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Head and neck squamous cell carcinoma (HNSCC) is the sixth most common cancer worldwide,
significantly impactingpatient survival andquality of life. The recent emergenceof immunotherapyhas
providednewhope forHNSCCpatients, improving survival rates; however, only 15%–20%of patients
benefit, and side effects are inevitable. With advancements in omics technologies and the growing
prevalence of bioinformatics research, the immune microenvironment of HNSCC has become
increasingly well understood, and the molecular mechanisms underlying immunotherapy responses
continue to be elucidated. In this review, we summarize commonly used omics techniques and their
applications in the research of HNSCC immunotherapy, including predicting and enhancing efficacy,
formulating personalized treatment plans, establishing robust preclinical research models, and
identifying new immunotherapy targets. Finally, we explore future perspective in terms of sequencing
samples, data integration analysis, emerging technologies, clinicopathological features, and
interdisciplinary approaches.

Head and neck squamous cell carcinoma (HNSCC) is the sixth most
common cancer worldwide, with 931,000 new cases and 467,000 deaths in
20201. In addition to early oral cancer (treated only by surgery) or laryngeal
cancer (treated only by surgery or radiotherapy), the treatment of most
HNSCC cases requires a multimodal approach and therefore requires
multidisciplinary care2. Since 2016, anti-programmed death 1 (PD-1)
inhibitors, such as nivolumab and pembrolizumab, have been approved for
patients with recurrent or metastatic HNSCC who experience disease
progression during or after platinum-based chemotherapy3,4. Despite these
advances, patient prognosis remains poor, with no significant improvement
in survival rates, and only a subset of patients responding to treatment.
Therefore, there is a critical need to explore more effective and targeted
immunotherapy strategies to enhance clinical outcomes for patients with
HNSCC5. For example, the emerging neoadjuvant immunotherapy has
shown significant promise, particularly when combined with chemother-
apy, demonstrating a 91.2% event-free survival rate6.

Immunotherapy under the guidance of traditional pathological clas-
sification faces the challenge of response heterogeneity, which ismainly due
to the high complexity of the tumor ecosystem. Omics technologies,

including genomics, epigenomics, transcriptomics, and single-cell omics,
have been widely applied in the field of immunotherapy for HNSCC7–9.
These technologies help dissect the complex tumor microenvironment,
exploremechanismsof immunotherapy, and identify new targets.However,
single-omics data are typically analyzed at a singular level, which may
overlook information from other dimensions and fail to reveal biological
functions holistically. For instance, genomic analysis may fail to capture
epigenetic regulation-induced PD-L1 expression heterogeneity (e.g., DNA
methyltransferases inhibitor effects).

The interplay and complementarity of multi-omics data facilitate a
comprehensive analysis of tumors, heralding a new era of precise, efficient,
and personalized immunotherapy. For example, single-cell transcriptome
can evaluate the functional status of differentT cell subsets based on gene set
enrichment scores. Proteomics makes up for the low sensitivity of the
transcriptome to the identification of T cell expression markers, and has a
higher degree of recognition for T cells with different functional states.
Combined with spatial omics analysis, the potential cell interactions of
T cells in specific functional states can be explored. By combining single-cell
proteomics, single-cell transcriptomics, T cell receptors (TCR) sequencing
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and spatial omics techniques, Rahim et al. intuitively demonstrated the
characteristics of T cell responses in uninvolved lymph nodes and empha-
sized the key role of lymph nodes in maintaining the efficacy of
immunotherapy10,11. This integrated application of multi-omics not only
enhances the depth and breadth of cancer research but also provides
valuable data support and innovative insights for the development of new
therapeutic methods and diagnostic tools.

This article reviews the application of omics technology in immu-
notherapy research for HNSCC, highlighting its critical role in various
aspectsof immunotherapy. Finally,wediscuss the futureperspectives for the
application of omics technology in HNSCC immunotherapy research.

The study of HNSCC before the era of multi-omics
Before the advent of the era of multi-omics, researchers mainly relied on
flow cytometry, immunohistochemistry and immunofluorescence techni-
ques to explore the immune microenvironment in HNSCC. These tradi-
tionalmethods can qualitatively and quantitatively analyze the immune cell
populations in tumors by detecting pre-selected immune markers. For
example, flow cytometry uses its advantages of high-throughput andmulti-
parameter detection to finely distinguish different subsets of CD8+ T cells,
regulatory T cells (Tregs), and macrophages. Study has shown that in
HNSCC, tumor-infiltrating CD8+ T cells are closely related to the better
prognosis of patients, mainly due to their key role in directly killing tumor
cells and activating other anti-tumor effector cells12. On the contrary, Tregs
and some phenotypes of tumor-associated macrophages often mediate
immunosuppression and promote tumor progression, which is associated
with poor prognosis13,14.

Although flow cytometry and immunohistochemistry/immuno-
fluorescence provide us with valuable preliminary information, these
techniques are usually limited to the detection of a single or a few
indicators, and it is difficult to fully reflect the complexity of the tumor
microenvironment and the dynamic interaction between cells. For
example, due to sensitivity limitations, flow cytometry can only detect a
small abundance of cell subsets. Moreover, flow cytometry provides
only a single time point snapshot and cannot track the dynamic evo-
lution of T cell clones.

The emergence of high-throughput technology has greatly expanded
the research horizon in this field. For example, the typical immunohisto-
chemical panel can only detect 3–5 markers at the same time, but the mass
spectrometry flow technology can detect more than 50 parameters, which
greatly improves the data throughput and resolution. Furthermore, by
integrating genome, transcriptome, proteome andmetabolome data,multi-
omics methods can analyze the phenotype, functional status andmolecular
regulatory network of immune cells in a higher dimension, thus revealing
the tumor heterogeneity and immune regulation mechanism that are dif-
ficult to capture by traditional methods15. This global data integration not
only helps to identify new immune cell subsets, but also reveals their
interactions and potential regulatory pathways in the tumor micro-
environment, providing a theoretical basis for the development of accurate
immunotherapy strategies16.

Omics approaches: a brief overview
SinceAmerican geneticist ThomasH. Roderick first introduced the concept
of genomics in 1986, omics technologies have increasingly been applied in
medical research. The advent of next-generation sequencing and single-cell
sequencing technologies has significantly accelerated this progress, pro-
viding new scientific insights and research directions for tumor
immunotherapy.

In general, multi-omics technologies are capable of extracting
valuable biological information from saliva, blood, tumor tissue, and
lymph node samples collected from HNSCC patients. Multi-omics
joint analysis enables the construction of gene regulatory networks
across multiple dimensions, such as DNA, RNA, and protein, allowing
for a comprehensive analysis of tumorigenesis and development over
time and spatial dimensions (Fig. 1).

Genomics
High-throughput sequencing-based genomicmethods can reveal individual
tumor mutation burden (TMB), complex mutation characteristics, and
tumor-specific antigens, providing valuable information for targeted
therapies, immune checkpoint inhibitors (ICI), and personalized anti-
cancer vaccines17. Notably, patients with higher TMB have an increased
number of neoantigens produced by tumor cells, enhancing antigen pre-
sentation by immune cells and facilitating the recognition and elimination
of these tumor cells. A meta-analysis indicated that ICI therapy yields a
more pronounced response and clinical benefit in HNSCC patients with
high TMB18.

In addition to TMB, in the context of high-throughput genome
sequencing, more tumor neoantigens based on other source, such as exon
retention events, frame shiftmutations, and abnormal expression of human
endogenous retroviruses have been continuously excavated19–21. The
diversity andquality of theseneoantigens are alsokey to the success of tumor
immunotherapy. Additionally, mutations induced by carcinogens promote
the enrichment of immunosuppressive M2 macrophages in the TIME,
leading to resistance to ICI treatment22.

Epigenomics
Epigenomics involves the study of all chemical modifications outside
genomic DNA in cells, such as DNA methylation, histone modification,
non-coding RNA, and chromatin remodeling. These modifications can
regulate gene expression to affect cell function, thereby affecting individual
development and even causing diseases, such as malignant tumor23.

In recent years, the role of epigenetics in tumor immunotherapy has
been continuously emphasized. Through epigenetic regulation, the normal
silent genomic non-coding regions, such as long terminal repeats, long/
short scattered nuclear elements, are restored to express, thereby enhancing
the immunogenicity of cancer cells. Additionally, epigenetic characteristics
can influence T cell exhaustion through multiple mechanisms, potentially
diminishing the effectiveness of ICI treatment24. In studies of HNSCC
immunotherapy, significant differences in methylation patterns have been
observed between patients who respond to ICI treatment and those who do
not, highlighting the potential of the HNSCC methylation spectrum in
predicting treatment response25. A comprehensive understanding of epi-
genetic characteristics will aid in identifying patient responsiveness and
drug resistance to immunotherapy.

Transcriptomics
Transcriptome sequencing enables a detailed analysis of target gene
expression levels, the identification of new transcripts, single nucleotide
polymorphisms, and splicing variants, as well as the provision of allele-
specific gene expression. Transcriptomic data can elucidate the signaling
pathways and key transcription factors involved in tumorigenesis and
development26. Furthermore, various analytical methods can derive distinct
biological insights from the original data. For instance, deconvolution
methods can reveal the composition of TIME, differential analysis can
identify gene signatures associated with different tumor phenotypes, and
prognostic analysis can predict patient survival. It is worth noting that
transcriptome analysis plays a key role inpredicting the response ofHNSCC
patients to immunotherapy and screening immune checkpoint inhibitor
adjuvant drugs. In particular, the integration of immune-related gene
expression characteristics, such as those reflecting T cell infiltration and
interferon-γ (IFN-γ) signaling pathways, can more accurately predict the
patient’s response to ICI therapy27,28.

Single-cell RNA sequencing (scRNA-seq) technology has advanced
TIME research to unprecedented levels of detail, significantly contributing
to our understanding of TIME. ScRNA-seq enables non-targeted quanti-
fication of transcripts at the single-cell level, facilitating the identification of
new immune cell subtypes, rare immune cell populations, and themapping
of immunecell status anddevelopment29.Additionally, scRNA-seqprovides
insights into cell interactions within TIME, allowing researchers to accu-
rately identify ligand-receptor pairs involved in cell-cell interactions,
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thereby offering a more comprehensive view of immune cell functionality.
In the context of immunotherapy, scRNA-seq applied to immune and
stromal cells in TIME elucidates transcriptional states associated with
therapeutic response and drug resistance. For instance, intratumoral
CD103+ CD8+ T cells have been identified as predictors of response in
patients with advanced HNSCC undergoing neoadjuvant chemotherapy
immunotherapy30.

Immune repertoire profiling
Immunoreceptor repertoire sequencing provides new insights into the
dynamics of tumor-immune interactions. By capturing the complete
diversity of TCRs andB cell receptors (BCRs)within the TIME at single-cell
resolution, this approach not only identifies the clonal composition of T/B
cells but also quantifies clonal expansion events driven by tumor-specific
antigens31,32.

Critically, the integration of scRNA-seq with paired single-cell TCR/
BCR sequencing enables two key advances: precise tracking of clonally
expandedT/B cell populations (e.g., tumor-reactive CD8+T cell cloneswith
high TCR clonality) and their functional phenotypes (e.g., activation,
memory, exhaustion), and reconstruction of clonal lineage relationships
to infer antigen-driven selection pressures during immunotherapy33.

Zhou et al. demonstrated that clonal expansion of CD8+ T cells with
cytotoxic phenotypes correlates with durable response to ICIs in HNSCC34.
Moreover, study highlights that dominant TCR clones with high clonal
frequency in pretreatment biopsies may serve as predictive biomarkers for
ICI efficacy35.

Proteomics
Genome and transcriptome analyses offer insights into the character-
istics and potential effects of genomic changes, while proteomics pro-
vides direct information on protein regulation and signal transduction
in response to these changes. At present, mass spectrometry has
become one of the most widely used techniques in high-throughput
proteomics, which quantifies post-translational modifications through
direct fragments or specific protein decomposition activities respon-
sible for their formation. Mass spectrometry can be combined with a
variety of separation and pre-fractionation techniques to identify target
proteins/peptides and improve the accuracy and yield of recognition. In
addition, commonly used high-throughput proteomics techniques
include protein pathway array, next generation tissue microarrays,
multiplex bead-or aptamer-based assays, proximity extension assay,
and nanopore based single-molecule proteomics36.

Fig. 1 | Overview of omics application process in immunotherapy research of HNSCC. BCR B cell receptors, FFPE formalin fixed paraffin embedded, HNSCC head and
neck squamous cell carcinoma, TCR T cell receptors. Created with BioRender.com.
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Mass spectrometry-based proteomics can accurately reflect the func-
tional status of tumors, distinguish between different immune subtypes, and
inform the development of personalized immunotherapy strategies37. It is
worth noting that proteogenomic has gradually demonstrated its advan-
tages in the field of immunotherapy research. On the one hand, by com-
biningmass spectrometry withwhole exome sequencing, it can identify and
verify neoantigens at the protein level, providing a newpotential strategy for
immunotherapy38. On the other hand, based on the results of proteomics
analysis, the analysis of immune infiltration in different cohorts, combined
with the results of whole genome sequencing, can help to determine the
internal driving factors of low immune infiltration, so as to formulate per-
sonalized precise immunotherapy strategies for this population in the
future39.

Single-cell proteomics provides distinct advantages in cell population
annotation by enabling precise identification of cell surface receptor pro-
teins, thereby facilitating intuitive visualization of cellular subgroup pro-
portions. Current single-cell proteomics techniques are generally classified
into two primary categories. The first involves targeted protein analysis,
which employs antibody-based detection methods such as spectral flow
cytometry (e.g., CyTOF) and antibody-coupled oligonucleotide technolo-
gies. The second category encompasses global proteome analysis, exem-
plified by methodologies like SCoPE-MS and nanoPOTS. These
technologies enable in-depth phenotypic characterization of immune cells,
facilitate dynamic modeling of signaling pathways, and reveal protein
expression signatures associated with immunotherapy responsiveness.
Notably, single-cell proteomics has been applied to classify circulating
tumor cells (CTCs), enabling patient stratification based on CTC distribu-
tion patterns and immune checkpoint expression profiles. Such analyses
show significant potential for guiding immunotherapeutic strategies40.

Metabolomics
Tumor-infiltrating immune cells often experience metabolic stress due to
the metabolic dysregulation of tumor cells, leading to an impaired anti-
tumor immune response. The reuse of anti-cancer drugs that target meta-
bolismmay synergistically enhance immunotherapy by reprogramming the
tumor microenvironment (TME)41.

Metabolomics can analyze themetabolic landscape at various stages of
tumor development through high-throughput methods, allowing for the
identification of metabolites or metabolic pathways associated with
immunotherapy resistance. For example, metabolomic analysis has shown
that an increased ratio of kynurenine to tryptophan correlates with heigh-
tened resistance to ICI treatment in patients, indicating that therapeutic
targets against kynurenine production are critical for improving immu-
notherapy efficacy42.

Microbiomics
Microbiota may play a crucial role in the onset and progression of HNSCC,
treatment-related toxicity, disease recurrence, and the efficacy of immu-
notherapy. For instance, a correlation has been observed between the pre-
sence of bifidobacteria in melanoma lesions and the response to ICIs43.
Recent advancements in tools such as 16S rDNA/RNA sequencing and
metagenomic shotgun sequencing have facilitated the analysis of microbial
composition in HNSCC and its impact on remodeling the TIME. Notably,
16S rDNA sequencing identified an enrichment of Peptostreptococcus in
oral squamous cell carcinoma, with its upregulation enhancing the efficacy
of ICI treatment44.

Spatial omics
Single-cell omics plays a crucial role in decoding TIME and immune cell
interaction information. However, different subtypes and development
stages of HNSCC exhibit distinct tissue architectures and hierarchical
structures. Due to the lack of spatial information in single-cell omics, cell
interaction analysis only relies on the expression of related genes, and lacks
the verification of spatial dimension. Furthermore, external stimuli, such as
immunotherapy, can trigger spatial reprogramming within tumors, leading

to anti-tumor immune regeneration and stromal cell repositioning. Thus,
analyzing the spatial structure of TIME is essential for developing new
immunotherapy strategies.

A study based on spatial transcriptomics technology pointed out that
there is a regulatory axis of epithelial cells-inflammatory cancer-associated
fibroblasts (CAFs)-regulatory T cells (Treg) in the high metabolic region of
oral squamous cell carcinoma, thus shaping the immunosuppressive
microenvironment45. The application of spatial transcriptomics offers
potential therapeutic targets for optimizing HNSCC immunotherapy.
Additionally, spatial proteomics has been employed to evaluate the impact
of tumor immune architecture in patients both at baseline and post-
immunotherapy46. Notably, Chen et al. utilized spatially resolved metabo-
lomics in combination with tumor-immune cell co-cultured spheroids to
visualize the metabolic interactions between tumor and immune cells,
developing a novel platform for screening and imaging metabolites that
change during T cell anti-tumor responses. This approach provides new
insights into the metabolic alterations associated with HNSCC
immunotherapy47.

Multi-omics data integration strategies
Contemporary cancer research employs multi-omics integration strategies
across three levels: early-stage data-level integration (e.g., principal com-
ponent analysis, joint matrix factorization), mid-stage feature-level inte-
gration (e.g., multi-omics network analysis, Bayesian causal inference), and
late-stage decision-level integration (e.g., hierarchical clustering combined
with machine learning models). Researchers commonly use cross-omics
pathway enrichment, multidimensional molecular subtyping, andmachine
learning frameworks (e.g., random forest, deep learning) to harmonize
genomic, transcriptomic, epigenomic, proteomic, and metabolomic data.
Such integration enables the identification of tumor driver genes, molecular
interaction networks, and drug resistance mechanisms48,49.

Emerging spatial omics and single-cell omics approaches further
resolve tumor microenvironment heterogeneity at subcellular resolution.
Concurrently, systems biology approaches—including protein-protein
interaction networks and regulatory circuit modeling—decode functional
modules across omics layers. Together, these strategies systematically link
molecular signatures to clinical phenotypes, identifying actionable ther-
apeutic targets and biomarkers to advance precision oncology50.

Application of multi-omics in immunotherapy of head
and neck squamous cell carcinoma
The rapid advancement of omics technology has generated new ideas and
insights for both preclinical and clinical research in HNSCC immu-
notherapy, significantly contributing to the prediction of efficacy and the
formulation of personalized treatment strategies (Fig. 2). Here, we sum-
marize the biomarkers found in HNSCC immunotherapy studies bymulti-
omics techniques (Table 1).

In recent years, the application of multi-omics research has increased
significantly, with most studies combining single-cell resolution data with
clinical cohort information from bulk analyses. These studies pre-
dominantly focus on predicting the efficacy of immunotherapy and iden-
tifying potential targets for enhancing immune responses. Notably, tertiary
lymphoid structures and B cell characteristics have emerged as strong
predictive biomarkers for immunotherapy outcomes. Additionally, there
has been a growing number of studies utilizing multi-omics approaches for
the subclassification of HNSCC, showcasing the advantages of integrating
multiple layers of molecular data. This integrated approach is crucial for
better guiding personalized immunotherapy strategies. Looking ahead,
multi-omics holds immense potential in the field of HNSCC immu-
notherapy research.

Understand and enhance the efficacy of immunotherapy
PD-1 inhibitors (e.g., pembrolizumab) are approved as the first-line therapy
for recurrent/metastatic HNSCC, either as monotherapy in PD-L1 positive
tumors or combinedwith platinum-based chemotherapy.However, clinical
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trials demonstrate an overall response rate of only 15–20%51, highlighting
the need to investigate additional cellular components within the TME that
may influence ICI responsiveness, including potential contributions from
specific cell subtypes or patient subgroups.

The response of CD8+ T cells is critical for anti-tumor immunity.
Recent findings from single-cell transcriptome sequencing, TCR sequen-
cing, and proteomics indicate that CD8+ T cells are activated in non-
metastatic lymph nodes before migrating to the tumor, a process that
appears to be disrupted in metastatic lymph nodes10. This underscores the
significant role of tumor-draining lymph nodes (tdLNs) in HNSCC
immunotherapy. Exploring targeted lymph node treatment strategies may
present a promising avenue for the next generation of immunotherapies.
Furthermore, the application of nanomedicine delivery systems holds great
potential for lymph node targeting52. In amelanomamousemodel, a lymph
node-targeting mRNA vaccine using lipid nanoparticles elicited a robust
CD8+ T cell response while minimizing side effects, showcasing its ther-
apeutic and protective efficacy53.

In addition, various immunosuppressive cell subtypes within tumors
regulate the infiltration of CD8+ T cells, leading to immune dysfunction54.
Recent studies utilizing single-cell and spatial transcriptomics have

identified a subset of CAF that highly express MHC-I molecules and
galectin-9, which are involved in restricting CD8+ T cell infiltration and
promoting tumor growth55. Targeting CAF could yield synergistic effects
when combined with anti-PD-1 therapy, thereby enhancing immu-
notherapy efficacy56.

To address the drug resistance associated with single-agent immu-
notherapy, clinical practice often employs combinations of different ICIs. A
thorough investigation of the response mechanisms underlying combina-
tion therapy is essential for improving therapeutic outcomes. For instance,
the immune response mechanism of anti-PD-L1 combined with cytotoxic
T-lymphocyte-associated protein 4 (CTLA-4) therapy has been analyzed
using tumor biopsy samples from HNSCC patients pre- and post-
immunotherapy. The activation of CD4+ T cells and the recruitment of
tdLNs serve as markers of early response to HNSCC immunotherapy.
Notably, the combination therapy enhances T cell activation along the
CD4+ helper T cell trajectory compared to anti-PD-L1 alone. Furthermore,
it appears that anti-CTLA-4, rather than anti-PD-L1, may have a direct
impact on cells residing within the tdLNs. Following treatment with anti-
PD-L1 and anti-CTLA-4, CD4+ T cells located in the tdLNs are subse-
quently transported to the tumor via the bloodstream57.

Fig. 2 |Applications ofmulti-omics in research ofHNSCC immunotherapy. First,
multi-omics helps to understand and strengthen the role of immunotherapy,
identify the role of tdLN and various immunosuppressive cells in HNSCC immu-
notherapy, and reveal the molecular mechanism of the good efficacy of multi-target
immunotherapy. Secondly,multi-omics can predict the response of immunotherapy
by revealing the immune microenvironment of patients and combining small
molecules, specific cell subtypes, prediction models, and tertiary lymphoid struc-
tures. In addition, multi-omics can develop personalized treatment options by
combining the patient’s gene mutation information, HPV infection, and anatomical
sites, such as immunotherapy combined with chemotherapy and targeted therapy.

At the same time, multi-omics helps to establish highly simulated preclinical
research models, such as cell lines, organoids, and animal models. Finally, multi-
omics can help to discover new therapeutic targets in different immunotherapy,
including immune checkpoints, tumor vaccines, cell adoptive therapy, small
molecule inhibitors, and therapeutic antibodies. CAFs cancer-associated fibroblasts,
CAR-T chimeric antigen receptor T, CTLA-4 cytotoxic T-lymphocyte-associated
protein 4, HNSCC head and neck squamous cell carcinoma, MDSCs myeloid-
derived suppressor cells, 4-NQO 4-Nitroquinoline N-oxide, tdLN tumor-draining
lymph node, PD-1 programmed death 1, PD-L1 programmed death ligand 1.
Created with BioRender.com.
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Predict the response to immunotherapy
Predicting the response to immunotherapy based on immune infiltration
characteristics is a critical step in improving therapeutic outcomes. Tumors
exhibiting an immune-inflamed phenotype are rich in immune cells, par-
ticularly T cells expressing CD4 andCD8, which are located in proximity to
tumor cells. Clinical responses to anti-PD-L1/PD-1 treatment are most
frequently observed in tumors with this inflammatory phenotype58. In
contrast, tumors displaying an immune-excluded phenotype, where
immune cells cluster at the tumormarginwithout infiltratingmalignant cell
nests, and those with an immune-desert phenotype, characterized by a lack
of T cell infiltration, often exhibit reduced sensitivity to immunotherapy59.

The heterogeneous expression of immune checkpoint ligands in
malignant cells correlates with distinct immune microenvironments. Uti-
lizing single-cell transcriptome sequencing to assess the expression of
immune checkpoint ligands has enabled the stratification of OSCC patients
into three groups: “high immune checkpoint ligands/high IFN-γ,” “low
immune checkpoint ligands/low IFN-γ,” and “low immune checkpoint
ligands/low IFN-γ/high PD-L1.” Patients in the first group are pre-
dominantly associated with an immune-inflamed phenotype, while groups
2 and 3 are more commonly linked to an immune-desert phenotype60.

It is challenging to fully predict therapeutic outcomes based on a single
biomarker. In some instances, multi-gene models may offer greater accu-
racy and predictive value than single-gene assessments, allowing for a more
comprehensive evaluation of the complexities within the TME. One study
identified eight genes closely linked to tumor progression and immune
regulation by integrating single-cell and bulk RNA sequencing data, sub-
sequently developing and validating an eight-gene risk model. This model
revealed that low-risk groups exhibited higher infiltration rates of memory
activated CD4+ T cells, CD8+ T cells, and plasma cells, as well as higher
immune scores, suggesting they are more likely to benefit from immu-
notherapy compared to high-risk groups with greater infiltration of acti-
vated mast cells and M2 macrophages61.

Develop personalized strategies for immunotherapy
An in-depth studyof tumorpathogenesis at the cellular andmolecular levels
allows omics technologies to better guide individualized treatments,
improving clinical outcomes. The latest National Comprehensive Cancer
Network guidelines for HNSCC recommend utilizing next-generation
sequencing gene mapping to detect biomarkers that inform treatment
choices (www.nccn.org/patients).

Human papillomavirus (HPV) is one of the important factors leading
to head and neck cancer. HPV-positive patients usually show good immune
cell infiltration and respond well to existing treatment options (including
immune checkpoint inhibitors). Therefore, antiviral therapy or vaccination
against HPV can be considered to improve clinical prognosis62. In contrast,
although some HPV-negative patients can also achieve certain efficacy
when receiving ICIs (such as anti-PD1), the overall response rate is sig-
nificantly lower than that of HPV-positive patients, and it is difficult to
develop individualized treatment strategies for HPV-negative patients.
Multi-omics provides a direction for the exploration of treatment strategies
for such patients. Based on the combined analysis of proteomics, genome
and transcriptome in 108 HPV-negative HNSCC patients, the researchers
integrated DNA, RNA, protein, and phosphopeptide data, divided the
patients into three subtypes, and recommended corresponding precise
treatment for each subtype, including cyclin-dependent kinases inhibitor,
epidermal growth factor receptor (EGFR) antibody and ICI therapy. This
study provides a new direction for the precise treatment of HPV-negative
HNSCC, and also lays a foundation for further development of individua-
lized immunotherapy strategies39.

Given that HNSCC encompasses a heterogeneous group of tumors
across various anatomical sites—including the oral cavity, pharynx, and
larynx—conducting omics studies specific to individual sites can help
identify their susceptibility to different drug therapies. This enables the
formulation of targeted combination treatment strategies to advance
personalized care.

Moreover, HNSCC exhibits marked intratumoral heterogeneity,
which results in substantial variability in patient responses to conventional
anti-PD-1/PD-L1 therapies. Relying solely on classical biomarkers such as
TMB, PD-L1 expression, and immune cell infiltration is increasingly
insufficient to meet the growing demands of personalized immunotherapy.
Recent studies employingmulti-omics approaches for molecular subtyping
of HNSCC have demonstrated considerable potential for patient stratifi-
cation. For example, a recent study integratedmiRNA,mRNA,methylation,
mutation, and copy number variation data from HNSCC patients and
identified three distinct molecular subtypes63. These subtypes showed sig-
nificant differences in clinicopathological features, prognosis, TIME, and
treatment vulnerabilities, underscoring their considerable clinical relevance.

Establish preclinical models for immunotherapy research
At present, a significant challenge in cancer treatment development is the
discrepancy between existing preclinical models and the in vivo TME64. To
enhance drug development and improve immunotherapy outcomes for
HNSCC patients, it is crucial to create preclinical models that closely
resemble primary tumors.

For instance, 4-nitroquinoline-1-oxide serves as an effective carcino-
gen for establishing experimental oral carcinogenesis models. Research
utilizing genomics and transcriptomics has mapped genomic alterations
and immune infiltration throughout the tumorigenesis process in a mouse
model of tongue cancer induced by this carcinogen. Several mutated genes
identified in this model are frequently observed in human HNSCC, sug-
gesting that this mouse model effectively recapitulates human disease and
facilitates the evaluation of various immunotherapy treatments65.

Multi-omics approaches are vital for assessing organoid models.
Techniques such as transcriptome sequencing, whole exome sequencing,
and whole genome sequencing help identify genetic characteristics of
organoids and primary tissues, thereby effectively evaluating their functions
in vitro66. Driehuis et al. successfully established tumor mimics from
HNSCC patient cells, verifying their ability to identify or validate tumor
biomarkers through transcriptome and gene sequencing. The genetic
alterations and tumorigenic potential observed following xeno-
transplantation were documented, confirming that such organoids can
serve as platforms for determining effective targeted therapies67. Integrating
multi-omics with organoid technology has significantly advanced our
understanding of disease mechanisms and therapeutic possibilities68.
Exploring organoid-based therapies, along with the utilization and inte-
gration of multi-omics, holds promise for elucidating the synergy between
these approaches and guiding personalized treatment strategies in the
future.

Develop new targets for immunotherapy
Immune checkpoint inhibitors. At present, immune checkpoint inhi-
bitors targeting PD-1/PD-L1 and CTLA-4 have been widely studied and
clinically applied in a variety of solid tumors (including HNSCC), and
have brought significant survival benefits to some patients. However,
only a small number of patients can achieve long-term remission from
such single-target therapy, mainly due to the complexity of the tumor
immune microenvironment and the heterogeneity between patients.
Therefore, it is urgent to explore other immune checkpoints other than
PD-1/CTLA-4 in order to exert synergistic effects through joint inter-
vention and improve the overall treatment response.

Lymphocyte-activating gene 3 (LAG-3) is a protein composed of four
domains, mainly expressed on activated CD4+ T cells, CD8+ T cells and
Tregs. LAG-3binds to its canonical ligand, leading to exhaustionof immune
cells and reduced cytokine secretion69. Based on the analysis of RNA-seq
data inTheCancerGenomeAtlas, it was found that highmutation load and
the expression of exogenous viruses (such as EBV and HPV) and endo-
genous retroviruses (ERV3-2) are closely related to the high expression of
LAG-3 in various cancers, which provides important clues for identifying
the types of cancers that are most likely to benefit from LAG-3 blockade
therapy, and emphasizes the clinical applicationprospects of targetingLAG-
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3 as a potential new target in cancer immunotherapy70. Currently, LAG-3
inhibitor relatlimab combined with nivolumab received FDA approval in
2022 for advanced melanoma, marking the first LAG-3/PD-1 dual check-
point blockade regimen in clinical practice.

T-cell immunoglobulin and mucin-domain containing-3 (TIM-3) is
expressed in tumor cells and various immune cells, such as natural killer
(NK) cells, CD8+T cells, Tregs, etc. The interaction of TIM-3with its ligand
has been shown to induce T cell suppression, and the up-regulation of TIM-
3 is uniquely initiated by CD4+ and CD8+ T cells that produce IFN-γ71,72. A
recent study used scRNA-seq to explore the phenotype and function of
TIM-3+ NK cells in HNSCC patients73. The results showed that the inter-
action between TIM-3 and its ligand galectin-9 significantly inhibited NK
cell-mediated cytotoxicity and proliferation. At the same time, elevated
expression of TIM-3+ NK cell signatures in tumors of HNSCC patients are
associated withworse prognosis. This indicates the potential of TIM-3 as an
immunotherapy target for HNSCC.

The expression of T cell immunoreceptor with Ig and ITIM domains
(TIGIT) is tightly restricted to lymphocytes and is mainly observed in
natural killer cells and various T cell subsets. TIGIT can inhibit NK cell-
mediated tumor killing, induce the formation of immunosuppressive den-
dritic cells, and hinder the function of CD8+ T cells. In HNSCC and
malignantmelanoma,TIGITwas significantly overexpressedonbothCD4+

andCD8+Tcells, and this expressionpatternwas closely related to the levels
of PD-1, TIM-3 and LAG-374,75. As a widely studied immune checkpoint
gene,TIGITantibody combinedwithPD-L1antibodyhas showngoodanti-
tumor efficacy in clinical studies. Combined with scRNA-seq and pro-
teomics techniques, researchers have found that combined therapy can
activate myeloid cells, that is, TIGIT antibody activates tumor-associated
macrophages andmonocytes through Fcγ receptor, promotes CD8+ T cells
fromexhaustion tomemory-like state, and reverses the immunosuppressive
function of Tregs76. This finding lays a solid theoretical foundation for the
development of a new generation of immunotherapy strategies.

Natural Killer Group 2Member A (NKG2A) is an inhibitory receptor
expressedonbothTandNKcells, featuring intracytoplasmic tyrosine-based
inhibitory motifs. Its binding to cognate ligands inhibits the effector func-
tions of these immune cells77. The ligand of NKG2A is the unconventional
MHC-ImoleculeHLA-E,which is expressed at a low level in normal tissues,
but can be overexpressed in a variety of cancers78. Quantitative RNA
sequencing analysis of lymphocytes from HNSCC patients shows that
NKG2A is expressed by the majority of NK cells and selectively by CD8+

T cells within the tumor microenvironment. Furthermore, transcriptomic
data indicate thathigh transcription levels ofCD8genes correlatewithbetter
prognosis; however, high co-expressionofKLRC1 (whichencodesNKG2A)
neutralizes this benefit, suggesting a potentially detrimental role forNKG2A
inHNSCC. Therefore, blockingNKG2Amay enhance the immune therapy
response in HNSCC patients79.

Tumor vaccines. Therapeutic cancer vaccines typically contain tumor-
specific or tumor-associated antigens that activate the body’s immune
response to produce anti-tumor effects80.

A study successfully combined genome, transcriptome, and proteome
data to identify several oropharyngeal squamous cell carcinoma-specific
tumor-associated peptides, which can serve as potential targets for immu-
notherapy. This approach not only aids in developing personalized cancer
vaccines but also activates cytotoxic T cells to enhance anti-tumor immune
responses81.

HPV, particularly HPV-16, is etiologically linked to approximately
70% of oropharyngeal squamous cell carcinomas, while accounting for less
than 5% of non-oropharyngeal HNSCC. The viral oncoproteins E6 and E7
drive carcinogenesis through degradation of p53 and retinoblastoma (pRb)
tumor suppressor proteins, respectively, while evading immune detection
by downregulating MHC class I expression82.

Although prophylactic HPV vaccines have demonstrated 90–100%
efficacy in preventing oral HPV-16/18 infections in clinical trials, their
therapeutic potential in establishedHNSCC remains limited. In the study of

HPV-16 vaccine combined with anti-PD-1 treatment, the objective remis-
sion rate of combined treatment is higher than that of patients treated with
anti-PD-1 alone83.

Mechanistic insights from integrated scRNA-seq and TCR repertoire
analysis reveal that HPV-specific CD8+ T cells were activated after HPV
mRNA vaccine inoculation, and the effector memory and exhausted T cell
subsets showed excessive expansion of TCR clonality84.

Future investigations should leverage multi-omics approaches (e.g.,
spatial transcriptomics, TCRβ chain immunophenotyping) to resolve the
spatiotemporal dynamics of vaccine-primed T cell populations within the
immunosuppressive tumor microenvironment (TME). This may inform
rational combinations with novel agents targeting exhausted T cell reinvi-
goration (e.g., anti-TIGIT, IL-15 superagonists) to achieve durable anti-
tumor immunity.

Cell therapy. Cell therapy refers to the transplantation of viable auto-
logous or allogeneic cells into patients following in vitro manipulation,
aimed at replacing diseased or damaged cells, regulating cell function, or
assisting in the removal of pathogenic or dysfunctional cells85. In the
context of HNSCC, while adoptive cell therapies such as tumor-
infiltrating lymphocytes and CAR-T cells have shown promise in early-
phase trials, their clinical translation remains hindered by the paucity of
tumor-specific surface antigens with optimal therapeutic windows.
Recent pan-cancer analyses reveal that HNSCC exhibits particularly low
expression of currently targeted CAR-T antigens (e.g., EGFRvIII, HER2)
compared to other solid tumors, with less than 30% of tumors expressing
these targets at clinically actionable levels. This underscores the critical
need for novel target discovery specific to HNSCC’s molecular
landscape86.

Addressing this gap, Sanna Madan et al. employed single-cell tran-
scriptomic and proteomic profiling to comprehensively map CAR targets
across diverse cancer types and systematically identified 20 new cell surface
targets that are either safer or more specific than current options. Five of
these targets demonstrate excellent selectivity and safety scores, making
them potential candidates for CAR therapy in HNSCC86.

Other immunotherapy targets. As our understanding of the molecular
mechanisms involved in cancer development and progression deepens,
small molecule inhibitors are increasingly becoming essential compo-
nents of cancer treatment87. Recent studies utilizing single-cell tran-
scriptome sequencing and transcriptomics have shown that HPV-
negative tumors are more reliant on IL-6/IL-6R and CCL2/
CCR2 signaling within the TME to evade NK cell immune attacks.
Inhibiting IL-6 can enhance NK cell infiltration and proliferation, while
the combined use of CCR2 chemokine receptor antagonists and IL-6
blockers may yield a more pronounced anti-tumor effect.

In addition to small molecule inhibitors, antibody therapeutics
represent another essential component of cancer treatment. Currently,
HNSCC lacks mature and highly specific antigens. Monoclonal anti-
bodies targeting EGFR are among the earliest antibody-targeted
therapies utilized clinically, yet this target is also widely expressed in
normal cells88. Interleukin-10 (IL-10) is recognized as an anti-
inflammatory mediator that inhibits antigen-presenting cells and
shows promise in anti-tumor therapy. Spatial transcriptomics and
transcriptome analyses have been employed to explore the correlation
between IL-10 expression, IL-10 receptor alpha, and colony-
stimulating factor 1 receptor (CSF1R) levels with CD8+ T cell and
tumor-associated macrophage scores in HNSCC. A profile character-
ized by high IL-10 and low CSF1R expression correlates with an acti-
vated immune signature and better prognosis in HNSCC patients. A
fusion protein combining IL-10 with an anti-CSF1R antibody has
demonstrated the ability to reprogram the TME into an immunologi-
cally active state. Furthermore, combining this therapy with αPD-1 has
been shown to enhance anti-tumor activity and promote the produc-
tion of pro-inflammatory cytokines89.
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Challenges and perspectives
Challenges
While multi-omics technology has significantly advanced the development
of immunotherapy forHNSCC, it also encounters several challenges. Firstly,
current sequencing technologies impose limitations on sequencing depth,
which can impact the accuracy of transcriptomic data. This limitation may
hinder the identification of low-frequency variations and result in the
omission of crucial biological information. Additionally, significant batch
effects often arise during cross-platform sequencing and multi-sample
integration. There are substantial discrepancies in the standards for batch
processing across various studies, which can reduce the reproducibility of
bioinformatics analyses. Furthermore, conclusions drawn from the analysis
of limitedomics data frequently depend on in vitro and in vivo experiments.
This reliance candiminish the credibility of thefindings, and interpretations
are often subjective, potentially leading to deviations from reality and even
opposite conclusions. Finally, in the integration and analysis ofmulti-omics
data, the sequencing samples are often from different sources, and there is a
lack of multi-parameter sequencing analysis of the same sample. The con-
clusions obtained by simply combining the results of different omics
methods may cover up important biological information due to sample
heterogeneity. At present, there are methods to extract mRNA, protein and

spatial information of the same sample for analysis (DBiT-seq)90, and a full-
coverage spatial full-transcriptome sequencing technology (Patho-DBiT)
for clinical archived formalin fixed paraffin embedded (FFPE) tissues has
been developed91, which accurately decodes information such as mRNA,
non-coding RNA expression, alternative splicing, genetic variation,
microRNA regulation and RNAdynamic changes in FFPE complex tissues.
The emergence of these technologies provides a new idea for the combined
application of multi-omics.

Future perspectives
This section outlines five pivotal directions to advance immunotherapy
research in HNSCC: (1) optimization of sequencing samples, (2) enhanced
data integration and analysis, (3) application of emerging omics technolo-
gies, (4) incorporation of clinicopathological features, and (5) multi-
disciplinary convergence (Fig. 3).

Current sequencing efforts predominantly focus on primary tumors,
lymph nodes, peripheral blood, and liquid biopsies (e.g., saliva). However,
emerging evidence highlights the untapped potential of alternative bios-
pecimens. For instance, T cell-derived extracellular vesicles have been
shown to induce systemic immunosuppression and predict immunother-
apy responses in HNSCC92, while post-neck dissection drainage fluid may

Fig. 3 | Perspectives of multi-omics in research of HNSCC immunotherapy.
Future multi-omics has better development potential in five aspects, including the
selection and processing of sequencing samples, the integration and analysis of data,

the use of emerging technologies, the analysis combined with clinicopathological
features, and the use of artificial intelligence. Created with BioRender.com.
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serve as a biomarker for lymph node metastasis93. To address sample het-
erogeneity and improve data reliability, multi-center collaborations and
expanded sequencing cohorts are imperative. Standardization of sample
processing protocols and batch management systems will further ensure
reproducibility and cross-study comparability.

Public repositories such as GEO (www.ncbi.nlm.nih.gov/geo), TCGA
(www.cancer.gov/ccg/research/genome-sequencing/tcga), and the Human
Cell Atlas (HCA) (www.humancellatlas.org) provide extensivemulti-omics
datasets encompassing single-cell transcriptomics, epigenomics, and pro-
teomics. Integrative analysis of these resources could refine drug efficacy
predictions and identify immunotherapy-responsive subpopulations.
Dedicated platforms likeTIGER94 and ICBatlas95 enable direct interrogation
of immune responsemarkers and single-cell spatial distributions.Advanced
computational tools (e.g., CIBERSORT, TIMER, xCell) should be system-
atically employed to deconvolute bulk sequencing data and quantify
immune cell infiltration dynamics.

Cutting-edge spatial and single-cell omics are revolutionizing
TME characterization. Single-cell Assay for Transposase-Accessible
Chromatin with high throughput sequencing (ATAC-seq) enables
chromatin accessibility mapping at cellular resolution, elucidating
context-dependent gene regulatory networks96. Spatiotemporal omics
platforms now permit dynamic monitoring of immunotherapy-
induced TME remodeling, including shifts in immune cell neighbor-
hoods associated with treatment response inmelanomamodels97. These
technologies hold significant promise for resolving HNSCC-specific
immune evasion mechanisms.

Patient heterogeneity—driven by anatomical subsite, HPV status,
lesion classification, and metastatic patterns—critically impacts
immunotherapy outcomes. Stratified sequencing based on these fea-
tures could unravel resistance mechanisms and guide personalized
therapeutic strategies. Concurrently, omics-driven identification of risk
predictors for immune-related adverse events (e.g., pneumonia and
myocarditis) is essential for optimizing patient selection and toxicity
management98.

Artificial intelligence is emerging as a transformative tool for multi-
omics integration. Deep learning models that synthesize genomic, mole-
cular, and clinical data have demonstrated superior predictive accuracy for
immunotherapy responses in non-small cell lung cancer and
melanoma99,100. In HNSCC, such approaches could overcome the limita-
tions of single-biomarker strategies by decoding complex interactions
between tumor biology and host immunity.

Conclusion
In this review, we have synthesized the transformative role of multi-omics
technologies in advancing immunotherapy research for head and neck
squamous cell carcinoma (HNSCC). By dissecting tumor biology at geno-
mic, transcriptomic, epigenomic, and proteomic levels, these tools have not
only deepened our understanding of immune evasionmechanisms but also
accelerated the translation of preclinical insights into clinical strategies. As a
cornerstone of twenty-first-century biomedical research, multi-omics
approaches are reshaping therapeutic paradigms—enabling biomarker
discovery, patient stratification, and dynamic monitoring of treatment
responses.

Despite these advancements, challenges persist in data integration,
technical standardization, and clinical validation. Addressing these limita-
tions through interdisciplinary collaboration andAI-driven analyticswill be
critical to unlocking the full potential of multi-omics in precision immu-
notherapy. Looking ahead, the convergence of emerging technologies (e.g.,
spatiotemporal omics, single-cell profiling) with robust clinical frameworks
promises to refine personalized treatment regimens, mitigate immune-
related toxicities, and ultimately improve survival outcomes for HNSCC
patients.

Data availability
No datasets were generated or analysed during the current study.
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