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ABSTRACT Early detection of pneumonia is crucial in improving patient outcomes, especially in clinical
environments with limited access to expert radiologists. This study presents a deep learning-based approach
for automated pneumonia detection in chest X-ray images, leveraging Convolutional Neural Networks (CNNs)
and a Hybrid CNN + Attention model. The CNN model was enhanced by incorporating an attention mechanism
in the hybrid architecture to improve focus on pneumonia-affected regions, thereby enhancing diagnostic
performance and interpretability. Both models were evaluated on publicly available X-ray datasets using key
performance metrics, including Accuracy, Precision, Recall, Specificity, and Area Under the Curve (AUC). The
results demonstrate that the Hybrid CNN + Attention model outperforms the standalone CNN across all metrics,
achieving a recall rate of 95.8% and an AUC of 0.96, indicating a higher sensitivity and reliability in detecting
pneumonia cases. Furthermore, Grad-CAM and attention map visualizations were utilized to interpret the
models' predictions, revealing that the attention mechanism effectively prioritized pneumonia-relevant areas in
the X-rays, thus increasing model transparency. These visual tools enhance clinical trust and support the
model’s deployment in diagnostic workflows by providing insights into the decision-making process. This study
underscores the potential of combining CNN architectures with attention mechanisms to improve the accuracy
and interpretability of pneumonia detection in chest X-ray images. Future work will focus on validating the
model on diverse datasets and exploring multi-modal data integration for even more robust clinical application.

Keywords: Pneumonia detection, Chest X-ray images, Deep learning, Convolutional Neural Network (CNN), Attention
mechanism, Grad-CAM interpretability
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INTRODUCTION

Pneumonia remains a major global health challenge, leading to millions of hospitalizations and deaths each year, particularly
in young children, the elderly, and immunocompromised individuals. Early detection and treatment of pneumonia are critical
for reducing mortality rates and improving patient outcomes. Chest X-ray imaging is a widely used diagnostic tool in
identifying pneumonia, as it provides a quick and non-invasive method to examine lung abnormalities indicative of infection.
However, interpreting chest X-rays requires considerable expertise, and even experienced radiologists can struggle with high
volumes of cases and subtle visual signs of early pneumonia. In regions where access to expert radiologists is limited, the
challenge of accurate and timely pneumonia detection is further amplified [1].

With recent advancements in artificial intelligence (Al) and deep learning, there is growing interest in using automated
models to aid in medical image analysis. Convolutional Neural Networks (CNNs) have demonstrated significant success in
various computer vision tasks, including disease detection from medical images. These models are particularly useful in
learning complex spatial patterns in images and have shown potential for high accuracy in diagnostic tasks [2]. However,
conventional CNNs often lack the interpretability and focused attention needed in medical contexts, where the ability to
highlight specific regions in an X-ray is crucial for clinical trust. This limitation can lead to challenges in model acceptance
in clinical practice, as healthcare professionals require transparency in the AI’s decision-making process to verify its
accuracy and reliability [3].

Proposed Solution

In this study, we propose a deep learning framework for early detection of pneumonia in chest X-ray images by comparing
two models: a conventional Convolutional Neural Network (CNN) and a Hybrid CNN + Attention model [4]. The hybrid
model incorporates an attention mechanism that enables it to focus selectively on regions of the X-ray that are most indicative
of pneumonia, thereby enhancing both the accuracy and interpretability of predictions. By adding an attention layer, we
allow the model to assign varying importance to different regions of the image, thereby improving its capacity to identify
subtle features associated with pneumonia [5]. Furthermore, we employ Grad-CAM (Gradient-weighted Class Activation
Mapping) to visualize the areas that contributed to the model’s predictions, providing an additional interpretability layer that
helps validate the model’s focus on clinically relevant regions.

Problem Statement

Pneumonia detection from chest X-ray images remains challenging due to the subtle visual indicators that are often difficult
to distinguish, especially in early-stage pneumonia. This difficulty is compounded in resource-limited settings, where a
shortage of radiologists makes rapid and accurate diagnosis challenging. Traditional machine learning and even basic CNN-
based approaches may fall short in interpretability, leaving healthcare providers with limited insight into how decisions are
made. Therefore, a more effective solution is needed—one that can provide high accuracy in detecting pneumonia and offer
visual interpretability for the model’s decision-making process to enhance clinical trust.

Objectives
The primary objectives of this research are as follows:

1. Develop and Evaluate a CNN-Based Model: To implement a baseline Convolutional Neural Network (CNN)
model for pneumonia detection from chest X-ray images and evaluate its diagnostic performance using standard
metrics such as Accuracy, Precision, Recall, Specificity, and AUC.

2. Enhance the Model with Attention Mechanism: To improve diagnostic performance and interpretability by
integrating an attention mechanism into the CNN model, resulting in a Hybrid CNN + Attention architecture that
focuses on pneumonia-affected regions within the X-ray images.

3. Provide Visual Interpretability Using Grad-CAM: To use Grad-CAM (Gradient-weighted Class Activation
Mapping) and attention map visualizations to interpret the model’s predictions, enhancing clinical trust and
verifying that the model’s focus aligns with medically relevant areas in the chest X-rays.
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4. Validate the Model’s Applicability for Clinical Use: To assess the Hybrid CNN + Attention model’s suitability
for clinical deployment by analyzing its accuracy, computational efficiency, and potential for real-time use in
diagnostic workflows.

Significance and Contributions
This research makes several significant contributions to the field of automated medical image analysis:

1. Novel Architecture for Enhanced Detection: The Hybrid CNN + Attention model represents an improvement
over traditional CNN architectures by integrating an attention mechanism, which allows for more precise
identification of pneumonia-affected regions within the chest X-rays [6]. This structure not only improves
classification performance but also enhances the model's capacity to focus on clinically relevant areas, making it
better suited for medical applications.

2. Improved Interpretability with Grad-CAM and Attention Visualizations: This study addresses the often-cited
“black-box” nature of deep learning models by providing Grad-CAM and attention map visualizations [7]. These
interpretability tools help healthcare professionals see and understand the basis for the model’s decisions, thereby
building confidence in Al-aided diagnostics.

3. Clinical Relevance and Feasibility: The proposed model achieves high accuracy, sensitivity, and specificity,
essential metrics in diagnostic tasks, thus demonstrating the potential for real-world application [8]. By focusing
on interpretability and model transparency, this research aligns with the requirements of clinical deployment, where
trust and reliability are essential for integration into diagnostic workflows.

4. Resource-Efficient Diagnostic Aid: This model has significant implications for resource-constrained settings,
where the shortage of trained radiologists can delay pneumonia diagnosis. Automated detection tools like the one
proposed in this study could help bridge this gap, enabling faster, more reliable diagnoses in areas with limited
medical resources [9].

5. Contribution to AI-Driven Healthcare Advancements: By combining accuracy, interpretability, and clinical
relevance, this study contributes to the broader goal of advancing Al in healthcare. This research demonstrates how
hybrid deep learning models can be optimized for both performance and transparency, encouraging the adoption of
Al-driven diagnostic tools in routine clinical practice.

LITERATURE REVIEW

his chapter reviewed recent studies on deep learning techniques for pneumonia detection in chest X-ray images. A common
focus across the studies is the application of Convolutional Neural Networks (CNNs) and hybrid models that enhance
diagnostic accuracy, interpretability, and robustness. Various approaches, including attention mechanisms, hybrid CNN-
transformer architectures, ensemble learning, and transfer learning, have been explored to address the challenges of detecting
subtle pneumonia patterns in X-rays. Attention-based models emerged as a promising approach, enabling models to focus
on pneumonia-relevant regions and improving interpretability, a crucial factor for clinical adoption. Hybrid models
combining CNNs with transformers, LSTMs, or attention layers also demonstrated enhanced accuracy and robustness by
leveraging both spatial and sequential information in X-ray images. Techniques such as Grad-CAM and SHAP were
frequently integrated to provide visual explanations, helping bridge the gap between model predictions and clinical
interpretability. These studies underscore the potential of deep learning for improving pneumonia detection in resource-
constrained settings and support the integration of Al-driven diagnostic tools into medical workflows. The insights gained
from this review guided the development of the proposed Hybrid CNN + Attention model in this study, aimed at enhancing
both accuracy and transparency in pneumonia detection.

1. Wang et al. (2021) [10] proposed a CNN-based model for detecting pneumonia in chest X-rays, focusing on
architectural optimization to improve diagnostic accuracy in clinical environments. They trained their model on the
RSNA Pneumonia Detection dataset, achieving an accuracy of 90.2% and a recall rate of 92.5%. Their findings
indicated that deep CNN architectures could capture subtle pneumonia features, though interpretability remained
limited.
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2. Zhou et al. (2021) [11] developed a hybrid framework combining CNNs and transformers to classify pneumonia,
leveraging spatial and sequential patterns in chest X-rays. They trained the model on the NIH ChestX-ray 14 dataset
and obtained an accuracy of 91.7% and an AUC of 0.93. The hybrid model outperformed standalone CNN,
particularly in complex cases, showing that transformers effectively enhance the model's capacity to capture long-
range dependencies in medical images.

3. Khan et al. (2022) [12] introduced an attention-based CNN model specifically for pneumonia detection, where
attention layers were used to focus on pneumonia-affected regions. They reported a sensitivity of 94.1% and
specificity of 89.3% on the CheXpert dataset. The attention mechanism improved both interpretability and
diagnostic accuracy by highlighting pneumonia-related areas in X-ray images, addressing one of the common
limitations in CNN models used in clinical practice.

4. Liuetal. (2022) [13] proposed a DenseNet-based model augmented with Grad-CAM for enhanced interpretability.
This model was trained on the RSNA dataset, achieving 93.6% accuracy and a specificity of 91.5%. By using Grad-
CAM, Liu et al. provided clinicians with visual explanations for model predictions, improving trust in the model’s
decision-making process, especially in ambiguous cases where pneumonia signs are subtle.

5. Pateletal. (2022) [14] proposed an ensemble approach combining CNNs with decision tree-based algorithms (such
as Random Forest) to detect pneumonia. Trained on a multi-institutional dataset, their ensemble model achieved an
accuracy of 92.4% and recall of 90.7%, outperforming single CNN models. This ensemble method demonstrated
robustness across datasets from different hospitals, making it a promising solution for cross-institutional
applications.

6. Singh et al. (2023) [15] developed an attention-based deep learning model tailored for pneumonia detection in
chest X-rays. The model incorporated attention layers to improve interpretability and accuracy, yielding a recall of
96.2% and AUC of 0.95 on the NIH dataset. The attention mechanism allowed the model to better localize
pneumonia-affected regions, providing clearer explanations for its predictions and making it more suitable for
deployment in clinical settings.

7. Chen et al. (2023) [16] introduced a multi-scale CNN architecture designed to detect pneumonia in chest X-rays,
employing multiple convolutional layers of varying scales to capture both fine and coarse details. Their model
achieved an accuracy of 93.9% and specificity 0of 92.8% on the RSNA dataset. Multi-scale feature extraction proved
effective in identifying subtle abnormalities, particularly in early-stage pneumonia cases.

8. Alam etal. (2023) [17] applied transfer learning using pre-trained CNN models (e.g., ResNet, VGG) for pneumonia
detection, achieving high accuracy on limited training data from the COVIDx dataset. Their model reported an
accuracy of 91.5% and AUC of 0.92. Transfer learning allowed for faster convergence and improved accuracy with
less data, making it suitable for resource-constrained settings with limited labeled data.

9. Jiang et al. (2023) [18] implemented a hybrid CNN-LSTM model to leverage both spatial and sequential
information for pneumonia detection in X-ray series. The model achieved a recall of 95.5% and AUC of 0.94 on
the CheXpert dataset. By combining CNNs for feature extraction and LSTMs for sequence learning, this approach
was able to capture temporal patterns in X-ray series, improving accuracy and offering potential for progressive
disease tracking.

10. Gupta et al. (2023) [19] developed a deep learning framework integrating Grad-CAM and SHAP to enhance
interpretability in pneumonia detection models. Trained on the RSNA dataset, the model achieved an accuracy of
94.7% and specificity of 93.2%. The combination of Grad-CAM and SHAP enabled detailed feature attribution and
visualization, offering clinicians a transparent view of the model’s decision-making process, which is essential for
clinical adoption.

PROPOSED METHODOLOGY

This section outlines the approach taken to develop a deep learning-based system for early detection of pneumonia in chest
X-ray images. The methodology involves data collection, preprocessing, model development using Convolutional Neural
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Networks (CNNs) and a Hybrid CNN + Attention model, and model evaluation. This methodology establishes a robust
framework for detecting pneumonia in chest X-ray images by leveraging CNNs and a Hybrid CNN + Attention model [20].
The combination of traditional CNNs with attention mechanisms and Grad-CAM for interpretability contributes to a more
reliable and interpretable deep learning model for clinical diagnostics.

1. Data Collection
e The study utilizes publicly available chest X-ray datasets specifically curated for pneumonia detection to build a
robust classification model. The following datasets were selected based on their relevance and size:

- RSNA Pneumonia Detection Challenge Dataset: Contains approximately 30,000 X-ray images, annotated with
pneumonia or normal labels, with bounding boxes around ~ pneumonia regions.
- NIH ChestX-rayl4: Includes over 112,000 X-ray images labelled for 14 diseases, including pneumonia.
- CheXpert: Comprises 224,316 labelled images for various conditions, with uncertainty labels and both frontal and
lateral views [21]. Table 1 provides an overview of the datasets used in this study, including details on sources,
total images, presence of pneumonia cases, types of annotations, and label formats.

Table 1: Summary of Datasets Used for Pneumonia Detection in Chest X-Ray Images

Dataset Source Total Images Pneumonia Annotations Label Type
Cases
RSNA RSNA, Kaggle | 30,000 Yes Bounding Binary
Pneumonia boxes (Normal/Pneumonia)
Detection
Challenge
NIH ChestX- | National 112,120 Yes Multi-disease Multi-label (14
rayl4 Institutes  of labels diseases)
Health
CheXpert Stanford ML | 224,316 Yes Uncertainty Multi-label (14
Group labels observations)

2. Data Preprocessing
Given the variability in X-ray image formats and resolutions across datasets, several preprocessing steps were applied to
ensure uniformity and enhance model performance:

1. Image Resizing: All images were resized to 224x224 pixels to match the input requirements of the CNN model
architectures.

2. Normalization: Pixel values were scaled to the [0, 1] range to standardize input data and accelerate model convergence.
3. Data Augmentation: Transformations such as random rotation, horizontal flipping, and scaling were applied to increase
dataset variability, reducing overfitting and improving generalization.

3. Model Architecture

3.1 Convolutional Neural Network (CNN)
A pre-trained ResNet50 model was chosen for its ability to capture complex spatial hierarchies in medical images while
providing efficiency in feature extraction [22].

- Convolutional Layers: These layers apply filters to capture spatial patterns across the image.
- Pooling Layer: Max pooling is used to reduce spatial dimensions, retaining the most important features.
- Fully Connected Layers: Following the convolutional layers, dense layers with ReLU activation learn feature
representations, with a final sigmoid layer for binary classification [23].

3.2 Hybrid Model (CNN + Attention Layer)
To improve interpretability and model focus on pneumonia-affected areas, an attention layer was integrated with the CNN
architecture. The attention layer enables the model to prioritize critical regions, thereby improving diagnostic accuracy [24].
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- Base Model: A DenseNetl2]1 model serves as the base CNN architecture, providing the initial feature maps.
- Attention Mechanism: The attention layer calculates an attention map that highlights relevant areas in the image.
- Final Layers: The feature maps and attention-weighted features are passed to fully connected layers for classification, with
a sigmoid activation at the output [25].

4. Model Training
Both models were trained using Binary Cross-Entropy Loss and optimized with the Adam optimizer to minimize
classification errors.

- Loss Function: Binary Cross-Entropy Loss is calculated to measure discrepancy between predicted and true labels.
- Optimizer: The Adam optimizer was used to efficiently update weights and achieve faster convergence.

5. Evaluation Metrics
To assess model performance, standard metrics were calculated:

- Accuracy: Measures the proportion of correctly classified cases.

- Sensitivity (Recall): Measures the proportion of true positive pneumonia cases detected.

- Specificity: Measures the proportion of true negative cases.

- AUC (Area Under Curve): Evaluates the model’s ability to distinguish between pneumonia and normal cases.

6. Model Interpretation
Model interpretability is critical for clinical applications. In this study, Grad-CAM (Gradient-weighted Class Activation
Mapping) is used alongside the attention layer to highlight the areas in the X-ray images that the model deemed most relevant.

RESULTS

The following section presents the outcomes of model training, evaluation, and interpretability for both the Convolutional
Neural Network (CNN) and Hybrid CNN + Attention models. Results are reported using key performance metrics and
visualizations to demonstrate the effectiveness of the models in pneumonia detection from chest X-ray images.

1. Model Performance Metrics

The performance of each model was evaluated on a hold-out test set using standard metrics including Accuracy, Precision,
Recall (Sensitivity), Specificity, and AUC (Area Under Curve).

Table 2: Performance Metrics for CNN and Hybrid CNN + Attention Models

Model Accuracy Precision Recall Specificity AUC
(%) (%) (Sensitivity) (%) (%)

CNN (ResNet50) | 92.3 91.0 93.5 89.8 0.94

Hybrid CNN + | 94.1 932 95.8 92.5 0.96

Attention

As shown in Table 2, the Hybrid CNN + Attention model outperforms the standard CNN model across all metrics, with a
particularly notable improvement in Recall and Specificity, indicating its effectiveness in correctly identifying pneumonia
cases without increasing false positives as shown in Figure 1.

2. ROC Curve Analysis

The Receiver Operating Characteristic (ROC) curve demonstrates the trade-off between True Positive Rate (Sensitivity) and
False Positive Rate (1 - Specificity) across different classification thresholds.
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1. Plot Description: The ROC curves for both models are plotted, with AUC values displayed as indicators of model
performance.

www.healthinformaticsjournal.com

2. Interpretation: The area under the ROC curve (AUC) for the Hybrid CNN + Attention model is 0.96, higher than
the CNN model’s 0.94, indicating improved ability to distinguish between pneumonia and normal cases.

3. Confusion Matrix

The confusion matrix provides a detailed breakdown of True Positives (TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN) for each model, allowing us to assess model accuracy in detecting pneumonia cases as shown in Figure
2.

Table 3: Confusion Matrix for CNN and Hybrid CNN + Attention Models

Model True Positives | False Positives | True Negatives | False Negatives
(TP) (FP) (TN) (FN)
CNN (ResNet50) 452 37 406 32
Hybrid CNN + | 464 28 415 20
Attention

The Hybrid CNN + Attention model shows fewer False Negatives and False Positives compared to the CNN model,
highlighting its reliability in correctly classifying pneumonia cases and reducing misclassifications.

Performance Metrics for CNN and Hybrid CNN + Attention Models

CNN
mmm Hybrid CNN + Attention

Precision Recall (Sensitivity) Specificity
Performance Metrics

100.0

97.5

95.0

92.5

90.0

Percentage

87.5

85.0

82.5

80.0

Accuracy

Figure 1: Performance Metrics for CNN and Hybrid CNN + Attention Models
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Figure 2: Confusion Matrix for CNN and Hybrid CNN + Attention Models
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4. Grad-CAM and Attention Visualization

To enhance interpretability, Grad-CAM (Gradient-weighted Class Activation Mapping) and Attention maps are generated
to visualize the regions in the chest X-ray images that each model focuses on during classification.

1. Visualization: Sample X-ray images with Grad-CAM overlays for the CNN model and combined Grad-CAM +
Attention maps for the Hybrid model.

2. Interpretation: In the Hybrid CNN + Attention model, the attention map highlights the pneumonia-affected regions
more precisely, while Grad-CAM provides additional interpretability, showing the model’s focus areas in correctly
identified cases.

5. Comparative Analysis of Model Training Time and Convergence

Training time and convergence rates are key considerations in model selection, particularly for medical applications where
computational efficiency can be important.

Table 4: Training Time and Convergence Analysis for CNN and Hybrid CNN + Attention Models

Model Total Training | Epochs to | Final Training | Final Validation
Time (hrs) Convergence Loss Loss
CNN (ResNet50) 52 40 0.26 0.31
Hybrid CNN + | 6.8 42 0.23 0.28
Attention

Interpretation: Although the Hybrid CNN + Attention model has a slightly longer training time, it achieves lower validation
loss, indicating better generalization to unseen data and a stable training process with attention mechanisms.

The experimental results demonstrate that the Hybrid CNN + Attention model provides superior performance compared to
the standalone CNN model across multiple metrics, including Accuracy, Recall, Specificity, and AUC. The inclusion of an
attention layer enhances the model’s focus on pneumonia-affected regions, contributing to both improved accuracy and
interpretability. Grad-CAM and attention visualizations support the model’s clinical applicability by highlighting regions
relevant to pneumonia, facilitating more transparent decision-making.

DISCUSSION

This study aimed to develop a deep learning-based system for detecting pneumonia in chest X-ray images, focusing on two
models: a Convolutional Neural Network (CNN) and a Hybrid CNN + Attention model. The following discussion covers
key insights drawn from the model performance, interpretability, and applicability in clinical settings.

Model Performance Analysis

The performance metrics demonstrate that both models achieved high accuracy in distinguishing between pneumonia and
non-pneumonia cases. The Hybrid CNN + Attention model, however, consistently outperformed the standalone CNN in
Accuracy, Precision, Recall, Specificity, and Area Under the Curve (AUC) metrics. Specifically, the Hybrid model achieved
a recall rate of 95.8%, indicating a reduced likelihood of missing pneumonia cases, which is critical in a clinical setting
where early and accurate detection directly influences patient outcomes. The attention mechanism in the Hybrid model likely
contributed to its improved specificity, as it allowed the model to focus more precisely on pneumonia-affected areas within
the chest X-ray, reducing false positives and enhancing diagnostic reliability.

Interpretability and Clinical Relevance

Interpretability is paramount in medical imaging applications, where clinicians need to understand the basis for the model's
predictions. By leveraging Grad-CAM and attention map visualizations, this study provided a transparent view into the
decision-making process of each model. Grad-CAM visualizations highlighted regions in the chest X-rays where the CNN
model focused when predicting pneumonia, while the attention map in the Hybrid model emphasized pneumonia-affected
areas more explicitly. This dual visualization approach adds a layer of trust and confidence, as it enables clinicians to verify
that the model's focus aligns with clinically significant regions, such as inflamed lung areas indicative of pneumonia.
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The inclusion of an attention mechanism not only improved the model's diagnostic performance but also enhanced
interpretability. Attention maps highlighted relevant areas in the X-rays, aligning well with Grad-CAM overlays and
reinforcing the model’s credibility. Such visual tools are vital in a clinical environment, as they allow practitioners to validate
the model’s predictions against their own expertise, making Al-driven diagnostic tools more acceptable and reliable.

Computational Efficiency and Feasibility

The results indicate that the Hybrid CNN + Attention model required slightly longer training times than the standalone CNN,
due to the added complexity of the attention layer. However, this increase in training time is justified by the significant
improvements in model performance and interpretability. The relatively short inference time of both models suggests that
they could be feasibly implemented in real-time diagnostic settings, provided adequate computational resources. Moreover,
transfer learning with pre-trained models allowed both models to converge faster than training from scratch, making this
approach suitable for environments with limited labeled medical data.

Limitations and Future Directions

Despite the promising results, this study has certain limitations. First, the models were trained and validated on publicly
available datasets that may not fully represent the diversity found in real-world clinical images, such as variations in patient
demographics, imaging protocols, or scanner settings. Future work should focus on validating these models on larger and
more diverse datasets, potentially incorporating data from multiple healthcare institutions to improve generalizability.

Moreover, while attention mechanisms and Grad-CAM enhance interpretability, they may still lack the granularity needed
for fine-grained medical image analysis. Future studies could explore more advanced interpretability methods, such as SHAP
or LIME, which offer more granular feature attribution. Finally, incorporating multi-modal data (e.g., patient history, lab
results) alongside X-ray images could further enhance the model's diagnostic accuracy and robustness.

Conclusion

This study successfully developed and evaluated a deep learning framework for the early detection of pneumonia in chest
X-ray images, comparing the performance of a CNN model and a Hybrid CNN + Attention model. The results indicate that
the Hybrid model, equipped with an attention mechanism, provides superior performance across multiple evaluation metrics,
especially in terms of sensitivity and specificity. The interpretability provided by Grad-CAM and attention visualizations
enhances the clinical applicability of the models, offering healthcare professionals a transparent view into the model's
decision-making process.

The improved diagnostic accuracy, combined with the interpretability provided by the attention mechanism, suggests that
the Hybrid CNN + Attention model is particularly suited for integration into clinical workflows. By accurately identifying
pneumonia-affected regions in X-rays, the model holds the potential to assist radiologists in early pneumonia detection,
ultimately contributing to better patient outcomes. However, further validation on diverse clinical datasets is necessary to
confirm the model's robustness and generalizability.

In conclusion, this research highlights the value of combining CNN architectures with attention mechanisms for improved
diagnostic accuracy and transparency in pneumonia detection from chest X-rays. Future studies should aim to build upon
this framework by incorporating multi-modal data, exploring more advanced interpretability techniques, and validating the
model in diverse real-world settings to enhance its applicability and reliability in clinical practice.
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