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Simple Summary

Cancer is a complicated disease, and every patient’s tumor is different. Biomarkers are
small molecular clues, found in blood, tissue, or medical scans, that help doctors detect
cancer earlier and choose the most suitable treatments. In this article, we explain the main
types of cancer biomarkers and how they are used to guide diagnosis, monitor treatment
response, and identify early signs of relapse. We also highlight new technologies, such as
liquid biopsies and artificial intelligence, that are making cancer care more precise and less
invasive. By bringing these advances together, biomarker-based approaches can improve
treatment decisions and ultimately help patients achieve better outcomes.

Abstract

Biomarkers have transformed cancer care by linking molecular insights to personalized
treatment strategies. This review first surveys the spectrum of detection modalities, in-
cluding tissue genomics and histopathology; liquid biopsies such as circulating tumor
DNA (ctDNA), circulating tumor cells (CTCs), and extracellular vesicles; imaging and
radiomics; and multi-omic approaches spanning epigenomics, transcriptomics, proteomics,
metabolomics, and microbiomics. We then critically appraise the translational challenges
that hinder clinical implementation, assay standardization, data integration, analytical
and clinical validation, regulatory pathways, and cost-effectiveness. Finally, we explore
emerging solutions, including artificial intelligence (AI)-driven multi-modal phenotyping,
adaptive trial designs, and point-of-care assays, and outline future directions for expanding
access and equitable adoption. By emphasizing the central role of biomarkers in guiding
targeted and immune-based therapies, we underscore their potential to overcome tumor
heterogeneity, preempt resistance, and ultimately improve patient outcomes.

Keywords: translational research; cancer biomarkers; tumor heterogeneity; multi-omics
technologies; precision oncology; personalized medicine

1. Introduction

With the rapid advancement of genomic sequencing, multi-omics technologies, and
big-data analytics, the conventional “one-size-fits-all” treatment paradigm based solely on
tumor type and stage is increasingly inadequate for addressing the heterogeneous nature
of cancer [1]. Precision oncology has emerged to tailor therapies to each patient’s unique
molecular profile, tumor microenvironment, and inherited susceptibilities [2]. For example,
identifying activating epidermal growth factor receptor (EGFR) mutations in non-small cell
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lung cancer patients enables clinicians to select EGFR inhibitors for those most likely to
respond, thereby improving outcomes while minimizing unnecessary toxicity [3,4].

Biomarkers serve as the critical link between molecular discovery and clinical decision-
making, encompassing genetic alterations, epigenetic modifications, protein expression
patterns, metabolic signatures, and immune microenvironment indicators [5]. Across
all stages of cancer care, from initial diagnosis and risk stratification to treatment mon-
itoring and resistance assessment, biomarkers guide more informed interventions [6,7].
For instance, tracking circulating tumor DNA (ctDNA) levels throughout targeted ther-
apy can reveal emerging resistant clones, allowing for real-time adjustment of treatment
strategies [8]. Similarly, measuring programmed death-ligand 1 (PD-L1) expression on
tumor cells helps predict which patients are most likely to benefit from immune checkpoint
inhibitors [9].

This review aims to provide a comprehensive overview of current cancer biomarker
classes and detection platforms, illustrate their diverse clinical applications, and address
the translational challenges that arise when moving from laboratory discovery to routine
practice. The manuscript is organized as follows: We begin by categorizing biomarkers
according to sample type and molecular modality, then examine their clinical applications
in disease monitoring, theranostics, and early detection. Next, we explore how biomarkers
guide therapeutic decision-making and illuminate mechanisms of treatment resistance. We
then address the key translational hurdles, biomarker validation, regulatory approval, and
standardization, that must be overcome to bring discoveries into routine practice. In the
final section, we consider personalized treatment strategies in light of tumor heterogeneity,
assess cost-effectiveness, and outline promising directions for future research..

2. Current Cancer Biomarkers and Detection Modalities

2.1. Sample Type
2.1.1. Tissue-Based Biomarkers

Tissue biopsies remain the gold standard for definitive cancer diagnosis and for
guiding initial therapeutic decisions. Histopathological examination coupled with im-
munohistochemistry (IHC) reveals the expression of key protein markers, such as HER2
in breast cancer or PD-L1 in non-small cell lung cancer, that directly inform the choice
of targeted antibodies or immunotherapies [10]. Meanwhile, genomic profiling of tu-
mor tissue via next-generation sequencing (NGS) panels identifies driver mutations (e.g.,
EGEFR [11], BRAF [12]) and gene fusions (e.g., ALK [13], ROS1 [13]), enabling selection
of small-molecule inhibitors that specifically block oncogenic signaling [14,15]. Beyond
first-line treatment, repeat biopsies at progression can uncover secondary resistance mu-
tations, such as EGFR T790M [16] or MET amplification [17], that prompts a switch to
next-generation inhibitors or combination regimens. In this way, tissue-based biomarkers
not only initiate but also continually refine precision therapy (Figure 1).

2.1.2. Liquid Biopsy

Liquid biopsy approaches allow for minimally invasive sampling of circulating tumor
DNA (ctDNA) [18], circulating tumor cells (CTCs) [19], and tumor-derived proteins [20]
or metabolites [21]. By tracking ctDNA variant allele frequencies over time, clinicians
can monitor tumor burden and detect emerging resistance clones weeks to months before
changes become apparent on imaging [22]. This real-time molecular surveillance supports
adaptive treatment strategies, for example, escalating or switching targeted agents upon
an early rise in ctDNA rather than waiting for radiographic progression. Similarly, quan-
tification of CTCs or exosomal RNA markers can predict response to therapy and identify
patients who might benefit from enrollment in clinical trials of novel agents. Urine-based
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assays for specific mutations (such as telomerase reverse transcriptase, TERT, promoter
mutations in bladder cancer [23]) further expand the reach of liquid biopsy, facilitating
surveillance even when blood draws are impractical (Figure 1).

Tissue-based Biomarkers

Digital pathology, where deep-learning algorithms mine whole-slide
H&E or IHC images for prognostic texture and spatial patterns, is
emerging as a powerful adjunct to conventional histopathology.”

Liquid Biopsy

Beyond blood draws, exhaled-breath analysis and urine-based volatile
organic compound profiling are being explored as truly non-invasive
biomarkers for lung and bladder cancers, respectively.

Imaging Biomarkers

“Radiomic feature extraction, quantifying texture, shape and dynamic
enhancement patterns from CT or MRI datasets, offers an orthogonal,
high-dimensional biomarker that can predict response and outcome.

Figure 1. Sample types and their associated biomarker modalities. Schematic representation of three
primary cancer sample sources (tumor tissue, blood, and medical imaging) and their corresponding
biomarker readouts. Several biomarkers have already been validated in this cancer type and sample
source. As described in the main text, several clinically validated biomarkers exemplify these
detection windows. For instance, TERT promoter mutations and TP53 R249S in circulating cell-
free DNA, cfDNA-based assays, as well as serum markers such as AFP, AFP-L3, and DCP for
hepatocellular carcinoma. These examples (with supporting references provided in the text) illustrate
how the framework depicted here corresponds to real-world biomarker applications.

2.1.3. Imaging Biomarkers

Functional and molecular imaging modalities provide non-invasive, whole-body
assessments of tumor biology that complement molecular assays. 8F-FDG positron emis-
sion tomography—computed tomography (PET/CT) measures glucose uptake to evaluate
metabolic activity, with early decreases in standardized uptake value (SUV) serving as a
surrogate for therapeutic efficacy, even after a single cycle of chemotherapy or targeted
therapy [24]. Newer tracers targeting prostate-specific membrane antigen (PSMA), somato-
statin receptors, or fibroblast activation protein enable both visualization and delivery of
radiotherapeutic payloads in a theranostic paradigm. Dynamic contrast-enhanced mag-
netic resonance imaging (MRI) and perfusion CT assess tumor vascularity and permeability,
informing the use of anti-angiogenic agents [25-27]. By integrating quantitative imaging
biomarkers into response criteria, oncologists can optimize treatment duration, avoid futile
therapies, and tailor combinations based on each tumor’s unique physiology (Figure 1).

2.1.4. Other Clinical Information

Traditional clinical parameters, such as tumor staging, performance status, and routine
laboratory values, remain essential biomarkers that influence treatment planning and risk
stratification. For instance, a high neutrophil-to-lymphocyte ratio [28] or elevated lactate
dehydrogenase [29] may signal systemic inflammation and poorer prognosis, leading clini-
cians to pursue more aggressive combination therapies upfront. Microbiological cultures in
patients with febrile neutropenia guide the safe continuation of cytotoxic regimens through
targeted antimicrobial prophylaxis [30,31]. Moreover, emerging evidence suggests that
comorbid conditions and host immune competence, captured through simple blood-count
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biomarkers [32] and organ-function tests [33], can predict tolerability and guide dose
adjustments. In this way, “non-molecular” clinical biomarkers ensure that targeted and
immunotherapeutic advances are delivered safely and effectively to the right patients.

2.2. Detection “Dimensions” of Biomarkers

Biomarker detection can be classified according to the scale and context in which
molecular signals are captured, ranging from bulk assays that average signals across
heterogeneous cell populations to highly resolved, spatially aware, and global approaches.
Below, we outline five complementary dimensions of detection, including bulk, single-
cell, spatial, and global profiling (such as cfDNA), highlighting their distinct advantages,
limitations, and example applications.

2.2.1. Local Bulk Profiling Versus Global Bulk Profiling

Local bulk assays, such as bulk RNA-seq, whole-cell or plasma proteomics, and
targeted methylation panels, measure the aggregate molecular signal from a discrete tissue
biopsy sample. While these methods offer high sensitivity for abundant analytes and
relatively low per-sample cost, their reliance on precise sampling introduces significant
bias: a needle biopsy may miss microscopic niches of resistant clones or immunologically
active regions, and the spatial heterogeneity of solid tumors means that any single sample
may not represent the lesion as a whole. In practice, sampling bias can lead to false
negatives or underestimation of key biomarkers when analytes are unevenly distributed
across the tumor mass [34]. Moreover, by averaging signals over millions of cells, local bulk
profiling obscures the molecular signatures of rare subpopulations that often drive disease
progression and treatment resistance.

Circulating tumor cells (CTCs) and circulating cell-free DNA (cfDNA) represent global
bulk detection approaches that capture tumor-derived material shed into the bloodstream
from all anatomical sites. By interrogating not only somatic mutations but also cfDNA
fragment length distributions, genome-wide methylation landscapes, and nucleosome posi-
tioning patterns, these assays furnish a non-invasive, whole-body portrait of tumor burden
capable of detecting minimal residual disease and enabling multi-cancer early detection. For
example, pan-cancer screening tests combine targeted mutation panels with epigenomic sig-
natures to flag asymptomatic malignancies, while fragmentomic profiling uncovers subtle
shifts in cfDNA topology indicative of residual or recurrent disease following therapy [35].
Although this global sampling is invaluable when the tumor location is unknown, it inher-
ently dilutes tumor-specific signals, reducing sensitivity and elevating background noise,
and, because cfDNA originates from diverse tissues (including hematopoietic and inflamed
cells), it lacks spatial resolution, often requiring complementary assays or computational
deconvolution to accurately localize the source lesion (Figure 2).

2.2.2. Single-Cell Profiling Versus Spatial Profiling

Single-cell technologies, such as single-cell RNA sequencing (scRNA-seq), mass-
cytometry (CyTOF), single-cell assay for transposase-accessible chromatin using sequencing
(ATAC-seq), and emerging proteomic workflows, resolve the molecular state of individual
cells, uncovering rare clones, transitional cell states, and lineage relationships that are
invisible in bulk measurements. This cellular granularity has revealed, for example, minor
subpopulations with epithelial-mesenchymal transition programs linked to metastasis and
chemoresistance, guiding the design of combination therapies to suppress both dominant
and resistant niches. Yet single-cell profiling inherits the spatial sampling bias of tissue
biopsies, and high per-cell costs limit throughput to thousands rather than millions of cells,
potentially overlooking low-frequency populations. Moreover, technical noise and dropout,
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where low-abundance transcripts or proteins fall below detection thresholds, can distort
the true diversity and functional landscape of the microenvironment [34].

Local Bulk Profiling Global Bulk Profiling

Strong but localized signal Weak but widespread signal

Weak Signal l_ Strong

Figure 2. Conceptual comparison between local and global bulk profiling strategies. Local bulk
profiling captures strong molecular signals from a specific anatomical region or lesion, offering high
signal intensity but limited spatial scope. In contrast, global bulk profiling integrates signals across
broader or systemic regions, resulting in more widespread but diluted signals. This trade-off between
intensity and spatial resolution has important implications for biomarker sensitivity and disease
monitoring, especially in heterogeneous conditions such as cancer or inflammation.

Spatially resolved methods integrate molecular profiling with histological context, pre-
serving the native tissue architecture as they measure expression or protein abundance in
situ. Platforms such as multiplexed immunofluorescence (e.g., CODEX, CyCIF), spatial tran-
scriptomics (e.g., Visium, GeoMx), and imaging mass cytometry map the organization of
tumor cells, stroma, and immune infiltrates at sub-millimeter resolution [36]. By identifying
“immune-cold” zones or perivascular niches that foster therapy resistance, spatial profiling
informs localized interventions, such as focused radiotherapy or intratumoral immunomod-
ulator delivery, targeted to the regions of greatest need [37]. Nonetheless, these assays incur
higher costs and lower sample throughput than bulk approaches, and resolution limits
remain: techniques like laser-capture microdissection still perform bulk analysis on small
regions and may miss infiltrating cells below their capture threshold, while low-signal
markers risk dropout and background noise akin to single-cell workflows (Figure 3).

In parallel, organoid models provide a complementary platform by preserving patient-
specific architecture and functional phenotypes ex vivo. Although they cannot fully re-
capitulate in situ spatial immune or stromal interactions, organoids offer a controllable
system for perturbation studies that nicely complements the in-tissue insights gained from
spatial profiling.

2.3. Detection Molecular Modality
2.3.1. DNA-Level Biomarkers

Point mutations and small insertions/deletions in oncogenes or tumor suppressors are
among the most actionable DNA biomarkers. For example, EGFR exon 19 deletions [38] or
L858R substitutions [39] in non-small cell lung cancer, predict robust responses to first- and
second-generation EGFR tyrosine kinase inhibitors [40]. Likewise, BRAF V600E mutations
in melanoma or colorectal cancer identify patients eligible for BRAF/MEK inhibitor combi-
nations [41,42]. Monitoring the allele frequency of these variants in circulating tumor DNA
(ctDNA) during therapy enables early detection of resistance-associated mutations (e.g.,
EGFR T790M), prompting timely switching to next-generation inhibitors [43,44], such as
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the well-recognized false-negative ctDNA results in low-shedding tumors (e.g., early-stage
prostate or pancreatic cancers), which can obscure emerging resistance [45].

Single-Cell Profiling Spatial Profiling

() L
?

L

One cell
Spanning
multiple bins

Multiple cells in
one spatial bin

Individual cells are dissociated and
profiled without spatial context

Cellular profiles are captured with
preserved spatial organization

Figure 3. Comparison between single-cell and spatial profiling approaches. Single-cell profiling (left)
involves dissociating individual cells from tissue, enabling high-resolution molecular characterization
but resulting in the loss of spatial context. In contrast, spatial profiling (right) retains the physical
organization of cells within the tissue architecture, allowing molecular features to be linked to specific
spatial locations. While single-cell approaches provide detailed cell-level information, spatial methods

enable mapping of cell states, interactions, and microenvironments within their native context.

On the other hand, gene amplifications and deletions can drive tumor growth or
therapy resistance. HER2 amplification in breast [46] and gastric [47] cancers are the
basis for anti-HER2 antibodies and antibody—drug conjugates [48]. Conversely, MET
amplification emerging after EGFR inhibitor therapy serves as a mechanism of acquired
resistance [17]. Recognizing this CNV shift allows clinicians to add MET inhibitors or adjust
treatment regimens. High-level MYC or CCND1 amplifications may also forecast sensitivity
to CDK4/6 inhibitors [49] or BET bromodomain inhibitors [50] under investigation.

In liquid biopsy applications, fragmentomics has rapidly emerged as a widely adopted
technique [51]. Analysis of DNA fragment size patterns in plasma enhances tumor speci-
ficity beyond simple mutation detection. Tumor-derived ctDNA fragments often display
characteristic size profiles (e.g., shorter fragment lengths [52], altered end motifs [53])
compared with normal cell-free DNA. By enriching for these tumor-specific fragments,
fragmentomic assays achieve more sensitive minimal residual disease (MRD) detection
after surgery or adjuvant therapy. Detecting residual ctDNA months before clinical relapse
enables preemptive intensification of systemic therapy to prevent overt recurrence.

In addition, extracellular vesicles (EVs) such as exosomes protect high-molecular-
weight genomic DNA shed from tumor cells [54]. Unlike highly fragmented ctDNA,
EV-DNA can span entire introns and exons, preserving structural variants and gene fusions
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that may be missed by standard cfDNA assays. For instance, capturing ALK [55] or
ROS1 [56] fusion breakpoints in EV-DNA from lung cancer patients allow identification of
candidates for ALK/ROS1 inhibitors even when tissue biopsy is infeasible. As therapies
targeting these rearrangements achieve durable remissions, EV-DNA profiling represents a
powerful tool to both discover and monitor actionable structural alterations (Figure 4).

Biomarkers in y e
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Figure 4. Schematic of molecular detection modalities for cancer biomarkers. Tumor-derived materi-
als are sampled and profiled across multiple molecular layers: Extracellular Vesicles & Circulating
Cancer Cells (top): Vesicle-encapsulated DNA, RNA, and protein cargo, alongside intact tumor cells,
enable noninvasive capture of structural variants, transcriptomes, and proteomes. Microbiomics
(top right): Commensal and intratumoral microbial DNA and metabolites inform host-microbe
interactions that modulate treatment response. DNA-Level Biomarkers (middle left): Point muta-
tions, copy-number variants, and DNA methylation patterns are detected in tissue or cell-free DNA.
Chromatin Accessibility (middle right): Open chromatin regions mapped by ATAC-seq or similar
assays reveal active regulatory elements driving oncogene expression. Transcriptomics (bottom left):
mRNA abundance and noncoding RNA (miRNA, IncRNA) profiles reflect real-time oncogenic and
resistance programs. Proteomics & Metabolomics (bottom right): Mass spectrometry-based quan-
tification of proteins (including post-translational modifications) and small-molecule metabolites
captures functional and metabolic states of the tumor.

2.3.2. RNA-Level Biomarkers

Profiling mRNA expression in tumor tissue or circulating cell-free RNA offers a direct
snapshot of the oncogenic programs active within cancer cells, and this information can
be immediately translated into treatment selection. For example, high transcript levels
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of VEGFA in a patient’s tumor may indicate a dependency on angiogenic signaling [57].
Such patients are prime candidates for agents that target the VEGF pathway, allowing
clinicians to tailor anti-angiogenic therapy rather than applying it broadly. Similarly,
quantifying PD-L1 mRNA in biopsy specimens can uncover patients who might benefit
most from checkpoint blockade, even when protein IHC results are equivocal [58,59].
Beyond single markers, multi-gene expression signatures that include proliferation and
survival genes, such as MKI67 [60,61], PCNA [62], and BCL2 [63] family members can
be used to monitor molecular response: a precipitous drop in these transcripts shortly
after therapy initiation often presages tumor regression on imaging, enabling early dose
de-escalation in responders or swift regimen changes in non-responders to avoid ineffective
treatment, such as instability of circulating RNA transcripts and dropout of low-abundance
mRNAs that can lead to underestimation of key pathways [64].

Long noncoding RNAs (IncRNAs) orchestrate complex regulatory networks that un-
derpin tumor progression and therapy resistance [65]. Aberrant overexpression of IncRNAs
such as HOTAIR [66,67] and MALAT1 [68-70] has been implicated in metastatic spread
and poor response to chemotherapy across multiple tumor types. By measuring IncRNA
levels in tumor biopsies, oncologists can identify patients at high risk for early relapse who
may derive greater benefit from intensified adjuvant regimens or inclusion in trials of novel
agents. Moreover, the discovery of IncRNAs that drive resistance pathways has given rise
to targeted antisense therapies aimed at silencing these transcripts; early-phase studies
of HOTAIR-directed oligonucleotides, for example, seek to restore chemosensitivity in
refractory cancers by dismantling the epigenetic scaffolds that these IncRNAs establish [71].

Extracellular vesicles (EVs) serve as vessels conveying a rich cargo of RNA species,
including mRNA fragments, miRNAs, and IncRNAs, from tumors into the circulation, pro-
viding a minimally invasive biopsy [72,73]. EV-encapsulated miRNAs, such as miR-21 [74]
and miR-155 [75], have emerged as dynamic biomarkers of chemoresistance: rising levels
in a patient’s plasma during treatment often foreshadow therapeutic failure, prompting
early transition to alternative drugs or enrollment in adaptive clinical trials. At the same
time, EV-associated mRNA fragments reflecting oncogene expression and EV-IncRNAs
indicating activation of resistance networks can be serially measured to guide combina-
tion strategies. For instance, detection of EV-mRNA encoding MET [76,77] or AXL [78]
alongside EV-IncRNAs linked to EMT (epithelial-to-mesenchymal transition) may signal
the need to add a MET inhibitor or epigenetic modulator to overcome emerging resis-
tance. This real-time, noninvasive monitoring transforms static treatment plans into agile,
biomarker-driven algorithms that continuously adapt to the tumor’s evolving molecular
profile (Figure 4).

2.3.3. Epigenetics

Aberrant DNA methylation patterns, particularly hypermethylation of CpG islands in
tumor suppressor gene promoters, serve as powerful biomarkers for both diagnosis and
therapeutic guidance [79,80]. For example, methylation of the O®-methylguanine-DNA
methyltransferase (MGMT) promoter in glioblastoma silences DNA repair capability, ren-
dering tumors more susceptible to alkylating agents such as temozolomide [81]. Clinicians
routinely assess MGMT methylation status to identify patients most likely to derive ben-
efit from this chemotherapy and to spare unmethylated cases from ineffective treatment.
Beyond MGMT, panels of methylated genes in cell-free DNA have been developed to
detect early colorectal [82] or lung cancers [83] and to stratify the risk of recurrence after
surgery. Therapeutically, demethylating agents such as 5-azacytidine and decitabine re-
verse pathological hypermethylation, re-express silenced tumor suppressors, and sensitize
leukemias and solid tumors to subsequent chemotherapy or immunotherapy [84]. Mon-



Cancers 2025, 17, 3720

9 of 24

itoring the dynamics of DNA methylation in circulating tumor DNA during treatment
can therefore inform on drug activity and emerging resistance, enabling oncologists to
adjust or escalate epigenetic therapy in real time, such as inter-patient variability in methy-
lation backgrounds and the influence of inflammatory or hematopoietic cells on cfDNA
methylation patterns [85].

Chromatin accessibility profiling reveals the regulatory landscapes that govern onco-
gene activation and drug resistance [86]. Assays such as ATAC-seq applied to tumor
tissue or sorted circulating tumor cells map regions of open chromatin, pinpointing active
enhancers and promoters that drive tumor proliferation or survival pathways [87]. For
instance, increased accessibility at super-enhancer regions has been linked to aggressive
subtypes of cancer; recognizing these accessible sites enables the development of small
molecules or bromodomain inhibitors that disrupt enhancer-driven transcription [86]. Fur-
thermore, shifts in the chromatin accessibility profile can forecast the onset of resistance:
tumors adapting to hormone therapy often open alternative enhancer regions to activate
bypass signaling. By serially profiling chromatin accessibility before and during treatment,
researchers can identify emerging regulatory vulnerabilities and intervene with targeted
epigenetic modulators, such as histone deacetylase (HDAC) [88] or bromodomain and
extra-terminal motif (BET) inhibitors [89], precisely when resistance is imminent. This
dynamic view of the epigenome thus offers both predictive biomarkers and direct targets
for next-generation cancer therapies (Figure 4).

2.3.4. Proteomics

Proteomic profiling deciphers the abundance, post-translational modifications, and
interaction networks of proteins that execute oncogenic programs. However, key signaling
proteins such as EGFR and AKT contain multiple phosphorylation sites, and quantifying a
single phospho-epitope does not reliably indicate which pathway node should be targeted
therapeutically. By applying mass spectrometry or affinity-based assays to tumor tissue,
plasma, or enriched exosomes, clinicians can identify overexpressed receptor tyrosine
kinases (e.g., EGFR, HER?) or activated signaling nodes (e.g., phosphorylated AKT, ERK)
that constitute actionable targets [90]. For example, elevated levels of phosphorylated
HER? in breast cancer have guided the addition of HER2-directed antibody—drug con-
jugates [91], while quantifying PD-L1 protein on tumor and immune cells has become
routine to select patients for checkpoint blockade [92]. Beyond guiding initial therapy,
serial proteomic measurements during treatment can reveal adaptive rewiring of signaling
pathways, prompting combination strategies that forestall resistance, such as the limited
dynamic range of mass-spectrometry detection, which can hinder accurate quantification of
low-abundance cytokines or phosphoproteins [93]. Emerging platforms capable of single-
cell proteomics further promise to resolve intratumoral heterogeneity, ensuring that all
clinically relevant protein subclones are targeted [94] (Figure 4).

2.3.5. Metabolomics

Cancer cells rewire their metabolism to support rapid proliferation, survival un-
der stress, and immune evasion [95,96]. Metabolomic analyses, using nuclear magnetic
resonance (NMR), mass spectrometry, or hyperpolarized MRI, detect these alterations
in tumor extracts, blood, or even urine [97]. Accumulation of oncometabolites like 2-
hydroxyglutarate in isocitrate dehydrogenase (IDH)-mutant gliomas not only serves as a
diagnostic biomarker but also directly informs the use of small-molecule IDH inhibitors,
which can induce differentiation and clinical responses [98-101]. Elevated choline or lactate
peaks on magnetic resonance (MR) spectroscopy correlate with aggressive tumor behavior
and have guided dose intensification in radiotherapy [102,103]. Furthermore, longitudi-
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nal monitoring of metabolic fluxes can gauge therapeutic impact: a drop in glutamine
uptake during glutaminase inhibitor therapy indicates target engagement, whereas a resur-
gence heralds metabolic escape, signaling the need for combination with inhibitors of
compensatory pathways [104-107]. In this way, metabolomics transforms dynamic tu-
mor metabolism into both a biomarker and a therapeutic vulnerability, such as the strong
pre-analytical variability of metabolites and rapid ex vivo degradation that can mask true
biological differences (Figure 4).

2.3.6. Microbiomics

The composition and function of the microbiome, both in the gut and within the
tumor microenvironment, profoundly influence cancer progression and treatment re-
sponse [108,109]. Studies have demonstrated that the presence of specific bacterial species,
such as Akkermansia muciniphila, correlates with improved outcomes on immune check-
point inhibitors, likely by modulating systemic inflammation and antigen presentation [110].
Harnessing this insight, clinicians are exploring adjunctive strategies such as dietary in-
terventions, probiotics, or fecal microbiota transplantation to augment immunotherapy
efficacy. Within the tumor niche itself, intratumoral bacteria can metabolize chemothera-
peutic agents, activating prodrugs or inactivating cytotoxics, and proteomic and genomic
profiling of these microbes can predict which patients might benefit from antibiotic modu-
lation [30,111]. As sequencing technologies mature and causal links between microbial taxa
and treatment response become clearer, microbiome profiling stands to become a standard
companion biomarker, guiding both direct microbial interventions and optimization of
conventional therapies, such as contamination artifacts and batch effects that remain a
challenge when sequencing low-biomass microbial samples (Figure 4).

3. Clinical Applications of Biomarkers
3.1. Early Detection

Detecting cancer at its earliest, most treatable stage poses a unique set of challenges:
screening must be highly sensitive (minimizing false negatives even at the expense of some
false positives), yet affordable and non-invasive enough to ensure broad patient adherence.
Liquid biopsy, panels of methylated cell-free DNA, circulating microRNAs, or other cell-
free biomarkers, offer a rapid, simple, and minimally invasive platform ideally suited to
these requirements [112]. Liquid biopsy’s minimal infrastructure needs make it especially
promising for low-resource settings. In addition, liquid biopsy dried blood-spot tests are
under development to enable cell-free DNA profiling from a simple heel- or finger-prick
sample [113], which is especially helpful in regions where even venous phlebotomy is
difficult, such as rural clinics in underdeveloped countries. By combining these molecular
risk scores with traditional factors (family history, histology, environmental exposures),
precision oncology programs can tailor screening intervals and preventive measures to each
patient’s personalized risk profile, while maintaining the affordability and accessibility
necessary for global implementation (Figure 5).

3.2. Theranostics

Theranostic biomarkers combine diagnostic imaging with targeted therapy to deliver
personalized treatment “on the same molecule.” A prime example is PSMA PET imaging
in metastatic prostate cancer [114,115]. Patients whose tumors avidly uptake radiolabeled
PSMA tracers can subsequently receive PSMA-targeted radionuclide therapy, thereby using
the same antigen for both detection and treatment. Similarly, somatostatin receptor scintig-
raphy in neuroendocrine tumors identifies candidates for peptide receptor radionuclide
therapy (PRRT), ensuring that only patients with sufficient receptor expression receive the
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therapeutic radiopeptide [116-118]. This biomarker-driven approach streamlines patient
selection, maximizes on-target delivery, and minimizes off-target toxicity by confirming
target presence before administering therapy. On the other hand, building on this foun-
dation, emerging artificial intelligence (Al)-assisted, multi-modal phenotyping platforms
integrate imaging data, genomic profiles, proteomic signatures, and clinical parameters
to generate deeply personalized treatment blueprints. Machine-learning algorithms can,
for instance, fuse PET/CT uptake patterns with circulating tumor DNA mutations and
tumor microenvironment features to predict not only target expression but also likely
resistance mechanisms, enabling dynamic adaptation of radionuclide dose or combination
with immunotherapy agents [119]. Notably, this Al-driven multimodal approach mirrors
the traditional Chinese medicine principle of “bian zheng shi zhi” [120], tailoring therapy
to each patient’s unique molecular “syndrome” (Figure 5).

Surgery Chemotherapy
“ ! 1
Early detection 8 Relapse Therapy
8 detection monitor]ng
S
@
£
'—

Relative biomarker signal intensity

Typical cancer care timeline’

Figure 5. Applications of biomarkers across a typical cancer therapeutic process. The schematic plots
relative biomarker signal intensity over key phases of a typical cancer therapeutic pathway (x-axis).
Early detection (gray): screening and diagnosis via high-sensitivity assays. Theranostics (teal): target
identification immediately before surgery (arrow) to guide both imaging and radionuclide therapy.
Relapse detection (pink): post-surgical surveillance for minimal residual disease. Therapy monitoring
(yellow): real-time assessment during chemotherapy (arrow) to adjust treatment.

3.3. Monitoring and Surveillance

Once therapy is underway, dynamic biomarkers provide real-time insight into tu-
mor burden and treatment efficacy. Effective monitoring requires multiple, longitudinal
samplings, but repeated tissue biopsies carry risks: infection from the procedure [121],
immunosuppression from anesthesia [122,123] (which can paradoxically promote metas-
tasis or recurrence), and patient discomfort that undermines adherence. By contrast,
non-invasive liquid biopsy sidesteps these issues. Circulating tumor DNA assays have
revolutionized surveillance by allowing oncologists to track variant allele frequencies in
plasma as a surrogate for tumor volume. For example, in colorectal cancer patients treated
with anti-EGFR antibodies, a rise in KRAS-mutant ctDNA often precedes radiographic
progression by weeks, enabling early adjustment of therapy [124-126]. Similarly, serial
measurements of exosomal protein markers, such as elevated HER2 levels in breast cancer,
can signal residual disease or early relapse, prompting timely intensification of adjuvant
treatment [127,128]. For MRD (minimal residual disease) monitoring, tumor-informed
assays, where bespoke panels are designed around a patient’s known genetics or epigenetic
profile, offer superior sensitivity at lower cost, enabling frequent, minimally invasive checks
on disease status [129]. By integrating biomarker-guided surveillance with traditional imag-
ing schedules, clinicians can tailor follow-up intervals, minimize unnecessary scans, and
intervene before overt clinical relapse (Figure 5).
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3.4. Prion-Based Detection Modalities

Prion biology also represents an unconventional molecular detection modality. Al-
though classically associated with neurodegenerative disorders, prion-like protein misfold-
ing and self-propagating conformational templates can be captured through amplification
assays such as RT-QuIC or PMCA, enabling ultra-sensitive readouts of pathological protein
seeding activity. These assays expand the conceptual boundary of biomarker detection
beyond nucleic acids and conventional proteins by measuring conformational biochemistry
as a diagnostic signal.

3.5. Summary of Biomarker Suitability Across Clinical Contexts

Different biomarker modalities vary substantially in their appropriateness for early
detection, relapse surveillance, and therapy monitoring. For early detection, assays with
high sensitivity for low-burden disease, such as cfDNA methylation panels, fragmentomics,
and microbiome-derived signatures, are generally most informative, whereas protein
markers with low dynamic range (e.g., CEA, CA19-9) tend to perform poorly at this
stage. For relapse detection, ctDNA variant tracking and structural variant detection
(e.g., fusion breakpoints or CNV shifts) are particularly effective because they can reveal
molecular recurrence months before radiographic progression, while metabolomics or
proteomics alone are often insufficiently sensitive. For real-time therapy monitoring,
dynamic biomarkers such as ctDNA allele-frequency changes, EV-RNA expression shifts,
or metabolic flux alterations outperform static genomic alterations, which rarely change
quickly enough to guide day-to-day treatment decisions. This framework highlights how
distinct biomarker classes align with specific clinical needs along the cancer continuum.

4. Impact of Biomarkers on Treatment Decisions
4.1. Biomarker-Driven Therapeutic Target Identification

The discovery of actionable molecular alterations through biomarker analysis has
transformed treatment paradigms across cancer types. For instance, sequencing of tumor
DNA to detect activating mutations in kinases, such as EGFR, in lung cancer [130,131] or
BRAF in melanoma [132,133], enables the direct prescription of small-molecule inhibitors
that shut down the driver oncogene. In parallel, proteomic assays revealing overexpression
of surface receptors, like HER? in breast and gastric cancers, guide the use of monoclonal
antibodies and antibody-drug conjugates tailored to that target [134]. Beyond single-
gene alterations, multi-omics panels integrate genomic, transcriptomic, and epigenetic
data to uncover less obvious vulnerabilities, such as studies suggest therapeutic targets
from transcriptomic signature analysis [135]. In each case, the identification of a specific
biomarker not only predicts which drug will yield the greatest benefit, but also spares
patients from ineffective, broad-spectrum therapies.

4.2. Resistance Biomarkers

Despite initial responses, tumors frequently evolve mechanisms to evade targeted
agents. Monitoring for resistance biomarkers, either through repeat tissue biopsy or more
commonly via liquid biopsy, allows clinicians to stay one step ahead of disease progression.
A classic example is the emergence of the EGFR T790M mutation in non-small cell lung
cancer patients treated with first-generation EGFR inhibitors; its detection in circulating
tumor DNA prompts a switch to third-generation inhibitors designed to overcome this
specific resistance [136]. Similarly, secondary amplifications of MET or HER2 have been
observed upon resistance to EGFR or ALK inhibitors, leading to combination strategies
that include MET or HER2 blockade [137]. In hormone-driven cancers, mutations in the
estrogen receptor gene (ESR1) flagged in plasma predict resistance to aromatase inhibitors
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and guide a transition to selective estrogen receptor degraders [138,139]. Biomarkers have
also been linked to resistance against immunotherapies. For example, elevated expression
of exhaustion markers on T cells can predict poor response to checkpoint inhibitors [36].
However, many of these candidates rest on in silico or retrospective bioinformatic analy-
ses [140-142] and demand prospective clinical and functional validation before they can
inform practice. By dynamically profiling resistance biomarkers, clinicians can anticipate
emerging escape mechanisms and tailor sequential therapies accordingly. Such an adaptive,
biomarker-driven strategy aims not only to maintain disease control but also to prolong
survival by staying one step ahead of tumor evolution.

4.3. Early Intervention

Early screening and early detection of cancer through highly sensitive assays enable
intervention at a truly preemptive stage, potentially preventing disease before it ever be-
comes clinically apparent [143]. For instance, methylated cell-free DNA panels can flag
colorectal neoplasia at a size far below imaging resolution, allowing clinicians to initiate
endoscopic or chemopreventive measures well before invasive cancer develops [144]. Simi-
larly, monitoring for minimal residual disease (MRD) after surgery or initial therapy using
ultrasensitive ctDNA assays identifies patients harboring microscopic disease that would
otherwise go undetected [145]. In colorectal cancer, the presence of postoperative ctDNA
signals a high risk of relapse; by stratifying these patients immediately after resection,
oncologists can escalate adjuvant chemotherapy sooner than conventional clinical or ra-
diographic criteria would allow [146,147]. By shifting from reactive treatment of overt
recurrence to preemptive, marker-driven intervention, we stand to eradicate microscopic
tumor foci and substantially improve long-term outcomes..

4.4. Real-Time Intervention upon Relapse

Once a patient enters maintenance therapy or surveillance, continuous biomarker
monitoring delivers actionable insights long before clinical progression. Serial measure-
ments of ctDNA variant allele frequencies can unmask expanding resistant clones days
to weeks ahead of radiographic changes. In these cases, clinicians can immediately adapt
treatment, escalating the dose, adding a second targeted agent, or switching to a different
therapeutic class, to nip overt relapse in the bud. This agile, “just-in-time” strategy, unlike
fixed, calendar-based schedules, keeps therapy intensity and selection tightly synchronized
with the tumor’s shifting molecular profile. Because it relies on minimally invasive lig-
uid biopsies rather than repeat tissue sampling, it minimizes procedural risk (infection,
anesthesia-induced immunosuppression) and enhances patient adherence. Moreover, when
paired with Al-driven predictive models that integrate longitudinal ctDNA trends, imaging
data, and clinical parameters, this approach can forecast resistance trajectories and recom-
mend optimal combination or sequencing strategies. Ultimately, real-time intervention
upon molecular relapse holds the promise of maximizing efficacy, reducing unnecessary
toxicity, and conserving healthcare resources by targeting treatment exactly when and
where it is needed.

5. Translational Challenges
5.1. Biomarker Validation and Clinical Trial Design

Translating a promising biomarker from the laboratory bench to clinical practice re-
quires rigorous analytical and clinical validation. Analytical validation ensures that an
assay reliably measures the biomarker across different sample types, instruments, and labo-
ratories, whereas clinical validation establishes that the biomarker predicts a meaningful
clinical outcome. Designing clinical trials around biomarkers adds further complexity:
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enrichment strategies must identify patients who truly carry the target alteration, control
arms may need to reflect standard-of-care molecular testing, and adaptive trial designs
are often employed to allow midstream adjustments based on emerging biomarker data.
Without careful validation and trial planning, even the most compelling molecular finding

can fail to demonstrate benefit in real-world patient populations (Table 1).

Table 1. Key Translational Challenges in Biomarker Development and Clinical Implementation.

Aspect

Key Issue

Major Challenges

Current Mitigation Strategies

Biomarker Validation and
Clinical Trial Design

Regulatory Approval and
IVD Registration

Standardization and
Quality Control

Privacy and Ethical
Issues

Controversies and
Consensus

Leakage and
Reproducibility Crisis in
ML-Based Biomarkers

Moving from discovery
to clinical utility via
analytical and clinical
validation;
biomarker-driven trial
design (e.g., enrichment,
adaptive trials)

In vitro diagnostic (IVD)
registration requires
demonstration of safety
and effectiveness;
companion diagnostics
must co-develop with
therapeutics
Ensuring reproducibility
across sites; minimizing
pre-analytical and
analytical variability
Handling large-scale
multi-omics data;
protecting patient privacy
and consent; ensuring

equity

Discordance between
cfDNA and tissue-based
assays; inter-lab variant
detection inconsistency

Overfitting and data
leakage in ML biomarker
models lead to inflated
performance

Misclassification of
biomarker-positive
patients; complexity of
trial design; limited
generalizability

Regulatory heterogeneity
across regions; burden of
technical documentation;
timeline mismatch with
drug development

Inter-lab variability in
results; lack of
harmonized materials
and protocols
Data integration
complexity; regulatory
requirements for consent
and access; disparities in
test availability

False positives/negatives
due to methodological
differences; biopsy type
trade-offs

Use of test data in model
training; lack of
transparency in workflow
reporting

Enrichment and adaptive trial
designs; clearly defined
predictive value; appropriate
control arms

Early coordination of drug-CDx
timelines; compliance with
FDA/EMA /CE marking
standards

External quality assurance,
proficiency testing, use of
reference materials (e.g., NIST
standards)

Ethical frameworks for consent
and data sharing; compliance
with GDPR/HIPAA; policies to
reduce access gaps

Standardization using spiked
reference materials;
dual-validation approach
(cfDNA screening + tissue
confirmation) per 2023 ESMO
guidelines
Adoption of Model Information
Sheets; workflow auditing;
emphasis on independent
validation and reproducibility
checks

5.2. Regulatory Approval and IVD Registration

Bringing a diagnostic biomarker into routine use typically involves approval of an
in vitro diagnostic (IVD) device, which must meet stringent regulatory standards for safety
and effectiveness. Developers must compile extensive technical documentation, including
analytical performance, reproducibility, and clinical utility data, and navigate diverse
requirements across jurisdictions. Companion diagnostics linked to specific therapeutics
face even greater scrutiny, as both the drug and its biomarker assay must demonstrate
a coordinated benefit-risk profile. The need to align co-development timelines for the
therapeutic agent and its companion diagnostic can slow market entry, and post-market
surveillance obligations add an ongoing burden for manufacturers and clinical laboratories.
(Table 1)
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5.3. Standardization and Quality Control

Even after a biomarker assay is approved, ensuring consistent performance across
hundreds of clinical laboratories poses a major challenge. Variability in pre-analytical
factors, such as sample collection, handling, and storage, can alter biomarker levels, while
differences in assay platforms and bioinformatics pipelines may yield divergent results
from the same specimen. Establishing external quality assurance programs, proficiency
testing, and harmonized reference materials is critical to maintain high standards and to
allow results generated at different centers to be directly comparable. In the context of
multi-center trials or widespread clinical deployment, robust quality control frameworks
mitigate against false positives or negatives that could lead to inappropriate treatment
decisions (Table 1).

5.4. Privacy and Ethical Issues

Multi-omics biomarker discovery and application generate vast amounts of sensi-
tive patient data, raising challenges in data integration, interpretation, and governance.
Advanced bioinformatic methods are needed to harmonize genomic, transcriptomic, pro-
teomic, and clinical datasets, distinguish true signals from noise, and translate complex
molecular profiles into actionable reports. At the same time, safeguarding patient privacy
and obtaining informed consent for diverse analyses, from tumor sequencing to microbiome
profiling, requires clear ethical frameworks and compliance with data protection regula-
tions. Equitable access to biomarker-driven therapies must also be addressed: disparities
in genomic testing availability can exacerbate existing health inequities, underscoring the
need for policies that ensure all patients benefit from precision oncology advances (Table 1).

5.5. Controversies and Consensus

Inter-laboratory discordance in variant detection, particularly between CAP- and
CLIA-certified laboratories, remains a significant obstacle to harmonized patient care, as
differences in DNA extraction, library prep, sequencing depth, and bioinformatic thresholds
can yield divergent calls from identical cfDNA or tissue samples. To address this, cross-
platform calibration using standardized reference materials (e.g., NIST’s Genome in a
Bottle cell-line mixtures spiked at known allele frequencies) has been proposed to align
sensitivity, specificity, and limits of detection across centers, thereby reducing false positives
and negatives and enabling reliable longitudinal monitoring [148]. A parallel controversy
centers on the choice of liquid versus tissue biopsy: the FDA-approved Guardant360 cfDNA
assay affords non-invasive, repeatable sampling and multi-site disease surveillance but
may lack sensitivity in low-shedding lesions and cannot pinpoint mutation origin, whereas
tissue-based NGS delivers histopathological context and structural variant detection at the
cost of sampling bias and procedural risk. In recognition of these complementary strengths
and weaknesses, the 2023 ESMO guidelines recommend a dual-validation strategy (initial
broad-spectrum cfDNA screening followed by confirmatory tissue NGS for actionable
variants and precise lesion localization) to maximize diagnostic yield while mitigating each
modality’s limitations [149] (Table 1).

5.6. Leakage and the Reproducibility Crisis in Machine-Learning-Based Biomarkers

Machine learning holds great promise for uncovering complex, high-dimensional
biomarker signatures, but its apparent breakthroughs are often undermined by a recur-
ring problem: data leakage [150]. When information from hold-out samples, whether
through premature feature selection, inadvertent use of future timepoints, or tuning hyper-
parameters on test-set performance, seeps into model training, reported accuracies become
dangerously overoptimistic and fail to replicate in independent cohorts. To guard against
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these pitfalls, investigators have proposed the use of “Model Information Sheets” [150]:
standardized templates that require investigators to detail every step of their workflow,
from how samples are split and preprocessed to when and where features are chosen and
models are calibrated. Although most demonstrations of leakage arise from methodologi-
cal research rather than prospective biomarker trials, parallel analyses in other domains,
such as civil-war prediction, where correcting for leakage erased the alleged superiority of
complex ML architectures, underscore the real-world stakes of lax validation. Embedding
similar reproducibility checks into biomarker studies, especially those destined for clinical
translation, will be essential to ensure that machine-learning innovations truly deliver on
their promise rather than simply reflecting self-fulfilling analytical artifacts (Table 1).

6. Personalized Precision Oncology Strategies
6.1. Intra- and Inter-Tumor Heterogeneity

Tumors are not monolithic entities but rather ecosystems of diverse cell populations
harboring distinct molecular alterations. This heterogeneity exists both within a single
lesion (intra-tumor) and between primary and metastatic sites (inter-tumor), driving vari-
able therapeutic responses and the emergence of resistant clones. For example, a basal-like
subclone in a predominantly luminal breast cancer may lack HER2 amplification, rendering
anti-HER? therapy less effective against that compartment [151]. Recognizing this diversity,
clinicians are now employing multi-region biopsies and longitudinal liquid biopsies to
capture the full landscape of tumor variants. By mapping the clonal architecture, treatment
regimens can be designed to target the most aggressive or therapy-resistant subpopulations,
often through combination therapies that simultaneously inhibit multiple pathways.

6.2. Depth and Breadth of Detection: Multi-Omics Integration

Effective personalization demands both “depth”, comprehensive characterization of a
tumor’s key drivers, and “breadth”, assessment across multiple molecular layers. Integrat-
ing genomic, transcriptomic, epigenomic, proteomic, and metabolomic data yields a holistic
view of tumor biology, revealing vulnerabilities that may be missed by single-modality
assays. In practice, a patient’s tumor may be profiled with whole-exome sequencing to
identify driver mutations, RNA-seq to quantify fusion transcripts, ATAC-seq to map open
chromatin regions, and mass spectrometry to detect overactive signaling proteins. The
convergence of these datasets through advanced bioinformatics then guides a multi-agent
treatment plan. Such multi-omics strategies ensure that precision oncology addresses the
complexity of each individual’s disease.

6.3. Cost-Effectiveness and Clinical Accessibility

Despite the promise of comprehensive molecular profiling, cost and resource con-
straints often limit access to precision medicine. Extensive multi-omics assays can be
prohibitively expensive and require specialized infrastructure, creating disparities between
well-resourced centers and community clinics. To balance depth of information with eco-
nomic feasibility, tiered testing algorithms have emerged: initial screening with targeted
mutation panels identifies the majority of actionable alterations, while reflex testing with
broader assays is reserved for patients without clear targets. Pooled testing approaches,
such as multiplexed liquid biopsy panels, can further reduce per-patient costs. Health-
economic studies are increasingly essential to demonstrate that upfront investment in
biomarker testing leads to downstream savings by avoiding ineffective treatments, reduc-
ing hospitalizations, and prolonging survival, thereby supporting reimbursement and
wider implementation.
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6.4. Al and Big-Data-Driven Personalization

The explosion of high-dimensional molecular and clinical data has created fertile
ground for artificial intelligence (AI) and machine-learning applications in oncology. Pre-
dictive models trained on large datasets can identify subtle biomarker patterns that correlate
with drug response or toxicity, enabling treatment recommendations that evolve as new
real-world evidence accumulates. Al-driven platforms also facilitate real-time clinical
decision support: integrating electronic health records, imaging features, and multi-omics
profiles to generate personalized therapeutic options at the point of care. Moreover, feder-
ated learning approaches promise to overcome data privacy barriers, allowing institutions
to collaboratively refine predictive algorithms without sharing raw patient data. As these
technologies mature, they will transform precision oncology from a static test-and-treat
model into a dynamic, continuously learning system that adapts to each patient’s unique
disease trajectory.

7. Conclusions

This review has highlighted the spectrum of cancer biomarkers, from tissue-based
assays and liquid biopsy modalities to multi-omics and imaging markers, and their pivotal
roles in guiding precision oncology. We have seen how DNA alterations, RNA signatures,
epigenetic modifications, proteomic profiles, metabolic changes, and even microbiome
composition inform treatment selection, monitoring, and adaptation. Biomarker-driven
target identification has enabled the deployment of highly effective therapies such as
kinase inhibitors, monoclonal antibodies, and immune modulators, while dynamic moni-
toring of resistance markers and minimal residual disease has ushered in an era of truly
adaptive treatment strategies. Moreover, the integration of multi-dimensional data has
revealed complex tumor heterogeneity and uncovered novel vulnerabilities, underscoring
the importance of both depth and breadth in molecular profiling.

Despite these advances, significant hurdles remain before the full promise of
biomarker-guided oncology can be realized. Many candidate biomarkers lack robust
analytical and clinical validation, and the high cost and logistical complexity of multi-omics
assays limit their widespread adoption. Regulatory pathways for companion diagnostics
and standardization across laboratories continue to lag behind scientific innovation, creat-
ing bottlenecks in clinical deployment. Additionally, the dynamic interplay between tumor
cells and the host microenvironment, including immune components and the microbiome,
remains incompletely understood, leaving gaps in our ability to predict and overcome
therapy resistance. Finally, ethical, privacy, and equity considerations surrounding the
collection and use of high-dimensional patient data demand ongoing attention to ensure
responsible and inclusive precision medicine.

Looking ahead, advancing precision oncology will require concerted efforts to stream-
line biomarker validation through adaptive trial designs and real-world evidence genera-
tion. The development of cost-effective, scalable platforms, such as integrated liquid biopsy
panels and standardized bioinformatics pipelines, will be critical to democratize access.
Artificial intelligence and federated learning hold promise to harness disparate, multi-
institutional datasets while preserving patient privacy, enabling more accurate predictive
models and decision-support tools. On the therapeutic front, combinations of targeted
agents, epigenetic modulators, and immunotherapies guided by real-time biomarker feed-
back will likely become the norm. Finally, closer integration of patient-derived organoids,
single-cell analyses, and spatial profiling techniques will deepen our understanding of
tumor ecology and accelerate the translation of novel biomarkers into actionable clinical
tests. Through these innovations, the vision of truly personalized, adaptive cancer care will
continue to move from possibility to reality.



Cancers 2025, 17, 3720 18 of 24

Author Contributions: Writing: H.L.; Editing: LK. and G.W. Revision: R.G. All authors have read
and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Acknowledgments: We thank Weifen Chen, Zongxiong Liu, Yaqi Yang, and Bryan Liu for their
support.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Shin, S.H.; Bode, A.M.; Dong, Z. Addressing the challenges of applying precision oncology. Npj Precis. Oncol. 2017, 1,
28. [CrossRef]

2. Azuaje, F Artificial intelligence for precision oncology: Beyond patient stratification. Npj Precis. Oncol. 2019, 3, 6. [CrossRef]

3. Cho, B.C,; Felip, E.; Hayashi, H.; Thomas, M.; Lu, S.; Besse, B.; Sun, T.; Martinez, M.; Sethi, S.N.; Shreeve, S.M.; et al. MARIPOSA:
Phase 3 study of first-line amivantamab + lazertinib versus osimertinib in EGFR-mutant non-small-cell lung cancer. Future Oncol.
2022, 18, 639-647. [CrossRef]

4. He,],; Huang, Z.; Han, L.; Gong, Y.; Xie, C. Mechanisms and management of 3rd-generation EGFR-TKI resistance in advanced
non-small cell lung cancer (Review). Int. J. Oncol. 2021, 59, 1-20. [CrossRef]

5. Zou, J.; Wang, E. Cancer Biomarker Discovery for Precision Medicine: New Progress. Curr. Med. Chem. 2019, 26, 7655—
7671. [CrossRef]

6. Wu, L.; Qu, X. Cancer biomarker detection: Recent achievements and challenges. Chem. Soc. Rev. 2015, 44, 2963-2997.
[CrossRef] [PubMed]

7. Mabert, K,; Cojoc, M.; Peitzsch, C.; Kurth, I.; Souchelnytskyi, S.; Dubrovska, A. Cancer biomarker discovery: Current status and
future perspectives. Int. ]. Radiat. Biol. 2014, 90, 659-677. [CrossRef]

8. Pessoa, L.S.; Heringer, M.; Ferrer, V.P. ctDNA as a cancer biomarker: A broad overview. Crit. Rev. Oncol. Hematol. 2020, 155,
103109. [CrossRef]

9.  Dermani, FK.; Samadi, P.; Rahmani, G.; Kohlan, A.K.; Najafi, R. PD-1/PD-L1 immune checkpoint: Potential target for cancer
therapy. J. Cell Physiol. 2019, 234, 1313-1325. [CrossRef] [PubMed]

10. Thunnissen, E.; de Langen, A.J.; Smit, E.F. PD-L1 IHC in NSCLC with a global and methodological perspective. Lung Cancer 2017,
113, 102-105. [CrossRef] [PubMed]

11. Castellanos, E.; Feld, E.; Horn, L. Driven by Mutations: The Predictive Value of Mutation Subtype in EGFR-Mutated Non-Small
Cell Lung Cancer. J. Thorac. Oncol. Off. Publ. Int. Assoc. Study Lung Cancer 2017, 12, 612-623. [CrossRef]

12.  Davies, H.; Bignell, G.R.; Cox, C.; Stephens, P.; Edkins, S.; Clegg, S.; Teague, J.; Woffendin, H.; Garnett, M.].; Bottomley, W.; et al.
Mutations of the BRAF gene in human cancer. Nature 2002, 417, 949-954. [CrossRef] [PubMed]

13. Takeuchi, K.; Soda, M.; Togashi, Y.; Suzuki, R.; Sakata, S.; Hatano, S.; Asaka, R.; Hamanaka, W.; Ninomiya, H.; Uehara, H.; et al.
RET, ROS1 and ALK fusions in lung cancer. Nat. Med. 2012, 18, 378-381. [CrossRef]

14. Jiang, T.; Wang, G.; Liu, Y.; Feng, L.; Wang, M.; Liu, J.; Chen, Y.; Ouyang, L. Development of small-molecule tropomyosin receptor
kinase (TRK) inhibitors for NTRK fusion cancers. Acta Pharm. Sin. B 2021, 11, 355-372. [CrossRef]

15. Roskoski, R., Jr. Small molecule inhibitors targeting the EGFR/ErbB family of protein-tyrosine kinases in human cancers.
Pharmacol. Res. 2019, 139, 395-411. [CrossRef]

16. Kashima, K.; Kawauchi, H.; Tanimura, H.; Tachibana, Y.; Chiba, T.; Torizawa, T.; Sakamoto, H. CH7233163 Overcomes Osimertinib-
Resistant EGFR-Del19/T790M /C797S Mutation. Mol. Cancer Ther. 2020, 19, 2288-2297. [CrossRef]

17.  Kumaki, Y.; Oda, G.; Ikeda, S. Targeting MET Amplification: Opportunities and Obstacles in Therapeutic Approaches. Carncers
2023, 15, 4552. [CrossRef] [PubMed]

18. Jahangiri, L. Updates on liquid biopsies in neuroblastoma for treatment response, relapse and recurrence assessment. Cancer
Genet. 2024, 288-289, 32-39. [CrossRef] [PubMed]

19. Ye, Q. Ling, S.; Zheng, S.; Xu, X. Liquid biopsy in hepatocellular carcinoma: Circulating tumor cells and circulating tumor DNA.
Mol. Cancer 2019, 18, 114. [CrossRef]

20. Wolf, J.; Rasmussen, D.K,; Sun, Y.J.; Vu, ].T.; Wang, E.; Espinosa, C.; Bigini, F.; Chang, R.T.; Montague, A.A.; Tang, PH,;
et al. Liquid-biopsy proteomics combined with Al identifies cellular drivers of eye aging and disease in vivo. Cell 2023, 186,
4868-4884.e12. [CrossRef] [PubMed]

21. Wang, W,; Rong, Z.; Wang, G.; Hou, Y.; Yang, F.; Qiu, M. Cancer metabolites: Promising biomarkers for cancer liquid biopsy.
Biomark. Res. 2023, 11, 66. [CrossRef]

22. Ren, F; Fei, Q.; Qiu, K.; Zhang, Y.; Zhang, H.; Sun, L. Liquid biopsy techniques and lung cancer: Diagnosis, monitoring and

evaluation. J. Exp. Clin. Cancer Res. 2024, 43, 96. [CrossRef]


https://doi.org/10.1038/s41698-017-0032-z
https://doi.org/10.1038/s41698-019-0078-1
https://doi.org/10.2217/fon-2021-0923
https://doi.org/10.3892/ijo.2021.5270
https://doi.org/10.2174/0929867325666180718164712
https://doi.org/10.1039/C4CS00370E
https://www.ncbi.nlm.nih.gov/pubmed/25739971
https://doi.org/10.3109/09553002.2014.892229
https://doi.org/10.1016/j.critrevonc.2020.103109
https://doi.org/10.1002/jcp.27172
https://www.ncbi.nlm.nih.gov/pubmed/30191996
https://doi.org/10.1016/j.lungcan.2017.09.010
https://www.ncbi.nlm.nih.gov/pubmed/29110835
https://doi.org/10.1016/j.jtho.2016.12.014
https://doi.org/10.1038/nature00766
https://www.ncbi.nlm.nih.gov/pubmed/12068308
https://doi.org/10.1038/nm.2658
https://doi.org/10.1016/j.apsb.2020.05.004
https://doi.org/10.1016/j.phrs.2018.11.014
https://doi.org/10.1158/1535-7163.MCT-20-0229
https://doi.org/10.3390/cancers15184552
https://www.ncbi.nlm.nih.gov/pubmed/37760522
https://doi.org/10.1016/j.cancergen.2024.09.001
https://www.ncbi.nlm.nih.gov/pubmed/39241395
https://doi.org/10.1186/s12943-019-1043-x
https://doi.org/10.1016/j.cell.2023.09.012
https://www.ncbi.nlm.nih.gov/pubmed/37863056
https://doi.org/10.1186/s40364-023-00507-3
https://doi.org/10.1186/s13046-024-03026-7

Cancers 2025, 17, 3720 19 of 24

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

Cheng, L.; Zhang, S.; Wang, M.; Lopez-Beltran, A. Biological and clinical perspectives of TERT promoter mutation detection on
bladder cancer diagnosis and management. Hum. Pathol. 2023, 133, 56-75. [CrossRef] [PubMed]

Parihar, A.S.; Dehdashti, F.; Wahl, R.L. FDG PET/CT-based Response Assessment in Malignancies. Radiographics 2023, 43,
€220122. [CrossRef]

Kim, E.; Lee, E.; Plummer, C; Gil, S.; Popel, A.S.; Pathak, A.P. Vasculature-specific MRI reveals differential anti-angiogenic effects
of a biomimetic peptide in an orthotopic breast cancer model. Angiogenesis 2015, 18, 125-136. [CrossRef]

Kong, Z.; Yan, C.; Zhu, R.; Wang, ].; Wang, Y.; Wang, Y.; Wang, R.; Feng, F.; Ma, W. Imaging biomarkers guided anti-angiogenic
therapy for malignant gliomas. Neuroimage Clin. 2018, 20, 51-60. [CrossRef]

Kim, Y.N.; Lee, H.Y,; Lee, K.S.; Seo, ].B.; Chung, M.]J.; Ahn, M.].; Park, K.; Kim, T.S.; Yi, C.A. Dual-energy CT in patients treated
with anti-angiogenic agents for non-small cell lung cancer: New method of monitoring tumor response? Korean J. Radiol. 2012, 13,
702-710. [CrossRef]

Templeton, A.].; McNamara, M.G.; éeruga, B.; Vera-Badillo, EE.; Aneja, P.; Ocafia, A.; Leibowitz-Amit, R.; Sonpavde, G.; Knox, ].].;
Tran, B.; et al. Prognostic role of neutrophil-to-lymphocyte ratio in solid tumors: A systematic review and meta-analysis. ]. Natl.
Cancer Inst. 2014, 106, djul24. [CrossRef]

Ding, J.; Karp, J.E.; Emadi, A. Elevated lactate dehydrogenase (LDH) can be a marker of immune suppression in cancer: Interplay
between hematologic and solid neoplastic clones and their microenvironments. Cancer Biomark. Sect. A Dis. Markers 2017, 19,
353-363. [CrossRef]

Schorr, L.; Mathies, M.; Elinav, E.; Puschhof, J. Intracellular bacteria in cancer-prospects and debates. NPJ Biofilms Microbiomes
2023, 9, 76. [CrossRef]

Zhu, W.,; Wang, J.Z.; Liu, Z.; Wei, ].E. The bacteria inside human cancer cells: Mainly as cancer promoters. Front. Oncol. 2022, 12,
897330. [CrossRef]

Putzu, C.; Serra, R.; Campus, R.; Fadda, G.M.; Sini, C.; Marongiu, A.; Ginesu, G.C.; Fois, A.G.; Palmieri, G.; Zinellu, A.; et al.
Complete Blood Count-Based Biomarkers as Predictors of Clinical Outcomes in Advanced Non-Small Cell Lung Cancer Patients
with PD-L1 < 50% Treated with First-Line Chemoimmunotherapy. Curr. Oncol. 2024, 31, 4955-4967.

Larroquette, C.A.; Hortobagyi, G.N.; Buzdar, A.U.; Holmes, F.A. Subclinical hepatic toxicity during combination chemotherapy
for breast cancer. JAMA 1986, 256, 2988-2990. [CrossRef]

Liu, H.; Li, Y.; Karsidag, M.; Tu, T.; Wang, P. Technical and Biological Biases in Bulk Transcriptomic Data Mining for Cancer
Research. J. Cancer 2025, 16, 34-43. [CrossRef] [PubMed]

Jamshidi, A.; Liu, M.C; Klein, E.A.; Venn, O.; Hubbell, E.; Beausang, J.E; Gross, S.; Melton, C.; Fields, A.P; Liu, Q.; et al.
Evaluation of cell-free DNA approaches for multi-cancer early detection. Cancer Cell 2022, 40, 1537-1549.e12. [CrossRef] [PubMed]
Liu, H.; Dong, A.; Rasteh, A.M.; Wang, P.; Weng, J. Identification of the novel exhausted T cell CD8 + markers in breast cancer. Sci.
Rep. 2024, 14, 19142. [CrossRef] [PubMed]

Hsieh, W.C.; Budiarto, B.R.; Wang, Y.F; Lin, C.Y.; Gwo, M.C,; So, D.K; Tzeng, Y.S.; Chen, S.Y. Spatial multi-omics analyses of the
tumor immune microenvironment. J. Biomed. Sci. 2022, 29, 96. [CrossRef]

Huang, L.T.; Zhang, S.L.; Han, C.B.; Ma, ].T. Impact of EGFR exon 19 deletion subtypes on clinical outcomes in EGFR-TKI-Treated
advanced non-small-cell lung cancer. Lung Cancer 2022, 166, 9-16. [CrossRef]

Wang, X.; Qin, Z.; Qiu, W.; Xu, K,; Bai, Y,; Zeng, B.; Ma, Y.; Yang, S.; Shi, Y.; Fan, Y. Novel EGFR inhibitors against resistant
L858R/T790M/C797S mutant for intervention of non-small cell lung cancer. Eur. J. Med. Chem. 2024, 277,116711. [CrossRef]
Zhao, Y.;; He, Y,; Wang, W.; Cai, Q.; Ge, E; Chen, Z,; Zheng, ]J.; Zhang, Y.; Deng, H.; Chen, Y.; et al. Efficacy and safety
of immune checkpoint inhibitors for individuals with advanced EGFR-mutated non-small-cell lung cancer who progressed
on EGEFR tyrosine-kinase inhibitors: A systematic review, meta-analysis, and network meta-analysis. Lancet Oncol. 2024, 25,
1347-1356. [CrossRef]

Prahallad, A.; Sun, C.; Huang, S.; Di Nicolantonio, F; Salazar, R.; Zecchin, D.; Beijersbergen, R.L.; Bardelli, A.; Bernards,
R. Unresponsiveness of colon cancer to BRAF(V600E) inhibition through feedback activation of EGFR. Nature 2012, 483,
100-103. [CrossRef]

Ueda, K.; Yamada, T.; Ohta, R.; Matsuda, A.; Sonoda, H.; Kuriyama, S.; Takahashi, G.; Iwai, T.; Takeda, K.; Miyasaka, T.; et al.
BRAF V600E mutations in right-side colon cancer: Heterogeneity detected by liquid biopsy. Eur. J. Surg. Oncol. 2022, 48,
1375-1383. [CrossRef] [PubMed]

Ma, L.; Li, H.; Wang, D.; Hu, Y,; Yu, M.; Zhang, Q.; Qin, N.; Zhang, X.; Li, X.; Zhang, H.; et al. Dynamic ¢fDNA Analysis by
NGS in EGFR T790M-Positive Advanced NSCLC Patients Failed to the First-Generation EGFR-TKIs. Front. Oncol. 2021, 11,
643199. [CrossRef]

Su, K.Y; Tseng, ].S.; Liao, K.M.; Yang, T.Y.; Chen, K.C.; Hsu, K.H; Yang, P.C; Yu, S.L.; Chang, G.C. Mutational monitoring of EGFR
T790M in ¢fDNA for clinical outcome prediction in EGFR-mutant lung adenocarcinoma. PLoS ONE 2018, 13, €0207001. [CrossRef]
Nikanjam, M.; Kato, S.; Kurzrock, R. Liquid biopsy: Current technology and clinical applications. J. Hematol. Oncol. 2022, 15,
131. [CrossRef]


https://doi.org/10.1016/j.humpath.2022.06.005
https://www.ncbi.nlm.nih.gov/pubmed/35700749
https://doi.org/10.1148/rg.220122
https://doi.org/10.1007/s10456-014-9450-5
https://doi.org/10.1016/j.nicl.2018.07.001
https://doi.org/10.3348/kjr.2012.13.6.702
https://doi.org/10.1093/jnci/dju124
https://doi.org/10.3233/CBM-160336
https://doi.org/10.1038/s41522-023-00446-9
https://doi.org/10.3389/fonc.2022.897330
https://doi.org/10.1001/jama.1986.03380210084030
https://doi.org/10.7150/jca.100922
https://www.ncbi.nlm.nih.gov/pubmed/39744578
https://doi.org/10.1016/j.ccell.2022.10.022
https://www.ncbi.nlm.nih.gov/pubmed/36400018
https://doi.org/10.1038/s41598-024-70184-1
https://www.ncbi.nlm.nih.gov/pubmed/39160211
https://doi.org/10.1186/s12929-022-00879-y
https://doi.org/10.1016/j.lungcan.2022.01.014
https://doi.org/10.1016/j.ejmech.2024.116711
https://doi.org/10.1016/S1470-2045(24)00379-6
https://doi.org/10.1038/nature10868
https://doi.org/10.1016/j.ejso.2022.01.016
https://www.ncbi.nlm.nih.gov/pubmed/35172933
https://doi.org/10.3389/fonc.2021.643199
https://doi.org/10.1371/journal.pone.0207001
https://doi.org/10.1186/s13045-022-01351-y

Cancers 2025, 17, 3720 20 of 24

46.
47.

48.

49.

50.

51.
52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

Oh, D.Y,; Bang, Y.J. HER2-targeted therapies—A role beyond breast cancer. Nat. Reviews Clin. Oncol. 2020, 17, 33-48. [CrossRef]
Janjigian, Y.Y.; Kawazoe, A.; Yafiez, P.; Li, N.; Lonardi, S.; Kolesnik, O.; Barajas, O.; Bai, Y.; Shen, L.; Tang, Y.; et al. The
KEYNOTE-811 trial of dual PD-1 and HER2 blockade in HER2-positive gastric cancer. Nature 2021, 600, 727-730. [CrossRef]
Okamoto, H.; Oitate, M.; Hagihara, K.; Shiozawa, H.; Furuta, Y.; Ogitani, Y.; Kuga, H. Pharmacokinetics of trastuzumab
deruxtecan (T-DXd), a novel anti-HER2 antibody-drug conjugate, in HER2-positive tumour-bearing mice. Xenobiotica 2020, 50,
1242-1250. [CrossRef] [PubMed]

Ma,].; Li, L.; Ma, B.; Liu, T.; Wang, Z.; Ye, Q.; Peng, Y.; Wang, B.; Chen, Y.; Xu, S.; et al. MYC induces CDK4/6 inhibitors resistance
by promoting pRB1 degradation. Nat. Commun. 2024, 15, 1871. [CrossRef] [PubMed]

Delmore, J.E.; Issa, G.C.; Lemieux, M.E.; Rahl, P.B.; Shi, J.; Jacobs, H.M.; Kastritis, E.; Gilpatrick, T.; Paranal, RM.; Qi, J.; et al. BET
bromodomain inhibition as a therapeutic strategy to target c-Myc. Cell 2011, 146, 904-917. [CrossRef]

Thierry, A.R. Circulating DNA fragmentomics and cancer screening. Cell Genom. 2023, 3, 100242. [CrossRef]

Qi, T.; Pan, M.; Shi, H.; Wang, L.; Bai, Y.; Ge, Q. Cell-Free DNA Fragmentomics: The Novel Promising Biomarker. Int. ]. Mol. Sci.
2023, 24, 1503. [CrossRef]

Jiang, P; Sun, K.; Peng, W.; Cheng, S.H.; Ni, M.; Yeung, P.C.; Heung, M.M.S.; Xie, T.; Shang, H.; Zhou, Z.; et al. Plasma
DNA End-Motif Profiling as a Fragmentomic Marker in Cancer, Pregnancy, and Transplantation. Cancer Discov. 2020, 10,
664—673. [CrossRef]

Elzanowska, J.; Semira, C.; Costa-Silva, B. DNA in extracellular vesicles: Biological and clinical aspects. Mol. Oncol. 2021, 15,
1701-1714. [CrossRef]

Sénchez-Herrero, E.; Campos-Silva, C.; Caceres-Martell, Y.; Robado de Lope, L.; Sanz-Moreno, S.; Serna-Blasco, R.; Rodriguez-
Festa, A.; Ares Trotta, D.; Martin-Acosta, P; Patifio, C.; et al. ALK-Fusion Transcripts Can Be Detected in Extracellular Vesicles
(EVs) from Nonsmall Cell Lung Cancer Cell Lines and Patient Plasma: Toward EV-Based Noninvasive Testing. Clin. Chem. 2022,
68, 668-679. [CrossRef]

Dong, ].; Zhang, R.Y.; Sun, N.; Smalley, M.; Wu, Z.; Zhou, A.; Chou, S.J; Jan, Y.J.; Yang, P.; Bao, L.; et al. Bio-Inspired NanoVilli
Chips for Enhanced Capture of Tumor-Derived Extracellular Vesicles: Toward Non-Invasive Detection of Gene Alterations in
Non-Small Cell Lung Cancer. ACS Appl. Mater. Interfaces 2019, 11, 13973-13983. [CrossRef]

Claesson-Welsh, L.; Welsh, M. VEGFA and tumour angiogenesis. |. Intern. Med. 2013, 273, 114-127. [CrossRef]

Yi, M.; Zheng, X.; Niu, M.; Zhu, S.; Ge, H.; Wu, K. Combination strategies with PD-1/PD-L1 blockade: Current advances and
future directions. Mol. Cancer 2022, 21, 28. [CrossRef] [PubMed]

Cottrell, T.R.; Taube, ].M. PD-L1 and Emerging Biomarkers in Immune Checkpoint Blockade Therapy. Cancer J. 2018, 24, 41-46.
[CrossRef] [PubMed]

Zhou, Y,; Chen, W,; Jiang, H.; Zhang, Y.; Ma, Z.; Wang, Z.; Xu, C.; Jiang, M.; Chen, J.; Cao, Z. MKI67 with arterial
hypertension predict a poor survival for prostate cancer patients, a real-life investigation. Clin. Transl. Oncol. 2024,
26, 3037-3049. [CrossRef] [PubMed]

Wu, S.Y,; Liao, P; Yan, L.Y.; Zhao, Q.Y.; Xie, Z.Y.; Dong, J.; Sun, H.T. Correlation of MKI67 with prognosis, immune infiltration,
and T cell exhaustion in hepatocellular carcinoma. BMC Gastroenterol. 2021, 21, 416. [CrossRef] [PubMed]

Cardano, M.; Tribioli, C.; Prosperi, E. Targeting Proliferating Cell Nuclear Antigen (PCNA) as an Effective Strategy to Inhibit
Tumor Cell Proliferation. Curr. Cancer Drug Targets 2020, 20, 240-252. [CrossRef]

Bouchalova, K.; Kharaishvili, G.; Bouchal, J.; Vrbkova, J.; Megova, M.; Hlobilkova, A. Triple negative breast cancer—BCL2 in
prognosis and prediction. Review. Curr. Drug Targets 2014, 15, 1166-1175. [CrossRef]

Hakobyan, S.; Schmidt, M.; Binder, H.; Arakelyan, A. Topology-aware pathway analysis of spatial transcriptomics. Peer] 2025, 13,
€19729. [CrossRef]

Ghorbani, A.; Hosseinie, F.; Khorshid Sokhangouy, S.; Islampanah, M.; Khojasteh-Leylakoohi, F.; Maftooh, M.; Nassiri, M.;
Hassanian, S.M.; Ghayour-Mobarhan, M.; Ferns, G.A.; et al. The prognostic, diagnostic, and therapeutic impact of Long noncoding
RNAs in gastric cancer. Cancer Genet. 2024, 282-283, 14-26. [CrossRef]

Raju, G.S.R;; Pavitra, E.; Bandaru, S.S.; Varaprasad, G.L.; Nagaraju, G.P,; Malla, R.R.; Huh, Y.S.; Han, Y.K. HOTAIR: A potential
metastatic, drug-resistant and prognostic regulator of breast cancer. Mol. Cancer 2023, 22, 65. [CrossRef]

Tufail, M. HOTAIR in colorectal cancer: Structure, function, and therapeutic potential. ~Med. Oncol. 2023, 40,
259. [CrossRef] [PubMed]

Xu, WW,; Jin, J.; Wu, X.Y.; Ren, Q.L.; Farzaneh, M. MALAT1-related signaling pathways in colorectal cancer. Cancer Cell Int. 2022,
22,126. [CrossRef]

Goyal, B.; Yadav, S.R.M.; Awasthee, N.; Gupta, S.; Kunnumakkara, A.B.; Gupta, S.C. Diagnostic, prognostic, and therapeutic sig-
nificance of long non-coding RNA MALAT1 in cancer. Biochim. Biophys. Acta Rev. Cancer 2021, 1875, 188502. [CrossRef] [PubMed]
Arun, G.; Aggarwal, D.; Spector, D.L. MALAT1 Long Non-Coding RNA: Functional Implications. Noncoding RNA 2020, 6,
22. [CrossRef]


https://doi.org/10.1038/s41571-019-0268-3
https://doi.org/10.1038/s41586-021-04161-3
https://doi.org/10.1080/00498254.2020.1755909
https://www.ncbi.nlm.nih.gov/pubmed/32306807
https://doi.org/10.1038/s41467-024-45796-w
https://www.ncbi.nlm.nih.gov/pubmed/38424044
https://doi.org/10.1016/j.cell.2011.08.017
https://doi.org/10.1016/j.xgen.2022.100242
https://doi.org/10.3390/ijms24021503
https://doi.org/10.1158/2159-8290.CD-19-0622
https://doi.org/10.1002/1878-0261.12777
https://doi.org/10.1093/clinchem/hvac021
https://doi.org/10.1021/acsami.9b01406
https://doi.org/10.1111/joim.12019
https://doi.org/10.1186/s12943-021-01489-2
https://www.ncbi.nlm.nih.gov/pubmed/35062949
https://doi.org/10.1097/PPO.0000000000000301
https://www.ncbi.nlm.nih.gov/pubmed/29360727
https://doi.org/10.1007/s12094-024-03505-5
https://www.ncbi.nlm.nih.gov/pubmed/38789889
https://doi.org/10.1186/s12876-021-01984-2
https://www.ncbi.nlm.nih.gov/pubmed/34724892
https://doi.org/10.2174/1568009620666200115162814
https://doi.org/10.2174/1389450115666141106151143
https://doi.org/10.7717/peerj.19729
https://doi.org/10.1016/j.cancergen.2023.12.006
https://doi.org/10.1186/s12943-023-01765-3
https://doi.org/10.1007/s12032-023-02131-5
https://www.ncbi.nlm.nih.gov/pubmed/37530984
https://doi.org/10.1186/s12935-022-02540-y
https://doi.org/10.1016/j.bbcan.2021.188502
https://www.ncbi.nlm.nih.gov/pubmed/33428963
https://doi.org/10.3390/ncrna6020022

Cancers 2025, 17, 3720 21 of 24

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

Ren, J.; Zhang, X.; Cao, J; Tian, J.; Luo, J.; Yu, Y.; Wang, F.; Zhao, Q. Radiosynthesis of a novel antisense imaging probe targeting
LncRNA HOTAIR in malignant glioma. BMC Cancer 2022, 22, 79. [CrossRef]

Miceli, R.T.; Chen, T.Y.; Nose, Y.; Tichkule, S.; Brown, B.; Fullard, J.F.,; Saulsbury, M.D.; Heyliger, S.0O.; Gnjatic, S.; Kyprianou,
N.; et al. Extracellular vesicles, RNA sequencing, and bioinformatic analyses: Challenges, solutions, and recommendations. J.
Extracell. Vesicles 2024, 13, €70005. [CrossRef] [PubMed]

Kim, K.M.; Abdelmohsen, K.; Mustapic, M.; Kapogiannis, D.; Gorospe, M. RNA in extracellular vesicles. Wiley Interdiscip. Rev.
RNA 2017, 8, €1413. [CrossRef]

Ren, W.; Hou, |.; Yang, C.; Wang, H.; Wu, S.; Wu, Y.; Zhao, X.; Lu, C. Extracellular vesicles secreted by hypoxia pre-challenged
mesenchymal stem cells promote non-small cell lung cancer cell growth and mobility as well as macrophage M2 polarization via
miR-21-5p delivery. J. Exp. Clin. Cancer Res. CR 2019, 38, 62. [CrossRef]

Wang, D.; Wang, X.; Song, Y.; Si, M.; Sun, Y,; Liu, X,; Cui, S.; Qu, X.; Yu, X. Exosomal miR-146a-5p and miR-155-5p promote
CXCL12/CXCR7-induced metastasis of colorectal cancer by crosstalk with cancer-associated fibroblasts. Cell Death Dis. 2022, 13,
380. [CrossRef]

Qiao, Z.; Zhang, Y.; Ge, M,; Liu, S.; Jiang, X.; Shang, Z.; Liu, H.; Cao, C.; Xiao, H. Cancer Cell Derived Small Extracellular
Vesicles Contribute to Recipient Cell Metastasis Through Promoting HGF/c-Met Pathway. Mol. Cell Proteom. 2019, 18, 1619-1629.
[CrossRef] [PubMed]

Tey, S.K.; Wong, SW.K.; Yeung, C.L.S; Li, ].YK,; Mao, X.; Chung, C.Y.S.; Yam, ].W.P. Liver cancer cells with nuclear MET
overexpression release translation regulatory protein-enriched extracellular vesicles exhibit metastasis promoting activity. J.
Extracell. Biol. 2022, 1, €39. [CrossRef] [PubMed]

Huang, M,; Liu, M.; Huang, D.; Ma, Y.; Ye, G.; Wen, Q.; Li, Y;; Deng, L.; Qi, Q.; Liu, T; et al. Tumor perivascular cell-derived
extracellular vesicles promote angiogenesis via the Gas6/Axl pathway. Cancer Lett. 2022, 524, 131-143. [CrossRef]

Klutstein, M.; Nejman, D.; Greenfield, R.; Cedar, H. DNA Methylation in Cancer and Aging. Cancer Res. 2016, 76,
3446-3450. [CrossRef]

Sprang, M.; Paret, C.; Faber, ]. CpG-Islands as Markers for Liquid Biopsies of Cancer Patients. Cells 2020, 9, 1820. [CrossRef]
Mansouri, A.; Hachem, L.D.; Mansouri, S.; Nassiri, F.; Laperriere, N.J.; Xia, D.; Lindeman, N.I.; Wen, PY.; Chakravarti, A.; Mehta,
M.P; et al. MGMT promoter methylation status testing to guide therapy for glioblastoma: Refining the approach based on
emerging evidence and current challenges. Neuro Oncol. 2019, 21, 167-178. [CrossRef]

Ryu, H.; Kim, J.H.; Kim, Y.J.; Jeon, H.; Kim, B.C.; Jeon, Y.; Kim, Y.; Bak, H.; Kang, Y.; Kim, C.; et al. Quantification method of
ctDNA using cell-free DNA methylation profile for noninvasive screening and monitoring of colon cancer. Clin. Epigenetics 2024,
16, 95. [CrossRef]

Heeke, S.; Gay, C.M.; Estecio, M.R.; Tran, H.; Morris, B.B.; Zhang, B.; Tang, X.; Raso, M.G.; Rocha, P; Lai, S.; et al.
Tumor- and circulating-free DNA methylation identifies clinically relevant small cell lung cancer subtypes. Cancer Cell 2024,
42,225-237.e5. [CrossRef]

Maurillo, L.; Spagnoli, A.; Genuardi, M.; Lunghi, M.; Di Renzo, N.; D’Arco, A.M.; Mele, G.; Levis, A.; Gozzini, A.; Petrini, M.;
et al. 5-Azacytidine for the Treatment of Acute Myeloid Leukemia: A Retrospective, Multicenter Study of 55 Patients. Blood 2008,
112, 1947. [CrossRef]

Cheng, A.P,; Cheng, M.P; Loy, C.J.; Lenz, ].S.; Chen, K.; Smalling, S.; Burnham, P.; Timblin, K.M.; Orejas, J.L.; Silverman, E.; et al.
Cell-free DNA profiling informs all major complications of hematopoietic cell transplantation. Proc. Natl. Acad. Sci. USA 2022,
119, €2113476118. [CrossRef] [PubMed]

Corces, M.R.; Granja, ].M.; Shams, S.; Louie, B.H.; Seoane, ].A.; Zhou, W; Silva, T.C.; Groeneveld, C.; Wong, C.K.; Cho, SW.; et al.
The chromatin accessibility landscape of primary human cancers. Science 2018, 362, eaav1898. [CrossRef] [PubMed]
Mansisidor, A.R.; Risca, V.I. Chromatin accessibility: Methods, mechanisms, and biological insights. Nucleus 2022, 13,
236-276. [CrossRef]

McClure, J.J.; Li, X.; Chou, C.J. Advances and Challenges of HDAC Inhibitors in Cancer Therapeutics. Adv. Cancer Res. 2018, 138,
183-211.

Ali, I; Choi, G.; Lee, K. BET Inhibitors as Anticancer Agents: A Patent Review. Recent Patents Anti-Cancer Drug Discov. 2017, 12,
340-364. [CrossRef] [PubMed]

Kim, H.; Lee, W.; Kim, Y.; Lee, S.]J.; Choi, W.; Lee, G.K.; Park, S.J.; Ju, S.; Kim, S.Y.; Lee, C.; et al. Proteogenomic characterization
identifies clinical subgroups in EGFR and ALK wild-type never-smoker lung adenocarcinoma. Exp. Mol. Med. 2024, 56,
2082-2095. [CrossRef]

Hayashi, N.; Iwamoto, T.; Gonzalez-Angulo, A.M.; Ferrer-Lozano, J.; Lluch, A ; Niikura, N.; Bartholomeusz, C.; Nakamura, S.;
Hortobagyi, G.N.; Ueno, N.T. Prognostic impact of phosphorylated HER-2 in HER-2* primary breast cancer. Oncologist 2011, 16,
956-965. [CrossRef]


https://doi.org/10.1186/s12885-022-09170-7
https://doi.org/10.1002/jev2.70005
https://www.ncbi.nlm.nih.gov/pubmed/39625409
https://doi.org/10.1002/wrna.1413
https://doi.org/10.1186/s13046-019-1027-0
https://doi.org/10.1038/s41419-022-04825-6
https://doi.org/10.1074/mcp.RA119.001502
https://www.ncbi.nlm.nih.gov/pubmed/31196968
https://doi.org/10.1002/jex2.39
https://www.ncbi.nlm.nih.gov/pubmed/38939527
https://doi.org/10.1016/j.canlet.2021.10.023
https://doi.org/10.1158/0008-5472.CAN-15-3278
https://doi.org/10.3390/cells9081820
https://doi.org/10.1093/neuonc/noy132
https://doi.org/10.1186/s13148-024-01708-9
https://doi.org/10.1016/j.ccell.2024.01.001
https://doi.org/10.1182/blood.V112.11.1947.1947
https://doi.org/10.1073/pnas.2113476118
https://www.ncbi.nlm.nih.gov/pubmed/35058359
https://doi.org/10.1126/science.aav1898
https://www.ncbi.nlm.nih.gov/pubmed/30361341
https://doi.org/10.1080/19491034.2022.2143106
https://doi.org/10.2174/1574892812666170808121228
https://www.ncbi.nlm.nih.gov/pubmed/28786345
https://doi.org/10.1038/s12276-024-01320-0
https://doi.org/10.1634/theoncologist.2010-0409

Cancers 2025, 17, 3720 22 of 24

92.

93.
94.
95.
96.
97.

98.
99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

Zhang, X.; Gao, G.; Zhang, Q.; Zhao, S.; Li, X.; Cao, W.; Luo, H.; Zhou, C. In-depth proteomic analysis identifies key gene
signatures predicting therapeutic efficacy of anti-PD-1/PD-L1 monotherapy in non-small cell lung cancer. Transl. Lung Cancer Res.
2024, 13, 34-45. [CrossRef]

Heil, L.R.; Remes, PM.; Canterbury, ].D.; Yip, P.; Barshop, W.D.; Wu, C.C.; MacCoss, M.J. Dynamic Data-Independent Acquisition
Mass Spectrometry with Real-Time Retrospective Alignment. Anal. Chem. 2023, 95, 11854-11858. [CrossRef]

Vistain, L.E; Tay, S. Single-Cell Proteomics. Trends Biochem. Sci. 2021, 46, 661-672. [CrossRef] [PubMed]

Suri, G.S.; Kaur, G.; Carbone, G.M.; Shinde, D. Metabolomics in oncology. Cancer Rep. 2023, 6, €1795. [CrossRef] [PubMed]
Zeng, Z.; Chen, C.X. Metabonomic analysis of tumor microenvironments: A mini-review. Front. Oncol. 2023, 13,
1164266. [CrossRef]

Han, J.; Li, Q.; Chen, Y,; Yang, Y. Recent Metabolomics Analysis in Tumor Metabolism Reprogramming. Front. Mol. Biosci. 2021, 8,
763902. [CrossRef]

Chou, EJ.; Liu, Y,; Lang, F,; Yang, C. D-2-Hydroxyglutarate in Glioma Biology. Cells 2021, 10, 2345. [CrossRef] [PubMed]
Kadiyala, P; Carney, S.V.; Gauss, ].C.; Garcia-Fabiani, M.B.; Haase, S.; Alghamri, M.S.; Nuafez, EJ.; Liu, Y.; Yu, M,; Taher, A.; et al.
Inhibition of 2-hydroxyglutarate elicits metabolic reprogramming and mutant IDH1 glioma immunity in mice. J. Clin. Investig.
2021, 131, €139542. [CrossRef]

Fathi, A.T.; Nahed, B.V.; Wander, S.A.; Iafrate, A.].; Borger, D.R.; Hu, R.; Thabet, A.; Cahill, D.P,; Perry, A.M.; Joseph, C.P,; et al.
Elevation of Urinary 2-Hydroxyglutarate in IDH-Mutant Glioma. Oncologist 2016, 21, 214-219. [CrossRef]

Riviere-Cazaux, C.; Suzuki, Y.; Kizilbash, Z.; Laxen, W.].; Lacey, ] M.; Wipplinger, T.M.; Warrington, A.E.; Keough, M.B.; Kamga,
L.E; Andersen, KM.; et al. Cerebrospinal fluid D-2-hydroxyglutarate for IDH-mutant glioma: Utility for detection versus
monitoring. medRxiv 2025. [CrossRef]

Li, X;; Zhao, Y,; Jiang, W.; Li, S.; Zhan, M.; Liu, H.; Zhang, C.; Liang, H.; Liu, H.; Lu, L., et al. Ultralong circulating choline
phosphate liposomal nanomedicines for cascaded chemo-radiotherapy. Biomater. Sci. 2019, 7, 1335-1344. [CrossRef] [PubMed]
Yao, Y;; Xu, R.; Shao, W,; Tan, J.; Wang, S.; Chen, S.; Zhuang, A.; Liu, X,; Jia, R. A Novel Nanozyme to Enhance Radiotherapy
Effects by Lactic Acid Scavenging, ROS Generation, and Hypoxia Mitigation. Adv. Sci. 2024, 11, €2403107. [CrossRef] [PubMed]
Matés, ].M.; Campos-Sandoval, J.A.; Marquez, ]. Glutaminase isoenzymes in the metabolic therapy of cancer. Biochim. Biophys.
Acta Rev. Cancer 2018, 1870, 158-164. [CrossRef]

Du, D;; Liu, C.; Qin, M,; Zhang, X; Xi, T.; Yuan, S.; Hao, H.; Xiong, ]. Metabolic dysregulation and emerging therapeutical targets
for hepatocellular carcinoma. Acta Pharm. Sin. B 2022, 12, 558-580. [CrossRef] [PubMed]

Encarnacién-Rosado, J.; Sohn, A.S.W.; Biancur, D.E,; Lin, E.Y.; Osorio-Vasquez, V.; Rodrick, T.; Gonzdlez-Baerga, D.; Zhao, E.;
Yokoyama, Y.; Simeone, D.M.; et al. Targeting pancreatic cancer metabolic dependencies through glutamine antagonism. Nat.
Cancer 2024, 5, 85-99. [CrossRef]

Yang, W.H.; Qiu, Y.; Stamatatos, O.; Janowitz, T.; Lukey, M.]. Enhancing the Efficacy of Glutamine Metabolism Inhibitors in
Cancer Therapy. Trends Cancer 2021, 7, 790-804. [CrossRef]

Sepich-Poore, G.D.; Zitvogel, L.; Straussman, R.; Hasty, J.; Wargo, ].A.; Knight, R. The microbiome and human cancer. Science
2021, 371, eabc4552. [CrossRef]

Cullin, N.; Azevedo Antunes, C.; Straussman, R.; Stein-Thoeringer, C.K.; Elinav, E. Microbiome and cancer. Cancer Cell 2021, 39,
1317-1341. [CrossRef]

Fan, S,; Jiang, Z.; Zhang, Z.; Xing, J.; Wang, D.; Tang, D. Akkermansia muciniphila: A potential booster to improve the effectiveness
of cancer immunotherapy. J. Cancer Res. Clin. Oncol. 2023, 149, 13477-13494. [CrossRef]

Wang, G.; He, X.; Wang, Q. Intratumoral bacteria are an important “accomplice” in tumor development and metastasis. Biochim.
Biophys. Acta Rev. Cancer 2023, 1878, 188846. [CrossRef]

Chen, M.; Zhao, H. Next-generation sequencing in liquid biopsy: Cancer screening and early detection. Hum. Genom. 2019, 13, 34.
[CrossRef] [PubMed]

Mussa, A.; Pagliardini, S.; Pagliardini, V.; Molinatto, C.; Baldassarre, G.; Corrias, A.; Silengo, M.C.; Ferrero, G.B. «-Fetoprotein
assay on dried blood spot for hepatoblastoma screening in children with overgrowth-cancer predisposition syndromes. Pediatr.
Res. 2014, 76, 544-548. [CrossRef]

Hofman, M.S.; Hicks, R.J.; Maurer, T.; Eiber, M. Prostate-specific Membrane Antigen PET: Clinical Utility in Prostate Cancer,
Normal Patterns, Pearls, and Pitfalls. Radiographics 2018, 38, 200-217. [CrossRef] [PubMed]

Alberts, L.L; Seifert, R.; Werner, R.A.; Rowe, S.P.; Afshar-Oromieh, A. Prostate-specific Membrane Antigen: Diagnostics. PET Clin.
2024, 19, 351-362. [CrossRef]

Gubbi, S.; Koch, C.A.; Klubo-Gwiezdzinska, J. Peptide Receptor Radionuclide Therapy in Thyroid Cancer. Front. Endocrinol. 2022,
13, 896287. [CrossRef] [PubMed]

Basu, S.; Parghane, R.V.; Kamaldeep; Chakrabarty, S. Peptide Receptor Radionuclide Therapy of Neuroendocrine Tumors. Semin.
Nucl. Med. 2020, 50, 447-464. [CrossRef]


https://doi.org/10.21037/tlcr-23-713
https://doi.org/10.1021/acs.analchem.3c00903
https://doi.org/10.1016/j.tibs.2021.01.013
https://www.ncbi.nlm.nih.gov/pubmed/33653632
https://doi.org/10.1002/cnr2.1795
https://www.ncbi.nlm.nih.gov/pubmed/36811317
https://doi.org/10.3389/fonc.2023.1164266
https://doi.org/10.3389/fmolb.2021.763902
https://doi.org/10.3390/cells10092345
https://www.ncbi.nlm.nih.gov/pubmed/34571995
https://doi.org/10.1172/JCI139542
https://doi.org/10.1634/theoncologist.2015-0342
https://doi.org/10.1101/2025.04.08.25325500
https://doi.org/10.1039/C9BM00051H
https://www.ncbi.nlm.nih.gov/pubmed/30816393
https://doi.org/10.1002/advs.202403107
https://www.ncbi.nlm.nih.gov/pubmed/38704679
https://doi.org/10.1016/j.bbcan.2018.07.007
https://doi.org/10.1016/j.apsb.2021.09.019
https://www.ncbi.nlm.nih.gov/pubmed/35256934
https://doi.org/10.1038/s43018-023-00647-3
https://doi.org/10.1016/j.trecan.2021.04.003
https://doi.org/10.1126/science.abc4552
https://doi.org/10.1016/j.ccell.2021.08.006
https://doi.org/10.1007/s00432-023-05199-8
https://doi.org/10.1016/j.bbcan.2022.188846
https://doi.org/10.1186/s40246-019-0220-8
https://www.ncbi.nlm.nih.gov/pubmed/31370908
https://doi.org/10.1038/pr.2014.126
https://doi.org/10.1148/rg.2018170108
https://www.ncbi.nlm.nih.gov/pubmed/29320333
https://doi.org/10.1016/j.cpet.2024.03.001
https://doi.org/10.3389/fendo.2022.896287
https://www.ncbi.nlm.nih.gov/pubmed/35712243
https://doi.org/10.1053/j.semnuclmed.2020.05.004

Cancers 2025, 17, 3720 23 of 24

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.
132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

Hofland, J.; Brabander, T.; Verburg, F.A.; Feelders, R.A.; de Herder, W.W. Peptide Receptor Radionuclide Therapy. J. Clin.
Endocrinol. Metab. 2022, 107, 3199-3208. [CrossRef]

Moding, E.J.; Shahrokh Esfahani, M.; Jin, C.; Hui, A.B.; Nabet, B.Y.; Liu, Y.; Chabon, ].J.; Binkley, M.S.; Kurtz, D.M.; Hamilton,
E.G,; et al. Integrating ctDNA Analysis and Radiomics for Dynamic Risk Assessment in Localized Lung Cancer. Cancer Discov.
2025, 15, 1609-1629. [CrossRef]

Li, Q.; Liu, H; Jin, J.; Zhang, Y.; Li, S.; Wang, L.; Zhao, S.; Wu, C.; Fang, Z.; Jin, J. Traditional Chinese Medicine Properties and
Microcalorimetry: BioScience Evaluation. Med. Res. 2025, 1, 103-121. [CrossRef]

Ehdaie, B.; Vertosick, E.; Spaliviero, M.; Giallo-Uvino, A.; Taur, Y.; O’Sullivan, M.; Livingston, J.; Sogani, P.; Eastham, J.; Scardino,
P. The impact of repeat biopsies on infectious complications in men with prostate cancer on active surveillance. J. Urol. 2014, 191,
660—664. [CrossRef]

Jin, Z.; Zhang, W.; Liu, H.; Ding, A.; Lin, Y.; Wu, S.X; Lin, J. Potential Therapeutic Application of Local Anesthetics in Cancer
Treatment. Recent Patents Anti-Cancer Drug Discov. 2022, 17, 326-342. [CrossRef]

Li, R.; Mukherjee, M.B,; Jin, Z.; Liu, H,; Lin, K,; Liu, Q.; Dilger, ].P; Lin, ]. The Potential Effect of General Anesthetics in Cancer
Surgery: Meta-Analysis of Postoperative Metastasis and Inflammatory Cytokines. Cancers 2023, 15, 2759. [CrossRef] [PubMed]
Choi, J.; Cho, H.Y;; Jeon, J.; Kim, K.A.; Han, Y.D.; Ahn, ]J.B.; Wortzel, I.; Lyden, D.; Kim, H.S. Detection of circulating
KRAS mutant DNA in extracellular vesicles using droplet digital PCR in patients with colon cancer. Front. Oncol. 2022,
12,1067210. [CrossRef] [PubMed]

Béadon, E.S.; Mokanszki, A.; Ménus, A.; Andras, C.; Méhes, G. Clonal diversity in KRAS mutant colorectal adenocarcinoma
under treatment: Monitoring of cfDNA using reverse hybridization and DNA sequencing platforms. Mol. Cell Probes 2023, 67,
101891. [CrossRef]

Dos Reis, M.B.; Dos Santos, W.; de Carvalho, A.C.; Lima, A.B.; Reis, M.T.; Santos, F.; Reis, R.M.; Guimaraes, D.P. Plasma
mutation profile of precursor lesions and colorectal cancer using the Oncomine Colon ¢fDNA Assay. BMC Cancer 2024, 24,
1547. [CrossRef] [PubMed]

Perrier, A.; Gligorov, J.; Lefevre, G.; Boissan, M. The extracellular domain of Her2 in serum as a biomarker of breast cancer. Lab.
Investig. A J. Tech. Methods Pathol. 2018, 98, 696-707. [CrossRef]

Lee, S.B,; Lee, JW.; Yu, ].H,; Ko, B.S.; Kim, H.J.; Son, B.H.; Gong, G.; Lee, H.].; Kim, S.B.; Jung, K.H.; et al. Preoperative serum
HER?2 extracellular domain levels in primary invasive breast cancer. BMC Cancer 2014, 14, 929. [CrossRef]

Wan, ].C.M.; Heider, K; Gale, D.; Murphy, S.; Fisher, E.; Mouliere, F; Ruiz-Valdepenas, A.; Santonja, A.; Morris, J.; Chandrananda,
D.; et al. ctDNA monitoring using patient-specific sequencing and integration of variant reads. Sci. Transl. Med. 2020, 12,
eaaz8084. [CrossRef]

Grant, C.; Nagasaka, M. Neoadjuvant EGFR-TKI therapy in Non-Small cell lung cancer. Cancer Treat. Rev. 2024, 126,
102724. [CrossRef]

Wu, Y.L.; Zhou, Q. Combination Therapy for EGFR-Mutated Lung Cancer. N. Engl. |. Med. 2023, 389, 2005-2007. [CrossRef]
Bai, X.; Flaherty, K.T. Targeted and immunotherapies in BRAF mutant melanoma: Where we stand and what to expect. Br. J.
Dermatol. 2021, 185, 253-262. [CrossRef]

Ferrucci, P.F,; Lens, M.; Cocorocchio, E. Combined BRAF-Targeted Therapy with Immunotherapy in BRAF-Mutated Advanced
Melanoma Patients. Curr. Oncol. Rep. 2021, 23, 138. [CrossRef] [PubMed]

Doi, T.; Shitara, K.; Naito, Y.; Shimomura, A.; Fujiwara, Y.; Yonemori, K.; Shimizu, C.; Shimoi, T.; Kuboki, Y.; Matsubara, N.;
et al. Safety, pharmacokinetics, and antitumour activity of trastuzumab deruxtecan (DS-8201), a HER2-targeting antibody-drug
conjugate, in patients with advanced breast and gastric or gastro-oesophageal tumours: A phase 1 dose-escalation study. Lancet.
Oncol. 2017, 18, 1512-1522. [CrossRef]

Liu, H.; Tang, T. MAPK signaling pathway-based glioma subtypes, machine-learning risk model, and key hub proteins identifica-
tion. Sci. Rep. 2023, 13, 19055. [CrossRef] [PubMed]

Leonetti, A.; Sharma, S.; Minari, R.; Perego, P.; Giovannetti, E.; Tiseo, M. Resistance mechanisms to osimertinib in EGFR-mutated
non-small cell lung cancer. Br. J. Cancer 2019, 121, 725-737. [CrossRef]

Lovly, C.M,; Iyengar, P.; Gainor, J.F. Managing Resistance to EFGR- and ALK-Targeted Therapies. Am. Soc. Clin. Oncol. Educ. Book.
2017, 37, 607-618. [CrossRef]

Fuqua, S.A.; Gu, G.; Rechoum, Y. Estrogen receptor (ER) « mutations in breast cancer: Hidden in plain sight. Breast Cancer Res.
Treat. 2014, 144, 11-19. [CrossRef] [PubMed]

Brett, J.O.; Spring, L.M.; Bardia, A.; Wander, S.A. ESR1 mutation as an emerging clinical biomarker in metastatic hormone
receptor-positive breast cancer. Breast Cancer Res. 2021, 23, 85. [CrossRef]

Liu, H.; Weng, ].; Huang, C.L.; Jackson, A.P. Is the voltage-gated sodium channel 33 subunit (SCN3B) a biomarker for glioma?
Funct. Integr. Genom. 2024, 24, 162. [CrossRef]

Liu, H. Expression and potential immune involvement of cuproptosis in kidney renal clear cell carcinoma. Cancer Genet. 2023,
274-275,21-25. [CrossRef] [PubMed]


https://doi.org/10.1210/clinem/dgac574
https://doi.org/10.1158/2159-8290.CD-24-1704
https://doi.org/10.1002/mdr2.70002
https://doi.org/10.1016/j.juro.2013.08.088
https://doi.org/10.2174/1574892817666220119121204
https://doi.org/10.3390/cancers15102759
https://www.ncbi.nlm.nih.gov/pubmed/37345096
https://doi.org/10.3389/fonc.2022.1067210
https://www.ncbi.nlm.nih.gov/pubmed/36591510
https://doi.org/10.1016/j.mcp.2022.101891
https://doi.org/10.1186/s12885-024-13287-2
https://www.ncbi.nlm.nih.gov/pubmed/39695441
https://doi.org/10.1038/s41374-018-0033-8
https://doi.org/10.1186/1471-2407-14-929
https://doi.org/10.1126/scitranslmed.aaz8084
https://doi.org/10.1016/j.ctrv.2024.102724
https://doi.org/10.1056/NEJMe2311559
https://doi.org/10.1111/bjd.19394
https://doi.org/10.1007/s11912-021-01134-7
https://www.ncbi.nlm.nih.gov/pubmed/34735635
https://doi.org/10.1016/S1470-2045(17)30604-6
https://doi.org/10.1038/s41598-023-45774-0
https://www.ncbi.nlm.nih.gov/pubmed/37925483
https://doi.org/10.1038/s41416-019-0573-8
https://doi.org/10.1200/EDBK_176251
https://doi.org/10.1007/s10549-014-2847-4
https://www.ncbi.nlm.nih.gov/pubmed/24487689
https://doi.org/10.1186/s13058-021-01462-3
https://doi.org/10.1007/s10142-024-01443-7
https://doi.org/10.1016/j.cancergen.2023.03.002
https://www.ncbi.nlm.nih.gov/pubmed/36963335

Cancers 2025, 17, 3720 24 of 24

142.

143.

144.

145.

146.

147.

148.

149.

150.

151.

Liu, H.; Weng, J. A Pan-Cancer Bioinformatic Analysis of RAD51 Regarding the Values for Diagnosis, Prognosis, and Therapeutic
Prediction. Front. Oncol. 2022, 12, 858756. [CrossRef] [PubMed]

Medina, J.E.; Dracopoli, N.C.; Bach, P.B.; Lau, A.; Scharpf, R.B.; Meijer, G.A.; Andersen, C.L.; Velculescu, V.E. Cell-free DNA
approaches for cancer early detection and interception. J. Immunother. Cancer 2023, 11, e006013. [CrossRef]

Zhao, F; Bai, P; Xu, J.; Li, Z.; Muhammad, S.; Li, D.; Zhang, Z.; Gao, Y.; Liu, Q. Efficacy of cell-free DNA methylation-based
blood test for colorectal cancer screening in high-risk population: A prospective cohort study. Mol. Cancer 2023, 22, 157.
[CrossRef] [PubMed]

Peng, Y.; Mei, W.; Ma, K.; Zeng, C. Circulating Tumor DNA and Minimal Residual Disease (MRD) in Solid Tumors: Current
Horizons and Future Perspectives. Front. Oncol. 2021, 11, 763790. [CrossRef]

Tie, J.; Wang, Y.; Tomasetti, C.; Li, L.; Springer, S.; Kinde, I; Silliman, N.; Tacey, M.; Wong, H.L.; Christie, M.; et al. Circulating
tumor DNA analysis detects minimal residual disease and predicts recurrence in patients with stage II colon cancer. Sci. Transl.
Med. 2016, 8, 346ra392. [CrossRef]

Tarazona, N.; Gimeno-Valiente, F.; Gambardella, V.; Zufiiga, S.; Rentero-Garrido, P.; Huerta, M.; Rosell9, S.; Martinez-Ciarpaglini,
C.; Carbonell-Asins, J.A.; Carrasco, F; et al. Targeted next-generation sequencing of circulating-tumor DNA for tracking minimal
residual disease in localized colon cancer. Ann. Oncol. Off. J. Eur. Soc. Med. Oncol. 2019, 30, 1804-1812. [CrossRef]

Zook, ].M.; Chapman, B.; Wang, J.; Mittelman, D.; Hofmann, O.; Hide, W.; Salit, M. Integrating human sequence data sets provides
a resource of benchmark SNP and indel genotype calls. Nat. Biotechnol. 2014, 32, 246-251. [CrossRef]

Pascual, J.; Attard, G.; Bidard, F.C.; Curigliano, G.; De Mattos-Arruda, L.; Diehn, M.; Italiano, A.; Lindberg, J.; Merker, ].D.;
Montagut, C.; et al. ESMO recommendations on the use of circulating tumour DNA assays for patients with cancer: A report
from the ESMO Precision Medicine Working Group. Ann. Oncol. Off. ]. Eur. Soc. Med. Oncol. 2022, 33, 750-768. [CrossRef]
Kapoor, S.; Narayanan, A. Leakage and the reproducibility crisis in machine-learning-based science. Patterns 2023, 4,
100804. [CrossRef]

Stanowicka-Grada, M.; Senkus, E. Anti-HER2 Drugs for the Treatment of Advanced HER?2 Positive Breast Cancer. Curr. Treat.
Options Oncol. 2023, 24, 1633-1650. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3389/fonc.2022.858756
https://www.ncbi.nlm.nih.gov/pubmed/35359409
https://doi.org/10.1136/jitc-2022-006013
https://doi.org/10.1186/s12943-023-01866-z
https://www.ncbi.nlm.nih.gov/pubmed/37770864
https://doi.org/10.3389/fonc.2021.763790
https://doi.org/10.1126/scitranslmed.aaf6219
https://doi.org/10.1093/annonc/mdz390
https://doi.org/10.1038/nbt.2835
https://doi.org/10.1016/j.annonc.2022.05.520
https://doi.org/10.1016/j.patter.2023.100804
https://doi.org/10.1007/s11864-023-01137-5
https://www.ncbi.nlm.nih.gov/pubmed/37878202

	Introduction 
	Current Cancer Biomarkers and Detection Modalities 
	Sample Type 
	Tissue-Based Biomarkers 
	Liquid Biopsy 
	Imaging Biomarkers 
	Other Clinical Information 

	Detection “Dimensions” of Biomarkers 
	Local Bulk Profiling Versus Global Bulk Profiling 
	Single-Cell Profiling Versus Spatial Profiling 

	Detection Molecular Modality 
	DNA-Level Biomarkers 
	RNA-Level Biomarkers 
	Epigenetics 
	Proteomics 
	Metabolomics 
	Microbiomics 


	Clinical Applications of Biomarkers 
	Early Detection 
	Theranostics 
	Monitoring and Surveillance 
	Prion-Based Detection Modalities 
	Summary of Biomarker Suitability Across Clinical Contexts 

	Impact of Biomarkers on Treatment Decisions 
	Biomarker-Driven Therapeutic Target Identification 
	Resistance Biomarkers 
	Early Intervention 
	Real-Time Intervention upon Relapse 

	Translational Challenges 
	Biomarker Validation and Clinical Trial Design 
	Regulatory Approval and IVD Registration 
	Standardization and Quality Control 
	Privacy and Ethical Issues 
	Controversies and Consensus 
	Leakage and the Reproducibility Crisis in Machine-Learning-Based Biomarkers 

	Personalized Precision Oncology Strategies 
	Intra- and Inter-Tumor Heterogeneity 
	Depth and Breadth of Detection: Multi-Omics Integration 
	Cost-Effectiveness and Clinical Accessibility 
	AI and Big-Data-Driven Personalization 

	Conclusions 
	References

