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Purpose

Distinguished from cuproptosis and ferroptosis, disulfidptosis has been described as a newly discovered form of non-programmed cell death tightly associated with glucose metabolism. However, the prognostic profile of disulfidptosis-related lncRNAs (DRLRs) in ovarian cancer (OC) and their biological mechanisms need to be further elucidated.





Materials and methods

First, we downloaded the profiles of RNA transcriptome, clinical information for OC patients from the TCGA database. Generated from Cox regression analysis, prognostic lncRNAs were utilized to identify the risk signature by least absolute shrinkage and selection operator analysis. Then, we explored the intimate correlations between disulfidptosis and lncRNAs. What’s more, we performed a series of systemic analyses to assess the robustness of the model and unravel its relationship with the immune microenvironment comprehensively.





Results

We identified two DRLR clusters, in which OC patients with low-risk scores exhibited a favorable prognosis, up-regulated immune cell infiltrations and enhanced sensitivity to immunotherapy. Furthermore, validation of the signature by clinical features and Cox analysis demonstrated remarkable consistency, suggesting the universal applicability of our model. It’s worth noting that high-risk patients showed more positive responses to immune checkpoint inhibitors and potential chemotherapeutic drugs.





Conclusion

Our findings provided valuable insights into DRLRs in OC for the first time, which indicated an excellent clinical value in the selection of management strategies, spreading brilliant horizons into individualized therapy.
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Introduction

As the most lethal gynecological tumor, ovarian cancer (OC) is usually characterized by difficult detection in the early stage and a lack of biomarkers, leading to a poor prognosis (1). OC has caused over 570,000 deaths worldwide annually according to the Global cancer statistics released in 2021 (2). Despite the past few years have witnessed dramatic advances in diagnosis and treatments of OC, the progression-free survival (PFS) remains short, in the range of 1 to 2 years (3), with an estimated 5-year survival rate of 30% (4). Therefore, it is urgently necessary to unearth efficient diagnostic and prognostic values to enhance survival outcomes for OC patients.

Disulfidptosis, a newly identified cell death manner under disulfide stress conditions, which is triggered by the overaccumulation of intracellular cystine, occurs typically in glucose-starved cells (5). In detail, the accumulation of a large number of disulfide molecules facilitates aberrant disulfide bonds between actin cytoskeletal proteins, resulting in actin filament contraction and detachment from the plasma membrane and ultimately causing the collapse of actin network and cell death. When cells with elevated SLC7A11 expression undergo glucose deprivation, disulfidptosis is initiated (5). Tumor cells rely on SLC7A11 for cysteine import to maintain redox equilibrium and ensure their survival (6). However, this dependence also highlights a critical vulnerability in SLC7A11 over-expressing cancer cells, as they need glucose to mitigate disulfide bond overload. Previous studies have indicated that the expression of SLC7A11 is significantly higher in ovarian cancer compared to normal tissues (7). Furthermore, in vitro studies have shown that the upregulation of SLC7A11 significantly enhances the migration and invasion of OC cells (8). Hopefully, targeting disulfidptosis may raise fresh opportunities for OC metabolic therapy in a regulated cell death way.

Non-coding RNAs (ncRNAs), defined as RNA molecules over 200 nucleotides in length, are a novel class of non-protein-coding transcripts, well known as microRNAs (miRNAs), circular RNAs (circRNAs) and long non-coding RNAs (lncRNAs) (9). Although they cannot be translated into proteins, they perform crucial functions in various physiological and pathological processes, including cancer (10). Among all ncRNAs, lncRNAs have been confirmed to have the highest potential of coding peptides, which are related to chromatin modifications, DNA transcription and the regulation of mRNA stability (9). Therefore, lncRNAs hold tremendous promise as candidate targets and brilliant biomarkers for cancer immunotherapies. It has been reported that disulfidptosis-associated lncRNAs (DRLRs) hold predictive prognostic significance in breast cancer (11, 12), cervical cancer (13), pancreatic cancer (14), colon cancer (15, 16) and lung adenocarcinoma (17, 18). In comparison, it is still in the dark ages about DRLRs implicated in OC.

In our work, we intended to develop a prognostic signature for OC patients, on the basis of DRLRs, which could possibly help to predict the overall survival (OS), explore differences in the immune microenvironment (TME), unravel the mechanisms underlying disulfidptosis and discover sensitive chemotherapeutic drugs for patients.





Materials and methods




Samples collection and data procession

We retrieved and downloaded the RNA transcriptome and clinical information of 379 OC patients from the TCGA-OV project (https://portal.gdc.cancer.gov/repository). These tumor samples were randomly assigned to two groups in a 1:1 ratio with excluding incomplete critical clinical information, leaving 187 patients in the training group and 187 patients in the test group. Moreover, we obtained the mRNA expression dataset of normal ovarian tissues (n=88) from the Genotype-Tissue Expression (GTEx) database as published. We manually compiled 30 validated disulfidptosis-related genes from updated literature (19–26), details of which were presented in Supplementary Table 1.





Acquisition of DRLRs and construction of relevant prognostic index

First, we examined the correlation between lncRNAs and disulfidptosis-related genes by Pearson correlation coefficient (|R2| ≥ 0.4, P < 0.001) so as to determine candidate lncRNAs, which was visualized with a Sankey plot. At the same time, lncRNAs with prognostic clinical value were screened via univariate Cox regression analysis. After a two-step screening process, we speculated initial lncRNAs for subsequent investigation. Then, in the training cohort, least absolute and selection operator (LASSO) as well as multivariate Cox regression was conducted to consummate the preparation of core lncRNAs for predictive index establishment. We performed internal validation in the remaining testing samples and the whole TCGA group. Significantly, 1000-fold cross-validation was implemented to ascertain the optimal signature according to the penalization parameter (P<0.05). Finally, each patient’s risk score was calculated as per the following formula: risk score = lncRNA1 (coef * expression) + lncRNA2 (coef * expression…… + lncRNAn (coef * expression). As soon as the model was achieved, OC patients would be assigned to a high-risk (≥ median) group or a low-risk (< median) group on the basis of the median value calculated from the training cohort.





Full-quality appraisal and validation of the model

To evaluate the general applicability of the DRLRs index, we drew OS and PFS curves by the Kaplan–Meier method with R packages “survminer” and “survival” in the training cohort, the testing cohort and the whole cohort, respectively. According to the risk type and corresponding survival time of each patient, survival status maps, risk curves and heatmap were plotted to determine if there was any difference in the distribution of the two groups. Through dimensionality reduction by PCA analysis, we visually demonstrated the spatial dispersion of patients with different risk clusters. Then, with the help of package “survival” in R, we conducted univariate and multivariate Cox regression analyses to assess the independent value of DRLR. Receiver operating characteristic curves (ROC) were calculated to evaluate the predictive efficacy of the signature in comparison to other clinicopathological characteristics in OC patients. Furthermore, we incorporated prognostic indicators including grade, age and risk score based on the package “regplot” to predict survival outcomes of OC patients at 1-, 3- and 5-years.





Pathway and functional annotation analyses

We used Gene Ontology (GO) to gain insights into possible molecular mechanisms between low- and high-DRLRI groups via “clusterProfiler” R package. In addition, gene set enrichment analysis (GSEA) was carried out to distinguish primary pathways of action in the two risk sets, the cutoff value of which was |log2 fold change| > 1 together with false discovery rate (FDR) < 0.05.





Description for immune landscapes and immune escape

We used “GSVA” and “GSEABase” R packages are used to estimate the abundance of tumor-infiltrating immune profiles and calculate differences in immune functions activity and immune cells infiltration between two risk statuses. The box plot visualized the differences in immune checkpoints between high- and low-risk groups. In addition, The Tumor Immune Dysfunction and Exclusion (TIDE) tool (http://tide.dfci.harvard.edu/) was employed to evaluate the possibility of tumor immune escape from immune surveillance in the gene expression profile of OC samples.





Efficacy of chemotherapeutic agents

With the help of the pcakage “oncopredict”, developed for sensitive drugs prediction (27), we made efforts to seek specific medications for high-risk population. Specifically, the transcriptomics data of OC samples was fitted with drug sensitivity profiles of various cancer cell lines from the Genomics of Drug Sensitivity in Cancer (GDSC) database, the largest public resource to store the information for molecular indicators of drug response in tumor cell lines. Besides, an unpaired t-test was applied to compare the sensitivity of samples at different risk levels to multiple chemotherapeutic drugs.






Results




Recognition of hub lncRNAs

First of all, we made a random internal classification of the TCGA-OV samples, which were divided into the experimental group and the verification group for follow-up analysis. Following the Spearman correlation analysis, 94 DRLRs were identified to be coexpressed with disulfidptosis-related genes with a correlation coefficient of 0.4 (Figure 1A), where nine lncRNAs were considered to hold prognostic value via univariate Cox analysis in the training group (Figure 1B). As displayed, six lncRNAs for the model construction were identified with the help of LASSO logistic regression by the following formula: risk score = MIR600HGexp * 0.507276626055331 + AC113608.1exp * 1.16817321415109 + SPAG5-AS1exp * 1.15825457491113 - AC007383.1exp * 0.303028968088069 + LINC00702exp * 0.702623955558811 - AC011444.1exp * 0.449171704758926 (Table 1). In addition, we drew a heat map to visualize the relevance between the six hub lncRNAs and disulfidptosis-associated genes (Figure 1C).




Figure 1 | Generation of DRLRs in the model. (A) The Sankey diagram for all lncRNAs associated with disulfidptosis genes. (B) The forest plot for DRLRs with prognostic value. (C) The heat map showing correlations between disulfidptosis genes and core lncRNAs involved in the signature. Red represents positive correlation; Blue represents negative correlation.




Table 1 | The risk coefficient value of each lncRNA that makes up the signature.







Omnidirectional description and assessment of the model

According to the median risk score in the training cohort, we filtered out two risk statuses in different cohorts. Figures 2A–C show the distribution of patients sequentially according to different risk scores. Then, we presented the expression patterns of the six lncRNAs between two risk statuses from the whole set, training samples as well as testing samples, respectively (Figures 2D–F). Scattergrams showed the individual survival state of each patient in the entire, training and testing cohorts, which demonstrated that patients’ survival shortened with risk scores increasing (Figures 2G–I). Consistently, the Kaplan–Meier survival curve displayed that the high-risk patients performed dramatically poorer survival rates in comparison to those with low risk scores (Figures 3A–C). As expected, we observed a more favorable PFS in low-risk samples than in high-risk ones
(Supplementary Figure 1).




Figure 2 | Overview of the risk stratification in the model. (A-C) The distributions of the risk scores in the entire, training and testing cohort, respectively. (D-F) Heat maps for the expression divergence of the six lncRNAs between different risk samples in the whole, training, and testing sets, respectively. (G-I) The relationship between survival status and risk scores in (G) the whole cohort, (H) the training cohort and (I) the testing cohort.






Figure 3 | Survival curves and the Cox regression analysis of the signature. (A-C) Kaplan-Meier plots of low- and high-risk patients in (A) TCGA, (B) the training group and (C) the testing group. (D, E) Forest plots of (D) univariate Cox regression and (E) multivariate Cox regression.



The univariate and multivariate Cox regression analyses incorporating tumor grade, age and risk score indicated that age and our signature are both independent prognostic factors for OC patients (Figures 3D, E). Furthermore, ROC curves (Figure 4A) demonstrated that the lncRNAs combination represented a more accurate item than the other clinicopathological indicator (area under curve = 0.687)). It was clear that the prediction power of 1-year, 3-year and 5-year survival rates were wonderful (Figure 4B). Similarly, the concordance index of our signature outperformed clinical characteristics of age and grade (Figure 4C). Subsequently, a nomogram integrating DRLR risk score and other clinical variables, including age and grade, was depicted to calculate the survival probabilities of OC patients at 1-year, 3-year and 5-year, respectively (Figure 4D). Finally, as shown in the calibration curve, the degree of fitness between the OS of observations and nomogram forecasts suggested that our work achieved satisfactory performance in patients with OC (Figure 4E).




Figure 4 | Evaluation and perfection of the prediction model. (A) Comparison between the risk score and the other clinicopathological variable in the accuracy of prognosis prediction. (B) Predicted survival rates on the basis of our signature at 1-, 3- and 5-year. (C) C-index curves of the risk score and other clinicopathological signatures. (D) The nomogram integrating grade, age and the risk score for survival outcomes prediction. (E) The calibration curve of the combination nomogram.



According to the investigation of spatial grouping performance, our signature discriminated the two risk clusters more brilliantly than all genes, disulfidptosis-associated genes and disulfidptosis-related lncRNAs (Figure 5).




Figure 5 | PCA results. Differences in distribution between the high- and low-risk groups in terms of all genes (A), disulfidptosis-related genes (B), disulfidptosis-related lncRNAs (C) and six hub lncRNAs (D).







Functional enrichment analysis

Based on the Kyoto Encyclopedia of Genes and Genome gene sets, we first conducted GSEA analysis so as to shed light on the inner patterns of biological functions in high- and low-risk groups. As shown in Figure 6A, pathways in cancer and carcinogenic pathways such as ECM-receptor interaction, focal adhesion and WNT signaling pathway had elevated enrichment levels in the high-risk group, whereas the low-risk group was significantly enriched in the oxidative phosphorylation pathway, which was correlated with cellular energy metabolism (Figure 6B). Notably, according to the results of GO annotations, it was clear that differently expressed genes (DEGs) based on disulfidptosis were mainly involved in molecular functions (MF) associated with extracellular matrix structural constituent, glycosaminoglycan binding and extracellular matrix structural constituent conferring tensile strength. As for the cellular components (CC), they mainly functioned in collagen-containing extracellular matrix, endoplasmic reticulum lumen and collagen trimer. In addition, the biological processes (BP) were mainly related to the organization of external encapsulating structure, extracellular structure and extracellular matrix (Figure 6C).




Figure 6 | Functional enrichment analyses. GSEA analysis of the (A) high- and (B) low-risk samples. (C) Column plots of GO terms. BP, biological processes; CC, cellular components; MF, molecular functions.







Assessment of immune infiltration and tumor microenvironment (TME)

The overall dissimilarity of infiltrating immune cells is displayed in Figures 7A, B integrally. As presented, high-risk samples get more enrichment scores in regulatory T cells as well as M0 macrophages. And immunocytes, including T follicular helper cells, M1 Macrophages, gamma delta T cells and resting mast cells, are more enriched in the low-risk group. Besides, in the assessment of the immunologic functions, we noticed that high-risk OC patients were more likely to be associated with poorer immune systems compared to those in the low-risk category. Specifically, MHC_class_I and Type_I_IFN_Reponse are more active in the low-risk patients. Furthermore, OC tissue samples in the high-risk group had a significantly higher stromal score and ESTIMATE score in accordance with the quantification of matrix components, suggesting that there were stronger stromal components in the TME of these patients (Figure 7C).




Figure 7 | Immune microenvironment profiles in different risk samples. (A, B) The box plot of (A) immune cells and (B) immunological functions infiltration between different groups. (C) The stromal, immune and ESTIMATE scores in the low- and high-risk groups. (*p < 0.05, **p < 0.01, ***p < 0.001).







Predictions of immunotherapy response and chemotherapy drug sensitivity

Acting as immune system regulators, immune checkpoints play a vital role in the maintenance of self-immune tolerance and the regulation of peripheral tissue immune response, the continuous activation of which will bring about inhibited anti-tumor immunity and promoted tumorigenesis (28). In terms of immune checkpoints, including PD-1 and CTLA4, we discovered that TIDE scores were more accumulated in the high-risk cohort (Figure 8A), which implied these patients hold potential immune dysfunction in tumors and could hardly
benefit from immunotherapy. Moreover, it was revealed in the analysis of drug susceptibilities that commonly used chemotherapeutic drugs were more sensitive in low-risk people (Supplementary Figure 2), whereas those with high-risk scores responded better toward K-Ras (G12C) inhibitor-12, a K-Ras (G12C) inhibitor (Figure 8B).




Figure 8 | Tumor sensitivity to immunotherapy and chemotherapy. (A) Differences in immunoescape between low- and high-risk groups. (*p<0.05). (B) Sensitive chemotherapeutic agents for high-risk population.








Discussion

Although disulfidptosis is a new form of cell death, which can make a difference to tumor initiation and progression, rapid efforts have been made to attempt to figure out the biological mechanisms underlying a variety of tumor types, including lung adenocarcinoma (29), adrenocortical carcinoma (30), cutaneous melanoma (31) and other gynecological tumors (13, 32). Recently, Cong et al. has investigated the potential of disulfidptosis in predicting the prognosis of OC patients (33). In comparaion, we have incorporated more updated disulfidptosis-related genes in this research. Meanwhile, our study on the prognosis of OC patients focuses on DRLRs, whose abnormal expression will account for invasive behaviors of cancerous cells and are identified as brilliant biomarkers for the diagnosis and treatment of cancers, with the advanced study of transcriptional regulation (34). Both contribute to making our study of disulfidptosis in the prognosis of ovarian cancer more comprehensive, which is notably absent in other research. Hitherto, DRLRs are still not idea and their significant prognostic values remain unknown territory in OC. In this article, we shared the achievements on the feasibility of DRLRs in the prediction of the prognosis in OC patients for the first time.

In the current study, we began by analyzing the expression levels of 30 DRGs and subsequently
observed that they were significantly correlated with the expression of 94 lncRNAs (Supplementary Table 2). Subsequently, we adopted the univariate Cox analysis to acquire six prognosis-related lncRNAs, and followed by LASSO regression to obtain target lncRNAs for the model development in the train subgroup, namely MIR600HG, AC113608.1, SPAG5-AS1, AC007383.1, LINC00702 and AC011444.1. Surprisingly, our model proved to present a fabulous performance in differentiating TME, immune infiltration and survival outcomes of OC patients. It was imperative that the implicative value of DRLRs in risk stratification of OC patients reached an absolute consensus in the test cohort. To recap, not only will our work pre-stratify the prognosis and treatment of OC patients, but it will also hopefully cause a sweeping change for the status quo of knowledge gaps about the disulfidptosis in OC.

We have performed a literature review on the six lncRNAs which contribute to the signature and noticed that four of them had been reported in several tumor types earlier. In particular, with elevated AC011444.1 expression, metastatic osteosarcoma children were observed to experience poor survival outcomes (35), which was opposite to our results. As for LINC00702, in vitro trials have demonstrated that it could enhance the progression of malignant meningioma by up-regulating Wnt/β-catenin pathway on the one hand (36). Likewise, the malignant behaviors of breast cancer cells seem to be facilitated when it comes to highly expressed LINC00702 (37). On the other hand, overexpressed LINC00702 leads to inhibited proliferation of bladder cancer cells by targeting DUSP1 in vitro (38). Herein, we discovered that LINC00702 represented a significant risk factor for survival in clinical association analysis, and would cause poor prognostic features in high-risk OC patients. Collectively, LINC00702 may play a dual role in cancer pathogenesis acting as a tumor suppressor or tumor-promoting factor, which is attributed to the heterogeneity of tumors. Then, it has been reported that the malignant characteristics of tumor cells could be inhibited along with MIR600HG elevation in pancreatic cancer (39). On the contrary, a recent study has suggested that MIR600GH was an oncogene in colorectal cancer, the high expression of which promoted tumor invasiveness and induced advanced TNM stage (40). Notably, the only trial involving MIR600GH in OC showed its adverse effect on survival outcomes (41), which was consistent with our findings that increased MIR600HG resulted in poor prognosis of OC patients. One previous study has provided the initial insight into autophagy and apoptosis associated with SPAG5-AS1 in podocytes (42), which was first illustrated as a regulator of disulfidptosis in the current investigation. Crucially, to the best of our knowledge, endeavors have so far failed to investigate the role of AC007383.1 and AC113608.1 in any diseases, and this is not only the first attempt to apply them to characterize ranked risk scores for OC patients, but also the first exploration in all cancer types. In a nutshell, overexpression of the six lncRNAs in our signature was relevant to poor survival outcomes in OC patients.

The remodeling of extracellular matrix is related to the establishment of an immunosuppressive environment in invasive cancers, including OC (43). Regarding the functional analysis, we noticed that DEGs were highly closed to the extracellular matrix more than cancer-related pathways. More specifically, GSEA results revealed that ECM-receptor interaction was significantly enriched in high-risk patients. Furthermore, the differences between the two risk statuses of MF, BP as well as CC were intimately coupled with the extracellular matrix, which were visualized in the GO bar plot. This was also supported by the assessment of stromal content, which showed that high-risk cases had higher stromal scores. This suggests that disulfidptosis leading to the change of extracellular matrix components appears to be a rational speculation, which will be gradually revealed along with the in-depth exploration. Principally, from the results of functional enrichment analysis, we noticed significant differences in the two core pathways of disulfidptosis, including regulation of actin cytoskeleton and cell adhesion, indicating that the activity of disulfidptosis was significantly different between the two risk samples.

The immune environment, one of the hotspots of the TME, has proven to profoundly influence the occurrence and migration/invasion of tumors cells (44). According to our results, it was found that the amount of regulatory T cells and M0 macrophages were significantly increased in the high-risk population, while the abundance of M1 phenotype macrophages decreased in those ones. It seems that the polarization process of naive macrophages tends to be suppressed in the high-risk set. Furthermore, immune cells with antitumor properties, like T follicular helper cells, gamma delta T cells and resting mast cells were all more densely-infiltrated in the tumor immune microenvironment of low-risk patients. Currently, there is an inevitable fact that regulatory T cells particularly contribute to suppressing T cell activation in TME (45). In addition, it is thought that increased frequencies of T follicular helper cells are related to a better prognosis in solid organ tumors (46). M1 macrophages were demonstrated to possess tumor-resistant effects through intrinsic phagocytosis and enhanced antitumor inflammation (47). In the tumor microenvironment (TME), gamma delta T cells account for recognizing and destroying infected or transformed cells to prevent malignancy formation (48). Recently, gamma delta T cells have been reported to exhibit more severe functional exhaustion than NK or CD8(+) T cells in colorectal cancer (49). In the previous study, we noted the potential relationship between impaired major histocompatibility complex (MHC) class I functions and poor prognosis of OC (50), which was further supported by the current observation. Losing MHC class I molecules, cancer cells can escape from T cells-mediated tumor killing (51). Moreover, the robust antitumor immune functions of Type I IFN Reponses have also been identified in the low-risk cohort (52). Notably, low-risk OC patients hold lower TIDE scores in the present study, indicating that these patients are more likely to respond well to immune checkpoint inhibitors than those with high risk scores. On the whole, we found that patients in the high-risk cohort had enormously poorer antitumor immune responses and stronger immune evasion capacity, that is, low-risk patients were better suited to receive immunotherapy.

Thereafter, in the prediction of chemosensitivity, we demonstrated that the most commonly used chemotherapeutic agents, Alpelisib, Cediranib and Mitoxantrone usually result in limited therapeutic effect for high-risk patients, which may be responsible for the early emergence of chemoresistance in certain patients. Admittedly, we identified K-Ras (G12C) inhibitor-12 as an effective chemodrug targeted for high-risk patients, which may help address the immediate needs of prolonging the survival of high-risk OC population. K-Ras (G12C) inhibitor-12, an oncogenic K-Ras(G12C) inhibitor, which was essential to sustain T cell infiltration in reaction to immune checkpoint inhibitor in a pro-inflammatory manner, has provided benefits for cancer patients (53). However, there is no definite application record about K-Ras (G12C) inhibitor-12 in OC until very recently, so our study may broaden new opportunities for therapy strategies among high-risk population.





Conclusion

In summary, we defined a pioneering signature based on six lncRNAs related to disulfidptosis in OC and assessed using internal validation. Our model provided a brilliant application for predicting the survival outcomes and immune profiles of OC patients with independence, specificity and accuracy. More importantly, it could be proposed as a novel biomarker for immunotherapy sensitivity and chemosensitivity, as well as a guide for options of suitable treatment in OC. Typically, internal validation is not sufficient to fully validate a model, for which external validation and further experimental programs are still needed.
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