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ABSTRACT

Screening for lung cancer has been seeing new developments, with a focus on emerging technologies and the integration of artificial intelligence.
While low-dose computed tomography shows promise in reducing mortality rates, challenges, especially regarding screening guidelines and radiation
exposure, have been known for a long time. Additionally, discrepancies in screening methods across countries have been challenging the necessity
of standardized protocols and cost-effective approaches. Liquid biopsy, particularly circulating tumor DNA analysis, presents a promising non-
invasive method for early lung cancer detection and monitoring. Recent studies highlight its potential in detecting genetic mutations, predicting
treatment responses, and monitoring minimal residual disease. However, standardization and clinical validation are crucial for widespread adoption.
Integration of artificial intelligence into lung cancer screening holds significant promise for enhancing accuracy and workflow efficiency, reducing
the burden on radiologists. Successful implementation necessitates validation, regulatory approval, and ethical considerations. Collaborative efforts
among clinicians, data scientists, engineers, and policymakers are crucial for translating research into practice, ultimately maximizing the impact of
artificial intelligence on patient outcomes. Continued research, validation, and collaboration are imperative for realizing the full potential of these
advancements and addressing challenges in clinical implementation.
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INTRODUCTION hand smoke exposure (1, 2). While smoking is recognized as a
significant risk factor for the development of lung cancer, the
incidence of lung cancer in individuals who have never smoked
remains steady or is on the rise (3). There are some other risk
factors such as marijuana use, asbestos exposure, and electronic
cigarettes (4, 5). The connection between marijuana use and
lung cancer is uncertain because of contradictory findings, while
the association with electronic cigarettes remains unclear, partly
due to the influence of prior or concurrent cigarette use and the
absence of long-term data (4). Asbestos exposure combines
synergistically with tobacco use, leading to higher rates of
lung cancer compared to either risk factor alone (5). Additional
risk factors include exposure to radon, hormonal factors, and
infectious factors (5). Chronic obstructive pulmonary disease

Lung cancer is a serious health condition affecting millions
worldwide, challenging both medical professionals and
patients alike. As one of the most prevalent and deadly cancers
globally, it warrants a thorough examination to understand
its complexities, advancements in treatment, and the evolving
landscape of hope for those affected (1). Each day, around 340
individuals succumb to lung cancer, a staggering figure nearly
2.5 times higher than the fatalities from colorectal cancer, the
second-leading cause of cancer-related deaths (1). According to
Cancer Statistics, in 2024, approximately 81% of the 125,070
lung cancer deaths will be directly attributed to cigarette
smoking, with an additional 3,500 deaths linked to second-
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and a positive family history are also linked to lung cancer, as
well as the tobacco exposure (5).

The biological mechanisms driving lung cancer are intricate,
and the tumors exhibit significant variability, making their
development still not fully comprehended (6). Recent
advancements in understanding pathways, detection
technologies for actionable genetic abnormalities, and the
development of new medications have enabled physicians
to customize treatment options. In lung adenocarcinoma,
several significant pathways that can be targeted have been
recognized, including epidermal growth factor receptor
(EGFR), phosphatidylinositol 3-kinase/AKT/mammalian target
of rapamycin, RAS-mitogen-activated protein kinases, and
neurotrophic tropomyosin-receptor kinase/ROS1, anaplastic
lymphoma kinase, mesenchymal-epithelial transition factor,
human epidermal growth factor receptor 2 (HER2) pathways (7,
8) (Figure 1). Numerous medications targeting these pathways
have been created and have demonstrated clinical advantages
(9). However, despite the disease control provided by targeted
therapy in non-small cell lung cancer (NSCLC), tumorsinevitably
develop resistance to drugs (9). Understanding the mechanisms
of resistance and creating combination therapies are crucial
for enhancing treatment outcomes (9). Despite challenges,
in recent years, the use of immune-checkpoint inhibitors,
primarily monoclonal antibodies that hinder the inhibitory
immune checkpoints cytotoxic T-lymphocyte associated
protein 4 (CTLA4) and programmed cell death protein 1 (PD-1),
along with its ligand programmed cell death protein ligand 1
(PD-L1), have transformed the approach to treating advanced-
stage NSCLC (7). These treatments offer long-lasting
disease management for specific patients, whether utilized
independently or in conjunction with other therapies, reshaping
the treatment landscape (7).

Targetable Pathways in Lung
Adenocarcinoma
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Figure 1: Targetable pathways in lung adenocarcinoma. Created with
BioRender.com.

EGFR: Epidermal growth factor receptor, PI3K: Phosphatidylinositol 3-kinase,
mTOR: Mammalian target of rapamycin, MAPK: RAS-mitogen-activated protein
kinases, NTRK: Neurotrophic tropomyosin-receptor kinase, ALK: Anaplastic
lymphoma kinase, MET: Mesenchymal-epithelial transition factor, HER2: Human
epidermal growth factor receptor 2
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In this review we aim to discuss the latest developments in the
diagnosis of lung cancer, worldwide screening programs, and
the role of artificial intelligence (Al).

Lung Cancer Screening in the World

Early detection through screening holds the promise of reducing
lung cancer mortality by facilitating timely intervention,
enabling curative treatments, and improving overall survival
(OS) rates. Numerous research endeavors have delved into
the significance of low-dose computed tomography (LDCT),
with the most extensive being the National Lung Screening
Trial (NLST) (10-14). In 2011, this trial revealed that there
was a 20% reduction in lung cancer mortality (with a 95%
confidence interval ranging from 6.8% to 26.7%) (10, 14). More
recently, another randomized clinical trial, Nederlands Leuvens
Screening Onderzoek (NELSON), concluded that there was a
notable decrease in lung cancer mortality among individuals
who received volume computed tomography (CT) screening
compared to those who did not undergo any screening (11). A
recent cohort study by Silvestri et al. (12) found that there was a
notable shift towards detecting early-stage lung cancer, which
was significant. However, adherence to lung cancer screening
(LCS) was lacking, which likely influenced the lower-than-
anticipated rate of cancer detection (12).

Screening for lung cancer is most beneficial when focused on
individuals with a high risk of developing the disease, and there are
various methods available to pinpoint these high-risk individuals.
The NLST and NELSON studies employed straightforward
criteria to identify individuals at high risk (10, 11). NLST targeted
individuals aged 55-74 years who had smoked at least 30 pack-
years and, if they quit, had done so within the last 15 years (10).
NELSON focused on individuals aged 50-74 years who had a
history of smoking more than 15 cigarettes per day for over 25
years or over 10 cigarettes per day for over 30 years, with recent
quitters within the past 10 years also included (11).

In any screening program, it is crucial that the advantages
outweigh the drawbacks. There are unique challenges specific
to LDCT LCS, such as effectively stratifying the risk of potential
participants, managing radiation exposure, and handling
incidental findings. Moreover, for a screening program requiring
extensive infrastructure, considerations of cost-effectiveness
and workforce are crucial. While data on these matters exists
within LCS trials, variations in methods and healthcare systems
among studies make it challenging to directly apply results
across different screening populations. The introduction of
different guidelines aims to standardize the reporting and
handling of findings from screenings, potentially lowering both
harms and expenses (13).

Screening methods may differ in different countries (15). In
Japan, systematic screening has been provided to all individuals
within the specified target demographic (men and women aged
40-79 years) using chest X-rays and sputum cytology (16).
Despite randomized controlled trials conducted in the United
States of America and Europe indicating that chest radiography
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is ineffective and that LDCT is effective in reducing mortality,
Japan continues to advocate for X-rays and sputum cytology
(16). LCS methods among countries and their advantages/
disadvantages are shown in Table 1.

Current Methods in Lung Cancer Screening

In 2013, the United States Preventive Services Task Force
(USPSTF), largely influenced by findings from the NLST,
endorsed yearly LDCT screening for individuals aged 55 to 80
years with a minimum 30 pack-year smoking history, regardless
of current smoking status or having quit within the previous 15
years (17). These guidelines were broadened following the more
recent NELSON trial outcomes, which demonstrated reduced
lung cancer mortality with LDCT in a population with a lower
overall risk, as well as insights gleaned from sophisticated
modeling studies (11). The current USPSTF recommendation for
LCS now extends to adults aged 50 to 80 years with at least a
20 pack-year smoking history, including current smokers or
those who quit within the past 15 years (18). In 2022, the Centers
for Medicare and Medicaid Services assessed the evidence for
Medicare coverage of LCS, adopting similar eligibility criteria,
albeit with a slightly lower upper age limit of 77 years instead
of 80 (19).

The current standards not only widen the scope of eligibility
and accessibility for LCS compared to the 2013 guidelines but
also demonstrate potential for improved health outcomes at
the population level (2). Computational modeling indicates
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that annual screening of individuals meeting the revised USPSTF
criteria could yield a 13.0% decrease in lung cancer mortality,
preventing 503 lung cancer fatalities and accumulating 6918
additional life-years per 100,000 individuals aged 45 to 90
years over their screening lifespan (3). By contrast, adherence to
the 2013 USPSTF recommendations was projected to achieve
a 9.8% reduction in lung cancer mortality, averting 381 lung
cancer-related deaths and accumulating 4882 extra life-years
per 100,000 individuals in the same demographic (20, 21).

In 2016, the Ministry of Health (MoH) in Turkiye organized
an LCS workshop, highlighting the significance of community
screening due to the epidemiological profile of lung cancer in the
country (22). Despite consensus on the importance of screening,
the feasibility of a nationwide program was questioned due to
occupational and environmental exposures, as well as concerns
about false-positive results and overdiagnosis, particularly in
regions endemic to tuberculosis infection (23). Consequently,
it was decided to initiate a regional pilot study in the Aegean
region (23). As of now, Tirkiye does not have an official LCS
program in place for high-risk or former smokers (23).

Despite the documented clinical benefits of LDCT LCS
recommended by the USPSTF, reports indicate significant
underutilization (24). The lack of widespread adoption of LDCT
screening since its inception stems from a multitude of factors.
Following the release of the NLST and NELSON findings and
subsequent guideline recommendations, LCS has remained

Table 1. Lung cancer screening methods among countries and their advantages/disadvantages (15).

Country Screening method Advantages Disadvantages
Population’s negative attitude towards
High participation to screening (50% of radiation
Japan X-ray to men and women aged 40-79 eligible population)

years

Lower dose of radiation

X-ray based screening needs confirmation
with CT and this leads to both extra cost and
radiation

United States of Low dose CT to 50-80 years of age

High number of CT machines in the country

Low participation due to its cost (5% of
eligible population)

America with a 20 pack-year smoking history Phvsici ducated about .
ysiclans are educated about screening No discussion with GPs after the screening
Low cost of CT in the country Low trust to doctors in the society
Low dose CT to 50-74 years with a 20
China pack-year smoking history who are High awareness towards lung cancer in the High number of patients living in rural areas

current smokers or quit in the past 5
year

country

Free access to any hospital in the country

Low number of CT machines in the rural parts
of the country.

South Korea

Low dose CT to current smokers aged
54-74 years with a 30 pack-year
smoking history

Political support towards screening

Low cost of the CT

Low participation of patients due to “lack of
time”

Physician awareness is low about screening

Canada

Low dose CT to 55-74 years of age
who are currently or have previously
smoked and have a 20 pack-year
smoking history

Government support towards screening
Low cost of CT

High number of CT machines in the country

Lack of knowledge among citizens due to its
newer implantation

Lack of data about cost, participation rate
etc.

CT: Computed tomography, LCS: Lung cancer screening, GP: General practitioner
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a subject of contention among healthcare providers due to
uncertainties surrounding its applicability, associated costs,
benefits, and false positive rates (25).

Primary care providers' role in cancer screening, including
assessing eligibility and making referrals, contributes to the
low rate of LCS (26, 27). Challenges such as limited knowledge
of LDCT screening and competing patient health concerns
hinder referral rates, along with inconsistent recommendations
from primary care societies (26, 27). Additional concerns
surrounding LCS involve issues regarding insurance coverage
and cost-effectiveness. LDCT has been determined to be cost-
effective, as evidenced by seven separate analyses showing an
effectiveness ratio of US $100,000 or less per quality-adjusted
life years gained (28). Patients’ psychosocial characteristics and
attitudes towards cancer screenings also contribute significantly
to underutilization. LCS presents unique challenges compared
to established cancer screenings due to the perceived stigma
surrounding it as a disease primarily caused by smoking, which
can deter individuals from seeking screening (29). Therefore,
considering these negative aspects and utilizing evidence-
based data, the development of new screening methods could
enhance the effectiveness of screening programs.

The Newest Methods in Lung Cancer Screening
Liquid Biopsy

Liquid biopsy is a recent technology in oncology, especially
important in the treatment of lung cancer, the leading cause
of cancer-related deaths globally (1). This new non-invasive
approach analyzes circulating biomarkers in the blood, such as
circulating tumor DNA (ctDNA), circulating tumor cells (CTCs),
and exosomes and microRNAs, providing vital information
(30). This method allows us to understand tumor behavior,
which can alter treatment strategies tailored to the individual
characteristics of each cancer patient. The utilization of liquid
biopsy in lung cancer is important, given the disease’s typical
late diagnosis and poor prognosis. With early detection of
cancer through sensitive identification of ctDNA or other
biomarkers, liquid biopsy has the potential to initiate early
treatment, significantly improving patient survival rates. As
liquid biopsy technology advances, it becomes increasingly
precise, cost-effective, and integral to standard cancer care
protocols. The capacity of liquid biopsy to detect a wide range of
biomarkers, such as mutations, rearrangements, methylations,
and changes in gene expression, provides an integrated view of
the genetic landscape of cancer. These developments enhance
lung cancer therapy, moving toward a more targeted, effective,
and minimally invasive approach to managing one of the most
challenging diseases in modern medicine (30).

Circulating Tumor DNA

With these new technologies, ctDNA via liquid biopsies
represents a transformative approach that augments traditional
cancer detection and monitoring methods. This non-invasive
technique provides genomic profiling of tumors, which is
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necessary in the era of precision medicine (31). Utilizing ctDNA
analysis shows promising data in several key areas: early
detection of malignancy and minimal residual disease (MRD),
assessing the dynamic genetic landscape of tumors in response
to therapy, and predicting responses to immunotherapy (31).
The ability of ctDNA testing to detect genetic mutations and
alterations in blood samples allows oncologists to overcome
the limitations of standard tissue biopsies. Moreover, liquid
biopsies offer an integrated view of tumor heterogeneity and
provide insights into tumor genetics' evolutionary pathways,
thereby allowing for personalized treatment adjustments that
have the potential to improve patient outcomes (31). With their
promising applications, the sensitivity and specificity of ctDNA
assays require standardization and clinical validation to realize
their potential in routine clinical practice (31).

A recent study investigated the role of ctDNA as both a
diagnostic and a prognostic tool in lung cancer (32). It included
211 individuals suspected of having lung cancer, with 192
ultimately participating (32). These participants, who had an
average age of 63 years, provided blood samples before surgery
(32). The results showed the test had a sensitivity of 75% and
a specificity of 89%, revealing it has reasonable specificity but
moderate sensitivity for diagnosing lung cancer (32). The test's
positive predictive value was 98%, highlighting its power in
the detection of cancer presence (32). However, its negative
predictive value was only 35%, indicating a limitation in
excluding cancer when no ctDNA is found (32). A meta-analysis
from Qiu et al. (33) analyzed data from 27 studies involving
3110 participants, mainly from Asia, to assess the effectiveness
of ctDNA in detecting EGFR mutations in NSCLC. The results
showed that the ctDNA test has a sensitivity of 62% and a
specificity of 95.9%. This supports ctDNA as a non-invasive
alternative to tissue biopsy for guiding EGFR-Tyrosine kinase
inhibitors therapy in NSCLC (33).

Minimal residual disease in NSCLC can be defined as
micrometastases that remain after initial therapy (34). MRD
may be the cause of a metastatic relapse at other locations.
Although MRD monitoring and detection are frequently used
in patients with hematological malignancies, they can be
difficult to sample in patients with solid tumors because of the
low concentrations of CTCs, or components released into the
bloodstream by cancer cells (34). A meta-analysis evaluates the
effectiveness of ctDNA for detecting MRD in lung cancer (35).
The meta-analysis investigated ctDNA MRD detection methods,
including tumor-informed and tumor-agnostic approaches, across
different stages of lung cancer (35). Findings showed moderate
sensitivity and high specificity for ctDNA MRD predicting lung
cancer recurrence (35). A recent study by Chen et al. (36) explored
the application of ctDNA to detect gene mutations in patients with
early-stage NSCLC through targeted sequencing. Results showed
that this non-invasive method is especially beneficial in early-
stage NSCLC, where traditional biopsy techniques may fail (36).
The research demonstrated that ctDNA screening has a sensitivity
of 53.8% and a specificity of 47.3% (36).
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Circulating tumor DNA can also be used to monitor the efficacy
of immunotherapy for NSCLC (37). A study was designed with
28 patients who received PD-1 or PD-L1 inhibitors (37). Then,
next-generation sequencing was used to measure changes in
ctDNA, defined by a greater than 50% reduction in the mutant
allele fraction from the baseline, confirmed by a subsequent
measurement (37). Notably, ctDNA provided an early indication
of treatment response, with a median time to initial response
of 24.5 days compared to radiographic responses, which were
72.5 days, illustrating ctDNA's faster detection capacity (37).
Furthermore, patients demonstrating a ctDNA response
experienced significantly extended progression-free survival,
with a hazard ratio of 0.29, and improved OS, with a hazard ratio
of 0.17 (37).

DNA methylation alterations, together with other tumor-
derived characteristics, are emerging as promising biomarkers
for lung cancer (38, 39). A recent study focuses on developing
and validating a ctDNA methylation-based assay to aid in the
early detection and diagnosis of lung cancer (40). This case-
control study has participants from various clinical centers,
including patients with lung cancer, benign lung disease,
and healthy individuals (40). A quantitative polymerase
chain reaction assay, LunaCAM, was created in two models:
LunaCAM-S for screening, prioritizing sensitivity, and
LunaCAM-D for diagnostic aid, emphasizing specificity (40). The
validation of these models involved profiling DNA methylation
on 429 plasma samples, yielding significant markers capable
of distinguishing lung cancer from benign diseases and healthy
conditions with high accuracy (40). In one meta-analysis of the
diagnostic performance of methylated ctDNA for lung cancer
detection, data from 33 studies were analyzed to assess the
effectiveness of methylated ctDNA as a diagnostic biomarker
(41). The results revealed variability in sensitivity and specificity
across different studies, with a summary sensitivity estimate
of 46.9% and a summary specificity estimate of 92.9% (41).
The diagnostic odds ratio was 11.5, indicating the diagnostic
power of methylated ctDNA in distinguishing lung cancer cases
from controls (41). The area under the hierarchical summary
receiver operating characteristic curve was 0.81, demonstrating
sufficient diagnostic ability (41).

Circulating tumor DNA detection tests also predict the survival
outcomes of patients (42). Assaf et al. (43) used ctDNA to
predict survival outcomes in patients with metastatic NSCLC.
This phase 3 IMpower150 trial involves 466 patients and
assesses ctDNA at five different time points using a machine
learning model to predict OS (43). The model demonstrated
the capability to stratify patients into high-risk and low-
intermediate-risk groups based on ctDNA levels, with differences
in median survival times (43). Patients identified as high-risk
based on early ctDNA levels had a median OS of 7.1 months,
compared to 22.3 months for those in low-intermediate-risk
categories (43). ctDNA screening can also be used in disease
monitoring, and it has shown promising results (44).
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Artificial Intelligence

Artificial intelligence (Al) is becoming an important aspect in
the field of lung cancer detection (45, 46). Al algorithms that
have been trained on different datasets of medical images can
both help radiologists and clinicians, easing their workload
and improving patient care (45, 46). Al models can be used in
various ways to detect lung cancer (45, 46).

Low-dose CT scans (LDCT) are critical for reducing mortality
in lung cancer, however, repeated CT scans can have some
radiation-associated risks (47, 48). Deep-learning reconstruction
(DLR) offers a novel approach by extracting true information
from low-quality images, improving image quality without
trade-offs (47, 48). These models were used during the
Coronavirus Disease of 2019 pandemic (49). Another model,
ClariCT.Al (ClariPI), shows promising results in post-processing
imaging, particularly for ultra-LDCT (50). DLR is becoming
a reconstruction method for LDCTs, improving accuracy in
measuring lung nodule sizes while reducing radiation exposure,
especially for long-term follow-up patients (50).

Artificial intelligence used in this field is generally called
Computer-aided Diagnostic (CAD) systems. The CAD system
plays a critical role in LCS, particularly with the increasing
use of LDCT for early detection (51). These systems rely on
radiological images, typically collected from public databases
like LIDC-IDRI, LUNA16, ELCAP, and ANODEQ9 (51). These
public databases provide a diverse range of CT scans with lung
nodules, facilitating the development and training of CAD
algorithms. LIDC-IDRI, established by the National Cancer
Institute, is a widely utilized database containing chest CT
scans annotated by expert radiologists. LUNA16 is another
publicly available dataset specifically designed for training deep
learning algorithms for lung nodule detection. CAD systems
help radiologists by reducing observational errors, providing a
second opinion, and improving the diagnostic process (52, 53).

Convolutional neural networks (CNNs) are examples of CAD
systems that were developed in a multidisciplinary fashion,
demonstrating high sensitivity in nodule detection and aiding
specialists in the diagnostic process (46). Chi et al. (54) developed
a CNN-based system achieving a precision of 88%, a sensitivity
of 89%, and a specificity of 96%. Nasrullah et al. (55) utilized
CMixNet, achieving a sensitivity of 94% and a specificity of 91%,
analyzing nodules for classification as benign or malignant. Other
approaches, combining CNNs and data augmentation, achieved
an accuracy of 95% (45, 46). Hybrid networks combining CNNs
with novel three-dimentional (3D) frameworks like IR-UNet++
feature extraction techniques can achieve remarkable accuracy
in the categorization of lung histopathology images (45, 46, 56).
Cai et al. (57) employed MaskRCNN for nodule identification
with a sensitivity of 88.70% and provided segmentation and 3D
visualization capabilities. Manickavasagam et al. (58) developed
a CNN with five convolutional layers that reached high accuracy,
sensitivity, and specificity.
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After nodule detection, lung nodule segmentation presents
challenges due to its small size and proximity to edges or vessels
(59). Various segmentation systems, like U-Net and fully CNN,
are aiming to improve accuracy in that area (59). Different
algorithms were being developed for segmenting a lung nodule
(59). These models prioritize enhancing nodule boundaries,
especially near blood vessels and the pleural tissue (59). Pezzano
et al. (60) introduced a U-Net-based model with the Multiple
Convolutional Layers module, improving boundary definition.
Dong et al. (61) incorporated voxel and shape heterogeneity
properties, capturing variations in gray voxel values effectively.
Al-Shabi et al. (62) achieved outstanding results compared to
other models, with an area under the curve of 95.62%. These
models are making significant advancements in lung nodule
segmentation, particularly in challenging cases. By recognizing
these subtle patterns and abnormalities that may not be
seen with the human eye, Al systems hold the potential to
revolutionize LCS and diagnosis (46).

Virtual biopsy methods that use the spatial and temporal
heterogeneity of the tissues surrounding the solid tumors are
currently being developed. These virtual biopsy methods use
deep learning methods to detect non-invasive radiomic signals
or biological features related to clinical outcomes (63, 64). The
main goal is to replace surgical biopsies and histopathologic
analysis. Additionally, these techniques are advancing the
development of a personalized medical system. At the Mayo
Clinic in Rochester, Lee et al. (65) developed a machine-
learning technique known as Computer-Aided Nodule Analysis
and Risk Yield (CANARY). CANARY discovered nine distinct
radiomic signals defining the lung cancer spectrum (65).
CANARY as a virtual biopsy technique correlates directly with
adenocarcinoma invasion (65). In their study, Lafata et al. (66)
discovered that tumors exhibiting greater homogeneity and
attenuation on CT imaging were associated with detectable
ctDNA TP53 mutations and stable alterations in ctDNA content
during the early stages of therapy.

These models are not only used for nodule detection and
segmentation but also for clinical outcomes. Al models were
being developed to interpret medical data, predict tumor
metastasis, guide treatment decisions, and assess patient
prognosis. These new models are also offering personalized
medicine approaches to patients (45, 46). They are aiding
clinicians in the management, diagnosis, and prediction of
treatment outcomes. A model developed by Pérez-Morales
et al. (67) estimated lung cancer patients' outcomes when
the tumor was identified during screening by using radiomic
properties from the intratumoral and peritumoral regions.
Yu et al. (68) created a model to predict the mortality risk of
patients after first-line treatment by using data from patients
who had undergone surgery for stage | NSCLC. Cousin et al.
(69) conducted a study aiming to identify a CT-based delta-
radiomics signature for distinguishing individuals who are likely
to benefit from PD-1/PD-L1 inhibitors in advanced or recurrent
NSCLC.
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Interdisciplinary research efforts combining radiomics, digital
pathology, and machine learning hold promise for further
advancements in lung cancer diagnosis and prognosis. Al
applications for LCS are shown in Table 2.

The Road Ahead

Advancements in Al offer the potential to actualize harder tasks
such as identifying image-based biomarkers and detecting lung
nodules, which is another step towards personalized medicine.
By enabling non-invasive and repeatable cancer detection,
these innovations promise to enhance therapeutic management
significantly.

To fully realize the benefits of Al in healthcare, there's a need
for platforms that select various Al applications and integrate Al
technology into medical systems. This integration is crucial for
making Al a routine part of medical practice. There is also a need
for future Al applications in LCS protocols to optimize the entire
screening process (45, 46). This includes:

+ Personalized risk assessment: Pre-screening Al applications
will assess individual risk factors to optimize patient eligibility
criteria.

+ Low-dose imaging protocols: With deep learning-based
algorithms, image selection will employ low-dose protocols
to maintain high image quality while minimizing radiation
exposure.

« Automated nodule detection: Al systems will automate the
detection of lung nodules, reducing the workload onradiologists.

* Nodule characterization: Following detection, Al will aid in
characterizing nodules as benign or malignant, optimizing
resource utilization, and minimizing the likelihood of unnecessary
biopsies or surgeries.

Table 2. Artificial intelligence applications for lung cancer

screening

Function of the Al model Al application

Reducing the radiation and

. ) ) . ClariCT.Al (ClariP1) (50)
true information extraction from the image

LIDC-IDRI (51, 52, 53)
LUNA16 (51, 52, 53)
ELCAP (51, 52, 53)
ANODEO09 (51, 52, 53)
CMixNet (55)
IR-UNet++ (45, 46, 56)
MaskRCNN (57)

UNet (59, 60)

Lung nodule detection
(Computer-Aided Diagnostic Systems)

Nodule detection and 3D visualization
(Convolutional Neural Networks)

Nodule segmentation

FCN (61, 62)
Virtual biopsy CANARY (65)
Perez-Morales et al. (67)
Models designed for clinical outcomes Yu et al. (68)

Cousin et al. (69)

FCN: Fully Convolutional Network
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While the potential of Al in LCS is unlimited, several challenges
be addressed to unearth its full benefits. Integration of
Al algorithms into existing healthcare workflows requires
careful validation, regulatory approval, and implementation
strategies to ensure seamless adoption and compatibility
with clinical practice. Also, the ethical and legal implications
of Al in healthcare, including data privacy, transparency,
and accountability, must demand careful consideration.
Regulatory guidelines are essential to protect patient rights
and ensure the responsible development of Al technologies in
the medical field (46).

Collaboration between interdisciplinary teams of clinicians,
data scientists, engineers, and policymakers is crucial to driving
innovation into the real world. With partnerships between
academia, industry, and healthcare institutions, Al's impact on
LCS and beyond will be immense (70).

CONCLUSION

In summary, innovative technologies and analytical methods
are transforming our approach to lung cancer management,
offering new areas for early detection, personalized treatment,
and improved patient outcomes. However, ongoing research
and collaboration are crucial to maximizing the potential
and addressing the potential risks of these groundbreaking
advancements in clinical practice.
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