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Abstract

Background Head and neck squamous cell carcinomas (HNSCs) are among the most common tumors worldwide. Despite
the availability of various diagnostic and therapeutic strategies, the incidence and mortality rates of HNSC remain high.
Cancer-associated fibroblasts (CAFs), as a major component of the tumor microenvironment, exhibit diverse biologi-
cal characteristics in terms of origin, genetics, and phenotype, and have been increasingly recognized for their roles in
tumor progression.

Methods To investigate the potential role of CAFs in HNSC, we performed a comprehensive bioinformatics analysis based
on the TCGA HNSC cohort. We applied single-sample gene set enrichment analysis (ssGSEA), single-cell RNA sequencing
(scRNA-seq) analysis, differential expression analysis, Cox regression, LASSO regression, and pathway enrichment analysis
to identify CAF-related genes and assess their prognostic value.

Results We successfully identified a set of CAF-related genes and stratified the HNSC patients into high- and low-CAF
groups. Based on the expression of these genes, we constructed a prognostic prediction model using LASSO and mul-
tivariate Cox regression analyses. A nomogram integrating the risk score and clinical characteristics was developed to
improve individualized survival prediction. Enrichment analysis revealed that the type | interferon signaling pathway,
cellular response to type | interferon, defense response to symbiont, and extracellular matrix organization were signifi-
cantly associated with CAFs in HNSC.

Conclusion Our study provides a novel CAF-based prognostic model and nomogram for predicting patient outcomes in
HNSC. These findings highlight the importance of CAFs in the tumor microenvironment and their potential as therapeutic
and prognostic biomarkers.

Keywords Head and neck squamous cell carcinoma - Cancer-associated fibroblast - Immune cell infiltration - Single-cell
RNA sequencing

1 Introduction

In 2018, the Global Cancer Report ranked head and neck squamous cell carcinomas (HNSCs) eighth in terms of com-
monness and death rate [1]. Local and distant failure after treatment for advanced HNSC occur in approximately
40% and 30% of patients, respectively, despite improvements in cancer patient survival over the last two decades
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[2]. There are multiple subsites of squamous cell cancer of the head and neck, including the oral cavity, oropharynx,
hypopharynx, larynx, and nasopharynx [3]. Smoking and using tobacco-like products, as well as drinking alcohol,
increase the risk of HNSC, which is well known [4]. As tobacco-derived carcinogens, excessive alcohol consumption,
or both are associated with HNSC, the burden of the disease varies by country [5].

HNSCs have a tumor microenvironment (TME) that is composed of transformed cells, as well as components from
the immune system and stroma [6]. Several studies of the TME have revealed critical roles for tumor-infiltrating
immune cells in tumor dissemination, recurrence, metastasis, and immunotherapeutic response [7]. Among their
tumor-promoting activities are immunosuppressive cytokines secreted by tumor-associated macrophages, which
are associated with unfavorable outcomes [8]. Higher levels of tumor-infiltrating lymphocytes, such as CD4 +T cells
and CD8 +T cells, were associated with improved survival and immunotherapy effectiveness conversely [9]. The
treatment of head and neck squamous cell carcinoma with immune checkpoint inhibitors (ICl) has proven to be
successful. There are, however, two major limitations of ICl therapy, namely the low rate of patient response and the
high out-of-pocket costs [10]. Understanding the tumor microenvironment in HNSCC and identifying a biomarker
to predict the efficacy of immunotherapy in patients with HNSCC are urgently needed [11].

The cancer-associated fibroblast (CAF) is an important part of the TME and exhibits a wide variety of biological
characteristics, including cell origin, genetic makeup, and phenotype [12]. It is known that CAFs are derived from
multiple types of cells and have increased expression of markers such as smooth muscle actin, fibroblast activation
protein (PDGFR), and vimentin, which are all expressed in high levels [13]. Cancer-promoting effects are usually
observed in most CAF subpopulations. Numerous previous studies have demonstrated that CAFs play an important
role in multiple stages of tumor development [14]. Cancer cells achieve immune evasion through signaling mediated
by CAF-derived cytokines within the TME, which not only promotes tumor proliferation but also induces cancer cell
proliferation. There is still much to learn about the specific roles and mechanisms that CAFs play in cancer progres-
sion and pathogenesis [15].

A great deal of research has been conducted on cancer treatment over the past two decades, and the many
breakthroughs have given us hope that many cancers will be successfully treated in the future. In the evolution of
cancer immunotherapies and a better understanding of T cell responses to immune checkpoint inhibitors, we are
developing precise biomarkers that can predict and identify precise genome-targeted drugs. The immune response
to cancer is dynamic and variable, so identifying drugs that are useful in cancer immunotherapy requires more than
just identifying a biomarker to identify patients who can benefit from immunotherapy. In order to determine whether
the immune response affects clinical treatment, we need to evaluate the immune response. With the advancement of
next-generation sequencing technologies, the biology of HNSC tumorigenesis and metastasis has become increas-
ingly clear over the past few decades. In this work, we mainly focused the role of immunotherapy in HNSCCs patients.
Several computational algorithms were used in this study to analyze the gene expression profiles of tumor samples
and gain an understanding of the immune landscape. Also, the GO and KEGG enrichment pathways were also applied
in the HNSC cohort to explore the potential pathways that are closely associated with immune-related characteristics.

2 Methods
2.1 Dataset downloaded

TISCH2 (Tumor Immune Single-cell Hub 2) is a scRNA-seq database dedicated to the tumor microenvironment.
TME across different cancer types can be explored with TISCH2, which provides detailed cell type annotation at the
single-cell level. In addition to meta-information, TISCH2 provides cell type annotation, expression visualization, dif-
ferential gene expression, GSEA results, transcription regulator analyses, etc., for a single dataset. As of 2006, TCGA
(The cancer genome atlas, Cancer Genome Atlas) is a joint project initiated by the National Cancer Institute and the
National Human Genome Research Institute. A number of human cancers (tumors including subtypes) are repre-
sented in the TCGA database, which contains clinical data, genomic variations, mRNA expression, miRNA expression,
methylation, among other data. In this work, the RNA-seq and the clinical-related information of HNSC patients was
obtained from the TCGA database.
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2.2 The differentially expressed analysis based on the R software

In the TCGA dataset (https://portal.gdc.com), the RNAseq data and associated clinical information of HNSC were obtained.
We used R software’s Limma package (version 4.0.2) to analyze mRNA expression differentially. To determine whether
mRNA differential expression exists, P value <0.05 and log2 (fold change) > 0.5 or log2 (fold change) < — 0.5 were used
as the standard.

2.3 Single-sample Gene Set Enrichment Analysis (ssGSEA)

We used R v3.5.1, method =“ssgsea” to perform ssGSEA with the GSVA v1.30.0 package in GSVA v1.30.0. Our various
immune cell signatures and other cell signatures were used to calculate NES. Each HNSC subtype was analyzed. For
each HNSC subtype, expanded signatures that are unique to that subtype must be resolved to determine their enrich-
ment significance. Our goal was to compare the NES for each subtype with the enrichment scores generated after 1000
permutations of randomly selected genes. For this analysis, all genes in the array were analyzed using a gene set of the
same size as the extended signature. Furthermore, we performed a similar analysis with only the immune-related genes
from ConsensusTME as input.

2.4 Gene ontology (GO) and Kyoto encyclopedia of genes and genomes (KEGG) enrichment analysis

In order to further confirm the potential functions of the potential targets, functional enrichment was used to analyze
the data. The gene annotation tool GO is widely used for annotating genes with their functions, particularly molecular
functions (MF), biological pathways (BP) and cellular components (CC). It is feasible to analyze gene function and related
high-level genome function information using KEGG enrichment analysis. In order to better understand the oncogenic
role of target genes, we analyzed GO functions of potential mMRNAs and enriched KEGG pathways using the ClusterPro-
filer package in R.

2.5 The COX regression analysis was applied to construct the prognostic model

In the above analysis, the survival package of R software was used to construct the prognostic model using univariate and
multivariate cox regression analyses. As part of the above analysis, the Least Absolute Shrinkage and Selection Operator
(LASSO) regression algorithm was used, as well as tenfold cross-validation. The software used to do this analysis was the R
package glmnet. In a data set in which log rank is used to test the KM survival curve distribution, the different groups are
examined based on their KM survival curve distribution. The HR (High Risk) represents the risk coefficient of the high-risk
group in comparison with the low-risk group. A model with HR greater than 1 is considered a risk model; a model with
HR less than 1 is considered a protection model. It is the time when the high-risk group and low-risk group have equal
survival rates, 95 percent CL. Median time is the time when the high-risk group and low-risk group have equal survival
rates. An AUC value of more than 0.8 indicates a model that is more accurate at predicting survival times, in years. AUC
curves and AUC values of a risk model at different times.

2.6 Immune cell infiltration analysis

In order to perform a reliable immune score evaluation, we used immunedeconyv, an R package which incorporates sev-
eral state-of-the-art immune-related algorithms, such as TIMER, xCell, MCP-counter, CIBERSORT, EPIC and quantlseq.In a
systematic benchmarking process, each algorithm has been shown to possess its own unique properties and strengths.
We then examine the expression of immune checkpoint-related genes and extract immune checkpoint-related gene
expression values. In addition, TIDE algorithm was applied to evaluate the immune-related response of immunotherapy.
The above mapping analysis uses the R software packages ggplot2 and ggpubr.
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2.7 Genetic and clinicopathological features based on risk models

Based on the clinicopathological features of HNSC patients in TCGA database, we then performed the correlation
analysis between risk model and clinicopathological features. In addition, the activation of immune-related pathways
were also evaluate.

2.8 GSVA enrichment analysis

A comparison between KEGG pathways and Hallmark pathways was conducted using the R packages “GSVA” and
“msigdbr”in order to understand differences in biological processes between subgroups. In order to study the rela-
tionship between immune cell infiltration among various subgroups, the ssGSEA algorithm was used. With the help
of the R package “ggplot2”, we visualized immune cell infiltration in different subgroups.

2.9 Cell culture

Human head and neck squamous cell carcinoma (HNSC) cell lines, SCC-9, were obtained from our lab. Cells were
cultured in Dulbecco’s Modified Eagle Medium (DMEM; Gibco, USA) or Minimum Essential Medium (MEM; depend-
ing on the cell line), supplemented with 10% fetal bovine serum (FBS; Gibco, USA), 1% penicillin—streptomycin (100
U/mL penicillin and 100 pg/mL streptomycin), and maintained at 37 °C in a humidified atmosphere containing 5%
CO,. The medium was replaced every 2-3 days, and cells were passaged using 0.25% trypsin—-EDTA when reaching
approximately 80-90% confluency.

2.10 shRNA construction and transfection

Short hairpin RNAs (shRNAs) targeting human were designed using online tools. The shRNA oligonucleotides were
annealed and cloned into the pLKO.1-puro lentiviral vector according to the manufacturer’s instructions. A non-
targeting shRNA sequence was used as a negative control (sh-NC). For lentivirus production, HEK293T cells were
co-transfected with the shRNA plasmid, psPAX2 (packaging plasmid), and pMD2.G (envelope plasmid) using Lipo-
fectamine 3000 (Invitrogen, USA). Viral supernatants were collected 48 and 72 h post-transfection, filtered through
a 0.45 pm filter, and used to infect target HNSC cells in the presence of 8 ug/mL polybrene. After 48 h, cells were
selected with puromycin (2 pg/mL) for 5-7 days to establish stable knockdown cell lines. Knockdown efficiency was
verified by quantitative real-time PCR and Western blotting.

2.11 RNA extraction and quantitative real-time PCR (qRT-PCR)

Total RNA was extracted from cultured cells using TRIzol™ Reagent according to the manufacturer’s protocol. The
concentration and purity of RNA were measured using a NanoDrop™ 2000 spectrophotometer. Reverse transcrip-
tion was performed using a PrimeScript” RT Reagent Kit with 1 ug of total RNA to synthesize complementary DNA
(cDNA). Quantitative real-time PCR (qRT-PCR) was carried out using TB Green’ Premix Ex Taqm Il on a QuantStudio™ 5
Real-Time PCR System. The relative expression levels of target genes were calculated using the 2"AACt method, with
GAPDH as the internal control. All reactions were performed in triplicate.

2.12 Cell proliferation assay (CCK-8 assay)
Cell proliferation was assessed using the Cell Counting Kit-8 following the manufacturer’s instructions. Briefly, cells

were seeded into 96-well plates at a density of 2 x 10° cells/well in 100 uL of complete medium. At the indicated time
points, 10 pL of CCK-8 reagent was added to each well, and the plates were incubated for an additional 1-2 h at 37 °C.
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The absorbance at 450 nm was measured using a microplate reader. All experiments were performed in triplicate,
and the average absorbance values were used to plot cell growth curves.

2.13 Statistical analyses

It was considered statistically significant if the p-value < 0.05 was obtained when all statistical analyses were carried out
with R software.

3 Results
3.1 The single-cell RNA sequencing analysis reveals the CAFs-related genes in HNSC patients

Firstly, we obtained the single-cell RNA sequencing dataset of GSE103322 from the TISCH2 database. In GSE103322, a
total of 21 HNSC patients were involved. Subsequently, a total of 11 types of cells were involved in the GSE113322, which
includes conventional CD4T cells, CD8T cells, CD8 exhaustion T cells, endothelial cells, fibroblasts, malignant cells, mast
cells, mono cells, myocyte cells, myofibroblasts and plasma cells (Fig. 1A-D). The pie chart demonstrated the different
proportion of the 11 type’s cells in HNSC patients. Then, a total of 11 genes that are specially expressed in fibroblasts
were considered as the CAFs in HNSC cohort, which involves ACTB, B2M, FTH1, HNRNPH1, SHISA9, MTRN2L1, MTRNR2L2,
UGDH-AS1, MTRNR2L8, MTRNR2L10 and EEF1A1 (Fig. 1E-0).

3.2 The ssGSEA algorithm demonstrate the scores of immune-related indexes and fibroblasts

In order to explore the scores of immune-related indexes and fibroblasts in HNSC cohort, we then performed the ssGSEA
algorithm. Subsequently, based on the immune-related indexes, the HNSC cohort was successfully divided into low-
and high-immune-related groups (Fig. 2A, B). Multiple immune-related cells, immune-related functions and pathways
were involved, which includes aDCs, AP -co-inhibition, APC co-stimulation, B cells, CCR, CD8 +T_cells, Check-point,
Cytolytic activity, DCs, HLA, iDCs, Inflammation-promoting, Macrophages, Mast cells, MHC class I, Neutrophils, NK cells,
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Fig. 1 A The results of cell clustering in single-cell RNA sequencing analysis. B The cell annotation of the single-cell RNA sequencing analy-
sis. C, D The different distribution of the different cells in HNSC cohort; The expression level of ACTB (E), B2M (F), FTH1 (G), HNRNPH1 (H),
SHISA9 (I), MTRNR2L1 (J), MTRNR2L2 (K), UGDH-AS1 (L), MTRNR2L8 (M), MTRNR2L10 (N) and EEF1A1 (O) in single-cell RNA sequencing
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Fig.2 A The analysis of ssGSEA algorithm based on the CAFs-related genes in HNSC cohort. B The different immune-related cohorts in
HNSC cohort. C The heatmap demonstrated the expression of different immune-related cells, immune-related functions and fibroblasts

Parainflammation, pDCs, T cell co-inhibition, T cell co-stimulation, T helper cells, Tth, Th1_cells, Th2_cells, TIL, Treg, Type
I IFN Response, Type Il IFN Response and Fibroblasts (Fig. 2C).

3.3 The immune-related subgroups were closely associated with the human leukocyte antigen
(HLA)-related genes, TME and immune checkpoint-related genes

In addition, we also performed the correlation analysis between the immune-related subgroups and HLA-related genes,
TME and immune checkpoint-related genes. In terms of TME, the results demonstrated that high-immune related groups
are associated with the higher stromal score, immune score and estimate score (Fig. 3A). Also, we evaluate the role of
HLA in HNSC cohort. Detecting antibodies in transplant candidates, detecting the level of this index to guide treatment,
and improving prognosis can all be achieved using the HLA cell antigen (Fig. 3B). The correlation analysis revealed that
HLA-related genes were closely associated with immune-related scores, which may indicate that immune-related score
may guide treatment and improve prognostic indicators of HNSC patients. Finally, we also performed the correlation
analysis between immune checkpoint-related genes and immune-related scores. In total, the higher immune-related
scores are closely associated with the higher expression level of immune checkpoint-related genes (Fig. 3C). The term
immune checkpoint refers to the programmed death receptors and their ligands. Through the blocking of programmed
death receptors and their ligands, immune checkpoint blockade therapy increases tumor cell destruction by the immune
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Fig. 3 AThe correlation analysis between TMB and risk scores. B The correlation between HLA-related genes and risk scores. C, D The corre-
lation analysis between immune checkpoint-related genes and risk scores

system. The results may suggest that the immune-related scores could guide the immune checkpoint-related therapy
in HNAC cohort.

3.4 Evaluation of the CAFs-related genes and construction of the CAFs-related prognostic prediction model

On the basis of the ssGSEA algorithm, the HNSC cohort was successfully divided into low- and high-CAFs groups. We then
performed the differentially expressed analysis. We finally obtained 112 up-regulated genes and 185 down-regulated
genes, which were regarded as the key CAFs-related genes in HNSC cohort (Fig. 4A). In order to better explore the genes
that are closely associated with the prognosis of HNSC patients, we then performed the cox regression analysis and
lasso regression analysis. The univariate cox regression analyses demonstrated that a total of 21 genes may affect the
prognosis of HNSC patients (Fig. 4B). We then performed the lasso regression analysis and multivariate cox regression
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Fig.4 A The different expressed analysis between low- and high-CAFs groups. B The univariate COX regression reveals the prognosis-
related genes in different expressed genes. C, D The results of the lasso regression analysis. E The GO BP enrichment analysis. F The results of
the GO CC enrichment analysis. G The results of GO MF enrichment analysis

analyses (Fig. 4C, D). At last, we successfully obtained a 8-genes based CAFs-related risk model. Also, we performed the
GO enrichment analysis to explore the potential pathways that are closely associated with the 297 CAFs-related genes.
For GO BP enrichment pathway, type | interferon signaling pathway, cellular response to type | interferon, response to
type linterferon, defense response to symbiont and extracellular matrix organization were the most associated pathways
(Fig. 4E). In addition, the GO CC enrichment pathways demonstrated that collagen-containing extracellular matrix, colla-
gen trimer, contractile fiber, myofibril and sarcomere are the most associated pathways (Fig. 4F). Also, the GO MF enrich-
ment pathways revealed that extracellular matrix structural constituent, collagen binding, platelet-derived growth factor
binding, structural constituent of muscle and glycosaminoglycan binding are the most associated pathways (Fig. 4G).

3.5 Validation of the CAFs-related risk models in HNSC cohort

On the basis of the regression analysis, we successfully obtained the risk scores as follow: risk score = ADGRE1
* 0.166554950551384 + HOXC13 * 0.20695841235104 + GZMB * — 0.165857716575127 + C50rf66-AS1
* — 0.121679319581999 + AQP5 * — 0.0969209592105233 + SPINK6 * — 0.175120322153285 + IGHG2 *
—0.269214652593672 +IGKV1- 5 * 0.207295319560749. Each HNSC patients were assigned with a risk score. Based on
the median risk score, the HNSC cohort was successfully divided into low- and high-risk groups (Fig. 5B). In addition,
the survival analysis demonstrated that HNSC patients in high-risk group were associated with the poor overall survival
(OS) (Fig. 5A). In order to compare the prognostic value between risk scores and clinical-related characteristics, we then
performed the univariate and multivariate independent prognosis analysis. The results demonstrated that age, N stage
and risk score are the risk factors in univariate independent prognosis analysis (Fig. 5C). Also, age, stage, T stage, N stage
and risk score are the risk factors in multivariate independent prognosis analysis (Fig. 5D). Then, we used the ROC curve to
evaluate the predictive value of risk model in HNSC cohort. The AUC score at 1-year, 3-year and 5-year are 0.667, 0.706 and
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Fig.5 A The survival analysis demonstrated the OS between low- and high-risk groups. B The risk plots based on the risk models. C The
univariate independent prognosis analysis. D The multivariate independent prognosis analysis. E The time-dependent ROC curve. F The
ROC curve based on the clinical-related characteristics and risk score; The survival analysis between the low- and high-expression level of
AGDRE1 (G), AQP5 (H), C50rf66-AS1 (1), GZMB (J), HOXC13 (K), IGHG2 (L), IGKV1-5 (M) and SPINK6 (N)

0.663 respectively (Fig. 5E). In addition, ROC curve was also applied to compare the predictive value between risk model
and clinical characteristics, such as age, gender, grade, stage, T stage and N stage. The AUC score for age, gender, grade,
stage, T stage and N stage were 0.589, 0.497, 0.524, 0.562, 0.560 and 0.605 respectively (Fig. 5F). Finally, we performed
the survival analysis based on the expression level of all 8 genes. The results demonstrated that the high expression level
of ADGRE1 and HOXC13 were associated with the poor OS. However, the high expression level of GZMB, C50rf66-AST,
AQP5, SPINK6, IGHG2 and IGKV1-5 were associated with the good OS (Fig. 5G-N).

3.6 Construction of the nomogram based on the risk model and clinical-related characteristics

In order to obtain the predictive model with better predictive values, we then construct the nomogram by combining the
risk score and clinical-related characteristics, which includes gender, grade, age, stage, T stage and N stage (Fig. 6A). The
calibration curve proved that the nomogram shows good predictive value (Fig. 6B). Furthermore, we also performed the
correlation analysis between clinical-related characteristics and risk score. The results demonstrated that HNSC patients
with higher risk score are also correlated with higher age, higher grade, higher stage, higher T stage and higher N stage.
Also, the male HNSC patients were also associated with the higher risk score (Fig. 6C-H).
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Fig.6 A The nomogram based on the clinical-related characteristics and risk scores. B The calibration curve revealed the predictive value of
nomogram; The correlation analysis between risk score and age (C), gender (D), grade (E), stage (F), T stage (G) and N stage (H)

3.7 The correlation analysis between risk model and immune-related cells, HLA-related genes and immune
checkpoint-related genes

Based on the different immune-related algorithm, we then performed the immune cell infiltration analysis (Fig. 7A).
The results demonstrated that CAF, MO macrophage, M2 macrophage and NK are positively correlated with the risk
score. In addition, B cell, CD8 +T cell, follicular helper T cell and M1 macrophage were negatively correlated with
the risk score. Then, we also evaluate the association between risk score and HLA-related genes. Some HLA-related
genes, which involves HLA-DQB1, HLA-DRB1, HLA-DRB5, HLA-DPB1, HLA-DPB2, HLA-DOB and HLA-DMB (Fig. 7B). In
terms of the immune checkpoint-related genes, many are closely associated with the risk score, such as LAG3, CD276,
CD86, TNFSF9, CD70, IDO1, TNFRSF14, CTLA4, ICOS, KIR3DL1, TIGIT, TNFRSF4, PDCD1, IDO2, PDCD1LG2, CD44, NRP1,
CDA40LG, CD48, TNFSF4, TNFSF18, CD244, CD27, TMIGD2, LGALS9, CD28, BTLA, TNFRSF18 and TNFRSF25 (Fig. 7C, D).
The results suggests that HNSC patients with different risk scores may response differently to the immune checkpoint-
related therapy.

3.8 ADGRE1 knockdown efficiency and its effect on cell proliferation

To investigate the role of ADGRE1 in HNSC cells, we first constructed stable knockdown cell lines using shRNA target-
ing ADGRE1. As shown in Fig. 8A, qRT-PCR analysis confirmed that the expression level of ADGRE1 was significantly
reduced in the shADGRE1 group compared to the negative control group (shNC) (P <0.01), indicating successful
knockdown efficiency.

Next, we evaluated the impact of ADGRE1 knockdown on cell proliferation using the CCK-8 assay. As shown in
Fig. 8B, there was no significant difference in cell viability between the shADGRE1 and shNC groups at day 0 and day
2. However, by day 4, cells transfected with shADGRE1 exhibited significantly higher OD450 values compared to the
control group, suggesting that knockdown of ADGRE1 promoted cell proliferation in HNSC cells (P <0.01).
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Fig. 8 Knockdown of ADGRE1 and its effect on cell proliferation in HNSC cells. A Quantitative real-time PCR (qRT-PCR) analysis of ADGRE1
MRNA expression levels in HNSC cells transfected with shRNA targeting ADGRE1 (shADGRE1) or negative control (shNC). ADGRE1 expres-
sion was significantly reduced in the shADGRE1 group compared to the shNC group. B Cell proliferation was measured using the CCK-8
assay at day 0, day 2, and day 4 post-transfection. Cells with ADGRE1 knockdown (shADGRE1) showed enhanced proliferation compared to
control cells (shNC) at day 4. Data are presented as mean £ SD from three independent experiments. P<0.05, P <0.01

4 Discussion

HNSC is the sixth most common cancer in the world, accounting for 90% of all head and neck cancers, resulting in
650,000 cancer cases and 330,000 cancer deaths each year [16]. There have been many advances in surgery, radia-
tion therapy, and systemic therapy, but the prognosis for HNSC patients remains poor [17]. In order to develop new
therapies for HNSC, it is imperative to understand the cellular and molecular biology behind them. In addition to
promoting tumorigenesis and increasing cancer cell invasiveness, CAF is an important component of TME stromal

@ Discover



Analysis
Discover Oncology (2025) 16:871 | https://doi.org/10.1007/512672-025-02507-1

cells [18]. A high degree of heterogeneity is observed in CAFs from a pathological standpoint. There have been several
theories regarding the origins of this disease, including genetic changes in natural fibroblasts, tumor cell-mediated
activation of pathological processes, and transdifferentiation of epithelial and mesenchymal cells [19]. As a result
of excessive protein deposition and oncogenic molecules constantly secreted by CAFs, tumor cells invade, develop
angiogenesis, become immunosuppressed, become resistant to drugs, and metastasize [20]. Consequently, target-
ing CAFs in conjunction with current tumor cell-targeting drugs may provide a synergistic therapeutic approach to
counteract HNSC progression [21]. Therefore, in this work, we first performed the single-cell RNA sequence analysis
to explore the fibroblast-related genes in HNSC cohort. Then, we performed the ssGSEA algorithm and differentially
expressed analysis to obtain the CAFs-related genes. The different immune-related groups response differently to
the HLA-related therapy and immune checkpoint-related therapy.

In order to further explore the prognostic value of CAFs-related genes, we then construct the prognostic prediction
model in HNSC cohort based on the CAFs-related genes. A 8-genes signature based on the CAFs-related genes was
used to predictive the prognosis of HNSC patients. Also, the independent prognostic analysis, ROC curve, nomogram,
as well as the survival analysis demonstrated that the risk model shows good predictive value in HNSC cohort. In
recent years, with the development of the bioinformatics analysis, more and more studies focused on the role of
risk models in the prediction of treatment, diagnosis and prognosis. In recent years, advances in single-cell RNA-
sequencing technology have generated a great deal of interest, enabling the profiling of genes and the identifica-
tion of distinct oncogenic populations and associated markers [22]. The combination of single-cell RNA-sequencing
technology and traditional RNA-sequencing technology provide a excellent tool to identify targets for more effective
individualized management [23]. Our analysis revealed that the CAFs play a key role in the treatment, diagnosis and
prognosis of HNSC patients. The ROC curve, nomogram and survival analysis all suggests that the risk model shows
good predictive value in HNSC cohort.

Moreover, the pathways enrichment analysis provided us with the important pathways involved in the CAFs-related
genes, such as type | interferon signaling pathway, cellular response to type | interferon, response to type | interferon,
defense response to symbiont and extracellular matrix organization. Recent studies discovered that CD8 +T cells
mediated by type | interferon promote antitumor immunity by activating MHC class | modified CD11b + dendritic cells
[24]. Several studies have demonstrated that type | interferons (IFNs) inhibit tumor growth directly and indirectly by
interacting with tumor cells and immune cells [25, 26]. As well, there is increasing evidence that the synergistic effects
of endogenous and exogenous interferon enhancement on antitumor immunity are evident. It is important to note
that type | interferons also play an important role in feedback inhibition of potential resistance to immunotherapy
and antitumor immunity [27]. According to another study, the outcome of PD1 blockade therapy is determined by
the precoded response of the peripheral immune system to type | interferon [28]. In total, our analysis may reveal
that the CAFs may play a key role in the HNSC cohort via type | interferons-related pathways.

5 Limitations

Despite the comprehensive analysis conducted in this study, several limitations should be acknowledged. First, the
data used in this study were primarily obtained from publicly available databases, such as TCGA and TISCH2, which
may introduce selection bias. The heterogeneity of datasets, including differences in sequencing platforms, sam-
ple processing, and patient demographics, could influence the reproducibility and generalizability of our findings
[29]. Second, our study relied on computational methods, including ssGSEA, Cox regression, and LASSO regression
analyses, to identify CAF-related genes and construct prognostic models. While these approaches provide valuable
insights, they require further experimental validation in independent patient cohorts and functional assays to con-
firm the biological relevance of the identified genes. Third, our study focused on the correlation between CAFs and
immune-related features in HNSC but did not explore the dynamic interactions between CAFs and immune cells in
the tumor microenvironment at a mechanistic level. Future studies using in vivo and in vitro experiments are neces-
sary to elucidate the functional roles of CAFs in modulating tumor immunity and treatment responses. Lastly, the
prognostic model developed in this study, while demonstrating good predictive value, should be further validated
in prospective clinical trials to assess its utility in guiding personalized therapeutic strategies for HNSC patients.
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