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Abstract 

Pneumonia is a global health issue, especially affecting children, elderly individuals, and those with 

weakened immune systems. Traditional diagnostic methods, such as clinical evaluation and chest X-

rays, are often limited by human error and a shortage of medical experts. In recent years, Artificial Intel-

ligence (AI) and Machine Learning (ML) have emerged as powerful tools to support pneumonia detec-

tion. Deep learning techniques, particularly Convolutional Neural Networks (CNNs), have shown high 

accuracy in identifying pneumonia patterns in medical images like chest X-rays and CT scans. 

However, several challenges limit the widespread adoption of AI in clinical practice. These include lim-

ited access to large, high-quality datasets, patient privacy concerns, and data protection regulations like 

General Data Protection Regulation. To address these issues, Federated Learning (FL) has been intro-

duced as a privacy-preserving approach that allows multiple hospitals to collaboratively train AI models 

without sharing patient data. This approach ensures data security while improving model performance 

through distributed learning. 

This review summarizes recent advancements in AI-based pneumonia detection, with a focus on CNN 

architectures, transfer learning, and FL frameworks. It also discusses key issues related to dataset limita-

tions, model interpretability, and secure data handling. By combining AI with privacy-preserving meth-

ods, researchers are moving toward more accurate, scalable, and ethical diagnostic systems. The findings 

highlight the potential of secure AI technologies to revolutionize pneumonia diagnosis and support bet-

ter healthcare outcomes globally. 
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1. Introduction 

Pneumonia remains one of the leading causes of morbidity and mortality globally, particularly impacting 

children under five, elderly populations, and immunocompromised individuals. Effective pneumonia 

management typically involves pharmacological treatments and comprehensive supportive care strate-

gies. Pharmacologically, antibiotics remain central to manage bacterial pneumonia, significantly reduc-
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ing mortality [1]. Viral pneumonias, such as those caused by influenza, necessitate antiviral therapies, 

though treatment options remain limited for many viral pathogens. Beyond pharmacological measures, 

supportive treatments such as supplemental oxygen, mechanical ventilation, fluid management, and nu-

tritional support are essential, particularly in severe pneumonia cases requiring hospitalization or inten-

sive care management  [2]. 

Despite advances in clinical management, pneumonia treatment faces many challenges, including anti-

biotic resistance, variability in patient response, and complexities in treatment decision-making. To ad-

dress these limitations, emerging technological approaches such as Artificial Intelligence (AI) have be-

gun to play an important role [3]. AI-driven methodologies, particularly machine learning and deep 

learning algorithms, have recently made strides not only in disease diagnosis but also in facilitating 

treatment-related advancements. AI-assisted drug discovery platforms have significantly accelerated the 

identification of novel antibiotics and antivirals. For instance, deep learning models have successfully 

identified new antibiotic compounds such as halicin, demonstrating effectiveness against multidrug-

resistant bacteria causing pneumonia [4]. Moreover, AI systems are instrumental in predictive analytics, 

enabling personalized treatment strategies through prognostic modeling of patient outcomes, thereby en-

hancing clinical decision-making [5]. 

However, the most extensive and impactful utilization of AI in pneumonia care has been in the field of 

diagnostics, specifically medical imaging. Chest radiographs and computed tomography (CT) scans re-

main cornerstone diagnostic tools for pneumonia, yet their interpretation can be highly subjective and 

resource-dependent [6]. AI-driven techniques, especially Convolutional Neural Networks (CNNs), have 

transformed medical imaging diagnostics by providing rapid, accurate, and consistent detection of 

pneumonic infiltrates. Open-source AI models, available through platforms such as GitHub, offer 

healthcare institutions globally accessible, reliable tools that enhance diagnostic efficiency and accuracy. 

CNN-based diagnostic models demonstrate sensitivity and specificity rates surpassing traditional radio-

logical assessments, significantly contributing to timely and accurate disease identification and severity 

assessment, thereby improving clinical outcomes [7]. 

While established pneumonia treatments combining pharmacological and supportive care remain criti-

cal, integrating AI-driven innovations provides novel opportunities to overcome current challenges in 

disease management [8]. This review specifically explores the rapidly advancing domain of AI applica-

tions in pneumonia diagnosis, emphasizing imaging-based diagnostic systems and their potential to 

revolutionize early detection and management strategies across healthcare settings. 

1.1. Revolutionizing Diagnosis: The Shift from Traditional Methods to AI-Powered Precision 

Traditionally, pneumonia diagnosis relied on clinical examinations, patient history, and chest X-rays. 

With rapid advancements in biomedical technology, chest X-rays have become an indispensable tool for 

detecting pulmonary diseases, including pneumonia. However, a persistent challenge is the shortage of 

medical experts capable of accurately interpreting these images. This gap has paved the way for artificial 

intelligence (AI)-driven diagnostic approaches. Convolutional Neural Networks (CNNs) and other AI 

techniques have demonstrated remarkable success in automating pneumonia detection through chest X-

ray classification. Notable AI applications have been explored in diverse areas such as abnormal pattern 

detection[6]–[9],biometric recognition [10][11], trauma severity assessment[12][13][14][15], airport 

accident prevention [20], efficiency prediction using artificial neural networks (ANNs) [21], and bone 

pathology diagnosis [16]. 

1.2. Beyond Boundaries: The Vision and Motivation Driving Progress 
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This review delves into the transformative role of machine learning (ML) in pneumonia detection, with a 

particular focus on data availability challenges. Effective ML models require extensive, high-quality 

datasets for training, yet lab-based datasets remain limited. Real-time data acquisition is crucial to ensure 

continuous updates and model efficiency. However, strict data protection regulations, such as the 

General Data Protection Regulation (GDPR) [23], hinder data sharing among hospitals and medical 

institutions. Notably, a report by Digital Health Records revealed that 24.3 million medical images were 

compromised due to cyberattacks [24]. Given these challenges, this review explores the state-of-the-art 

ML techniques in medical image detection while addressing the pressing issue of data security. 

Despite promising advancements, several challenges persist in leveraging ML for pneumonia detection: 

• Medical images are highly complex and heterogeneous, making it difficult to develop robust ML 

models with limited datasets[17]. 

• Lab-based datasets are insufficient for training highly effective ML models[17]. 

• The variability in medical images complicates model training and generalization beyond controlled 

datasets. 

• Interpreting intricate medical image patterns remains a challenge for researchers[18]. 

Real-time data integration could significantly enhance ML-based pneumonia detection. However, 

stringent privacy regulations and institutional barriers restrict data-sharing efforts [18]. Addressing these 

issues is imperative to harness the full potential of AI in medical diagnostics and improve global 

pneumonia outcomes. 

1.3. Bridging Knowledge Gaps: Insights from Existing Research 

Artificial intelligence techniques have shown immense potential in diagnosing various medical 

conditions, including pneumonia[19]. Researchers have explored multiple machine learning 

methodologies to enhance disease detection. In this section, we discuss significant advancements in 

medical image detection, evaluating the strengths and limitations of various approaches. The 

effectiveness of these techniques heavily depends on the quality and diversity of datasets used to 

develop robust diagnostic models. 

1.4. Deep Learning Demystified: Methods Powering AI Innovation. 

Medical image detection is inherently complex, necessitating sophisticated and efficient approaches. 

Deep learning has emerged as a powerful technique for training medical image datasets. One study 

employed ResNet-101 and ResNet-50 models to detect pneumonia, achieving a precision of 96% with a 

dataset comprising 14,863 X-ray images [29]. While effective, the combination of these models 

introduces computational complexities, which may affect precision when scaling to larger real-time 

datasets. 

Further research explored deep neural networks for diagnosing 14 diseases using the ChestXray14 

database. The DenseNet model was implemented to reduce pairwise error and improve disease 

classification. A cascading network approach enhanced prediction accuracy by leveraging hierarchical 

inputs across multiple levels. Findings indicate that DenseNets excel in mitigating gradient problems, 

reinforcing feature propagation, and reducing parameter complexity. However, they struggle to model 

intra-class variations effectively. 

1.5. Mimicking the Mind: The Power of Artificial Neural Networks 

Artificial Neural Networks (ANN) have demonstrated effectiveness in detecting and diagnosing chest 

diseases, including pneumonia, breast cancer, and tuberculosis [20]. Preprocessing techniques such as 

histogram equalization and image filtering were employed to refine image quality, enhancing pneumonia 

https://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR250345905 Volume 7, Issue 3, May-June 2025 4 

 

detection accuracy. Lung segmentation, a critical component of pneumonia diagnostics, involved 

extracting features like perimeter, area, and irregularity index. A feed-forward neural network trained on 

data from 80 patients achieved a classification accuracy of 92%. However, changes in X-ray positioning 

and image size significantly impacted model accuracy. While ANN is effective in medical image 

detection, developing a more adaptive model is crucial to accommodate variations in X-ray images. 

1.6. Revolutionizing Image Recognition with Convolutional Neural Networks 

Given the intricate nature of medical image classification, robust machine learning models are 

necessary. Convolutional Neural Networks (CNN) offer a structured, layered approach to pattern 

recognition. CNNs excel in handling spatial dependencies, making them a preferred choice for medical 

image analysis [21]. 

A study demonstrated the effectiveness of CNNs in detecting lung cancer through X-ray analysis. The 

experiment involved preprocessing techniques to remove noise and isolate areas of interest. The CNN 

model trained on these refined images achieved a 96% accuracy rate when using pixel-based inputs and 

88% accuracy with feature-based inputs. Despite the promising results, feature selection limitations 

hinder the model’s performance, leading to challenges in real-time deployments. 

Another study utilized CNN for thoracic disease diagnosis, proposing a three-branch AG-CNN 

framework to minimize noise and enhance alignment in infected regions. The ChestXray-14 dataset was 

employed to train the model, yielding an AUC of 0.87. However, sensitivity to parameter variations 

posed a challenge, limiting its adaptability across diverse datasets. 

Further research applied the CheXNet algorithm with 121 CNN layers to diagnose pneumonia. The 

model was trained and tested on a large dataset of compressed and normalized chest X-ray images. 

Integration with a modified AlexNet framework improved overall performance. However, the model 

could not distinguish between pneumonia subtypes, highlighting a critical gap in disease segmentation. 

A comparative study analyzed the effectiveness of AlexNet and GoogleNet for tuberculosis detection 

using chest radiographs. The experiment demonstrated that pre-trained deep CNN models outperformed 

untrained networks, achieving an AUC of 0.99. Despite their effectiveness, these models demand 

extensive computational resources, making them challenging for real-time clinical applications. 

The ResNet CNN template was evaluated for lung cancer diagnosis, achieving a sensitivity of 92% in 

differentiating between benign and malignant nodules [1]. While effective in identifying general lung 

cancer regions, the model lacked precise localization capabilities, emphasizing the need for more 

advanced segmentation techniques. 

In another study, a CNN-based model was proposed for interstitial lung disease detection using a dataset 

of 14,696 CT scan images [22]. The model, incorporating AlexNet with LeakyReLU activations, 

achieved an accuracy of 85.5%. Despite its promising performance, the requirement for extensive 

training parameters posed challenges in preventing overfitting. 

The efficiency of CNN models was further tested in classifying thoracic diseases using a multi-label 

image classification system. The approach effectively detected abnormalities and localized infection 

areas using bounding boxes. However, overfitting and high computational demands limited its 

scalability. 

A study exploring automated thoracic disease diagnosis leveraged a four-step classification process. The 

method integrated image preprocessing, lung field segmentation, organ shape differentiation, and disease 

classification. While effective, the approach struggled with detecting thoracic diseases due to its limited 

feature engineering capabilities. 
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A rule-based machine learning approach was examined for lung disease detection [20]. While effective 

in image analysis and rib detection, the technique lacked adaptability in classifying CT scan images. 

Similarly, a study investigating CNN for pediatric chest X-ray classification found that the VGG16 

model distinguished bacterial from viral pneumonia with a 96.2% accuracy rate. However, its extensive 

computational requirements and slow training process remain significant limitations. 

Finally, a two-step model utilizing high-resolution medical images was proposed to enhance disease 

detection accuracy. The combination of LSTM and 2D convolutional networks demonstrated potential in 

identifying pathology patterns. However, the experiment’s reliance on a small dataset limited the 

generalizability of the findings. 

 

2. Confidential AI: Safeguarding Image Detection with Privacy-Preserving Methods 

The training of machine learning (ML) models requires a substantial volume of data. Relying solely on 

lab-based datasets is ineffective due to the limited availability of data. Additionally, medical imaging 

data exhibits heterogeneity, necessitating continuous model updates for efficient training. To address this 

challenge, real-time datasets from hospitals and medical institutions can be leveraged. However, 

ensuring privacy and confidentiality while complying with the General Data Protection Regulation 

(GDPR) remains a significant challenge [23]. Therefore, a robust framework is required to facilitate the 

utilization of real-time datasets while adhering to GDPR regulations. 

Several methodologies have been proposed to preserve data privacy, including gossip learning, federated 

learning, and blockchain technologies. Gossip learning is a decentralized technique that enhances data 

security. Comparative experiments have been conducted to evaluate the performance of gossip learning 

against federated learning [23]. In one such experiment, mobile phone data, encompassing network 

coverage and distortions, was utilized for training ML models in both gossip and federated learning 

frameworks. The findings indicate that federated learning outperforms gossip learning in terms of 

privacy preservation, scalability, semi-centralized nature, and real-time processing. Conversely, gossip 

learning exhibited slower information exchange rates and limited scalability due to restricted message 

sizes. Consequently, for an effective real-time medical image detection system, a privacy-preserving 

framework that is both scalable and efficient is essential. 

Federated learning, despite its advantages, is still in its nascent stages of application. Experiments 

involving electronic health records (EHR) have demonstrated the feasibility of federated learning in 

predicting diseases while ensuring data privacy [24]. In these experiments, data was locally trained at 

each geographic site within hospitals and medical institutions. The model demonstrated high efficacy 

when trained locally without direct data sharing. Instead, trained models from multiple locations were 

aggregated at a centralized location. This approach enhances scalability and enables continuous learning, 

which is particularly beneficial for medical image analysis, where data heterogeneity poses a significant 

challenge. 

Blockchain technology, a decentralized framework utilizing cryptographic elements, has also been 

explored for data privacy preservation. Experimental studies have assessed the efficacy of blockchain in 

securing medical data and transaction details[25]. These studies indicate that blockchain-based solutions 

effectively maintain privacy using cryptographic techniques. However, blockchain technology presents 

several limitations, including slow processing speeds, scalability challenges, and high computational 

overhead. These drawbacks render blockchain less suitable for real-time medical image detection [27] 

[28]. 
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How AI Detects Pneumonia from X-Rays: A Step-by-Step Guide 

Artificial Intelligence (AI) has revolutionized medical imaging by enabling faster, more accurate, and 

scalable diagnostics. In the context of pneumonia detection, AI offers clinicians the ability to analyze 

chest X-rays with unprecedented precision, minimizing human error and speeding up decision-making. 

At the core of these systems are Machine Learning (ML) algorithms—data-driven models that learn 

from historical data to make predictions or classifications. Within ML, Convolutional Neural Net-

works (CNNs) have emerged as particularly powerful tools for image-based tasks due to their ability to 

automatically extract relevant features from complex image data. 

CNNs are inspired by the human visual cortex and consist of multiple layers that learn to detect edges, 

shapes, textures, and ultimately, high-level features in images. Unlike traditional ML approaches that 

require manual feature extraction, CNNs perform end-to-end learning, making them ideal for interpret-

ing medical images like chest radiographs. Their layered architecture enables them to capture hierar-

chical representations of visual data—starting from basic gradients to disease-specific patterns such as 

lung opacities seen in pneumonia. 

To improve diagnostic performance further, researchers often combine CNNs with traditional ML classi-

fiers. The diagram below (Figure 1) presents a hybrid AI system where two powerful CNN architectures, 

VGG16 and VGG19, are used to extract features from chest X-ray images. These features are then fused 

and passed into a machine learning classifier to predict whether the input is normal or indicates pneu-

monia. 

 

 
Figure 1: AI Model Using VGG16 and VGG19 to Detect Pneumonia from X-Ray Images 

 

1. Input Acquisition: Chest X-ray images, both normal and pneumonia-infected, are collected and 

preprocessed to ensure consistent quality and dimensions. 

2. Feature Extraction with CNNs: The images are passed through VGG16 and VGG19—two pre-

trained CNNs. Each outputs a 7×7×512 feature map representing spatial and textural information 

relevant to pneumonia detection. 

3. Feature Concatenation: Outputs from both CNNs are merged to create a comprehensive feature 

vector of size 7×7×1024. 
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4. Flattening: The combined features are flattened into a one-dimensional vector (length 50,176) to 

prepare them for machine learning classification. 

5. Classification: The flattened vector is input into ML classifiers, such as Support Vector Machines 

(SVM), Random Forests, or Logistic Regression, which determine whether the image depicts a nor-

mal lung or one affected by pneumonia. 

This hybrid model leverages the high-level feature extraction capability of deep CNNs with the classifi-

cation strength of traditional ML algorithms. Such an approach ensures robust and interpretable diagnos-

tics while utilizing fewer data than fully end-to-end deep networks. It serves as a compelling example of 

how AI technologies are reshaping modern healthcare diagnostics. 

 

3. Methodology 

This literature review systematically examines recent advancements in AI-driven pneumonia diagnosis, 

focusing on deep learning, federated learning, and privacy-preserving techniques. 

3.1 Search Strategy 

A structured search was conducted across reputable academic databases, including Google Scholar, 

PubMed, IEEE Xplore, SpringerLink, ScienceDirect, and Scopus. Relevant open-source frameworks 

were also reviewed via GitHub. 

Search queries combined keywords and Boolean operators such as: 

“pneumonia diagnosis” OR “pneumonia detection” AND “machine learning” OR “CNN” OR “deep 

learning” AND “federated learning” OR “privacy-preserving AI” 

3.2 Inclusion Criteria 

• Articles published between 2015 and 2024 

• Peer-reviewed studies using AI for pneumonia detection in medical imaging 

• Research involving CNNs, ANNs, transfer learning, or federated learning 

• Studies reporting performance metrics (e.g., accuracy, AUC) 

3.3 Exclusion Criteria 

• Non-English publications 

• Studies lacking quantitative evaluation 

• Non-peer-reviewed or duplicate articles 

3.4 Study Selection and Review 

Out of over 120 retrieved studies, 48 peer-reviewed articles were selected after screening titles, ab-

stracts, and full texts. Selection was based on relevance, methodological rigor, and clinical applicability. 

3.5 Data Extraction 

Key information was extracted on: 

• AI models used 

• Dataset characteristics 

• Diagnostic performance 

• Security and privacy approaches 

• Deployment challenges 

The findings were synthesized thematically to highlight current trends, limitations, and future directions 

in AI-based pneumonia diagnosis. 
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4. Conclusion 

AI has significantly advanced pneumonia diagnosis, but challenges related to dataset quality, model in-

terpretability, and privacy persist. Future research should explore hybrid AI approaches and real-time 

data integration while ensuring patient data security. The adoption of Federated Learning and transfer 

learning can provide privacy-preserving solutions, allowing institutions to collaboratively enhance AI-

based medical diagnostics. Continued advancements in encryption techniques and data-sharing policies 

will be essential to fully unlock AI’s potential in pneumonia detection. 
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