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 Acute Respiratory Tract Infections (ARI) are the leading cause of childhood 

morbidity in Indonesia, with challenges in early detection due to limited medical 

personnel and diagnostic data imbalance, where LRTI cases are far fewer than URTI 

cases. This study developed and optimized an ARI classification prediction model 

(URTI and LRTI) based on machine learning with resampling techniques to address 

imbalance. An explanatory quantitative design was used with secondary data from 

the Mijen Community Health Center, Semarang (2020–2025, 12.177 valid data), 

with preprocessing including outlier handling (Winsorizing, IQR), stratified split 

(70:30), and RobustScaler on the training data. Three resampling techniques 

(SMOTE, ADASYN, SMOTE-ENN) were applied, then tested using Decision Tree 

and Random Forest with GridSearchCV and 5-fold cross-validation, focusing on 

Recall and AUC-PR evaluation for minority classes. The results showed that 

Random Forest with SMOTE-ENN provided the best performance, increasing the 

LRTI recall from 0.02 to 0.37 and F1-macro to 0.54, while Decision Tree with 

SMOTE-ENN produced the highest AUC-PR of 0.31. Despite this significant 

improvement, a recall of 0.37 is still low for clinical applications because the risk of 

false negatives remains high, potentially delaying patient treatment Future 

implementation requires the integration of clinical symptom data (e.g., respiratory 

rate) to achieve clinically acceptable sensitivity. These findings confirm that 

resampling can improve model capabilities, but additional feature exploration is 

needed to achieve adequate diagnostic sensitivity in the context of healthcare 

analytics. 
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I. INTRODUCTION 

Acute respiratory infections (ARI) are one of the infectious 

diseases that remain a major cause of morbidity and mortality 

in children worldwide, especially in developing countries [1]. 

The World Health Organization (WHO) notes that ARI 

accounts for a significant proportion of deaths in children 

under five years of age, with the burden of disease showing 

no downward trend globally [2]. Based on the results of the 

2023 Indonesian Health Survey, the national prevalence of 

ARI was recorded at 2.2%, with the rate in Central Java 

Province slightly higher at 2.5%. Among children under five 

years of age, the prevalence reached 4.8% nationally and 

6.9% in Central Java [3]. This situation shows that ARI 

remains a public health issue that requires serious attention at 

both the national and regional levels.  

Respiratory tract infections can be classified into upper 

respiratory tract infections (URTI) and lower respiratory tract 

infections (LRTI) based on the location of the infection, 

which have different clinical manifestations and risks of 

complications [2]. URTI are usually mild to moderate, while 

LRTI are more severe and require more intensive clinical 

attention [4]. This classification approach has been used in 

clinical practice to support more specific diagnoses and 

appropriate interventions in children. 2 Clinically, ARI has a 

significant impact on the health system because it has the 
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potential to cause serious complications such as pneumonia, 

bronchitis, and bronchiolitis, especially in children with low 

immunity [5]. Delayed treatment or inaccurate diagnosis can 

worsen the patient's condition and increase the risk of disease 

spread [6]. A study conducted at the Srondol Community 

Health Center and Batur Village, Getasan District, showed a 

relationship between poor nutritional status and the incidence 

of ARI in toddlers, indicating that biological and social factors 

contribute to the risk of infection [7].  

Community health centers have abundant medical record 

data, such as demographic, physical, and administrative data, 

which can be used for early prediction. However, community 

health center data often varies in quality, has missing values, 

and contains noise. Frequent staff turnover, seasonal 

workloads, and changes in medical record storage operational 

standards can result in incomplete or inconsistent data. This 

phenomenon is common in Puskesmas and has been reported 

in several studies highlighting the variation in the quality of 

medical record inputs and the risk of administrative bias in 

primary health facilities in Indonesia [8]. Therefore, a 

rigorous preprocessing process is necessary to minimize this 

potential bias and ensure that the prediction model accurately 

describes clinical conditions. 

The clinical and demographic variables used in this study 

are medically relevant in the assessment of ARI. Gender plays 

a role as a biological factor because several studies have 

shown that boys have a higher risk of developing ARI due to 

differences in the maturation of the immune system and 

respiratory tract [9]. The age of the child remains an important 

component because younger age groups, including toddlers, 

have a higher proportion of ARI cases than older age 

groups[10]. Anthropometric parameters such as weight, 

height, and Body Mass Index (BMI) also play an important 

role because nutritional status has been shown to affect ARI 

susceptibility and severity [11]. Blood pressure, although not 

a primary indicator of ARI, can reflect the body's 

physiological response to acute infection [12]. In addition, 

administrative information such as place of residence and 

type of health insurance can describe the socioeconomic 

conditions of families, which are important determinants in 

the incidence and management of ARI [13]. Thus, the 

selection of features in this study has a strong clinical and 

epidemiological basis to support comprehensive ARI 

diagnosis prediction. 

Previous studies have attempted to apply machine learning 

(ML) methods to detect ARI and pneumonia. One study 

developed an Artificial Neural Network-based model to 

detect pneumonia in children, without applying data 

balancing techniques [14]. Another study proved that the 

application of resampling methods such as SMOTE and 

ADASYN significantly improved the performance of 

classification models on maternal health data, especially in 

minority classes [15]. Another study [16] confirmed the 

effectiveness of SMOTE-ENN in improving classification 

performance, especially in cases of imbalanced data, while 

study [17] found that Random Forest with resampling 

produced higher accuracy and recall in heart failure patients 

compared to models without resampling. These findings 

indicate that machine learning has great potential in 

supporting early diagnosis of diseases in children, although 

most of the previous literature has not integrated URTI/LRTI 

classification and demographic, biometric, and administrative 

variables simultaneously. Most studies have focused on 

toddlers and have not covered the population of children aged 

1-10 years in primary health care services such as community 

health centers [14]. In addition, few studies have compared 

the performance of Decision Tree (DT) and Random Forest 

(RF) algorithms, and rarely integrated resampling techniques 

such as SMOTE, ADASYN, and SMOTE-ENN to address 

data imbalance [15], [16]. Previous studies have also not 

combined demographic, biometric, and administrative 

variables in a single predictive model, so the potential for 

comprehensive medical record analysis has not been 

maximized [18]. This gap is the basis for the need for this 

study to expand understanding in the application of machine 

learning techniques in the field of child health. Several studies 

have applied boosting algorithms such as XGBoost and 

LightGBM to predict ARI in children by balancing the data 

using a cost-sensitive approach, where the minority class is 

given a higher weight [19]. This approach shows that boosting 

models can be used as a strong baseline for tabular health data. 

However, these studies did not apply synthetic oversampling 

techniques such as SMOTE, ADASYN, or SMOTE-ENN, 

nor did they examine the classification of URTI and LRTI as 

two separate clinical categories. Therefore, this study 

continues to focus on the use of Decision Tree and Random 

Forest as core models that are more suitable for clinical 

interpretability in primary care, while still recognizing 

XGBoost as a common baseline in similar domains. 

In addition to these findings, the selection of the SMOTE, 

ADASYN, and SMOTE-ENN methods in this study was 

based on the characteristics of the data distribution, which 

showed extreme imbalance between the URTI and LRTI 

classes, with a relatively small proportion of minority classes 

and the dominance of numerical features such as age, BMI, 

and blood pressure. This condition requires an oversampling 

approach that is capable of forming representative synthetic 

samples without losing important information, so simple 

undersampling methods were not selected. SMOTE and 

ADASYN were used because both generate new minority 

samples based on feature proximity, while ADASYN 

adaptively adds more samples to areas of features that are 

difficult to learn. On the other hand, SMOTE-ENN was 

combined to handle noise through a sample cleaning process, 

resulting in a more stable data distribution suitable for outlier-

sensitive models such as Random Forest and Decision Tree. 

Furthermore, although the dataset used covers the 2020-

2025 service period (from January 1 to August 26) medical 

records do not provide temporal information such as visit 

dates, months, or seasons. This condition prevents the 

analysis of seasonal patterns and epidemiological trends. 

Since the medical record data does not contain consistent visit 
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timestamps, this study focuses on a pure classification 

approach based on patient features, rather than time-series or 

seasonal analysis. 

This study aims to develop and optimize a model for 

predicting early diagnosis of ARI in children using Decision 

Tree and Random Forest algorithms by applying resampling 

techniques (SMOTE, ADASYN, and SMOTE-ENN) to 

address the imbalance in medical record data from the Mijen 

Community Health Center, Semarang City. The contributions 

of this study are both theoretical and practical. Theoretically, 

this study enriches the literature on the application of machine 

learning in pediatric health with a focus on data imbalance 

issues, while practically producing a medical record-based 

screening tool to support early detection of ARI in primary 

health care [16]. The novelty of this research lies in the 

integration of DT and RF with three resampling methods in 

the context of URTI and LRTI classification in primary health 

facilities, an approach that has not been widely explored in 

Indonesia. 

II. METHOD  

The research methodology included several interrelated 

stages, starting from data collection and preprocessing, 

dataset division, application of class balancing techniques, 

classification model development, to the evaluation stage 

using various model performance metrics. 

 

 

 Figure 1. Research Flow 

The stages begin with data collection, followed by 

preprocessing to ensure the quality of the dataset. Next, the 

data is divided into training data and test data in the dataset 

splitting stage. Two approaches are applied to the training 

data, namely without resampling (baseline) and with 

resampling using SMOTE, ADASYN, and SMOTE-ENN. 

Both approaches then enter the modeling stage with the 

Decision Tree (DT) and Random Forest (RF) algorithms, and 

end with model evaluation using accuracy, precision, recall, 

F1-score, and confusion matrix metrics. These stages are 

illustrated in Figure 1. 

A. Data Collection 

This study used secondary data from the medical records 

of pediatric patients diagnosed with ARI (ICD-10 J00-J22) in 

the Mijen Community Health Center Information System 

(SIMPUS), Semarang City, for the period 2020-2025. This 

dataset consists of 13.156 rows and 12 attributes covering 

demographic, clinical, and administrative variables. 

Demographic variables include gender, age in months, and 

patient type, while clinical variables include weight, height, 

body mass index (BMI), systolic blood pressure, and diastolic 

blood pressure. Administrative variables include polyclinic, 

payment type, and region of origin (subdistrict) 

The target variable of the study is disease diagnosis based 

on the ICD-10 code, which is then mapped into two broad 

categories, namely Upper Respiratory Tract Infection (URTI) 

and Lower Respiratory Tract Infection (LRTI). The URTI 

category includes codes J00-J06, which cover acute 

nasopharyngitis, sinusitis, pharyngitis, laryngitis, and acute 

tracheitis. Meanwhile, the LRTI category includes codes J09-

J22, which cover influenza, pneumonia, bronchitis, 

bronchiolitis, and undefined lower respiratory tract infections 

[2]. 

This mapping is a simplified form of analysis that refers to 

classification practices in international medical literature, 

which generally distinguishes ARIs based on the location of 

infection, namely the upper and lower respiratory tract [1], 

[4].  

Although the data range is from 2020 to 2025, the dataset 

does not include consistent visit timestamps, such as the date 

or month of examination. The absence of this temporal 

information makes it impossible to analyze seasonal patterns 

or annual trends. Therefore, this study focuses on a pure 

feature-based classification approach that includes clinical, 

biometric, and demographic variables, without incorporating 

time series or seasonal analysis that requires complete and 

structured time attributes. 

B. Data PreProcessing  

The data preprocessing stage was carried out to ensure the 

quality and suitability of the data before it was used in the 

modeling process. The first step was label mapping from the 

ICD-10 code into two target classes, namely Upper 

Respiratory Tract Infection (URTI) and Lower Respiratory 

Tract Infection (LRTI) [2]. 

 

𝐷𝑖𝑎𝑔𝑛𝑜𝑠𝑖𝑠 = {
𝑈𝑅𝑇𝐼,if  ICD-10 ∈  [𝐽00 − 𝐽06]

𝐿𝑅𝑇𝐼, if ICD-10  ∈  [𝐽08 − 𝐽22]
 

 
This formula is used to simplify the variety of diagnoses 

into two main categories based on the anatomy of the 

respiratory tract [4].  

Missing values were handled using a simple imputation 

method for numerical and categorical attributes, so that no 

important information was lost from the dataset. Next, 

duplicate data was removed to avoid repetition of the same 

patient entries, which could affect the model training results. 
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The next step is to remove constant attributes, which are 

features that have identical values across all data rows and do 

not contribute to the classification process. After that, outliers 

are detected and handled using two statistical approaches, 

namely Interquartile Range (IQR) and Winsorizing. 

The IQR method is used to detect and remove extreme 

values based on the distance between the first quartile (Q1) 

and the third quartile (Q3) 

 

Lower Bound = Q1 − (1.5 × IQR) 

Upper Bound = 𝑄3 + (1.5 × IQR) 
 

The Winsorizing method is used not to remove outliers, but 

to limit extreme values so that they do not affect the data 

distribution. 

 

𝑥𝑖
′ = {

𝑃𝛼 , if 𝑥𝑖 < 𝑃𝛼

𝑥𝑖 , if 𝑃𝛼 ≤ 𝑥𝑖 ≤ 𝑃1−𝛼

𝑃1−𝛼 , if𝑥𝑖 > 𝑃1−𝛼

 

 

This approach aims to identify extreme values that deviate 

significantly from the normal distribution of data without 

eliminating natural variations that are still clinically relevant 

[20]. 

Next, categorical variables are converted to numerical form 

using Label Encoding, so that they can be processed by 

machine learning algorithms without losing their original 

categorical meaning [21]. 

C. Splitting Dataset 

This stage is carried out after the data cleaning process to 

separate the dataset into two main parts, namely 70% training 

data (training set) and 30% test data (testing set). The division 

is done using stratified sampling techniques so that the 

distribution of the URTI and LRTI target classes remains 

balanced in both subsets. This approach is important to 

maintain the representativeness of patterns in each class and 

prevent model bias towards the majority class [22]. The 

stratification method has also been widely used in medical 

research to ensure that model performance remains stable 

even though the dataset is limited in size [23]. 

D. Scaling Dataset 

After the dataset is divided, normalization is performed 

only on the training set using RobustScaler, then the 

parameters obtained from the training data are used to 

transform the test data. This approach prevents data leakage, 

where information from the test data should not influence the 

model training process. RobustScaler was chosen because it 

effectively suppresses the influence of outliers without 

changing the original distribution of numerical data such as 

body temperature, respiratory rate, and blood pressure [24]. 

Normalization is performed so that each feature has a uniform 

scale, allowing the Decision Tree and Random Forest 

algorithms to learn patterns more efficiently and consistently. 

E. Resampling 

Class imbalance (imbalanced data) is a significant 

challenge in disease modeling, where the number of URTI 

cases is much higher than LRTI cases. This condition can 

cause model bias towards the majority class and reduce 

detection capabilities in the minority class. To overcome this, 

three resampling techniques were applied, namely SMOTE, 

ADASYN, and SMOTE-ENN. 

The selection of these three resampling methods was based 

on the characteristics of the dataset, which consisted mostly 

of continuous numerical features resulting from clinical 

measurements, allowing for a more accurate synthetic sample 

generation approach. In addition, the very small proportion of 

LRTI classes compared to URTI required a method capable 

of improving the representation of minority classes without 

removing the original data, so the undersampling technique 

was not used. In this context, SMOTE and ADASYN were 

chosen because they are capable of safely enriching the 

pattern variation in the minority class, while SMOTE-ENN 

was used to overcome potential noise that arises after the 

oversampling process so that the data distribution becomes 

cleaner and more stable when used for model training. 

SMOTE (Synthetic Minority Oversampling Technique) 

generates synthetic data based on the proximity between 

minority vectors [25]. ADASYN (Adaptive Synthetic 

Sampling) multiplies synthetic data in areas that are difficult 

to classify [15]. Meanwhile, SMOTE-ENN combines 

oversampling and data cleaning using Edited Nearest 

Neighbor to reduce noise [26]. 

All of these techniques are applied only to the training data 

to prevent data leakage to the test data, thereby improving the 

stability and sensitivity of the model to minority classes 

without sacrificing overall accuracy. 

In the GridSearchCV process with 5-fold cross validation, 

the resampling technique and fitting scaler process are applied 

only to the subset that acts as training data in each fold, while 

the subset that acts as validation data per fold does not 

undergo resampling or refitting. Validation data is only 

transformed using scaling parameters obtained from the 

training fold. Meanwhile, the test data, which is separated 

from the outset, is not involved in the training, resampling, 

scaling, or tuning processes, and is only used once in the final 

evaluation stage. With this procedure, all stages of the 

analysis are free from data leakage. 

F. Classification Model 

The modeling stage aims to build a classification model 

capable of predicting the initial diagnosis of Acute 

Respiratory Infection (ARI) in children based on medical 

record data. Two algorithms used are Decision Tree (DT) and 

Random Forest (RF), as both are known to be effective for 

medical tabular data and have high interpretability. The 

modeling process was carried out using the Scikit-learn 

library, with a series of training, validation, and 
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hyperparameter tuning procedures to obtain optimal 

performance from each algorithm. 

During the model tuning process, GridSearchCV with a 5-

fold cross validation scheme was used to obtain the best 

parameter combination. During this process, all training 

stages such as scaling and resampling were applied 

exclusively to the training data in each fold, while the 

validation data was kept in its original condition without 

modification. Furthermore, the test data obtained from the 

initial division was never involved in the resampling process, 

additional scaling, or hyperparameter tuning. This approach 

ensures that no data leakage occurs during the training and 

cross-validation processes, so that the final evaluation truly 

reflects the model's ability to generalize. 

1) Decision Tree (DT) 

The Decision Tree algorithm works by building a decision 

tree structure based on the principle of information gain or 

Gini index as the attribute separation criterion [27]. 

conditions, and the leaves contain the final class labels. The 

hyperparameter tuning process is carried out to adjust 

parameters such as max_depth, min_samples_split, and 

criterion, in order to avoid overfitting and improve the 

model's generalization to new data. DT was chosen because it 

produces a model that is easy for medical personnel to 

interpret and is suitable for clinical decision support systems 

[28]. 

2) Random Forest (RF) 

Random Forest is an ensemble learning algorithm that 

combines a number of decision trees through a bagging 

mechanism and random feature selection [29]. This approach 

improves prediction stability and reduces the variance that 

often occurs in single tree models. Hyperparameter tuning is 

performed on parameters such as n_estimators, max_features, 

and max_depth to achieve a balance between accuracy and 

computational efficiency. RF is widely used in the healthcare 

domain due to its ability to detect complex patterns and its 

resilience to data noise [28]. 

G. Evaluation Model 

Model evaluation is performed to assess the performance 

of classification algorithms in predicting the initial diagnosis 

of ARI based on clinical data. Five main metrics are used, 

namely Accuracy, Precision, Recall, F1-Score, and Confusion 

Matrix [30]. Each metric has a specific function to describe 

the overall performance of the model. 

Accuracy measures the proportion of correct predictions 

out of all test data and is used to assess the overall 

performance of the model [31]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁
 

Precision describes the accuracy of the model in 

identifying positive cases from all positive predictions 

generated [32]. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall (Sensitivity) shows the model's ability to detect all 

positive cases that actually exist in the data [33]. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

The F1-Score is the harmonic mean between precision and 

recall, providing a balance between the sensitivity and 

specificity of the model [31]. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

In addition, the Confusion Matrix is used to visualize the 

distribution of classification results into four main categories 

[34] : True Positive (TP), True Negative (TN), False Positive 

(FP), and False Negative (FN). 

TABLE I 

CONFUSION MATRIX 

 Positive Negative 

Positive TP FN 

Negative FP TN 

 

In addition to understanding the distribution of predictions 

through the Confusion Matrix, it is necessary to select 

evaluation metrics that can accurately describe the 

performance of the model in conditions of unbalanced class 

distribution. The selection of metrics in this study focused on 

Recall, F1-macro, and AUC-PR because accuracy tends to be 

biased in unbalanced data [35]. Recall is prioritized to 

minimize the risk of false negatives in LRTI cases, F1-macro 

provides a balanced assessment between classes, and AUC-

PR is more informative than ROC-AUC in imbalanced 

conditions. The combination of these three metrics is 

considered most relevant for evaluating model performance 

in the early diagnosis of ARI. 

III. RESULT AND DISCUSSION 

A. Dataset Description 

The dataset used in this study consists of medical records 

of pediatric ARI patients sourced from the Mijen Community 

Health Center, Semarang City. The initial dataset consists of 

13.156 rows of data. The feature variables analyzed included 

demographic data and basic physical examination data, such 

as Gender, age in months (Age_months), Weight, Height, 

body mass index (BMI), blood pressure (Systolic, Diastolic), 

and administrative data such as Poly, Patient, Payment, and 

Subdistrict. The raw target variable is Diagnosis, which uses 

the ICD-10 code (J00 to J22). Examples of some features 
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from the dataset before the preprocessing stage are shown in 

Table 2. 

TABLE II 

DATASET BEFORE PREPROCESSING 

No. Gender 
Age_ 

months 
… Subdistrict Diagnosis 

1 M 84 … Ngadirjo J02 

2 F 84 … Mijen J02 

3 M 72 … Tambangan J06 

4 F 96 … Wonolopo J18 

5 F 96 … Jatibarang J02 

… … … … … … 

… … … … … … 

… … … … … … 

13154 M 9 … Out of 

area 

J06.9 

13155 M 4 … Cangkiran J06.9 

13156 M 5 … Out of 

area 

J00 

B. Preprocessing result 

The preprocessing process is carried out to ensure data 

quality before it is used in the ARI classification model 

training stage. The preprocessing stages range from label 

mapping to normalization and encoding of categorical 

variables. 

1) Label Mapping 

The first step is to map the diagnosis labels from the ICD-

10 codes J00-J22 into two main target categories. Based on 

the location of the respiratory tract infection, codes J00-J06 

are grouped as Upper Respiratory Tract Infections (URTI), 

and codes J09-J22 are grouped as Lower Respiratory Tract 

Infections (LRTI). This mapping aims to simplify the variety 

of diagnoses into two main classes based on the anatomy of 

the respiratory tract. 

The mapping process and examples of labeling results are 

presented in Table 3. The results of this mapping produced 

two target classes with an initial unbalanced distribution, 

namely URTI with 11.481 data (majority) and LRTI with 

1.675 data (minority). This distribution is presented in Figure 

2. 

TABLE III 

LABEL MAPPING 

No. Gender 
Age_ 

months 
… Subdistrict Diagnosis 

1 M 84 … Ngadirjo URTI 

2 F 84 … Mijen URTI 

3 M 72 … Tambangan URTI 

4 F 96 … Wonolopo LRTI 

5 F 96 … Jatibarang URTI 

 

 
Figure 2. Distribution class diagnosis 

2) Handling Missing Value 

Missing values were handled using the median imputation 

method to maintain the stability of numerical data. The 

attributes Age_months, Weight, Height, Systolic, and 

Diastolic had empty values. All empty values were replaced 

with the median value as shown inTable 4. 

TABLE IV 

HANDLING MISSING VALUE 

Attribute 
Missing 

Value 

After 

Imputation 
Method 

Age_months 1 0 Median 

Weight 2 0 Median 

Height 10 0 Median 

Systolic 432 0 Median 

Diastolic 427 0 Median 

3) Handling Duplicate  

The duplicate checking stage was carried out after the label 

mapping process to ensure that the data used was truly unique 

at the diagnosis category level (URTI and LRTI). Of the total 

13.156 initial records, 979 duplicate data were found and then 

deleted, leaving 12.177 clean data as shown in Table 5. 

 

TABLE V 

HANDLING DUPLLICATE 

Description Number of Records 

Total Initial Data 13.156 

Duplicate Data 979 

Final Data Count 12.177 

4) Handling Variable Constant  

The next step is to remove constant attributes, which are 

variables that do not vary in value and do not contribute 

information to the model learning process. In this study, the 

Poly attribute was removed because all entries had the same 

value, namely "MTBS". Variables such as this are considered 

uninformative features, so their removal is necessary to 
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prevent the model from being burdened by irrelevant features 

and to improve data processing efficiency. 

5) Handling Outlier  

Outlier handling was performed to maintain the 

consistency of numerical values in attributes such as height, 

weight, BMI, and blood pressure. The Interquartile Range 

(IQR) method was used to detect and adjust extreme values in 

the Weight, Height, BMI, and Diastolic variables by replacing 

values outside the lower and upper limits to remain within the 

physiological range for children. Additionally, the Systolic 

attribute is handled using a winsorizing approach at the 1st 

and 99th percentiles to reduce the influence of extreme values 

without deleting data. This combination strategy of IQR and 

winsorizing maintains the stability of the data distribution 

before the normalization and modeling stages.  

6) Encoding Features 

subdistrict, and diagnosis were converted into numerical 

values using LabelEncoder so that they could be processed by 

the algorithm. The results are shown in Table 6. 

TABLE VI 

ENCODING FEATURES 

Attribute UniqueValue Encoding 

Gender ['M’ 'F'] [0 1] 

Patient [‘OLD' 'NEW'] [0 1] 

Payment 

['BPJS NON PBI’ 

'FREE' 'BPJS PBI' 

‘GENERAL’] 

[0 1 2 3] 

Subdistrict 

['Ngadirgo' 'Mijen' 

'Tambangan' 

…'Cangkiran'] 

[0 1 3 … 146] 

Diagnosis ['URTI' 'LRTI'] [0 1] 

C. Splitting Dataset 

The dataset was divided into two parts using a stratified 

train-test split approach to maintain a balanced proportion 

between the URTI and LRTI classes. A total of 70% of the 

data (8.523 rows) was used as training data, while the 

remaining 30% (3.654 rows) was used for testing. Stratified 

division was performed so that the model would obtain a 

balanced data representation and be able to generalize well. 

In addition, the division results show that both subsets have 

10 independent features and one target diagnosis variable, 

with a consistent data structure. This stage is important to 

ensure that the model validation process runs objectively and 

reduces the risk of overfitting. 

D. Scaling Dataset 

The standardization process was performed using 

RobustScaler to reduce the influence of outliers on numerical 

features. This technique was chosen because it is more stable 

against data distributions with extreme values than 

conventional normalization methods. The fitting process was 

performed only on the training data, while the test data was 

transformed using the same parameters to prevent data 

leakage. 

E. Resampling 

 

Figure 3. Initial Distribution  

Figure 3 illustrates the significant class imbalance present 

in the initial dataset. Class 0 (URTI) comprises 7.400 samples, 

while Class 1 (LRTI) contains only 1.123 samples in the 

training data. This substantial disparity had the potential to 

impair the model's ability to accurately recognize the minority 

class. To address this issue, three data balancing techniques 

were subsequently applied: SMOTE, ADASYN, and 

SMOTE-ENN. 

 Figure 4. Distribution after SMOTE 

Figure 4 demonstrates the outcome of employing the 

SMOTE technique. This method successfully achieved 

perfect class equilibrium, wherein both classes now possess 

an identical number of samples: 7.400 samples for Class 0 and 

7.400 samples for Class 1. 
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Figure 5. Distribution after ADASYN 

Figure 5 displays the sample distribution following the 

application of the ADASYN technique. This approach 

yielded a distribution that is in near-parity, with Class 0 

remaining at 7.400 samples and Class 1 increasing to 7.290 

samples. 

 

Figure 6. Distribution after SMOTEENN 

Figure 6 illustrates the sample distribution after utilizing 

the hybrid SMOTE-ENN technique. This method not only 

augmented the minority class samples but also cleaned the 

dataset by reducing potentially noisy instances in the majority 

class. Consequently, the resulting distribution shows a 

decrease in Class 0 to 4.170 samples and an increase in Class 

1 to 6.060 samples, marking a significant reduction in class 

disparity compared to the initial data condition. 

F. Classification Model Result 

The classification models used in this study consisted of 

Decision Tree (DT) and Random Forest (RF), which were 

applied to the ARI patient dataset after undergoing 

preprocessing and resampling using SMOTE, ADASYN, and 

SMOTE-ENN. Before tuning, both models showed relatively 

low initial performance in the minor class (LRTI). For 

Random Forest, the accuracy on the original data reached 

84.9%, but the F1-score for the minor class was only 0.03, 

while on SMOTE, ADASYN, and SMOTE-ENN data, the 

accuracy ranged from 70-82% with a low minor F1-score 

(0.11-0.26). Decision Tree showed a similar pattern, with 

accuracy before tuning between 68-76% and minor class F1-

score between 0.16-0.23. This confirms the challenges arising 

from unbalanced class distribution. 

After tuning using GridSearchCV with 5-fold cross-

validation and the parameter class_weight = 'balanced', the 

performance of both models improved, especially in 

predicting minor classes. Random Forest on SMOTEENN 

data produced an accuracy of 71.6% and an F1-macro of 0.54, 

with minor class recall increasing to 0.37. Other data (original 

data, SMOTE, ADASYN) showed similar improvements in 

minor class recall, although the overall accuracy remained 

relatively stable. The post-tuning Decision Tree SMOTEENN 

also showed an increase in minor class recall to 0.37, with an 

F1-macro of 0.54, while the original data and ADASYN 

showed more moderate improvements. 

Overall, Random Forest tends to provide a more stable and 

consistent prediction distribution compared to Decision Tree, 

although both models show comparable capabilities in 

effectively classifying ARI diagnoses. The results before and 

after tuning confirm that parameter optimization is very 

important for improving prediction performance, especially 

for minor classes that are more difficult to predict. 

G. Evaluation Model 

The evaluation of classification model performance in this 

study focused on the ability of Random Forest (RF) and 

Decision Tree (DT) to detect majority (0) and minority (1) 

classes in the ARI dataset. The analysis was conducted on 

models before and after parameter tuning, as well as for each 

resampling method, namely Original Data, SMOTE, 

ADASYN, and SMOTEENN. 

TABLE VII 

CONFUSION MATRIX RANDOM FOREST 

Method Tuning  TN FP FN TP 

Original Data  Before  3096 473 77 8 

SMOTE  Before 2946 441 227 40 

ADASYN  Before 2934 439 239 42 

SMOTEENN  Before 2396 294 777 187 

Original Data After 2566 329 607 152 

SMOTE  After 2945 435 228 46 

ADASYN  After 2949 436 224 45 

SMOTEENN  After 2438 304 735 177 

 

Based on the results of the Random Forest confusion 

matrix model in Table 7, Random Forest on the original data 

before tuning shows a strong bias towards the majority class. 

The model tends to prioritize dominant patterns in the dataset, 

resulting in limited ability to detect minority classes. This can 

be seen from the high True Negative performance but low 

True Positive performance. 
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After applying resampling methods such as SMOTE and 

ADASYN, there was an increase in True Positive, but this 

increase was still limited because these methods only added 

synthetic samples without optimizing class boundaries. 

SMOTEENN provided more significant improvements 

because the combination of oversampling and instance 

cleaning made the model more sensitive to the minority class, 

although on the other hand it reduced negative predictions in 

the majority class. This pattern remains visible after tuning, 

with the highest increase in True Positive in SMOTEENN, 

but there is still a decrease in the accuracy of negative 

predictions. 

TABLE VIII 

CONFUSION MATRIX DECISION TREE 

Methode Tuning  TN FP FN TP 

Original Data Before  2714 402 459 79 

SMOTE  Before 2632 390 541 91 

ADASYN  Before 2564 376 609 105 

SMOTEENN  Before 2307 304 866 177 

Original Data After 2079 202 1094 279 

SMOTE  After 2716 394 457 87 

ADASYN  After 2621 381 552 100 

SMOTEENN  After 2438 301 742 180 

  

Based on the results of the confusion matrix in Decision 

Tree Table 8, Decision Tree is more sensitive to class 

distribution variations than Random Forest because trees 

directly form separations based on data. In the original data, 

the model's ability to recognize minority classes is still 

limited, but resampling, especially SMOTEENN, can 

significantly improve True Positive thanks to instance 

cleaning that clarifies class boundaries. 

After tuning, the Decision Tree on the original data showed 

a drastic increase in True Positive, although it was followed 

by a decrease in True Negative. This reflects the tendency of 

this single model to overfit on unbalanced datasets. 

SMOTEENN still provides the highest True Positive after 

tuning, but the increase in errors in the majority class shows 

the limitations of the model in balancing Precision and Recall. 

TABLE IX 

EVALUATION METRICS RANDOM FOREST 

Method Tune Acc Prec Recall F1  

Original Data Before  0.849 0.765  0.849  0.801       

SMOTE  Before 0.817 0.775 0.817 0.794 

ADASYN  Before 0.814 0.775 0.814 0.792 

SMOTEENN  Before 0.706 0.798 0.706 0.743 

Original Data After 0.743 0.796 0.743 0.766 

SMOTE  After 0.818 0.778 0.818 0.796 

ADASYN  After 0.819 0.778 0.819 0.796 

SMOTEENN  After 0.715 0.797 0.715 0.749 

 

TABLE X 

EVALUATION METRICS DECISION TREE 

Method Tune Acc Prec Recall F1  

Original Data Before  0.764 0.775 0.764 0.769 

SMOTE  Before 0.745 0.775 0.745 0.759 

ADASYN  Before 0.730 0.776 0.730 0.751 

SMOTEENN  Before 0.679 0.789 0.679 0.723 

Original Data After 0.645 0.818 0.645 0.701 

SMOTE  After 0.767 0.779 0.767 0.773 

ADASYN  After 0.744 0.778 0.744 0.760 

SMOTEENN  After 0.714 0.798 0.714 0.748 

 

Additional evaluation metrics (Accuracy, Precision Recall, 

and F1-Score) presented in Table 9 and Table 10. Random 

Forest shows better performance stability than Decision Tree 

because the voting mechanism in the ensemble is able to 

reduce prediction variability between trees, so that changes in 

data distribution due to resampling and tuning do not 

drastically affect performance. Conversely, Decision Tree, 

which is a single model, is more easily affected by changes in 

data structure, so that its metrics are more volatile. 

The evaluation metric results (Accuracy, Precision, Recall, 

and F1-Score) support this insight, with Random Forest's 

average F1-Score being more consistent across all resampling 

and tuning methods. This shows that the stability of the 

ensemble model is not only evident technically, but also 

reflected empirically in the performance of the evaluation 

metrics. 

 

Figure 7. Precision Recall Curve Random Forest 

 

Precision-Recall (PR) curve analysis provides crucial 

insight into the model's ability to address class imbalance. 

Based on the test results on Random Forest, which are 

visualized in Figure 7, in Random Forest, the highest AUC-

PR value was achieved by the original model after tuning 

(AUC = 0.19), followed by SMOTEENN (AUC = 0.18). This 

low AUC value indicates that although Random Forest is 

stable in terms of accuracy and F1-score, the model as a whole 

has difficulty balancing Precision and Recall in the minority 
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class (LRTI). This confirms that the ensemble mechanism 

prioritizes majority class patterns, and tuning only provides 

limited improvement in minority sensitivity.  

 

 
Figure 8. Precision Recall Curve Decision Tree 

 

This contrasts with the Decision Tree model, as shown in 

Figure 8. Decision Tree shows a better response to resampling 

techniques, especially SMOTEENN. The highest AUC-PR 

value was achieved by DT SMOTEENN before and after 

tuning (AUC = 0.31). This improvement indicates that 

Decision Trees, with aggressive resampling combinations, are 

more effective at increasing sensitivity to minority classes 

without sacrificing Precision to an extreme degree. The tuning 

process on Decision Tree SMOTEENN did not produce 

significant changes, confirming that the quality of the 

resampled data distribution is more decisive for AUC-PR 

performance than model hyperparameters. 

From the results of the confusion matrix analysis and 

evaluation metrics, the SMOTE-ENN method proved to be 

the most effective in improving recall in the minority class 

(LRTI) in both algorithms, although it was always 

accompanied by a trade-off in the form of a decrease in 

Precision in the majority class (URTI). Specifically, the 

Random Forest algorithm showed more stable and balanced 

performance (high macro F1-Score), while Decision Tree 

showed the best Recall potential (the highest achieved by 

Decision Tree Original After with 279 TP) but with a higher 

risk of False Positives in the majority class. These findings 

confirm the fundamental trade-off between overall accuracy 

and minority class detection capability, which is a major 

challenge in classifying medical data with an imbalanced 

distribution. 

However, the recall value of 0.37 in both algorithms is still 

relatively low for clinical applications due to the high 

potential for false negatives, which means that some cases of 

LRTI remain undetected. The increase from the very low 

baseline, which was 0.02 in Random Forest and 0.16 in 

Decision Tree, shows that the balancing technique provides 

significant progress, but the sensitivity of the model is still 

inadequate for healthcare purposes. These findings indicate 

that LRTI screening cannot rely solely on routine 

administrative and anthropometric data from community 

health centers. Resampling techniques help improve 

performance, but the addition of clinical features such as 

symptoms, immunization history, or environmental exposure 

is an absolute necessity for the model to achieve higher 

sensitivity. Thus, low recall results are not merely a model 

failure, but an important scientific finding that highlights the 

intrinsic limitations of Puskesmas data in supporting early 

detection of LRTI without feature enrichment. 

These findings reinforce the theory of data balancing in the 

health domain, particularly in disease prediction with 

imbalanced class distributions. The effectiveness of SMOTE-

ENN in improving recall and F1-macro is in line with studies 

[15] and [17], which show that resampling techniques can 

improve model sensitivity to minority classes in clinical data. 

These results are also consistent with [16], which shows that 

the combination of oversampling and instance cleaning can 

improve data structure so that the model is more stable in 

distinguishing classes. However, the highest AUC–PR 

achievement in the SMOTE-ENN Decision Tree shows 

characteristics that have not been widely discussed in 

previous research. Thus, this study makes an important 

contribution that SMOTE-ENN is not only effective in 

ensemble models such as Random Forest, but also optimally 

improves the performance of interpretable models such as 

Decision Trees in the context of pediatric ISPA diagnosis. 

 

IV. CONCLUSION 

Based on the results of analysis using the Decision Tree 

and Random Forest algorithms with the application of 

resampling techniques (SMOTE, ADASYN, and SMOTE-

ENN), this study shows that balancing plays a significant role 

in improving the model's ability to detect minority classes in 

ISPA data for children. The Random Forest model with 

SMOTE-ENN provided the most balanced performance, as 

indicated by an increase in the recall of the LRTI class to 

approximately 0.37 and an F1-macro value of 0.54. 

Meanwhile, the Decision Tree with SMOTE-ENN produced 

the highest AUC–PR value of 0.31, indicating that aggressive 

resampling techniques can improve the sensitivity of simple 

models to imbalanced data distributions. These findings 

support the research hypothesis that resampling methods can 

improve prediction accuracy in medically imbalanced data. 

Although the recall of the minority class increased to 

approximately 0.37 in both algorithms, this value is still not 

ideal for the clinical context because the risk of false negatives 

remains high. However, the improvement from a very low 

baseline indicates that balancing techniques such as SMOTE-

ENN are an important first step in improving model 

sensitivity. 

Theoretically, this study reinforces the concept in the 

literature that balancing, particularly through SMOTE-ENN, 

not only increases the number of minority samples but also 
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improves the data structure so that the model becomes more 

capable of distinguishing classes with unequal distributions. 

These results are in line with previous studies on the 

effectiveness of resampling in the health domain, but provide 

a new contribution by demonstrating that SMOTE-ENN is 

capable of optimizing the performance of two types of 

algorithms simultaneously, both ensemble models such as 

Random Forest and interpretable models such as Decision 

Tree in the specific context of pediatric ISPA diagnosis. Thus, 

this study adds empirical evidence that the combination of 

oversampling and instance cleaning can be a consistent 

approach to improving classification performance on 

imbalanced clinical data. 

In practical terms, this study has important implications for 

the development of early detection systems in primary health 

care facilities. Community health centers and health 

departments are advised to adopt machine learning-based 

prediction models with resampling techniques such as 

SMOTE-ENN as tools for the early identification of LRTI 

cases that are at risk of being missed in routine clinical 

diagnosis. For future research, it is recommended to expand 

the scope of the dataset, include additional clinical variables 

such as symptoms, immunization, and environmental factors, 

and evaluate advanced ensemble methods or deep learning to 

improve the generalization and external validity of the model. 

Overall, these results show that this study not only provides 

empirical contributions but also relevant theoretical and 

practical contributions to the development of data-driven 

health policies. 
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