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This study aims to estimate the prevalence of stunting and wasting in the southern
region of Sumatra using a bivariate nonparametric regression framework based on
the Nadaraya-Watson Kernel and Penalized Spline estimators with Penalized
Weighted Least Squares (PWLS). The analysis utilizes data from the 2023
Indonesian Toddler Nutrition Survey, comprising 60 regencies and cities across
five provinces, namely Bengkulu, South Sumatra, Lampung, Jambi, and Bangka
Belitung. By jointly modeling stunting and wasting as correlated response
variables, this study seeks not only to compare methodological performance, but
also to provide empirical insights into the nonlinear patterns underlying child
nutritional outcomes influenced by maternal-child health and socioeconomic
conditions. Model performance was evaluated using the Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and the coefficient of determination (R?).
The empirical results indicate that the Nadaraya-Watson Kernel estimator
outperforms the Penalized Spline approach, yielding a substantially lower
prediction error (MSE = 0.0008), high goodness-of-fit values (R* of 99.98% for
stunting and 99.95% for wasting), and relatively small RMSE values of 0.038 and
0.017, respectively. These findings suggest that the kernel-based estimator
provides stable and accurate predictions within the data structure considered,
particularly in capturing complex nonlinear relationships between predictors and
nutritional outcomes. Furthermore, the results reveal that the effects of health-
related and socioeconomic factors vary across different prevalence levels,
underscoring the importance of nonparametric methods in accommodating
heterogeneous and nonlinear response patterns. In line with previous evidence
emphasizing integrated, multisectoral approaches to child nutrition improvement,
the findings highlight the relevance of combining health interventions with broader
social protection strategies. Nevertheless, the interpretation of results is subject to
methodological caution, given the limited sample size and the aggregated nature of
the data. Overall, this study demonstrates the potential of bivariate nonparametric
regression as a complementary analytical tool for health data analysis and

evidence-based policy formulation related to stunting and wasting reduction.
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A. INTRODUCTION

*

Stunting and wasting remain critical public health issues in Indonesia, reflecting chronic
and acute forms of child undernutrition that continue to pose serious challenges to human
capital development and long-term economic growth. These two nutritional indicators are
closely interrelated and often coexist, particularly in regions with persistent socioeconomic

647


http://journal.ummat.ac.id/index.php/jtam
mailto:snugroho@unib.ac.id
https://doi.org/10.31764/jtam.v10i2.36177

648 | JTAM (Jurnal Teori dan Aplikasi Matematika) | Vol. 10, No. 2, April 2026, pp. 647-660

disparities. In the southern part of Sumatra, variations in household welfare, access to health
services, and maternal and child health practices contribute to complex nutritional patterns
that are difficult to explain using simple linear assumptions. Consequently, robust and flexible
statistical modelling is required to accurately describe the underlying relationships and
support evidence-based nutritional interventions.

Regression is a fundamental statistical technique employed to explain how one or more
dependent variables are influenced by one or more independent variables (Montgomery &
Vining, 2021). According to the estimation strategy used, regression approaches are generally
grouped into parametric, nonparametric, and semiparametric methods. Parametric regression
is applied when the functional form describing the relationship between the dependent and
independent variables is already specified or assumed beforehand (Budiantara, 2019).
However, in practice, not all data follow a specific functional form. When the form of the
relationship is unknown, nonparametric regression becomes a more suitable alternative
because of its high flexibility in modelling complex relationships between variables without
requiring a predetermined functional form (Mestiri, 2023). Along with the development of
nonparametric regression methods, this analysis has been extended beyond a single response
to accommodate multiple correlated response variables (Islamiyati et al.,, 2022).

Nonparametric regression has progressed from handling single response variables to
accommodating bivariate and multivariate responses. In a bivariate setting, two related
outcome variables are modelled simultaneously (Anisar et al., 2023). Various techniques are
applied within nonparametric regression, such as spline methods, kernel approaches, local
polynomial estimators, Fourier series, wavelet methods, and MARS (Oktarina, Sriliana, et al.,
2025). Among these approaches, kernel estimation is particularly popular because it can
represent intricate data patterns by utilizing kernel functions and bandwidth parameters
(Sriliana et al., 2022). This method does not depend on strict linearity assumptions and is
capable of yielding smooth function estimates (Hidayat et al., 2021; Oktarina, Nugroho, et al,,
2025). A widely recognized kernel-based estimator is the Nadaraya-Watson estimator, known
for its flexibility in capturing nonlinear relationships (Ali et al., 2021).

In addition to kernel estimators, spline estimators are also widely applied because of their
clear statistical and visual interpretation (Kirkby et al, 2023). Spline regression utilizes
piecewise polynomial functions that are continuous at the connecting points known as knots
(Yang et al, 2023). However, most existing studies have focused only on univariate
nonparametric regression or applied each estimator separately, without directly comparing
their flexibility within a bivariate framework using real data (Ali et al., 2021; Sriliana et al,,
2023). This gap highlights the need for a comprehensive evaluation of nonparametric
estimators particularly Kernel Nadaraya-Watson and Penalized Spline in modelling correlated
response variables such as Stunting and Wasting.

Several previous studies have demonstrated the effectiveness of kernel- and spline-based
nonparametric estimators in modelling complex and nonlinear relationships. Ali (2019)
proposed a modification of the Nadaraya Watson kernel estimator using an adaptive bandwidth
approach based on robust mean, median, and harmonic mean, which was found to be more
accurate than classical methods in terms of Mean Squared Error (MSE). Meanwhile, Oktarina,
Sriliana, et al. (2025) developed a Penalized Spline Semiparametric Regression model for
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bivariate responses and demonstrated that the Penalized Weighted Least Square (PWLS)
method performed better than the Penalized Least Square (PLS) method in modelling complex
relationships among poverty indicators. These findings are consistent with established
nonparametric regression literature, which emphasizes the flexibility and robustness of kernel-
and spline-based estimators in capturing nonlinear relationship patterns (Budiantara, 2019;
Fan & Gijbels, 1996; Ruppert et al., 2003; Sriliana et al., 2023). Both studies confirmed the
effectiveness of the Kernel and Spline approaches in producing flexible and accurate
estimations. Therefore, this study focuses on evaluating the flexibility of both estimators within
the framework of bivariate nonparametric regression, particularly in modelling Stunting and
Wasting cases in Sumatra. These findings indicate that both kernel and spline estimators have
advantages in modelling complex and nonlinear relationships.

Despite these methodological advances, existing studies have largely applied these methods
in contexts that are not directly linked to nutritional outcomes, or have focused on
methodological development without explicitly addressing interrelated indicators such as
stunting and wasting. Given that stunting and wasting represent chronic and acute forms of
undernutrition that are biologically and statistically interconnected, a modelling framework
capable of jointly capturing their nonlinear dependence structure is essential. This motivates
the need for a bivariate nonparametric regression approach that can adequately reflect the
complexity of child nutritional conditions.

Based on this background, the present study focuses on evaluating the flexibility of the
Kernel Nadaraya-Watson and Penalized Spline estimators within a bivariate nonparametric
regression framework, with specific application to stunting and wasting cases in Sumatra. The
analysis is conducted using nutritional status data of children under five years old in the
southern part of Sumatra for the year 2023, where the prevalence of stunting and wasting
serves as two correlated response variables representing poor nutritional conditions. By
emphasizing the joint modelling of these two critical nutritional indicators, this study provides
an applied comparative assessment of estimator flexibility using real regional data and
contributes empirical evidence that may support data-driven nutritional intervention
strategies and regional nutrition policy formulation in southern Sumatra.

B. METHODS
1. Research Design, Data Source, and Variables

This study uses an applied quantitative design based on bivariate nonparametric
regression to estimate the prevalence of Stunting and Wasting in the southern part of Sumatra.
The model involves two correlated response variables Stunting and Wasting and four predictor
variables representing maternal, child health, and socioeconomic factors. The data were
obtained from the 2023 Indonesian Toddler Nutrition Survey published by the Ministry of
Health, consisting of 60 observations from regencies and cities across five provinces: Bengkulu,
South Sumatra, Lampung, Jambi, and Bangka Belitung. The independent variables include
X, (proportion of children under five receiving complete basic immunization), X, (proportion of
children under five with low birth weight), X5 (proportion of children under five who are
exclusively breastfed), and X, (proportion of individuals living below the poverty line). All
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variables are expressed as percentages and are assumed to influence the nutritional condition
of children under five in southern part of Sumatra.

2. Analysis Procedure
The analysis in this study was conducted through two stages of estimation using the
Nadaraya-Watson Kernel and Penalized Spline methods.

a. The first stage involved compiling data on stunting and wasting and their associated
determinants, examining relationships between response variables using Pearson’s
correlation, and generating scatterplot visualizations. The regression curve was then
estimated by choosing an appropriate kernel, bandwidth, and weighting matrix. Model
accuracy was assessed using the Coefficient of Determination (R*) and the Root Mean
Squared Error (RMSE).

b. The second stage adopted similar preliminary procedures, followed by estimating the
regression model through the Penalized Weighted Least Squares (PWLS) technique. The
smoothing parameter (A) and knot placement were selected using the Generalized
Cross-Validation (GCV) criterion. Each response variable was then fitted separately, and
model performance was again evaluated using R?> and RMSE before conducting further
analysis and interpretation.

3. Correlation in Response

The use of weighting matrices is grounded in bivariate regression theory, where it is
essential to examine whether the dependent variables are statistically related. This association
can be evaluated using correlation analysis (Al Barra & Saputro, 2025). The Pearson correlation
coefficient is frequently applied for this purpose, as it measures the strength of the linear
relationship between two response variables. Pearson’s coefficient, denoted by p, ranges from
-1 to 1 and is calculated as described in (Deng et al.,, 2021):

b= SSy(l)y(Z) (1)
y1)Sy(2)

Based on hypothesis testing results, conclusions can be drawn about the presence and
strength of relationships between response variables, which is essential in bivariate regression
analysis. The weighting matrix plays a key role in estimating parameters within bivariate
nonparametric regression models, as it accounts for correlations between responses within the
same observation, improving estimation accuracy (Anisar et al., 2023; Oktarina, Sriliana, et al,,
2025). In such models, correlated error terms between responses are addressed by
representing their covariance structure for each observation.

2 _1
| 1
Sy (5,m,@)

W= 2
Sy, syl

(2)
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4. Nadaraya-Watson Kernel Biresponse Nonparametric Regression

The bivariate nonparametric regression using the Kernel Nadaraya-Watson estimator
models relationships between two response variables and one or more predictors without
assuming a specific data distribution (Sadek & Mohammed, 2024). The kernel smooths the
functional relationship and applies weights reflecting each observation’s influence based on its
distance from the estimation point (Shi et al.,, 2022). This method simultaneously analyzes
correlated responses common in health, economics, and social sciences by incorporating an
additional weighting function to capture interdependence and improve estimation efficiency
(Tosatto et al., 2021). Thus, the Nadaraya-Watson Kernel Biresponse Nonparametric
Regression estimator can be formulated as (Selk & Gertheiss, 2022):

ty —tgi
o L2 50) (05 (2 2)) )
W=,
’ i=11gn 2 2 ¢ (lg—tgi
n2i=1 (Zy(l) t27 )0 +Zy(2)) K\2g-1",

To obtain an optimal estimation, it is essential to determine the most suitable kernel
function and bandwidth. The commonly used criterion for this purpose is Generalized Cross-
Validation (GCV). The advantage of the GCV method lies in its asymptotic optimality, which
makes it robust and efficient across a variety of data structures (Patil & LeJeune, 2024). In this
study, the selection of the kernel bandwidth is conducted by taking into account the
measurement unit and scale of the response variable, in order to ensure consistency of
estimation and interpretability of the results. The bandwidth parameter h regulates the
smoothness of the estimated function larger bandwidths produce smoother estimates but may
cause bias, while smaller bandwidths increase sensitivity to noise, potentially leading to
overfitting (Misiakiewicz & Saeed, 2024). The optimal bandwidth is determined as:

(3)

MSE (hop)
(1-2n-1tr(B))”

GCV (hope) = (4)

5. Spline-Penalized Biresponse Nonparametric Regression

Penalized splines (P-splines) offer a flexible framework for modelling relationships
between one or more predictors and two response variables simultaneously. Using paired data
(t1,ta, ..., tg), the Penalized Weighted Least Squares (PWLS) estimator incorporates smoothing
parameters to control the roughness of the estimated function (Islamiyati et al.,, 2022). This
approach accounts for the inverse covariance matrix of the responses, leading to the model:

G Kyg
m
yO =80+ ) | siem® + > e~ £qi) |+ T =12 (5)
g:l k=1

The estimator depends on selecting appropriate knots and a smoothing parameter A. Knots
(&) are placed at quantile points of the predictor variable, representing distinct data segments
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once sorted (L. Yang & Hong, 2017). In this study, the number of knots is restricted to three to
maintain a parsimonious model structure and to mitigate the risk of overfitting, particularly
given the limited sample size (Pahlepi et al., 2025). The location of these knots is defined as:

J
K+1,

& = k=123, K (6)

The performance of the penalized spline estimator is also controlled by the smoothing
parameter A, which regulates the trade-off between model flexibility and smoothness. Small
values of A may lead to overfitting, whereas large values may result in underfitting. The optimal
smoothing parameter is selected using the GCV criterion, defined as:

MSE ($oper Aopt)
(1-2n-1tr(4))’

GCV (Eoptr dopt) = (7)

The GCV criterion serves as an implicit validation mechanism that controls both overfitting
and underfitting in the penalized spline regression model. By minimizing the GCV value, the
selected smoothing parameter A achieves an optimal balance between bias and variance,
ensuring stable model generalization, particularly under limited sample size conditions.

6. Goodness of Evaluation Model

Assessing the performance of a model is crucial to determine its reliability and usefulness
in research and policy analysis. Two widely applied indicators to measure model quality are
the Coefficient of Determination (R?) and the Root Mean Squared Error (RMSE) (Chicco et al.,
2021). The R? statistic describes the proportion of variability in the observed data that can be
explained by the model. Its value ranges from -1 (very poor fit) to +1 (perfect fit), where values
closer to 1 reflect stronger explanatory capability. The formula for R? is defined as:

RSS _ Th,(i— )

RP=1———= 4
TSS Xy —y)?

(8)

RMSE is another frequently used measure to determine the predictive accuracy of a model
by calculating the average magnitude of prediction errors. It is computed as the square root of
the mean of the squared differences between observed and predicted outcomes. A lower RMSE
suggests better model accuracy, particularly when the residuals approach a normal distribution
(Pahlepi et al., 2025). The mathematical expression for RMSE is given by (Hodson, 2022):

n
1
RMSE = |~ (y, = :)? )
i=1
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Together, R? and RMSE provide a comprehensive evaluation of model quality, where
R?indicates explanatory strength, and RMSE represents predictive precision.

C. RESULT AND DISCUSSION
1. Correlation between Response Variables
To examine the dependence structure between the two response variables, Pearson’s

correlation coefficient was employed. This analysis aims to identify whether a statistically
significant linear association exists between stunting and wasting rates. The results of the

correlation analysis are presented in Table 1.

Table 1. Correlation output of Y1) and Y@

Hol p = 0
Statistics Value
p 0.677
t-test 7.022
t-crit 2.301
p-value <0.001

Based on the correlation test, the estimated correlation coefficient between stunting and
wasting is p = 0.677. The corresponding t-value is 7.022, which exceeds the critical value
(terit = 2.301), with a p-value less than 0.001. These results indicate a statistically significant
positive linear relationship between the two response variables.

2. Visualization of Relationship Pattern of Response Variable and Each Predictor
Variable
Prior to model estimation, scatterplots were constructed to explore the association
patterns between the response variables and each predictor variable. The use of scatterplots
enables preliminary identification of possible linear or nonlinear relationships, data clustering,
and the presence of extreme observations. This exploratory visualization phase provides an
initial description of the distributional patterns between predictors and the response variables.

..‘..I ...- ... -
: . % = . $ . Ny > lo‘.. " £ o* <
A o : "'.!g;* e AR T .;f,...";. e
: 'u'{: 4 ..'. Lo - ".::. 0’:\ - L ;.'. ~0. X
(a) (b)
e Sl B S
et e tRE Tl de T W T,
Lo Al MACELES Ll
(c) (d)

Figure 1. Scatter Pattern of The Relationship Between Response Variables
and Predictor Variables (a) X4, (b) X», (c) X3, (d) X,
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Figure 1 shows that the data points are widely scattered across the range of each predictor
variable and do not exhibit a clear linear pattern between the predictors and the response
variables. The absence of a clear linear pattern in the scatterplots suggests potential nonlinear
relationships between predictors and stunting and wasting outcomes. This empirical pattern
supports the application of nonparametric regression methods to capture complex associations
in child nutritional data.

3. Nadaraya-Watson Kernel Biresponse Nonparametric Regression

The bivariate Nadaraya-Watson kernel regression models the relationship between two
responses and multiple predictors without assuming a parametric form. Three kernel functions
Epanechnikov, Gaussian, and Biweight were used, with optimal bandwidth selected using the
Generalized Cross-Validation (GCV) method. Each observation contributes to the weighted
average of responses based on proximity, producing smooth local estimates. The estimated
results based on three kernel functions are shown in Table 2.

Table 2. Comparison of GCV Values of Kernel Functions

Kernel Function GCV Combination Number Optimal Bandwidth
t1,tp, 83,14
Epanechnikov 0.00425 159900 100, 75,100, 100
Gaussian 0.00090 159920 100, 80,100, 100
Biweight 0.12373 160000 100,100, 100, 100

Based on Table 2, the GCV values differ across the three kernel functions. The Gaussian
kernel yields the lowest GCV value (0.00090), followed by the Epanechnikov kernel (0.00425)
and the Biweight kernel (0.12373). The corresponding optimal bandwidth combination for the
Gaussian kernel is (100, 80, 100, 100). The lower GCV value obtained by the Gaussian kernel
indicates superior estimation performance compared to the Epanechnikov and Biweight
kernels in the bivariate Nadaraya-Watson framework. This result suggests that the Gaussian
kernel provides a more effective balance between bias and variance, which is essential for
capturing complex and nonlinear relationships between predictors and response variables.

Accordingly, the Gaussian kernel is identified as the most appropriate kernel function for
this study. The smooth nature of the Gaussian function allows more flexible adaptation to data
patterns, leading to stable and consistent predictions for both response variables, namely
stunting prevalence (y(*) and wasting prevalence (y®)), across provinces in the southern part
of Sumatra. Therefore, subsequent analyses and visualizations of prediction results are
conducted using the Gaussian kernel, as shown in Figure 2.
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Figure 2. Plot of Kernel Prediction Results (a) Response 1, (b) Response 2

4. Spline-Penalized Biresponse Nonparametric Regression

The Penalized Spline estimation, following the Kernel Nadaraya-Watson model, uses the
Penalized Weighted Least Squares (PWLS) method to improve precision and reduce bias. The
model’s flexibility depends on the polynomial order, smoothing parameter (A), and number of
knots. In this study, three polynomial orders (linear, quadratic, cubic) and A values ranging from
5 to 100 were tested, while the number and placement of knots were optimized using the
minimum Generalized Cross-Validation (GCV) value to balance smoothness and flexibility. The
optimal combination of order, knot location, number of knots, and A value is summarized in
Table 3.

Table 3. Optimal Knot Location

$1 $2 $3 4
82.00 1.36 58.85 8.24

90.80 2.50 69.00 10.76
97.20 2.63 77.13 13.15
Orde (3,3)

A=10
GCV = 8.639 x 1078

The selected model corresponds to polynomial order (3,3) with A = 10, yielding a minimum
GCV value of 8.639 x 1078, The relationship between A and the GCV value is illustrated in Figure
3.

.............
.....

Figure 3. Increase in Lambda Value Against GCV
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Based on the optimal combination of order, knot locations, number of knots, and lambda
value, the bivariate nonparametric Penalized Spline regression models for both response
variables are obtained as follows:

9 = —4.431 + 1.224t,; — 0.0003t% — 0.000058t3; — 0.00059(t;; — 82.000)3
—0.000038(t;; — 90.800)3 — 0.00059(t;; — 97.200)3 — 1.127t,; + 0.386t2;
—0.016t3; + 0.00011(t,; — 1.360)3 4 0.003(t,; — 2.500)3 + 0.005(t,;
—3.630)3 4 0.754t5; — 0.0251t% + 0.00023t3; — 0.0021(t5; — 58.850)3
+0.0051(t3; — 69.000)3 — 0.0099(t5; — 77.130)3 — 29.950t,; + 4.260t2,
—0.188t3; + 0.185(t4; — 8.240)3 + 0.058(t4; — 10.760)3 — 0.0028(ts;
—13.150)3

9P = —0.0095 + 0.5142t,; — 0.0054t% + 1.9742 x 1075t3; — 0.0003(t;; — 82.000)3
+0.0009(t;; — 90.800)3 — 0.0006(t;; — 97.200)3 + 0.3607t,; — 0.1018t2,
+0.0104t3; — 0.0006(t,; — 1.360)3 — 0.0005(t,; — 2.500)3 + 0.0059(t,;
—3.630)3 + 0.2216t3; — 0.0059t%; + 0.00005t3; — 0.0009(t3; — 58.850)3
+ 0.0031(t3; — 69.000)3 — 0.0064(t5; — 77.130)3 — 8.8032t,; + 1.3096t2;
—0.0596t3; + 0.0596(t,; — 8.240)3 4 0.0205(t4; — 10.760)3 + 0.0180(ts;
—13.150)3

After establishing the PWLS model for the Stunting and Wasting case study in the Part of
Southern Sumatra in 2023, the next step is to segment the population based on predictor
variables and interpret the regression coefficients to understand the relative influence of each
variable on children's nutritional status. Through this analysis, it is expected to gain a deeper
understanding of the factors affecting nutritional status, serving as a basis for more effective
decision-making and policy planning. The segmentation results for each variable are presented
as follows.

FO(ty) = 1.224t,; — 0.0003¢% — 0.000058¢3, — 0.00059(¢,; — 82.000)3 — 0.000038(t,;
—90.800)3 — 0.00059(¢,; — 97.200)%
1.224t,; — 0.0003t% — 0.000058t3. 0 < t,; < 82.00
—10.679¢,; + 0.1448t2 — 0.000648¢t3,325.307. 82.00 < t;; < 90.80
—11.618ty; + 0.1551t% — 0.00068¢3; — 353.74. 90.80 <'t;; < 97.20
| —28.3406t,; + 0.3274t% — 0.00127t3, — 895.568.  fui > 97.20

fP) =

Based on the segmentation results of the Low Birth Weight (LBW) Percentage variable, the
effect of t;; on stunting prevalence (y(") varies across four segments. In Segment I, an increase
in t;; raises stunting prevalence, while in Segments II and IlII, further increases reduce it,
suggesting improved adaptation or interventions. In Segment IV, the decline continues but
becomes more gradual, indicating that at very high LBW levels, additional increases have a
diminishing effect on stunting reduction.
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F@(t;;) = 0.5142t;; — 0.0054t2 + 1.9742 x 1075¢3; — 0.0003(t;; — 82.000)3 + 0.0009(¢;;
—90.800)% — 0.0006(t;; — 97.200)3
( 0.5142¢t;; — 0.0054t% + 1.9742 x 1075¢3,. 0 <t <82.00
—5.7393t,; + 0.0708t% — 0.00029t3; + 170.924.82.00 < t;; < 90.80
16.2738t;; — 0.0708t% + 0.0006¢t3; — 495.353. 90.80 <ty; < 97.20
—1.582t,; + 0.0121t% — 0.00003¢3, + 83.1949. i > 97.20

F@ ) =

The segmentation results of the Low Birth Weight (LBW) Percentage variable show a
nonlinear relationship with wasting prevalence (y®). In Segment I, an increase in t;;raises
wasting prevalence, while in Segment II it decreases, suggesting compensatory health
responses. In Segment III, the relationship turns positive again, and in Segment IV, wasting
slightly declines. Overall, the LBW-wasting relationship alternates between positive and
negative effects, indicating that its influence varies across prevalence levels and requires
region-specific intervention strategies.

The findings of this study indicate that stunting and wasting are influenced by a complex
interaction between maternal child health aspects and socioeconomic conditions. This result is
consistent with Bhutta etal. (2025), who emphasize that improvements in child growth require
integrated, multisectoral approaches rather than nutrition-specific interventions alone. The
observed nonlinear relationships suggest that the effects of these factors vary across different
prevalence levels, highlighting the relevance of nonparametric methods in capturing such
complexity. These findings underscore the importance of comprehensive health and social
protection policies in efforts to reduce stunting and wasting.

Overall, the relationship between low birth weight and wasting prevalence is nonlinear,
alternating between positive and negative effects across intervals. This indicates that LBW’s
impact on child nutrition varies by prevalence level, requiring region-specific interventions.
The same segmentation and interpretation apply to all predictors, reflecting their distinct
nonlinear effects on both response variables. Based on the estimated functions $and $®,
prediction results are plotted against actual data in Figure 4.
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Figure 4. Plot of Penalized Spline Prediction Results (a) Response 1, (b) Response 2

5. Model Selection and Accuracy

The best model was selected based on the Mean Squared Error (MSE), where the Kernel
Nadaraya-Watson estimator achieved the lowest value (0.0008) compared to the Penalized
Spline model (4.621), indicating higher predictive accuracy. The Kernel model also showed
excellent performance with R? values of 99.98% (Response 1) and 99.95% (Response 2), and
low RMSE values of 0.038 and 0.017, respectively. These results confirm that the Kernel
Nadaraya-Watson model provides superior accuracy and reliability, making it the most suitable
for further analysis.

Previous studies have shown that kernel- and spline-based nonparametric estimators are
effective in modeling complex and nonlinear relationships. Adaptive Kernel Nadaraya-Watson
approaches have been reported to improve estimation accuracy in terms of MSE, while
Penalized Spline models using Penalized Weighted Least Squares (PWLS) demonstrate
superior performance in capturing nonlinear patterns in bivariate settings. Overall, the
literature consistently highlights the flexibility and robustness of kernel and spline estimators,
supporting their suitability for modeling correlated responses such as stunting and wasting.

D. CONCLUSION

The objectives stated in the Introduction have been achieved through the Results and
Discussion. This study analyzed the relationship between stunting and wasting prevalence in
the southern part of Sumatra using bivariate nonparametric regression models. Based on the
GCV criterion, the Kernel Nadaraya-Watson model with a Gaussian kernel yielded lower GCV
values than the Penalized Spline model, indicating more stable estimation performance under
the given data structure. The results also confirm a significant positive correlation between
stunting and wasting, while the estimated models reveal nonlinear and segment-specific
relationships between nutritional outcomes and their associated factors. These findings
demonstrate that flexible nonparametric approaches are appropriate for capturing the
complexity of child nutrition patterns, particularly in settings with limited sample sizes.

Although nonparametric regression does not rely on strict distributional assumptions,
future studies are encouraged to incorporate explicit outlier detection and control procedures.
Given the flexibility of nonparametric models and the limited sample size, influential or extreme
observations may disproportionately affect local estimation and smoothing behavior.
Implementing robust preprocessing or outlier-handling strategies can improve model stability
and enhance the reliability of empirical interpretations.
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