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Translational Relevance 23 

This study investigates DNA methylation signatures impacting the tumor microenvironment 24 

(TME) of head and neck cancer (HNC) associated with specific risk factors. By integrating 25 

advanced high-throughput platforms, including Human Methylation 450K BeadChip 26 

microarrays and single-cell imaging mass cytometry (IMC), we identified distinct methylation 27 

signatures and immune landscapes in HNC associated with HPV-positive versus HPV-28 

negative tumors. Differentially methylated loci were significantly enriched in immune regulatory 29 

pathways, with particularly strong signatures related to T-lymphocyte regulation. Further 30 

spatially resolved analysis of immunological components within the tumor microenvironment 31 

revealed that, in HPV-positive tumors, T lymphocytes exhibit intrinsic self-regulatory activity. 32 

In contrast, in HPV-negative tumors, this regulatory program is attenuated and appears to be 33 

modulated through fibroblast-mediated interactions, with fibroblasts emerging as the 34 

predominant cellular partners of T lymphocytes in this setting. This epigenetically regulated 35 

spatial cellular dynamic within the tumor microenvironment provides a framework for more 36 

precise clinical decision-making and the development of personalized therapeutic strategies 37 

for patients with HNC. 38 

 39 
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Abstract 40 

The incidence of HPV-related HNC has exponentially increased over recent decades in head 41 

and neck cancer (HNC). Although HPV infection is known to reprogram the host epigenetic 42 

landscape, the cellular and functional consequences of HPV-mediated DNA methylation 43 

changes remain poorly defined. Here we demonstrated that HPV-driven epigenetic 44 

reprogramming reshapes immune regulation within the HNC tumor microenvironment (TME), 45 

generating distinct methylation landscapes associated with viral status. Genome-wide 46 

methylation analysis identified differentially methylated loci enriched in immune-related 47 

pathways, supporting a central role for epigenetic remodeling in shaping HPV-specific tumor–48 

immune interactions. To link epigenetic differences to cellular organization and function within 49 

the TME, we characterized immune and stromal compartments, cell–cell interactions, and 50 

spatial architecture using high-dimensional single-cell imaging mass cytometry (IMC). Key 51 

findings were independently validated in an external single-cell RNA sequencing cohort. We 52 

identified 770 differentially methylated positions (P<0.05, |logFC| <0.20) mapping to 386 genes 53 

that distinguish HPV-positive from HPV-negative tumors, with significant enrichment in 54 

immune-related pathways. Single-cell high-dimension IMC revealed distinct immune 55 

architectures between tumor types. In HPV-negative tumors, immune exclusion was primarily 56 

associated with fibroblast-dominated spatial organization that physically and functionally 57 

insulated tumor cells from immune surveillance. In contrast, T cells in HPV-positive tumors 58 

exhibited an intrinsic autocrine regulatory program characterized by robust type I and type II 59 

interferon signaling, consistent with enhanced tumor recognition and immune engagement. 60 

These findings demonstrate that HPV-associated DNA methylation reprogramming shapes 61 

the spatial and functional organization of the TME in HNC, promoting divergent mechanisms 62 

of immune regulation and tumor immune evasion. 63 

Keywords: Head and neck squamous cell carcinoma; Human papillomavirus; Epigenetic 64 

reprogramming; DNA methylation; Tumor immune microenvironment; Immune spatial 65 
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organization; T-cell regulation; Fibroblast–immune interactions; Single-cell imaging mass 66 

cytometry. 67 

 68 
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Introduction 69 

Head and neck cancer (HNC) is the 6th most common cancer worldwide presenting 890.000 70 

new cases and 450.000 deaths per year 1. The actual incidence is expected to rise 30% by 71 

the year 2030 due to the exponential increase in human papillomavirus (HPV) infection 2. 72 

Patients with HNC receive treatment based on surgery, radiotherapy, chemotherapy, 73 

immunotherapy, or combinations of these modalities 3. These approaches fail to account for 74 

inter- and intra-tumor heterogeneity that can directly impact the therapeutic response 4. 75 

Despite substantial advances in surgical techniques and pharmacotherapy, the clinical 76 

outcomes for patients with advanced disease remain poor, with 5-year survival rates stagnant 77 

at <50% 5. Molecular and epidemiological studies consistently identified tobacco use, alcohol 78 

consumption, and HPV infection as major risk factors driving somatic mutations, epigenetic 79 

dysregulation that ultimately promote HNC development  6,7. However, despite well-80 

established epidemiological links between these exposures and disease risk, the HPV-81 

associated epigenetic alterations underlying HNC progression remain incompletely 82 

characterized 8–10. 83 

DNA methylation has a central role in the regulation of gene expression and 84 

maintenance of genomic stability. Distinct cancer types exhibit characteristic DNA methylation 85 

landscapes that are associated with clinical outcomes and disease progression 11,12. These 86 

epigenetic alterations are associated with key etiological risk factors and can modulate tumor 87 

immunogenicity, as well as the composition and function of immune cell populations critical for 88 

effective anti-tumor responses 13,14. The tumor microenvironment (TME) is a major determinant 89 

of HNC progression, a concept underscored by the clinical success of immune checkpoint 90 

inhibitors 15,16. The TME comprises a complex and dynamic network of  immune cells, 91 

mesenchymal stromal cells, and extracellular matrix components that interact with tumor cells 92 

to influence tumor growth, metastatic dissemination, and therapeutic response 17-19. Despite 93 

its recognized importance, a comprehensive spatial and functional characterization of the HNC 94 

TME in the context of HPV infection remains limited. In this study, we characterize DNA 95 
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methylation profiles in HNC patient samples to determine how HPV-associated epigenetic 96 

alterations shape the tumor microenvironment. 97 

 98 

Materials and methods 99 

Study population 100 

Frozen tumor specimens from primary HNC patients were obtained at the time of surgical 101 

resection at an academic medical centre (Jewish General Hospital, Montreal, Canada). The 102 

cohort included patients with established high-risk etiological factors HPV infection, tobacco 103 

use, and alcohol consumption, with longitudinal follow-up of up to 157 months (>10 years). 104 

DNA methylation profiling was performed on frozen tumor samples, while single-cell imaging 105 

mass cytometry (IMC) analyses were conducted using archival formalin-fixed, paraffin-106 

embedded (FFPE) tissue blocks. Representative hematoxylin and eosin (H&E)-stained 107 

sections were reviewed for histopathological confirmation. All FFPE samples were 108 

independently evaluated by two board-certified pathologists to confirm tumor content and 109 

select regions for analysis. Patients were followed up after treatment for routine surveillance, 110 

and any tumor relapse was histologically confirmed. Eligible participants were previously 111 

untreated patients without evidence of distant metastasis (M0), undergoing curative-intent 112 

surgical resection, and treated at a single tertiary-care center. Tumors were re-staged 113 

according to the current International Union Against Cancer (UICC) TNM classification and 114 

grouped as early-stage (T1–2N0) or advanced-stage disease (T3–4N0-3 or T1-2N1-3). 115 

Detailed clinicopathological data were extracted from medical records (Supplemental Tables 116 

1 and 2). Both female and male participants were included in this study. Sex was considered 117 

in the study design, and the findings are intended to be relevant to both sexes. All patients 118 

provided written informed consent, and tissue collection and analysis were conducted in 119 

accordance with the Declaration of Helsinki. The study protocol was approved by the 120 

institutional research ethics board (#CR17-44). Reporting adhered to the Strengthening the 121 
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Reporting of Observational Studies in Epidemiology (STROBE) guidelines to ensure 122 

methodological rigor. DNA methylation profiling using the Illumina HumanMethylation450 123 

BeadChip was performed on 21 tumor samples, while IMC analysis was conducted on 20 124 

samples (Figure 1).  125 

 126 

Bisulfite treatment and DNA methylation profiling 127 

Genomic DNA was extracted from tumor tissue using DNeasy Blood & Tissue Kit (Qiagen) 128 

following the manufacturer’s instructions. DNA from frozen tissues was converted using the 129 

EZ DNA Methylation kit (Zymo Research, USA) according to the manufacturer’s 130 

recommendations. Bisulfite-converted DNA was hybridized in the Human Methylation 450 131 

BeadChip microarrays (HM450K, Illumina, USA), following the Illumina Infinium HD 132 

methylation protocol, followed by images acquisition by the Illumina iScan SQ scanner 133 

(Illumina, USA). The fluorescence signals were interpreted with the GenomeStudio software 134 

(v.2011.1 with the methylation module v.1.9.0; Illumina, USA). Probes were annotated 135 

according to the Illumina annotation file using UCSC version hg19 of the human reference 136 

genome. 137 

 138 

Copy number alteration (CNA) analysis 139 

The 450k methylation array data were subjected to copy-number variation (CNV) analysis 140 

using the Conumee2 R package 20. Each probed CpG is typically represented by two probes 141 

on the array (one for methylated and one for unmethylated). The methylation and 142 

unmethylated signal intensities are combined for the computation of CNV, and a ratio is 143 

created against healthy reference samples with a flat genome. The location of each 144 

chromosome is then used to plot this copy-number ratio on a graph. For normalization, a set 145 

of 71 control samples with a balanced copy-number profile from both male and female donors 146 



 

 8 

were used. Conumee2 CNV.summaryplot() function was used to plot the CNA percentages 147 

across samples. 148 

Differentially methylated probes and immune deconvolution analysis 149 

Minfi R package 21 was used to examine IDAT files, and the functional normalization 150 

(FunNorm) method 22 was used to normalize them. 428,062 probes remained for additional 151 

analysis after XYS and low-quality probes were eliminated. For unsupervised non-linear 152 

dimension reduction based on standard deviation, the 10,000 most variable probes were 153 

employed. Using pheatmap (version 1.0.12) using the Ward method and euclidean for the 154 

distance matrix, heatmaps and hierarchical clustering were carried out. Tumor immune cell 155 

infiltration and tumor cell purity were estimated using normalized B-values and the 156 

MethylResolver R package 0.1.0. It compares the B-values of bulk tissues to the methylation 157 

signature taken from 11 different types of leukocyte cells using a deconvolution technique 23. 158 

 159 

Imaging mass cytometry (IMC) and data acquisition 160 

IMC was performed in anonymized FFPE samples from 20 HNC patients using Fluidigm 161 

Hyperion Imaging Mass Cytometer System (IMC™, Fluidigm, USA) for laser-based cell 162 

ablation and imaging following the manufacturer's instructions (Figure 1). The system had a 163 

1μm resolution and gathered channel-specific signal data on a per-pixel basis. This data 164 

helped record signal localization (corresponding to nuclear, cytoplasmic, and membrane) and 165 

intensity per individual cells. Cellular regions were identified by correlating with Ir191/193 166 

which labels DNA, and CD45, e-cadherin, Pan-CK, smooth muscle actin (SMA) and vimentin 167 

for the cytoplasmic. A panel with 20 metal-conjugated antibodies to interrogate the proteins of 168 

interest in the TME of HNC including the target, clone information and metal isotype tag, is 169 

available in the Supplemental Table 3. Conjugations of the metal to the antibodies were done 170 

using the Maxpar labeling kit (Fluidigm, USA). The concentration of the antibodies was 171 

adjusted by titration, ranging from 100 to 500 μg ml−1, using Nanodrop (Thermo Scientific, 172 
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USA). FFPE sections were prepared, stained with the designed antibody panel as previously 173 

described 24. Laser ablation was performed on the regions of interest at a frequency of 200Hz, 174 

resulting in a pixel size/resolution of 1 µm2. The raw data underwent preprocessing using the 175 

CyTOF software v7.0 (Fluidigm, USA). 176 

 177 

IMC data preprocessing and analysis 178 

The images were analyzed following the protocol as previously published  25. The first step 179 

includes quality control by manually reviewing the raw data using plugins such as napari-imc 180 

26 and ImageJ 27 for IMC. The steinbock toolkit was used for multi-channel image processing, 181 

including multi-channel image segmentation, object quantification and data export. The 182 

outputs from stainbock pipeline were used as input for imcRtools and cytomapper 183 

R/Bioconductor packages to read spatially resolved, single-cell and images as described 25. 184 

IMC data were processed from Steinbock pipeline outputs, generating a 185 

SpatialExperimentobject containing per-cell marker intensities, spatial coordinates, and 186 

neighborhood graphs. Marker intensities were transformed using an arcsinh transformation 187 

(cofactor = 5). Quality control included inspection of signal distributions per marker and per 188 

cell, with removal of channels showing low variability or signal close to background, as well as 189 

exclusion of cells with extremely low total signal (outliers in the lower tail of the total intensity 190 

distribution). 191 

Sample integration was performed using Seurat method, applying standard 192 

normalization (NormalizeData) and identification of variable features (FindVariableFeatures). 193 

Dimensionality reduction was carried out by principal component analysis (PCA) using the first 194 

20–30 principal components, followed by Seurat-based integration to mitigate inter-sample 195 

effects. UMAP embeddings were computed from the selected PCs for visualization. 196 
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Cell clustering was performed by constructing a shared nearest-neighbor graph 197 

(FindNeighbors) followed by community detection (FindClusters) using a resolution range of 198 

0.5-1.0, depending on the desired clustering granularity. Cluster-specific markers were 199 

identified using FindAllMarkers, retaining only positively enriched markers and applying a 200 

minimum effect-size threshold (avg_log2FC >2) to define robust cellular signatures. Cell 201 

populations were annotated based on the differential expression of canonical protein markers, 202 

such that cells with high expression of CD3 and CD8a were classified as CD8 T lymphocytes, 203 

CD3⁺ PD-1⁺ cells as PD-1-positive T cells, Pan-cytokeratin⁺/E-cadherin⁺ cells as 204 

epithelial/neoplastic cells, PD-L1⁺ cells as PD-L1-positive tumor cells, CD163⁺ cells as M2 205 

macrophages, aSMA⁺/Collagen I⁺ cells as fibroblasts, Granzyme B⁺ cells as cytotoxic/NK 206 

cells, CD117⁺ (c-Kit) cells as c-Kit-positive cells, Cleaved caspase-3⁺ cells as apoptotic cells, 207 

Pan-cytokeratin⁺/Ki67⁺ as tumor proliferative and CD3⁺/FOXP3⁺ as regulatory T cells (Treg). 208 

Spatial features, including the number of neighboring cells and cell area, were 209 

aggregated at the cell-type level and compared across clinical conditions, including HPV 210 

status. Results were visualized using spatial marker maps, annotated UMAPs, and heatmaps 211 

integrating average marker expression, cluster identity, and clinical metadata. 212 

 213 

Single-cell RNAseq validation 214 

Publicly available single-cell RNA-seq data from 23 patients diagnosed with head and neck 215 

squamous cell carcinoma and annotated for HPV status (16 HPV-negative and 7 HPV-216 

positive) were used for validation (GEO accession GSE181919 28) (Figure 1). Preprocessed 217 

count matrices provided by the original authors were imported into Seurat, and 54,239 218 

previously annotated cells were retained for downstream analyses. No additional quality 219 

control filtering was applied. 220 
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Cell-cell communication was inferred using the CellChat R 29 package from the 221 

annotated Seurat object, with HPV-positive and HPV-negative samples analyzed separately. 222 

For each group, CellChat objects were constructed using CellChatDB. human database within 223 

the same package, and overexpressed ligands, receptors, and interactions were identified. 224 

Communication probabilities were estimated using the triMean method, adjusted for 225 

population size, and interactions involving cell types with fewer than 20 cells were excluded. 226 

Aggregated networks were compared to assess interaction strength, active signaling 227 

pathways, dominant sender and receiver cell types, and shared or group-specific pathways. 228 

Trajectory inference was performed on T cells using the Monocle3 R package 30,31. T 229 

cells were subsetted, reclustered, and marker genes were identified using Seurat’s 230 

FindAllMarkers. Cluster 9, enriched for naïve T cell markers, was selected as the root state. 231 

Count matrices and metadata were converted into a cell data set object, followed by 232 

preprocessing, principal graph learning, and pseudotime ordering. Genes associated with 233 

trajectory progression were identified using graph-based tests and grouped into co-expression 234 

modules to characterize dynamic transcriptional programs in relation to HPV status. 235 

 236 

Data availability 237 

The manuscript and its additional information contain the data that support the study's 238 

conclusions. The NCBI Gene Expression Omnibus (GSE318768) contains 450K array DNA 239 

methylation raw data (IDAT files) and normalized Beta values matrix produced for this 240 

investigation. 241 

 242 

Code availability 243 

The code used to generate the results presented in this manuscript is available as a public 244 

repository (https://github.com/felipeluz97/IMC-data-analysis/tree/main). 245 
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 246 

Figure 1. Patients were stratified according to established etiological risk factors and classified 247 

as HPV-positive (HPV+) or HPV-negative (HPV-). Genome-wide DNA methylation profiling 248 

using the Illumina HumanMethylation450 BeadChip was performed on 21 tumors (12 HPV-249 

negative, 9 HPV-positive). Raw methylation data were leveraged for differential methylation 250 

probe (DMP) analysis, immune cell-type deconvolution, and inference of copy number 251 

alterations (CNAs). Imaging mass cytometry (IMC) was conducted on 20 HNC samples to 252 

spatially interrogate the tumor microenvironment (TME) and integrate epigenetic insights with 253 

single-cell–resolved tissue architecture. IMC data were used for cell-type annotation, inference 254 

of cell–cell interactions, identification of tumor and stromal communities, and spatial analysis 255 

of the TME. An independent single-cell RNA sequencing dataset was used to validate and 256 

further contextualize the findings. 257 

 258 
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Results 259 

Differentially methylated probes (DMP) between HPV+ and HPV- tumors 260 

HNC exhibits distinct epigenetic landscapes that reflect their underlying etiological drivers. 261 

Hierarchical clustering of the 10,000 CpG sites exhibiting the highest inter-sample variance 262 

(ranked by standard deviation) revealed a clear segregation of tumors according to HPV status 263 

(Figure 2A), indicating that viral infection is associated with distinct epigenetic landscapes. To 264 

further interrogate these differences, we identified differentially methylated positions (DMPs) 265 

between HPV-positive and HPV-negative tumors. 266 

A total of 770 DMPs were detected (p < 0.05, |logFC| > 0.2), of which 528 were 267 

hypomethylated and 242 hypermethylated in HPV-positive tumors, corresponding to 386 268 

annotated genes. Genomic distribution analysis revealed that 54 DMPs were located in first 269 

exons, 23 in 3′ untranslated regions (3′UTRs), 64 in 5′UTRs, 215 within gene bodies, 222 in 270 

intergenic regions, 98 within 1,500 base pairs upstream of transcription start sites (TSS), and 271 

94 within 200 base pairs upstream of TSS. Notably, 397 DMPs overlapped CpG islands 272 

(Supplemental Table 4). 273 

Pathway enrichment analysis was performed using the C7 immunologic signature collection 274 

from the Molecular Signatures Database (MSigDB), focusing on genes associated with 275 

hypomethylated DMPs in each group as putative overexpressed candidates. This revealed 276 

that HPV-positive tumors are enriched for hypomethylated genes linked to TLR4-mediated 277 

innate inflammatory signaling, TH2-skewed adaptive immune activation, and pro-inflammatory 278 

regulatory T cell (Treg) effector states. In contrast, HPV-negative tumors displayed enrichment 279 

for signatures indicative of delayed TLR1/2-mediated monocyte activation, classical humoral 280 

adaptive responses, and acute systemic immune activation following vaccination (Figure 2B). 281 
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 282 

Figure 2. DNA methylation profiling of HPV+ versus HPV- tumors. A) Hierarchical 283 

clustering and heatmap of the 10,000 CpG sites with the highest inter-sample variance, ranked 284 

by standard deviation. Samples are annotated according to clinical characteristics. B) Pathway 285 

enrichment analysis based on hypomethylated differentially methylated positions (DMPs) from 286 

each group, annotated against the C7 immunologic signature gene set collection from the 287 

Molecular Signatures Database (MSigDB). T stage, Tumor stage (T1, T2: Early-stage; T3, T4: 288 
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Advanced-stage); N stage, Lymph Node stage (N1, N2: Early-stage; N2, N3: Advanced-289 

stage). Created with BioRender.com (o99u352). 290 

Copy number alterations (CNA) in relation to tumor infiltrating lymphocytes 291 

deconvolution 292 

Copy number alterations (CNAs) were analyzed to assess whether the differences 293 

observed in inflammatory signatures could be linked to differential tumor immunogenicity 294 

driven by neoantigen formation due to the genomic instability. To this end, CNAs were 295 

extracted from the raw methylome data (IDAT files) and analyzed according to the HPV status. 296 

Although different CNA profiles were observed between the two groups with HPV-positive 297 

tumors exhibiting a slightly more unstable pattern with alterations distributed across the 298 

genome and higher percentage of samples altered, and HPV-negative tumors showing more 299 

localized alterations confined to specific chromosomes (Figure 3A), the overall number of 300 

copy number gains and losses did not differ significantly between groups (Figure 3B). 301 

The beta-value matrix was submitted to immune cell deconvolution analysis that 302 

identified 11 immune cell types across all tumors. This analysis allowed inference of the 303 

absolute abundance of each cellular component and revealed that HPV-positive tumors 304 

harbor significantly higher levels of regulatory T cells (Tregs) and CD8⁺ T cells compared with 305 

HPV-negative tumors (Figure 3C). 306 
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 307 

Figure 3. Copy number alteration profile and inflammatory infiltrate. A) Percentage of 308 

CNAs detected in the genome across all samples. The x axis represents chromosomes, and 309 

the y axis indicates the percentage of samples harboring each alteration. Tumors are stratified 310 

as HPV-negative (left panel) and HPV-positive (right panel). B) Boxplot showing differences 311 

in the total number of copy number alterations (gains and losses) between HPV-positive and 312 

HPV-negative tumors. C) Boxplots illustrating differences in the absolute abundance of each 313 

immune cell type between HPV-positive and HPV-negative tumors.Created with 314 
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BioRender.com (o99u352). T CD8 adjusted p-value: 0.048; T regulatory adjusted p-value: 315 

0.036 316 

Spatial distribution of tumor microenvironment components  317 

To gain insight into the regulation of the tumor microenvironment in head and neck 318 

tumors, we profiled tumor-associated markers and canonical inflammatory cell markers in 20 319 

tumors (12 HPV-positive and 8 HPV-negative) characterizing 209,302 individual cells. Cells 320 

were clustered based on the expression of cell-specific markers, batch effects were removed 321 

using the Seurat framework, and cell identities were assigned according to canonical markers. 322 

Overall, UMAP visualization revealed no clustering driven by batch effects, either by patient 323 

of origin or HPV infection status (Figure 4A–F). 324 

 Seventeen cell clusters were identified, corresponding to 10 annotated cell types 325 

(Figure 4D). To assess differences in tumor microenvironment composition between HPV-326 

positive and HPV-negative tumors, we performed an initial analysis of the relative frequency 327 

of each cellular entity. This analysis revealed subtle differences in the abundance of PD-L1-328 

expressing tumor cells and CD8⁺ T lymphocytes in HPV-infected tumors (Figure 4G). These 329 

differences became more pronounced when absolute cell frequencies were compared (Figure 330 

4H), revealing that HPV-positive tumors harbor a more prominent inflammatory infiltrate, 331 

enriched for CD8⁺ T lymphocytes. 332 
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 333 

Figure 4.  Immune mass cytometry analysis and cell type annotation. A-D) UMAP 334 

projections colored by patient of origin, cluster identity, HPV infection status, and cell type 335 

annotation, respectively. E-F) Hierarchical clustering and heatmaps of the identified clusters, 336 

with columns representing cell clusters and rows representing markers e shows the mean 337 

expression of each marker per cluster, and f displays Z-score-normalized expression values. 338 

G) Bar plot showing the relative frequency of each cell type in HPV-positive and HPV-negative 339 

tumors. H) Complex heatmap depicting hierarchical clustering of cell clusters based on the 340 
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mean expression of canonical markers. Clusters are annotated by cell number, HPV infection 341 

status, and presence of metastasis. Created with BioRender.com (o99u352).  342 

Once we identified differences in the cellular composition of the tumor 343 

microenvironment between HPV-positive and HPV-negative tumors, we investigated how 344 

these cells are spatially distributed within the tumor tissue. Following annotation, cells were 345 

plotted in two-dimensional space using pixel coordinates obtained from the Imaging Mass 346 

Cytometer System (IMC™, Fluidigm, USA). Overall, HPV-negative tumors displayed a more 347 

immunologically “cold” phenotype, characterized by reduced inflammatory infiltrates but 348 

enriched in fibroblasts, as evidenced by high collagen I expression. These fibroblasts 349 

frequently surrounded tumor cells, identified by pan-cytokeratin expression (red), and 350 

appeared to restrict the access of inflammatory cells to the tumor niche (Figure 5A). In 351 

contrast, HPV-positive tumors exhibited more proliferative tumor niches, as indicated by 352 

elevated Ki67 expression, together with a high density of infiltrating lymphocytes, marked in 353 

blue by CD3 expression, which appeared to recognize tumor cells and more readily infiltrate 354 

the tumor core (Figure 6A). 355 

IMC data further enabled the inference of cellular communities and their spatial 356 

organization. HPV-negative tumors exhibited a more homogeneous microenvironment, both 357 

in tumor-associated and stromal cellular communities (Figure 5B-C). Conversely, HPV-358 

positive tumors displayed increased spatial heterogeneity, with multiple distinct tumor and 359 

stromal communities coexisting within the same tissue sections (Figure 6B-C). 360 

Regarding cell-cell interactions, HPV-negative tumors showed predominant direct 361 

crosstalk between tumor cells and fibroblasts, effectively isolating lymphocytes that appeared 362 

unable to penetrate the tumor core (Figure 5D). In HPV-positive tumors, increased 363 

interactions between tumor cells and lymphocytes, particularly CD8⁺ T cells, were observed. 364 

Although fibroblasts were present, they appeared more dispersed throughout the tumor 365 

microenvironment (Figure 6D). 366 
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 367 

 368 

Figure 5.  Spatial organization of the HPV-negative tumor microenvironment. A) 369 

Expression of key markers used for cell annotation visualized in a two-dimensional spatial 370 

context that recapitulates the histological tissue section. B-C) Identified stromal cellular 371 

communities. Each community is represented by a distinct color; increased color diversity 372 

reflects higher spatial heterogeneity of the tumor microenvironment. D) Cell-cell interaction 373 

network. Each color denotes a distinct cell type, and putative interactions are represented by 374 

gray lines connecting individual cells. Created with BioRender.com (o99u352). 375 
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 376 

Figure 6. Spatial organization of the HPV-positive tumor microenvironment. A) 377 

Expression of key markers used for cell annotation visualized in a two-dimensional spatial 378 

context that recapitulates the histological tissue section. B-C)  Identification of stromal cellular 379 

communities. Each community is represented by a distinct color; increased color diversity 380 

reflects higher spatial heterogeneity of the tumor microenvironment. D) Cell-cell interaction 381 
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network. Each color denotes a distinct cell type, and putative interactions are represented by 382 

gray lines connecting individual cells. Created with BioRender.com (o99u352). 383 

Independent cohort validation of cell-interaction and cell trajectory analysis 384 

To validate our findings regarding the tumor microenvironment in our cohort, derived 385 

from both methylome and IMC analyses, we analyzed an independent cohort of head and 386 

neck tumors in which tumor microenvironment cells had been previously characterized, 387 

clustered, and annotated using single-cell RNA sequencing (scRNA-seq) data (GEO 388 

accession GSE181919). Original cell annotations were retained, and additional cell-cell 389 

communication and trajectory analyses were performed. 390 

From 54,239 cells, 32,292 originated from HPV-negative tumors and 21,947 from 391 

HPV-positive tumors. The primary aim of this analysis was to further elucidate mechanisms 392 

that facilitate tumor cell recognition by inflammatory components, particularly T lymphocytes, 393 

in HPV-positive tumors. Within this dataset, 17,869 T lymphocytes were identified, 8,580 from 394 

HPV-negative tumors and 9,289 from HPV-positive tumors, and were used for subsequent 395 

analyses (Figure 7A). 396 

Cell-cell communication analysis revealed that HPV-negative tumors presented the 397 

strongest interactions between fibroblasts and T lymphocytes, consistent with our previous 398 

observations. A prominent interaction between fibroblasts and malignant cells was also 399 

detected. In contrast, while HPV-positive tumors also displayed strong fibroblast-T lymphocyte 400 

interactions, autocrine signaling among T lymphocytes was markedly increased, suggesting 401 

enhanced T cell self-regulation. Although more subtle, an increase in interactions between T 402 

lymphocytes and malignant cells was also observed, indicating improved tumor cell 403 

recognition in this context. Concurrently, interactions between fibroblasts and malignant cells 404 

were modestly reduced (Figure 7B-C). 405 

When comparing the number of signals sent and received by each cell type, a similar 406 

overall pattern emerged in both tumor groups: T lymphocytes were the predominant signal 407 
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receivers, whereas fibroblasts were the primary signal senders, however, showing a notable 408 

signal intensity difference between HPV-negative and HPV-positive tumors. In HPV-positive 409 

tumors, T lymphocytes exhibited a twofold increase in both received and emitted signaling 410 

intensity compared with HPV-negative tumors, further supporting the notion of enhanced T 411 

cell autocrine regulation. Other inflammatory cell types displayed comparable signaling 412 

intensities across both tumor groups. In contrast, neoplastic cells showed a proportional 413 

increase in received signaling intensity, surpassing that of inflammatory cells, suggesting 414 

heightened immune recognition in HPV-positive tumors (Figure 7D). 415 

 416 
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Figure 7. Cell-cell interaction analysis in an independent scRNA-seq cohort. A) UMAP 417 

showing the identified cell clusters in the dataset, highlighting the total number of cells derived 418 

from HPV-positive and HPV-negative tumors, as well as the number of T lymphocytes in each 419 

group. B) Cell-cell interaction network, in which nodes represent cell types and edges indicate 420 

total interaction strength (weights). C) Cell-cell interaction network focusing on T lymphocytes, 421 

with T cell-associated edges isolated to enable detailed visualization of total interaction 422 

strength (weights). D) Scatter plot showing HPV-negative and HPV-positive tumors, 423 

respectively, depicting signaling strength, with received signals on the y axis and emitted 424 

signals on the x axis. Created with BioRender.com (o99u352). 425 

 426 

Cell-cell interaction analysis, leveraging a curated database comprising more than 427 

3,000 ligand-receptor pairs, enables the identification of molecular mechanisms that promote 428 

intercellular communication 29. Interrogation of these pathways revealed that, in HPV-negative 429 

tumors, the signals contributing most strongly to cellular interactions are associated with 430 

collagen-related pathways. These ligands are expressed by fibroblasts and preferentially 431 

received by T lymphocytes and neoplastic cells (Figure 8A). 432 

In contrast, in HPV-positive tumors, the strongest interaction signals correspond to 433 

MHC class I ligands. However, these ligands appear to be primarily expressed by T 434 

lymphocytes and recognized in an autocrine manner, whereas signaling involving neoplastic 435 

cells is nearly undetectable (Figure 8B). Although the MHC class I pathway is weakly 436 

expressed in HPV-negative tumors, it remains detectable in HPV-negative neoplastic cells, 437 

suggesting that these cells retain the potential to be recognized by the immune system; 438 

nonetheless, the presence of a fibroblast-rich barrier may contribute to immune evasion in this 439 

context. Consistent with this model, we demonstrate that neoplastic cells from HPV-positive 440 

tumors indeed show reduced expression of key MHC class I pathway components, including 441 

HLA-A, HLA-B, and HLA-C (Figure 8C). 442 
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To further elucidate mechanisms regulating T lymphocyte behavior in head and neck 443 

cancer, we performed a cellular trajectory analysis. T lymphocytes were subsetted from the 444 

dataset, yielding 20 clusters, which were subjected to differential expression analysis. Cluster 445 

9 was selected as the root of the trajectory due to its enrichment for naïve T cell markers, 446 

including CCR7 (Figure 8D, Supplemental Table 5). Using pseudotime analysis, we sought 447 

to identify gene programs associated with the evolutionary trajectory of these T lymphocytes. 448 

We identified nine gene modules (Supplemental Table 6); among them, module 6 was 449 

particularly notable, as it exhibited mean expression dynamics concordant with pseudotime 450 

progression and comprised genes characteristic of canonical type I and type II interferon 451 

response signatures in T cells, such as ISG15, LY6E, and SAT1. This signature was less 452 

pronounced in T lymphocytes from HPV-negative tumors and markedly enriched in those from 453 

HPV-positive tumors (Figure 8D).  454 

To better understand the role of fibroblasts in the tumor context, we subset these cells 455 

and performed differential gene expression analysis between fibroblasts from HPV-positive 456 

and HPV-negative tumors identifying 318 differentially expressed genes (out of 8,755, 457 

adjusted p-value <0.05 and log2FC >3). We highlight that fibroblasts from HPV-positive tumors 458 

showed higher expression of KRT14, PTK7, GREM1 and SFRP1, whereas fibroblasts from 459 

HPV-negative tumors exhibited higher expression of PCOLCE2, C1QTNF3, THBD, WNT10B, 460 

FABP3 and ALDH1A3 (Supplemental Figure 1 and Supplemental Table 7). 461 

 462 
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 463 

Figure 8. Cell-cell communication and trajectory analysis. A-B) Heatmaps showing the 464 

major ligand-receptor pairs involved in cell-cell communication. Columns represent cell types 465 

and rows represent signaling pathways, with color intensity indicating signal strength. Panels 466 

display emitted signals, received signals, and combined interactions, shown separately for 467 

HPV-negative and HPV-positive tumors, respectively. C) Top panel shows a UMAP of a 468 

subset of malignant cells colored by HPV infection status, highlighting the three main genes 469 

involved in the MHC class I pathway, demonstrating reduced expression in HPV-positive 470 

cancer cells. D) Cellular trajectory analysis of T lymphocytes. The top panels display UMAPs 471 

of T cells colored by HPV infection status, root cluster identification, pseudotime, and gene 472 

module 6, respectively. The bottom panels show cells ordered along pseudotime on the x axis, 473 

colored by HPV infection status, highlighting the expression of the three hallmark genes of 474 
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module 6 on the y axis with their corresponding cellular expression levels. Created with 475 

BioRender.com (o99u352). 476 

Discussion 477 

This study provides a high-dimensional spatial map of the tumor microenvironment in 478 

head and neck cancer using a multi-omic approach. By integrating epigenomic and spatial 479 

single-cell analyses, we comprehensively characterized cellular composition, interactions, and 480 

spatial neighborhoods, and correlated these features with HPV infection status. Among the 481 

main risk factors associated with the onset and progression of HNC are tobacco use, alcohol 482 

consumption, and infection with human papillomavirus (HPV) 3,33. The biological mechanisms 483 

underlying HNC development are highly complex, and alterations in DNA methylation profiles 484 

have been consistently associated with HNC pathogenesis (9,34,35. In this study, we leveraged 485 

genome-wide DNA methylation data generated using the Illumina HumanMethylation450K 486 

array to identify HPV-associated epigenetic alterations in HNC. These changes suggested a 487 

potential link between HPV-driven epigenetic regulation and modulation of the tumor 488 

microenvironment. To further investigate this relationship, we performed a detailed molecular 489 

and spatial characterization of the TME, integrating imaging mass cytometry and single-cell 490 

transcriptomic analyses. 491 

Differentially methylated site analysis between HPV-positive and HPV-negative tumors 492 

revealed distinct epigenetic programs. HPV-negative tumors showed hypomethylation of 493 

genes associated with acute systemic immune activation following vaccination, classical 494 

humoral adaptive immunity, and delayed TLR1/2-mediated monocyte activation. In contrast, 495 

HPV-positive tumors exhibited hypomethylation of genes linked to TH2-type adaptive immune 496 

activation, TLR4-dependent innate inflammatory responses, and a pro-inflammatory effector 497 

state driven by regulatory T cells. 498 

The pattern of hypomethylated genes observed in HPV-positive tumors suggests a 499 

more polarized, virus-driven immune response, in which persistent signals of chronic infection 500 
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preferentially activate specific inflammatory pathways while simultaneously promoting 501 

regulatory mechanisms. TH2 activation is typically associated with less cytotoxic immune 502 

responses 36, whereas the expansion or functional reprogramming of regulatory T cells (Tregs) 503 

can contribute to local immunosuppression even within an inflammatory microenvironment 37. 504 

The hypomethylation of these pathways indicates that HPV infection not only activates immune 505 

responses but epigenetically reprograms them toward a state of controlled inflammation, 506 

potentially favoring viral persistence and tumor progression. Consistent with this model, HPV 507 

viral oncoproteins E6 and E7 have been shown to interact with epigenetic regulators, altering 508 

DNA methylation and chromatin organization at immune regulatory loci 38–40. Integrative 509 

methylation profiling and immune deconvolution analyses revealed increased absolute 510 

frequencies of Tregs and CD8⁺ T cells in HPV-positive tumors. Although tumors with high 511 

chromosomal instability are often more immunogenic due to increased neoantigen burden 41,42, 512 

we observed no significant differences in overall copy number alteration (CNA) burden 513 

between HPV-positive and HPV-negative tumors, indicating that modulation of the tumor 514 

microenvironment is unlikely to be driven by neoantigen-mediated immunogenicity. 515 

To investigate the functional consequences of the methylation profiles, we examined 516 

the tumor microenvironment (TME) from a spatial perspective using imaging mass cytometry 517 

(IMC). HPV-positive tumors exhibited a more inflamed intratumoral microenvironment, with 518 

increased infiltration of immune cells, particularly CD8⁺ T lymphocytes. Consistent with 519 

previous reports, HPV-positive tumors display an immunologically “hot” phenotype compared 520 

with HPV-negative “cold” tumors, characterized by enhanced T cell infiltration and immune 521 

regulatory features, which have been associated with improved clinical outcomes in HPV-522 

associated head and neck cancer 43. Spatially, HPV-positive tumors showed increased tumor 523 

cell proliferation and deeper penetration of T lymphocytes into the tumor core, whereas HPV-524 

negative tumors were characterized by fibroblast-rich stromal barriers surrounding tumor 525 

nests, effectively limiting immune cell access to the tumor compartment. 526 
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Cell-cell interaction analysis revealed that in HPV-negative tumors, T cells engage 527 

predominantly with fibroblasts, whereas in HPV-positive tumors, T cells preferentially 528 

recognize tumor cells and exhibit autocrine regulatory interactions. Mechanistically, HPV-529 

positive tumor cells display reduced MHC class I expression, while infiltrating T cells show 530 

canonical type I and II interferon responses. Overall, these data indicate that MHC class I 531 

downregulation in HPV-positive tumors limits antigen-specific CD8⁺ T cell recognition. 532 

Consequently, although T cells are present within the tumor microenvironment and express 533 

interferon-associated signatures, their activation is largely bystander and cytokine-mediated 534 

rather than TCR–MHC I-dependent, resulting in a non-cytotoxic inflammatory state 44. Single-535 

cell RNA sequencing and spatial transcriptomics further reveal that HPV-positive tumors are 536 

enriched for fibroblasts with a fibroblastic reticular cell (FRC)-like phenotype, which localize to 537 

tertiary lymphoid structures 45. 538 

Our data show that in HPV-negative tumors, fibroblasts surround the tumor niche and 539 

express genes linked to pro-tumoral stromal remodeling, negative regulation of differentiation 540 

pathways, and a chronically activated TME 46–48. In contrast, fibroblasts in HPV-positive tumors 541 

display a more regulatory profile, associated with extracellular matrix organization, WNT 542 

signaling, and tissue homeostasis 49–53. 543 

 544 

Conclusion 545 

We proposed a model where HPV infection drives distinct epigenetic programs that shape the 546 

immune cell landscape of head and neck tumors in space and time-dependent manner (Figure 547 

9). HPV-positive tumors showed hypomethylation of genes associated with TLR4-dependent 548 

innate inflammation, TH2-type adaptive responses, and Treg-mediated effector programs, 549 

whereas HPV-negative tumors were enriched for delayed TLR1/2 signaling, humoral 550 

immunity, and vaccine-like systemic immune activation signatures. These epigenetic 551 

differences correlate with downstream phenotypes, including increased immune infiltration, 552 
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enhanced T cell communication, interferon-driven T cell trajectories, and greater spatial 553 

between immune and cancer cells in HPV-positive tumors. In contrast, HPV-negative tumors 554 

exhibit fibroblast-driven collagen signaling, immune exclusion, and spatial 555 

compartmentalization that limit effective tumor recognition. Together, these findings indicate 556 

that HPV-associated epigenetic regulation coordinates immune activation and evasion through 557 

convergent molecular, cellular, and spatial mechanisms, which can be used for immune-based 558 

therapeutic strategies. 559 

560 

Figure 9. Proposed model of immune evasion by epigenetic modulation in head and neck 561 

tumors. A. A shielding mechanism. HPV-negative tumors are organized in nests where tumor 562 

cells are protected by a fibrotic stroma that hides tumor cells. B.  A recognition mechanism 563 

where HPV reprograms the tumor cells epigenome to a pro-inflammatory and spatially 564 

accessible state. 565 
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Supplemental materials 724 

 725 

Supplemental Figure 1. Differentially expressed genes between HPV-positive and HPV-726 

negative tumor associated fibroblasts. A) UMAP of a subset of fibroblasts colored by HPV 727 

infection status. B) Feature plot of most significant genes expressed in HPV-negative 728 

fibroblasts (left panel) and Violin plots indicating the same set of genes (right panel). C)  729 

Feature plot of most significant genes expressed in HPV-positive fibroblasts (left panel) and 730 

Violin plots indicating the same set of genes (right panel). Created with BioRender.com 731 

(o99u352). 732 
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Abbreviations: 734 

CAF, cancer-associated fibroblast 735 

CNA, copy number alteration 736 

CNV, copy number variation 737 

CpG, cytosine–phosphate–guanine 738 

DEG, differentially expressed gene 739 

DMP, differentially methylated position 740 

DNA, deoxyribonucleic acid 741 

ECM, extracellular matrix 742 

FFPE, formalin-fixed paraffin-embedded 743 

FRC, fibroblastic reticular cell 744 

H&E, hematoxylin and eosin 745 

HLA, human leukocyte antigen 746 

HNC, head and neck cancer 747 

HPV, human papillomavirus 748 

IMC, imaging mass cytometry 749 

ISG, interferon-stimulated gene 750 

MHC, major histocompatibility complex 751 

PCA, principal component analysis 752 

scRNA-seq, single-cell RNA sequencing 753 

SMA, smooth muscle actin 754 

 T stage, Tumor stage (T1, T2: Early-stage; T3, T4: Advanced-stage) 755 

N stage, Lymph Node stage (N1, N2: Early-stage; N2, N3: Advanced-stage) 756 

TCR, T cell receptor 757 
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TH2, T helper type 2 758 

TME, tumor microenvironment 759 

Treg, regulatory T cell 760 

TSS, transcription start site 761 

UMAP, uniform manifold approximation and projection 762 
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