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Article Info ABSTRACT 

Article History: 
Pneumonia is the leading cause of death among children under five, with the highest 

prevalence in Indonesia found in West Papua Province (75%) and the lowest in North 

Sulawesi (0.3%). This study aims to analyze the factors influencing the prevalence of 

pneumonia in Indonesian toddlers using nonparametric regression approach by 

comparing Least Square Spline (LS-Spline) and Fourier Series. Data sourced from the 

Indonesian Ministry of Health website, consisting of 34 provinces in Indonesia in 2023, 

with one response variable (Y) and five predictor variables (X). The analyzed factors 

include the coverage of vitamin A supplementation, malnutrition rates, low birth weight 

prevalence, measles immunization coverage, and exclusive breastfeeding rates. The 

analysis was conducted by modeling with nonparametric Least Square Spline regression 

using up to three optimal knot points, then performing analysis using nonparametric 

regression with the Fourier series approach. The two methods were compared based on 

GCV and R², with the best model having lower GCV and higher R². The results showed 

that LS-Spline was better than Fourier Series, with a GCV value of 233.16 and a 

coefficient of determination of 92.5%. The findings reveal that the relationships between 

predictor factors and pneumonia prevalence are nonlinear, with varying influence 

patterns across different variable ranges. These results indicate that LS-Spline has a 

strong ability to explain data variability. The Fourier series is limited in this study 

because it is best suited for periodic data, unlike pneumonia data and its causal factors 

which do not show such patterns. The weakness of the Fourier Series in this study lies in 

its suitability for periodic data, while pneumonia cases and their causal factors do not 

follow such patterns. This study offers insights into health policy making to reduce 

pneumonia cases, improve their lives, in line with the SDGs target on Good Health and 

Well-being. 
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1. INTRODUCTION 

Pneumonia is an inflammation of the lung tissue that can be caused by viruses, bacteria, fungi, or 

parasites. In 2019, pneumonia caused 14% of all deaths in children under 5 years of age with a total of 740,180 

deaths [1]. Pneumonia is the leading cause of death among toddlers in the world, even more than AIDS, 

malaria, and measles combined. The highest prevalence of pneumonia cases is in Southeast Asia at 39%, and 

Africa at 30% [2]. In the Southeast Asian region, there are 3 countries with the highest prevalence, namely 

the Philippines at 5.2%, Indonesia at 3.8%, and Malaysia at 1.8%. Cases of pneumonia among toddlers in 

Indonesia in 2020 were 309,838 people with East Java Province as the province with the highest rate of 

pneumonia cases, which was 76,929 people [3]. Every year, it is estimated that more than 2 million toddlers 

die from pneumonia (1 toddler every 20 seconds) out of a total of 9 million toddler deaths. Out of every 5 

deaths of toddlers, 1 of them is caused by pneumonia.  

There are several factors that affect pneumonia in toddlers. Previous studies that analyzed the effect of 

measles and vitamin A immunization on pneumonia using the Poisson regression test method concluded that 

measles immunization accompanied by vitamin A administration can be used as a preventive measure in an 

effort to reduce the incidence of pneumonia [4]. There were also other studies that examined the relationship 

between exclusive breastfeeding history, low birth weight (BBLR), and home physical condition with the 

incidence of pneumonia in toddlers, which was obtained that there was a significant relationship between 

exclusive breastfeeding history, BBLR history, and home physical condition with pneumonia in toddlers in 

the working area of the Kediri Health Center, West Lombok Regency [5]. As for another study that analyzed 

the relationship between nutritional status and the degree of pneumonia in toddlers, it was concluded that 

there was a meaningful relationship between nutritional status and the degree of pneumonia in toddlers in 

hospitals. Dr. M. Djamil Padang, namely most of the toddlers with severe pneumonia have poor and poor 

nutritional status [6]. In addition, there are studies that show that the use of the spline nonparametric 

regression method is appropriate to analyze factors that affect pneumonia in toddlers because R2 is obtained 

at 97.224% [7]. Furthermore, a large-scale international study in China found that low birth weight, short 

breastfeeding duration, parental smoking, and damp housing conditions significantly increased the risk of 

pneumonia in children, highlighting the importance of both biological and environmental factors in 

pneumonia prevention efforts [8]. Supporting these findings, a case-control study in Indonesia also showed 

that nonexclusive breastfeeding, incomplete basic immunizations, indoor air pollution, low birth weight, and 

severe wasting are significant risk factors for pneumonia in children. Among these, exclusive breastfeeding 

was identified as the most dominant protective factor, while sex was found to modify its relationship with 

pneumonia incidence [9]. 

In study [10], research has been conducted on the analysis of factors affecting pneumonia in toddlers 

related to weather using the VAR and VECM methods. For further research, the authors analyzed factors 

influencing pneumonia in toddlers using different methods and variables to explore other aspects that have 

not been studied. This follow-up research with a different approach is expected to help uncover new 

relationships between variables. This study uses one of the nonparametric regression methods, namely the 

least square spline method because it is one of the methods that can explore the variables that affect 

pneumonia in Indonesian toddlers. LS-Spline is a method that adapts local changes in data using knots, which 

allows the model to follow changes in data behavior at different intervals [11]. The optimal determination of 

the position of the knots is carried out using the Generalized Cross Validation (GCV) method, which selects 

the number and position of knots by minimizing the function of the GCV. This approach ensures that the 

spline model balances between the accuracy of the data fitting and the smoothness to avoid overfitting [12]. 

The advantage of this method lies in its flexibility and ability to handle complex data with diverse patterns. 

Therefore, this method is very suitable for the analysis of variables that affect pneumonia in toddlers in 

Indonesia, with patterns and relationships between variables likely to differ in each region. The selection of 

the spline method in this study is based on its ability to capture non-linear relationships between predictor 

variables. The flexibility of this method allows for a more in-depth analysis of the interaction between factors 

such as nutritional status, immunization coverage, and exclusive breastfeeding. Traditional linear regression 

methods may not be able to capture the complexity of these relationships. Therefore, the spline method 

becomes more appropriate in this analysis, as it provides a better balance between model complexity and 

interpretability. This is supported by [13], who demonstrated that spline regression models offer higher 

explanatory power and better flexibility in modeling non-linear relationships compared to traditional linear 

or polynomial regression, while still maintaining interpretable coefficients.  
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In addition, further analysis was conducted using nonparametric series regression as a comparison to 

the results of the LS-Spline analysis. The use of the LS-Spline and Fourier Series methods is highly relevant 

in analyzing the factors influencing pneumonia among infants in Indonesia, due to their ability to capture 

complex, nonlinear relationships between causal variables and pneumonia prevalence relationships that 

cannot be adequately modeled using conventional parametric regression. The LS-Spline method was selected 

for its flexibility in adapting to local variations in the data by optimized knot points, determined by the 

Generalized Cross-Validation (GCV) method, which allows for accurate modeling while minimizing the risk 

of overfitting. In contrast, the Fourier Series method was applied as a comparative approach, particularly for 

assessing model performance in data that may exhibit oscillatory or periodic behavior. Therefore, the 

application of both methods serves to address the complexity of regional variations in pneumonia risk factors, 

while providing a more adaptive and data-driven modeling framework to inform health policy and 

intervention strategies. 

This research is also carried out to support the Sustainable Development Goals (SDGs), precisely to 

support the third goal, namely “Good Health and Well-being” (SDG 3), especially target 3.2 which aims to 

end preventable infant and toddler deaths by 2030 [14]. By understanding the factors that affect pneumonia 

in toddlers, it is hoped that more effective preventive measures can be taken both through health policies and 

interventions in the community. This is expected to be able to reduce the incidence of pneumonia in toddlers 

and improve their quality of life. 

2. RESEARCH METHODS 

2.1 Data Sources and Research Variables 

This approach is used to analyze factors affecting pneumonia in toddlers in Indonesia using the spline 

nonparametric regression method. The data used in this study is secondary data. Secondary data is a data 

source that does not directly provide data to data collectors, for example through documents [15]. This 

research comes from various sources to complement the shortcomings in the previous data. The data source 

used comes from the Ministry of Health (https://kemkes.go.id/) website, precisely from the 2023 Indonesian 

Health Profile [16]. The data used are from 34 provinces in Indonesia in 2023 for all variables, with one 

response variable (𝑌) and five predictor variables (𝑋). The unit of measurement for each variable is a 

percentage. The data used included data on the percentage of pneumonia coverage in toddlers (𝑌), the 

percentage of toddlers receiving Vitamin A supplements (𝑋1), the percentage of toddlers with poor nutritional 

status (𝑋2), the percentage of infants with low-birth-weight (𝑋3), the percentage of toddlers who had received 

measles immunization (𝑋4), and the percentage of toddlers receiving exclusive breastfeeding (𝑋5). The 

variables used in this study were selected based on empirical findings from previous studies, specifically [4], 

[5], [6], and [7],  which consistently demonstrate that these variables have a significant influence on the 

incidence of pneumonia in infants.  Study [4] highlights the importance of measles immunization and vitamin 

A supplementation as effective preventive measures in reducing the incidence of pneumonia. Meanwhile, a 

study [5] found that a history of exclusive breastfeeding, low birth weight, and physical conditions at home 

have a meaningful association with the risk of pneumonia. Additionally, a study [6] confirms that poor 

nutritional status is strongly correlated with the severity of pneumonia in infants. Therefore, the selection of 

variables such as vitamin A coverage, nutritional status, prevalence of low birth weight, measles vaccination 

coverage, and exclusive breastfeeding in this study has a strong scientific basis and is relevant for further 

analysis using a nonparametric regression approach. 

2.2 Nonparametric Spline Regression 

Nonparametric regression using splines is a method in regression analysis that does not assume a 

specific functional form between the predictor and response variables. This method utilizes polynomial 

segments joined at knot points to form a flexible curve capable of capturing complex data patterns. The 

general model for spline regression can be expressed in Eq. (1) [17]: 

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

where: 

𝑦𝑖   : the response variable; 

𝑥𝑖   : the predictor variable; 

file:///C:/Users/ASUS/Downloads/(https:/kemkes.go.id/
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𝑓(𝑥𝑖) : the spline function; 

𝜀𝑖  : the random error term assumed to be normally distributed with a mean of 0 and variance 𝜎2. 

A spline function of order 𝑚 with knot points 𝑘1, 𝑘2, ⋯ , 𝑘𝐾 can be represented in Eq. (2): 

𝑓(𝑥) = 𝛽0 + 𝛽1𝑥 + 𝛽2𝑥2 + ⋯ + 𝛽𝑚𝑥𝑚 + ∑ 𝛽𝑚+𝑗(𝑥 − 𝑘𝑗)
+

𝑚𝐾

𝑗=1
(2) 

where:  

𝛽0, 𝛽1, ⋯ , 𝛽𝑚+𝐾    : parameters to be estimated 

(𝑥 − 𝑘𝑗)+
𝑚 = max (0, 𝑥 − 𝑘𝑗)𝑚 : the truncated function. 

Parameter estimation in spline regression is typically performed using methods such as Least Squares 

(LS) or Maximum Likelihood Estimation (MLE). The selection of optimal knot points is often carried out 

using Cross-Validation (CV) or information criteria like Akaike Information Criterion (AIC) or Bayesian 

Information Criterion (BIC) [18]. With its ability to capture complex data patterns, nonparametric spline 

regression serves as a powerful tool in data analysis, particularly when the relationship between variables is 

unknown or when the data exhibits varying behaviour across specific intervals. 

The best spline regression model is one with optimal knot points, which represent changes in the pattern 

of the function. One commonly used method for determining optimal knot points is Generalized Cross 

Validation (GCV). This method is asymptotically optimal, does not depend on the unknown population 

variance (𝜎2), and is invariant to transformations. The optimal knot points can be determined by minimizing 

the GCV value. In general, the GCV method is expressed in Eq. (3) [19]: 

𝐺𝐶𝑉(𝑲) =
𝑀𝑆𝐸(𝑲)

[𝑛−1𝑡𝑟𝑎𝑐𝑒(𝑰 −  𝑨(𝑲))]2
 (3) 

where: 

𝑲 =  𝐾1, 𝐾2, . . . , 𝐾𝑟  : the knot points; 

I     : the identity matrix; 

n     : the number of observations; 

𝑀𝑆𝐸(𝑲) = 𝑛−1 ∑ (𝑦𝑖 − 𝑦̂𝑖)2
𝑛

𝑖=1
; 

𝑨 = 𝑿(𝑿𝑻𝑿)−𝟏𝑿𝑻. 

2.3 Fourier Series Nonparametric Regression 

The Fourier series is a method for analyzing periodic functions. It decomposes periodic functions into 

their sine and cosine components. The Fourier series is a trigonometric polynomial with high flexibility, 

enabling it to adapt effectively to the local characteristics of the data. Given the multivariable nonparametric 

regression model in Eq. (4): 

𝑦𝑖 = 𝜇(𝑥1𝑖, 𝑥2𝑖, ⋯ , 𝑥𝑝𝑖) + 𝜀𝑖 = ∑ 𝑓𝑗(𝑥𝑗𝑖)

𝑝

𝑗=1

+ 𝜀𝑖 ,   𝑖 = 1,2, ⋯ , 𝑛, (4) 

where: 

𝑦𝑖   : the response variable for observation 𝑖; 
𝑥𝑗𝑖   : the predictor variable for observation 𝑖; 

𝑓𝑗(𝑥𝑗𝑖): the partial regression function estimates the nonlinear contribution of predictor 𝑗; 

𝑝 : number of predictors; 

𝜀𝑖  : the random error term assumed to be normally distributed with a mean of 0 and variance 𝜎2. 

The regression curve is then approximated using the Fourier series function as follows: 

𝑓𝑗(𝑥𝑗𝑖) = 𝑏𝑗𝑥𝑗𝑖 +
1

2
𝛼0𝑗 + ∑ 𝛼𝑘𝑗 cos 𝑘𝑥𝑗𝑖 ,      𝑗 = 1,2, ⋯ , 𝑝

𝐾

𝑘=1
, (5) 

where: 

𝑏𝑗   : the coefficient for the linear component of predictor 𝑥𝑗; 

𝛼𝑘𝑗   : the order cosine coefficient for predictor 𝑥𝑗; 
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𝐾 : oscillation parameter. 

The estimated model using the Fourier series approach is as follows: 

𝑦𝑖 = 𝛽0 + 𝑏1𝑥1𝑖 + ∑ 𝛼𝑘1 cos 𝑘𝑥1𝑖

𝐾

𝑘=1

+ 𝑏2𝑥2𝑖 + ∑ 𝛼𝑘2 cos 𝑘𝑥2𝑖

𝐾

𝑘=1

+ ⋯ + 𝑏2𝑥2𝑖 + ∑ 𝛼𝑘𝑝 cos 𝑘𝑥𝑝𝑖

𝐾

𝑘=1

. (6) 

The oscillation parameter (𝐾) has a significant impact on the model in nonparametric regression using 

the Fourier series. The number of cosine wave oscillations in the model is determined by this parameter (𝐾). 

The predicted curve's oscillations become denser and as 𝐾 increases the model becomes more complicated 

and resembles the data patterns. As a result, the bias decreases while the variance tends to increase [20]. 

2.4 Steps of Data Analysis 

The stages of analysis carried out in this study are as follows: 

1. Describe the characteristics of the data. 

a. Collect data from the publication of the Ministry of Health. 

b. Describe the data of each variable of the indicator of the causative factor of pneumonia in 

toddlers to identify the characteristics of the data. 

2. Nonparametric regression modeling using Least Squares Spline in RStudio. 

a. Displaying a visualization of data patterns with scatter plots to find out the pattern of 

relationships that occur between each response variable and each predictor variable. 

b. Modeling the response variables using a spline nonparametric regression model with various 

knot points. 

c. Selects the optimal knot point based on the minimum GCV value. 

d. Get the best spline regression model with optimal knot points. 

e. Conducting parameter significance tests simultaneously and partially. 

f. Conducting a homoscedasticity residual assumption test and a normality assumption test 

from the spline regression model. 

g. Create an interpretation of the Least Square Spline nonparametric regression model. 

3. Nonparametric regression modeling using Fourier Series in RStudio. 

a. Modeling each predictor variable using a finite Fourier series expansion up to order 𝐾 = 3.  

b. Testing multiple values of the oscillation parameter (𝐾 = 1,2,3) to evaluate the model’s fit. 

c. Selecting the optimal Fourier model based on the minimum GCV value and highest 

coefficient of determination (𝑅²). 

d. Formulate the regression equation estimate based on the optimal model results. 

4. Comparing the performance of the Fourier model with the LS-Spline model to determine the better 

fit. 

3. RESULTS AND DISCUSSION 

3.1 Result of Research 

Pneumonia in toddlers is one of the health problems that occur in Indonesia. Pneumonia is recognized 

as one of the most significant respiratory tract infections, with the potential to cause serious complications if 

not treated appropriately and in a timely manner. Therefore, an analysis related to pneumonia in toddlers was 

conducted using Minitab and R software [21]. The percentage of pneumonia detection coverage in toddlers 

in 2023 is as follows: 
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Figure 1. Percentage Coverage of Pneumonia Detection in Toddlers (2023) 

Based on Fig. 1, it is known that the highest percentage of pneumonia in toddlers in Indonesia is in 

West Papua Province with 75 percent, which means that among 100 toddlers there are 75 toddlers who suffer 

from pneumonia. The province with the next highest percentage is DKI Jakarta Province with 72.4 percent 

and Bali Province with 71.6 percent. In addition, it is known that the lowest percentage of pneumonia in 

children under five in Indonesia is in North Sulawesi Province with a percentage of 0.3 percent. The 

characteristics of pneumonia in toddlers in 2023 and the factors that are suspected to affect it are as follows: 

Table 1. Descriptive Statistics of Pneumonia in Toddlers (2023) and the Factors 

Variable Average Variance Minimum Value Maximum Value 

𝑌 31.92 469.39 0.30 75.00 

𝑋1 63.21 246.16 26.31 90.49 

𝑋2 4.088 3.442 1.200 7.900 

𝑋3 4.591 4.144 1.000 8.10 

𝑋4 68.83 39.72 49.72 81.32 

𝑋5 57.39 308.01 10.90 81.10 

Based on Table 1, it is known that the average percentage of pneumonia in children under five in 

Indonesia in 2023 is 31.92 percent with a variance of 469.39. This means that out of 100 toddlers in Indonesia, 

there are an average of 32 toddlers in each province who suffer from pneumonia. The percentage of 

pneumonia in toddlers is the highest in Indonesia at 75 percent, namely in West Papua Province and the 

lowest in Indonesia at 0.3 percent, namely in North Sulawesi Province. This extreme disparity, such as the 

75% pneumonia rate in West Papua compared to only 0.3% in North Sulawesi may be influenced by several 

epidemiological and systemic factors. These include differences in healthcare access, the accuracy of case 

reporting, the availability of medical personnel, geographic challenges, and the public health infrastructure. 

In remote provinces like West Papua, limited access to health services may result in delayed diagnosis and 

higher reported prevalence during concentrated detection campaigns. Conversely, provinces with better 

infrastructure, such as North Sulawesi, may have more stable and continuous healthcare delivery, leading to 

lower recorded prevalence. These factors highlight the importance of contextualizing the data and addressing 

regional inequalities in health surveillance and intervention efforts. 

Variable 𝑋1 is the percentage of coverage of Vitamin A administration to toddlers in Indonesia in 2023 

with an average of 63.21 percent with a variance of 246.16. This means that out of 100 toddlers in Indonesia, 

on average, there are 64 toddlers in each province who are given Vitamin A. The highest percentage of 

coverage of Vitamin A for toddlers in Indonesia in 2023 is 90.49 percent, namely in North Kalimantan 
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Province. Meanwhile, the lowest percentage of coverage for Vitamin A for toddlers in Indonesia in 2023 is 

26.31 percent, namely in Papua Province. 

The 𝑋2 variable is the percentage of toddlers with undernourished status in 2023 with an average of 

4.088 percent with a variance of 3.442. This means that out of 100 toddlers in Indonesia, there are an average 

of 5 toddlers with malnourished status in each province. The percentage of toddlers with the highest 

malnutrition status in Indonesia in 2023 is 7.9 percent, namely in East Nusa Tenggara Province. Meanwhile, 

the percentage of children under five with the lowest nutritional status in Indonesia in 2023 is 1.2 percent, 

namely in DKI Jakarta Province. 

The 𝑋3 variable is the percentage of babies with low birth weight in 2023 with an average of 4.591 

percent with a variance of 4.144. This means that out of 100 babies in Indonesia, there will be an average of 

5 babies with low birth weight in 2023 in each province. The highest percentage of babies with low birth 

weight in Indonesia in 2023 is 8.1 percent, namely in Gorontalo Province. Meanwhile, the percentage of 

babies with the lowest birth weight in Indonesia in 2023 is 1 percent, namely in DKI Jakarta Province. 

The 𝑋4 variable is the percentage of toddlers who have received measles immunization in 2023 with 

an average of 68.83 percent with a variance of 39.72. This means that out of 100 toddlers in Indonesia, there 

are an average of 69 toddlers who have received measles immunization in each province. The percentage of 

children under five who have received the highest measles immunization in Indonesia in 2023 is 81.32 

percent, namely in Yogyakarta Province. Meanwhile, the percentage of children under five who have 

received the lowest measles immunization in Indonesia in 2023 is 49.72 percent, namely in Aceh Province. 

The 𝑋5 variable is the percentage of babies who receive exclusive breastfeeding in 2023 with an 

average of 57.39 percent with a variance of 308.01. This means that out of 100 babies in Indonesia, on 

average, there are 58 babies who receive exclusive breastfeeding in each province. The highest percentage 

of babies receiving exclusive breastfeeding in Indonesia in 2023 is 81.1 percent, namely in West Nusa 

Tenggara Province. Meanwhile, the lowest percentage of babies who receive exclusive breastfeeding in 

Indonesia in 2023 is 10.9 percent, namely in West Papua Province. 

Furthermore, the relationship pattern of response variables and predictor variables is identified by 

looking at scatterplots or scatter plots. Based on the results of the scatterplot, it can be known whether the 

pattern of the relationship between the response variable and the predictor forms a certain pattern or not. If 

it forms a certain pattern such as linear, quadratic, cubic or other patterns, it is included in the parametric 

component, while if it does not form a certain pattern, it is included in the non-parametric component. If the 

relationship pattern is known, it can be determined what method is appropriate to do the modeling. 
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(a) (b) 

 
(c) (d) 

 
(e) 

Figure 2. Scatterplot Between Variables (a) 𝑌 and 𝑋1, (b) 𝑌 and 𝑋2, (c) 𝑌 and 𝑋3, (d) 𝑌 and 𝑋4, (e) 𝑌 and 𝑋5 

Based on Fig. 2, it can be seen that all patterns of relationships between variables do not follow or do 

not form a certain pattern. The scatter plots show varying forms of association, with some indicating irregular 

distributions and fluctuations. These visual characteristics justify the use of nonparametric regression 

methods, which are more appropriate for capturing nonlinear and flexible relationships. Therefore, variables 

𝑋1, 𝑋2, 𝑋3, 𝑋4, and 𝑋5 can be used as nonparametric components and the analysis can proceed using a 

nonparametric spline regression approach. The selection of the optimal knot point is carried out to get the 

best model estimate. The knot point is a point of convergence where there is a pattern of behavior change in 

the data. The selection of the best model of nonparametric spline regression was obtained from choosing the 

optimum knot point, which has the lowest Generalized Cross Validation (GCV) value. In this study, order 1 

is used and the determination of the optimal knot point starts with the calculation using 1, 2, 3, and a 

combination of 1 to 3 knot points. 
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Table 2. Optimum Knot Point with One Knot Point 

No. 
  Knots   

GCV 
𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓 

1. 32.86 1.88 1.72 52.94 18.06 472.76 

2. 27.62 1.34 1.14 50.37 12.33 478.39 

3. 35.48 2.16 2.01 54.23 20.93 482.67 

4. 31.55 1.75 1.58 52.30 16.63 486.49 

5. 36.79 2.29 2.16 54.88 22.36 487.29 

Based on Table 2, the minimum GCV value for selecting the optimal knot point with 1 knot is 472.76, 

with each knot point for each variable being 32.86; 1.88; 1.72; 52.94; and 18.06. 

Table 3. Optimum Knot Point with Two Knot Points 

No. 
  Knots   

GCV 
𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓 

1. 83.94 

89.18 

7.22 

7.76 

7.37 

7.95 

78.09 

80.67 

73.94 

79.67 

440.88 

2. 86.56 

87.87 

7.49 

7.63 

7.66 

7.81 

79.38 

80.03 

76.80 

78.23 

448.17 

3. 85.24 

87.86 

7.35 

7.62 

7.52 

7.81 

78.74 

80.03 

75.37 

78.23 

448.17 

4. 85.24 

86.55 

7.35 

7.48 

7.52 

7.66 

78.74 

79.38 

75.36 

76.80 

448.17 

5. 85.24 

89.17 

7.35 

7.76 

7.52 

7.95 

78.74 

80.67 

75.36 

79.66 

448.17 

Based on Table 3, the minimum GCV value for selecting the optimal knot points with 2 knots is 440.88. 

The optimal knot points in the 𝑋1 variable of the first-order is at 83.94 and 89.18. The optimal knots in the 

𝑋2 first-order variables are at 7.22 and 7.76. The optimal knot points in the 𝑋3 first-order variable is at 7.37 

and 7.95. The optimal knot points in the 𝑋4 first-order variable is at 78.09 and 80.67. The optimal knot points 

in the 𝑋5 variable of the first order is at 73.94 and 79.67. 

Table 4. Optimal Knot Point with Three Knot Points 

No. 
  Knots   

GCV 
𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓 

1. 60.36 

78.70 

85.24 

4.75 

6.66 

7.35 

4.76 

6.79 

7.52 

66.48 

75.51 

78.74 

48.14 

68.20 

75.36 

233.16 

2. 60.36 

78.70 

83.93 

4.75 

6.66 

7.21 

4.76 

6.79 

7.37 

66.48 

75.51 

78.09 

48.14 

68.20 

73.93 

249.87 

3. 61.67 

78.70 

85.24 

4.89 

6.66 

7.35 

4.91 

6.79 

7.52 

67.13 

75.51 

78.74 

49.58 

68.20 

75.36 

251.79 

4. 60.36 

78.70 

86.55 

4.75 

6.66 

7.48 

4.76 

6.79 

7.66 

66.48 

75.51 

79.38 

48.14 

68.20 

76.80 

253.68 

5. 60.36 

77.39 

89.17 

4.75 

6.53 

7.76 

4.76 

6.65 

7.95 

66.48 

74.87 

80.67 

48.14 

66.77 

79.66 

253.75 

Based on Table 4, the minimum GCV value for selecting the optimal knot points with 3 knots is 233.16. 

The optimal knot points in the 𝑋1 variable of the first-order is at 60.36; 78,70; and 85.24. The optimal knots 

in the 𝑋2 first-order variables are at 4.75; 6.66; and 7.35. The optimal knot points in the 𝑋3 first-order variable 

is at 4.76; 6,79; and 7.52. The optimal knot points in the 𝑋4 first-order variable is at 66.48; 75.51; and 78.74. 

The optimal knot points in the 𝑋5 variable of the first order is at 48.14; 68,20; and 75.36. 
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Table 5. Optimum Knot Point with Combination Knot Point 

No. 
  Knots   

GCV 
𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓 

1. 60.36 

78.70 

85.24 

4.75 

6.66 

7.35 

4.76 

6.79 

7.52 

66.48 

75.51 

78.74 

48.14 

68.20 

75.36 

233.16 

2. 60.36 

78.70 

85.24 

4.75 

6.66 

7.35 

4.76 

6.79 

7.52 

78.09 

80.67 

48.14 

68.20 

75.36 

270.94 

3. 32.86 7.22 

7.76 

4.76 

6.79 

7.52 

78.09 

80.67 

73.94 

79.67 

324.5 

Based on Table 5 the determination of the optimal knot point starting from one knot point, two knot 

points, three knot points, to a combination of knot points, it was obtained that the optimal knot point in each 

predictor variable was with three knot points and the minimum GCV obtained was 233.16. After obtaining 

the optimal knot point based on the smallest GCV value, a parameter significance test will be carried out to 

find out whether the predicted variable has a significant influence on the response variable, namely the 

percentage of pneumonia in toddlers. Parameter testing is divided into two stages, namely simultaneous and 

partial testing [22]. 

Concurrent testing was carried out to test whether the parameter had a significant influence on the 

response variable by involving all parameters of the regression model. Here are the hypotheses in concurrent 

testing of regression model parameters: 

𝐻0  : 𝛽1 = 𝛽2 = ⋯ = 𝛽20 = 0; 
𝐻1  : at least one 𝛽𝑗 ≠ 0, 𝑗 = 1, 2, ⋯ , 20. 

Table 6. Simultaneous Test Results of Parameters 

Source Df SS MS 𝑭-value 𝒑-Value 

Regression 20 14331.03 716.551 8.03731 0.0002 

Error 13 1158.991 89.153   

Total 33 15490.02    

Based on the ANOVA results in Table 6, a 𝐹-value of 8.03731 with a 𝑝-value of 0.0002 was obtained. 

With a significance level of 5%, a decision to reject 𝐻0 was obtained because the 𝑝-value < 5%. It can be 

concluded that there is at least one significant parameter in the spline nonparametric regression model. In 

addition, an 𝑅2 value of 92.52% was obtained so that the model is a good model in modeling the percentage 

of pneumonia in toddlers in provinces in Indonesia. 

Partial testing was carried out to find out whether individual parameters had a significant influence on 

the response variable, namely the percentage of pneumonia in toddlers. The hypothesis on the partial test is 

as follows: 

𝐻0  : 𝛽𝑗 = 0; 

𝐻1  : 𝛽𝑗 ≠ 0, 𝑗 = 1, 2, ⋯ , 20. 

Table 7. Partial Test Results and Parameter Assessment 

Variable Parameters Coefficient 𝒕-count 𝒑-value Decision 

 𝛽0 154.282 2.739 0.016 Significant 

𝑋1 𝛽1 0.076 0.208 0.837 Insignificant 

𝛽2 2.881 4.119 0.001 Significant 

𝛽3 -17.622 -4.700 0.000 Significant 

𝛽4 30.118 3.667 0.002 Significant 

𝑋2 𝛽5 7.267 2.959 0.011 Significant 

𝛽6 -40.386 -5.807 6.100 Insignificant 

𝛽7 429.642 4.920 0.000 Significant 

𝛽8 -806.839 -4.199 0.001 Significant 

𝑋3 𝛽9 -13.085 -3.946 0.001 Significant 

𝛽10 46.380 6.101 3.771 Insignificant 

𝛽11 -116.847 -4.690 0.00 Significant 
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Variable Parameters Coefficient 𝒕-count 𝒑-value Decision 

𝛽12 122.913 3.069 0.008 Significant 

𝑋4 𝛽13 -1.272 -1.698 0.113 Insignificant 

𝛽14 3.106 1.780 0.098 Insignificant 

𝛽15 36.000 4.623 0.000 Significant 

𝛽16 -79.299 -4.007 0.001 Significant 

𝑋5 𝛽17 -1.477 -3.805 0.002 Significant 

𝛽18 2.580 4.519 0.005 Significant 

𝛽19 -3.215 -1.609 0.131 Insignificant 

𝛽20 14.669 3.622 0.003 Significant 

Based on Table 7, it can be concluded that all variables have significant parameters with a significance 

level of 5%. There were 15 significant parameters and 6 insignificant parameters in the spline nonparametric 

regression model. This can be interpreted that the percentage of coverage of Vitamin A administration (𝑋1), 

the percentage of toddlers with poor nutritional status (𝑋2), the percentage of low-birth-weight babies (𝑋3), 

the percentage of toddlers who have received measles immunization (𝑋4), and the percentage of infants who 

receive exclusive breastfeeding (𝑋5) shows a statistically significant effect on the percentage of pneumonia 

in toddlers in each province in Indonesia. 

After the parameter significance test is carried out, a residual assumption test will be carried out to 

find out whether the residual has met several assumptions. The residuals of the spline nonparametric 

regression model must meet the assumptions of identical, independent, and normally distributed (IIDN). One 

of the regression assumptions that must be met is the homogeneity of variance from residual 

(homoscedasticity). Homoskedasticity or identical means that the residual variance between the residuals 

must be the same or no heteroscedasticity occurs. One way to detect heteroscedasticity is to use the Glejser 

test. The hypotheses used in the Glejser test are as follows: 

𝐻0 ∶ 𝜎1
2 = 𝜎2

2 = ⋯ = 𝜎34
2 = 𝜎2;  

𝐻1  : at least one 𝜎𝑖
2 ≠ 𝜎2, 𝑖 = 1, 2, ⋯ , 34. 

Table 8. Identical Assumption Test Results (Glejser Test) 

Type Df SS RMS 𝑭-Value 𝒑-Value 

Regression 5 1188.880 237.776 1.960 0.116 

Error 28 3397.247 121.330   

Total 33 4586.127    

Based on Table 8, 𝑝-value of 0.116 was obtained, which means that the value was more than alpha (α 

= 0.05), so the decision was to reject 𝐻0. Thus, the conclusion is there is no heteroscedasticity. In other words, 

the error variance is homogeneous. Then the identical assumption has been fulfilled. 

Furthermore, a normality test was carried out which aimed to test whether the residues were normally 

distributed or not. This test uses the Kolmogorov-Smirnov method. The hypothesis for the Kolmogorov-

Smirnov test is as follows: 

𝐻0  ∶ Normally distributed residual; 

𝐻1  ∶ Residual not normally distributed. 

The critical area of this test is to reject 𝐻0 if the 𝑝-value < 0.05. The following are the results of the normality 

test on residuals: 



98 Saifudin et al.    ANALYSIS OF FACTORS AFFECTING PNEUMONIA IN INDONESIAN TODDLERS USING …  

 

 
Figure 3. Results of the Normality Assumption Test 

Based on Figure 3, it was found that the 𝑝-value (> 0.150) was greater than alpha (0.05), so the decision 

was to reject 𝐻0. So, the conclusion is that residual data is normally distributed. This means that the 

assumption of normality has been fulfilled.  

Following the spline approach study, a nonparametric regression method with a Fourier series 

approach was used for a follow-up analysis. The Fourier series analysis was performed to ascertain whether 

the model generated by the spline approach is better than other methods. For the analysis, 𝐾 = 1, 2, 3 values 

were used. The results of the Fourier series analysis are as follows: 

Table 9. Analysis Results with Fourier Series 

𝑲 GCV 𝑹𝟐 

1 4126.3969 21.65% 

2 1172.1259 49.92% 

3 451.7365 65.69% 

Based on the analysis results in the Table 9, the optimal K value is K = 3, with the minimum GCV 

value of 451.7365 and an R² of 65.69%. The best model generated based on pneumonia data in toddlers in 

Indonesia is as follows: 

𝑦𝑖̂ = −63,20 + 0.31𝑥1𝑖 + 3.40 cos 𝑥1𝑖 + 6.61 cos 2𝑥1𝑖 − 13.56 cos 3𝑥1𝑖 + 3.84𝑥2𝑖 −
14.76 cos 𝑥2𝑖 − 9.29 cos 2𝑥2𝑖 − 12.37 cos 3𝑥2𝑖 − 1.40𝑥3𝑖 + 10.80 cos 𝑥3𝑖 +
15.30 cos 2𝑥3𝑖 − 0.96 cos 3𝑥3𝑖 + 0.83𝑥4𝑖 + 2.47 cos 𝑥4𝑖 − 12,79 cos 2𝑥4𝑖 +
1.87 cos 3𝑥4𝑖 + 0.14𝑥5𝑖 + 6.44 cos 𝑥5𝑖 − 2.41 cos 2𝑥5𝑖 − 12.29 cos 3𝑥5𝑖  

(7) 

When compared with the results using spline, the GCV and R² values are as follows: 

Table 10. Comparison of Spline and Fourier Models 

Model GCV R2 

LS-Spline 233.16 92.5% 

Fourier Series 451.7365 65.69% 

Based on Table 10, a comparison can be made between the performance of the spline model with three 

knot points for each predictor variable and the Fourier Series model with the optimal 𝐾 value of 3. It can be 

concluded that the better model is the one using the nonparametric regression spline method with three knot 

points in each predictor variable, as it has a minimum GCV value of 233.16 and a higher 𝑅² of 92.5%. 
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3.2 Discussion 

After testing the parameters of the LS-Spline regression model and all residual assumptions have been 

met, the regression model that has been obtained can be interpreted. It is known that the value of the 

determination coefficient or R2 of the LS-Spline regression model is 92.5%. This means that the variables of 

the percentage of coverage of Vitamin A (𝑋1), the percentage of toddlers with poor nutritional status (𝑋2), 

the percentage of underweight babies (𝑋3), the percentage of toddlers who have received measles 

immunization (𝑋4), and the percentage of infants who receive exclusive breastfeeding (𝑋5) are able to explain 

the variability of the percentage of pneumonia cases of 92.5%. With this R2 value, it can be said that the 

resulting LS-Spline regression model is a good model and suitable for modeling. The model obtained can be 

written as follows: 

𝑦̂ = 154.282 + 2.881(𝑥1 − 60.363)+ − 17.622(𝑥1 − 78.7)+ + 30.118(𝑥1 −
85.249)+ + 7.267𝑥2 + 429.642(𝑥2 − 6.669)+ − 806.839(𝑥2 − 7.353)+ −
13.085𝑥3 − 116.847(𝑥3 − 6.795)+ + 122.913(𝑥3 − 752)+ + 36(𝑥4 −
75.515)+   − 79.299(𝑥4 − 78.740)+ − 1.477𝑥5 + 2.58(𝑥5 − 48.148)+ +
14.669(𝑥5 − 75.369)+  

(8) 

Model interpretation for significant variables was carried out to determine how much influence it had 

on the percentage of pneumonia in toddlers in 34 provinces in Indonesia. It was found that the five identified 

predictor variables had significantly affected the response variable, namely the percentage of pneumonia in 

toddlers. 

Assuming other variables are constant, the effect of the percentage of coverage of Vitamin A on the 

percentage of pneumonia in toddlers is as follows: 

𝑦̂  = 2.881(𝑥1 − 60.363)+  −  17.622(𝑥1 − 78.7)+   +  30.118(𝑥1 − 85.249)+, (9) 

with 

𝑦̂ = {

0,                                       
−173.909 + 2.881𝑥1,

𝑥1 < 60.363;               
60.363 ≤ 𝑥1 <  78.7;

1212.976 − 14.741𝑥1,
1354.632 + 15.377𝑥1,

78.7 ≤ 𝑥1 <  85.249;
𝑥1 ≥ 85.249.               

(10) 

If the percentage of coverage of Vitamin A is between 60.363 and 78.7 percent, a 1 percent increase 

in Vitamin A is likely to increase the percentage of pneumonia in toddlers by 2.881 percent. In the range of 

78.7 to 85.249 percent, a 1 percent increase in Vitamin A administration actually tended to reduce the 

percentage of pneumonia in toddlers by 14.741 percent. However, if the percentage of giving Vitamin A is 

more than 85.249 percent, an increase of 1 percent in the administration of Vitamin A tends to increase the 

percentage of pneumonia in toddlers by 15.377 percent. 

Assuming other variables are constant, the effect of the percentage of toddlers with poor nutritional 

status on the percentage of pneumonia in toddlers is as follows: 

𝑦̂ = 7.267𝑥2 +  429.642(𝑥2 − 6.669)+ + 122.913(𝑥2 − 7.353)+, (11) 

with 

𝑦̂ = {

7.267𝑥2,                             
7.267𝑥2,                             

𝑥2 < 4.755;                  
4.755 ≤ 𝑥2 <  6.669;

−2861.42 + 436.909𝑥2,
−3765.20 + 559.822𝑥2,

6.669 ≤ 𝑥2 <  7.353;
𝑥2 ≥ 7.353.                  

(12) 

If the percentage of toddlers with undernourished status is less than 4.755 percent, an increase of 1 

percent of toddlers with undernourished status tends to increase the percentage of pneumonia cases in 

toddlers by 7.267 percent. For the percentage of toddlers with undernourished status between 4.755 and 6.669 

percent, an increase of 1 percent of toddlers with undernourished status tends to reduce the percentage of 

pneumonia in toddlers by 7.267 percent. In the range of 6,669 to 7,353 percent, an increase of 1 percent of 

toddlers with poor nutritional status tended to increase the percentage of pneumonia in toddlers by 436.909 

percent. However, if the percentage of toddlers with nutritional status is approximately 7.353 percent, an 

increase of 1 percent of toddlers with poor nutritional status tends to increase the percentage of pneumonia 

in toddlers by 559.822 percent. 



100 Saifudin et al.    ANALYSIS OF FACTORS AFFECTING PNEUMONIA IN INDONESIAN TODDLERS USING …  

 

Assuming other variables are constant, the effect of the percentage of low-birth-weight babies on the 

percentage of pneumonia in toddlers is as follows: 

𝑦̂ = −13.085𝑥3 − 116.847(𝑥3 − 6.795)+  −  806.839(𝑥3 − 7.520)+, (13) 

with, 

𝑦̂ = {

−13.085𝑥3,                     
−13.085𝑥3,                     

𝑥3 < 4.767;                  
4.767 ≤ 𝑥3 <  6.795;

793.98 − 129.932𝑥3,   
6861.41 − 936.777𝑥3,

6.795 ≤ 𝑥3 <  7.520;
𝑥3 ≥ 7.520.                  

 (14) 

If the percentage of toddlers with low-birth-weight status is less than 4.767 percent, an increase of 1 

percent of toddlers with low-birth-weight status tends to decrease the percentage of pneumonia cases in 

toddlers by 13.085 percent. For the percentage of toddlers with low-birth-weight status between 4.767 and 

6.795 percent, a 1 percent increase in toddlers with low-birth-weight status tends to increase the percentage 

of pneumonia in toddlers by 13.085 percent. In the range of 6.795 to 7.520 percent, a 1 percent increase in 

toddlers with low-birth-weight status tended to reduce the percentage of pneumonia in toddlers by 129.932 

percent. If the percentage of toddlers with low-birth-weight status is more than 7.520 percent, an increase of 

1 percent of toddlers with poor nutritional status tends to reduce the percentage of pneumonia in toddlers by 

936.777 percent. 

Coefficients such as a 129.932 percent or 936.777 percent decrease do not mean that the actual 

percentage of pneumonia cases dropped by that amount. Instead, these values reflect how steep the slope of 

the model curve is when the proportion of infants with low birth weight (LBW) increases by 1 percentage 

point. Such large figures arise because the spline method divides the data into local segments, and within 

certain ranges, the relationship between variables can appear extremely sharp. These values should be 

interpreted as indicating the intensity and direction of the relationship—not literal percentage changes in 

pneumonia cases. 

Assuming other variables are constant, the effect of the percentage of toddlers who have received measles 

immunization on the percentage of pneumonia in toddlers is as follows: 

𝑦̂ = 36(𝑥4 − 75.515)+ −  79.299(𝑥4 − 78.740)+  (15) 

with, 

𝑦̂ = {

0,                                  
0,                                  

𝑥4 < 66.487;                    
66.487 ≤ 𝑥4 <  75.515;

−2718.54 + 36𝑥4,   
6244 − 79.229𝑥4,    

75.515 ≤ 𝑥4 <  78.740;
𝑥4 ≥ 78.740.                    

 (16) 

If the percentage of toddlers with poor nutritional status is in the range of 75.515 to 78.740 percent, an 

increase of 1 percent of toddlers who have received measles immunization tends to increase the percentage 

of pneumonia in toddlers by 36 percent. However, if the percentage of toddlers who have received measles 

immunization is more than 78.740 percent, an increase of 1 percent of toddlers with less nutritional status 

tends to reduce the percentage of pneumonia in toddlers by 79.229 percent. 

Assuming other variables are constant, the effect of the percentage of toddlers who have received 

exclusive breastfeeding on the percentage of pneumonia in toddlers is as follows: 

𝑦̂ = − 1.477𝑥5  +  2.58(𝑥5 − 48.148)+ +  14.669(𝑥5 − 75.369)+, (17) 

with 

𝑦̂ = {

−1.477𝑥5,                            
−124.222 + 1.103𝑥5,       

𝑥5 < 48.148;                    
48.148 ≤ 𝑥5 <  68.206;

−124.222 + 1.103𝑥5,       
−1229.81 + 15.772𝑥5,    

68.206 ≤ 𝑥5 <  75.369;
𝑥5 ≥ 75.369.                    

 (18) 

If the percentage of toddlers who have received exclusive breastfeeding is less than 48.148 percent, an 

increase of 1 percent of toddlers who have received exclusive breastfeeding tends to decrease the percentage 

of pneumonia cases in toddlers by 1.477 percent. For the percentage of toddlers who have received exclusive 

breastfeeding between 48.148 and 68.206 percent, an increase of 1 percent of toddlers who have received 

exclusive breastfeeding tends to increase the percentage of pneumonia in toddlers by 1.103 percent. In the 
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range of 68,206 to 75,369 percent, an increase of 1 percent of toddlers who had received exclusive 

breastfeeding tended to reduce the percentage of pneumonia in toddlers by 1.103 percent. However, if the 

percentage of toddlers who have received exclusive breastfeeding is more than 75.369 percent, an increase 

of 1 percent of toddlers who have received exclusive breastfeeding tends to increase the percentage of 

pneumonia in toddlers by 15.772 percent. 

The results of this study align with previous findings, which show that the coverage of vitamin A 

supplementation, the percentage of undernourished toddlers, the percentage of low-birth-weight infants, the 

percentage of toddlers who have received measles immunization, and the percentage of infants who received 

exclusive breastfeeding are all significantly associated with pneumonia in toddlers. A study by [5] states that 

exclusive breastfeeding and a history of low birth weight significantly influence pneumonia in toddlers in 

West Lombok. Furthermore, the relationship between nutritional status, vitamin A coverage, and measles 

immunization is consistent with findings by [7], who also reported that these variables are significant factors 

in pneumonia in toddlers in Surabaya. By utilizing data from a broader coverage area, including all provinces 

in Indonesia, this study contributes new insights by demonstrating that the effects of these factors on 

pneumonia in Indonesian toddlers are non-linear and vary depending on the level of prevalence. Vitamin A 

supplementation, poor nutritional status, low birth weight (BBLR), measles immunization, and exclusive 

breastfeeding show varying effects depending on their coverage levels. At moderate coverage levels, vitamin 

A and measles immunization appear to have a protective effect. In contrast, at very low or very high levels, 

they are associated with an increase in pneumonia. Low-birth-weight babies and toddlers with poor 

nutritional condition were identified as important risk factors, and at some prevalence levels, the rates of 

pneumonia increased sharply. Exclusive breastfeeding, on the other hand, generally has a protective effect, 

although pneumonia rates tend to rise at very high coverage levels. These results highlight the value of locally 

specific health treatments and show the complex interactions between variables that call for a more adaptable 

analytical approach, such as the nonparametric regression employed in this study. 

4. CONCLUSION 

Based on the results of the analysis and discussion that has been carried out, it was confirmed that West 

Papua has the highest pneumonia prevalence among toddlers at 75%, while North Sulawesi has the lowest 

with a percentage of 0.3%. The optimal knot point was obtained, namely with three knot points in each 

predictor variable with a GCV value of 233.16. The value of the determination coefficient of the LS-Spline 

regression model is 92.5%. This means that the variables of the percentage of coverage of Vitamin A 

administration (𝑋1), the percentage of toddlers with poor nutritional status (𝑋2), the percentage of low-birth-

weight babies (𝑋3), the percentage of toddlers who have received measles immunization (𝑋4), and the 

percentage of infants who receive exclusive breastfeeding (𝑋5) are able to explain the variability of the 

percentage of pneumonia cases in toddlers of 92.5%. When compared to the model using the Fourier series 

method with K = 3, which yields an R² value of 65.69%, this value is lower than that obtained using the spline 

method. With this R2 value, it can be said that the resulting LS-Spline regression model is a good model and 

suitable for modeling. The best model obtained in this study indicates that the percentage of pneumonia in 

toddlers in Indonesia is influenced by various factors with different relationship patterns in each percentage 

range, as demonstrated by a coefficient of determination of 92.5%. Vitamin A administration tends to increase 

pneumonia in some ranges, but decreases it in others, depending on the level of coverage. Toddlers with 

undernourished status or low birth weight have a complex relationship, with significant effects on the increase 

or decrease of pneumonia based on a certain percentage range. Measles immunization in toddlers and 

exclusive breastfeeding also have a varied effect, both increasing and decreasing pneumonia in toddlers, 

depending on the proportion of the population. This relationship reflects the non-linear dynamics between 

child health factors and pneumonia in toddlers. 
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