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Abstract

Acute Respiratory Infections (ARI) remain a leading cause of morbidity among children, par-
ticularly in regions with limited healthcare access. This study aimed to model the risk factors
of ARI in children using Binary Logistic Regression and Multivariate Adaptive Regression
Splines (MARS). Using secondary data from Southeast Aceh, seven predictor variables were
analyzed, including maternal characteristics, breastfeeding status, and household conditions.
Both models were statistically significant in identifying key predictors. Logistic regression
showed superior performance with 86.96% accuracy, 85.00% precision, 91.89% recall, 81.25%
specificity, and 88.30% F1-score. In contrast, MARS achieved a higher recall (97.30%)
but lower specificity (62.50%), indicating higher sensitivity but a greater likelihood of false
positives. Exclusive breastfeeding, home ventilation, and housing density were significant
predictors in both models. Overall, logistic regression was found to be the more reliable and
interpretable method, offering better balance in classification metrics. These findings support
the use of logistic regression for identifying ARI risk factors in similar contexts and contribute
to improved data-driven public health strategies aimed at reducing ARI incidence among
vulnerable populations.
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1 Introduction

Acute Respiratory Infections (ARI) are contagious respiratory diseases that represent a leading
cause of death worldwide, accounting for 2.6 million deaths annually [1]. These infectious
diseases are caused by viruses, fungi, bacteria, or a combination of all three, and are generally
characterized by symptoms such as fever, sore throat, cough, and flu-like conditions [2]. According
to reports from the World Health Organization (WHO), approximately 3.5% of the total global
burden of diseases is attributed to ARI. Globally, ARI are responsible for about 15% of all deaths
among children, with the majority of these cases occurring in low- and middle-income countries.
Respiratory infections contribute to 33% of total deaths among toddler, particularly in Southeast
Asia [3].
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As a developing country and part of Southeast Asia, Indonesia is not exempt from the burden
of ARI. Data from the Ministry of Health show that in 2023, there was an increase in ARI
cases, reaching 285,623 in July alone, with a prevalence rate of 3.5 per 100 toddlers. The highest
prevalence by age group was recorded among children aged 1 to 4 years [4]. children are especially
vulnerable to ARI due to their still developing immune systems. This condition is exacerbated
by various factors, including environmental conditions, socioeconomic disparities, and unequal
access to healthcare services across regions. One area that deserves special attention is Aceh
Tenggara Regency, which is geographically located in a hilly region with limited access in several
sub-districts [5]. According to the 2024 Aceh Province Health Profile, pneumonia cases among
toddler accounted for 10% of the total under-five population in the region, totaling 45,280 cases.
Meanwhile, the number of ARI cases in Aceh Tenggara Regency is relatively high compared
to several other regencies in Aceh Province.Although the Ministry of Health has introduced
programs such as the Integrated Management of Childhood Illness (IMCI) and the revitalization
of Posyandu (integrated health posts) to detect and manage ARI cases, operational barriers in
remote areas have hindered the effectiveness of these initiatives in reaching vulnerable groups,
particularly toddler in Southeast Aceh

The incidence of acute ARI in toddler is influenced by a variety of interconnected and complex
risk factors. A study conducted by Titi Saparina L and Rasni Intan [6] stated that the size of
ventilation openings and housing density have a significant relationship with the incidence of ARI
in toddler. Furthermore, [7] found that children who live in highly crowded rooms are at greater
risk of developing ARI. Research by [8] also showed that exclusive breastfeeding is associated
with a reduction in infectious diseases, including ARI among toddler. Exclusive breastfeeding
provides natural antibodies that help strengthen the child’s immune system. Socioeconomic
factors such as low maternal education, unstable parental employment, and limited access to
healthcare facilities, also contribute to increased vulnerability to this disease. [9] found that
mothers with good knowledge and positive attitudes toward child health are more likely to
recognize ARI symptoms early and take appropriate preventive actions. Therefore, maternal
education also has an indirect impact by improving health literacy and access to medical services.

A data driven approach is becoming increasingly important for detecting and understanding
risk factors in greater depth. Binary logistic regression as a parametric statistical method is
considered more effective than standard linear approaches in identifying health risk factors, as it
can accommodate various types of predictor variables, both categorical and numerical, making it
more adaptable to the complex nature of health related data [10]. Meanwhile, Multivariate Adap-
tive Regression Splines (MARS) is a nonparametric method that builds regression models using
combinations of basis functions, enabling it to capture nonlinear relationships and interactions
between variables without rigid prior assumptions [11].

A study by [12] applied binary logistic regression to ARI cases in toddlers, analyzing the
influence of knowledge, environmental, and behavioral factors at a health center in Southeast
Aceh. However, the model was not explicitly presented, and classification metrics were not
included, limiting its role as a predictive tool. This study addresses those gaps by using the
same dataset to construct an explicit logistic regression model with performance evaluation,
and compares it to a nonparametric method, namely Multivariate Adaptive Regression Splines
(MARS). The use of both approaches is supported by [13], who compared logistic regression and
MARS in modeling hypertension risk in Indonesia, showing that MARS can serve as an effective
alternative in health-related risk modeling.

The novelty of this study lies in the application of the MARS (Multivariate Adaptive
Regression Splines) method to model ARI risk factors in children. This nonparametric technique
has not been previously applied to this particular health issue in Southeast Aceh. In addition,
this study reconstructs the binary logistic regression model using an existing dataset and includes
classification performance metrics, which were not presented in previous research.

The main contribution of this research is the comparative evaluation of parametric (logistic
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regression) and nonparametric (MARS) approaches in identifying ARI risk factors, which provides
a more comprehensive understanding of their predictive capabilities and interpretability. The
study highlights that logistic regression yields a better balance in classification metrics, whereas
MARS reveals key interaction effects between predictor variables. These insights support the
development of data-driven public health interventions and contribute to the achievement of
SDG Target 3.2 aimed at reducing preventable child mortality by 2030.[14].

2 Methods
This section presents an overview of the data, modeling methods, and evaluation procedures,
structured to support a clear understanding of the analytical approach used.

2.1 Data Source and Variables

This study utilizes secondary data obtained from the thesis by [12]. This study employs variables
suspected to be risk factors for the incidence of ARI in toddler at the Deleng Pokhkisen Health
Center in Aceh Tenggara District. A detailed description of the response and predictor variables
used in this study is presented in Table Table 1 below.

Table 1: Research Variables

Variable Type Variable Name Description Data Scale

Y ARI Incidence in children 1: Suffering from ARI
0: Not Suffering from ARI

Nominal

X1 Mother’s Age 0: 26–32 years
1: 18–25 years

Nominal

X2 Mother’s Education 1: No Schooling
2: Elementary School
3: Junior High School
4: Senior High School
5: Higher Education

Ordinal

X3 Mother’s Knowledge 0: Poor
1: Good

Nominal

X4 Mother’s Attitude 0: Negative
1: Positive

Nominal

X5 Exclusive Breastfeeding 0: Not Given
1: Given

Nominal

X6 House Ventilation 0: Substandard
1: Standard

Nominal

X7 Housing Density 0: Dense
1: Not dense

Nominal

2.2 Binary Logistic Regression

Logistic regression employs the logit function to estimate the probability of an event occurring
[15]. In logistic regression, it is assumed that binary responses are independent and follow a
binomial distribution. The probability of success for the i-th observation, given the predictor
variables xi, is modeled using a binomial distribution as expressed in Eq. 1.

The parameters in Eq. 1 are estimated using Maximum Likelihood Estimation (MLE), which
identifies the values of the coefficients that maximize the likelihood of observing the given sample
data.
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π(x) = exp(β0 + β1x1 + · · · + βnxn)
1 + exp(β0 + β1x1 + · · · + βnxn) (1)

The interpretation of β in logistic regression refers to the log odds, which is obtained by
exponentiating the coefficient eβi [16]. The odds in a binary logistic model are defined as the
ratio between the probability of success and the probability of failure.

The odds ratio (OR) quantifies how the odds of the outcome change with a one-unit increase
in the predictor variable. An OR greater than 1 indicates an increased risk, whereas an OR
less than 1 indicates a decreased risk, holding other variables constant. For a binary predictor
variable, the odds ratio comparing individuals with xi = 1 to those with xi = 0 is defined as:

OR = oddsxi=1
oddsxi=0

= exp(βi) (2)

If xi is a continuous variable, then the odds ratio for an increase of m units in xi is given by:

OR = exp(m · βi) (3)

These expressions allow for a more interpretable assessment of how each predictor influences
the probability of the outcome. To assess the simultaneous influence of the predictors, the
Likelihood Ratio Test (G-test) is employed at a 5% significance level. The hypotheses are
formulated as follows:

H0: β1 = β2 = β3 = β4 = β5 = β6 = β7 = 0
H1: At least one βi ̸= 0 for i = 1, 2, 3, 4, 5, 6, 7

The G-test statistic is defined as:

G = −2 log
(

L0
L1

)
(4)

The null hypothesis H0 is rejected if G > χ2
(α;p−1) or the p-value < α, indicating that the predictor

variables jointly have a significant effect on the incidence of ARI in toddler. To test the partial
effect of each predictor variable, the Wald test is applied. The hypotheses are:

H0 : βi = 0 for i = 1, 2, 3, 4, 5, 6, 7
H1 : βi ̸= 0 for i = 1, 2, 3, 4, 5, 6, 7

The Wald test statistic is given by Eq. 5:

W =
(

β̂i

SE(β̂i)

)2

(5)

Here, β̂i represents the estimated parameter for the ith variable and SE(β̂i) =
√

(σ2(βi)) denotes
the standard error associated with that estimate. The null hypothesis is rejected if W ≥ Zα/2
or the p-value < α, indicating that the i predictor has a statistically significant effect on the
probability of ARI occurrence in toddler.

The model’s fit in logistic regression is assessed using the Hosmer–Lemeshow test, which
compares predicted and observed outcomes to evaluate Goodness of Fit (GoF). A model is
considered well-fitted if it meets this criterion. The test statistic is calculated using Eq. 6:

Ĉ =
g∑

i=1

(Oi − Ei)2

Ei(1 − Ei)
(6)

Where Oi denotes the observed count in the ith group, Ei is the expected count in the same
group, and g refers to the total number of groups. The model is considered to have a good fit
with the data when the test statistic satisfies Ĉ < χ2

(α,g−2) or p-value > α.
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2.3 Multivariate Adaptive Regression Splines (MARS)

MARS is a nonparametric regression method developed by Friedman in 1991, as expressed in
Eq. 7 [17].

yi = a0 +
M∑

m=1
amBmi(x, t) + εi (7)

In this study, the dependent variable is binary, meaning it consists of two categories. Therefore,
the outcome can be interpreted as the probability of a particular event occurring. To identify
the predictor variables that significantly influence the binary outcome, one may analyze the odds
ratio [13]. The probability that Y = 1 is given in Eq. 8.

P (Y = 1 | X1, X2, ..., Xp) = 1
1 + e−(β0+β1X1+β2X2+···+βpXp) (8)

Accordingly, this probability can also be expressed using the basis functions of MARS, as
shown in Eq. 9 below:

P = exp(BF0 + BFi(Xi))
1 + exp(BF0 + BFi(Xi))

(9)

where i denotes the basis function components obtained from the optimal MARS model.
In the MARS algorithm, a basis function (BF) captures either the main effect of a predictor

or its interaction with others. Its piecewise linear form around a knot τ . is typically represented
by reflected pairs, as shown in Eq. 10.

c+(x, τ) = max(0, x − τ), c−(x, τ) = max(0, τ − x) (10)
These functions capture directional changes in the predictor’s influence on the response,

centered around the knot location τ [18]. When modeling interactions between predictors,
MARS constructs a basis function by multiplying several piecewise linear terms corresponding to
different variables. For a given observation (x̄i, yi), where i = 1, 2, ..., N , the interaction-based
basis function for the m-th term is represented as Eq. 11.

Bm(x(m)) :=
Km∏
j=1

[
skm

j
· (xkm

j
− τkm

j
)
]

+
(11)

In this expression, Km is the number of truncated linear terms in the m-th basis function. The
variable xkm

j
represents the input for the j-th component, while τkm

j
denotes the corresponding

knot that activates the function. The coefficient skm
j

∈ {+1, −1} indicates the direction of the
piecewise term. The operator [q]+ := max(0, q) ensures only positive contributions are included.
This interaction basis function is active only when all variables meet their knot conditions, thus
capturing the joint effect of multiple predictors on the response [18].

The modeling process in MARS involves forward selection and backward elimination, which
are iteratively performed until the Generalized Cross Validation (GCV) score is minimized,
indicating the most optimal model. The GCV criterion is defined in Eq. 12 [19].

GCV (M) =
1
n

∑n
i=1

(
yi − f̂(xi)

)2

[
1 − C(M)

n

]2 (12)

As explained by [19], significance testing is also conducted in MARS to examine parameter
significance and assess model adequacy. A simultaneous test is performed using the F-statistic
shown in Eq. 13:

F =
∑n

i=1(ŷi − ȳ)2∑n
i=1(yi − ŷi)2/(N − M − 1) (13)

In this study, the hypotheses for the simultaneous test are as follows:
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H0: a1 = a2 = · · · = aM = 0 (The model is not significant)
H1: At least one am ̸= 0 (the model is significant)

The null hypothesis is rejected if Fstat > Fα(M, N − M − 1) or p-value < α, indicating that at
least one predictor variable significantly affects the response variable. For partial significance
testing of individual parameters, t − test shown in Eq. 14:

t = âm√
var(âm)

(14)

The hypotheses for the partial test are:

H0: am = 0 (basis function Bm(x) has no effect on the model)
H1: am ̸= 0 (basis function Bm(x) has a significant effect on the model)

The null hypothesis is rejected if t > tα/2(N−M−1) or p-value < α.

2.4 Evaluation Matrix

The evaluation matrix serves as a tool to measure how well a classification model performs in
identifying specific factors. In health-related studies, typical performance indicators include
accuracy, precision, recall, and the F1-score. These indicators are typically derived from the
confusion matrix, as illustrated in Table 2 below:

Table 2: Classification evaluation metrics and their formulas

Classification Evaluation Calculation

Accuracy TP + TN

TP + TN + FP + FN

Precision TP

TP + FP

Recall TP

TP + FN

F1-Score 2 × Precision × Recall
Precision + Recall

where:
TP (True Positive): Positive cases that were accurately identified as positive.
TN (True Negative): Negative cases that were accurately identified as negative.
FP (False Positive): Negative cases that were mistakenly classified as positive.
FN (False Negative): Positive cases that were mistakenly classified as negative.

2.5 Research Stage

1. The factors influencing ARI were modeled using binary logistic regression with SPSS
software, following these steps:
(a) Testing the independence among predictor variables.
(b) Estimating logistic regression parameters and evaluating their significance both simul-

taneously using the Likelihood Ratio test and individually using the Wald test.
(c) Evaluating the overall model fit using the Hosmer–Lemeshow goodness-of-fit test.
(d) Interpreting the model outcomes and calculating epidemiological association measures.

2. The factors influencing ARI were modeled using MARS with the MARS software, through
the following procedure:

Ardi Kurniawan 576



Modeling Risk Factors of Acute Respiratory Infections using Logistic Regression and . . .

(a) Seven predictor variables were used, with the number of basis functions limited to
14, 21, and 28. The maximum number of interactions was set to 1 and 2, while the
minimum number of observations between knots was set at 0, 1, and 2.

(b) The optimal MARS model was selected based on the lowest Generalized Cross Valida-
tion (GCV), the minimum Mean Squared Error (MSE), and the highest R-squared
(R2) values from various combinations of basis functions, interaction levels, and knot
intervals.

(c) A binary MARS model was built using the parameter estimates from the previously
selected best basis function model.

(d) The significance of the MARS model parameters was evaluated to assess model fit
using both simultaneous and partial regression coefficient tests.

3. Comparing the classification performance of the binary logistic and MARS models based
on evaluation metrics.

3 Results and Discussion
The results are presented in several subsections, covering descriptive statistics, model construction
using logistic regression and MARS, evaluation, and a comparison to identify the most effective
method.

3.1 Descriptive Analysis of Data

The proportion of children suffering and not suffering from ARI is presented in Figure 1 below.

Figure 1: Distribution of children Based on ARI Status

Based on the distribution in Figure 1, indicates that more than half of the observed children
experienced ARI, which may be influenced by various environmental and maternal factors. These
proportions provide an overview of the prevalence of ARI in the studied population and justify
further investigation into its risk factors.

Figure 2 illustrates the distribution of ARI cases in children based on seven predictor variables.
The figure reveals that higher incidences of ARI are observed among children of younger mothers
(X1), mothers with lower education levels (X2), poor maternal knowledge (X3), and negative
maternal attitudes (X4). Furthermore, children who were not exclusively breastfed (X5), lived in
homes with inadequate ventilation (X6), and resided in areas with high housing density (X7)
also exhibited a noticeably higher proportion of ARI. These patterns suggest that both maternal
factors and living conditions play a critical role in the risk of developing acute respiratory
infections in toddler.
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Figure 2: Distribution of ARI Status by Predictor Variables

3.2 Binary Logistic Regression Modelling

3.2.1 Multicollinearity Test

Multicollinearity testing is essential in binary logistic regression to ensure that predictor variables
are not highly correlated, as such correlation can inflate the variance of estimated coefficients,
reduce statistical power, and lead to unstable interpretations [20]. A key assumption in logistic
regression is the independence among predictors; violation of this results in indistinguishable pre-
dictor effects. The Variance Inflation Factor (VIF) is commonly used to detect multicollinearity
by quantifying the extent to which variance is increased due to intercorrelation. The hypotheses
tested are as follows:

H0: There is no multicollinearity among the predictor variables.
H1: There is multicollinearity among the predictor variables.

The critical region is defined such that H0 is rejected if V IF > 10. The results of the
multicollinearity test are presented in Table 3 below:

Table 3: Multicollinearity Test Results for Factors Affecting ARI Cases in children
Predictor Variable Tolerance VIF
Mother’s Age 0.813 1.230
Mother’s Education 0.459 2.179
Mother’s Knowledge 0.473 2.114
Mother’s Attitude 0.514 1.944
Exclusive Breastfeeding 0.782 1.278
Home Ventilation 0.795 1.258
Household Density 0.800 1.249

Based on Table 3, it can be concluded that all VIF values are below the threshold of 10.
Therefore, we fail to reject H0, indicating that there is no multicollinearity among the predictor
variables used in the model. This confirms that the independence assumption among predictors
is met, and the regression estimates can be interpreted with greater confidence.
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3.2.2 Significance Testing of Binary Logistic Regression Model

The significance test evaluates how much the predictor variables explain the variation in ARI
incidence. Parameter testing is conducted simultaneously using the G test and partially using
the Wald test. The results of the simultaneous test are shown in Table 4.

Table 4: Simultaneous Parameter Test

Chi-Square df P-Value

Step 54.492 10 0.000
Block 54.492 10 0.000
Model 54.492 10 0.000

Based on Table 4, the p-value obtained is 0.000, which is less than α = 5%. Therefore, the
decision is to reject H0, and it can be concluded that there is a significant effect of the predictor
variables on the incidence of ARI in toddler. Another side, the results of the partial parameter
significance test are presented in Table 5.

Table 5: Partial Parameter Test

B S.E. Wald df P-Value

Constant 23.502 28296.171 0.000 1 0.999
Mother’s Age 1.234 0.919 1.801 1 0.180
Mother’s Education (1) -21.599 28296.171 0.000 1 0.999
Mother’s Education (2) -20.136 28296.171 0.000 1 0.999
Mother’s Education (3) -20.895 28296.171 0.000 1 0.999
Mother’s Education (4) -41.058 31289.017 0.000 1 0.999
Mother’s Knowledge -1.265 1.109 1.302 1 0.340
Mother’s Attitude 0.852 0.894 0.909 1 0.340
Exclusive Breastfeeding -2.497 1.027 5.908 1 0.015
Home Ventilation -2.073 0.966 4.610 1 0.032
Housing Density -2.208 0.955 5.351 1 0.021

Based on Table 5, it was found that the variables exclusive breastfeeding, home ventilation, and
housing density have p-values less than α (5%), leading to the decision to reject H0. Therefore,
it can be concluded that these three variables have a partial effect on the incidence of ARI in
toddler. Meanwhile, the other variables do not have a partial effect, as their p-values are greater
than α (5%).

3.2.3 Goodness of Fit Test
A model fit test was conducted to assess the suitability of the binary logistic regression model,
specifically to determine whether there is a significant difference between the observed and
predicted values. The Hosmer–Lemeshow test was used for this evaluation. The results of the
model fit test are presented in Table 6 below.

Table 6: Model Goodness-of-Fit Test Results
Chi-Square df P – Value

12.899 8 0.115

Based on Table 6, the p-value is 0.115, which is greater than α (5%). Therefore, we fail to
reject H0 and conclude that the binary logistic regression model fits the data adequately.
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3.2.4 Coefficient of Determination Test

One approach to assess how well a logistic regression model fits the data is through the Nagelkerke
R Square test. A higher value of this statistic indicates that a larger portion of the variance in
the dependent variable is accounted for by the independent variables in the model. A value near
1 suggests strong explanatory capability, whereas a value closer to 0 implies weak explanatory
power. The outcomes of the model’s goodness-of-fit assessment using the Nagelkerke R Square
are shown in Table 7.

Table 7: Determination Coefficient Test Results
-2 Log Likelihood Cox & Snell R Square Nagelkerke R Square

12.899 8 0.115

Based on Table 7, the Nagelkerke R Square value is 0.115. This indicates that the predictive
variables in the model are able to explain 11.5% of the variation in the response variable. In
other words, 88.5% of the variation in the response variable is influenced by other factors that
are not included in this logistic regression model.

3.2.5 Parameter Estimation of Binary Logistic Regression Model
The model estimation was performed using analysis results that included only predictor variables
with a statistically significant effect on the incidence of ARI among toddler. The coefficient
estimates of these significant variables are shown Table 8 below.

Table 8: Binary Logistic Regression Model Estimation
Variable in the Equation B S.E Wald df Sig.
Exclusive Breastfeeding -2.598 0.781 11.062 1 0.001
Home Ventilation -2.409 0.792 9.247 1 0.002
Housing Density -1.985 0.715 7.705 1 0.006
Constant 3.292 0.810 16.525 1 0.000

Based on Table 8, the parameter values β used to construct the initial binary logistic regression
model were obtained by considering the factors that influence the incidence of ARI in toddler.
The logistic regression model obtained is:

π(xi) = exp(3.292 − 2.598x5 − 2.409x6 − 1.985x7)
1 + exp(3.292 − 2.598x5 − 2.409x6 − 1.985x7) (15)

Since Eq. 15 is nonlinear, a logit transformation is required to form the logistic regression
model:

g(x) = 3.292 − 2.598x5 − 2.409x6 − 1.985x7 (16)

Based on the resulting model, it can be concluded that children who receive exclusive
breastfeeding have approximately 92.6% lower odds of developing ARI compared to those who do
not, based on an odds ratio of 0.074. Likewise, improvement in home ventilation and reduction
in housing density are associated with 90.9% and 86.3% lower odds of ARI, respectively.

3.2.6 Classification Results of the Binary Logistic Regression Model

The previous estimation results were evaluated for classification performance in the form of the
following confusion matrix shown in Table 9.
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Table 9: Classification Results of the Binary Logistic Regression Model

Observed Predicted
Not Suffering from ARI Suffering from ARI

Not Suffering from ARI 26 6
Suffering from ARI 3 34

3.3 Multivariate Adaptive Regression Splines (MARS) Modeling

3.3.1 Best MARS Model
Before estimating the MARS model, the first step is to determine the optimal combination of
parameters. This study used 7 predictor variables, with the number of basis functions (BF) set
to 14, 21, and 28; the maximum interaction (MI) set to 1 and 2; and the minimum number
of observations (MO) set to 0, 1, and 2. All possible combinations of BF, MI, and MO were
evaluated to identify the best model configuration based on the lowest GCV and MSE values,
and the highest R2 value. The calculation results are presented in Table 10 below.

Table 10: GCV Calculation Results for Each Model Combination

Model BF MI MO GCV MSE R2

1 14 1 0 0.173 0.142 0.323
2 14 1 1 0.180 0.137 0.292
3 14 1 2 0.180 0.137 0.292
4 14 2 0 0.155 0.123 0.393
5 14 2 1 0.155 0.123 0.393
6 14 2 2 0.155 0.123 0.393
7 21 1 0 0.181 0.142 0.292
8 21 1 1 0.192 0.137 0.273
9 21 1 2 0.181 0.142 0.292
10 21 2 0 0.155 0.123 0.393
11 21 2 1 0.155 0.123 0.393
12 21 2 2 0.155 0.123 0.393
13 28 1 0 0.192 0.142 0.248
14 28 1 1 0.205 0.155 0.201
15 28 1 2 0.192 0.142 0.248
16 28 2 0 0.155 0.123 0.393
17 28 2 1 0.155 0.123 0.393
18 28 2 2 0.155 0.123 0.393

Based on Table 10, several model parameter combinations produce identical evaluation results,
notably models 4–6, 13–15, and 22–24. All of these models yield the minimum GCV value of
0.155, MSE of 0.123, and the highest R2 value of 0.393, meeting the criteria for the best MARS
model. According to the parsimony principle—preferring the simplest model among those with
equivalent predictive performance. Model 4 is selected as the optimal model, with BF = 14, MI
= 2, and MO = 0. This model not only demonstrates strong performance but is also structurally
simpler, making it easier to interpret and apply.

3.3.2 Parameter Estimation of MARS Model

Based on the best MARS model previously obtained, estimation can be conducted to model ARI
cases in toddler as shown in Table 11 below.
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Table 11: Parameter Estimation Results of the MARS Model

Basis Function (BF) Parameter Estimation

BF0 0.840
BF3 = (X7 = 1)BF1 ; where BF1 = (X3 = 1) −0.553

BF8 = max(0, X2 − 1)BF2 ; where BF2 = (X5 = 1) −0.117

Based on Table 11, the MARS model for estimating ARI cases in toddler at the Deleng
Pokhkisen Health Center, Aceh Tenggara Regency is as follows:

Y = 0.840 − 0.553BF3 − 0.117BF8 (17)

Based on Eq. 17, the MARS model indicates two main interaction terms occurring in BF3
and BF8, with the interpretation of each basis function described as follows:

a. Basis function BF3 = (X7 = 1)(X3 = 1) captures the interaction between housing density
(X7) and maternal knowledge about ARI (X3). BF3 equals 1 only if the child lives in
a low-density household and the mother has good knowledge of ARI. With a negative
coefficient of −0.553, this suggests that such a combination significantly reduces the risk of
ARI in toddler at Deleng Pokhkisen Health Center.

b. Basis function BF8 = max(0, X2 − 1)(X5 = 1) represents the interaction between maternal
education level (X2) and exclusive breastfeeding practice (X5). BF8 equals 1 when the
mother has education above primary school and provides exclusive breastfeeding. Its
coefficient of −0.117 implies a moderate reduction in ARI risk, although less impactful
than BF3.

Since the response variable is binary, the probability model for ARI occurrence is expressed as:

P (Y = 1) = π(x) = exp(0.840 − 0.553BF3 − 0.117BF8)
1 + exp(0.840 − 0.553BF3 − 0.117BF8) (18)

Based on Eq. 18, the negative coefficients of BF3 and BF8 indicate that fulfillment of these
conditions decreases the log-odds of ARI. Specifically, when BF3 = 1, the logit decreases by
0.553, showing a substantial protective effect. When BF8 = 1, the logit decreases by 0.117,
indicating a milder, yet still beneficial effect.

3.3.3 Significance Testing of MARS Model

The following are the hypotheses formulated to test whether the set of basis functions significantly
influences the response variable in the MARS model:

H0: a3 = a8 = 0 (The model is not significant)
H1: At least one aM ̸= 0, m = 3 and m = 8 (the model is significant)

At a significance level of 5%, the critical region for the above hypotheses is: reject H0 if the test
statistic F > Fcritical or if the p-value < α.

Table 12: Simultaneous Significance Test Results for the MARS Model
F-Statistic 36.826
Standard Error of Regression 0.351
P-value 0.181332 × 10−10

Residual Sum of Squares (RSS) 8.110
(MDF, NDF) (2, 66)
Regression Sum of Squares (SSR) 9.050

Based on Table 12, it can be seen that the F-statistic is 36.826, which is greater than
F(2,66) = 3.13592. In addition, the p-value of 0.181332 × 10−10 is less than 0.05. Therefore, we
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reject H0 and conclude that the model is statistically significant, indicating that at least one
basis function with β ̸= 0 significantly influences the incidence of ARI among toddler at the
Deleng Pokhkisen Public Health Center in Aceh Tenggara Regency.

The next step is to perform a partial significance test to examine whether each basis function
has a significant effect on the response variable in the MARS model. The hypotheses used are as
follows:

H0: am = 0 (basis function Bm(x) has no effect on the model)
H1: am ̸= 0, m = 3 and 8 (basis function Bm(x) has a significant effect on the model)

At a 5% significance level, H0 is rejected if the the p-value < α. The results of the partial
significance tests for each basis function are as follows:

Table 13: Partial Significance Test Results for the MARS Model
Parameter Estimate Standard Error t-Ratio P-value
Constant 0.840 0.056 15.088 0.99201 × 10−3

Basis Function 3 -0.553 0.099 -5.565 0.514515 × 10−6

Basis Function 8 -0.117 0.030 -3.873 0.249783 × 10−3

Based on Table 13, the results of the partial significance test for each basis function are as
follows:

a. For basis function 3, the test statistic is t = −5.565 and the p-value is 0.514515×10−6. Since
the p-value is less than 0.05, we reject H0 and conclude that basis function 3 significantly
affects the incidence of ARI among toddler at the Deleng Pokhkisen Public Health Center
in Aceh Tenggara Regency.

b. For basis function 8, the test statistic is t = −3.873 and the p-value is 0.249783 × 10−3.
Again, the p-value is below 0.05, leading us to reject H0 and conclude that basis function 8
also significantly affects the incidence of ARI in the same setting.

3.3.4 Predictor Variable Importance Level
To explain the extent of contribution of each predictor variable to the probability model of ARI
(Acute Respiratory Infection) incidence in children, the output of relative variable importance is
viewed in terms of the importance level and cost of omission, as shown in Table 14 below.

Table 14: Relative Variable Importance Output
Variable Importance Level Cost of Omission
Mother’s Knowledge 100.000 0.201
Household Density 100.000 0.201
Mother’s Education Level 51.947 0.168
Exclusive Breastfeeding 51.947 0.168
Mother’s Age 0.000 0.155
Mother’s Attitude 0.000 0.155
House Ventilation 0.000 0.155

Based on Table 14, the following interpretation is obtained:
a. Mother’s knowledge and household density are the most influential predictors, each with

100% importance and a cost of omission of 0.201, indicating a strong impact on ARI
incidence. Removing either would significantly reduce model performance, making them
essential to retain.

b. Mother’s education level and exclusive breastfeeding have 51.947% importance and a cost
of omission of 0.168. While less impactful than the top predictors, they still contribute
meaningfully and should be maintained to reduce model error.
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c. Mother’s age, attitude, and house ventilation show 0% importance, with a cost of omission
of 0.155. Removing them may be considered, as their exclusion would not significantly
affect the model’s effectiveness.

3.3.5 Classification Results of MARS Model

The evaluation of a MARS model involves several performance metrics that indicate how well
the model can distinguish between categories in the dependent variable. Table 15 presents the
classification results of MARS model.

Table 15: Classification Results of MARS Model

Observed Predicted
Not Suffering from ARI Suffering from ARI

Not Suffering from ARI 20 12
Suffering from ARI 1 36

3.4 Selection of the Best Regression Method

Based on Table 9 and Table 15, the accuracy, precision, recall, specificity, and F1-score are
calculated to determine the best regression model between binary logistic regression and MARS.
The comparison results are presented in Table 15 as follows:

Table 16: Comparison of Classification Accuracy between Logistic Regression and MARS
Method Accuracy Precision Recall Specificity F1-Score
Binary Logistic Regression 86.96 85.00 91.89 81.25 88.30
MARS 81.16 75.00 97.30 62.50 84.70

Based on Table 16, It is clear that the Binary Logistic Regression model performs better
than MARS in terms of accuracy, precision, specificity, and F1-score, while MARS shows
better performance only in recall. This suggests that Logistic Regression gives a more balanced
classification of acute respiratory infection (ARI) cases in children, with fewer classification
errors, especially in avoiding false positive results. Whereas for MARS method is more sensitive
in detecting ARI cases but has lower accuracy in predicting them correctly. Therefore, in this
study, Binary Logistic Regression is considered the most suitable method for classifying ARI
cases in children because it provides more consistent and reliable results. This study uses all
sample data in its tests to utilize the available information in comparing models, considering the
relatively small sample size. As a result, this approach limits the ability to generate Receiver
Operating Characteristic (ROC) curves, which typically require separate testing data. Although
this is a methodological decision, the evaluation results remain valid for the study’s purpose,
despite the limitation in assessing ROC-based performance.

4 Conclusion

This study aimed to model the risk factors of Acute Respiratory Infections (ARI) in children by
comparing Binary Logistic Regression and Multivariate Adaptive Regression Splines (MARS).
The findings showed that both models were statistically significant and capable of identifying key
predictors of ARI. However, logistic regression demonstrated superior classification performance,
with higher accuracy, precision, specificity, and F1-score. MARS model achieved a higher
recall indicating better sensitivity to actual positive case. Overall, binary logistic regression
emerged as the more reliable and interpretable method. Importantly, exclusive breastfeeding,
home ventilation, and housing density emerged as significant predictors in the logistic regression
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model, while MARS highlighted the interaction effects between maternal knowledge and housing
conditions, as well as between maternal education and breastfeeding. These findings offer new
insights into how individual and environmental factors interact in influencing ARI incidence in
children.

This study used the entire sample due to limitations in generating ROC-based evaluations.
Therefore, future research is encouraged to use a larger dataset that can be divided into training
and testing sets. This will enable a more comprehensive assessment of model performance
using ROC curves and other validation metrics. Such improvements are especially important
for health-related classifications, like detecting ARI cases in children under five, where model
accuracy and generalizability are essential for practical use and decision-making in clinical or
public health contexts.
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