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Abstract: Head and neck squamous cell carcinoma (HNSCC) is one of the most frequent cancers worldwide. The main risk factors are consumption of tobacco products and alcohol, as well as infection with human papilloma virus. Approved therapeutic options comprise surgery, radiation, chemotherapy, targeted therapy through epidermal growth factor receptor inhibition, and immunotherapy, but outcome has remained unsatisfactory due to recurrence rates of ~50% and the frequent occurrence of second primaries. The availability of the human genome sequence at the beginning of the millennium heralded the omics era, in which rapid technological progress has advanced our knowledge of the molecular biology of malignant diseases, including HNSCC, at an unprecedented pace. Initially, microarray-based methods, followed by approaches based on next-generation sequencing, were applied to study the genetics, epigenetics, and gene expression patterns of bulk tumors. More recently, the advent of single-cell RNA sequencing (scRNAseq) and spatial transcriptomics methods has facilitated the investigation of the heterogeneity between and within different cell populations in the tumor microenvironment (e.g., cancer cells, fibroblasts, immune cells, endothelial cells), led to the discovery of novel cell types, and advanced the discovery of cell-cell communication within tumors. This review provides an overview of scRNAseq, spatial transcriptomics, and the associated bioinformatics methods, and summarizes how their application has promoted our understanding of the emergence, composition, progression, and therapy responsiveness of, and intercellular signaling within, HNSCC.
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Introduction

Head and neck squamous cell carcinoma (HNSCC) represents a major health burden worldwide, affecting predominantly males (ratio 4:1) [1]. It is the seventh most common cancer, leading to approximately 325,000 annual deaths globally [2]. In high-income countries, the most common HNSCC subsites comprise the oral cavity, oropharynx, hypopharynx, and larynx. Well-recognised risk factors include consumption of tobacco products and/or alcohol, betel nut chewing, and human papilloma virus (HPV) infection [3,4]. Oral dysbiosis, Candida albicans infection, and bacterial genera such as Fusobacterium, Capnocytophaga, Prevotella, Treponema, and Peptostreptococcus may also contribute to the development of HNSCC [5,6]. HPV+ disease, triggered by infection with high-risk variants such as HPV-16 or HPV-18, is mainly confined to the oropharynx, and responsible for the rise of HNSCC incidence in high-income countries in recent decades [2,7]. HPV+ oropharyngeal SCC (OPSCC) has a more favorable prognosis compared to HPV− OPSCC irrespective of the treatment modality applied [7,8].

A multidisciplinary approach involving head and neck surgeons, radiation oncologists, and medical oncologists is essential for the optimal management of patients with HNSCC. Surgery, radiotherapy, and systemic therapy are regarded as the standard of care treatment options depending on the subsite and disease stage [9]. However, despite curative intent multi-modality treatment of locally advanced (stage III/IV) HNSCC and the development of novel compounds, recurrence rates remain high (approximately 40%–50%) and second primaries are observed at a constant rate of 2%–3% per year [10,11]. The only oncoprotein-targeting drug approved for HNSCC is the epidermal growth factor receptor (EGFR) antibody cetuximab, which was certified based on a phase III trial more than a decade ago [12]. More recently, the role of cetuximab plus radiotherapy has been challenged, since it was inferior to chemoradiation (CRT) with cisplatin in HPV+ OPSCC patients [13,14].

The advent of immune checkpoint inhibitors (ICI) such as pembrolizumab, nivolumab, and avelumab, which target the interactions between programmed cell death protein 1 (PD-1) and programmed death-ligand 1 (PD-L1) and PD-L2, opened new possibilities for combination therapies that might improve the outcomes of patients with locally advanced HNSCC. However, the primary endpoints of several phase III studies comparing standard-of-care CRT to CRT plus ICI were not met [15–17]. The difference in 24-month event-free survival between CRT plus pembrolizumab vs. CRT alone (63.2% vs. 56.2%) in the KEYNOTE-412 study did not reach significance, but subgroup analysis suggested benefits in patients with PD-L1 combined positive score ≥1 and ≥20% [16]. Promising results were also reported for neoadjuvant and peri-operative ICI, but so far only from smaller trials [18,19].

Among patients suffering from recurrent/metastatic disease not amenable to local salvage therapy, for whom ICI is approved, outcome remained poor with a median overall survival (OS) between 12 and 14 months in KEYNOTE-048, the trial that showed superiority over the former standard of care containing a platinum drug, 5-fluorouracil, and cetuximab (EXTREME regimen) [20]. Generally, only a minority of patients at this stage responded to pembrolizumab and achieved long-term survival. The overall response rate in the total patient population was approximately 17% and 36% for pembrolizumab or pembrolizumab plus chemotherapy, respectively, and 5-year OS was only around 20% for the latter group [20,21]. In summary, primary and secondary resistance to ICI is common, resulting in disease progression.

A multitude of studies has explored the mutational basis of HNSCC, the deregulation of gene expression and signaling pathways, and the composition and functions of the tumor microenvironment (TME), with the goal of developing biomarkers for therapy responsiveness as well as novel drug targets, yet, as described above, so far with limited clinical impact. Among the key impediments to the translation of oncological research results into therapeutic applications are intra-tumoral heterogeneity (ITH), i.e., the composition of tumors of cells with different patterns of genetic and transcriptional aberrations, and plasticity, i.e., the ability of tumor cells to change between different transcriptional and functional states [22–24]. In recent years, methods allowing the assessment of gene expression patterns of (dissociated) single cells, or of small groups of cells in their original spatial context, have been developed and greatly improved the resolution of studies exploring ITH, the TME, and intra-tumoral cell-cell communication. This review summarizes what has been learned from the application of such advanced omics techniques to the investigation of HNSCC (Fig. 1 and Table 1).
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Figure 1: Outline of key topics of this review, encompassing the application of scRNAseq and spatial transcriptomics to explore various aspects of HNSCC biology. Figure created with BioRender.com.
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scRNAseq and Spatial Transcriptomics: A Methods Overview

In modern translational oncological research, genome-wide screens aiming to identify either genetic alterations like mutations or copy number variations (CNVs) or differentially expressed genes have yielded fundamental insights into the molecular landscapes of tumors. At the beginning of the omics era, microarray-based approaches were used for these purposes, but have lost their significance in recent years due to the development of next-generation sequencing methods. Technological advances in analysing whole genomes/exomes, methylomes, and transcriptomes in a time- and cost-effective manner facilitated the establishment of large, publicly accessible repositories hosting genetic, epigenetic, gene expression, and clinical data from thousands of patients with a variety of different tumors, e.g., the Gene Expression Omnibus and The Cancer Genome Atlas (TCGA) data collections [25]. However, bulk next-generation sequencing cannot address in which cell type deregulation of a gene occurs, whether it is uniform in all cells of this type, and whether it is even due to upregulation in a specific cell type or rather reflects a shift in cell type composition. This underscores the importance of single-cell analyses, which offer the ability to capture the spectrum of cellular diversity, identify novel cell types, track developmental lineages, and illuminate the complex interplay of cells within tissues. Spatial methods further enhance this perspective by pinpointing the exact location of these cells within their biological context.

Various technologies have been established to analyze the transcriptome at single-cell resolution, including Drop-seq [26], the Chromium platform (10× Genomics) [27,28], Switching Mechanism at 5′ end of RNA Template Sequencing (SMART-seq2) [29], Cell Expression by Linear amplification and Sequencing (CEL-seq) [30], QUARTZ-seq [31], and Massively parallel RNA Single-cell sequencing (MARS-seq) [32]. Each of these technologies has its own advantages and limitations and is suitable for certain applications.

Drop-seq and the 10× Genomics Chromium platform are based on microfluidic technology. The standard 10× single-cell gene expression experiment allows for the analysis of transcriptomes from up to 10,000 single cells (20,000 in a recently released high-throughput variant). In this process, individual cells are enclosed in microscopic droplets of a water-oil emulsion. Each droplet also contains a gel bead carrying the reagents for complementary DNA (cDNA) synthesis, including a primer equipped with a unique barcode. When the cell and the gel bead meet in the emulsion, the cell is lysed and cellular RNA is released. The RNA molecules then hybridize with the primers on the gel bead and are converted into cDNA. Once this step is completed, the droplets are dissolved, followed by cDNA amplification, library preparation and sequencing. The resulting sequencing data contain the individual barcodes, which allow the sequences to be assigned to specific cells using bioinformatic methods.

Unlike the Chromium platform, SMART-seq2 allows the capture of full-length transcripts, making it a valuable technique for studying splice variants and alternative transcripts [29,33]. However, the number of cells examined is significantly lower compared to the 10× Genomics technology. CEL-seq uses linear amplification of mRNA to determine gene expression profiles [30]. With this method, individual cells are isolated, e.g., by microfluidics, and extracted mRNA is bound to primers that contain both an oligo(dT) sequence and a cell-specific barcode sequence. The mRNA is converted into cDNA followed by linear amplification through in vitro transcription, which leads to less distortion in gene expression compared to exponential amplification. The resulting RNA serves as input for sequencing library preparation. Other single-cell RNA sequencing (scRNAseq) approaches that also utilize in vitro transcription for linear amplification are QUARTZ-seq [31] and MARS-seq [32].

Overall, the choice of scRNAseq method strongly depends on the specific requirements of the experiment. While Chromium and Drop-seq are ideal for large-scale, high-throughput projects, SMART-seq2, CEL-seq and QUARTZ-seq are better suited for applications that require high sensitivity and gene coverage [34]. However, scRNAseq methods fall short of retaining the original spatial positioning of the cells within the tissue context. This gap is filled by spatial transcriptomics, which preserves the spatial information of gene expression and enables the analysis of cellular behavior and interactions within the native tissue architecture [35]. Several methods are available for spatial transcriptomics [36]. In the Visium process (10× Genomics), tissue sections are mounted on a glass slide harbouring a grid of oligonucleotides that contain a sequencing handle needed for PCR amplification, a location-specific barcode, and an oligo(dT) sequence. Tissue sections are permeabilized and RNA is hybridized to probe pairs recognizing adjacent sequences in their respective target transcripts. Bound probe pairs are ligated, captured via the oligo(dT) portion of the array-bound oligonucleotides, amplified, and used for sequencing library preparation [27,28]. In the GeoMx procedure (NanoString), a tissue sample fixed on a glass slide is stained with antibodies (for protein assay) or probes (for RNA assay) that are linked to photocleavable oligonucleotides. Pre-designed assays for targets like immune response proteins or specific transcript sets are available. From digital images of the tissue sample, regions of interest (ROIs) are selected for UV exposure, which prompts the release of oligonucleotides from the antibodies/probes. The subsequent quantification of these oligonucleotides provides a measure of the relative abundance of their corresponding targets within the analyzed ROIs [37].

Bioinformatics Tools for the Analysis of scRNAseq Data

Along with scRNAseq technology, bioinformatics tools to analyze the resulting data have been developed. The R package Seurat and the Python-based tool Scanpy [38–40] both provide functions for quality control, data normalization, clustering, dimension reduction, and data visualization. Various other R packages can be integrated into the Seurat pipeline for the prediction of CNVs, automated cell type annotation, as well as for exploring relationships between cells connected through pseudotime differentiation trajectories. CNVs are a defining feature of tumor cells and can be detected by CAISIC [41], CaSpER [42], or InferCNV [43], which assumes that genes located in regions with CNVs will also display alterations in their RNA expression levels. Several tools are available for cell type annotation [44–57]. SingleR [58] and CellAssign [59] facilitated cell type identification based on reference datasets from pure cell types and known marker gene sets, respectively. Garnett, on the other hand, classifies cells by a user-defined hierarchy of cell types and marker genes for each cell type [60]. Cellular trajectory analysis, or lineage tracing, maps the developmental pathway of a cell along a maturation pathway [61]. Pseudotime analysis, an integral part of this process, provides a way to order cells along these developmental pathways based on incremental alterations of their transcriptional profiles from a starting point (e.g., a naïve T-cell) to an end point (e.g., a cytotoxic T-cell). A variety of computational tools including Monocle [62], TSCAN [63], and Slingshot [64] have been developed to conduct these analyses [65–71] (Fig. 2).
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Figure 2: Overview of aspects that can be investigated by scRNAseq, including cell clustering and cell type annotation, differential gene expression, cell differentiation, and cell-cell communication, along with the respective bioinformatic tools used to unravel these processes. Figure created with BioRender.com.

scRNAseq can also be used to develop hypotheses of how cells interact with each other through signaling molecules [72–81]. CellPhoneDB uses a permutation-based statistical method to analyze the potential interactions between cell types based on the average expression of known ligand-receptor pairs and calculates whether any given pair of cells, each expressing either a ligand or the corresponding receptor, are more likely to interact than would be expected by chance [76]. NicheNet constructs an interaction network representing potential cell-cell communications by analyzing ligand production in sender cells, receptor expression in receiver cells, and the predicted downstream genes in the receiver cells [77]. CellChat aims at identifying potential intercellular communication based on signaling pathway activity [78] (Fig. 2).

Cell Type Composition and Cell-Cell Communication in HNSCC

In the first study to apply scRNAseq to HNSCC, primary tumor samples from 18 treatment-naïve patients with oral squamous cell carcinoma (OSCC) as well as five partially matched lymph node (LN) metastases were investigated [82]. Non-malignant cells formed eight clusters comprising T-cells, B-cells, macrophages, dendritic cells, mast cells, endothelial cells, fibroblasts, and myocytes, respectively. T-cells sub-clustered into conventional helper T-cells (CD4+ Tconv), regulatory T-cells (Tregs), CD8+ T-cells, and exhausted CD8+ T-cells, with the relative size of the latter group varying considerably between patients. Fibroblasts comprised the subclusters myofibroblasts, cancer-associated fibroblasts (CAFs), and resting fibroblasts [82]. In contrast to non-malignant cells, whose respective gene expression patterns were largely consistent across different tumors, malignant cells, identified based on the expression of epithelial markers and the presence of inferred CNVs, clustered in a patient-specific manner. Confirming the heterogeneity of tumor cells, of 60 signatures defining malignant cell subsets, only seven were present in more than one tumor. Specifically, an expression program related to extracellular matrix and epithelial-mesenchymal transition (EMT) was found in 7/10 patients included in this part of the analysis [82]. This signature was referred to as partial EMT, or p-EMT, signature, because expression of most of the key EMT transcription factors was undetectable (yet inferred based on the expression of their target genes in a re-analysis of these data [83]). The p-EMT signature was also expressed in a subset of cells from the OSCC cell line SCC-9 and associated with decreased proliferation and increased invasiveness. Immunohistochemistry showed that cells co-expressing p-EMT markers localized to the leading edge of primary tumors, while cells positive for epithelial differentiation markers were situated in the tumor core. The expression patterns of ligands and receptors, together with in vitro experiments, suggested that CAFs signaling through the TGF-β pathway promoted expression of the p-EMT program in cancer cells. High p-EMT scores in bulk RNA expression data from the TCGA cohort were associated with advanced tumor grade, lymphovascular invasion, and LN metastases [82]. Finally, the scRNAseq data, along with deconvolution of bulk expression data from the TCGA HNSCC cohort, confirmed the existence of the previously defined basal, classical, and atypical subtypes of HNSCC, while the mesenchymal subtype was more likely to reflect a higher proportion of fibroblasts than a gene expression program intrinsic to tumor cells [25,82].

Subsequent studies on two patients each with laryngeal squamous cell carcinoma (LSCC) [84] and hypopharyngeal squamous cell carcinoma (HPSCC) [85], as well as on 18 patients with HNSCC from various subsites and with variable HPV status [86], confirmed the presence of the major cell type clusters reported in the above-described OSCC study [82]. Moreover, the pan-HNSCC study identified a fibroblast subcluster expressing elastic fiber differentiation genes, a cell type not previously reported in HNSCC, but confirmed by deconvolution of the TCGA data. The corresponding signature, as well as a signature characterizing CAFs, was associated with shorter survival among HPV+ patients within the TCGA cohort [86]. The same study also corroborated the previously reported [82] patient-specific clustering of malignant (keratin-expressing, CNV-bearing) cells, with higher similarity among cells from patients sharing the same HPV status [86]. Similar to the observations in OSCC, keratinocyte-like cells were located in the tumor core of LSCC, and the expression of the respective marker genes correlated with longer survival in the TCGA data set [84]. Proliferative tumor cells, on the other hand, were located at the tumor edge, and the expression of their marker genes correlated positively with tumor grade [84]. In HPSCC, ligand-receptor analyses, immunohistochemistry, and cell culture experiments suggested a tumor-promoting role for the TGF-β family member BMP4, produced by CAFs and activating BMPR2 on cancer cells [85].

Even though not uncontroversially, cancer stem cells are considered as the source of cancer cell renewal and therapy resistance [24,87]. Some studies have therefore attempted to investigate HNSCC stem cells through single-cell transcriptomics. As an example, Johansson et al performed scRNAseq on organoids formed by stem cell-containing Sox2+ keratinocytes, which had been collected from mice with 4-nitroquinoline-1-oxide-induced oral carcinomas or control mice. This revealed a single cluster with a high StemID score in the control organoid, but several clusters with a substantially lower score in the cancer organoid [88]. In an integrated analysis of the cells from the tumor and control organoid, the stem-like cells from the two types of organoid clustered separately. Genes pertaining to p53 signaling, apoptotic signaling, and cell cycle arrest were up-regulated in the control stem-like cluster, while HIF-1α signaling, glycolysis, extracellular matrix organization, epithelial cell proliferation, and cell motility were enriched among the genes highly expressed in the cancer stem-like cluster [88].

Primary scRNAseq data are usually made publicly available upon publication of their original analysis and provide a rich resource of information that can be used as a basis for, or a complement to, independent investigations. As an example, Xiao et al. [89] focussed on the activity of metabolic programmes in the above described OSCC scRNAseq dataset [82]. Of 80 metabolic pathways, over 70 showed differential activity between different cell types, indicating that metabolic activity was mainly determined by cell type. The largest number of metabolic pathways was upregulated in malignant cells. Also, CAFs were more metabolically active than myofibroblasts, featuring enhanced glycolysis and production of inflammatory mediators [89]. Principal component analysis followed by gene set enrichment analysis revealed that mitochondrial activity, represented by oxidative phosphorylation and the tricarboxylic acid cycle, was the main determinant of metabolic heterogeneity between malignant cells. Glycolysis, oxidative phosphorylation, and hypoxia signatures were significantly correlated to each other in both malignant and non-malignant cells, suggesting that tumor-related metabolic reprogramming does not consist of a switch between glycolysis and mitochondrial respiration, but rather, oxygen deprivation up-regulates both of these processes, potentially fostering competition of cells for limited resources [89].

In another high-profile study based on the reuse of publicly available scRNAseq data, ITH was investigated in 1,163 tumor samples from 77 different studies representing 24 tumor types [90]. From 5,547 transcriptional programs that varied between malignant cells of individual tumors, 41 meta-programs characterizing ITH were distilled. ITH of seven meta-programs, related to cell cycle, stress, hypoxia, interferon responses, EMT, and MYC targets, was frequent in most cancer types, 21 meta-programs were shared only between a subset of cancer types, and the variability of the remaining meta-programs was tumor-type specific [90]. Interestingly, most malignant meta-programs resembled meta-programs of non-malignant epithelial cells, suggesting that transcriptional ITH reflects the heterogeneity of the tissue from which the tumors emerged [90].

The Tumor Immune Microenvironment

The immune system is one of the major lines of defense of the human body against malignant cells. Accordingly, immunotherapy, e.g., through modified immune cells or through ICI-mediated re-activation of endogenous immune responses muted by the tumor, has advanced to become one of the most successful therapeutic strategies in oncology [91]. Nevertheless, and albeit approved for HNSCC, ICI is successful only in a minority of patients with this cancer type [16,20,21]. Therefore, several articles have specifically investigated the HNSCC tumor immune microenvironment through scRNAseq on sorted cell populations, e.g., CD45+ hematopoietic cells or CD3+ T-cells. Some studies included adjacent normal tissue, peripheral blood leukocytes, and/or non-tumorous tonsils in addition to tumor tissue.

Due to their key role in antitumor immunity and immunotherapy, many analyses focussed on (cytotoxic) T-cells. The T-cell population of tumor tissue contained a substantially higher proportion of CD8+ cells than that of adjacent normal tissue (71 vs. 52%) [92]. A smooth differentiation trajectory connected peripheral blood (PB)-derived to tumor infiltrating CD8+ T-cells, but CD8+ T-cells from both PB and non-malignant tonsils were present in different subclusters from their tumor infiltrating counterparts [93]. Naïve-like, cytotoxic, pre-dysfunctional, terminally dysfunctional/exhausted, and cycling cells were identified as major CD8+ T-cell subsets [86,94], and all except for the naïve-like subsets were present in higher proportions in the TME compared to adjacent normal tissue and PB [92–95]. Single-cell T-cell receptor sequencing (scTCRseq) further revealed that expanded clonotypes (defined by a clonal size of at least two, and up to 162 cells) were more frequent within tumors than in adjacent normal mucosa, and most abundant among exhausted T-cells [94]. Enhanced expression of the exhaustion marker PD-1 in OSCC-infiltrating vs. normal-tissue lymphocytes was confirmed by immunohistochemistry. The transcription factor thymocyte selection-associated high-mobility group box (TOX) was identified as potential regulator of immune checkpoint genes based on scRNAseq data, and its experimental overexpression in primary CD8+ T-cells indeed increased their expression of checkpoint genes and diminished their proliferation and cytotoxic activity towards PD-L1 positive HNSCC cell lines in vitro [92].

Within the CD4+ T-cell population, Tregs were strongly enriched in tumors compared to adjacent normal tissue, further corroborating the immunosuppressive nature of the TME [92–95]. Correspondingly, signatures associated with exhausted CD8+ cells and with CD4+ Tregs were associated with shorter OS in the TCGA HNSCC data set [92,95].

Evaluation of potential routes of cell-cell communication revealed a massive increase of putative receptor-ligand interactions among tumor infiltrating leukocytes (TILs) vs. hematopoietic cells from PB and non-malignant tonsils [93]. Furthermore, macrophages were predicted to represent the main source of PD-L1 for interaction with PD-1 on CD8+ T-cells in eight of twelve patients, and epithelial cells in only two of them. Flow cytometry and multispectral fluorescence microscopy confirmed high PD-L1 expression on macrophages as well as their apposition to T-cells. This supported clinical observations that ICI responsiveness was best predicted by a combined PD-L1 score considering both tumor cells and macrophages [16,86].

Woolaver et al. developed a mouse model reflecting the variability of immune responses towards HNSCC: orthotopic (intrabuccal) transplantation of the KrasG12D Smad4−/− SCC cell line A223 into wildtype C57BL/6 mice initially led to tumor growth in all animals, but was followed by spontaneous regression in 20%–30% of them [96]. CD8+ T-cells in regressing tumors were more abundant, more activated, and less exhausted than those in progressing tumors. Supporting the key role of cytotoxic T-cells in the spontaneous regression of tumors in this model, CD8−/− mice were unable to eradicate such tumors, and regressor mice re-challenged with A223 cells cleared tumors rapidly and efficiently [96]. scTCRseq revealed clonal expansion among TILs, but not spleen cells, from both progressors and regressors, and few TCR clonotypes that were shared between samples, suggesting tumor antigen recognition in all recipients, and a highly individualized immune response to these tumors despite their limited genetic heterogeneity [96]. In combined V(D)J- and scRNAseq experiments on CD8+ T-cells from three progressors and three regressors, spleen cells dominated the naïve, and TILs the activated cell clusters. TILs from regressors appeared more activated than those from progressors. Specific analysis of the top clonotypes confirmed better activation, stronger cytotoxic ability, and more memory-like states in regressors vs. progressors [96].

Hypothesizing that the humoral arm of anti-tumor immunity could offer therapeutic opportunities with the potential to complement current CD8+ T-cell focussed immunotherapies, Ruffin et al. focused their analyses on B- and CD4+ Tconv cells [97]. scRNAseq data from CD45+ cells from the tumors and PB of 27 patients with HNSCC of variable HPV status and from healthy tonsils (in part from the public domain [93]) uncovered 10 clusters of CD4+ Tconv cells and 11 clusters of B-cells. Two of the latter were formed by germinal center (GC) B-cells, displaying overlap between TIL-Bs and B-cells from healthy tonsils. In the TCGA dataset, both a high B-cell infiltrate and a high enrichment for GC B-cells were associated with longer progression-free survival. Immunohistochemistry demonstrated that B-cells predominantly infiltrated tertiary lymphoid structures (TLS), which were enriched in HPV+ compared to HPV− HNSCC. The numbers of CD4+ T-cells and TIL-Bs in TLS were strongly correlated, and in TLS with GC, but not in TLS without GC, TIL-Bs interacted with each other and with CD4+ Tconv, suggesting that TLS with GCs play a key role in humoral anti-tumor immunity. Accordingly, intra-tumoral TLS with GC correlated with increased survival in HNSCC [97].

To address the controversial contribution of natural killer (NK) cells to tumor control, Moreno-Nieves et al. performed scRNAseq on innate lymphoid cells (ILCs), which they isolated as CD56+ and/or CD127+ cells from the primary tumors, LN metastases, and PB of eight HNSCC patients [98]. Among intra-tumoral NK-related cell subsets, intraephithelial ILC cluster 1 (ieILC1) had the greatest cytolytic activity, while NK-2 cells were dysfunctional according to gene expression patterns. Pseudotime analysis suggested that these two cell types represented the end points of two different differentiation trajectories of circulating NK cells. In coculture with HNSCC cells, IL-15 and TGF-β promoted upregulation of the ieILC1 markers CD49a and CD103 in a subset of circulating NK cells, while cells that remained CD49a− resembled NK-2 cells. In response to tumor cells or other stimuli, in vitro differentiated ieILC1-like cells degranulated more, produced more interferon γ and tumor necrosis factor α, and killed tumor cells more effectively than NK-2 like cells. Moreover, upon subcutaneous co-injection with HNSCC cells into immunocompromised mice, in vitro differentiated CD49a+ cells controlled tumor growth significantly more effectively than their CD49a− counterparts. Thus, among ILC/NK cells in the TME, ieILC1 cells were suggested to have the greatest antitumor activity [98].

Differences between HPV− and HPV+ HNSCC Deciphered by scRNAseq

HPV infection is one of the major risk factors for the development of HNSCC [4]. Even though the HPV-16 E6 and E7 proteins are essential for maintaining malignancy, therapies targeting these proteins have achieved only modest success, indicating a need for improvement [4]. In a recent study, Puram et al. [99] discovered remarkable diversity in OPSCC concerning both CNVs and HPV gene expression, indicating an HPV-induced genomic instability. They and others noted significant variability in HPV expression across different tumors and even within genetic subclones of the same tumor [86,99]. Intriguingly, a subset of cells within HPV+ tumors, termed HPVoff, displayed no detectable HPV expression but nevertheless showed high levels of the surrogate marker CDKN2A (p16). HPVoff cells were associated with decreased cell cycle anomalies and decreased evasion from senescence, potentially leading to increased treatment resistance and invasion capabilities. They may resume growth and reactivate HPV expression post-treatment, thus representing key players in recurrent HPV+ tumors [99].

By investigating associations between HPV and the TME, HPV+ tumors were found to contain larger proportions of NK/T-cells and GC TIL-B cells, but a diminished presence of Tregs, fibroblasts and macrophages, as compared to HPV− tumors [86,93,97,100–103]. Eberhardt et al. uncovered not only a high fraction of HPV-specific CD8+ T-cells in the TME, but among them also a unique subset of stem-like cells with considerable proliferative potential [104]. Distinguished by the concurrent expression of the inhibitory receptor PD-1 and the transcription factor TCF-1, these stem-like CD8+ T-cells triggered proliferation of effector-like T-cells in response to PD-1 pathway disruption in preclinical models [104]. Alongside these findings, another HPV-specific CD8+ T-cell subset characterized by the expression of the NK cell marker CD161 was characterized [105]. Jiang et al. identified a unique subpopulation of macrophages, TCR+ macrophages, in both HPV− and HPV+ HNSCCs [102]. These macrophages were associated with enhanced phagocytosis and potentially improved prognosis of HNSCC patients, but their functionality may be limited in HPV− HNSCC due to immune response inactivation [102].

Using a 3D organotypic epithelial raft model, Bedard et al. discovered a keratinocyte subpopulation that was expanded and reprogrammed by HPV [106]. These cells (termed HPV-induced differentiation-dissonant epithelial nonconventional cells; HIDDEN) formed a distinct compartment in the infected epithelium and persisted from neoplastic lesions to outright cancer. ELF3/ESE-1 was identified as a key regulator whose depletion in HPV+ epithelium greatly reduced HIDDEN cell biomarker expression and compartment formation [106].

Advanced Omics Methods to Investigate the Role of the Oral Microbiota in OSCC

In addition to viral infection, bacterial and fungal microbiota play a role in the development and progression of HSNCC through production of mutagenic substances, modulation of inflammation and immune responses, and the promotion of epithelial cell proliferation and EMT [6]. Therefore, advanced omics methods have been employed to deepen the understanding of the role of the oral microbiota in HNSCC. GeoMx digital spatial profiling of 77 proteins associated with anti-tumor immunity in eight OSCC samples revealed that bacteria resided in microniches characterized by immunosuppression, reduced vascularization, and a highly transformed phenotype [107]. To be able to simultaneously assess the expression of human genes and the presence of bacterial genera at the single-cell level, invasion-adhesion-directed expression sequencing (INVADEseq) was developed by including a primer targeting a conserved region of bacterial 16S rRNA in the 10× Genomics 5′ library preparation protocol. Control experiments with human cancer cell lines revealed that bacterial infection induced not only transcriptional programmes related to anti-bacterial immune responses, but also EMT- and metastasis-promoting genes [107]. Application of INVADEseq to fresh tumor tissue from seven patients with OSCC indicated that the intra-tumoral microbiota was dominated by the genera Fusobacterium and Treponema, which were primarily associated with aneuploid epithelial cells highly expressing cancer progression-related signaling pathways, and with monocyte-derived macrophages. Thus, cell-associated intra-tumoral microbiota could drive inter-cellular heterogeneity within immune and epithelial cell populations, and enhance the malignancy of tumor cells [107].

Tumor Development, Progression, and Metastasis

The development and progression of HNSCC was investigated by scRNAseq of normal tissue, precancerous oral leukoplakia, primary tumors, and metastatic tumors from lymph nodes, gathered from a total of 23 patients [100]. Some epithelial cells in leukoplakia showed CNVs as well as expression of various tumor-related genes similar to malignant cells, suggesting that CNV-driven expression of TP63 and ATP1B3 in leukoplakia plays a critical role in the progression to HNSCC [100]. Another study that examined matched normal, dysplastic, and tumor cells from OSCC biopsies observed a gradual increase in the expression of genes involved in pathways such as EMT and mTORC1 [108]. Notably, the study also identified VEGFA as a cancer initiating factor [108]. Moreover, various subtypes of fibroblasts were described to support malignant transformation [100,108,109]. Trajectory analyses showed that fibroblasts in leukoplakia were closer to those in cancerous tissue than those in normal tissue, indicating that they may already have acquired CAF features [100]. Collagen (specifically COL1A1) from fibroblasts induced the expression of LAIR2 (CD306), a soluble collagen receptor that activates pro-inflammatory processes, in leukoplakia Tregs, thus creating a favorable microenvironment for tumor progression [100]. Further, COL1A1-CD44 and LGALS7B-CXCL8 ligand-receptor interactions between fibroblasts and malignant cells were identified as factors that promote HNSCC progression [100].

By examining seven pairs of primary tumors and cervical LN metastases from HNSCC patients using scRNAseq and scTCRseq and trajectory analysis, a distinct subpopulation of pre-metastatic cells, driven by actionable pathways including AXL and AURK, was uncovered [110]. In addition, a subpopulation within the primary tumor exhibiting high EMT scores, deregulated oxidative phosphorylation, and immune evasion was found. In the TCGA dataset, patients with similar gene expression profiles had significantly poorer outcomes [110]. CD8+ T-cell clones displayed different trajectories leading to SOX4-mediated T-cell dysfunction, with one path showing a progressive loss of naïve markers and gain of dysfunctional markers [110].

Treatment Resistance

Primary and secondary resistance occurs with all forms of therapy and is the main reason of cancer-related death [23,111]. Thus, a comprehensive understanding of the underlying mechanisms is crucial for improving treatment strategies and prolonging survival of cancer patients. In this context, single-cell analyses were performed to elucidate how cells react to chemotherapy, radiotherapy, targeted therapy, and ICI therapy in HNSCC [94,112–120].

Osman et al. investigated cisplatin resistance in a human HNSCC cell line by scRNAseq and found p53 signaling, cell cycle, senescence, platinum resistance, and FoxO signaling to be activated in cisplatin resistant cells [112]. Further, an epigenetically primed subpopulation, driven by NRF2, a protein involved in regulation of anti-oxidative stress response and epigenomic changes, was identified, potentially linking cellular oxidative stress response and cisplatin resistance [112]. Among eight patients with HPSCC, responsiveness to a therapy comprising taxol, cisplatin, 5-fluorouracil, and cetuximab was associated with a higher number of infiltrating immune cells both before and after therapy as determined by scRNAseq and multiplex immunohistochemistry [118]. Using a cell type deconvolution strategy on a bulk RNAseq dataset from 44 patients, along with classifier training, treatment response could be predicted based on sets of non-malignant cell subtypes that were categorized as either “tumor-suppressive” or “tumor-promoting” [118].

Utilizing a 31-gene signature reflecting radiation sensitivity in a cell line model, Li et al. re-analyzed a publicly available scRNAseq dataset to study the heterogeneity of sensitivity to radiation in OSCC cells [82,121]. The atypical subtype was associated with sensitivity to radiation, and within the classical and basal subtypes gene co-expression modules related to radioresistance (primarily cell division and cell cycle regulation) were identified [121]. Moreover, increased immune checkpoint interactions were seen in radioresistant tumors, theoretically suggesting a basis for combining radiotherapy and immune checkpoint blockade in treating HNSCC. However, this approach has so far not proven successful in clinical studies [15–17].

CDK4/6 inhibitors have been approved for the treatment of breast cancer and are under consideration for a variety of other tumors [122]. In HNSCC, promising results were seen when administering CDK4 inhibitors to HPV−, but not HPV+ patients [123]. Cheng et al. analyzed 14 paired HNSCC and adjacent normal samples and discovered a proliferative exhausted CD8+ T-cell (P-Tex) cluster, beneficial to the survival outcomes of HPV+ HNSCC patients [94]. CDK4 levels in these cells were as high as in cancer cells, suggesting that treatment failure in HPV+ HNSCC patients could be due to the unintended inhibition of beneficial P-Tex cells by CDK4 inhibitors.

Several studies utilized scRNAseq to analyze response to ICI therapy. In mouse models, successful anti-PD-1 or anti-CTLA-4 therapy enhanced the differentiation of T-cells into more activated states [113]. ICI-resistant tumors were infiltrated with high numbers of tumor associated macrophages (particularly of the immunosuppressive M2 type) supported by expression of CSF1 and VEGF by tumor cells [113,124]. In the human context, Obradovic et al. assessed whether CAF-related or other TME subpopulations may regulate clinical responses to nivolumab by scRNAseq of four tumors from patients with advanced-stage HNSCC before and after ICI treatment [114]. Of five distinct CAF clusters, two emerged as predictive of nivolumab response, while a third was associated with immunosuppression [114].

A recent article provides insights into the role of TILs, specifically CD8+ T-cells exhibiting a tissue-residency program (Trm), in the response to neoadjuvant ICI through scRNAseq and scTCRseq on TILs from 19 OSCC patients post-treatment, with pre-treatment biopsies available for six of them [116]. Trm cells, defined by the markers CD103 and HOBIT, were early responders to ICI. They displayed gene expression patterns related to activation, cytotoxicity, and effector function, but also inhibitory receptors including PD-1, proposed to reflect regulation rather than exhaustion. Most TCR clonotypes that expanded during treatment were already present in the tumor prior to treatment, while some became detectable only after treatment. Thus, early intra-tumoral ICI responses may be primarily mediated by pre-existing T-cells with a Trm gene program, while new T-cell populations may be primed elsewhere and then enter the tumor. Moreover, a high proportion of PD-1+ KLRG1- CD8+ T-cells in PB correlated strongly with responsiveness to neoadjuvant ICI therapy, indicating the potential usefulness of these cells as a predictive biomarker in this context [116]. Another study characterized CD4+ and CD8+ T-cell dynamics by scRNAseq of TILs isolated from tumor biopsies of six HNSCC patients before and after neoadjuvant treatment with bintrafusp alfa, a bifunctional fusion protein consisting of a monoclonal anti-PD-L1 antibody and a TGF-β receptor extracellular domain capable of concurrently blocking PD-1 signaling and neutralizing TGF-β in the TME [117]. This therapy predominantly activated exhausted CD8+ TILs, which was associated with altered glutamine metabolism. Abrogation of TGF-β signaling was suggested to promote the egress of exhausted TILs to the blood after treatment, which could improve patient outcomes [117].

Lin et al. examined a unique patient who developed three separate HNSCCs, two of which were responsive to ICI treatment, while the third progressed under therapy [115]. The T-cell exhaustion markers, LAG3 and PTPN6, were expressed at higher levels in the exhausted CD8+ T-cells of the progressing lesion as compared to the responding ones, suggesting the upregulation of alternative inhibitory receptors in exhausted CD8+ T-cells as a potential mechanism of ICI resistance [115].

Insights from Large-Scale Gene Expression Profiling with Spatial Resolution

Being able to analyze the gene expression patterns of single cells has substantially advanced our understanding of tumor biology. However, since the scRNAseq workflow is based on isolation of dissipated cells, spatial information is lost. The development of methods preserving this information is rapidly advancing, and some examples of their application to HNSCC are described below.

To investigate differences in gene expression patterns between more broadly defined tumor areas, Chung et al performed bulk RNAseq on specimens from the inner core and invasive front of primary tumors, as well as from metastases and adjacent normal mucosa from 21 patients with HNSCC. Progressive enrichment of signatures associated with EMT, inflammation, and ferroptosis was observed from inner core to invasive front and metastatic samples [119]. scRNAseq on three, and spatial transcriptomics via the 10× Genomics Visium platform on two primary HNSCC samples confirmed and refined these data on the single-cell level and at high spatial resolution, respectively [119]. Intersection of the genes associated with a high ferroptosis score in the primary samples with those induced by a sublethal dose of the ferroptosis inducer FIN56 in an HNSCC cell line revealed CD274, encoding PD-L1, as the central hub gene [119]. Correspondingly, FIN56 induced PD-L1, and cooperated with PD-L1 antibody to suppress tumor formation, in a syngeneic HNSCC mouse model [119].

Stimulated Raman scattering microscopy exploits differences between the vibrations of CH2 and CH3 bonds and the differential abundance of such bonds in lipids and proteins to provide detailed information on tissue architecture in fresh frozen tissue slices. Increasing the intensity of the excitation source facilitates the excision of ROIs, which can be subjected to parallel extraction of high quality DNA and RNA [125]. In a proof-of-principle study including samples from four patients with OSCC, from which ROIs containing ~230 cells were excised, novel gene fusions were identified, and both DNA-derived CNV data and transcriptomic data revealed large interpatient variability, and even variability between different cancer nests from the same patient [125].

Another major line of technical development concerns the facilitation of simultaneous detection of multiple proteins through immunological methods. As an example, CO-DEtection by indeXing (CODEX) permits visualization of up to 60 markers through DNA-conjugated antibodies that are sequentially detected via complementary, fluorescently labeled DNA probes [126]. To simplify and objectify interpretation of the resulting data, Zhang et al. developed cell type identification with spatial information (CELESTA), an unsupervised machine learning algorithm that assigns cell types based on the expression of marker proteins and on spatial information, and applied it to CODEX imaging with 52 markers of samples from each four HNSCC patients with and without LN metastases [127]. Malignant cells and Tregs were found to colocalize more often in samples with than without LN involvement. This was confirmed by staining for FOXP3 (Tregs) and cytokeratin (malignant cells) on a tissue microarray from an independent patient cohort. scRNAseq on four samples suggested that interactions between CXCL10 and CXCR3, expressed on malignant cells and Tregs, respectively, may mediate their colocalization. Indeed, cancer cells with higher CXCL10 expression more effectively stimulated migration of CXCR3+ Tregs in a transwell experiment, and the CXCR3 inhibitor AMG487 reduced the number of Tregs recruited to tumors in a mouse model [127].

Even though studied to a much lesser extent than TILs and CAFs, nerves represent an important component of the TME [128]. In HNSCC and other tumors, they play roles in cancer-associated pain and aggressiveness. Tumors recruit nerves, which in turn foster the proliferation of malignant cells. These may even invade the nerve structure, a phenomenon called perineural invasion (PNI) [128]. Through re-analysis of publicly available scRNAseq data [82], a gene expression module associated with PNI in the TCGA dataset was found to correlate positively with EMT, metastasis, and invasion, and negatively with stemness, in malignant cells from HNSCC samples [129]. Using immunohistochemistry for the neuronal marker protein S100, Schmitd et al. detected PNI in 43% of 142 patients with OSCC [130]. PNI was more prevalent in advanced stage, larger tumors, and tumors with LN metastases. Among PNI+ patients, the distance between nerve and tumor cells was predictive of disease-free, disease-specific, and overall survival [130]. Samples from eight patients with OSCC were subjected to whole transcriptome expression profiling using the NanoString GeoMx Digital Spatial Profiler platform. Of 8,162 genes whose expression could be detected, 95 were up- and 64 down-regulated in nerves close to tumor (NC; <100 µM distance and 50% of the nerve circumference surrounded by tumor cells) vs. nerves far from tumor (NF; >1 mm distance) [130]. Pathway enrichment analysis of the differentially expressed genes suggested that NC are exposed to stress exerted by the tumor and undergo degenerative processes. However, differential expression of individual genes indicated that NC may also undergo reprogramming to survival mode and increase myelination to support nerve regeneration [130].

Concluding Remarks and Future Perspectives

Single-cell sequencing approaches represent a significant addition to the scientific toolbox, enabling a comprehensive understanding of tumor complexity, evolution, and interactions between tumor cells and their microenvironment. Despite its considerable advantages, scRNAseq faces several challenges including costs, technical hurdles during isolation of single cells without damage, data complexity, addressing errors and biases within data, and the loss of spatial context when removing a cell from tissue. The latter issue is addressed by spatial transcriptomics, however, improvements such as enhancing gene coverage—which also needs refinement in scRNAseq—and spatial resolution are necessary. In conclusion, while scRNAseq offers significant advancements over traditional methods like immunohistochemistry or bulk transcriptomics approaches by enabling an in-depth analysis of individual cells, it is still a developing field with notable challenges. Its potential to open new avenues to deeper understand tumor biology makes it an essential tool for future medical and scientific breakthroughs.
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TABLE 1

Summary of the scRNAseq datasets discussed in this review

Donors Sex Age HPYV status Samples
Sub- scRNAseq Patients Healthy m f NA  Years Pos Neg NA  Cell selection Tumor LN OLK Adj PBMC PBMC Healthy Captured Ref.
entity" method (median) normal HNSCC HD tonsil cells (No.)
OSCC SMART-Seq2 18 0 9 9 0 70 0 10 8 none 18 5 - - - - - 5,901 [82]
LSCC  Rhapsody™ 2 0 1 1 0 65 0 2 0  none 2 - - - - - - 14,411 (84]
system
HPSCC Chromium Single 2 0 0 0 2 66 0 0 2 none 2 - - 2 - - - 17,599 [85]
Cell 3' v3
OSCC Chromium Single 18 0 135 0 NA 6 12 0 CD45~ 15 - - - 18 - - 134,606 [86]
Lscc  Cell3'v2 CD45" 18
OPSCC
OSCC  Chromium Single 3 0 2 1 0 56 0 0 3 Calcein* / CD3* 3 - - 3 - - - 11,866 [92]
Cell 3' v3
OSCC Chromium Single 26 11 28 9 0 45.25¢ 8 18 11 CD45* 26 - - - - 6 5 131,224 [93]
LSCC Cell 3' v2 60.3b’d (HD)
OPSCC
OPSCC® Chromium Single 10 0 8 2 0 64.7° 4 6 0 none 2 - - 5 - - - 49,813 [94]
Cell 5' CD3+ 7
OSCC SMART-Seq2 8 2 6 2 2 59.5 3 4 1 lin~ / CD45" / 8 4 - - 4 2 - 2,747 [98]
OPSCC (HD) CD56" and/or
CD127*
OPSCC  Chromium Single 16 0 142 0 61.5 11 5 0 none 12 1 - 3 - - - 70,970 [99]
Cell 3'
Chromium Single CD45~
Cell 5' CD45+
OSCC Chromium Single 23 0 17 6 0 58 13 24 0 none 20 4 4 9 - - - 54,239 [100]
OPSCC Cell 3' v2
HPSCC
HNSCC Rhapsody™ 1 0 0 01 NA 0 1 0  none 1 - - - - - - NA (103]
system
HNSCC Chromium Single 12 0 0 0 12 NA 12 0 0 CDs* 10 9 - - - - - NA [104]
Cell 5'
OpsCC  Chromium Single 55 0 46 9 0 56 37 18 0 none 28 - - - - - - 17,315 [105]
Cell 3' v3.1
OSCC  Chromium Single 5 0 3 2 0 64 0 0 2 none 5 - 4 4 - - - 52,721 [108]
Cell 3' v3.1
0SCCf  Chromium Single 17 0 11 6 0 54 0 0 17 none 13 - 3 8 - - - 131,702 [109]
Cell 3'
OLK Chromium Single
Cell 5'
HNSCC C1™ Single-Cell 7 0 0 0 7 2185 0 7 0 none 7 7 - - - - - 53,459 [110]
Reagent
HNSCC Chromium Single 4 0 0 0 4 NA 0 0 8 none 8 - - - - - - 22,906 [114]
Cell 3'
NPSCC Chromium Single 1 0 1 0 0 50 0 0 3 none 2 1 - - - - - 11,470 [115]
> LSCC Cell V(D)J v1.1
OSCC Chromium Single 27 0 18 11 0 62° 0 6 21 none 25 - - - 27 - - 74,557 [116]
Cell 5' vl CD 45+ 6
CD4"
CD8" 6
HNSCC Chromium Single 6 0 2 4 0 66.5 0 6 0 CD3" 6 - - - - - - 33,190 [117]
Cell 3' v2
Chromium Single
Cell 5'v1.1
HPSCC Chromium single 8 0 8 0 0 57 0 0 8 none 12 1 - 2 - - - 89,094 [118]
h
cell CD45~ 1
CD45" 1
OSCC  Chromium Single 3 0 3 0 0 NA 0 0 3 none 3 - - - - - - 3,369 [119]
Cell 3' v3.1
HNSCC Chromium Single 4 0 1 3 0 71 0 0 4 none 4 - - - - - - NA [127]
Cell 3' v2

Note: Chromium series, Rapsody, and C1™ are from 10x Genomics, BD, and Fluidigm, respectively. Adj, adjacent; f, female; HD, healthy donor; HNSCC, head and neck squamous cell carcinoma; HPSCC, hypopharyngeal
squamous cell carcinoma; LN, lymph node metastases; LSCC, laryngeal squamous cell carcinoma; NPSCC, nasopharyngeal squamous cell carcinoma; m, male; NA not available; OLK, oral leukoplakia; OPSCC, oropharyngeal
squamous cell carcinoma; OSCC, oral squamous cell carcinoma; PBMC, peripheral blood mononuclear cells; Ref., reference. *HNSCC if subentity not provided, mean, “healthy donors, “HNSCC patients, “mainly OPSCC, ‘from
one OSCC patient, only normal adjacent tissue was available, range, "no details provided.
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