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Abstract: Maternal Mortality Rate (MMR) is an important indicator 

of maternal health and the quality of healthcare services. Its 

relationship with maternal health-related conditions may be nonlinear, 

requiring a flexible modeling approach. This study aims to model 

MMR using nonparametric spline regression and identify the optimal 

knot configuration for the predictor variables. The response variable 

was MMR, while the predictor variables consisted of Bleeding (X₁), 

Hypertension Disorders (X₂), Post-Miscarriage Complications (X₃), 

and Heart and Blood Vessel Disorders (X₄). Secondary data were 

obtained from the South Sulawesi Provincial Health Office for 24 

districts/cities in 2023. The optimal knot configuration was 

determined using the Generalized Cross-Validation (GCV) criterion. 

The selected model used one knot for X₁, three knots for X₂, two knots 

for X₃, and one knot for X₄. The parameter significance test showed 

that Bleeding (X₁) was the only predictor with a statistically significant 

linear component at the 5% significance level, with a p-value of 

0.0006, while the other linear and spline components were not 

statistically significant. The model achieved an MSE of 0.9388, RMSE 

of 0.9689, MAPE of 15.6494%, and R² of 0.9653. These results 

indicate that nonparametric spline regression flexibly models 

relationships between MMR and selected maternal health-related 

conditions effectively. 

 

1. INTRODUCTION 

The Maternal Mortality Rate (MMR) is an important indicator of maternal health and 

the quality of healthcare services in a region (Aswi et al., 2025). A high MMR reflects not 

only medical and obstetric challenges but is also closely associated with socioeconomic 

conditions and access to adequate maternal healthcare services (Badan Pusat Statistik, 2023). 

Globally, approximately 800 women die each day from preventable causes related to 

pregnancy and childbirth, with more than 80% of maternal deaths considered preventable 

through timely and appropriate interventions (Hidayat et al., 2025). In Indonesia, the MMR 

decreased from 346 per 100,000 live births in 2010 to 189 per 100,000 live births in 2020. 

However, this decline has not been evenly distributed across regions, including South 

Sulawesi Province, which has diverse geographical and socioeconomic conditions, as well as 

differences in access to maternal healthcare services (Badan Pusat Statistik, 2024).  

Several medical conditions are associated with maternal mortality. Hemorrhage is one 

of the major conditions that may lead to maternal death, particularly when timely treatment 

is not provided. Hypertensive disorders during pregnancy also require particular attention 

because they may progress to more severe complications (Sampurna et al., 2023). In addition, 

complications following miscarriage may result in serious health problems when appropriate 

treatment is not provided. Heart and blood vessel disorders may also increase the risk of 
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complications during pregnancy and childbirth, as physiological changes during pregnancy 

place additional demands on the cardiovascular system (Aswi et al., 2025). 

The occurrence of these conditions varies across districts and municipalities. Such 

variation may result in different patterns of association with maternal mortality. The 

relationship between a particular condition and maternal mortality may also not change at a 

constant rate across different levels of occurrence (Raina et al., 2023). At certain levels, a 

change in the number of cases may be associated with a different change in maternal mortality 

than that observed at other levels. This suggests that the relationship between maternal 

mortality and its associated factors should be examined without imposing a specific 

functional form a priori (Qomari and Notobroto, 2022). 

Several studies in recent years have applied spline-based approaches to model maternal 

mortality. (Fadhilah and Islamiyati, 2025) analyzed maternal mortality in South Sulawesi 

while accounting for spatial variation across regions. (Fadhilah, Islamiyati and Nirwan, 2025) 

applied Multivariate Adaptive Generalized Poisson Regression Spline to maternal mortality 

data in South Sulawesi and demonstrated the applicability of spline-based methods in 

capturing nonlinear relationships. More recently, (Annas et al., 2026) applied nonparametric 

B-spline regression to maternal mortality rate data in Indonesia and identified nonlinear 

relationships between maternal mortality and the factors considered. These studies 

demonstrate the potential of spline-based approaches to flexibly characterize the relationship 

between maternal mortality and its associated factors. 

Thus, there remains a need to examine nonlinear relationships between maternal 

mortality and conditions associated with maternal deaths at the district and municipal level in 

South Sulawesi using nonparametric spline regression, without incorporating spatial or 

Poisson components as the primary structure of the model. Furthermore, previous studies in 

South Sulawesi have not specifically examined the relationship between maternal mortality 

and the combination of hemorrhage, hypertensive disorders, complications following 

miscarriage, and heart and blood vessel disorders using a nonparametric spline regression 

framework. 

Nonparametric spline regression provides an appropriate framework for this purpose 

because it does not require the functional relationship between the response and explanatory 

variables to be specified in advance. Spline functions are constructed over several intervals 

and connected at selected knot points, allowing changes in the relationship across different 

ranges of the explanatory variables to be captured. This flexibility enables the association 

between maternal mortality and its related conditions to be characterized according to the 

underlying pattern observed in the data. 

Based on these considerations, this study applies nonparametric spline regression to 

model maternal mortality in South Sulawesi. The approach is used to examine the patterns 

of association between maternal mortality and hemorrhage, hypertensive disorders, 

complications following miscarriage, and heart and blood vessel disorders. The findings are 

expected to provide a clearer description of these relationships across districts and 

municipalities in South Sulawesi and contribute to a better understanding of factors 

associated with maternal mortality. 

 

2. LITERATURE REVIEW 

Nonparametric regression is a regression method in which the functional form of the 

regression curve is not specified in advance (Muthahharah and Hidayat, 2025). In 

nonparametric regression, the regression curve is simply assumed to operate smoothly within 

a certain function space, providing a high degree of flexibility (Abdy, 2019). The 

nonparametric regression model can be expressed in equation (Puspitasari et al., 2023). 



JURNAL GAUSSIAN Vol. 15, No. 2, Tahun 2026                                                   Halaman     381 

𝑦𝑖 = 𝑓(𝑥𝑖) + 𝜀𝑖,      𝑖 = 1,2,3, … , 𝑛   (1) 

Where 𝑦𝑖 is the response variable for the i-th observation, 𝑓(𝑥𝑖) is an unknown smooth 

function, 𝑋𝑖 is the predictor variable for the i-th observation and 𝜀𝑖is a random error term. 

The error term is assumed to be independently and identically distributed with mean zero 

and variance 𝜎2, such that 𝜀𝑖 ∼ 𝑁 (0, 𝜎2). Spline regression is one of the methods used in 

nonparametric regression to model the relationship between response and predictor variables 

when the relationship is nonlinear  (Hesikumalasari et al., 2022). This method is useful when 

the relationship between variables cannot be adequately explained by simple parametric 

models, such as linear regression, because it may have a complex form and change across 

different intervals  (Safitri et al., 2025). The spline regression approach uses polynomial 

functions that are defined over several intervals and connected at selected knot points 

(Hidayat and Ilyas, 2023).  

These intervals are determined by specific points known as knot points (Safitri et al., 

2025). The presence of knot points allows the regression function to adapt to changes in the 

data pattern across different intervals, producing a more flexible curve than conventional 

regression models (Syamsualam and Hidayat, 2022). Although a spline consists of several 

polynomial pieces, the resulting function remains smooth because continuity conditions are 

imposed at the knot points (Hidayat et al., 2021) Because existence condition continuity at 

knot points (Suriaslan, Budiantara and Ratnasari, 2025).In general, spline regression is able 

to balance model flexibility and estimation stability (Arifanti and Hidayat, 2021). This 

makes spline regression an effective method for modeling data with unknown patterns, 

particularly in the fields of health, economics, and the environment. The spline regression 

model can be expressed as follows (Nurhuda, Wasono and Nohe, 2022): 

𝑓(𝑥𝑖) = ∑ 𝛽𝑗

𝑝

𝑗=0
𝑥𝑖

𝑗
+ ∑ 𝛽(𝑝+𝑙)

𝐾

𝑙=1
(𝑥𝑖 − 𝑘𝑙)𝑝  (2) 

with 

(𝑥𝑖 − 𝑘𝑙)𝑝 = {
(𝑥𝑖−𝑘𝑙)𝑝, 𝑥𝑖 ≥ 𝑘𝑙

0, 𝑥𝑖 < 𝑘𝑙
        (3) 

where 𝑓(𝑥𝑖) is spline regression function, 𝑘1, 𝑘2, … , 𝑘𝐾is knot point, 𝑥𝑖 is predictor variable, 

𝛽 is regression parameters and 𝑝 is degree of polynomial. The parameters of the spline 

regression model are estimated using the Ordinary Least Squares (OLS) method. In matrix 

form, the spline regression model can be expressed as (Ramadhan, Nohe and Wahyuningsih, 

2023): 

𝒚 = 𝑿𝜷 + 𝜺     (4) 

where 𝑦is the response vector, 𝑋is the spline design matrix, 𝜷 is the vector of regression 

parameters, and 𝜀is the error vector. The OLS estimator is obtained by minimizing the sum 

of squared residuals, resulting in (Handajani, Pratiwi and Qona, 2023): 

𝜷̂ = (𝑿𝑇𝑿)−1𝑿𝑇𝒚    (5) 

The estimated parameters are then substituted into the spline regression function to 

obtain the fitted model. The model shows that the spline function is a combination of a global 

polynomial and additional components that are active after passing certain knot points This 

structure allows the model to adapt to local changes in the data pattern while maintaining 

overall stability (Sriliana, Budiantara and Ratnasari, 2022). The selection of knot points is 

an important stage in spline regression because it directly affects the shape and performance 

of the resulting model. The knot point functions as barrier between intervals that allow the 

model to adjust change data patterns in each part (Hidayat, Muthahharah and Resmawan, 

2025). The inclusion of knot points allows spline models to flexibly capture the relationship 

between variables (Sanusi, Syam and Adawiyah, 2019). 
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However, the number and locations of knot points should be selected carefully. If too 

few knot points are used, the model may not be sufficiently flexible to capture the underlying 

data pattern, resulting in underfitting (Kaseside and Loklomin, 2021). Conversely, using too 

many knot points may make the model overly complex and cause it to capture random 

fluctuations in the data, resulting in overfitting. Therefore that, is necessary something 

methods that can help determine the most optimal knot point (Ariesta, Gusriani and 

Parmikanti, 2021). One of frequent methods used in election knot point is Generalized Cross 

Validation (GCV This method is used to evaluate model performance by balancing 

prediction error and model complexity. In general, good model is a model that has the 

smallest GCV value. Mathematically, the GCV value can be written as follows (Puspitasari 

et al., 2023): 

GCV =
MSE

(1−
tr(𝐻)

𝑛
)

2              (6) 

with: 

MSE =
1

𝑛
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)2         (7) 

Where 𝑛 is number of observations, 𝑦𝑖is observed value of the response variable, 𝑦̂𝑖 is 

predicted value of the response variable, 𝑯 is a hat matrix, and tr(𝑯) is trace of the hat 

matrix. Obtained from the sum of its diagonal elements. The hat matrix is defined as (Ariesta, 

Gusriani and Parmikanti, 2021): 

𝑯 = 𝑿(𝑿𝑇𝑿)−1𝑿𝑇    (8) 

Where 𝑿 is the design matrix containing the spline basis functions corresponding to a 

particular knot configuration. For each candidate knot configuration, a different spline 

design matrix 𝑿 is constructed according to the number and position of the selected knot 

points. Consequently, the corresponding hat matrix 𝑯 and its trace 𝑡𝑟(𝑯) also change for 

each candidate model. The GCV value is then calculated for each candidate knot 

configuration using Equation (6). The knot configuration that produces the smallest GCV 

value is selected as the optimal configuration for the spline regression model (Handajani, 

Pratiwi and Qona, 2023).  

Once the spline regression model has been constructed, parameter testing is conducted 

to determine whether the variables included in the model significantly contribute to the 

response variable. Parameter testing generally consists of simultaneous and partial tests. The 

simultaneous test is used to determine whether the model parameters jointly influence the 

response variable, whereas the partial test is used to evaluate the significance of individual 

parameters (Suriaslan, Budiantara and Ratnasari, 2025). 

Parameter significance testing was conducted to evaluate whether the estimated model 

parameters significantly contributed to the response variable. The significance of the 

individual parameters was evaluated using the t-test. This procedure is appropriate because, 

after the spline basis functions and knot locations are fixed, the spline regression model is 

linear in its parameters, and the parameters are estimated using the Ordinary Least Squares 

(OLS) method. Under the assumptions required for OLS-based inference, including 

independently and identically distributed errors with mean zero and constant variance, the 

estimated coefficients can be evaluated using t-statistics. This inference concerns the 

coefficients of the spline basis functions and does not imply that the underlying regression 

function itself is parametric. The t-test statistic is expressed as follows (Safitri et al., 2025): 

𝑡 =
𝛽̂𝑗

𝑆𝐸(𝛽̂𝑗)
    (9) 

where 𝛽̂𝑗 denotes the estimated 𝑗-th regression parameter and 𝑆𝐸(𝛽̂𝑗) denotes its standard 

error. A parameter is considered statistically significant when its corresponding p-value is 
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smaller than the predetermined significance level 𝛼. Then, coefficient determination (R²) 

used for measure how much big model capabilities in explain variations in variables 

response. The R² value shows proportion diversity of data that can be explained by the 

variables existing predictors in the model. The R² value is in the range of 0 to 1. A higher 

𝑅2 value indicates that the model explains a greater proportion of the variability in the data. 

Conversely, an 𝑅2 value close to zero indicates that the model has limited ability to explain 

the variation in the response variable. In terms of mathematical , coefficient determination 

can written as following (Kaseside and Loklomin, 2021): 

𝑅2 = 1 −
∑ (

𝑛

𝑖=1
𝑦𝑖−𝑦̂𝑖)2

∑ (
𝑛

𝑖=1
𝑦𝑖−𝑦̄)2

   (10) 

Where 𝑦𝑖 is the actual value, 𝑦̂𝑖 is the predicted value of the model, 𝑦̄ is the average of the 

response variablea and 𝑛 is the number of observations.  

 

3. METHODOLOGY 

This study employed a quantitative approach to model the relationship between the 

response and predictor variables using nonparametric spline regression. The data used in this 

study were secondary data obtained from the South Sulawesi Provincial Health Office. The 

observational units consisted of 24 districts/cities in South Sulawesi Province in 2023, 

resulting in 24 observations. The response variable was the Maternal Mortality Rate (MMR), 

measured as the number of maternal deaths per 100,000 live births. The predictor variables 

consisted of Bleeding (X₁), Hypertension Disorders (X₂), Post-Miscarriage Complications 

(X₃), and Heart and Blood Vessel Disorders (X₄), measured as the number of maternal deaths 

attributed to each respective condition in each district/city. These predictor variables 

represent maternal health-related causes of maternal deaths reported in the same observation 

units. They were not used as components to calculate or construct the MMR response 

variable. 

The data analysis was conducted through several sequential stages based on the 

nonparametric spline regression model presented in the previous section. The first stage 

involved descriptive analysis to examine the characteristics of the response and predictor 

variables. Data exploration was then performed using scatter plots to identify the initial 

patterns of the relationships between each predictor variable and MMR and to assess the 

suitability of a nonlinear modeling approach. 

The next stage involved constructing the nonparametric spline regression model based 

on the formulation presented in Equation (1). The truncated spline basis functions were 

constructed according to Equation (2). For each predictor variable, one-, two-, and three-

knot configurations were considered as candidate models. The optimal knot configuration 

was determined using the Generalized Cross-Validation (GCV) criterion formulated in 

Equation (3). The knot configuration with the smallest GCV value was selected as the 

optimal configuration for each predictor variable. 

After the optimal knot points were determined, the corresponding spline basis matrix 

was constructed, and the model parameters were estimated using the least squares method 

as formulated in Equation (4). The fitted model was then evaluated to determine its statistical 

and predictive performance. The final stage involved evaluating the fitted model using the 

coefficient of determination (R²) and the prediction error measures defined in the previous 

section. The selected model was subsequently interpreted to describe the relationships 

between Bleeding (X₁), Hypertension Disorders (X₂), Post-Miscarriage Complications (X₃), 

and Heart and Blood Vessel Disorders (X₄) and the Maternal Mortality Rate (MMR). 

 

4. RESULT 
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The first stage of the analysis involved conducting descriptive statistics to provide an 

initial overview of the characteristics of the study variables. Descriptive statistics of the 

Maternal Mortality Rate (MMR) and the independent variables, namely Bleeding (𝑋1), 

Hypertension Disorders (𝑋2), Post-Miscarriage Complications (𝑋3), and Heart and Blood 

Vessel Disorders (𝑋4), are presented in Table 1. 

Table 1. Statistics Descriptive Variables Study 
Variable Mean Minimum Maximum Standard Deviation 

𝒀 7.375 2 20 5.315 

𝑿𝟏 2.167 0 5 1.341 

𝑿𝟐 2.250 0 8 2.090 

𝑿𝟑 1.750 0 7 2.027 

𝑿𝟒 2.167 1 5 1.239 

Table 1 presents the descriptive statistics of Maternal Mortality (MMR) and the four 

predictor variables. The mean Maternal Mortality was 7.375, with values ranging from 2 to 

20 and a standard deviation of 5.315, indicating considerable variation in maternal mortality 

across the observed regions. Among the predictor variables, Hypertension Disorders 
(𝑋2) had the highest mean value of 2.250, followed by Bleeding (𝑋1) and Heart and Blood 

Vessel Disorders (𝑋4), both with a mean of 2.167. Post-Miscarriage Complications (𝑋3) had 

a mean value of 1.750. The variability of the predictor variables, as indicated by their 

standard deviations, ranged from 1.239 for Heart and Blood Vessel Disorders to 2.090 for 

Hypertension Disorders.  

The next stage of the analysis was to examine the relationship between each independent 

variable and the Maternal Mortality Rate (MMR) using scatter plots. This step was 

conducted to identify the initial pattern of the relationship between the predictor variables 

and the response variable and to determine whether a linear or non-linear relationship should 

be considered in the subsequent modeling stage. 

 
Figure 1. (a) Bleeding and MMR, (b) Hypertension Disorder and MMR, (c) Post-Miscarriage 

Complications and MMR, (d) Heart and Blood Vessel Disorders and MMR 

Based on Figure 1, the scatter plot results between independent variables and the 

response variable, the relationships between X₁, X₂, X₃, X₄, and the Maternal Mortality Rate 

(MMR) show varying patterns across the observed values. Therefore, a nonparametric spline 

approach was applied to all four predictor variables to allow the model to accommodate 

potential changes in the relationships across different ranges of each predictor. The number 

and locations of the knot points for each predictor were subsequently determined using the 

Generalized Cross-Validation (GCV) criterion. 
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The next stage of the analysis was to determine the optimal knot points for the spline 

components. One-, two-, and three-knot models were considered as candidate models for 

each predictor variable, and the optimal knot configuration was selected based on the 

Generalized Cross-Validation (GCV) criterion. The knot configuration with the lowest GCV 

value was selected as the optimal configuration for each predictor variable. The first step in 

constructing the spline regression model was to determine the optimal knot point for each 

predictor variable. At this stage, the predictor variables, namely 𝑋1, 𝑋2, 𝑋3, and 𝑋4, were 

each fitted using a single knot point. The optimal knot point was determined by evaluating 

candidate knot locations using the Generalized Cross-Validation (GCV) criterion. The knot 

configuration yielding the minimum GCV value was selected as the optimal configuration 

for each predictor variable.  

The use of the Generalized Cross-Validation (GCV) criterion for selecting optimal knot 

points is consistent with previous international studies on truncated spline regression. (Putra, 

Fadhlurrahman and Gunardi, 2023) used GCV to determine optimal knot points in 

geographically weighted truncated spline nonparametric regression and evaluated different 

knot configurations to obtain the model with the smallest GCV value. This approach 

supports the use of GCV as a criterion for selecting knot locations while considering model 

fit and complexity. The results of the optimization for the one-knot model are presented in 

Table 2. 

Table 2. GCV Values for the One-Knot Model 
Predictor Variable Optimal Knot Minimum GCV 

𝑿𝟏 4.0 16.4673 

𝑿𝟐 1.5 9.5369 

𝑿𝟑 3.0 7.7226 

𝑿𝟒 3.0 28.5077 

Table 2 shows that the minimum GCV values for 𝑋1, 𝑋2, 𝑋3, and 𝑋4 were 16.4673, 

9.5369, 7.7226, and 28.5077, respectively. The corresponding optimal knot points were 4.0 

for 𝑋1, 1.5 for 𝑋2, 3.0 for 𝑋3, and 3.0 for 𝑋4. These results represent the best one-knot 

configurations for each predictor variable based on the minimum GCV criterion. The next 

step was to determine the optimal knot points for the spline regression model with two knot 

points. At this stage, all candidate combinations of two knot points were evaluated for each 

predictor variable. The optimal combination was selected based on the Generalized Cross-

Validation (GCV) criterion, with the best configuration corresponding to the minimum GCV 

value. The results of the optimization for the two-knot model are presented in Table 3. 

Table 3. GCV Values for the Two-Knot Model 
Predictor Variable Optimal Knot Points Minimum GCV 

𝑿𝟏 1.0, 4.0 17.8169 
𝑿𝟐 2.0, 4.4 8.9472 
𝑿𝟑 3.0, 4.7 7.6293 
𝑿𝟒 3.0, 4.0 30.5100 

Table 3 shows that the minimum GCV values for X₁, X₂, X₃, and X₄ were 17.8169, 

8.9472, 7.6293, and 30.5100, respectively. The corresponding optimal knot points were 1.0 

and 4.0 for 𝑋1, 2.0 and 4.4 for 𝑋2, 3.0 and 4.7 for 𝑋3, and 3.0 and 4.0 for 𝑋4. Compared with 

the one-knot model, the two-knot configuration produced a lower GCV value only for X₃, 

whereas the GCV values for 𝑋1, 𝑋2, and 𝑋4 increased. Therefore, based on the GCV 

criterion, the two-knot model provides an improvement only for 𝑋3. The final candidate 

model considered was the spline regression model with three knot points. As in the previous 

stages, all candidate combinations of three knot points were evaluated for each predictor 
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variable, and the optimal combination was determined based on the minimum GCV value. 

The optimization results for the three-knot model are presented in Table 4. 

Table 4. GCV Values for the Three-Knot Model 
Predictor Variable Optimal Knot Points Minimum GCV 

𝑿𝟏 1.0, 3.0, 4.0 19.0424 
𝑿𝟐 3.0, 4.4, 5.0 5.7179 
𝑿𝟑 1.0, 2.1, 3.0 8.0144 
𝑿𝟒 2.0, 3.0, 4.0 33.5335 

Table 4 shows that the minimum GCV values for 𝑋1, 𝑋2, 𝑋3, and 𝑋4 were 19.0424, 

5.7179, 8.0144, and 33.5335, respectively. The corresponding optimal knot points were 1.0, 

3.0, and 4.0 for 𝑋1; 3.0, 4.4, and 5.0 for 𝑋2; 1.0, 2.1, and 3.0 for 𝑋3; and 2.0, 3.0, and 4.0 for 

𝑋4. Among the candidate models, the three-knot configuration produced the lowest GCV 

value for 𝑋2, indicating that the additional knot points improved the model's ability to 

capture the relationship between 𝑋2 and the response variable. After evaluating the one-knot, 

two-knot, and three-knot models, the optimal knot configuration for each predictor variable 

was selected based on the minimum GCV value. The comparison of GCV values for the 

three candidate knot configurations is presented in Table 5. 

Table 5. Comparison of GCV 
Predictor Variable One Knot Two Knots Three Knots Optimal Configuration 

𝑿𝟏 16.4673 17.8169 19.0424 One knot 
𝑿𝟐 9.5369 8.9472 5.7179 Three knots 
𝑿𝟑 7.7226 7.6293 8.0144 Two knots 
𝑿𝟒 28.5077 30.5100 33.5335 One knot 

Based on Table 5, the optimal knot configuration differs across the predictor variables. 

Bleeding (𝑋1) has the lowest GCV value under the one-knot model, with a GCV of 16.4673. 

Hypertension Disorders (𝑋2) achieves its lowest GCV value under the three-knot model, 

with a GCV of 5.7179. Meanwhile, Post-Miscarriage Complications (𝑋3) has the lowest 

GCV value under the two-knot model, with a GCV of 7.6293. Heart and Blood Vessel 

Disorders (𝑋4) has the lowest GCV value under the one-knot model, with a GCV of 28.5077. 

Therefore, the selected knot configuration consists of one knot for 𝑋1, three knots for 𝑋2, 

two knots for 𝑋3, and one knot for 𝑋4. The corresponding optimal knot points are 4 for 𝑋1; 

3.0, 4.4, and 5.0 for 𝑋2; 3.0 and 4.7 for 𝑋3; and 3 for 𝑋4. These selected knot points were 

subsequently used to construct the final spline regression model. 

Based on the optimal knot configuration obtained in the previous subsection, the spline 

regression model with one knot for 𝑋1, three knots for 𝑋2, two knots for 𝑋3, and one knot 

for 𝑋4 was selected as the final model. This model was then used to examine the contribution 

of each independent variable to the Maternal Mortality Rate (MMR). The results of the 

model parameter estimation are presented in Table 6. The use of parameter significance 

testing in truncated spline regression is also supported by previous research. (Ayu, Srinadi 

and Sukarsa, 2024) applied truncated spline nonparametric regression and conducted partial 

parameter significance testing after estimating the spline model. Their study reported 

coefficient estimates together with t-statistics and p-values for individual spline parameters, 

demonstrating the use of partial inference to evaluate the statistical significance of estimated 

spline coefficients. 

Table 6. Spline Regression Model Parameter Estimation Results 
Variable Coefficient t-count p-value 
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Intercept 1.1305 0.9858 0.3437 

𝑋1 (Bleeding) 1.2660 4.5829 0.0006 

𝑋2 (Hypertension Disorders) 0.2153 0.5021 0.6247 

𝑋3 (Post-Miscarriage Complications) 0.3008 0.6443 0.5315 

𝑋4 (Heart and Blood Vessel Disorders) 0.5015 0.7334 0.4774 

B₁₁ (Spline 𝑋1 − 4) 3.0764 0.2927 0.7748 

B₂₁ (Spline 𝑋2 − 3.0) 2.6441 2.0422 0.0637 

B₂₂ (Spline 𝑋2 − 4.4) −1.1082 −1.0060 0.3343 

B₂₃ (Spline 𝑋2 − 5.0) −1.3979 −0.2303 0.8217 

B₃₁ (Spline 𝑋3 − 3.0) 1.4310 0.8065 0.4357 

B₃₂ (Spline 𝑋3 − 4.7) −0.8797 −0.0802 0.9374 

B₄₁ (Spline 𝑋4 − 3) −1.0731 −0.7326 0.4779 

From Table 6, the spline regression model formed is: 

𝑌̂ = &1.1305 + 1.2660𝑋1 + 0.2153𝑋2 + 0.3008𝑋3 + 0.5015𝑋4 + 3.0764(𝑋1 − 4)+

+ 2.6441(𝑋2 − 3.0)+ − 1.1082(𝑋2 − 4.4)+ − 1.3979(𝑋2 − 5.0)+

+ 1.4310(𝑋3 − 3.0)+ − 0.8797(𝑋3 − 4.7)+ − 1.0731(𝑋4 − 3)+ 

The partial test results indicate that Bleeding (𝑋1) is the only predictor variable that is 

statistically significant at the 5% significance level, with a p-value of 0.0006. The positive 

coefficient of 𝑋1 (1.2660) indicates a positive association between the linear component of 

Bleeding and the estimated MMR. Meanwhile, Hypertension Disorders (𝑋2), Post-

Miscarriage Complications (𝑋3), and Heart and Blood Vessel Disorders (𝑋4) are not 

statistically significant at the 5% level, with p-values of 0.6247, 0.5315, and 0.4774, 

respectively. None of the spline components is statistically significant at the 5% significance 

level. Among the spline components, the spline component of X₂ at the knot point 3.0 has 

the smallest p-value, namely 0.0637, but this value remains above the 0.05 significance level. 

Therefore, there is insufficient statistical evidence to conclude that the individual spline 

components are statistically significant at the 5% level. 

The results of the partial significance test are also supported by recent research on 

statistical inference in nonparametric regression. (Ramli, Budiantara and Ratnasari, 2024) 

developed a statistical inference framework for nonparametric regression and specifically 

addressed partial hypothesis testing for individual model parameters. These findings support 

the use of partial significance testing for evaluating individual coefficients in the present 

truncated spline regression model, provided that the underlying assumptions of the 

inferential procedure are satisfied. After obtaining the final spline regression model, the next 

stage was to evaluate its performance in explaining and predicting the Maternal Mortality 

Rate (MMR). Model evaluation was conducted using the Mean Squared Error (MSE), Root 

Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and coefficient of 

determination (R²). The spline regression model obtained an MSE value of 0.9388 and an 

RMSE value of 0.9689. These values indicate that the difference between the observed and 

estimated MMR values is relatively small. The model also produced a MAPE value of 

15.6494%, indicating that the average absolute percentage error of the model predictions is 

approximately 15.65%. Furthermore, the coefficient of determination (R²) was 0.9653, 

indicating that approximately 96.53% of the variation in MMR can be explained by the 

predictor variables and spline components included in the model, while the remaining 3.47% 

is associated with factors not included in the model. These results are consistent with 

previous studies applying truncated spline nonparametric regression. Saidah et al. (2022) 

evaluated a multivariable truncated spline model using the coefficient of determination (R²) 

and Mean Absolute Percentage Error (MAPE) after selecting the optimal knot configuration 

using GCV.  
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5. CONCLUSION 

Based on the analysis, the nonparametric spline regression model provided a flexible 

approach for modeling the Maternal Mortality Rate (MMR) across 24 districts/cities in South 

Sulawesi in 2023. Based on the Generalized Cross-Validation (GCV) criterion, the optimal 

knot configuration consisted of one knot for Bleeding (X₁), three knots for Hypertension 

Disorders (X₂), two knots for Post-Miscarriage Complications (X₃), and one knot for Heart 

and Blood Vessel Disorders (X₄). The corresponding knot points were 4 for X₁; 3.0, 4.4, and 

5.0 for X₂; 3.0 and 4.7 for X₃; and 3 for X₄. The parameter significance test showed that 

Bleeding (X₁) was the only predictor with a statistically significant linear component at the 

5% significance level, with a p-value of 0.0006. The other linear components and all spline 

components were not statistically significant at the 5% significance level. 

The selected model achieved an MSE of 0.9388, an RMSE of 0.9689, a MAPE of 

15.6494%, and an R² of 0.9653. The R² value indicates that 96.53% of the variation in MMR 

is explained by the predictor variables and spline components included in the model. Among 

the spline components, the component of X₂ at the knot point 3.0 had the smallest p-value 

(0.0637), but it remained above the 0.05 significance level. Overall, the results indicate that 

nonparametric spline regression can provide a flexible framework for modeling the 

relationship between MMR and the selected maternal health-related conditions. 
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