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Abstract. Tumor invasion and metastasis are the processes 
that primarily cause adverse outcomes in patients with 
cervical cancer. Cancer‑associated fibroblasts (CAFs), which 
participate in cancer progression and metastasis, are novel 
targets for the treatment of tumors. The present study aimed 
to assess the heterogeneity of CAFs in the cervical cancer 
microenvironment through single‑cell RNA sequencing. 
After collecting five cervical cancer samples and obtaining 
the CAF‑associated gene sets, the CAFs in the cervical cancer 
microenvironment were divided into myofibroblastic CAFs 
and extracellular (ec)CAFs. The ecCAFs appeared with more 
robust pro‑tumorigenic effects than myCAFs according to 

enrichment analysis. Subsequently, through combining the 
ecCAF hub genes and bulk gene expression data for cervical 
cancer obtained from The Cancer Genome Atlas and Gene 
Ontology databases, univariate Cox regression and least abso‑
lute shrinkage and selection operator analyses were performed 
to establish a CAF‑associated risk signature for patients with 
cancer. The established risk signature demonstrated a stable 
and strong prognostic capability in both the training and vali‑
dation cohorts. Subsequently, the association between the risk 
signature and clinical data was evaluated, and a nomogram 
to facilitate clinical application was established. The risk 
score was demonstrated to be associated with both the tumor 
immune microenvironment and the therapeutic responses. 
Moreover, the signature also has predictive value for the 
prognosis of head and neck squamous cell carcinoma, and 
bladder urothelial carcinoma, which were also associated with 
human papillomavirus infection. In conclusion, the present 
study assessed the heterogeneity of CAFs in the cervical 
cancer microenvironment, and a subgroup of CAFs that may 
be closely associated with tumor progression was defined. 
Moreover, a signature based on the hub genes of ecCAFs was 
shown to have biomarker functionality in terms of predicting 
survival rates, and therefore this CAF subgroup may become a 
therapeutic target for cervical cancer in the future.

Introduction

Cervical cancer is the fourth most frequently diagnosed cancer 
and the fourth leading cause of cancer‑related mortality in 
women worldwide (1). Based on the Global Cancer Statistics 
resource, there were ~604,000 new cases of cervical cancer 
and 342,000 deaths resulting from cervical cancer worldwide 
in 2020, and the mortality rate was considerably higher in 
developing countries compared with developed countries (1). 
The main pathogenic factor of cervical cancer is high‑risk 
human papillomavirus (HPV)‑persistent infection, which has 
reportedly led to >90% of cervical cancer cases (2). With the 
application of early screening and diagnostic methods, a larger 
number of patients can receive a favorable prognosis; however, 
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for advanced, metastatic and recurrent cervical cancer, the 
prognosis is not optimistic. Based on clinical findings, the 
12‑month survival rate of patients with advanced cervical 
cancer has never exceeded 30%, and the response rate is 
<15% (3). In recent years, immunotherapy and tumor‑targeting 
therapies have yielded promising results for the treatment of 
solid tumors. However, unlike other solid tumors, there are few 
targeted drugs available at present for the treatment of cervical 
cancer, and the treatment options for advanced cervical cancer 
remains very limited (4,5). Therefore, the identification of 
novel therapeutic targets for the treatment of cervical cancer 
is urgently needed.

As a central component of the tumor microenvironment 
(TME) in solid tumors, the pro‑tumorigenic functions of 
cancer‑associated fibroblasts (CAFs) have been assessed in 
breast cancer, colorectal cancer and numerous other cancer 
types (6). CAFs are typically associated with a worse prog‑
nosis and are currently being studied as a potential therapeutic 
target (7). However, CAFs also exhibit a certain degree of 
versatility, which may present certain difficulties in terms of 
translating research findings into clinical practice. The current 
classic classification includes myofibroblastic CAFs, which 
are associated with smooth muscle contraction and collagen 
precipitation, immune regulatory CAFs, which are associated 
with immune cell recruitment and suppression, and antigen 
presenting CAFs, which could recruit T cells, and the compo‑
sition of CAFs is different in different tumors (8). In cervical 
cancer, fibroblasts have been reported to be more sensitive to 
HPV‑infected keratinocytes and to secrete fibroblast growth 
factors (FGFs) such as FGF‑2 and FGF‑7, through the para‑
crine system, which in turn promotes angiogenesis and tumor 
proliferation (9). Therefore, an improved understanding of 
the biology of CAFs may lead to prognostic and therapeutic 
benefits.

Based on the potential of single‑cell (sc)RNA‑sequencing 
(seq) to decipher cellular heterogeneity, the present study aimed 
to assess the intra‑tumor heterogeneity of CAFs in cervical 
cancer using this method to further examine CAF function. 
Through the validation of the findings using multiple databases 
and clinical data, the preliminary results in the present study 
may be useful as a reference point for further research.

Materials and methods

Participants and sample collection. Clinical data and 
tissue specimens were collected from patients with cervical 
cancer treated at the Women's Hospital, School of Medicine, 
Zhejiang University (Hangzhou, China) between June 2020 
and December 2021. The inclusion criteria were as follows: 
i) Adult female patients with a sexual history; ii) diagnosis of 
squamous cervical cancer; iii) no neoadjuvant therapy before 
surgery; and iv) Federation of Gynecology and Obstetrics 
(FIGO) 2018 stage ≥IB1 (10). The exclusion criteria were as 
follows: i) Patients not diagnosed with primary squamous 
cervical cancer; ii) no lesions visible to the naked eye; and 
iii) any treatments, such as radiotherapy and chemotherapy, 
received before surgery. Patients were considered to have 
cervical cancer according to preoperative histological and/or 
imaging examinations, such as ultrasound, magnetic reso‑
nance imaging or computed tomography.

Tumor samples of ~0.5x0.5x0.5 cm were collected from 
within the visible tumor area during surgery. Para‑tumorous 
tissues, which were defined as normal tissues according to the 
naked eye and located 2 cm away from the cancer margin, were 
also collected if available. The size of the sample collected 
was the same as that for the tumor tissues. After the sampling 
was completed, blood and debris on the surface of the tissue 
were cleaned with normal saline that had been pre‑cooled at 
4˚C. Liquid on the surface of the tissue was then absorbed by 
dust‑free paper and the tissue samples were transferred to a 
frozen tube filled with the pre‑cooled tissue preservation solu‑
tion (MACS® Tissue Storage Solution; cat. no. 130‑100‑008; 
Miltenyi Biotec, Inc.). The tube cover was tightened, sealed 
with sealing film, and then stored and transported at 2‑8˚C. 
The fresh tissues collected were processed within 24 h to 
prepare for the following steps. Before the final diagnosis 
was made according to the postoperative pathology and if the 
patient met the inclusion and exclusion criteria, the sequencing 
data would be used for subsequent analysis.

In total, five tumor and three para‑tumorous tissues were 
obtained (median patient age, 63 years; range, 48‑67 years). 
The cancer clinical stage was defined according to the afore‑
mentioned FIGO 2018 staging system, and stages I, II and III 
were all included in the present study. As the samples were 
collected at different times, batch effects were not introduced 
when analyzing the scRNA‑seq data.

The protocol of the present study was approved by the 
Institutional Research Ethics Committee of the Women's 
Hospital, School of Medicine, Zhejiang University (approval 
no. IRB‑20200006‑R). All patients provided written informed 
consent. The clinical characteristics of the patients and 
samples, including age, histological type and presence of 
metastasis, are detailed in Table SI.

Cell suspensions from tumor tissues and cell quality control. 
Fresh cervical cancer tissue samples were placed in a sterile 
RNase‑free culture dish containing 3‑5 ml calcium‑free and 
magnesium‑free 1X PBS on ice. The tissue samples were 
transferred to new culture dishes and cut into 0.5 mm2 pieces. 
The tissues were subsequently washed with 1X PBS, and as 
much irrelevant tissue as possible, including blood stains 
and fatty layers, was removed. The tissues were then disso‑
ciated into single cells using dissociation solution (0.35% 
collagenase I‑V5, 2 mg/ml papain, 120 U/ml DNase I) in a 
water bath at 37˚C with shaking for 20 min (100 rev/min). 
The digestion was terminated by the addition of 1X PBS 
containing 10% fetal bovine serum (v/v), and the solution 
was then resuspended 5‑10 times using a Pasteur pipette. 
The resulting cell suspension was filtered with a 70‑30 µm 
stacked cell strainer and then centrifuged at 300 x g for 5 min 
at 4˚C (11). The cell pellet was subsequently resuspended in 
100 µl 1X PBS containing 0.04% BSA, to which 1 ml 1X red 
blood cell lysis buffer [Red Blood Cell Lysis Solution (10X); 
cat. no. 130‑094‑183; Miltenyi Biotec, Inc.] was added. The 
cell suspension was then incubated either at room temperature 
or on ice for 2‑10 min to lyse the remaining red blood cells. 
Following this incubation, the cell suspension was centri‑
fuged at 300 x g for 5 min at room temperature. The cells 
were subsequently resuspended in 100 µl Dead Cell Removal 
MicroBeads, and dead cells were removed using the Dead 
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Cell Removal Kit (cat. no. 130‑090‑101; Miltenyi Biotec, 
Inc.). The cells were then resuspended in 1X PBS containing 
0.04% BSA, centrifuged at 300 x g for 3 min at 4˚C (this 
process was repeated twice), before 50 µl 1X PBS containing 
0.04% BSA was again added to resuspend the cell pellet. The 
overall cell viability was determined by trypan blue exclusion 
staining, and cell viability >85% was required for subsequent 
experiments. The single‑cell suspensions were counted using 
a Countess® II Automated Cell Counter (Invitrogen™; Themo 
Fisher Scientific, Inc.), and the cell concentration was adjusted 
to 700‑1,200 cells/µl.

10X Genomics library preparation and scRNA‑seq. Gel beads 
containing the barcode information (16‑base sequence) were 
bound to a mixture of the cells to sequence and enzymes 
(including reverse transcriptase), and then encapsulated in 
droplets of oil surfactant located in a microfluidic system 
to form the gel beads in emulsion (GEMs). The GEMs were 
subsequently collected in to a reservoir in the equipment 
called the chromium controller, and then reverse transcription 
was performed in a PCR instrument (Bio‑Rad Laboratories, 
Inc.) to generate cDNA. In this process, the gel beads were 
lysed during heating and released the barcode sequences that 
could label the sample cells. At the same time, there were also 
a large amount of primer sequences in gel beads. The protocol 
for this step was 53˚C for 45 min, 85˚C for 5 min and a 4˚C 
hold. The GEMs were then collected, and the cDNA was used 
as a template for PCR amplification. Subsequently, the GEMs 
were disrupted and broken up into oil droplets. The cDNA was 
then enzymatically digested into fragments of 200‑300 bp, 
and the DNA library was finally amplified by PCR following 
the library construction process that comprised traditional 
second‑generation sequencing, including sequencing connec‑
tors and primers. The reagents used in this process were as 
follows: i) Chromium Next GEM Single Cell 3' GEM, Library 
& Gel Bead Kit v3.1, 16 rxns PN‑1000121 (10X Genomics); 
and ii) Chromium Next GEM Chip G Single Cell Kit, 48 rxns 
PN‑1000120 (10X Genomics). Subsequently, an Agilent 2100 
bioanalyzer (Agilent Technologies, Inc.) was used for cDNA 
library quality control. When the peak shape was normally 
distributed, between 500 and 8,000 bp, and the main peak was 
>1,300 bp, follow‑up experiments could be conducted. The 
cDNA library was quantitatively determined by qPCR using 
VAHTS Library Quantification Kit for Illumina (Vazyme 
NQ101, NQ105) to the concentration of 150 pM. Finally, 
libraries were sequenced using a NovaSeq 6000 Sequencing 
System at a minimum depth of 20,000 reads per cell (12) 
(paired‑end multiplexing run; 150 bop; Illumina, Inc.) by 
using NovaSeq 6000 S4 Reagent Kit v1.5 (300 cycles) (cat. 
no. 20028312). These experiments which including cDNA 
library construction and single‑cell sequencing were supported 
by LC‑Bio Technologies Hangzhou Co., Ltd., and single‑cell 
sequencing related reagents and instruments were from 10X 
Genomics.

Sequencing data quality control and quantification. Cell 
Ranger (4.0.0) is the official analysis software of 10X 
Genomics (https://support.10xgenomics.com/single‑cell‑gene 
expression/software/overview/welcome) (13), which is capable 
of reading raw downstream sequencing data directly and can 

output the statistical results of the sequencing data for each 
sample. As the present study involved multiple samples, 
integration and homogenization of the multi sample data was 
required prior to further analysis, and to obtain uniform UMI 
abundance information for all the genes in all cells. After 
running the whole process, Cell Ranger used algorithms to 
calculate the number of cells obtained during the process 
based on the barcode and UMI information, and the expres‑
sion level of genes was thereby detected in each cell, providing 
data that were used for further downstream analyses.

Single cell data filtering and cluster analysis. The Cell 
Ranger output was loaded into the Seurat (version 3.1.1) 
(http://seurat.r‑forge.r‑project.org) program for dimensional 
reduction, clustering and analysis of the scRNA‑seq data. 
The quality control threshold parameters were set as follows: 
i) Genes that were expressed in <300 cells were removed; 
ii) the low cut‑off was >500 genes expressed per cell, whereas 
<5,000 genes expressed per cell was the high cut‑off; iii) the 
number of UMI counts was ≥500; iv) the proportion of 
mitochondrial DNA‑derived genes expressed was <25%; 
and v) the potential doublets that occurred in the encapsula‑
tion step and/or as occasional pairs of cells were removed 
using the Doublet Finder package (version 2.0.2) (https://rdrr.
io/github/chris‑mcginnis‑ucsf/DoubletFinder/src/R/doubletFinder.R).

After the cell filtering process was completed, the Seurat 
software was used to normalize the data and to find highly 
variable genes using the built‑in parameters ‘Normalize Data’ 
and ‘Find Variable Features’. Seurat was then used to perform 
a downstream principal component (PC) analysis (PCA) 
on these highly variable genes calculated by ‘Find Variable 
Features’ to derive the corresponding PCA values, and subse‑
quently the data were analyzed according to these values for 
dimensionality reduction, clustering and subgrouping. The 
first 20 PCs of the PCA were then used for the subsequent 
clustering and subgrouping analysis.

To visualize the data, the dimensionality of all 33,090 cells 
from five tumor samples was further reduced using Seurat, and 
the non‑linear dimensional reduction technique, t‑distributed 
Stochastic Neighbor Embedding, was used to project the cells 
into two‑dimensional (2D) space. The principle was to drop 
the expression matrix data of the cells onto a 2D plane by 
means of dimensionality reduction, and to differentiate the 
data according to similarity to obtain the statistical results of 
the cell clustering.

Finding marker genes based on the clustering of subgroups. 
To find clusters, the weighted Shared Nearest Neighbor 
graph‑based clustering method was selected. Marker genes 
for each cluster were identified using the ‘Find All Markers’ 
function in Seurat (14) and the Wilcoxon rank sum test was 
performed (default parameter: ‘bimod’ Likelihood‑ratio test). 
This function allowed the pre‑processed data to be limited to 
a certain range, thus eliminating undesirable effects caused 
by exceptionally large or small datasets. The following were 
parameters selected for the genes: i) Genes expressed in >10% 
of the cells in a cluster; ii) adjusted P<0.01; and iii) an average 
log2 fold change (FC) of >0.26, which implied a fold change 
of >1.3. Due to the large amount of single‑cell data, this 
difference was already very notable. Typically, logFC >0.25 
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is acceptable in single‑cell analysis; however, the criteria 
were made more stringent in the present study to increase the 
reliability (15‑17). Subsequently, cell clusters in the resulting 
2D representation were annotated to known biological cell 
types using canonical marker genes that have been reported 
in previously published studies (18‑20). Finally, marker genes 
of the clusters were revealed by heatmap analysis, and heat‑
maps were generated using the pheatmap function (1.0.12) 
from the R package (R Core Team). Furthermore, when 
comparing differential genes of two groups of cells, the basic 
principles of statistics was similar with finding marker genes 
of several clusters and the function in Seurat was called ‘Find 
Marker’.

Pathway and functional annotation analysis. Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathway functional enrichment analyses 
were performed using the Cluster Profiler R package 
(version 4.0.5), through which enriched biological processes, 
molecular functions, cellular components and pathways of 
identified hub genes in the cluster of interest were identi‑
fied (9). P<0.05 was considered to indicate a statistically 
significant enrichment (21). The results of the enrichment 
analysis are shown as scatterplots, and the ggplot2:Rich 
factor was used to indicate the number of differential genes/
total number of genes, with the greater the Rich factor, the 
higher the degree of enrichment.

The Molecular Signatures Database (https://www.
gsea‑msigdb.org/gsea/msigdb) (genesets c2.cp.kegg.v7.0.symbols 
and h.all.v7.0.symbols) was used in conjunction with the fgsea 
R package (version 1.18.0) for gene set enrichment analysis 
(GSEA) (22,23) to assess the different KEGG pathways and 
hallmark gene sets between the high‑ and low‑risk CAF groups. 
Pathways with adjusted P<0.05 were regarded as being statisti‑
cally significantly enriched (18). The results of the GSEA were 
visualized using the enrichplot R package (version 1.12.3).

Cell‑cell communication analysis. Cell communication 
analysis was performed after 1,000 permutation tests based on 
gene expression levels of the major cell types, and the cell‑cell 
interactions among them were visualized by heatmaps using 
CellPhoneDB (version 2.1.2; www.cellphonedb.org), a publicly 
available repository of curated receptors, ligands and their 
interactions. Cell‑cell interactions within identical cellular 
lineages were excluded, and receptor‑ligand pairs between 
the relevant cell types were identified. A combined P<0.05 
was required, and the ligand/receptor needed to have been 
expressed in >10% of cells (24).

Database bulk transcriptome RNA‑seq data collection 
and processing. The bulk transcriptome RNA‑seq data and 
corresponding clinical data were obtained from The Cancer 
Genome Atlas (TCGA) (https://portal.gdc.cancer.gov) 
cervical cancer (CESC; 309 samples), head and neck squa‑
mous cancer (HNSC; 546 samples), bladder cancer (BLCA; 
430 samples), colon adenocarcinoma (COAD; 512 samples) 
and prostate cancer (PRAD; 551 samples) databases using 
the UCSC Xena browser (GDC hub; https://gdc.xenahubs.
net) (25). Additionally, the transcriptomic data of 300 cervical 
cancer samples in GSE44001 were obtained as the external 

validation cohorts via the Gene Expression Omnibus database 
(https://www. ncbi.nlm.nih.gov/geo/) (26).

Molecular prognostic signature construction. Focusing on 
the hub genes of extracellular marked CAFs and differen‑
tially expressed genes (DEGs) between CAFs and fibroblasts 
in para‑tumors, a prognostic signature was constructed for 
patients with cervical cancer. Overall survival (OS) rate 
was identified as the primary outcome. First, univariate Cox 
regression analysis was performed to identify prognostic 
ecCAF‑associated genes in TCGA‑CESC dataset. P<0.05 
was considered to indicate a statistically significant result. To 
minimize the overfitting risk, the least absolute shrinkage and 
selection operator (LASSO) Cox regression model was then 
applied using the glmnet 4.1 4 R package (27), and the CAF 
signature was calculated according to the following formula: 
CAF risk score=Σ(βi x Expi), where βi represents the LASSO 
coefficient of the gene and Expi is the expression value of the 
candidate gene (28). Patients in TCGA‑CESC database were 
classified into high‑ and low‑risk groups according to the 
median CAF risk score, and their association with OS was eval‑
uated using Kaplan‑Meier (KM) plot analysis (29). Heatmap 
analysis was used to visualize the association between CAF 
risk scores and candidate genes. Similarly, the CAF signature 
was tested in other external validation cohorts, including the 
aforementioned cervical cancer cohort GSE44001 and other 
HPV‑associated cancer datasets, including TCGA‑HNSC, 
TCGA‑BLCA, TCGA‑COAD and TCGA‑PRAD datasets (21).

TME infiltration estimation. The Estimation of Stromal and 
Immune cells in Malignant Tumors using Expression data 
(ESTIMATE) algorithm in R package (version 1.0.13) was 
used to calculate the immune scores and tumor purity of the 
patients. In addition, the Wilcoxon rank‑sum test was used to 
compare immune scores and tumor purity between the CAF 
high‑ and low‑risk score groups (30).

The infiltration levels of different immune cells between 
the CAF high‑ and low‑risk score groups were calculated 
using the following two methods: i) The combination of 
Cell type Identification By Estimating Relative Subsets Of 
RNA Transcripts (CIBERSORT) via ‘CIBERSORT.R’ and 
LM22 (leukocyte signature matrix) was used to evaluate 
the proportions of the 22 human leukocyte cell subsets; and 
ii) single‑sample (ss)GSEA analysis was applied via the 
GSVA R package (version 1.42.0) (31) to assess the propor‑
tions of 28 types of infiltrating immune cells of the tumor 
samples (32). Subsequently, the Wilcoxon rank‑sum test was 
used to compare the differences between the two groups, 
and the ggplot R package was used for visualization of the 
results.

Immunotherapeutic responses and chemotherapeutic sensi‑
tivity predictions. The immunotherapeutic responses of 
patients in TCGA‑CESC database and other cancer databases 
were estimated using the online algorithm, Tumor Immune 
Dysfunction and Exclusion (TIDE; http://tide.dfci.harvard.
edu/) (33). Furthermore, patient chemotherapeutic sensitivi‑
ties were predicted using the oncoPredict R package (version 
0.2) by building a ridge regression model (34). Several 
common anticancer drugs for cervical cancer (cisplatin, 
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docetaxel, 5‑fluorouracil, paclitaxel and cyclophosphamide) 
were tested, and the training genetic profiles were obtained 
from the largest publicly accessible pharmacogenomics 
database, Genomics of Drug Sensitivity in Cancer (GDSC; 
https://www.cancerrxgene.org/) (21,35). GDSC contains two 
datasets, the newer dataset, GDSC2, was used in the present 
study.

Nomogram construction and validation. To identify which 
clinical characteristics were associated with the prognosis 
of patients with cervical cancer, univariate and multi‑
variate Cox proportional hazards regression analyses were 
performed using SPSS 26.0 (IBM Corp.). After passing 
the Schoenfeld residual plot of proportional hazards test, 
the significant variables were tested using the proportional 
hazards assumption (36). Nomograms were then constructed 
based on the independent prognostic factors in the Cox 
regression to predict the 1‑, 3‑ and 5‑year OS rates of patients 
with cervical cancer (37). Every variable in the nomogram 
was expressed as a line, and the length of the lines reflected 
the weight of the variables in the model; the value of the 
variable was equal to a point on the line. After adding the 
points of all variables, the survival rates at different time 
nodes were obtained (21).

In addition, the concordance index (C‑index) was calcu‑
lated to evaluate the level of discrimination of the model, 
and calibration curves were plotted to assess the consistency 
between the predicted 1‑, 3‑ and 5‑year OS rate probabilities 
and the observed rates, the accuracies of which were derived 
from the nomogram (bootstrap‑based 1,000 iterations, with 
resampling of validations) (38).

Human Protein Atlas (HPA) database. Immunohistochemical 
results were obtained from the HPA online database 
(https://www.proteinatlas.org/) (39), to compare the expres‑
sion levels of the signature genes at the protein level in normal 
cervix and cervical cancer tissues.

Statistical analysis. All statistical analyses and visualizations 
were performed using the R v4.1.1 (https://www.r‑project.org/) 
and SPSS 26.0 software packages. KM survival curves and 
the log‑rank test were used to compare the OS rates between 
high‑ and low‑risk groups, and these analyses were performed 
using survival and survminer R packages (40). Furthermore, 
the survival results of only one gene were obtained from 
the Gene Expression Profiling Interactive Analysis database 
(http://gepia.cancer‑pku.cn). The LASSO‑Cox regression 
model was used to construct the extracellular (ec)CAF signa‑
ture. Time‑dependent receiver operating characteristic (ROC) 
curves were used to evaluate the predictive performance of 
the model. Wilcoxon and unpaired Student's t‑tests were used 
to compare differences between two groups, depending on 
whether the data were normally distributed. χ2 tests were used 
to compare constituent ratios between two groups. Finally, 
Pearson's correlation coefficient was used to assess correla‑
tions between two variates. P<0.05 was considered to indicate 
a statistically significant difference.

Results

scRNA‑seq analysis and CAF subgroup identification. A flow 
diagram depicting the overall steps of the present study is 
presented in Fig. 1. A total of five fresh tumor tissues and three 

Figure 1. Flow diagram of the present study. CAF, cancer‑associated fibroblast; myCAF, myofibroblastic CAF; ecCAF, extracellular CAF; LASSO, least 
absolute shrinkage and selection operator; HPA, Human Protein Atlas; TCGA‑CESC, The Cancer Genome Atlas‑cervical cancer; TME, tumor microenviron‑
ment; GSEA, gene set enrichment analysis.
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available para‑tumorous tissues were collected from patients 
with cervical cancer, and scRNA‑seq was subsequently 
performed with all samples. Following quality control assess‑
ment and the removal of batch effects, a total of 33,090 single 
cells from tumor samples were sorted into 20 major clusters 
(Figs. 2A and S1A). Heatmap analysis was then conducted to 

reveal the top 10 hub genes of the 20 clusters (Fig. 2B), and 
a bar‑plot was constructed to demonstrate the sample source 
of the clusters (Fig. 2C). Subsequently, the cell types were 
annotated by finding canonical markers in cluster‑specific 
genes (Fig. 2D): Epithelial cellular adhesion molecule 
was used for identifying epithelial cells (Fig. 2E); protein 

Figure 2. Single‑cell RNA sequencing from 33,090 cells from 5 cervical cancer tissues and cell type identification. (A) A total of 20 separate clusters 
according to tSNE. (B) Heatmap of the top 10 marker genes in each cluster. (C) Sample source of the 20 clusters. (D) Canonical markers identified cell types 
in the TME: (E) Epithelial cells (EPCAM), (F) immune cells (PTPRC) and (G) endothelial cells (CLDN5). (H) The expression of CAF markers in all 20 
clusters. (I) Cell‑cell communication analysis among all clusters in cervical cancer microenvironment. tSNE, t‑distributed Stochastic Neighbor Embedding; 
TME, tumor microenvironment; EPCAM, epithelial cellular adhesion molecule; PTPRC, protein tyrosine phosphatase, receptor type C; CLDN5, claudin‑5; 
CAF, cancer‑associated fibroblast; COL1A1, collagen, type I, α1; COL1A1, collagen, type I, α2; IL6, interleukin‑6; CXCL, chemokine (C‑X‑C motif) ligand; 
HLA‑DRA, major histocompatibility complex, class II, DRα; HLA‑DPA1, major histocompatibility complex, class II, DPα1; VIM, vimentin; S100A4, S100 
calcium binding protein A4; LUM, lumican; MMP11, matrix metalloproteinase 11; MMP2, matrix metallopeptidase 2; FBLN1, fibulin 1.
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tyrosine phosphatase, receptor type C was used for identifying 
immune cells (Fig. 2F); claudin‑5 was used for endothelial 
cells (Fig. 2G); and collagen, type I, α1 was used for CAFs. 
Two clusters, namely cluster 10 and cluster 16 (C10 and C16, 
respectively), were recognized as CAFs (Fig. 2H).

Subsequently, the heterogeneity of CAFs in a cervical 
cancer environment was evaluated by assessing the gene 
expression profile of the two clusters. One difference identi‑
fied was in the expression of α‑smooth muscle actin (α‑SMA; 
also known as ACTA2), a classical marker of myofibroblastic 
(my)CAFs (41). ACTA2 was expressed at notable levels in C16, 
whereas the expression level in C10 was comparatively low 
(Fig. 2E). With the exception of ACTA2, C16 also exhibited 
notably higher expression levels of other intracellular markers, 
including vimentin and ferroptosis suppressor protein 1 (also 
known as S100A4) compared with C10; whereas C10 expressed 
extracellular markers, including lumican (LUM), matrix 
metalloproteinase (MMP)11, MMP2 and fibulin 1 (FBLN1) 
(Fig. 2H). Previous studies have suggested that MMPs 
remodel the extracellular matrix (ECM) via the proteolysis 
of collagens, fibrin, fibronectin, laminins and vitronectin, 
and through promotion of the invasion of tumor cells in an 
HPV‑infected microenvironment (42,43). For these reasons, 
the C10 CAF subgroup was classified as ecCAFs in the present 
study. In addition, certain genes that are characteristic of CAF 
subpopulations that have been reported in other types of tumor 
were also assessed, including immune regulatory CAFs and 
antigen‑presenting CAFs (8). However, these types of CAFs 
did not appear to exist in the cervical cancer microenviron‑
ment, as both of the clusters did not express classical marker,s 
such as IL6, CXCL1, CXCL12, HLA‑DRA and HLA‑DPA1 
(Fig. 2H).

Subsequently, cell‑cell communication analysis was 
performed to assess the interactions among different cell 
types in the cervical cancer microenvironment (Fig. 2I). 
The results demonstrated that ecCAFs had a notably higher 
number of interactions with other cell types compared with 
myCAFs (C16), as a greater number of ligand‑receptor 
pairings were detected. The majority of clusters that made 
connections with ecCAFs were cancer cells (clusters 3, 4, 5, 
6, 7, 13, 14, 15 and 17; cancer cells originated from epithelial 
cells that highly express EPCAM), followed by monocytes 
(cluster 8, which was associated with a high expression level 
of CD14). This suggested that, when compared with myCAFs, 
ecCAFs may more notably contribute towards promoting 
cancer progression.

ecCAFs demonstrate more robust pro‑tumorigenic effects 
compared with myCAFs. As myCAFs are the major subtype 
of activated fibroblasts in the TME, they are thought to have a 
pro‑tumorigenic role (8). myCAFs were therefore used as the 
reference cells in the present study, to assess the function of 
ecCAFs in the cervical cancer microenvironment. First, the 
DEGs were compared between the two subgroups. Volcano 
plots were constructed to demonstrate the most significantly up 
and downregulated genes in ecCAFs compared with myCAFs 
(P<0.01; Fig. 3A). In addition to LUM and MMP11, numerous 
other genes that fulfill a crucial role in the ECM were found to 
be upregulated, including decorin (44), FBLN1 (45), MMP2, 
neuroblastoma 1 and spondin 2 (46), whereas genes that serve 

regulatory roles in certain intercellular signaling pathways and 
mitochondrial functions, such as NADH dehydrogenase 1 α 
subcomplex, 4 like 2 (47) and neurogenic locus notch homolog 
protein 3 (48), were downregulated. Moreover, genes that 
control myogenesis such as myosin heavy chain 11 (49) and 
myocyte‑specific enhancer factor 2C (50), were also demon‑
strated to be upregulated in myCAFs and downregulated in 
ecCAFs.

GO and KEGG enrichment analyses were then performed 
for the DEGs identified between ecCAFs and myCAFs. In 
the GO enrichment analysis, the DEGs were found to be 
closely associated with ECM organization (Fig. 3B). KEGG 
enrichment analysis revealed that, even though the two 
types of CAFs were both associated with cancer, ecCAFs 
were more abundant in cancer‑linked signaling pathways 
and cancer‑associated components (P<0.05; Fig. 3C), such 
as ‘PI3K‑Akt signaling pathway’, ‘TGF‑beta signaling 
pathway’, ‘Pathways in cancer’, ‘Proteoglycans in cancer’, 
‘Transcriptional misregulation in cancer’ and ‘MicroRNAs in 
cancer’. These findings corroborated that the novel extracel‑
lular marker CAFs, namely ecCAFs, had a more significant 
role in cervical cancer progression compared with the classic 
intracellular marker CAFs (or myCAFs). Moreover, the 
ECM may be an important location for ecCAFs in terms of 
their support of tumor progression, as focal adhesion and 
ECM‑receptor interactions were also found to be significantly 
enriched (Fig. 3C and D). Notably, the two subgroups of CAFs 
were also demonstrated to be significantly associated with 
HPV infection.

Construction of a prognostic signature based on the hub 
genes of ecCAFs. Given the cancer‑promoting functions 
of ecCAFs, ecCAFs were subsequently used to predict the 
prognosis of patients with cervical cancer. TCGA cervical 
cancer cohort, which contained 296 samples, was used to 
construct the model, and the OS rate was chosen as the 
primary outcome. Both the hub genes of ecCAFs and the 
differential gene profiles of CAFs in cervical cancer tissues 
and fibroblasts in para‑tumorous tissues on the single‑cell 
level were taken into consideration. Finally, 51 intersecting 
genes, which were hub genes only in ecCAFs when compared 
with myCAFs, and fibroblasts in paratumor were obtained. 
Univariate Cox proportional risk models were then used to 
analyze the intersecting genes, and 16 genes were identified 
(P<0.05; Fig. 4A). The LASSO Cox regression algorithm was 
then performed on these genes, and the λmin values (namely, 
the value of λ that gave the minimum mean cross‑validated 
error) was determined as the optimal λ value by tenfold 
cross validations (Fig. 4B). A total of 12 prognostic genes 
with non‑zero coefficients were identified. A 12‑gene ecCAF 
signature was subsequently constructed based on the expres‑
sion level of each gene, and its coefficient was as follows: 
Risk score=[0.228614961999191 x heparan sulfate proteo‑
glycan 2 (HSPG2)] + [0.280769639745156 x leptin receptor 
(LEPR) overlapping transcript (OT)] + (0.164309473932873 
x LEPR)‑[(0.101889575739853 x LIM domain only 4 
(LMO4)]‑[(0.0924809661366454 x vascular cell adhesion 
molecule 1 (VCAM1)]‑[(0.120237842213106 x regulator 
of G protein signaling 5 (RGS5)] + [(0.0176198675612701 
x prostaglandin endoperoxide synthase 2 (PTGS2)] 



WANG et al:  EXTRACELLULAR CAFS: A NOVEL SUBGROUP IN THE CERVICAL CANCER MICROENVIRONMENT8

+ [(0.398174149944109 x transmembrane protein 9 
(TMEM9)] + [(0.0569947847625145 x collagen, type IV, 
α1 (COL4A1)]‑[(0.11168153683065 x NMYC down‑
stream‑regulated gene 2 (NDRG2)] + [(0.0959648255524675 
x Egl 9 family hypoxia inducible factor 3 (EGLN3)] + 
[(0.0896858331705779 x SEC23 homolog A, COPII coat 
complex component (SEC23A)]. Among the prognostic 
genes, eight genes, HSPG2, LEPROT, LEPR, PTGS2, 
TMEM9, COL4A1, EGLN3 and SEC23A, were regarded as 
risk‑associated genes (HR>1), whereas the other four genes 
were considered as protective genes (HR <1). Fig. 4C shows 

the change in survival status (dead/alive) of patients in the 
TCGA‑CESC cohort with the increase of risk score, and 
the patients are divided into high risk and low risk groups 
by median. Based on the aforementioned risk formula, the 
ecCAF risk score of each patient was calculated and visual‑
ized by heatmap analysis (Fig. 4D). Patients in TCGA‑CESC 
cohort were subsequently divided into low and high ecCAF 
risk groups according to their median risk scores. The 
Wilcoxon rank‑sum test demonstrated that the ecCAF risk 
score in the group of dead patients was significantly higher 
compared with the group of live patients (P=3x10‑8; Fig. 4E). 

Figure 3. Comparison between myCAFs and ecCAFs. (A) Volcano plot of DEGs in ecCAFs and myCAFs (P<0.01). (B) GO enrichment scatterplot of DEGs in 
ecCAFs and myCAFs. (C) KEGG enrichment scatterplot of upregulated genes in ecCAFs. (D) KEGG enrichment scatterplot of upregulated genes in myCAFs. 
CAF, cancer‑associated fibroblast; myCAF, myofibroblastic CAF; ecCAF, extracellular CAF; DEG, differentially expressed genes; GO, Gene Ontology; 
KEGG, Kyoto Encyclopedia of Genes and Genomes.
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The pairwise comparison of OS in the different risk groups 
was then assessed using the log‑rank test. KM curves 
revealed that the high ecCAF risk group had a significantly 
more unfavorable survival outcome compared with the low 

ecCAF risk group (P<0.001; Fig. 4F). ROC curves were 
subsequently used to evaluate the sensitivity and specificity 
of the OS model. The overall area under the ROC curve 
(AUC) value was found to be 0.724 (Fig. 4G), and for the 1‑, 

Figure 4. A 12‑gene signature correlated with overall survival in The Cancer Genome Atlas‑CESC based on ecCAFs, constructed using LASSO Cox regression 
analysis. (A) Forest plot of the results from the univariate Cox regression. (B) LASSO Cox regression model constructed, with λmin as the optimal λ. (C) CAF 
risk score calculated in CESC according to the LASSO Cox regression model, with samples grouped by median CAF risk score. (D) Heatmap visualizing the 
expression levels of model genes with the CAF risk scores. (E) CAF risk scores in dead patient group (1) and alive patient group (0). (F) Overall survival in 
high‑ and low‑risk group by Kaplan‑Meier curves. (G) Receiver operating characteristic curve for the overall AUC value. (H) Receiver operating characteristic 
curve for the 1‑, 3‑ and 5‑year AUC values. LASSO, least absolute shrinkage and selection operator; CESC, cervical cancer; CAF, cancer‑associated fibroblast; 
fustat, fundamental state; ecCAF, extracellular CAF; AUC, area under the curve; HR, hazard ratio; CI, confidence interval.
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Figure 5. Verification the prognostic effect of the singnature based on TCGA‑CESC and GSE4401. (A) Disease‑specific survival, (B) DFI and (C) progres‑
sion‑free interval in the high‑ and low‑risk groups by Kaplan‑Meier curves, with data from The Cancer Genome Atlas‑cervical cancer cohort. (D) DFI in the 
high‑ and low‑risk groups by Kaplan‑Meier curves, with data from GSE44001. (E) Immunohistochemical results demonstrating the expression of six model 
genes in normal tissues and cervical cancer. Images are from the Human Protein Atlas database. DFI, disease‑free interval. VCAM1, vascular cell adhesion 
molecule 1; PTGS2, prostaglandin‑endoperoxide synthase 2; HSPG2, heparan sulfate proteoglycan 2; NDRG2, NDRG family member 2; LMO4, LIM domain 
only 4; SEC23A, SEC23 homolog A, COPII coat complex component.
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3‑ and 5‑year survival prognoses, the constructed risk model 
predicted AUC values of 79.92, 79.26 and 81.68, respectively 
(Fig. 4H).

Subsequently, the reliability of the ecCAF signature 
was further assessed. When building this signature, the 
OS rate was defined as the primary outcome; however, 
when changing the survival outcome to other parameters, 
including to disease‑specific survival, disease free interval 
and progression free interval, the model also demonstrated 
robustness in terms of its forecast performance when dividing 
the patients according to the median ecCAF risk score 
(P<0.01; Fig. 5A‑C). Cervical cancer information is limited 
in the public datasets selected, and therefore the GSE44001 
dataset, which contained information regarding cancer recur‑
rence, was selected as the validation dataset. The signature 
was also able to predict the prognosis of patients when the 
cut‑off point was set at the upper quartile of the ecCAF risk 
score (P=0.012; Fig. 5D). Furthermore, the survival results of 
every model gene were obtained from the Gene Expression 
Profiling Interactive Analysis database. The survival results 
revealed that 7/12 genes (COL4A1, EGLN3, LEPR, LEPROT, 
SEC23A, TMEM9 and VCAM1) had prognostic functions 
that were consistent with the risk model results of the present 
study when the cut‑off point was set at the median value 
(Fig. S2). Patients with higher VCAM1 expression levels had 
an improved prognosis, whereas a higher expression level of 
other genes indicated a worse prognosis for survival. Taken 
together, these results supported the prediction for the OS 
rate of patients with CESC according to the constructed 
model.

Furthermore, to evaluate the protein expression levels of 
the model genes in normal and tumor fibroblasts, immunohis‑
tochemical results were obtained from the HPA database. In 
total, 6/12 genes (SEC23A, NDRG2, PTGS2, VCAM1, LMO4 
and HSPG2) were found to have immunohistochemical results, 
and SEC23A, VCAM1, LMO4 and HSPG2 were found to be 
expressed at a notably higher level in cervical cancer stroma 
compared with normal cervical stroma (Fig. 5E). These find‑
ings were consistent with the results of single cell sequencing 
showing that the expression of these genes was upregulated 
in ecCAFs compared with that in fibroblasts in para‑tumor 
tissues. By contrast, there was no notable difference in the 
protein expression levels of NDRG2 and PTGS2 between the 
tumor and normal groups in HPA.

Higher ecCAF risk indicates an immune exclusive envi‑
ronment and does not respond well to immunotherapy or 
chemotherapy. The influence of the ecCAF risk score on the 
TME was evaluated by ESTIMATE (51). In TCGA‑CESC 
cohort, patients with a higher ecCAF risk score exhibited 
significantly higher tumor purity (Wilcoxon rank‑sum 
test, P=0.003; Fig. 6B) and lower immune cell infiltration 
(Wilcoxon rank‑sum test, P<0.001; Fig. 6A), compared with 
patients with a lower risk score. Subsequently, CIBERSORT 
and the ssGSEA algorithms were used to assess the relation‑
ship between the ecCAF risk score and TME constituents 
at the bulk RNA‑seq level. The results demonstrated that 
a high ecCAF risk score was significantly associated with 
a higher level of macrophages 0, which represents the 
initial state of the macrophage, compared with a low‑risk 

score, whereas there was a deficit of a majority of immune 
contents, including several subtypes of B cells, CD4 T cells, 
CD8 T cells and dendritic cells, all of which usually have 
antitumor functions in the tumor microenviroment (52‑54) 
(Fig. 6C‑E). In conclusion, a higher ecCAF risk score may 
indicate a microenvironment that is more exclusive to 
immune cells.

Since it was determined that the ecCAF risk score may influ‑
ence the TME outlook, particularly in terms of immune cells, the 
practicability of the model in predicting the response to immu‑
notherapy in cervical cancer was evaluated. According to the 
Pearson's correlation coefficient analysis, the ecCAF signature 
score was significantly but weakly negatively correlated with the 
expression levels of programmed cell death protein 1 (P<0.001; 
r=‑0.23; Fig. 7A) and cytotoxic T‑lymphocyte associated protein 
4 (P<0.001; r=‑0.29; Fig. 7B). The probability of samples in 
the CESC cohorts yielding a response to immune‑checkpoint 
inhibitors was predicted using the TIDE online algorithm. 
Patients in the low ecCAF risk group (148/296; non‑responders, 
n=24) were significantly more reactive to immunotherapy 
compared with patients in the high‑ecCAF risk group (148/296; 
non‑responders, n=38) (χ2 test, P<0.05; Fig. 7C). In addition, 
the non‑responders had a significantly higher ecCAF risk score 
compared with responders (Student's t‑test, P<0.01; Fig. 7D). 
These results demonstrated that the constructed model could be 
used to provide an indication as to whether a patient may be an 
immunotherapy responder.

Subsequently, the ability of the constructed signature to 
predict response to chemotherapy was evaluated. The oncoP‑
redict algorithm (36) was used to estimate the sensitivity of 
five frequently used drugs in cervical cancer therapy (cisplatin, 
docetaxel, 5‑fluorouracil, paclitaxel and cyclophosphamide), 
and a training cohort was obtained from the GDSC2 dataset 
(a resource for therapeutic biomarker discovery in cancer 
cells). Of all five drugs assessed, docetaxel and paclitaxel 
were significantly associated with improved therapeutic 
effects compared with the other drugs, as their sensitivity 
scores were relatively small. In addition, the samples with a 
higher ecCAF risk score had significantly lower sensitivity 
than those with a lower risk score (Wilcoxon rank‑sum test, 
all P<0.05; Fig. 7E‑I).

Clinical applications of the ecCAF signature. The asso‑
ciation between the risk score and the clinicopathological 
characteristics of patients was assessed to expand its appli‑
cability value. First, the risk scores of the 5 patients whose 
tissue samples were collected for single cell sequencing 
were calculated using the constructed signature, and it was 
demonstrated that 2 patients with stage III cancer had higher 
risk scores than the other 3 patients (Table SI). Based on 
TCGA‑CESC dataset, higher risk scores were significantly 
associated with both a greater number of new tumor events 
(distant metastasis, locoregional recurrence and new primary 
tumors; Student's t‑test, P<0.05; Fig. 8A) and the tumors were 
more likely to be incompletely removed by surgery (Student's 
t‑test, P<0.001; Fig. 8B). According to the GSE44001 dataset, 
patients with higher risk scores tended to have significantly 
larger tumors (Pearson's correlation coefficient, P<0.001; 
r=0.189; Fig. 8C; and Wilcoxon rank‑sum test, P<0.05; 
Fig. 8D).
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Subsequently, based on TCGA data, clinicopathological 
characteristics were considered in the construction of a 

nomogram. A univariate Cox regression model was estab‑
lished to screen possible prognostic factors. A multivariate 

Figure 6. Influence of CAF risk score on the TME. A higher CAF risk score was significantly associated with a (A) lower immune score and (B) higher 
tumor purity, as determined by Estimation of Stromal and Immune cells in Malignant Tumors using Expression. (C) Visualization of the CIBERSORT 
results of TCGA‑CESE. The influence of CAF risk score on TME, determined by (D) CIBERSORT and (E) ssGSEA. *P<0.05, **P<0.01, ***P<0.001. CAF, 
cancer‑associated fibroblast; TME, tumor microenvironment; CIBERSORT, Cell type Identification By Estimating Relative Subsets Of RNA Transcripts; 
ssGSEA, single‑sample gene set enrichment analysis; NK, natural killer; MDSC, myeloid‑derived suppressor cell; ns, not significant.
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Cox model was then established to identify independent risk 
factors affecting the OS rate of patients with cervical cancer. 
The univariate and multivariate Cox regression results are 
presented in Table I. It was demonstrated that age (<65 vs. 
≥65 years), FIGO stage [early (I‑II) vs. late (III‑IV)] and risk 
score (upper vs. lower 50%) were independent risk factors. 
Based on the Schoenfeld residual plot of proportional hazards 
test, the P‑values of the three variables were all >0.05 (Fig. 8F), 
which implied that they met the prerequisites of the propor‑
tional hazard assumption. This indicated that these variables 
could be used to establish a nomogram, and the resultant model 
is presented in Fig. 8E. The nomogram detailed the impact 
of each factor on CESC and demonstrated that the ecCAF 
risk score was the greatest influencing factor with respect to 

the age and stage of cancer of the patient. The C‑index was 
found to be 0.795 (95% confidence interval, 0.743‑0.846), 
which implied that the nomogram had a good discrimination 
level. The calibration curves of the model demonstrated that 
the predictive values of the nomogram were highly consistent 
with the observed values (Fig. 8G), which indicated that the 
nomogram had a good level of accuracy.

ecCAF signature is closely associated with tumor‑linked 
pathways. Since the designed ecCAF signature was correlated 
with adverse prognosis and refractory therapeutic responses, 
the functional pathways in this model were subsequently 
assessed using GSEA. Patients in the TCGA‑CESC cohort 
were separated into high‑ and low‑risk groups based on their 

Figure 7. Immunotherapy and chemotherapy response predicted using ecCAF scores. Relationship between ecCAF risk scores and (A) PDCD1 and (B) CTLA4 
expression. (C) The proportion of immunotherapy responders in the high‑ and low‑CAF risk score groups. (D) CAF risk score between immunotherapy 
responders and non‑responders. The influence of CAF risk score on the chemotherapeutic drug effect on cervical cancer, including (E) cisplatin, (F) docetaxel, 
(G) 5‑fluorouracil, (H) paclitaxel and (I) cyclophosphamide. ecCAF, extracellular cancer‑associated fibroblast; PDCD1, programmed cell death protein 1; 
CTLA4, cytotoxic T‑lymphocyte associated protein 4.
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median ecCAF risk scores. DEGs between the high and low 
ecCAF score groups were mainly enriched in cancer‑ and 
metabolism‑associated pathways, including xenobiotic 
metabolism by cytochrome, oxidative phosphorylation, the 
TGF‑β signaling pathway, and extracellular matrix‑ and 
immune‑related pathways (P.adjusted <0.05; Fig. 9A; 

Table SII). Notably, the majority of the signaling pathways 
were enriched in the high ecCAF score group, whereas the 
immune‑associated pathways were more enriched in the low 
ecCAF score group. The results obtained using hallmark gene 
sets were found to be similar; cancer‑associated gene sets, 
including epithelial‑mesenchymal transition, hypoxia and 

Figure 8. Clinical relevance of the risk model. (A) The difference in CAF risk scores when comparing patients with and without new tumor events, with data 
from The Cancer Genome Atlas. (B) The difference in CAF risk scores when comparing according to tumor free and with tumor after surgery, with data from 
The Cancer Genome Atlas. (C) The correlation between CAF risk score and tumor largest diameter, with data from GSE44001. (D) The difference in CAF 
risk scores when comparing tumor size, with data from GSE44001. (E) Nomogram based on age, Federation of Gynecology and Obstetrics stage and CAF 
signature for 1‑, 3‑ and 5‑year overall survival predictions. (F) Schoenfeld residual plot of proportional hazards test. (G) Calibration curves for testing the 
agreement between 1‑, 3‑ and 5‑year predicted overall survival and actual observations. CAF, cancer‑associated fibroblasts.
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TNFA signaling via NFKB, were also significantly enriched 
in the high ecCAF risk group (P.adjusted<0.05; Fig. 9B).

Role of the ecCAF‑based signature in other HPV‑associated 
tumors. In aforementioned results (Fig. 3C and D), KEGG 
enrichment analysis demonstrated that the HPV infection 
pathway was enriched in ecCAFs. In addition to cervical 
cancer, HPV infection has been proposed to contribute to the 
emergence of a series of different cancer types (55), including 
HNSC (56), bladder urothelial carcinoma (57), COAD (58) 
and prostate adenocarcinoma (59). Therefore, a pan‑cancer 
analysis was performed to assess whether the ecCAF‑based 
signature was effective in predicting the prognosis of other 
HPV‑associated cancers. As previously, the OS rate was chosen 
as the primary outcome. The survival analysis demonstrated 
that the high ecCAF risk group had a significantly worse 
prognosis in HNSC (P=0.001) (Fig. 9C) and BLCA (P=0.004) 
(Fig. 9D), when the observation period was 170 months, 
whereas no significant differences were identified in terms of 
COAD or PRAD (Fig. S1B).

The predictive effect of the model on immunotherapy was 
also evaluated in terms of the four HPV‑associated cancers 
(namely HNSC, COAD, BLCA and PRAD). As demonstrated 
in Fig. 9E, there were significantly more non‑responders in 
the HNSC high ecCAF risk group compared with the low‑risk 
group, which implied unfavorable effects resulting from therapy 
(P<0.05); however, for BLCA, COAD and PRAD, there were 
no differences between the two different risk groups (Fig. S1C).

In terms of chemotherapy, several different chemothera‑
peutic drugs that are frequently used to treat the four types of 
HPV‑associated cancers were selected for analysis (56,60‑62), 
and significant differences were identified between the low 
and high ecCAF risk score groups in the HNSC, COAD 
and PRAD cohorts (Wilcoxon rank‑sum test, all P<0.05; 

Fig. 9F‑I). Specifically, patients in the high‑risk group had a 
worse chemotherapeutic response compared with the low‑risk 
group, which indicated that the model had potential in terms 
of its wider applicability. However, the difference in the BLCA 
cohort was not found to be significant.

Discussion

Cervical cancer is the most common gynecological cancer 
worldwide and it remains a major health problem among 
women (63). As reported by the World Health Organization 
(WHO), 341,831 women died from cervical cancer in 2020, 
accounting for 7.7% of the total number of cancer‑related 
deaths in women worldwide (1). Currently, first‑line treatments 
after initial diagnosis of the disease are typically surgery or 
a combination of chemotherapy and radiation, depending on 
the stage of cancer and other clinicopathological risk factors 
of the patient (64). However, as one of the vital components in 
cervical cancer therapy, chemotherapy rarely proves to be cura‑
tive; moreover, it is associated with a number of adverse side 
effects and a narrow therapeutic window (65). For example, 
first‑line cisplatin‑based chemotherapy yields only a 13% 
response rate when cisplatin alone is administered, whereas 
the response rate is 36% for cisplatin double therapy (66,67). 
The development of effective treatment therapies for cervical 
cancer, especially advanced cervical cancer, is therefore 
urgently required.

As an important component of the solid TME, CAFs have 
long been considered as a potential therapeutic target for 
tumors. However, numerous therapeutic strategies for CAFs 
have failed in the clinic, and research in this field of cervical 
cancer is comparatively lacking. One important reason for 
this is that CAFs are quite heterogeneous, and the composi‑
tion and function of CAFs in different types of tumors remain 

Table I. Univariate and multivariate Cox proportional hazards regression analysis of the association of clinicopathologic features 
and overall survival.

 Cox proportional hazards regression analysis
 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑
 Univariate Multivariate
 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑ ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑
Characteristic HR (95% CI) P‑value HR (95% CI) P‑value

Age (≥65 vs. <65 years) 2.049 (1.153‑3.641) 0.014 1.920 (1.081‑3.413) 0.026
Stage (late vs. early) 2.364 (1.426‑3.919) 0.001 2.287 (1.376‑3.801) 0.001
CAF risk score (upper vs. lower 50%) 3.732 (2.157‑6.428) 0.000 3.676 (2.131‑6.342) <0.001
Ethnicity    
  White Reference ‑ ‑ 0.826
  Black 1.127 (0.532‑2.387) 0.755 ‑ 0.547
  Asian 0.683 (0.165‑2.827) 0.599 ‑ 0.488
  Other 1.222 (0.615‑2.429) 0.567 ‑ 0.739
Histological type    
  Squamous carcinoma Reference ‑ ‑  0.686
  Adenocarcinoma 0.949 (0.483‑1.865) 0.880 ‑ 0.635
  Adenosquamous carcinoma 1.988 (0.271‑14.565) 0.499 ‑ 0.481

HR, hazard ratio; CI, confidence interval; CAF, cancer‑associated fibroblast.
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Figure 9. GSEA enrichment of differentially expressed genes between high and low ecCAF risk score patients and pan‑cancer application of the ecCAFs 
signature. GSEA enrichment in (A) Kyoto Encyclopedia of Genes and Genomes pathways and (B) hallmark gene sets. Survival analysis between high and 
low CAF risk score groups in (C) HNSC and (D) BLCA. (E) The proportion of immunotherapy responders in High‑ and Low‑CAF risk group. Chemotherapy 
response between high and low CAF risk score groups in (F) HNSC, (G) BLCA, (H) COAD and (I) PRAD. GSEA; gene set enrichment analysis; CAF, 
cancer‑associated fibroblast; ecCAF, extracellular CAF; HNSC, head and neck squamous cancer; BLCA, bladder cancer; COAD, colon adenocarcinoma; 
PRAD, prostate cancer; ns, not significant.
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poorly understood (68). However, analysis based on single‑cell 
sequencing may effectively solve these problems. According 
to the scRNA‑seq results of the present study, the composi‑
tion of CAFs in the cervical cancer microenvironment was 
relatively simple, and the tumor‑promoting effects of ecCAFs 
were clearly observed. Furthermore, the present study demon‑
strated the pro‑tumorigenic function of ecCAFs using data 
from additional databases, and this effect was demonstrated 
to be correlated with several clinical indicators that may be 
useful in terms of predicting patient prognosis and treatment 
response.

According to the WHO and the Centers for Disease Control 
and Prevention, HPV is the second most common carcinogenic 
infectious agent, ranked only after Helicobacter pylori. HPV 
induces 31.1% of all cases of infection‑caused cancers (69) 
and ~5% of all cases of cancer (9). As ecCAFs are associ‑
ated with HPV infection and appear to co‑occur in several 
HPV‑associated tumors, it is possible to discuss the role 
of HPV infection in shaping the tumor stroma. According 
to a previous study (70), bidirectional crosstalk occurs 
between HPV‑infected epithelial cells and the constituents 
of the microenvironment. HPV+ cells influence the produc‑
tion of a laminin‑rich matrix and are also associated with 
reduced levels of fibronectin and collagen in fibroblasts (71), 
increasing the expression levels of pro‑angiogenic genes in 
cells within the adjacent stroma (72) and the direct expres‑
sion of pro‑inflammatory genes in fibroblasts or other stromal 
cell types (73). Conversely, stromal cells affect the prolifera‑
tion and differentiation of HPV‑infected epithelial cells, and 
they were reported to serve a key role in an HPV‑associated 
cancer xenograft model (74). The mechanism responsible for 
crosstalk may be reciprocal secretion and uptake of extracel‑
lular vesicles through exosomes. Either the HPV E6 and E7 
transcripts or proteins were shown to be transferred to cells via 
microvesicles (75). These findings not only provide a poten‑
tial theoretical basis for epithelial‑stromal crosstalk, but also 
represent a major paradigm shift in terms of the understanding 
of HPV‑associated diseases. From this perspective, stromal 
cells may have certain commonality among different types of 
HPV‑associated cancer, which may prove to be helpful in terms 
of understanding and controlling HPV‑associated cancer.

Moreover, it has been suggested that the ECM may partici‑
pate in preventing patients from benefiting from the available 
immunotherapeutic treatments via the exclusion of immune 
cells. When the tumor stroma is rich in collagen, fibronectin 
and several proteoglycans (for example, hyaluronic acid and 
versican), it will have a ‘trapping’ effect on T cells, resulting 
in inhibition of T cell motility (76). The protease‑independent 
nature of T‑cell migration typically results in their movement 
along the path of least resistance of collagen fibers (77). This is 
consistent with the findings of the present study where patients 
with higher ecCAF risk scores tended to have a lower level 
of immune cell infiltration and were consequently less likely 
to benefit from immunotherapy. Therefore, targeting ecCAFs 
in cervical cancer and other HPV‑associated tumors may not 
only have direct antitumor effects, but may also enhance the 
response rate of patients to immunotherapy. However, this 
merits further study.

Subsequently, the function of model genes in cancer 
was assessed in the present study to provide indicators for 

further research. Although the level of research on cervical 
cancer remains comparatively deficient, the genes in question 
have been reported to fulfill roles in other types of cancer. 
Regarding the eight genes in the signature that were positively 
correlated with a poor prognosis in the present study, HSPG2 
is an extracellular proteoglycan that orchestrates prostate 
cancer angiogenesis, proliferation, differentiation and inva‑
sion (78). Increased levels of HSPG2 expression may therefore 
be used to independently predict poor OS in neurological 
tumors and leukemia (79,80). Both LEPROT and LEPR are 
upregulated in breast cancer tumor tissues, and LEPR has 
previously been reported to be associated with poor prognosis 
in breast cancer (81). LEPROT may communicate with the 
TME, thereby regulating inflammatory or immune signals, 
and has been reported both to affect cancer development and 
to serve as a potential prognostic marker or a therapeutic target 
in pan‑cancer (82). In numerous types of cancer, such as lung 
and prostate cancer, PTGS2 is secreted by CAFs, macro‑
phage type 2 cells and tumor cells, and is therefore reported 
to have pleiotropic and multifaceted roles in terms of both 
carcinogenesis and cancer cell resistance to chemotherapy 
and radiotherapy (83). In liver and colorectal cancer, TMEM9 
was reported to hyperactivate Wnt signaling in tumorigenesis 
through the lysosomal degradation of APC (84). As a compo‑
nent of basement membranes, COL4A1 has been reported 
to function as a therapeutic target for cancers (85) due to its 
interaction with other ECM components, thereby participating 
in epithelial‑to‑mesenchymal transition, and serving widely 
pro‑tumorigenic roles in different types of cancer. EGLN3 
regulates tumor cell apoptosis and proliferation in glioma (86). 
SEC23A has been reported to function either as an oncogene 
or as a tumor suppressor gene in different types of cancer 
and is a potential biomarker for the therapeutic efficacy of 
docetaxel and vandetanib (87,88). As for the four protective 
genes (LMO4, VCAM1, RGS5 and NDRG2) in the model 
constructed in the present study, NDRG2 is widely recognized 
as a tumor suppressor in several types of cancer (89), whereas 
the functions of the other three genes remain controversial. 
RGS5, which co‑localizes with platelet/endothelial cell 
adhesion molecule‑1/CD31, platelet derived growth factor 
receptor‑β or α‑SMA, typically supports a pro‑angiogenic 
microenvironment (90). Although research in this area is 
largely lacking, VCAM1 secreted from CAFs was reported 
in a study to enhance the growth and invasion of lung cancer 
cells through AKT and MAPK signaling (91). Finally, LMO4 
has been reported to participate in tumor proliferation and 
invasion in numerous types of cancer, and it was also reported 
to mediate trastuzumab resistance in breast cancer (92).

It should be noted that there were both innovative aspects 
and limitations associated with the present study. The novelty 
of the present study is as follows: First, the heterogeneity of 
CAFs in the cervical cancer microenvironment were assessed 
and a new subgroup was defined, which was termed ‘extra‑
cellular CAF’ on the basis of the scRNA‑seq data. As an 
important component of the cervical cancer microenviron‑
ment, ecCAFs have a notable tumor promoting effect. Second, 
based on the results of the present study, ecCAFs may be 
prevalent stroma cells in several HPV‑associated tumors and 
directly related to patient prognosis. This suggests the potential 
value of ecCAFs as a therapeutic target for HPV‑associated 
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tumors, which warrants further study. However, it should be 
acknowledged that the present study has certain limitations: 
First, the sample size for scRNA‑seq analysis was relatively 
small as it was restricted by research conditions such as lack of 
funding. Second, the present study preliminarily assessed the 
function of ecCAFs based on sequencing and public database 
data, which requires further verification through in vitro and 
in vivo experiments.

In conclusion, based on the single‑cell sequencing of 
clinical samples, the present study demonstrated the heteroge‑
neity of fibroblasts in the cervical cancer microenvironment, 
and, to the best of our knowledge, is the first study to identify 
a new subgroup of CAFs that may be closely associated with 
tumor progression. A prognostic signature was developed 
according to the hub genes of ecCAFs, and its clinical signifi‑
cance was analyzed. ecCAFs may be a potential therapeutic 
target for cervical cancer and other HPV‑associated cancers, 
and these findings may assist in guiding clinical practice and 
providing the direction of subsequent research.
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