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Abstract

Lung cancer, a leading cause of global malignancy-related deaths, poses challenges due to late-stage
diagnoses and diverse features in imaging and histopathology. Traditional approaches relying on
clinical trials and expert opinions lead to time-consuming processes. Integrating artificial intelligence
(Al) addresses these challenges, employing data-driven algorithms for prediction and classification.
As Al subclasses, machine learning (ML) and deep learning offer sophisticated models that overcome
historical computational obstacles. Al is crucial in lung cancer detection, spanning screening to
diagnosis, especially in asymptomatic cases. Challenges in lung cancer screening underscore the need
for accurate methods. Al improves the accuracy of low-dose computed tomography (LDCT) for lung
cancer detection, with computer-aided diagnosis systems and Al-based programs enhancing
radiologists' sensitivity and reducing false-negative rates. The narrative review explores Al
applications in lung cancer detection, focusing on its role in the clinical workflow. The article
introduces a deep-learning framework for chest radiography analysis, featuring a novel approach with
a deep convolutional neural network (DCNN) algorithm-based software. The DCNN aids radiologists
in detecting malignant pulmonary nodules, exhibiting improved sensitivity and reduced false-positive
rates. While the study suggests potential clinical effectiveness, challenges in generalizability exist. In
chest CT screening, Al algorithms match radiologists' performance levels. Collaborative approaches,
such as concurrent reading and second-reader paradigms, show increased sensitivity and reduced
interpretation time. Ongoing research and validation are emphasized for practical integration into
routine clinical practice. Whole Slide Imaging (WSI) integration with Al and deep learning
transforms cytopathology, enhancing pathologists' efficiency. The combination facilitates tumor cell
recognition and segmentation and predicts gene mutations, envisioning Al assisting pathologists in
routine tasks for personalized treatment decisions.

The future trajectory of Al in lung cancer focuses on overcoming challenges through federated
learning and proposes "Medomics™ for holistic insights. Despite promising results, real-world
implementation faces barriers requiring infrastructure development. This comprehensive review
provides insights into the evolving landscape of Al applications in lung cancer detection, showcasing
advancements and highlighting avenues for future developments with the potential to revolutionize
lung cancer diagnosis and treatment.

INTRODUCTION
Lung cancer, being a leading cause of malignancy-related deaths globally, poses significant
challenges due to late-stage diagnoses and the heterogeneity of imaging and histopathological
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features. [1] The intricate decision-making process for treatment options requires consideration of
clinical staging, histopathology, and genomic features. Traditional approaches rely heavily on clinical
trials and the expertise of doctors, leading to time-consuming processes for accurate diagnosis and
treatment planning [2-4]. Integrating artificial intelligence (Al) into the field of lung cancer offers a
promising solution to streamline and enhance the decision-making process. Al, a data-driven
algorithm, utilizes existing data for prediction and classification. It comprises vital components,
including the training dataset, pretreatment methods, algorithms for generating prediction models,
and pre-trained models to expedite model building based on prior experience. Machine learning (ML)
and deep learning are subclasses of Al, with deep learning incorporating multiple layers for feature
selection and model fitting simultaneously [5-8]. Historically, the computational demands of
developing multidimensional algorithms for image analysis have been a hindrance, requiring
extensive time and resources. Advances in chip technology and software optimization have
significantly increased computational power, enabling the development of more sophisticated
prediction models. Traditional models, such as decision trees (DTs) and support vector machines
(SVMs), have been complemented and surpassed by deep learning models like artificial neural
networks (ANNs), convolutional networks (CNNs), recurrent neural networks (RCNNs), long-term
and short-term memory (LSTM), and generative adversarial networks (GANSs). In the 21st century,
the integration of Al into human life, particularly in the medical field, has become prominent. The
heterogeneity of lung cancer makes it an ideal candidate for Al applications, with numerous studies
showcasing its effectiveness in lung nodule detection, histopathological diagnostics, disease risk
stratification, drug development, and prognosis prediction. This narrative review explores the
integration of Al and medical imaging for lung cancer detection, presenting Al models and their
applications across the clinical workflow, encompassing screening and diagnosis [9-12].

There are challenges associated with detecting lung cancer in asymptomatic patients, and it
emphasizes the significance of screening methods. Approximately 7% of lung cancer patients are
asymptomatic, and over half of those undergoing lung cancer resection exhibit no symptoms [13].
Various screening methods, such as imaging, sputum cytology, blood tests, and breath tests, have
been attempted. However, only imaging, specifically low-dose computed tomography (LDCT), has
demonstrated the ability to diagnose lung cancer earlier and improve patient survival. [14] While
chest X-rays (CXRs) are commonly used, LDCT has proven more effective in diagnosing lung
cancer. The repetitive nature of the imaging workflow provides an opportunity for artificial
intelligence (Al) to play a role, as extended reading can cause eye fatigue and potential errors in
interpretation. Mistakes in reading CXR or LDCT images are common and can lead to malpractice
lawsuits. Despite the expertise of radiologists, approximately 20% of lung nodules smaller than 3 cm
are missed [15, 16]. Integrating computer-aided diagnosis systems or Al-based programs has
improved the accuracy of pulmonary nodule detection on CXRs. The sensitivity of radiologists
increases with the assistance of Al, leading to a reduction in false-negative rates and a significant
impact on diagnosis in 6.7% of cases. In CT images, Al-based programs have demonstrated a
sensitivity of more than 90% in detecting lung nodules. The ongoing integration of Al into lung cancer
screening protocols is highlighted as a promising development. [17, 18]

Medical Imaging and Lung Cancer Detection

A deep-learning framework for the automatic analysis of Chest radiography images

Chest X-rays (CXR). Chest radiography remains the prevailing radiological method for lung cancer
screening despite its acknowledged limitations compared to low-dose CT [19]. Chest X-rays (CXR)
represent the most frequently utilized imaging modality in the medical field, thoroughly examining
the patient's thorax with a radiation exposure of 0.1 mSv, equivalent to 10 days of natural background
radiation. The development of computer-aided diagnosis (CAD) systems for CXR dates back to the
1960s [20], initially involving manual labeling of image features like shape, size, intensity, and
texture before further analysis. In the digital era, computers can directly analyze images, with radio
mics expanding the definition of image features by computing pixel-by-pixel and expressing the
region of interest as a large matrix through mathematical techniques. Studies indicate that revisiting
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baseline chest radiographs during follow-up examinations can reveal previously overlooked lung
cancer nodules, with up to 90% being identified as the mass grows in size [21]. Various factors
contribute to misdiagnoses, such as overlooking nodules, ignoring subtle densities, and experiencing
the satisfaction of searching when another abnormality is detected [22-24]. Challenges in detecting
lung nodules on chest radiographs arise from lesion characteristics, including size, density, and
location [25-27].

To overcome these challenges and enhance the efficacy of chest radiography, the studies introduce
the concept of computer-aided detection (CAD) software. Previous studies, including one by Kakeda
et al. in 2004, demonstrated the utility of CAD in analyzing radiographs with nodules, albeit with an
average false-positive rate of 3.15 per image. The struggle to distinguish true-positive from false-
positive markings limited the improvement in the cancer-detection rate, as de Hoop et al. noted in
2010. Xu et al. (2011) reported that false positives generated by their CAD software were often
identified as typical anatomical structures, making them easily dismissible by radiologists. Building
on the premise of CAD, the paper introduces a novel approach utilizing a deep convolutional neural
network (DCNN) algorithm-based software for detecting malignant pulmonary nodules on chest
radiographs. The study involved the evaluation of frontal chest radiographs from four different
centers by 12 readers with varying experience levels. The DCNN software demonstrated an overall
sensitivity of 67.3% and a low false-positive rate of 0.2 per image. Radiologists exhibited a 5.2%
improvement in average sensitivity when re-reviewing radiographs with the assistance of the DCNN
software, with one center not showing an increase in sensitivity. The software-aided session
successfully detected 15% of previously missed nodules, accompanied by a reduction in false
positives per image. The study's findings suggest that the DCNN algorithm-based software can
improve the clinical effectiveness of chest radiography in detecting malignant pulmonary nodules.
However, the variations in sensitivity improvement among centers indicate potential challenges in
generalizability. The reduction in false-positive marks per image is a notable improvement compared
to previous CAD software studies [28-30].

The DCNN software not only facilitated the identification of missed nodules but also assisted in
dismissing false positives. When considering sensitivity alone, the DCNN software exhibited a
sensitivity (67%) comparable to other studies, such as IQQA-Chest Workstation and OnGuard
version 5.2, which detected 76% and 78% of lung nodules, respectively. The study's standard of
reference is that nodules detected by CT scan might have affected sensitivity, particularly for subtle
or non-visible part-solid and ground-glass nodules. The DCNN software's performance alone
resembled the average performance of radiologists, with variations among centers potentially linked
to differences in difficulty levels. The stand-alone DCNN software demonstrated a significantly lower
false-positive rate of 0.2 marks per image than previous studies. The DCNN-based algorithm showed
false-positive rates ranging from 0.02 to 0.34 per image, contrasting the higher rates reported in most
CAD software studies. This study differed in generalizability, conducting image selection and review
with a uniform protocol across four centers on three continents, incorporating diverse nodule
phenotypes and patient populations. However, the study had limitations, including the retrospective
manual collection of radiographs, spectrum bias due to the exclusion of specific images, and a
predetermined nodule size criterion. The study did not adjust for the ratio of abnormal to normal
radiographs and lacked a time interval between stand-alone and software-aided sessions, potentially
introducing recall bias. The absence of lateral radiographs and the study's selective inclusion criteria
may impact external validity. This multicenter study suggests that a commercially available DCNN-
based algorithm performed comparable to 12 radiologists in detecting malignant lung nodules on
chest radiographs. The DCNN may contribute to reducing false-positive examinations for nodule
detection, but further studies with a crossover design are warranted to validate these findings. [30-36]
Furthermore, Radiomics, based on mathematical principles, assigns the computer the task of dealing
with the various image qualities of CXR. For accurate radiomics data, image augmentation is crucial
before nodule detection, involving procedures like pre-processing, lung segmentation [37- 39], and
rib suppression [40]. Malignancy/benign classification underwent further analysis using distinct
algorithms. Decision tree-based algorithms were prevalent before 2011, but deep learning-based
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algorithms demonstrated their prowess in image analysis thereafter. CheXNet, a deep learning
algorithm trained on Chest-Xrayl14, a vast CXR database, surpassed radiologist performance in
detecting 14 pulmonary diseases, including lung nodules and masses, with AUROCs of 0.78 and 0.87,
respectively [41]. Subsequent deep learning models improved sensitivity to 0.83 at a false-positive
rate of 0.2 per CXR [42]. Presently, several FDA-approved software programs are available [43-45].

Artificial intelligence for detection and characterization of lung cancer CT screening

Chest CT Screening

Artificial Intelligence (Al) broadly refers to computer systems that interpret and learn from data to
accomplish specific tasks. Deep learning, a methodology enabling computers to learn high-
dimensional features from extensive data, has significantly advanced Al systems. The breakthrough
occurred in 2012 when Krizhevsky et al. successfully implemented a convolutional neural network
(CNN), surpassing existing algorithms in the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC). This method finds applications in various fields, including autonomous driving, natural
language processing, big data analytics, and medical image interpretation. In medical image analysis,
CNNs are the preferred methodology, demonstrating performance comparable to or exceeding human
capabilities on numerous tasks. The exploration of algorithms for automatic detection and
characterization of pulmonary nodules on CT scans began over two decades ago, with a notable surge
in studies over the past decade. This escalation can be attributed to the widespread adoption of deep
learning, the organization of challenges, the availability of public datasets, and the imminent
implementation of lung cancer screening. [46-47]

They are ensured that the minimum quality level is imperative for both human and artificial
intelligence (Al) diagnostic assessments of CT scans. In the context of screening, maintaining a low
radiation dose is crucial. Historically, high-quality scans with an average effective dose of 1.5 mSv
were achievable, particularly in lung cancer screening trials such as the NLST. Technological
advancements since 2009 have introduced iterative reconstruction algorithms to clinical practice,
offering a significant improvement over filtered back projection by iteratively refining reconstructed
images to enhance overall image quality and reduce artifacts. The progress in iterative reconstruction
has facilitated the implementation of ultra-low-dose CTs, approaching radiation doses comparable to
X-rays for chest scans (approximately 0.5 mSv on average). Deep learning techniques have further
contributed to optimizing radiation dose and reconstruction time in recent years. A pilot study
demonstrated the visibility of all nodules >2 mm in standard low-dose CT scans replicated in ultra-
low-dose images. Additionally, an independent study reported higher sensitivity in ultra-low-dose CT
with iterative reconstruction compared to low-dose CT with filtered back projection. These findings
underscore the potential of integrating deep learning techniques to enhance radiation dose efficiency
and image reconstruction in CT scans, offering promising avenues for improved screening outcomes
[48-50].

The current landscape of Al algorithms for lung cancer detection on CT scans suggests that they may
have reached a performance level comparable to that of radiologists, marking a significant
advancement in the field. However, the need for further validation of these claims remains imperative.
Previous studies primarily focused on individual performance assessments, needing an exploration of
collaborative efforts between Al and radiologists. It is acknowledged that specific tasks pose varying
difficulty levels for radiologists and Al algorithms, and collaboration might be advantageous. For
example, sub-solid nodules, less contrasting with lung parenchyma, are often challenging for
radiologists to detect. Conversely, Al might struggle with irregular nodules due to their rarity in
training data.

Three paradigms for human-Al collaboration have been proposed: second reader, concurrent reader,
and first reader. In the second reader scenario, the Al aids the radiologist after their initial assessment,
allowing for a comprehensive review. Contemporary reading involves immediate access to Al results,
influencing real-time image interpretation. The first reader paradigm confines radiologist assessment
to Al-detected nodules, enhancing efficiency but potentially missing nodules overlooked by the Al.
Several studies have explored the second reader paradigm, demonstrating increased nodule detection
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sensitivity. Wormanns et al. [51] showed that a commercial Al system had similar sensitivity to
radiologists individually but, as a second reader, exhibited higher sensitivity with an increased false
positive rate. Subsequent studies confirmed these findings. In a concurrent reader scenario, a
commercial Al system generating a second CT image with suppressed vessels and detected nodules
demonstrated increased sensitivity, reduced specificity, and decreased interpretation time. Alternative
screening workflow strategies have been explored, such as trained technicians supported by Al for
prescreening, showing high sensitivity and specificity, making it a viable option for triaging scans for
radiologists. The replacement of radiologists with technicians, supported by Al, offers a potential
avenue for more cost-effective and feasible screening, particularly in regions facing a shortage of
radiologists. While these collaborative approaches show promise, ongoing research and validation
are crucial for their effective integration into routine clinical practice [52-60].

Table 1 Summary of the current state and next steps needed for detection and characterization of pulmonary nodules in lung cancer CT screening

Task Current state Next steps

Detection, segmentation * Numerous publications presenting good * Evaluate the performance of Al for pathologically proven

and classification performance; cancers in solid nodules instead of suspicious nodules defined
* Commercial systems are available for clinical by a consensus of radiologists;
use as second or concurrent reader * Continue evaluation studies with novel deep learning-based

Al systems in multi-center studies;
* Investigate workflows in which Al + trained technicians can
triage screening CT scans to be sent for review by radiologists

Malignancy prediction  ® Recent publications show performance * Evaluate the effect of an Al risk score on the performance of
better than or on par with radiologists; radiologists; initiate multi-center evaluation studies;
* Results from Kaggle DSB 2017 demonstrate * Evaluate whether and how an Al risk score can be integrated
the potential of Al for malignancy prediction;  into nodule follow-up guidelines

* No commercial systems available that
provide a malignancy risk score

Table 1 Summary of the current state and next steps needed for detecting and characterizing
pulmonary nodules in lung cancer detection [61].

Table 1 provides an overview of the current status and future directions in identifying and
characterizing pulmonary nodules in lung cancer CT screening. Existing literature indicates that
advanced Al systems designed for detecting and characterizing lung nodules demonstrate
performance levels comparable to those of seasoned radiologists. Numerous Al investigations
introduce innovative frameworks for nodule detection in the lungs, with the reference standard
established through the consensus of radiologists.

Recent research has indicated that artificial intelligence (Al) is rapidly approaching, if not already
achieving, performance levels comparable to radiologists in various tasks essential for the current
reporting frameworks in lung cancer screening. In its present state, Al algorithms support radiologists
in interpreting CT scans for lung cancer screening. Future investigations should prioritize large-scale
validation of innovative deep learning-based algorithms and explore new reading paradigms. If Al-
assisted trained readers can efficiently triage regular scans, it could significantly enhance the cost-
effectiveness of screening. The impact would be more pronounced if fully autonomous algorithms
were allowed to perform triage independently by identifying potentially abnormal CT scans for
radiologist review. However, ensuring independent algorithms' safe and responsible use requires
more comprehensive implementation than scenarios where a trained reader is still involved [61].

Integrating Artificial Intelligence (Al), Deep Learning (DL), and Whole Slide Imaging in Lung
Cancer Diagnosis

The introduction of Whole Slide Imaging (WSI) represents a significant milestone in the evolution
of modern digital pathology. WSI relies on specialized slide scanners capable of converting glass
slides into high-resolution digital images. Once stored on a server, pathologists can access these
digital images on their computers or handheld devices. The approval of two vendors for WSI systems
for primary diagnosis by the FDA in 2017 marked a pivotal moment, emphasizing the potential of
digital pathology in healthcare [62, 63]. Drawing parallels with DICOM (Digital Imaging and
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Communications in Medicine) in diagnostic radiology, efforts have been made to integrate WSI into
PACS (Picture Archiving and Communication System) systems, facilitating the seamless adoption of
digital pathology in hospitals and promoting information exchange [64,65]. This integration has
paved the way for establishing digital pathology networks, enabling the sharing of expertise for
consultations and making education accessible across geographical boundaries [66]. Each digital slide
generated through WSI is characterized by its large size, potentially containing over 4 billion pixels
and exceeding 15 GB when scanned at a resolution of 0.25 micrometers/pixel, equivalent to 40x
magnification [67-69]. The massive data generated by WSI opens up new possibilities with recent
advancements in Artificial Intelligence (Al) and Deep Learning (DL), particularly in image
classification, segmentation, and transformation. This convergence of WSI and Al/DL creates a fertile
ground for various applications in cytopathology, expanding the scope of digital pathology beyond
traditional diagnostic practices.

Incorporating Al and DL into WSI not only enhances the efficiency of pathologists but also unlocks
new avenues for automating complex tasks, such as image classification and segmentation. The
combination of WSI and advanced Al techniques holds great promise for revolutionizing the field of
cytopathology, potentially improving diagnostic accuracy and expediting pathology workflows.
When detecting a lung nodule, obtaining information about its properties is crucial for effective
clinical decision-making. The gold standard for determining these properties involves acquiring tissue
samples through biopsy or surgery. While imaging features, as discussed earlier, offer insights into
the characteristics of the nodule, histopathological features play a significant role in influencing
subsequent treatment decisions. In the context of advancing digital technologies in radiology, the
advent of whole slide imaging (WSI) has paved the way for digital histopathology. WSI involves
capturing high-resolution images of pathology slides, enabling a comprehensive examination of tissue
samples. With the digitization of WSI data, artificial intelligence (Al) applications can play a vital
role in assisting pathologists with various tasks. This extends beyond traditional pathology practices
and encompasses tumor cell recognition and segmentation functions.

Integrating Al into digital histopathology not only aids in automating routine tasks but also holds
promise for enhancing the efficiency and accuracy of histopathological analysis. By leveraging Al
algorithms, pathologists can streamline their workflow, leading to more precise identification and
segmentation of tumor cells. This synergy between Al and digital histopathology exemplifies the
ongoing digital transformation in healthcare, offering new avenues for improving diagnostic accuracy
and patient care [68]. Coudray [69] showcases the potential of convolutional neural networks,
particularly Google's inception v3, as a valuable tool in diagnosing lung cancer from histopathology
slides. The neural network exhibited exceptional performance, almost unequivocally classifying
typical versus tumor tissues with an AUC of ~0.99 and distinguishing between different lung cancer
types with high accuracy (0.97 AUC). The sensitivity and specificity achieved by the model were
comparable to those of a pathologist. Notably, the algorithm demonstrated its utility in cases where
pathologists faced challenges, correctly classifying whole-slide images that had been misclassified
by at least one of the pathologists. The model's high accuracy persisted despite various artifacts in the
images related to sample preparation and preservation procedures. While the study's success is
evident, further improvement is needed. The dataset used to train the deep neural network might not
fully capture the diversity and heterogeneity pathologists observe in routine inspections, potentially
lacking features such as necrosis, blood vessels, and inflammation. To enhance performance,
additional slides containing these features would be crucial for retraining the network.

The study's application extends beyond simple classification, delving into predicting the mutational
status of genes like EGFR, STK11, FAT1, SETBP1, KRAS, and TP53. The model demonstrated
predictive capabilities for specific gene mutations, with STK11 mutations being predicted with the
highest accuracy (~0.85 AUC). The ability to predict both cancer type and gene mutations quickly
and inexpensively from histopathology images holds significant promise for advancing precision
medicine. Integrating deep-learning convolutional neural networks into pathology practices is a
valuable tool for assisting pathologists in classifying lung tissue whole-slide images. This assistance
could be particularly beneficial in speeding up the diagnosis and classification during intraoperative
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consultation, acting as an adjunct to telepathology. Looking ahead, the study envisions expanding the
classification scope to include other types of less common lung cancers and histological subtypes.
Additionally, the algorithm's extension to recognize a broader range of histologic features could
provide a quantitative and spatial assessment, aiding pathologists in routine tasks and complex cases.
The goal is to enable pathologists to focus on higher-level decisions, integrating histologic, molecular,
and clinical information for personalized treatment decisions [70-71]. The future trajectory of Al
applications in lung cancer is poised for significant developments, focusing on integration and
practical applications. One key challenge addressed in the future outlook is the integration of small
datasets to create large datasets for effective training. However, regulations on data sharing pose a
substantial obstacle for researchers. A proposed solution is federated learning, which shares trained
parameters instead of raw data. This approach involves training models separately at different
hospitals, sending only the trained models to a central server, and then reporting the final model back
to individual hospitals.

Furthermore, the future landscape of Al applications in lung cancer emphasizes the need for an
integrated approach combining various aspects such as radiology, pathology, demographics, clinical
data, and old and new technologies. Unlike previous research conducted in separate fields, this
holistic integration is believed to reflect the reality of lung cancer better. The concept of multi-omics
or "Medomics" is suggested, akin to the multidisciplinary teams in clinical lung cancer treatment.
Integrating different domain knowledge and multidisciplinary collaboration is deemed valuable for
future advancements [72-75]. Despite promising results in research and FDA approvals for some
products, the translation of Al applications into real-world clinical workflows remains a challenge.
Issues such as user interface design, data analysis speed, scalability of Al programs, internet
bandwidth, and resource consumption pose barriers to practical implementation. The call for
constructing more infrastructure is highlighted, indicating that further developments are needed
before the widespread adoption of Al-assisted approaches in lung cancer diagnosis and treatment [76-
80].

CONCLUSION

The article provides a comprehensive review of integrating artificial intelligence (Al) into lung cancer
detection, from screening to diagnosis, focusing on medical imaging and histopathology. The
application of Al in the context of lung cancer is particularly crucial due to the challenges associated
with late-stage diagnoses and the diverse features present in imaging and histopathology.

Screening Challenges and Al in Lung Cancer Detection

The challenges associated with detecting lung cancer in asymptomatic patients are highlighted,
emphasizing the importance of accurate screening methods. The review underscores the superiority
of low-dose computed tomography (LDCT) over chest X-rays (CXR) for lung cancer detection. Al
is positioned as a solution to enhance the accuracy of LDCT, reducing false-negative rates and
improving radiologists' sensitivity. The introduction of computer-aided diagnosis systems and Al-
based programs is showcased to alleviate the burden on radiologists and improve overall diagnostic
accuracy.

Deep Learning Framework for Chest Radiography Analysis

The article introduces a deep-learning framework for chest radiography analysis, featuring a novel
approach using a deep convolutional neural network (DCNN) algorithm-based software. The study
evaluates the DCNN software's performance in detecting malignant pulmonary nodules in chest
radiographs from four centers. The results suggest that the DCNN software can potentially improve
the clinical effectiveness of chest radiography, exhibiting enhanced sensitivity and reduced false-
positive rates. However, challenges in generalizability are acknowledged, indicating variations in
sensitivity improvement among different centers.
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Collaborative Approaches in Chest CT Screening

In the context of chest CT screening, Al algorithms are reported to match or exceed the performance
levels of radiologists. Collaborative approaches, such as second-reader paradigms, are explored to
improve sensitivity and reduce interpretation time. The article emphasizes ongoing research and
validation for effectively integrating these collaborative approaches into routine clinical practice. The
potential role of Al-assisted trained readers in triaging regular scans is highlighted for improved cost-
effectiveness in screening.

Integration of Al, Deep Learning, and Whole Slide Imaging in Cytopathology

Integrating Whole Slide Imaging (WSI) with Al and deep learning in cytopathology is discussed as
a transformative development. WSI, coupled with Al applications, is seen as a tool to enhance the
efficiency of pathologists, automating tasks such as image classification and segmentation. The
synergy between Al and digital histopathology is portrayed as a means to streamline pathology
workflows and improve diagnostic accuracy. The study showcases the success of convolutional
neural networks in classifying lung tissue and predicting gene mutations, emphasizing the potential
for advancing precision medicine.

Future Trajectory of Al in Lung Cancer

The review outlines the future trajectory of Al applications in lung cancer, emphasizing the challenges
of small datasets and proposing federated learning as a solution. The concept of "Medomics," an
integrated approach combining various aspects such as radiology, pathology, demographics, and
clinical data, is introduced for future developments. Despite promising results, the article
acknowledges the challenges in real-world implementation, pointing out issues such as user interface
design, data analysis speed, scalability, internet bandwidth, and resource consumption. The call for
infrastructure development signals the need for further advancements before the widespread adoption
of Al-assisted approaches in lung cancer diagnosis and treatment.

This narrative review provides a comprehensive overview of the current state and future directions of
Al applications in lung cancer detection. Integrating Al in medical imaging and histopathology is a
promising solution to overcome challenges associated with late-stage diagnoses and the heterogeneity
of lung cancer. The review highlights successful applications of Al in screening, chest radiography,
chest CT, and cytopathology, showcasing advancements and suggesting avenues for future
developments. However, the generalizability, data sharing, and real-world implementation challenges
underscore the need for continued research and infrastructure development in Al-assisted lung cancer
diagnosis and treatment.

In conclusion, the comprehensive review highlights the challenges posed by late-stage diagnoses and
the heterogeneity of lung cancer, emphasizing the limitations of traditional approaches reliant on
clinical trials and expert opinions. Integrating artificial intelligence (Al), particularly machine
learning (ML) and deep learning, emerges as a transformative solution. Al addresses challenges in
lung cancer detection, spanning screening to diagnosis, showcasing its potential in improving
accuracy, reducing false-negative rates, and enhancing clinical workflows. The article delves into a
deep-learning framework for chest radiography analysis, introducing a novel approach with a deep
convolutional neural network (DCNN) algorithm-based software. The DCNN demonstrates
effectiveness in detecting malignant pulmonary nodules, although challenges in generalizability are
acknowledged. For chest CT screening, Al algorithms achieve performance levels comparable to
radiologists, and collaborative approaches, such as concurrent reading and second-reader paradigms,
exhibit increased sensitivity.

Integrating Al with Whole Slide Imaging (WSI) transforms cytopathology, enhancing pathologists'
efficiency and facilitating tumor cell recognition, segmentation, and prediction of gene mutations.
Despite promising results, challenges in real-world implementation are underscored, necessitating
infrastructure development. Looking forward, the trajectory of Al in lung cancer emphasizes
overcoming challenges through federated learning and proposes "Medomics" for holistic insights,
integrating multidisciplinary aspects. While the review showcases advancements and potential, it
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acknowledges barriers to real-world implementation, calling for ongoing research, validation, and
infrastructure development for practical integration into routine clinical practice. The comprehensive
insights in this review underscore the evolving landscape of Al applications in lung cancer detection,
with the potential to revolutionize diagnosis and treatment [79-82].
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