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SUMMARY

Epithelial tumors are characterized by abundant inter- and intra-tumor heterogeneity, which complicates diag-
nostics and treatment. The contribution of cancer-stroma interactions to this heterogeneity is poorly under-
stood. Here, we report a paradigm to quantify phenotypic diversity in head and neck squamous cell carcinoma
(HNSCC) with single-cell resolution. By combining cell-state markers with morphological features, we identify
phenotypic signatures that correlate with clinical features, including metastasis and recurrence. Integration
of tumor and stromal signatures reveals that partial epithelial-mesenchymal transition (pEMT) renders disease
outcome highly sensitive to stromal composition, generating a strong prognostic and predictive signature.
Spatial transcriptomics and subsequent analyses of cancer spheroid dynamics identify the cancer-associated
fibroblast-pEMT axis as a nexus for intercompartmental signaling that reprograms pEMT cells into an invasive
phenotype. Taken together, we establish a paradigm to identify clinically relevant tumor phenotypes and
discover a cell-state-dependent interplay between stromal and epithelial compartments that drives cancer
aggression.
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INTRODUCTION

While decades of research have identified genomic drivers of

cancer, most importantly oncogenic mutations and chromo-

somal abnormalities/rearrangements, it is less clear how archi-

tectural organization and spatial arrangement of the tumor and

its microenvironment impact pathogenesis and how architecture

is influenced by disease-associated cell states. In the absence of

effective targeted therapies, surgery and (chemo)radiotherapy

represent the primary treatment options for most cancers. How-

ever, these treatments are associated with significant morbidity

due to side effects and, thus, a reduction in quality of life. Conse-

quently, there is a clinical need for better molecular understand-

ing of cancers and for development of prognostic indicators to

aid decision making in respect of adjuvant treatment modalities.

Head and neck squamous cell carcinoma (HNSCC) is an

aggressive, genetically complex, and difficult-to-treat group of

cancers defined by their localization in the upper aerodigestive

tract. The 5-year overall survival (OAS) rate remains at approxi-

mately 50%, the recurrence rate in HNSCC is about 50% during

the first 2 years after diagnosis, and patients with failure after

first-line therapy have a median OAS of less than 1 year.1–3 Clin-

ical-pathological parameters such as primary tumor site, nodal

involvement, tumor thickness, and the status of the surgical

margins have been shown to only weakly relate to prognosis,

recurrence, survival, and treatment response.4 Thus, there is a

substantial unmet clinical need for improved diagnostics.

Partial epithelial-mesenchymal transition (pEMT) phenotypes

have been identified in a number of tumor types, including

HNSCC, and are associated with aggressive behavior and meta-

static potential.5–9 In addition to tumor-intrinsic properties, the tu-

mor microenvironment also plays a key role in determining patient

outcomes. For example, tumor-infiltrating lymphocytes (TILs)

havebeen linked to improved survival inHNSCC,10–12 and stromal

microenvironments appear conserved across different cancer

types and can correlate with clinical outcomes such as response

to immunotherapy.13,14 In particular, enhanced stromal fibrosis

and stiffness have been shown to correlate with and drive cancer

aggression.15 However, how these stromal microenvironments

interact with specific cancer cell states is unclear.

Here, we report a single-cell resolution image analysis pipeline

that integrates morphological and spatial information with sin-

gle-cell states using quantitative multiplex immunofluorescence.

We combine biomarker profiles from the tumor and stroma to

generate unique phenotypic signatures for single patients that

are then grouped to compare clinical outcomes between pa-

tients with similar phenotypes. Our analysis reveals previously

unreported subgroups of patients and, specifically, the combi-

nation of tumor pEMT status and cancer-associated fibroblast

(CAF)-enriched fibrotic stroma as an indicator of poor survival.

Using spatial transcriptomics, we identify highest signaling po-

tential between these cell states through cancer-related extra-

cellular matrix (onco-ECM) and epidermal growth factor (EGF)

signaling pathways. Finally, using patient-derived cancer cell-

CAF co-spheroids, we identify the pEMT state to be a pre-requi-

site for CAF-mediated reprogramming into an invasive pheno-

type through amphiregulin (AREG)/EGF signaling crosstalk.

Collectively, these studies reveal the role of the cancer cell state

in determining the impact of the stroma on disease aggression

and outcome.

RESULTS

Multidimensional single-cell analysis reveals distinct
tumor phenotypes in HNSCC
To identify clinically relevant cancer cell states, subpopulations,

and architecture, we obtainedpathologist-curated tumormicroar-

rays (TMAs) containing samples from 212 HNSCC patients along

with their full clinical information (Figure 1A). Samples consisted

of primary (diagnostic) biopsies and, for a subset of patients, cor-

responding biopsies from post-radiotherapy tumors, lymph node

metastases and recurrent tumors were included. Two serial sec-

tionswerestainedusingmultiplexed immunofluorescence toallow

quantitative description of tissue architecture and cell states. The

panel containedmarkers for cell and tissuemorphology; epithelial,

differentiation, and signaling states (keratins [K] 8 and 14, Epcam,

and ß-catenin); stemness (Sox2, Bmi1, and K14); and pEMT (Slug

and Vimentin), reported to be associated with aggressive cellular

behaviors in HNSCC8 (Figure 1B). Nuclei and cytoplasms were

segmented and marker identities were quantified in the relevant

subcellular compartments, along with parameters for nuclear

shapeand size (nuclear area, roundness, solidity, and elliptic Four-

ier coefficient [EFC] ratio16) and quantitative parameters of the

local cellular neighborhood (local cell density/number of neigh-

bors, distance from tumor-stroma interface, and alignment of cells

relative to their neighbors). The analyses generated a multiparam-

eter phenotypic descriptor for each single cell in the dataset.

All cells across all patients where then pooled, clustered using

Louvain clustering,17 and visualized using dimensional reduction

with uniform manifold approximation and projection (UMAP)18

(Figure S1A). This approach identified four major epithelial

phenotype clusters within the dataset (Figures 1C–1E and

S1A): a Sox2-high-K14-low population characterized by high

cellular density (cluster 1); a K14-positive population of relatively

large cells negative for both pEMT and stem cell markers, most

commonly found centrally within tumors (cluster 2); a stem-cell-

like cluster with high K14, Sox2, and Bmi1 (cluster 3); and a clus-

ter with co-expression of K14, Slug, and Vimentin (cluster 0) (Fig-

ure 1D, inset). Together, these four phenotypes captured 89% of

all the cells in the dataset; further clusters were also identified,

but they corresponded to very rare cells present in only a few tu-

mors (clusters 4+).

To explore the clinical relevance of these epithelial phenotypic

clusters, we examined their relative abundance within each bi-

opsy andgroupedpatientswith similar cell composition usingun-

supervised Pearson’s correlation-based hierarchical clustering

(Figures 1F and S1B). Using this approach, we identified six

‘‘epithelial signatures,’’ four of which could be defined by the

dominance of a single phenotypic cluster. These signatures can

be described as ‘‘dense Sox2-high K14-low,’’ ‘‘stem-cell-en-

riched (Sox2/Bmi1-high K14-high),’’ ‘‘well differentiated,’’ and

‘‘pEMT uniform’’ (groups B–E). The sixth signature (group F) con-

sisted of a combination of three phenotypic clusters, whereas the

samples in group A contained the internal control tissues

(‘‘healthy’’ liver) and a number of outlier tumors, collectively

designated as a ‘‘mixed’’ signature. We subsequently projected
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each cell back into XY space to study spatial distribution patterns

of the phenotypic clusters (Figure S1C). In the case of F signature

tumors, spatial analysis revealed that the pEMT (cluster 0) and

Sox2-enriched (cluster 3) cell populations were found at the tu-

mor-stroma interface, whereas the tumor cores were dominated

by cells from the well-differentiated and K14-high phenotypic

clusters (Figures S1C and S1D). We thus designated the F signa-

ture as ‘‘pEMT spatial.’’

Epithelial populations correlatewith patient- and tumor-
related parameters
Having identified six distinct epithelial signatures in HNSCC tu-

mors, we next asked how these signatures correlate with histo-

pathological/clinical features and disease outcomes. The 172 pri-

mary tumors represented a balanced mix of all six signatures

(Figure 1F). Correlation analyses with clinical data (sex, alcohol

consumption, and age at diagnosis) showed balanced distribu-

tions of patient signatures (Figure S1E). The twoSox2-high groups

(groups B and C) were associated with the heaviest smokers and

highest tumor staging (FigureS1E).GroupBadditionallycontained

the largest tumors (by T-stage) and highest status of lymph node

metastasis (N-stage) (Figure S1E). Tumor grade varied widely be-

tween epithelial signatures: the K14-low tumors (groups A and B)

were mostly poorly differentiated, whereas tumors with K14

expression and lack of stem-cell or EMT markers (group D) were

mostly well differentiated (Figure S1E). One of the major clinically

relevant disease subtypeswithinHNSCC is human papillomavirus

(HPV)-positive oropharyngeal cancer, which is associated with

specific treatment strategies, better outcomes than other

HNSCCs,19–21 andhigher rates of lymphnodemetastasis,22which

wasconfirmed inour dataset (FigureS1F). Strikingly,we found that

95%of all HPV+oropharyngeal cancers fell into the twoSox2-high

signatures (Figure1G), indicatingevolutionof a specificphenotype

in this disease.BecauseHPV+oropharyngeal cancers represent a

clinically distinct disease subtype, these samples were omitted

from further analyses.

Importantly, no substantial differences in the frequencies of the

epithelial signatures were observed in tumors originating from

various anatomical sites,with the exception of theSox2-enriched

signature being absent from skin tumors and pEMT signatures

being slightly enriched in the oral cavity tumors, indicating that

anatomical variations in cell composition are unlikely to explain

the different phenotypes (Figure S1G). By contrast, 50% of

all lymph node metastases fell into the ‘‘dense Sox2-high

K14-low’’ group, whereas over 60% of recurrent tumors were

classified into one of the two pEMT signatures (Figure 1H). To un-

derstand whether a pEMT signature in the primary tumor could

predict recurrence, we analyzed 5-year recurrence and lymph

nodemetastasis in the primary tumor signature groups but found

that prevalence of recurrence and metastasis were not substan-

tially enriched in patients whose primary tumor had a pEMT

signature compared with other groups (Figures S1H and S1I).

Instead, when paired primary and recurrent tumors from the

same patients were analyzed, we noted that a proportion of

non-pEMT tumors ‘‘evolved’’ toward pEMT signatures upon

recurrence (Figure S1J), providing a potential explanation for

why the pEMT signature is more prevalent in recurring tumors.

Collectively, these analyses indicated that the patient signa-

tures correlate well with histopathological grading and certain

clinical risks factors. However, Kaplan-Meier analysis of primary

tumors found no statistically significant difference in OAS or dis-

ease-specific survival (DSS) between the signatures (Figures 1I

and S1K). To test whether the predictive power of any tumor

phenotype was being masked in the survival analysis, we used

Shapley additive explanations (SHAP) to examine local interac-

tion effects between variables.23 We computed the SHAP values

of a Cox proportional hazards (CPHs) model trained on the OAS

dataset. The analyses, together with additional survival analyses,

showed that stage, recurrence, and age at diagnosis were pre-

dictors of disease outcome, whereas lymph node metastasis

did not predict survival (Figures S1K–S1N). The predictive vari-

ables (age, sex, stage, or recurrence) did not significantly

interact with pEMT signatures E and F (Figure S1N).

Collectively, these data indicated that by using a combination

of cell-state markers and morphological features, we could

generate epithelial tumor signatures that correlated with histo-

pathological findings, were differentially abundant in progressed

disease (metastasis and recurrence), and were able to differen-

tiate disease type (HPV+ oropharynx) but did not strongly predict

OAS in primary tumor biopsies.

Stromal composition is predictive of patient survival
As stromal subtypes have been shown to correlate with therapy

responsiveness and patient outcomes across cancers,13,14 we

Figure 1. Multidimensional single-cell analysis reveals distinct tumor phenotypes in HNSCC

(A) Overview of patient cohort.

(B) Quantified parameters and analysis workflow.

(C) Normalized expression of parameters across most abundant phenotypic clusters.

(D) Representative TMA images showing six merged channels. Scale bar, 150 mm. Dashed boxes denote magnified areas. Insets show selected single channels

at higher magnification (scale bar, 75 mm). Dashed lines denote tumor/stroma border. Examples of Sox2-high/K14-low, well-differentiated, and pEMT spatial

phenotypes are shown.

(E) Single cells from the three representative TMAs visualized using UMAP and spatial plots, with epithelial cells colored by their phenotypic cluster. Stromal cells

are black.

(F) Distribution of epithelial phenotypic clusters across the tumor signatures. All primary and secondary samples and ten healthy liver controls are shown.

(G) Distribution of epithelial tumor signatures across HPV+ oropharynx and all other primary samples. HPV+ tumors fall into the Sox2-enriched signature.

(H) Distributions of epithelial tumor signatures across primary and secondary biopsies. Pre-op RT, samples from patients receiving pre-operative radiotherapy

prior to their resection; LN met, lymph node metastases.

(I) Disease-specific survival across epithelial signatures; plot shows patients grouped based on primary biopsy. HPV+ oropharynx samples removed; log-rank

test.

See also Figure S1.
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decided to extend the quantitative imaging strategy into the

stromal compartment to better understand the stromal hetero-

geneity present in HNSCC. For analysis of stromal phenotypes,

we used a marker panel to identify the predominant stromal

cell types in the tumor microenvironment, including T cells and

myeloid immune cells, vascular endothelium, and different clas-

ses of cancer-associated and normal fibroblasts (Figures 2A

and S2A).

As expected, tumor stroma was found to contain a diversity of

different cell types across the tumors analyzed (Figures 2A and

2B). Phenotypic clusters in the stroma had high correspondence

with individual cell-type markers, allowing direct assignments of

the dominant cell identities to the clusters (Figures S2B and

S2C). We identified three major clusters based on dominant

cell type: ‘‘immune-enriched’’ stroma (enriched for CD3+ cells

and other small, densely packed cells), CAF-enriched fibrotic

stroma (sparse, enriched for elongated and co-aligned cells ex-

pressing fibroblast markers), and myeloid-high stroma (enriched

for cells expressing the myeloid marker CD11b) (Figures 2B

and S2D).

As before, patients were then grouped based on similarity be-

tween their phenotypic clusters (Figure S2E). When primary and

secondary tumor types were compared, the three stromal signa-

tures were present across sample types, although immune sig-

natures weremore enriched in lymph nodemetastases, whereas

recurrent tumors tended to present a CAF-enriched signature

(Figure 2C). Interestingly, there was no cross-correlation be-

tween the epithelial and stromal patient signatures, and the six

epithelial signatures were evenly distributed across the different

stromal groups (Figure 2D).

Stromal signatures were found to be predictive of survival,

with patients in the immune-enriched group having a five-year

DSS of 64% compared with 34% for those with a CAF-enriched

fibrotic stromal signature and 52% for those with a myeloid-en-

riched signature (Figure 2E). Collectively, in contrast to the

epithelial phenotypes that correlated with clinical and histopath-

ological features but did not strongly predict outcome, stromal

phenotypic signatures are robust predictors of disease outcome

independent of clinical and histopathological phenotypes

(Figures 2E and S2F).

pEMT status and stromal signature combine into a
highly predictive compound biomarker
Although the three stromal signatures did not correlate with spe-

cific epithelial signatures, we investigated whether combining

the two signatures could increase predictive power and provide

information on disease mechanisms. When patients from each

epithelial group were separated by their stromal signature, a

striking pattern emerged: in four out of six epithelial groups, sur-

vival was comparable across all stromal signatures, whereas in

the two pEMT epithelial groups, stromal signatures revealed pro-

found differences in survival outcomes (Figures S2G–S2L).When

samples with the same responses were pooled together into

larger patient groups for robust statistical analyses, there was

no significant survival difference in patients with non-pEMT

epithelial status, regardless of stromal signature (Figure 2E). By

contrast, for patients with a pEMT epithelial signature, five-year

DSS stood at 94% for those with an immune-enriched stroma

compared with only 21% for those with a CAF-enriched stroma

(Figure 2F). CPH modeling showed that out of prognostically

relevant clinical parameters tested (tumor staging and grading),

the pEMT/immune-high signature was the most significant

predictor of positive outcomes in this patient population

(Figure S2M).

To ensure that survival differences did not result from con-

founding effects caused by samples originating from distinct

anatomical sites, we plotted the tumor site against the pEMT sta-

tus of the epithelium and the phenotypic signature of the stroma

(Figure 2G). Although minor differences in the proportion of

different tumor sites in each group were present, an overall

balanced representation of different primary tumor locations

across the different signatures was observed, highlighting that

the classification did not group patients based on gross tissue

anatomy. Similarly, no confounding effects of different treat-

ments were observed (Figure S2N).

Finally, we investigated whether the signatures could be used

as predictive biomarkers, i.e., whether they could identify patient

groups with good or poor responses to a specific treatment. For

this purpose, we focused on patients in the dataset who had

received only primary surgery (without adjuvant chemoradio-

therapy). In this patient group, neither stromal nor epithelial

Figure 2. pEMT status and stromal signature combine into a highly predictive compound biomarker

(A) Representative TMA images of stromal marker panel stainings showing six merged channels. Scale bar, 150 mm. Dashed boxes denote magnified areas.

Insets show selected single channels at higher magnification (scale bar, 75 mm). Dashed lines denote tumor/stroma border.

(B) Single cells from the representative TMA cores visualized using UMAP and spatial plots, with stromal cells colored by their phenotypic cluster identity.

Epithelial cells are black.

(C) Distribution of stromal phenotypic signatures across different sample types; pre-op RT: samples from patients with pre-operative radiotherapy, LNmet, lymph

node metastases.

(D) Distribution of stromal phenotypic signatures within epithelial phenotypic signatures; stomal and epithelial signatures do not correlate.

(E) Disease-specific survival across the stromal phenotypic signatures; plot shows patients grouped based on primary biopsy; log-rank test. Stromal phenotypic

signatures are predictive of survival.

(F) Disease-specific survival across stromal phenotypic signatures split by pEMT or non-pEMT epithelial phenotypic signature; log-rank test. Plots show patients

grouped based on primary biopsy. Stromal phenotypic signatures have dramatically different survival in tumors with a pEMT signature. Samples with insufficient

numbers of epithelial cells to assign to both signatures have been removed.

(G) Distribution of primary tumor sites across different stromal phenotypic signatures (M = myeloid-enriched; I = immune-enriched; C = CAF-enriched).

(H) Overall survival in patients treated with local operative treatment without additional radiotherapy; patients grouped based on the epithelial and stromal

phenotypic signatures of primary biopsy; log-rank test. Combined epithelial/stromal signatures are predictive of survival in patients receiving the same treatment.

HPV+ oropharynx samples removed in (E)–(H).

See also Figure S2.
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pEMT status alone were predictive of outcome (Figures S2O and

S2P). By contrast, combining the two signatures was highly pre-

dictive: patients with a pEMT epithelial and immune-enriched

stromal profile had significantly higher OAS compared with pa-

tients with the same epithelial status but a CAF-enriched stromal

profile (Figure 2H). On the other hand, in non-pEMT tumors, this

trend was reversed, indicating that profiling the stroma alone

may bemisleading for treatment selection, and suggesting com-

plex biological interdependencies between epithelial and stro-

mal phenotypes that influence tumor response to surgery.

Taken together, these results show that the combination of

epithelial pEMT status and the immune cell/CAF balance of the

stroma into a single tumor fingerprint forms an exceptionally

strong biomarker of both treatment response and patient

outcome in HNSCC tumors.

pEMT epithelium and CAF-enriched stroma represent a
hub for intercompartment signaling
To understand why the combination of pEMT status and CAF-

enriched stroma was predictive of poor survival, we sought to

identify specific interactions between the distinct epithelial and

stromal cell populations. To this end, we performed spatial tran-

scriptomics (Visium platform, 103Genomics) of an independent

set of eight patient samples that were validated by immunofluo-

rescence staining to represent the four major phenotypes

observed previously: pEMT and non-pEMT epithelium, in combi-

nation with either immune-enriched or CAF-enriched stroma. To

limit variation in gene expression arising from anatomical differ-

ences, all samples were from tongue squamous cell carcinoma

(Figure 3A).

The samples were sequenced together, cell-cycle regressed,

harmony integrated, and clustered together using Louvain

clustering and projected in two dimensions (2D) using UMAP

dimensional reduction (Figures 3B, 3C, and S3A). The resulting

clusters were assigned biological identities based on a panel

of selected marker genes and marker gene enrichment analyses

(Figures 3D, S3B, and S3C). Importantly, the transcriptome-

based clustering corresponded well with the initial classification

of the tumors by immunofluorescence, with stem-cell-enriched,

pEMT, and well-differentiated cancer clusters identified, as well

as CAF- and immune-enriched stromal clusters (Figures 3C–3G

and S3A–S3C). Enrichment analysis of terms in the Gene

Ontology ‘‘biological processes’’ (GOBP) further indicated that

whereas stem cell clusters were enriched for processes involving

protein translation and keratinocyte differentiation, pEMT clus-

ters were enriched for terms related to proliferation, migration,

and ECM deposition (Figure S3D).

To infer putative signaling interactions between clusters, we

quantified expression of matching ligand-receptor pairs (Fig-

ure 3E). Strikingly, the analysis consistently identified that

stromal clusters enriched for a CAF-enriched signature were

significantly more active in both outgoing and incoming signaling

compared with immune-enriched stromal clusters across all pa-

tients. The same was true for epithelial clusters enriched for

pEMT gene expression, which showed significantly more

incoming and outgoing signaling activity compared with epithe-

lial clusters with stem-cell-enriched, basal-like, or differentiated

gene expression phenotypes (Figure 3E). The most enriched

signaling pathways across patients and transcriptome clusters

involved ECM ligand-receptor pairs with known pro-metastatic

functions in cancer, including laminin, collagen, and thrombo-

spondin pathways,24 and the predicted interactions were

strongest when occurring between pEMT cancer cells and

CAF-enriched stroma (Figure 3F). In addition, known oncogenic

signaling pathways, such as bonemorphogenetic protein (BMP),

Notch, fibroblast growth factor (FGF), and EGF, were enriched,

again specifically between pEMT cancer cells and CAF-enriched

stroma (Figure 3F). Some differences were also observed be-

tween immune-cell-enriched stroma and the epithelial states,

where stem-cell-enriched areas showed enhanced predicted

communication between interleukin 10 (IL-10) and Notch path-

ways, whereas pEMT states were enriched in IL-1 and trans-

forming growth factor (TGF)-b signaling (Figure S3E).

We next focused on individual tumors to understand which of

the signaling pathways are abundant in spatial proximity within

their actual microenvironments and to identify the specific

ligand-receptor pairs. To this end, we utilized COMMOT25 to

quantify spatial enrichment of tumors that contained pEMT,

stem-cell-enriched and basal-like epithelial cells, and CAF-

and immune-enriched stromal phenotypes. The most abundant

spatial interactions were detected between NOTCH3 and

JAG1, which were enriched specifically between basal-like

and stem-cell-enriched cancer cells and CAF-enriched stroma

(Figure 3G). In contrast, the pEMT cancer cells showed the

highest enrichment for receptor-ligand interactions between

AREG, which encodes the protein AREG, a membrane-bound

ligand of the EGF receptor (EGFR) as well as EGFR itself

(Figures 3H and 3I).

Figure 3. pEMT epithelium and CAF-enriched stroma represent a hub for intercompartmental signaling

(A) Overview of spatial transcriptomics experimental design.

(B and C) UMAP plot of Harmony-integrated tumor spots with patient samples (B) or enriched phenotypic clusters (C) indicated.

(D) Dot plot of marker gene analyses for the enriched phenotype clusters. Dot size represents percentage of spots expressing marker and color the expression

level.

(E) CellPhoneDB analysis of the number of predicted significant receptor-ligand interactions across enriched phenotypic clusters. Thickness of links is pro-

portional to the interaction score. Note most abundant communication between pEMT-enriched and CAF-enriched clusters.

(F) Heatmap of top differential (Z score) predicted receptor-ligand interactions between the CAF-enriched cluster and indicated epithelial clusters.

(G and H) Spatial projections of enriched ligand-receptor interactions and their quantification across all phenotypic clusters in two representative patients

indicate enhanced Notch3-Jag1 interactions between CAFs and stem-cell-enriched clusters (G) and EGFR-AREG interaction betweenCAFs and pEMT-enriched

clusters (H).

(I) Dot plot of all identified EGF pathway ligand-receptor interaction between CAFs and epithelial phenotypes across three patients where all phenotypes are

present (UH19, 20, 21).

See also Figure S3.
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Figure 4. CAFs promote cell-state-specific reprogramming into a pro-invasive phenotype

(A) Experimental design of scRNA-seq.

(B) UMAP plot showing clustering of all cells analyzed by scRNA-seq.

(C) Differential gene expression analysis in two patient-derived cell lines. Relevant differentially expressed genes (< �0.5 or >0.5 log2 fold change) are labeled.

Note high expression of stem cell genes such as SOX2 in UTSCC76 and high expression of EMT-related ECM genes and AREG in UTSCC74.

(D) UMAP plot of cancer cells re-clustered without CAFs. Note separation of UTSCC74 clusters upon co-culture with CAFs.

(E) Differential gene expression analysis of the SCC cells upon co-culture with CAFs compared with the same cells cultured alone.

(F) GO terms enriched among genes upregulated in UTSCC74 cells co-cultured with CAFs compared with the same SCC cells cultured alone.

(legend continued on next page)
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Taken together, these analyses confirmed that the tumor

microenvironment is a significant source of signals to the cancer

cells and identified the CAF-enriched stroma as having the stron-

gest signaling output, owing mainly to large-scale signaling from

the ECM. Intriguingly, the state of the tumor epithelium is key in

determining whether these signals are received: tumor epithelia

with pEMT-like gene expression are highly active in signaling

with stroma through ECM and AREG-EGFR interactions,

whereas tumor tissue with well-differentiated or stem-like

states—or that are more centrally located within the tumors—

have more limited signaling interactions with the tumor microen-

vironment and engage in signaling activity through ECM and

Notch pathways.

CAFs promote cell-state-specific reprogramming into a
pro-invasive phenotype
Having established the CAF-enriched stroma as a key source of

signals transmitted specifically to the pEMT tumor cells, poten-

tially through ECM and AREG-EGFR signaling, we next sought

to characterize the precise nature and functional consequences

of these signals. To this end, we established a three-dimensional

(3D) spheroid co-culture model where patient-derived tongue

cancer cells (UTSCC) were seeded into suspension cultures

with or without patient-derived CAFs. The experiment was con-

ducted in parallel on two different patient HNSCC lines co-

cultured with the same CAF line. Within 24 h of seeding, the cells

formed tight spheroids, both inmono- and co-culture conditions,

and after 48 h cells were analyzed by single-cell RNA sequencing

(scRNA-seq) (BD Rhapsody platform; Figure 4A).

Single-cell clustering showed that the three cell types sepa-

rated well from each other, as expected (Figure 4B). We first

examined gene expression differences in the cancer cell lines

in the absence of CAF co-culture and found that EMT genes

and components of EGFR signaling (FN1, TNC, AREG, and

HBEGF) were significantly upregulated in UTSCC74 cells,

whereas UTSCC76 showed upregulation of stem cell transcrip-

tion factors (SOX2, ZIC1, and GATA3; Figures 4C and S4A;

Table S1). Co-culture with CAFs resulted in separation of co-

cultured HNSCC cells into their own cluster in the case of

UTSCC74 but only to a limited extent in UTSCC76 cells (Fig-

ure 4D). This was confirmed by differential gene expression anal-

ysis, which showed significant up- and downregulation of 827

genes (padj < 0.001) in the UTSCC74 cells following co-culture

but only very few genes in the UTSCC76 cells (Figure 4E;

Table S1). Interestingly, this result suggested that only the

UTSCC74 cells mount a significant gene expression response

to co-culture with CAFs.

To further probe which genetic programs defined the altered

cell state in response to co-culture with CAFs, we performed

GO-term analysis. The most significantly upregulated terms for

UTSCC74 cells involved negative regulation of apoptosis and

increased regulation of cell migration and motility (Figure 4F).

By contrast, the terms upregulated in co-cultured UTSCC76

cells reflected metabolic alterations (Figure S4B). To understand

why only the UTSCC74 cells showed pro-invasive reprogram-

ming in response to co-culture, we investigated whether the

EMT state was required for this response, as was predicted by

the initial patient survival analyses. Comparing expression of a

curated panel of EMT genes, we found that although both cell

lines upregulated these genes in response to co-culture with

CAFs, the baseline expression level and the subsequent tran-

scriptional upregulation in response to co-culture were stronger

in the UTSCC74 cells (Figures 4C and S4A). Interestingly, genes

associated with the onco-ECM pathways most upregulated be-

tween CAF-enriched stroma and patient tumors in the in vivo

spatial RNA-seq analysis were now strongly upregulated in the

UTSCC74 cells in response to CAF co-culture, but not in

UTSCC76 cells, suggesting that only the former are responsive

to the onco-ECM signaling from the CAFs (Figure 4G).

We next asked whether a particular receptor on the UTSCC74

cells could be facilitating this specific responsiveness and inter-

action between the cancer cells and the CAFs. To this end, we

turned to AREG, which was highly expressed in UTSCC74 cells

compared with UTSCC76 cells, and, together with its counter re-

ceptor EGFR, also represented the most significantly enriched

receptor-ligand interaction in the spatial transcriptomics dataset

in the patient samples (Figures 4C, 3H, and 3I). Consistently,

genes associated with EGFR signaling were upregulated in

UTSCC74 cells in response to co-culture with CAFs, whereas

UTSCC76 cells that had lower baseline AREG showed negligible

upregulation of EGFRgenes in response to co-culture (Figure 4H;

Table S1). Finally, as the analyses in patient samples had indi-

cated spatial proximity of CAFs and pEMT cells, and both

AREG and EGFR are membrane bound, we next asked whether

direct proximity of CAFs plays a role in the reprogramming of

cancer cells by CAFs. Indeed, although direct co-culture of

CAFs and UTSCC74 cells enhanced the expression of pEMT

markers, conditioned medium of CAFs failed to do so (Fig-

ure S4C), indicating that close proximity of CAFs is required for

efficient cancer cell reprogramming.

Taken together, the results suggested that not all cancer cells

are equally susceptible to CAF-mediated signals and that a pre-

existing pEMT state facilitates transcriptional reprogramming by

CAFs. Further, interactions with pEMT cancer cells and CAFs are

associated with increased EGFR signaling and correlated with

AREG expression. This is in keeping with the observation that

the pEMT-like state alone was not a predictor of negative out-

comes in patients but additionally required the presence of a

CAF-enriched stroma.

EMT state and CAF-mediated reprogramming are
required to promote invasive behavior
To explore the functional consequences of CAF-mediated tran-

scriptional reprogramming in cancer cells, we investigated the

(G) Changes in selected onco-ECM genes in patient-derived cancer cells cultured either alone or in co-culture (CC) with CAFs. UTSCC74, but not UTSCC76, cells

upregulate onco-ECM genes in response to co-culture with CAFs.

(H) Changes in selected EGFR signaling pathway genes in cells cultured either alone or in co-culture with CAFs. UTSCC74, but not UTSCC76, cells upregulate

EGFR signaling genes in response to co-culture (CC) with CAFs.

See also Figure S4.
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Figure 5. EMT state and CAF-mediated reprogramming are required to promote invasive behavior

(A) Representative images of UTSCC74-eGFP and -76a-eGFP cells pretreated with A83 or TGF-b1 for 72 h to prevent or promote EMT, imaged after 48 h of co-

culture with CAF-mCherry cells. White arrows indicate CAF-HNSCC intermixing. Scale bar, 100 mm.

(legend continued on next page)
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dynamics of UTSCC and CAF interactions and the role of the

pEMT state in these dynamics. Within 48 h of seeding into

co-culture, fluorescently tagged UTSCCs and CAFs formed

spheroids with a stereotypic cell arrangement, with UTSCC cells

forming an outer rim around a CAF core (Figure 5A). However, af-

ter 48 h of co-culture, UTSCC74 cells were capable of breaking

the stereotypic cell arrangements and intermixed and infiltrated

into the central CAF core. By contrast, UTSCC76 cells displayed

significantly less intermixing behavior (Figures 5A–5C). However,

this intermixing phenotype was observed in both UTSCC74 and

-76 cells pretreated with the EMT-inducing growth factor

TGF-b126 and could be inhibited by pre-treatment with the

TGF-b inhibitor A83 (Figures 5A–5C).

To assay whether this dynamic intermixing behavior corre-

spondedwith productive invasiveness, we embedded the spher-

oids in 3D collagen. As predicted by the transcriptional signa-

tures and the observed CAF-dependent reprogramming,

UTSCC74 showed some invasion already in the absence of

CAFs, and co-culture with CAFs substantially enhanced this

behavior (Figure 5D). In contrast, UTSCC76 cells did not show

invasive behavior in the absence or presence of CAFs (Fig-

ure 5D). To confirm that this difference was due to the difference

in pEMT state of the cancer cells, we analyzed CAF-induced in-

vasion in two additional patient-derived cell lines (one pEMT and

one non-pEMT; Figures S5A and S5B) and observed that only

the patient cell line with pEMT features responded to CAF co-

culture with invasive behavior (Figure S5C). In contrast to the

strong impact from the presence of CAFs, co-culture with

healthy fibroblasts instead of CAFs resulted in the inability of

the invasive UTSCC74 cancer cells to interact with the fibro-

blasts, assemble into spheroids, and co-invade (Figure S5D).

Importantly, this cell-state-dependent behavioral switch in

response to CAFs was also observed in vivo: orthotopic trans-

plantation of the cancer cells into the tongue tissue of mice

showed that although there were no substantial differences be-

tween the in vivo expansion of patient-derived cell lines in the

absence of CAFs, presence of CAFs greatly enhanced the

expansion of UTSCC74 cells but had no impact on UTSCC76

growth (Figure 5E). Multiplexed immunofluorescence analysis

and phenotypic clustering of cell states similar to the patient

samples confirmed the presence of Sox2 stem-cell-enriched

and pEMT-like cell states in the transplanted tumors

(Figures S5E–S5G). As indicated by the in vitro and transcrip-

tome analyses, the Sox2-high state was more abundant in

UTSCC76 cells, whereas the UTSCC74 cells showed more

abundant pEMT-like states (Figures S5F and S5G). Further,

only the UTSCC74-cell-derived tumors responded to the pres-

ence of CAFs by relative expansion of the AREG-high pEMT-

like states (Figures S5F and S5G).

To directly test the role of the pEMT state and AREG-EGFR

signaling crosstalk betweenCAFs and cancer cells in pro-invasive

behavior, we pretreated the UTSCC74 cells with a TGF-b1

inhibitor to attenuate pEMTand observed that this prevented can-

cer cell invasion but did not substantially impact the invasiveness

of CAFs (Figure 5F). In contrast, treating co-cultures with the

EGFR inhibitor Gefitinib blocked invasion of both cell types (Fig-

ure 5F). Intriguingly, pretreatment of the cancer cells with TGF-

b1 inhibitor rendered CAFs insensitive to EGFR inhibition (Fig-

ure 5F), consistent with the observations from the sequencing an-

alyses showing that the AREG-EGFR pathway is downstream of

the pEMT state and that it acts bi-directionally between CAFs

and pEMT cancer cells. Collectively, these results suggested

that the CAF-mediated pro-invasive phenotype requires a pEMT

state of cancer cells and is dependent on signaling through the

EGFR receptor, potentially mediated by AREG.

pEMT state with pro-invasive signature associates with
poor patient outcomes
Finally, to investigate whether the CAF-pEMT transcriptional re-

programming is relevant for HNSCC patient outcome, we pro-

ceeded to test this in clinical samples. We combined the previ-

ously applied tumor epithelium and stromal panels with

identified molecular components of the CAF-HNSCC crosstalk

and pro-invasive reprogramming, including components of the

onco-ECM and associated mechanosignaling (Tenascin-C and

Myh9) as well as AREG, and analyzed them in an additional, in-

dependent HNSCC patient cohort consisting of 438 primary tu-

mors (Figures S6A–S6C). The resulting patient groups were

consistent with those identified in the first cohort, were evenly

distributed across anatomical sites (Figure S6D) and included

stem-cell-enriched Sox2+/K14+, well-differentiated, pEMT-

dominant, and pEMT spatial groups (Figure 6A). An additional Vi-

mentin-enriched patient group was also identified (Figure S6E).

Interestingly, including the additional markers to the epithelial

staining panel improved the prognostic value of the epithelial sig-

natures, with the mixed and EMT phenotypes showing poor

(B) Quantifications of intermixing (eGFP intensity in spheroid core to eGFP intensity at spheroid rim ratio) after 48 h of co-culture. Note that UTSCC74 cells display

higher intermixing in all conditions and that TGF-b1 treatment enhances intermixing in both cell lines (n = 4 independent experiments with 3–7 spheroids/

experiment; two-way ANOVA/�Sı́dák’s).

(C) Quantifications of intermixing after 48 h of co-culture (n = 4 independent experiments with 3–7 spheroids/experiment; repeat measures ANOVA/Tukey’s).

(D) Representative images of UTSCC74-eGFP or UTSCC76-eGFP and CAF-mCherry spheroid invasion in 3D collagen. Dashed lines mark spheroid edges.

Quantification shows average distance from spheroid edge, measured in four quadrants. Co-culture of CAFs with UTSCC74 cells triggers invasive behavior (n =

66 spheroids pooled across 3 independent experiments; one-way ANOVA/Tukey’s). Scale bar, 100 mm.

(E) Representative H/E images and quantification of UTSCC74 and UTSCC76 cells orthotopically transplanted into mouse tongues with or without prior spheroid

co-culture with CAFs. Note enhanced tumor expansion in UTSCC74+CAF condition (n = 3 mice [UTSCC74], 4 mice [UTSCC76, UTSCC76+CAF], and 5 mice

[UTSCC74+CAF]; one-way ANOVA/Tukey’s). Scale bar, 1 mm.

(F) Representative images and quantification of UTSCC74-eGFP and CAF-mCherry spheroid invasion in 3D collagen, where UTSCC74-eGFP were pretreated

with A83 48 h prior to seeding into spheroids that were then treated with gefitinib (Gef) where indicated. Dashed lines mark spheroid edges. Note that A83 pre-

treatment prevents cancer cell invasion and Gef blocks invasion of both cancer cells and CAFs. A83 pre-treatment renders CAFs insensitive to Gef (n = 34

spheroids pooled across 2 independent experiments; one-way ANOVA/Tukey’s). Scale bar, 100 mm.

See also Figure S5.
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(legend on next page)
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prognosis (Figure S6F). The stromal signature alone was also

strongly predictive of survival (Figure S6G), as observed in the

previous cohort.

Closer examination of the markers of CAF-HNSCC reprog-

ramming showed that components of onco-ECM and AREG

were enriched at the tumor-stroma boundary (Figure 6B),

supporting their role as mediators of intercompartmental

signaling. As predicted by the co-culture analyses, pEMT cells

showed the strongest expression of the CAF-crosstalk markers

(Figure 6B). To understand whether specific CAF subtypes

were associated with these epithelial signatures, we further

subclustered the CAFs based on their expression of

FAP, aSMA, and PDGRFA into FAP-high/PDGFRA-high and

aSMA-high clusters27 but observed no specific enrichment

(Figures S6H and S6I). Consistent with the notion of communica-

tion specifically between CAFs and pEMT cells, these two cell

states showed the highest proximity among all tumor-stroma

cell comparisons across patients (Figures 6C and 6D). In addi-

tion, analysis of tumor architecture revealed that the pEMT state

was specifically associated with a fragmented architecture and

loosely connected topological networks (Figures 6E and 6F),

indicative of aggressive and potentially invasive behavior.

Importantly, the combined analysis of the stromal and epithelial

panel further validated the strong prognostic value of the pEMT

state-stromal identity combination, particularly when enriched at

the tumor-stroma interface (pEMT spatial; Figure 6G). In addition,

the stem-cell-enriched phenotypic group now showed a prog-

nostic split between CAF-enriched stroma predicting poor

outcome and immune-enriched stromaassociatingwith favorable

outcome (Figure 6G), albeit the patient numbers in this groupwere

small and thus this result should be interpreted with caution. The

stem-cell-enriched phenotype was also associated with enrich-

ment of the crosstalk markers at the tumor-stroma interface

(Figure 6B), consistent with previous studies showing relevance

of Sox2-expressing cancer stem cells in SCC aggression.28 Inter-

estingly, although the pEMT-onco-ECM-dominant group still

showed poor prognosis when combined with the CAF status of

the stroma, the combined signaturewas no longer statistically sig-

nificant in predicting survival. This effect could be due to the

smaller patient group sizes but also linked to the loss of favorable

survival prediction from the ‘‘immune-enrichedstroma.’’ To further

investigate the prognostic value of the immune signature, we pro-

ceeded to analyze the localization of the immune cells within the

patient samples. We classified patients according to their TIL sta-

tus to ‘‘immune hot’’ and ‘‘immune cold’’ groups29 (Figures S6J–

S6L). Overall, the different TIL scores corresponded well with the

immune-enriched stromal cluster and were evenly distributed

across stromal and epithelial groups (Figures 6H and S6M). Inter-

estingly, however, thepEMTuniformgroupwascompletelydevoid

of immune hot tumors and proportionally highest for immune cold

tumors (Figure6H). This indicated that thepEMTuniformstatewas

associated with reduced levels of TILs, which are an independent

indicator of favorable prognosis (Figure S6L), thus likely explaining

the absence of a strong predictive signature of the stroma in this

patient group.

Taken together, we conclude that the pEMT status of a tumor

is predictive of its responsiveness to the surrounding stroma,

with CAF-enriched fibrotic microenvironments combined with

pEMT tumors resulting in the most aggressive cancer pheno-

types. We further demonstrate that CAFs have the capacity to

reprogram tumor cells into a pro-invasive phenotype but that

this state is activated only in cells displaying some pre-existing

propensity for a pEMT state. We propose that this interaction

could be driven through EGFR and its ligand AREG, which are

enriched in pEMT cells and drive dynamic interactions between

these two cell types.

DISCUSSION

Understanding the mechanisms by which tumor heterogeneity

anddistinctcancerandstromal cell statesdrivecanceraggression

is critical for improving diagnostic precision and development of

targeted therapies. Here, using single-cell resolution quantitative

image analysis combined with spatial transcriptomics, patient-

derived spheroid cultures, and orthotopic transplants, we demon-

strate that the combination of CAF-enriched stroma and epithelial

pEMTstatusof the tumorservesasanexceptionally strongpredic-

tor of patient outcome and treatment response. We further

observe that CAFs and pEMT cancer cells engage in dynamic

signaling crosstalk that involves AREG-EGFR signaling to trigger

cancer cell reprogramming into an invasive phenotype, providing

a mechanistic explanation for the patient outcomes. Stromal

composition has previously been identified as a strong predictor

of patient outcome in a number of different cancers.13,14 Likewise,

Figure 6. pEMT state with pro-invasive signature associates with worst patient outcomes

(A) Representative TMA images from four largest epithelial signature groups showing six merged channels. Scale bar, 150 mm. Dashed boxes denote magnified

areas. Insets show selected single channels at higher magnification (scale bar, 75 mm); dashed lines denote tumor/stroma border. oECM, onco-ECM.

(B) Mean expression of selected markers in tumors from the four largest epithelial signature groups between tumor border (Br) and tumor center (Cn). Each dot

represents themean intensity of all cells within the given compartment in a single patient; paired t test. Note that markers of CAF-HNSCC crosstalk are enriched at

tumor borders. AFU, arbitrary fluorescence units.

(C) Comparison of nearest distances between tumor cells and CAFs across epithelial signatures (top) and comparison of the nearest distances to tumor cells

within the pEMT/AREG spatial epithelial signature across three main stroma clusters (bottom). Note that pEMT/AREG cells have the shortest distance to CAFs.

(D) Spatial projections of the main epithelial and stromal clusters (top) with corresponding H&E images (bottom).

(E) Representative topological neighborhood graphs of tumor sections from the three main epithelial signatures.

(F) Quantification of fragmentation index of tumors across the four main epithelial signatures. Minimum-to-maximum box plots show 75th, 50th, and 25th

percentiles, each dot represents a single patient; ANOVA/Tukey’s. Note fragmented architecture of pEMT tumors.

(G) Disease-specific survival across the four largest epithelial signature groups stratified by stromal composition; log-rank test.

(H) Tumor infiltrating lymphocyte/CD3 scoring in four major epithelial phenotypic signature groups. Note highest proportion of immune-cold and absence of

immune-hot samples in pEMT/oECM dominant tumors.

See also Figure S6.
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pEMT status of the tumor epithelium is emerging as an important

biological program correlating with aggressive tumor behaviors

in many cancers, including HNSCC.5,8 Our study now shows

that, in tumors with a pEMT epithelial signature, the composition

of the stroma drastically affected patient outcomes, with patients

with an immune-enriched stroma achieving five-year survival of

90% compared with just 21% in patients with the same epithelial

profile but a CAF-enriched stroma. By contrast, tumors with a

non-pEMT epithelial signature appeared to be largely agnostic to

stromal composition.

Ourcell communicationanalysessuggested thatpEMTepithelia

were more active in signaling with their surroundings than non-

pEMTepithelia and that ECMsignaling fromCAF-enriched stroma

in particular may drive aggressive behaviors in pEMT tumors.

Although the functional analyses of patient-derived cells indicate

that thepresenceofCAFs is sufficient tomoderatelyenhance tran-

scription of EMT-associated genes in cancer cells, the full invasive

reprogramming involves EGFR signaling, most likely through

AREG.This isconsistentwith thecurrent viewthatEMT isagradual

transformation from a fully epithelial to a pEMT state that is asso-

ciated with higher tumor grade, tumor relapse, and increased

metastasis.30–32 EGFR blockage combined with chemoradiother-

apy is already the standard therapy for recurrent/metastatic

HNSCC, and high expression of AREG is positively correlated

with the efficacy of this treatment.33 Interestingly, AREG has

already been shown to mediated intrinsic pro-invasive crosstalk

within CAFs34; our study now extends this mechanism to tumor-

stroma crosstalk. The combined pEMT/CAF fingerprint—and,

specifically, cancers with high AREG and onco-ECM expres-

sion—emerges as a cancer subtype with particularly poor treat-

ment outcomes, suggesting that targeting fibroblast-pEMT cross-

talk using EGFR inhibitors could be an effective candidate for a

targeted therapyof these cancers.We further envision that the sin-

gle-cell-resolution analyses developed here, which combines

morphological and cell-statemarkers and provides additional bio-

logical information on the tumors,might be a useful diagnostic tool

for HNSCC and other solid tumors.

Limitations of this study
The patient cohorts for the signature analyses are from biobank

samples and represent retrospective analysesof patient outcome.

Although thisenableshigh throughput analysesof largepatient co-

horts, futureprospective studies are needed tovalidate thepredic-

tive nature of the compound biomarkers. Further, although the

spatial transcriptomics facilitated unbiased transcriptome-wide

sampling of patient samples to establish hypotheses on tumor

stromacommunication validated in functional assays, thisanalysis

lacks single-cell resolution, and although the clusters are enriched

for the annotated cell types, the sequenced spots contain a

mixtureof various cell types.Thisprecludesmoredetailedanalysis

of transcriptional profiles of the various cell types.
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T., Sihto, H., Ventelä, S., Elo, L., Jokitalo, E., et al. (2016). Normal stroma

suppresses cancer cell proliferation via mechanosensitive regulation of

JMJD1a-mediated transcription. Nat. Commun. 7, 12237. https://doi.

org/10.1038/ncomms12237.

39. Virshup, I., Rybakov, S., Theis, F.J., Angerer, P., and Wolf, F.A. (2021).

anndata: Annotated data. Preprint at bioRxiv. https://doi.org/10.1101/

2021.12.16.473007.

40. Efremova, M., Vento-Tormo, M., Teichmann, S.A., and Vento-Tormo, R.

(2020). CellPhoneDB: inferring cell-cell communication from combined

expression of multi-subunit ligand-receptor complexes. Nat. Protoc. 15,

1484–1506. https://doi.org/10.1038/s41596-020-0292-x.

41. Stirling, D.R., Swain-Bowden, M.J., Lucas, A.M., Carpenter, A.E., Cimini,

B.A., and Goodman, A. (2021). CellProfiler 4: improvements in speed, util-

ity and usability. BMC Bioinformatics 22, 433. https://doi.org/10.1186/

s12859-021-04344-9.

42. Chen, S. (2023). Ultrafast one-pass FASTQ data preprocessing, quality

control, and deduplication using fastp. Imeta 2, e107. https://doi.org/10.

1002/imt2.107.

43. Korsunsky, I., Millard, N., Fan, J., Slowikowski, K., Zhang, F., Wei, K.,

Baglaenko, Y., Brenner, M., Loh, P.R., and Raychaudhuri, S. (2019).

Fast, sensitive and accurate integration of single-cell data with Har-

mony. Nat. Methods 16, 1289–1296. https://doi.org/10.1038/s41592-

019-0619-0.

44. Berg, S., Kutra, D., Kroeger, T., Straehle, C.N., Kausler, B.X., Haubold, C.,

Schiegg, M., Ales, J., Beier, T., Rudy, M., et al. (2019). ilastik: interactive

machine learning for (bio)image analysis. Nat. Methods 16, 1226–1232.

https://doi.org/10.1038/s41592-019-0582-9.

45. Blondel, V.D., Guillaume, J.-L., Lambiotte, R., and Lefebvre, E. (2008). Fast

unfolding of communities in large networks. J. Stat. Mech. 2008, 10008.

https://doi.org/10.1088/1742-5468/2008/10/P10008.

46. Hunter, J.D. (2007). Matplotlib: A 2D graphics environment. Comput. Sci.

Eng. 9, 90–95.
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C. Alberola-López, and G. Fichtinger, eds. (Springer International Publish-

ing), pp. 265–273. https://doi.org/10.1007/978-3-030-00934-2_30.

57. Therneau, T.M., and Grambsch, P.M. (2000). Modeling Survival Data: Ex-

tending the Cox Model (Springer).

58. Blom, S., Paavolainen, L., Bychkov, D., Turkki, R., Mäki-Teeri, P.,
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Patient samples
The study and utilization of human tissue samples were approved by the Finnish national authority for medicolegal affairs (V/39706/

2019), regional ethics committee of University of Turku (51/1803/2017) and Auria Biobank scientific board (AB19-6863). Formalin-

fixed and paraffin-embedded (FFPE) tumor samples were obtained from the pathology archives of Auria Biobank.

For the prospectively collected fresh tumor samples a Research Ethics Board approval was obtained at the Helsinki University

Hospital (HUS/745/2021) and a research permission was granted (HUS/85/2021). For patients involved in the retrospective datasets,

patient consent was waived due to retrospective nature of the data in accordance with approval from Finnish National Supervisory

Authority for Welfare and Health and regional ethics committee of University of Turku. The authors affirm that the study was conduct-

ed following the rules of the Declaration of Helsinki of 1975, revised in 2013.

The patient population and associated tumor microarrays (TMAs) have been described previously.35,36 In short, two cohorts

(cohort 1- 212 patients; cohort 2 – 454 patients) of TMA blocks containing formalin-fixed paraffin-embedded (FFPE) samples from

patients treated for new HNSCC in the Turku University Hospital region between 2005-2015 with known TNM staging and survival

end-points were used. Final TMA blocks of duplicate 1.2 mm cores were made in TMA Grand Master (3D Histech). For fresh-frozen
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RStudio v2024.04.2 Posit Software N/A

Scanpy v1.9.3 Wolf et al.49 https://scanpy.readthedocs.io/en/stable/

Scran v1.22.1 Lun et al.50 https://bioconductor.org/packages/

release/bioc/html/scran.html
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digital-microscopes-viewers/slideviewer/
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STAR v2.7.10a Dobin et al.55 https://github.com/alexdobin/STAR

StarDist 0.5.0 Schmidt et al.56 https://github.com/stardist/stardist
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patient samples (spatial transcriptomics) eight patient biopsies from oral tongue SCC from primary surgery at the Helsinki University

Hospital Head and Neck Center in 2022 were snap-frozen without fixation in OCT medium.

Cancer cell lines
Human tongue squamous cell carcinoma cells UTSCC74a (isolated from a 31y-old male with T3N1M0 G1-2 primary tumor),

UTSCC76a (isolated from a 52y-old male with T3N0M0 G2 primary tumor), UTSCC25 (isolated from a 50y-old male with T2N0M0

G1 recurring tumor) and UTSCC47 (isolated from a 78y-old male with T2N0M0 G3 primary tumor) have been described earlier37

and were obtained from Auria Biobank. CAFs were isolated from a T2N2bM0 G1 primary tumor of the buccal mucosa as previously

described.38 Paired healthy fibroblasts were isolated from the same patient as previously described.38 Cells lines were maintained in

DMEM (4500, mg/L glucose, 1x GlutaMAX, Gibco) supplemented with 1x non-essential amino acids (Gibco), 1x penicillin/strepto-

mycin (Gibco) and 10% fetal bovine serum (Sigma-Aldrich).

eGFP-tagged UTSCC and mCherry-tagged CAF cell lines were generated through lentiviral transfection of the cells with a PLVX-

EF1a-IRES-mCherry (Takara Bio) or pLVX-EF1a-pIRES-EGFP (cloned in-house by replacing mCherry from Takara Bio plasmid with

EGFP) or plasmids, respectively, using the LentiX SingleShot transfection system (Takara Bio). After initial infection and expansion,

eGFP and mCherry-expressing cells were purified using flow cytometry sorting.

METHOD DETAILS

Patient samples
TMA Cohort 1

The patient population and associated tumor microarrays (TMAs) have been described previously.35 In short, ten TMA blocks con-

taining formalin-fixed paraffin-embedded (FFPE) samples from patients treated for new HNSCC in the Turku University Hospital re-

gion between 2005-2010 with known TNM staging and survival end-points. A total of 212 patients were included in the study. While

most tissue samples contained in the TMA came from primary (diagnostic) biopsies, aminority of samples also came from secondary

tumors, including lymph node metastases, tumors resected following pre-operative radiotherapy, and recurrent tumors resected

months or years following primary diagnosis and treatment. Multiple (1-8) cores were present on the TMA slide for some biopsies,

and somepatients were represented in the dataset by both primary and secondary samples. Each slide additionally contained a num-

ber of liver cores used by pathologists to orient the block; these samples were also analyzedwithin our study andwere used to control

for slide-to-slide variation in the dataset. Final TMA blocks of duplicate 1.2 mm cores were made in TMA Grand Master (3D Histech).

Numbers and types of biopsies used in the study:

TMA Cohort 2

The patient population and TMAs have been described previously.36 In short, eleven TMA blocks containing formalin-fixed paraffin-

embedded (FFPE) samples from patients treated for new HNSCC in the Turku University Hospital region between 2005-2015 with

known TNM staging and survival end-points. Primary biopsies from a total of 454 patient biopsies were analyzed, and 438 were as-

signed both an epithelial and stromal phenotypic signature based on successful staining of a sufficient number of cells in both

compartments.

Fresh-frozen patient samples (spatial transcriptomics)

HNSCC samples were collected from eight patients with oral tongue SCC undergoing primary surgery at the Helsinki University Hos-

pital Head and Neck Center in 2022 and snap-frozen without fixation in OCT medium. Samples were subsequently processed for

10xVisium spatial transcriptomics as described below.

Multiplexed fluorescent immunohistochemical staining and imaging
Multiplexed fluorescent immunohistochemical staining and imaging was performed in three cycles as previously described58 for two

sets of 8-10 antibodies and the nuclear marker DAPI (Figure 1A), stained on two serial TMA sections. After the first-round staining and

whole-slide imaging of the TMAs, the fluorescence signal was bleached, and the antibodies from the first-round staining were de-

natured, after which the second-round staining was performed. The process was repeated for the third round of staining. Imaging

was performed using a Zeiss Axio Scan.Z1 slide scanner, with each round of staining recorded as an independent.CZI image file

Biopsy type Number of samples

Primary (diagnostic) 176

Resected following pre-operative

radiotherapy

32

Lymph node metastasis 22

Recurrent 55
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containing up to five fluorescent channels. Markers were selected based on published expression of genes in HNSCC8 and most

commonly used markers for CAFs.27 EMTmarkers were based on high reported expression of vimentin and SNAIL2 and lack of sub-

stantial expression of ‘‘classical’’ EMT markers such as EMT TFs, ZEB1/2, TWIST1/2, and SNAIL1.8

Antibodies used in the study:

Automated image analysis pipeline for processing large multiplexed TMA datasets
Images of individual TMA cores were extracted from the whole-slide images using the TMA dearrayer functionality in QuPath.48 Im-

ages from the three staining rounds were registered using an affine image registration method operating through the pyStackReg47

Python dependency, aligning the DAPI channels of the three staining rounds. Autofluorescence signal from red blood cells and other

histology artefacts (e.g. wrinkled or folded tissue section areas) were removed using a pixel classifier in Ilastik.44 Nuclei were

segmented from the DAPI channel using a trained StarDist model.56 The nuclear regions of interest (ROIs) were expanded by 6 pixels

to generate cytoplasmic ROIs. A python script was then used to calculate fluorescence intensity in all channels, nuclear morpho-

metric features, and local neighborhood parameters.

Parameter set used to assign phenotypic clusters:

Single-cell clustering of cell phenotypes
The above-described cellular and local neighborhood features were treated as individual parameters that together define cellular phe-

notypes. A Pearson’s correlation analysis was used to compare the correlation of each parameter to all other parameters, and highly

correlated (and therefore redundant) parameterswere removed from the analysis. The remainingparameterswere formattedasa ‘‘count

Antibody target Supplier and catalogue number Dilution, staining time and temperature

AREG LSBio LS-B13911 1:100, 1h Room temperature (RT)

aSMA Dako M0851 1:500, 2h RT

ß-catenin Cell Marque 224M-14 1:500, 1.5h RT

Bmi-1 Cell Signalling Technologies 6964 1:100, 1.5h RT

CD11b Bio SB 6441 1:200, Overnight 4�C

CD3 Invitrogen MA5-14482 1:750, Overnight 4�C

CD34 Dako M716529-2 1:200, Overnight 4�C

E-cadherin BD 610182 1:200, 2h RT

EGFR Cell Signalling Technologies 4267 1:200, 2h RT

Epcam Abcam 71916 1:500, 2h RT

FAP Abcam 207178 1:1000, 2h RT

Keratin 14 Progen GP-CK14 1:200, 2h RT

Keratin 18/8 Cell Signalling Technologies 4546 1:50, 2h RT

Myh9 Biolegend Poly 909801 1:2000, 1h RT

Pan-cytokeratin Abcam 7753 1:150, 2h RT

Pan-cytokeratin Invitrogen MA5-13156 1:100, 2h RT

PDGFRB Cell Signalling Technologies 3169 1:100, 1.5h RT

Slug Cell Signalling Technologies 9585 1:50, 1.5h RT

Sox2 Cell Signalling Technologies 3579 1:100, 2h RT

Tenascin C R&D MAB 2138 1:100, 1.5h RT

Vimentin Santa Cruz Biotechnology SC6260 1:200, 2h RT

Parameter Epithelial panel Stromal panel

Nuclear mean intensity DAPI, Slug, Bmi1, Sox2 DAPI

Cytoplasmic mean

intensity

ß-catenin, KRT8/18, KRT14, Epcam, Vimentin PDGFRB-ß, CD11b, CD34, CD3,

a-SMA, FAP, Pan-cytokeratin, EGFR

Morphometric

parameters

Area, circularity, roundness, perimeter, solidity, compactness, aspect ratio, EFC ratio

Local neighborhood

parameters

Order, number of neighbors (nuclei within 85 pixels to each other in centroid-to-centroid distance),

distance to nearest neighbor, distance to nearest epithelial/stromal cell
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matrix’’ and analyzed using the Seurat package in R.53 All parameter values were normalized to remove sampling effect and scaled to

obtain relative parameter expression between cells. To identify cells with similar phenotypes, principal component analysis (PCA) was

performed, followed by UMAP dimensionality reduction to visualize the similarities and differences between all cells in the dataset.

By analyzing the expression of key epithelial and stromal markers, we found that single-cell clustering was a robust method for

differentiating epithelial tumor cells fromstromal cells of themicroenvironment. Basedon their cluster assignment, eachcell wasgiven

a label denoting its epithelial (tumor) or stromal identity. Using these labels, the distance (in pixels) of each epithelial cell to the nearest

stromal cell (and vice versa) was calculated using a custom python script, and this parameter was added to the global parameter set.

With this complete parameter set, the single-cell clustering was repeated separately on the stromal and epithelial compartments.

Cluster stability was evaluated by examining dispersion of differentially expressed markers; where bimodal distributions were

observed in the largest clusters, clustering resolution was increased until unimodal distributions were observed. The major clusters

that captured >90% of the cells in all patients in the respective compartments were annotated and used in subsequent analyses.

Next, the relative proportions of each cluster in any given biopsy were quantified, constituting the tumor ‘‘signature’’. For biopsies

represented by multiple TMA cores, all cells were pooled together to gain the most representative view of the whole tumor. Samples

containing fewer than 100 epithelial or stromal cells were excluded from the respective analysis. Patients were then stratified into

subgroups based on the similarities of their phenotypic signatures using a Pearson’s correlation approach. In order to assign

the phenotypic signatures in an unbiased way, several clustering resolutions were used, and the patient groups that most robustly

clustered together formed the final major signatures.

Tumor architecture analyses
Border-center analysis

For quantifyingmarker expression at tumor borders compared to the tumor core, epithelial cells that were within 120 pixels (26 mm) of

a stromal cell in centroid-to-centroid distance were designated as ‘‘border’’ cells; all other epithelial cells were designated as central

cells. Mean expression of selected markers was then quantified within these two compartments per patient.

Inter-cluster distances analysis

First, epithelial and stromal cell centroids from adjacent tissue sections were co-registered by utilizing the DAPI signals from adjacent

tissue sections as input of a rigid registration algorithm to compute the transformation matrix. The transformation matrix was applied

to the stromal cell centroids and the registration quality was visually assessed for each section. Then, for each combination of tumor-

stroma clusters, shortest pairwise Euclidean distances between tumor and stroma centroids were computed. Kernel density esti-

mates were then generated for visualizing and comparing distributions of multiple pair of tumor-stroma clusters simultaneously.

Architecture analyses

For measuring tumor architectures, tumor compartments were partitioned into spatial subunits based on their topological neighbor-

hood graphs.59 First, neighbors of each tumor cell within a given radius of R=16mm (2-3 cell diameters) were queried using the

Ball-Tree algorithm and the topological neighborhood graph of each tumor section was generated. This graph was then input to

the Louvain community detection algorithm45 to detect tissue subunits. Finally, the fragmentation index was computed as the

average number of tumor cells per subunit divided by the total number of tumor cells in the section.

CAF subclustering

CAF cells were isolated from the stromal clustering and re-clustered based on their expression of FAP, aSMA, COL1 and PDGRFA

using the Leiden algorithm.

Survival analysis
Kaplan-Meier analysis was performed using Survival v3.1-1257 to compare survival outcomes between patient groups with different

phenotypic signatures, with Log-rank test used to measure statistical significance. A Cox proportional hazard model was used to

quantify the impact of different clinical variables, including a patient’s phenotypic signature, on survival probability. For both tests,

p % 0.05 was used as a cut-off for statistical significance.

Spatial transcriptomics
HNSCC samples were collected from patients undergoing surgery at the Helsinki University Hospital in 2022. Clinical details are

summarized below:

Patient No Sex Ethnicity Age at diagnosis TNM staging

UH8 Male Caucasian 22 T2N0M0

UH12 Female Caucasian 54 T2N1M0

UH17 Male Caucasian 37 T3N2M0, G3

UH19 Female Caucasian 86 T3N2aM0

UH20 Female Caucasian 68 T4N0M0

(Continued on next page)
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The samples were snap-frozen in OCT medium without fixation, sectioned, fixed in 4% PFA and stained for the expression of Ker-

atin 14, Vimentin and CD3. Eight tongue carcinoma patient samples representing the distinct phenotypes (pEMT neg/pos, CAF vs

immune-enriched stroma; 2 each) were subjected to spatial transcriptomics analysis.

For this, 10 mm cryosections were mounted onto the ST arrays (10X Genomics Visium) and stored at �80�C until use. Tissue sec-

tions were fixed in methanol at –20�C and then stained with hematoxylin and eosin. Permeabilization was optimized according to the

manufacturers’ instructions and a 10 min time was selected after which polyadenylated RNAs captured on the arrays were resus-

pended in 1.2 ml of 0.1 N HCl for 5 min and reverse transcribed at 53�C for 45 min, followed by second-strand synthesis at 65�C
for 5 min. After library preparation, samples were sequenced on a Novaseq 600 (Illumina).

Sequencing output and the histology images were processed using Space Ranger software (10X Genomics). The space ranger

mkfastq function was used for sample demultiplexing and for converting spatial barcodes and reads into Fastq format. The space

ranger count function was used to align reads to the human genome (hg38) and with the microscopic slide image, to generate qual-

ity-filtered barcode/UMI counts, and feature spot matrices for gene expression analysis.

Raw counts were imported as AnnData39 objects using Squidpy (1.4.154), ‘‘read_visium’’. Each sample’s gene expression matrix

was normalized using scran (1.22.150) with Leiden clustering17 input at resolution 0.5. Spots were manually filtered for isolated or de-

tached tissue regions due to missing spatial context.

G2M and S phase scores were assigned to each cell using published gene lists60 and the Scanpy (1.9.849) ‘‘scanpy.tl.score_ge-

nes_cell_cycle’’ function.

At this stage samples were merged. For 2D embedding and clustering, we first regressed G2M and S-phase scores out of the

normalized gene expression matrix using ‘‘scanpy.pp.regress_out’’. The matrix was then subset to the 3,000 most highly variable

genes (scanpy.pp.highly_variable_genes, flavor ‘‘seurat’’). The top 100 principal components (PCs) were calculated, and batch-cor-

rected using Harmony (0.0.943). The PCs served as basis for k-nearest neighbor calculation (scanpy.pp.neighbors, n_neighbors=30),

which were used as input for UMAP18 layout (scanpy.tl.umap, min_dist=0.3).

Cells were clustered using the Leiden algorithm at resolution 0.6 using scanpy.tl.leiden, and annotated manually on the basis of

known marker genes.

Ligand-receptor interactions were calculated using CellphoneDB40 using the ‘‘squidpy.ge.ligrec’’ implementation. Pathway anno-

tations were obtained from Jin et al.61 from the GitHub repository https://github.com/LewisLabUCSD/Ligand-Receptor-Pairs.62

Overall numbers of ligand-receptor interactions between cell populations were visualized using pyCirclize (https://moshi4.github.

io/pyCirclize), where link width and color are proportional to the number of significant interactions with a P-value cutoff of 0.1.

Pathway-specific enrichment of interactions was plotted using Matplotlib (3.8.346) ‘‘imshow’’. Significant interactions (P<0.1) were

split into ‘‘sending’’ and ‘‘receiving’’ for each cell population, counted per pathway, and finally z-transformed.

COMMOT (0.0.325) was used to calculate spatial interactions scores for select pathways using ‘‘commot.tl.spatial_communica-

tion’’ with ‘‘dis_thr=500’’. Results were visualized using ‘‘squidy.pl.spatial_scatter’’ and seaborn (0.13.252), violin plots, showing

receiver and sender score sums.

Cancer cell / CAF 3D co-spheroids
For 3D co-culture spheroid studies, eGFP and mCherry-tagged cells were plated as single-cell suspensions into U-bottom ultra-low

attachment 96-well plates (Corning 4520) in the medium described above. Each well contained approximately 1000 cells; for co-cul-

ture studies, approximately 750CAFs and 250 UTSCC cells were plated per well. After plating, the plate was centrifuged at 300 x g for

one minute to collect all cells at the bottom in close proximity to one another. Co-cultures were cultured at 37�C, 5% CO2 for up

to 48h.

For inhibitor experiments, cells were pre-treated for 72h with 10mM of A83-01 (Tocris), 10ng/mL of recombinant human TGFß1

(R&D) or with 1:1000 DMSO as a control. For EGFR inhibition experiments, cells were additionally pre-treated with 500nM Gefitinib

(Sigma) for 72h.

Imaging and image analysis
3D co-culture spheroids were live-imaged on anOpera Phenix high-content screening system (PerkinElmer) using 20x air, 40x air and

40x water-immersion objectives. Spheroids were imaged as 3D confocal stacks of 25 planes at 4mm intervals. For live-imaging

studies, spheroids were images hourly for up to 16h.

For quantification of eGFP intensity at spheroid cores, a representative confocal plane through the spheroid center was selected.

The spheroid core was manually outlined and mean eGFP intensity was measured in ImageJ. This was normalized to eGFP signal at

Continued

Patient No Sex Ethnicity Age at diagnosis TNM staging

UH21 Male Caucasian 66 T2N0M0, G2

UH22 Female Caucasian 69 T2N0M0

UH24 Male Caucasian 64 T3N2bM0, G2
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the rim of the spheroid, quantified bymanually outlining the rim at a thickness of 30 pixels for images acquired on a 20x objective and

60 pixels for images acquired on a 40x objective.

Cells cultured in 2D monolayers were fixed for 15 min at room temperature in 4% paraformaldehyde (PFA) pre-warmed to 37�C,
blocked for 1h 3% bovine serum albumin, 5% normal goat serum, 0.03% Triton-X in PBS at room temperature, and stained using

primary and secondary antibodies for 1h at room temperature. Plates were then imaged on an Opera Phenix high-content screening

system (PerkinElmer) using a 10x air objective. Mean nuclear and cytoplasmic expression of proteinswas quantified usingCellProfiler

software.41

Single-cell RNA sequencing and analysis
HNSCCs and CAFs were co-cultured for 48h as described above, after which single cell suspensions were generated by incubation

of spheroids with 0.5% Trypsin/0.5mMEDTA (Gibco) for up to one hour at 37�C. After washing with ice-cold DMEM, single cells were

counted using Luna-II automated cell counter (Logos Biosystems) and loaded on a microwell cartridge of the BD Rhapsody Express

system (BD) following the manufacturer’s instructions. Single cell whole transcriptome analysis libraries were prepared according to

themanufacturer’s instructions using BDRhapsodyWTAReagent kit (BD, 633802) and sequenced on the IlluminaNextSeq 500 using

High Output Kit v2.5 (150 cycles, Illumina) for 2 3 75 bp paired-end reads with 8 bp single index aiming sequencing depth of >20,000

reads per cell for each sample.

Analysis

Raw FASTQ reads were quality trimmed using fastp42 (version 0.23.2; length cutoff 20, quality cutoff 15). The UMI, complex barcode,

and sample tags were extracted and demultiplexed using custom scripts. Reads were mapped using STAR version 2.7.10a.55

Raw counts were imported as AnnData39 (v. 0.9.1) objects in Python (3.10.3). We removed low complexity barcodes with the knee

plot method (7000-8000 counts per cell), and further filtered out cells with a high mitochondrial mRNA percentage. Doublets were

predicted with scrublet51 (v. 0.2.3). Finally, each sample’s gene expression matrix was normalized using scran50 (v. 1.22.1), with Lei-

den clustering17 input at resolution 0.5.

At this stage samplesweremergedwith scanpy49 (v. 1.9.3). For 2D embedding, the expressionmatrix was subset to the 3,000most

highly variable genes (sc.pp.highly_variable_genes, flavor ‘‘seurat’’). The top 100 principal components (PCs) were calculated. The

PCs served as basis for k-nearest neighbor calculation (sc.pp.neighbors, n_neighbors=30), which were used as input for UMAP

layout (sc.tl.umap, min_dist=0.3).

3D invasion
Spheroids of 2500 cells were grown either as mono-cultures or as co-cultures with either CAFs or ‘‘healthy’’ non-cancer associated

fibroblasts38 in a ratio of 1:4 cancer cells to fibroblasts. UTSCC74 and 76 were stably expressing eGFP and CAFs mCherry. Green

and orange CellTracker dyes (CellTracker� Green CMFDA Dye C2925) were used to label UTSCC25 and UTSCC47 cells.

3mg/mL rat tail collagen I (Millipore 08-115) 3D hydrogels were prepared by mixing a 1:4 ratio of reconstitution buffer (0,26M

NaHCO3, 0,2M HEPES, 1XHBSS, 0,05M NaOH) and collagen and adjusting the pH to 7.5. Spheroids were pre-cultured for 48h in

suspension and then embedded in collagen to form 3D gels that were incubated for 48h before fixing with 4% paraformaldehyde

(PFA) and imaging on Nikon Eclipse Ti2 microscope.

For inhibitor experiments, cancer cell lines were pretreated with 10mMA83-01for 48h prior to being seeded into spheroids contain-

ing 500 nM Gefitinib where indicated. Invasion was quantified by measuring mean cancer cell and CAF distance from the center of

spheroid in four quadrants.

In vivo orthotopic transplantation
In vivo transplantation experiments were ethically assessed and authorised by the National Animal Experiment Board and in accor-

dance with The Finnish Act on Animal Experimentation (Animal license number ESAVI/6253/2024). All efforts were made to minimize

animal suffering and to reduce the number of animals used.

For injections, cells were isolated from spheroids cultured as described above and pooled from 4 plates (UTSSC) or sixteen plates

(UTSSC+CAF). Spheroids were pelleted at 300 x g, washed oncewith 1.5ml of PBS, followed by trypsinization for 30-40min at +37⁰C

while suspending every 10 min to aid dissociation. After washing with media, a single cell suspension was prepared in PBS and the

volume adjusted to �200-300ml, depending on cell number. Prior to injection, 30% v/v growth-factor reduced Matrigel was mixed

into the cell suspension and 30 ml of the mixture, containing 17 000 cancer cells alone or with 51000 CAFs (68 000 cells in total),

was injected using an insulin syringe (0,3 ml, 0,30 mm (30G) x 8 mm; BD Micro-Fine) per mouse.

Immunocompromised mice (NOD.Cg-PrkdcscidIl2rgtm1Wjl/SzJ; Charles River) between 9-12 weeks of age were treated with

painkiller and anti-inflammatory mixture (0,07 mg/kg Buprenorphine and 20mg/kg Carprofen 100ml of PBS injected intraperitoneally)

30 min prior to tongue injection and twice a day for 3 days after injection. Mice were anesthetized (75 mg/kg Ketamine and 6 mg/kg

Xylazine in 200ml of PBS injected subcutaneously) for injection of patient-derived cancer cells tagged with eGFP (UTSCC74 or

UTSCC76) alone or with mCherry-tagged CAFs to the side of the tongue.
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After injection, mice were given softened food ad libitum to ensure that they could eat regardless of tumor growth. Animal weight

and tumor growth was closely monitored for twoweeks (end point). Mice were sacrificed, and tongues with tumors were collected for

fixation overnight with 10% formalin in phosphate buffer (FF-Chemicals). Tissues were embedded in paraffin and 4-5 mm sections

were cut for hematoxylin-eosin and immunostainings.

Hematoxylin-eosin stainingswere performed using standard protocols. For immunostainings paraffin sectionswere deparaffinized

with two rounds of xylene, one round of 2-propanol, and graded ethanol series from 96% to 50%, each for 5minutes, before washing

the samples with cold tapwater. Antigen retrieval was performed with indicated pH using Dako Target Retrieval Solution (Agilent) and

2100 Antigen retriever (Aptum Bio) following manufacturer instructions. Tissues were then permeabilized with 0.6% Triton in PBS

solution for 10min at room temperature and blocked with 0.3% Triton, 5%BSA in PBS solution for 1 h at room temperature. Sections

were incubated with primary antibodies in a humidified chamber overnight at +4 �C, followed by a 1 h of appropriate secondary anti-

body incubation at room temperature. For subsequent stains following stain 1, coverslips were removed by rinsing slides in tapwater,

after which the slides were incubated in 1mM EDTA, pH 9.0 for 20 minutes at 95C. Following this, slides were cooled to room tem-

peraturewith tapwater and then blocked and subjected again to primary and secondary antibodies as above before the next round of

imaging. Following each round of immunofluorescence staining, hydrophobic barrier was removed and the slides were coverslipped

using ProLong Gold mounting medium (Invitrogen). Imaging was performed on Phenoimager (Akoya Biosciences) using a filter-set

optimized for DAPI, AF488, AF594 and AF647 with a 20X objective with NA 0.75. Exposure times varied between 2-5 msec for DAPI

and 80-200 msec for the rest of the fluorophores.

The following antibodies were used: AREG (LSBio LS-B13911, 1:100), Keratin-14 (Progen GP-CK14; 1:200), Slug (Cell Signaling

9585; 1:200), Sox (Cell Signaling 3579; 1:100), Vimentin (Santa Cruz SC6260; 1:200).

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses were performed using GraphPad Prism software (version 9) or in R (version 2023.09.1+494). Statistical signifi-

cance was determined by the specific tests indicated in the corresponding figure legends. Only 2-tailed tests were used. In all cases

where a test for normally distributed data was used, normal distribution was confirmed with the Kolmogorov–Smirnov test (a = 0.05).

All experiments presented in the manuscript were repeated at least in 3 independent replicates.
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Figure S1. Analyses of tumor phenotypes and their clinical correlation, related to Figure 1
(A) UMAP plot of all stained cells from the epithelial panel.

(B) Pearson’s correlation plot showing derivation of epithelial phenotypic signature groups. Each row and column represent one patient sample.

(C) Representative composite immunofluorescence images of the six merged channels, corresponding spatial projections, and H&E images of representative

TMA cores of the six epithelial phenotypic clusters. Note that H&E and multiplex staining are not from adjacent sections. Scale bar, 200 mm.

(D) Quantification of distance to stroma from single cells across indicated epithelial phenotypic clusters. Note that cells with pEMT and stem-cell-like features are

on average closer to the stroma than other phenotypes (n = 1,135,767 cells, p < 0.001; Kruskal-Wallis/Wilcoxon rank sum test with Bonferroni adjustment).

(E) Distribution of relevant clinical parameters across the six epithelial signatures.

(F) Distribution of lymph node metastasis (N-staging) in patients with HPV+ oropharyngeal tumors and all other primary tumors. HPV+ oropharynx patients have

higher lymph node involvement at time of diagnosis.

(G) Distribution of primary tumor sites across the six epithelial phenotypic signatures. HPV+ oropharynx tumors removed.

(H) Distribution of lymph node metastasis (N-staging) at time of diagnosis across the six epithelial signatures in primary tumors. HPV+ oropharynx tumors

removed.

(I) Distribution of tumor recurrence 5 years after diagnosis across the six epithelial phenotypic signatures in primary tumors. HPV+ oropharynx tumors removed.

All patients who were treated without curative intent died within 3 years of diagnosis.

(J) Analysis of relationship between primary and recurrent epithelial pEMT status from patients with paired biopsies of primary and recurrent tumors. Note

crossover of non-pEMT to pEMT state between a subset of primary and recurrent cases.

(K) Overall survival of patients based on the epithelial signature of their primary tumor; log-rank test. HPV+ oropharynx patients removed.

(L) Disease-specific survival of patients based on T-staging of their primary tumor; log-rank test. HPV+ oropharynx patients removed.

(M) Disease-specific survival of patients based on lymph node metastasis status (N-stage) at time of diagnosis; log-rank test.

(N) SHAP interaction values for the main epithelial signatures and predictive clinical variables. Each dot corresponds to an individual patient, and the dot position

on the x axis shows the impact that this feature has on the model’s prediction for that patient. No significant interaction with pEMT signatures and clinical

parameters is observed.
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Figure S2. Analyses of stromal phenotypes and their clinical correlation, related to Figure 2

(A) Markers and parameters used in the stromal multiplexed immunofluorescence panel.

(B) UMAP plot of all cells stained with the stromal panel.

(C) Dot plot showing relative expression of each quantified feature within each stromal phenotypic cluster.

(D) Representative spatial projections of stromal phenotypic clusters and corresponding H&E images across the phenotypic signatures. Note that H&E and

multiplex stainings are not from adjacent sections. Scale bar, 200 mm.

(E) Pearson’s correlation plot showing the assignment of stromal phenotypic signatures. Rows and columns denote individual patient samples.

(F) Relevant clinical and histopathological features of primary tumors grouped by their stromal signature (on x axis); M, myeloid-enriched, I, immune-enriched, C,

CAF-enriched.

(G–L) Disease-specific survival in all epithelial signature groups split by stromal signature; log-rank test. Sample grouping based on patients’ primary biopsy.

HPV+ oropharynx patients removed.

(M) Cox proportional hazard modeling of disease-specific survival for grade, stage, and the combined stromal-epithelial signature. HPV+ oropharynx patients

removed.

(N) Distribution of treatments received by patients, split by the epithelial and stromal signatures of their primary biopsy. HPV+ oropharynx patients removed. M,

myeloid-enriched, I, immune-enriched, C, CAF-enriched.

(O) Overall survival of patients receiving only local surgery grouped based the pEMT status of their primary tumor; log-rank test. HPV+ oropharynx samples

removed.

(P) Overall survival of patients receiving only local surgery grouped based the stromal phenotypic signature of their primary tumor; log-rank test. HPV+ oropharynx

samples removed.
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Figure S3. Spatial transcriptomic analyses from representative HNSCC biopsies, related to Figure 3

(A) H&E images and spatial projections of annotated Louvain clusters from spatial transcriptomics for the individual patient biopsies.

(B) Quantification of the distribution of the annotated Louvain clusters across the individual patient spots.

(C) Gene expression analysis for keratin 14 and vimentin across the clusters to determine stromal and epithelial identity.

(legend continued on next page)
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(D) GO-term analyses of biological processes enriched in the marker gene sets of the annotated Louvain clusters.

(E) Heatmap of top differentially abundant (Z score) predicted receptor-ligand interactions sent and received from the immune-enriched stroma cluster 1 to all the

epithelial clusters. Analysis is restricted to patients UH17, 20, and 21, where these clusters are present in abundance.
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Figure S4. Analyses of HNSCC cell-CAF co-cultures, related to Figure 4
(A) Heatmap of changes in selected EMT gene expression in two different cancer cell lines cultured either alone or in co-culture (CC) with CAFs from single-cell

RNA sequencing.

(B) GO terms enriched in differentially expressed genes of UTSCC76a cells co-cultured with CAFs compared with the same SCC cells cultured alone.

(C) Representative immunofluorescence images and quantification of UTSCC74 cells cultured alone (A) or together with CAFs (CC) or with CAF-derived

conditioned medium (CM); dotted line denotes cancer/CAF border. Note that direct co-culture is required to enhance expression of Slug and suppress

E-cadherin (scale bar, 100 mm; n = 3 independent experiments; one-way ANOVA/Tukey’s).
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(legend on next page)
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Figure S5. Analyses of tumor phenotypes and invasiveness in co-cultures and upon orthotopic transplantation, related to Figure 5

(A and B) Representative images (A) and quantification (B) of cytoplasmic vimentin, AREG, and TNC and nuclear Sox2 expression in four UTSCC cell lines. AFU,

arbitrary fluorescence units. Note high expression of EMT markers in UTSCC74 and -25 and high Sox2 expression in UTSCC76 (n = 3 independent experiments;

one-way ANOVA/Tukey’s). Scale bar, 100 mm.

(C) Representative images of 3D invasion assays of CAF co-spheroids with pEMT-like UTSCC25 and non-pEMT-like UTSCC47 cells. Dashed white line outlines

spheroid edge. Quantification shows average distance from spheroid edge measured in four quadrants. pEMT-like UTSCC25 co-cultured with CAFs show

increased cancer cell invasion as compared with non-pEMT cell line UTSCC47 (n = 33 spheroids pooled across 3 independent experiments; one-way ANOVA/

Tukey’s). Scale bar, 100 mm.

(D) Representative images of 3D invasion assays of healthy non-cancer-associated fibroblasts and UTSCC47 cells. Images show middle brightfield plane and

max-Z projection of confocal stack. Dashed white line outlines spheroid edge. Note that UTSCC74 cells do not co-assemble spheroids with non-cancer-

associated fibroblasts and co-invade. Scale bar, 100 mm.

(E) Dot plot showing relative expression of each quantified marker for the phenotypic clusters from transplanted cancer cells.

(F) Relative abundance of phenotypic clusters across the transplants. Note abundance of Sox2-high cluster in UTSCC76 cells, whereas UTSCC74 cells are more

abundant in pEMT states and respond to CAFs by increasing AREG-high cells (n = 3 mice [UTSCC74], 4 mice [UTSCC76, UTSCC76+CAF], and 5 mice

[UTSCC74+CAF]).

(G) Representative immunofluorescence images and corresponding spatial projections of phenotypic clusters showUTSCC74 response to CAFs and enrichment

or AREG-high cells at the tumor-stroma interface. Scale bars, 500 mm.
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(legend on next page)

ll
OPEN ACCESS Article



Figure S6. Tumor profiling from an independent cohort with additional markers for tumor-stroma crosstalk, related to Figure 6

(A) Markers and parameters used in the epithelial multiplexed immunofluorescence panel of an independent HNSCC patient cohort containing 438 primary

tumors.

(B) UMAP plot showing all clustered epithelial cells of the second TMA cohort.

(C) Relative expression levels of each quantified parameter across the five most common epithelial phenotypic clusters.

(D) Distribution of primary tumor sites across the pEMT and non-pEMT epithelial phenotypic signatures grouped according to their stromal signature (M,myeloid-

enriched, I, immune-enriched; C, CAF-enriched). HPV+ oropharynx samples removed.

(E) Average distributions of epithelial phenotypic clusters across the seven identified epithelial signatures.

(F) Disease-specific survival (DSS) across the epithelial phenotypic signatures; log-rank test. HPV+ oropharynx samples removed.

(G) Disease-specific survival of all patients in the second TMA cohort stratified by their stromal signature; log-rank test.

(H) Average marker expression for each CAF cluster.

(I) Distribution of the proportions of the most abundant CAF subclusters across epithelial signatures. Each point represents a single patient. No differences in CAF

populations are observed (ns, not significant; p = 0.496; ANOVA). Minimum-to-maximum box plots show 75th, 50th (median), and 25th percentiles.

(J) Representative images of tumor cores showing distributions of CD3+ T-cells infiltrating into the tumor epithelium and in the stroma. Scale bar, 200 mm.

(K) Quantification of tumor-infiltrating CD3+ T-cells as a proportion of all epithelial cells (epithelial CD3 score) and as a proportion of all stromal cells (stromal CD3

score) in the second TMA patient cohort. Each dot represents one tumor. Colors denote the derivation of global CD3 scores.

(L) Disease-specific survival based on CD3 score in the second TMA cohort; log-rank test. HPV+ oropharynx patients removed. Patients with immune-hot tumor

have significantly highest survival.

(M) Distribution of CD3 scores among stromal phenotypic signatures in the second patient cohort.
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