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Abstract: Asthma is a chronic respiratory disease affecting millions of people worldwide, including
Indonesia, necessitating fast and accurate detection methods. This study aims to classify asthma
disease risk factors using the C4.5 decision tree algorithm applied to a dataset of 150 patient medical
records obtained from Kaggle. The dataset consists of 14 predictor attributes including age, gender,
BMI, smoking status, family history, allergies, air pollution level, physical activity level, occupation
type, comorbidities, medication adherence, number of emergency department visits, Peak
Expiratory Flow (PEF), and FeNO Level. Data preprocessing included attribute selection, label
encoding of categorical attributes, and data splitting with an 80:20 ratio for training and testing data.
The C4.5 algorithm produced a decision tree with FeNO_Level as the root node, achieving the
highest gain ratio value of 0.214342, indicating that this attribute is the most influential in
classification. The resulting model achieved an accuracy of 90.00%, with a precision of 100%, recall
of 85.00%, and F1-score of 91.89% for the positive asthma class, as well as precision of 76.92%, recall
of 100.00%, and F1-score of 86.96% for the negative class. This study demonstrates that the C4.5
algorithm possesses excellent classification capability on asthma risk factor data and can serve as a
foundation for developing clinical decision support systems based on data mining.

Keywords: asthma; C4.5 algorithm; decision tree; risk factor classification; data mining; gain ratio;
FeNO_Level; confusion matrix; RapidMiner; Python

1. Introduction

Asthma is a chronic inflammatory airway disease that remains a major public health
concern both globally and nationally. It affects more than 260 million people worldwide,
with primary symptoms including shortness of breath, coughing, wheezing, and chest
tightness [1]. In Indonesia, the 2023 Indonesian Health Survey recorded a physician-
diagnosed asthma prevalence of 1.6%, with a total of 877,531 affected individuals [2].
Asthma is characterized by chronic inflammation, airway hyperresponsiveness, and
mucus hypersecretion resulting from inadequately managed disease [3]. Various risk
factors contribute to asthma incidence, including family history, allergies, smoking habits,
air pollution, and an individual's environmental and occupational conditions [4].

The high number of asthma sufferers underscores the need for faster, more accurate,
and data-driven systems for risk factor detection and classification. Early classification of
asthma risk factors is essential to support clinical decision-making, assist healthcare
professionals in prioritizing treatment, and prevent the occurrence of more severe asthma
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attacks [4, 5]. Advances in health information technology have opened opportunities for
the use of data mining techniques as an effective solution for automated clinical data
analysis [5]. Data mining leverages a series of machine learning processes to analyze and
extract important information from patient medical records for use in decision-making
[6].

One of the most widely used classification algorithms in health data mining is the
C4.5 Decision Tree. This algorithm has proven effective and flexible for integration with
software such as RapidMiner across various disease classification studies [7]. Several
previous studies have demonstrated the capability of the C4.5 algorithm in disease
classification. A disease classification study using C4.5 achieved an accuracy of 94.23%
with an AUC value of 0.952 [6]. Another study on lung disease classification using C4.5
Decision Tree in RapidMiner with an 80:20 data split showed that clinical patient
attributes were the primary risk determinants [8]. Furthermore, a lung disease
classification study employing several machine learning algorithms found that Decision
Tree yielded an accuracy of 85.12% [9]. A prior study on asthma condition classification
using a Kaggle dataset based on clinical and demographic patient data has also been
conducted [10], however, the specific application of the C4.5 algorithm to a multivariate
asthma dataset encompassing clinical, environmental, and behavioral attributes remains
largely unexplored.

Based on the above, this study aims to apply the C4.5 algorithm using RapidMiner
for decision tree construction and Python for model performance evaluation in classifying
asthma disease risk factors based on a Kaggle dataset comprising 150 patient records with
14 predictor attributes. This study produced a decision tree model with FeNO_Level as
the most influential attribute in asthma risk factor classification, achieving a model
accuracy of 90.00%.

2. Materials and Methods

2.1. Data Source

This study uses a secondary dataset obtained from the Kaggle platform titled
"Asthma Synthetic Medical Dataset" published by Miadul [11]. The dataset is a synthetic
medical-based dataset encompassing various risk factors of asthma in patients. From a
total of 10,000 available records, this study drew a sample of 150 records using a random
sampling technique.

2.2. Research Variables
The dataset consists of 14 attributes, described as follows :

Table 1. Description of Asthma Dataset Attributes

No Attribute Description
1 | Age Patient's age
2 | Gender Patient's sex
3 | BMI (Body Mass Index) | Body mass index calculated from weight and height
4 | Smoking_Status Patient's smoking status
5 | Family_History Family history of asthma (present/absent)
Allergies Patient's allergy history
Air_Pollution_Level Level of air pollution exposure in the patient's living
or working environment
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No Attribute Description
8 | Physical_Activity_Lev | Level of physical activity
el (Sedentary/Moderate/Active)
9 | Occupation_Type Type of patient's occupation (Indoor/Outdoor)
10 | Comorbidities Comorbid conditions present in the patient
11 | Medication_Adherenc | Patient's level of adherence to asthma medication
e
12 | Number_of_ER_Visits | Number of patient visits to the emergency room due
to asthma attacks
13 | Peak_Expiratory_Flow | Peak expiratory flow rate
14 | FeNO_Level Fractional exhaled Nitric Oxide level in exhaled breath

2.3. Data Preprocessing

Prior to the classification process, the data underwent the following preprocessing

steps :

1.

Attribute Selection, The Patient_ID column was removed as it is a unique
identifier with no predictive value. The Asthma_Control_Level attribute was
also removed due to its direct association with the target variable Has_Asthma,
as its presence could cause data leakage that would render the classification
results invalid and non-generalizable [12].

Encoding, Categorical attributes were converted using Label Encoding for
algorithmic computation purposes [13].

Data Splitting, The data was divided into a training set of 80% (120 samples)
and a test set of 20% (30 samples) [14].

2.4. C4.5 Algorithm
This study employs the C4.5 algorithm to construct a decision tree. The C4.5
algorithm is an advancement of the ID3 algorithm introduced by Quinlan [15], with its
primary advantage being the use of Gain Ratio as the attribute selection criterion, making
it more robust against bias toward attributes with a large number of unique values [16].

The computational steps of the C4.5 algorithm are as follows :
Entropy
Entropy measures the degree of impurity within a dataset [15]:

o
Entropy(5) = Z —p; log, p;

i=1
where p; is the proportion of the i-th class in dataset S.
Information Gain

Sy
Fain(s, A) = Entropy(§) — 2 % Entrapy(S,,
veValues(A) I
Split Information
SISl i

Split Information (S,A) = — ) —log,—
5
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4. Gain Ratio
Gain(.§, A)
Splitinfo(S, A)

GainRatio( 5, A) =

The attribute with the highest Gain Ratio is selected as the root node in the first
iteration, and as an internal node at each subsequent branch [15]. For
numerical attributes such as FeNO_Level, a binary split is applied using an
optimal threshold calculated from the midpoint between two consecutive
unique values [17].

2.5. Model Evaluation
Model performance was evaluated on the test data (30 samples) using a confusion
matrix [18]. The evaluation metrics used are:

Akurasi=—EYIN . 100%

TP+TN+FP+FN

where TP (True Positive), TN (True Negative), FP (False Positive), and FN (False
Negative) are components derived from the model's predictions against the actual data.

2.6. Implementation Tools
This study employed two software tools in the analysis process. The construction of
the C4.5 decision tree along with the Gain Ratio calculations was carried out using
RapidMiner [7]. Model performance evaluation and interactive decision tree visualization
were conducted using Python 3.14 with the pandas, numpy, scikit-learn, and graphviz
libraries [13], alongside a Streamlit-based interface [19].

3. Results and Discussion

3.1. Gain Ratio Calculation Results

Prior to constructing the decision tree, the C4.5 algorithm calculates the gain ratio
value for each attribute in the dataset. The gain ratio is a value indicating how well a given
attribute is able to separate or classify data into different classes. The higher the gain ratio
of an attribute, the greater its influence in the classification process. The gain ratio
calculation results for all predictor attributes are presented in Table 2.

Table 2. Gain Ratio Calculation Results for Asthma Dataset Attributes

Rank Atribut Gain Ratio
1 FeNO_Level 0.214342
2 Age 0.170810
3 BMI (Body Mass Index) 0.170810
4 Number_of ER_Visits 0.170810
5 Peak_Expiratory_Flow 0.116186
6 Medication_Adherence 0.102148
7 Smoking_Status 0.099724
8 Family_History 0.077274
9 Air_Pollution_Level 0.045488
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Rank Atribut Gain Ratio
10 | Physical_Activity_Level 0.036020
11 | Occupation_Type 0.011888
12 Comorbidities 0.008252
13 Allergies 0.003205
14 | Gender 0.001595

Based on Table 2, the FeNO_Level attribute ranks first with the highest gain ratio of
0.214342, followed by Age, BMI, and Number_of_ER_Visits, which share the same gain
ratio value of 0.170810. Peak_Expiratory_Flow ranks fifth with a value of 0.116186,
followed by Medication_Adherence (0.102148), Smoking_Status  (0.099724),
Family_History (0.077274), Air_Pollution_Level (0.045488), Physical_Activity_Level
(0.036020), Occupation_Type (0.011888), and Comorbidities (0.008252). The Gender and
Allergies attributes have the lowest gain ratio values among all predictor attributes.

These results indicate that objective clinical attributes such as FeNO_Level,
Peak_Expiratory_Flow, and Number_of_ER_Visits have higher gain ratios compared to
demographic and environmental attributes such as Gender, Occupation_Type, and
Comorbidities. This suggests that clinical parameters directly measurable from patients
have greater discriminative power in distinguishing asthma patients from non-asthma
patients [20].

3.2 C4.5 Decision Tree

Based on the gain ratio values obtained, the C4.5 algorithm constructs a decision tree
with FeNO_Level as the root node. The selection of FeNO_Level as the root node is based
on its gain ratio, which is the highest among all attributes at 0.214342, meaning that this
attribute is the most capable of separating data into the "Yes" and "No" asthma classes.

The structure of the resulting decision tree begins from the root node FeNO_Level
with a threshold of 90.500. If FeNO_Level <90.500, the data is directly classified into Class
1 (asthma positive), indicating that low FeNO levels are consistently associated with a
positive asthma status. If FeNO_Level > 90.500, the process continues to the BMI attribute
with a threshold of 36.450. On the branch BMI > 36.450, data is directly classified as Class
1 (positive), while on the branch BMI < 36.450, the branching continues through the Age
attribute. The Age node has several branching thresholds: < 1.500, < 3.500, < 5.500, and >
5.500. These threshold values are the result of Label Encoding applied to the Age attribute
and therefore do not directly reflect age values in years. When Age <1.500, data is directly
classified as Class 1. When Age falls between 1.500 and 3.500, data is classified as Class 0
(negative). When Age falls between 3.500 and 5.500, the branching continues to
Number_of ER_Visits with a threshold of 4.500; if the number of ER visits > 4.500, the
data is classified as Class 1, whereas if < 4.500, it continues to FeNO_Level again with a
threshold of 528 to determine the final classification. The decision tree visualization
produced by the C4.5 model is shown in Figure 1.
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Figure 1. C4.5 Decision Tree for Asthma Risk Factor Classification

The emergence of FeNO_Level as the root node with the highest gain ratio is
consistent with medical literature, which states that FeNO is the most objective and
specific clinical biomarker for measuring the level of eosinophilic inflammation in the
airways [3,11]. The American Thoracic Society (ATS) has even established FeNO as a
clinical examination standard for the diagnosis of allergic asthma. High FeNO values are
consistently associated with an asthma diagnosis, making it reasonable for the C4.5
algorithm to position this attribute as the primary determinant in the decision tree.

3.3 Model Evaluation

Model performance was evaluated using a confusion matrix applied to 30 test data
samples (20% of the total 150 data), yielding four main values: True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative (FN). The confusion matrix is a
table that describes the comparison between the classes predicted by the model and the
actual classes. The evaluation results of the C4.5 algorithm model on the 30 test data are

shown in Figure 2.

Figure 2. Confusion Matrix of the C4.5 Model

Based on Figure 2, the model yields the following values: True Negative (TN) = 10,
representing data that are actually negative for asthma and correctly predicted as
negative; False Positive (FP) = 0, representing data that are actually negative for asthma
but predicted as positive; False Negative (FN) = 3, representing data that are actually
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positive for asthma but predicted as negative; and True Positive (TP) = 17, representing
data that are actually positive for asthma and correctly predicted as positive. The total test
data consists of 30 samples, comprising 10 samples of the negative class (Class 0) and 20
samples of the positive class (Class 1).

Based on the confusion matrix, an overall accuracy of 90.00% was obtained, meaning
that 27 out of 30 test data samples were correctly classified by the model. The precision
for the positive asthma class is calculated as TP / (TP + FP) =17 / (17 + 0) = 100%, indicating
that all data predicted as positive asthma are indeed true positive asthma cases. The recall
for the positive class is calculated as TP / (TP + FN) =17 / (17 + 3) = 85.00%, indicating that
the model successfully identified 85% of all patients who actually have asthma. The F1-
score for the positive class is calculated as 2 x (Precision x Recall) / (Precision + Recall) =2
x (1.00 x 0.85) / (1.00 + 0.85) = 91.89%.

For the negative asthma class, precision is calculated as TN / (TN + FN) =10/ (10 + 3)
=76.92%, while recall is calculated as TN / (TN + FP) =10/ (10 + 0) = 100.00%. The F1-score
for the negative class is calculated as 2 x (Precision x Recall) / (Precision + Recall) = 2 x
(0.7692 x 1.00) / (0.7692 + 1.00) = 86.96%. The high precision of the positive class at 100%
indicates that the model produces no false positive predictions (False Positive = 0),
meaning that whenever the model predicts a patient has asthma, that prediction is always
correct. However, there are still 3 False Negative cases, representing patients who actually
have asthma but were predicted as negative by the model. A summary of all evaluation
metrics is presented in Table 3.

Table 3. Summary of C4.5 Model Evaluation Results

Metric Class 0 (Negative) Class 0 (Negative)
Precision 76.92% 76.92%
Recall 100% 100%
F1-Score 86.96% 86.96%
Overall Accuracy 90,00% (27/30 data correct)

Based on Table 3, the accuracy value of 90.00% demonstrates that the model is able to
learn patterns from the training data and generalize them well to the test data. The test
data distribution consists of 10 samples of the negative class and 20 samples of the positive
class, reflecting a 1:2 ratio between both classes. The precision of the positive class
reaching 100% and the recall of the negative class also reaching 100% represent
outstanding achievements. The Fl-score of 91.89% confirms a good balance between
precision and recall in this model.

3.4 Discussion

The research findings indicate that FeNO_Level, with a gain ratio of 0.214342, is the
most influential attribute in the classification of asthma risk factors using the C4.5
algorithm. This finding is consistent with various clinical studies that affirm the critical
role of FeNO as the primary biomarker in asthma diagnosis [3,11]. Elevated FeNO levels
reflect the presence of eosinophilic inflammation in the airways, which is a hallmark of
allergic asthma. Therefore, FeNO measurement holds very high discriminative value in
distinguishing asthma patients from non-asthma patients.

The attributes Age, BMI, and Number_of_ER_Visits share the same gain ratio value
of 0.170810, placing them at ranks two through four. This equal gain ratio indicates that
these three attributes possess equivalent discriminative power within the dataset used.
From a clinical standpoint, age influences the prevalence and manifestation of asthma
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because airway inflammation patterns differ across various age groups [4]. A high BMI is
associated with an increased risk of asthma as excess body fat triggers systemic
inflammatory responses that worsen airway conditions. Meanwhile, the number of ER
visits directly reflects the severity of asthma, making this attribute strongly associated
with the asthma diagnosis status of patients.

Peak_Expiratory_Flow (PEF) ranks fifth with a gain ratio of 0.116186. PEF is a
spirometry parameter that measures the maximum rate of airflow during forced
expiration. A low PEF value indicates the presence of airway obstruction, which is a
characteristic sign of asthma, making this attribute logically and significantly related to
asthma diagnosis [11]. Medication_Adherence at rank six with a gain ratio of 0.102148
demonstrates that treatment compliance plays a role in differentiating patient conditions.
Patients who adhere to their treatment regimen tend to have better asthma control, so
adherence status can provide information about the patient's clinical condition [6].

Smoking_Status and Family_History rank seventh and eighth with gain ratios of
0.099724 and 0.077274, respectively. Both of these attributes are classic asthma risk factors
that are widely recognized in medical literature. Smoking causes chronic irritation and
inflammation of the airways that worsens asthma conditions, while family history reflects
the genetic component of asthma that is passed down across generations [1,4].

On the other hand, the attributes Air_Pollution_Level, Physical Activity_Level,
Occupation_Type, Comorbidities, Gender, and Allergies have relatively low gain ratio
values. This does not mean these attributes have no effect on asthma; rather, in the dataset
used, the variation in their values was less capable of significantly differentiating the
asthma classes. This may be influenced by an uneven data distribution or the limited
sample size [7].

The model accuracy of 90.00% demonstrates very good performance and is higher
than several similar studies using C4.5 for respiratory disease classification, such as a
study by Muzakki et al. which achieved an accuracy of 65.25% [6] and several decision
tree-based disease classification studies ranging between 70-85% [8,9]. This high accuracy
suggests that the combination of clinical, environmental, and behavioral attributes in the
dataset provides sufficient information for the C4.5 algorithm to build a reliable
classification model.

The precision value of the positive class at 100% is a highly significant achievement
as it shows that not a single non-asthma patient was incorrectly predicted as having
asthma (False Positive =0). This is particularly important in a clinical context as it prevents
false positive diagnoses that could lead to unnecessary treatment. The recall value of the
positive class at 85.00% indicates that the model successfully detected 17 out of 20 positive
asthma patients, with 3 cases remaining undetected (False Negative). In a medical context,
False Negatives are of greater concern as they may result in asthma patients failing to
receive the necessary treatment. For future research, it is recommended to apply stratified
sampling during data splitting, use a larger dataset, and explore ensemble methods or
parameter optimization to further improve the recall value [7,9].

4. Conclusions

This study successfully applied the C4.5 algorithm to classify asthma disease risk
factors using a Kaggle dataset consisting of 150 patient records with 14 predictor
attributes. The classification process was carried out using RapidMiner for C4.5 decision
tree construction and Python for model performance evaluation, with an 80:20 data split
for training and testing.
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The results show that the C4.5 algorithm produced a decision tree with FeNO_Level
as the root node, or the most influential attribute, with the highest gain ratio value of
0.214342. Other attributes with significant influence include Age, BMI, and
Number_of_ER_Visits with a gain ratio of 0.170810, as well as Peak_Expiratory_Flow with
a gain ratio of 0.116186. These findings are consistent with the medical literature affirming
the role of FeNO as a primary biomarker of airway inflammation in asthma patients.

The resulting model achieved an accuracy of 90.00%, with a precision of 100% and
recall of 85.00% for the positive asthma class, and an Fl-score of 91.89%. The high
precision value indicates that the model produces no false positive predictions, while the
high recall value reflects the model's ability to detect the majority of positive asthma cases.
These results demonstrate that the C4.5 algorithm possesses excellent classification
capability on asthma risk factor data. For future research, it is recommended to apply
stratified sampling in data splitting, utilize larger and more balanced datasets, and
explore ensemble methods to further improve classification performance.
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