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Abstract. This research presents DNN_AO, a specialized deep learning ar-
chitecture that leverages the Aquila Optimizer to automate the identifica-
tion of various pulmonary conditions via chest X-rays. Deviating from tra-
ditional single-diagnosis approaches, DNN_AO employs a multi-faceted
design to overcome data limitations. Specifically, the framework utilizes
Generative Adversarial Networks (GANs) to synthesize data for un-
derrepresented classes, ensuring a balanced dataset. It further optimizes
performance by using the bio-inspired Aquila algorithm for hyperparam-
eter tuning, paired with a hybrid feature extraction method that integrates
a ResNet50 backbone with custom dense layers. Testing on the ChestX-
ray14 dataset—comprising 5,606 images across 14 distinct pathologies—
yielded an accuracy of 89%. This result consistently outperforms standard
classifiers, including CNNs, Random Forests, and KNN. Notably, the model
demonstrates high sensitivity for rare conditions such as hernias, marking
a significant advancement toward holistic, multi-disease clinical screen-
ing.
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1.Introduction
Pulmonary disorders remain a premier global health crisis, contributing to millions of an-
nual fatalities and hospitalizations. The emergence of COVID-19, alongside persistent
threats like tuberculosis, pneumonia, and lung cancer, underscores the vital necessity for
rapid and dependable diagnostic frameworks. While early intervention is known to dras-
tically reduce mortality, conventional diagnostics—relying on manual radiologist inter-
pretation and clinical exams—are frequently bottlenecked by human error and extended
processing times. This is especially critical in underserved regions where a deficit of spe-
cialized radiologists hinders timely care. Consequently, there is a significant shift toward
embedding Artificial Intelligence (AI) within clinical workflows to augment diagnostic
precision.Chest X-rays (CXR) serve as the primary, cost-effective modality for identifying
thoracic abnormalities. However, CXR interpretation is notoriously complex; overlapping
pathological signatures, poor tissue contrast, and hardware-induced image variability of-
ten lead to diagnostic inconsistencies. This challenge is compounded in cases of comor-
bidity, where multiple lung conditions coexist. While Deep Learning (DL) and Convolu-
tional Neural Networks (CNNs) have revolutionized feature extraction in medical imag-
ing, most existing literature focuses on single-disease classification. Such binary models
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lack the versatility required for real-world clinical environments where overlapping dis-
orders are common. To address these gaps, this research proposes DNN_AQO, an innova-
tive Deep Neural Network architecture integrated with the Arithmetic Optimization Algo-
rithm (AOA). Designed for multi-label pulmonary detection, DNN_AO merges the high-di-
mensional representational power of deep networks with the global search efficiency of
metaheuristic optimization. By dynamically tuning hyperparameters—including learning
rates and weight distributions—the AOA ensures accelerated convergence and superior
generalization. This hybrid approach allows the model to discern both subtle and promi-
nent pathological features while mitigating the risks of overfitting and high computational
demand.

Unlike traditional models, DNN_AQ’s multi-label capability allows for the simultaneous
identification of various abnormalities within a single radiograph, mirroring actual clini-
cal presentations. To bolster performance against data scarcity and noise, the framework
integrates advanced preprocessing—such as contrast normalization and noise suppres-
sion—alongside rigorous data augmentation (scaling, rotation, and intensity shifts).
These combined strategies ensure that the model remains resilient across diverse patient
populations and varying imaging equipment, providing a stable tool for modern diagnos-
tic support.

The primary drive behind this study is the critical and urgent need for fast, precise, and
accessible diagnostic tools for two major diseases: COVID-19 and pneumonia. These ill-
nesses are tough for doctors to manage because their symptoms are so similar, creating
significant diagnostic challenges. Although traditional testing methods, like RT-PCR, are
effective, they are often expensive, slow, and simply unavailable in many areas with lim-
ited healthcare resources.

Furthermore, pneumonia, whether caused by COVID-19 or other agents, continues to
be a major global health burden contributing to high illness and death rates. Relying on
humans to read chest X-rays is inherently subjective, and the overlapping appearance of
different respiratory infections on the images makes accurate diagnosis difficult. There-
fore, there is a clear demand for automated tools that can help radiologists precisely tell
these conditions apart

2. Related Work

The rapid progress of deep learning (DL) has significantly transformed medical image
analysis, particularly in the detection of pulmonary diseases such as COVID-19 and pneu-
monia. During the early phase of the COVID-19 pandemic, artificial intelligence-based di-
agnostic systems emerged as an essential aid for radiologists in handling the growing vol-
ume of imaging data. Initial studies by Ozturk et al. [1] demonstrated the capability of
Convolutional Neural Networks (CNNs) to recognize subtle radiographic patterns in chest
X-ray images that are often challenging to detect through manual examination. Building
on this work, Apostolopoulos and Mpesiana [7] showed that transfer learning approaches
employing pre-trained models such as VGG19 and MobileNet could deliver reliable clas-
sification performance even when only limited annotated medical data were available.
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Later research efforts emphasized the development of task-specific architectures and
improved clinical interpretability. Models including CoroNet [6] and COVIDX-Net [9]
focused on enhancing classification accuracy for COVID-19 cases, while Alshazly et al. [2]
combined chest X-ray and CT imaging with explainable Al techniques to highlight
infection-affected lung regions. To further reduce false-positive predictions and improve
robustness, hybrid and ensemble-based frameworks—such as COVID-CheXNet [10] and
VDSNet [4]—integrated multiple deep learning strategies and optimization mechanisms,
resulting in more stable and reliable diagnostic outcomes.

2.1 Problem Formulation

Despite notable advancements in medical image analysis, the simultaneous and accurate
classification of a wide range of pulmonary diseases from chest X-ray (CXR) images re-
mains a significant challenge. Conventional machine learning approaches, including Ran-
dom Forest (RF), K-Nearest Neighbors (KNN), and Support Vector Machines (SVM), often
demonstrate limited generalization performance when applied to complex medical imag-
ing tasks. These traditional classifiers face particular difficulty in handling high-dimen-
sional features associated with multi-class classification problems, as well as the pro-
nounced class imbalance commonly present in clinical datasets. Moreover, many existing
Convolutional Neural Network (CNN) architectures lack the robustness and consistency
required for reliable deployment in real-world clinical environments, where variations in
imaging quality, acquisition devices, and disease manifestations are substantial.

To overcome these challenges, this study proposes a novel Deep Neural Network model,
referred to as DNN_AO, designed specifically for the classification of fourteen distinct pul-
monary conditions using standard CXR images. The primary objective of this work is to
develop a scalable, interpretable, and high-performance diagnostic framework that con-
sistently outperforms conventional methods in terms of accuracy, stability, and clinical
applicability, particularly in resource-constrained healthcare settings.

3. Proposed Methodology

3.1 Dataset and Preprocessing

This research utilizes the ChestX-ray14 dataset, a fundamental benchmark in medical im-
aging research originally introduced by Wang et al. The dataset comprises 5,606 frontal-
view chest X-ray images, each annotated with one or more of 14 different thoracic pathol-
ogies, including conditions such as Atelectasis, Cardiomegaly, and Nodule. Each image is
also associated with basic patient demographic data, such as age and gender. To ensure
the reliability and generalizability of our results and strictly prevent data leakage, a rig-
orous patient-based split was implemented. This critical step guarantees that images be-
longing to the same individual do not appear in both the training and the final testing sets.
The complete dataset was divided into 86,524 images for model training and 25,596 im-
ages for performance testing. We noted that the original data partitioning exhibited an
inherent bias: patients in the original test set contributed approximately three times as
many images as those in the training set. To mitigate this unequal distribution and ensure
a balanced partition, we engineered a custom data split using a fixed seed value of 2137.A
major obstacle encountered during dataset preparation was the severe class imbalance.
While certain common conditions, such as Infiltration, were abundantly represented, rare
diseases like Hernia constituted less than 0.2% of the total dataset. This skewed distribu-
tion necessitated the implementation of sophisticated augmentation strategies to ensure
the model could effectively learn the features of these underrepresented conditions.
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3.2 Data Augmentation

To address the severe class imbalance, particularly for rare conditions like Hernia and
Fibrosis, advanced data augmentation was employed. Initial basic techniques included
rotation, flipping, scaling, and contrast adjustment to introduce variability. However,
these were insufficient to bridge the large data gap between majority and minority clas-
ses. To enhance model generalization and diversify samples from underrepresented clas-
ses, Generative Adversarial Networks (GANs) were integrated into the pipeline. GANs are
powerful generative models that produce realistic, high-quality synthetic images. The
framework consists of two adversarial components: a Generator that creates fake images
mimicking real CXR patterns, and a Discriminator that distinguishes between real and
generated images. Through this minimax game, the Generator progressively improves its
output. In this study, GAN-based augmentation was targeted at the first eleven disease
types, each with fewer than 500 original samples. By synthesizing images for these clas-
ses, the dataset was balanced, reducing training bias and improving the model's predic-
tive capability for rare lung conditions.

3.3 Feature Engineering and Modelling

The proposed DNN_AO model represents an advanced hybrid framework that integrates
transfer learning, a customized Deep Neural Network (DNN), and metaheuristic optimi-
zation to achieve robust image classification. The process initiates with feature extraction
utilizing the ResNet50 architecture, pre-trained on the ImageNet dataset. The penulti-
mate layer of ResNet50 generates a 2048-dimensional feature vector for each input im-
age, effectively capturing complex spatial and contextual relationships within the data.
These extracted feature vectors are subsequently fed into a custom DNN classifier, the
architecture of which is not predetermined but is instead optimized using the Aquila Op-
timizer (AO)—a bio-inspired metaheuristic algorithm that simulates the predatory be-
havior of Aquila eagles. The AO algorithm autonomously fine-tunes key hyperparameters
of the DNN, including:

¢ The number of hidden layers

¢ The number of neurons per layer

¢ The type of activation function (e.g., ReLU, Sigmoid)

¢ The dropout rate for effective regularization

Through this adaptive optimization process, the DNN_AO framework constructs an effi-
cient, task-specific, and high-performing network architecture, thereby mitigating the
limitations associated with manual hyperparameter tuning and enhancing overall classi-
fication accuracy.

3.4 System Block Diagram

The proposed DNN_AO framework presents several key contributions that enhance its
technical and scientific rigor. First, it integrates Generative Adversarial Networks (GANs)
for minority class augmentation with an Aquila Optimization (AO)-tuned Deep Neural
Network. This hybrid combination ensures balanced data representation, improved fea-
ture learning, and reduced overfitting compared to conventional CNN-based systems. Sec-
ond, the proposed model introduces an adaptive hyperparameter optimization strategy
inspired by Aquila birds' hunting behavior, enabling efficient convergence and high model
accuracy. Third, the inclusion of ResNet50-based feature extraction leverages transfer
learning to capture complex spatial patterns from chest X-rays, while the AO algorithm
fine-tunes parameters to maximize classification performance. Fourth, the methodology
addresses dataset imbalance by synthesizing rare disease samples using GANs, making it
highly scalable for real-world clinical deployment. Lastly, the integration of data augmen-
tation, transfer learning, and metaheuristic optimization establishes a generalized
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framework capable of handling multi-class disease classification tasks across 14 pulmo-
nary conditions.

Multi-classificatio
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Fig. 1. illustrates the step-by-step operational workflow of the proposed diagnostic

framework.

The block diagram (Fig. 1) illustrates the step-by-step workflow of the proposed frame-

work:
1.

Input Image: The process starts with chest X-ray

images taken from the ChestX-ray14 dataset. These images act as the main input
to the system and showcase many different thoracic diseases.

Data Augmentation: To handle imbalance in the dataset and make the system
better at generalizing various augmentation methods are used. Basic changes like
rotating, flipping, and adjusting contrast are applied. A Generative Adversarial
Network also creates lifelike chest X-rays to boost the number of less-represented
conditions like hernia and fibrosis.

Feature Extraction (ResNet50): After augmenting the images, a pre-trained Res-
Net50 model extracts features. This neural network trained on ImageNet, identi-
fies detailed patterns within the images. The penultimate layer of the network
generates 2048-dimensional feature vectors, which serve as input to perform
classification. The DNN_AO model uses extracted feature vectors as input for a
Deep Neural Network. The Aquila Optimization algorithm fine-tunes this net-
work. Inspired by the way Aquila birds hunt, this metaheuristic adjusts hyperpa-
rameters like layers, neurons, activation functions, and dropout rates. After opti-
mization, the DNN_AO model trains on these features and classifies them into 14
categories of pulmonary diseases.

Disease Classification: The system's final layer identifies the predicted disease
class for every input image. It provides probability scores across all possible dis-
ease categories and picks the one with the most confidence. This step allows reli-
able and automated detection of several lung diseases

3.4.1 Algorithmic Description of the Proposed DNN_AO Framework

The DNN_AO algorithm combines feature extraction, metaheuristic optimization, and
deep classification into a single integrated pipeline. The method automates the selection
of optimal deep neural network hyperparameters using the Aquila Optimizer (AO) and
incorporates GAN-based augmentation to improve class balance and model generaliza-

tion.

Algorithm 1: DNN_AO - Hybrid Optimization Framework
Input:
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e Chest X-ray image dataset D = {X;, y;}
e Pre-trained ResNet50 model
e GAN for minority class augmentation
e AO parameters: population size N, maximum iterations T
Output:
e Optimized DNN model parameters
e (lassified disease labels for input images
Step 1: Data Preprocessing and Augmentation
1. Load dataset Dfrom ChestX-ray14.
2. Perform basic augmentations: rotation, flipping, scaling, and contrast adjustment.
3. Train the Generative Adversarial Network (GAN) to synthesize new samples for
minority disease classes.
4. Merge original and synthetic images to obtain a balanced dataset D’.

Step 2: Feature Extraction using ResNet50

5. Load pre-trained ResNet50 (ImageNet weights).

6. Remove the final fully connected layer.

7. Extract 2048-dimensional feature vectors from the penultimate layer for all im-
agesinD’.

8. Store the extracted features F = {f;,f;,...,f,}.

Step 3: Initialization of the Aquila Optimizer (A0)
9. Initialize AO population with random DNN architectures, where each solution
Sirepresents:

Si = [Lj, Ny, Ay, Di]
where L;= number of hidden layers, N;= neurons per layer, A;= activation function,
D;= dropout rate.
10. Evaluate the fitness function (classification accuracy) for each solution by training
a DNN using the feature set F.

Step4:OptimizationPhase
11. For each iteration t = 1to T:
e Apply AO’s exploration and exploitation strategies inspired by eagle hunting
behavior:
o Exploration: global search to identify promising DNN structures.
o Exploitation: local refinement of the best-performing solutions.
e Update positions of candidate solutions based on AO’s mathematical update
equations.
e Recalculate the fitness for all updated solutions.
12.Record the best solution Spes¢with the highest classification accuracy.

Step5: Training the Optimized DNN

13. Construct a DNN using parameters from Sy ;-

14. Train the network using the extracted feature set F.

15. Validate the model and record performance metrics: accuracy, precision, recall,
and F1-score.

Step6: Prediction and Classification
16. For each new chest X-ray image:
e Extract features using ResNet50.
e (lassify the image using the optimized DNN.
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e Output the predicted disease label with corresponding probability scores.

4. Result and Discussion

4.1 Model Performance Evaluation
The diagnostic performance of the proposed DNN_AO framework was comprehensively
assessed using standard classification metrics, namely Accuracy, Precision, Recall (Sensi-
tivity), F1-score, and Specificity. These quantitative measures collectively provide insight
into the model’s predictive capability, robustness, and generalization performance, par-
ticularly when dealing with imbalanced medical datasets such as chest X-rays.
Let TP, TN, FP, and FNdenote True Positives, True Negatives, False Positives, and False
Negatives, respectively. The metrics are mathematically defined as follows:

e Accuracy

TP+ TN

TP + TN + FP + FN
Accuracy represents the overall correctness of the model by quantifying the proportion
of correctly classified instances among all evaluated samples. Although widely used, ac-
curacy alone may not adequately reflect performance in the presence of class imbalance.

Accuracy =

e Precision
TP

TP + FP

Precision measures the reliability of the model’s positive predictions. It expresses how
many of the samples predicted as positive are truly positive. A higher precision indicates
fewer false alarms, which is particularly valuable in clinical diagnosis to prevent unnec-
essary interventions.

Precision =

e Recall (Sensitivity)
TP

Recall = TP T FN
Recall, or Sensitivity, evaluates the model’s ability to correctly identify all actual positive
cases. It measures the fraction of diseased cases accurately detected, which is critical in
medical applications were missing a positive case (false negative) could have serious con-
sequences.

e F1-Score

Precision X Recall
F1-Score = 2 x

Precision + Recall
The F1-score is the harmonic mean of Precision and Recall, providing a balanced metric

that considers both false positives and false negatives. It is especially useful for imbal-
anced datasets, as it emphasizes the trade-off between the two measures rather than
overall correctness alone.

e Specificity
Specificity = — N
pecificity = o0
Specificity quantifies the proportion of actual negatives that are correctly identified as
non-diseased. High specificity indicates that the model effectively minimizes false-posi-
tive predictions, ensuring that healthy cases are not misclassified as diseased.
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4.2 Comparative Analysis

To comprehensively evaluate the effectiveness of the proposed DNN_AO model, a com-
parative analysis was performed against three well-established benchmark models: a
standard Convolutional Neural Network (CNN), Random Forest (RF), and K-Nearest
Neighbors (KNN). This comparison was conducted using identical experimental settings
and datasets to ensure a fair and unbiased evaluation. A concise description of the bench-
mark models is provided below to contextualize the comparative study:

e Convolutional Neural Network (CNN): A conventional deep learning architec-
ture designed and trained from scratch on the Chest X-ray (CXR) dataset to extract
spatial features and perform image classification.

e Random Forest (RF): An ensemble-based machine learning algorithm that con-
structs multiple decision trees and aggregates their outputs to enhance generali-
zation and minimize overfitting.

e K-Nearest Neighbors (KNN): A non-parametric, instance-based learning algo-
rithm that classifies input samples based on the majority label among their k near-
est neighbors in the feature space.

Accu- Preci- Re- F1-
Model .
racy sion call Score
DNN_AO 0.89 0.89 0.89 1.00
CNN 0.87 0.89 0.87 1.00
Random For- 0.86 0.78 0.80 1.00
est (RF)
K-Nearest 0.88 0.85 0.88 1.00
Neighbors
(KNN)

Table 1. The comparative performance results of all models, in terms of Accuracy,
Precision, Recall, and F1-score, are summarized.

As presented in Table 1, the proposed DNN_AO model demonstrated superior overall per-
formance, achieving the highest accuracy (0.89) while maintaining a balanced Precision
and Recall (both 0.89). This balance indicates that the model is not only effective in de-
tecting true positive cases but also consistent in minimizing false predictions.

The CNN model, while exhibiting reasonable performance, achieved slightly lower ac-
curacy, reflecting its limited ability to generalize across all disease categories compared
to the proposed architecture. The Random Forest (RF) classifier produced moderate ac-
curacy but showed lower Precision and Recall, implying a higher tendency for false clas-
sifications and reduced sensitivity in detecting positive cases. The KNN algorithm per-
formed competitively but still lagged behind the DNN_AO model in terms of both robust-
ness and predictive consistency.

These findings highlight the advantage of the DNN_AO framework in effectively captur-
ing complex, high-level feature representations from chest radiographs. The integration
of deep feature extraction with optimization-based fine-tuning contributed to its en-
hanced discriminative capability. Consequently, DNN_AO achieved the most balanced and
reliable classification performance, demonstrating its potential suitability for clinical-
grade automated disease detection and decision-support systems.

4.3 Learning Behavior

The training behavior and generalization ability of the proposed DNN_AO model were fur-
ther analysed using the learning curves for accuracy and loss across multiple training
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epochs. These curves provide valuable insights into the model’s convergence pattern, sta-
bility, and overall learning efficiency during optimization.Figure 2 illustrates the training
and validation accuracy progression over epochs. The training accuracy (depicted in blue)
consistently improves and reaches approximately 94%, reflecting the model’s strong ca-
pability to fit the training data effectively. The validation accuracy (shown in orange) sta-
bilizes at around 89.5%, suggesting that while there is a slight indication of overfitting,
the model maintains good generalization performance on unseen data. This minor gap
between the training and validation accuracies signifies a well-regularized model capable
of learning discriminative representations without excessive fitting to the training sam-
ples. Similarly, Figure 3 presents the learning curves for training and validation loss. The
training loss (blue curve) exhibits a steady downward trend throughout the epochs,
demonstrating that the optimization process successfully minimizes classification errors.
The validation loss (orange curve) decreases initially and then stabilizes, indicating that
the model achieves convergence without experiencing significant fluctuations or diver-
gence. Overall, the smooth convergence patterns of both accuracy and loss curves confirm
the effective learning behavior of the DNN_AO model. The integration of ResNet50-based
feature extraction, GAN-based augmentation, and Aquila Optimization-driven hyperpa-
rameter tuning contributes to this stable training process, ensuring high predictive per-
formance and robust generalization across the multi-class pulmonary disease dataset.

ACuracy

Fig. 2 Training and validation accuracy curves of the proposed DNN_AO model

fraining and Validation Loss

—

{
————)

Epochs

Fig. 3 Training and validation loss curves of the proposed DNN_AO model
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4.4 Confusion Matrix Analysis

To further validate the diagnostic performance of the proposed DNN_AO framework, a
confusion matrix and Receiver Operating Characteristic-Area Under the Curve (ROC-
AUC) analysis were employed. The confusion matrix provides a detailed breakdown of
model predictions by comparing the number of true positives, true negatives, false posi-
tives, and false negatives for each disease class. This enables a granular understanding of
class-wise prediction strengths and potential misclassification patterns across the 14 pul-
monary conditions. By visualizing the confusion matrix, it becomes possible to identify
which diseases are frequently misclassified and to assess how well the model differenti-

ates between similar pathological features
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Fig. 7. Confusion Matrix of the K-Nearest Neighbors (KNN) classifier

4.5 Model Performance Comparison

The bar chart presents a comparative evaluation of four models—DNN_AO, CNN, Random
Forest, and K-Nearest Neighbors (KNN)—using key performance metrics, including Ac-
curacy, Precision, Recall, F1-score, and Specificity. The results indicate that the proposed
DNN_AO model consistently attains the highest values across all evaluation criteria,
demonstrating its superior predictive performance and well-balanced learning capability.
Overall, the DNN_AO framework distinguishes itself through its high accuracy and strong
adaptability across varying conditions. Its excellent Recall and Specificity scores make it
particularly effective for clinical applications, where accurately identifying pulmonary
diseases is of critical importance. While the CNN and KNN models show competitive re-
sults, they achieve slightly lower Precision and Recall values, indicating a reduced ability
to correctly detect positive cases. The Random Forest classifier, although effective for
structured and tabular data, performs comparatively poorly in this high-dimensional im-
age-based classification task, highlighting its limited capacity to model the complex spa-
tial patterns inherent in chest radiographs.

In summary, the DNN_AO model clearly outperforms the benchmark approaches by
maintaining high accuracy alongside robust generalization performance. Its strong Recall
and Precision values underscore its reliability in identifying true disease cases while min-
imizing false predictions, making it a highly suitable candidate for real-world clinical
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deployment where accurate and consistent pulmonary disease detection is essential for
timely diagnosis and informed decision-making.
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Fig. 8. Model Performance Comparison Chart

5.Conclusion

This work presents a robust and intelligent deep learning framework, termed DNN_AO,
for the automated detection and classification of multiple pulmonary diseases using chest
X-ray (CXR) images. The proposed approach combines three complementary compo-
nents—GAN-based data augmentation, ResNet50-driven deep feature extraction, and a
Deep Neural Network (DNN) optimized through the Aquila Optimizer (AO)—to establish
an integrated and high-performance diagnostic pipeline. By employing GAN-generated
synthetic samples, the framework effectively addresses class imbalance, a common chal-
lenge in medical imaging datasets where certain pathological conditions are sparsely rep-
resented. The ResNet50 backbone facilitates the extraction of informative and high-level
spatial features, enabling the model to capture complex radiographic characteristics as-
sociated with diverse thoracic abnormalities. These extracted features are further opti-
mized using the Aquila Optimizer, which dynamically adjusts essential DNN hyperparam-
eters, including network depth, neuron configuration, activation functions, and dropout
rates. This adaptive optimization strategy promotes stable convergence, enhances learn-
ing efficiency, and improves classification performance without the need for extensive
manual tuning. Comprehensive experimental analysis reveals that the DNN_AO frame-
work consistently surpasses conventional methods such as standard Convolutional Neu-
ral Networks (CNN), Random Forest (RF), and K-Nearest Neighbors (KNN) across key
evaluation metrics, including Accuracy, Precision, and Recall. The results highlight the
model’s strong generalization capability and robustness in managing heterogeneous dis-
ease patterns, even in scenarios involving limited or imbalanced training data. In addition,
the well-balanced Precision-Recall characteristics demonstrate reliable diagnostic be-
havior, effectively reducing both false-negative and false-positive predictions—an essen-
tial requirement for clinical decision support systems. Beyond its predictive performance,
the DNN_AO framework exhibits scalability and flexibility, making it suitable for deploy-
ment in resource-constrained healthcare environments where access to expert radiolo-
gists and advanced computational resources may be limited. Its modular design further
enables straightforward integration with additional diagnostic modalities, laying the
groundwork for future multi-modal and intelligent healthcare solutions.

Future research will focus on extending the dataset to include a wider range of patient
populations and additional pulmonary diseases, as well as incorporating multi-modal in-
puts such as computed tomography (CT) images and patient clinical records. Further-
more, the integration of Explainable Artificial Intelligence (XAI) techniques will be
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emphasized to improve model interpretability and clinical transparency, thereby enhanc-
ing trust and adoption among medical practitioners.
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