑋𝑗𝑖) + 𝜀1𝑖;  𝑌2𝑖 = ∑𝑓2𝑗

𝑝

𝑗=1

(𝑋𝑗𝑖) + 𝜀2𝑖 (6) 

 

with 𝐸(𝜀𝑘𝑖) = 0, for 𝑘 = 1,2, and the error covariance structure given in Equation (7) below. 

 

Cov (
𝜀1𝑖

𝜀2𝑖
) = (

𝜎1
2 𝜎12

𝜎12 𝜎2
2 ) (7) 

 

This structure allows for correlation between the two response variables. The penalized 

spline model is applied to each response variable, resulting in Equation (8) below. 

 

𝐘1 = 𝑋𝜷1 + 𝜺1 

𝐘2 = 𝑋𝜷2 + 𝜺2 
(8) 

 

Both equations can be combined into the matrix form shown in Equation (9) below. 

 

𝐘 = (
𝐘1

𝐘2
) = (

𝑋 0
0 𝑋

) (
𝜷1

𝜷2
) + 𝜺 (9) 

 

Alternatively, more compactly written as in Equation (10) below. 
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𝐘 = 𝑍𝜷 + 𝜺 (10) 

 

To control model complexity in nonparametric regression, a penalty function is imposed on the 

spline parameters (Witte et al., 2024). The Penalized Least Squares objective function is defined 

in Equation (11) below. 

 

𝑄(𝜷) = (𝐘 − 𝑍𝜷)𝑇(𝐘 − 𝑍𝜷) + 𝜷𝑇Λ𝜷 (11) 

where: 

Λ = (
𝜆1𝑃 0
0 𝜆2𝑃

) 

 

Here, 𝑃  is a second-order penalty matrix, while 𝜆1  and 𝜆2  are smoothing parameters 

corresponding to each response variable. To obtain the parameter estimates, Equation (11) is 

differentiated with respect to 𝛽 as shown in Equation (12) below. 

 
∂𝑄

∂𝜷
= −2𝑍𝑇(𝐘 − 𝑍𝜷) + 2Λ𝜷 (12) 

 

Setting Equation (12) equal to zero yields the estimation equation in Equation (13) below. 

 

𝑍𝑇𝑍𝜷 + Λ𝜷 = 𝑍𝑇𝐘 (13) 

 

Thus, the estimator for the bivariate nonparametric penalized spline regression model is given 

in Equation (14) below. 

 

𝜷̂ = (𝑍𝑇𝑍 + Λ)−1𝑍𝑇𝐘 (14) 

 

The smoothing parameters 𝜆1and 𝜆2  are determined using the Generalized Cross Validation 

(GCV) method by selecting the values that minimize the GCV function. 

 

3. Best Model Selection 

In the bivariate nonparametric penalized spline approach, model flexibility is determined 

not only by the number of knot points but also by the smoothing parameters 𝜆. Therefore, 

model selection is conducted through the simultaneous optimization of the smoothing 

parameters and the determination of knot locations. The selection of knot points for the 

bivariate penalized spline model using the Generalized Cross Validation (GCV) function is 

expressed in Equation (15) below. 

 

𝐺𝐶𝑉(𝜆1, 𝜆2) =

1
2𝑛 ∥ 𝐘 − 𝐘̂ ∥2

[1 −
1
2𝑛 trace(𝐴𝜆)]

2 (15) 

with 

𝐴𝜆 = 𝑍(𝑍𝑇𝑍 + Λ)−1𝑍𝑇 
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where 𝑌 is the combined response vector of dimension 2𝑛 × 1, 𝑍 is the block-diagonal design 

matrix, Λ is the penalty matrix, 𝐴𝜆 is the penalized spline smoother matrix, and 𝜆1 and 𝜆2 are 

the smoothing parameters corresponding to each response variable the optimal values of 𝜆1 

and 𝜆2 are obtained by minimizing the GCV function. 

 

C. METHODS 

This study is a quantitative study based secondary data obtained from the Indonesian 

Nutritional Status Survey (SSGI) conducted by the Ministry of Health and official publications 

from Statistics Indonesia (BPS). ..The unit of analysis in this study is districts/cities in 

Kalimantan Island, with a total of 56 observations. The variables used in this study consist of 

two response variables: Stunting Prevalence (𝑌1) and Wasting Prevalence (𝑌2). The predictor 

variables include the percentage of households with access to proper sanitation (𝑋1), low-birth-

weight (𝑋2), and the percentage of the population covered by health insurance (𝑋3). The model 

used in this study is a bivariate nonparametric penalized spline regression that allows 

simultaneous modeling of two response variables. The analysis was conducted using RStudio 

version 25.0.0. The analytical steps are as follows: 

1. Correlation Test Between Response Variables 

A correlation test between the two response variables, namely stunting prevalence (𝑌1) 

and wasting prevalence (𝑌2), was performed to ensure that they are statistically related. 

This step is important because a bivariate model is generally more appropriate when 

the responses are not independent. 

2. Exploratory Data Analysis 

Descriptive analysis was conducted for all research variables, including minimum value, 

maximum value, mean, and standard deviation. In addition, scatter plots between each 

response variable and predictor variable were created to detect potential nonlinear 

relationship patterns. 

3. Determination of Knot Points and Smoothing Parameters 

The selection of knot points for each predictor variable was carried out by testing 

several candidate knot locations. For each candidate, the smoothing parameter 𝜆was 

chosen based on the smallest GCV value. The combination of knot points and 𝜆that 

produced the minimum GCV value was selected as the best model. 

4. Construction of the Penalized Spline Model 

Based on the selected knot points, the relationships between the predictors and each 

response variable (stunting and wasting) were modeled using a bivariate penalized 

spline approach. Model parameters were estimated via penalized least squares, yielding 

spline functions that are flexible yet smooth for modeling both responses 

simultaneously. 

5. Model Goodness-of-Fit Evaluation 

Model evaluation was conducted using the coefficient of determination (𝑅2) and Mean 

Squared Error (MSE) for each response variable. The 𝑅2value indicates the proportion 

of variation in stunting and wasting explained by the predictor variables, while MSE 

measures the average squared prediction error.  
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D. RESULT AND DISCUSSION 

1. Correlation Test Between Response Variables 

To assess the correlation among the response variables, the Pearson correlation coefficient 

was computed. This test was conducted as a preliminary step to ensure that the assumption of 

interdependence between responses is satisfied, thereby justifying the use of a bivariate model. 

The hypotheses tested were 𝐻0: 𝜌 = 0  (No correlation between response variables) against 

𝐻1: 𝜌 ≠ 0  (There is a correlation between response variables). The test of the response 

variables yielded a test statistic of t = 2.65 with df = 54 and a p-value of 0.012. At the 5% 

significance level, the null hypothesis is rejected. Therefore, there is a statistically significant 

linear correlation between stunting prevalence and wasting prevalence. Thus, the two response 

variables are not independent and are appropriately modeled simultaneously using a bivariate 

regression model. 

 

2. Exploratory Data Analysis 

An exploratory analysis was conducted to describe the characteristics of the data and the 

variability of each research variable. The descriptive statistics calculated include the number of 

observations (N), minimum, maximum, mean, and standard deviation (SD) for all response and 

predictor variables. The summary of descriptive statistics is presented in Table 1. 

 

Table 1. Exploratory Data Analysis 

Variabel N Min Max Mean SD 
Stunting (y1) 56 7.40 36.40 22.48 6.13 
Wasting (y2) 56 1.10 13.30 7.68 2.34 
Sanitation (x1) 56 57.71 97.70 82.83 10.02 
Low-birth-weight (x2) 56 20.00 1404.00 396.89 373.69 
Health Insurance (x3) 56 41.17 100.00 72.23 16.16 

 

Based on Table 1, the total number of observations for all variables is 56. Stunting 

prevalence (𝑦1) ranges from 7.40 to 36.40, with a mean of 22.48 and a standard deviation of 

6.13, indicating substantial variation in stunting across observations. Wasting prevalence (𝑦2) 

ranges from 1.10 to 13.30, with a mean of 7.68 and a standard deviation of 2.34, suggesting 

relatively lower variability compared to stunting. For the predictor variables, sanitation (𝑥1) 

has a mean of 82.83, a standard deviation of 10.02, and ranges from 57.71 to 97.70, indicating 

considerable differences in sanitation coverage across observations. The low-birth-weight 

variable (𝑥2) exhibits the highest variability, with a range of 20.00 to 1404.00, a mean of 396.89, 

and a standard deviation of 373.69, reflecting strong heterogeneity in this indicator. Meanwhile, 

health insurance coverage (𝑥3 ) ranges from 41.17 to 100.00, with a mean of 72.23 and a 

standard deviation of 16.16, indicating substantial variation in health insurance coverage 

across observations. Subsequently, scatter plots were generated between each response 

variable and each predictor variable to examine relationship patterns and detect potential 

nonlinearity. The scatter plots are presented in Figure 1 and serve as the basis for applying the 

bivariate nonparametric penalized spline regression model. 
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Figure 1.  Scatter Plots of Stunting and Wasting Prevalence Against the Predictor Variables 

 

3. Selection of Knot Points and Optimal Lambda 

In the bivariate nonparametric penalized spline regression model, determining the number 

and locations of knots, as well as selecting the smoothing parameter lambda, are crucial 

components. These selections were performed simultaneously through a model selection 

procedure based on the minimum GCV criterion. The results are presented in Table 2. 

 

Table 2. Selection of Knot Points and Optimal Lambda 

Number 
of Knots 

Knot Points 
Lambda GCV 

X1 X2 X3 
1 66 107 53 63.09 20.83 
 79 143 76 15848.93 21.66 
 87 431 61 251188.60  22.65 

2 67; 75 107; 560 61; 88 6309.57 21.91 
 71; 84 135; 823 53; 77 10000.00 21.95 
 74; 92 285; 441 46; 81 398107.20 22.57 

3 64; 79; 88 190; 403; 674 59; 77; 96 39810.72 21.66 
 67; 84; 96 141; 396; 738 60; 76; 91 39810.72  21.63 
 71; 83; 94 155; 354; 998 61; 85; 93 63095.73 22.08 

 

Based on Table 2, the minimum GCV value is obtained for the model with one knot, where 

the knot locations for each predictor are 𝑋1 = 66, 𝑋2 = 107, and 𝑋3 = 53, with a smoothing 

parameter 𝜆 = 63.09and a GCV value of 20.83. These results indicate that this model provides 

the best performance among all knot configurations considered. Therefore, nonparametric 

bivariate penalized spline regression is subsequently implemented using a one-knot model. 

 

4. Bivariate Penalized Spline Model 

The bivariate nonparametric penalized spline model was estimated using one knot and the 

optimal smoothing parameter 𝜆 selected in the previous stage. Parameter estimation was 

performed for each response variable, namely stunting (𝑦1 ) and wasting (𝑦2 ), resulting in 

regression coefficients that represent the contribution of the spline components for each 

predictor. The estimated model parameters are presented in Table 3. 
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Table 3. Estimation of the Bivariate Nonparametric Penalized Spline Model 

Parameter Stunting (y1) Wasting (y2) 
𝛽0𝑖 -43.032 9.804 
𝛽11 0.578 0.009 
𝛽12 -0.677 0.004 
𝛽21 0.100 0.010 
𝛽22 -0.103 -0.009 
𝛽31 0.416 -0.063 
𝛽32 -0.490 0.022 

 

Based on Table 3, the estimated bivariate nonparametric penalized spline regression 

models are given by the following equations: 

 

𝑦̂1𝑖 = −43.032 + 0.578 𝑥1𝑖 − 0.677 (𝑥1𝑖 − 66)+ + 0.100 𝑥2𝑖 − 0.103 (𝑥2𝑖 − 107)+

+ 0.416 𝑥3𝑖 − 0.490 (𝑥3𝑖 − 53)+ 

𝑦̂2𝑖 = 9.804 + 0.009 𝑥1𝑖 + 0.004 (𝑥1𝑖 − 66)+ + 0.010 𝑥2𝑖 − 0.009 (𝑥2𝑖 − 107)+

− 0.063 𝑥3𝑖 + 0.022 (𝑥3𝑖 − 53)+ 

 

After constructing the bivariate nonparametric penalized spline regression model, the 

interpretation of each predictor’s effect is carried out through segmentation based on the 

selected knot points, namely, sanitation (𝑥1 = 66), low-birth-weight (𝑥2 = 107), and health 

insurance coverage (𝑥3 = 53). This segmentation confirms that the relationship between the 

response variables and the predictors is not uniform across the entire data range; rather, it 

varies across segments. Consequently, this approach provides a richer understanding of the 

dynamics of the factors associated with stunting (y1) and wasting (y2). The segmentation 

results for the sanitation variable (𝑥1) are presented in the following equations. 

 

𝑓1
(1)(𝑥1𝑖) = {

0.578 𝑥1𝑖 , 𝑥1𝑖 ≤ 66
−0,099 𝑥1𝑖 + 44.682, 𝑥1𝑖 > 66

 

 

𝑓1
(2)

(𝑥1𝑖) = {
0.009 𝑥1𝑖 , 𝑥1𝑖 ≤ 66

0.013 𝑥1𝑖 − 0.264, 𝑥1𝑖 > 66
  

 

For the sanitation variable (𝑥1), the stunting model shows a clear change in the direction of 

the effect. In the segment 𝑥1 ≤ 66. The coefficient is positive, indicating that higher sanitation 

coverage is associated with higher stunting rates within this range. However, after exceeding 

the knot point (𝑥1 > 66), the slope becomes negative, meaning that higher levels of sanitation 

are associated with a decrease in stunting. This pattern suggests a strong nonlinear relationship 

and the possibility of a threshold effect of sanitation on stunting. In contrast, for wasting, the 

effect of sanitation is relatively small and consistently positive, increasing from 0.009 when 

𝑥1 ≤ 66 to 0.013 when 𝑥1 > 66 . Next, the segmentation results for the low-birth-weight 

variable (𝑥2) are presented in the following equations. 

 

𝑓2
(1)

(𝑥2𝑖) = {
0.100 𝑥2𝑖 , 𝑥2𝑖 ≤ 107

−0.003 𝑥2𝑖 + 11.021, 𝑥2𝑖 > 107
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𝑓2
(2)

(𝑥2𝑖) = {
0.010 𝑥2𝑖 , 𝑥2𝑖 ≤ 107

0.001 𝑥2𝑖 + 0.963, 𝑥2𝑖 > 107
 

 

For the low-birth-weight variable (𝑥2), the stunting model also exhibits a clear change in the 

direction of the effect. When 𝑥2 ≤ 107. The positive slope indicates that an increase in low-

birth-weight cases is associated with an increase in stunting. However, in the segment 𝑥2 > 107, 

the slope approaches zero and is slightly negative, suggesting that beyond this threshold, 

further increases in low birth weight are no longer strongly associated with changes in stunting. 

For wasting, the direction of the low-birth-weight effect remains positive, but the magnitude is 

much smaller and weakens after the knot point. Finally, the segmentation results for the health 

insurance coverage variable (𝑥3) are presented in the following equations. 

 

𝑓3
(1)

(𝑥3𝑖) = {
0.416 𝑥3𝑖 , 𝑥3𝑖 ≤ 53

−0.074 𝑥3𝑖 + 25.970, 𝑥3𝑖 > 53
 

 

𝑓3
(2)

(𝑥3𝑖) = {
−0.063 𝑥3𝑖 , 𝑥3𝑖 ≤ 53

−0.041 𝑥3𝑖 − 1.166, 𝑥3𝑖 > 53
 

 

For the health insurance coverage variable (x3), the pattern differs between stunting and 

wasting. In the stunting model, before the knot point (𝑥3 ≤ 53), the relatively large positive 

slope indicates that increased health insurance coverage is associated with higher stunting 

prevalence within this range. However, after exceeding the knot (𝑥3 > 53), the direction of the 

effect reverses and becomes negative, suggesting that higher levels of health insurance 

coverage are associated with a reduction in stunting. In contrast, for wasting, the relationship 

with health insurance coverage tends to be negative overall. Based on these results, the three 

predictors exhibit different relationships with stunting and wasting. Stunting tends to show 

stronger nonlinearity, particularly for sanitation and health insurance coverage, both of which 

demonstrate changes in the direction of effect after passing the knot points. Conversely, waste 

is generally associated with smaller effect magnitudes and more stable patterns, except for 

health insurance coverage, which remains negative but shows a flattening slope beyond the 

threshold. 

 

5. Model Goodness-of-Fit Evaluation 

The performance of the bivariate nonparametric penalized spline regression model was 

evaluated separately for each response variable, namely stunting (𝑦1) and wasting (𝑦2). This 

evaluation was conducted to assess the model’s ability to explain data variability and its 

predictive accuracy. Two evaluation measures were used: Mean Squared Error (MSE) and the 

coefficient of determination (𝑅2). MSE represents the average squared prediction error, while 

𝑅2indicates the proportion of response variability explained by the predictors included in the 

model. The evaluation results of the bivariate nonparametric penalized spline regression model 

are presented in Table 3. 
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Table 3. Evaluation Results of the Bivariate Nonparametric Penalized Spline Model 

Evaluasi Model Stunting (y1) Wasting (y2) 
MSE 28.012 4.810 

R2 0.241 0.106 

 

Based on Table 3, for the stunting response (𝑦1), the model yields an MSE of 28.012 and an 

𝑅2  value of 0.241. This 𝑅2  indicates that the model explains approximately 24.1% of the 

variation in stunting, while the remaining variation is influenced by other factors not included 

among the predictors or by random variability. For the wasting response (𝑦2 ), the model 

produces an MSE of 4.810 and an 𝑅2 value of 0.106, indicating that approximately 10.6% of the 

variation in wasting is explained by the model. Compared with wasting, the model 

demonstrates better explanatory performance for stunting. However, both 𝑅2 values suggest 

that stunting and wasting are likely influenced by additional determinants that are not yet 

incorporated into the model 

 

E. CONCLUSION AND SUGGESTIONS 

This study shows that the bivariate nonparametric penalized spline regression model is 

capable of capturing the nonlinear relationship between the predictors and the two nutritional 

indicators, namely stunting and wasting prevalence. The findings suggest that proper sanitation, 

low birth weight, and health insurance coverage are important factors associated with 

variations in stunting and wasting across districts/cities in Kalimantan. These results have 

practical implications for policy and intervention design. Efforts to reduce stunting and wasting 

should not rely on a single strategy, but rather on integrated policies that improve household 

sanitation, strengthen maternal and child health services to prevent low birth weight, and 

expand effective health insurance coverage to ensure better access to nutrition and health care 

services. Therefore, local governments and public health authorities in Kalimantan may use 

these findings as evidence to support more targeted and context-specific nutrition intervention 

programs 

For future research, it is recommended that broader explanatory variables, such as 

socioeconomic conditions, access to health services, maternal education, poverty levels, and 

environmental or regional factors, be incorporated to explain variations in stunting and 

wasting more comprehensively. In addition, incorporating spatial effects across Kalimantan 

may provide deeper insights, given that nutritional indicators often exhibit geographic patterns. 

Finally, applying alternative nonparametric approaches, such as kernel methods or different 

spline bases, is suggested to assess the robustness and consistency of the findings. 
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