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Abstract: Stunting is a chronic nutritional problem that remains a major concern in Indonesia, particularly on
the island of Java, which accounts for a significant proportion of cases nationwide. Poverty and inadequate food
intake are known to be associated with the prevalence of stunting, but the relationship between these variables
is not always linear. This research seeks to apply a smoothing spline approach within a nonparametric regression
framework to examine the association between stunting prevalence, poverty levels, and the proportion of
households experiencing inadequate food consumption across regencies and cities on Java in 2024. The data
used consisted of 119 observations, divided into 80% training data and 20% testing data. Model estimation was
carried out through a penalized least squares framework, and the smoothing parameter was obtained using the
GCV approach. The results show that the optimal parameters were obtained at a combination of 1, = 16681 and
A2 = 464.15 with a minimum GCV value of 25.2396. An MSE value of 28.75 indicates that the model is capable
of modeling the relationship between predictor variables and stunting prevalence. The R-squared coefficient of
0.2446 indicates that 24.46% of the variation in stunting prevalence can be explained by the model. Thus, spline
smoothing regression is effective in capturing nonlinear relationship patterns in stunting data on the island of
Java.
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1. INTRODUCTION

Stunting is a condition of growth failure in young children resulting from chronic malnutrition during
the first 1,000 days of life, characterized by height below the standard for their age [1, 2]. Its effects extend
beyond physical growth including cognitive development, disease risk, future productivity, and economic well-
being. The rate of stunting in Indonesia is still considered substantial and has become a key concern for the
government in its efforts to reduce child malnutrition [3]. Java Island is home to more than half of Indonesia’s
population and is the primary contributor to national stunting cases. Four provinces on Java Island are among
the six provinces with the highest number of stunting cases in Indonesia, collectively accounting for nearly 50%
of the national total [4, 5].

In general, poverty and malnutrition are factors closely associated with stunting. Poverty limits access
to nutritious food and health services, while malnutrition is reflected in the high prevalence of underweight
toddlers [6]. Based on [7], underweight status, real per capita expenditure, education, and waste management
have a significant effect on stunting on the island of Java, although the approach is still within the framework of
parametric regression. Meanwhile, Fadlirhohim et al. [8] used truncated spline semiparametric regression, but
still assumed a partially linear relationship and required the explicit determination of knot points.

In practice, the relationship between stunting prevalence and factors such as poverty and malnutrition
does not always follow a clear linear pattern [9, 10]. Visualization using scatter plots often reveals curved trends
or irregular fluctuations. This indicates that parametric and semiparametric approaches may not be fully capable
of representing nonlinear relationships. Therefore, a nonparametric regression approach is needed because it
does not assume a specific functional form from the outset.
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One nonparametric regression method that can be used is smoothing spline regression, which flexibly
estimates the regression function using the penalized least squares (PLS) approach [11, 12]. This method allows
the curve to adapt to the data pattern without requiring a predefined functional form. The degree of curvature of
the curve is controlled through the smoothing parameter, thereby balancing model accuracy and the smoothness
of the function [13]. The selection of the smoothing parameter is performed using the Generalized Cross
Validation (GCV) method to obtain an optimal model without overfitting [14]. Therefore, this method is capable
of producing stable estimates that effectively capture complex relationships within the data.

The novelty of this study lies in the application of fully nonparametric spline to stunting data in districts
and cities on the island of Java, without incorporating parametric components and without explicitly specifying
knot points, as is done in the truncated spline approach. This approach enables the estimation of smoother,
continuous, and adaptive curves in capturing the nonlinear relationship patterns between stunting prevalence,
poverty, and undernutrition. Therefore, this study focuses on nonparametric smoothing spline regression to
stunting data on the island of Java.

2. METHOD

This applied study uses a nonparametric smoothing spline regression approach to investigate how stunting
prevalence is related to poverty and food insecurity across Java Island. The research process was conducted in
several stages, namely data collection and analysis, bibliometric analysis using VOSviewer, smoothing spline
regression modeling, and the selection of smoothing spline parameters using GCV.

2.1 Data and Variables

The data sources used for this study are derived from secondary data published by the
Indonesian Nutrition Status Survey (SSGI) and the Central Statistics Agency (BPS). The data used are
from 2024 and consist of 119 data points covering the prevalence of stunting among toddlers, the
population living in poverty, and the proportion of households with inadequate food consumption across
all regencies and cities on the island of Java. For modeling purposes, the data was then divided into two
groups: 80% training data for model development and 20% testing data for model validation. The three
research variables are shown in Table 1.

Table 1. Response and predictor variables of the research data

Variables Research Data
Y Prevalence of child stunting on the island of Java
X1 Percentage of the population living in poverty
X2 Prevalence of inadequate food intake

2.2 Research Methodology

The steps carried out in this study to achieve the research objectives are as follows.

1. Splitting the data into training and testing sets.

Conducting initial data exploration using scatter plots.
Normalizing the predictor variables using the Min—Max scaling method.
Constructing a nonparametric smoothing spline regression model.
Determining the optimal smoothing parameter (1) using the GCV method.
Deriving the smoothing spline model equation.
Validating the model.
Interpreting the model results.

© N g R~wN

2.3 Bibliometric Analysis with VOSviewer

VOSviewer is a software tool designed to support users in creating, analyzing, and visualizing

bibliometric maps using scientific publication data [15, 16]. Using VOSviewer, users can display large-
scale bibliometric maps with clear and easy-to-understand visualizations, thereby simplifying the
process of interpreting relationships between research elements, such as connections among authors,
keywords, journals, and scientific documents [17]. Additionally, this software is widely utilized in
bibliometric studies due to its ability to present the patterns and structural development of a scientific
field in a systematic and informative manner. Through features such as network and overlay
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visualizations, VOSviewer also enables researchers to identify emerging research trends and evolving
topics over time.
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Figure 1. Bibliometric network of nonparametric regression and smoothing spline

Figure 1 shows a bibliometric map generated by VOSviewer, featuring three clusters
distinguished by different colors. The red cluster covers nonparametric regression methods such as
splines and GCV, the blue cluster addresses parameters, while the green cluster discusses the application
of statistical models across various fields. Circle size reflects how often a term appears, with bigger
circles representing higher frequency. The circles for “smoothing” are relatively small, indicating that
research utilizing the term “smoothing spline” remains limited, thus requiring further study.

Smoothing Spline Regression

Spline smoothing regression is a nonparametric regression approach applied to model the
relationship between independent variables and response variables where the form of the function is not
explicitly known [18]. This method is intended to generate a regression function that is both smooth
and flexible, allowing it to adapt to data patterns without requiring a predetermined functional form
[19]. In this study, smoothing spline regression is used to model complex relationships that cannot be
represented by a simple linear function. Unlike parametric regression, this method allows the data to
determine the shape of the curve. As a result, it is more flexible in capturing nonlinear patterns. In
simple terms, smoothing spline attempts to find a balance between fitting the data closely and
maintaining a smooth curve. A very flexible curve may follow the data too closely (overfitting), while
a very smooth curve may ignore important patterns.

The first step in smoothing spline analysis is collecting data consisting of pairs of predictor x;
and response y; variables for i = 1,2, ..., n. The basic form of the nonparametric regression model is
written as

yi=f(x)+e,i=12,..,n
In this model, f(x;) is the regression function to be estimated from the data, while ¢; is the random
error component, assuming that the expected value of the error is zero E (g;) = 0 and that the variance
of the error is constant Var(e;) = o2 [20].

Furthermore, in the application of spline smoothing, we use a spline function, which is a
piecewise function consisting of several polynomials smoothly connected at specific points, called knots
[21, 22]. A commonly used spline function is the cubic spline, which uses third-degree polynomials for
each segment and has continuous first and second derivatives at these knot points [23]. Mathematically,
the general form of an mth-order spline function with k knot points is written as

FGO) = Bo+ Xy Bix) + 3K, 6(x — )T, €
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where B, is the model parameter, while g; is the parameter for the variable x/ - 0; refers to the
coefficient associated with the j, and K’ is the location of the j knot. The truncated power function,
defined as (x — ;cj):n, describes the relationship between x and the j knot. This function is written as

m
(x _ Kj)T _ {(x - Kj) , %fx > K,
0, ifx < Kj_

Spline functions are piecewise but remain continuous up to the m — 1. derivative. In the
context of cubic splines ( m = 3), this approach is widely used because it provides smooth and stable
function estimates [24].

In the next step, the smoothing spline f (x;) can be obtained from observational data consisting
of pairs of response and independent variables that can accurately model the data while having a small
error variance [25, 26]. Therefore, by applying data of size n, the function f(x;) is obtained by
minimizing the PLS function, written as

n

PLS =) (= fG) +4 [ [, @

The PLS function consists of two main components. The first component measures how well
the model fits the data, while the second component controls the smoothness of the curve. The parameter
A determines the trade-off between these two components. In this equation, the first term

. (yi - f (xi))2 represents the total squared error between the observed value y; and the predicted
value f(x;) also known as the goodness-of-fit. Meanwhile, the second term A [ [f"(x)]?dx is a
penalty for the roughness of the function f, where f'’(x) is the second derivative of the function.

For the PLS function in Equation (2), the matrix form is written as

PLS = (Y - )T (Y - f) + Af"Kf, @)
where the observed data vector Y = [y;,y,,...,y,]7 contains the measured values, while f =
[f (), f(x), ..., f ()] is the vector of estimated functions based on that data. The matrix K is a
curvature penalty matrix formed based on the second-order derivative (finite difference) approach. The
parameter A is a scalar smoothing parameter that controls how smooth the estimated curve is.

The estimate of the function f(x) is obtained by minimizing the PLS function. This
minimization process is carried out by taking the first derivative of the PLS function in Equation (3)
with respect to f and setting it equal to zero. From this optimality condition, a equation is obtained,
which can be written as

(I+2AK)f =Y, 4)
where matrix | is an n X n identity matrix, while A is the smoothing parameter that controls the
smoothness of the function. Based on Equation (4), the function estimate can be written as

f(x) = U+ 1K)y,
where the matrix (I + AL)~1 isann x n matrix also known as the smoothing matrix S;, which enables
efficient estimation of the spline function.

Selecting the Optimal Parameter with GCV

In the PLS function, A serves as a smoothing parameter used to regulate the trade-off between
how well the model fits the data and the smoothness of the function. If A is too small, it can cause
overfitting, whereas if it is too large, it can eliminate important information from the data. The optimal
value of 1 is determined using methods such as GCV, which is based on the balance between prediction
error and model complexity. The GCV formula can be written as

GV () = ———, (5)
(1—7Ltr(51)>
where the Mean Square Error (MSE) is written as
1 R 2
MSE =31, (v = f(x) (6)

where tr(S;) is the sum of the diagonal elements of the smoothing matrix S;, which reflects the model’s
effective degrees of freedom. The value f(x;) is the estimated regression function at point xi obtained
from the PLS minimization process.
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3. RESULTS AND DISCUSSION

This section presents the results of the analysis and discussion of the application of nonparametric
smoothing spline regression to stunting data on the island of Java. The analysis begins with a description of the
research data to outline the characteristics of the variables used, followed by an exploration of the patterns of
relationships among variables, modeling using smoothing splines, and model validation.

3.1 Description of Research Data

According to the 2024 SSGI results, stunting prevalence among toddlers in Indonesia was
recorded at 19.8%. This figure represents a decrease from the 2023 rate of 21.5%, indicating an
improvement in children’s nutritional status nationwide. Nevertheless, this prevalence still reflects that
stunting remains a significant public health issue requiring sustained mitigation efforts. This condition
highlights the need for continuous monitoring and evaluation of factors associated with stunting to
support more effective policy interventions. In addition, understanding the distribution and variability
of the data is important to provide a clearer picture of the underlying patterns. The data overview in this
study is presented through descriptive statistical analysis shown in Table 2.

Table 2. Summary of Research Variable Statistics

Variable Mean Minimum Maximum Variance
Y 17.48 6.70 32.40 2.67
X1 9.07 2.34 20.83 1.38
X 79936.19 208 254566 2.85

3.2 Scatter Plot

A scatter plot is a diagram that displays the distribution of data points on a Cartesian plane to
explore the pattern of interaction between variables. In this research, scatter plots were generated for
each predictor variable against the response variable.
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Figure 2. Scatter plots of relationships: (a) prevalence of stunting versus prevalence of the poor;
(b) prevalence of stunting versus the number of people with inadequate food consumption.

Figure 2 shows that the distribution of data points between the prevalence of stunting and the
prevalence of the poor, as well as with inadequate food consumption, does not form a linear pattern or
any clear specific pattern. The data points are randomly scattered with considerable variation across
nearly the entire range of predictor values, and exhibit fluctuating trends and changes in slope in some
sections, making them unsuitable for representation by a parametric linear regression model. These
results indicate that the relationships between variables are nonlinear, rendering parametric regression
models with specific functional forms less appropriate for use. Therefore, this study employs a
nonparametric regression approach using smoothing splines.
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3.3 Modeling with Nonparametric Spline Regression

Data from 119 districts and cities were divided into two groups 80% as training data for model
development and 20% as testing data for validation purposes. The division was performed randomly to
ensure proportional data representation in both groups. Prior to the modeling process, predictor
variables were normalized using the Min-Max Scaling method so that all variables fell within the range
of 0 to 1. This normalization process aims to avoid scale differences between variables that could affect
the stability of parameter estimates in the smoothing spline model.

The smoothing spline model is estimated using the PLS approach as described in Equation (2),
with the smoothing parameter A controlling the balance between model fit and the smoothness of the
function. The search for A values is conducted within the range of 1072 to 10° to cover various levels
of smoothing, ranging from highly flexible curves to very smooth ones. Several candidate A values were
tested, and for each candidate, the GCV value was calculated as formulated in Equation (5). The optimal
A value was determined by selecting the smallest GCV value, as it reflects a balance between model fit
and complexity. Based on the calculation results for various combinations of smoothing parameters, the
GCV values obtained are shown in Table 3.

Table 3. Values of A and GCV

M A2 GCV
16681 464.15 25.23
2782.55 464.15 25.35
100000 464.15 25.40
16681 2782.55 25.55
16681 100000 25.56
16681 16681 25.59
2782.55 2782.55 25.60
2782.55 100000 25.62
2782.55 16681 25.63
100000 2782.55 25.75

The first row of Table 3 shows that the smallest GCV value is 25.23, with the parameter
combination A = 16681 and A. = 464.15. This value is smaller than other A combinations, so it was
selected as the optimal smoothing parameter. The differences in GCV values between parameter
combinations are relatively small, but this combination of A and 2. consistently yields the minimum
value. This indicates that the resulting smoothing level provides the best balance between model fit to
the data and function complexity. The relatively large value of \: indicates that smoothing on the first
variable tends to be stronger, while the smaller value of X, suggests that the second variable requires
higher curve flexibility to capture the relationship patterns in the data.

Theoretically, a smoothing spline has a control point at every observation point, resulting in a
highly flexible function. However, having the same number of control points as data points leads to an
extremely complex equation that is difficult to write out explicitly. To obtain a more concise yet
representative model, a cubic spline basis approach with a limited number of control points is used. The
control points are selected based on data quantiles in the range of 5% to 95%. The selection of quantiles
aims to ensure that the control points are evenly distributed following the data distribution and are not
overly influenced by outliers. After determining the optimal smoothing parameters using the GCV
method, these values are used to construct the spline function based on Equation (1), which can be
written as

Y = 11,87 + 0,43x1 + 1,30x2 + Z 61j(.x1 - Kl])j' + Z 92}'(xZ - KZ])?_:_

Y = 11,87 + 0,43x; + 1,30x, + 9,24(x; — 3,94)3 — 13,40(x; — 4,07)3 + - + @
0,20(x, — 49,42)3 — 0,16(x, — 50,10)3
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To provide a visual representation of the nonlinear relationships generated by the model, the
following graphs show the smoothing spline curves between each predictor variable and the prevalence
of stunting.
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Figure 3. Smoothed spline regression curves: (a) prevalence of stunting versus prevalence of the poor;
(b) prevalence of stunting versus the number of people with inadequate food intake.

Based on the graph of the partial effect of poverty on stunting prevalence, it is evident that the
relationship formed is nonlinear. At low to moderate poverty levels, the curve tends to rise gradually,
then undergoes a change in slope within a certain range and rises again at higher poverty levels. This
pattern indicates that the effect of poverty on stunting is not constant across the entire range of values.

Meanwhile, the partial effect of food consumption inadequacy also exhibits a more fluctuating
nonlinear pattern. At low to moderate levels, the curve temporarily decreases before rising again, and
at higher values, a more consistent upward trend is observed. This indicates that as food consumption
inadequacy increases, the prevalence of stunting tends to rise, particularly at higher levels. Overall, both
graphs confirm that the relationship between the predictor variables and the prevalence of stunting is
nonlinear, making the spline smoothing approach more appropriate than a linear model.

3.4 Model Validation

Based on the model validation results, the MSE value for the test data was 28.75. The model’s
prediction error was calculated using the MSE as expressed in Equation (6). The MSE represents the
mean of the squared differences between the observed values and the predicted values generated by the
model. The obtained MSE value of 28.75 indicates the average prediction error of the model. Although
the value is not very small, the model is still able to capture the general pattern of the data. This suggests
that the smoothing spline model provides a reasonably good fit for describing the relationship between
the variables. Therefore, the resulting model can be used to describe the relationship between poverty,
inadequate food consumption, and the prevalence of stunting on the island of Java.

Meanwhile, the coefficient of determination (R?) value of 0.2446 indicates that approximately
24.46% of the variation in stunting prevalence can be explained by the poverty and food insecurity
variables in the model. The remaining 75.54% is influenced by other factors outside the model. This
moderate R2 value suggests that stunting is a complex phenomenon influenced by multiple determinants
beyond the variables included in this study. However, the prediction accuracy could be improved by
incorporating additional relevant variables in future research.

4. CONCLUSION

Based on the results, this study concludes that the nonparametric smoothing spline regression model is
able to capture the relationship between poverty, inadequate food consumption, and stunting prevalence in Java.
The optimal smoothing parameters were obtained at A = 16681 and \. = 464.15, which yielded the minimum
GCV value. The resulting model has an MSE value of 28.75, indicating that the model has adequate predictive
performance for new data. The spline smoothing regression model equation is presented in Equation (7) with a
coefficient of determination R? of 0.2446, indicating that approximately 24.46% of the variation in stunting
prevalence can be explained by the model, while the remainder is influenced by other factors outside the scope
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of this study. These findings indicate that the smoothing spline approach is able to capture nonlinear patterns in
stunting data. Future research is recommended to include additional variables and spatial factors to better explain
the variation in stunting prevalence. In addition, the results of this study have practical implications. Since
poverty and inadequate food consumption are associated with stunting, policies should focus on improving
economic conditions and access to nutritious food. This can help reduce stunting prevalence more effectively.
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