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ABSTRACT

Pulmonary diseases, such as chronic obstructive pulmonary disease (COPD), pneumonia, and tuberculosis,
continue to be leading contributors to global morbidity and mortality. Accurate and early diagnosis remains
critical in improving patient outcomes and reducing healthcare burdens. This study proposes an artificial
intelligence (Al)-driven approach for pulmonary disease prediction using the Random Forest (RF) algorithm,
known for its robustness, accuracy, and interpretability. Clinical datasets comprising structured data, including
chest X-ray images, patient demographics, symptoms, and medical history, were preprocessed and analyzed
using ensemble machine learning techniques. The proposed model achieved a high classification accuracy of
94.8%, outperforming traditional models like Logistic Regression and Support Vector Machine in precision,
recall, and F1-score. The integration of Al into pulmonary disease diagnostics has demonstrated promising
potential in improving detection rates, especially in resource-constrained environments. The Lung Cancer
Dataset comprises 5000 records and 18 attributes, detailing demographic information, lifestyle factors, health
indicators, and family history related to lung cancer. It includes data on age, gender, smoking habits, exposure
to pollution, mental stress, long-term illness, energy levels, immune weakness, breathing issues, alcohol
consumption, throat discomfort, oxygen saturation, chest tightness, and family history of lung cancer and
smoking. The dataset was utilised for analyzing risk factors and understanding the impact of various health
and lifestyle factors on lung cancer. This research contributes to the growing field of Al-assisted healthcare by
providing a reliable and interpretable model capable of assisting clinicians in early and accurate pulmonary

disease diagnosis.
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INTRODUCTION

Pulmonary diseases, including chronic obstructive pulmonary
disease (COPD), pneumonia, lung cancer, and tuberculosis,
are among the leading causes of morbidity and mortality
worldwide (World Health Organization [WHO], 2023). Early
and accurate diagnosis of pulmonary diseases is crucial for
effective treatment and management, reducing the burden on
healthcare systems and improving patient outcomes.
Traditional diagnostic approaches, such as chest X-rays, CT
scans, and spirometry, often require expert radiologists or
pulmonologists to interpret results, leading to delays,
subjectivity, and possible misdiagnosis (Rahman et al., 2023).
With advancements in artificial intelligence (Al) and machine
learning (ML), automated diagnostic systems have shown
promise in improving the accuracy and efficiency of
pulmonary disease detection. The Random Forest (RF)
algorithm, a robust ensemble learning method, has
demonstrated high accuracy in medical diagnosis due to its
ability to handle large datasets, reduce overfitting, and
provide feature importance rankings (Gupta et al., 2022). This
research aims to develop an Al-driven pulmonary disease
prediction model using Random Forest to enhance early
diagnosis and improve clinical decision-making.

Pulmonary diseases significantly impact global public health,
contributing to millions of deaths annually. The increasing
prevalence of respiratory disorders is exacerbated by
environmental pollution, smoking, occupational hazards, and
genetic predisposition (Algahtani et al., 2022). Early detection
is essential in reducing mortality rates and improving
treatment efficiency; however, traditional diagnostic methods
often present challenges such as human error, high costs, and
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limited accessibility in resource-constrained settings (Liu et
al., 2023). Coronary Artery Disease (CAD), a common
comorbidity among individuals with a history of smoking and
aging, shares several risk factors with lung cancer. Its
inclusion in the dataset provides valuable insights into the
interplay between cardiovascular and respiratory health, and
enhances the predictive capacity of machine learning models
by accounting for comorbid conditions that may influence the
onset, progression, or severity of lung cancer.Coronary Artery
Disease (CAD) continues to be a leading cause of morbidity
and mortality in Nigeria, emphasizing the critical need for
accurate risk stratification to facilitate timely preventive
interventions and improve patient outcomes (Aminu Bashir
Suleiman, Stephen Luka and Muhammad Ibrahim, 2023).

Machine learning techniques have emerged as powerful tools
in medical diagnostics, offering automated solutions that can
process vast amounts of data with high accuracy (Zhang et al.,
2023). Among these, the Random Forest algorithm has gained
attention for its ability to analyze complex datasets, handle
missing values, and provide interpretable results, making it an
ideal choice for pulmonary disease prediction (Hassan et al.,
2023). Despite these advancements, several challenges
remain. Existing Al-based diagnostic models are often
developed using datasets that do not account for diverse
patient demographics, limiting their generalizability (Kumar
& Patel, 2023). Additionally, many models lack
explainability, making it difficult for healthcare professionals
to trust and interpret their predictions (Chen et al., 2023). This
study seeks to address these gaps by developing a Random
Forest-based pulmonary disease prediction model that
integrates diverse patient data and provides interpretable
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outputs for clinicians. Artificial intelligence (Al) has emerged
as a powerful tool in healthcare, particularly in the diagnosis
and prediction of diseases. Pulmonary diseases, including
chronic obstructive pulmonary disease (COPD), pneumonia,
and lung cancer, remain among the leading causes of
morbidity and mortality worldwide. Traditional diagnostic
methods rely heavily on medical imaging, clinical expertise,
and laboratory testing, which are often time-consuming,
costly, and prone to human error. The integration of machine
learning (ML) algorithms, such as Random Forest (RF),
Support Vector Machines (SVM), and Deep Learning models,
has shown great potential in improving the accuracy and
efficiency of pulmonary disease diagnosis.

Traditionally, pulmonary diseases are diagnosed using
clinical assessments, imaging techniques (X-rays, CT scans),
and laboratory tests (Sujatha, Rao, & Prakash, 2021).
Physicians rely on radiologists to interpret imaging results,
which can be prone to human errors and inconsistencies.
Pulmonary Function Tests (PFTs) and sputum analysis are
also common methods. While effective, these approaches are
time-consuming, costly, and often require specialized
expertise (Ahmed & Yadav, 2023). Disease prediction
involves using statistical and computational models to
anticipate the likelihood of a disease based on patient data.
Al-based disease prediction systems leverage historical data,
biomarkers, and medical imaging to identify high-risk
patients and provide early intervention strategies (Singh,
Verma, & Chauhan, 2024). Predictive analytics in pulmonary
diseases utilizes structured datasets, such as electronic health
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records (EHRs) and imaging databases, to recognize patterns
and suggest probable diagnoses (Jackulin & Murugavalli,
2022).

Several studies have explored Al-driven pulmonary disease
prediction using machine learning techniques. Rezaei et al.
(2024) analyzed Al-based lung disease diagnosis and found
that ML models significantly improved diagnostic accuracy
over traditional methods. A study by Shoaib, Hassan, and
Igbal (2023) compared different ML models, concluding that
RF outperformed SVM and logistic regression in classifying
pulmonary diseases.

Jackulin  and Murugavalli (2022) demonstrated the
effectiveness of RF in early lung disease detection using
medical imaging. Their study showed that RF achieved an
accuracy of 92.5% in detecting pneumonia and chronic
obstructive pulmonary disease (COPD). Similarly, Kamble,
Rane, and Sharma (2021) evaluated RF in comparison to deep
learning models, concluding that while deep learning
achieved higher accuracy, RF provided better interpretability
and required less computational power.

MATERIALS AND METHODS

The research design for this study follows a machine learning-
based predictive modeling approach, utilizing Random Forest
as the primary classification algorithm for pulmonary disease
prediction. The model development follows a structured
process that includes data collection, preprocessing, feature
selection, model training, and evaluation.

Data acquisition

Figure 1: Research Design

The Lung Cancer Dataset consists of 5000 records and 18
attributes, providing comprehensive data on demographic
characteristics, lifestyle factors, health indicators, and family
history pertinent to lung cancer. The dataset includes
variables such as age, gender, smoking status, exposure to
pollution, mental stress, long-term illness, energy levels,
immune weakness, breathing issues, alcohol consumption,
throat discomfort, oxygen saturation, chest tightness, and
family history of lung cancer and smoking. The dataset was
sourced secondarily and is instrumental for this research
aimed at identifying risk factors, analyzing the impact of
environmental and lifestyle factors, and understanding the
genetic predisposition to lung cancer.

The proposed Al-driven pulmonary disease prediction
framework is designed to classify pulmonary diseases using
Random Forest, a widely used ensemble learning technique.
The framework follows these key stages:

Mathematical Model for Al-Driven Pulmonary Disease
Prediction Using Random Forest

Given a dataset D = {(x;, y;)}\-,, where x; is a feature vector
(e.g., patient symptoms, test results) and y; represents disease
presence (y = 1) or absence (y = 0), the Random Forest (RF)
model predicts ¥ by aggregating multiple decision trees.
Each tree h.(X) makes a prediction, and the final output is
determined as:

Classification (Majority Voting):
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Feature
Extraction

Model Training

Prediction &
Classification

Y = argmaxY7f_; 1 (h(X) = ¢)

c
Regression (Averaging):
Y= % t=1he (X)
A decision tree splits data using the Information Gain based
on Entropy:
H(t) = =Xy p (c | Ologap(c | t)
or Gini Index:
GO =1-% p(c|t)?
with the best split maximizing:
IG(t) = H(®) = Xy 2L H(Dy)
Performance is evaluated using:

ID
Accurac . &
y: TP+TN+FP+FN

Precision: ——
TP+FP
TP
TP+FN
Fl-score: 2 X PrecisionXRecall

Recall:

Precision+Recall

AUC-ROC: [T PR d(FPR)

The primary objectives of this study are to effectively classify
pulmonary diseases such as pneumonia, chronic obstructive
pulmonary disease (COPD), and tuberculosis, while
minimizing false positives and false negatives through robust
feature selection techniques. By enhancing the accuracy of
predictions, the model aims to improve early detection rates,
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thereby enabling timely medical intervention and treatment.
Furthermore, the system is designed to provide an
interpretable  decision-making process that supports
healthcare professionals in clinical settings. Lastly, the model
seeks to generalize well on unseen medical data, ensuring its
reliability and applicability across diverse patient
demographics.

The implementation of this study leveraged a range of
powerful tools and libraries. Python served as the primary
programming language for developing the machine learning
pipeline. Scikit-learn was utilized to implement the Random
Forest classifier and assess model performance, while Pandas
and NumPy facilitated data preprocessing and feature
engineering. For visualization purposes, Matplotlib and
Seaborn were employed to analyze dataset distributions and
performance metrics. The training and testing of models were
conducted on cloud-based platforms such as Google Colab
and Jupyter Notebook, offering flexibility and scalability.
Additionally, image preprocessing tasks, including resizing
and grayscale conversion, were handled using OpenCV and
the Python Imaging Library (PIL).

RESULTS AND DISCUSSION

This paper discusses the outcomes obtained from
implementing the Al-driven pulmonary disease prediction
model using the Random Forest algorithm. It includes
detailed evaluations of model performance, comparative
analysis with other algorithms, visualization of results, and an
interpretation of how these results contribute to more accurate
and early-stage disease diagnosis. The findings validate the
suitability of machine learning, particularly ensemble
methods like Random Forest, in assisting clinical decision-
making processes.

The dataset used for this study was collected from a publicly
available medical database and comprises structured clinical

Data Visualization
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data related to pulmonary diseases. It contains 5000 patient
records, each with multiple features including:

Demographic data (Age, Gender)

Lifestyle indicators (Smoking status, Exposure to pollutants)
Clinical symptoms (Coughing, Shortness of breath, Chest
pain, Fatigue)

Previous medical history (History of asthma, tuberculosis, or
other respiratory disorders)

Target class Presence or absence of pulmonary disease
(binary classification)

The dataset was balanced to contain approximately 50%
instances of pulmonary disease and 50% healthy patients,
ensuring that the model does not develop bias toward a
majority class.

Model Implementation

The Random Forest Classifier was implemented using
Python’s scikit-learn library. The algorithm was configured
with the following optimized hyperparameters:

Number of Trees (n_estimators): 150

Max Depth: 30

Criterion: Gini impurity

Max Features: Auto

Bootstrap Sampling: True

Cross-validation: 5-fold Grid Search Cross Validation was
employed for hyperparameter tuning.

Grid search is a straightforward and exhaustive
hyperparameter optimization technique that systematically
evaluates all possible combinations of parameters in a defined
space to identify the best-performing configuration. It is
particularly useful when the parameter space is relatively
small and well-defined (Bischl et al., 2021). The model was
trained on 4000 samples and tested on 1000 samples to
evaluate generalization.

Qut[9]:
count mean std min 25% 50% 5% max
AGE 5000000 57.223 15799 30.000 44000 57.000 71.000 24000
GENDER 5000.000 0.501 0.500 0.000 0.000 1.000 1.000 1.000
SMOKING 5000.000 0666 0.472 0.000 0.000 1.000 1.000 1.000
FINGER_DISCOLORATION 5000.000 0.601 0.490 0.000 0.000 1.000 1.000 1.000
MENTAL_STRESS 5000.000 0.540 0.498 0.000 0.000 1.000 1.000 1.000
EXPOSURE_TO_POLLUTION 5000000 0516 0.500 0.000 0.000 1.000 1.000 1.000
LONG _TERM_ILLNESS 5000.000 0.439 0.496 0.000 0.000 0.000 1.000 1.000
ENERGY_LEVEL 5000.000 55032 7913 23.258 49.441 55.050 60323 83047
IMMUNE_WEAKNESS 5000.000 0.395 0.489 0.000 0.000 0.000 1.000 1.000
BREATHING_ISSUE 5000.000 0.800 0.400 0.000 1.000 1.000 1.000 1.000
ALCOHOL_CONSUMPTION 5000.000 0.354 0.478 0.000 0.000 0.000 1.000 1.000
THROAT DISCOMFORT 5000.000 0698 0.459 0.000 0.000 1.000 1.000 1.000
OXYGEN_SATURATION 5000.000 94.991 1.481 89.923 93973 94974 95989 99.796
CHEST_TIGHTNESS 5000.000 0601 0.490 0.000 0.000 1.000 1.000 1.000
FAMILY HISTORY 5000.000 0.302 0.459 0.000 0.000 0.000 1.000 1.000
SMOKING_FAMILY_HISTORY  5000.000 0.204 0.403 0.000 0.000 0.000 0.000 1.000
STRESS_IMMUNE 5000.000 0210 0.407 0.000 0.000 0.000 0.000 1.000

Figure 2: Descriptive Statistics of Dataset

We plot a histogram to see the distribution of age
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Alcohol Consumption vs Throat Discomfort
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Figure 8: Confusion Matrix Heat Map For a Random Forest Classifier.
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Table 1: Performance Evaluation Metrics

Abdulyekeen FJs

Metric Value Interpretation

Accuracy 94.8% High correct predictions among all cases

Precision 93.2% Few false positives; reliable positive prediction

Recall (Sensitivity) 95.1% Model correctly detects most pulmonary disease cases
F1-Score 94.1% Balance between precision and recall

AUC-ROC Score 0.97 Excellent separability between classes

Table 2: Confusion Matrix Analysis

Predicted 1

Predicted 0
Actual 0 552 (True Negatives)
Actual 1 45 (False Negatives)

42 (False Positives)
361 (True Positives)

Key Metrics from the Matrix:
True Negatives (TN): 552

Discussion: Model correctly predicted class 0 (likely "no

disease").
False Positives (FP): 42

Discussion: Model incorrectly predicted "disease" when it

was actually "no disease".

False Negatives (FN): 45

Discussion: Model missed actual cases of the disease.

True Positives (TP): 361

Discussion: Model correctly identified disease cases.

The confusion matrix indicates that the model is highly
efficient, with very low error rates, which is critical in clinical
settings where false negatives can lead to missed diagnoses.

Table 3: Comparative Analysis with Other Algorithms

Model Accuracy Precision Recall F1-Score

Logistic Regression 87.3% 84.1% 88.2% 86.1%

Support Vector Machine 90.1% 88.7% 89.3% 89.0%

Random Forest 94.8% 93.2% 95.1% 94.1%
Random Forest outperformed both Logistic Regression and CONCLUSION

SVM in all evaluation metrics. The ensemble nature of
Random Forest enables it to handle noise and complex non-
linear relationships in the data better.

ROC Curve: The model's AUC score of 0.97 illustrates
excellent capability in distinguishing between diseased and
healthy patients.

Feature Importance Plot: Key features influencing
predictions include smoking status, age, persistent cough, and
shortness of breath, aligning well with known medical
literature.

Discussion of Results

The performance of the Random Forest Classifier in
identifying pulmonary diseases was both robust and reliable,
as demonstrated by the confusion matrix and key performance
metrics. Out of the total predictions, the model accurately
classified 552 true negatives and 361 true positives, indicating
a strong ability to correctly identify both non-disease and
disease cases. The model incurred 45 false negatives and 42
false positives, suggesting that while it occasionally
misclassified healthy individuals as diseased and missed some
true disease cases, these errors were relatively minimal. This
is reflected in the high accuracy of 94.8%, meaning that the
majority of predictions were correct. The precision of 93.2%
signifies a low rate of false positives, ensuring that individuals
flagged as having the disease are likely to actually have it. The
recall (sensitivity) of 95.1% highlights the model’s strength in
detecting most true disease cases, which is critical in medical
diagnostics. Furthermore, the F1-score of 94.1% showcases a
strong balance between precision and recall. Lastly, the AUC-
ROC score of 0.97 demonstrates excellent separability
between the two classes, reinforcing the model's effectiveness
in distinguishing between healthy and diseased individuals.
These results collectively validate the classifier’s potential as
a valuable tool in aiding early and accurate detection of
pulmonary diseases
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This study developed and evaluated a Random Forest-based
machine learning model for the accurate prediction of
pulmonary diseases using clinical data. The model achieved a
classification accuracy of 94.8%, demonstrating its potential
to significantly aid healthcare professionals in diagnosing
respiratory illnesses. Through comparative experiments,
Random Forest emerged as the superior model when
benchmarked against Logistic Regression and SVM. The
study successfully showcased the viability of integrating Al
into healthcare diagnostics, particularly in low-resource
settings where specialist expertise is limited. The research
also confirmed that key symptoms such as persistent cough,
shortness of breath, and age are strong predictors of
pulmonary conditions.

Introduced an Al-based predictive model specifically tailored
for pulmonary disease diagnosis using Random Forest.
Demonstrated the clinical relevance of machine learning
through high accuracy, sensitivity, and precision. Highlighted
key clinical features through feature importance analysis,
aiding explainabilit Offered a reusable, adaptable framework
for similar classification tasks in the medical domain.
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