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ABSTRACT

Introduction and purpose

Artificial intelligence (AI), particularly machine learning (ML) and deep learning (DL), is revolutionizing radiology by
improving diagnostic accuracy and efficiency. This paper examines Al applications, especially convolutional neural networks
(CNNs), in diagnosing pulmonary diseases, such as pneumonia, tuberculosis, and lung cancer. The goal is to explore the impact
of these technologies and assess challenges in their integration into clinical practice.

Material and methods
This review is based on articles from the PubMed database, published between 2015 and 2024, using keywords such as artificial
intelligence in radiology, Al in medicine, Al in chest X-ray, and Al in chest-CT.

Results

Al, driven by ML and DL, has significantly enhanced medical imaging analysis, automating tasks that require expert
interpretation. CNNs excel in processing raw image data and identifying hierarchical features, surpassing traditional methods
in diagnosing lung diseases from radiographs and CT scans. Al systems demonstrate exceptional accuracy in detecting
pneumonia, tuberculosis, and lung cancer, providing rapid, consistent results, particularly valuable in resource-limited settings.
However, challenges persist, including the need for diverse training datasets, model interpretability, and integration into
existing workflows.

Conclusions

Al, especially CNN-based DL models, is reshaping radiology by advancing diagnostic capabilities. While it often outperforms
traditional methods, Al is best used to complement human expertise. Overcoming challenges in data quality, system integration,
and training is essential for broader clinical adoption. Continued research will enhance AI’s reliability and utility, ultimately
improving patient outcomes.

Key words: artificial intelligence, Al, lung disease.

Introduction

Artificial intelligence (AI) is revolutionizing radiology, transforming how medical imaging is analyzed and interpreted. Over
the past decade, the Al industry in radiology has witnessed exponential growth, with more than 100 companies and nearly 400
algorithms approved by the U.S. Food and Drug Administration (FDA). This growth reflects the transformative potential of Al
in addressing diagnostic challenges, such as identifying subtle abnormalities or quantifying irregular structures, tasks that often
surpass human capabilities [1].

Radiology is particularly well-suited for Al integration due to its digital foundation. Imaging data, governed by physical laws,
is more objective compared to other clinical information and is often paired with descriptive reports, facilitating the
development of accurate machine learning algorithms. Notably, 75% of FDA-cleared AI tools now target radiology, illustrating
the field's centrality to Al-driven healthcare innovation [a]. At the same time, the global shortage of radiologists has intensified
the need for Al to bridge diagnostic gaps. This need is particularly acute in regions like Japan, which has the fewest radiologists
per capita among OECD countries, but the highest number of CT and MRI machines per capita. Consequently, Al applications
in radiology, including for X-ray, CT, and MRI imaging, have become a prominent focus of research worldwide [2].

Recent advancements in Al have introduced transformer-based models that integrate multimodal data, including clinical
parameters, genomic information, and imaging data. These models promise to enhance diagnostic performance by mimicking
the multifaceted decision-making processes of radiologists. However, integrating such technology comes with challenges,
including system costs, domain specialization requirements, and ethical concerns [3]. Central to these concerns is the issue of
fairness. Bias in AI systems can result in unequal performance across patient groups, undermining equitable healthcare.
Addressing such biases requires diverse data sets, rigorous validation, and collaboration among stakeholders to ensure ethical
and inclusive Al deployment [2].

This review provides a comprehensive examination of Al's role in radiological imaging for pulmonary disease diagnosis. It
highlights current advancements, explores challenges such as bias and system integration, and discusses future directions. By
addressing these issues, this paper aims to promote responsible and equitable implementation of Al in radiology, ensuring its
benefits reach all patients.



Overview of Al Techniques in Radiology

Machine learning

Machine learning (ML) has become a cornerstone of radiological advancements, leveraging computational algorithms to
improve diagnostic accuracy and efficiency. At its core, ML, combines principles of statistics and computer science to analyze
vast datasets and develop predictive models. These models can be broadly categorized into supervised and unsupervised
learning approaches. Supervised learning, which relies on labeled data, excels in tasks where computers mimic human expertise,
such as detecting lung nodules in chest X-rays or interpreting electrocardiograms (ECGs) [4]. Unsupervised learning, in contrast,
identifies patterns in unlabeled data, enabling the discovery of novel disease subtypes, such as the identification of eosinophilic
asthma, which has guided precision medicine initiatives [4].

In radiology, ML algorithms are applied in various ways, including radiomics and deep learning. Radiomics involves extracting
high-dimensional features from medical images—such as texture, shape, and intensity parameters—that may be imperceptible
to the human eye. These features undergo a feature selection process, often facilitated by classical ML methods, to identify
those most relevant for clinical outcomes. On the other hand, deep learning, particularly using convolutional neural networks
(CNNs), has revolutionized image analysis by autonomously learning feature representations. CNNs gained prominence after
outperforming traditional algorithms in competitions like ImageNet in 2012, and their applications in medical imaging have
grown rapidly since 2015 [5].

Both radiomics and deep learning have unique strengths and limitations. Radiomics, while requiring predefined features and a
robust feature selection step, offers explainable outputs. Deep learning, although data-intensive and less interpretable, has
become the state-of-the-art in medical image analysis due to its superior performance in many diagnostic tasks. These
advancements have also driven the development of computer-aided diagnosis (CAD) systems, which assist radiologists by
highlighting potential areas of concern or suggesting differential diagnoses [5].

Machine learning continues to transform radiology, enabling tasks previously beyond human capabilities, such as integrating
complex data sources and uncovering subtle imaging patterns. Despite its challenges, such as the need for large datasets and
potential biases, ML represents a significant step forward in enhancing the accuracy and fairness of radiological diagnostics.
Deep learning

Deep learning (DL) has rapidly emerged as a transformative technology in many fields, including medicine. As a subset of
machine learning (ML), which itself falls under the broader umbrella of artificial intelligence (AI), DL utilizes algorithms
capable of learning from vast amounts of data to perform complex tasks. These tasks include, among others, image classification,
object localization, and anomaly detection. In the context of radiology, DL has demonstrated significant potential, offering the
ability to analyze medical images and assist in diagnosing various conditions with accuracy levels often comparable to or even
surpassing human experts [6, 7].

The rapid success of DL in many fields, particularly in image analysis, has been fueled by several factors, including the
availability of large datasets, increased computational power, and advancements in DL algorithms themselves. One of the key
breakthroughs in DL came with the introduction of convolutional neural networks (CNNs), which are specialized for tasks such
as image recognition. CNNs learn directly from the raw data, making them highly effective at processing medical images like
CT scans, X-rays, and MRIs, without the need for manual feature extraction. This ability to learn from data rather than relying
on pre-programmed instructions is a hallmark of DL and is a critical factor in its success [6, 8].

The impact of DL on medical image analysis has been particularly profound in radiology. Historically, the field has relied on
human expertise to interpret medical images, often with the assistance of conventional computer-aided detection (CAD)
systems. However, these traditional methods have faced limitations, especially when it comes to handling large amounts of
data and detecting subtle abnormalities. In contrast, DL-based algorithms excel in these areas, processing large volumes of
medical imaging data to detect conditions like lung cancer, tuberculosis, pneumonia, and even more complex diseases such as
pneumothorax and pulmonary embolism. The performance of DL models in these tasks has been so impressive that they are
now considered to be on par with or better than the abilities of experienced radiologists in some cases [6, 7].

One of the key successes in DL-based radiology has been its ability to detect and classify abnormalities with high accuracy.
For instance, chest X-ray (CXR) images, a cornerstone of thoracic radiology, have been a focal point for DL research. Studies
have demonstrated that DL models can accurately detect a wide range of thoracic abnormalities, including pneumonia, lung
nodules, and fractures. In some cases, DL algorithms have been shown to outperform traditional CAD systems, offering more
accurate and reliable results. In fact, recent research has shown that DL models can achieve performance levels exceeding
human expert accuracy in tasks such as pneumonia detection and lung cancer diagnosis [7]. This has generated significant
interest in the application of DL for clinical decision support, with the potential to enhance diagnostic accuracy and speed in
radiology.

The success of DL in radiology is closely tied to the availability of large and diverse annotated datasets. For DL algorithms to
be trained effectively, they require access to vast amounts of labeled data. In the case of radiology, this typically involves large
collections of medical images, such as X-rays and CT scans, that have been annotated with information about the presence of
various diseases and abnormalities. The development of open-source datasets, such as the NIH Chest X-ray dataset, which
includes thousands of labeled images for training purposes, has been instrumental in advancing DL in radiology. These datasets
enable DL algorithms to learn from a wide range of cases and generalize to new, unseen data, improving their performance and
robustness in real-world clinical settings [7, 8].

Despite the impressive performance of DL in medical imaging, there are challenges to overcome before these systems can be
fully integrated into routine clinical practice. One of the primary challenges is the need for DL models to handle the inherent
variability of real-world data. Medical images can vary greatly in terms of quality, resolution, and even the way in which they
are captured. As such, DL algorithms must be trained to deal with this variability to ensure consistent and reliable performance
across different datasets and imaging conditions. Additionally, while DL, models have shown excellent results in detecting
specific abnormalities, they may struggle when differentiating between diseases with similar radiologic findings. For example,
differentiating between different types of lung diseases, such as pneumonia, tuberculosis, and lung cancer, can be difficult for



DL algorithms due to the overlapping features of these conditions. This highlights the importance of further research to improve
the ability of DL models to handle complex, multi-disease diagnoses [7].

Another challenge is the integration of DL systems into the clinical workflow. Radiologists must be trained to work alongside
these Al tools and interpret their outputs effectively. While DL models can assist in diagnosing and detecting abnormalities,
they should be seen as a complement to human expertise rather than a replacement. The goal is to provide clinicians with
decision-support tools that enhance their ability to make accurate diagnoses, streamline workflows, and improve patient
outcomes. In practice, this means that DL algorithms must be tested, validated, and integrated in a way that ensures they can
function alongside human radiologists in a seamless and efficient manner [g], [f].

Looking forward, the future of DL in radiology is bright. With ongoing advancements in computational power, algorithmic
development, and dataset availability, DL is poised to play an increasingly significant role in medical imaging. Researchers are
exploring new techniques to improve the robustness and generalization of DL models, allowing them to handle a wider range
of conditions and imaging modalities. Furthermore, as more clinical data becomes available, DL. models are expected to
improve their accuracy and reliability, paving the way for broader adoption in clinical practice. In the near future, it is likely
that DL will become an integral part of radiology, helping to transform the way in which medical images are analyzed and
interpreted [6, 8].

Neural networks

Neural networks, especially Convolutional Neural Networks (CNNs), have emerged as powerful tools in the field of radiology,
enabling the automation of medical image analysis. CNNs are a specialized class of artificial neural networks (ANNs) designed
to recognize visual patterns in images by learning spatial hierarchies of features. Unlike traditional machine learning techniques,
which require manual feature extraction, CNNs perform both feature extraction and classification automatically. This ability
to handle raw image data without human intervention makes CNNs highly effective in radiology applications, such as image
classification, segmentation, and even the generation of radiology reports [6, 9]. These networks work by processing images
through multiple layers, including convolution layers, pooling layers, and fully connected layers, with each layer learning
increasingly complex features [8].

The fundamental strength of CNNs lies in their ability to identify low-level features, such as edges and textures, and combine
them into high-level representations like shapes and objects. This process occurs through a series of convolutions, where filters
or kernels are applied to the image to generate feature maps. These maps are then processed through non-linear transformations
to create more abstract representations [8]. As the network learns from large datasets, it becomes capable of detecting patterns
that are often too subtle or complex for human observers. For example, CNNs have been successfully used to detect tumors in
medical images, such as X-rays, MRIs, and CT scans, with accuracy levels that can exceed those of human radiologists [6, 8].
The increasing volume of research on CNNs has further solidified their role in the mining of medical data, contributing to the
development of tools that assist radiologists in clinical decision-making.

Despite their success, integrating deep learning, particularly CNNs, into radiology remains a challenge due to the technical
knowledge required to develop and deploy these models. Most radiologists are not formally trained in machine learning, which
creates a barrier to the widespread adoption of Al in clinical settings. To overcome this, efforts have been made to develop
educational tools that can help radiologists understand and use CNNs without needing extensive programming knowledge. One
such tool is an interactive graphical user interface (GUI) designed specifically for radiology trainees. This GUI, built using
Python and PyTorch frameworks, enables users to construct and train CNN models through a user-friendly interface [9]. By
simplifying the process of building deep learning models, these educational tools provide an accessible way for radiologists to
engage with Al and gain a better understanding of its potential applications in their field.

These educational interfaces are crucial for bridging the gap between machine learning experts and medical professionals. The
use of a GUI allows radiologists to experiment with CNNs and gain hands-on experience with deep learning techniques, which
could otherwise seem daunting. In practical terms, these interfaces offer an intuitive way for trainees to learn the concepts of
CNNs, perform tasks like binary classification on MR images, and explore how different CNN architectures work without
requiring prior coding skills. The usability of these systems has been positively evaluated by radiologists and neuroradiology
fellows, with feedback indicating that these tools significantly enhance their ability to apply machine learning in clinical
scenarios [9].

In addition to their educational value, CNNs are also helping to automate the labor-intensive process of radiological reporting.
With advancements in CNN architectures, such as VGG-16, ResNet, and SENet, these models can process complex medical
images with impressive accuracy and efficiency. By training CNNs on large datasets, including publicly available collections
like TmageNet, radiologists can fine-tune models to improve their performance for specific tasks, such as detecting specific
pathologies or generating structured reports from images [6, 8]. Moreover, the ability of CNNs to transfer learning from one
dataset to another further enhances their applicability in radiology. For example, a network trained on general image data can
be fine-tuned with radiological data to improve its diagnostic performance, even with limited labeled data for specific medical
tasks [8].

The application of CNNs in radiology is transforming the way radiologists work, improving diagnostic accuracy, and reducing
the workload associated with manual image interpretation. As these networks continue to evolve, they hold the potential to
greatly enhance clinical practice by offering faster and more reliable analyses of medical images. By making deep learning
more accessible through user-friendly educational tools, the integration of Al into radiology is becoming a more achievable
goal, empowering radiologists to use machine learning to improve patient outcomes and advance the field of medical imaging.



AI Applications in Radiological Analysis of Pulmonary Diseases

Pneumonia

Artificial intelligence (AI) is revolutionizing the detection and classification of pneumonia in radiological imaging by
enhancing diagnostic precision and efficiency. Utilizing deep learning models, Al systems analyze chest X-rays to detect
pneumonia-related abnormalities such as opacities, consolidations, and infiltrates. These systems are trained on expansive
datasets, allowing them to discern pneumonia from other pulmonary conditions with overlapping radiographic features [10].
Al's diagnostic capabilities are particularly valuable in resource-limited settings, offering support where expert radiologists are
unavailable [11]. Furthermore, Al systems enable faster image interpretation, potentially reducing delays in treatment initiation
and improving patient outcomes [12]. By automating routine tasks, these tools also allow radiologists to focus on complex
cases, thus optimizing the diagnostic workflow.

Tuberculosis

Artificial intelligence (AI) has become a transformative tool in the detection and classification of tuberculosis (TB) through
radiological analysis. Al-based algorithms, particularly deep learning models, are capable of identifying characteristic signs of
TB on chest X-rays, including cavities, nodules, and consolidations, with high accuracy. This capability is crucial in resource-
limited settings, where trained radiologists may be scarce, enabling earlier diagnosis and treatment initiation [13]. Additionally,
Al facilitates large-scale public health screening programs by processing large volumes of chest X-rays efficiently, reducing
the workload for clinicians and improving the speed of diagnosis [7]. Integration of Al into radiological workflows enhances
disease surveillance, supports decision-making, and addresses the global TB burden by bridging gaps in healthcare systems
[12]. As these technologies evolve, their potential to improve operational efficiency and patient outcomes is becoming
increasingly evident, contributing to more effective TB control measures worldwide.

Lung cancer

The role of artificial intelligence (AI) in radiological detection and classification of lung cancer has grown substantially,
offering significant improvements in both accuracy and efficiency. Al techniques, especially convolutional neural networks
(CNNs), are now commonly employed to analyze CT scans and identify malignant lesions, distinguishing them from benign
conditions based on subtle patterns such as irregularities in texture, shape, or growth rate. This capability allows for early-stage
cancer detection, which is crucial for improving patient outcomes and survival rates [13, 14].

Moreover, Al systems are designed to handle large volumes of imaging data, significantly reducing the burden on radiologists
and minimizing human error. This is especially important in the context of large-scale screenings, where the sheer number of
scans requires fast and reliable analysis. Studies show that Al can reduce inter-observer variability between radiologists,
providing more consistent results across different clinical settings [15, 16]. These models are also capable of identifying high-
risk patients and monitoring the progression of tumors over time, offering insights into how the disease develops and responds
to treatment [13, 17].

Incorporating Al into clinical workflows is particularly beneficial in underserved regions with a shortage of skilled radiologists,
as these tools can provide timely and accurate results, thereby improving access to diagnostic services and reducing healthcare
disparities. Al systems can also assess risk factors and integrate patient histories to offer a personalized approach to cancer
detection, suggesting the most appropriate treatment options and reducing the need for unnecessary interventions like biopsies
[15, 17]. With continued advancements, Al technologies are set to be a cornerstone in the future of lung cancer diagnosis and
management [13, 14, 16].

Chronic Obstructive Pulmonary Disease (COPD)

Artificial intelligence (AI) has become a transformative tool in the detection and classification of Chronic Obstructive
Pulmonary Disease (COPD) through radiological imaging. By analyzing chest X-rays and CT scans, Al systems, especially
those based on deep learning models, can detect subtle changes in lung structure, such as emphysema and bronchial wall
thickening, which are characteristic of COPD. These systems not only support early diagnosis but also enable the monitoring
of disease progression and effectiveness of interventions. Furthermore, Al offers the potential for automating the assessment
process, improving consistency, and reducing the burden on radiologists, ultimately leading to more efficient and personalized
care for patients with COPD [12, 18].

Comparison of AI and Traditional Diagnostic Approaches

Artificial intelligence (AI) is reshaping the landscape of radiology, particularly in the diagnosis and detection of lung diseases,
where it outperforms traditional methods in many ways. AI algorithms, particularly deep learning techniques, are capable of
analyzing large volumes of medical imaging data quickly, often detecting patterns that human radiologists might miss. This
capability is especially important for conditions such as pneumonia, tuberculosis, and lung cancer, where early detection is
crucial for improving patient outcomes [12, 13, 15].

In comparison to traditional diagnostic approaches, which rely on the skill and experience of radiologists to interpret X-rays
and CT scans, Al systems offer more consistent results and reduce the potential for human error. These AT models are trained
using vast datasets, enabling them to learn from a wide range of cases and provide highly accurate predictions, making them a
valuable tool in routine screening and diagnostics [18, 19]. However, while Al excels at identifying specific patterns in images,
traditional methods still play an essential role in complex or ambiguous cases where nuanced judgment is necessary.

A significant advantage of Al is its ability to prioritize cases, helping radiologists focus on the most critical or severe instances.
In this hybrid approach, AI does not replace human radiologists but rather supports them by enhancing their efficiency and
diagnostic accuracy [20, 21, 22]. Additionally, Al systems can continuously learn and improve, potentially providing even
better diagnostic capabilities in the future. Despite these advantages, challenges such as data privacy, system integration into
existing healthcare infrastructures, and regulatory approval must still be addressed before Al can become a widespread tool in
clinical practice [21, 22].



Ultimately, the combination of AI and traditional diagnostic approaches could lead to better healthcare outcomes, especially in
lung disease detection, where early intervention is often key.

Challenges in AI Integration for Radiological Imaging

The integration of Al in radiology, particularly for diagnostic imaging, presents several challenges that need to be addressed
for successful implementation. One of the primary hurdles is the quality and diversity of the training data used to develop Al
models. Al systems require large, diverse datasets that reflect different demographics and clinical settings to ensure that their
predictions are accurate across various populations. If the data used to train AI algorithms is limited or not representative, it
could lead to less reliable performance when the Al system is used in different hospitals or geographic locations, potentially
causing errors in diagnoses. AI models trained on data from a single institution, for instance, may fail to generalize well to
other environments [23, 24].

Another challenge is the interpretability of AI models. While these systems can deliver impressive results, many Al models
function as "black boxes," where their decision-making processes are not transparent. This lack of explainability makes it
difficult for clinicians to understand how the Al system arrived at a particular conclusion, which can undermine confidence in
its recommendations. This is especially problematic in complex diagnostic cases, where human judgment is critical [24, 25].
Additionally, integrating Al into existing radiological workflows can be disruptive and expensive. Healthcare institutions must
invest in the necessary computational infrastructure and train radiologists to effectively use Al tools, which can be both costly
and time-consuming [23, 24].

Finally, although AI holds promise in enhancing diagnostic accuracy and efficiency, it should not replace human expertise. Al
systems are likely to excel in routine cases but might not perform as well with more complex or rare conditions. Therefore,
radiologists will still need to be involved in final decision-making, using Al as a tool to support their expertise rather than
replacing it. This requires developing hybrid systems where Al assists in initial diagnostics, but human oversight remains
essential for ensuring quality and safety in patient care [25].

Conclusion

This work provides a comprehensive overview of Al techniques in radiology, focusing on machine learning (ML), deep learning
(DL), and neural networks, particularly convolutional neural networks (CNNs). ML has emerged as a fundamental tool in
improving diagnostic accuracy in radiology by analyzing vast datasets and developing predictive models. These models are
mainly divided into supervised learning, where labeled data is used to mimic human expertise, and unsupervised learning,
which helps identify new disease subtypes from unlabeled data. The application of ML in radiology has advanced through
radiomics, which extracts high-dimensional features from images, and deep learning, particularly CNNs, which autonomously
learn feature representations without manual input.

DL, a subset of ML, has revolutionized medical image analysis by providing highly accurate image classification, object
localization, and anomaly detection, especially in pulmonary diseases such as pneumonia, tuberculosis, and lung cancer. CNNs
are especially valuable in radiology, as they automate the entire process of image analysis, from feature extraction to
classification, which improves diagnostic speed and accuracy. However, the challenge with DL is its need for large, diverse
datasets and its "black-box" nature, which limits interpretability. Despite these challenges, DL models often surpass human
experts in image analysis, showing significant promise in clinical decision support.

In radiology, the use of Al in detecting diseases like pneumonia, tuberculosis, and lung cancer is reshaping diagnostics. Al can
identify subtle abnormalities in chest X-rays or CT scans that are sometimes missed by radiologists, thus improving diagnostic
precision, particularly in under-resourced areas. Moreover, AI models can handle large datasets and assist in monitoring disease
progression. Despite Al's potential, integrating it into existing clinical workflows presents challenges, including the need for
robust training datasets, system integration, and interpretability of AT models.

Neural networks, particularly CNNs, have shown great promise in automating medical image analysis and are instrumental in
generating radiology reports. While CNNs offer many advantages, such as reducing the radiologist's workload and enhancing
diagnostic accuracy, they also face challenges related to integration into daily practice. This is due to the lack of formal training
in machine learning for many radiologists, making it essential to develop user-friendly educational tools to bridge this gap.
Overall, Al is transforming radiology by enhancing diagnostic accuracy, improving workflow efficiency, and enabling faster
disease detection. However, the full potential of Al in clinical practice will only be realized through overcoming challenges
related to data diversity, model interpretability, and the integration of Al into existing healthcare systems. Future developments
in Al, alongside continued advancements in computational power, are expected to improve the generalization and accuracy of
these models, offering significant benefits in clinical decision-making.
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