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Abstract—Pneumonia is a major worldwide health concern, 
particularly in areas of limited access to healthcare, causing 
considerable morbidity and mortality. Standard diagnosis is based 
on human interpretation of chest radiographs, a time- and labor-
consuming task with variability and potential for errors. Deep 
learning, especially Convolutional Neural Networks (CNNs), has 
shown promise in computer-aided medical image analysis. 

This paper proposes a transfer learning-based CNN model 
for pneumonia detection, employing pre-trained architectures to 
achieve accuracy and handle data sparsity. The model is trained 
with publicly available chest X-ray images and fine-tuned to 
enhance sensitivity and specificity. For real-time use, it is 
implemented via a Flask-based web interface to enhance 
accessibility, particularly in resource-limited environments. 

Experimental results show better performance than conventional 
approaches, with higher precision, accuracy, and recall. The study 
identifies the potential of deep learning to improve diagnostic 
efficiency and patient outcomes. 

Index Terms—Pneumonia Detection, Deep Learning, CNN, 
Transfer Learning, Medical Imaging, AI in Healthcare, Flask 
Deployment. 

 

I. INTRODUCTION 

Pneumonia is a leading cause of death, particularly among 

children, the elderly, and immunocompromised individuals [1], 

[2]. Early diagnosis is critical but often hindered by the manual 

reading of chest X-rays (CXR), which is time-consuming, 

subjective, and prone to errors [4], [15]. The global shortage 

of radiologists further exacerbates delays in timely diagnosis, 

especially in low-resource environments [16], [17]. 

Recent advances in artificial intelligence (AI) and deep 

learning have revolutionized medical imaging, offering so- 

sophisticated and accurate diagnostic solutions [5], [6]. CNN- 

based models have demonstrated expert-level performance in 

medical image analysis; however, training deep networks from 

scratch requires substantial labeled data, which is often limited 

due to privacy concerns. Transfer learning addresses this 

limitation by fine-tuning pre-trained models, enabling efficient 

and effective pneumonia detection [7], [9]. 

This work proposes a CNN-based pneumonia detection 

model utilizing transfer learning, trained on publicly available 

CXR datasets and deployed through a Flask-based web 

application for real-time diagnosis [10], [11]. The key 

contributions of this study are: 

(1) developing an optimized CNN model,(2) comparing 

its performance with conventional diagnostic practices [12], 

[13], (3) implementing a Flask-based interface for real-time 

accessibility [10], and (4) investigating the impact of data 

preprocessing and hyperparameter tuning on model 

performance [9]. 

By integrating AI-based approaches to pneumonia 

detection,.This research will enhance diagnostic precision, 

improve access, and facilitate clinical decision-making by 

detection with efficient and computerized screening. 

II. LITERATURE REVIEW 

A. Traditional and AI-Based Approaches to Pneumonia 

Detection 

The conventional approach to diagnosing pneumonia is 

based depends largely on the interpretation of CXRs by the 

radiologist. The technique is subjective and prone to human 

error, particularly in low-resource environments where access 

to radiologists is restricted [15],[16]. It has been discovered 

that diagnostic mistakes and delayed diagnosis are common, 

resulting to unfavorable outcomes among patients [3]. 

Furthermore, variances in results due to varying radiologists 

lead to varied diagnostic findings, thus making the clinical 

decision-making process [4]. More recent developments in 

artificial intelligence (AI) made the creation of computer-

aided medical image analysis, deep learning-based algorithms 

transforming the discipline of diagnostic radiology [5].-,[6]. 

Convolutional Neural Networks (CNNs) have emerged as the 

strongest algorithms for visual data classification activities 

like pneumonia detection [13]. Research has 
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demonstrated that CNNs could be designed to provide 

diagnostic accurate either comparable to or superior to human 

radiologists [8], [18]. These algorithms receive hierarchical 

features based on images, enabling them to recognize nuanced 

CXR abnormalities that can be overlooked by radiologists [9]. 

Despite these developments, several challenges persist. 

 

A great limitation is the tendency of artificial intelligence 

models are prone to bias on the basis of differences datatsets, 

in which some patient groups are underrepresented, thus 

compromising the model’s generalizability [9]. 

 

 Moreover, conventional machine learning approaches, 

including Support Vector Machines (SVM) and Random 

Forest classifiers, tend to need extensive feature engineering 

and lack precision compared to deep learning approaches [12]. 

Conversely, models that are based on Convolutional Neural 

Networks (CNN) need extensive volumes of data and 

significant computational resources for training, which may 

not always be practical within the clinical environment [8], 

[13]. Furthermore, the explainability and interpretability of 

deep learning models also continue to be top-down priorities 

since black-box AI systems will tend to restrict clinician trust 

and regulatory approval [19]. Ethical issues and conformity to 

healthcare regulations need to be addressed to maintain patient 

safety [16]. 

B. Transfer Learning and Deployment of AI Models in Health 

Care 

The deep learning model training from scratch necessitates 

the availability of large annotated datasets, which are usually 

not available owing to data privacy and the expense of manual 

labeling [7], [9]. To circumvent this constraint, researchers 

have investigated the use of transfer learning, a process in 

which models pre-trained on large image datasets, like 

ImageNet, are later fine-tuned on medical images [7]. 

Empirical evidence indicates that transfer learning greatly 

improves model performance, thereby minimizing the require- 

ment for large training datasets and, concurrently, enhancing 

generalization capacity in medical imaging tasks [6]. Pre- 

trained models such as VGG16, ResNet, and InceptionV3 have 

been extensively utilized in pneumonia classification with high 

sensitivity and specificity rates [7], [8]. 

Real-world deployment of AI models in healthcare settings 

requires the presence of an effective as well as user-friendly 

interface for healthcare workers [10]. Flask, being a light- 

weight web framework, has received notable attention for 

its use in presenting AI models as web-enabled applications 

that are accessible to users [10], [11]. The viability of Flask- 

based deployment for real-time medical diagnostics has been 

established in different studies, allowing remote access to 

mechanisms of AI-based detection [11], [19]. Such 

deployments enable sophisticated diagnostic tools to be 

employed in resource-constrained settings, thus linking 

medical expertise to marginalized populations [17]. Real-time 

deployment of AI models, however, poses challenges such as 

model latency, integration into existing healthcare systems, 

and the need 

for ongoing monitoring and updates to maintain accuracy in 

clinical settings [9]. 

Future studies must emphasize enhancing model 

interpretability using explainable AI methods to allow 

clinicians to comprehend and verify AI-based predictions [18]. 

Multimodal fusion, for example, lab results and clinical 

history, can enhance diagnostic accuracy beyond image-based 

classification [5]. Federated learning algorithms can also be 

used to enable collaborative AI training in different healthcare 

centers without compromising confidentiality of patient data 

[9]. 

III. DATASET AND PREPROCESSING 

Correct diagnosis of pneumonia through deep learning 

models requires well-annotated high-quality medical imaging 

data. In this research, we employed the Chest X-Ray dataset, 

which is open source and has been extensively used in 

pneumonia automated diagnosis research [10],[12]. The 

dataset, supplied by the National Institutes of Health (NIH) 

among other public databases, holds ground truth of labeled 

chest radiographs for pneumonia detection [9],[16]. Its 

extensive use in clinical artificial intelligence research might 

be due to patient case diversity and radiological presentation 

heterogeneity it provides [6], [12], [18]. 

 

A. Dataset Description 

The dataset employed in this project is chest X-ray (CXR) 

images and is divided into three classes: Normal, Bacterial 

Pneumonia, and Viral Pneumonia. It consists of tens of 

thousands of X-ray scans on pediatric and adult patients. 

 

B. Data Splitting Strategy 

To achieve an appropriately balanced and unbiased 

division of the dataset, a stratified sampling is employed. This 

technique gurantees proportionate representation of 

pneumonia-positive and pneumonia-negative samples in every 

subset, thereby avoiding class imbalance. A very common 

split ratio for medical imaging-related applications is [20], 

[21]: 

• Training Set: 70–80% of the overall dataset. 

• Validation Set: 10–15% of the total dataset. 

• Test Set: 10–15% of the total dataset. 

The dataset follows a structured directory format [22]: 

chest_xray 

/ train/ 

NORMAL/ 

PNEUMONIA/ 

val/ 

NORMAL/ 

PNEUMONIA/ 

test/ 

NORMAL/ 

PNEUMONIA/ 

This organization facilitates efficient data loading and pre- 

processing [23]. 
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• Test Loss : 0.2426367998123169 

• Test Accuracy: 0.8990384340286255 

IV. METHODOLOGY 

The approach used here is a formal and systematic pipeline 

that guarantees stable pneumonia detection based on deep 

learning methods. There are several steps involved in this 

process, including data acquisition, preprocessing, model se- 

lection, training, evaluation, and deployment. Each step has 

been optimized for performance and aimed at increasing the 

reliability of the deployed model. 

A. Dataset Acquisition and Preprocessing 

The training and evaluation dataset is a publicly released set 

of labeled chest X-ray images. The images are classified as 

normal and pneumonia cases, serving as the basis for the 

classification model. Due to the complexities involved in 

medical image analysis, the preprocessing step is important in 

enhancing model performance. Preprocessing involves: 

1) Normalization: Pixel intensity values were normalized 

to the [0, 1] range using min-max normalization: [24] 

 

 
 

5) Shifts: Randomly shifted image width and height by 

up to 20%. 

6) Zooming: Randomly zoomed in/out on images within 

the range of [0.8, 1.2]. 

7) Shearing: Applied random shear transformations. 

8) Brightness Adjustments: Randomly altered image 

brightness. 

9) Flipping: Randomly flipped images horizontally. 

10) Transfer Learning-Based Model Selection 

and Training: Deep convolutional models, especially 

Convolutional Neural Networks (CNNs), have shown 

unprecedented performance in medical image classification 

[6]. Due to the scantness of labeled medical images, transfer 

learning comes into play to tap pre-trained models like 

ResNet50, VGG16, and InceptionV3 [26]. Pre-trained on 

massive datasets like ImageNet, such models possess 

efficient feature extraction capabilities [27]. These are the 

steps followed in training: 

• Feature Extraction: The lower layes in the pre-trained 

model are preserved to identify basic image features 

like edges, textures, and patterns. 

• Fine-Tuning: Upper layers of the models are fine-

tuned with the pneumonia dataset to learn domain-

specific features to enhance classification accuracy [8]. 

• Optimization: Adam optimization algorithm aims to 

reduce the Binary Cross-Entropy loss function for 

efficient weight updates and convergence [18]. 

• Performance Metrics: Accuracy, precision, recall 

value, F1-score, and area under the ROC curve (AUC) 

are utilized to measure the performance of the model 

for classification [5]. 
    

         

where x′ is the normalized intensity, and xmin and xmax 

denote the minimum and maximum pixel values[25].This 

process standardizes contrast, improves gradient descent, and 

mitigates illumination variations [9]. 

2) Resizing: Images were all resized to 224 × 224 pixels 

in order to comply with deep learning architectures such as 

ResNet and VGG-16 [6]. Bilinear interpolation was used to 

reduce distortion with anatomical details maintained, using 

black padding for aspect ratio retention. 

3) Data Augmentation: 

• Rotations: Randomly rotated images by ±30 degrees 

• Shifts: Randomly shifted image width and height by up 

to 20% 

• Zooming: Randomly zoomed in/out on images within the 

range of [0.8, 1.2] 

• Shearing: Applied random shear transformations 

• Brightness Adjustments: Randomly altered image bright- 

ness 

• Flipping: Randomly flipped images horizontally 

4) Rotations: Randomly rotated images by ±30 degrees. 

1) Overview: Deep learning has proved very successful in the 

case of medical image analysis, particularly in the identification of 

pneumonia using chest X-rays [14]. The research in this paper employs 

ResNet50, which is a pre-trained Convolutional Neural Network 

(CNN), that employs  transfer learning to enhance feature extraction and 

domain patter n adaptation [1], [5], [15]. 

2) CNN Model: The model contains several layers to 

extract hierarchical features from X-ray images [7]: 

• Convolutional Layers: Identify edges, textures, and 

structural patterns in lung images [10] 

• Batch Normalization: Normalizes training and 

accelerates convergence [12] 

• ReLU Activation: Introduce non-linearity for enabling 

learning [2] 

• Pooling Layers: Downsample feature maps but kee 

important information [3] 

• Fully Connected Layers: Adds the extracted features for 

the final classification stage [28] 

• Output Layer: Sigmoid activation produces probability 

scores for pneumonia detection [16] 

http://www.ijsrem.com/
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3) Transfer Learning and Fine-Tuning:  Pre-trained 

ResNet50 was fine-tuned in pneumonia X-rays to obtain 

optiomal classification accuracy and reduce training time. 

This enables the model to retain important image features 

while learning medical imaging data [4], [17]. 
4) Training Process: Parameter optimization of  the model 

Training involves reducing classification mistakes by the 

below configurations: 

• Optimizer: Adam optimizer for making dynamic learning 

rate updates and best convergence [29] 

• Loss Function: Binary Cross-Entropy for binary 

classification (normal vs. pneumonia) [30] 

• Evaluation Metrics: Perfornance is measured by 

Accuracy, Precision, Recall, and F1- score [13] 

• Batch Size Epochs: Batch size of 32 and 50 epochs with 

early stopping to prevent overfitting [6], [8] 

• Learning Rate Scheduling:Gradually decreasing the 

learning rate to enhance generalization [9] 

5) Implementation Details: This was implemented using 

TensorFlow and Keras on a GPU setup [19]. Training logs 

were kept and model weights stored at a regular intervals. 

Data augmentation and preprocessing was done as detailed 

in Scetion X  [18]. 

 
6) Regularization Techniques: To prevent  

overfitting and enhance model generalization: 
• Dropout Layers:  Random neurons are dropped 

to minimize dependence on particular 

features[11] 

• L2 Regularization: Weight decay to avoid large weights 

and increase robustness 

• Data Augmentation: Added synthetic edits to 

training images to increase flexibility. 

 

These methods ensure the model works predictably on 

unseen test images and training images, therefore making 

them a useful tool for the diagnosis of pneumonia from chest 

X-rays [14]. 

 

7) Evaluating Model Performance Using Benchmark 

Metrics: After training, the model is strenuously 

tested against benchmark metrics to put its 

predictive skills into numerical perspective. The 

process of evaluation includes: 
• Analysis of Confusion Matrix: Breakdown of actual 

positives, actual negatives, false positives, and false 

negatives to review classification mistakes[12]. 

Confusion Matrix: 
211 23 

40 35 
• Precision and Recall: Precision (TP) evaluates the ac- 

accuracy of pneumonia prediction, whereas recall (TP) 

considers the model’s sensitivity towards recognizing 

pneumonia cases[4]. 

• F1-Score: The harmonic means between precision and 

recall, yielding an averaged performance measurement 

[30]. 

Weighted F1 Score: 0.8996831552066584 

 

These evaluation strategies ensure the model meets 

clinical-grade standards before deployment. 

• Receiver Operating Characteristic (ROC) Curve: 

Visualizing the sensitivity-specificity trade-off, with the 

AUC as a measure of overall performance [19] 

 

V. FLASK DEPLOYMENT AND SYSTEM IMPLEMENTATION 

The deployment of the trained model into a web application is 

an essential milestone towards the provision of high-speed 

access to the healthcare community and researchers. 

Deployment is supported by Flask, which is an efficient web 

development framework for Python, enabling the easy 

embedding of machine learning models and web applications 

[11]. System architectural design is to receive user requests, 

process chest x-ray images, and output real-time diagnostic 

predictions. 

A. System Architecture 

The system architecture is characterized by a modular 

structure, which consists of many components that 

collaborate to provide efficient detection of pneumonia. The 

core components of the deployment system are: 

• User Interface: An easy-to-use web-based user interface 

that helps users upload chest X-ray images. The interface 

is intuitive with easy navigation and quick access for the 

prediction outcome [10]. 

• Backend Processing: The Flask application enables the 

uploaded image files to be processed, where the pre-trained deep 

learning models is imported and utilized for inference [13]. Image 

preprocessing steps, including resizing and normalization, 

are performed prior to making predictions. 

• Real-Time Inference: After processing the image, the 

model labels it as normal or pneumonia-infected. The 

classification results with confidence scores are shown 

on the web interface [8]. 

• Result Display and Interpretation: The predicted re- 

sults are shown to the user along with extra visual 

cues, i.e., heatmaps and confidence score to mark areas 

affecting the model’s decision [6]. 

http://www.ijsrem.com/
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B. Implementation of Flask-Based Web Application 

Flask is selected for deployment because it is minimalistic 

and simple to integrate with deep learning models. The 

following steps represent the implementation process: 

1) Model Serialization: The trained model is saved in a 

serialized format (.h5) using TensorFlow/Keras, 

enabling fast loading at inference time [13]. 

2) Image Preprocessing: The uploaded image is 

preprocessed before inference, involving resizing to 224 

× 224, normalization, and format conversion to the 

model’s input requirements [6]. 

3) Model Inference: The preprocessed image is fed to the 

trained model, which gives the probability of 

pneumonia. 

C. Code Implementation 

The following code snippet demonstrates the implementation 

of the Flask-based API: 

The proposed method was subjected to rigorous validation 

based on a provided test dataset, and its performance was 

evaluated based on important performance metrics, including 

accuracy, precision, recall, and F1-score. These 

measurements are crucial for understanding the robustness 

and effectiveness of the model in classification tasks, 

especially in the context of medical image analysis [5], [31]. 

A. Evaluation Metrics 

The following measures were used to assess the 

classification accuracy of the model: [32] 

• Accuracy: The ratio of true predictions to total samples. 

• Precision: Measures how many of the predicted positive 

cases were positive. 

• Recall (Sensitivity): Measures how well the model 

identifies positive cases. 

• F1-score: An average measure that takes into account 

both precision and recall. [33] 

The formulas used for these metrics are as follows: [34] 

 

Accuracy = 
 TP + TN 

TP + TN + FP + FN 

  TP 
Recall = 

TP + FN 

Precision = 
  TP  

TP + FP 
 

 

F1-score = 2 × 
Precision × Recall 
 

Precision + Recall 

where TP (True Positives), TN (True Negatives), FP 

(False Positives), and FN (False Negatives) denote the 

classification results. 

B. Quantitative Results 

The deep learning model was tested on an independent 

dataset, yielding the following results: 

Training Dataset: 

• Accuracy: 93.3% 

• Precision: 92.8% 

• Recall: 90% 

• F1-score: 89% 

• AUC-score: 0.97 

 

• Accuracy: 90% 

• Precision: 92.8% 

• Recall: 90% 

Testing Dataset: 

VI. EMPIRICAL FINDINGS AND PERFORMANCE 

EVALUATIONS 

Performance evaluation of a deep learning model is crucial for 

ascertaining its usability in actual applications. The model 

• F1-score: 89.96% 

• AUC-score: 0.97 

These metrics indicate that the model delivers reliable and 

efficient predictions. 

Flask Deployment Code 

1 

2 
3 
4 
5 
6 
7 

8 
9 

10 

11 
12 
13 
14 
15 
16 
17 
18 
19 

20 

21 
22 
23 
24 

25 

26 
27 

28 
29 
30 
31 

32 

from flask import Flask, request, 

render_template 

import tensorflow as tf 

import numpy as np 

import cv2 

app = Flask(  name  ) 
model = tf.keras.models.load_model(" 

pneumonia_model.h5") 

def preprocess_image(image_path): 

img = cv2.imread(image_path, cv2. 

IMREAD_GRAYSCALE) 

img = cv2.resize(img, (224, 224)) 

img = img / 255.0 # Normalize 

img = np.expand_dims(img, axis=0) 

return img 

@app.route("/", methods=["GET", "POST"]) 

def upload(): 

if request.method == "POST": 

file = request.files["file"] 

file_path = "uploads/" + file. 

filename 

file.save(file_path) 

img = preprocess_image(file_path) 

prediction = model.predict(img)[0][0] 

result = "Pneumonia Detected" if 

prediction > 0.5 else "Normal" 

return render_template("result.html", 

result=result, confidence=prediction) 

return render_template("index.html") 

if name == " main ": 

app.run(debug=True) 

http://www.ijsrem.com/
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B. Comparison with Existing Methods 

For comparison of the performance of our model, we have 

compared it with other deep learning models for pneumonia 

diagnosis. Table I is a comparative study. [32] 

To compare the performance of our model with that of the 

conventional deep learning-based pneumonia detection 

models, we compare as indicated in Table I. [32] 

 
TABLE I 

PERFORMANCE COMPARISON OF PNEUMONIA DETECTION MODELS 

To reduce bias, methods like adversarial debiasing, 

re-sampling techniques, and domain adaptation must be 

employed [12]. Further, external validation across 

heterogeneous datasets needs to be ensured to check if 

AI-based diagnosis systems produce equal performance in all 

patient populations [13]. 

G. Generalization and Model Robustness 

Deep learning models tend to have domain shift issues, i.e., 

their performance decreases when they are tested on data 

from  other  hospitals,  imaging  equipment,  or  patient 
(%) (%) populations [28]. This lack of generalizability restricts their 

clinical use [18]. For tackling this, multi-institutional 

training sets, transfer learning, and self-supervised training 

The results show that our ResNet50-based model is more 

precise and has improved recall over current architectures. 

C. Limitations and Future Work 

Despite the positive results, some challenges remain: 

• The performance may differ when comparing chest X- 

rays obtained from various sources. 

• Further real-world verification is required before clinical 

deployment [19]. 

• Training deep networks takes a tremendous amount of 

computation. 

Potential improvements are: 

• Adding the heterogeneous X-ray image dataset. 

• Improving the architecture for increased efficiency. 

• Real-time AI-based pneumonia detection systems 

installation [11]. 

D. Computational Needs and Implementation Challenges 

Deep learning models, particularly convolutional neural 

networks (CNNs), require huge computational resources for 

training and real-time inference [6]. Economically 

underprivileged healthcare organizations might lack the 

financial ability to purchase high-performance GPUs, thereby 

inhibiting the deployment of such models in economically 

underprivileged regions [17]. 

In addition, the integration of artificial intelligence models 

into existing hospital infrastructure, including Electronic 

Health Records (EHRs) and Picture Archiving and 

Communication Systems (PACS), requires software 

engineering skills [11]. Model optimization techniques, such 

as quantization, pruning, and knowledge distillation, can 

potentially reduce computational costs without compromising 

high levels of accuracy [19]. 

E. Potential Biases in Model Predictions and Ethical 

Concerns 

AI systems based on datasets not well represent populations 

can show pre-prediction bias and produce disproportionate 

error rates across population groups [16]. 

For instance, an AI system trained with mostly X-rays from 

high-income countries will likely fail when working with 

images taken from low-resourced environments where 

imaging protocols vary [30]. 

methods help ensure that AI models have a lower demand for 

repeated extensive retraining [7]. Various data augmentation 

methodologies, like geometric deformations, normalization 

of contrasts, and adding noise, will serve to enhance 

robustness within models [2]. 

H. Regulatory and Legal Issues in AI Adoption 

Before the deployment of AI-based medical imaging models 

in clinical environments, they need to adhere to rigorous 

regulatory standards laid down by institutions like FDA, 

EMA, and WHO [1]. The guidelines stress transparency, 

model validation, and safety factors to protect patient welfare 

[10]. 

Moreover, AI technologies processing patient data need to 

align with data privacy regulations such as HIPAA 

(Health Insurance Portability and Accountability Act) 

and GDPR (General Data Protection Regulation) to guard 

confidential medical details [3]. 

VII. CONCLUSION 

Although deep learning has shown enormous potential in 

pneumonia diagnosis, some issues, such as limited 

availability of data, computationally intensive processes, 

bias, generalization challenges, and regulatory hurdles, 

need to be addressed to facilitate clinical adoption. With 

emphasis on data diversity, computational efficiency, 

fairness, and regulatory compliance, AI-based diagnostic 

systems can be further enhanced for trustworthy deployment 

in healthcare. 

VIII. FUTURE WORK 

While our deep learning-based pneumonia detection model 

has demonstrated high accuracy and real-time deployment 

feasibility, several areas require further enhancement. [31] 

One of the major advances is moving beyond chest X-rays to 

include multi-modal imaging approaches, including CT 

scans and ultrasound, to increase model strength and 

offer a more complete evaluation of respiratory illness [12], 

[13]. 

Moreover, combining clinical information with imaging 

could also enhance diagnostic precision [30]. To enable 

real-world adoption, optimizing the model for edge 

computing and mobile deployment is crucial. 

Method Accuracy Precision Recall (%) F1-score 
(%) 

ResNet50 (Our 90 92.8 90 89.96 
Model) 
VGG19 

88 - - - 

 

http://www.ijsrem.com/
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especially in resource-limited healthcare contexts [17]. 

Model quantization, pruning, and knowledge distillation 

can decrease computational overhead without impacting 

accuracy [6], [9], [19]. Model fairness and generalization 

need to be ensured through training on real-world datasets 

with diverse demographics and equipment variations [16], 

[18], [28]. 

Cooperation with healthcare institutions and investigation of 

federated learning can aid in creating a better quality and 

privacy-preserving AI system[2][17]. Improving 

explainability and interpretability is also vital. Applying 

explainable AI (XAI) techniques, like Grad-CAM and 

SHAP, would offer transparent explanations of model 

decisions, leading to greater clinical trust and acceptance [4], 

[13],[29]. 

Finally, proper healthcare regulations and ethical standards, 

including compliance with the FDA and GDPR, must be 

followed for clinical application of interventions [1],[3]. 

Additional studies should also try to identify and account for 

possible biases of AI models to ensure fair healthcare 

outcomes for various groups of patients [12],[30]. By 

overcoming these challenges, AI-based pneumonia diagnosis 

can be made more accurate, interpretable, and accessible, to 

enable widespread clinical adoption [7], [11], [15]. 
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