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Abstract

Pneumonia, including COVID-19 pneumonia, remains a significant global health
challenge, with early and accurate diagnosis being essential for effective
management. Traditional diagnostic methods often struggle with low accuracy
and limited adaptability to evolving disease patterns. The COVID-19 pandemic
highlighted the need for more robust, adaptive diagnostic approaches.This study
develops an integrated machine learning (ML) framework for classifying COVID-
19 pneumonia using Random Forest, AdaBoost, XGBoost, and Convolutional
Neural Networks (CNNs). The research aims to optimize these algorithms,
improve data preprocessing, and evaluate their performance compared to
traditional methods.The proposed framework consists of four phases: (1) Dataset
Acquisition: Utilization of a GitHub dataset, processed in Python and Anaconda
Jupyter Notebook; (2) Data Processing and Analysis: Histograms and scatter
plots for dataset preprocessing; (3) Model Application and Optimization:
Random Forest and AdaBoost for ensemble learning, XGBoost with data
augmentation for enhanced accuracy, and CNNs for extracting intricate patterns
from X-ray images; and (4) Performance Evaluation: A comparative analysis of
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the integrated model against traditional methods to assess improvements in
accuracy, reliability, and adaptability. Results demonstrate that XGBoost
achieves the highest performance, with an accuracy of 87.35%, precision of
89.58%, recall of 87.22%, and an Fi-score of 88.39%. CNN performs well in
precision (88.60%), while AdaBoost provides balanced precision and recall. The
integrated ML framework significantly enhances pneumonia -classification
accuracy, offering a promising tool for COVID-19 diagnostics. These findings
emphasize the importance of model selection to optimize both precision and
recall, potentially improving clinical decision-making and patient outcomes.

Keywords: COVID-19 Pneumonia, XGBoost, Classification, Chest X-rays,
Prediction

Introduction

Pneumonia holds a position as a chronic problem in the context of world
population health, being an inflammatory process in the lungs that occurs in
patients of any age but is a greater threat to babies and elderly people. An
analysis was made in concern with Computed Tomography (CT) scans that
included 1658 COVID-19 patients and 1027 Community-acquired Pneumonia
(CAP) patients. For classification, they employed a disease-size-aware random
forest technique, popularly recognized as Unsupervised Size-Aware Forest (USAF
from which they gained remarkable results [1]. The condition has a variety of
symptoms and possible complications, and depending on the pathogens the
condition severity is variable. Contrarily, viral infections in most cases cause
relatively mild illness, though bacterial pneumonia of severe forms and even
mortal with some strains, could pose serious threats to such vulnerable groups as
newborns [2].

Early diagnosis is crucial for effective health management and achieving
desired outcomes. Diagnostic methods are vital for pathogen identification in
healthcare-associated infections, guiding antibiotic stewardship and infection
control. CAP is a heterogeneous group caused by various microbes, including
viruses and fungi [3]. Knowledge of pneumonia types is crucial for effective
management. Pneumonia can be bacterial, viral, or fungal, with distinct
diagnostic and treatment approaches. A classification system helps clinicians
determine appropriate investigations, select antimicrobial therapies, and develop
preventive measures. Additionally, walking pneumonia, with cold-like symptoms,
and fungal pneumonia present unique challenges [4]. Pneumonia progresses in
four stages: congestion (24 hours), red hepatization (blood, neutrophils, and
fibrin in alveoli), gray hepatization (grayish-brown or yellowish lung tissue due to
fibrin and blood changes), and resolution (enzymes break down exudates,
promoting lung repair). Proper diagnosis at each stage is essential for effective
treatment [5].

Pneumonia encompasses various types, including bacterial, viral, walking,
fungal, Hospital-acquired pneumonia (HAP), and Community-acquired
pneumonia (CAP), each with unique clinical challenges. HAP is a severe hospital
infection often associated with drug-resistant microorganisms and
immunosuppressed patients [6]. Bacterial and viral pneumonia are the most
prevalent forms. COVID-19, caused by the novel coronavirus 2019-nCoV, poses
significant global health risks, transmitting rapidly among people [7]. Key
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symptoms include fever, cough, and shortness of breath Young people and men
may be more susceptible to pneumonia, as patients often have higher breathing
rates than healthy individuals [8]. X-ray imaging, revealing haziness and opacity
in lung structures, is essential for diagnosing pneumonia [9]. Advancements in
machine learning models and medical imaging have significantly improved the
diagnosis and classification of COVID-19 and other pneumonia types, including
CAP [10].

Additionally, a technique that uses ordinary non-virological data to
forecast the rise in atypical pneumonia cases brought on by novel infections has
been announced [11]. Deep learning is a well-established technique for classifying
diseases; GoogLeNet and AlexNet are two examples of models that have been
investigated for using deep transfer learning and Generative Adversarial
Networks (GANs) to separate COVID-19 patients from normal cases [12]. As
evidenced by the evaluation of deep learning models for identifying COVID-19,
including ResNet, Inception, and GoogLeNet, robust frameworks are needed [13].
Deep transfer learning using models like Alexander Neural Network (AlexNet),
Google Neural Network (GoogleNet), and Residual Neural Network (ResNet18) is
being explored for pneumonia X-ray classification, with severe cases leading to
organ failure and death [14].

An ensemble support vector kernel random forest-based hybrid
equilibrium Aquila optimization (ESVMKRF-HEAQO) approach presented for
accurate skin cancer prediction. Utilizing the HAM10000 dataset, the model
demonstrates robust classification into five categories [15].

A cloud-random forest (C-RF) model for CHD risk assessment, combining
cloud model and random forest techniques introduced. The C-RF utilizes a
weighted attribute determination algorithm based on decision-making trial and
evaluation laboratory and cloud model. Empirical analysis performed using
dataset from Kaggle demonstrates the effectiveness of random forest [16].

A deep forest-based model proposed for early-stage COVID-19 diagnosis
from CXR images, highlighting the effectiveness of Random Forest technique [17].
AdaBoost (Adaptive Boosting), developed in 1997, employs weak classifiers and
an exponential loss function to enhance performance, with further research
exploring its varied applications and capabilities [18]. AdaBoost excels in
classifying output classes from input variables, providing rapid and superior
mapping, a notable improvement over techniques like decision trees, regression,
and nearest neighbors [19]. Utilizing AdaBoost, this research enhances
pneumonia detection amidst the COVID-19 epidemic, addressing symptoms such
as fever and cough, primarily spread through saliva droplets. Other techniques
are reviewed for comprehensive analysis [20]. AdaBoost, an Artificial Intelligence
(AI) ensemble technique, improves epidemic spread factor classification by
selecting relevant attributes objectively. Its utilization in COVID-19 growth rate
classification experiments showcases effective containment measure correlation
with growth factors [21]. Introducing a COVID-19 Prediction Support System is
utilizing AdaBoost, among other Machine Learning techniques, integrated with
routine blood testing, demonstrating enhanced predictive accuracy over
conventional methods [22].

Additionally, building on earlier research that linked blood chemistry to
the risk of COVID-19, this work evaluates how well XGBoost predicts age from
routine blood tests [23]. The XGBoost algorithm combined with logistic
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regression (XGBoost + LR) evaluated data from 140 COVID-19 patients and 144
healthy controls, suggesting its potential for screening in hotels, care homes, and
crowded areas [24]. A retrospective analysis of 678 CT scans from six centers
(2018—2022) showed that XGBoost models accurately predicted entry and post-
entry outcomes, emphasizing smoking as a mortality predictor [25]. XGBoost
also demonstrated potential in identifying pathogens from clinical data in
children hospitalized with respiratory infections (2010-2018) [26]. Recent
studies highlight its use in automating COVID-19 detection from chest X-rays
[27]. An automated approach for pneumonia classification from chest X-ray
images using the XGBoost algorithm is introduced. Bayesian optimization refines
feature representation and optimizes hyperparameters, improving classification
accuracy [28].

Pneumonia, particularly during the COVID-19 pandemic, poses significant
public health challenges due to its diverse symptoms and the need for precise
diagnosis and classification. Current diagnostic methods often rely on outdated
algorithms, exhibit low accuracy, and lack adaptability to evolving disease
patterns, emphasizing the need for innovative approaches.

This study introduces an integrated machine learning framework
combining Random Forest, AdaBoost, XGBoost, and Convolutional Neural
Networks (CNNs) for COVID-19 pneumonia classification. The proposed research
framework comprises four phases: (1) Dataset Acquisition: The latest GitHub
dataset is utilized, with Python and Anaconda Jupyter Notebook facilitating data
collection; (2) Data Processing and Analysis: Histograms and scatter plots
preprocess and analyze the dataset to enhance machine learning (ML) readiness;
(3) Model Application and Optimization: Random Forest and AdaBoost provide
robust ensemble learning foundations, XGBoost incorporates data augmentation
for improved accuracy, and CNNs extract intricate patterns from X-ray images to
enhance classification precision; and (4) Performance Evaluation: Comparative
analysis evaluates the integrated model against existing methods, highlighting
improvements in accuracy, reliability, and adaptability.

This integrated approach significantly advances ML applications for
pneumonia diagnosis by leveraging the strengths of multiple algorithms. Random
Forest and AdaBoost address data variability and imbalances, while XGBoost
ensures efficient hyperparameter optimization and CNNs contribute deep feature
extraction from medical images. These techniques collectively overcome
challenges such as limited data availability and variability in disease presentation.
The study’s contributions include a comprehensive ML-based framework tailored
for COVID-19 pneumonia classification. The proposed methodology optimally
processes datasets, integrates data augmentation to enhance reliability, and
demonstrates superior classification accuracy compared to traditional methods.
These advancements offer valuable insights for predictive modeling and resource
optimization, aiding public health strategies during pandemics and beyond. By
combining diverse ML techniques, this framework ensures accurate and reliable
disease classification while offering critical insights into future disease trends,
enabling effective public health planning.

The subsequent sections comprise a comprehensive analysis of current
state-of-the-art methods in the Literature Review, a proposed framework and
methodology in the Methodology section, an in-depth discussion of experimental
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results in the Results and Discussion section, and a conclusion with
recommendations for future research in the Conclusion section.

Literature Review
The literature review presents a comprehensive overview of studies in respiratory
disease diagnosis, particularly focusing on COVID-19 and pneumonia.

A study implementing Random Forest classification in a COVID-19
Reverse Transcription Polymerase Chain Reaction (RT-PCR) test classification
system alongside an auto-encoder algorithm was proposed, utilizing a dataset
from a Brazilian hospital where the auto-encoder preprocesses features before
classification with Random Forest [29]. Random Forest's superior performance
in breast tumor detection using the Wisconsin Breast Cancer Database was
demonstrated in prior research [30]. Additionally, the Random Forest algorithm,
combined with Synthetic Minority Over-sampling Technique (SMOTE)
preprocessing, was applied for fault identification in power transformers,
effectively addressing complexity [31]. Random Forest was employed to classify
chest X-ray images for detecting COVID-19, pneumonia, or normal cases, while
XGBoost was applied to predict high-risk COVID-19 patients based on factors
such as age, sex, diabetes, and hypertension. This model, implemented through a
Python Flask web application, aids in patient prioritization and resource
allocation [32, 33]. The global strain on healthcare systems during the COVID-19
pandemic has been mitigated by AI advancements, with models like XGBoost
enhancing severity forecasting and supporting medical practitioners [34].

An integrated approach combining the XGBoost algorithm and logistic
regression (XGBoost + LR) was applied to analyze data from 140 COVID-19
patients and 144 healthy controls. This method shows significant potential for
widespread use in environments such as hotels, nursing homes, and other
crowded settings, enabling medical personnel to conduct efficient screenings.
[35]. The study used various machine learning algorithms, like Naive Bayes,
Linear Regression, Random Forest, XGBoost, Adaptive Boosting, K-nearest
neighbor, Kernel Support Vector Machine (SVM), and Back Propagation Neural
Networks. The evaluation was done with 5-fold cross-validation. Results show
that an XGBoost-based clinical model can accurately identify high-risk patients at
admission [36]. In a COVID-19 pathogenesis study, XGBoost was applied to
predict disease severity using multi-omics data. The model, trained on 80% of the
data and tested on an independent set, used 297 features selected using the
hybrid approach. The results demonstrated strong discrimination between
intensity levels, indicating strong performance under cross-validation [37].

In the December 2019 Wuhan coronavirus outbreak, XGBoost analyzed
gene expression data from COVID-19 patients in the Gene Expression Omnibus
(GEO) database. Identified potential diagnostic markers associated with viral
transcription and COVID-19 pathways [38]. Hospitalized children with
respiratory infections (2010-2018) had clinical data within 24 hours of admission
used to build predictive models for six pathogens. XGBoost's potential in aiding
clinicians to identify these pathogens was shown, optimizing diagnostic testing
and possibly reducing medical costs [39]. This study responds to the urgent
demand for precise COVID-19 screening tools by proposing two framework
models. One integrates a Convolutional Neural Network (CNN) feature extractor
with XGBoost for classification, while the other utilizes a CNN paired with a
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feedforward neural network. The COVID-19 CT-2A (CovidxCT-2A) dataset is
employed for evaluation [40]. The recent COVID-19 outbreak calls into question
the accurate diagnosis of pneumonia. The study presents the neutrosophic
method, which classifies lung opacity images into correct (T), incorrect (F), and
uncorrected (I) sets to reduce opacity. Preprocessing enhances images with
primary alpha and beta enhancement operations. The enhanced images are fed
into XGBoost for classification [41].

In COVID-19 prediction models, several machine-learning algorithms
were explored, including logistic regression (LR), support vector machine (SVM),
random forest (RF), and extreme gradient boosting (XGBoost). In particular,
XGBoost demonstrated effective COVID-19 prediction capabilities, further
enhanced by interpretation tools such as Local Interpretable Model Agnostic
Explanations (LIME) and Shapley Additive Explanations (SHAP) [42]. Recent
research and medical practice prioritize automatic COVID-19 detection with
chest X-ray (CXR) images. Our Computer-Aided Diagnosis using Chest X-ray
(CAD-CXR) system, incorporating Haar-like features and the XGBoost classifier,
improves detection. We preprocess images, extract features, and classify them
using various machine learning algorithms. Evaluation is conducted on publicly
available datasets with three train-test splits [27].

An AdaBoost algorithm is introduced in a study, improving model
performance by effectively handling rough knowledge and enhancing sensitivity
and regression capacity [43]. Utilizing AdaBoost in 2019 Novel Coronavirus
(nCoV) analysis, patient history, country, age, and gender are, integrated to
enhance death prediction accuracy by over sevenfold, showcasing the potential of
machine learning in early outcome estimation. This highlights the value of
integrating disease history into predictive models, promising improved patient
treatment and healthcare system relief [44]. Using AdaBoost, this study enhances
COVID-19 case identification via symptom analysis, aiding in self-assessment
and patient triage, while leveraging Non-dominated Sorting Genetic Algorithm II
(NSGA-II) for feature selection to boost accuracy [45]. AdaBoost's performance
in COVID-19 diagnosis surpasses Random Forest post-feature selection,
indicating the potential for heightened disease classification accuracy [46]. Using
AdaBoost alongside other techniques like Random Forest (RF), Support Vector
Machine (SVM), Decision Tree (DT), and k-nearest neighbors (KNN), this study
on COVID-19 patient blood samples achieves top predictive performance,
emphasizing age's significance and strong associations among Lactate
Dehydrogenase (LD), C-reactive Protein (CRP), and leukocytes [47]. Introducing
Vulture Based Adaboost-Feedforward Neural (VbAFN), a novel AdaBoost-based
scheme for early COVID-19 severity prediction from chest X-ray images,
incorporating preprocessing, feature extraction, and segmentation for accurate
data input [48].

Utilizing AdaBoost with decision tree estimators, this study enhances
COVID-19 patient severity assessment with a novel parameter tuning process,
showcasing competitive accuracy through extensive experimentation on the
University of California Irvine (UCI) and COVID-19 datasets [49]. Proposing a
Hybrid Disease Detection Principle (HDDP), that combines AdaBoost with
Convolutional Neural Network (CNN) for COVID-19 detection from Lung
Computed Tomography (CT) scans, offering enhanced accuracy and efficiency in
disease identification [50].
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The pathology of HiN1, CAP, and sepsis was investigated, suggesting the
potential of group mass disturbance for clinical outcomes in CAP and sepsis
patients [51]. Volumetric Extraordinary Learning Machine (ELM) and k-nearest
Neighbor (K-nn) AI were applied for breath sound analysis, demonstrating high
accuracy through perceptual mode reduction and feature extraction [52]. Chest
radiograph classification was enhanced using AlexNet (MAN) [53]. Dataset
preparation processes were explored, proving effective in both engineering and
real datasets [54]. The effectiveness of generative adversarial networks (GANs)
was Demonstrated for pneumonia chest x-ray recognition, outperforming a
related task in precision, recall, and F1 score [55]. An approach to diagnose
COVID-19 with chest radiography was proposed, which shows promise despite
the limitations of the data set [56]. Emphasis is placed on a methodological
framework for the identification of COVID-19 [57]. The applicability of Artificial
Intelligence (AI) in health status assessment has been explored [58]. Attention
has focused on the diagnosis of pneumonia using X-ray imaging [59]. Effective
methods have been proposed for the detection of tuberculosis and pneumonia
[60, 61]. The role of machine learning in clinical areas, particularly in pneumonia
identification, has also been discussed [62]. The potential of AI in clinical
decision-making has been explored [63]. A meta-study analyzing explicit CT
designs has been conducted [64]. A web application for pneumonia
differentiation has been developed [65]. Additionally, a fully automated system
for COVID-19 identification has been established [66]. Evolutionary Neural
Network (ENN) and SVM expectation models were introduced in a previous
study [67].

Another study focused on pollution-related biomarkers and -clinical
symptoms for pneumonia prediction [68]. A Deep Convolutional Neural
Organization (DCNN) model-based approach for classifying pneumonia images
was presented [69]. A non-arranged convolutional neural architecture for
pneumonia event detection was proposed, exhibiting better accuracy [70],
Convolutional neural networks (CNNs) were used to identify pneumonia,
demonstrating the accuracy of the VGG16 design [71]. A lightweight pneumonia
detection model using CNNs with three kernel sizes proposed in a study in which
the outputs are combined with a weighted ensemble, whose threshold can be
adjusted according to the desired diagnostic sensitivity and specificity. An
ensemble deep learning approach for classifying digital chest X-ray images using
different kernel sizes is examined in this study [72]. Additionally, COVID-19
detection through audio features such as cough and breathing, along with SHAP
and data augmentation techniques, is explored [73].

Methodology

This study employs an integrated four-phase framework for COVID-19
pneumonia classification by leveraging the strengths of Random Forest,
AdaBoost, XGBoost, and CNN techniques as depicted in Figure 1 and outlined in
Algorithm 1. The proposed approach ensures improved accuracy and robustness
by combining ensemble learning models with deep learning methods for precise
feature extraction and classification.
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Algorithm 1: Research on Pneumonia Detection Evaluation

Figure 2.
Input: Pneumonia X-ray images sourced from GitHub
Output: Evaluation of Model Performance

Step 1. Data Processing Phase
//Load the dataset containing pneumonia X-ray images, provided by WHO.
1.1. WHO__dataset <— LoadWHODataSet()
//Extract demographic information (e.g., age, gender) from the dataset
1.2. demog_info < ExtractDemographicInfo (WHO_dataset)
//Preprocess the data to clean and format it for further analysis
1.3. preproc_data < PreprocessData (WHO_dataset, demog__info)
Step 2. Data Visualization Phase
//Generate a plot to visualize the distribution of demographic information.
2.1. Demog_Distrib_Plot < Visualize_DemographicDistribution(demog_info)
//Plot the prevalence of symptoms using the preprocessed data.
2.2. Symp_Preval_Plot < PlotSymptomsPrevalence(preproc_data)
Step 3. Model Building for Feature
Extraction
//Initialize models that will be used for feature extraction
3.1. RF_model < InitializeRFModel()
3.2. AdaBoost_model < InitializeAdaBoostModel()
3.3. CNN_model < InitializeAdaCNNModel()
3.4. XGBoost_model < InitializeXGBoostModel()
//Train the models using the X-ray images and demographic data
3.5. train_models <— TrainModels(RF_model, AdaBoost_model, CNN_model,
XGBoost_model, COVID19_XRay_images, demog_data)
//Optimize the trained models for better accuracy and performance
3.6. optim_models <— OptimizeModels(train_models)
Step 4. Performance Evaluation Phase
//Split the preprocessed data into training and testing sets for evaluation.
4.1. train_set, test_set < SplitDataset(preproc_data)
//Evaluate the optimized models using a confusion matrix.
4.2. conf_matrix — EvaluateModels(optim_models, test_set)
//Calculate performance metrics such as accuracy, sensitivity, and specificity
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4.3. metrics — CalculateMetrics(conf_matrix, precision, recall,
F1_score,accuracy)

Step 5. Comparative Analysis of’
Results

//Compare the accuracy of this study with previous research on pneumonia
classification.

5.1. accu_compar — CompareAccuracy(base_study, existing_research)
//Identify areas where the model shows substantial improvement over past
methods

5.2. improuv_areas < IdentifyAreasOfSubstantiallmprovement()

//Discuss the implications of the results and potential applications of the
findings.

5.3. implic_and_applic < DiscussImplicationsAndApplications()

Step 6. End

The proposed research framework involves four stages: (1) Data Acquisition,
using a GitHub chest X-ray dataset preprocessed in Python via Anaconda Jupyter
Notebook for quality analysis; (2) Data Processing and Feature Analysis,
employing scatter plots, histograms, and Random Forest for feature selection to
enhance efficiency; (3) Supervised Learning Implementation, integrating
CNNs with data augmentation for detailed feature extraction, alongside AdaBoost
and XGBoost for robust pneumonia classification and improved accuracy; and (4)
Performance Evaluation, comparing models using accuracy, precision, recall,
and Fi-score, demonstrating superior results in COVID-19 pneumonia
classification. This framework provides a strong foundation for disease prediction
and advances healthcare research by addressing critical challenges in pneumonia
diagnosis and classification.

Phase I: Data Acquisition and Implementation Tool

Data Collection and Preprocessing

Data acquisition and preprocessing are fundamental. Raw data must be collected
and cleaned (e.g., removing missing values, handling outliers) before any further
steps.

For this study, we acquire a GitHub dataset containing 893 chest X-ray
images, including COVID-19 and other pneumonia cases [74]. To enhance
classification accuracy, we incorporate Random Forest, AdaBoost, XGBoost, and
CNN techniques. Random Forest effectively handles data heterogeneity, while
AdaBoost boosts weak classifiers to achieve higher accuracy. XGBoost, with its
gradient boosting framework, optimizes model performance through
hyperparameter tuning and feature selection. CNNs excel in extracting spatial
features from X-ray images, making them highly effective for image-based
disease classification. Previous studies also utilize this dataset, highlighting its
relevance for pneumonia classification research.

Tool Selection for Implementation

Python, combined with Anaconda Jupyter Notebook, is utilized for this research
due to its versatility in data mining, Al, and machine learning. Python supports
implementing advanced algorithms such as Random Forest, AdaBoost, XGBoost,
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and CNN, making it an optimal choice for diverse classification tasks. Anaconda
Jupyter Notebook, an open-source web-based application, facilitates efficient
coding, data visualization, and model evaluation, enhancing the overall workflow.
Its seamless integration with Python ensures robust execution of machine
learning techniques, further emphasizing its prominence in data-driven research.

Importing Required Libraries

Importing essential libraries (e.g., NumPy, Pandas, and scikit-learn) is crucial for
data preprocessing, visualization, and model development. Specialized libraries
play a critical role in the study, with key libraries like Keras being essential for
constructing neural network models in deep learning applications. The proposed
model integrates techniques such as Random Forest, AdaBoost, XGBoost, and
Convolutional Neural Networks (CNN) to enhance classification accuracy.
Additionally, libraries like Numpy facilitate numerical and matrix analysis, aiding
in data manipulation. Matplotlib and Seaborn serve as vital tools for data
visualization, presenting data in visual formats to enhance comprehension and
analysis.

Phase I1: Data Processing and Model Implementation

Data Plotting

Data visualization facilitates the understanding of patterns, distributions, and
correlations, aiding in feature selection and model design. Effective data
visualization techniques are crucial for gaining insights into the COVID-19
pneumonia dataset. Various methods, including histograms, boxplots, scatter
plots, and dimensionality reduction techniques such as Principal Component
Analysis (PCA) and t-distributed Stochastic Neighbor Embedding (t-SNE), are
employed to visualize feature distribution, relationships, and patterns within the
data. Example image grids are utilized to highlight characteristic features,
enhancing understanding of the dataset [75].

Graphical representation plays a key role in data analysis. OpenCV,
Matplotlib, and Seaborn libraries are leveraged to create visually appealing and
informative plots. As shown in Figure 2, an X-ray image is presented for normal
and abnormal classification, providing a visual representation of the dataset. The
dataset consists of X-ray images sourced from GitHub, which forms the
foundation of our research.

0 sb 100 150 200 250 300
Figure 3. Chest X-ray Image Depicting Pneumonia Affliction
Following data visualization, the proposed model integrates Random Forest,
AdaBoost, XGBoost, and CNN techniques to enhance classification performance.
Random Forest contributes to capturing non-linear relationships and handling

imbalanced datasets effectively, while AdaBoost emphasizes reducing bias
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through iterative learning. XGBoost, renowned for its efficiency in tabular data
analysis, applies a gradient-boosting framework to uncover complex patterns
within the dataset. Complementing these, CNNs focus on extracting spatial
features, particularly from image-based data. This combined approach leverages
the strengths of these algorithms, ensuring robust analysis and accurate
predictions across diverse data types [76].

Data Augmentation

Augmentation is applied to expand the dataset, particularly in image processing
scenarios, to ensure diversity and robustness in the training data. Data
augmentation is essential for enhancing the performance of machine learning
models, particularly in the classification of COVID-19 pneumonia using chest X-
ray images. By applying techniques such as rotation, flipping, scaling, cropping,
brightness/contrast adjustment, and noise addition, synthetic data is generated,
enabling models to generalize better without needing additional real-world
samples. This approach not only mitigates overfitting but also improves model
accuracy, especially for models like XGBoost, which benefits from diverse
training data.

XGBoost optimizes these augmented features through its robust algorithm,
refining the classification process. Integrating ensemble methods like Random
Forest and AdaBoost further strengthens the model. Random Forest improves
robustness by averaging multiple decision trees, reducing variance, while
AdaBoost enhances performance by re-weighting misclassified instances. When
combined with Convolutional Neural Networks (CNN), which extract complex
spatial features from the augmented images, this hybrid approach offers a
comprehensive solution for pneumonia classification, leveraging the strengths of
both traditional machine learning and deep learning techniques to achieve
superior accuracy and robustness.

Feature Scaling for Optimal Machine Learning and Deep Learning
Techniques

Scaling ensures that features have uniform ranges, improving the performance
and convergence of ML and DL algorithms.

Random Forest Feature Scaling

Random Forest is relatively robust to feature scaling due to its reliance on
decision trees, which split based on feature thresholds rather than feature
magnitudes. However, applying feature scaling may still slightly enhance
performance, especially when Random Forest is used alongside other algorithms
in ensemble methods. While optional, min-max scaling or standardization can be
applied if the model is combined with others that require scaling. Features such
as patient demographics (e.g., age, body temperature) should be standardized to
ensure consistent processing.

AdaBoost Feature Scaling

Similar to Random Forest, AdaBoost's performance is not heavily dependent on
feature scaling, as it leverages weak learners (usually decision trees). However,
scaling may improve convergence when non-tree-based base learners are used. It
is optional to apply min-max scaling or standardization to maintain uniformity in
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ensemble settings. Additionally, scale demographic features and categorical
variables (e.g., gender, medical history) to improve the consistency of base
learners.

XGBoost Feature Scaling

XGBoost is highly sensitive to feature scaling, particularly when handling mixed
data types (e.g., numeric and categorical). Uniform feature scaling enhances
gradient calculations, optimizing model performance. Min-max scaling or
standardization should be applied (e.g., scaling age, blood oxygen levels, and
body temperature). Pixel intensity values should be normalized to a range of 0—1
or -1—1 for consistency. This step is essential for ensuring fair weight distribution
across features during optimization and tree construction.

CNN Feature Scaling

CNNs inherently handle feature scaling through internal operations, such as
batch normalization and activation functions. However, preprocessing image
data to a standard scale is crucial for effective training. Normalize pixel intensity
values to a range of 0—1 (by dividing by 255 for RGB images). Standardize images
by subtracting the mean pixel value and dividing by the standard deviation.
Scaling enhances convergence, reduces computational load, and stabilizes
gradients during training.

Supervised Learning with Proposed Model

The proposed models (Revised Random Forest, AdaBoost, XGBoost, and CNN)
are applied to the preprocessed and scaled data. The proposed model integrates
Random Forest, AdaBoost, XGBoost, and CNN to enhance supervised learning
for tasks such as COVID-19 pneumonia classification from chest X-ray images.
Input features, representing pixel values extracted from X-rays, serve as
descriptors of the image characteristics, while output labels indicate the
classification, such as COVID-19 pneumonia or other categories.

XGBoost captures intricate feature interactions with high computational
efficiency, while Random Forest and AdaBoost contribute to robust feature
selection and reduce overfitting by leveraging ensemble learning. CNN excels in
extracting spatial and hierarchical features from X-ray images, complementing
the ensemble techniques. The combined model enables the identification of
complex patterns and relationships between input features and output labels,
ensuring accurate and reliable classification in medical imaging analysis[77].

Revised Random Forest Classifier

Random Forest is an ensemble learning technique that constructs multiple
decision trees and aggregates their outputs for accurate predictions. Known for
its ability to handle imbalanced and noisy datasets, it effectively identifies critical
features from medical imaging, enhancing its application in diagnosing COVID-
19 pneumonia. By mitigating overfitting and managing incomplete data, Random
Forest excels in distinguishing pneumonia from other respiratory conditions,
supporting precise classification even in complex datasets.
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AdaBoost Classifier

AdaBoost (Adaptive Boosting) enhances model performance by iteratively
focusing on misclassified instances and assigning higher weights to them. This
approach strengthens weak learners, enabling the detection of nuanced patterns
in chest X-ray images, such as subtle pixel intensity variations indicative of
pneumonia. Its adaptive nature ensures high precision in scenarios with limited
labeled data and complements other classifiers in addressing the challenges of
pneumonia classification. AdaBoost's ability to emphasize difficult cases makes it
an effective choice for early and accurate diagnosis, contributing significantly to
the proposed hybrid model.

XGBoost Classifier

XGBoost (eXtreme Gradient Boosting) is a gradient-boosting algorithm
optimized for high-dimensional datasets, widely recognized for its efficiency and
accuracy in classification tasks. By iteratively refining decision trees, it identifies
subtle patterns such as opacities and infiltrates in chest X-rays of COVID-19
pneumonia cases. XGBoost effectively handles missing data, manages outliers,
and allows for advanced hyperparameter tuning, ensuring reliable and
interpretable outcomes. Its adaptability and robust performance make it a
cornerstone for medical imaging and predictive modeling, particularly in COVID-
19 research. Data augmentation techniques further enhance its classification
accuracy and model robustness.

CNN (Convolutional Neural Networks) Classifier

CNNs are deep learning architectures specialized in image -classification,
particularly effective in extracting spatial features from medical images. In the
context of COVID-19 pneumonia, CNNs identify key visual patterns, such as lung
opacities and structural abnormalities, which are crucial for diagnosis. Models
like ResNet and GooglLeNet have proven highly accurate in distinguishing
COVID-19 pneumonia from other types. Their ability to learn hierarchical
features allows for precise predictions, even with limited data.

In the proposed model, CNNs are integrated with tree-based algorithms to
enhance feature extraction. This combination leverages deep learning for
improved classification accuracy, complementing the strengths of other machine
learning techniques.

Results and Discussion

The Results and Discussion section evaluates the proposed model integrating
Random Forest, AdaBoost, XGBoost, and CNN techniques for -classifying
pneumonia X-ray images into Normal and Abnormal categories. The analysis
focuses on confusion matrix components—True Positives (TP), True Negatives
(TN), False Positives (FP), and False Negatives (FN)—as well as performance
metrics, including precision, recall, F1-score, and accuracy.

Phase III: Analysis of Model Classification and Performance

Model Training Using the Proposed Model

Training the models with the prepared dataset is a critical step to evaluate their
performance. In this phase, we train a classification model for COVID-19
pneumonia using a combination of Random Forest, AdaBoost, XGBoost, and
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Convolutional Neural Networks (CNN). The process begins with preparing a
labeled chest X-ray dataset, distinguishing between COVID-19 and non-COVID-
19 pneumonia. The dataset is divided into training and testing subsets. Feature
extraction identifies critical characteristics from the X-ray images, which serve as
input for the models.

For the ensemble models, we use Random Forest and AdaBoost, each
contributing to the classification process through their respective strengths in
decision tree learning and boosting techniques. The XGBoost model, known for
its gradient boosting capabilities, further refines the classification by optimizing
tree-based predictions. Simultaneously, the CNN architecture extracts spatial
hierarchies from the images, enabling the model to learn complex features for
improved performance.

Model evaluation involves using accuracy, precision, recall, and Fi-score
metrics, with parameter tuning across all techniques to optimize performance. By
combining these advanced models, the system achieves enhanced prediction
accuracy, making it robust for classifying COVID-19 pneumonia in chest X-ray
images.

XGBoost-Based Classification and Prediction Outcomes

Individual model outcomes, especially for XGBoost, should be assessed to
benchmark performance. This section presents a detailed analysis of the
classification and prediction results obtained using the XGBoost model. Figure 3
illustrates the classification and prediction results derived from the proposed
XGBoost model.

Predicted Class 0,Actual Class 1  Predicted Class 0,Actual Class 1

Predicted Class 0,Actual Class 1 Predicted Class 0,Actual Class 1

Figure 4. Classification And Prediction Results Derived From The
Proposed Model

This visualization evaluates the effectiveness of the XGBoost model in classifying
COVID-19 pneumonia cases based on accuracy, precision, recall, and Fi-score.
Real-time validation on chest X-ray images confirms its performance in clinical
settings, ensuring reliability in real-world scenarios. A detailed interpretation of
the model's decision-making process highlights key features that contribute to
accurate predictions. This comprehensive analysis demonstrates the efficacy of
XGBoost in distinguishing between normal and abnormal pneumonia cases,
providing accurate predictions based on image patterns and features.

Assessing Model Performance through Confusion Matrix Analysis
Confusion matrix analysis provides a detailed evaluation of model accuracy,
sensitivity, and specificity. A confusion matrix is crucial for assessing the
performance of a classification algorithm. It provides valuable insights into the
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algorithm’s accuracy, highlighting the types of errors it produces and identifying
areas for improvement. This helps in evaluating the model's overall effectiveness.
Performance Evaluation Using Confusion Matrix

The confusion matrix is a key tool in machine learning for evaluating model
performance. It compares actual and predicted labels, highlighting classification
accuracy and error types like false positives and false negatives. This detailed
analysis aids in refining models, improving diagnostic accuracy, and enhancing
clinical interpretation.

Confusion Matrix

400
50 350
300
=250
=200
- 63 & 150
- 100
-50

Predicted Negative Predicted Positive
Predicted Label

Figure 5. Confusion Matrix Generated by XGBoost
Figure 4 displays the confusion matrix produced by the XGBoost model, showing
actual and predicted labels, including true positives (TP), true negatives (TN),
false positives (FP), and false negatives (FN). These values are essential for
calculating performance metrics and assessing the model's predictive accuracy.

Actual Label
Actual Negative

Actual Positive

Confusion Matrix Components

The Confusion Matrix, consisting of True Positive (TP), True Negative (TN), False
Positive (FP), and False Negative (FN), provides a detailed assessment of
classifier performance:

o True Positive (TP): Correctly predicted positive cases (430).

. True Negative (TN): Correctly predicted negative cases (350).

. False Positive (FP): Negative cases incorrectly classified as positive (50).
) False Negative (FN): Positive cases incorrectly classified as negative (63).

These values are used to compute key performance metrics, including precision,
recall, and accuracy, offering a thorough evaluation of the model’s classification
ability. This analysis highlights the effectiveness of the proposed XGBoost model,
while also identifying areas for further optimization and improvement. The
confusion matrices are generated in a similar manner for the other proposed
techniques, including Random Forest, AdaBoost, and CNN.

Phase IV: Assessing Performance and Conducting Comparative
Analysis

This phase evaluates the performance of the proposed XGBoost model by
comparing it with existing studies. Key metrics, such as accuracy, recall, and F1-
score, are calculated to assess the model’s precision and ability to correctly
classify instances. These performance indicators offer valuable insights into the
model’s effectiveness in achieving reliable and accurate classifications.
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Average Accuracy Score to Assess Model Performance

Aggregate metrics like average accuracy quantify model reliability across
different datasets or configurations. The average accuracy score is a key metric
for evaluating the XGBoost model. It combines precision, recall, and F1 scores to
assess the model's effectiveness. Precision measures the percentage of correctly
classified relevant results, while recall reflects the proportion of relevant results
identified. The F1 score, which balances precision and recall, offers a
comprehensive performance measure. These metrics are derived from the
confusion matrix, which summarizes the model's classification performance
across different categories.

Evaluation Metrics for COVID-19 Pneumonia Classification using
XGBoost

XGBoost-specific metrics allow fine-grained insights into its strengths and
weaknesses for pneumonia classification. Evaluating the performance of the
proposed XGBoost model for COVID-19 pneumonia classification is crucial for
determining its diagnostic effectiveness. Key metrics, including accuracy,
precision, recall, and F1-score, are essential for this assessment.

Performance Metrics
Accuracy (AC): Represents the proportion of correctly classified cases,
calculated as:

_ TP+TN (1)

TP+ FN+TN+FN

Here, TP (True Positive) and TN (True Negative) denote correctly classified
COVID-19 pneumonia cases and non-COVID-19 cases, respectively.
Precision (PR): Precision measures the proportion of true positive predictions
for COVID-19 pneumonia. It is calculated using the formula:

R=—1T _ (2)

TP +FP

Recall (RE): Recall quantifies the proportion of true positive predictions within
all actual COVID-19 cases. It is calculated using the formula:

E=—1F _ (3)

TP+ FN

F1-score: The F1i-score is the harmonic mean of precision and recall, providing a
balanced measure of both metrics. It is calculated using the formula:
PRxRE
— (4)
PR+RE

F1-Score=2x

Clarification of Normal vs. Abnormal Classification

Differentiating between normal and abnormal cases helps contextualize the
model’s predictions. It's important to clarify that our model categorizes each
image as normal or abnormal, rather than explicitly distinguishing between
"normal" and "pneumonia" cases. This distinction ensures that the model focuses
on identifying any abnormalities present in the images, including those indicative
of pneumonia, without making explicit differentiations within the "abnormal"
category.
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Analysis of X-ray Images (Total: 893)

500

400

Number of Images

Abnormal I (Pneumonia) Normal
Image Category

Figure 6. Distribution of Abnormal (Pneumonia) and Normal X-
ray Images
Figure 5 shows the distribution of Abnormal (Pneumonia) and Normal X-ray
images in the dataset, with 493 classified as Abnormal and 400 as Normal out of
893 images. This data underpins the model's accuracy evaluation.

Classifying these images provides insights into the model's performance,
particularly in balancing false positives and false negatives. A high false positive
rate leads to unnecessary interventions, while a high false negative rate risks
missed diagnoses, guiding further model refinement.

The XGBoost model significantly contributes to COVID-19 pneumonia
classification, demonstrating high accuracy. While enhancing recall is needed,
the overall performance suggests promising potential for improving diagnostic
accuracy and patient care. Further research in Al-powered medical diagnosis
remains promising.

Analysis and Discussion of Performance Metrics for Proposed Models
This step synthesizes the results to highlight the contributions of the models,
including insights from comparative studies. This section presents an in-depth
analysis of the performance of the proposed model, which utilizes multiple
techniques—Random Forest, AdaBoost, Convolutional Neural Network (CNN),
and XGBoost—for classifying COVID-19 pneumonia cases. The results, presented
in Table 1, indicate the performance of each model across key metrics: Precision,
Recall, F1-Score, and Accuracy.

Table 1. Performance Analysis of Metrics for Proposed Model

Techniques Precision Recall (%) F1 Score Accuracy
(%) (%) (%)
Random Forest  86.63 80.09 83.23 82.29
AdaBoost 87.31 83.90 85.57 84.49
CNN 88.60 83.74 86.10 85.70
XGBoost 89.58 87.22 88.39 87.35

The Random Forest model demonstrates a solid performance with precision of
86.63%, recall of 80.09%, F1-score of 83.23%, and accuracy of 82.29%. While
Random Forest has decent overall performance, its recall score suggests a
relatively higher number of false negatives compared to other models. This is
significant, as it may fail to correctly classify a proportion of COVID-19
pneumonia cases, which can have serious consequences in a clinical setting. The
precision is reasonably high, meaning that the model tends to avoid false
positives. However, the recall improvement is a target area for further
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optimization, potentially through fine-tuning hyperparameters or employing
additional feature engineering.

The AdaBoost model achieves a precision of 87.31%, recall of 83.90%, F1-
score of 85.57%, and accuracy of 84.49%. The results show an improvement in
both precision and recall over Random Forest, with a more balanced trade-off
between these metrics. AdaBoost's recall (83.90%) suggests a better ability to
correctly classify positive cases, thereby reducing the false negatives.
Furthermore, its Fi-score of 85.57% reflects an overall strong balance between
precision and recall, marking AdaBoost as a robust classifier for COVID-19
pneumonia detection.

The CNN model yields an accuracy of 85.70%, precision of 88.60%, recall
of 83.74%, and F1-score of 86.10%. CNN, which utilizes deep learning to capture
spatial hierarchies and patterns in X-ray images, outperforms both Random
Forest and AdaBoost in terms of precision and Fi-score. CNN’s precision is the
highest among the models, indicating a strong tendency to avoid false positives.
However, its recall score slightly lags behind that of AdaBoost. Despite this, CNN
demonstrates excellent potential in accurately identifying COVID-19 pneumonia,
particularly in scenarios where high precision is paramount.

The XGBoost model outperforms all other models with the highest
precision (89.58%), recall (87.22%), F1-score (88.39%), and accuracy (87.35%).
XGBoost's superior performance across all metrics indicates its capability to
handle complex data relationships effectively, likely due to its implementation of
gradient boosting and tree-based learning. The high recall ensures that fewer true
positive cases are missed, while the elevated precision highlights its accuracy in
avoiding false positives. This makes XGBoost an ideal choice for classifying
COVID-19 pneumonia, where both precision and recall are critical in the medical
context.

Discussion of Comparative Results

From the analysis of performance metrics, it is evident that XGBoost outperforms
the other models across all metrics, making it the most effective technique for
COVID-19 pneumonia classification in this study. Its high precision and recall
suggest that it is able to both accurately classify pneumonia cases and minimize
missed cases, which is vital for medical decision-making.

While CNN demonstrates superior performance in terms of precision, it
falls slightly behind in recall compared to XGBoost and AdaBoost. This can be
attributed to the specific nature of CNNs, which, although excellent at detecting
intricate image patterns, may not always balance false positives and false
negatives optimally without proper tuning.

AdaBoost, with a balanced Fi-score, showcases a good trade-off between
precision and recall, performing significantly better than Random Forest. Its
ability to improve classification accuracy through boosting weak learners is
evident in the results.

The Random Forest model, while still useful, lags behind the other
techniques in both precision and recall, suggesting that it is less capable of
handling the complexity of classifying COVID-19 pneumonia cases, especially
when compared to the advanced boosting methods (XGBoost and AdaBoost) and
deep learning-based CNN.
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Substantial Insights and Contributions

The results of this study offer key insights into the effectiveness of different
machine learning techniques for the classification of COVID-19 pneumonia. The
XGBoost model’s superior performance in both precision and recall positions it
as the most reliable model for this task. This is especially critical in clinical
applications where misclassifications can have serious consequences. AdaBoost,
while slightly less accurate, offers a well-rounded performance with good balance
between recall and precision, making it a strong alternative in scenarios where
both false positives and false negatives need to be minimized.

The application of CNNs highlights the potential of deep learning for
image-based classification tasks, where CNNs excel in capturing complex
patterns in X-ray images. However, further improvements in recall could make
CNN a more competitive choice for this task.

The proposed models—especially XGBoost—can significantly contribute to
enhancing diagnostic accuracy and decision-making processes in the healthcare
sector, particularly in detecting COVID-19 pneumonia from chest X-ray images.
These findings suggest the importance of model selection in healthcare
applications, as the trade-off between precision and recall must be carefully

considered depending on the specific clinical needs.

The incorporation of diverse machine learning techniques in this study enriches
the ongoing research into COVID-19 pneumonia detection and can pave the way
for more robust, accurate, and adaptable models in future medical applications.

Comparative Analysis with Existing Research

Comparing results with prior studies provides context, validates the findings, and
identifies advancements made by the proposed approach. This study introduces a
comprehensive methodology for COVID-19 pneumonia classification, leveraging
advanced ML and DL techniques, including Random Forest (RF), AdaBoost,
CNN, and XGBoost. The proposed models were benchmarked against existing
research by Khalifa et al. [14] and Ieracitano et al. [78], as summarized in Table 2.
Table 2. Comparative Analysis of Proposed and Existing Research
Models for X-ray Image Classification

Authors Data Set Algorithm Accuracy(%)
Alexnet,

Khalifa, N. M., et al. [14] X-ray Images Googlenet, and 78.70
Restnet18

%;geiatano, Cosimo, et al. X-ray Images Fuzzy-CovNNet 81.00
Random Forest 82.29
AdaBoost 84.49

Our proposed research work X-ray Images CNN 85.70
XGBoost 87.35

Khalifa et al. applied deep transfer learning techniques using AlexNet, GoogleNet,
and ResNet18 for pneumonia detection in X-ray images, focusing on binary
classification between normal and abnormal cases. Their approach achieved
78.70% accuracy, primarily targeting pneumonia diagnosis.

Similarly, Ieracitano et al. developed the CovNNet model, integrating fuzzy logic
with deep learning to distinguish COVID-19 pneumonia from other interstitial
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pneumonia types, achieving 81% accuracy through image features and fuzzy edge
data from various datasets.

The proposed XGBoost classifier achieves the highest accuracy of 87.35%,
surpassing the algorithms used in prior studies, including AlexNet, GoogLeNet,
and ResNet18 (78.70%) as well as Fuzzy-CovNNet (81.00%). CNN, a deep
learning (DL) technique, also demonstrates superior performance with an
accuracy of 85.70%, further emphasizing the effectiveness of DL in image
classification tasks. Ensemble methods such as AdaBoost (84.49%) and Random
Forest (RF) (82.29%), while slightly less accurate than CNN and XGBoost,
consistently outperform the approaches employed in earlier studies.

All approaches utilize chest X-ray datasets for classification, providing a
comparable evaluation baseline. The integration of ensemble techniques and
deep learning (DL) models in the proposed methodology significantly enhances
the ability to extract meaningful patterns and adapt to complex datasets. In
comparison, Khalifa et al. [14] relied on transfer learning models (AlexNet,
GoogLeNet, and ResNet18), which, while effective, lack the benefits of custom
model tuning and advanced feature engineering employed in this study, resulting
in improved classification performance. Ieracitano et al. [78] implemented
Fuzzy-CovNNet, which combines fuzzy logic with convolutional layers; however,
it is surpassed by CNN and XGBoost in this study due to their superior capacity
for feature extraction and effective handling of complex data representations.

Random Forest (RF) provides competitive accuracy, and its ensemble
nature makes it suitable for initial experimentation and baseline comparisons.
AdaBoost enhances model performance by focusing on misclassified instances,
achieving a balance between computational efficiency and accuracy. CNN excels
in capturing spatial features from X-ray images, resulting in robust classification
performance. XGBoost delivers the highest accuracy due to its gradient-boosting
framework, efficient handling of missing data, and capability to optimize
performance through hyperparameter tuning.

The superior accuracy of the proposed models enhances reliability in
distinguishing between normal and abnormal (COVID-19 pneumonia) cases,
supporting clinicians in making timely and precise diagnoses. The
implementation of ML and DL techniques ensures scalability and adaptability,
facilitating their integration into automated diagnostic systems for real-time
applications.

Achieving an accuracy of 87.35%, the XGBoost classifier establishes a new
benchmark in COVID-19 pneumonia classification using chest X-rays. The
comparative analysis highlights the significance of integrating traditional
ensemble techniques with advanced deep learning (DL) models to improve
diagnostic precision. This study effectively bridges the gap between existing
methodologies and practical diagnostic applications, contributing to the
development of robust and automated solutions for pandemic response and
future healthcare challenges.

Conclusion

This study develops an integrated machine learning framework for the
classification of COVID-19 pneumonia using Random Forest, AdaBoost, XGBoost,
and CNNs. The research aims to optimize diagnostic accuracy by applying
ensemble learning and deep learning methods to chest X-ray images. Results
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indicate that XGBoost outperforms other models, achieving the highest accuracy
of 87.35%, followed closely by CNN, AdaBoost, and Random Forest. The findings
indicate that XGBoost outperforms other techniques, achieving the highest
accuracy and reliability. The study introduces a optimized approach that
integrates multiple machine learning algorithms, improving classification
performance compared to traditional diagnostic methods. The results,
particularly from XGBoost, demonstrate enhanced accuracy, precision, and recall
in detecting pneumonia, especially COVID-19, from chest X-ray images. The
integrated framework can significantly improve pneumonia diagnostic processes,
offering a more reliable and adaptable solution for clinical settings. The study's
results highlight the potential for Al-driven models to assist in early disease
detection, optimizing resource allocation, and improving healthcare outcomes,
especially during pandemics.

Future research should focus on enhancing recall, particularly for
XGBoost, to reduce missed diagnoses. Expanding the dataset to include a wider
variety of real-world chest X-ray images would also improve model
generalizability. Additionally, further optimization of the hybrid model could lead
to more precise real-time diagnostics and decision support in clinical
environments.
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