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Abstract

Ferroptosis, a recently identified cell death mode, has been shown to play critical roles
in several malignant tumors. Long non-coding RNAs (IncRNAs) have been reported to
modulate ferroptosis, thereby affecting the growth and prognosis of cancers. However,
the association between IncRNA and ferroptosis in cervical squamous cell carcinoma
and endocervical adenocarcinoma (CESC) remains unclear. The aim of this study was
to identify ferroptosis-related IncRNAs (FRLs) associated with CESC prognosis and
investigate their interaction with tumor immune response. R software and Perl were
used to screen for aberrant expressed FRLs associated with CESC patient prognosis from
The Cancer Genome Atlas (TCGA) database, including AP003774.2, SOX21 antisense
divergent transcript 1 (SOX21-AS1), myocardial infarction associated transcript (MIAT),
RUSCI antisense RNA 1 (RUSCI-4S1), AC004847.1, AC009097.2, MIR100 host gene
(MIR100HG), AC083799.1, long intergenic non-protein coding RNA 958 (LINC00958),
AC009065.8 and ACI131159.1. A risk score was calculated for each CESC patient
individual according to the expression levels of 11 FRLs, based on which a prognostic
model was built. Kaplan-Meier (K-M) survival curve analysis and Receiver Operating
Characteristic (ROC) curve assessment were conducted to determine the predictive
accuracy of the prognostic model. Lastly, the R software and CIBERSORT were
employed to examine the differences in immune cell infiltration, immune checkpoint
and drug sensitivity between the two subgroups. The 11 FRLs were used to construct
a prognostic model that classified CESC patients into a high- or low-risk group. The
FRL-based model was found to outperform traditional clinicopathological features in
predicting CESC patient survival. Significant variations existed across subgroups in
immune cell infiltration, immunological function, overall survival (OS), and inhibitory
concentrations (IC50 values). Our findings provide novel insights into the role of FRLs
in CESC and present a personalized predictive tool for determining patient prognosis,
immune response and drug sensitivity.
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1. Introduction

CESC is responsible for approximately 604,100 new cases
and more than 341,800 mortality annually, making it one of
the most prevalent cancers globally [1, 2]. Despite the rapid
advancement of emerging therapies such as targeted molecular
treatment and immunotherapy, the 5-year survival rate for
individuals with recurrent or metastatic CESC remains poor,
at only 16.8%. Although the Tumor-Node-Metastasis (TNM)
classification is the main staging system used to classify CESC
and predict patients’ outcomes, the prediction results remain
limited. Therefore, identifying novel tumor markers that could

complement or outperform the currently used TNM classi-
fication remains a focus in cancer diagnosis and treatment,
especially for identifying respondents to immunotherapy and
predicting CESC patient prognosis.

Recently, there has been increasing focus on the function
of cell ferroptosis in tumor progression. Unlike apoptosis,
necrosis and autophagy, ferroptosis is mediated by reactive
oxygen species (ROS) and appears in cells as aberrant iron
metabolism and lipid peroxidation [3-5]. A combination of
drugs that target ferroptosis may substantially improve treat-
ment outcomes, as ferroptosis has been shown to affect the
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effectiveness of radiotherapy, chemotherapy and immunother-
apy [6-8]. Although ferroptosis has been proven to signif-
icantly affect cancer development, apoptosis and treatment
resistance in various tumors [9—11], only a few therapeutic
targets connected to ferroptosis in CESC have been identified
[12-14]. Consequently, screening ferroptosis-related genes
(FRG) in TCGA-CESC might be crucial to improve the diag-
nosis, therapeutics and survival prediction of CESC patients.

Long non-coding RNAs (IncRNAs) are a subclass of ncR-
NAs that are 200 to 10,000 nucleotides long but do not en-
code proteins [15, 16]. Many investigations have shown that
IncRNAs can influence tumor biological activities such as
proliferation, apoptosis, invasion and metastasis through the
regulation of gene expression [17-20]. Additionally, many
investigations have revealed that IncRNA modulates the fer-
roptosis process in tumors. Zhang et al. [21] found that
abnormally expressed hepatocellular carcinoma ferroptosis as-
sociative IncRNA (HEPFAL) in hepatocellular carcinoma ac-
celerated solute carrier family 7 member 11 (SLC7A11) ubig-
uitination, reduced SLC7AT11 protein stability and expression
and promoted the ferroptosis process in hepatocellular cancer.
Zhang et al. [22] discovered that the transcription factor
p53 facilitated the expression of IncRNA nuclear paraspeckle
assembly transcript 1 (NEAT1) in hepatocellular carcinoma
and competed with myo-inositol oxygenase (MIOX) 3’ un-
translated regions (3’ UTR) to bind miR-362-3p. Additionally,
MIOX overexpression is reported to enhance ferroptosis in
hepatocellular cancer. However, there have been no investiga-
tions on ferroptosis-related IncRNAs (FRLs) in CESC. There-
fore, identifying FRLs related to the prognostic prediction of
CESC might be significant.

Although the aberrant IncRNA expression and abnormal
ferroptosis activity in tumor cells have been directly linked
to tumor growth, their relationships and functions in CESC
remain unclear. In this study, we utilized the R and Perl
software to obtain RNA sequencing (RNA-seq) and clinico-
pathological data from the TCGA-CESC, identified 11 FRLs
related to CESC prognosis, and constructed predictive models.
Then, the FRLs pathway in CESC was further evaluated using
gene set enrichment analysis (GSEA) and immune infiltration
assessment, which served as a guide for CESC immunotherapy
and prognosis prediction.

2. Materials and methods

2.1 Data retrieving

The RNA-seq data and clinical features of 309 CESC samples,
comprising 306 tumor specimens and three healthy samples,
were retrieved from The Cancer Genome Atlas (TCGA) web-
site (https://portal.gdc.cancer.gov/). Perl was used
to collect RNA data and classify them as IncRNAs and mRNA.

2.2 Ferroptosis-related IncRNAs
identification

Ferroptosis-related genes (FRGs), which include 150 drivers,
109 inhibitors and 123 biomarkers, were obtained from the Fer-
rDb website (http://www.zhounan.org/ferrdb/). FR-
Gand IncRNAs were differentially expressed in CESC and

healthy cervical tissues (log2 Fold Change (log2|FC|) > 1 and
False Discovery Rate (FDR) < 0.05) by differential expression
analysis. Then, utilizing correlation and co-expression as-
sessment (coefficient >0.4 and p-value < 0.001), ferroptosis-
related IncRNAs were identified.

2.3 Construction of the IncRNA-gene
co-expression network

First, the R software was used to filter FRLs and FRGs depend-
ing on the filtering requirements of correlation coefficient >0.4
and p-value < 0.001. The co-expression of FRG and IncRNAs
was examined using Perl in conjunction with the risk score
for each individual. Then, the Cytoscape program was used
to display the co-expressed FRG and IncRNAs.

2.4 Constructing and validating an FRL
predictive model

First, the expression levels of IncRNAs and mRNAs in each
sample were determined using Perl annotation of the RNA-seq
data from CESC patients obtained from the TCGA database.
The aberrant FRLs expression in CESC tumor tissues was
investigated using differential expression, correlation and co-
expression analyses. Multivariate proportional risk regression
models were constructed using the least absolute shrinkage
and selection operator (LASSO) tool. The risk score formula
was then used to compute each TCGA-CESC subject’s risk
value. Individuals with TCGA-CESC were classified into
two groups, namely a high- or low-risk group, by comparing
each patient’s risk score to the median score of the TCGA
cohort. TCGA database was utilized to acquire the clinical
information for subjects with CESC. The R tools (R x64
4.1.3, Lucent Technologies, Murray Hill, New Jersey, USA)
“survival” and “survminer” were used to plot the Kaplan-Meier
overall survival curve. Clinical indicators and risk scores were
examined using univariate and multivariate Cox regressions to
discover whether they were independent predictive variables
for overall survival (OS). The prediction precision of the FRL-
based predictive model was assessed by drawing ROC curves
using the R program.

2.5 Functional enrichment analysis

First, data from TCGA-CESC patients were downloaded to
determine the aberrant expression of FRG in CESC tumor tis-
sues. Using the “clusterProfiler” tool of R software, Gene On-
tology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGQG) enrichment analysis of FRG was conducted to dis-
cover the biological process and signaling pathways associ-
ated with aberrant expression of FRG. CESC patients were
classified into a high- or low-risk group utilizing a risk score
equation. The molecular and biological variations between the
two groups were examined using Perl and GSEA packages.

2.6 Differential analysis of m6A-related
genes, immune characteristics and drug
sensitivity

The developed prognostic model examined variations in im-
mune cell infiltration, immunological performance, immune
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FIGURE 1. GO and KEGG enrichment analyses exploring the biological functions and signaling pathways involved in
the abnormal expression of FRGs in CESC. (A,B) show significant GO functional items’ bar and bubble plots; (C,D) show
the bar and bubble plot of significant KEGG functional items. BP: biological process; CC: cellular component; MF: molecular

function.

checkpoint, and m6A-associated genes. R software, e1071
Package, preprocessCore and limma were utilized to com-
pare the variations in immune cell infiltrate between both
groups. Immune function differences in the high- and low-
risk groups were examined utilizing limma, Gene Set Enrich-
ment Analysis Base (GSEABase), Gene Set Variation Analysis
(GSVA), ggpubr, and reshape2. The limma, reshape2, ggplot2,
pRRophetic and ggpubr packages were also used to investigate
changes in immunological checkpoints, m6A-related genes
and drug sensitivity across the two studied groups.

2.7 Statistical analysis

All statistical analyses were conducted utilizing the R program
and its related packages. p values < 0.05 were considered
statistically significant.

3. Results

3.1 Identifying differentially expressed FRG
and IncRNAs in CESC

We obtained 306 CESC and three normal cervical tissue sam-
ples from the TCGA database, and 19,895 mRNAs and 16,773
IncRNAs were retrieved. We downloaded 382 FRGs from
the FerrDb database (http://www.zhounan.org/ferrdb/),
comprising 150 Drivers, 109 inhibitors and 123 biomarkers
(Supplementary Table 1). FRGs expression levels in cancer-
ous and healthy tissues were determined, and their association
with ferroptosis was evaluated. Using the parameters correla-
tion coefficient >0.4 and p-values < 0.0011, 201 FRGs were
identified. From them, 72 FRGs and 271 FRLS were found
to be differentially expressed between healthy cervical tissues
and CESC, based on the log2|FC| > 1 and FDR <0.05 filter
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FIGURE 2. Identification of FRLs associated with CESC prognosis. (A) Forest plot of ferroptosis-related prognostic
IncRNAs in TCGA-CESC. (B) Co-expression plots of FRLs and FRGs in a predictive model.

TABLE 1. The coefficient of the predictive model formula and the expression of 11 FRLs in CESC.

LncRNA Expression In CESC p Value
AP003774.2 Up 0.0083
SOX21-AS1 Up 0.0145
MIAT Up 0.0067
RUSCI-4S51 Up 0.0130
AC004847.1 Up 0.0167
AC009097.2 Up 0.0041
MIRIO0HG Down 0.0042
AC083799.1 Up 0.0058
LINC00958 Up 0.0066
AC009065.8 Up 0.0055
ACI131159.1 Up 0.0053

Risk model coefficient

Hazard ratio

0.2052 1.195 (1.000—1.428)
—0.1456 0.845 (0.731-0.976)
0.0287 1.031 (1.013-1.050)
0.3694 1.224 (1.022—1.465)
—1.5267 0.350 (0.165—0.741)
—1.2465 0.363 (0.147—0.897)
0.6836 1.885 (1.309-2.714)
—0.0359 0.953 (0.919-0.988)
0.07136 1.060 (1.001-1.123)
—0.2848 0.687 (0.518-0.913)
—0.9980 0.264 (0.126—0.555)

CESC: cervical squamous cell carcinoma,; SOX21-AS1: SOX21 antisense divergent transcript 1; MIAT: myocardial infarction
associated transcript; RUSCI-AS1: RUSCI antisense RNA 1; MIR100HG: MIR100 host gene; LINC00958: long intergenic non-

protein coding RNA 958.

parameters (Supplementary Tables 2,3).

3.2 GO and KEGG enrichment analyses of
differentially expressed FRGs in CESC

GO and KEGG analyses were performed to identify
the biological roles and signaling pathways involved in
differentially expressed FRGs. The GO analysis outcomes
demonstrate that most differentially expressed genes were
related to iron ions, oxidative stress, reactive oxygen species
metabolism and iron ion binding (Fig. 1A,B). The KEGG
analysis outcomes illustrate that most differentially expressed
genes were primarily enriched in the Ferroptosis pathway,
Programmed cell death 1 ligand 1 (PD-L1) expression, and
Programmed cell death 1 (PD-1) checkpoint mechanism in
malignancy, Kaposi sarcoma-associated herpesvirus infection

pathway (Fig. 1C,D).

3.3 Identification of prognosis-related FRLs
in CESC

The prognostic significance of these FRLs was assessed
using Cox univariate regression using the TCGA CESC
patients’ survival data. We found that 37 FRLs were related
to the prognosis of CESC patients (Fig. 2A). To further
investigate the association between these FRLs and FRGs,
a IncRNA-gene co-expression network was built, and 11
FRLs were discovered to be closely associated with FRGs
which included 4P003774.2, SOX21-4S1, MIAT, RUSCI-
ASI, AC004847.1, AC009097.2, MIRI0O0HG, AC083799.1,
LINC00958, AC009065.8 and AC131159.1 (Fig. 2B).
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FIGURE 3. Developing and validating the prognostic model. (A) Kaplan-Meier curves showing the OS CESC patients from
the high- and low-risk group; (B) Heatmap illustrating the expression of FRLs in groups at elevated and high risk; (C,D) Univariate
and multivariate Cox regression analyses were performed to identify independent predictive variables. Uni-cox: Univariate Cox

regression analysis; Multi-cox: Multivariate Cox analysis.

3.4 Constructing a predictive model in the
TCGA cohort

Multivariate proportional risk regression models were built
using the LASSO tool using the 11 FRLs (Table 1). Each
CESC individual in the TCGA-CESC received a risk score
for this model utilizing the following equation: Risk Score
= AP003774.2 x 0.2052 + SOX21-ASI x (—0.1456) +
MIAT x 0.0287 + RUSCI-AS1 x 0.3694 + AC004847.1
x (—=1.5267) + AC009097.2 x (—1.2465) + MIRIOOHG X
0.6836 + 4C083799.1 x (—0.0359) + LINC00958 x 0.07136
+ AC009065.8 x (—0.2848) + ACI31159.1 x (—0.9980).
Of note, the IncRNAs shown here indicate their degree
of expression in the TCGA database. The TCGA-CESC
individuals were categorized into high- and low-risk groups

by comparing their risk score with the median score of TCGA-
CESC. The results showed that the OS rate of CESC patients
in the high-risk group was lower than the low-risk group,
according to Kaplan Meier analysis with log-rank testing (p
< 0.001) (Fig. 3A). Based on the distribution of risk scores
and OS, we observed that most deaths mainly occurred in
the high-risk group. The candidate FRLs expression heatmap
showed that eight IncRNAs (4P003774.2, SOX21-AS1, MIAT,
AC004847.1, AC009097.2, AC083799.1, AC009065.8 and
ACI31159.1) were primarily allocated into the low-risk
group, and three IncRNAs (RUSCI-ASI, MIRIOOHG and
LINCO00958) in the high-risk group (Fig. 3B).

Univariate and multivariate Cox regression analyses were
performed to identify independent parameters associated
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with patients’ OS, based on which riskScore and Stage were
identified as the independent prognostic variables in CESC
(Fig. 3C,D). The time-dependent ROC analyses showed that
the risk scores model’s area under the curve (AUC) were 0.786,
0.875 and 0.789 at 1, 2 and 3 years, respectively (Fig. 4A). The
AUC of the ROC curve constructed by FRLs was higher than
that of the ROC curve created by other clinicopathological
factors (Fig. 4B). The column charts anticipate the possibility
of 1-, 3- and 5-year survival for these individuals using the
scores of many involved parameters to improve the potential

clinical applicability of the IncRNA-based signature (Fig. 4C).
Analysis of the clinicopathological factors, including Age,
Grade, Tumor Stage, and TNM staging, between the two
risk groups showed that patients from the high-risk group
had more advanced T stage than those in the low-risk group

(Fig. 5).
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FIGURE 5. The heatmap shows variations in clinicopathological features between two risk subgroups.

3.5 GSEA pathway enrichment analysis

The different biological functions and signaling pathways be-
tween the two risk groups were investigated using the GSEA
assessment. The results indicated that the high-risk group was
primarily related to the transforming growth factor g (TGF-
B) signaling pathway, modulation of the actin cytoskeleton,
cancer-related pathways, and extracellular matrix (ECM) re-
ceptor interaction. The low-risk group was primarily involved
in DNA replication, oxidative phosphorylation, primary im-
munodeficiency, and regulation of autophagy (Fig. 6).

3.6 Immune-related analysis of CESC
patients

To examine the correlation between predictive models and
anti-tumor immunology, differential analysis on immune cells,
immunological activity, and immunotherapy concerning the
predictive models of patients with CESC were conducted using
the R program. The R software was used to recognize im-
mune cell infiltration in TCGA-CESC individuals and create
heatmaps for visualizing the differences (Fig. 7). The graph
shows the ratio of each type of immune cell in the two studied
groups (Fig. 8A,B). Various immune cells were more enriched
in the low-risk group than in the high-risk group, including
T cells CD4 memory activated, T cell CD8+, Macrophages
MO, and Mast cells activated. Significant variations in immune
function scores such as APC co-inhibition, checkpoint, HLA,
inflammation-promoting, T cell co-inhibition and T cell co-

stimulation between the two investigated groups were ob-
served (Fig. 8C).

Next, we evaluated the immune checkpoint gene expression
levels in the high- and low-risk groups. Of the 25 genes
that showed differential expression between the two groups,
23 were substantially expressed in the low-risk group
(Fig. 8D). Furthermore, mo6A-related genes zinc finger
CCCH-type containing 13 (ZC3H13), fragile X messenger
ribonucleoprotein 1 (FMR1), leucine rich pentatricopeptide
repeat containing (LRPPRC), Y TH N6-methyladenosine RNA
binding protein C1 (YTHDC1) and YTH N6-methyladenosine
RNA binding protein F3 (YTHDF3) were found to be
differently expressed between the two groups in the CESC
prognostic model (Fig. 8E). Kaplan-Meier survival assessment
revealed that differential expression of immune cells in the
prognostic model was related to the OS of CESC patients
(Fig. 8F). The results of drug sensitivity analysis revealed
variations in IC50 values of several drugs between the high-
and low-risk group (Fig. 9), implying that this prognostic
model could also offer new insights into drug therapy for
CESC patients.

4. Discussion

CESC is a highly incident cancer globally, and its recurrence
and metastasis present significant challenges in CESC ther-
apy [23, 24]. The pathogenesis of CESC involves a com-
plicated and multifactorial, the human papillomavirus (HPV")
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FIGURE 6. GSEA pathway enrichment analysis for the high-and low-risk groups. ECM: extracellular matrix; TGF:

transforming growth factor.

was reported to play a pivotal role in its occurrence and pro-
gression [25-27]. The main treatment modalities of CESC
are surgery, radiotherapy, chemotherapy and immunotherapy
[28-31]. Although the OS of CESC patients has increased
with advancements in treatments, many patients still develop
drug resistance or tumor recurrence, leading to poor treatment
outcomes [32-34]. Therefore, it is essential to delve deeper
and identify potential molecular pathways, novel therapeutic
targets, and biomarkers for tailored therapy and prognosis
prediction of CESC patients. Ferroptosis is an iron-related
cell death mechanism that has recently been the subject of
fundamental scientific research and has been shown to affect
tumor therapy [35-37]. Many investigations have revealed that
IncRNA is related to tumor ferroptosis, cancer progression,
and tumor drug resistance [38—41]. Therefore, IncRNA is

anticipated to be a treatment target and biomarker for CESC.
FRLs have been found in many cancers and are reported
to be associated with patient survival. Chao Mao et al.
[42] discovered that p53-related IncRNA (P53RRA) is
abnormally expressed in the cytoplasm and interacts with
GTPase-activating protein SH3 domain-binding protein 1
(G3BPI) to regulate the expression of p53, resulting in the
decrease of p53 in the cytoplasm and the increase of p53
in the nucleus, thus leading to cell cycle arrest, apoptosis,
ferroptosis and inhibiting tumor processes. Wenjie Luo ef
al. [43] discovered that long intergenic non-protein coding
RNA 1833 (LINC01833) was abnormally up-regulated in
bladder cancer, competitively bound to miR-129-5p with
prominin2 (PROM?2), leading to an up-regulation of PROM?2,
which in turn induced iron output and inhibited ferroptosis
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FIGURE 7. The immune heatmap showing the variations in immune cells between the high- and low-risk group.

by targeting the PROM?2-Ferritin-multivesicular bodies
(MVBs) pathway, thereby promoting the growth and migration
capability and progression of bladder cancer cells. Hui
Yang et al. [44] found that the hypoxia model of gastric
cancer could induce CBS mRNA-destabilizing IncRNA
(CBSLR) overexpression and form the CBSLR/YTH domain
family protein 2 (YTHDF?2)/cystathionine beta-synthase
(CBS) complex, which reduced the CBS mRNA stability. In
contrast, the low CBS expression could reduce the methylation
of Acyl-CoA synthetase long-chain family 4 (4CSL4) protein.
Furthermore, ACSL4 degradation was accelerated, and
IncRNA CBSLR eventually inhibited the ferroptosis process
of gastric cancer in a hypoxic environment. However, there
have been few investigations on ferroptosis in CESC, and the
potential mechanism of ferroptosis in the CESC process has
to be further investigated. In addition, the connection between
FRLs and CESC has not been reported.

This is the first investigation to investigate the relationship
between FRLs and CESC. After performing several data anal-
yses, we successfully constructed the CESC predictive model
using 11 FRLs (4P003774.2, SOX21-AS1, MIAT, RUSCI-
AS1, AC004847.1, AC009097.2, MIRIOOHG, AC083799.1,
LINC00958, AC009065.8 and AC131159.1). The predictive
model was found to outperform standard TMN stages in pa-
tient prognosis estimation. Furthermore, based on risk scores,
patients with CESC could be separated into a high- or low-
risk group. GSEA was employed to examine the differences

in biological function and pathways between the two groups.
The outcomes showed that the high-risk group’s TGF-/ signal-
ing pathway and ECM receptor interaction were abnormally
enriched. TGF-f is a multipurpose growth factor that can
suppress the epithelial cell’s growth [45-51]. Studies have
found that the content of TGF-£ in the serum changes regularly
throughout the development of cervical cancer [52]. It is
widely assumed that cell apoptosis occurs in response to ECM
detachment [53], which is called the anoikis phenomenon [54].
Caitlin W Brown ef al. [55] reported a correlation between
the ECM pathway and ferroptosis and showed that it could
physiologically trigger ferroptosis.

It has been reported that ferroptosis is strictly correlated
with the tumor immune microenvironment [56—60]. Weimin
Wang et al. [61] explored that activating CD8+ T cell in-
creases particular lipid peroxidation in tumor cells, facilitating
the process of ferroptosis. The variable expression of im-
munological checkpoints is critical in tumor immunotherapy
[62—-68]. Programmed cell death 1/programmed cell death
ligand 1 (PD1/PDL1) enhances tumor resistance to immune-
induced apoptosis and promotes tumor growth. Targeting the
PD1/PDLI axis can effectively inhibit tumor progression and
improve patients’ OS [69—78]. We found that several immune
cells and immunological checkpoints were differentially ex-
pressed in the two risk subgroups after performing immune cell
infiltration and immune checkpoint analyses using the CESC
prognostic model. The results of drug sensitivity analysis
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revealed variations in the IC50 values of several drugs between
the high- and low-risk groups. Collectively, these findings
might help identify patients for more efficient anti-tumor im-
munotherapies.

There were several limitations in this study. First, the
study’s findings depended only on bioinformatics analysis and
lacked experimental validation. Second, we only explored the
linear association between IncRNA and FRGs, thereby urging
the need for in-depth mechanistic studies. Lastly, the model’s
accuracy was only verified in the TCGA database, and more
clinical data are needed for further validation.

5. Conclusions

In summary, we constructed a prognostic model for CESC
depending on 11 FRLs that had greater accuracies than other
traditional clinicopathological features. We also evaluated tu-
mor immune cell infiltration variations, immunological check-
points and drug sensitivity across risk subgroups. Our findings
offer novel insights into the role of FRLs in CESC and provide
a personalized predictive tool for patient prognosis, immune
response and drug therapy.
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