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ARTICLE INFO ABSTRACT

Keywords: Background: Ovarian cancer (OC) ranks as the fifth most prevalent neoplasm in women and ex-
Ovariar} cancer hibits an unfavorable prognosis. To improve the OC patient’s prognosis, a pioneering risk
Irflm;ﬁ;ty ) signature was formulated by amalgamating disulfidptosis-related genes.

gilcs)?nfozf::::s Methods: A comparative analysis of OC tissues and normal tissues was carried out, and differ-

entially expressed disulfidptosis-related genes (DRGs) were found using the criteria of |log2 (fold
change) | > 0.585 and adjusted P-value <0.05. Subsequently, the TCGA training set was utilized
to create a prognostic risk signature, which was validated by employing both the TCGA testing set
and the GEO dataset. Moreover, the immune cell infiltration, mutational load, response to
chemotherapy, and response to immunotherapy were analyzed. To further validate these findings,
QRT-PCR analysis was conducted on ovarian tumor cell lines.

Results: A risk signature was created using fourteen differentially expressed genes (DEGs) asso-
ciated with disulfidptosis, enabling the classification of ovarian cancer (OC) patients into high-
risk group (HRG) and low-risk group (LRG). The HRG exhibited a lower overall survival (OS)
compared to the LRG. In addition, the risk score remained an independent predictor even after
incorporating clinical factors. Furthermore, the LRG displayed lower stromal, immune, and
estimated scores compared to the HRG, suggesting a possible connection between the risk
signature, immune cell infiltration, and mutational load. Finally, the QRT-PCR experiments
revealed that eight genes were upregulated in the human OC cell line SKOV3 compared with the
human normal OC line IOSE80, while six genes were down-regulated.

Conclusions: A fourteen-biomarker signature composed of disulfidptosis-related genes could serve
as a valuable risk stratification tool in OC, facilitating the identification of patients who may
benefit from individualized treatment and follow-up management.

Disulfidptosis-related genes (DRGs)

* Corresponding author.
E-mail address: yjh2006@zju.edu.cn (J. Yang).
1 These authors contributed equally to this work and shared first authorship.

https://doi.org/10.1016/j.heliyon.2024.e32273

Received 27 May 2023; Received in revised form 27 May 2024; Accepted 30 May 2024

Available online 7 June 2024

2405-8440/© 2024 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:yjh2006@zju.edu.cn
www.sciencedirect.com/science/journal/24058440
https://www.cell.com/heliyon
https://doi.org/10.1016/j.heliyon.2024.e32273
https://doi.org/10.1016/j.heliyon.2024.e32273
https://doi.org/10.1016/j.heliyon.2024.e32273
http://creativecommons.org/licenses/by-nc-nd/4.0/

M. Jin et al. Heliyon 10 (2024) e32273
1. Introduction

Ovarian cancer (OC) ranks as the fifth most prevalent malignancy among women, with an estimated annual global mortality rate of
125,000 individuals. In China, the prevalence of OC has gradually increased due to the aging population [1]. OC ranks third in the
incidence of gynecological cancer and second in terms of mortality rate among women globally [2]. This disease primarily encom-
passes three types: germ cell and sex cord-stromal tumors, as well as epithelial OCs. The latter constitutes 85%-90 % of all OCs and
represents the most aggressive subtype. Epithelial OC can be further classified into serous, mucous, endometrioid, and non-transparent
cell types [3]. In comparison to other subtypes, epithelial OC exhibits accelerated progression, a higher rate of metastasis, unfavorable
clinical outcomes, and elevated mortality rates [4]. Currently, the etiology of OC remains unelucidated, with hormones, genetics,
environment, and lifestyle potentially serving as primary risk factors for its onset [5].

Cell death refers to the irreversible termination of vital processes and the cessation of life, whereas regulated cell death (RCD) is a
specific kind of cell death that is governed by specific molecular pathways, which may be influenced by genetic or pharmacological
interventions [6]. Multiple modes of cell death have been discovered, encompassing apoptosis, pyroptosis, ferroptosis, copper death,
and other mechanisms [7]. The facilitation of glutathione biosynthesis and inhibition of oxidative stress plays a crucial role in fer-
roptosis, and cystine uptake is mediated by solute carrier family 7 member 11 (SLC7A11) [8]. The precise mechanism underlying the
regulatory effects of SLC7A11 on ferroptosis requires further investigation; however, inhibiting SLC7A11 expression was found to lead
to intracellular cysteine depletion, increasing cell susceptibility to oxidative stress and ferroptotic cell death [9-11]. Furthermore, a
report from 2017 indicated that SLC7A11 plays a significant role in promoting cell death under glucose starvation. Recent studies have
demonstrated that the conversion of cystine to cysteine, facilitated by SLC7A11, is heavily reliant on the reduced NADPH produced
through the glucose-pentose phosphate pathway. This particular form of cell death has been termed disulfidptosis [12]. In recent years,
multiple studies have applied advanced RNA sequencing and microarray technologies for bioinformatic research, aiding in the
identification of potential cancer biomarkers. A common and widely used approach involves the comparison of gene expression levels
in samples from various groups, particularly between cancer and normal groups, as a method to explore differentially expressed genes
(DEGs) [13,14].

We proposed to create a gene signature associated with disulfidptosis to anticipate the OC patient’s prognosis. Moreover, an
investigation was conducted into potential signaling pathways. Our outcomes manifest that disulfide death may contribute to the
occurrence and development of OC, which provides an important idea for treating OC.

2. Methods
2.1. Data collection, processing, and analyses

The gene transcriptome data of 469 OC patients were acquired from the Cancer Genome Atlas (TCGA) database (https://portal.gdc.
cancer.gov/). Additionally, the clinical data of 300 patients and the gene mutation data of 196 patients were also gathered. The clinical
data of the individuals under examination are documented in Table S1. Overall survival (OS) was established as the duration from the
initiation of therapy till death from any cause. Only cases with comprehensive data on OS were incorporated into the research.
Additional analysis was performed on these specimens. The transcriptome data was first measured in fragments per kilobase million
(FPKM) and then converted to transcripts per million (TPM). Subsequently, one sample with incomplete survival data was excluded
from the analysis. Thereafter, the GSE53963 dataset was downloaded from the Gene Expression Omnibus (GEO) database (https://
www.ncbi.nlm.nih.gov/geo/), and tissue samples were retained to merge with the TCGA dataset. The UCSC Xena server (https://
xena.ucsc.edu/) was used to download digital focal-level copy number variation (CNV) from the GDC TCGA OC project.

2.2. Analyzing differential expression to identify prognostic-related DRGs

The differential analysis of DRGs between OC samples and normal samples utilized the Wilcoxon rank-sum test. The DRGs asso-
ciated with prognosis were further determined using Kaplan-Meier (KM) analysis and univariate Cox regression with a P-value <0.05
[15,16].

2.3. Analyses of consensus clustering for the DRGs GSVA and ssGSEA

Consensus clustering was conducted using the k-means algorithm to uncover unique patterns associated with the expression of
disulfidptosis regulators in relation to disulfidptosis. The consensus clustering approach, implemented using the "ConsensuClusterPlus"
package, was used to estimate the number of clusters and their stability. During this procedure, we conducted 1000 iterations to ensure
the consistency of our categorization [17]. Furthermore, the appropriate number of categories was ascertained by doing consensus
clustering analysis, cumulative distribution function (CDF), and consensus matrix. Analyzed using the "GGalluvial" R package
(v.4.1.0), the study examined the different forms of OS and risk ratings. Furthermore, the "GSVA" R packages were used to conduct
GSVA enrichment analysis, which was then shown in a heatmap [18]. Afterward, the file "c2.cp.kegg.v6.2.symbols" was obtained from
the MSigDB database for the purpose of conducting GSVA analysis. A statistically significant difference was determined while
comparing various subgroups using the "limma" software, with an adjusted P-value of less than 0.05. The ssGSEA (single-sample
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gene-set enrichment analysis) technique was used to measure the proportional abundance of each cell infiltrate in the OC TME. A PPI
network was constructed employing the STRING database, with common genes as input (https://string-db.org/). The confidence for
the required interaction score was established at 0.4, while all other parameters were left at their default values. The MCODE plug-in,
which is a part of Cytoscape, was used to selectively extract the essential functional modules. The settings were left at their default
values.
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Fig. 1. Genetic and transcriptional alterations of DRGs in OC. (A) Distributions of 14 DRGs that differ in expression between the normal ovary
and OC tissues (*p < 0.05, ***p < 0.001); (B) Expression correlation between 14 DRGs; (C) PPI network showing the interactions of the DRGs; (D)
Frequencies of CNV gain, loss, and non-CNV among DRGs; (E) Locations of CNV alterations in DRGs on 23 chromosomes; (F) Mutation frequencies
of 14 DRGs in OC patients from the TCGA cohort.
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Fig. 2. The prognosis significance of DRGs of OV patients. (A) Kaplan—Meier survival curves (KMSC) indicated that OC patients with high DSTN
mRNA expression had a shorter OS; (B) KMSC manifested that OC patients with low CD2AP mRNA expression had a shorter OS; (C-L) KMSC
manifested that OC patients with high ACTN4, FLNA, CAPZB, FLNB, TLN1, INF2, IQGAP1, MYH9, MYH10, and MYL6 mRNA expression had a
shorter OS.

2.4. A selection Hub gene network based on genes and enrichment analysis

Data from the TCGA OC study has been integrated with GSE53963 cancer data. Statistical significance was ascertained by a log2
(fold change) more than 0.585 and an adjusted P-value lower than 0.05. Subsequently, the Gene Ontology GO enrichment studies were
conducted using the "org.Hs.eg.db" and "enrichplot" packages to investigate biological functions and structures. Additionally, the
Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were employed to ascertain the associated pathways.

2.5. Validation and generation of signatures

The DEGs obtained from various DRG clusters were first normalized across all OC specimens, and the genes that were common to all
clusters were obtained. The patients were categorized into many groups employing an unsupervised clustering technique, and
overlapping DEGs were discovered. The consensus clustering approach was deployed to ascertain both the quantity and stability of
gene groups. Subsequently, the prognostic analysis of each gene in the signature was conducted employing the univariate Cox
regression model. The genes that exhibited statistical significance in the prognostic analysis were selected for further study. Afterward,
principal component analysis (PCA) was deployed to create the gene profile associated with disulfidptosis. Principal components 1 and
2 were chosen as signature scores. This method has the benefit of concentrating the score on the group that contains the most closely
correlated (or anti-correlated) genes while mitigating the gene’s influence that does not align with the rest of the group. Subsequently,
the DRGscore was determined with a methodology that closely resembles the GGI:

DRGscore =Y _ (PCl; +PC2;)
Where i is the expression of disulfidptosis-related genes [19,20].
2.6. Analyzing the tumor microenvironment, immune infiltration, and tumor mutation burden

The immunological, stromal, and ESTIMATE scores were computed using the ESTIMATE method. An algorithm successfully
determined the numbers of stromal and immune cells in malignant tumor tissues by examining gene expression patterns. The ESTI-
MATE algorithm was constructed with the R "estimate" package, which may be found at the following link: https://sourceforge.net/
projects/estimateproject/. TMB scores were computed for each OC patient in the TCGA cohort based on somatic mutation analysis. A
waterfall plot depicting the high-risk group (HRG) and low-risk groups (LRG) was created employing the R package "maftools."

2.7. Cell culture and Real-time quantitative PCR (QRT-PCR)

The SKOV3 cell line (Homo sapiens, human; RRID: CVCL_0532) and IOSE80 cell line (Homo sapiens, human; RRID: CVCL_5546)
were obtained from the Cell Bank of the Chinese Academy of Sciences in Shanghai, China. The cell lines underwent verification by STR
profiling. The cells were cultured in DMEM/F12 medium enriched with 10 % fetal bovine serum at 37 °C and a CO; concentration of 5
%. The SKOV3 and IOSES8O cell lines were used to extract total RNA using the RNA simple total RNA kit (Invitrogen, Shanghai, China).
The RNA was converted into complementary DNA (cDNA) using the High Capacity cDNA Reverse Transcription Kit (Applied Bio-
systems, Shanghai, China). In addition, QRT-PCR was performed employing an ABI 7500 Real-Time PCR System (Applied Biosystems).
The PCR primers are specified in Table S2, and they were formulated and produced by GENEWIZ. The mRNA expression was quantified
using the 2 AL technique with reference to GAPDH.

3. Results
3.1. Differential expression and genetic alterations of DRGs

First, 14 DRGs (ACTN4, ACTB, CD2AP, CAPZB, DSTN, FLNA, FLNB, INF2, IQGAP1, MYH10, MYL6, MYH9, PDLIM1, TLN1) were
identified from previous studies. Next, the expression of these 14 DRGs between tumor and normal tissues was analyzed in OC patients
from the TCGA database. The results revealed significant variations in these 14 DRG expression levels between normal tissues and OC
samples (P-value <0.05). ACTN4, ACTB, CD2AP, INF2, IQGAP1, MYH10, MYH9, and PDLIM1 exhibited significantly elevated
expression in tumor tissues relative to normal tissues. Conversely, CAPZB, DSTN, FLNA, FLNB, MYL6, and TLN1 exhibited greater
expression in normal tissues (Fig. 1A). Furthermore, FLNA and PDLIM1 expression exhibited a strong positive correlation (Fig. 1B).
Next, the protein-protein interaction (PPI) networks of the 14 DEGs were created by String (https://string-db.org/) (Fig. 1C). After
analyzing the copy number variation (CNV) in DRGs, PDLIM1, FLNB, INF2, and CAPZB demonstrated a deletion frequency of over 5 %
of copies, revealing a significantly higher occurrence compared to the frequency of amplification. Conversely, copies of IQGAP1, TLN1,
ACTB, MYL6, FLNA, ACTN4, and CD2AP demonstrated a higher frequency of increase, exceeding 5 %. (Fig. 1D-E). Additionally, out of
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Fig. 3. Landscape of the DRGs and biological characteristics of disulfidptosis subtypes in ovarian cancer. (A) Consensus matrix of OC
patients, k = 2, using the unsupervised consensus clustering method; (B) Principal component analysis of 14 DRGs in all OC cohorts found two
distinct subtypes; (C) Kaplan—-Meier curves for overall survival of all OC patients; (D) Variations in clinicopathologic features and expression levels
of 14 DRGs in all OC cohorts among the two distinct subtypes. Tumor stage, age, survival status, and cluster were used as patient annotations. Red
and blue represent high and low expression of disulfidptosis genes, respectively; (E) Comparison of the ssGSEA scores for immune cells in the two
9C subtypes. The line in the box represents the median value (*p < 0.05, **p < 0.01, ***p < 0.001).

462 OC samples, 322 somatic cells (6.93 %) exhibited mutations, with MYH10 (8 %) displaying a higher mutation frequency (Fig. 1F).
Following that, KM analysis and Cox analysis were conducted on the TCGA and GSE53963 datasets to estimate the prognostic
importance of DRGs in patients with OC. The KM analysis revealed that 14 genes linked to disulfidptosis were significantly correlated
with the prognosis of OS. Among these, DSTN, FLNA, MYH9, and MYL6 showed the most significant differences in survival outcomes,
with a P-value less than 0.001. (Fig. 2A-L, Table S3). To assess the predictive specificity and sensitivity of 14 disulfidptosis-related
genes, receiver operating characteristic (ROC) and the area under the ROC curve (AUC) were presented from the TCGA database.
(Fig. S1).

3.2. Cluster analysis of the division subtypes, the GSVA and the ssGSEA

OC patients were categorized into two primary subtypes, namely cluster A and cluster B, as K = 2 yielded the most optimal
consistency matrix for the subtypes (Fig. 3A). Afterward, t-distributed stochastic neighbor embedding (t-SNE) was deployed to
distinguish the two clusters by analyzing the expression levels of DRGs (Fig. 3B). Furthermore, the survival study demonstrated a
significant disparity in survival rates between the two clusters (P-value of 0.006), as evidenced by the KM curve. The results suggest a
more favorable prognosis for OC patients in cluster B compared to cluster A (Fig. 3C). Subsequently, a sophisticated heat map was
created employing a cluster-based approach, utilizing the clinical stage, gender, and age of OC patients from the TCGA dataset
(Fig. 3D). Combined with the outcomes of the survival analysis, samples in Cluster A corresponding to favorable survival outcomes
showed abundant infiltration by CD56dim natural killer cell, Gamma delta T cell, and Type 2 T helper cell. In contrast, samples in
Cluster B corresponding to an unfavorable clinical prognosis manifested the infiltration of activated CD8 T cells, eosinophils, MDSC,
regulatory T cells, and natural killer T cells (Fig. 3E).

3.3. Analysis of intersection genes and enrichment

KEGG and GO enrichment analyses were conducted to determine potential pathways and functions of differentially regulated genes
(DRGs). Based on the GSVA heat map, two distinct clusters exhibited disparate pathways (Fig. 4A). The KEGG enrichment analysis
revealed the involvement of DRGs in focal adhesion (Fig. 4B). The GO analysis indicated a close association between DRGs and the
plasma membrane in the Cellular Component (CC) category. In the Biological Process (BP) and Molecular Function (MF) categories,
DRGs were predominantly linked to the plasma membrane and protein binding, respectively (Fig. 4C-D).

3.4. Analysis of consensus clustering for partition subtypes and signatures construction

To categorize OC patients into distinct subtypes, the optimal k-value was determined based on the highest correlation coefficient,
thereby identifying clusters A and B (Fig. S5A-B). The KM survival analysis manifested a significant variation, with a P-value of 0.008
showing a significant difference. These findings indicated a more favorable survival outcome in cluster A compared to cluster B
(Fig. 5Q).

Subsequently, a comprehensive cluster-based heat map was generated, incorporating the clinical stage, grade, and age of OC
patients (Fig. 5D). Additionally, DEGs associated with DRGs were analyzed. Notably, the boxplot revealed that ACTB and FLNA
displayed the highest expression levels in cluster B (Fig. 5E). Except for the genes CD2AP, DSTN, MYL6, FLNB, and PDLIM]1, all other
genes manifested significant variations in expression between the two clusters, with a P-value less than 0.001. The patient distribution
in the two clusters of genes related to disulfidptosis, two gene clusters, and two groups based on disulfidptosis-related genes_score
groups is displayed in Fig. 5F. The KM survival curve illustrates that patients with a low score signature are associated with a
significantly more favorable survival outcome compared to those with a high score (P-value = 0.001) (Fig. 5G). In the boxplots below,
the DRG signatures are shown differently among the clusters of genes and DRGs. The results indicated that the HRG was located in
subgroup B of the DRGCluster and subgroup B of geneCluster. Additionally, previous studies have shown that the HRG has poor
prognostic outcomes. Concurrently, poor prognostic outcomes can be observed in subgroup B of the DRGCluster and subgroup B of
geneCluster (Fig. 5H-I). In the collection file, a boxplot showed the differential expression of DRGs. The outcomes manifested that the
vast majority of genes emerged with a significantly greater expression in the HRG compared to the LRG (P-value <0.05) (Fig. 5J).

3.5. Immune cell infiltration and mutational load are associated with the signature

An extensive analysis was executed to ascertain the connection between signatures and immunity. The outcomes emerged that the
stromal, immune, and estimated scores of the LRG were significantly lower compared to the HRG (Fig. 6A). The stem cell concentration
and risk score showed a significant negative correlation (R = —0.61, P-value <2.2e-16) (Fig. 6B). Different immune cells were
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Fig. 5. Identification of gene subtypes based on the DEGs of Disulfidptosis-related clusters. (A-B) Identification of gene subtypes based on prog-
nostic DEGs among TWO disulfidptosis subtypes in OC cohort. (C) Kaplan-Meier curves for overall survival of all OC patients with two gene
subtypes. (D) Heat map showing the relationships between clinicopathologic features and the two gene subtypes. (E) Differences in the expression of
14 DRGs among the two gene clusters. (F) An alluvial diagram of the distribution of disulfidptosis cluster, gene cluster in two risk groups, as well as
survival outcomes. (G) The Kaplan-Meier survival curves were stratified by disulfidptosis cluster and risk subgroup. (H) Difference of risk score
among two cuproptosis clusters. (I) Difference of risk score among two gene clusters. (J) The differential analysis of DRGs expression in the
Eollection file (*p < 0.05, **p < 0.01, ***p < 0.001).

associated with different risk scores. Specifically, naive B cells (R = 0.12, P-value = 0.047) and resting memory CD4 T cells (R =0.17,
P-value = 0.0043) showed significant correlations (Fig. 6C-D). As shown in Fig. 6E-F, the HRG presented a more extensive tumor
mutation burden than the LRG. Moreover, the poor prognostic outcomes in the HRG can be partially attributed to TMB.

3.6. Expression validation of the DRGs by QRT-PCR

In order to provide a more detailed analysis of the DRG expression levels in both normal and OC cells, we grew the SKOV3 human
OC and the IOSE80 human normal ovarian cell lines. The QRT-PCR experiments exhibited that eight genes were upregulated in the
human OC cell line SKOV3 compared with the human normal ovarian cell line IOSE80, while five genes were down-regulated.
Compared with normal samples, the expression levels of ACTN4, ACTB, CD2AP, INF2, IQGAP1, MYH10, MYH9, and PDLIM1 were
significantly upregulated in OC specimens, while CAPZB, DSTN, FLNA, FLNB, MYL6, and TLNIwere significantly downregulated
(Fig. 6G).

4. Discussion

Notably, OC is recognized as one of the most aggressive solid tumors [21,22]. According to data provided by the World Health
Organization, OC shows a high prevalence, with a majority of cases being diagnosed at an advanced stage [23-25]. Despite notable
advancements in surgical and chemotherapeutic treatment approaches for OC, researchers have discovered that following the con-
ventional histological classification as a basis for anti-tumor therapy has not effectively enhanced the OS rate of OC patients. At
present, the 5-year survival rate remains below 45 % [26,27]. Therefore, the precise determination of molecular subtypes of OC and
the development of predictive models are crucial in guiding personalized therapy [28-30]. Such models could enable the accurate
identification of molecular subtypes of OC, thereby facilitating personalized therapy [31,32]. Disulfidptosis is a recently proposed form
of cell death. SLC7A11 is widely recognized for its primary role in facilitating the transportation of amino acids across the plasma
membrane, providing a crucial pathway for the sustenance of cancer cells. Gan et al. demonstrated that in the absence of glucose,
cancer cells exhibiting elevated levels of SLC7A11 exhibited rapid depletion of NADPH, resulting in abnormal accumulation of di-
sulfide molecules, notably cystine. This abnormal accumulation triggers an interaction between actin cytoskeleton proteins. The
aberrant disulfide bonding hampers the organization of the actin network, eventually resulting in the breakdown of the network and
subsequent cellular apoptosis [33]. Considering that numerous cancer treatments exert their effects by inducing apoptosis, further
research should be conducted on the potential of targeting disulfide death as a viable cancer therapy. Following advances in
high-throughput sequencing technology, various public databases and bioinformatics algorithms have been developed, offering
valuable resources and methodologies to explore the intricate interplay between cell death and comprehensive immunity [34-36].
Nevertheless, the correlation between OC and disulfidptosis remains ambiguous, as no investigation has ascertained the combined
implications of immunity and disulfidptosis on OC prognosis. Therefore, the present study explored the combined effect of
disulfidptosis-related genes in OC. In addition, a gene signature combining immunity and disulfidptosis was created to forecast the
subtype, prognosis, and implication of immunotherapy in OC.

In this study, a set of 14 genes associated with disulfidptosis (DRGs) was initially gathered from previously published articles.
Through an intersection analysis with the differential genes in the TCGA-OC database, these 14 DRGs were found to be present in both
OC samples and normal tissues. Furthermore, these genes were differentially expressed and were linked to the OC patient’s prognosis.
Consensus classification manifested that OC patients could be classified into two distinct subtypes depending on these DRG expression
levels, showing significant variations in immune cell infiltration between the two clusters. Based on this characteristic, the patients
were categorized into the HRG and LRG. Our outcomes validate the ability of the risk score to be an autonomous determinant for
predicting the outcome of OC. The HRG exhibited a notable enrichment in various KEGG signaling pathways. Moreover, significant
variations in immune infiltration were found between the HRG and LRG. The high-risk patients displayed indications of immuno-
suppression within the tumor microenvironment, leading to an unfavorable prognosis. Conversely, the LRG may benefit more from
immunotherapy. Consequently, this model offers an improved means of assessing the prognosis of OC, which can assist in guiding the
clinical treatment of OC patients. Finally, the efficacy of chemotherapy and immunotherapy for OC patients was also predicted based
on this feature.

Recent investigations have manifested that cancer progression is impacted by various molecular channels and mechanisms, with
intricate internal interactions among different molecules and signaling pathways [37-39]. Therefore, multi-gene signatures have been
investigated to predict cancer prognosis prediction, presenting reliable and accurate results [40-43]. This study has identified two
distinct subtypes of OC on the basis of the expression levels of 14 genes associated with disulfidptosis. Notably, these two subtypes
demonstrated a significant difference in prognosis. To investigate the underlying causes, GSVA and ssGSEA enrichment analyses were
performed. The findings clearly indicated that cluster B was enriched in diverse signaling pathways, including oxidative

10



M. Jin et al.
A
Risk [] tow (] nigh
. ek *hk
3000 |
o
8 j H
w 0
=
=
|
1
-3000
&© & °
y & &
& « %/\@\
D £%
.
R=0.17,p=0.0043
% .
03
°
2
E
2
E 02
g
3
=
a
o
2
So1
s
0.0
-10 -5 0 5 10
Risk score
G
8=
g Sesiesie Sesieskesk
@) -_— i
oy
7))
3
+—~ 6=

I
1

mRNA Relative ex

Actn4 Cd2ap Actb

RNAss

A

R=-0.61,p<22e-16

0
Risk score

Altered in 103 (97.17%) of 106 samples.

0 o
No.of sampes
TP53 IR R - e —
m 2%
csmual 11 | ]
UsH2A | 1 | 1% Wl
RrRYR2 Il | ] 1l 9%
NF1 ] [N | 6%
HMCNT || (] | | 5%
MUC16 I F | 9%
FAT3 | m I 8%
sl | I m %
FLez || n 6%
MACF1 (0] ] 5%
muctz i p L L) 1] 6%
APOB | | | 3%
AHNAK ] [ ] 1 6%
el | [} 7%
LRP1 | | o4
DNAH3 | I I3%
bsT | [ M| ] 7%
LRP1B ] 10 4%
Risk
= Missense_Mutation ® Frame_Shift_Ins Risk
= Nonsense_Mutation  In_Frame_Del * hign

u Frame_Shift_Del  » Mult_tit

Inf2 Myh9 Myh10 Iqgap1 pdlim1 Capzb Dstn

Fig. 6. The landscape of immune microenvironment with prognostic signature.
(A) Correlations between risk score and immune score, stromal score, and ESTIMATE score. (B) Correlation between risk score and stem cell content
(RNAss). (C-D) Correlations between risk score and different immune cells. (E-F) Mutation frequencies of the high- and low-risk groups. (G) The
mRNA expression of fourteen genes in cell line SKOV3 and IOSE80 was measured by QRT-PCR (****P < 0.0001; ***P < 0.001; *P < 0.05; ns, not

statistically different, Error bars are + SEM).

kkk kkk kK

Heliyon 10 (2024) e32273

N

R=0.12,p50.047

0.15 .

B cells naive

0
Risk score

Altered in 88 (97.78%) of 90 samples.

ikl

TPEG_I—

CSMD3|= | 16% [l
USH2A | ] l4%

RrRyR2 i ] 8%
NF1 ] 11 9%
HMCN1 1 | 1 6%
mucts i | I m 1 10% W
FAT3 | L 6%
st | m 1 8%
ez || 1 3%
MACF1 | 1 i 6%
muctz| || 1 I 7%
APOB mirm 9%
AHNAK Il | 6%
FLG [ ] %
LRP1 (N} 11 I 6%
DNAH3 | I | 1 6%
DST | 1 6%
LRP1B | 1 11 6%

= Missense_Mutation = Nonsense_Mutation  Risk
In_Frame_Del Frame_Shit_ins * high
= Frame_Shift_Del = Multi_Fit o

I I0OSE80
[ SKOV3

skokok dkokkk dkdkokok

FiInb Mylé Tin1

Flna

phosphorylation, focal adhesion, actin cytoskeleton, regulation of ERBB signaling pathways, neurotrophic factor signaling pathways,
adhesion molecule junctions, and other signaling pathways. Furthermore, GO analysis further revealed the enrichment of cluster B in
cell adhesion, regulation of actin cytoskeleton, and the PI3K-Akt signaling pathway. Given that disulfidptosis induces cancer cell death
by interfering with the actin cytoskeleton, the above enrichment outcomes emerged, and the clustering model based on DRGs
effectively distinguished different subtypes of OC. Additionally, our findings revealed that ACTB and FLNA had the highest expression
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levels in cluster B. Previous studies have reported the close association of both ACTB [44,45] and FLNA [46,47] with the progression of
various cancers. ACTB, or beta-actin, is a prevalent and strongly preserved protein that forms part of the cytoskeleton structure in all
eukaryotic cells. ACTB may undergo fast assembly and disassembly to create filaments in response to cellular needs. These filaments
play a crucial role in many biological processes, including cell migration and division [48]. While ACTB has traditionally been
regarded as a housekeeping gene [49], recent research has revealed notable variations in ACTB expression levels under specific cancer
conditions. Notably, upregulated levels of ACTB have been observed in lung and prostate cancer; in HHC, significantly elevated ACTB
expression has been associated with more aggressive tumor characteristics. In the context of invasive melanoma cells, the mRNA
expression of ACTB was observed to be twice as high as that in non-invasive melanoma cells [50]. Dysregulation of ACTB protein has
also been noted in renal cancer cells and tissues, although further validation is required to confirm this finding [51]. Additionally, a
comparative genetics study revealed that ACTB was significantly upregulated in serous OC specimens during the screening for po-
tential prognostic molecular markers against OC [52]. FLNA, a regulator of the cytoskeleton, has been widely investigated, and
numerous reports have demonstrated its role as a tumor-promoting protein in cancer progression [53]. For instance, Leung et al.
conducted proteomic investigations and discovered a significantly elevated expression of FLNA in carboplatin-resistant OVCARS5 cells
compared to carboplatin-sensitive OVCAR5 cells. Additionally, OC patients with high FLNA expression demonstrated a poorer
prognosis [54]. Nonetheless, FLNA also showed the potential to inhibit tumor progression under specific circumstances [53]. Notably,
in melanoma, the full-length nuclear variant of FLNA was found to suppress the activated transcription of FOXC1 [55]. In this study,
OC patients with high FLNA expression exhibited a more favorable prognosis, implying the potential role of FLNA in OC patients.

Research on various cancers revealed a correlation between cell death and the immune system, exemplified by ferroptosis,
cuproptosis, and other mechanisms [40-43]. Consequently, this investigation aimed to examine the connection between disulfidptosis
and the immune system in OC to establish a theoretical foundation for clinical immunotherapy. Our findings revealed that the HRG
exhibits significantly elevated stromal, immune, and estimated scores in comparison to the LRG, suggesting a distinct connection
between the HRG and infiltration of immune cells. Subsequently, a correlation analysis was performed on B and CD4" T cells, indi-
cating that the HRG exhibited higher immune infiltration of these cells. Disulfidptosis may have an impact on the function and
activation of B cells and CD4 " T cells in OC patients. Notably, this study is the first to establish a connection between disulfidptosis and
OC prognosis, thereby offering novel insights into the molecular mechanisms of OC. Nevertheless, the limitations of our study should
be acknowledged. Firstly, a substantial quantity of OC samples is required to validate the stability of the typing. Secondly, further
experimental verification is necessary to confirm the relationship between disulfidptosis and immunity. Thirdly, conducting over-
expression and deletion studies on specific genes would enhance the persuasiveness of our results. Lastly, the mechanism underlying
the prognostic genes in OC progression and experimentation should be explored using clinical tissue samples.

5. Conclusions
In conclusion, a robust correlation exists between the prognosis of OC patients and a signature comprising fourteen genes asso-
ciated with disulfidptosis. This signature holds the potential to offer risk stratification value, making the fourteen genes viable can-

didates as prognostic biomarkers in OC patients. Consequently, these biomarkers can aid in disulfidptosis-targeted drug therapy,
facilitate individualized therapeutic decision-making, and enhance follow-up management.
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