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margin serve as a clinically measurable
independent adverse prognostic
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SUMMARY

Up to 20% of patients with early-stage oral squamous cell carcinoma (OSCC) develop postoperative relapse,
but no parameters currently enable the identification of individuals with poor prognosis. Here, we report a
spatially resolved single-cell analysis of the tumor microenvironment in OSCC. By analyzing >700,000 cells
for 25 proteins using imaging mass cytometry, we discover leukocyte and endothelial cell phenotypes that
are independent prognostic factors for survival. Most notably, the presence of proliferating lymphatic endo-
thelial cells (KI67*PROX17), which show distinct molecular signature in transcriptomic analyses, in the
invasive tumor margin strongly predicts poor recurrence-free survival in early-stage OSCC. We validate
our findings in an independent OSCC cohort using an easy-to-measure KI67*PROX1" immunostaining
biomarker assay and multivariate analyses of recurrence-free, disease-specific, and overall survival. Thus,
our data highlight the role of tumor microenvironment in OSCC progression and its potential impact on

treatment strategies.

INTRODUCTION

Oral squamous cell carcinoma (OSCC) is the most common type
of malignancy affecting the oral cavity."> Despite the overall
decrease in the incidence of tobacco-related tumors in recent
years, OSCC incidence has steadily increased. Globally
~390,000 new cases and >188,000 deaths were reported in
2022. Among the OSCC locations, squamous cell carcinoma
of the oral tongue (OTSCC) is the most common site of cancer
in the oral cavity.>® OTSCC incidence is rising in young adults.
OTSCC is an aggressive cancer with a 5-year survival rate of
~60%,* and even with early-stage disease (i.e., T1-T2NOMO),
20% of patients will eventually relapse and face cancer-related
death.®

OSCC is primarily treated with surgery including removal of the
draining lymph nodes in all but T1 palate tumors.>® Large tumor
size, deep invasion, narrow resection margins, and metastatic
seeding to cervical lymph nodes are the only clinically used un-
favorable prognostic factors.”® Despite intensive research, no
molecular biomarker has been found to identify high-risk pa-
tients with early-stage OSCC.°

In addition to malignant cells, the tumor microenvironment
(TME) is a critical regulator of tumor progression in many can-
cers, including OSCC.""'? Among tumor-infiltrating leukocytes,
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the subclass, activation status, and location of the cells are all
decisive in determining their anti- versus pro-tumorigenic ef-
fects.’®'* In general, the presence of cytotoxic T lymphocytes
intermingling with tumor cells is associated with good outcomes,
whereas the accumulation of immunosuppressive lymphocyte
types, such as regulatory T cells (Tregs), or the exclusion of
T cells from the tumor mass are poor prognostic signs.'® The het-
erogeneous group of cancer-associated fibroblasts also exhibit
both tumor-promoting and tumor-inhibiting properties linked to
the production and remodeling of extracellular matrix, growth
factor production, and leukocyte interaction.'®"” Finally, blood
and lymphatic vessels covered by endothelial cells (ECs) un-
dergo neoangiogenesis in tumors and serve as portals for cancer
cell metastasis and immune cell trafficking.'®°

We hypothesized that spatially resolved single-cell analyses of
TME in OSCC might give new insights into tumor heterogeneity
and reveal new prognostic biomarkers. We used imaging mass
cytometry (IMC?') with a 25-antibody panel to characterize T
lymphocytes, blood endothelial cells (BECs), lymphatic endothe-
lial cells (LECs), and non-endothelial stromal cells (NESCs,
mainly fibroblasts) in OSCC. We discovered that a proliferating
LEC phenotype in the invasive tumor margin is a strong indepen-
dent adverse prognostic factor of early-stage OSCC in two inde-
pendent cohorts.
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Table 1. Patient cohort characteristics

Discovery cohort (n = 95)

Validation cohort (n = 205)

Characteristic® All patients All patients T1-T2
Patients included in the final analysis (n) 91 191 133
Age 67 (58, 74) 67 (58, 77) 67 (59, 75)
Gender

Female 44 (48%) 102 (53%) 74 (56%)

Male 47 (52%) 89 (47%) 59 (44%)
Smoking status

Non-smoker 39 (43%) 103 (54%) 71 (53%)

Active smoker 25 (27%) 63 (33%) 43 (32%)

Ex-smoker 25 (27%) 21 (11%) 15 (11%)
University Hospital District

Helsinki 27 (30%) 0 (0%) 0 (0%)

Kuopio 20 (22%) 0 (0%) 0 (0%)

Oulu 4 (15%) 0 (0%) 0 (0%)

Tampere 5(16%) 0 (0%) 0 (0%)

Turku 5 (16%) 191 (100%) 133 (100%)
pT

1 40 (44%) 70 (37%) 70 (53%)

2 46 (51%) 63 (33%) 63 (47 %)

3 5 (5.5%) 23 (12%) 0 (0%)

4 0 (0%) 35 (18%) 0 (0%)
pN

0 72 (79%) 135 (71%) 112 (84%)

1 8 (8.8%) 20 (10%) 9 (6.8%)

2 4 (4.4%) 36 (19%) 12 (9.0%)

3 6 (6.6%) 0 (0%) 0 (0%)
OSCC subsite (ICD-10)

Tongue (C02) 70 (77%) 83 (43%) 67 (50%)

Floor of mouth (C04) 1(12%) 9 (9.9%) 0 (7.5%)

Gum (C03) 5 (5.5%) 30 (16%) 1(8.3%)

Lip (C00) 0 (0%) 27 (14%) 23 (17%)

Other (C06) 5 (5.5%) 32 (17%) 22 (17%)
Surgery marginal (mm) 3.50 (2.00, 5.25) NA NA
Re-operation 15 (16%) NA NA
Treatment

Surgery 66 (73%) 100 (52%) 90 (68%)

Surgery + RT or CRT 25 (27%) 80 (42%) 42 (32%)
Follow-up from treatment (months) 29 (17, 37) 55 (20, 60) 60 (37, 60)
Number of events

Recurrence 13 (14%) 79 (41%) 44 (33%)

Death 17 (19%) 78 (41%) 38 (29%)

OSCC, oral squamous cell carcinoma; RT, radiotherapy; CRT, chemoradiotherapy.

@Median (interquartile range); n (%); NA, not assessed.

RESULTS

Geospatial analyses of the TME in early-stage OSCC
To analyze the TME in OSCC, we quantitatively explored the stro-
mal landscape at a single-cell level using multiplexed IMC in a new
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prospective real-life patient cohort. The cohort consisted of all
new early-stage (T1-T2NOMO) OSCC identified in Finland’s five
university hospitals in 2018-2019 (Table 1). Of the 95 patients,
~50% were female, ~45% were non-smokers, and ~75% had
OTSCC. None of the tumors showed regional or distant
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Figure 1. Characterization of the tumor microenvironment in early-stage OSCC

(A) Study setup in the discovery cohort outlining the selection of the tumor invasive margin (IM) area from OSCC samples, composition of the 25-antibody panel,
and pipeline for multiplexed IMC staining and single-cell analyses.

(B) Heatmap of the main OSCC cell types, relative average expression of the indicated markers (Z score), and prevalence of the cell types (density/mm?).

(C) UMAP plot of the main cell types (a random subset of 80,000 cells; same color code as in B).

(D) Frequency of the main cell types in OSCC. Each dot represents a single sample, and the lines indicate mean + standard error.

(E) Cell frequency comparisons between the cell types and indicated clinical variables. The bubble color indicates the clinical subgroup (term A or B) with a higher
cell type frequency, and the bubble size indicates the p value. Statistically significant differences are highlighted by gray dotted lines (Student’s t test, except log
rank test for analyzing the recurrence and survival). RT, radiotherapy; CRT, chemoradiotherapy.

See also Figures S1 and S2; Tables S1 and S2.

metastasis on radiological examination, and they were operated =~ We stained sections with a panel of 25 metal-labeled antibodies,

with curative intent. In subsequent pathologic examination, 40
T1, 46 T2, and 5 T3 stage cases were identified. Of all patients,
~80% were free of lymph node involvement (pNO) (Table 1), and
lymph node status was the only prognostic characteristic for
recurrence-free survival (RFS) in this cohort according to univari-
ate and multivariate Cox proportional hazard models (Table S1).
We used whole formalin-fixed paraffin-embedded (FFPE) sec-
tions from pathologist-verified primary OSCC tumors for IMC.

which were selected to comprehensively phenotype ECs, fibro-
blasts, and T lymphocytes with an emphasis on immunosup-
pressive and checkpoint markers (Figure 1A; Table S2). We
verified the performance of 17 commercially conjugated and 5
in-house conjugated antibodies based on their expected stain-
ing patterns in tumor and lymph node sections (Figures S1A-
S1C). After IMC imaging of one 1 mm x 1 mm pre-determined
region of interest (ROI) at the invasive margin (IM) in each patient,
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we used nuclear, cytoplasmic, and cell surface markers to
generate llastik cell probability images and subsequent cellular
segmentation masks®” to quantify multiplexed markers at a sin-
gle-cell resolution (Figure 1A).

Spatial cellular neighborhoods in OSCC

We identified E-cadherin* (ECAD") tumor cells, CD3* T lympho-
cytes, CD45*CD3™ non-T cell leukocytes, and PROX1* LECs in
OSCC samples using supervised cell labeling and a random forest
classifier (Figures 1B, S2A, and S2B). The ECAD* tumor cells were
subdivided into podoplanin (PDPN)-positive and negative cells,
and the CD45°CD3" immune cells were subcategorized into
CD8* T cytotoxic, FoxP3* T regulatory, and CD3*CD8 FoxP3~
other T cells. Using further clustering with all markers, two addi-
tional major cell populations, CD31"9"PROX1~ BECs and COL1*
NESCs, were identified, while the remaining cells were left
undefined.

When using uniform manifold approximation and projection
(UMAP) for dimensional reduction, tumor cells, LECs, and
BECs formed clearly separate cell clusters, whereas NESCs
and leukocyte clusters were more intermingled with other cell
types (Figure 1C). We identified 25.9% + 12.8% of the sample
cells as tumor cells, 34.8% + 17.0% as immune cells, and
30.8% + 12.6% as stromal cells (endothelial or non-endothelial),
and 8.5% + 5.0% of cells could not be assigned with our panel.
NESCs and PDPN" tumor cells were the most frequent cells in
the samples, whereas BECs (n = 29,775) and LECs (n = 5,302)
represented the rarest cell types (Figures 1B and 1D). No cell
type correlated with tumor size, lymph node metastasis, disease
recurrence, or survival (Figure 1E).

The spatial distribution of cells at the tumor IM affects the pro-
pensity of tumor cells to invade locally, form metastasis via
lymphatic and blood vessels, and interact with immune cells.' "
We therefore analyzed interaction (attraction) and avoidance be-
haviors between the different cell types®**° in OTSCC and other
types of OSCC (Figures 2A and S3A). In most samples of both pa-
tient groups, PDPN™and PDPN™ tumor cells showed significant in-
teractions and formed a distinct tumor compartment, whereas
they avoided the main immune and stromal cell types. We found
that PDPN* tumor cells avoided LECs less strongly than PDPN~
tumor cells, which is in line with PDPN expression mainly at the
edge of individual tumor cell patches (Figure S3B). All four main
leukocyte subtypes preferentially interacted with each other but
avoided tumor cells (Figure 2A). Among the main leukocyte types,
LECs and BECs interacted most with CD8 FoxP3™ other T cells,
which were also furthest away from the tumor cells (Figures 2A
and 2B). We found only a few differences in the interaction pat-
terns when comparing the behavior of OTSCC and other OSCC
cancers (Figures 2A and S3C).

We identified two tumor-enriched spatial neighborhoods at
the IM using an unsupervised local indicator of spatial associa-
tion method®® (Figures 2C, 2D, and S3D). These spatial regions
were designated as “IM tumor/central” and “IM tumor/border,”
according to their localization closer to or farther away from the
tumor-stroma interface, respectively. Based on the most en-
riched cell types, the three non-tumor cell-enriched spatial areas
were classified as “IM stroma-rich region,” “IM pan-leukocyte
hotspot,” and “IM T cell hotspot.” The proportion of the spatial
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areas showed marked interindividual variation, e.g., the IM
stroma-rich region occupied 10.2%-52.5% of the sample area
(24.9% =+ 8.5%, mean = SD; Figure 2D). However, none of the
five spatial regions correlated with tumor size, lymph node
metastasis, recurrence, or survival (Figure 2E).

Intratumoral leukocyte phenotypes predict survival in
oscC

We next analyzed the value of refined phenotypes of tumor cells,
NESCs, and leukocytes in predicting survival following standard
primary treatment of early-stage OSCC. We identified six
tumor cell and five NESC subpopulations, but none of them
showed any association with survival in Kaplan-Meier analyses
(Figures S4A-S4E).

We subclassified the three main T lymphocyte populations
(cytotoxic, regulatory, and other T cells) into nine subpopulations
using unsupervised clustering together with manually defined
localization within or outside the tumor at the IM (Figure 3A).
The three main T cell populations were not associated with sur-
vival in OSCC (Figure S4C), but patients with higher-than-median
levels of GZYB* cytotoxic CD8" T cells showed shorter RFS and
overall survival (OS) in Kaplan-Meier plots (Figure 3B). Moreover,
higher intratumoral T cell counts of the CD8" or FoxP3* pheno-
type were associated (p = 0.003 and p = 0.005, respectively)
with improved OS (Figure 3C). The other T cell or non-T cell sub-
populations were not associated with survival (Figures S4C, S4F,
and S4G).

Using Cox proportional hazard models adjusted for the prog-
nostic factors age, tumor size (pT), and nodal involvement (pN),
we discovered that a high CD8"GZYB* phenotype independently
predicts impaired RFS (hazard ratio [HR]: 6.7, 95% confidence in-
terval [Cl]: 1.7-26.0, p = 0.006) and impaired OS (HR: 3.6 [95% ClI:
1.2-10.9], p = 0.02; Figure 3D). In contrast, a high frequency of in-
tratumoral CD8* T lymphocytes was independently associated
with longer RFS (HR: 0.25 [95% CI: 0.07-0.94], p = 0.04) and
longer OS (HR: 0.10 [95% ClI: 0.02-0.40], p = 0.001). A high fre-
quency of intratumoral Tregs also predicted longer OS in this
multivariate Cox model (Figure 3D; Table S3). The frequency of
FoxP3* and CD8" cells was similar in “IM tumor” spatial areas,
whereas CD8* cells were predominant in the three “IM stroma”
areas (Figure 3E). The FoxP3:CD8 cell ratio had no prognostic
value for survival (Figure 3F). T cells expressing exhaustion
markers PD1, TIM3, and VISTA?’ did not predict survival in whole
IM samples, IM T cell hotspots (where the exhausted cell types
were enriched), or in IM tumor regions (Figures 3G and S4H-S4M).

IM T cell hotspots were enriched in smokers compared to non-
smokers (Figure 2E), which led us to further study the associations
between smoking and the immune landscape. Refined cellular
neighborhood analyses showed that few cell-cell interactions
differed between non-smokers and smokers (Figures S5A and
S5B). However, intratumoral T cells (Tc IT and Treg IT) were less
likely to avoid LECs in smokers than in non-smokers. We also
found that smokers had higher frequencies of all measured leuko-
cyte types in the IM T cell hotspot areas but lower frequencies of
CD3" leukocytes in the IM tumor/border niche and “IM stroma-
rich” areas (Figure S5C). The prognostic value of different immune
cells in both subgroups remained quite similar to the pooled ana-
lyses, but the only statistically significant association was the
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Figure 2. Spatial cellular neighborhoods in OSCC

(A) Heatmap of pairwise cellular interaction-avoidance scores (percent of samples with significant interaction [red] or avoidance [blue]). In each grid, the upper and
lower rows represent OTSCC (tongue) and other OSCC types (other subsites), respectively. Statistically significant differences between OTSCC and other OSCC
tumor types are highlighted by gray dotted lines.

(B) The distance between different cell types and the nearest tumor cell. Each dot represents a single sample, and the lines indicate mean + standard error.
(C) Distribution of different cell types within the five spatial neighborhood regions in the IM of the OSCC samples. The enrichment scores were calculated relative
to the expected random distribution.

(D) Distribution of spatial regions in the OSCC TME. Uppermost row: representative IMC raw images of E-cadherin, CD3, CD45, and DAPI (DNA) staining in three
patients A-C with OSCC. Middle row: localization of individual cell types (the color code below the image) within the five spatial regions (i-v, fill-in pattern shown
below the image) in patients A-C. Bottom row: distribution of the spatial regions i-v (as defined above the image) as a percentage of the total area in all individual
patient samples (n = 91).

(E) Frequency comparisons of the OSCC regions with the indicated clinical variables. The bubble color indicates the clinical subgroup with a higher spatial area
frequency, and the bubble size indicates the p value. Statistically significant differences are highlighted by gray dotted lines (Student’s t test, except log rank test
for analyzing the recurrence and survival). RT, radiotherapy; CRT, chemoradiotherapy.

See also Figure S3.

better OS in non-smokers with high numbers of intratumoral cyto-
toxic T cells (Figures S5D-S5F).

Hence, in early-stage OSCC, the presence of intratumoral cyto-
toxic T cells or Tregs at the IM predicts improved survival, whereas
phenotypically exhausted T cells do not correlate with prognosis.

Proliferating LECs independently predict poor outcome
in OSCC

We discovered that tumor IM LECs, defined as PROX1* cells,?®
formed five clusters based on the expression of PDPN, LYVE1,
CD31, and KI67 (Figure 4A). Total LEC numbers were not
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Figure 3. Phenotypic heterogeneity and prognostic value of T lymphocytes in OSCC
(A) T-distributed stochastic neighbor embedding (t-SNE) visualization of T cells (randomly sampled 5,000 cells; colored by the identified T cell clusters), marker
expression, and mean distance to the tumor. A representative IMC image showing the intratumoral (IT) and stromal (S) localization of CD8* and FOXP3* cells at

the IM.

(B and C) Kaplan-Meier analyses showing RFS and OS based on the frequency of a given T cell subpopulation (Tc GZYB* cells, B, and intratumoral CD8* [TcIT]
and FOXP3* [Treg IT] cells, C) above (high) or below (low) the median frequency of that subpopulation.

(D) Cox proportional hazard models (HR and 95% ClI) adjusted for age, pT, and pN with the indicated T cell subpopulations for RFS and OS.

(E) The proportions of cytotoxic CD8" (Tc) and FOXP3* (Treg) T cells (out of all T cells) within the indicated spatial areas.

(F) Univariate Cox proportional hazard model of high cytotoxic T cell-to-Treg ratio in the indicated spatial areas for RFS and OS.

(G) Univariate Cox proportional hazard model of exhausted (PD1*, TIM3*, and VISTA*) T cells and non-exhausted T cells (negative) for RFS and OS.

See also Figures S4 and S5; Table S3.

associated with survival in OSCC (Figures 1E and S4C; Table S3).
However, high numbers of LYVE1™ LECs were associated with
favorable OS (Figure 4B), but this LEC subpopulation did not
have an independent predictive value (Figure 4C). In contrast, a
higher-than-median percentage of proliferating KI67* LECs was
strongly associated with poor RFS (p = 0.002) and OS (p = 0.002)
(Figure 4D). Notably, at 36 months, we observed OSCC recurrence
in only 6% of patients with a low KI67* phenotype compared with
32% of patients with a high KI67* phenotype. Single-cell analyses
further revealed that only KI67* LECs, but not KI67~ LECs, had
value in predicting recurrence (Figure 4E; Table S3).

Using a fully adjusted (age, pT, and pN) Cox model, we discov-
ered that KI67* LECs were a strong independent factor for pre-
dicting RFS (HR: 8.3 [95% CI: 1.8-38.9], p = 0.008) and OS
(HR: 5.9 [95% CI: 1.6-21.1], p = 0.007) (Figure 4F; Table S3). In
fact, only KI67* LECs and lymph node metastasis status were
predictive of RFS, whereas KI67* LECs were the only marker
predicting poor OS in these patients (Figure 4F). The prognostic
power of proliferating LECs remained intact, even when smoking
was included in the adjusted Cox model (Figure S6A).
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PROX1 and KI67 co-expression in the LEC nucleus allowed us
to determine cell phenotypes with high confidence. We found
stronger PROX1 signals in non-nucleolar areas than within
nucleoli, whereas KI67 expression was high in nucleoli and
weaker at the periphery of the nucleus (Figure 4G). The propor-
tion of proliferating LECs (KI67* LECs/all LECs) varied substan-
tially (from 0% to 50%; 5.4% + 9.5%, mean + SD) among
patients (Figures 4H and S6B). When we divided lymphatic
vessel profiles into those with none, one, or two or more
KI67*PROX1* cells (assigned as LVpO0, LVp1, and LVp2, respec-
tively), we observed that lymphatic vessels with >2 KI67* LECs
were highly enriched at the spatial region IM tumor/border
(Figure 4l). The lymphatic vessels in IM tumor areas with no
proliferating cells (LVpO0), representing on average 25% + 13%
(mean + SD) of all lymphatics, had absolutely no correlation
with RFS (Figure 4l). In stark contrast, a high number of lymphatic
vessels with one or more KI67* LECs in IM tumor areas associ-
ated very strongly (p = 0.0003) with poor prognosis (Figure 4l).

In sensitivity analyses, KI67* lymphatic vessels (LVp1-2) were
associated with disease progression in both patients with no
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Figure 4. Phenotypic heterogeneity and prognostic value of endothelial cells in OSCC

(A) Violin plots showing the expression of the indicated markers in endothelial subpopulations. t-SNE visualization of endothelial cells (randomly sampled 5,000
cells; colored by the identified clusters) shows the distribution of the LEC and BEC subpopulations.

(B) Kaplan-Meier analyses of survival in patients with a frequency of LEC LYVE1™ cells above (high) or below (low) the median frequency.

(C) Cox proportional hazard models (adjusted for age, pT, and pN) showing RFS and OS for the LEC LYVE1™ high patients.

(D) Kaplan-Meier plots for KI67* high and low LEC phenotypes for RFS and OS.

(E) Single-cell scatterplots showing the PROX1*KI67-, PROX1*KI67*, and PROX17Ki67* populations and their prognostic value in RFS (log rank test).

(F) Multivariate Cox proportional hazard model (HR and 95% Cl) adjusted for age, pT, pN, and KI67* LECs in predicting RFS and OS. Note the logarithmic scale.
(G) High-resolution confocal microscope image showing PROX1 and KI67 expression in a representative OSCC sample. N, nucleolus; P, perinucleolar area.
(H) Distribution and intensity of PROX1 and KI67 expression in the five spatial areas of OSCC tumors. Three representative samples with none, moderate, and high
frequencies of dividing KI67*PROX1* LECs.

(I) Prognostic value of lymphatic vessels containing proliferating LECs. Distribution of lymphatic vessels, defined as vessel profiles containing zero (LVp0), one
(LVp1), or two or more (LVp2) KI67*PROX1* LECs within the spatial neighborhood regions of the OSCC samples. The enrichment scores are presented relative to
the LVpO population. Kaplan-Meier analyses showing the association between LVpO0 and LVp1-2 vessel frequency at IM tumor spatial area and patient survival.
See also Figures S4 and S6; Tables S3 and S4.
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Figure 5. Proliferating KI67* cell populations in OSCC
(A) Percentage of KI67™ cells within each cell type in IM tumor (green) spatial areas and in the whole sample (“All”, blue). Paired comparison with Wilcoxon-signed
rank test.

(legend continued on next page)
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nodal involvement (pN = 0, p = 0.007) and in the few patients with
locally spread tumors (pN+) (Figure S6C). Nonproliferating LECs
had no value in predicting survival in lymph node-negative or
-positive cases (Figure S6C). The proliferating lymphatic vessels
did not differ from nonproliferating ones in terms of PDPN,
LYVE1, CD31, and CD73 expression, but they did express higher
levels of VMT, CD206, and PROX1 (Figure S6D). Moreover, LECs
expressed PDL1 (which can contribute to local immune suppres-
sion®®) particularly in the KI67* and PDPN~ subpopulations
(Figure S2A). PDL1 expression in LECs correlated with the den-
sity of tumor-infiltrating leukocytes (Figure S6E) but was not
associated with survival (Figure S6E).

Additional Kaplan-Meier analyses showed that patients posi-
tive for both independent risk factors for poor RFS (high KI67*
LECs and pN+) had markedly adverse outcome compared with
those with only one or no risk factor (p < 0.0001), and 70.0% of
the high-risk group had experienced a recurrence in 3 years
(Figure S6F). Cox analyses further revealed that the combination
score predicted RFS (HR: 19.0 [95% CI: 5-102]) and OS (HR: 9.5
[95% CI: 2.3-40.2)]) better than either of its components sepa-
rately (Figure S6F; Table S4). Taken together, proliferating
LECs, but not total LECs or other LEC subtypes, at the IM
have strong independent prognostic value for poor outcome in
early-stage OSCC.

Proliferating LECs have a distinct molecular signature in
0oscC

Many non-LEC cells harbored a sizable KI67* subpopulation in
OSCC (Figure 5A). We found the highest proliferative fraction
(25.7% = 14.0%) in PDPN™ tumor cells, and PDPN™ tumor cells,
cytotoxic T cells, and Tregs had 8%-13% KI67* cells. Of note,
BECs also contained a clear KI67* subpopulation (3.4% =
2.7%) (Figure 5A). Among cytotoxic T cells and CD3™ leukocytes
(and undefined cells), the proliferating cells were enriched to IM
tumor, whereas among other cell types (including LECs), the per-
centage of proliferating cells was similar in this spatial area and in
the whole IM sample (Figure 5A). The fraction of proliferating
LECs did not correlate with age, gender, smoking status, or tu-
mor subsite, whereas in many other cell types, proliferation
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correlated positively to age (Figure 5B). Strikingly, only KI67*
LECs, but not KI67* BECs or any other KI67* cell type, correlated
to cancer recurrence (Figure 5B) or predicted OS or RFS
(Figure S4C; Table S3).

OSCC has been studied using single-cell RNA sequencing
(scRNA-seq) in search of biomarkers,**? but LECs have not
been analyzed in those studies. We identified a small but clear
endothelial cell cluster (197-909 cells) in each dataset (alto-
gether 34 patients and 65,141 cells) using established pan-endo-
thelial markers PECAM1, CLDN5, and CDH5 (Figure 5C). When
reclustering the ECs at a higher resolution, we recognized a
well-defined PROX1* LEC subpopulation, and in two out of three
datasets, we found a few MKI67* PROX1* cells (Figures 5C-5F).
Several genes, such as DNAJ4 (regulating heat shock response
and endothelial migration®®), TYMS (involved in DNA replica-
tion®*), SOCS1 (regulating JAK/STAT signaling®), and CCL20
(supporting chemotaxis of Tregs and other lymphocytes®® and
angiogenesis®’), were enriched in proliferating LECs compared
to nonproliferating LECs (Figure 5G). Of note, we observed no
proliferating LECs in three normal samples from oral mucosa
(Figure 5F). Molecules involved in neutrophil chemotaxis, such
as chemokines CXCL1, CXCL2, CXCL3, and CXCL8, and inter-
feron-inducible molecules (e.g., IFI6, ISG15, and BST2), were
enriched in OSCC LECs compared to normal LECs (Figure 5H).
On the other hand, normal LECs expressed more TNFAIP3, a
terminator of NF-kB activation and inhibitor of angiogenesis,*®
and THBS1, a cell-surface adhesion protein and an inhibitor of
lymphangiogenesis.*®

We validated a set of identified marker candidates for prolifer-
ating and tumor-associated LECs using immunostaining and cell
segmentation. In LECs, TYMS outlined the nucleus and whole
cytoplasm of proliferating KI67* LECs, whereas it was absent
from nonproliferating LECs (Figures 5| and 5J). BIRC5 protein
was enriched in the nuclei of proliferating LECs (Figures 5l
and 5J). When comparing normal and OSCC LECs, we
found increased BST2 expression in tumor-associated LECs
(Figures 5K and 5L), whereas no difference was observed in
the expression of the common LEC marker PDPN. Thus, protein
staining faithfully reproduced the scRNA-seq data with the two

(B) Cell frequency comparisons between the KI67* proliferating cells and the indicated clinical variables. The bubble color indicates the clinical subgroup with the
higher frequency of the proliferating cells, and the bubble size shows the p value. The analyses are done separately for the IM tumor areas and for the whole
sample. Statistically significant differences are highlighted by gray dotted lines (Mann-Whitney U test, except log rank test for analyzing the recurrence).

(C) t-SNE plots (left) visualizing three human OSCC scRNA-seq datasets acquired from the Gene Expression Omnibus database, with ECs highlighted by a red
circle. Violin plots (middle) show the expression of the indicated EC markers. t-SNE plots (right) show PROX1 expression in ECs. LECs are highlighted with a blue
circle.

(D-F) Bar plots showing total scRNA-seq cell counts and fractions of EC populations in OSCC (GSE103322, D, and GSE172577, E) and in OSCC and normal oral
mucosa (NORM) (GSE181919, F). LECki = MKI67* LECs.

(G) Heatmap of the scaled average expression of 20 differentially expressed genes between MKI67* and MKI67~ LECs in combined analysis for datasets
GSE172577 and GSE181919. Significantly enriched (over-representation analysis [ORA]) Gene Ontology (GO) pathways are marked with colored circles for
indicated marker. GO:0140014, mitotic nuclear division; GO:0007088, regulation of mitotic nuclear division. g value, false discovery rate-adjusted p value.

(H) Heatmap of the scaled average expression of 30 differentially expressed genes between LECs in OSCC and NORM in dataset GSE181919. Colored circles
represent significantly enriched GO pathways for the indicated marker. GO:0032496, response to lipopolysaccharide; GO:0001836, release of cytochrome ¢ from
mitochondria; GO:0006935, chemotaxis; GO1903900, regulation of viral life cycle. g value, false discovery rate-adjusted p value.

(I and J) Expression (l) and quantification (J) of TYMS and BIRC5 in OSCC. The samples were co-stained for PROX1, PDPN, CK, and KI67. Arrows indicate
proliferating LECs.

(Kand L) Expression (K) and quantification (L) of BST2 and PDPN in OSCC and normal oral mucosa LECs. The samples were co-stained for PROX1, CK, and KI67.
Arrows indicate BST2* LECs in the tumor.

Data in (I)-(L) are from 3 to 5 patients (6-8 regions/patient and 5,569 LECs). Mann-Whitney U test.
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tested proliferation-associated molecules (TYMS and BIRC5)
and one proliferation non-associated molecule (BST2).

Collectively, our data indicate that only LECs are associated
with OSCC outcome among KI67* cells and that LECs display
new molecular characteristics at the mRNA and protein level
that are useful when differentiating proliferating and nonprolifer-
ating LECs in OSCC and between tumor-associated and
normal LECs.

Proliferating LECs are a clinically useful biomarker of
oscC

To determine whether LEC proliferation status is a useful
biomarker in clinical settings, we developed immunofluores-
cence staining for PROX1, KI67, and pan-cytokeratin using
wide-field microscopy and defined optimal cutoff points for per-
centage of proliferating LECs and for the minimal LEC density to
obtain reliable phenotype assignment using the discovery series
(Figures S6G-S6l).

For the validation experiments, we stained and analyzed
an independent series of 205 OSCC whole-section tumors
(Figures 6A and 6B). Samples of 191 patients, of which 133
had T1-T2 tumors, contained adequate tumor-stroma interface
for analyses (Table 1). The clinicopathological characteristics
of patients with early-stage OSCC in the discovery and validation
series were statistically similar, with the exception of geograph-
ical area distribution, OTSCC versus non-OTSCC ratio, and
follow-up time (Table 1). For quantitative analyses, we chose
two 1-mm? regions from the IM and determined the mean
numbers of juxtatumoral (defined as ~50 pm from the nearest tu-
mor cells) proliferating (KI67*PROX1*) and overall (PROX1%)
LECs using manual scoring (Figures 6A and 6B).

We discovered that a high percentage of proliferating juxtatu-
moral LECs was associated with poor RFS and disease-specific
survival (DSS) in patients with T1-T2 OSCC tumors in the
validation cohort (Figure 6C). The overall LEC density did not
correlate with survival (Figure 6D). In multivariate Cox analyses,
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KI67*PROX1* cells, but not age, tumor grade, or lymph node
metastasis, independently predicted 3-year RFS (Figure 6E;
Table S4). Proliferating LECs (and T grade) independently
predicted poor 3-year DSS and OS among these patients. More-
over, KI67*"PROX1* LECs were an independent prognostic fac-
tor for 5-year RFS in early-stage OSCC (Figure S7A; Table S5).

When analyzing all patients (T1-T4) of the validation cohort, we
found that a high number of proliferating juxtatumoral LECs were
associated with a poor 3-year RFS (Figure 6F). In multivariate
models, KI67* LECs remained an independent prognostic factor
for 3-year RFS, DSS, and OS and for 5-year RFS and OS
(Figures 6F and S7B; Table S5). The overall LEC density showed
no prognostic value among all patients (Figure S7C). Finally,
when counting the combined risk score using LEC proliferation
and nodal status (as in the discovery cohort) for the whole valida-
tion cohort (T1-T4), we observed that it predicted decreased
3-year and 5-year RFS, DSS, and OS markedly better than either
parameter alone (Figures 6G and 6H; Table S4).

In sensitivity analyses, we discovered that when the patients
were categorized into high- and low-LEC proliferation groups
based on the maximal number of KI67*PROX1™ cells (i.e., using
proliferating LEC data only from the IM spot having the higher
percentage), the high group both among T1-T2 and all patients
showed worse RFS, DSS, and OS (Figures S7D and S7E).
KI67*PROX1* LECs independently predicted poor 3-year and
5-year RFS and OS in T1-T2 patients in the validation cohort
even when smoking was included in the Cox models (Figure S7F).

We also used deep learning-based cell segmentation to define
proliferating LECs at IM in the validation series and found an
excellent correlation between the manual and automated
methods in terms of both LEC density and LEC proliferation
quantitation (Figure S7G). Moreover, patients belonging to the
high KI67*PROX1* group based on segmentation analyses had
impaired RFS and OS (Figure S7H). We further performed cell
segmentation analyses for 20 whole sections with high prolifer-
ating LEC counts. Consistent with the other data, we observed

Figure 6. Validation of the KI67*PROX1* biomarker in an independent OSCC cohort and its performance in different treatment arms and
against TNM staging

(A) Validation study setup outlining the selection of the three-antibody panel and the pipeline for conventional immunofluorescence analyses (used for B-H).
(B) Wide-field (upper) and confocal (lower) microscope images of OSCC tumors for the indicated markers (CK, pan-cytokeratin). KI67*PROX1* LECs are en-
circled. Scale bars, 20 pm (upper) and 50 pm (lower).

(C) Kaplan-Meier analyses of RFS, DSS, and OS in patients with T1-T2 OSCC and high or low numbers of juxtatumoral proliferating KI67*PROX1* LECs
(LECp(JT)%). The p values are shown for the 3-year time point.

(D) Survival analyses (as in C) of patients stratified by the total number of LECs.

(E) Cox proportional hazard models for 3-year survival in patients with T1-T2 OSCC.

(F) Kaplan-Meier and Cox proportional hazard analyses for 3-year RFS in all patients with OSCC (T1-T4).

(G) Cox proportional hazard analyses for 3-year RFS with a combination risk score (high LECp(JT)% and positive nodal status) and its two components for all
patients with OSCC (T1-T4).

(H) Kaplan-Meier analyses of the high-risk group (high LECp(JT)% and positive nodal status), low-risk group (low LECp(JT)% and NO nodal status), and others
(positive only for one of the two risk factors). The p values are for the 3-year time point.

(I) Cox proportional hazard analyses of juxtatumoral KI67*PROX1* LECs in different treatment arms in combined discovery and validation cohorts (T1-T4 pa-
tients). HRs represent 3-year RFS (black line) and OS (red line).

(J) Kaplan-Meier analyses of RFS and OS in all patients (T1-T4) with high or low numbers of juxtatumoral KI67*PROX1* LECs in the surgery-only (upper row) and
neck dissection (lower row) treatment groups in the combined discovery and validation cohorts (T1-T4 patients). Kaplan-Meier analyses of RFS are also shown
separately for T1-T2 patients.

(K) ROC analysis of the LEC biomarker, TNM stage, T stage, and N status for RFS and OS. The arrow indicates a predetermined cutoff (i.e., LECp(JT)% of 1%). Bar
plots show the median and upper and lower quartiles, and the whiskers indicate +1.5 x IQRs for cumulative 5-year AUC values for RFS (Wilcoxon signed-rank
test) in all patients (upper) and in patients with TNM stages | and Il in the combined discovery and validation cohorts.

Note the logarithmic HR scale in (E), (F), (G), and (l). See also Figure S7; Tables S4 and S5.
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enrichment of the proliferating LECs over nonproliferating LECs
at the juxtatumoral location, noted that KI67*PROX1* LECs were
located nearer to the tumor-stroma interface than KI67"PROX1*
cells, and found that LEC proliferation percentages determined
from different locations along the interface were concordant
(Figures S71-S7K).

To analyze LEC biomarker performance in different treatment
arms, we used combined OSCC data (discovery and validation
cohorts pooled, n = 282 patients). Juxtatumoral KI67*PROX1*
LECs had prognostic value for RFS and OS in T1-T4 patients
treated with surgery only, surgery combined with radiotherapy,
and neck dissection combined with any form of therapy
(Figures 6l and 6J). In patients treated with adjuvant chemoradio-
therapy, LEC proliferation status was not significantly correlated
to survival (Figure 6l). The biomarker also performed well when
early-stage T1-T2 patients treated with surgery only or undergo-
ing neck dissection were analyzed separately (Figure 6J). For
instance, among T1-T2 patients who underwent neck dissec-
tion, only 4% in the KI67*PROX1* low group experienced dis-
ease recurrence in 3 years, whereas 47% of the patients in the
KI67+*PROX1* high group experienced relapse (Figure 6J).

Finally, we compared the performance of the KI67*PROX1*
biomarker with that of TNM staging in our pooled OSCC cohort.
Receiver operating characteristic (ROC) analyses showed that
the LEC biomarker had area under the curve (AUC) values of
0.64 and 0.67 for 3-year RFS and OS, respectively (Figure 6K).
The performance of the LEC biomarker and TNM staging was
comparable among all patients with OSCC; however, among pa-
tients with TNM stages | and Il, the LEC biomarker outperformed
TNM staging based on cumulative 5-year AUC values (Figure 6K).

Taken together, the number of proliferating LECs at the IM is a
robust independent factor predicting survival in early-stage
OSCC in both the discovery and validation cohorts. The LEC
biomarker can be readily determined by regular immunostaining
and is also valuable for predicting the outcomes of patients with
more advanced stages of OSCC and in several treatment
modalities.

DISCUSSION

The discovery of outcome markers for early-stage OSCC is an
unmet clinical need. Although ~20% of patients with early-stage
OSCC relapse after primary surgical therapy, no molecular bio-
markers exist for patient stratification and therapy develop-
ment.>'? In this study, we provide a multiplexed, spatially
resolved atlas of oral cavity cancer TME and report that the num-
ber of proliferating LECs (KI6B7*PROX1* cells) in the IM of
the tumor has strong independent value in predicting survival,
especially in early-stage OSCC, in separate discovery and vali-
dation cohorts. The LEC biomarker performed well in both
non-smokers and smokers, in different treatment modalities,
and in comparison with TNM staging. Moreover, we demon-
strated that the immunohistological scoring of KI67*PROX1*
LECs is compatible with routine pathological laboratory method-
ology and is thus a feasible biomarker for clinical decision-
making.

Early-stage OSCC is treated with local surgery, and patients
typically receive multimodal treatment (neck dissection and
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adjuvant chemoradiotherapy) only if the tumors are predicted
to be aggressive.>“° Clinical and pathological TNM staging
remain the cornerstones of assessing prognosis and planning
and evaluating treatment in OSCC.? Additional conventional his-
topathological patterns like lymphovascular and neural invasion,
tumor budding, infiltrative growth pattern, and tumor-to-stromal
tissue ratio have been suggested to provide additional prog-
nostic value in early-stage OSCC.*"*? Out of >150 proposed
biomarkers tested in OTSCC, only tumor-cell intrinsic cyclin D1
and VEGFA have emerged as putative biomarkers in meta-ana-
lyses, but they are not used clinically.°

Multiplexed spatial staining techniques now allow accurate
assignment of LECs for the first time. In particular, PROX1, as
the master transcription factor for lymphatic vessel develop-
ment,”® is highly useful for discriminating LECs from BECs,
which otherwise can share many markers (e.g., CD31, LYVET1,
PDPN, and VEGFR3).*>*** We and others previously reported
that the total number of lymphatic vessels—defined by
commonly used LYVE1 or PDPN markers—had no predictive
value in adjusted analyses of OTSCC.**~*® Consistent with these
data, we identified four PROX1* LEC subsets according to PDPN
and LYVE1 expression levels and showed that they have no
prognostic value for disease recurrence in early-stage OSCC.
Moreover, the total number of LECs had absolutely no associa-
tion with any of the survival outcomes either in the discovery or
validation series.

As such, cell proliferation was not a useful biomarker in our an-
alyses. Specifically, proliferating BECs or tumor cells had no
prognostic value in OSCC. This finding agrees with meta-anal-
ysis data from 15 studies showing that KI67 (determined in all
cells) is not an informative biomarker in mixed stage I-IV
OTSCC tumors, or specifically in two smaller cohorts of T1-T2
patients.’” Moreover, in scRNA-seq and other suspension-
based omics analyses of tumors, the number of ECs remains
low, and the representativeness of the digested cells for the
in situ repertoire of LECs remains unverified (e.g., proliferating
LECs may be more vulnerable to anoikis during isolation).*~%?
Therefore, spatially resolved single-cell analyses of LECs and
precise colocalization of PROX1 and KI67 signals within the
cell nucleus have potential benefits in the development of
biomarker analyses.

The six tumor cell types and six NESC types (most likely
representing fibroblasts) we were able to define using our
marker panel did not correlate with OSCC outcome. However,
more refined analyses may reveal biomarker values for these
cell types. For instance, scRNA-seq’®? and multiplexed
spatial analyses*® have suggested partial epithelial-mesen-
chymal transition as a possible prognostic factor in head
and neck cancer (including OSCC); however, the utility of
such complex omics-based scores in clinical practice is
currently limited. We also found that the regional presence
of intratumoral T cells of either the cytotoxic or regulatory
phenotype is a good prognostic sign, whereas markers of
T cell exhaustion did not confer predictive power. Although
counterintuitive, high numbers of Tregs are a good prognostic
sign in pan-tumor analysis®® and OSCC.®" It is possible that
intratumoral Tregs are co-recruited with other T cells by the
same signals into the favorable inflamed TME or that they
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exert beneficial functions by suppressing chronic pro-tumori-
genic inflammation.

The prospective nature of our IMC cohort, spatially resolved
multiplexed interrogation of the TME, adjusted analyses of clini-
cally challenging early-stage T1-T2 OSCC, and use of an inde-
pendent validation cohort with cutoff values determined from
the discovery cohort are strengths of our analyses. From a clin-
ical point of view, it is highly relevant that we were able to derive
an easy-to-measure biomarker from a complex proteomics-
based discovery study. Three-color immunofluorescence stain-
ing for PROX1, KlI67, and tumor cells, low-resolution wide-field
microscopy, and manual image analyses were sufficient to repli-
cate the independent prognostic value of proliferating LECs.

In conclusion, here we analyzed the architecture of TME in
early-stage OSCC using spatial single-cell technologies. Most
notably, we discovered that the KI67*PROX1* phenotype of
LECs at the tumor IM has as an independent value for predicting
poor RFS, DSS, and OS. This robust biomarker should be
useful in identifying patients with indolent-looking, surgically
removed early-stage OSCC who are at risk of progression to
fatal disease.

Limitations of the study

There are several limitations to our study. The generalizability of
the results to other non-Finnish populations remains to be deter-
mined. The low number of different OSCC types (apart from
tongue carcinoma) currently prevents meaningful cancer sub-
type-specific analyses. The value of the LEC biomarker in the
constantly changing landscape of OSCC treatments, e.g., in pa-
tients treated with immune checkpoint inhibitors, which were not
used at the time of cohort collection, also needs to be addressed
in future studies. Moreover, the molecular mechanisms that drive
LEC proliferation and contribute to decreased survival remain to
be elucidated.>® Finally, the clinical applicability of our two-
component biomarker in a pathology laboratory as a stand-alone
test in predicting OSCC prognosis after surgery remains to be
validated.
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STARXxMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

A full list of IMC antibodies is provided in Table S1 NA NA

Rabbit monoclonal anti-Prox1 (clone EPR19273) Abcam Cat# ab199359; RRID: AB_2868427

Mouse monoclonal anti-Pan Cytokeratin (clone AE1/AE3)
Mouse monoclonal anti-Ki-67 (clone B56)
Mouse monoclonal anti-Podoplanin (clone D2-40)

Rabbit monoclonal anti-TYMS (clone D5B3)

Rabbit monoclonal anti-BIRC5 (clone 71G4B7)

Rabbit monoclonal anti-BST2 (clone E4AN3W)
Donkey anti-Rabbit IgG
Goat anti-Rabbit IgG

Donkey anti-Mouse IgG

Thermo Fisher Scientific
BD Biosciences
Biolegend

Cell Signaling Technology

Cell Signaling Technology

Cell Signaling Technology

Thermo Fisher Scientific

Thermo Fisher
Scientific

Thermo Fisher

Cat# 53-9003-82; RRID: AB_1834350
Cat# 558617; RRID: AB_647108
CAT# 916606; RRID: AB_2565820

Cat# 9045; RRID: AB_2797693

Cati# 2808; RRID: AB_2063948

Cat# 95940
Cat# A31573; RRID: AB_2536183
Cat# A21039; RRID: AB_2535710

Cat# A21203; RRID: AB_2535789

Scientific
Biological samples
FFPE of 95 early-stage OSCC patients (discovery) This paper NA
FFPE of 205 mixed-stage OSCC patients (validation) Mylly et al.>® https://doi.org/10.3390/cancers14225717
Chemicals, peptides, and recombinant proteins
Dako Target Retrieval Solution (pH 6) Agilent Cat# S2369
Dako Target Retrieval Solution (pH 9) Agilent Cat# S2367
Iridium intercalator Standard BioTools Cat# 201192B
DAPI Thermo Fisher Scientific Cati# #D1306

ProLong Gold Antifade Mountant

Thermo Fisher Scientific

Cat# P36930

Critical commercial assays

Maxpar® X8 Antibody Labeling Kit, 148Nd—4 Rxn
Maxpar® X8 Antibody Labeling Kit, 156Gd—4 Rxn
Maxpar® X8 Antibody Labeling Kit, 161Nd—4 Rxn
Maxpar® X8 Antibody Labeling Kit, 163Nd—4 Rxn
Maxpar® X8 Antibody Labeling Kit, 165Nd—4 Rxn
Invitrogen Antibody Labeling Kit for 100 pg

Standard BioTools
Standard BioTools
Standard BioTools
Standard BioTools
Standard BioTools
Thermo Fisher Scientific

Cat# 201148A
Cat# 201156A
Cat# 201161A
Cat# 201163A
Cat# 201165A
Cat# A88068

Deposited data

OSCC IMC data
scRNA-seq data of 18 OSCC samples
scRNA-seq data of 6 OSCC samples

scRNA-seq data of 10 OSCC samples and
3 control samples

This paper

Puram et al.*°

Peng et al.*’

Choi et al.*?

Zenodo: https://doi.org/10.5281/zenodo.14980832
GEO: GSE103322
GEO: GSE172577
GEO: GSE181919

Software and algorithms

R (version 4.3.0)
llastik (version 1.3.3)

R Development Core Team

Berg et al.*?

https://www.r-project.org
https://www.ilastik.org/

(Continued on next page)

Cell Reports Medicine 7, 102615, February 17,2026 el


https://doi.org/10.3390/cancers14225717
https://doi.org/10.5281/zenodo.14980832
https://www.r-project.org
https://www.ilastik.org/

¢? CelPress Cell Reports Medicine

OPEN ACCESS

Continued
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CellProfiler (version 4.2.4) Stirling et al.>* http://cellprofiler.org

Python (version 3.10.9) Python Software Foundation  https://www.python.org/

Cellpose (version 3.0.11) Stringer et al.>® https://www.cellpose.org/

IMC segmentation pipeline Windhager et al.*® https://github.com/BodenmillerGroup/
ImcSegmentationPipeline

imcRtools (version 1.7.2) Windhager et al.”® https://doi.org/10.1038/s41596-023-00881-0

PhenoGraph (version 0.99.1) Levine et al.®’ https://doi.org/10.1016/j.cell.2015.05.047

Seurat (version 4.3.0) Hao et al.*® https://doi.org/10.1038/s41587-023-01767-y.

Fiji (version 1.54f) Schindelin et al.*® https://doi.org/10.1038/nmeth.2019

LAS X office (version 1.4.5) Leica Microsystems https://www.leica-microsystems.com/products/
microscope-software/p/leica-las-x-Is/

Whole tumor segmentation and analysis code This paper https://github.com/jonasiaho/WholeTumorSeg

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Clinical cohorts and sample collection

This study included a prospective discovery cohort and a validation cohort. The discovery cohort included all 95 patients with early-
stage OSCC who underwent surgical treatment with curative intent in Finland between 2018 and 2019. Samples and clinical data
were collected from all university hospitals in Finland, with the latest follow-up updates collected before February 2022. For valida-
tion, we used a retrospective cohort of 205 patients with OSCC treated in Finland between 2005 and 2015 at Turku University Hos-
pital. The validation cohort includes all available OSCC samples from a previously described, national, head and neck squamous cell
carcinoma (HNSCC) cohort.>*%° The discovery and validation cohorts are independent with no overlapping patients. All patients were
diagnosed by certified hospital pathologists and treated according to the standard of care based on AJCC/UICC staging parameters
of OSCC (tumor size, depth of invasion, lymph node status, and extranodal metastasis). Detailed clinicopathological characteristics
for both cohorts are presented in Table 1.

All study samples were FFPE whole-tumor sections collected during primary surgery. An OSCC-specialized hospital pathologist
guided identification of ROIs from hematoxylin-eosin (H&E)-stained sections for IMC acquisition. The criteria for the selected ROIs
were as follows: 1) intact tissue, 2) interface between the invasive tumor front and surrounding stroma (i.e., IM), and 3) lympho-
cyte-rich area. For the validation cohort, ROI selection was refined using additional immunofluorescence overview images of pan-
cytokeratin and PROX1 to include LEC-rich areas at the tumor—stroma interface.

The discovery series was collected with the permission of the Medical Ethics Committee of the Hospital District of Southwest
Finland (100/1801/2017). The validation study and utilization of human tissue samples were approved by the Finnish national author-
ity for medicolegal affairs (V39706/2019), regional ethics committee of the University of Turku (51/1803/2017), and Auria Biobank sci-
entific board (AB19-6863). Human lymph node samples were non-tumor cell containing surplus sections from salivary gland and
other benign neck surgery (Hospital District of Southwest Finland, permission TO6/033/18). Informed consent was obtained from
each participant. All data were handled in a pseudonymized manner, and the image analyses were done in a blinded manner without
knowing any clinicopathological data.

METHOD DETAILS

Study design

We analyzed OSCC tumor architecture and searched for prognostic biomarkers in the TME of early-stage OSCC with a focus
on immunosuppressive leukocyte types, fibroblasts, and endothelial cells. In our discovery series, we performed spatially resolved sin-
gle-cell analyses with 25 antibodies using IMC. In an independent validation series, we implemented a conventional immunohistological
analysis for the most promising biomarker (KI67*PROX1™ proliferating LECs). We analyzed the value of biomarkers for predicting RFS,
DSS, and OS using multivariate models. The study reporting follows the REMARK guidelines® (https://www.equator-network.org/
reporting-guidelines/reporting-recommendations-for-tumour-marker-prognostic-studies-remark/; Supplementary Note).

Quality control

All antibodies used in this study underwent an optimization process. We initially tested 41 different antibodies at different concen-
trations to verify their compatibility with FFPE section staining and to determine optimal signal-to-background ratio. We optimized
all antibodies for IMC using OSCC tissue staining. Commercially conjugated antibodies against immune cells and all in-house con-
jugated antibodies were further optimized using human lymph node tissues with well-defined leukocyte, blood vessel, and lymphatic
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vessel localization and phenotype patterns (Figures S1A-S1C). The final marker panel was limited to 25 antibodies (Figure 1A) due to
costs and to have empty channels between the markers to reduce signal spilling risk. We identified tumor cells using E-cadherin
because a commercially available metal-tagged pan-cytokeratin antibody did not work. E-cadherin was expressed in the tumor cells
of each sample at a sufficient level to allow cell segmentation. We found inconsistent staining with commercial IMC antibodies for
CD276, LAGS, and CD56, and excluded them from the analysis. Antibodies used in the validation cohort for IF were optimized using
human lymph node and OSCC tissues.

Four IMC samples in the discovery series were excluded from the analysis due to the absence of tumor cells in the H&E
section (n = 2) or irregular staining patterns (n = 2) detected in IMC acquisition. In the validation cohort, 14 samples were
excluded due to the absence of tumor cells (n = 5), irregular staining patterns (n = 6), or metastasized disease at the time of diagnosis
(n = 3). To ensure robust analyses of proliferating LECs, we also excluded 12 samples that contained minimal or no PROX1™* cells
(<20 PROX1* cells/mm? across the entire sample) from the LEC proliferation analysis.

IMC staining and imaging
FFPE sections were deparaffinized in xylene and gradually rehydrated in ethanol, followed by heat-induced epitope retrieval using the
Aptum 2100 Retriever and pH 6.0 citrate buffer (#52369, Dako Target Retrieval). A piece of white paper containing a 6-mm-diameter
circle was aligned under the sample slide into the predetermined ROI area from the tissue section (chosen from the IM based on an
HE-stained adjacent section). Extra tissue outside the 6-mm circle was gently manually trimmed away using a pipette tip. After gentle
washing, the remaining tissue sample was encircled using a hydrophobic ImmEdge PAP pen (#H-4000, Vector Laboratories). We
then washed samples with phosphate-buffered saline (PBS) and blocked non-specific binding sites with 5% bovine serum albumin
(BSA) for 45 min at room temperature (RT). We prepared a mix of 25 commercial and in-house metal-conjugated antibodies (dilution-
range 1:50-1:400, Table S2) in PBS containing 0.5% BSA. We performed all in-house antibody conjugations using BSA- and azide-
free commercial antibodies and Maxpar Conjugation Kits (Standard BioTools) according to manufacturer’s instructions. We applied
the antibody mix on each trimmed section and incubated them overnight at 4°C. After two washings with PBS containing 0.2% Triton
X-and two washes in PBS, we incubated the sections with Cell-ID intercalator-Ir (Standard BioTools; 1:200 dilution in PBS) for 30 min
at RT. Finally, the slides were washed twice in PBS and stored dry at RT for IMC.

We carried out mass cytometric analyses of the samples with Hyperion imaging system instrument and CyTOF software using
standard protocols. We identified the ROIls from optical panorama images generated by Hyperion to verify accurate selection of
the acquisition area. IMC data (total 27 channels) was acquired from an area of 1 mm x 1 mm.

Cell segmentation for IMC

We performed data preparation and cell segmentation steps according to IMC Segmentation Pipeline®® (https://bodenmillergroup.
github.io/ImcSegmentationPipeline). Briefly, we created a training set for pixel classification from randomly cropped IMC image
stacks of nuclear, cytoplasmic and cell surface channels using Vimentin, CD31, TIM-3, PDPN, E-cadherin, CD8, granzyme B,
CD83, IDO1, CD206, CD45, PROX1, and a DNA-binding intercalator marker. Next, we used a trained llastik pixel classifier to produce
object probability images from full-sized IMC images to distinguish between background, nuclear, and cytoplasmic/cell surface sig-
nals and subsequent final cell segmentation masks in CellProfiler (version 4.2.4). We measured single-cell properties and image fea-
tures in CellProfiler and used them to generate a spatial single-cell dataset in R with imcRtools (version 1.7.2) for downstream
analysis.

IMC data analysis and transformation

We performed all IMC data analysis steps in R (version 4.3.0) according to the multiplexed image analysis workflow>® (https://
bodenmillergroup.github.io/IMCDataAnalysis/). All figures were produced in R using ggplot2 (version 3.4.2). We transformed IMC
expression values from mean pixel intensity values using an inverse hyperbolic sine function (y = sinh~"(x/c)), where the scaling factor
¢ = 1. Toremove non-biological batch effects from unsupervised classification of cell phenotypes, we applied batch correction using
the mutual nearest neighbor (MNN) method® and the mnnCorrect function (batchelor, version 1.16.0) with default parameters.

Clustering of cell phenotypes

We performed unsupervised, marker-based clustering of the cell phenotypes using PhenoGraph (RPhenograph, version 0.99.1),
as described previously.”**"%® We reduced the batch-corrected expression matrix into principal components (PCA) and used
it in PhenoGraph clustering with default parameters and 45 nearest neighbors. Mean marker expressions of the initial clusters
were compared and similar phenotypes were aggregated to larger clusters. We performed low-dimensional clustering (three or
less markers) with base kmeans function in R.

Cell type identification

We identified the expected major cell populations, including tumor cells (ECAD*), T-cells (CD3*), non-T-cell leukocytes (CD45*CD3"),
and LECs (PROX1") through supervised cell labeling using Cytomapper (version 1.12.0) and training a random forest classifier as
described previously®” using caret package (version 6.0-94) in R. We labeled cells with a maximum classifier probability below
70% as undefined and subsequently clustered them with all markers using PhenoGraph. Based on marker expression and
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Cytomapper visualization, we identified two additional distinct major cell populations, CD31"PROX1~ BECs and COL1* NESCs, and
then designated only the remaining cells as undefined cells.

To characterize major cell phenotypes further, we clustered each identified population with PhenoGraph using general and cell
type-specific markers. Tumor cells exhibited a distinct PDPN* subset, which was classified as a separate tumor cell population
alongside other PDNP~ ECAD* tumor cells. Similarly, regulatory T-cells (FoxP3*) and cytotoxic T-cells (CD8A™) formed distinct pop-
ulations within CD3* leukocytes, while the remaining CD3™ cells were classified as “T other”. In separate representative IMC ana-
lyses, approximately 98% of these CD45*CD3*CD8 FoxP3™ “T other” cells expressed CD4 (a marker of T-helper cells), as expected.
Overall, we identified nine distinct major cell type lineages (Figure 1B) and 2-5 smaller phenotypic subpopulations for each major cell
type (Figure S1A). We used UMAP and t-distributed stochastic neighbor embedding (t-SNE) to visualize the high dimensional marker
expression data in two-dimensional space. We computed UMAP and t-SNE dimensions using batch-corrected expression values
with Scater package (version 1.28.0).

Cell-cell pairwise interaction analysis

We performed statistical testing of significant pairwise interactions between cell types as described previously using testinter-
actions function (imcRtools, version 1.7.2). In brief, averaged interaction counts between two different cell types was compared
against an empirical null distribution generated by cell type permutations. We considered cells within a default radius of 8 pixels
(8 pm) interacting. The observed counts were compared to the randomized distribution to determine whether the cell types were
found together (attraction) or apart (avoidance) more often than expected by chance. We then defined significant interaction/attrac-
tion (maximum score +1) or avoidance (minimum score —1) with p-value <0.01 for each cell type-specific interaction per sample.

24,25

Supervised spatial analysis

We identified sets of connected tumor cells as individual tumor patches®® with the patchDetection function and Steinbock interaction
graph (imcRtools, version 1.7.2). Cells within a default 8-pixel radius (8 pm) were considered interacting, and tumor patches contain-
ing fewer than 10 cells were excluded. We calculated distance to nearest tumor patch (DTNT) for each cell. CD8" T-cells with DTNT
<0 were labeled as tumor-infiltrating cytotoxic T-cells (Tc IT) and FoxP3* T-cells with DTNT <0 as tumor-infiltrating regulatory T-cells
(Treg IT) in subpopulation-level analyses. We also used the patch-detection approach to detect sets of connected LECs as individual
lymphatic vessels.

Spatial neighborhoods

For unsupervised detection and classification of cellular neighborhoods, we implemented a previously described method®® in which
local indicators of spatial association (LISA) are used to cluster cells into similar spatial communities. We did this using the lisaClust
function (lisaClust, version 1.8.1) with number of centers (k) set to five and LISA curve radii of 10, 20, 50, and 100 pm. We labeled the
tumor cell-enriched spatial neighborhoods as “IM Tumor/central” and “IM Tumor/border,” according to their localization relative to
the tumor-stroma interface. We classified non-tumor cell-enriched spatial neighborhood clusters based on the most enriched cell
types and labeled them as “IM T cell hotspot”, “IM Pan-leukocyte hotspot”, or “IM Stroma-rich region” (Figure 2C). Endothelial cells
(BECs and LECs) and NESCs were the enriched individual cell types in the “IM Stroma-rich region”.

Defining parameters for validation analyses

We determined the optimal cut-off values for high and low proliferation using ROC analysis with survivalROC (version 1.0.3.1) for all
PROX1" LECs (LECp%) and juxtatumoral PROX1* LECs [LECp(JT)%] based on data from the discovery cohort. A distance of
approximately 50 pm from the nearest tumor cell was used to define juxtatumoral LECs. We selected the cut-off point that best pre-
dicted OSCC recurrence based on Youden’s J statistic. To assess the impact of LEC density on the prognostic power of LEC pro-
liferation, we evaluated the AUC for LEC proliferation across multiple density cut-offs.

Immunofluorescence staining
To evaluate the KI67*PROX1* biomarker in the validation series, FFPE sections underwent deparaffinization and epitope retrieval
following the same protocol as used with the IMC samples. We used a buffer containing 2% fetal calf serum (FCS) and 1% BSA
in PBS for blocking after antigen retrieval and for preparing antibody dilutions. The sections were first incubated with unconjugated
anti-PROX1 antibody (EPR19273, #ab199359 Abcam; 1:500 dilution) overnight at 4°C, washed in PBS, and incubated with Alexa
Fluor 647-labeled secondary antibody (#A31573, Invitrogen, 2 pg/mL) for 1 h at RT. After washings, we added Alexa Fluor
488-conjugated anti-pan cytokeratin (AE1/AES3, #53-9003-82 Invitrogen; 1:100 dilution) and Alexa Fluor 555-conjugated anti-KI67
(B56, #558617 BD Pharmingen; 1:50 dilution) antibodies for 1 h at RT. Finally, samples were washed in PBS, and DAPI (#D1306,
Invitrogen; 1:5,000 dilution in PBS) was incubated with the sections for 10 min at RT before a wash with deionized water. We mounted
the sections with ProLong Gold Antifade Mountant (#P36930, Invitrogen). We stored the samples in dark at 4°C and imaged them
within 1 week.

To validate the molecular phenotypes of LECs inferred from the scRNA-seq analyses at the protein level, we immunostained FFPE
sections of OSCC tumors using the protocol described above with the following modifications. Antigen retrieval was performed using
pH 9.0 Tris/EDTA buffer (#S2367, Dako Target Retrieval). Predetermined optimal dilutions of anti-TYMS (#9045, CST, 1:200 dilution),
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anti-BIRC5 (#2808, CST, 1:200 dilution), and anti-BST2 (#95940, CST, 1:200 dilution) were used as primary antibodies (one antibody
per section). They were visualized using Alexa Fluor 750-conjugated second-stage anti-rabbit IgG antibody (#21039, Thermo Fisher,
1:1,000 dilution). All sections were then stained with DAPI, mouse anti-PDPN (#916606, Biolegend, 1:1,000 dilution), Alexa Fluor 594
anti-mouse IgG antibody (#A21203, Thermo Fisher, 1:1,000 dilution), Alexa Fluor 555-conjugated anti-KI67 antibody (#558617, BD
Pharmingen, 1:50 dilution), Alexa Fluor 488-conjugated anti-pan-cytokeratin antibody (#53-9003-82; Thermo Fisher, 1:100 dilution),
and in-house conjugated Alexa Fluor 647-conjugated anti-PROX1 antibody (#ab199359, Abcam, 1:200 dilution).

Microscopy and quantitative image analysis

We acquired all image data used for scoring of the validation samples with Leica Thunder wide-field microscope using a 20x Plan
Apo 0.80 objective and LAS X imaging software. We used opto-digital computational clearing algorithm (Thunder), included in the
LAS X software, to remove hazing artifacts. We down-scaled two 1-mm? ROls best matching the selection criteria by 0.5x and im-
ported them to ImageJ (version 1.54f). We annotated all PROX1* cells and PROX1*KI67* cells manually using ImageJ built-in cell
counter. We considered all PROX1*KI67* cells within an approximated 50 pm radius from the nearest tumor cell (i.e., juxtatumoral
location). Cell type annotations, along with x-y coordinates of each annotated cell, were saved in.xml files that were used to collect
absolute cell numbers for survival analyses.

For analyzing whole tumor sections, we used randomly cropped stacks of IF-stained images from the validation series to train the
Cellpose (version 3.0.11) deep learning network to generate cell segmentation masks of 20 whole tumor sections, which were
randomly selected from samples with high LEC proliferation in the manually scored data. We performed image processing in Python
(version 3.10.9) using numpy (version 1.24.2), tiffile (version 2024.9.20), and pandas (version 1.5.3). For computational efficiency, we
downscaled the image resolution by 0.5x and divided whole tumor sections into small tiles, each assigned a grid value to retain orig-
inal x-y positional information. We measured mean pixel intensities of PROX1, KI67, DAPI, and pan-cytokeratin in CellProfiler (version
4.2.4) along with spatial coordinates. We used the segmented data to generate a spatial single-cell dataset in R (version 4.3.0) and
transformed tile-specific spatial coordinates back to whole-tumor scale using the assigned grid values. We assigned uniform marker
cutoff values for cell type identification experimentally using Cytomapper (version 1.12.0), and we validated the identification of LEC
and LEC KI67* by comparing manually scored and segmented data (Figure S7G). We defined the juxtatumoral area from pan-cyto-
keratin images with a binary line drawn to separate tumor and stromal compartments. We skeletonized the binary line using skimage
(version 0.24.0) into one-pixel-wide coordinates and used it as a reference for measuring cell distances.

To assess the variation in LEC proliferation at IM, we analyzed LEC proliferation in up to ten 1 mm? regions per sample. We then
calculated the mean proliferation value for each whole tumor section and determined the mean absolute deviation (LEC proliferation
% in one sample area/LEC proliferation % in the whole sample x100).

For TYMS, BIRC5, and BST2 quantification, LECs were segmented in tumor-containing IM areas and in distant normal regions of
OSCC samples using PROX1 and PDPN signals to train the llastik pixel classifier, followed by further segmentation in CellProfiler.
Samples from 3 to 5 patients (6-8 areas per sample) containing 5,569 LECs were used to quantify the expression of each new marker.
The mean pixel intensity within individual cell masks was used to calculate marker expression levels and normalized to the 99'"
percentile.

We acquired representative high-resolution confocal images using Leica Stellaris 8 Falcon FLIM microscope and HC PL APO 20/
0.75 objective.

scRNA-seq analyses

We reanalyzed publicly available OSCC scRNA-seq datasets (GSE103322, GSE172577, and GSE181919) from the Gene Expression
Omnibus (GEO). We created new Seurat (version 4.3.0) objects in R (version 4.3.0) and applied the same quality control criteria for cell
viability as reported in the original publications.**? We used the standard Seurat workflow and nearest-neighbor graph-based
method to cluster all cells. We identified clusters expressing pan-endothelial markers, including PECAM1, CLDN5, and CDH5.
We then isolated endothelial cells and re-clustered them, identifying a PDPN*PROX1" LEC cluster and a PDPN~ PROX1™ BEC clus-
ter. We classified LECs with an MKI/67 RNA count >0 as KI67*.

We removed ambient RNA contamination from all datasets using the decontX (version 1.4.1) pipeline with default parameters.®®
We identified differentially expressed genes (DEGs) between cell populations using FindMarkers (Seurat v4.3.0) with a minimum
expression fraction of 0.20 and a log fold-change threshold of 0.25. We performed Gene Ontology over-representation analysis using
clusterProfiler (version 4.14.4) for DEGs with an adjusted p-value <0.05. We analyzed upregulated and downregulated DEGs sepa-
rately, and considered pathways with a g-value <0.05 to be significantly enriched.

Survival analyses

We define OS as the time from the end of primary treatment to the date of death from any cause or the last follow-up, RFS as the time
from the end of primary treatment to the date of disease recurrence or the last follow-up, and DSS as the time from the end of primary
treatment to the date of cancer-related death or the last follow-up. We analyzed survival using log rank (Mantel-Cox) test. In the dis-
covery series, we categorized the continuous variables into high and low groups by the median value for Kaplan—Meier analyses. We
calculated HR for univariate and multivariate analyses using Cox proportional hazards model.
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QUANTIFICATION AND STATISTICAL ANALYSIS

We performed statistical analyses in R (version 4.3.0) and SPSS 27 (SPSS, IBM, Armonk, NY, USA). P-values <0.05 were considered
statistically significant. Normal distribution was evaluated using Shapiro-Wilk test. We analyzed parametric data using Student’s
t test and non-parametric data by Mann-Whitney U test for unpaired analyses and Wilcoxon signed rank test for paired analyses.
The t test was used for large sample sizes when no extreme deviation from a normal distribution was observed. We analyzed con-
tingency tables by Fisher’s exact test. We used Pearson correlation to test linear correlation of continuous variables. Statistical an-
alyses from the validation cohort were initially conducted by an independent researcher (L.N.) using fixed parameters and pre-deter-
mined cut-off values based on the results from the discovery cohorts. The data from the discovery and validation cohorts were
combined in the analysis of different treatment subgroups and LEC biomarker performance against TNM staging. In the ROC and
AUC analyses, the LEC biomarker was treated as a continuous variable and the TNM stage as a noncontinuous four-stage variable.
The T-class (T1-T4) and N-status (NO-N2) were used as four-stage and three-stage noncontinuous variables, respectively.
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