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1. Introduction   
Endometrial cancer of the uterine corpus (ECUC) is 

one of the most widespread cancerous diseases among 
females worldwide; besides its incidence is rising global-
ly [1, 2]. Annually, endometrial cancer is responsible for 
approximately 76,000 female fatalities. EC is a significant 
concern for women's health, particularly in industrialized 
nations, where its occurrence is highest due to both illness 
mortality and the increased number of newly diagnosed 
cases [3, 4]. 

Even though most early-stage EC patients can be 
cured by surgical treatment, advanced-stage patients are 
frequently treated by an amalgamation of chemotherapy, 
radiation therapy, and surgery. Despite this, the overall 

survival and life quality for many EC patients remains 
suboptimal [5]. Therefore, identifying reliable EC-related 
biomarkers is crucial in order to use prognostic modeling 
to learn more about EC patients' prognosis evaluation and 
their responses to therapeutic interventions.

Transcripts longer than two hundred nucleotides, which 
do not encode proteins, are known as long non-coding 
RNAs(lncRNAs)[6]. Among the most prevalent regula-
tory elements inside the non-coding sections of the genes 
are loci that encode lncRNA[7]. Through their interac-
tions with DNA, RNA, as well as proteins, lncRNAs are 
involved in the regulation of gene expression and protein 
function [8, 9]. Given their role in controlling the expres-
sion of genes in pathological settings, lncRNAs may be 
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associated with a wide variety of disorders [10]. Specifi-
cally, many researches have shown that lncRNAs exhibit 
distinct expression patterns, which are cell-state-specific, 
in terms of time, and spatially, therefore performing essen-
tial roles in tumorigenesis and tumor progression[11]. In 
addition, an increasing number of researches have shown 
that lncRNAs accelerate the progress of EC [12-14].  

Dysregulation of cell death, a fundamental process 
that is essential to many biological functions, is closely 
associated with the onset and the course of many diseases 
[15]. Liu discovered a novel type of cellular death, termed 
Disulfidptosis, in February 2023. According to the resear-
chers, the overabundance of intracellular cystine buildup 
caused disulfide stress, which subsequently induced the 
death of cells. Disulfide accumulation disrupted the typi-
cal relationship amid cytoskeletal proteins in cancer cells, 
which overexpress SLC7A11 and are glucose-deficient, 
ultimately leading to the collapse of the histone death of 
cells and skeleton[16]. 

In our research, we have created a prognostic signature 
for endometrial carcinoma Disulfidptosis Related Long 
Non-Coding RNAs (DRLs). Our approach used TCGA-
UCEC cohort in order to comprehend different aspects 
of endometrial cancer, including mutation, immunologi-
cal state and chemotherapeutic drug response. Patients' 
information mined from publicly accessible datasets was 
part of our research, and it was followed by a thorough 
analysis that included immunology enrichment, and medi-
cation-sensitive evaluation. Furthermore, we carried out 
internal experimental validation to confirm the exceptional 
dependability and stability of our signature. This thorough 
method provided an innovative viewpoint on the applica-
tion of precise and personalized methods of treatment for 
tumor management. The one using a potent framework 
for improving our knowledge of endometrial cancer and 
directing specialized therapeutic actions for better patient 
outcomes is offered by advanced medical big data. Ove-
rall, our research contributes significant novel and scien-
tific worth to the care of patients with EC, advancing the 
field in tumor immunology.

2. Material and methods
2.1. Acquisition and Pre-processing of data 

Transcriptomic data based on RNA sequencing, cli-
nical details as well as mutational data came from The 
Cancer Genome Atlas (TCGA) database, UCEC project 
(access time 17 October 2023). After being downloaded 
in a "STAR-Counts" form, each EC patient's expression 
profiles were obtained and added to a merging matrix. 
Similarly, EC patient's clinical information was down-
loaded in "BCR-Xml" form. Making use of the R code, 
all of the data were acquired and sorted out. The dataset 
included 554 EC tumor cases and 35 normal controls. Nor-
mal specimens were not included in further examinations. 
Samples of EC patients lacking appropriate details on age, 
tumor stage, and survival time were likewise eliminated. 
Finally, we acquired 543 EC samples. The experimental 
design flowchart for our research is displayed in Figure 1.
 
2.2. Finding DRLs   

Based on earlier researches, we were able to identify ten 
disulfidptosis-related genes (DRGs), comprising RPN1, 
NCKAP1, NDUFA11, LRPPRC, NUBPL, NDUFS1, GYS1, 
SLC7A11, SLC3A2, and OXSM[16]. The DRGs were 

screened for co-expression patterns with lncRNAs using 
Pearson correlation analysis, with a threshold of p < 0.001 
as well as a correlation coefficient absolute value greater 
than 0.4. DRLs are the definition given to these lncRNAs.

2.3. Creation and verification of a DRLs signature   
A total of 543 cases with survival information were 

randomly divided into two groups: the training group (n 
= 272) was utilized for the model's development, and the 
testing group (n = 271) was employed to verify our signa-
ture. DRLs were identified by Univariate Cox Regression 
Analysis. Notably, these DRLs were strongly associated 
with patients' OS in training cohort. Finding the lncRNAs 
with the least amount of divergence follows LASSO Re-
gression Analysis, and a prognostic model derived from 
five DRLs was created by Multivariate Cox Regression 
Analysis. Each of the five DRLs' expression values as well 
as regression coefficient were added up to create the risk 
score via employing following equation:  Risk Score=

Patients' medium-risk score was exploited to categorize 
them into groups with different risks. For the purpose of 
assessing the significance of our predictive model, then we 
performed survival analysis. The testing group's samples 
were then utilized to verify the prognostic signature's ac-
curacy. In order to ascertain whether our risk score obtai-
ned based on constructed model acts as an independent 
prognostic factor across different samples, an investiga-
tion of multifactorial analysis was carried out.
 
2.4. Functional enrichment  

Following screening criteria were utilized in order to 
acquire differentially expressed genes (DEGs) among dis-
tinct categories: A filtering criteria of false discovery rate 
(FDR) <0.05 as well as log2 fold change absolute value 
greater than 1. To learn more about potential molecular 
mechanisms, which differentiate across the groups at dif-
ferent risk, pathway studies such as Gene Ontology (GO) 
as well as Kyoto Encyclopedia of Genes and Genomes 
(KEGG) analyses were carried out. When the FDR<0.05, 
GO or KEGG pathways were deemed substantially en-
riched. Focusing on GO gene sets and based on the gene 
expression disparities across the groups at different risks, 
Gene Set Enrichment Analysis (GSEA) then was studied 

Fig. 1. A flowchart depicting the experimental design and methodo-
logy used in our study.
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immunotherapy response. The response to immunothe-
rapy is inversely correlated with TIDE prediction scores. 
By contrasting the TIDE scores, it was possible to deter-
mine how differently patient categories at high and low 
risk responded to immune therapy. Furthermore, to fore-
cast EC patients' susceptibility to widely used chemothe-
rapy drugs, we used the R package "oncoPredict"[20]. 
The half-maximal inhibitory concentration (IC50) values 
of EC samples were acquired based on the Genomics of 
Drug Sensitivity in Cancer (GDSC) database used in this 
package [21]. Through evaluating the IC50 values, we 
successfully predicted the EC patients' varying chemosen-
sitivity to several chemotherapeutic drugs that are often 
used in clinical work.

2.8. The Cell Culture and RT-qPCR 
We employed a variety of cell lines in our experimental 

investigation, including Ishikawa and HEC-1-A endome-
trial malignancy cells and normal endometrial cells from 
HEEC. These cells were procured via the American Type 
Culture Collection (ATCC), and cultivated in F-12, Leibo-
vitz's L-15 medium (Gibco BRL, USA), or McCoy's 5A. 
Total cell RNA was taken out of cell lines utilizing 10% fetal 
bovine serum (Gibco BRL, USA) in a 95% humidity,37°C, 
and 5% CO2 cell culture using a standard protocol-based 
extraction reagent for total RNA (10606ES60, YEASEN). 
After that, the produced RNA was employed to synthesize 
cDNA in the cDNA synthesis kit (11139ES10, YEASEN). 
The expression of genes was measured using SYBR green 
premixed solution (11201ES03, YEASEN) using Roche 
photo cycler 480 and 2−ΔΔCt technique. GAPDH acts 
as an interior standard for uniformity. Every primer used 
in RT-qPCR is produced by subcarriers (Shanghai sub-
carriers). Table 1 contains five primer sequences that are 
employed in PCR process for your reference.

2.9. Statistical analysis 
R software (version 4.3.1) was applied in our study to 

analyze all data. Student's t-tests were applied to analyze 
data distinctions across the groups. For survival analysis, 
the Kaplan-Meier assessment as well as the log-rank test 
were both applied. If the p-value was<0.05, then diffe-
rences across the two groups were considered to have sta-

as well. When a gene set's p value<0.05, it will deemed 
enriched.

2.5. Tumor-infiltrating analysis of immune cells   
Gene expression data were analyzed using the ESTI-

MATE algorithm to assess the abundance of both immune 
and stromal cells in EC tissues[17]. Grounded in a single 
sample GSEA(ssGSEA), the ESTIMATE algorithm gene-
rated three scores including stromal scores, immunological 
scores, as well as estimate scores, which is the sum of the 
previous two scores. These scores were used to compare 
variations across the different risk groups. The CIBER-
SORT tool[18] was utilized to evaluate the 22 immune cell 
types' abundances in each EC sample. Additionally, each 
sample's various immune functions were assessed using a 
ssGSEA employing gene sets related to immunity, and the 
two groups' immune functional activities were compared. 

2.6. Tumor mutation analysis  
We obtained TMB data for EC patients from the TCGA 

database. TMB was quantified as the total number of mu-
tant bases per million bases. To investigate the effect that 
TMB has on overall survival in different cases, patients 
were divided into different groups given the median score 
on TMB, and survival analysis then was implemented for 
each group. For the intention of studying the mutation pro-
files in more detail, we employed R package "MAF tool" 
[19] to assess and render the fifteen most frequently muta-
ted genes in tumors in EC samples within the database. 
This analysis highlighted genes with a higher frequency of 
mutations. We also conducted log-rank tests for analysis 
of survival and evaluated TMB levels across the different 
categories. We sought to investigate the potential influence 
of TMB concerning EC patients' prognosis by assessing 
TMB's correlation with patient survival. 

2.7. Immunotherapy response and drug sensitivity pre-
diction 

To forecast how EC patients would react to immunothe-
rapy, Tumor Immune Dysfunction and Exclusion(TIDE) 
studies were carried out. Considering the immunologi-
cal microenvironment of the tumors. The TIDE score is 
a computational method that evaluates the potential for 

DRLs                                   Sequences
PRDX6-AS1-Forward

PRDX6-AS1-Reverse

AC022960.1- Forward 

AC022960.1-Reverse

EMSLR-Forward

EMSLR-Reverse

AL359715.3-Forward

AL359715.3-Reverse

AC103563.9-Forward

AC103563.9-Reverse

5'- CAAGCTGGCTGTTTGAATGA-3'

5'-CAAGCTGGCTGTTTGAATGA-3'

5'- CAGCAGTAGGAGCTACCTGTGTC-3'

5'- ATAGAAGGGCATGACTGGCGG-3'

5'- TTCACACTTGCAGCAGATCC-3'

5'- CTTTTTCACGTTTCCCGTGT-3'

5'-ATCACTCTGAGAGGGCCCCAAC-3'

5'- AGGCCTCAGACCCACGAAGAA-3'

5'-AAGGTGTGACTTTACATCGAACGCC-3'

5'-CGCAGACAGGAGCGTTAGAATTGAG-3'

Table.1. Five primer pairs sequences that were employed in PCR process.
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tistical significance for the above analyses.

3. Results
3.1. Identification of DRLs

RNA sequencing data for patients with EC was obtai-
ned from TCGA. LncRNAs and mRNAs were identified 
based on gene type annotation. To determine which lncR-
NAs are involved in disulfidptosis, Pearson correlation 
analysis then was employed based on the expressions of 
lncRNAs as well as 10 DRGs. Adhering to strict screening 
standards: P valve<0.001 as well as Pearson R absolute 
value greater than 0.4, we have acquired 524 DRLs. Eight 
of the ten DRGs had a correlation with the expression of 
these DRLs (Figure 2A).

3.2. Development of the DRLs signature
A total of 543 EC cases possessed survival data and 

were divided into two different groups at random, the 
test group was used for model validation, whereas the 
construction of model was done with the training group. 
From among the 524 DRLs, for the purpose of building 
the model, only those associated with the survival of EC 
patients were taken into consideration. Eighteen DRLs re-
mained after we employed Univariate Cox regression ana-
lysis by excluding lncRNAs which did not significantly 
affect survival. Among these lncRNAs, one lncRNA was 
positively correlated with prognosis, but the remaining 
lncRNAs were negatively associated (Figure 2B). Using 
those 18 survival-associated DRLs and utilizing LASSO 
Cox regression analysis as well as Analysis of Multiva-
riate Cox regression, a signature comprising five DRLs 
was established further (Figure 2C,2D). Subsequently, we 
determined every patient's risk score using the prognos-
tic model equation: Risk score = (0.992995785598745) 
* P R D X 6 - A S 1 + ( - 2 . 2 3 0 5 2 9 1 3 4 4 7 9 8 9 ) 
* A C 0 2 2 9 6 0 . 1 + ( 0 . 4 1 5 3 3 9 5 0 9 8 0 9 5 6 ) 
* E M S L R + ( 0 . 5 4 3 9 1 5 9 9 3 8 4 8 8 6 9 ) *  

AL359715.3+(0.972275688297637) * AC103563.9. The 
correlations of expression across the five DRLs and ten 
DRGs are displayed in Figure 2E. AC103563.9 and EMS-
LR revealed positive correlations. However, AC029960.1 
had negative relationships with the majority of DRGs. As 
expected, using the central risk quotient as a guide, patient 
data were classified into cohorts of different risks. A less 
favorable prognosis was corroborated by Kaplan-Meier 
plots, which displayed that individuals belonging to the 
layer of high-risk scores possessed lower OS compared 
with their counterparts in the category of low-risk. An up-
surge in the death rate of the samples was associated with 
higher risk scores whether in the train set or test set. Addi-
tionally, the heatmap illustrated, particular lncRNAs such 
as PRDX6-AS1, EMSLR, AL359715.3, and AC103563.9 
were predominantly upregulated in the category of high 
risk. Nevertheless, AC022960.1 was primarily upregulated 
in the lower-risk category (Figure 3A-C).

3.3. DRLs signature predicts survival of endometrial 
carcinoma  

Next, we investigated whether any additional clinical 
characteristics could influence our predictive model. We 
enlisted three clinical characteristics of EC patients, such 
as age, grade as well as risk score in further studies. Uni-
variate analysis revealed age (HR: 1.032, 95% CI:1.011–
1.054, p <0.05), five DRLs-based risk scores (HR: 1.181, 
95% CI:1.096–1.273, p <0.001) and tumor grade(HR: 
2.605, 95% CI:1.814–3.740, p <0.001) are three risk 
variables that affecting prognosis(Figure 4A). Additio-
nally, the Multivariate regression analysis indicated that 
risk score(HR: 1.096, 95% CI: 1.008–1.190, p <0.05), 
age(HR: 1.025,95%CI: 1.003–1.047, p <0.05),grade(HR: 
2.303, 95% CI: 1.589–3.338,p < 0.001),are independent 
prognostic variables (Figure 4B). Both ROC curves as 
well as C-index plots were employed to examine the pre-
cision of these risk score signatures. For 1, 3, and 5 years, 

Fig. 2. Identification of DRLs and the establishment of a prognostic 
model for predicting overall survival in EC patients. (A) The Sankey 
graph reveals expression correlations between 8 DRGs and 524 DRLs. 
(B) Univariate Cox regression analysis reveals DRLs that impact EC 
patients' overall survival. (C)DRLs' LASSO coefficients. (D) The 
dotted lines in the LASSO regression represent the optimum log(λ) 
value. (E) The heatmap reveals the expressed correlations among the 
DRGs and the five DRLs utilized in the creation of the model. *, p < 
0.05; **, p < 0.01; ***, p < 0.001.

Fig. 3. Evaluation of the prognostic value of the risk model across the 
training, testing, and entire patient cohorts. (A) Kaplan–Meier plot 
shows that there is a relationship between survival time and different 
risk scores(top). Scatter plot displays how the survival time and risk 
score are related(middle). The heatmap shows the five DRLs' expres-
sions among various risk categories (bottom). (B, C) Testing and the 
total datasets went through the same process.
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the AUC values were 0.676, 0.712, and 0.722 respectively 
(Figure 4C), suggesting high accuracy of our prognostic 
model. Moreover, ROC curves were used to evaluate the 
risk score's forecast accuracy derived from model. Com-
pared to the AUCs for grade (0.648) and age (0.597), the 
risk score's AUC (0.712) was higher (Figure 4D). The 
superior accuracy of our risk model in relation to age and 
grading criteria was further confirmed by C-index plots 
(Figure 4E). The results indicated that we developed a 
model, which can function as a reliable and independent 
prognostic signature.

3.4. Nomogram and Clinicopathological features  
To improve the prognostic model's prediction capa-

city of EC patients, a nomogram was developed using 
risk scores as well as other clinical features (age, grade) 
of 543 EC samples. This nomogram was designed to esti-
mate the predicted survival durations at 1, 3, and 5 years 
for EC patients (Figure 5A). The calibration chart shows 
a strong alignment between expected and observed results 
(Figure 5B). Next, we examined survival differences in 
Progression-Free Survival (PFS) across different groups 
by K-M curves. These outcomes showed that ECs in the 
group at low risk outlived those patients in the category 
of high risk in PFS(Figure 5C).In various age and grade 
categories, the variations in OS across the different groups 
were further examined(Age≤ 65 and Age>65), early grade 
group(grade1 and 2) and advanced grade group(grade3 
and 4)(Figure 5D-G). The findings indicated that the pre-
dict model with a high degree of prediction accuracy and 
might be utilized for comparing patient survival across 
various groups, including age as well as tumor grade.  

3.5. Principal Component Analysis (PCA) 
We performed PCA based on each sample's risk score to 

ascertain whether patients at different risk levels could be 
distinguished. Considering the expression profiles' dimen-
sion variables of the entire genome,10 DRGs,524 DRLs, 

as well as the risk score model. Four distinct PCA graphs 
are displayed in Figure 6. Our study outcomes indicated 
that from our risk score model's PCA graph, conspicuous 
differences exist in how the different risk score categories 
are distributed, specific clusters were present in both of 
the groups as well, unveiling that our model is effective in 
categorizing EC patients.

3.6. Immune regulation involving the DRLs signature 
Using differentially expressed gene analysis, we were 

able to identify 441 DEGs among the categories at dif-
ferent risks, providing further insight into the biological 
differences between them. By carrying out biological me-
chanisms such as GO as well as KEGG pathway analyses, 
we clarified the differentially expressed genes (DEGs) bio-

Fig. 4. The risk model demonstrates high accuracy and serves as an 
independent prognostic factor for predicting overall survival in EC 
patients. (A) Forest plot based on Univariate analysis that displays 
the independent prognostic factors such as age, tumor grade, as well 
as risk score obtained from the model.(B) According to Multivariate 
regression analysis, the forest plot displays the independent prognos-
tic factors such as age, risk score obtained from the model, as well as 
tumor grade.(C) The prediction accuracy of our model at 1, 3, and 5 
years survival.(D) The prediction accuracy of various clinical features 
in predicting survival. (E) The predictive accuracy of different fea-
tures evaluated is shown by C-index curves.

Fig. 5. The construction of Nomogram and Kaplan-Meier survival 
curves comparing overall survival between low-risk and high-risk 
groups stratified by various clinical characteristics. (A)Nomograms 
assessed overall survival (OS) of ECs. (B) Calibration curves evalua-
ted the performance of the Nomograms. (C) K-M curves demonstra-
ting the distinction in Progression-Free Survival. (D-G) Kaplan-Meier 
curves in different risk categories, classified according to various cli-
nical features are displayed.

Fig. 6. The results of PCA analysis comparing the low- and high-
risk cohorts of EC patients. (A)Principal component analysis(PCA) 
profiles of all genes. (B)PCA profiles of DRGs. (C)PCA profiles of 
DRLs. (D) The PCA profiles of DRLs used in the model.
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logical mechanisms and processes in the different risk ca-
tegories. As shown by the GO analysis, DEGs were mostly 
linked to physiological mechanisms such as pattern speci-
fication process, regionalization, and axon development. 
In point of cell localization, DEGs were primarily focused 
in areas such as the cell body of neurons and extracellular 
matrix containing collagen. At the molecular level, DEGs 
were chiefly involved in receptor-ligand activity (Figure 
7A-D). In the context of KEGG pathway enrichment stu-
dies, DEGs were principally associated with the control of 
Neuroactive interaction of ligand-receptor, cell adhesion 
molecules, and Wnt signaling pathway (Figure 8A,8B). 
Consequently, we guessed that disulfidptosis might be 
connected to cancer metastasis and immunological me-
chanisms. Additionally, transcriptome-inclusive GSEA 
was performed. Our study demonstrated that Chromosome 
segregation, DNA replication, DNA templated, Nuclear 
chromosome segregation, and Regionalization are the five 
most highly enriched terms within the category of elevated 
risk, but within the low-risk group, Axoneme assembly, 
immunoglobulin complex, circulating immunoglobulin 
complex, immunoglobulin receptor binding, and antigen-
binding are the top 5 cellular processes that are conside-
rably enriched(Figure 8C,8D).Tumor immune microenvi-
ronment is a major factor in determining how quickly a 
tumor progresses. Taking into account the GSEA values 
above, which indicated that immunological regulation-
related functions were enriched within those at low risk, 
therefore we hypothesized that the TME differs in certain 
ways across EC groups at diverse risk. On the basis of the 
ESTIMATE algorithm, compared with those individuals 
who belonged to low-risk, the immunological scores in 
the elevated-risk group are much lower (Figure 9A), sug-
gesting that immunological cell infiltration degree is lower 
among groups of high-risk. Next, we utilized CIBERSORT 
method to examine the distribution level of distinct kinds 
of immunological cells within the tissues of EC patients. 
Exactly as demonstrated in (Figure 9B,9C), groups with 
high risk possess less penetration of regulatory T cells, 

Neutrophils, and Macrophages M0, but greater penetration 
of Macrophages M1. Furthermore, we examined a variety 
of immunological activities in the two groups. Notably, 
out of the 29 distinct immune function types,21 exhibited 
reduced function scores among cohorts at higher risk than 
those at lower risk, including TIL, T helper cells, as well 
as cytolytic activity (Figure 9 D).In sum, our findings elu-
cidated that in the groups with high risk, as categorized 
by DRLs signature, possibly have compromised immuno-
logical reactions in the tumor microenvironment, which 
could facilitate cancer metastasis and contribute to poorer 
overall survival.

 (DEGs). (A-D) Various diagrams illustrate the invol-
vement of different signaling pathways in biological pro-
cesses (BP), molecular functions (MF), and cellular com-

Fig. 7. Gene Ontology (GO) functional enrichment analysis of dif-
ferentially expressed genes (DEGs). (A-D) Various diagrams illus-
trate the involvement of different signaling pathways in biological 
processes (BP), molecular functions (MF), and cellular components 
(CC).

Fig. 8. KEGG and GSEA functional enrichment analysis of the risk 
model. (A-B) KEGG enrichment analysis in the two EC groups' 
DEGs. (C-D) GSEA outcomes demonstrating biological mechanisms 
significantly enriched.

Fig. 9. Variation in immune cell infiltration levels and tumor immune 
microenvironment across different risk groups of EC patients. (A) 
Violin graphs illustrating the variations in immunological and stro-
mal scores among different risk categories. (B-C) Variations in the 
infiltration levels of 22 kinds of immune cells inside the surrounding 
tumor microenvironment of ECs among different risk categories. (D)
Diversities in the various immune functions within the TME of ECs at 
different risk groups. *, p < 0.05; **, p <0.01; ***, p < 0.001. 



26

DRLs signature for endometrial carcinoma.            Cell. Mol. Biol. 2025, 71(3): 20-30

ponents (CC).

3.7. Somatic mutation landscape analysis
For many solid tumors, TMB, the quantity of soma-

tic mutations found in each genomic mega base has the 
potential to be a prognostic biomarker. Gene mutation 
frequency and TMB were examined and compared across 
the two groups. The waterfall graphic provides insight into 
the frequency of the top 15 somatic gene mutations, indi-
cating an increased mutation frequency within low risk 
individuals as opposed to that who at high-risk (Figure 
10A,10B). Next, we studied how TMB combined with risk 
score affect the OS of ECs; these two criteria were used 
to separate the patients into four subgroups. Our study 
showed that compared to lower TMB levels, higher TMB 
levels were associated with improved overall survival 
(OS) (Figure 10C). It was discovered that individuals with 
elevated TMB as well as lower risk scores displayed the 
optimal prognosis. However, in contrast, individuals with 
high-risk scores and diminished TMB have the poorest 
prognosis (Figure 10D). At last, to evaluate the correlation 
across risk categories and immunotherapy response, the 
TIDE algorithm was utilized. The findings showing that 
samples at high risk might be more likely to avoid immu-
nization, which may cause a worse reaction to immune 
therapy (Figure 10E).

3.8. Drug sensitivity response analysis 
To explore the potential effectiveness of immunothe-

rapy in EC patients and the possibility of dose modifi-
cation, we analyzed the sensitivity of various immuno-
therapeutic drugs in relation to the risk score. Utilizing 
"OncoPredict" package, we estimated the half-maximal 
inhibitory concentration (IC50) of some medications for 
each sample and contrasted the risk groups' medication 
sensitivity. Considering the differences in immunologi-
cal landscapes, mutational patterns, and prognostic out-
comes among various risk groups of patients with EC, we 
performed targeted medication screening, to determine 
the most effective treatment options for each group. The 

results demonstrated that ABT737, Afuresertib, Dabrafe-
nib, and Navitoclax's IC50 results among the groups of 
low risk were lower (Figure 11A-D), showing that EC 
patients among the lower risk category would gain greater 
advantages from these medications during their treatment. 
Conversely, among those at high risk, the IC50 values of 
BMS-345541, Cisplatin, Talazoparib, and GDC0810 were 
lower (Figure 11E-H), indicating that higher-risk ECs will 
be more susceptible to those medications. These findings 
suggest that our model could be a valuable tool for predic-
ting how EC patients will respond to immune checkpoint 
blockers (ICBs) and other widely used antitumor agents.

3.9. DRLs expression by RT-qPCR 
In order to confirm our model's dependability, we car-

ried out RT-qPCR tests in EC cell lines to ascertain the five 
DRLs' expression levels. We carried out RT-qPCR in nor-
mal endometrial cells in humans (HEEC) and endometrial 
carcinoma cells (HEC-1A and Ishikawa). Our outcomes 
demonstrated that the expression degree of AC022960.1 
was down-regulated in EC cells in contrast to normal 
HEEC (Figure 12B). However, PRDX6-AS1, EMSLR, 
AL359715.3, AC103563.9 were up-regulated in EC cells 
(Figs.12A, 12C, 12D)). These findings support the validity 
of the risk model built using DRLs.

4. Discussion  
A malignant tumor derived from the endometrial epi-

thelium, uterine corpus endometrial cancer has become 
increasingly prevalent worldwide on account of incidence 

Fig. 10. Analysis of mutation characteristics in EC patients. (A-B) 
Fifteen most common mutant genes shown in different risk categories 
for ECs. (C) The survival disparities among the different mutation 
categories are shown. (D)Various subgroups are shown by the ove-
rall survival curves. (E)Tumor Immune Dysfunction and Exclusion 
(TIDE) results at two risk categories were analyzed. *, p < 0.05.

Fig. 11. The results of drug sensitivity tests in the GDSC database. 
(A-D) ABT737, Afuresertib, Dabrafenib, and Navitoclax were more 
sensitive in the low-risk group. (E-H) BMS-345541, Cisplatin, Tala-
zoparib, and GDC0810 were more sensitive in the high-risk group.

Fig. 12. The degree of five DRLs expression in normal endometrial 
cells(HEEC) and endometrial malignancy cells lines (Ishikawa and 
HEC-1-A) measured by RT-qPCR. 

* * vs HEEC p<0.01; *** vs HEEC p<0.001.
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rate and fatality rate [22]. Although surgical therapy is cu-
rative for people with early-stage uterine corpus endome-
trial cancer,10-15% of patients present to the clinic having 
advanced in their disease, and their overall 5-year survival 
rate is a dismal 17% [3]. The rate of survival and life qua-
lity for the vast majority of EC cases are insufficient, des-
pite the fact that most early instances can be treated with 
surgical treatment and advanced-stage cases are frequently 
cured with a combined effort of chemotherapy, radiation 
therapy, and surgery [5]. There exists a causal correlation 
between the progression of tumors and the escape of cel-
lular death, which is regarded as a hallmark of cancer[23, 
24]. According to recent researches, disulfidptosis is a 
particular kind of cellular death.SLC7A11 expression is 
highly expressed in most cancerous cells, and they rely 
heavily on glucose for the synthesis of glutathione, which 
helps the cells fend off death. Thus, when the glucose 
transporter proteins are inhibited using GLUT inhibitors, 
they may result in the buildup of disulfides in cancerous 
cells; cause cytoskeleton disruptions, like intracellular 
actin; cause disulfidptosis to develop in such a manner but 
not spare the healthy cells, which could become a focus 
for cancer treatments in the future[16]. Given that cancer 
cells are susceptible to disulfidptosis, a potential therapeu-
tic approach for treating cancer treatment could involve 
focusing on this recently discovered form of cell death. A 
disulfidptosis-based signature can forecast the prognosis 
for different kinds of tumors, encompassing hepatocellular 
carcinoma, bladder cancer, and clear cell renal cell carci-
noma [25-27]. LncRNAs have demonstrated promising as 
biological indicators and objectives for cancer detection 
and intervention.[28]. They also have a major part in re-
gulating the cancerous tendencies of tumor cells[29]. But 
still, the majority of DRLs are yet unknown and their role 
in EC prognosis is still unclear. In this work, we tried to 
create a uterine corpus endometrial cancer risk prediction 
model in order to explore the connection and its function 
in tumor immunity and treatment. 

Our research determined 524 DRLs; these associated 
with the general survival of EC cases were filtered out for 
model construction. Employing LASSO regression analy-
sis, a model of risk scores, which comprises five disul-
fidptosis-related prognostic lncRNAs was created. More 
than 500 EC cases were divided into train and test groups 
to evaluate our model's predictive performance. A high 
degree of risk scores produced by our predictive model 
might be a sign of poor PFS and OS. We used five DRLs to 
build a model for predicting risk in EC patients. Specifical-
ly, lncRNAs such as EMSLR, PRDX6-AS1, AL359715.3, 
AC103563.9 showed noteworthy expression primarily in 
patients classified as elevated risk. In contrast, AC022960.1 
displayed significant expression among those classified as 
diminished risk. Following that, C-index and ROC curves, 
nomograms as well as their calibration curves were used 
to confirm the modeling's accuracy, which was all as anti-
cipated. Therefore, our DRLs signature is a trustworthy 
and accurate prognostic indicator for individuals with EC.

An increasing amount of lncRNAs have been attached 
to development and progression of tumors lately[30, 31]. 
These lncRNAs possess a noteworthy influence on drug 
resistance, cancer cell proliferation, and differentiation, 
which further impact the initiation, progression, as well as 
prognosis of cancers[32, 33]. Their potential as biomarkers 
for tumor prediction has garnered significant interest[34].

In our research, we established a prognostic signature 
including five DRLs(PRDX6-AS1, EMSLR, AL359715.3, 
AC103563.9 and AC022960.1)intimately linked to EC 
patients' overall survival (OS). Remarkably, EMSLR is 
dependent on DNA methyltransferase I, causes transcrip-
tional repression of LncPRESS1 and is linked to the in-
cursion and phenotype of cancerous cells[35].PRDX6, the 
closest gene to PRDX6-AS1, could significantly enhance 
non-small cell lung cancer's invasiveness and migration 
capability from in vitro to in vivo, which is unfavorable 
for prognosis[36, 37]. However, the roles of AC022960.1, 
AL359715.3, and AC103563.9 are yet unknown, which re-
quires further investigation and validation. Because cancer 
progression involves many complex processes, we used 
functional annotation analysis to further explore the mole-
cular pathways associated with DRLs. The findings of GO 
and KEGG pathways demonstrate that DRLs are related to 
many biological functions such as receptor-ligand activity, 
Cell adhesion molecules, Wnt signaling pathway and col-
lagen-containing extracellular matrix. The highly conser-
ved Wnt signaling is a signaling mechanism, which is vital 
for regulating the process of embryonic development and 
organs as well as the progression of tumors [38]. Wnt pa-
thway dysregulation has a complicated part in nearly eve-
ry step of carcinogenesis in a variety of malignancies[39]. 
Molecules involved in cell adhesion perform a significant 
part in development of the embryo, immune response, tis-
sue repair, and tumor metastasis[40-42]. Key mediators 
in the development of cancer include cell-to-cell contacts 
and cell adhesion, which facilitate the disease's hallmarks, 
such as immune escape and metastatic spread[43].As an 
example, aggressive tumors have a noticeable overexpres-
sion of L1CAM, and suppressing it significantly hinders 
the development, incursion, and dissemination of stomach 
cancerous cells[44]. The extracellular matrix, a vital part 
of the microenvironment of the malignancy, encourages 
the production of exosomes from tumors, triggering the 
Notch signaling system in tumors, thereby facilitating the 
formation of tumors[45]. Furthermore, GSEA analysis 
elucidated that the cellular processes under the low-risk 
scores category were more enriched in immune-related 
courses. We can forecast that EC patients belonging to the 
high-risk category will possess a notably lower infiltration 
of immune cells compared to the low-risk part. We further 
investigated disparities in the immune-related TME.

Immune-related components and cells were expressed 
differentially in different risk parts, based on our studies 
about the different surrounding immune-related environ-
ments of tumors between various EC patients. In addition 
to being the product of independent genetic mutation and 
tumor cell proliferation, tumor formation also arises from 
the combined activity of the tumor stromal microenviron-
ment around and malignant tumors[46].In light of the ES-
TIMATE algorithm, the immunological scores are much 
higher in those cohorts under low risk compared with the 
patients who belong to high risk, suggesting a lower infil-
tration of various immune cells in elevated risk ECs. Ex-
cept for Macrophages M1, which exhibited a higher rating 
in the ECs at high risk, regulatory T cells, Neutrophils, and 
Macrophages M0 showed noticeably decreased outcomes 
in these ECs. Furthermore, we evaluated immune func-
tion metrics across these two groups. Remarkably, of the 
29 different types of immunological functions, more than 
half revealed reduced function scores in ECs at high risk. 
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Macrophages, MHC class 1, type 1 IFN response, as well 
as aDCs demonstrated particularly higher degree in those 
patients who belong to high-risk ranges. Crucial for anti-
tumor immunity, type 1 interferons also cause cancer cells 
to multiply indefinitely and produce immune checkpoint 
receptor ligand characteristics in high expression levels 
from cancer exosomes, according to recent research[47]. 
Furthermore, human tumor-associated macrophages 
(TAM) increase matrix metalloproteinase (MMP) and 
release epidermal growth factor, both of which promote 
tumor aggressiveness[48]. Considering these results, we 
hypothesize that the prognosis will be worse for indivi-
duals with EC because of a reduction in the aspect of infil-
tration and activity of immune cells, and our DRLs model 
can identify these patients.

Somatic mutation, is one of the main factors causing 
carcinogenesis and tumor growth[49, 50].TMB is a crucial 
biomarker in cancer therapy for predicting OS following 
immune checkpoint inhibitor treatment[51]. Therefore, 
our results also suggest that immunotherapy outcomes 
are positively influenced by a larger TMB in the low-risk 
samples. To further understand the variations in immune 
treatment responsiveness between these two groups, we 
utilized the TIDE algorithm, a computing framework desi-
gned for the prediction of immunotherapeutics[52]. The 
higher TIDE scores, the more likely to develop tumor im-
mune escape and that the sample is not sensitive to immu-
notherapy. According to the TIDE algorithm's prediction, 
immunotherapy works better for people with EC who fall 
into the low-risk category. We therefore thought that the 
model we created would offer trustworthy biomarkers of 
immunity in the therapy of cancers. These findings mani-
fested our risk score model's prognostic significance for 
EC patients who received immunotherapy. As a result, for 
the purpose of researching the resistance and responsive-
ness of related chemotherapy drugs, we assessed the anti-
cancer medications' sensitivity for various risk categories 
of EC patients. We calculated the chemotherapy agents' 
IC50 and found that ABT737, Afuresertib, Dabrafenib and 
Navitoclax may have improved these patients' treatment 
results in the low-risk group. Instead, BMS-345541, Cis-
platin, Talazoparib, and GDC0810 provided patients in 
the high-risk category with greater assistance. These dis-
coveries of this study could help direct more focused care 
for EC patients in the clinic.

5. Conclusions  
In brief, we identified lncRNAs associated with disul-

fidptosis. We developed a prognostic model based on five 
DRLs that predicts reactions to chemotherapy, targeted 
treatment, and immunotherapy as well as independently 
predict overall survival in EC patients and reflect their 
immunological response in the microenvironment of the 
tumor. Undeniably, there are certain constraints in our re-
search. Firstly, the TCGA database, on which we relied for 
our dataset, has the potential to be biased and incomplete. 
Different results could be obtained if databases from dif-
ferent sources are combined. Secondly, the properties of 
the five discovered DRLs may be influenced by inter-in-
dividual variability among EC patients. Additionally, fur-
ther investigations are needed to ascertain the particular 
molecular pathways by which DRLs control the prognosis 
of EC patients and how they react to anticancer therapies. 
In order to get over these restrictions and enhance the sta-

bility of our model, new approaches and other research 
projects will need to be developed.

In comparison with previous studies, what needs to be 
clarified is as follows. Firstly, our signature established by 
five DRLs, with fewer and simpler components, is more 
refined and will partially provide clinicians with clear gui-
dance and appropriate treatment decisions for different EC 
patients. Secondly, our study has been validated through 
in vitro studies, and the results proved the accuracy of our 
signature, which will boost our confidence in the predic-
tion ability of our model. In sum, we are convinced that 
as medical technology advances, endometrial carcinoma 
treatment will become more effective and comprehensive.
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