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Abstract 
Lung disease is one of the diseases with a high rate of spread and mortality, especially in developing 
countries. Early detection is very important to increase the chances of recovery. This study aims to 
classify the types of lung disease using Naive Bayes, a probability-based statistical classification 
method. We gathered the dataset that includes common symptoms of lung disease, such as chronic 
cough, shortness of breath, chest pain, and others. The results of the study showed that Naive Bayes 
can achieve a fairly high classification accuracy of 87%. These results indicate that Naive Bayes can 
be an effective approach to support medical decisions. 
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1. Introduction 

Lung diseases such as tuberculosis, asthma, and chronic obstructive pulmonary 
disease (COPD) are major challenges in the world of health. Early diagnosis can help 
doctors provide appropriate and rapid treatment. However, the diagnostic process often 
takes a lot of time and money. Therefore, an automated classification system based on 
artificial intelligence is a promising alternative. Early detection is crucial to minimizing the 
risk of complications and improving patient outcomes. According to Dachi et al., public 
health awareness programs and early intervention strategies are essential in managing the 
spread and impact of pulmonary diseases in clinical settings. Effective classification of 
symptoms through intelligent systems is thus necessary to support timely diagnosis and 
treatment [1]. 

 The development of information technology has opened up great opportunities in 
utilizing health data for deeper analysis. With the abundance of medical data available, 
data mining is one of the effective methods for finding hidden patterns that can be used to 
support the diagnosis and decision-making process. One of the data mining methods that 
is widely used for classification is the Naive Bayes algorithm. The use of data mining 
techniques has become increasingly common in the healthcare sector to identify patterns 
in complex datasets. Han et al. emphasized that machine learning algorithms, particularly 
those in data mining, can extract meaningful information from medical data, aiding clinical 
decision-making processes [2]. In the context of lung disease classification, algorithms 
must handle categorical features like symptoms and test results, making probabilistic 
models especially suitable for such tasks. 

The Naïve Bayes algorithm is a widely adopted probabilistic classifier known for its 
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robustness, simplicity, and ability to perform well even with relatively small datasets. 
Another research demonstrated that the Naïve Bayes algorithm could produce accurate 
classification results, especially when combined with appropriate feature selection 
techniques like Information Gain.  Naive Bayes is a classification method based on Bayes' 
Theorem with the assumption of independence between features. Although simple, this 
algorithm has proven effective in various fields, including document classification, spam 
filtering, and the medical field. The main advantages of Naive Bayes are its efficiency in 
performing classification and its ability to work well even when the independence 
assumption is not fully met [3]. 

More studies have adapted Naïve Bayes for discretizing symptom data to classify 
tuberculosis patients effectively. In the context of lung disease classification, the use of 
Naive Bayes allows the system to provide predictions of disease types based on a 
combination of symptoms reported by the patient. This is certainly very helpful in the initial 
screening process and determining further medical steps. In other words, this classification 
system can function as a tool in making faster and more accurate medical decisions [4]. In 
addition, comparisons with other classification models indicate that Naïve Bayes, while 
basic, performs competitively. Kurniawan found that Naïve Bayes could yield results 
comparable to more complex algorithms like C4.5 in several health-related classification 
tasks [10]. These advantages make Naïve Bayes an ideal baseline model for medical 
diagnosis applications, particularly in resource-constrained environments where 
computational efficiency and interpretability are critical. 

2. Related Works 

Several papers present a comprehensive comparison of various classification 
techniques used in medical diagnosis. The researchers evaluated methods such as 
Decision Trees, k-Nearest Neighbors (k-NN), Support Vector Machines (SVM), and Naïve 
Bayes to identify the most effective algorithm for medical datasets. Their experiments 
utilized publicly available datasets related to health conditions, including heart disease and 
diabetes, to assess each algorithm’s performance in terms of accuracy, precision, and 
computational efficiency [5][13][14][15][16]. Several studies have explored the application 
of the Naïve Bayes algorithm in the medical domain due to its simplicity, efficiency, and 
relatively high accuracy in classifying health-related datasets. Ridwan applied this 
algorithm to classify Diabetes Mellitus cases and demonstrated satisfactory classification 
accuracy, suggesting its potential for practical health screening systems [9]. Similarly, 
Imandasari et al. implemented Naïve Bayes for classifying the suitability of water source 
development locations, further confirming its versatility in various classification tasks within 
public health contexts [8]. 

In the area of lung disease detection, Rahmadewi and Kurnia applied a segmentation 
method on X-ray images and successfully classified lung disease types, although they 
relied on image-based inputs rather than structured clinical attributes [6]. Meanwhile, 
Surono used equal-width discretization as a pre-processing step with Naïve Bayes for 
classifying tuberculosis patient data, which enhanced classification consistency by 
standardizing numerical inputs [4]. These works reinforce that Naïve Bayes, combined with 
suitable pre-processing, offers a solid foundation for medical classification systems. 

Another paper extended multiple classification algorithms for medical diagnosis, 
including Naïve Bayes, Decision Trees, k-NN, and SVM. Their findings highlight that Naïve 
Bayes holds competitive performance, especially in handling high-dimensional data with 
limited training time. The study suggests that while Naïve Bayes may not always outperform 
complex models, its efficiency and interpretability make it suitable for real-time diagnosis 
support systems, especially when integrated with feature selection or ensemble learning 



 

techniques [12]. 
An article explored Naïve Bayes to make decisions regarding the classification of 

determining the recipients of basic food assistance predictions for the recipients of basic 
food assistance, namely, eligible and not eligible. The Naive Bayes algorithm can produce 
accuracy for 135 training data with 40 testing data, and seven attributes used resulted in 
an accuracy of 86%, a recall of 85%, and a precision of 88% [7]. Another implementation 
of Naïve Bayes is to predict the feasibility of the location of the development of clean water 
sources in the Tirta Lihou PDAM. Based on the results, there are 8 feasible classes and 11 
classes are not feasible with the number of accuracies obtained at 78,95%. From the 
results obtained, it can be determined that the location is feasible to develop water sources 
for the community [8]. 

Diabetes Mellitus, or diabetes, is a metabolic disease caused by high blood sugar levels. 
Blood sugar is stored or used for energy from the blood that is transferred to human cells 
by the hormone insulin. When attacked by Diabetes, the human body does not usually 
produce enough insulin, and the body cannot use the insulin properly as needed. Diabetes 
Mellitus is listed as the largest contributor to death in the world. Diabetes Mellitus can be 
classified based on the possibility of being affected by the symptom attributes in the early 
stages. This disease can be detected because many symptoms are detected. The data 
used in this analysis is data from the UCI Machine Learning dataset, namely Early-Stage 
Diabetes Risk in 2020, and consists of 17 attributes. The analysis carried out includes data 
preprocessing, models, and evaluation. The classification method test shows an accuracy 
of 90.20% and an AUC value of 0.95 [9].  

Another work discussed Naive Bayes and C.45 for determining the acceptance of the 
Indonesian Credit Card application. For credit card submission cases, C.45 is better than 
Naive Bayes and when determining the age of birth, Naive Bayes is better than C.45. 
Whereas in the case of determining the eligibility of prospective credit members in the 
cooperative, Naive Bayes provides better value in precision, but for recall and accuracy, 
C.45 gives better results [10]. 

3. Proposed Method 

Naive Bayes has proven effective in many practical applications, including text 
classification, medical diagnosis, and systems performance management [11]. In this 
paper, we utilize Naive Bayes to calculate the probability of data falling into a certain class 
based on the values of lung disease features. This study adopts the Naive Bayes algorithm 
as a probabilistic classification model built upon Bayes’ Theorem, which calculates the 
probability of a class given a set of input features. The fundamental formula is: 

 

𝑃(𝐶𝑘 ∣ x) =
𝑃(𝐶𝑘) ⋅ 𝑃(x ∣ 𝐶𝑘)

𝑃(x)
 (1) 

 
This expression calculates the posterior probability 𝑃(𝐶𝑘 ∣ x), or the probability that an 

input vector x = (𝑥1, 𝑥2, . . . , 𝑥𝑛)  belongs to class 𝐶𝑘, using three components: the prior 

probability of the class 𝑃(𝐶𝑘), the likelihood of the features given the class 𝑃(x ∣ 𝐶𝑘), and 
the marginal probability of the features 𝑃(x).  The algorithm assumes that each feature 𝑥𝑖 
is conditionally independent of the others given the class, which simplifies the likelihood 
term into a product of individual feature probabilities: 

 

𝑃(𝐱 ∣ 𝐶𝑘) = ∏𝑃(𝑥𝑖 ∣ 𝐶𝑘)

𝑛

𝑖=1

 (2) 

 
This naive independence assumption makes computation tractable even with high-



 

dimensional data. The classification is done by choosing the class with the highest posterior 
probability, resulting in the decision rule: 

 

𝐶̂ = arg⁡max⁡
𝐶𝑘

𝑃(𝐶𝑘)∏𝑃(𝑥𝑖 ∣ 𝐶𝑘)

𝑛

𝑖=1

 (3) 

 
In practice, to prevent computational underflow from multiplying many small 

probabilities, the model uses the logarithmic form of the equation: 
 

𝐶̂ = arg⁡max⁡
𝐶𝑘

[log ⁡ 𝑃 ( 𝐶𝑘  ) + ∑
𝑛
𝑖=1

 log ⁡ 𝑃 ( 𝑥𝑖  ∣ 𝐶𝑘  )] (4) 

 
This transformation retains the ranking of probabilities while where the likelihood 𝑃(𝑥𝑖 ∣

𝐶𝑘) is modeled using a normal distribution parameterized by class-specific means and 

variances. 

4. Experimental Setup 

1. Dataset 
This study utilized patient data collected through field research conducted at the 

Jatibogor Village Community Health Center, located in the Suradadi District of Tegal 
Regency. The research focused on individuals exhibiting symptoms indicative of lung-
related illnesses, intending to support diagnostic and classification efforts in pulmonary 
health assessment. The dataset comprises structured clinical attributes reflecting key 
respiratory symptoms and diagnostic outcomes. These attributes include the presence or 
absence of chronic cough, shortness of breath, chest pain, fever, and weight loss, that 
consist all recorded as binary variables (yes/no). Additionally, the dataset incorporates 
radiological findings (X-ray results categorized as normal or abnormal) and the final 
diagnosis label, which classifies each patient case into one of four categories: asthma, 
tuberculosis, chronic obstructive pulmonary disease (COPD), or pneumonia. 

 
2. Data Pre-Processing 

In this study, the preprocessing stage played a critical role in preparing the raw clinical 
data for effective model training and classification. The researchers began by performing 
data cleaning to remove inconsistencies, such as missing values or duplicate records, 
ensuring the dataset’s integrity. They then standardized categorical variables, including 
symptom indicators (e.g., chronic cough, fever). We convert all binary responses into 
uniform numerical representations (e.g., yes = 1, no = 0) to facilitate computational 
processing. This transformation allowed the Naïve Bayes algorithm to efficiently handle 
categorical input features during probability estimation. 

Following normalization, the dataset underwent label encoding for the target variable, 
where disease classifications (asthma, tuberculosis, COPD, and pneumonia) were mapped 
to numerical identifiers. The pre-processing phase also involved evaluating class 
distribution to identify potential imbalance, which could bias model performance. In cases 
where class imbalance was detected, the researchers applied sampling techniques to 
ensure a more equitable representation across disease categories. Overall, the pre-
processing procedures established a clean and structured dataset, suitable for probabilistic 
modeling and accurate classification using the Naïve Bayes algorithm. 

 
 
 



 

3. Classification and Evaluation 
In the classification process, we implemented the Naïve Bayes model to categorize 

patients into one of four lung disease classes: asthma, tuberculosis, COPD, or pneumonia. 
They trained the model using a structured dataset containing symptom attributes such as 
chronic cough, chest pain, fever, weight loss, shortness of breath, and X-ray findings. Each 
record in the dataset represented a patient case, with binary or categorical features acting 
as predictors and the final diagnosis as the target class. The algorithm computed the 
posterior probability for each class based on the conditional likelihood of the input features, 
ultimately assigning the class label with the highest probability. 

To optimize classification performance, the dataset was split into training and testing 
sets using stratified sampling, preserving class distribution. The training data was used to 
fit the Naïve Bayes model, while the testing set served to evaluate the model’s 
generalization capabilities. During classification, the model relied on the assumption of 
conditional independence between features, which is a core principle of Naïve Bayes. 
Despite this simplifying assumption, the model was chosen due to its robustness in 
handling categorical medical data and its computational efficiency for multi-class 
classification tasks. 

The evaluation of model performance employed several standard classification metrics, 
including accuracy, precision, recall (sensitivity), and the F1-score. Accuracy measures the 
overall correctness of the model by calculating the proportion of true predictions over the 
total cases. Precision evaluated the correctness of positive predictions for each disease 
class, while recall assessed the model’s ability to correctly identify actual disease cases. 
The F1-score, as the harmonic mean of precision and recall, provided a balanced measure 
for imbalanced datasets. Additionally, a confusion matrix was used to analyze 
misclassification patterns across the four classes, offering insight into where the model 
performed well and where improvements were necessary. These evaluation metrics 
collectively validated the reliability and diagnostic potential of the Naïve Bayes classifier in 
identifying lung diseases. 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

• TP: True Positives display correctly predicted positive cases 

• TN: True Negatives display correctly predicted negative cases 

• FP: False Positives display incorrectly predicted positive cases 

• FN: False Negatives display incorrectly predicted negative cases 
 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 
Precision measures how many of the predicted positive cases are actually positive. 
 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 
Recall indicates how many actual positive cases the model successfully identified. 
 

F1-Score = 2 ×
Precision × Recall

Precision + Recall
 

 
F1-Score provides a balance between precision and recall, especially useful in cases of 
class imbalance. These metrics allow for a comprehensive assessment of how well the 
Naïve Bayes classifier identifies and distinguishes between various lung disease 
categories. 



 

5. Results and Analysis 

In this part, we present the evaluation metrics from the classification results in Table 1: 
Table 1: Evaluation metrics result of the study with Naïve Bayes algorithm 

Metric Score 

Accuracy 87% 

Precision 85% 

Recall 84% 

F1-Score 84.5% 

 
According to the experimental result, the evaluation of the Naïve Bayes algorithm in 

classifying lung diseases yielded an accuracy of 87%, indicating that the model correctly 
predicted the disease class in the majority of instances. This high accuracy reflects the 
algorithm's overall effectiveness in handling the multi-class classification task, especially 
with input features such as symptoms and X-ray outcomes. Precision, at 85%, suggests 
that among all instances classified as positive for a specific lung disease (e.g., asthma or 
tuberculosis), 85% were truly correct. This high precision value demonstrates that the 
model made relatively few false positive predictions, which is crucial in medical diagnostics 
to avoid misdiagnosing healthy individuals or those with other conditions. 

Meanwhile, the recall rate of 84% indicates that the model successfully identified 84% 
of all actual positive cases. When combined with precision, the F1-Score of 84.5% confirms 
the model's balanced performance, especially in scenarios with class imbalance. These 
results affirm the Naïve Bayes algorithm's viability for supporting clinical decision-making 
in the early detection of lung diseases based on patient symptoms. The model shows good 
performance in distinguishing between different lung diseases based on symptoms. The 
assumption of independence between features is not fully met in medical data, but the 
results are still satisfactory. Naive Bayes is also proven to be fast and efficient in the training 
and prediction process. 

6. Conclusion 

This study demonstrates that the Naïve Bayes algorithm performs effectively in 
classifying lung diseases by utilizing clinical symptom data, such as chronic cough, chest 
pain, and X-ray results. The model achieved an accuracy of 87%, indicating a high level of 
reliability in predicting disease categories such as asthma, tuberculosis, COPD, and 
pneumonia. These findings support the algorithm’s potential use as a decision support tool 
in aiding medical personnel with early-stage diagnosis. For future research, expanding the 
dataset to include more diverse and comprehensive patient records is highly recommended 
to enhance model generalizability. Additionally, integrating ensemble learning techniques 
such as Random Forest or Gradient Boosting may improve classification performance 
further by reducing error and increasing robustness. This development could contribute to 
more accurate and scalable diagnostic tools in clinical practice. 
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