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  Abstract 

Background: Recently, a novel form of cell death called disulfidptosis was 

identified. It is characterized by rapid cell death caused by disulfide stress re-

sulting from excessive cystine accumulation within cells. Disulfidptosis holds 

promise as a potential target for intervention in tumor treatment. However, the 

roles and prognostic value of disulfidptosis-related lncRNAs (DRLs) in EC re-

main largely unknown. Therefore, the objective of this study is to develop a 

prediction model based on DRLs to forecast the prognosis and assess the im-

munotherapy response in EC patients, as well as identify potential chemother-

apy drugs for treatment. Methods: We constructed a model by screening DRLs 

associated with EC prognosis through bioinformatics methods and validated it. 

Furthermore, enrichment analysis was conducted to explore functional differ-

ences between different risk populations. Additionally, we examined the asso-

ciations between the risk score and tumor mutational burden (TMB), tumor mi-

croenvironment (TME), tumor immune dysfunction and exclusion (TIDE), and 

drug sensitivity. Finally, we validated this using quantitative reverse transcrip-

tion polymerase chain reaction (qRT-PCR). Results: We identified 8 DRLs 

(Z69733.1, AL158071.4, AC022960.1 AC005034.2, AC003086.1, 

AC024230.1, AL499602.1, RAB11B-AS1) and constructed a robust risk 

model. Further analysis revealed that the low-risk group had superior overall 

survival (OS), immunotherapy response, and drug sensitivity compared to the 

high-risk group. Conclusion: Our risk model provides an accurate prediction 

of prognosis and immunotherapy response in EC patients, offering significant 

clinical implications and novel insights for clinicians in the treatment of EC. 
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1. Introduction 

According to the Global Cancer Statistics of 2020, the incidence of endometrial cancer (EC) reached 417,000 new 

cases worldwide this year, accounting for 4.5% of all cancers and ranking second among female reproductive system 

tumors, surpassed only by cervical cancer. Surprisingly, despite its lower incidence rate, EC has the third highest 

mortality rate [1]. Currently, the primary approach for EC treatment involves surgery, complemented by radiother-

apy and chemotherapy. Surgery remains the gold standard, while adjuvant therapies are determined based on various 

risk factors and pathological findings, such as age, histological grade, tumor size, depth of invasion, and lymph node 

status [2]. Recent advancements in immunotherapy and targeted therapy have shown promise in EC treatment [3]. 

Nonetheless, the prognosis for advanced and recurrent EC remains unfavorable. Therefore, the identification of new 
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therapeutic targets and biomarkers for EC is of utmost importance. 

Regulatory cell death (RCD) plays a pivotal role in tumor treatment, encompassing various modes such as apop-

tosis, pyroptosis, autophagy, ferroptosis, and cuproptosis [4-6]. Recently, Liu et al. identified a novel form of cell 

death known as disulfidptosis, characterized by rapid demise due to disulfide stress resulting from intracellular cys-

tine accumulation. The excessive buildup of disulfide disrupts the actions of disulfide bonds, activating a cascade of 

agonistic events and ultimately leading to cell death. In this study, cancer cells with aberrant expression of SLC7A11 

exhibited heightened cystine uptake during glucose starvation. Reduction of cystine to cysteine resulted in the deple-

tion of nicotinamide adenine dinucleotide phosphate (NADPH), leading to the massive accumulation of intracellular 

disulfides and subsequent cell death. Therapeutic strategies targeting disulfidptosis in tumor therapy have been pro-

posed [7]. Previous work by Liu et al. demonstrated the crucial role of SLC7A11 in maintaining intracellular gluta-

thione levels and protecting cells from oxidative stress-induced cell death, such as ferroptosis. SLC7A11 is frequently 

overexpressed in tumors, and their findings elucidated that cell death induced under glucose starvation conditions is 

distinct from cytoptosis and ferroptosis, providing the foundation for the subsequent discovery of disulfidptosis [8]. 

Zhang et al. further elucidated the specific mechanisms underlying disulfidptosis, opening up new avenues for tar-

geted tumor therapy [9]. Additionally, Zhong et al. identified the involvement of nuclear factor of activated T cells 1 

(NFATc1)-mediated upregulation of SLC7A11 in conferring metabolic sensitivity to TXNRD1 inhibitors during os-

teoclast differentiation, proposing that TXNRD1 inhibitors selectively eliminate osteoclast precursors by inducing 

intracellular cystine accumulation and subsequent disulfidptosis [10]. These studies collectively demonstrate the links 

between disulfidptosis and tumors, highlighting its potential as a target for tumor treatment. Disulfidptosis holds 

promise as a novel therapeutic approach for tumors that are resistant to apoptosis and unresponsive to conventional 

treatments. Thus, investigating the role of disulfidptosis in tumors has substantial clinical implications. 

Long noncoding RNAs (lncRNAs) are a class of RNA molecules characterized by their length exceeding 200 

base pairs and their lack of an open reading frame, rendering them devoid of coding protein function [11-13]. Nu-

merous studies have highlighted the regulatory role of lncRNAs in various biological processes of tumors, under-

scoring their significance in tumorigenesis and tumor progression [14-17]. For instance, Ren et al. identified LU-

CAT1 as highly expressed in non-small cell lung cancer tissues, with its expression levels correlating with tumor 

size, TNM stage, lymphatic metastasis, overall survival (OS), and tumor proliferation capacity, which was attenu-

ated upon knockdown [18]. Additionally, LUCAT1 has been investigated in other malignancies, such as cervical 

cancer [18], renal cancer [18], breast cancer [18], ovarian cancer [18], and prostate cancer [18], where its expression 

levels are upregulated. In the context of bladder cancer, Cao et al. observed elevated expression of lncRNA-RMRP 

in tumor tissues, which was closely associated with tumor size, lymph node status, and patient survival time. Sup-

pression of lncRNA-RMRP expression led to diminished tumor proliferation, invasion, and migration capabilities 

[19]. Although numerous studies have explored differentially expressed lncRNAs in EC compared to normal tissues, 

the role of disulfidptosis-related lncRNAs (DRLs) in EC remains largely unknown. 

The objective of this study was to construct a model of DRLs using bioinformatics approaches to assess prognosis 

and immunological features and identify potential therapeutic drugs for EC patients. 

2. Materials and methods 

2.1 Data acquisition 

Uterine corpus endometrial carcinoma (UCEC) mRNA expression profiles and clinical data were downloaded from 

the TCGA database (https://portal.gdc.cancer.gov). The Perl programming language and R were used to process the 

data and extract the expression profiles of coding genes and lncRNAs, as well as the clinical information of EC 

patients, including age, stage, histological grade, survival status, and survival time. 

2.2 Differential Expression Analysis of DRLs 

A total of 10 disulfidptosis-related genes, including GYS1, NDUFS1, OXSM, LRPPRC, NDUFA11, NUBPL, 

NCKAP1, RPN1, SLC3A2, and SLC7A11, were obtained from published articles [7]. Screening for disulfidptosis-

associated lncRNAs was performed using the Pearson correlation coefficient method with the "limma" package, 

with the screening condition set as |CorFilter| > 0.4, p < 0.001. 

2.3 Construction and verification of the risk model 

The cohort of EC patients was randomly divided into two sets: a testing set (n=272) and a training set (n=272). 
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Univariate Cox regression analysis and least absolute shrinkage and selection operator (LASSO) regression analysis 
were employed to screen for prognosis-related DRLs. Subsequently, multivariate Cox regression analysis was con-
ducted to select independent prognostic markers in EC patients. The accuracy of the selected markers was assessed 
using the testing set and training set. The risk score was calculated using the following formula: Risk score = Σcoef 
(lncRNA) × Exp (lncRNA), where coef (lncRNA) represents the regression coefficient and Exp (lncRNA) repre-
sents the expression of lncRNAs. Furthermore, the entire TCGA-UCEC set was divided into a high-risk set and a 
low-risk set based on the median risk score. Kaplan‒Meier (KM) survival analysis was performed to compare dif-
ferences in overall survival (OS) among the entire set, training set, and testing set. 

2.4 Independent prognostic analysis and nomogram construction 

To compare the advantages and limitations of the risk score with other clinical information, univariate and multi-
variate Cox regression analyses were performed to evaluate age, clinical stage, histological grade, and the risk score. 
The results were visualized using the "survival" package to determine whether the risk score served as an independ-
ent prognostic factor for EC patients. Additionally, the "survminer" and "timeROC" packages were employed to 
visualize the receiver operating characteristic (ROC) curves and the area under the curves (AUCs) of 1-, 3-, and 5-
year survival. This evaluation aimed to assess the predictive performance and compare it with age, histological 
grade, and clinical stage. The C-index was used to assess the predictive effect. Based on the results of univariate 
and multivariate Cox regression analyses, the "rms" and "regplot" packages were utilized to construct a nomogram 
model for predicting the overall survival (OS) of EC patients at 1, 3, and 5 years. Additionally, calibration curves 
were employed to assess the reliability of the constructed nomogram model. 

2.5 Principal component analysis (PCA) and functional enrichment analysis 

PCA, as a widely employed algorithm for reducing data dimensionality, was utilized to demonstrate the distribution 
of gene expression profiles of EC patients across different hierarchical classifications. The resulting scatter plots 
were visualized using the "scatterplot3d" package. To analyze the differences in biological function between the 
high-risk and low-risk sets, the "limma" package was employed. Functional enrichment analysis, including Gene 
Ontology (GO) enrichment analysis, Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis, and 
Gene Set Enrichment Analysis (GSEA), was performed. The "clusterProfiler", "enrichplot", and "org.Hs.e.g.db" 
packages were used to conduct the enrichment analysis and interpret the results. 

2.6 Analysis of tumor mutational burden (TMB) 

Mutation data of UCEC were downloaded from the TCGA database (https://portal.gdc.cancer.gov). EC patients 
were divided into sets based on their tumor TMB scores, using the median TMB score as the threshold. The 15 
genes with the highest mutation frequency were visualized as waterfall plots using the "maftools" package in R. 
Next, the TMB score was integrated with the clinical information of EC patients. Survival analysis was conducted 
using the KM method to investigate the correlation between the TMB score and clinical data. 

2.7 Tumor microenvironment (TME) analysis and tumor immune dysfunction and exclusion (TIDE) 

analysis 

The estimate algorithm in the "estimate" package of R language was used to estimate the ratio of ImmuneScore, 
StromalScore, and ESTIMATEScore (ImmuneScore + StromalScore) of each sample in TME, and the "ggpubr" 
package visualized the results. Meanwhile, to evaluate immune cell infiltration and associated immune functions in 
EC patients, the infiltration rates of different types of immune cells in tumor samples were evaluated using the 
CIBERSORT algorithm. The "GSVA" and "GSEABase" packages were used to calculate the activities of immune-
related pathways in different risk populations. We escaped from a tumor TIDE website (http://tide.dfci.harvard.edu/) 
to download the data using the "limma" and "ggpubr" packages for data processing and visualization. 

2.8 Drug screening 

The R packages "pRRophetic", "ggplot" and "ggpubr" were used to screen potential therapeutic drugs and observe 
drug sensitivity, and the screening condition was set to pFilter=0.001. 

2.9 Cell culture and quantitative real-time PCR (qRT-PCR) 

The human normal endometrial cell line icell-0031a (primary Yamaguchi cell base medium containing 2% fetal 
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bovine serum, iCell Bioscience lnc, Shanghai) and EC cell lines Ishikawa (1640 medium containing 10% fetal 
bovine serum,) and HEC-1-A (1640 medium containing 10% fetal bovine serum, BI, USA) were cultured in an 
incubator containing 5% carbon dioxide at a temperature of 37℃. Total cellular RNA was extracted using TRIzol 
(TransGen Biotech, China) and then reverse transcribed using Prime Script RT Master Mix (TOYOBO, Japan) to 
synthesize cDNA. RAB11B-AS1 was quantified by qRT-PCR using SYBR Green qPCR Master Mix (CWBIO, 
China) and specific primers. The specific primer sequences are as follows: The sequences of primers were as follows: 
for GAPDH, 5′-GGAGTCCACTGGCGTCTTCA-3′(forward), 5′-TCATGAGTCCTTCCACGATACC-3′(forward); 
for RAB11B-AS1, 5′-GCGAAGCCAATCAGAGATGG-3′ (forward), 5′-CTTGAGCTCGCCCCTGATAG-3′ (re-
verse) [20]. 

2.10 Statistical analysis 

Perl (V5.32.1) extracted and integrated the data, and R (V4.2.2) analyzed the data and visualized the results. We 

used chi-square tests to compare subgroup clinical information parameters. The Pearson correlation test was suitable 

for correlation analysis. Comparisons between groups were made using the Kruskal‒Wallis test. All analyses were 

two-sided, and p < 0.05 was considered statistically significant. 

3. Results 

3.1 Risk model based on DRLs 

The flow chart of the study is shown in Fig. 1. By comparing the mRNA sequencing data and clinical information 

of UCEC patients (including 23 normal samples and 554 EC samples) in TCGA, we obtained 469 DRLs using the 

Perl and R language "limma" package. The co-expression relationship between DRLs and genes related to disul-

fidptosis was visualized using a mulberry diagram (Fig. 2A). Subsequently, 49 DRLs were obtained through uni-

variate Cox regression analysis and LASSO regression analysis (Figs. 2B, C), with 45 considered risk factors and 

the remaining 4 as protective indicators (Fig. 2D). Furthermore, 8 candidate DRLs associated with OS were identi-

fied through multivariate Cox analysis. A risk model was built using a total of 8 DRLs: Z69733.1, AL158071.4, 

AC022960.1, AC005034.2, AC003086.1, AC024230.1, AL499602.1, and RAB11B-AS1. The correlation heatmap 

displayed the relationship between genes related to disulfidptosis and the 8 DRLs (Fig. 2E). 

 

Figure 1. Flow chart of this study. 
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Figure 2. Identification of the signature of disulfidptosis-related lncRNAs. 

A: The mulberry map shows the relationship between disulfidptosis-related genes and lncRNAs. 

B: Cross-validation curve for LASSO regression analysis. 

C: LASSO coefficient of DRLs. 

D: Forest map showing DRLs that were screened by univariate Cox regression analysis and correlated with prognosis. 

E: The heatmap shows the relationship between DRLs and genes in the risk model. 

3.2 The risk score was used to predict the prognosis of EC patients 

EC patients were divided into a high-risk set and a low-risk set for survival analysis using the median risk score. 

The risk was calculated using the following equation: Risk score = Z69733.1 × 0.623675510005963 + 

AL158071.41.15167191478137 + AC022960.1 × (-1.56340059988008) + AC005034.2 × 0.590688044797002 + 

AC003086.1 × 0.494338175388747 + AC024230.1 × (- 0.331597815468645) + AL499602.1 × 

0.337198223520806 + RAB11B - AS1 × (-0.548639480466623). The results indicated that patients in the low-risk 

set had significantly better OS than those in the high-risk set. Moreover, an increase in the risk score was associated 

with higher mortality in EC patients (Figs. 3A, B, D). Similar trends were observed in the testing and training sets 

(Figs. 3E, F, H, I, J, L). In the entire set, training set, and testing set, the expression levels of Z69733.1, AL158071.4, 

AC005034.2, AC003086.1, and AL499602.1 were higher in the high-risk set, suggesting that these DRLs are po-

tential poor prognostic factors. Conversely, the expression levels of AC022960.1, AC024230.1, and RAB11B-AS1 

were lower in the high-risk set, indicating that these DRLs are potential protective factors (Figs. 3C, G, K). Addi-

tionally, the OS and clinical characteristics of EC patients were compared based on age, clinical stage, and histo-

logical grade. The results showed that, except for patients under the age of 60 (Figs. 4A, B), the OS of high-risk 

patients was shorter than that of low-risk patients (Figs. 4C, D, E, F). 
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Figure 3. Effect of DRLs on prognosis. (A-D) Training set. (E-H) Testing set. (I-L) Entire set. (D, H, L) KM survival analysis of 

OS in low- and high-risk sets. (A, B, C) The distribution of the risk scores for categorized patients. (D, E, F) The distribution of 

classified patient survival status with increasing risk score. Blue represents the survivors, and red represents the dead. (G, H, I) 

Expression of DRLs in different risk populations. 

 

Figure 4. KM survival analysis of different subgroups in low- and high-risk sets. (A, B) Age. (C, D) Histological grade. (E, F) 

Clinical stage. 
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3.3 Independent prognostic analysis and nomogram construction 

Based on univariate and multivariate Cox regression, the risk score was confirmed as an independent prognostic 

factor in EC patients (Figs. 5A, B). The AUCs for 1, 3, and 5 years were 0.666, 0.738, and 0.732, respectively (Figs. 

5D). The AUC of the risk score was 0.738, indicating better predictive power than other clinical features (Fig. 5E). 

Furthermore, we found that the C-index of the risk score had higher scores than other clinical variables at the 10-

year mark, suggesting that the risk score may be a reliable prognostic indicator to predict long-term clinical out-

comes in EC patients (Fig. 5C). Moreover, a nomogram was constructed using age, histological grade, risk score, 

and clinical stage to predict the 1-, 3-, and 5-year survival probabilities of EC patients. The total score for a selected 

patient was 241, resulting in 1-, 3-, and 5-year OS probabilities of 0.799, 0.346, and 0.226, respectively (Fig. 5F). 

Calibration curves confirmed the predictive power of the prognostic model, showing a strong agreement between 

clinical nodal status and predicted survival (Fig. 5G). These results suggested that the risk score may be a potent 

prognostic indicator for predicting clinical outcomes in EC patients. 

 

Figure 5. Verification of the constructed lncRNA model related to disulfidptosis and construction of a column graph with pre-

dictive value. A: Univariate Cox regression analysis of clinical characteristics and risk score. B: Multivariate Cox regression 

analysis of clinical characteristics and risk score. C: The C index of clinical characteristics and risk score. D: Time-dependent 

ROC curves of the risk model. E: Comparison of AUCs among the risk model and clinical characteristics. F: A nomogram 

combining clinical information and risk score that predicted the 1-, 3-, and 5-year survival rates of patients. G: Calibration 

curves that reflected the accuracy of the nomogram. 
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3.4 PCA and functional enrichment analysis (GO analysis, KEGG analysis, GSEA) 

PCA was performed to assess the distribution patterns, as depicted in Fig. 6. The three-position scatter plot of PCA 

revealed the distribution of EC patients according to different classification models, including DRLs, disulfidptosis-

related genes, and all genes. The results demonstrated that the model constructed using lncRNAs achieved superior 

classification of EC patients into high-risk and low-risk sets compared to other models. Subsequent functional en-

richment analysis uncovered significant enrichment in several biological processes (BP), such as axon development, 

pattern specification process, and axonogenesis. Additionally, in the field of cell components (CC), enrichment was 

observed in the endoplasmic reticulum lumen, immunoglobulin complex, and collagen trimer. Regarding molecular 

function (MF), receptor ligand activity and extracellular matrix structural constituent were the enriched terms (Figs. 

7A, B). Furthermore, KEGG analysis revealed enrichment in pathways including the PI3K-Akt signaling pathway 

and Wnt signaling pathway, among others (Figs. 7C, D). GSEA demonstrated enrichment of pathways such as the 

calcium signaling pathway, cell adhesion molecules cams, ECM receptor interaction, neuroactive ligand-receptor 

interaction, and pathways in cancer within the high-risk group (Fig. 7E). Overall, these findings suggest a potential 

relationship between these DRLs and immunity. 

 

Figure 6. Principal component analysis. A: All genes. B: Disulfidptosis-related gene. C: DRLs. D: Risk model constructed by 

DRLs. 
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Figure 7. Biological function enrichment analysis. A: Circle plots for the GO analysis. B: GO analysis of DEGs between high- 

and low-risk sets. (C, D) KEGG analysis of DEGs between high- and low-risk sets. E: GSEA demonstrating the top five en-

riched pathways in high-risk sets. 

3.5 Analysis of TMB 

To analyze the changes in somatic mutations between the high- and low-risk sets, we obtained somatic mutation 

data from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov). The top 15 genes with the 

highest mutation rates included PTEN, PIK3CA, ARID1A, TTN, TP53, PIK3R1, KMT2D, CTNNB1, MUC16, 

CTCF, CSMD3, ZFHX3, KMT2B, RYR2, and DST. The results indicated that the gene mutation frequency was 

generally lower overall in the high-risk set than in the low-risk set. However, significantly more common mutations 

were observed in TP53 within the high-risk set (Figs. 8D, E). A comparison was made between the frequency of 

tumor gene mutations and the difference in TMB across the different risk sets. The results revealed a significant 

difference in TMB between the low-risk set and the high-risk set (p < 0.001, Fig. 8A), with the high TMB group 

exhibiting a better prognosis than the low TMB group (Fig. 8B). Furthermore, by combining TMB with the risk 

score, the entire cohort was classified into four distinct groups (H-TMB + high risk, H-TMB + low risk, L-TMB + 

high risk, and L-TMB + low risk). A comparison of OS among the four groups demonstrated that the H-TMB + 

high-risk group had the best prognosis, while the L-TMB + high-risk group had the worst prognosis (p < 0.001, Fig. 

8C). 

3.6 TME analysis and TIDE analysis 

Considering the pivotal role of the TME and the transformative impact of immune checkpoint inhibitors in tumors, 

we conducted an analysis of the TME in the high- and low-risk sets. The results revealed notable disparities in 

ImmuneScore, StromalScore, and ESTIMATEScore between the two sets, with significant differences observed in 

the latter two scores (p < 0.001). Specifically, the low-risk set exhibited higher scores than the high-risk set (Fig. 

9A). Differential analysis of immune cell infiltration indicated an upregulation of B cell naive and activated den-

dritic cells in the high-risk set. In contrast, Tregs showed downregulation in the high-risk set (p < 0.05, Figs. 9B, 

D). Additionally, we explored the relationship between the risk score and immune function in EC. The box plot (Fig. 

9C) illustrated marked differences in APC costimulation, checkpoint expression, cytolytic activity, human leukocyte 

antigen (HLA) presentation, and inflammation-promoting factors, indicating heightened immune activity in the low-

risk set. TIDE is a recently developed method for predicting the efficacy of immune checkpoint inhibitors [21], as 
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well as estimating OS. To further investigate immune escape mechanisms in different risk sets, we obtained tumor 

immune escape scores from the TIDE website (http://tide.dfci.harvard.edu/). The results demonstrated significantly 

lower tumor immune escape scores in the low-risk set than in the high-risk set (p < 0.01, Fig. 9E), implying more 

pronounced immune escape in the high-risk set and poor response to immunotherapy. 

 

Figure 8. Relationship between TMB and the constructed model. A: Violin plot of TMB between high- and low-risk sets. B: KM 

survival analysis between high- and low-TMB sets. C: KM survival analysis of TMB combined risk scores. D: Waterfall map of 

the top 15 genes with high mutation frequency in the low-risk set. E: Waterfall map of the top 15 genes with high mutation fre-

quency in the high-risk set. 

 

Figure 9. TME analysis and TIDE analysis between high- and low-risk sets. A: Comparison of Immune Scores, Stro-

malScores, and ESTIMATEScores between the high- and low-risk sets. B, D: Differences in immune cell infiltration between 

high- and low-risk sets. C: Differences in immune function between high- and low-risk sets. E: TIDE analysis between high- 

and low-risk groups. 
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3.7 Drug susceptibility analysis 

To identify potentially effective antineoplastic drugs, we employed the "pRRophetic" package to analyze the differ-

ential sensitivities to drugs between the two sets, where lower IC50 values indicate greater drug sensitivity. Subse-

quently, we identified nine drugs that exhibited significant differences in susceptibility between the two sets. These 

drugs included AZD6482, Afuresertib, Mitoxantrone, PRT062607, AZD2014, Dabrafenib, PF-4708671, AZD8055, 

and MK-2206. Notably, the low-risk set of patients displayed higher sensitivity to these drugs compared to the high-

risk set (Figs. 10A-I). These findings hold considerable promise and serve as a valuable reference for clinical med-

ication decisions in patients with EC. 

 

Figure 10. Drug sensitivity analysis. (A-I) Potential 9 drugs for EC. 

3.8 Validation of RAB11B-AS1 expression 

Consistent with our expectation, the expression of RAB11B-AS1 was down-regulated in EC cell lines Ishikawa and 

HEC-1-A compared with normal endometrial cells (Fig. 11). 
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Figure 11. Validation of RAB11B-AS1 expression in 3 cell lines. 

4. Discussion 

EC is among the three major malignant tumors affecting the female reproductive system. Its incidence is progres-

sively increasing, particularly in younger individuals [21]. Currently, commonly employed screening methods for 

EC, such as tumor markers and vaginal ultrasound, have limitations in terms of sensitivity, specificity, and effec-

tiveness. While endometrial biopsy serves as the gold standard for EC diagnosis, its invasiveness restricts routine 

recommendation [22]. Therefore, there is an urgent need to identify effective biomarkers for EC. Disulfidptosis, a 

novel form of cell death, has emerged as a potential application in tumor therapy. Several studies have demonstrated 

that disulfidptosis can contribute to the antitumor effects of certain chemotherapeutic drugs, including cisplatin and 

paclitaxel, through intracellular disulfide reactions [23, 24]. The significance of long noncoding RNAs (lncRNAs) 

in EC is increasingly recognized. LncRNA transcripts, consisting of over 200 nucleotides, are involved in various 

biological processes, including tumor cell apoptosis, cell cycle regulation, migration, differentiation, and prolifera-

tion [25]. Importantly, aberrant expression of certain lncRNAs has been observed in EC tissues compared to normal 

endometrial tissues. For instance, Dong et al. identified DLEU2 as an upstream activator of HK2-driven epithelial-

mesenchymal transition (EMT) and glycolysis in EC cells, providing significant mechanistic insights for potential 

EC treatment [26]. Jiang et al. discovered that knockdown of carcinogenic LINC00958 inhibited the growth and 

metastasis of EC cells [27]. However, to date, no studies have investigated the role of DRLs in EC. Therefore, this 

study aims to establish a risk signature based on DRLs in EC. 

In this study, we conducted screening using univariate Cox regression analysis, LASSO regression analysis, and 

multivariate Cox regression analysis, which revealed that Z69733.1, AL158071.4, AC005034.2, AC003086.1, and 

AL499602.1 may serve as poor prognostic factors in patients with EC, while AC022960.1, AC024230.1, and 

RAB11B-AS1 may act as protective factors. The RAB protein family consists of highly conserved small GTP pro-

teins that regulate activity in various cells. Over 70 types of RAB proteins have been identified and are widely 

distributed in the cell membrane structures of multiple cells, with RAB11B-AS1 being one of them [28, 29]. Studies 

have demonstrated that dysregulation of different members of the RAB11 subfamily can impact tumor invasion and 

metastasis in various tumors, including lung cancer, gastric cancer, and renal cell carcinoma [4-6]. Recent research 

has also explored the role of RAB11B-AS1 in tumors. For example, Dai et al. found downregulation of RAB11B-

AS1 in hepatocellular carcinoma, correlating with poor prognosis [20]. Bovine et al. identified upregulation of 

RAB11B-AS1 in breast cancer, enhancing the expression of angiogenic factors in hypoxic breast cancer cells [30]. 

Therefore, the significance of RAB11B-AS1 in tumors supports the reliability of our study results. Thus, there are 

additional reasons to further investigate and study other DRLs. Subsequently, we constructed a prognostic signature. 

The KM survival curve, ROC curve, and nomogram validated the overall accuracy of the model for predicting the 

prognosis of EC patients, confirming that the model composed of 8 DRLs was an independent prognostic factor for 

EC. Furthermore, PCA demonstrated that our model outperformed other models in distinguishing between high-

risk and low-risk EC patients. Additionally, we performed functional enrichment analysis, which revealed that these 

DRLs were enriched in functions such as "receptor ligand activity," "immunoglobulin complex," "circulating," and 

"IgA immunoglobulin complex". This finding supported the plausible association between disulfidptosis and 
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immunotherapy. 

We proceeded to investigate the association among TMB, immune-related function, and risk scores in patients 

with EC. Previous studies have consistently demonstrated that TMB serves as an independent prognostic factor 

capable of predicting immunotherapy efficacy in various tumor types [31-33]. In our analysis, we computed the 

TMB for both the high- and low-risk groups and observed a higher frequency of TP53 mutations in the high-risk 

group than in the low-risk group. Notably, a few studies have reported that TP53 mutations can enhance antitumor 

immune activity and responsiveness to immunotherapy [34, 35]. This observation may account for the better sur-

vival outcomes in the high TMB group than in the low TMB group. Additionally, we found that the high TMB group 

exhibited significantly improved prognosis. Considering the vital role of the TME in immunology, encompassing 

immune checkpoint inhibitor (ICI) expression levels, tumor immune infiltrating cell (TIIC) infiltration, and cancer 

immune circuitry [27], we detected substantial disparities in immune cell infiltration, immune function, and TIDE 

between the two risk groups based on the DRL-derived signature. These findings might serve as a guide for immu-

notherapy strategies in EC patients and contribute to understanding the potential link between tumor immunity and 

disulfidptosis in colorectal cancer. Finally, we conducted an analysis to assess the sensitivity of different risk groups 

to various chemotherapy drugs and identified nine therapeutic agents exhibiting significant differences, suggesting 

their potential as treatment options for EC. Finally, we examined the expression of RAB11B-AS1 in normal endo-

metrial cells and EC cell lines using qRT-PCR, and in agreement with the results of the bioinformatics analysis, its 

expression was down-regulated in EC cells. 

Our study possesses several limitations. First, there is a scarcity of research on DRLs in EC, and the underlying 

molecular mechanisms of DRLs in EC remain to be elucidated. Second, the lack of an appropriate EC project in the 

GEO database prevents us from conducting external validation. Besides, although we determined that RAB11B-

AS1 is lowly expressed in EC cells, further experiments are still needed to investigate whether it affects the prolif-

eration, invasion and migration ability of EC cells and the possible molecular mechanisms. 

5. Conclusion 

We employed bioinformatics methods to screen 8 DRLs and developed a prognostic risk model for predicting the 

outcomes of EC patients. Furthermore, we investigated the associations between risk score-based groups and TMB, 

TME, TIDE, and drug sensitivity. In summary, our study not only sheds light on the role of DRLs in EC but also 

offers novel insights into predicting patient survival and clinical treatment efficacy in EC. 
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