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Background: Endometrial carcinoma (EC) is one of the most prevalent gynecologic malignancies 
and requires further classification for treatment and prognosis. Long non-coding RNAs (lncRNAs) 
and immunogenic cell death (ICD) play a critical role in tumor progression. Nevertheless, the role of 
lncRNAs in ICD in EC remains unclear. This study aimed to explore the role of ICD related-lncRNAs 
in EC via bioinformatics and establish a prognostic risk model based on the ICD-related lncRNAs. We 
also explored immune infiltration and immune cell function across prognostic groups and made treatment 
recommendations.
Methods: A total of 552 EC samples and clinical data of 548 EC patients were extracted from The Cancer 
Genome Atlas (TCGA) database and University of California Santa Cruz (UCSC) Xena, respectively. A 
prognostic-related feature and risk model was developed using the least absolute shrinkage and selection 
operator (LASSO). Subtypes were classified with consensus cluster analysis and validated with t-Distributed 
Stochastic Neighbor Embedding (tSNE). Kaplan-Meier analysis was conducted to assess differences in 
survival. Infiltration by immune cells was estimated by single sample gene set enrichment analysis (ssGSEA), 
Tumor IMmune Estimation Resource (TIMER) algorithm. Quantitative polymerase chain reaction (qPCR) 
was used to detect lncRNAs expression in clinical samples and cell lines. A series of studies was conducted in 
vitro and in vivo to examine the effects of knockdown or overexpression of lncRNAs on ICD.
Results: In total, 16 ICD-related lncRNAs with prognostic values were identified. Using SCARNA9, 
FAM198B-AS1, FKBP14-AS1, FBXO30-DT, LINC01943, and AL161431.1 as risk model, their predictive 
accuracy and discrimination were assessed. We divided EC patients into high-risk and low-risk groups. The 
analysis showed that the risk model was an independent prognostic factor. The prognosis of the high- and 
low-risk groups was different, and the overall survival (OS) of the high-risk group was lower. The low-risk 
group had higher immune cell infiltration and immune scores. Consensus clustering analysis divided the 
samples into four subtypes, of which cluster 4 had higher immune cell infiltration and immune scores.
Conclusions: A prognostic signature composed of six ICD related-lncRNAs in EC was established, and a 
risk model based on this signature can be used to predict the prognosis of patients with EC.
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Introduction

An estimated 65,950 cases of and 12,550 deaths from 
endometrial carcinoma (EC) were expected to occur in 
the United States by 2022 (1), making it one of the most 
prevalent gynecologic malignancies. Over the 21st century, 
the death rate from EC increased from 0.3% in 1997–2008 
to 1.9% in 2008–2018 (2). Despite the favorable prognosis 
of patients with early-stage EC, the median overall survival 
(OS) is shorter among patients with relapsed or metastatic 
disease (3,4) due to a lack of major therapeutic advances. 
Combination therapy with paclitaxel plus carboplatin is 
recommended as the first-line treatment for EC. Recent 
evidence suggests that a novel therapeutic option for 
EC has emerged in the form of immunotherapy, with 
promising effects (5). However, the poor reproducibility of 
the diagnosis of high-grade EC can easily lead to delayed 
treatment or overtreatment (6). It is therefore essential to 
have molecular tools to identify high-risk patients early and 
accurately and select the appropriate treatment options.

Immunogenic cell death (ICD) is a type of regulated cell 
death (RCD) that drives antigen-specific immune responses. 
This culminates in immunological memory, mediated by 
damage-associated molecular patterns (DAMPs), including 

surface-exposed calreticulin (CRT), secreted adenosine 
triphosphate (ATP), and the release of high mobility group 
protein B1 (HMGB1) (7,8). In addition to being the primary 
initiator of adaptive immunity in the context of infectious 
and malignant diseases (9), ICD-induced changes in the 
immune microenvironment may also trigger autoimmune 
diseases [e.g., some myocarditis (10)] in non-infectious and 
non-malignant diseases (8), suggesting that ICD has a wide 
range of immunology applications. Accompanied by the 
exposure and release of numerous DAMPs, ICD facilitates 
the recruitment and activation of antigen-presenting 
cells, contributing to immune infiltration in the tumor 
microenvironment (TME) (11). The TME includes cancer 
cells and stromal cells. Infiltrating immune cells including 
macrophages, natural killer cells, dendritic cells and 
lymphocytes in stromal cells regulate the progression and 
invasion of endometrial cancer by releasing growth factors, 
cytokines, and chemokines (12). Currently, the induction of 
ICD in tumor cells represents a novel approach to cancer 
treatment (13-15).

Long non-coding RNA (lncRNA) is a conserved non-
protein-coding RNA of more than 200 nucleotides. The 
abnormal expression or function of these RNAs is closely 
related to human diseases. Recent studies have found that 
lncRNAs play an important role in the occurrence and 
development of EC. For instance, the upregulation of the 
lncRNA, PCAT1 is associated with E-cadherin down-
regulation in EC, which causes invasion and migration of 
cancer cells (16). LncRNA-ZXF1 regulate the migration, 
invasion, and proliferation of endometrioid endometrial 
cancer cells by altering the expression of P21 through two 
mechanisms (17). LncRNA HOXB-AS3 can affect the 
lipid metabolism process of endometrial cancer cells by 
promoting SREBP1 translocation into the nucleus and 
activating the transcription of downstream lipid metabolism 
genes (18). In addition, lncRNAs can also modulate the 
TME to influence tumor progression. In mammary gland 
tumors, treatment with long intergenic non-coding RNA 
for kinase activation (LINK-A) locked nucleic acid stabilizes 
phospholipase C (PLC) components, Rb and p53, making 
it more susceptible to immune checkpoint inhibitors 
(ICIs) (19). LncRNA can be isolated from tumor cells or 
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circulating blood to provide pre-clinical easily available, 
inexpensive, and stable diagnostics that can be used to detect 
cancer and cancer subtypes (20). However, a considerable 
amount of information is unknown regarding ICD related-
lncRNAs in EC.

Least absolute shrinkage and selection operator (LASSO) 
regression is a statistical method used for regression 
analysis, with the goal of obtaining a model with strong 
interpretability and good predictability (21). Current studies 
used bioinformatics tools to screen prognostic biomarkers 
using LASSO regression and constructs a model to predict 
clinical prognosis outcomes. For example, Li’s team (22) 
and Huang’s team (23) used the LASSO model to elucidate 
the roles of copper death related genes in the liver cancer 
cohort and autophagy related genes in lung cancer patients, 
respectively, and validated them through in vitro and in vivo 
models. Model scores can serve as new prognostic factors 
for cancer patients.

This study aimed to explore the role of ICD related-
lncRNAs in EC via bioinformatics and establish a 
prognostic risk model based on the ICD related-lncRNAs. 
We also explored immune infiltration and immune cell 
function across prognostic groups and made treatment 
recommendations. Meanwhile, this paper adopts the 
method of consensus clustering to aggregate the existing 
EC data into subsets of different categories and analyze the 
difference in survival probability in all the subsets. Immune 
checkpoint expression and immune scores [including 
Estimation of STromal and Immune cells in MAlignant 
Tumor tissues using Expression data (ESTIMATE) score, 
stromal score, and immune score] of different subsets were 
investigated. We present this article in accordance with 
the TRIPOD reporting checklist (available at https://tcr.
amegroups.com/article/view/10.21037/tcr-23-2243/rc).

Methods

Transcriptome data and clinical data collection

The transcriptome RNA sequencings were obtained from 
The Cancer Genome Atlas (TCGA), including 23 normal 
datasets and 552 tumor datasets. The RNA-seq data were 
presented as fragments per kilobase of exon model per 
million mapped reads (FPKM), normalized. Simultaneously, 
the clinical datasets were retrieved from UCSC Xena, 
excluding the patients missing OS or with poor OS (less 
than 30 days).

EC and control samples

This study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). Twenty pairs 
of EC patients’ tumor tissues and adjacent tissues were 
collected from the Union Hospital, Tongji Medical College, 
Huazhong University of Science and Technology, approved 
by the Institutional Review Board of Tongji Medical 
College, Huazhong University of Science and Technology 
(2021-S046) and patients enrolled in the study had provided 
written informed consent. 

Identification of ICD-related lncRNAs

There were 38 ICD-related genes obtained from previous 
reports about ICD (Table 1). Pearson correlation analysis 
was performed on 38 ICD-related genes to examine the 
relationship between genes and lncRNA data expressed in 
all EC cases. Then, based on Pearson’s correlation analysis 
(R>0.3, P<0.05), a total of 398 ICD-related lncRNAs were 
identified. The “igraph” package was used to draw network 
graphs. The “limma” and “pheatmap” packages were used 
to draw heatmaps and volcano maps, respectively.

Identification of prognostic ICD-related lncRNAs

A total of 475 patients were randomly assigned at a 1:1 ratio 
to the training and testing sets using the “caret” package. 
Univariate Cox regression analysis identified 16 ICD-
related lncRNAs that were significantly associated with 
prognosis in training set (Table S1). The “limma”, “dplyr”, 
“ggalluvial”, and “ggplot2” packages were used to draw 
Sankey diagrams of ICD genes and ICD-related lncRNAs. 
The “limma”, “pheatmap”, “reshape2” and “ggpubr” 
packages were used to draw heatmaps and boxplots of 
differential expression of ICD-related lncRNAs explored by 
univariate Cox regression analysis.

Construction of the risk model

The LASSO (66) was used to create a predictive signature 
for ICD-related lncRNAs. A 10-fold cross-validation 
procedure was used to determine the parameter λ in order 
to prevent the overfitting effect of the model. Based on 
the optimal λ value, six ICD-related lncRNAs and the 
corresponding coefficients were selected to establish risk 
model. The risk model was as follows:

https://tcr.amegroups.com/article/view/10.21037/tcr-23-2243/rc
https://tcr.amegroups.com/article/view/10.21037/tcr-23-2243/rc
https://cdn.amegroups.cn/static/public/TCR-23-2243-Supplementary.pdf
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Table 1 The immunogenic cell death-related gene set

Gene Functions

HMGB1 Activates tumor antigen-specific T-cell immunity (24)

CALR Acts as ‘eat me’ signals and promotes the phagocytosis of tumor cells by DC (25)

NT5E Catalyses the hydrolysis of AMP to adenosine (26)

ANXA-1 Directs APCs to dying cells (27)

CXCR3 Promotes the recruitment of T cells (28)

IFNA1 Enhances APC maturation and recruitment of T cells (28)

IFNB1 Enhances APC maturation and recruitment of T cells (29)

ENTPD1 Expresses on the surface of cells and degrades extracellular ATP to generate ADP and AMP (30)

CASP8 Promotes exposure to CRT (31)

PDIA3 Forms a complex with CRT as a “eat me” signal (31)

STING Increases expression of interferon-stimulated genes and pro-inflammatory cytokines (32-35)

PIK3CA Induces ecto-CRT and secretion of ATP (36,37)

TLR4 Produces pro-inflammatory factors, such as type I interferons (38)

BAX Promotes exposure to CRT (39)

MER6 Promotes exposure to CRT (40)

EIF2AK3 Promotes exposure to CRT/ERp57 (41)

LAMP1 Promotes the release of ATP (42)

ATG5 Promotes the release of ATP by dying cells and activates DC cells (43)

HSP90AA1 Stimulates the uptake of dead cell-associated antigens (44)

IL6 Stimulates T cell proliferation (44)

IL10 Inhibits immune cell recruitment (45)

TNF Promotes T cells and other killer cells (46)

CASP1 Proteolytically cleave and activate the inactive precursor of interleukin-1, a cytokine involved in the processes such as 
inflammation, septic shock, and wound healing (47)

IL1R1 A receptor for interleukin-1 alpha, interleukin-1 beta, and interleukin-1 receptor antagonist (48)

IL1B An important mediator of the inflammatory response, and is involved in a variety of cellular activities, including cell 
proliferation, differentiation, and apoptosis (49)

NLRP3 Encode the protein interacting with protein PYCARD/ASC, which contains a caspase recruitment domain, and is a member of 
the NLRP3 inflammasome complex (50)

P2RX7 A ligand-gated ion channel which is responsible for ATP-dependent lysis of macrophages through the formation of membrane 
pores permeable to large molecules (51)

LY96 Associate with toll-like receptor 4 on the cell surface and confers responsiveness to LPS, thus providing a link between the 
receptor and LPS signaling (52)

MYD88 Encode a cytosolic adapter protein that functions as an essential signal transducer in the interleukin-1 and Toll-like receptor 
signaling pathways (53,54)

CD4+ Encode the CD4 membrane glycoprotein of T lymphocytes. initiate or augment the early phase of T-cell activation, and may 
function as an important mediator of indirect neuronal damage in infectious and immune-mediated diseases of the central 
nervous system (55-57)

Table 1 (continued)
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Table 1 (continued)

Gene Functions

CD8+A A cell surface glycoprotein found on most cytotoxic T lymphocytes that mediates efficient cell-cell interactions within the 
immune system (58)

CD8+B A cell surface glycoprotein found on most cytotoxic T lymphocytes that mediates efficient cell-cell interactions within the 
immune system (59)

FOXP3 A member of the forkhead/winged-helix family of transcriptional regulators (60)

IFNG Encode a soluble cytokine that is a member of the type II interferon class (61)

IFNGR1 Encode the ligand-binding chain (alpha) of the gamma interferon receptor (62)

IL17A A proinflammatory cytokine produced by activated T cells (63)

IL17RA A proinflammatory cytokine secreted by activated T-lymphocytes (64)

PRF1 Form membrane pores that allow the release of granzymes and subsequent cytolysis of target cells (65)

DC, dendritic cells; AMP, adenosine monophosphate; APCs, antigen-presenting cells; ATP, adenosine triphosphate; ADP, adenosine 
diphosphate; CRT, calreticulin; NLRP3, NOD-like receptor protein 3 inflammasome; LPS, lipopolysaccyaride. 

( ) ( )i i
1

Risk Score exp lncRNA coef lncRNA
n

i=
= ×∑  [1]

Gene expression is represented by exp, whereas 
coefficient value is represented by coef. 

Validation of the risk model

Patients were divided into high-risk and low-risk groups 
based on the median of the risk score. The risk model 
was used to score the individuals within the set, with the 
median as the cutoff standard. Individuals who scored 
higher than the median were assigned to a high-risk 
group, while those who scored below the median were 
assigned to a low-risk group. The “pheatmap” package was 
used to produce the risk curve, scatter plot, and heatmap 
depicting the expression of the six lncRNAs in training, 
testing, and full sets. For the evaluation of the signature’s 
predictive accuracy, the time-dependent receiver operating 
characteristic (ROC) curve was drawn using the “timeROC” 
R package and the Kaplan-Meier (K-M) survival curves 
were drawn using the “survival” package. Multivariate 
and univariate analyses were also conducted to determine 
whether risk scores and other possible characteristics could 
be used as independent variables for predicting prognosis; 
as a result, prognostic indicators were identified. 

Construction and verification of nomogram

“Survival” and “regplot” packages were used to establish 

and verify a prognostic nomogram based on ICD-related 
lncRNAs and other clinicopathologic features such as age 
and stage. “rms” R package was used to draw the calibration 
plots.

Enrichment analyses of the Kyoto Encyclopedia of Genes 
and Genomes (KEGG) and gene set enrichment analysis 
(GSEA)

The KEGG assays were used to analyze mainly cell signal 
pathways regulated by these lncRNAs. A GSEA (http://
www.broadinstitute.org/gsea) (67) with a P value <0.05 and 
a false discovery rate (FDR) value <0.25 was performed on 
the genomic expression profiles of EC patients to identify 
genes that displayed differential expression between high-
risk and low-risk individuals by non-parametric and 
unsupervised.

Tumor immune microenvironment analysis

The Tumor IMmune Estimation Resource (TIMER) (68), 
CIBERSORT (69), QUANTISEQ (70), Microenvironment 
Cell Populations-counter (MCP-counter) (71), XCELL, 
and Estimating the Proportion of Immune and Cancer cells 
(EPIC) algorithms were used to estimate the abundances 
of immune cells between the high-risk and low-risk groups 
based on the signature. “scales”, “ggplot2”, “ggtext”, 
“tidyverse”, “ggpubr” and “reshape2” R packages were 
used to draw a bubble gram of immune cells in low- 
and high-risk groups. The “gsva” package was used to 

http://www.broadinstitute.org/gsea
http://www.broadinstitute.org/gsea
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quantify the immune cells and pathways between the 
two groups via single sample GSEA (ssGSEA) (72).  
“estimate” R package was employed to show stromal score 
and immune score in low- and high-risk groups. The 
difference in immune checkpoints between the low- and 
high-risk groups was determined via the R package above. 
The Tumor Immune Dysfunction and Exclusion (TIDE) 
algorithm was used to evaluate the potential response to 
ICIs therapy using the online tool (www.tide.dfci.harvard.
edu/).

Consensus clustering

Consensus clustering (73) was adopted to categorize existing 
EC data using the “ConsensusClusterPlus” R package. 
In addition, using the “Rtsne” package, t-Distributed 
Stochastic Neighbor Embedding (t-SNE) can be employed 
to examine the cluster distribution of patients by visual 
inspection.

Drug sensitivity analysis

“limma”, “ggpubr”, “pRRophetic”, and “ggplot2” R 
packages were used to compare the half inhibitory 
centration (IC50) of typical chemotherapy drugs between 
low- and high-risk groups. A Wilcoxon signed-rank test was 
then used to detect heterogeneous IC50 between the low-
risk and high-risk groups.

Isolation and culture of endometrial epithelial cells (ECCs)

A collection of human endometrial tissues was obtained 
from women who underwent hysterectomy surgery at 
the Union Hospital, Tongji Medical College, Huazhong 
University of Science and Technology. A single-cell 
suspension was prepared by digesting tissue fragments with 
collagenase type II (100 mg/mL; Sigma, Missouri, USA) 
and mechanically dissolving them at 37 ℃ for 50–60 min. 
Separately, cells were dispersed through 400- and 200-mesh  
sieves (BD Biosciences, New Jersey, USA). DMEM/F12 
(Gibco, Massachusetts, USA) was used to rinse and backwash 
the filter in order to recover epithelial sheets and glands from 
the surface of the 200-mesh sieve. The cells were seeded in 
DMEM/F-12 containing antibiotics (100 mg/mL penicillin 
G sodium, 100 mg/mL streptomycin), and 20% fetal bovine 
serum (FBS) and incubated in 5% CO2 at 37 ℃.

Cell lines and cell culture

The cells Ishikawa, KLE, RL95-2, and HEC-1B were 
purchased from Zhong Qiao Xin Zhou Biotechnology 
(Shanghai, China) and cultured in DMEM/F12 (Gibco) 
supplemented with 10% FBS (HyClone, Utah, USA). In 
an incubator containing 5% CO2, cells were maintained at 
37 ℃. The experiments were conducted only on cells under 
the age of P20. The cells were negative for mycoplasma at 
the beginning and at the end of the experiment.

Quantitative real-time polymerase chain reaction (qRT-
PCR)

Total RNA was extracted using Trizol reagent (Invitrogen, 
California, USA). cDNA was reverse transcribed by 
HiScript II qRT SuperMix II (Vazyme, Nanjing, China). 
qPCR was performed by Universal SYBR Green Fast qPCR 
MIX (ABclonal, Wuhan, China). The RNA expression 
levels were calculated using β-actin expression as internal 
references by the 2−ΔΔCT method. The differences in 
SCARNA9, FAM198B-AS1, FKBP14-AS1, FBXO30-DT, 
LINC01943, and AL161431.1 expression were tested by 
t-tests. Graph-Pad Prism (version 8.0.2) was used to create 
the graphs (* if P<0.05, ** if P<0.01, and *** if P<0.001). 
The primers are shown in Table S2.

Cell transfection

Ishikawa cells were transfected with sh-FKBP14-AS1, sh-
FBXO30-DT, sh-AL161431.1 (Table S3), LINC01943, 
FAM198B-AS1 and SCARNA9 plasmids (Miaolingbio, 
Wuhan, China) using Lipofectamine 2000 (Invitrogen) 
according to manufacturer’s instructions.

Cell Counting Kit-8 (CCK-8) assay

A CCK-8 kit (Bimake, Texas, USA) was used to measure the 
proliferation of KLE cells. Twelve hours prior to treatment, 
cells were seeded in 96 well plates at a density of 5,000 cells 
per well. Doxorubicin (DOX) was incubated at increasing 
doses for 48 h (range, 100 nM–500 μM). A working solution 
was then generated by adding 10 μL of CCK-8 reagent to 
90 μL of DMEM. 450 nm absorbance was detected using 
an automatic microplate reader (BioTek, Vermont, USA). A 
IC50 is defined as the concentration that results in a 50% 

http://www.tide.dfci.harvard.edu/
http://www.tide.dfci.harvard.edu/
https://cdn.amegroups.cn/static/public/TCR-23-2243-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-23-2243-Supplementary.pdf
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reduction in proliferation. An analysis of the mean IC50 
values was conducted for all experiments in triplicate.

Chemotherapeutics treatments

FKBP14-AS1 siRNA, FBXO30-DT siRNA, AL161431.1 
siRNA, LINC01943 plasmids, FAM198B-AS1 plasmids and 
SCARNA9 plasmids were transfected into KLE cells. After 
48 h of incubation, cells were treated for 24 h with DOX  
(5 μM; Sigma).

ATP release assay

The supernatants with different treatment were examined 
using an ATP assay kit (Beyotime, Shanghai, China) 
to quantify the extracellular ATP level following the 
manufacturer’s instructions. These experiments were 
performed in triplicate.

CRT externalization measurement—Western blot analysis

The isolat ion of  plasma membrane proteins  was 
per formed us ing  the  Plasma Membrane  Prote in 
Isolation Kit (Invent, Minnesota, USA) according to the 
manufacturer’s instructions. The BCA protein assay kit 
(Servicebio, Wuhan, China) was used for the quantitative 
measurement of the proteins. Protein samples (30 
μg) were pipetted into a 10% sodium dodecyl-sulfate 
polyacrylamide gel electrophoresis (SDS-PAGE) gel for 
gel electrophoresis and then transferred to polyvinylidene 
difluoride membranes for analysis. The membranes 
were incubated with primary antibodies [CRT (1:1,000, 
ABclonal), Na+/K+ ATPase 1 (1:8,000, Proteintech, 
Wuhan, China), β-actin (1:3,000, ABclonal)] overnight at  
4 ℃. Then, the membranes were incubated with goat anti-
rabbit secondary antibodies [HRP Goat Anti-Rabbit IgG 
(1:8,000, ABclonal)] for 1 h at room temperature. The 
ChemiDoc MP (Bio-Rad, California, USA) was used to 
conduct imaging. These experiments were performed in 
triplicate.

Immunofluorescence

Immunofluorescence was performed by staining EC cells 
with 30-min fixation in 4% paraformaldehyde. A blocking 
solution of 5% bovine serum albumin (BSA) was added 
to the cells for 1 h, followed by overnight incubation with 
primary antibodies [CRT (1:1,000, ABclonal)] in 5% BSA 

at 4 ℃. Fluorescein isothiocyanate (FITC)-conjugated 
AffiniPure goat anti-rabbit IgG (H + L) (BOSTER, 
California, USA, BA1105, 1:200) was used as the secondary 
antibody. Nuclei were stained with DAPI (4’,6-diamidino-
2-phenylindole) (C1002, Beyotime).

HMGB1 secretion measurement—enzyme linked 
immunosorbent assay

The supernatants with different treatment were examined 
using the HMGB1 enzyme-linked immunosorbent 
assay (Elabscience, Wuhan, China) according to the 
manufacturer’s instructions. These experiments were 
performed in triplicate.

Colony formation assay

KLE cells were seeded at a density of 500 cells and then 
allowed to grow for 2 weeks. 4% methanol were used to fix 
cells (Servicebio) for 15 min. Then 0.1% violet crystal were 
used to stain cells (Servicebio) for 30 min.

Tumor xenograft model

A specific pathogen-free (SPF) facility was used to house 
48 female 5-week-old BALB/c-nu nude mice purchased 
from Vital River (Beijing, China). Animal care, feeding and 
housing were managed uniformly in SPF level facilities. 
Every 6 mice were divided into 8 groups randomly and 
injected subcutaneously with normal saline (100 μL), DOX 
(3 mg/kg/2 days), DOX + FKBP14-AS1 knocked-down EC 
cells, DOX + FBXO30-DT knocked-down EC cells, DOX 
+ AL161431.1 knocked-down EC cells, DOX + LINC01943 
overexpress ion EC cel l s ,  DOX + FAM198B-AS1 
overexpression EC cells, DOX + SCARNA9 overexpression 
EC cells (5×106 cells/site). The tumors were measured 
every week with calipers for four weeks. After day 28 of cell 
implantation, the mice were sacrificed, and the tumors were 
excised and weighed. The mice were euthanized by cervical 
dislocation. Experiments were performed under a project 
license (No. 3357) granted by the Tongji Medical College 
Animal Care Committee, in compliance with guidelines of 
Huazhong University of Science and Technology for the care 
and use of animals.

Immunohistochemistry

Dewaxing, dehydration, rehydration, and repair with citric 
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Figure 1 The workflow of the present study. **, P<0.01; ***, P<0.001. TCGA, The Cancer Genome Atlas; UCSC, University of California 
Santa Cruz; lncRNAs, long non-coding RNAs; LASSO, least absolute shrinkage and selection operator; KM, Kaplan-Meier; ROC, receiver 
operating characteristic; GSEA, gene set enrichment analysis. 
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acid were performed on paraffin sections of subcutaneous 
transplanted tumor tissue in mice. At 4 ℃ overnight, the 
tissue sections were incubated with the primary antibody 
[CRT (1:1,000, ABclonal)] after peroxidase blocking. 
Secondary antibodies were incubated for 1 h at 37 ℃ 
followed by washing with phosphate buffered saline (PBS). 
The sections were imaged under microscope.

Statistical analysis

All the data were analyzed in R Studio software (version 
2022.02.0+443), strawberry-Perl-5.32.1.1, and GraphPad 
Prism (version 7). To determine the statistical significance, 
the K-W test and Wilcoxon test were used based on the 
threshold of P<0.05. For evaluating the differences between 
risk groups in terms of OS, the log-rank test was applied. 

Spearman’s correlation analysis was used to examine the 
correlations between the two based on P<0.05.

Results

Identification of prognostic ICD-related lncRNAs in EC

Figure 1 illustrates the flowchart of the study design. We 
conducted a comprehensive literature review (by searching 
through PubMed, Scopus, and Google Scholar for relevant 
studies until 2021) to re-collect validated and putative 
ICD-related genes. ICD-related genes were accepted in 
the study if all of the following criteria were met: (I) the 
studies explored the mechanism in ICD and immunological 
processes and carried out experimental interventions, 
(II) the studies carried out vaccination assays with 
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immunocompetent, syngeneic mice or other rodents (74),  
(III) the studies carried out co-culturing of cancer cells 
and immune cells, (IV) the studies carried out experiments 
involving ICD biomarkers validations, such as cell surface 
exposure of CRT, ATP secretion validation and extracellular 
release of HMGB-1 (75,76). Thirty-eight ICD-related 
genes were obtained from previous reports. A total of 23 
normal samples and 552 tumor samples were obtained from 
TCGA. There were 153 ICD-related lncRNAs differently 
expressed between tumor and normal samples were 
determined through Pearson’s correlation analysis (R>0.3, 
P<0.05) (Figure 2A); 55 genes were downregulated, 98 genes 
were upregulated (Figure 2B, Figure S1). 

A univariate Cox regression analysis (P<0.05) was 
performed to identify 16 prognostic ICD-related lncRNAs. 
Among them, 7 lncRNAs were poor prognostic factors 
for EC, while the remaining 9 lncRNAs appeared to be 
protective (Figure 2C, Table S1). The expression of the 
prognostic lncRNAs in all samples was represented in 
a heatmap (Figure 2D). Based on the Sankey diagram  
(Figure 2E), we were able to determine the correlation 
between these 16 lncRNAs and their corresponding genes. 
All of the lncRNAs were positively correlated with the gene 
(Table 2).

Establishment and validation of risk model

An arbitrary ratio of 1:1 was applied to all samples to divide 
them into a training set and testing set, ensuring that the 
clinical characteristics of the samples from the two subsets 
were not statistically different (Table 3). 

Specifically, we analyzed the training set data and 
performed LASSO regression to obtain hub genes to 
construct risk models. Based on the expression of the six 
lncRNAs in the training set and LASSO regression analysis 
(Figure 3A,3B, Table S4), the following equation was 
developed:

( ) ( )
( ) ( )
( )
( )
( ) ( )
( )

Risk Score exp SCARNA9 0.401528645653866

exp FAM198B-AS1 1.90526441273924

exp FKBP14-AS1 2.21856134166291

exp FBXO30-DT 1.63157340507073

exp LINC01943 2.36050864717649

exp AL161431.1 0.600416817300287

= × −

+ × −

+ ×

+ ×

+ × −

+ ×

 [2]

Gene expression is represented by exp. The coefficients 
were obtained from LASSO regression. 

We calculated the risk score for each EC patient by 

combining the coefficients and expression of the lncRNAs 
discussed above (Figure 3). Patients in the testing set were 
assigned to high- and low-risk groups based on the risk 
model. We compared, in the training and testing set, the 
distribution of risk score (Figure 3C,3D), survival status 
(Figure 3F,3G), relevant expressions of the six lncRNAs 
(Figure 3I,3J), and survival time between low and high-
risk group (Figure 3L,3M). The risk score distribution and 
survival status in the training and testing sets remained 
relatively consistent, indicating that the risk model was 
well fitted. The lncRNA expression heatmap showed 
that FKBP14-AS1, FBXO30-DT and AL161431.1 were 
increased in cancer tissues whereas LINC01943, FAM198B-
AS1 and SCARNA9 were decreased in cancer tissues in 
all sets, demonstrating the consistency of the sample data 
in all sets. Most importantly, in the survival curves of the 
test set and full set, the OS of the low-risk group was 
higher than that of the high-risk group, indicating that 
the model predicted the risk well. In conclusion, the above 
results indicated that the training set and testing set are 
both consistent and that the model is able to predict the 
prognosis accurately. The analysis of the full set was used 
to visualize the performance of the model in the TCGA 
database (Figure 3E,3H,3K,3N).

Independent prognostic analysis and stratified prognostic 
analysis

Univariate Cox regression revealed a hazard ratio (HR) in 
the risk score of 2.014 and a 95% confidence interval (CI) 
of 1.534–2.644 (P<0.001) (Figure 4A), while multivariate 
Cox regression results showed a HR in the risk score of 
1.976 and a CI of 1.516–2.574 (P<0.001) (Figure 4B). 
Further, two additional independent prognostic variables 
were found, age (1.051 and 1.021–1.082; P<0.001) and stage 
(2.581 and 2.251–2.942; P=0.009) (Figure 4B). In addition, 
the area under the curve (AUC) values obtained from the 
ROC curve analysis were: 0.729 for 1-year survival, 0.748 
for 3-year survival, and 0.742 for 5-year survival (Figure S2, 
Figure S2A). We performed the K-M analysis by log-rank 
test (Figure 4C-4F) on EC patients after stratifying them 
into subgroups based on their stage and age to determine 
the predictive power of multiple clinical characteristics. 
The risk model was found to be effective in distinguishing 
between groups at high and low risk, as the OS rate of the 
high-risk groups was lower than the low-risk groups in the 
subgroups “patients aged 30–60”, “patients aged 61–90”, 
“patients with stage I–II”, and “patients with stage III–IV”. 

https://cdn.amegroups.cn/static/public/TCR-23-2243-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-23-2243-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-23-2243-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-23-2243-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-23-2243-Supplementary.pdf


Yao et al. ICD-related prognostic model2922

© Translational Cancer Research. All rights reserved.   Transl Cancer Res 2024;13(6):2913-2937 | https://dx.doi.org/10.21037/tcr-23-2243

Figure 2 Establishment of immunogenic cell death-related mRNA-lncRNA co-expression networks and identification of lncRNAs with 
differential expression in tumor tissues compared to normal tissues. (A) Immunogenic cell death-related mRNA-lncRNA co-expression 
network. (B) The volcano diagram shows differential expression of immunogenic cell death-related lncRNAs in tumor tissues and normal 
tissues. (C) The forest plot of prognostic immunogenic cell death-related lncRNAs based on univariate Cox analysis. (D) The heatmap 
of 16 prognostic lncRNAs expression. (E) Sankey diagram shows the relationship between immunogenic cell death-related mRNA and 
immunogenic cell death-related lncRNA. Wilcox test was applied to compare data. Multivariable logistic Cox regression analyses was 
applied to calculate the HR and its 95% CI. *, P<0.05; **, P<0.01; ***, P<0.001. lncRNA, long non-coding RNA; IRG, immunogenic cell 
death-related genes; FC, fold change; FDR, false discovery rate; CI, confidence interval; HR, hazard ratio. 
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Table 2 The correlations between the 16 prognostic ICD related-lncRNAs and genes

Gene LncRNA cor P value

CXCR3 AC004585.1 0.651091206498471 <0.001

CXCR3 UNQ6494 0.461838782808825 <0.001

CXCR3 AC012645.3 0.532188563441362 <0.001

CXCR3 LINC01943 0.597983497534661 <0.001

CXCR3 AC006369.1 0.590073357733589 <0.001

EIF2AK3 SCARNA9 0.427551010434767 <0.001

EIF2AK3 FKBP14-AS1 0.471064518151103 <0.001

EIF2AK3 DLEU2 0.572720703065882 <0.001

EIF2AK3 SOCAR 0.488485413188215 <0.001

EIF2AK3 FBXO30-DT 0.402592597988471 <0.001

IL6 AL161431.1 0.437236843212603 <0.001

NT5E FAM198B-AS1 0.487772456631103 <0.001

NT5E AC007611.1 0.451563733789954 <0.001

PIK3CA SCARNA9 0.426493491962078 <0.001

PIK3CA FKBP14-AS1 0.471861758198812 <0.001

PIK3CA DLEU2 0.52656059384847 <0.001

PIK3CA AC010615.2 0.46700914056783 <0.001

PIK3CA AL035530.2 0.403690868250551 <0.001

PIK3CA AC007996.1 0.402630249999208 <0.001

PIK3CA FBXO30-DT 0.410318377151942 <0.001

PRF1 AC004585.1 0.734166381452014 <0.001

PRF1 AC012645.3 0.450474907446685 <0.001

PRF1 LINC01943 0.690221110880813 <0.001

PRF1 AC006369.1 0.52002327964519 <0.001

ICD, immunogenic cell death; lncRNAs, long non-coding RNAs; cor, correlation. 

The accuracy of the risk model was also determined by the 
AUC values of the ROC curve (Figure 4G). As the AUC 
value of the risk score (0.729) was significantly higher than 
that of other clinical parameters, it further demonstrated 
that the risk model is an extremely accurate predictor of 
patient outcome.

Establishment of a prognostic nomogram

An age, stage, and risk score integrated nomogram 
was developed to further enhance prognostic accuracy 
(Figure 4H). To assess the predictive accuracy and clinical 

applicability of the nomogram, we constructed calibration 
curves, of which the y- and x-axes represent the actual 
and the predicted survival rates. There was a satisfactory 
consistency between the actual and the predicted survival 
probabilities in the calibration plot for OS at 1, 3, and  
5 years (Figure S2B).

KEGG enrichment analysis

According to KEGG analysis (Figure 5A), ICD-related 
signaling pathways were implicated in the risk model. 
The data from GSEA revealed that axon guidance, cell 

https://cdn.amegroups.cn/static/public/TCR-23-2243-Supplementary.pdf
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Table 3 Statistical analysis of clinical features in high- and low-risk groups

Covariates Type Total, n (%) Test, n (%) Train, n (%) P value

Age ≤65 years 274 (57.68) 134 (56.54) 140 (58.82) 0.68

>65 years 199 (41.89) 102 (43.04) 97 (40.76)

Unknown 2 (0.42) 1 (0.42) 1 (0.42)

Stage Stage I 310 (65.26) 154 (64.98) 156 (65.55) 0.18

Stage II 47 (9.89) 18 (7.59) 29 (12.18)

Stage III 100 (21.05) 53 (22.36) 47 (19.75)

Stage IV 18 (3.79) 12 (5.06) 6 (2.52)

Histology Endometrioid 277 (58.32) 138 (58.23) 139 (58.4) 0.68

Mixed 11 (2.32) 6 (2.53) 5 (2.10)

Serous 46 (9.68) 26 (10.97) 20 (8.40)

Unknown 141 (29.68) 67 (28.27) 74 (31.09)

Grade Grade 1 87 (18.32) 39 (16.46) 48 (20.17) 0.32

Grade 2 94 (19.79) 47 (19.83) 47 (19.75)

Grade 3 153 (32.21) 84 (35.44) 69 (28.99)

Unknown 141 (29.68) 67 (28.27) 74 (31.09)

cycle, RNA degradation, spliceosome, and ubiquitin-
mediated proteolysis were enriched in the high-risk group, 
whereas other pathways were enriched in the low-risk 
group, including allograft rejection, asthma, autoimmune 
thyroid disease, graft versus host disease and the type 
I diabetes mellitus (P<0.05; FDR <0.25; |NES| >1.5, 
NES, normalized enrichment score). Collectively, this all 
suggested that there might be differences in immunobiology 
and immune infiltration in the two subgroups. In light of 
this, we attempted to analyze immunity in the model.

Analysis of the risk score in relation to immune factors and 
TME

The re la t ive  abundance  o f  immune ce l l s  in  the 
m i c r o e n v i r o n m e n t  w a s  a n a l y z e d  b y  R  p a c k a g e 
“immunedeconv”, demonstrating that various immune cells 
negatively correlated with risk scores, which suggested that 
the low-risk group possessed greater immune infiltration 
(Figure S3). We performed ssGSEA to obtain immune cell 
and immune function scores in different risk categories. 
Compared to the high-risk group, most immune cells had 
higher levels of infiltration in the low-risk group. Only 
activated dendritic cells and macrophages did not have 
significantly different levels of infiltration between the 

risk groups (Figure 5B). In addition, 12 immune pathways 
showed a greater level of activity in the low-risk group, 
while the remaining three did not differ significantly in the 
two groups (Figure 5C). The immune and stromal scores of 
patients in the low-risk group were higher (Figure 5D,5E). 
A further analysis was conducted to determine whether 
immune checkpoint expression differed between the high- 
and low-risk groups, where most immune checkpoints were 
more positive in the low-risk group (Figure 5F). Accordingly, 
immunotherapy may be more beneficial to patients in 
the low-risk group. TIDE analysis revealed differences in 
immune evasion and response to immunotherapy between 
the high- and low-risk groups. The low-risk group was 
more likely to respond to immunotherapy and less likely to 
escape immune response (Figure S2F,S2G).

Categorization of EC subtype by consensus clustering

To investigate the association between the expression levels 
of the above six ICD-related lncRNAs and EC subtypes, 
we performed consensus clustering analysis on all 552 EC 
samples in the TCGA cohort. By increasing the clustering 
variable (k) from 2 to 9, we found that when k =4, the 
intra-cluster similarity and inter-cluster dissimilarity 
of the groupings were at their highest (Figure 6A,6B,  

https://cdn.amegroups.cn/static/public/TCR-23-2243-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-23-2243-Supplementary.pdf
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Figure 3 Construction and validation of a risk model based on immunogenic cell death-related lncRNAs. (A) The LASSO coefficient profile 
of 6 prognostic immunogenic cell death-related lncRNAs. (B) The cross-validation of the risk model. (C-E) The risk score in the training 
set, testing set, and complete set. (F-H) The survival time and status in the training set, testing set, and complete set. (I-K) The heatmap 
of 6 prognostic immunogenic cell death-related lncRNAs in the training set, testing set, and complete set. (L-N) The survival curve in 
the training set, testing set, and complete set. The log-rank test was applied to compare the OS rates of the high-risk and low-risk groups. 
lncRNAs, long non-coding RNAs; LASSO, least absolute shrinkage and selection operator; OS, overall survival. 
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Figure 4 Independent prognostic analysis. (A) A univariate Cox regression analysis shows risk score to be an independent prognostic factor. 
(B) A multivariate Cox regression analysis shows risk score to be an independent prognostic factor. (C-F) The survival curve shows that 
the risk model is applicable to patients with different clinical stages and ages. (G) ROC curve demonstrates the accuracy of risk models in 
predicting patient survival. (H) The nomogram for both clinic-pathological factors and prognostic immunogenic cell death-related lncRNAs. 
The log-rank test was applied to compare the OS rates of the high-risk and low-risk groups. **, P<0.01; ***, P<0.001. CI, confidence interval; 
AUC, area under the curve; ROC, receiver operating characteristic; lncRNAs, long non-coding RNAs; OS, overall survival. 
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Figure S2D,S2E). Survival analysis showed that there were 
significant differences in survival among the four subtypes, 
and clusters 1 and 2 had higher survival probabilities over 
the five-year period than the other clusters (Figure S2H). 
A heat map of immune cell infiltration was constructed  
(Figure S4), which indicated that cluster 4 exhibited strong 
immune cell infiltration. The expression differences of the 
four clusters at each immune checkpoint were discussed. 

The results showed that the expression levels of the immune 
checkpoints in cluster 4 were significantly higher than those 
in other clusters (Figure 6C). Subsequent studies could target 
the aforementioned immune checkpoints to treat patients in 
the corresponding clusters. Cluster 4 had higher ESTIMATE 
scores, stromal scores, and immune scores in the immune 
microenvironment, indicating that patients in cluster 4 had 
certain immunotherapy prospects (Figure 6D-6F).
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Figure 5 Enrichment analysis of pathways and immune environment. (A) The top 5 KEGG signaling pathways in the high-risk and low-
risk EC patients. (B,C) The ssGSEA scores of immune cells and immune function within the low- and high-risk groups. (D,E) Box plots of 
stromal score and immune score for the low- and high-risk groups. (F) The difference in immune checkpoint expression between low- and 
high-risk groups. Wilcox test was applied to compare data. *, P<0.05; **, P<0.01; ***, P<0.001. KEGG, Kyoto Encyclopedia of Genes and 
Genomes; EC, endometrial carcinoma; ssGSEA, single sample gene set enrichment analysis. 
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Figure 6 Consensus clustering and immune infiltration analysis. (A) Consensus matrix when k =4. (B) tSNE analyses of 4 clusters. (C) The 
difference in immune checkpoint expression between clusters. (D-F) Box plots of stromal score, immune score, and ESTIMATE score for 
4 clusters. Kruskal-Wallis H test was applied to compare data. P value corrected with Bonferroni. *, P<0.05; **, P<0.01; ***, P<0.001. tSNE, 
t-Distributed Stochastic Neighbor Embedding; ESTIMATE, Estimation of STromal and Immune cells in MAlignant Tumor tissues using 
Expression data. 
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Prediction of drug sensitivity

An analysis of the IC50 values of several chemotherapeutic 
agents was conducted to assess the chemotherapeutic 
response of EC patients. Compared to patients with low 
risk, patients with high risk of developing cancer had 
significantly lower IC50 values for Shikonin, Midostaunin, 
MAPK inhibitors, etc. A total of 18 chemotherapeutic or 
targeted agents used for EC treatment were found to show 
lower IC50s in the high-risk group, while 18 drugs in the 
low-risk group showed lower IC50 (Figures S5,S6). The 
findings indicated that the model may predict patients’ 
tumor chemosensitivity.

Analysis of lncRNAs expression in clinical samples and EC 
cell lines

Among the above six ICD-related lncRNAs, we observed 
a differential expression in normal tissues and tumor 
tissues (Figure 7A-7F). FKBP14-AS1, FBXO30-DT, and 
AL161431.1 was upregulated while SCARNA9, FAM198B-
AS1, and LINC01943 were downregulated in tumor tissues, 
further supporting our previous conclusions. Then, we 
examined the expression of these lncRNAs in ECCs and 
4 EC cell lines (Ishikawa, KLE, RL95-2, and HEC-1B), 
which provided consistent results (Figure 7G-7L). 

LncRNAs involvement in the regulation of ICD in vitro 
and in vivo

To confirm the function of the six prognostic ICD-related 
lncRNAs in the risk model, we examined ICD biomarkers 
including ATP secretion, Ecto-CRT and HMGB1 release 
(75,76). Short hairpin RNAs (shRNAs) and overexpression 
plasmid were used to manipulate the levels of the six 
lncRNAs in KLE cells (Figure S7A-S7F). Based on risk 
models, FKBP14-AS1, FBXO30-DT and AL161431.1 
were risk factors for endometrial cancer and were increased 
in clinical samples and EC cell lines. To verify whether 
FKBP14-AS1, FBXO30-DT and AL161431.1 are ICD 
suppressors, we knocked them down independently in 
KLE cells. In contrast, LINC01943, FAM198B-AS1 
and SCARNA9 were predicted to be protective factors 
for endometrial cancer and were decreased in clinical 
samples and EC cell lines. To verify whether they are ICD 
promoters, we overexpressed them independently in KLE 
cells. The efficiency of knocked down and overexpression 
is shown in Figure S7A,S7B. DOX was applicated as an 

inducer of ICD (77). The concentration of DOX was 
selected based on IC50 (Figure S7G) and was considered to 
be within its pharmacological range. We induced ICD by 
DOX chemotherapy after knockdown of the corresponding 
genes using sh-FKBP14-AS1, sh-FBXO30-DT, sh-
AL161431.1, and overexpression of the corresponding 
genes using LINC01943, FAM198B-AS1, SCARNA9 
plasmids in KLE cells, respectively. The supernatants of 
the cell cultures were collected for the measurement of 
ATP and HMGB-1. To measure the level of CRT exposure 
on cell surfaces, membrane proteins were extracted from 
isolated cell membranes for Western blot assay. In our 
study, cells transfected with sh-FKBP14-AS1, sh-FBXO30-
DT, sh-AL161431.1, LINC01943 plasmid, FAM198B-AS1 
plasmid, SCARNA9 plasmid demonstrated an increased 
release of ATP (Figure 7M), increased release of HMGB1 
(Figure 7N), and increased exposure of CRT on the cell 
membrane (Figure 7O,7P) when compared to negative 
control (NC) and chemotherapy only groups, which 
indicated that cancer cells were induced to undergo ICD. 
The colony formation assay also revealed that the numbers 
of colonies were significantly reduced in cells transfected 
with sh-FKBP14-AS1, sh-FBXO30-DT, sh-AL161431.1, 
LINC01943 plasmid, FAM198B-AS1 plasmid, SCARNA9 
plasmid compared with control cells (Figure 8A). An  
in vivo xenograft tumor model in female BALB/c nude mice 
was established to further investigate the role of lncRNAs 
mentioned above. As shown by tumor volume, weight, 
and ki67 expression levels, knocking down FKBP14-AS1, 
FBXO30-DT, AL161431.1, or overexpressing LINC01943, 
FAM198B-AS1, SCARNA9 significantly enhanced 
the inhibitory effect of DOX on tumor growth in vivo  
(Figure 8B-8E, Figure S7H-S7K). Collectively, these data 
pointed to an essential role for FKBP14-AS1, FBXO30-DT, 
AL161431.1, LINC01943, FAM198B-AS1 and SCARNA9 
in ICD.

Discussion

As one of the most common gynecological malignancies, 
EC has increased in incidence among young women in 
recent years (78). The prognosis remains poor for patients 
with advanced stages of EC, recurrence of the disease, or 
distant metastases despite surgical treatment being effective 
for many patients with early-stage EC (3). 

Encouragingly, immunotherapy is emerging as a 
next-generation anti-tumor regimen. A recent clinical 
trial proved that the programmed death-1 (PD-1) 
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Figure 7 External validations. (A-F) Relative expression in EC tissue and adjacent tissue of SCARNA9, FAM198B-AS1, FKBP14-AS1, 
and FBXO30-DT, LINC01943, AL161431.1 to actin-β. (G-L) Relative expression in 4 EC cell lines and endometrial epithelial cell of 
SCARNA9, FAM198B-AS1, FKBP14-AS1, and FBXO30-DT, LINC01943, AL161431.1 to actin-β. (M) ATP release in NC, DOX, DOX + 
sh-FKBP14-AS1, DOX + sh-FBXO30-DT, DOX + sh-AL161431.1, DOX + LINC01943, DOX + FAM198B-AS1, DOX + SCARNA9. (N) 
HMGB-1 secretion in differently treated groups. (O) Exposure of CRT on the cell membrane in differently treated groups. Relative protein 
expression on the plasma membrane to Na+/K+ ATPase 1. β-actin was used as a marker of plasma membrane purity. (P) Immunofluorescence 
showed exposure of CRT on the cell membrane in differently treated groups (magnification factor: ×400). These experiments were 
performed in triplicate. The Student’s t-test was applied to compare data between two subgroups. One-way ANOVA test was applied to 
compare data for above two groups. *, P<0.05; **, P<0.01; ***, P<0.001. ECC, endometrial epithelial cell; NC, negative control; DOX, 
doxorubicin; ATP, adenosine triphosphate; CRT, calreticulin; DAPI, 4',6-diamidino-2-phenylindole; EC, endometrial carcinoma; ANOVA, 
analysis of variance. 
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Figure 8 Proliferation experiments in vivo and in vitro. (A) KLE cells transfected with sh-FKBP14-AS1, sh-FBXO30-DT, sh-AL161431.1, 
LINC01943 plasmid, FAM198B-AS1 plasmid, SCARNA9 plasmid reduces the number of colonies. Cells were stained with 0.1% crystal 
violet for 30 min. (B) Xenograft tumors at the endpoint. (C,D) Tumor volume and weight measured in BALB/c nude mice. (E) The 
relative protein levels of ki67 in xenograft tumors by immunohistochemistry. Cell nucleus was stained with DAPI. These experiments were 
performed at least in triplicate (magnification factor: ×40). One-way ANOVA test was applied to compare data for above two groups. *, 
P<0.05; **, P<0.01; ***, P<0.001. NC, negative control; DOX, doxorubicin; DAPI, 4',6-diamidino-2-phenylindole; ANOVA, analysis of 
variance. 
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monoclonal antibody dostarlimab was associated with 
clinically meaningful and durable antitumor activity with 
an acceptable safety profile for patients (79). While the 
activation of ICD can directly induce tumor cell death, it 
is also capable of reshaping immunosuppressive TME to 
an immunoactivated one, initiating antitumor immunity 
and improving the response to immunotherapy (80). In the 
progression of EC, however, the role of ICD is relatively 
unknown.

Based on genomic characterization, the European Society 
of Gynaecological Oncology (ESGO) categorizes EC 
patients into four categories, but this classification does not 
adequately explain patients’ varying responses to systemic 
therapy (81). A novel molecular signature is required to 
grade EC patients for better descriptions of TME and 
a more reliable prognosis. LncRNAs are involved in 
tumorigenesis, tumor cell proliferation, invasion, migration, 
apoptosis, and angiogenesis (82,83). Furthermore, 
extracellular lncRNAs can circulate in body fluids; they are 
detectable and highly resistant to ribonucleases (84,85). 
Growing evidence suggests that lncRNAs may make 
effective biomarkers for tumors (86). 

This study obtained 38 ICD-related genes from previous 
reports. Then, 398 ICD-related lncRNAs were identified. 
Among them, a total of 16 prognostic ICD-related 
lncRNAs were determined via univariate Cox regression. 
A risk model was constructed via LASSO regression. K-M 
survival analysis, univariate Cox regression, multivariate 
Cox regression, and the AUCs were determined to verify 
the accuracy and repeatability of our model. We then 
established a nomogram based on age, tumor stage, and risk 
score to estimate individualized survival. The C-index for 
the risk model (0.729) in our study demonstrated the good 
reliability of this model. Compared with the latest studies 
on endometrial cancer prognosis models with C indices 
of 0.651, 0.617, and 0.711 (87-89), our model was more 
competitive.

The proposed prognostic gene expression profile 
contains six ICD-related lncRNAs, which are SCARNA9, 
FAM198B-AS1,  FKBP14-AS1,  and FBXO30-DT, 
LINC01943, AL161431.1. Among the six lncRNAs, 
FAM198B-AS1,  FKBP14-AS1,  FBXO30-DT, and 
LINC01943 have not been reported in tumorigenesis 
and development, and still, need to be further elucidated. 
Our previous study demonstrated that SCARNA9, an 
immune- and autophagy-related lncRNA, may be a positive 
prognostic factor in EC (90,91). In this study, we found 
that SCARNA9 also acts as a potential positive prognostic 

biomarker for EC. However, the exact mechanism of 
SCARNA9 in EC has not yet been revealed. Future studies 
can explore this in more detail. AL161431.1 functions as 
a molecular sponge for miR-1252-5p, resulting in the de-
repression of MAPK signaling to facilitate the growth and 
metastasis of EC cells (92). The expression of AL161431.1 
has also been shown to promote cancer growth in other 
forms of cancer, including lung adenocarcinoma, pancreatic 
cancer, non-small cell lung cancer, etc., and thus suggesting 
a poor prognosis in these cases (93-95).

Evidence is mounting that TME interactions, especially 
the immune microenvironment, influence the occurrence 
and progression of cancer (96-98). ICD releases DAMPs 
into the tumor environment as immune adjuvants and 
recruits various types of immune cells. This increases 
the level of immune cell infiltration in the TME (80). 
Therefore, a signature is required to predict changes in 
the immune microenvironment caused by ICD. This study 
examined immune cell infiltration, immune cell function, 
and immune checkpoint expression in high- and low-risk 
model groups. The results showed that the majority of 
them were upregulated in patients with low-risk scores, 
providing evidence that the risk model may play a role in 
predicting the efficacy of immune treatment in EC patients. 
Patients with low-risk scores may benefit from receiving 
immune therapy in EC. Moreover, we predicted potential 
therapeutic compounds for different prognostic risk groups. 
It was found that EC drug sensitivity was strongly correlated 
with ICD-related lncRNAs. This provides a novel approach 
to treating patients with EC on an individual basis.

Our study has inherent limitations that cannot be 
ignored. On one hand, our risk model was developed based 
on public transcriptome data from the TCGA and clinical 
data. In addition, the internal test set was used to assess 
its accuracy, and more multi-center clinical samples are 
needed for validation. On the other hand, our experiment 
preliminarily analyzed the immune environment through 
bioinformatics methods and validated immunogenic death 
using three testing standards. Unfortunately, we have not 
yet used flow cytometry to further confirm the activation of 
immune cells. The mechanism underlying the involvement 
of ICD-related lncRNAs in occurrence and development of 
EC, as well as the regulation of TME still require further 
detailed studies. 

As far as we are aware, this study is the first one using 
ICD-related lncRNAs to predict prognosis in EC. It 
analyzes ICD-related lncRNAs to establish a prognostic 
risk model for EC and a novel subtype classification using 
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consensus clustering analysis. It has been shown that 
this model can be used to predict the prognosis of EC 
patients. Furthermore, we describe the characteristics 
of TME cell infiltration and the sensitivity of the 
patient to chemotherapy drugs in different subgroups. 
Subsequent studies could combine these drugs with first-
line chemotherapy drugs to improve precision therapy in 
EC. The risk model based on ICD-related lncRNAs may 
therefore be an effective tool for predicting chemotherapy 
outcomes. Our findings reveal the clinical significance of 
ICD which provides a new direction for the study of EC 
biomarker detection and individualized precision therapy. 

Conclusions

In our study, a prognostic signature composed of six ICD 
related-lncRNAs in EC was established, and the risk model 
based on this signature can be used to predict the prognosis 
of patients with EC.
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