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A B S T R A C T   

This study developed a prognostic signature for cervical cancer using transcriptome profiling and clinical data 
from The Cancer Genome Atlas (TCGA), Gene Expression Omnibus (GEO), and TISCH database, focusing on 
cancer-associated fibroblasts (CAFs). Through LASSO Cox regression and integrated bioinformatics analyses, we 
identified 144 differentially expressed genes (DEGs) related to CAFs, from which an 11-gene CAF-related 
signature (CAFRSig) was constructed. The CAFRSig effectively stratified patients into high- and low-risk cate
gories, demonstrating significant prognostic capability in predicting overall survival. Gene ontology (GO) and 
gene set variation analysis (GSVA) linked the DEGs to crucial pathways in tumor malignancy, immune response, 
and fatty acid metabolism. The immune landscape analysis, utilizing the TIMER platform and CIBERSORT al
gorithm, revealed a positive correlation between immune cell effector functions and CAFRSig scores, high
lighting the model’s potential to identify patients likely to respond to immune checkpoint blockade (ICB) 
therapies. Furthermore, neuropilin 1 (NRP1), a key gene in the CAFRSig, was upregulated in cervical cancer 
tissues and associated with disease progression and differentiation. The downregulation of NRP1 curbed cell 
proliferation and influenced the epithelial-mesenchymal transition (EMT), implicating the PI3K/AKT pathway 
and modulating PD-L1 expression. This comprehensive analysis establishes a robust prognostic signature based 
on CAF-related genes, offering valuable insights for optimizing therapeutic strategies in cervical cancer 
management.   

Introduction 

In 2020, cervical cancer (CC) accounted for approximately 604,000 
new cases and 342,000 deaths globally, ranking as the fourth most 
common type of cancer and the fourth highest contributor to cancer- 
related mortality among women [1]. A notable proportion, about 
13%, of CC patients receive their diagnosis in the advanced stages of the 
disease [2]. Presently, there is no curative treatment approach for in
dividuals with advanced, recurrent, or metastatic CC [3-5]. The success 

rate of existing therapeutic options, such as the conventional chemo
therapy regimen of cisplatin/paclitaxel and targeted therapies like 
bevacizumab, falls below 50% in these patient groups [4,6]. 

CC’s heterogeneity significantly impacts drug resistance and onco
logical outcomes [7]. The tumor microenvironment (TME), which in
cludes a diverse array of cells like tumor cells, immune cells, and 
cancer-associated fibroblasts (CAFs), plays a pivotal role in tumor pro
gression [8]. Cancer-associated fibroblasts (CAFs) within the TME play a 
vital role in tumor dynamics by producing growth factors, remodeling 
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the ECM, and promoting angiogenesis [9]. These activities contribute to 
cell invasion, therapy resistance, and tumor recurrence. CAFs also 
regulate immune cell infiltration in the TME, aiding immune evasion 
[10-12]. Their diversity, stemming from various cell types like adipo
cytes and stem cells, leads to distinct functional subtypes [13-15]. While 
studies targeting CAFs and their related molecules as tumor biomarkers 
have been explored in other cancers [16,17], research on CC is limited. 
Understanding CAFs’ molecular characteristics and roles in the TME 
could clarify CC heterogeneity and enhance immunotherapy strategies. 

Advances in high-throughput sequencing analysis across multiple 
cancer types, coupled with the evolution of bioinformatics methodolo
gies, have facilitated the discovery of critical targets and novel predic
tive signatures [18-20]. In this study, eleven CAF-related prognostic 
genes were identified to develop a CAF-related signature (CAFRSig), 
offering valuable information for utilizing the CAF landscape in pre
dicting clinical outcomes and treatment effectiveness in CC. 

Materials and methods 

Data collection and processing 

Information regarding the gene expression profiles and pertinent 
clinical information for cervical squamous cell carcinoma and endo
cervical adenocarcinoma (CESC) was acquired from the cancer genome 
atlas (TCGA). This information was compiled using Perl scripts, incor
porating data from the GSE44001 cohort in the Gene Expression 
Omnibus (GEO), along with transcriptome and clinical data, as well as 
single-cell sequencing data from the GSE168652 cohort in the TISCH 
database. Inclusion criteria for TCGA-CESC and GSE44001 cohort study 
cases were the inclusion of both transcriptome and survival information. 
The ComBat function of the R package ’SVA’ was conducted to eliminate 
batch processing effects in different datasets. Genes associated with CAF 
were acquired from The Human Gene Database [21]. 

Identification of CAF-related genes in CESC 

R (version 4.2.1) was used to extract the mRNA expression data for 
CAF-associated genes from the TCGA-CESC cohort. Genes showing dif
ferential expression (DEGs) were pinpointed in normal and tumor tissues 
based on a |fold change| (FC) exceeding 2 and a false discovery rate 
(FDR) below 0.05. The R package ’pheatmap’ was utilized to create 
heatmaps that illustrate the expression of genes that are differentially 
expressed (DEGs). Analysis of differentially expressed genes (DEGs) in 
the TCGA-CESC and GSE44001 groups was conducted with the assis
tance of the ’limma’ and ’sva’ software packages. 

Establishment of a CAFRSig in CESC 

Univariate Cox analysis identified survival-related DEGs in the 
TCGA-CESC cohort. The CAFRSig was created using LASSO regression 
analysis to pinpoint the most appropriate genes. Each patient’s risk score 
was determined by assessing the expression levels of the genes associ
ated with CAFRSig and their respective regression coefficient. Patients 
were grouped into high and low risk categories based on the median risk 
score. Kaplan-Meier curves were used to analyze the GSE168652 cohort 
for genes linked to the signature, and their expression was examined. 

Validation of the CAFRSig in CESC 

Risk heatmaps, curves, survival status maps, and Kaplan-Meier 
curves were generated using the TCGA-CESC and GSE44001 cohorts. 
The R packages ’pheatmap’, ’survival’, and ’survminer’ were utilized to 
generate these visual representations. The predictive importance of the 
CAFRSig was assessed using both univariate and multivariate Cox ana
lyses. Additionally, the predictive significance of the CAFRSig was 
evaluated through the creation of receiver operating characteristic 

(ROC) curves utilizing the ’survminer’, ’survival’, and ’timeROC’ R 
packages. The size of the area under the curves (AUC) was utilized for 
evaluation. 

Correlation analysis of the CAFRSig with clinical parameters in CESC 

To evaluate the CAFRSig, patients were categorized into two groups 
according to their age, stage, and grade. Kaplan-Meier curves were 
utilized to analyze the variation in survival rates among groups with 
different risk levels based on a range of clinical factors. Heatmaps dis
playing different clinical parameters in each risk subgroup were 
generated using the ’ComplexHeatmap’ package. 

GO and GSVA analysis 

DEGs with significant changes (|FC| > 2, FDR < 0.05) between 
various risk groups were identified using the ’limma’ software. The 
DEGs underwent analysis using gene ontology (GO) to explore their 
roles in cellular component, molecular function, and biological process. 
The examination made use of resources such as ’org.Hs.eg.db’, ‘GOplot’, 
and ‘clusterProfiler’. 

The Gene Set Variation Analysis (GSVA) was conducted to assess 
alterations in pathway activities among the subgroups [22]. This 
required analyzing the enrichment of KEGG pathways in both high-risk 
groups and exploring the relationship between these pathways and the 
expression of key genes. This comprehensive analysis utilized R pack
ages including ‘GSVA’, ‘pheatmap’, and ‘ggplot2’. 

Correlation analysis of the CAFRSig and immune landscape in CESC 

The study utilized the TIMER platform to evaluate the extent of 
immune cell infiltration in tumors [23,24]. The system incorporates a 
variety of algorithms such as MCPCOUNTER, TIMER, CIBERSORT, 
XCELL, QUANTISEQ, and EPIC to evaluate the association between 
CAFRSig risk scores and different degrees of immune cell infiltration, a 
Spearman correlation analysis was performed. Data analysis and visu
alization were performed using various R packages including ’ggplot2′, 
’ggtext’, ’scales’, ’tidyverse’, and ’ggpubr’. 

GSEA, or gene set enrichment analysis, is a method utilized to 
discover genomes that share similar biological traits [25]. The study 
utilized the ssGSEA algorithm, available through the ’GSEABase’ and 
’GSVA’ packages, to assess the presence of immune cells in tumor 
samples from the TCGA-CESC dataset. This method produced results 
concerning the presence of immune cells and the function of the immune 
system in each individual. Differential box plots were created in R with 
the ’ggpubr’ and ’reshape2′ packages to illustrate the differences in 
scores among high and low-risk groups. 

The CIBERSORT algorithm, leveraging machine learning, was 
applied for high-throughput analysis of various cell types like tumor- 
infiltrating immune cells (TIICs) [26]. This analysis, using tools such 
as ‘limma’, ‘CIBERSORT’, ‘preprocessCore’, ‘e1071’, and ‘parallel’, 
focused on quantifying 22 distinct types of TIICs and comparing their 
distribution across the two risk subgroups. 

ESTIMATE, an algorithm for assessing tumor purity through gene 
expression analysis, was used in this study [27]. Employing the ‘ESTI
MATE’ package, stromal and immune scores within tumor tissues were 
computed. These scores were then visualized for each risk group using 
box plots, created with the ‘ggpubr’ package. 

Correlation analysis of the CAFRSig with immunotherapy response 

The efficacy of immunotherapy was examined in this research, 
focusing on the influence of immune checkpoint activation, which hin
ders the immune system’s capacity to eliminate cancerous cells [28]. 
The research involved analyzing the expression of various immune 
checkpoint genes in different risk subgroups. In order to evaluate the 
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survival outcomes among these categories, Kaplan-Meier curves were 
generated by utilizing information from the IMvigor210 immuno
therapy cohort. 

Patient information and tissue specimens 

The ongoing research encompasses 103 cervical squamous-cell car
cinoma specimens collected from the First Affiliated Hospital of Anhui 
Medical University between 2015 and 2017. From October 2022 to May 
2023, we procured eight sets of early-stage CC and adjacent healthy 
tissue from surgical patients at our facility. To be eligible, participants 
must have undergone RH without prior chemotherapy, radiotherapy, or 
hormonal therapy, have a diagnosis of FIGO stage IB–IIA according to 
the 2009 criteria, show no evidence of distant metastasis, provide 
complete clinical data, and have follow-up records for at least 5 years, 
with a deadline of January 2014. Table 2 provides a concise overview of 
the patient’s clinical information. The main CC group was followed up 
for a period ranging from 5.8 to 89.2 months, with a median follow-up 
duration of 64.8 months. 

IHC staining and evaluation 

Immunohistochemistry (IHC) was employed to analyze NRP1 
expression in the study’s tissue samples. Initially, the specimens were 
treated with a 4% solution of formaldehyde, then encased in paraffin, 
and finally sliced into sections measuring 4 μm in thickness. After 
deparaffinization in xylene and dehydration through graded alcohols, 
antigen retrieval was achieved using microwave heating. Afterward, the 
segments were treated with a primary antibody against NRP1 and PD-L1 
from Abcam in Cambridge, USA, then a secondary antibody conjugated 
with peroxidase, and finally diaminobenzidine was used for develop
ment. The immunoreactive score (IRS) was determined by two pathol
ogists who independently assessed the staining intensity and the 
proportion of positive cells, utilizing a semi-quantitative scoring system. 

Cell culture and cell transfection 

The Siha and Hela cervical cell lines were grown in DMEM medium 
(Gibco) supplemented with 10% fetal bovine serum, in a 5% CO2 

Fig. 1. CAF-related genes in CESC. (A) Heat map of differentially expressed CAF-related genes in the TCGA-CESC cohort. (B) Risk forest plot showing that 16 CAF- 
related genes are associated with CESC prognosis in the TCGA-CESC cohort. (C-D) Coefficient and partial likelihood deviance of the prognostic signature. 
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environment at 37 ◦C. To assess the effects of NRP1, cells were treated 
with NRP1-targeting siRNAs (Genomeditech, Shanghai, China) using 
Lipofectamine 2000 (Invitrogen, California, USA) according to the 

provided instructions. Western blot analysis confirmed the efficiency of 
the transfections. 

Cell proliferation assay 

Cell proliferation was monitored by utilizing a Cell Counting Kit-8 
(CCK-8, Dojindo, Kumamoto, Japan). A density of 1000 cells per well 
was used to plate cells in 96-well plates. Cell viability was evaluated 
daily for a week by introducing CCK-8 solution to each well and 
measuring absorbance following a 4-hour incubation at 37 ◦C. 

Cell migration assay 

Cell migration ability was assessed using wound-healing and trans
well assays. For the transwell experiment, 10,000 cells were added to the 
upper chambers of transwell inserts (Labselect, China) with 200 μL of 
serum-free medium. These inserts were then placed in 24-well plates 
with 800 μL of medium containing 10% FBS. Following a 24-hour 

Fig. 2. CAFRSig-related genes in CESC. (A) Violin diagram displaying the expression of CAFRSig-related genes in CESC tumor and normal tissues. (B) Kaplan-Meier 
curves analyzing the correlation between the expression of the CAFRSig-related genes and the prognosis of CESC. 

Table 1 
CAFs-related signature in CESC.  

CAFs-related genes Coef 

TNF 0.300650993622782 
IFNG − 0.413099491372077 
MMP3 0.0745949051737052 
FLT1 0.163600855835463 
PLAU 0.0429657212298335 
NRP1 0.443691502689255 
PTX3 0.0828054282243763 
BCL2 − 0.0333116920947764 
SERPINF1 − 0.490981840464332 
SLC7A5 0.00340557287936776 
ANXA5 0.194906012392434  
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incubation period, cells that migrated through the membrane were fixed 
using 4% paraformaldehyde (PFA) and stained with crystal violet. The 
migrated cells were then imaged and counted to assess migration ability. 
CC cells that were transfected were grown in six-well plates for the 
wound-healing test, reaching around 80% confluence. Subsequently, a 
200 μL pipette tip was utilized to make a straight scrape through the cell 
layer. Following the removal of dislodged cells using PBS, a new culture 
medium was introduced, allowing the cells to migrate into the wound 
area for a period of 12 h. To quantify the migration, the average distance 
between the wound’s edges was measured at various points throughout 

its length. 

Western blotting 

Proteins were extracted from the cells and quantified using the 
Coomassie Protein Assay (Thermo Fisher Scientific, USA). After under
going separation using SDS-PAGE, the samples were then transferred to 
PVDF membranes. After a 60-minute block with skim milk, the mem
branes were incubated overnight at 4 ◦C with primary antibodies. The 
following day, a second antibody (diluted 1:5000, sourced from Cell 

Fig. 3. CAFRSig-related genes in different cell types of the GSE168652 cohort. (A) Annotation of cell clusters into 7 cell categories. (B) Proportion of different 
cell types. (C) Expression of 11 CAFRSig-related genes in different cells of the GSE168652 cohort. 
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Signaling Technology in the United States) was administered and 
allowed to incubate for 2 h at ambient temperature. β-actin served as the 
internal control. The Bio-Rad ChemiDoc XRS+ system from Bio-Rad 
Laboratories in Hercules, California, USA, was used for detecting and 
capturing images. Protein quantities were measured with Image J 

program and adjusted based on β-actin levels. The primary antibodies 
used included NRP1 (Abcam, Cambridge, USA), PD-L1 (Abcam, Cam
bridge, USA), E-cadherin (Abcam, Cambridge, USA), α-SMA (Abmart, 
Shanghai, China), Vimentin (Abclonal, Wuhan, Hubei, China), Snail 
(Abclonal, Wuhan, Hubei, China), p-AKT (CST, Danvers, MA, USA), AKT 

Fig. 4. Validation of the CAFRSig in the TCGA-CESC and GSE44001 cohorts. (A-B) Heat maps showing the expression of the 11 CAFRSig-associated genes in the 
TCGA-CESC and GSE44001 cohorts. (C-D) Kaplan-Meier curves for the CAFRSig in the TCGA-CESC and GSE44001 cohorts. (E-H) Risk score distribution curves and 
survival status plots for the CAFRSig in the TCGA-CESC and GSE44001 cohorts. 
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(CST, Danvers, MA, USA), p-PI3K (CST, Danvers, MA, USA), and PI3K 
(CST, Danvers, MA, USA). 

Statistical analysis 

SPSS 22.0 software (SPSS, Chicago, IL, USA) was utilized for all 
statistical analyses. The correlation between NRP1 expression levels and 
clinicopathological characteristics in patients with CC was assessed 
through the χ2 test. Survival rates were calculated using the Kaplan- 

Meier technique. A statistical significance was determined with a sig
nificance level below 0.05. 

Results 

Identification of CAF-related genes in CESC 

From GeneCards, 401 protein-coding genes associated with CAFs 
were identified, each with a relevance score above 5 (Appendix 1). 

Fig. 5. Assessment of the CAFRSig in the TCGA-CESC cohort. (A-B) Forest plots for univariate and multivariate Cox regression analyses. (C) ROC curves for 1-, 3-, 
and 5-year survival predictions using the CAFRSig. (D-F) Comparison of the prediction accuracy of the CAFRSig with age, stage, and grade at 1-, 3-, and 5- years. (G- 
L) Kaplan-Meier curves of low- and high-risk subgroups sorted by age, stage, and grade. 
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Fig. 6. GSVA and GO analysis in the TCGA-CESC cohort. (A) Heat map of functional pathway enrichment differences between the two risk groups. (B) Heat map 
of the correlation between the expression of signature genes and signaling pathways. (C, D) GO analysis displaying the enrichment of DEGs between the high- and 
low-risk subgroups. 
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Among these, 144 genes showed differential expression between CESC 
tumors and normal tissues. Their expression patterns are depicted in a 
heatmap (Fig. 1A). Cox regression analysis revealed 16 of these genes as 
significant for CESC survival in the TCGA-CESC cohort (Fig. 2B). 

Construction and validation of the CAFRSig in CESC 

The LASSO algorithm was utilized to reduce overfitting, leading to 
the selection of 11 critical genes for the CAF-related signature (CAFRSig) 

(Fig. 1C-D). These genes, which include six down-regulated and five up- 
regulated ones, were found to be differentially expressed in CESC tumor 
versus normal tissues (Fig. 2A). Survival analysis indicated a correlation 
between high expression of genes such as SERPINF1, BCL2, and IFNG 
and improved survival rates, contrasting with other genes that had an 
adverse impact on survival (Fig. 2B). The risk score for each patient was 
calculated using a formula that multiplies the expression levels of these 
genes by their respective risk coefficients (Table 1). The risk score 
equation is: Risk score = Expression levels of genes × (corresponding 

Fig. 7. Association of the CAFRSig with the immune microenvironment in the TCGA-CESC cohort. (A) Bubble plot of correlation coefficients between immune 
cells and risk scores. (B) Box plot showing differences in immune-related functions between the high- and low-risk groups using the ssGSEA algorithm. (C) Box plot 
showing differences in immune cells between the high- and low-risk groups using the ssGSEA algorithm. (D) CIBERSORT algorithm analysis of immune cell dif
ferences between high- and low-risk groups. (E-F) Immune score and ESTIMATE score in the two risk subgroups. *P < 0.05, **P < 0.01 and ***P < 0.001 vs. NC. 
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regression coefficients). 
Furthermore, we analyzed the expression of signature-related genes 

in different cell types of the GSE168652 cohort (Fig. 3A, B). The results 
showed that ANXA5 and SERPINF1 were expressed at high levels in fi
broblasts (Fig. 3C). 

The validation of CAFRSig was also confirmed in the TCGA-CESC and 
GSE44001 groups. The cohorts were analyzed using heatmaps (Fig. 4A, 
B) to illustrate the expression of the 11 genes associated with CAFRSig. 
Kaplan-Meier analyses showed that patients in the high-risk subgroup 
had poorer outcomes (Fig. 4C and D). Additionally, analyses of risk score 
distributions and survival status maps further supported the association 
between higher risk scores and increased mortality rates (Fig. 4E-H). 

Assessment of the CAFRSig in CESC 

Significant hazard ratios (HR) demonstrated that risk scores derived 
from CAFRSig were independent prognostic indicators, as determined 
by univariate and multivariate Cox regression analysis (Fig. 5A and B). 
ROC curves in Fig. 5C-F assess the predictive precision of CAFRSig for 1-, 
3-, and 5-year overall survival (OS) in CESC prognosis, demonstrating a 

strong level of specificity and sensitivity. Upon further analysis of pa
tient subgroups categorized by gender, age, and tumor stage, it was 
found that the high-risk group consistently had a poor prognosis, as 
indicated by subsequent survival analysis (Fig. 5G-L). 

GSVA and go analysis 

GSVA revealed that the high-risk subgroup in the study was char
acterized by a significant engagement in tumor-related pathways 
including the Wnt, TGF-beta, Notch, mTOR, and ERBB signaling path
ways. Furthermore, the low-risk subgroup exhibited enrichment in 
pathways associated with primary immunodeficiency, intestinal im
mune network for IgA synthesis, arachidonic acid metabolism, and 
metabolism of xenobiotics by cytochrome P450 (Fig. 6A). The heatmap 
indicated a robust association between the 11 genes’ expression in the 
CAFRSig and signaling pathways associated with tumor malignancies 
(Fig. 6B). 

Moreover, the study investigated the physiological functions of DEGs 
in these susceptible subgroups. The analysis showed that DEGs in bio
logical processes were mainly associated with the synthesis of immune 

Fig. 8. Correlation analysis of the CAFRSig with immunotherapy response. (A) Differences in the expression of immune checkpoints across the risk subgroups. 
(B) Kaplan-Meier curves for the high and low-risk groups of the IMvigor210 cohort. (C) Differences in risk scores between patients with CR/PR and patients with SD/ 
PD after treatment with ICIs. 
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response molecules, production of immunoglobulins, and humoral im
mune responses. Molecular functions of these DEGs included signaling 
receptor activation, receptor-ligand interactions, and cytokine receptor 
binding, emphasizing their involvement in crucial cellular signaling 
complexes related to T cell receptor function and immune regulation. 
(Fig. 6C, D). 

Correlation of the CAFRSig with immune landscape in CESC 

Building on the discovery of DEGs related to immune functions in GO 
analysis, the study proceeded to assess the connection between CAFRSig 
and the Tumor Immune Microenvironment (TIME) in the TCGA-CESC 
cohort. Using the TIMER platform, a positive correlation was found 
between most immune cells, including key effector cells, and CAFRSig 
risk scores (Fig. 7A). Furthermore, ssGSEA results revealed heightened 

Fig. 9. NRP1 Upregulation in Cervical Cancer Tissues Correlates with Poor Prognosis. (A) Representative Western blots of NRP1 protein expression in 8 
matched pairs of cervical cancer tissues (T) and adjacent noncancerous tissues (ANT); (B) Immunohistochemical (IHC) assay of NRP1 protein expression in matched 
cervical cancer tissues. (C) Kaplan–Meier analysis of CC patient survival rates in relation to NRP1 protein expression. 
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immune-related activities in the low-risk category, such as APC co- 
stimulation, cytolytic function, immune checkpoints, human leukocyte 
antigens, processes that enhance inflammation, T cell co-stimulation 
and co-inhibition, and type I IFN response (Fig. 7B). The subset 
showed a notable presence of various immune cells, such as dendritic 
cells (both activated and immature), CD8+ T cells, B cells, natural killer 
cells, follicular helper T cells, and helper T cells. Additionally, there was 
an elevated presence of tumor-infiltrating lymphocytes (Fig. 7C). To 
further substantiate the link between the CAFRSig and TIME, CIBER
SORT analysis was performed. The results of the analysis revealed a 
significantly higher percentage of CD8T cells in the low-risk group 
compared to the high-risk group, as illustrated in Fig. 7D. The exami
nation of the ESTIMATE algorithm confirmed the existence of increased 
ESTIMATE and immune scores in the low-risk category (Fig. 7E-F). 

Correlation analysis of the CAFRSig with immunotherapy response 

Additionally, the investigation examined the correlation between 
CAFRSig and the effectiveness of immune checkpoint blockade (ICB) 
treatments in CC. Analysis indicated that immune checkpoints were 
more highly expressed in the CAFRSig low-risk subgroup (Fig. 8A), 
suggesting potential responsiveness to ICB treatments in these patients. 
To confirm this, participants in the IMvigor210 immunotherapy cohort 
were categorized as high or low risk based on CAFRSig. Fig. 8B 
demonstrated that the low-risk cohort achieved superior survival results 
when administered with ICBs in comparison to the high-risk cohort. In 
addition, individuals who experienced a complete or partial response 
after receiving ICB treatment had considerably lower risk scores 
compared to those who had stable or progressive disease (Fig. 8C). 

NRP1 is upregulated in CC tissues 

Analysis of 8 paired cervical cancer (T) and neighboring noncan
cerous tissues (ANT) showed a rise in NRP1 protein levels in the 
cancerous specimens (Fig. 9A). This was consistent with IHC analysis 
results, confirming NRP1′s upregulation in cervical CC tissues (Fig. 9B). 

Clinicopathological significance of NRP1 overexpression and high NRP1 
expression indicates poor prognosis in CC 

To assess the link between NRP1 protein levels and the clinico
pathological characteristics of cervical cancer, immunohistochemical 
analysis was performed on 103 cervical squamous cell carcinoma (SCC) 
samples(Table 2). This set included FIGO stage IB (59 cases, 38.1%) and 
stage IIA1 (44 cases, 28.5%) diseases. Notably, 41 samples (39.8%) 
exhibited high NRP1 protein expression, in contrast to the 62 samples 
(60.2%) that showed weak or negative staining. Table 2 summarizes that 
high NRP1 protein expression tends to strongly correlate with clinical 
stage and differentiation. Specifically, the rate of strong NRP1 protein 
positivity was significantly higher in stage IIA cervical SCCs (52.3%, 23/ 
44) compared to stage IB (43.2%, 19/44) (P = 0.004). Similarly, high 
rates of NRP1 positivity were observed in poorly differentiated cervical 
SCCs (51.2%, 21/41) and moderately differentiated cervical SCCs 
(29.3%, 12/41), significantly surpassing those in well-differentiated 
cases (19.5%, 8/41) (P = 0.019). Nevertheless, there was no notable 
association observed between NRP1 expression and patient age, HPV 
infection, squamous cell carcinoma antigen, or tumor size. The impor
tance of NRP1 in clinical settings was emphasized by the Kaplan-Meier 
analysis of OS in 103 cases of cervical SCC, showing that patients with 
high NRP1 expression had a lower OS compared to those with low 
expression (P = 0.027) (Fig. 9C). 

NRP1 promotes CC progression by modulating EMT and PI3K/AKT 
pathway activation 

In our study, the CKK8 assay results revealed that NRP1 over
expression notably diminished the proliferation of CC cells (Fig. 10A). 
This effect was complemented by a significant increase in cell migration, 
as evidenced in transwell and wound-healing assays (Fig. 10B-E). 
Significantly, blocking NRP1 led to an increase in E-cadherin expression 
and a simultaneous decrease in α-SMA, Snail, and Vimentin levels, 
which are important markers in the epithelial–mesenchymal transition 
(EMT) process (Fig. 10F). These findings indicate a pivotal role of NRP1 
in modulating EMT, potentially altering the typical metastatic pathway 
in CC cells. Furthermore, our examination revealed a decrease in levels 
of phosphorylated AKT and PI3K in cells where NRP1 was knocked 
down in comparison to the control group (Fig. 10G), suggesting that the 
regulatory effect of NRP1 on EMT may be mediated through the PI3K/ 
AKT signaling pathway. 

NRP1 induces PD-L1 expression in CC 

IHC analysis of samples from 103 cervical SCC patients revealed a 
significant positive correlation between NRP1 and PD-L1 expression (r =
0.195, P = 0.014) (Fig. 11A, Table 3). Subsequent studies on NRP1- 
suppressed cells showed a decrease in PD-L1 levels compared to the 
control group (Fig. 11B). This data implies that NRP1 may play a role in 
modulating PD-L1 expression within CC, potentially engaging in the 
tumor’s immune evasion strategies. 

Discussion 

Emerging research highlights the significant role of CAFs in CC 
progression. Yugawa et al. [29] revealed that CAFs may promote CC 
proliferation by disrupting hsa-miR-324–3p through circZNF208. Sheng 
and his team also found that cancer-related fibroblasts can activate M2 

Table 2 
Correlation between NRP1 expression and the clinicopathological features of 
CC.  

Characteristics Total NRP1 Expression χ2 P 
value 

No or 
Weak 

Moderate or 
Strong 

Age(years)      
<45 38 20 

(0.53) 
18(0.47) 1.437 0.231 

≥45 65 42 
(0.65) 

23(0.35)   

HPV Infection      
Yes 31 19 

(0.61) 
12(0.39) 0.220 0.881 

No 72 43 
(0.60) 

29(0.40)   

FIGO Stage      
IB 59 40 

(0.68) 
19(0.32) 4.204 0.040 

IIA 44 21 
(0.48) 

23(0.52)   

Squamous Cell 
Carcinoma Antigen      
<1.5 ng/mL 66 38 

(0.58) 
28(0.42) 0.526 0.468 

≥1.5 ng/mL 37 24 
(0.65) 

13(0.35)   

Tumor Size      
<4 cm 61 35 

(0.57) 
26(0.43) 0.495 0.481 

≥4 cm 42 27 
(0.64) 

15(0.36)   

Differentiation Grade      
Well 27 19 

(0.31) 
8(0.20) 7.930 0.019 

Moderately 40 28 
(0.45) 

12(0.29)   

Poorly 36 15 
(0.24) 

21(0.51)    
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Fig. 10. NRP1 Promotes CC Progression by Modulating EMT and PI3K/AKT Pathway Activation. (A) CCK8 assay reveals that NRP1 depletion attenuates cell 
viability in Siha and Hela cells. (B-C) Wound-healing assay and corresponding statistical chart showing that NRP1 depletion inhibits cell migration in Siha and Hela 
cells. (D-E) Transwell assay and corresponding statistical chart demonstrating that NRP1 depletion inhibits cell migration in Siha and Hela cells. (F) Immunoblot 
assay showing EMT-related proteins in Siha and Hela cells after NRP1 depletion. (G) Immunoblot assay showing PI3K/AKT pathway-related proteins in Siha and Hela 
cells after NRP1 depletion. *P < 0.05, **P < 0.01, and ***P < 0.001 vs. NC. #P < 0.05, ##P < 0.01, and ###P < 0.001 vs. NC. 

Z. Gui et al.                                                                                                                                                                                                                                      



Translational Oncology 46 (2024) 102001

14

polarized macrophages, increasing CC’s resistance to radiation therapy 
through the CCL2 pathway [30]. 

However, most existing studies focus on individual CAF-associated 
genetic factors in CC, leaving the collective impact of numerous CAF- 
associated genes less understood [31,32]. This study addresses this by 
evaluating the roles of CAF-related genes in CC progression, potentially 
refining therapeutic strategies. This is the first exploration into the 
prognostic significance of these genes in CC patients. 

Using gene sets from the TCGA database, a predictive model was 
constructed using univariate Cox and LASSO regression, followed by 
multivariate analysis to confirm their prognostic value. This model, 
based on 11 CAF-related genes, effectively predicts overall survival (OS) 
in CC patients, with validation from TCGA-CESC and GSE44001 data
bases indicating that individuals with lower risk scores show signifi
cantly better OS outcomes. Enrichment analysis underscored the 
influence of CAFs on tumor malignancy-related pathways, involving key 
pathways such as Wnt, TGF-beta, Notch, mTOR, and ERBB signaling 
pathways, and functional pathways related to fatty acid metabolism and 
immune response were also closely associated with CAF and immune 
landscape. 

Additionally, the study explored the correlation between the CAFR
Sig and the immune landscape, identifying a positive association be
tween immune cell functions and risk scores. The study analyzed the 
correlation between immune therapy response and risk scores, revealing 
that patients with low-risk scores who received ICBs treatment experi
enced improved survival outcomes. The prognosis model was capable of 
identifying patients relatively more sensitive to ICBs treatment, thereby 
improving ICBs therapy effectiveness and prognosis. 

In our study, using the LASSO algorithm to identify 11 hub genes for 
CAFRSig development, the four genes with higher risk scores were TNF, 
IFNG, NRP1, and SERPINF1. Notably, TNF and IFNG are recognized for 
their inflammatory roles and their involvement in oncogenesis. SER
PINF1, also known as Pigment Epithelium-Derived Factor, is noted for 
its anti-angiogenic properties and its role in nerve growth, which are 
vital for cancer inhibition and nerve tissue support [32-36]. Research by 
Murata et al. [37] highlights the synergistic effects of HB-EGF and PDGF 
in promoting cancer cell growth via paracrine interaction with sur
rounding fibroblasts in CC. Neuropilins (NRPs), which are trans
membrane glycoprotein receptors, play a diverse role in binding with 
semaphorins and different members of the vascular endothelial growth 
factor family. NRP1 encodes a specific NRP, involved in axon guidance 
and angiogenesis [38,39]. High expression of NRP1 has been observed 
in various tumor types, including neuroblastoma and cancers of the 
ovary, stomach, pancreas, lung, prostate, breast, and colon [40-45]. 
However, the mechanisms by which NRP1 influences cervical cancer 
progression remain to be fully elucidated. Therefore, in subsequent 
validation experiments, we investigated NRP1′s role and underlying 
mechanisms in cervical cancer, confirming its upregulation in earlier 
stages (IB-IIA) and strong correlation with clinical severity and differ
entiation. These findings underscore NRP1′s potential as a biomarker for 
aggressive cervical cancer. Experiments showed NRP1 suppression re
duces cell proliferation and may reverse the epithelial-mesenchymal 
transition, influencing cell mobility through the PI3K/Akt pathway. 
Further, a significant correlation between NRP1 and PD-L1 suggests 
NRP1′s involvement in tumor immune evasion, highlighting its dual role 
as a predictive and therapeutic target in cervical cancer progression. 

However, this study has limitations, including an incomplete un
derstanding of the mechanistic roles of CAF-related genes, necessitating 
additional research to deepen our knowledge. Further clinical trials are 
essential to validate the prognostic model based on these 11 CAF-related 
genes. The reliance on public databases also raises the possibility of 
selection bias in the study’s findings. Additionally, although we vali
dated the constructed signature in the IMvigor210 immunotherapy 
cohort, there is still a lack of real-world validation of the CESC immu
notherapy cohort. We will further validate the predictive ability of the 
signature in future prospective studies. 

Conclusion 

This study investigated the prognostic role of CAFs in CC, identifying 
key associated genes. A risk score model, based on these genes, was 
developed to improve both prognostic accuracy and immunotherapy 
response prediction in CC, potentially advancing personalized treatment 
approaches. Additionally, it demonstrates that NRP1, by modulating 
EMT and influencing the PI3K/AKT pathway, contributes to CC pro
gression and is associated with poor prognosis and immune evasion. 
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Fig. 11. NRP1 induces PD-L1 expression in CC. (A) IHC assay of PD-L1 
protein expression in cervical cancer tissues with high and low NRP1 expres
sion. (B) Western blot assay demonstrating PD-L1 protein levels in Siha and 
Hela cells following NRP1 depletion. 

Table 3 
Correlation between NRP1 and PD-L1 expression of CC.  

PD-L1 NRP1 χ2 p-value r p-value  

Negative Positive 

Negative 50 30 6.057 0.014 0.195 0.014 
Positive 12 11      
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