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Cancer incidence continues to rise globally, driven by age-related accumulation of somatic mutations, with lung cancer
remaining a leading cause of cancer-related mortality. Conventional tissue biopsies are invasive and limited in their ability to
capture tumor heterogeneity and temporal evolution. Liquid biopsies, which analyze circulating tumor-derived biomarkers such
as circulating tumor DNA (ctDNA), cell-free DNA (cfDNA), methylation patterns, and fragmentomic features, offer a minimally
invasive alternative for longitudinal monitoring. When integrated with next-generation sequencing (NGS), these approaches
generate large, complex datasets that require advanced novel methods. This review synthesizes recent advances (2020–2025)
in artificial intelligence (AI)–assisted analysis of liquid biopsy data in lung cancer, with a focus on non-small cell lung cancer
(NSCLC). This review systematically evaluates studies employing machine learning (ML) and deep learning (DL) techniques,
including random forests, support vector machines, convolutional neural networks, and autoencoders. These models integrate
multi-omic biomarkers such as ctDNA mutations, cfDNA methylation signatures, fragmentomics, and copy number alterations.
Across studies, AI-enabled liquid biopsy analyses demonstrate improved sensitivity, specificity, and prognostic stratification
compared to conventional analytical approaches. Deep learning methods show particular strength in high-resolution methylation
and fragmentomic profiling, while classical ML models remain effective for survival prediction and risk stratification. Despite
challenges related to cohort size, data bias, and ethical considerations, integrating AI with liquid biopsy technologies represents
a transformative step toward precision oncology in lung cancer, enabling non-invasive early detection, personalized treatment,
and minimal residual disease (MRD) monitoring.
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Introduction

Cancer persists as the most prevalent and obscure disease in
current medicine1. It is estimated that in the United States,
618,120 people will die from cancer in 2025, corresponding
to approximately 1700 deaths every day2. Although medicine
in the field of oncology has become more efficient and ac-
curate in diagnosis, the rate of incidence is growing due to
somatic mutations developing over a person’s lifetime relative
to age. Germline mutations occur within the deoxyribonucleic
acid (DNA) in reproductive cells and are inheritable, passing
mutations down to offspring. In contrast, somatic mutations
occur in non-reproductive cells and are restricted to definite
tissues. Approximately 90% of cancer patients develop cancer
through somatic mutations3. Cancer is linked to both somatic
and germline mutations; however, the increase in cancer cases
in the past 10 years is attributed to increased age and the ac-
cumulation of somatic mutations over time1. Data collected
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from the World Health Organization [Figure 1] demonstrates
the cumulative risk by age (in %) in the top 7 most prevalent
cancers for males and females: pancreatic cancer, lung cancer,
colorectal cancer, melanoma of skin, prostate cancer, kidney
cancer, and breast cancer. Data were collected from the United
States of America (US) and from people aged between 30-84
years. Data were gathered from the past 39 years and specifi-
cally from the years 1978-2017.

The graph represents a strong positive correlation between
the risk of developing cancer and age in both males and fe-
males. Regarding males [Figure 1A], there is a linear growth
in the risk of developing cancer till the age of 50 years. How-
ever, from ages 51–84, there is an exponential growth in the
risk of cancer. Furthermore, the increased risk of developing
pancreatic cancer, kidney cancer, and melanoma cancer from
the ages of 51–84 is relatively low. There is approximately
an increase of ∼1.8%-2.3% risk of developing pancreatic can-
cer, kidney cancer, and melanoma cancer with age. However,
in males, the rate of developing colorectal cancer and lung
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Figure 1. Correlation of age and risk for cancer development in males (A) and females (B) using the 6 highest risk cancer types for each sex
in the USA.

cancer is relatively high between the ages of 55–84. There is
approximately an increase of ∼7.5–10.5% risk of developing
colorectal cancer and lung cancer between the ages of 55-84.
Similar data were collected from the World Health Organiza-
tion (GLOBALCAN), but for females [Figure 1B]. The graph
represents a similar increase in risk between the ages of 51-84
in kidney cancer, melanoma skin, and pancreatic cancer. Ad-
ditionally, similar to [Figure 1A], colorectal cancer and lung
cancer risk have a positive correlation between the ages of
51-84, increasing in risk of developing cancer approximately
∼5.5%–6% with age.

In summary, [Figure 1A] and [Figure 1B] both show the
highest increase in the risk of developing cancers with age,
separated by gender. In [Figure 1A], males have the highest
rate of developing prostate cancer at the age of 84, which is ap-
proximately 17%, and the rate of developing prostate cancer
at the age of 50 is approximately 0.8%. This shows an ap-
proximately ∼16.2% increase from the age of 50. Similarly,
females have the highest rate of developing breast cancer at the
age of 84, which is approximately 13.4%, and the rate of de-
veloping breast cancer at the age of 50 is approximately 2.5%.
This shows an approximately 10.9% increase from the age of
50. In conclusion, the data strongly support the increase in
cumulative risk of developing cancer as age increases in both
males and females. Although mutations are multifactoral due
to risk contributors such as lifetime exposures, smoking, obe-
sity, and immune changes, generally males and females older
than 50 years are more prone to developing cancer due to so-
matic mutations developing in the body.

Method

For this literature review, PubMed and Google Scholar were
used as the primary research engines. The literature search

was conducted between October 2025 and March 2026 to
identify relevant studies within the defined publication win-
dow. The keywords used included: “(Cancer) AND (Tumor
naive assays), (Cancer) AND (Tumor informed assays), (Can-
cer) AND (Tissue biopsy), (Cancer) AND (Liquid biopsy),
(Cancer) AND (ctDNA), (Cancer) AND (Next-generation
sequencing), (Cancer) AND (Multi-cancer early detection),
(Cancer) AND (Multi-omic Data), (Cancer) AND (Artificial
intelligence), (Lung Cancer) AND (Artificial intelligence),
(Lung Cancer) AND (Machine Learning), (Cancer) AND
(Treatment methods), (Cancer) AND (AI ethics)”. The ex-
clusion criteria are as follows: books, letters, pre-prints, non-
human studies, non-scholarly sources, and articles in lan-
guages other than English. The inclusion criteria are as fol-
lows: original research papers, literature review articles, clini-
cal trials, clinical reports, and data from the years 2020–2025.
A total of 295 articles were screened, of which 60 met the
inclusion criteria. Studies were first screened based on title
and abstract relevance, followed by full-text assessment for
eligibility according to the inclusion and exclusion criteria.
The methodological quality of included studies was evaluated
based on the study design, relevance to the review topic, and
clarity of reported methods. Studies were considered to meet
acceptable quality standards if they clearly described their
methodology, used validated analytical approaches, and re-
ported clinically relevant outcomes in lung cancer or NSCLC
contexts. Studies meeting the acceptable quality standards
were included in the literature review.

Understanding lung cancer development

The cellular and molecular attributes of cancer, often de-
scribed as the “Hallmarks of cancer”, support the classifi-
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Figure 2. PRISMA flow diagram summarizing the study selection
process for this review.

cation of therapeutic and tumor behavior strategies4. These
hallmarks of cancer encompass the important biological char-
acteristics tumor cells contain during cancer development,
including sustaining proliferative signaling, evading growth
suppressors, resisting cell death, enabling replicative immor-
tality, inducing angiogenesis, and activating invasion and
metastasis5. Four newer hallmarks include unlocking phe-
notypic plasticity, nonmutational epigenetic reprogramming,
polymorphic microbiomes, and senescent cells5. Integrating
multi-omics approaches, which include genomics, transcrip-
tomics, proteomics, metabolomics, and epigenomics, has be-
come necessary when deciphering hallmarks, offering valu-
able insights into tumor heterogeneity5,6.

Cancer is characterized as very heterogeneous. Cancer is
composed not only of one type of cell; rather, it is composed
of numerous types of cells throughout the body. Ultimately,
this characteristic of cancer makes it difficult to diagnose, as
it is highly variable in its cellular composition and molecular
features, showing its importance in deciding treatment and di-
agnosis. Cancer exhibits multiple forms of mutations, includ-
ing insertions, deletions, duplications, inversions, copy num-
ber variations (CNVs), and point mutations. Cancer is caused
by specific mutations that are abundant in two gene categories,
tumor suppressor genes and oncogenes. Somatic point muta-
tions are abundant in most cancer types, such as the KRAS

gene in colorectal cancer and the TP53 mutations in ovarian
cancer5. The proto-oncogene KRAS is responsible for cell
growth and division5. The oncogene KRAS can cause uncon-
trolled growth and tumor cell proliferation. The TP53 gene
is responsible for initiating apoptosis, and a mutation causes
an increased survival rate of mutated cells, causing neoplasms
in the body5. In addition, germline mutations can also lead
to cancer development. One example is the Hereditary Breast
and Ovarian Cancer Syndrome (BRCA1/BRCA2), which is
characterized by mutations in BRCA1 and BRCA2 genes, re-
sponsible for repairing double-stranded breaks in DNA7.

Novel sequencing technologies in lung cancer di-
agnosis

Advances in technology have led to the transition from
First Generation Sequencing (FGS), Sanger sequencing, and
Maxam-Gilbert sequencing to Next Generation Sequencing
(NGS). The Sanger and Maxam-Gilbert method of sequenc-
ing relies on the amplification of specific regions in the DNA
and are followed by gel electrophoresis, which has a disad-
vantage in both cost and time compared to NGS8. Firstly, the
Maxam-Gilbert method of sequencing has not been used re-
cently due to its major disadvantages in the laboratory8. The
high toxicity sourced from the phosphate isotope, difficulties
analysing sequences longer than 500 base pairs (bp), and vast
types of errors during cleavage all cause inefficiency during
sequencing8,9. On the other hand, the Sanger method works
by the use of dideoxynucleotides (ddNTPs)10. The ddNTPs
are fluorescently labeled and can be read by a DNA sequencer
machine that uses electrophoresis8,10,11. The ddNTPs are re-
sponsible for terminating strand elongation in the DNA so the
machine can read the base pairs effectively8,11. Although the
Sanger sequencing method has been proven to be a less toxic
method than the Maxam-Gilbert method, it is slow and does
not allow for numerous base pairs to be read in a short amount
of time8. Using these methods to analyze a wide variety of re-
gions will require excessive money and time, which is proven
to be an impractical method8,10. Both methods are limited
to a specific genetic locus, which is not beneficial when di-
agnosing cancer at an early stage, causing a need for a novel
method8,10.

To overcome the disadvantages of FGS, NGS is an im-
proved method of sequencing that is more efficient and high-
throughput in diagnosing diseases. NGS has allowed for the
sequencing of the entire genome in a high-throughput manner,
whole-genome Sequencing (WGS), and the entire exome by
whole-exome sequencing (WES). NGS is comprised of many
types of methods that are new and updated, which include Ap-
plied Biosystems (ABI) sequencing, Illumina sequencing, and
Roche sequencing. Although each type of NGS method is
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used to sequence DNA, each method uses different methods
to do so. NGS leads precision medicine to take a leap for-
ward in diagnosing cancer at an early stage. Next-generation
sequencing (NGS) has allowed for the specific profiling of
epigenetic and genetic changes in the body, guiding targeted
therapies4. Integrating genomic and epigenomic information
by using NGS will allow for more precise prognoses and per-
sonalized treatment for each individual, understanding the ge-
nomic landscape and improving cancer diagnosis outcomes in
many cancer types, known as precision medicine4.

Lung cancer diagnosis using tissue biopsy

Tissue biopsy provides a conventional method used for cancer
diagnosis. Tissue biopsies are a fundamental and established
method for cancer diagnosis. The method enables molecu-
lar characterization of tumor tissue through sequencing and
histopathological assessment. Tissue biopsies remain essen-
tial for definitive diagnosis and treatment planning in oncol-
ogy. Tissue biopsies are composed of many different tech-
niques specific to each location of cancer. The 5 most com-
mon tissue biopsy techniques used are endoscopic biopsies,
incisional biopsies (IB), excisional biopsies, core needle biop-
sies (CNB), and fine needle aspiration biopsies (FNA). Endo-
scopic biopsies use jaw biopsy forceps inserted through the
organ or a cavity to obtain a sample of tissue used for diag-
nosing and sequencing12. Endoscopic biopsies are commonly
used for gastrointestinal cancers, lung cancers, bladder can-
cer, and cervical cancers12. Excisional biopsies are a process
where a lesion is removed in its entirety, suspected to be can-
cerous13. Excisional biopsies are commonly used for oral can-
cers, melanomas, and deep suspicious processes13. IBs offer
a large volume of tissue to be lesioned, while still leaving part
of the tissue in the body14. IBs are used for sampling and al-
low for precise control over the incisional tract: near vessels
and nerves14. However, the use of IB causes higher-risk com-
plications that include hematoma14. IBs are most commonly
used in almost all types of cancers14. FNA uses ultrasound to
evaluate nodules suspected of malignancy15. FNA uses a thin
needle to collect cells and/or fluids from a suspicious site15.
Although FNA is a relatively non-invasive method for a tissue
biopsy, it still has limitations. FNA is not reliable for several
diagnostic categories, which include Bethesda I, Bethesda III,
and Bethesda IV16. FNA is commonly used in thyroid can-
cers, breast cancers, lymph nodes, and lung cancer15. Finally,
CNB uses a larger needle than FNA, the removal of a large,
cylindrical structure of tissue that offers a better understand-
ing of the heterogeneity of the tissue, which reduces false neg-
atives16. However, CNB commonly creates scars at the site of
extraction due to the needle being 6–10 cm in length, usu-
ally16. Typically, to obtain a sample using CNB, local anes-
thesia and a surgical technique are needed, which takes time

and money16. CNB is commonly used in liver cancer, breast
cancer, prostate cancer, kidney cancer, and sarcomas16.

Tissue biopsies are an invasive method and have challenges
that limit their success: time and spatial sampling. Tissue pro-
cessing and sample collection take time to obtain, which is
crucial when diagnosing baseline disease, MRD, and moni-
toring prognosis during treatment17. Moreover, tissue biop-
sies lack a spatial sample that has an accurate representation
of the tumor in the body18. Due to spatial tumor heterogene-
ity and sampling limitations, tissue biopsies may lead to false-
negative results or sampling bias18. This is because a single
biopsy site may not fully capture the diversity of tumor sub-
clones18. Additionally, tissue biopsies only sample the tumor
from the time of the lesion; this does not allow for longitudi-
nal monitoring18. Rather than replacing the method of tissue
biopsy, a liquid biopsy is recognized as a complementary ap-
proach, which provides longitudinal and minimally invasive
sampling18.

Liquid biopsies as a noninvasive approach in
lung cancer

Conversely, liquid Biopsy is a noninvasive method of collect-
ing genetic material through body fluids, rather than collect-
ing a sample from the body directly. Liquid biopsies are used
for the detection of cancer-associated biomarkers across mul-
tiple cancer types, including lung cancer. The method shows
a promising potential for early detection; however, perfor-
mance in early-stage disease remains uncertain and is still un-
der active research. Tumors have a characteristic of secretion,
which is when genetic material is released into parts of the
body when a cell enters apoptosis. The genetic material can
be found in various forms, including circulating tumor cells
(CTCs), cell-free DNA (cfDNA), and circulating tumor DNA
(ctDNA). Specifically, this genetic material can be found in
various locations, such as in plasma, lymphatic fluid, urine,
and saliva. Once a sample is collected in a blood collection
tube (BCT), it will be centrifuged to separate the blood into
plasma. This sample is then used in an NGS machine to locate
biomarkers exclusive to the cancer. However, liquid biopsies
are not an alternative to tissue biopsies; rather, they serve as
a complementary tool to increase the success of diagnosis19.
Tissue biopsy remains the diagnostic standard. However, its
invasive nature and spatial and temporal limitations make it
a less suitable option for diagnosis, repeated sampling, and
minimal residual disease (MRD) monitoring. More favorably,
liquid biopsies are used to detect a wider range of cancer types
and successfully diagnose at an earlier stage19.

Specifically, ctDNA provides a noninvasive method for
monitoring tumor burden by assessing baseline disease status
and MRD, thereby supporting treatment decision-making20.
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Figure 3. The process of liquid biopsy, showing how plasma is collected and isolated, and how it is analysed through sequencing for cancer
diagnosis using various cancer biomarkers. This figure was created using BioRender.

The increased detection of ctDNA through liquid biopsy has
allowed the ability to facilitate precision medicine by profil-
ing tumors21. The cfDNA is isolated from plasma, following
library preparation and sequencing. Sequencing technology
is a process by which polymerase adds nucleotides to create
a copied strand of DNA. Most notably, Illumina sequencing
is a platform in which polymerase adds fluorescently labeled
nucleotides, giving a unique color corresponding with each
nucleotide type. This allows data to be collected, which can
be analyzed for mutations. There are currently two methods
of assays used to detect mutations in the ctDNA biomarker:
tumor-naı̈ve assays and tumor-informed assays20.

Clinical applications of liquid biopsy in lung can-
cer

The use of a liquid biopsy allows for multiple biomarkers to be
analyzed from a single sample. The suspicion of a tumor can
derive from multiple variables, which include physical symp-
toms of pain, weakness, discomfort, and others. However, a
suspicion of tumor growth does not always have to be present
to collect a sample for a liquid biopsy. Cancer has an increased
risk in older males and females, so tests and screening are
being used for the older population without the suspicion of
a tumor, aiding in early diagnosis. With the use of multiple
biomarkers from a liquid biopsy, the specificity increases for

precision medicine. Tumor-informed assays, where tumor tis-
sue is sequenced from a biopsy sample, allow for personalized
detection of malignancies. Tumor-informed assays use prior
knowledge of a mutation in the body. This prior knowledge
is gained through an invasive biopsy of a tumor growth. The
sample is then sequenced to identify somatic mutations unique
to the specific tumor. Through a liquid biopsy, the collection
of ctDNA will go through additional sequencing, resembling
the original sample of the tumorous growth. One method,
named Integration of Variant Reads (INVAR), analyzes hun-
dreds of thousands of known genomic variants and compares
them to the mutated ctDNA. Tumor-informed assays provide
a highly sensitive approach, which is beneficial when diagnos-
ing MRD. Both tumor-informed and tumor-naı̈ve assays have
distinct clinical advantages and limitations, and their use de-
pends on factors such as tissue availability, turnaround time,
intended clinical application, and required sensitivity. How-
ever, tumor-informed assays require previous sequencing of
the tissue, using a tissue biopsy, which uses time and money
for the diagnosis process. Additionally, tumors are highly het-
erogeneous, consisting of a diverse population of phenotypic
characteristics, which makes it difficult to diagnose cancer
during baseline treatment and can lead to inaccurate results22.

Alternatively, tumor-naı̈ve assays are an alternative test that
omits the sequencing of the tumor tissue. Tumor-naı̈ve assays
are a promising test as they target alterations of all types of
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Table 1 Comparison of Tumor-Informed and Tumor-Naı̈ve Liquid Biopsy Assays in Lung Cancer Applications.

Feature Tumor-Informed Assays Tumor-Naı̈ve Assays
Prior tissue requirement Requires prior tissue biopsy and sequencing Does not require prior tissue sequencing
Primary approach Tracks patient-specific known mutations Detects broad genomic or epigenetic alterations
Typical biomarkers ctDNA mutations unique to the tumor Somatic mutations, CNVs, methylation patterns
Turnaround time Longer due to tissue sequencing workflow Generally shorter
Sensitivity High sensitivity for MRD detection Variable sensitivity depending on assay design
Common applications MRD monitoring, recurrence surveillance Early detection, screening, broad molecular

profiling
Strengths Personalized detection and high specificity Faster workflow and broader applicability
Limitations Requires tissue availability and added cost May have lower specificity for patient-specific

variants
Best-fit clinical setting Longitudinal monitoring after diagnosis Situations where tissue is unavailable or rapid

profiling is needed

mutations, including somatic mutations, CNVs, and methy-
lation changes. Within tumor-naı̈ve assays, there are two
types of approaches. Firstly, Genomic variant-based detec-
tion (gMRD) detects mutations based on DNA, finding com-
mon alterations in 750 cancer genes23. Most commonly,
gMRD tumor-naı̈ve assays detect the TP53 and the KRAS
mutation as they are in high abundance in all tumor types.
On the other hand, Methylation-based detection (mMRD) de-
tects DNA methylation patterns that contain characteristics
of cancer. Methyl groups (CH3) are chemical tags that con-
trol the production of proteins, which is a process important
in epigenetics and aids in a non-genetic approach to diagno-
sis23. In summary, tumor-naı̈ve assays offer advantages in
turnaround time and reduced dependence on prior tissue se-
quencing, while tumor-informed assays may provide greater
sensitivity for MRD detection through patient-specific muta-
tion profiling.

Multi-Cancer Early Detection (MCED) test for
earlier lung cancer detection

MCED promises to detect more than one type of cancer us-
ing a single test at the early stages, when people are asymp-
tomatic. Advances in multiomics have enabled the develop-
ment of liquid biopsies using cfDNA24. Multi-cancer early
detection (MCED) blood tests improve the efficiency of tradi-
tional screening because they analyze a larger number of gene
sequences in a shorter amount of time24. Additionally, MCED
provides screening without any risks associated with whole-
body imaging24. MCED is a novel approach when dealing
with early diagnosis and diagnosis of MRD. Using an MCED
approach powered by liquid biopsies, the ability to diagnose
at an early stage becomes dominant23.

MCED tests refer to the biomarkers they use, which in-

clude ctDNA, to detect cancer. MCED tests also have the
responsibility of diagnosing the type and subtype of cancer
using biomarkers. MCED tests continue to grow and expand
as technology advances in oncology to benefit early detection
accuracy and efficiency25. Common MCED tests include Gal-
leri (GRAIL), Cancer Guard (Exact Sciences), CancerSEEK,
PanSeer, Digital evaluation of fragmentation for early inter-
ception (DELFI), and OneTest25.

GRAIL is a company that developed the GALLERI test that
analyzes cfDNA fragments in the bloodstream and looks for
abnormal methylation patterns to diagnose cancer diseases26.
Unlike GRAIL, Cancer Guard analyzes ctDNA and tumor-
associated proteins rather than Methylation patterns, giving a
different approach to cancer diagnosis27. CancerSEEK is a
specific blood test that detects ctDNA of the ovary, liver, stom-
ach, pancreas, esophagus, colorectum, and lung, providing a
less holistic approach28. Similar to CancerSEEK, PanSeer is a
specific blood test that detects ctDNA of the stomach, esoph-
agus, colorectal, lung, and liver. Both OneTest and DELFI
use AI technology to provide an advanced view of cancer
risks29,30. OneTest uses protein-based biomarkers to test a
person’s risk of cancer in the next 12 months, and uses AI
by comparing the sample data to a large database of other in-
dividuals to aid in diagnosing accuracy29. Similarly, DELFI
uses AI to compare the patient’s cfDNA sample with a large
database of cfDNA profiles from other individuals, improving
the accuracy of identifying the cancer’s tissue of origin30.

AI and analysis of multi-omics data

Multiomics provides an approach to discovery that uses mul-
tiple levels of biological data31. Multiomics combines data
from genomic, transcriptomic, epigenetic, proteomic, exo-
some, and clinical data sources31. Genomics focuses on the
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Table 2 Comparison of multi-cancer early detection (MCED) tests, summarizing their biomarker approaches, validation studies, and key
clinical performance outcomes.

MCED Test Biomarkers Validation Key Result
Galleri (GRAIL) cfDNA methylation Multi-cohort studies

(healthy + cancer)
High accuracy across many
cancers; predicts tissue of origin

CancerSEEK ctDNA mutations + proteins Case-control + screening
cohorts

Detects early, treatable cancers;
helps locate origin

PanSeer cfDNA methylation Pre-diagnosis blood
samples

Detects cancer years before clinical
diagnosis

DELFI cfDNA fragment patterns Multi-cancer cohorts + ML
analysis

Improves detection and tissue
classification

Cancer Guard (Exact
Sciences)

ctDNA + proteins Clinical + observational
studies

Supports multi-cancer detection
and profiling

OneTest Protein biomarkers + AI Retrospective datasets Estimates short-term cancer risk

structure, function, and evolution of coded information within
the human body in relation to cancer development31. Tran-
scriptomics studies the complete set of RNA transcripts that
define the expression of genes31. Epigenomics examines
changes in gene expression that are not attributable to alter-
ations in DNA sequence, but instead result from epigenetic
modifications such as histone modifications and methylation
patterns31. Proteomics evaluates protein expression and inter-
actions that influence cellular function31. Exosome analysis
focuses on extracellular vesicles released by cells that carry
molecular information relative to tumor activity, and this anal-
ysis is also linked to the environmental factors that contribute
to cancer development31. Clinical data integrates patient-
specific information such as imaging, past medical history,
and treatment outcomes to support personalized treatment31.
The importance of multi-omics allows researchers to have a
more comprehensive outlook on molecular changes that con-
tribute to normal development, cellular response, and cancer
disease.

Artificial intelligence and machine learning models are used
to combine multiomic datasets using several computational
methods. One common approach is feature concatenation,
which merges variables from different omic datasets into a
single dataset for model training31. Another method is di-
mensionality reduction, including techniques such as principal
component analysis (PCA) and autoencoders, which simplify
large datasets while retaining important biological informa-
tion31. Multimodal fusion integrates different data types, in-
cluding genomic, methylation, proteomic, fragmentomic, and
clinical data, to improve cancer classification and biomarker
identification31. Several studies summarized in [Table 8] used
these approaches to combine ctDNA mutation profiles, methy-
lation patterns, and clinical variables for lung cancer classifi-
cation, prognostic assessment, and minimal residual disease
(MRD) detection.

Figure 4. The process of multi-omic data from a liquid biopsy being
used in machine learning for precision medicine. This figure was
created using BioRender.

AI approach in cancer research: Lung cancer

This review summarizes the use of artificial intelligence (AI)
in medicine, focusing on machine learning (ML) and deep
learning (DL) approaches for cancer diagnosis. This review
examines how AI analyzes liquid biopsy data to enhance de-
tection and decision-making in lung cancer.

AI refers to a computer system specifically designed to per-
form tasks that require human intelligence. In medicine, AI
supports decision-making and assists with the prediction of
early diagnosis and prognosis monitoring32. AI is the broad
category of human intelligence, which is divided into addi-
tional subsets that are more accurate at doing specific tasks.
In the clinical setting, ML is “focused on algorithms that can
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‘learn’ the patterns of training data and, subsequently, make
accurate inferences about new data. This pattern recognition
ability enables machine learning models to make decisions or
predictions without explicit, hard-coded instructions”33. Sim-
ilarly, DL is a “multilayered neural network whose design is
inspired by the structure of the human brain”33. Unlike ML,
DL uses a larger dataset to learn from, but in turn, produces
more accurate decisions. In the clinical setting of diagnosis,
ML and DL models are used in clinical studies. Within ML,
Random Forest (RF) and Support Vector Machines (SVMs)
are the most common in the clinical setting. Within DL, Con-
volutional Neural Networks (CNNs), Deep Neural Networks
(DNNs), Recurrent Neural Networks (RNNs), and Autoen-
coders are among the most common.

These complex data sets include genomic sequences, elec-
tronic health records, and medical images32. In liquid biopsy
studies, AI models do not directly identify the physical loca-
tion of ctDNA within the body; rather, they analyze molec-
ular and fragmentomic patterns to infer cancer classification,
tissue-of-origin signatures, or disease progression. The inte-
gration of AI into oncology aims to enhance early diagnosis
of cancer, improve accuracy, and optimize patient outcomes.
Rather than replacing clinical providers, AI can complement

their decisions and provide support to their choices. The role
of artificial intelligence has greatly expanded in the field of
oncology due to its ability to provide clinical decisions32. Al-
though AI has a great influence, its coherence with medical
providers remains unsettled. However, the analysis of recent
studies can test the benefits of AI-incorporated liquid biopsy
approaches in early diagnosis and MRD, aiming for increased
accuracy32.

Across recent studies between 2023-2025, ML and DL
have become a core method in the analysis of liquid biopsy
data for lung cancer studies. Incorporating ML has shown
leverage on biomarker modalities and sequencing platforms
to address diagnosis, prognosis, MRD, and treatment re-
sponses. The reviewed studies show supervised ML and
DL approaches–including RF, CNN, and ensemble frame-
works–in ctDNA mutations, cfDNA methylation patterns,
fragmentomic features, and multimodal biomarker combina-
tions. Cohorts in the studies ranged from small longitu-
dinal monitoring studies to large, multi-validation datasets,
with NGS techniques such as deep NGS, WGS, methylation-
specific sequencing, and ultra-deep ctDNA profiling, support-
ing improved sensitivity and specificity in biomarker detection
across multiple liquid biopsy modalities. Clinically, ML and

Table 3 The top 6 most utilized artificial intelligence (AI) models used in liquid biopsies that help in diagnosing lung cancer.

AI Technique Typical Input Data Analytical Task Example Application in Liquid Biopsy Stud-
ies

Convolutional Neu-
ral Networks (CNNs)

cfDNA fragmen-
tomics, methylation
patterns, sequencing
signal matrices

Pattern recognition
and classification
of high-dimensional
molecular features

Used to classify lung cancer-associated frag-
mentomic and methylation signatures from
cfDNA datasets34.

Deep Neural Net-
works (DNNs)

Multiomic datasets
including ctDNA
mutations, methyla-
tion, proteomic, and
clinical variables

Multimodal data inte-
gration and predictive
modeling

Applied for cancer classification and prognos-
tic prediction using integrated liquid biopsy
datasets35.

Random Forest (RF) ctDNA mutation pro-
files, CNVs, methyla-
tion markers, clinical
variables

Feature selection,
biomarker ranking,
and classification

Used to identify biomarker combinations asso-
ciated with lung cancer diagnosis and progno-
sis36.

Support Vector Ma-
chines (SVMs)

Multiomic biomarker
panels and
sequencing-derived
features

Binary classification
and risk stratification

Applied for distinguishing malignant ver-
sus nonmalignant molecular profiles in liquid
biopsy samples37.

Recurrent Neural
Networks (RNNs)

Longitudinal ctDNA
measurements and
sequential clinical data

Temporal pattern anal-
ysis and disease moni-
toring

Used for tracking dynamic ctDNA changes
during treatment response and MRD monitor-
ing38.

Autoencoders High-dimensional se-
quencing and methyla-
tion datasets

Dimensionality reduc-
tion and latent feature
extraction

Applied for identifying subtle molecular pat-
terns and reducing noise in liquid biopsy
datasets39.
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Table 4 Overview of 9 recent studies (2023–2025) applying machine learning and deep learning methods to liquid biopsy data, including
ctDNA, cfDNA, methylation patterns, fragmentomic features, and multimodal plasma biomarkers. Studies were selected based on predefined
inclusion criteria requiring the use of liquid biopsy sampling and AI/ML modeling of blood-derived features. These studies represent distinct
clinical application domains rather than a single unified predictive task. Studies included early detection, pulmonary nodule risk stratification,
MRD monitoring, progression and survival prediction, and molecular subtype classification. Tumor tissue-based multi-omics studies were
excluded to maintain consistency with liquid biopsy-derived data sources. The figure summarizes lung cancer type, AI/ML model, biomarker
modality, cohort and validation, sequencing/data modality, modeling approach, and clinical utility (diagnosis, prognosis, or disease
monitoring).

Author
& Year

Lung
Cancer
Type

AI / ML
Model

Biomarker
Modality

Cohort &
Validation

Sequencing
/ Data
Modality

Modeling
Approach

Clinical
Utility

Performance

Shin et
al.,
2024 40

Lung cancer
in COPD
patients

Random
Forest (RF)
with cross-
validation

ctDNA
somatic
mutations
(VAF-based
features)

n=177
COPD
patients with
newly
diagnosed
lung cancer;
30.5% with
≥1
detectable
ctDNA
mutation

Targeted
deep NGS of
predefined
cancer genes

Supervised
ML to
associate
clini-
cal/imaging
COPD
features with
ctDNA
detectability

Identify
factors
influencing
ctDNA
shedding at
diagnosis;
feasibility of
liquid biopsy
in COPD

Not Available

Ding et
al.,
2024 41

Metastatic
non-
squamous
NSCLC

Logistic
regression;
Cox
proportional
hazards;
composite
AUC
ranking
(4-fold CV)

ctDNA
mutation
profiles (e.g.,
TP53,
KRAS,
STK11,
KEAP1)

Advanced
NSCLC
patients;
median age
63; PD-L1
high in 22%;
ABCP vs
ACP
treatment
arms

Targeted
plasma
ctDNA
sequencing

Longitudinal
survival
modeling
(OS, PFS)
using
dynamic
ctDNA
features

Treatment
response
monitoring,
progression
risk
stratification,
and MRD
assessment

AUC: 0.71–0.76
depending on
ctDNA model;
Sensitivity: 0.84
at 20% reduction
cutoff

Kim et
al.,
2024 42

Mixed lung
cancer types

CNN on 2-D
methylation
feature maps

cfDNA
methylation
markers (366
loci) +
fragment
size features

142 lung
cancer vs 56
healthy
controls;
dilution
series for
LOD
evaluation

WGEM-seq;
MeDIP-seq;
EM-seq;
targeted
methylation
panels

Deep learn-
ing–based
classification
of
methylation
signatures

Non-invasive
early lung
cancer
detection

AUC: 0.87;
Sensitivity:
Tumor fraction
detection at 1%
with 98%
specificity; 0.1%
at 80%
specificity

Liang et
al.,
2024 43

Lung cancer
with indeter-
minate
pulmonary
nodules

Multidimensional
ML classifier

cfDNA
methylation
markers +
clinical
covariates
(age,
smoking)

n=963
participants;
two
independent
cohorts (620
discovery /
343
validation);
nodules
5–30 mm

Genome-
wide and
targeted
cfDNA
methylation
NGS

Integrated
molecular-
clinical risk
modeling

Early
diagnosis and
malignancy
risk prediction
for pulmonary
nodules

AUC: 0.81 for
methylation
model; 0.90
internal and 0.89
external (cfDNA
methylation +
CT/risk factor
model);
Sensitivity: 0.88
internal and 0.90
external
(methylation
model); 0.97
internal and 0.95
external
(combined
model)
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Jin et
al.,
2024 44

Lung cancer
(screen-
detected and
clinical)

CNN-
assisted
imaging +
multimodal
ML

cfDNA
methylation,
ctDNA
mutations,
serum
protein
biomarkers

Training/
validation
2:1;
independent
validation
cohort
n=291 (140
cancer, 25
benign, 126
controls)

Genome-
wide
methylation
sequencing;
UMI-based
ultra-deep
ctDNA
sequencing

Multimodal
feature
fusion for
classification

Early
detection
and post-
screening
nodule
management

AUC:
0.953–0.966
(validation to
independent
validation;
multi-omics
screening
model);
Sensitivity:
99.2% overall
(up to 100% in
stage I–III)

Heeke et
al.,
2024 45

Small-cell
lung cancer
(SCLC-
A/N/P/I)

Ensemble
ML
(500-model
consensus);
gene-ratio
classifier

cfDNA
methylation
signatures;
RNA-seq-
derived
subtype
ratios

n=179 SCLC
patients
across two
cohorts (105
discovery /
74
validation)

RRBS
genome-
wide
methylation;
tumor
RNA-seq

Molecular
subtype
classification
using
epigenetic
features

Non-invasive
molecular
subtyping of
SCLC

AUC: 0.988
(SCLC detection
in plasma cfDNA
assay);
Sensitivity:
100% (low
cut-off, EpiScore
= 65) / 94.0%
(high cut-off)

Wu et
al.,
2024 46

Inoperable
localized
NSCLC

Survival
SVM with
LOOCV

Ultra-short
cfDNA
fragments
(“neomers”)
+ fragmen-
tomics

n=44
patients; 97
longitudinal
plasma
samples

Targeted
NGS +
shallow
WGS of
plasma
cfDNA

Time-to-
event
modeling
using frag-
mentomic
features

Disease
monitoring
and
progression
forecasting

Sensitivity: 60%
(Neomer +
Mutation, best
combined model)
/ 45.5% (Neomer
only) / 45%
(Mutation only);
Specificity:
92.3% (Neomer
+ Mutation) /
92.9% (Neomer)
/ 100%
(Mutation,
subset)

Widman
et al.,
2024 47

Advanced
NSCLC
(multi-
cancer
cohort)

Deep
learning with
ctDNA-
specific
feature
engineering

WGS-based
ctDNA
SNVs &
CNVs

Multi-cancer
train-
ing/validation
cohorts; lung
cancer
subset n≈22

Whole-
genome
cfDNA
sequencing
with
ML-based
noise
suppression

Signal
enrichment
and
longitudinal
modeling

MRD
detection
and tumor
burden
monitoring

Not Available

Xu et
al.,
2024 48

Advanced
NSCLC

ML-derived
blood-based
genomic
immune
subtypes
(bGIS)

ctDNA
genomic and
immune-
related
features

n=460
patients from
CHOICE-01
phase III
trial
(discovery +
validation)

Deep
targeted
ctDNA
NGS;
low-pass
WGS; tissue
WES for
concordance

Integrated
genomic-
immune
subtype
discovery

Prognostic
stratification
and therapy
monitoring

Hazard-ratio:
0.66 (ctDNA+ vs
ctDNA-, OS,
chemo + PD-1 vs
chemo) / 1.04
(ctDNA-, OS, no
benefit) / 0.54
(bGIS-2 vs
control, OS,
chemo + PD-1 vs
chemo) /
∼0.43–0.75
(bGIS-2 PFS
benefit range
across analyses)
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DL models have shown high utility in early lung cancer de-
tection, malignancy risk stratification of pulmonary nodules,
subtyping, MRD, survival prediction, and treatment response
monitoring across non-small-cell and small-cell lung cancer
subtypes.

In summary, these studies highlight that the use of ML and
DL-aided liquid biopsy approaches can enhance diagnostic
specificity and prognostic accuracy beyond the conventional
methods. Moreover, the increased accuracy in clinical studies
allows for a growing use of AI models in oncology, despite
ongoing challenges related to generalizability, cohort hetero-
geneity, and clinical implementation.

Strengths and Limitations of Current AI-
Assisted Liquid Biopsy Studies

Recent AI-assisted liquid biopsy studies show promising ap-
plications in lung cancer diagnosis, prognosis, MRD detec-
tion, and treatment monitoring. However, several limitations
remain. One major strength across the reviewed studies is the
increasing use of multimodal biomarker integration and inde-
pendent validation cohorts. For example, Liang et al. evalu-
ated 963 participants across separate discovery and validation
cohorts, while Jin et al. incorporated an independent valida-
tion cohort for multimodal classification43,44. Similarly, Xu
et al. analyzed 460 patients from the CHOICE-01 phase III
clinical trial, improving the clinical relevance of prognostic
modeling48.

Despite these strengths, many studies remain limited by
relatively small cohort sizes, restricted diversity, and limited
prospective validation. For example, Wu et al. analyzed only
44 patients with 97 longitudinal plasma samples, which may
reduce model generalizability across broader NSCLC popu-
lations46. Additionally, Widman et al. included a relatively
small lung cancer subset within a larger multi-cancer cohort,
which limits lung cancer-specific conclusions47. Lastly, sev-
eral studies relied on retrospective cohort designs and inter-
nal cross-validation approaches, which may increase the risk
of overfitting and data leakage. Class imbalance also re-
mains an important challenge in AI-based liquid biopsy stud-
ies. Some studies included substantially different numbers of
cancer and control samples. For example, Kim et al. evalu-
ated 142 lung cancer patients and 56 healthy controls42. Im-
balanced datasets may influence model sensitivity and speci-
ficity. This is more particular in early-stage disease detection,
where ctDNA abundance is low.

Overall, current ML and DL models demonstrate strong po-
tential for improving liquid biopsy analysis in lung cancer.
However, larger cohort sizes, unrestricted diversity, and non-
limited prospective validations are necessary before large clin-
ical implementation can occur.

Using AI towards personalized treatment

The use of biomarkers allows oncologists to tailor treat-
ments to be used specifically for each patient’s molecular pro-
file49,50. Personalized treatment methods are used to treat
baseline disease and also MRD. Conventional methods of
treatment use chemotherapy, radiotherapy, and surgery. These
treatment methods aim to kill fast-dividing and growing cells.
While these are options for treating cancer, it is an invasive
methods as it harms healthy growing cells, leading to com-
plications and pain49. These conventional treatment meth-
ods have additional challenges, which necessitate the need for
more personalized treatment.

The first challenge, resistance to targeted therapies, remains
a core issue in targeted treatment49. Cancer develops acquired
and primary resistance to treatment methods. This is in direct
cause from co-mutations, alternative signaling pathways, and
mutations emerging during the treatment process49. The sec-
ond challenge is associated with multigene sequencing using
NGS49. Although NGS is essential for precision medicine,
daily access and implementation remain limited in clinical
practice49. This is due to unequal cost, infrastructure, and
a valid framework to interpret these genomic result outputs49.
The third challenge is associated with drug development. Cur-
rent drugs still heavily rely on organ-based randomized trials,
which slow down the process for treating cancer49. This is
due to the scarcity of cases for specific and rare cancer types
and subtypes. For these rare cases, real-world data from cases
is limited, so precision cancer treatment is still unbalanced49.
Additionally, this is a flaw with ML and DL incorporation into
liquid biopsies and treatment analysis, due to the lack of data
to make decisions. The final challenge is associated with tu-
mor heterogeneity. Because tumors consist of many cells and
profiles, it is difficult to treat the whole tumorous growth6,49.
It is important to note that tumor heterogeneity does not only
lie in genomics; however, it consists of multiomics, which
shows why multiomic data is important for diagnosis and de-
ciding treatment methods5,6,49. The use of spatial biological
profiling and ex vivo models needs to be used to treat these
cancers to gain a full genetic map of the tumor5,6,49.

To overcome these challenges, advanced treatment options
are typically used. These novel treatment options include hor-
mone therapy, targeted therapy, immunotherapy, and stem-cell
therapy. Hormone therapies block specific hormones that aid
in cancer growth and proliferation, specifically in the cancer,
allowing for fewer complications51. Similarly, targeted ther-
apy uses drugs, most commonly monoclonal antibodies, that
help block molecular properties that help in proliferation52.
Immunotherapy uses a slower method for fighting cancer. Im-
munotherapy aids in boosting the immune system to fight the
cancer itself, allowing for a noninvasive method53,54. Lastly,
stem cell therapy uses lab-engineered cells that are built to
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attack proliferating cancer cells in the body55. In conclu-
sion, liquid biopsies are needed to identify the properties of
the cancer, which guide advanced treatment options. With the
emerging use of ML and DL incorporated into liquid biopsies,
cancer’s multiomic profile will be better understood, provid-
ing increased personalized medicine49,50,56.

Ethical considerations using AI and liquid
biopsy

When using AI, ethical considerations should be addressed.
On average, people report that they are comfortable with the
use of AI in unrelated healthcare tasks57. These unrelated
healthcare tasks include scheduling appointments, follow-ups,
and meetings, with 84% of respondents comfortable with this
limited use of AI57. However, when respondents were asked
about their comfort with AI use in healthcare, “loss of hu-
man touch” was a common theme among respondents57. Re-
spondents reported that AI will lose human decision-making
control, as they were less comfortable with AI decision-
making programs57,58. Moreover, a small percentage of re-
spondents say AI-incorporated decision-making is the right
step in healthcare; however, oversight should be implemented
by doctors, and over-reliance on AI by doctors should not be

met57,58.
Additionally, data collection for AI training has ethical con-

siderations. Patient data, including genomic and clinical data,
needs to remain confidential and be obtained with patient con-
sent, which is difficult as the data set needed for AI models
to output accurate decisions is relatively large59. Addition-
ally, patients want transparency with what their patient data is
being used for and how it is being implemented, which takes
time and money59.

Moreover, bias considerations are important when con-
sidering AI-incorporated genomics and pharmacogenomics.
Although data collection is improving, current genomic
databases train their AI models disproportionately, as they are
derived from a majority European population60. This creates
a diversity gap, which favors the treatment of European peo-
ple rather than minorities60. This lack of heterogeneous data
results in biased predictions and reduced clinical accuracy for
the underrepresented racial groups59. Moreover, this biased
data has a direct genetic influence on how patients metabolize
medications in cancer treatment60. For example, clopidogrel
(Plavix), a commonly prescribed antiplatelet drug, is metabo-
lized by the CYP2C19 enzyme60. Variants in the CYP2C19
gene are very common across racial groups and can lead to
increased or decreased drug activation of cancer medication.

Table 5 Strengths and Limitations of AI-Based Liquid Biopsy Studies in Lung Cancer.

Study Validation Strategy Major Strength Key Limitation
Shin et al., 202440 Internal validation with

training/testing cohorts
Integration of ctDNA with
clinical COPD features

Limited cohort size and
single disease population

Ding et al., 202441 4-fold cross-validation Longitudinal ctDNA survival
modeling

Limited external validation
reported

Kim et al., 202442 Internal validation and
dilution testing

Deep learning methylation
and fragmentomic profiling

Potential class imbalance
between cancer and control
groups

Liang et al., 202443 Independent discovery and
validation cohorts

Large multi-cohort validation
design

Prospective clinical
implementation has not yet
been established

Jin et al., 202444 Independent validation cohort Multimodal biomarker
integration

Complex multimodal
workflow may limit
scalability

Heeke et al., 202445 Cross-cohort methylation
validation

Epigenetic subtype
classification

Limited information
regarding external
institutional validation

Wu et al., 202446 Internal validation with
longitudinal cohort analysis

Longitudinal fragmentomic
monitoring

Small sample size may limit
generalizability

Widman et al., 202447 Multi-cohort deep learning
validation

Whole-genome ctDNA signal
enrichment

Small lung cancer subgroup
size

Xu et al., 202448 Discovery and validation
cohorts from phase III trial

Clinical trial-associated
genomic modeling

Primarily focused on
advanced-stage disease
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This affects treatment efficacy and patient safety due to mis-
treatment60. The variant frequency differs substantially across
ethnic populations, meaning that AI-driven clinical tools may
fail to accurately predict drug responses in diverse popula-
tions, due to the homogeneous data given59. Including more
heterogeneous data could offset the biased data and lead to
improved reliability of AI-guided therapy and diagnosis59,60.

Despite promising results, this review is limited by the het-
erogeneity of study cohorts and variations in AI/ML model
implementation, which may introduce bias. Additionally, the
studies primarily reflect populations from specific regions, in-
cluding East Asia, the United States, and the United Kingdom,
and genetic differences across these populations may limit the
generalizability of the findings.

Conclusion

Overall, it is clear that there is a positive correlation between
aging and somatic mutations, which is linked to higher inci-
dence rates. To diagnose cancers, traditional tissue biopsies
provide an invasive method of sampling. Alternatively, liquid
biopsies are a complementary tool to tissue biopsies, which
provide a non-invasive approach to diagnosis and offer real-
time monitoring. The use of liquid biopsies and NGS allows
for the targeting and detection of a wide range of biomark-
ers in cfDNA. With advanced technologies, the field is mov-
ing towards multiomics, including genomics, epigenetics, pro-
teomics, metabolomics, and fragmentomics. Additionally, us-
ing ML approaches, liquid biopsy has shown positive results
in lung cancer specificity in a large number of patients. Still,
standardization of protocols and analytical tools among pri-
vate companies and public hospitals needs to be addressed be-
fore it is implemented into routine clinical care. Advances in
liquid biopsies allow for precise and targeted treatments that
drive personalized medicine.
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