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Abstract

Background T cells are involved in every stage of tumor development and significantly influence the tumor microenviron-
ment (TME). Our objective was to assess T-cell marker gene expression profiles, develop a predictive risk model for human
papilloma virus (HPV)-negative oral squamous cell carcinoma (OSCC) utilizing these genes, and examine the correlation
between the risk score and the immunotherapy response.

Methods We acquired scRNA-seq data for HPV-negative OSCC from the GEO datasets. We performed cell—cell commu-
nication, trajectory, and pathway enrichment analyses of T-cell-associated genes. In addition, we constructed and validated
a T-cell-associated gene prognostic model for HPV-negative OSCC patients using TCGA and GEO data and assessed the
immune infiltration status of HPV-negative OSCC patients .qRT-PCR was used to detect the expression level of prognosis-
related genes in different risk groups.

Results ScCRNA-seq was conducted on 28,000 cells derived from 14 HPV-negative OSCC samples and 6 normal samples.
We identified 4,635 T cells from these cells and identified 774 differentially expressed genes(DEGs) associated with T cells
across five distinct T-cell subtypes. Through the integration of bulk-RNAseq data, we established a prognostic model based
on DEGs related to T cells. By separating patients into high-risk and low-risk groups according to these prognostic related
genes, we can accurately predict their survival rates and the immune infiltration status of the TME.qRT-PCR results showed
that compared with the patients of low risk group, the expression of PMEPA1, SH2D2A, SMS and PRDX4 were significantly
up-regulated in high risk group.

Conclusion This study provides a resource for understanding the heterogeneity of T cells in HPV-negative OSCC patients
and associated prognostic risk models. It provides new insights for predicting survival and level of immune infiltration in
patients with HPV-negative OSCC.
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Introduction

Oral squamous cell carcinoma (OSCC) is the predominant
form of head and neck cancer and accounts for more than
90% of all oral malignancies(Ng et al. 2016; Liu et al. 2023,
Chai et al. 2020).0SCC arises from the alveolar ridge, buc-
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(HPV) infection(Johnson et al. 2020). The use of betel nuts
is frequently linked to diseases in regions endemic to OSCC,
particularly in South Asia and Southeast Asia(Guha et al.
2014).While HPV is a common risk factor for cancer in
other head and neck regions, such as the oropharynx, HPV
is responsible for only 2-5% of OSCCs (Melo et al. 2021),
and the implications of HPV infection in OSCC remain
unclear. HPV-negative OSCC is caused predominantly by
tobacco and alcohol consumption and constitutes the major-
ity of OSCC cases. Despite advancements in the understand-
ing of OSCC biology during recent decades, the prognosis
has largely remained unchanged; the 5-year survival rate
for HPV-negative OSCC patients is less than 50%(Sagheer
et al. 2021). The therapeutic approaches for OSCC primarily
include surgery, chemotherapy, radiotherapy, and targeted
therapy; nevertheless, their efficacy is limited(Caudell et al.
2022).Consequently, investigating novel therapeutic targets
is imperative for improving OSCC prognosis.

New prognostic biomarkers are needed to help stratify
patients and to predict treatment response. Many bulk
RNA-seq studies have been performed to identify OSCC
prognostic markers and improved our understanding of
carcinogenesis and progression in recent decades. Chen
et al. identified prognosis-related immune genes of OSCC
via bioinformatics analysis(Chen et al. 2022a, b). Wang
et al. developed an RNA binding protein model to predict
OSCC patient overall survival (OS)(Wang et al. 2023). The
model in the above study had good predictive power, but
bulk RNA-seq reveals the “average” expression levels for
all cells in a sample, this approach cannot identify molec-
ular-level differences between cells and cannot be used to
assess the relationships among cell interactions, immune cell
types, and cell-specific markers. Previous research has sug-
gested that gene expression profiles based on immune cell
molecular features derived from single-cell RNA sequenc-
ing (scRNA-seq) data may be used to predict cancer patient
survival outcomes and immunotherapy response(Shi et al.
2022a, b; Kim et al. 2024).

Single-cell technology (SCT) is a revolutionary sequenc-
ing method for studying cell types, heterogeneity and tumour
cell function in the tumour microenvironment (TME) (Liu
and Wu 2023; Kamperman et al. 2018).Single-cell RNA
sequencing (scRNA-seq) can be used to measure gene
expression at the single-cell level, revealing heterogeneity of
gene expression in single cells or homologous cell types and
helping us to understand the role of T-cells, which are criti-
cal for tumour immunotherapy. To identify T-cell marker
genes and assess tumour infiltration of T cells, we first ana-
lysed the TME of HPV-negative OSCC samples by scRNA-
seq. Next, we used bulk-RNAseq data to create a T-cell
marker gene profile for predicting the prognosis of HPV-
negative OSCC. The predictive value of the T-cell marker
gene profile was confirmed in two independent cohorts using
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the Gene Expression Omnibus (GEO) database. The study
methodology is shown in Fig. 1.

Materials and methods
Data source and preparation

Single cell RNA-sequencing data of HPV-negative OSCC
from GSE181919(https://www.ncbi.nlm.nih.gov/geo/) and
were used to determine the T cell marker genes. In this
study, we collected 14 primary HPV-negative OSCC tumor
samples and 6 normal samples. The selection criteria were
as follows: (1) every sample must have at least 500 cells; (2)
each cell must express more than 250 genes; (3)each gene
must be expressed in at least 3 cells; (4)each cell must have
less than 20% mitochondrial RNA (Butler et al. 2018); We
filtered and collected 28,000 cells for subsequent analysis
using Seurat package of R.

The TCGA public database provides bulk-RNA seq data
of HPV-negative OSCC and clinical data and were down-
loaded from the UCSC Xena (https://xenabrowser.net/) for
identifying survival-related genes and constructing prog-
nostic model.The dataset has 95 samples, which include 2
normal and 93 tumor samples. For DEGs identification, the
limma package was used to determine the filtering param-
eters. DEGs were selected according to a threshold of llog-
2FoldChangel > 1.5 and adjusted P value <0.05 for further
analysis(Chen et al. 2022a, b).GEO provided the GSE41613
and GSE85446 datasets and clinical data. GSE85446 has 66
HPV-positive OSCC tumor samples, whereas GSE41613 has
97 tumor samples(Yang et al. 2024; Chi et al. 2022).

Integrating data and reducing dimensionality

We used Seurat’s “NormalizeData” function to standardize
the expression values after data filtration. Following nor-
malization of the expression of every gene by the overall
expression of genes in each cell, multiplying by 10,000,
and adding 1, natural logarithm transformation was applied
to circumvent zero values. A total of 2,000 highly varia-
ble genes were identified via “FindVariableFeatures”. The
“ScaleData” tool centered the genes. Data integration was
completed with 2,000 “RunHarmony”anchor points. This
“anchor point” integration method easily translates identical
cell types across datasets into a few anchor points, decreas-
ing batch effects and simplifying data integration.

Data clustering with reduced dimensions
High-dimensional data visualization is complicated by each

gene in the samples. Thus, dimensionality reduction algo-
rithms are needed to accurately describe data structures with
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Fig. 1 The overall design process of this study

fewer dimensions(Stuart 2019). The “RunPCA” function of
the Seurat package was used to reduces the dimensional-
ity of the detected highly variable genes. We subsequently
clustered the dimensionally reduced data via Seurat’s “Find-
Neighbors” and “FindClusters” algorithms. The t-distrib-
uted stochastic neighbor embedding (t-SNE) method helps
present clustering results by combining the t-distribution
and random nearest neighbors(Zhou 2020). Clustering
visualization was improved by using the Seurat package’s
“RunTSNE” function with dims = 1:20 and resolution=0.7.

Cell-clustering and annotation

We annotated our data for cell type classification using the
Cell Cytotaxonomy website. The differentially expressed
genes (DEGs) of each cluster were calculated using the
Wilcoxon Mann Whitney test using the “findallmarkers”
function in the “Seurat” package. To identify marker genes
for each cluster, we used a cutoff threshold with an adjusted
p-value <0.05 and llog2 (fold change) | >0.25, For cluster
annotation.

Identification of marker genes and exploration
of functional enrichment

The “FindMarkers” function of Seurat R package was
used to find T cell marker genes in single-cell data using

a llog2FoldChangel > 1. Later, the Kyoto Encyclopedia of
Genes and Genomes (KEGG) and Gene Ontology (GO)
were performed in R used the “clusterProfiler” package to
find the biological processes and pathways that were most
strongly linked to DEGs related to T cells(Wu et al. 2021).
GO annotations were based on genome-wide annotation
packages (org.Hs.eg.db) released by the Bioconductor pro-
ject .The data were plotted with ggplot2.

Pseudotime cellular trajectory analysis

Cells are constantly undergoing dynamic changes, trans-
forming from one cell type to another.which alters gene
expression and function(Haghverdi et al. 2016). Pseudo-
time analysis arranges cells along a biological trajectory
and divides them into differentiation states on the basis of
gene expression profiles. We performed pseudotime analy-
sis on T-cell subtypes via monocle2(Ionkina et al. 2021).
The"plot_cell_trajectory"function sorted cells in pseudo-
time to study T-cell subtype differentiation trajectories and
related genes. The “plot_pseudotime_heatmap” function
displayed the results.

Cell-cell communication analysis

Intercellular communication is critical for tumor cell bio-
logical activity. We used ‘CellChat’to construct a cellular
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communication network to study the interaction relation-
ships between different cell types. ‘CellChat’is an analyti-
cal instrument employed to assess the types and intensities
of receptor ligands expressed among cell subpopulations in
single-cell data(Fang et al. 2022; Jin et al. 2021).

Bulk RNA-seq data acquisition and analysis

TCGA provided HPV-negative OSCC bulk RNA-seq
data and clinicopathological characteristics. A total of 95
HPV-negative OSCC bulk RNA-seq samples and clinical
data were collected(Foy et al. 2017). Gene expression data
were normalized using the variance stable transformation
method of the “limma” R package. Gene expression annota-
tion information was downloaded from Ensembl website.We
used the “limma” R software package to analyze the genetic
differences between HPV negative OSCC tumor tissues and
normal tissues to identify DEGs. In the HPV negative OSCC
dataset of TCGA, DEGs between tumor tissues and normal
tissues were identified, and genes intersecting with T cell
related DEGs were analyzed subsequently. GSE41613 and
GSEB85446 as independent external cohorts were download
from GEO database.GSE85446 data were obtained via the
GPL6480 Agilent-014850 Whole Human Genome Micro-
array 4 x44 K G4112F, which includes 66 HPV-negative
OSCC samples. GSE41613 data were obtained via the
GPL570 [HG-U133_Plus_2] Affymetrix Human Genome
U133 Plus 2.0 Array.

Prognostic model construction and validation

The first step was univariate Cox regression analysis to iden-
tify prognostic DEGs(Dijk et al. 2008). The regression analy-
sis used the least absolute shrinkage and selection operator
(LASSO) to choose parameters with a P value < 0.05(Zhang
et al. 2023). “glmnet” package of R was used to detect highly
correlated genes, reduce gene count, and reduce model overfit-
ting in the final risk model using LASSO regression analysis.
The following formula was used to build the prognostic model
from LASSO regression genes selected for multivariate Cox
regression analysis, risk scores were calculated as follows:

Risk score = (0.7968xPMEPA1 expression)
+(1.54998xPRDX4 expression)+(0.8579xSH2D2A
expression)+(1.125XSMS expression). All patients were
separated into high-risk and low-risk groups according to the
median riskscore. The “survminer” and “ggrisk”R packages
were used to construct survival curves and risk plots to rep-
resent patient survival status. We also used the “timeROC” R
package to evaluate the ability of the riskscore to predict the
survival outcomes of HPV-negative OSCC at 1, 3, and 5 years.
Most plots in were drawn using ggplot2.The GSE41613 and
GSE85446 datasets were independent external datasets used
to verify the prognostic model.
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Risk score and clinical correlation analysis

We subsequently assessed the correlation between the risk
score and TCGA patients’ clinicopathological features. To
determine whether the riskscore is an Independent prognos-
tic factors for HPV-positive OSCC patients, we used the
“survival” R package for Cox regression. The “forestplot”
R package was used to generate univariate and multivariate
Cox regression forest plots. Nomograms were constructed
for TCGA HPVnegative OSCC patients. By utilizing the
prognosis-related gene signature riskscore and additional
clinical factors, both univariate and multivariate Cox regres-
sion analyses, factors affecting OS were identified. Hazard
ratios (HRs) and 95% confidence intervals (CIs) were deter-
mined. Nomograms were generated according to the multi-
variate Cox regression results.

Immune cell infiltration analysis

The traditional linear support vector regression method
CIBERSORT deconvolutes immune cell expression matri-
ces to measure marker gene expression in invading immune
cells.By integrating marker gene expression data from 22
immune cell types and transcriptomic data from HPV-
negative TCGA-OSCC patients, we quantitatively assessed
tumour-infiltrating lymphocytes using CIBERSORT. This
study also assessed immune cell infiltration in different risk
groups using CIBERSORT.

12 qRT-PCR

In order to verify the expression levels of these four prog-
nostic-related genes in different risk groups of HPV-negative
OSCC, we collected tumor tissues from patients with HPV
negative OSCC who underwent OSCC resection at our hos-
pital from January 2022 to November 2024,and divided the
samples into two groups (III-IV vs. I-II) according to patho-
logical stages, and 10 samples in each group were exam-
ined for the relative expression levels of the target genes by
gRT-PCR, This study was approved by the Internal Review
Committee of the first people’s hospital of Qujing. Total
RNA was extracted from OSCC tissues using the RNA-
Quick Purification kit (EScience, Shanghai, China). HiS-
cript R II Q RT SuperMix (Vazyme) was used to synthesize
complementary DNA (cDNA). The ChamQTM SYBR R
gPCR Master Mix kit (Vazyme) was used to detect mRNA
levels of targeted genes. The human gene primers used as
follows (5°=3’):

GAPDH F-primer: CTGGGCTACACTGAGCACC.
GAPDH R-primer: AAGTGGTCGTTGAGGGCAATG.
PMEPA1 F-primer: TGTCAGGCAACGGAATCCC.
PMEPA1 R-primer: CAGGTACGGATAGGTGGGC.
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SH2D2A F-primer: GACTTTCCCTGAGGACCGAAG.
SH2D2A R-primer: GCTTGCCCCTGTTTGATGATTG.
SMS F-primer: TAGTGGGGATGTTAATTTGGCAG.
SMS R-primer: CCACACGTTTTTCGCATGTATTT.
PRDX4 F-primer: GCAAAGCGAAGATTTCCAAGC.
PRDX4 R-primer: CGCCAAAAGCGATAATTTCAGTT.

GAPDH was used as an internal reference gene to cali-
brate the relative expression level of the target gene. The
primers were synthesised by Sangon Biotech (Shanghai,
China).We used 2724€T to assess the relative expression
levels of the target genes.

Statistical analysis

R (4.3.2) was used to analyze the data. Statistical signifi-
cance was determined via Student’s t test. Continuous vari-
able relationships were tested via the Wilcoxon rank-sum
test. Survival differences between the high-risk and low-risk
groups were assessed via Kaplan—Meier analysis. Differ-
ences were considered statistically significant at P <0.05.

Results
HPV-negative 0SCC ScCRNA-seq analysis

This study included a total of 20 single-cell samples of
OSCC. Following the elimination of substandard cells,
normalization, integration, and principal component analy-
sis (PCA), 28,000 cells were categorized into 24 clusters
(Fig. 2A). By annotating these subclusters for analysis, we
identified ten cell types: fibroblasts (clusters 0, 8, 10, 15, 16,
19, and 21), T/NK cells (clusters 1 and 12), macrophages
(clusters 2 and 23), T cells (clusters 3, 5, and 18), epithe-
lial cells (clusters 4, 11, and 20), B cells (clusters 6 and
7), endothelial cells (clusters 9 and 17), NK cells (cluster
13), dendritic cells (cluster 14), and mast cells (cluster 22)
(Fig. 2B). Figure 2C shows the t-SNE clustering diagram
representing tumor and normal tissues. Figure 2D-F shows
the significant marker genes associated with each cell type
(Supplementary Table S1). Figure 2G illustrates the distri-
bution of cell types in normal and tumor samples within the
scRNA-seq dataset.

Analysis of single-cell atlas about T cell subsets
in HPV-negative OSCC

T-cell mediated immune responses are significant in the
TME of OSCC(Chao et al. 2021). The HPV-negative
OSCC scRNA-seq atlas revealed a significant abundance
of T cells across all samples. Consequently, our study iso-
lated 4635 T cells from the all cells for further clustering

and annotation. Figure 3A illustrates the T cells catego-
rized into seven groups following an additional clustering
process. Based on the marker genes documented in the
literature, the resulting T cell subpopulations were classed
and identified. The particulars were as follows: (1) effector
memory CD4 +T cells(CD4 + TEM) exhibit high expres-
sion of IL7R, ANXA1, FOS, and JUN (clusters 0,3,5); (2)
regulatory T cells (Treg) demonstrate elevated expression
of FOXP3, IL2RA, and BATF (clusters 1); (3) exhausted
CD4 +T cell(CD4 + TEX) cells show significant expression
of PDCDI1, CXCL13, and CD200 (clusters 2); (4) naive T
cells are characterized by high expression of CRR7, LEF1,
SELL, and TCF7 (clusters 4); (5) effector memory CD8+ T
cells( CD8 + TEM ) express high levels of FOXP3, IL2RA,
and BATF (clusters 6). Figure 3B illustrates the annotation
of T cells, comprising 2,652 CD4 + TEM cells, 942 regula-
tory T cells, 37 CD8 + TEM cells, 814 CD4 +TEX cells, and
190 naive T cells. Figure 3C illustrates the t-SNE cluster-
ing diagram of T lymphocytes present in tumor and normal
tissues. Figure 3D-F displays the marker genes for each T
cell subtype, including FOS, FOXP3, PRF1, CXCL13, and
SELL, whereas Fig. 3D presents the top four differentially
expressed genes (DEGs) in each T cell subtype (Supple-
mentary Table S2). Figure 3G illustrated the distribution
of T cell subtypes in normal and tumor samples within the
scRNA-seq dataset.

Enrichment analysis of T cell-related DEGs pathways

In order to gain deeper understanding into the biological
roles of marker genes in T cells, we carried out enrichment
analyses using the GO and KEGG pathways(Supplementary
Table S3-4). The results of these analyses showed that the
majority of the marker genes are enriched in the T cell acti-
vation pathway. Figure 4A displays the volcano plot of the
overall cell subpopulation intercellular differences analysis
(red dots indicate genes specific to cell clusters relative to
other cell clusters).Encompassing the T cell receptor sign-
aling pathway, Th1 and Th2 cell differentiation, Th17 cell
differentiation, PDL1 expression, and the PD-1 checkpoint
pathway in cancer, as well as the NF-kappa B signaling path-
way (Fig. 4B-C); GO enrichment analysis of the differen-
tially expressed genes (DEGs) associated with T cells indi-
cated a predominant enrichment in biological processes(BP)
such as lymphocyte differentiation, T cell receptor signaling
pathway, T cell differentiation, and alpha-beta T cell activa-
tion.The focus was mostly on the cytosolic ribosome, the
cytosolic large ribosomal subunit, and the cytosolic small
ribosomal subunit within cellular components (CC). Regard-
ing molecular functions (MF), they were chiefly engaged
in structural constituents of ribosomes, histone binding,
ubiquitin-protein transferase regulatory activity, and binding
to ubiquitin and ubiquitin-like protein ligases (Fig. 4D and
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«Fig.4 Enrichment analysis of T cell-related DEGs pathways.A Vol-
canic diagram displays the analysis of inter cell differences in overall
cell subpopulations, with red dots representing genes specific to cell
clusters relative to other cell clusters; B Analysis of KEGG functional
enrichment of T cell; C Functional enrichment analysis of GO with
intercellular differences in T cells; D Functional enrichment analysis
of DEGs among T cells, with a faceted presentation of the enrichment
patterns of biological processes (BP), molecular functions (MF), and
cellular components (CC) within GO entries; E Scatter plot analyzing
inter-group differences in T cells; F Volcano plot of inter-group dif-
ferential analysis of T cells; G Bar chart depicting gene enrichment
disparities among various T cell groups

Supplementary Table S4).The examination of inter-group
variations in T cells indicated that, relative to normal tissues,
672 T cell-associated marker genes were markedly elevated
and 102 were dramatically downregulated in tumor tissues
(Fig. 4E-F, Supplementary Table S5).The enrichment analy-
sis of differentially expressed genes between groups indi-
cated that the immune response activating signaling path-
way, immune response regulating signaling pathway, and
response to type I interferon were upregulated in the tumor
group, while the stress response to metal ions and detoxifica-
tion of inorganic compounds were downregulated (Fig. 4G).

Pseudotime analysis of T lymphocytes in single-cell
RNA sequencing

Pseudotime analysis examines the developmental trajecto-
ries of various cells by meticulously evaluating the expres-
sion patterns of temporal genes in single-cell data. This work
involved the extraction of T cells to clarify their develop-
mental pathway, revealing three branches of T cell subtypes
(Fig. 5A). Figure 5C illustrates that T cells progress through
three phases of differentiation during development, whereas
Fig. 5B represents the sequence of cell subtype differentia-
tion, with dark cells evolving into light cells. This signifies
that CD4 + TEM cells are in the early phase of cellular for-
mation, whereas memory CD8 + TEM cells denote the final
differentiation stage. We subsequently employed heatmaps to
evaluate differentially expressed genes (DEGs) across time,
categorized them into four clusters, and performed Gene
Ontology (GO) pathway enrichment analysis. The findings
suggest that cluster 1 is primarily associated with cytoplas-
mic translation(Cao and Qin 2016), ribosome biosynthesis,
ribosomal subunit biosynthesis, and rRNA metabolic activi-
ties. Cluster 2 primarily encompasses the stress response
to copper ions, the negative regulation of development, the
cellular reaction to reduced oxygen levels, the negative regu-
lation of the execution stage of apoptosis, and the transcrip-
tional regulation of the stress response by RNA polymerase
II promoter. Cluster 3 mostly pertains to the positive regula-
tion of T cell activation. The cell surface receptor signaling
pathway that facilitates leukocyte activation and modulates
T cell differentiation to govern the immunological response.

Cluster 4 is primarily linked to immune response activation
signaling pathways, negative regulation of type I interferon-
mediated signaling pathways, immune response regulation
of cell surface receptor signaling pathways, and adaptive
immune responses resulting from somatic recombination
of immune receptors composed of immunoglobulin super-
family domains (Fig. 5D, Supplementary Table S6). The
expression levels of AC090498.1, ANXA1, FOS, LMNA,
and RGCC progressively elevate throughout the develop-
ment of tumor-associated T cells. Nonetheless, ZFP36L.2
continues to exhibit a declining tendency (Fig. SE).

Different cell-type communication analysis

This study simulates ligand receptor interactions between
cell types using CellChat to create an intercellular com-
munication network. Researchers found that tumor samples
have more intercellular communication than normal sam-
ples (Fig. 6A-C). Upon examining signal pathway analysis,
we observed significant differences in the frequency and
intensity of cellular connections between tumor and nor-
mal tissues (Fig. 6D). This investigation revealed the sig-
nificant activation of pathways including FN1, LAMININ,
and GALECTIN in cancers, suggesting their possible critical
roles in tumor evolution. Continuing along this trajectory,
our following analysis, as illustrated in Fig. 6E, revealed
substantial changes in ligand-receptor pairs within tumor
tissues. These particular molecular interactions indicate
essential regulatory functions in intercellular communica-
tion, thereby revealing possible novel molecular targets for
therapeutic intervention. An in-depth examination of the
GALECTIN pathways’ functions in cellular communica-
tion uncovered unique dynamics (Fig. 6F). The GALECTIN
signaling pathway is prevalent in ligand-receptor interactions
across diverse cell types, with the LGALS9-CD44 ligand-
receptor pair making the most substantial contribution to
this route. The comparative study of essential molecules in
the GALECTIN pathway revealed significant expression dif-
ferences in LGALS9 between tumor and normal samples
(Fig. 6G-J).

Forecasting and verification of T cell-associated
prognostic gene models

The TCGA-HNSC dataset was analyzed for differential genes
(Supplementary Table S7). We analyzed 95 HPV-negative
OSCC samples from the TCGA-HNSCC database (93 oral
cancer and 2 normal). The 986 DEGs intersected with the 774
T cell-related DEGs from scRNA-seq, yielding 58 overlapping
genes (Fig. 7A and Supplementary Table S8). After univariate
Cox regression analysis, prognostic genes were discovered.
Their risk scores were calculated using LASSO regression,
15 genes were included in the above analysis (Supplementary
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«Fig.5 Pseudotime analysis of T lymphocytes in single-cell RNA
sequencing.A The positioning of distinct T-cell subpopulations within
the pseudotime; B Sequential differentiation patterns of T cell sub-
types; C The positions of cells at various pseudotime; D A heatmap
depicting the distribution and enrichment status of genes exhibiting
pseudotime differences is proposed. This heatmap will showcase the
genes that undergo changes over time, organized into four distinct
clusters. Additionally, the text within the left-side bar chart will indi-
cate the enriched pathways associated with these genes; E Scatterplot
of pseudotime differences of genes changes

Table S9). Finally, the results of multivariate COX regres-
sion showed that four genes (PMEPA1, PRDX4, SH2D2A
and SMS) could serve as independent prognostic genes in
HPV-negative OSCC patients (Supplementary Table S10). A
prognostic model was created based on the above four genes
using the HPV-negative TCGA-OSCC dataset as a training
set, GSE41613 and GSE85446 as the testing sets.We catego-
rised patients into high and low risk groups based on median
risk scores (Fig. 7B-F). In the training set, overall survival
was shorter in the higher risk group compared to the lower
risk group (Fig. 7G). The time-dependent ROC curve anal-
ysis showed that the prognostic model accurately predicted
HPV-OSCC patient survival within the training sets, with an
AUC of 0.75 for 1-, 3-, and 5-year survival (Fig. 7H). We next
performed univariate and multivariate Cox analyses to assess
if the risk score is an independent prognostic factor for HPV-
negative OSCC patients compared to other clinicopathological
factors. Figure 71-J shows that PMEPA 1, PRDX4, SH2D2A,
SMS, N, stage, and risk scores correlated positively with
overall survival (OS) in univariate Cox regression analysis.
A multivariate analysis revealed that PRDX4 (HR: 2.5, 95%
CI: 1.12-5.5, P<0.05) and risk Scores (HR: 1, 95% CI: 1-1,
P <0.05) significantly impact overall survival (OS) in HPV-
negative OSCC patients, suggesting they may be independent
prognostic markers, Risk score’s hazard ratio is about 1, mak-
ing it unreliable as a predictor. This may be due to our small
sample.To corroborate our findings, we will collect a larger
sample. Following the technique, the nomogram had signifi-
cant multivariate logistic analysis variables. Age, stage, T, N,
M, and risk score were included in the nomogram (Fig. 7K).
We tested our T cell-related differential gene prognosis model
with GSE41613 and GSE85446 to confirm its accuracy. Our
model predicts HPV-negative OSCC prognoses with great
accuracy (Fig. 8).

Correlation of the HPV- 0SCC with immune cell
infiltration and immune checkpoint

To examine the disparities in tumor microenvironment
between high-risk and low-risk cohorts, tumor microenvi-
ronment scores were calculated utilizing the ESTIMATE
R package. The findings indicated that activated Mac-
rophages MO and Mast cells were significantly expressed in

the high-risk group (P <0.05) (Fig. 9A-B), whereas resting
mast cells, T follicular helper cells, and regulatory T cells
were mostly expressed in the low-risk group (Fig. 9C-E).
Furthermore, we examined the relationship between these
four prognostic characteristics and twenty-two immune
cell types, uncovering significant associations between
PMEPA1, PRDX4, SH2D2A, and SMS with various T cell
subtypes (Fig. 9F).

qRT-PCR

To detect the expression of PMEPA1, SH2D2A, SMS, and
PRDX4 in different stages of HPV-negative OSCC tissues,
we performed qRT-PCR experiments.The results showed
that PMEPA1 (**P <0.01), SH2D2A(*P <0.05), SMS
(*P <0.05), PRDX4(*P <0.01) expression was significantly
up-regulated in stagelll-IV tissues vs. stagel-II (P <0.05,
Fig. 10A-D and Supplementary Table S11).

Discussion

Oral squamous cell carcinoma (OSCC) is one of the most
aggressive forms of head and neck squamous cell carci-
noma (HNSCC)(Badwelan et al. 2023).The prognosis is
poor, and the 5-year survival rate of patients with oral
squamous cell carcinoma (OSCC) is approximately 50%;
these poor outcome are associated with high rates of
lymph node metastases and locoregional recurrence(Zhu
et al. 2022). Smoking and alcohol consumption are well-
established risk factors, whereas human papillomavirus
(HPV) infection is becoming increasingly recognized as
a significant risk factor for OSCC(Hiibbers and Akgiil
2015). The HPV status has been incorporated for the strati-
fication of oral cancer patients regarding outcomes and
therapeutic responses, with HPV-negative OSCC patients
exhibiting markedly inferior survival rates and diminished
therapeutic responses compared to those with HPV-posi-
tive tumors(Zhang et al. 2020; Lohavanichbutr et al. 2013).
At present, sScCRNA seq is widely used to describe the basic
characteristics of tumor infiltrating immune cells. As an
important component of the immune system, T cells play
a crucial role in exerting tumor killing effects and regulat-
ing the overall immune response of the body(O’Donnell
et al. 2018).This study utilized SCRNA seq to explore the
DEGs associated with T cells in HPV-negative OSCC, and
integrated bulk RNA data from TCGA and GEO to prelim-
inarily explore their potential value in prognosis assess-
ment and molecular targeted therapy. TME is a complex
ecosystem composed of tumor cells, fibroblasts, and vari-
ous immune cells. Numerous research results have shown
that TME plays an important role in promoting tumor
invasion and metastasis, resistance to radiotherapy and
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«Fig. 6 Different Cell-type communication analysis. A-B Number of
cell interactions between normal and tumor groups; C Comparison
of the quantity and intensity of cell communication between tumor
tissue and normal tissue; D Differences in the quantity and intensity
of cell communication related to signaling pathways between tumors
and normal tissues; E Identifying signal transduction by compar-
ing the probability of ligand receptor pairs mediated communication
between T cells and other cell types in control and tumor samples;
F Heatmap depicting the ligand-receptor interaction patterns in the
GALECTIN signaling pathway across various cell types in both
tumor and normal groups; G Relative contribution of tumor receptor
ligand pairs in the GALECTIN pathway; H-I Cell to cell communi-
cation mediated by LGALS9-CD44 single receptor ligand pairs in
tumor and normal groups; J Differential expression of GALECTIN
pathway molecules between tumor and normal samples

chemotherapy, and low response to immunotherapy(Visser
and Joyce 2023; Quail and Joyce 2013). Therefore, it is
crucial to systematically elucidate the TME of HPV nega-
tive OSCC patients and construct T cell related prognostic
models.

This study conducted SCRNA seq analysis on 14 human
HPYV negative OSCCs and 6 normal control tissues in the
GSE181919 dataset to elucidate the tumor microenviron-
ment of HPV negative OSCCs. After filtering, a total of
28,000 cells were included for subsequent analysis. Based
on T cell marker genes, 4635 T cells were identified, includ-
ing 942 Treg cells, 2652 CD4 + TEM cells, 814 CD4 + TEX
cells, 37 CD8 + TEM cells, and 190 Naive T cells, Treg cells
play an important role in tumor immune suppression and
immune escape processes, and appropriately reducing Treg
cells may promote anti-tumor immune responses(Shan et al.
2022). TEM cells induce DC cell activation by connecting
members of the tumor necrosis factor receptor superfam-
ily, exhibiting significant anti-tumor effects(Gattinoni et al.
2011). Naive T cells recognize MHC antigen peptides
presented by DCs, monocytes, or B cells and differentiate
into different T cell subpopulations under the induction of
microenvironmental cytokines. Therefore, specific regula-
tion of the differentiation microenvironment may contribute
to the differentiation of effector T cells and enhance anti-
tumor effects(Das et al. 2019). Currently, a large amount
of research is focused on CD8 + TEX, with limited under-
standing of CD4 + TEX. Some studies have found that
CD4 + TEX can promote the progress of bladder cancer and
immune therapy resistance by regulating the epithelial mes-
enchymal transformation of bladder cancer(Wu et al. 2023).
In summary, our study indicates a significant increase in the
proportion of CD4 +TEX, Naive T cells, CD8 + TEM, and
Treg in the TME of HPV negative OSCCs, which is consist-
ent with previous research.

The results of the enrichment analysis indicated that T
cell marker genes were predominantly linked to the T cell
receptor signaling pathway, Th1 and Th2 cell differentiation,
PD-L1 expression and PD-1 checkpoint pathway and Th17

cell differentiation pathways. There are four primary subsets
of CD4 + T helper (Th) cells, each characterized by a unique
cytokine profile that regulates the immune response through
a complex network. These include Thl, Th2, Th17, and T
regulatory (Tregs) cells. The balance between Th1 and Th2
cells is essential for tumor-specific immune responses and
pro-tumor immune control(Shang et al. 2024; Xiao et al.
2023). Prior research has demonstrated that immunological
dysregulation in OSCC patients is characterized by a pre-
dominance of Th2 /Thl cytokines(Gaur et al. 2014; Fraga
et al. 2021). The polarization towards Th2 cytokines esca-
lates with illness severity, correlating with a significantly
elevated risk, whereas Thl cytokines (IL2, IFNc) have
been identified as protective factors(Tano et al. 2013). The
association among various cytokines indicated a direct rela-
tionship between IL17A and Thl cytokines, while TGFb1
exhibited a positive correlation with Th2 cytokines (IL4,
IL10). Substantial evidence has implicated Th17 in protec-
tive immunity against cancer by promoting the production
of Thl chemokines, such as CXCL10 and CXCL9, and by
attracting effector cells to neoplastic tissues(Tano et al.
2013; Leivonen and Kahéri 2007). Furthermore, Th17 cells
can stimulate tumor-specific CD8 + T cells and enhance
dendritic cell accumulation, hence exerting an anticancer
effect(Wang et al. 2010; Ankathatti Munegowda et al. 2011).
Consequently, a thorough investigation of the functions and
processes of several T cell types in HPV-negative OSCC is
crucial for enhancing the prognosis of oral cancer.

The analysis of intercellular communication revealed that
T cells engaged in direct and robust interactions with differ-
ent cell subtypes, facilitated by LAMININ, and GALECTIN
signaling pathways. GALECTIN pathway have a broad influ-
ence on tumour progression via glycosylation-dependent
or independent mechanisms that modulate proliferation,
evasion of growth suppressors and immune responses,
resistance to cell death, induction of angiogenesis, inflam-
mation and metastasis(Marifio et al. 2023). Laminin can
bind to integrins in the extracellular matrix, promote tumor
invasion and metastasis, evade apoptosis and stimulate
angiogenesis(Stewart and O’Connor 2015). Therefore,
targeted therapy against LAMININand GALECTIN may
become a new therapeutic method, which may improve the
prognosis of tumor patients.

To comprehensively elucidate the correlation between T
cells in various tissue types and clinical outcomes in patients
with HPV-negative OSCC, a predictive risk model was devel-
oped in the TCGA cohort utilizing DEGs of T cell and subse-
quently confirmed with the GEO cohort. PMEPA1, PRDX4,
SH2D2A, and SMS were recognized as independent prognos-
tic biomarkers. PMEPA1, as well as transmembrane prostate
androgen-inducible protein 1, is sometimes designated as
transmembrane prostate androgen-induced protein (TME-
PAI) or solid tumor-associated gene 1 (STAG1). It was first
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«Fig.7 Forecasting and verification of T cell-associated prognostic
gene models.A The Venn diagram illustrates the intersection genes of
DEGs associated with T cells in both single-cell samples and TCGA-
OSCC samples; B Constructing LASSO Regression Model with
TCGA-OSCC Samples as Training Set; C Model parameter optimiza-
tion cross validation (the left line represents the optimal A value); D-
F Distribution of risk score and survival status in the training set; G
Kaplan-Meier survival curve constructed based on patient risk scores
and survival statuses within the training set; H ROC curve for pre-
dicting the probability of patient mortality in the training set at 1, 3,
and 5 years; I Univariate Cox regression analysis was conducted on
age, tumor stage, risk score, and the genes selected through LASSO
regression screening.J Multivariate Cox regression analysis of age,
tumor stage, risk score, and genes screened by LASSO regression
analysis; K The nomogram illustrates the predicted survival rates of
patients over a period of 3, 4, and 5 years

identified as an androgen-inducible gene in hormone-respon-
sive LNCaP prostate cancer cells(Sharad et al. 2020). A sig-
nificant amount of data suggests that PMEPAL is associated
with the advancement of many tumors. Xu et al.(Xu et al. 2003)
found that PMEPA1 adversely affects the proliferation of both
androgen-responsive and refractory androgen-treated LNCaP
prostate cancer cells, likely via its interaction with the NEDD4
protein, which is involved in the ubiquitin-proteasome path-
way. Moreover, Wen et al.(Wen et al. 2023) found that ele-
vated expression of PMEPA1 is associated with poor prognosis
and reduced anti-tumor immunity in gastric cancer patients.
PMEPA1 promotes carcinogenic effects on cell proliferation,
colony formation, invasion, and migration in vitro via activat-
ing the Wnt/p-catenin signaling pathway, and substantially
facilitates the progression of gastric cancer in vivo. In addition,
PMEPA1 negatively influenced PTEN protein levels in TNBC
cell lines, hence activating the PI3K signaling pathway. This
subsequently activated EMT-associated Snail by influencing
the Snail/Smad3/Smad4 complex, leading to reduced produc-
tion of E-cadherin. In triple-negative breast cancer, increased
Smad3 and reduced Smad2 levels enable TGF-f to shift from
a growth inhibitor to a promoter of growth and metastasis
through TMEPAI/PMEPA1(Singha et al. 2014, 2019). We
hypothesize that the PMEPA1 gene is a vital regulatory element
in tumor proliferation and various biological processes. The
biological functions, regulatory processes, and implications of
PMEPA1 in HPV-negative OSCC have yet to be investigated.
This study shown that HPV-negative OSCC patients with
increased PMEPA1 mRNA expression experience worse sur-
vival rates, with the underlying mechanism remaining unclear
and requiring further exploration. Peroxiredoxin IV (PRDX4)
is a multifunctional protein implicated in cellular protection
against oxidative damage, regulation of cell proliferation, mod-
ulation of intracellular signaling, and tumor pathogenesis(Jain
et al. 2021). Research indicates its potential utility as a bio-
marker for various cancers, including pancreatic, prostate, and
gastric cancer(Jia et al. 2019).Zheng et al.(Zheng et al. 2020).
demonstrated that PRDX4 overexpression influenced the tumor

microenvironment and facilitated tumor progression in a mouse
model of urethane-induced lung cancer. A separate study indi-
cated that PRDX4 serves as a negative prognostic indicator for
OSCC, with reduced cell migration and invasiveness shown in
OEC-M1 cells following in vitro PRDX4 knockdown(Chang
etal. 2011). Consequently, it is essential to elucidate the poten-
tial mechanistic relationship of PRDX4 in facilitating OSCC
progression.SH2D2A, or SH2 domain containing 2 A, also
referred to as T cell specific adaptor protein (TSAd), is inte-
gral to T cell biology(Kassiotis et al. 2012). It is essential for
the interaction between vascular endothelial growth factor
receptor 2 (VEGFR2) and c-Src, facilitating c-Src activation
and enhancing vascular permeability in tumor vasculature.
SH2D2A may impede the progression of bladder cancer(Lin
et al. 2023). Conversely, SH2D2A is an essential driver gene
that facilitates the spread of breast cancer(Shi et al. 2022a, b).
Currently, there is no research investigating the involvement
of SH2D2A in the progression of HPV-negative OSCC and
the potential mechanisms involved. This work indicates that
SH2D2A correlates with unfavorable outcomes in HPV-
negative OSCC; nevertheless, the specifics of its mechanism
whether it pertains to the modulation of T-cell immune surveil-
lance or T-cell activation necessitate additional investigation.
The spermine synthase (SMS) gene, also referred to as MRSR,
SPMSY, SRS, and SpS, belongs to the spermidine/spermine
synthase family, a group of polyamine biosynthetic enzymes.
Research indicates that elevated SMS mRNA expression corre-
lates with diminished overall survival (Hanash et al. 2020).Guo
et al.(Guo et al. 2020). discovered that SMS is overexpressed in
colorectal cancer (CRC). Targeted disruption of SMS in CRC
cells leads to the accumulation of spermidine, which inhib-
its the acetylation of FOXO3a, facilitating its translocation to
the nucleus to stimulate the expression of the pro-apoptotic
protein Bim. Qiu et al.(Qiu et al. 2024) discovered that SMS
was markedly overexpressed in M2 macrophages of non-small
cell lung cancer and exhibited elevated metabolic activity in
these macrophages, potentially linked to the polarization of
M2 macrophages. Pan et al. (Pan et al. 2022)discovered that
SMS is markedly overexpressed in head and neck squamous
cell carcinoma and correlates with tumor grade, N stage, and
prognosis. Patients exhibiting elevated SMS expression dem-
onstrate significantly reduced overall survival and progression-
free survival, aligning with our findings.Consequently, SM'S
could serve as a prospective target for anti-tumor interventions.
In conclusion, PMEAP1, PRDX4, SH2D2A, and SMS warrant
consideration as prognostic indicators for HPV-negative OSCC.

TME plays an important role in tumor progression, and
comprehending the immune cells within the TME is cru-
cial for advancing immunotherapy. This research examined
the disparities in immune cell infiltration between high-risk
and low-risk HPV-negative oral squamous cell carcinoma
patients.The results indicated that MO macrophages and acti-
vated mast cells were significantly expressed in the high-risk
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«Fig. 8 Validation of T cell prognostic risk model.A-C Distribu-
tion of Risk Scores and Survival Status in the GSE41613 validation
set; D Kaplan-Meier survival curve constructed based on patient
risk scores and survival statuses within the GSE41613 validation
set; E ROC curve for predicting the probability of patient mortality
in the GSE41613 validation set at 1, 3, and 5 years; F-H Distribu-
tion of Risk Scores and Survival Status in the GSE85446 validation
set; I Kaplan-Meier survival curve constructed based on patient risk
scores and survival statuses within the GSE85446 validation set; J
ROC curve for predicting the probability of patient mortality in the
GSES85446 validation set at 1, 3, and 5 years;
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group.In the low-risk group, mast cells resting, T cells fol-
licular helper and Tregs were significantly expressed. Some
studies indicate that Tregs impede anti-tumor immunity.
Nonetheless, various subtypes of Treg exert distinct influ-
ences on the prognosis of HNSCC.Neurotrophin-1 (Nrpl)
is essential for preserving the stability and functionality
of regulatory T cells (Tregs) within malignancies. A high
prevalence of NRP1 + Tregs in melanoma and head and
neck squamous cell carcinoma correlates with unfavorable
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Fig.9 Correlation of the HPV- OSCC with immune cell infiltration
and immune checkpoint.A-B Macrophages M0 and Mast cells were
significantly expressed in the high-risk group; C-E resting mast cells,

T follicular helper cells, and regulatory T cells were mostly expressed
in the low-risk group; F The heatmap illustrates the correlation
among prognostic features associated with immune cells and T cells
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Fig. 10 Relative expression levels of the these four genes in patients with different stages of HPV-negative OSCC .(A-D)
PMEPA1,PRDX4,SH2D2A and SMS are significantly up-regulated in patients with stage III-IV.*P <0.05;**P <0.01;***P < (0.001;

prognosis.Conversely, Nrpl-/- Tregs generate interferon-y
(IFNy), which augments anti-tumor immunity and facilitates
tumor eradication(Overacre-Delgoffe et al. 2017).

Consequently, Treg functions as a double-edged sword.
Investigating the genetic determinants of Treg subtype tran-
sition is crucial for boosting tumor prognosis and improving
responses to tumor immunotherapy.T follicular helper cells
can enhance immune responses facilitated by B cells and
cytotoxic CD8 T cells, and their quantity is frequently cor-
related with improved prognostic results. This aligns with our
research and further substantiates the great precision of the
prognostic model we have developed.

This study has limitations.First, prognostic genes were
found using public datasets, but the sample size of HPV-
negative OSCC patients was modest, requiring validation
with a large prospective clinical sample.Second, this study
did not investigate the mechanism of HPV-OSCC prognostic
gene using molecular biology.

Conclusion

We utilised scRNA-seq to create a single-cell transcriptome
profile of HPV-negative oral squamous cell carcinoma and to
investigate the role of T-cells in cell trajectory and intercel-
lular communication. In addition, we integrated single-cell
data with bulk RNA data from TCGA and GEO datasets to
construct a prognostic model of T cell associated DEGs, which
enabled us to predict the 1 -, 3 -, and 5-year survival rates
of patients.Notably, we can also evaluate immune infiltration

@ Springer

within the TME based on these prognostic genes.In the future,
we will further confirm the specific mechanisms of these four
genes promote tumourigenesis and development through basic
experiments, and search for targeted inhibitors of the genes
through network pharmacology or molecular drug library
screening to provide new strategies for clinical therapy.
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