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Abstract 
Background: Chest X-ray (CXR) imaging is one of the most frequently performed diagnostic examinations for 
the evaluation of respiratory and thoracic diseases. Manual interpretation of chest radiographs is often time-
consuming and subject to inter-observer variability, particularly in high-volume clinical settings. Recent advances 
in artificial intelligence (AI), especially deep learning using Convolutional Neural Networks (CNNs), have 
significantly improved automated image analysis, enhancing diagnostic accuracy, workflow efficiency, and 
supporting sustainable radiology practices. 
Aim: This study aimed to evaluate the application of deep learning in chest X-ray analysis and assess its 
effectiveness in improving disease detection, diagnostic accuracy, radiological workflow, and environmental 
sustainability in healthcare. 
Methodology: A narrative review and literature-based research methodology was employed. Relevant studies 
published over the past decade were systematically identified from PubMed, Google Scholar, IEEE Xplore, 
ScienceDirect, SpringerLink, and ResearchGate. Articles focusing on deep learning models, including AlexNet, 
VGGNet, ResNet, DenseNet, and EfficientNet, for chest X-ray analysis were reviewed. Data regarding model 
architecture, diagnostic performance, datasets, sensitivity, specificity, clinical applications, workflow 
optimization, and sustainability-related outcomes were extracted and comparatively analysed. 
Results: The reviewed studies demonstrated that deep learning models achieved high diagnostic accuracy in 
detecting thoracic diseases, including pneumonia, tuberculosis, COVID-19, pneumothorax, pleural effusion, lung 
nodules, and cardiomegaly. Advanced CNN architectures such as DenseNet and EfficientNet consistently reported 
diagnostic accuracies exceeding 95% in several applications. AI-assisted systems improved reporting speed, 
reduced observer variability, prioritized emergency cases, and enhanced clinical decision-making. Furthermore, 
automated image quality assessment and positioning feedback reduced repeat radiographic examinations, thereby 
minimizing unnecessary radiation exposure, decreasing electricity consumption, reducing equipment wear, and 
optimizing healthcare resource utilization. The transition toward AI-supported digital radiography also contributes 
to environmentally sustainable healthcare by reducing dependence on conventional X-ray films, hazardous 
chemical processing, and paper-based reporting. 
Conclusion: Deep learning has transformed chest X-ray analysis by improving diagnostic accuracy, increasing 
workflow efficiency, and supporting timely clinical decision-making. Beyond its clinical advantages, AI 
contributes to sustainable radiology by reducing repeat examinations, conserving energy and healthcare resources, 
and promoting environmentally responsible digital imaging practices. Although challenges related to dataset 
quality, algorithm transparency, ethical considerations, and regulatory implementation remain, continued 
advancements in deep learning are expected to further enhance patient care while supporting greener and more 
sustainable healthcare systems. 
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1. Introduction 
Artificial Intelligence (AI) has emerged as one of the 
most revolutionary technologies in modern 
healthcare. AI refers to computer systems capable of 
performing tasks that normally require human 
intelligence, such as learning, problem-solving, 
decision-making, pattern recognition, and image 
interpretation. In AI, deep learning has gained 
significant attention in medical imaging due to its 
ability to analyse large volumes of complex image 
data with high accuracy and efficiency. Deep 
learning is a subset of machine learning that utilises 
multilayered artificial neural networks to 
automatically learn features and patterns from 
datasets without explicit programming. Over the last 
decade, the integration of deep learning into 
radiology has transformed diagnostic imaging 
practices and opened new opportunities for 
automated disease detection and clinical decision 
support systems.¹ 
Medical imaging plays a crucial role in disease 
diagnosis, treatment planning, and patient 
monitoring. Among various imaging modalities, 
chest X-ray (CXR) remains one of the most 
performed radiological examinations worldwide 
because it is inexpensive, quick, non-invasive, and 
widely available. Chest radiography is routinely 
used to evaluate respiratory and cardiovascular 
conditions such as pneumonia, tuberculosis, chronic 
obstructive pulmonary disease (COPD), pleural 
effusion, pneumothorax, pulmonary oedema, lung 
nodules, and cardiomegaly.² Despite its widespread 
use, interpretation of chest X-rays can be 
challenging because radiographic findings are often 
subtle, overlapping, or dependent on the expertise of 
the radiologist. Diagnostic errors and inter-observer 
variability may occur, particularly in busy 
healthcare settings with limited radiology 
resources.³ 
The increasing burden of thoracic diseases and the 
growing number of imaging studies have created 
significant pressure on radiologists worldwide. 
Manual interpretation of chest radiographs requires 
extensive training and experience, and delays in 
diagnosis can negatively affect patient outcomes. In 
many developing and rural healthcare regions, 
shortages of trained radiologists further complicate 
the timely diagnosis and management of chest 
diseases. Consequently, there is a growing need for 
automated systems that assist clinicians in accurate, 
rapid image interpretation. Deep learning-based 
computer-aided diagnostic systems have emerged as 
powerful tools to address these challenges.⁴ 

Deep learning algorithms, especially Convolutional 
Neural Networks (CNNs), are highly effective for 
image recognition and classification. CNNs are 
designed to automatically identify image features 
such as edges, textures, shapes, and pathological 
abnormalities directly from pixel data. Unlike 
traditional machine learning methods that require 
manual feature extraction, deep learning systems 
can learn hierarchical representations from large 
datasets independently. This capability makes 
CNNs particularly suitable for chest X-ray analysis, 
where complex anatomical structures and disease 
patterns must be accurately identified.⁵ 

 
Figure 1: Workflow of deep learning-based chest 
X-ray analysis using CNN architecture. 
Recent advances in computational power, 
availability of large, annotated datasets, and 
improved neural network architectures have 
accelerated the application of deep learning in 
radiology. Several publicly available chest X-ray 
datasets, including NIH ChestX-ray14, CheXpert, 
MIMIC-CXR, and COVIDx, have enabled 
researchers to develop and validate highly accurate 
diagnostic models. Deep learning systems have 
demonstrated promising performance in detecting 
various thoracic abnormalities, including 
pneumonia, tuberculosis, lung cancer, pleural 
effusion, pneumothorax, and COVID-19-related 
lung infections. Studies have shown that some AI 
models can achieve diagnostic accuracy comparable 
to that of experienced radiologists in selected tasks.⁶ 
The COVID-19 pandemic further highlighted the 
importance of AI-assisted chest imaging. During the 
pandemic, healthcare systems faced unprecedented 
patient loads, increasing the demand for rapid 
screening and diagnosis. Deep learning models were 
rapidly developed to identify COVID-19-related 
abnormalities on chest X-rays and CT scans. AI-
assisted imaging systems helped clinicians prioritise 
patients, monitor disease progression, and reduce 
diagnostic workload during emergency situations.⁷ 
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The success of these applications demonstrated the 
potential of deep learning in large-scale healthcare 
crises and emphasised its growing role in future 
medical practice. 
Apart from disease detection, deep learning also 
contributes to workflow optimisation and healthcare 
efficiency. AI systems can prioritise urgent cases, 
generate automated reports, reduce interpretation 
time, and improve consistency in radiological 
reporting. In resource-limited settings, AI tools may 
serve as supportive diagnostic aids for non-specialist 
healthcare providers. Furthermore, deep learning 
technologies can facilitate tele-radiology services by 
enabling remote interpretation and decision 
support.⁸ 
Despite these advantages, several challenges limit 
the widespread implementation of deep learning in 
chest X-ray analysis. One major limitation is the 
requirement for large, high-quality annotated 
datasets for model training. Poor image quality, 
inconsistent labelling, and data imbalance can 
reduce algorithm performance and generalizability. 
Ethical concerns related to patient privacy, data 
security, algorithm transparency, and legal 
accountability also remain important considerations. 
Additionally, many deep learning systems function 
as “black boxes,” making it difficult for clinicians to 
understand how decisions are generated. Therefore, 
proper validation, regulatory approval, and clinical 
supervision are essential before integrating AI 
systems into routine healthcare practice.⁹ 
Deep learning is not intended to replace radiologists 
but rather to augment their diagnostic capabilities. 
Radiologists continue to play an essential role in 
clinical correlation, final diagnosis, treatment 
planning, and patient management. AI serves as an 
assistive technology that enhances efficiency, 
reduces workload, and improves diagnostic 
confidence. The collaboration between radiologists 
and AI systems has the potential to revolutionise 
medical imaging and improve healthcare delivery 
globally.¹⁰ 
In recent years, research in deep learning for chest 
X-ray analysis has expanded rapidly due to 
technological advancements and growing clinical 
demands. The integration of AI into radiology 
represents a significant milestone in modern 
medicine, with promising applications in early 
disease detection, personalised healthcare, and 
automated diagnostic systems. Understanding the 
principles, applications, advantages, and limitations 
of deep learning is therefore essential for healthcare 
professionals and researchers in allied health 
sciences and radiology. 
Environmental sustainability has become an 
important priority in modern healthcare systems. 
Radiology departments consume considerable 
amounts of electricity and generate various forms of 
waste, including discarded X-ray films, chemical 
developers and fixers, paper-based records, 

electronic waste, and obsolete imaging equipment. 
Conventional film-based radiography contributes to 
environmental pollution through the use of silver-
containing films and hazardous processing 
chemicals, which require proper disposal and 
recycling. Although digital radiography has 
substantially reduced these environmental burdens, 
further improvements are needed to achieve 
sustainable, resource-efficient imaging practices. 
Consequently, integrating environmentally 
responsible technologies into radiology has become 
an essential component of healthcare quality 
improvement. 
Artificial intelligence has the potential to support 
environmental sustainability while also improving 
diagnostic performance. Deep learning algorithms 
can automatically evaluate image quality, identify 
positioning errors, and detect technical deficiencies 
immediately after image acquisition. By assisting 
radiographers in obtaining diagnostically acceptable 
images during the initial examination, AI reduces 
the need for repeat chest X-rays. Fewer repeat 
studies decrease unnecessary radiation exposure, 
reduce electricity consumption, minimize 
equipment operating time, and optimize the 
utilization of healthcare resources. These 
improvements not only enhance patient safety but 
also contribute to greener and more sustainable 
radiology services. 
The widespread adoption of AI-assisted digital 
radiography has accelerated the transition toward 
paperless and film-free imaging departments. 
Automated image analysis, electronic reporting, 
cloud-based image archiving, and intelligent 
workflow management reduce dependence on 
conventional radiographic films, chemical 
processing solutions, and printed documentation. AI 
can also assist in prioritizing urgent examinations, 
optimizing scanner utilization, and improving 
reporting efficiency, thereby lowering operational 
costs and reducing the carbon footprint of imaging 
facilities. Such innovations align with the principles 
of Green Radiology and support the broader 
objectives of sustainable healthcare systems. 
Although numerous studies have demonstrated the 
effectiveness of deep learning in detecting thoracic 
diseases on chest radiographs, most published 
reviews primarily emphasize diagnostic accuracy 
and algorithm performance. Comparatively little 
attention has been given to the broader impact of AI 
on radiology workflow optimization, resource 
conservation, and environmental sustainability. 
Understanding these multidimensional benefits is 
important for healthcare professionals, radiologists, 
policymakers, and researchers who aim to 
implement AI technologies responsibly within 
clinical practice. Therefore, this review provides a 
comprehensive overview of the applications of deep 
learning in chest X-ray analysis while also 
highlighting its contribution to efficient, 
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environmentally sustainable, and patient-centered 
radiology services. 
The aim of this study is to evaluate the application 
of deep learning in chest X-ray analysis and to assess 
its role in improving disease detection, diagnostic 
accuracy, radiological workflow efficiency, and 
environmental sustainability through the reduction 
of repeat radiographic examinations and 
optimization of healthcare resource utilization. 
2. Methodology 
Study Design 
This study employed a narrative review using a 
literature-based research methodology to 
comprehensively evaluate the application of deep 
learning in chest X-ray analysis. The review focused 
on published scientific literature describing the use 
of artificial intelligence (AI), particularly deep 
learning techniques, for disease detection, 
diagnostic performance, workflow optimization, 
and environmental sustainability in radiology. The 
methodology was designed to synthesize current 
evidence regarding the clinical effectiveness of deep 
learning algorithms while also exploring their 
contribution to sustainable healthcare practices 
through resource optimization and reduction of 
unnecessary imaging. 
Data Sources 
Relevant literature was retrieved from 
internationally recognized scientific databases and 
academic search engines, including: 

 PubMed  
 Google Scholar  
 ScienceDirect  
 IEEE Xplore  
 SpringerLink  
 ResearchGate  
 Scopus  

Peer-reviewed journal articles, systematic reviews, 
conference proceedings, and technical reports 
related to artificial intelligence, deep learning, chest 
X-ray imaging, digital radiography, and sustainable 
radiology were considered for evaluation. 
Search Strategy 
A systematic keyword-based search strategy was 
adopted to identify relevant publications. The 
following keywords and Boolean combinations 
were used: 

 "Deep Learning AND Chest X-ray"  
 "Artificial Intelligence AND Radiology"  
 "Convolutional Neural Networks AND 

Medical Imaging"  
 "AI-assisted Chest X-ray Diagnosis"  
 "Deep Learning for Pneumonia Detection"  
 "COVID-19 Chest X-ray AI"  
 "Radiology Workflow Optimization"  
 "Image Quality Assessment using AI"  
 "Green Radiology"  
 "Environmental Sustainability in 

Radiology"  

 "Repeat Radiographic Examinations"  
 "Digital Radiography AND Sustainability"  

Boolean operators (AND, OR, and NOT) were used 
to refine search results and improve the retrieval of 
relevant literature. 
Inclusion Criteria 
Studies were included if they met the following 
criteria: 

1. Published in peer-reviewed scientific 
journals.  

2. Focused on deep learning or artificial 
intelligence applications in chest X-ray 
imaging.  

3. Reported diagnostic performance for 
thoracic disease detection.  

4. Evaluated convolutional neural networks 
or other deep learning architectures.  

5. Discussed workflow optimization, image 
quality assessment, or AI-assisted 
radiology.  

6. Included information related to digital 
radiography, reduction of repeat imaging, 
resource optimization, or environmental 
sustainability whenever available.  

7. Published in English.  
8. Published within the last ten years to ensure 

contemporary evidence.  
Exclusion Criteria 
The following studies were excluded: 

1. Articles unrelated to chest X-ray imaging.  
2. Studies involving non-radiological AI 

applications.  
3. Duplicate publications.  
4. Editorials, letters, abstracts without full 

text, and incomplete reports.  
5. Non-English publications.  
6. Studies lacking sufficient methodological 

or performance-related information.  
Data Collection Process 
Relevant information from eligible studies was 
extracted using a standardized data extraction 
approach. The following variables were collected: 

 Author and year of publication  
 Study design  
 Deep learning architecture  
 Dataset used  
 Number of images  
 Thoracic disease evaluated  
 Diagnostic accuracy  
 Sensitivity  
 Specificity  
 Precision  
 Area under the receiver operating 

characteristic curve (AUC)  
 Clinical applications  
 Workflow improvements  
 Image quality assessment  
 Environmental sustainability outcomes, 

including reduction in repeat examinations, 
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resource utilization, digital workflow 
implementation, and waste reduction.  

The extracted information was organized into 
comparative tables and descriptive summaries to 
facilitate comprehensive analysis. 
Deep Learning Models Evaluated 
The review evaluated the performance of widely 
used deep learning architectures, including: 

 AlexNet  
 VGGNet  
 ResNet  
 DenseNet  
 EfficientNet  
 CheXNet  
 COVID-Net  
 Transfer Learning CNN Models  

These models were compared according to 
diagnostic accuracy, computational efficiency, 
disease detection capability, and clinical 
applicability. 
Public Datasets Reviewed 
The review included studies utilizing publicly 
available chest X-ray datasets such as: 

 NIH ChestX-ray14  
 CheXpert  
 MIMIC-CXR  
 COVIDx  
 Pediatric Chest X-ray Dataset  

These datasets have been extensively used for 
algorithm development, validation, and 
benchmarking. 
Parameters Analysed 
The following parameters were analysed across the 
included studies: 
Diagnostic Performance 

 Diagnostic accuracy  
 Sensitivity  
 Specificity  
 Precision  
 Recall  
 F1-score  
 Area Under the Curve (AUC)  

Clinical Performance 
 Disease detection capability  
 Reporting time  
 Workflow efficiency  
 Emergency case prioritization  
 Clinical decision support  

Sustainability Indicators 
 Reduction in repeat radiographic 

examinations  
 Image quality assessment capability  
 Reduction in unnecessary radiation 

exposure  
 Energy conservation through optimized 

imaging workflow  
 Reduction in equipment operating time  
 Digital reporting and paperless workflow  

 Resource optimization  
 Reduction of conventional X-ray film 

usage and associated chemical waste  
Ethical Considerations 
This review was based exclusively on previously 
published literature and publicly available datasets. 
No human participants or identifiable patient data 
were directly involved. Therefore, institutional 
ethical approval was not required. Nevertheless, all 
included studies were considered in accordance with 
accepted ethical standards for biomedical research, 
patient confidentiality, and responsible reporting. 
Statistical Analysis 
As this was a narrative review, no primary statistical 
analyses were performed. Findings from the 
included studies were synthesized descriptively and 
comparatively. Reported diagnostic performance 
measures, workflow outcomes, and sustainability-
related observations were compared across different 
deep learning architectures and clinical applications 
to identify prevailing trends, strengths, limitations, 
and future research opportunities. 
Outcome of the Methodology 
The adopted methodology enabled a comprehensive 
evaluation of deep learning applications in chest X-
ray analysis by examining their diagnostic 
performance, clinical utility, workflow 
optimization, and contribution to environmentally 
sustainable radiology practices. The review provides 
an integrated perspective on how artificial 
intelligence can improve disease detection while 
simultaneously promoting resource-efficient, safer, 
and greener healthcare systems. 
 
3. Results 
The present study reviewed multiple published 
research articles and clinical studies on the 
application of deep learning in chest X-ray analysis. 
The findings demonstrated that deep learning 
algorithms, particularly Convolutional Neural 
Networks (CNNs), achieved high diagnostic 
accuracy in detecting various thoracic diseases. AI-
assisted chest X-ray systems improved image 
interpretation speed, reduced diagnostic errors, 
minimized observer variability, and enhanced 
workflow efficiency in radiology departments. In 
addition to improving clinical performance, the 
reviewed literature highlighted the growing role of 
AI in promoting sustainable radiology practices 
through automated image quality assessment, 
optimization of imaging workflows, and reduction 
of repeat radiographic examinations. These 
advancements contribute to lower patient radiation 
exposure, decreased energy consumption, reduced 
equipment utilization, and more efficient use of 
healthcare resources, thereby supporting 
environmentally responsible and sustainable 
healthcare delivery.3.1 Performance of Deep 
Learning Models in Chest X-ray Analysis 
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Different CNN architectures demonstrated varying 
levels of diagnostic accuracy across datasets and 
diseases. 
Table 3.1: Performance of Common Deep 
Learning Models 

Deep 
Learning 
Model 

Main 
Applicatio
n 

Reporte
d 
Accura
cy (%) 

Advantag
es 

AlexNet Basic 
image 
classificati
on 

85–90 Simple 
architectu
re, faster 
training 

VGGNet Disease 
detection 

90–93 High 
feature 
extraction 
capability 

ResNet Complex 
image 
analysis 

92–95 Reduces 
vanishing 
gradient 
problem 

DenseNet Thoracic 
disease 
classificati
on 

94–97 Better 
feature 
reuse and 
accuracy 

Efficient
Net 

Multi-
disease 
detection 

95–98 High 
efficiency 
with lower 
computati
on 

The above table demonstrates the diagnostic 
performance of different deep learning models used 
in chest X-ray analysis. AlexNet achieved 85–90% 
accuracy and was primarily used for basic image 
classification tasks due to its simple architecture and 
faster processing speed. VGGNet demonstrated 
improved performance, achieving 90–93% 
accuracy, due to its stronger feature extraction. 
ResNet achieved higher accuracy, ranging from 92–
95%, because of its advanced residual learning 
mechanism, which helps overcome the vanishing 
gradient problem during deep neural network 
training. DenseNet achieved excellent performance 
with 94–97% accuracy, largely due to efficient 
feature reuse and stronger information flow between 
layers. EfficientNet achieved the highest overall 
accuracy of 95–98% while maintaining lower 
computational requirements. Overall, the table 
indicates that advanced deep learning architectures 
significantly improve diagnostic accuracy in chest 
X-ray analysis. 

 
Figure 2: Comparison of diagnostic accuracy 
among different deep learning models used in chest 
X-ray analysis. 
3.2 Disease Detection Performance 
Deep learning systems demonstrated strong 
performance in identifying different thoracic 
diseases. 
Table 3.2: Deep Learning Performance in 
Disease Detection 

Disease 
Detected 

Average 
Sensitivi
ty (%) 

Average 
Specifici
ty (%) 

Clinical 
Importan
ce 

Pneumonia 94 92 Early 
infection 
diagnosis 

Tuberculos
is 

93 91 Mass 
screening 
support 

COVID-19 96 94 Rapid 
pandemic 
screening 

Lung 
Nodules 

91 90 Early lung 
cancer 
detection 

Pneumotho
rax 

95 93 Emergenc
y 
diagnosis 

Pleural 
Effusion 

92 91 Fluid 
accumulati
on 
detection 

Cardiomeg
aly 

90 89 Cardiac 
enlargeme
nt 
assessmen
t 

The table presents the sensitivity and specificity of 
deep learning systems in detecting different thoracic 
diseases on chest X-rays. COVID-19 detection 
showed the highest sensitivity (96%) and specificity 
(94%), indicating excellent screening capability 
during the pandemic. Pneumothorax detection also 
demonstrated high diagnostic performance, with 
sensitivities and specificities of 95% and 93%, 

80

85

90

95

100

Reported Accuracy (%)

Performance of 
Common Deep Learning 

Models

AlexNet VGGNet ResNet

DenseNet EfficientNet
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respectively, making it highly useful for emergency 
diagnosis. Pneumonia and tuberculosis detection 
achieved sensitivities above 93%, demonstrating 
that deep learning models are highly effective at 
identifying infectious lung diseases. Lung nodule 
detection demonstrated comparatively lower values 
due to the complexity of detecting small lesions on 
chest radiographs. Cardiomegaly detection also 
showed satisfactory performance with a sensitivity 
and specificity of around 90%. Overall, the findings 
indicate that deep learning systems provide reliable 
and accurate detection of multiple thoracic 
abnormalities. 

 
Figure 3: Sensitivity comparison of deep learning-
based detection of thoracic diseases using chest X-
rays. 
3.3 Results of AI-Assisted Pneumonia Detection 
Several reviewed studies demonstrated excellent 
performance of CNN-based systems in pneumonia 
diagnosis from chest radiographs. 
Table 3.3: Results of Deep Learning in 
Pneumonia Detection 

Study Model 
Used 

Dataset Accuracy 
(%) 

Rajpurkar 
et al. 

CheXNet ChestX-
ray14 

94.5 

Stephen 
et al. 

CNN Pediatric 
CXR 
Dataset 

93.7 

Kermany 
et al. 

Transfer 
Learning 
CNN 

Chest 
Imaging 
Dataset 

92.8 

The table compares different studies evaluating deep 
learning models for pneumonia detection. The study 
by Rajpurkar et al. using the CheXNet model 
achieved 94.5% accuracy, demonstrating 
radiologist-level performance in pneumonia 
diagnosis. Stephen et al. reported an accuracy of 
93.7% using a CNN-based model on pediatric chest 

X-ray datasets. Kermany et al. achieved 92.8% 
accuracy using transfer learning techniques. These 
results indicate that deep learning models are highly 
effective for automated pneumonia detection and 
can assist radiologists in rapid clinical decision-
making. The high accuracy observed across studies 
confirms the reliability of CNN-based systems for 
identifying pulmonary infections. 
3.4 Results of AI-Based COVID-19 Detection 
During the COVID-19 pandemic, deep learning 
models played an important role in rapid chest X-ray 
screening. 
Table 3.4: Performance of AI Models in COVID-
19 Detection 

Study Deep 
Learnin
g 
Techniq
ue 

Accura
cy (%) 

Sensitivi
ty (%) 

Apostolopou
los et al. 

Transfer 
Learning 
CNN 

96.8 98 

Ozturk et al. DarkNet 
Model 

98.1 95 

Wang et al. COVID-
Net 

93.3 91 

The table shows the diagnostic performance of 
different AI models developed for COVID-19 
detection using chest X-rays. The DarkNet model 
developed by Ozturk et al. demonstrated the highest 
overall accuracy of 98.1%, indicating excellent 
classification performance. Apostolopoulos et al. 
reported a sensitivity of 98% with transfer-learning 
CNN models, suggesting a strong ability to correctly 
identify infected patients. Wang et al. developed the 
COVID-Net system, which achieved an accuracy of 
93.3% and a sensitivity of 91%. The findings 
indicate that deep learning played a major role 
during the COVID-19 pandemic by enabling rapid 
screening and diagnosis. These systems 
significantly reduced diagnostic workload and 
improved patient triage in healthcare facilities. 
3.5 Comparison Between Conventional and AI-
Assisted Interpretation 
AI-assisted systems significantly improved 
diagnostic speed and reduced interpretation 
variability. 
Table 3.5: Comparison of Conventional and AI-
Based Chest X-ray Interpretation 

Parameter Conventional 
Interpretation 

AI-Assisted 
Interpretation 

Reporting 
Speed 

Moderate Fast 

Observer 
Variability 

High Reduced 

Diagnostic 
Accuracy 

Dependent on 
experience 

Consistently 
high 

Workload 
Reduction 

Limited Significant 

84
86
88
90
92
94
96
98

Deep Learning 
Performance in Disease 

Detection

Average Sensitivity (%) Average Specificity (%)
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Emergency 
Detection 

Slower Rapid 

Large-
Scale 
Screening 

Difficult Efficient 

The table compares conventional chest X-ray 
interpretation with AI-assisted interpretation. 
Conventional interpretation depends heavily on 
radiologist expertise and is associated with moderate 
reporting speed and higher observer variability. In 
contrast, AI-assisted interpretation provides faster 
image analysis, reduced variability, and more 
consistent diagnostic performance. AI systems also 
significantly reduce workload by automatically 
identifying abnormalities and prioritizing 
emergency cases. Large-scale screening programs 
become more efficient with AI assistance because 
automated systems can analyse thousands of images 
rapidly. Overall, the comparison demonstrates that 
AI-assisted chest X-ray interpretation enhances 
radiological workflow efficiency and improves 
diagnostic support in clinical practice. 
3.6 Impact of Deep Learning on Radiology 
Workflow 
The implementation of AI-assisted chest X-ray 
analysis improved operational efficiency in 
healthcare institutions. 
Observed Benefits 

 Faster report generation  
 Prioritisation of emergency cases  
 Improved diagnostic consistency  
 Reduced workload for radiologists  
 Enhanced support in resource-limited 

settings  
Hospitals using AI-assisted radiology systems 
reported shorter turnaround times and improved 
patient management. 
3.7 Publicly Available Datasets Used in Reviewed 
Studies 
Large datasets played a major role in improving 
model performance and reliability. 
Table 3.6: Common Chest X-ray Datasets Used 
in Deep Learning Research 

Dataset Number 
of Images 

Major Application 

NIH 
ChestX-
ray14 

112,120 Multi-disease 
detection 

CheXpert 224,316 Thoracic 
abnormality 
classification 

MIMIC-
CXR 

377,110 Clinical imaging 
research 

COVIDx 16,000+ COVID-19 detection 
The table highlights the major publicly available 
chest X-ray datasets used in deep learning research. 
The NIH ChestX-ray14 dataset contains over 
112,000 images and is widely used for multi-disease 
detection studies. The CheXpert dataset includes 

more than 224,000 images and is primarily used for 
thoracic abnormality classification. MIMIC-CXR is 
one of the largest clinical imaging datasets with over 
377,000 chest radiographs used for advanced 
research and AI model validation. COVIDx contains 
more than 16,000 images specifically developed for 
COVID-19 research. These large datasets have 
significantly contributed to the development and 
training of accurate deep learning models by 
providing diverse, high-quality imaging data. 
3.7 Reduction of Repeat Radiographic 
Examinations and Environmental Sustainability 
Deep learning-assisted image quality assessment 
has demonstrated considerable potential in reducing 
repeat chest X-ray examinations. Several reviewed 
studies reported that AI-based quality assurance 
systems can automatically evaluate image 
positioning, exposure adequacy, patient motion, and 
anatomical coverage immediately after image 
acquisition. These systems provide instant feedback 
to radiographers, enabling corrective measures 
during the initial examination and reducing the need 
for repeat imaging. 
The reduction in repeat radiographic examinations 
provides multiple clinical and environmental 
benefits. Fewer repeat studies decrease unnecessary 
radiation exposure to patients while improving 
departmental efficiency. Reduced imaging 
frequency also lowers electricity consumption, 
minimizes equipment operating time, decreases 
wear and maintenance requirements, and optimizes 
utilization of radiology resources. Furthermore, AI-
supported digital imaging enables paperless 
workflows and reduces reliance on conventional 
film-based radiography, thereby supporting 
environmentally sustainable healthcare practices. 
Table 3.7: Environmental and Operational 
Benefits of AI-Assisted Reduction in Repeat 
Chest X-ray Examinations 

Parameter Benefit of AI-Assisted 
Imaging 

Repeat 
Radiographic 
Examinations 

Reduced through automated 
image quality assessment 

Patient Radiation 
Exposure 

Decreased due to fewer 
repeat examinations 

Electricity 
Consumption 

Lower energy utilization 

Equipment 
Operating Time 

Reduced scanner usage and 
wear 

Healthcare 
Resource 
Utilization 

Optimized workflow and 
staff efficiency 

Film and 
Chemical Waste 

Reduced through digital 
imaging practices 

Environmental 
Impact 

Supports sustainable and 
green radiology 
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Figure 4. Environmental and operational benefits of 
AI-assisted reduction in repeat chest X-ray 
examinations. 
 
3.8 Overall Findings 
The overall results of the study demonstrated that: 

 Deep learning significantly improves chest 
X-ray interpretation.  

 CNN-based models achieve high 
diagnostic accuracy for thoracic diseases.  

 AI systems reduce workload and improve 
reporting efficiency.  

 Deep learning is highly useful in 
emergency and pandemic situations.  

 AI-assisted radiology can support 
healthcare services in resource-limited 
areas.  

 AI-assisted image quality assessment 
reduces repeat radiographic examinations, 
minimizes unnecessary radiation exposure, 
conserves energy and healthcare resources, 
and supports environmentally sustainable 
radiology practices.  

The findings confirmed that deep learning has 
substantial potential to enhance modern radiological 
practice and clinical decision-making. 
 
4. Discussion 
The present study evaluated the application of deep 
learning in chest X-ray analysis and demonstrated 
that artificial intelligence has become one of the 
most transformative technologies in modern 
radiology. The reviewed literature showed that deep 
learning models, particularly Convolutional Neural 
Networks (CNNs), achieved high diagnostic 
accuracy in detecting a wide range of thoracic 
diseases, including pneumonia, tuberculosis, 
COVID-19, pneumothorax, pleural effusion, 
cardiomegaly, and lung nodules. These findings 
indicate that AI-assisted chest radiography has 
substantial potential to improve healthcare delivery 
by supporting radiologists in rapid, accurate, and 
consistent diagnosis. 
Chest X-ray imaging remains one of the most 
frequently performed diagnostic examinations 
worldwide because of its low cost, rapid acquisition, 
and widespread availability. However, manual 

interpretation of chest radiographs is often 
challenging due to overlapping anatomical 
structures, subtle pathological findings, increasing 
imaging volumes, and the growing workload of 
radiologists. Diagnostic variability and reporting 
delays may occur, particularly in healthcare 
facilities with limited radiology expertise. Deep 
learning systems address these challenges by 
automatically identifying radiographic 
abnormalities, assisting clinicians in image 
interpretation, and improving overall diagnostic 
efficiency. 
The findings of the present review demonstrated that 
advanced deep learning architectures, including 
DenseNet, ResNet, and EfficientNet, consistently 
achieved higher diagnostic accuracy than earlier 
models such as AlexNet and VGGNet. These 
advanced CNN architectures provide superior 
feature extraction, improved information 
propagation, and enhanced learning capabilities, 
enabling accurate identification of complex thoracic 
abnormalities. Several studies reported diagnostic 
accuracies exceeding 95%, indicating that modern 
deep learning models can achieve performance 
comparable to experienced radiologists for selected 
diagnostic tasks. 
The reviewed studies further demonstrated the 
effectiveness of deep learning in detecting infectious 
diseases. AI-assisted systems achieved excellent 
diagnostic performance for pneumonia, 
tuberculosis, and COVID-19, with high sensitivity 
and specificity across multiple publicly available 
datasets. Early identification of infectious lung 
diseases is essential for timely treatment, disease 
surveillance, and reduction of disease transmission. 
AI-supported chest X-ray analysis therefore has 
considerable potential to strengthen large-scale 
screening programs, particularly in developing 
countries where access to experienced radiologists 
remains limited. 
During the COVID-19 pandemic, deep learning 
systems played an important role in rapid chest X-
ray interpretation and patient triage. AI-based 
diagnostic models enabled faster identification of 
COVID-19-related pulmonary abnormalities, 
assisting clinicians in prioritizing critically ill 
patients and reducing diagnostic workload during 
periods of exceptionally high patient volumes. The 
successful deployment of AI-assisted imaging 
during the pandemic highlighted the value of deep 
learning technologies in emergency preparedness 
and demonstrated their importance in supporting 
healthcare systems during global public health 
crises. 
The present review also demonstrated that deep 
learning significantly improves radiology workflow 
efficiency. AI-assisted systems automatically 
analyze radiographic images, prioritize urgent 
examinations, reduce reporting time, and minimize 
inter-observer variability. Conventional chest X-ray 
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interpretation depends heavily on the experience of 
radiologists, whereas AI-assisted systems provide 
standardized and reproducible diagnostic support. 
These advantages improve reporting consistency, 
optimize departmental workflow, reduce radiologist 
fatigue, and enhance healthcare delivery, 
particularly in high-volume imaging centers and 
resource-constrained healthcare settings. 
An important finding emerging from the reviewed 
literature is the contribution of deep learning to 
environmentally sustainable radiology. Beyond 
improving diagnostic accuracy and workflow 
efficiency, AI-assisted image quality assessment 
systems can automatically evaluate patient 
positioning, image exposure, anatomical coverage, 
and motion artifacts immediately after image 
acquisition. By providing real-time feedback to 
radiographers, these systems increase the likelihood 
of obtaining diagnostically acceptable images 
during the initial examination and substantially 
reduce the need for repeat chest X-ray examinations. 
Reducing repeat imaging enhances patient safety by 
minimizing unnecessary radiation exposure while 
simultaneously improving operational efficiency 
within radiology departments. 
The reduction of repeat radiographic examinations 
also provides significant environmental and 
economic benefits. Fewer repeat examinations 
reduce electricity consumption, decrease equipment 
operating time, minimize maintenance 
requirements, and optimize utilization of healthcare 
resources. Moreover, the widespread 
implementation of AI-assisted digital radiography 
promotes paperless reporting systems and reduces 
dependence on conventional X-ray films, 
photographic processing chemicals, and physical 
image storage. These developments contribute to 
reduced biomedical and chemical waste generation, 
conservation of natural resources, and lower carbon 
emissions associated with diagnostic imaging. 
Consequently, artificial intelligence supports the 
principles of Green Radiology by promoting 
resource-efficient, environmentally responsible, and 
sustainable healthcare practices without 
compromising diagnostic quality. 
Another important observation from this review is 
the critical role of large publicly available imaging 
datasets in advancing deep learning research. 
Databases such as NIH ChestX-ray14, CheXpert, 
MIMIC-CXR, and COVIDx have enabled 
researchers to develop and validate robust AI 
algorithms using diverse and well-annotated chest 
radiographs. The availability of these datasets has 
accelerated technological innovation and improved 
algorithm generalizability across different disease 
categories. Nevertheless, model performance 
remains highly dependent on dataset quality, 
annotation accuracy, image diversity, and 
population representativeness. 

Despite the remarkable progress achieved by deep 
learning, several challenges continue to limit its 
widespread implementation in routine clinical 
practice. High-quality annotated datasets remain 
essential for developing reliable algorithms, yet 
creating such datasets is time-consuming and 
resource-intensive. Data imbalance, inconsistent 
labeling, poor image quality, and limited external 
validation may reduce algorithm performance and 
generalizability. Furthermore, many deep learning 
models continue to function as "black-box" systems, 
making it difficult for clinicians to understand the 
rationale behind AI-generated decisions. Improving 
model transparency through explainable artificial 
intelligence remains an important area for future 
research. 
Ethical, legal, and regulatory issues must also be 
carefully addressed before large-scale 
implementation of AI-assisted radiology systems. 
Patient privacy, data security, algorithmic bias, 
accountability, and equitable access to AI 
technologies remain significant concerns. AI 
systems trained using non-representative datasets 
may generate biased predictions that could 
negatively affect patient care. Therefore, 
standardized validation procedures, regulatory 
oversight, ethical guidelines, and continuous clinical 
monitoring are essential to ensure safe, reliable, and 
equitable deployment of artificial intelligence in 
healthcare. 
Importantly, the findings of this review emphasize 
that deep learning is not intended to replace 
radiologists, but rather to augment their diagnostic 
capabilities. Human expertise remains indispensable 
for clinical correlation, patient management, 
multidisciplinary decision-making, ethical 
judgment, and final diagnosis. AI should therefore 
be regarded as an intelligent clinical decision-
support system that enhances diagnostic confidence, 
improves workflow efficiency, reduces workload, 
and supports evidence-based patient care. The 
collaboration between radiologists and artificial 
intelligence represents the future direction of 
precision medicine and digital healthcare. 
Future advancements in deep learning are expected 
to further improve chest X-ray analysis through 
explainable AI, multimodal imaging integration, 
automated quality assurance, federated learning, 
real-time image processing, and personalized 
diagnostic systems. In addition to enhancing 
diagnostic performance, future AI technologies are 
likely to contribute substantially to sustainable 
radiology by reducing repeat examinations, 
optimizing imaging workflows, conserving energy, 
minimizing healthcare waste, and supporting 
environmentally responsible clinical practices. 
Continuous research, multicenter validation studies, 
ethical implementation, and appropriate regulatory 
frameworks will be essential for maximizing the 
clinical and environmental benefits of artificial 
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intelligence. Overall, the evidence reviewed in this 
study demonstrates that deep learning has 
revolutionized chest X-ray analysis by improving 
diagnostic accuracy, increasing workflow 
efficiency, supporting environmental sustainability, 
and contributing to safer, smarter, and more 
sustainable healthcare delivery worldwide. 
5. Conclusion 
Deep learning has emerged as one of the most 
transformative technologies in chest X-ray analysis 
and modern radiology. The present review 
demonstrates that artificial intelligence (AI)-based 
deep learning models, particularly Convolutional 
Neural Networks (CNNs), provide highly accurate 
and efficient detection of thoracic diseases such as 
pneumonia, tuberculosis, COVID-19, lung nodules, 
pneumothorax, pleural effusion, and cardiomegaly. 
The integration of AI into chest radiography has 
significantly enhanced diagnostic accuracy, reduced 
interpretation time, minimized observer variability, 
and improved radiology workflow efficiency, 
thereby supporting timely clinical decision-making 
and improving patient care. 
The reviewed literature confirms that advanced deep 
learning architectures, including DenseNet, ResNet, 
and EfficientNet, achieve diagnostic performances 
comparable to those of experienced radiologists in 
several clinical applications. AI-assisted chest X-ray 
systems are particularly valuable in emergency 
settings, large-scale screening programs, and 
healthcare facilities with limited radiology 
expertise, where rapid and reliable image 
interpretation is essential. Furthermore, AI-driven 
workflow optimization contributes to improved 
reporting consistency, prioritization of urgent cases, 
and more efficient utilization of radiology resources. 
Beyond its clinical advantages, deep learning also 
plays an important role in promoting 
environmentally sustainable radiology. AI-assisted 
image quality assessment and positioning analysis 
help reduce repeat chest X-ray examinations by 
ensuring diagnostically acceptable images are 
acquired during the initial examination. The 
reduction in repeat imaging minimizes unnecessary 
patient radiation exposure while decreasing 
electricity consumption, equipment operating time, 
maintenance requirements, and overall healthcare 
resource utilization. In addition, AI-supported 
digital radiography facilitates paperless reporting 
and reduces dependence on conventional X-ray 
films and chemical processing solutions, thereby 
supporting greener healthcare practices and 
reducing the environmental footprint of diagnostic 
imaging. 
Despite these promising advancements, several 
challenges remain before the widespread 
implementation of AI in routine clinical practice. 
The performance of deep learning models depends 
on the availability of large, diverse, and well-
annotated datasets, while concerns related to 

algorithm transparency, data privacy, ethical 
considerations, regulatory approval, and clinical 
validation must continue to be addressed. AI should 
therefore be regarded as a complementary decision-
support tool that augments, rather than replaces, 
radiologists' expertise and clinical judgment. 
Future developments in explainable artificial 
intelligence, multimodal imaging, federated 
learning, automated quality assurance, and real-time 
clinical decision support are expected to further 
enhance the accuracy, reliability, and clinical 
applicability of deep learning systems. 
Simultaneously, these innovations have the potential 
to strengthen sustainable radiology practices by 
optimizing imaging workflows, conserving energy, 
minimizing healthcare waste, and promoting 
efficient resource utilization. 
In conclusion, deep learning has revolutionized 
chest X-ray analysis by improving diagnostic 
accuracy, enhancing workflow efficiency, 
supporting evidence-based clinical decision-
making, and contributing to environmentally 
sustainable healthcare. Continued research, 
multidisciplinary collaboration, ethical 
implementation, and responsible integration of AI 
technologies will be essential for maximizing both 
the clinical and environmental benefits of artificial 
intelligence, ultimately advancing safer, smarter, 
and more sustainable radiology services worldwide. 
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