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Interplay of disulfidptosis and the tumor o

microenvironment across cancers: implications
for prognosis and therapeutic responses
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Abstract

The recent elucidation of disulfidptosis, a unique form of cell death, has opened new paths for the development

of targeted cancer therapies. However, a thorough examination of disulfidptosis-related genes (DRGs) across vari-
ous cancer types has been lacking. Our extensive analysis of DRGs through genomic, transcriptional, and immune
profiling has yielded substantial insights. Utilizing The Cancer Genome Atlas (TCGA), we have identified key changes
in gene expression, including alterations in copy number and DNA methylation, and evaluated their impact on can-
cer prognosis. We constructed a disulfidptosis-related signature (DFRS) using LASSO regression and multivariate Cox
regression analysis, which demonstrated a strong prognostic connection across diverse cancer types. The DFRS score
is linked with poorer clinical outcomes, reflects the immune characteristics of the tumor microenvironment (TME),
and predicts responsiveness to immunotherapy and other treatments. Notably, the DFRS score interacts with critical
oncogenic pathways, highlighting the potential benefits of targeting disulfidptosis in cancer treatment. Our findings
underscore the critical influence of disulfidptosis on cancer prognosis and therapeutic response, offering meaningful
clinical insights.
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Introduction

The American Cancer Society underscores cancer as a
major global health issue, projecting that by 2023, there
will be approximately 1,958,310 new cases and 609,820
deaths due to cancer in the United States [1]. Given
cancer’s complex nature, understanding its molecular
underpinnings is crucial for advancing early detection
and developing more effective therapeutic strategies [2].

Recent studies have compellingly linked disulfide
metabolism to the progression of cancer. This pathway,
integral to cellular redox processes, involves critical
formation and breakdown of disulfide bonds. Notably,
cancer cells often experience oxidative stress, leading to
significant changes in disulfide metabolism that influence
cell proliferation and survival [3]. Furthermore, disulfide
metabolism in cancer is intricately linked with key bio-
logical processes such as drug resistance, metastasis, and
immune evasion [4, 5].

Disulfidptosis represents a novel form of cell death,
distinguished from traditional programmed cell death
pathways. It is marked by a mismatch in cysteine intake
and NADPH availability, leading to abnormal disulfide
bonds within actin cytoskeletal proteins. This imbalance
prompts excessive disulfide build-up, causing stress and
subsequent disruption of the actin structure, ultimately
leading to cell death [6, 7]. Given its unique mechanisms,
disulfidptosis presents a promising avenue for cancer
therapy. Emerging evidence reveals that disulfidptosis
is not merely a metabolic accident but involves intricate
molecular cross-talk. For instance, SLC7 All-mediated
cystine uptake initiates disulfidptosis under glucose depri-
vation, while recent studies demonstrate that endoplasmic
reticulum (ER) stress acts as a protective feedback mecha-
nism to counteract disulfidptosis by maintaining redox
homeostasis [8]. Pharmacological inhibition of ER stress
synergizes with glucose transporter inhibitors to amplify
cytoskeletal disulfide crosslinking, suggesting a dynamic
interplay between organelle-specific stress responses and
disulfidptotic susceptibility.

Given its unique mechanisms, disulfidptosis presents
a promising avenue for cancer therapy. Intriguingly, its
implications extend beyond oncology. Aberrant SLC7
A1l expression exacerbates glutathione depletion in
Parkinson’s disease models, accelerating neuronal loss
[9]. While direct evidence linking disulfidptosis to neu-
rodegeneration remains scarce, the shared reliance on
NADPH buffering between cancer and neuronal systems
suggests potential mechanistic overlaps. Future stud-
ies should explore whether disulfidptosis contributes
to pathological protein aggregation or axonal degenera-
tion in conditions like Alzheimer’s disease. Nevertheless,
research into the genetic variations and clinical rele-
vance of disulfidptosis-related genes (DRGs) in different
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cancers remains limited. To fill this gap, we conducted a
detailed multi-omics analysis of 23 DRGs across various
cancers.

Our study incorporated evaluations of somatic copy
number alterations (SCNA), single nucleotide varia-
tions (SNV), and DNA methylation patterns. Utilizing
LASSO and multivariate Cox analyses, we developed a
disulfidptosis-related signature (DFRS) using pan-cancer
data. This model seeks to refine prognostic predictions
for individual patients. We observed that the DFRS score
is linked with malignant pathways, patient outcomes,
the tumor microenvironment (TME), and responses to
immunotherapy, emphasizing the potential therapeutic
implications of disulfidptosis.

Materials and Methods

Patients and datasets

Our research utilized pan-cancer data from four major
platforms: the Molecular Taxonomy of Breast Cancer
International Consortium (METABRIC, http://www.cbiop
ortal.org), The Cancer Genome Atlas (TCGA, http://cance
rgenome.nih.gov/), the International Cancer Genome Con-
sortium (ICGC, https://dcc.icgc.org/), and the Chinese
Glioma Genome Atlas (CGGA, http://www.cgga.org.cn). A
detailed list of the 32 cancer types, abbreviations, and sam-
ple sizes is provided in Supplementary Table 1.

We gathered datasets containing gene expression data
and corresponding clinical information from the Gene
Expression Omnibus database (GEO, https://www.ncbi.
nlm.nih.gov/geo/), including GSE103479, GSE84437,
GSE72094, GSE53922, GSE32894, GSE13507, GSE30219,
GSE17538, and GSE17118. To evaluate the responses
to cisplatin and bevacizumab treatment in a neoadju-
vant context, the GSE103668 dataset was used. Data
pertaining to immunotherapy responses were derived
from GSE91061, phs000452, and PRJEB23709 [10], as
well as two clinical in-house cohorts, with an overview
provided in Supplementary Table 2. The two clinical in-
house cohorts respectively include information on lung
adenocarcinoma and melanoma tissues from patients
who received immunotherapy, and all patients provided
informed consent.

Analysis of mRNA differential expression

We utilized the “limma” package [11] to assess expres-
sion differences in DRGs between tumor and adjacent
normal tissues across 20 cancer types. Significant genes
were identified through adjusted P values less than 0.05
and visualized in a bubble chart. To explore the relation-
ship between DRG expression and patient survival, we
applied Cox regression analysis to compare survival met-
rics across these groups.
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Analysis of Single Nucleotide Variations (SNVs)

SNV data were extracted from the TCGA database.
For the purpose of determining SNV percentages, we
excluded silent, intron, IGR, 3’UTR, 5’'UTR, 3’flank, and
5flank sequences. Mutation frequencies were calculated
by the ratio of mutated cases to the total number of can-
cer cases. The SNV analysis was depicted using an onco-
plot generated by the “maftools” package in R.

Somatic Copy Number Alteration (SCNA) analysis

We analyzed both heterozygous and homozygous amplifica-
tions and deletions to evaluate gene-specific copy number
variations. Variations present in more than 5% of samples
were classified as high-frequency SCNAs. We then investi-
gated the association between SCNAs and gene expression
by calculating Pearson’s correlations for each gene.

Analysis of DNA methylation patterns

DNA methylation data for 33 cancer types were retrieved
from the TCGA database. We used the Wilcoxon signed-
rank test to identify differences in methylation levels of
DRGs between tumor and corresponding normal tissues.
Significant changes in methylation were determined using
a threshold P value of 0.05, identifying either hypo- or
hypermethylation. Additionally, we explored the impact
of promoter methylation on gene expression using Spear-
man’s correlation, applying the same significance criteria.

Constructing a Disulfidptosis-Related Signature (DFRS)
From the TCGA datasets, 70% of the samples (6484
out of 9264) were randomly selected for the training
set, with the remaining 30% (2780 out of 9264) used as
the testing set. We utilized the LASSO algorithm and
multivariate Cox analyses to develop the DFRS, aim-
ing to simplify the model and minimize overfitting. The
DERS score was computed using the following formula:
DFRS Score = [(0.089 x Expression value of SLC7A11) +

(0.2 x Expression value of NDUFSI) + [(—0.374) x Expression
value of NDUFA11] + [(—0.106) x Expression value of NUBPL)
+ (0.1 x Expression value of NCKAP1) + (0.154 x Expression
value of RPN1) + (0.2 x Expression value of ACTN4) + (0.386
x Expression value of ACTB) + [(—0.073) x Expression value of
CD2AP] + (0.039 x Expression value of FLNA) + [(—0.227) x
Expression value of FLNB] + (0.185 x Expression value of INFZ)
+ [(—0.14) x Expression value of IQGAP1] + (0.208 x Expression
value of MYL6)]. Samples were then classified into high or
low DERS groups based on the median score. The predic-
tive capability of the DFRS was evaluated using external
datasets.

Evaluation of the DFRS score’s prognostic value
The prognostic significance of the DFRS score was
determined using Cox proportional hazards regression
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analyses, with results visualized through the “ggforest”
function. The Kaplan—Meier method was applied to eval-
uate the significance of differences in survival rates across
various cancers, considering a P value of less than 0.05 as
statistically significant.

Exploration of the value of the DFRS in clinical utility

To enhance the real-world applicability of the DFRS, we
constructed a nomogram that includes patient age, can-
cer type, and DFRS score to forecast the overall survival
(OS) at 1, 3, 5, and 10 years. We also verified the accuracy
of the nomogram using a calibration curve to evaluate its
precision in predicting survival outcomes.

Assessment of biological processes using the Z score

We applied the z-score technique to quantify the activity
of specific biological pathways by measuring the expres-
sion levels of associated genes [12]. Gene sets, which
encompass genes related to angiogenesis [13], epithelial
to mesenchymal transition (EMT), and the cell cycle [14],
were processed using the z-score method [15]. We then
employed single-sample gene set enrichment analysis
(ssGSEA) to calculate enrichment scores for gene sets
associated with disulfidptosis. Based on these scores,
samples were categorized into higher and lower 50%
groups, followed by a comprehensive gene set enrich-
ment analysis (GSEA) [16].

Correlation of DFRS score with immune characteristics
across cancers

To explore the influence of disulfidptosis on the tumor
microenvironment, we calculated Pearson correla-
tion coefficients to assess the relationship between the
DEFRS score and various immune-related scores, includ-
ing immune, stromal, and ESTIMATE scores. Further-
more, we utilized the CIBERSORT algorithm to analyze
immune cell infiltration within the TCGA pan-cancer
datasets [17].

Processing for RNA sequencing

RNA sequencing was performed on 32 lung adenocar-
cinoma (LUAD) and 13 melanoma tissue specimens
from two in-house cohorts (Supplementary Table 3—4).
Total RNA was extracted from these tissue samples
using TRIzol reagent (Sigma-Aldrich, CA, USA). The
RNA purity was assessed using a NanoPhotometer
(IMPLEN, CA, USA), followed by the RNA Nano 6000
Assay Kit on a Bioanalyzer 2100 system (Agilent Tech-
nologies, CA, USA). Each specimen had 1 pg of RNA
as input for sample preparation. Sequencing libraries
were then constructed using the NEBNext® UltraTM
RNA Library Prep Kit, designed for Illumina® systems
(NEB, USA).
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Drug responsiveness related to DFRS score

To evaluate the clinical impact of DFRS, we investigated
their association with 141 clinically actionable genes
(CAGs), which include 121 genes targeted by therapies
and 20 genes linked to immunotherapy responses across
different cancers [18, 19]. To establish the relationship
between small-molecule drugs and the DFRS score, we
sourced area under the dose-response curve (AUC)
data for drugs tested on pan-cancer cell lines from the
Genomics of Drug Sensitivity in Cancer (GDSC) data-
base (https://www.cancerrxgene.org/downloads) [20].
We then determined the correlations between the AUC
values and DFRS scores. Only correlations with coef-
ficients greater than 0.1 and a P value below 0.05 were
deemed significant.

Cell Culture

We cultured lung adenocarcinoma cell lines, specifically
A549 and PC-9, alongside BEAS-2B cells originating
from normal human alveolar epithelial tissue, acquired
from the American Type Culture Collection (ATCC)
in Rockville, MD, USA. These cells were grown in Dul-
becco’s Modified Eagle’s Medium (DMEM) enriched
with 10% fetal bovine serum from Gibco (Waltham, MA,
USA), and maintained at 37 °C in a 5% CO2 atmosphere
with optimal humidity. We conducted migration and col-
ony formation assays on the A549 cell line.

RNA interference and transfection

For gene silencing, we used small interfering RNAs (siR-
NAs) targeting NCKAP1 and ACTN4, obtained from
Tsingke Bio Technology Co., Ltd. (Beijing, China). Two
distinct siRNA sequences were designed for each target
gene: si-NCKAP1-1: 5-CAUCCUAUCUUAUCGACA
A-3 and si-NCKAP1-2: 5-CAGACGACUUUAUAG
AUAA-3; si-ACTN4-1: 5- GCCACACUAUCGGAC
AUCAAA-3; and si-ACTN4-2: 5- CAUCGCUUCCUU
CAAGGUCUU-3! Transfections were performed on
A549 cells using 50 nmol/L of these siRNAs with Lipo-
fectamine 2000 (ThermoFisher, Massachusetts, USA),
and the knockdown efficiency was verified by RT-qPCR.

RT-qPCR

RNA was extracted from the cells using Trizol reagent
(Vazyme, Nanjing, China, R411-01) and reverse tran-
scribed using HiScript III RT SuperMix (Vazyme, China,
R323). RT-qPCR was performed with the Universal SYBR
Green Fast qPCR Mix (ABclonal, Hong Kong, China,
RK21203), using the 2(=8ACH ethod for quantification of
gene expression, with GADPH serving as the internal con-
trol. Primer details are listed in Supplementary Table 5.
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Clone formation assays

Post-transfection, cells were seeded in 6-well plates.
Following a two-week incubation, colonies were fixed
with 4% paraformaldehyde for 30 min and stained with
0.1% crystal violet for another 30 min. Colony images
were captured and analyzed using high-resolution
Image] software.

Cell migration assay

The migratory ability of LUAD cells was assessed using
a transwell setup (Corning 3422, 8 pm pore size) with-
out Matrigel. Cells were seeded in serum-free medium
in the upper chamber, and the lower chamber was filled
with medium containing 10% FBS. After 24 h at 37 °C,
cells were fixed and non-migratory cells were removed.
The migrated cells were stained with crystal violet, air-
dried, and imaged.

Statistical analysis

Data were expressed as mean + standard deviation (SD).
Statistical analyses were performed using ggplot2 in R
and GraphPad Prism 8, with a significance threshold set
at P < 0.05. Each experiment was replicated three times
to ensure consistency and reproducibility.

Results

Genomic variations of DRGs in different cancers

To elucidate the dysregulation of DRGs, we analyzed
comprehensive genomic datasets that included gene
expression, SNVs, SCNAs, and DNA methylation
across multiple cancer types. We focused on DRG
SNP datasets to determine the prevalence and types
of mutations. Our analysis showed particularly high
mutation rates in skin cutaneous melanoma (SKCM),
uterine corpus endometrioid carcinoma (UCEC), colon
adenocarcinoma (COAD), and bladder urothelial carci-
noma (BLCA), with a notable mutation rate of 72.61%
(1776 out of 2446 tumors) highlighted in Figure S1A.
Predominantly, missense mutations were observed, and
the genes most frequently mutated were FLNA, FLNB,
MYH9, TLN1, MYH10, IQGAP1, LRPPRC, ACTN4,
NCKAPI, and INF2, showing mutation rates of 17%,
15%, 14%, 12%, 11%, 8%, 7%, 7%, 6%, and 5%, respec-
tively, as detailed in Figure S1B.

SCNAs are widespread in cancers and significantly
impact tumor development. We closely examined SCNA
occurrences in DRGs across various cancers. The analy-
sis revealed a varied prevalence of SCNAs, with kidney
renal papillary cell carcinoma (KIRP), uveal melanoma
(UVM), and lymphoid neoplasm diffuse large B-cell lym-
phoma (DLBC) generally showing a lower frequency of
SCNA in most DRGs, as depicted in Fig. 1A. The SCNA
profiles of DRGs varied widely; for example, genes such
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as RPN1, ACTB, and DSTN typically showed more fre-
quent copy number gains than losses, whereas SCL7 Al11
and PDLIM1 displayed the opposite pattern.

Aberrant expression and prognostic implications of DRGs
across cancers

We undertook a comparative analysis of DRG expres-
sion between tumor samples and adjacent normal tis-
sues to identify variations in expression profiles. This
investigation revealed that every DRG showed differ-
ential expression in at least one cancer type, display-
ing unique expression patterns across different cancers.
For instance, SLC7 All was significantly overexpressed
in 15 cancer types, while TLN1 predominantly showed
under-expression (Fig. 1B). Subsequently, we assessed
the prognostic impact of DRGs utilizing the Cox propor-
tional hazards model, determining hazard ratios (HRs)
and p-values for each gene. DRGs with HRs greater than
1 and p-values below 0.05 were considered risk factors,
whereas those with HRs less than 1 and p-values below
0.05 were deemed protective. The results suggested that
each DRG correlated with survival outcomes in at least
one type of cancer (Fig. 1C). Further, we explored the
effect of somatic copy number alterations (SCNAs) on
DRG expression, revealing a strong association between
SCNAs and gene expression changes across many tumors
(Fig. 1D). In addition to SCNAs, promoter methylation
is another pivotal factor modulating gene expression.
Notably, aberrant DNA methylation within the promoter
region has been linked to the onset of tumors [21]. We
proceeded to examine the methylation levels of DRG
promoters across various cancers. Our analysis revealed
intricate methylation patterns for DRGs in pan-cancer
studies, with a predominant trend toward hypermethyla-
tion (Fig. 1E). While the methylation patterns for DRGs
varied, a pronounced correlation was evident between
methylation status and DRG expression levels (Fig. 1F),
highlighting the importance of SCNAs and promoter
methylation in modulating DRG expression across

(See figure on next page.)
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cancers, suggesting further areas for regulatory mecha-
nism exploration.

Pan-cancer identification of a 14-gene DFRS

Delving into the role of disulfidptosis in cancer progres-
sion, we identified a 14-gene DFRS suitable for pan-
cancer application. Starting with 23 candidate DRGs,
we applied LASSO regression within the TCGA training
cohort to refine the selection (Fig. 2A). Subsequent mul-
tivariate Cox regression analysis identified 14 prognosti-
cally significant genes—ACTB, ACTN4, CD2 AP, FLNA,
FLNB, INF2, IQGAP1, MYL6, NCKAP1, NDUFSI,
NUBPL, RPN1, NDUFA11, and SLC7 All. These genes
formed the basis of the DFRS. Further analyses revealed
similarities in expression trends among some of these
genes (Fig. 2B), and the hazard ratios for each were evalu-
ated to assess their prognostic relevance (Fig. 2C).

Landscape of DFRS in multiple cancers

The DFRS score demonstrated distinct tissue-spe-
cific patterns. Predominantly high DFRS scores were
observed in tumors originating from the brain and gas-
trointestinal tract. Conversely, low scores were com-
monly seen in tumors from specific endocrine glands
such as adrenocortical carcinoma (ACC), prostate
carcinoma (PRAD), thyroid carcinoma (THCA), pheo-
chromocytoma and paraganglioma (PCPG), and breast
invasive carcinoma (BRCA) (Fig. 3A). Interestingly,
despite originating from similar tissues, brain lower-
grade glioma (LGG) displayed significantly lower DFRS
scores compared to glioblastoma multiforme (GBM).
Within the TCGA training set, patients were classi-
fied into high or low DFRS groups based on median
scores. A high DFRS score correlated with poorer
outcomes across multiple survival metrics including
overall survival (OS), disease-specific survival (DSS),
and progression-free interval (PFI) (Fig. 3B). Valida-
tion of the signature’s prognostic significance was also
confirmed in both training and testing cohorts of the

Fig. 1 Dysregulation of disulfidptosis-related genes (DRGs). A Graphical representation of the frequency of somatic copy number variations

for DRGs in diverse cancer forms. Each bar represents a different cancer type, and the horizontal axis quantifies the frequency of observed
SCNVs. B This heatmap illustrates the differential expression of DRGs in various tumor tissues compared to normal counterparts. The expression
levels are log2-transformed fold changes (log2 FC), with red indicating upregulation and green indicating downregulation. The size of each
circle within the heatmap cells reflects the statistical significance (C) A summary of the relationship between the expression of DRGs

and survival in various cancers. Red indicates genes whose upregulation is correlated with poorer survival, and blue indicates genes correlated
with better survival. Only results with p < 0.05 are presented. D This heatmap presents the relationship between somatic copy number changes
and the expression levels of DRGs, analyzed using Spearman’s correlation coefficient. The size of each circle within the heatmap cells reflects
the statistical significance. (E) Heatmap showing the methylation variations in DRGs across cancer types; hypermethylated and hypomethylated
genes are indicated in red and blue, respectively (Wilcoxon signed-rank test). The size of each circle within the heatmap cells reflects the statistical
significance. F Pearson correlation analysis of DRG expression and promoter methylation. Red signifies positive associations, and blue denotes

negative associations



Xu et al. BMC Cancer

SLC7A11
GYS1
NDUFS1
NDUFA11
NUBPL
NCKAP1
LRPPRC
SLC3A2
RPN1
ACTN4
ACTB
CD2AP
CAPZB
DSTN
FLNA
FLNB
INF2
IQGAP1
MYH10
MYL6
MYH9
PDLIM1
TLN1

(2025) 25:1113

SLC7A11
GYS1
NDUFS1
NDUFA11
NUBPL
NCKAP1
LRPPRC
SLC3A2
RPN1
ACTN4
ACTB
CD2AP
CAPZB
DSTN
FLNA
FLNB
INF2
IQGAP1
MYH10
MYL6
MYH9
PDLIM1
TLN1

40

ACC

esca [l tec [l Pcrc [ THCA

sica il cam [ unc [l Prao [l THYM

[ BrcA [ HNsC

CEsC kich [l Lusc [ sarc
B crou [l krc [l veso [ skcm
[ coap 1] kirP ov [l smo
M osc [ tam paap ] TecT

wap ] READ | | UCEC

ucs
uvm

]

I Risky

>0.05

Protective

SLC7A11
GYS1
NUBPL
NCKAP1
LRPPRC
RPN1
ACTN4
ACTB
CD2AP
CAPZB
DSTN
FLNA
FLNB!
INF2
IQGAP1
MYH10
MYLE
MYH9
PDLIM1
TLN1

-log10(Pvalue)
.0
®
@ 2
@

Delta(T-N)
' 01
0.0

-0

VO NI R 0O, Q0P
LS PSR o et

CeD

Fig. 1 (Seelegend on previous page.)

TCGA, where high DFRS scores consistently indicated
worse clinical outcomes (Fig. 3C, D). Kaplan-Meier
survival plots for OS, DSS, and PFI across various can-
cer types in the training cohort are depicted in Figs. 4,
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Each line represents a gene, showing how its importance in the model varies as lambda changes. B The association between the DFRS core genes
is visualized using TCGA pan-cancer information. A darker shade implies a more robust association. C This forest plot displays the hazard ratios

for each DRG, quantifying their impact on survival in cancer patients. The x-axis represents the hazard ratio, with markers placed at the point
estimate for each gene and horizontal lines showing the 95% confidence intervals. Genes to the right of the vertical line at 1.0 are associated

with increased risk (poorer survival), whereas genes to the left are associated with decreased risk (better survival)

cell carcinoma (KIRC), KIRP, liver hepatocellular car-
cinoma (LIHC), lung adenocarcinoma (LUAD), pan-
creatic adenocarcinoma (PAAD), THCA, and UCEC.
For DSS, a similar trend is observed in BRCA, HNSC,
KIRC, KIRP, LIHC, LUAD, THCA, and UCEC, where
a high DFRS correlates with worse outcomes. Fur-
thermore, in the context of PFI, high DFRS scores

are linked to unfavorable prognoses in HNSC, KIRP,
LUAD, THCA, and UCEC.

Univariate Cox analysis across various cancer types
showed that the DFRS score served as a significant
prognostic indicator (Fig. 3E). The pan-cancer univari-
ate analysis yielded the following results. (1) Within
the training cohort, the DFRS score acted as a risk
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determinant in cancers such as LUAD (HR =1.714),
BLCA (HR =1.225), KIRP (HR =1.977), cervical squa-
mous cell carcinoma and endocervical adenocarcinoma
(CESC, HR =1.517), LIHC (HR =1.552), UCEC (HR
=1.562), KIRC (HR =1.776), HNSC (HR =1.386), LGG
(HR =1.789), and UVM (HR =2.967). (2) In the test-
ing set, the DFRS score emerged as a notable risk fac-
tor in cancers such as LUAD (HR =1.390), GBM (HR
=2.251), lung squamous cell carcinoma (LUSC, HR
=1.447), UCEC (HR =2.230), HNSC (HR =1.647),
LGG (HR =3.589), and UVM (HR =3.793). These find-
ings revealed that the DFRS score is a potential prog-
nostic biomarker for five cancer types, namely, LUAD,
UCEC, HNSC, LGG, and UVM. Receiver operat-
ing characteristic (ROC) curve analysis revealed area
under the curve values of 0.68, 0.7, and 0.69 for 1-, 3-,
and 5-year OS in the training set (Figure S5A); the area
under the curve values for the testing set were 0.68, 0.7,
and 0.68 (Figure S5B), signifying that the DFRS pos-
sessed moderate predictive precision. We extended
its application to several external validation groups,
and the findings similarly showed that a high DFRS
score corresponded to a worse prognosis (Figure S6).
Interestingly, although there was no notable dispar-
ity between the high and low DERS score groups in
the TCGA-BRCA dataset, the DFRS score had a good
predictive value in HER-2-positive breast cancer and
triple-negative breast cancer subgroups in the META-
BRIC dataset. In summary, these results suggest that
the DFRS score may have a predictive value in certain
cancer types, particularly where significant associations
with prognosis were observed.

Developing a nomogram including the DFRS score
for predicting patient survival across cancer types
To enhance the practical application of the DFRS score in
clinical prognosis, we created a detailed nomogram that
combines the DFRS score with other clinical factors such
as patient age and specific cancer types (Fig. 5A). The

(See figure on next page.)
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calibration curves for 3-year and 5-year overall survival
(OS), shown in Fig. 5B, closely match the ideal model,
indicating an accurate predictive performance by the
nomogram compared to actual survival outcomes.

Correlation of DFRS score with tumor malignancy features
The transformation of normal cells to a malignant state
involves changes like increased proliferation, active epi-
thelial-mesenchymal transition (EMT), and enhanced
angiogenesis, reflecting aggressive tumor traits. Using
z-score normalized analyses across the TCGA pan-can-
cer dataset, our findings demonstrated positive correla-
tions between the DFRS z-score and EMT z-score (R
=0.3, p< 2.2e-16), as well as cell cycle z-score (R =0.13,
p< 2.2e-16) (Fig. 6B-C). Moreover, Cancer-type specific
analysis revealed heterogeneous DFRS-EMT associa-
tions across 32 malignancies (Fig. 6D). Although statis-
tically significant (p= 1.4e-12), the DFRS-angiogenesis
correlation was negligible (R =0.07) (Fig. 6A). Addition-
ally, we explored the connection between the DFRS score
and GSVA scores of pathways known to facilitate tumor
growth. Our analysis showed significant links with sev-
eral critical pathways, notably the IL6-JAK-STAT3 and
WNT beta-catenin signaling pathways, which were par-
ticularly active in tumors with high DFRS scores (Fig. 6E).
This association underscores that increased disulfidptosis
within the tumor microenvironment aligns with more
aggressive tumor characteristics.

Interaction of DFRS score with the tumor
microenvironment

Tumor immunity is crucial for influencing tumor pro-
gression and determining patient outcomes [22]. Exam-
ining the impact of disulfidptosis on tumor immunity,
we utilized the ESTIMATE algorithm to derive immune
scores, stromal scores, and overall ESTIMATE scores
across the TCGA pan-cancer dataset [23]. Multivariate
linear regression, adjusted for cancer type, revealed sig-
nificant correlations between the DFRS score and these

Fig. 3 Prognostic performance of the 14-gene disulfidptosis-related signature (DFRS). A This plot visualizes the distribution of DFRS scores
among the study population, arranged sequentially from the highest to the lowest. The x-axis represents individual patients, organized in ascending
order of their DFRS scores, while the y-axis quantifies the DFRS scores. B This bubble chart graphically represents the results of Cox proportional
hazards analysis, examining the impact of DFRS scores on survival across different cancer types. Different bubble colors correspond to different
types of cancer and the size of the bubble indicating the statistical significance of the association. C Kaplan-Meier graphs highlighting the link
between the DFRS score and indicators such as overall survival (OS), progression-free interval (PFl), and disease-specific survival (DSS) in the TCGA
pan-cancer training set (n= 6484) (log-rank test, p < 0.05). The curves segregate patients based on median DFRS score into high and low groups.
D Kaplan—-Meier analysis displays the relationship between the DFRS score and OS, PFl, and DSS for patients in the TCGA pan-cancer testing set
(n=2780) (log-rank test, p < 0.05). Blue represents high DFRS score, and yellow represents low DFRS score. E Forest plots depicting univariate

Cox regression outcomes in the training and test sets. Each plot evaluates the hazard ratios for DFRS in predicting survival outcomes, with points
representing the hazard ratios and horizontal lines denoting 95% confidence intervals
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Fig. 5 Evaluating the accuracy of nomogram characteristics in forecasting pan-cancer outcomes. A The nomogram integrates various prognostic
variables which may include age, disulfidptosis-related signature (DFRS) score, and cancer types. Each factor is represented on a separate line

with points assigned based on its prognostic weight. The total points accumulated from all factors correlate with the predicted survival at specific
time points, providing a personalized survival prediction. B The model’s calibration to validate the alignment between predicted and actual survival
outcomes. The x-axis represents the predicted survival probabilities, while the y-axis denotes the observed survival probabilities. A 45-degree line

indicates perfect prediction accuracy. Points or a line fit to the data show how well the nomogram’s predictions match the actual outcomes

metrics. Notably, in 13 of the 32 cancer types analyzed,
including BLCA, BRCA, and PAAD, there were substan-
tial positive correlations with the immune score. The
DERS score also showed a positive correlation with the
stromal score and an inverse relationship with tumor
purity (Fig. 7A). Furthermore, we performed a Spear-
man correlation analysis between the DFRS score and
75 immune-associated genes [24]. The findings indicated
that MHC genes, immunosuppressive genes, chemokines
and their receptors predominantly exhibited positive cor-
relations with the DFRS score across various cancers,
including ACC, BLCA, BRCA, COAD, Kidney chromo-
phobe (KICH), KIRC, KIRP, LGG, LIHC, Mesothelioma
(MESO), Ovarian serous cystadenocarcinoma (OV),
PAAD, PCPG, PRAD, Rectum adenocarcinoma (READ),
Thymoma (THYM), THCA, and UVM. However, Chol-
angiocarcinoma (CHOL) and Testicular germ cell tumors

(See figure on next page.)

(TGCT) exhibited negative correlations (Fig. 7B). By
employing the CIBERSORT algorithm, we analyzed the
composition of 22 immune cell types within tumor sam-
ples [25]. The findings highlighted that the infiltration
patterns of immune cells were distinct and cancer spe-
cific. For example, the level of CD4 +T memory acti-
vated cells was correlated positively with the DFRS score
in cancers such as BRCA and BLCA, but it was not a uni-
versal trend across all cancers. In addition, the level of
tumor growth-promoting macrophages (M1-like) had a
negative relationship with the DFRS score in BRCA but
a positive relationship in ESCA, which implied an immu-
nostimulatory microenvironment in certain cancer types.
These findings suggest a notable association between the
DERS score and the immune landscape in a subset of the
cancer types studied, highlighting the potential interplay
in specific contexts.

Fig. 6 The relationship between the disulfidptosis-related signature (DFRS) score and malignant features of the tumor. A DFRS z-score

and EMT z-score Correlation between the DFRS z-score and angiogenesis z-score across cancers. The x-axis represents the angiogenesis z-score,
while the y-axis denotes the DFRS z-score. B Correlation between the DFRS z-score and epithelial to mesenchymal transition (EMT) z-score

across cancers. The x-axis is the EMT z-score, and the y-axis represents the DFRS z-score. C Correlation between the DFRS score and cell cycle
distribution across cancers. The x-axis represents the cell cycle z-score, while the y-axis denotes the DFRS z-score. D Correlation of the DFRS score
and EMT phenotype of 32 cancer types. The x-axis is the EMT z-score, and the y-axis represents the DFRS z-score E Enrichment analysis of 50
HALLMARK pathways between tumor samples with high versus low DFRS scores across cancers. Red represents positive correlation, blue represents
negative correlation, and the size of the bubble indicates the statistical significance of the association. The x-axis represents 50 HALLMARK

pathways, and the y-axis represents the corresponding 32 cancer types
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Fig. 7 Correlations between the disulfidptosis-related signature (DFRS) score and immune features. A The association between the DFRS

score and various metrics, including the immune score, stromal score, ESTIMATE score, tumor purity, and tumor mutational burden (TMB). Red
represents positive correlation, blue represents negative correlation. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. B Circos plot illustrating

the ties between the DFRS score and the expression patterns of immune-related genes in diverse cancers. The plot is structured with multiple
layers representing different aspects of gene expression correlation. From the innermost to the outer layer, the plot visually encodes the strength

of correlation between the DFRS score and various immune genes. Red indicates positive correlations, while blue denotes negative correlations.
The vertical reference line, highlighted by a black arrow, marks the delineation of distinct cancer types, each detailed by the y-axis of plot C. C

A heatmap that details the link between the DFRS score and the levels of infiltrating immune cells across cancers. Each row of the heatmap
represents a different type of immune cell, while each column corresponds to a different cancer type. The color intensity within the heatmap
indicates the strength of the correlation between the DFRS score and the abundance of each immune cell type. Red represents positive correlation,
blue represents negative correlation, and the size of the bubble indicates the statistical significance of the association
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Correlation between DFRS Score and immunotherapy
response

Immune checkpoint therapy has advanced significantly
with the introduction of PD-1/PD-L1 targeting immu-
notherapies [26, 27]. Exploring the link between the
DERS score and the effectiveness of PD-1/PD-L1 immu-
notherapies, we assessed the correlation of the DFRS
score with tumor mutational burden (TMB). Our analy-
sis showed that the DFRS score was positively correlated
with TMB across nine cancer types, including BRCA and
BLCA (Fig. 7A). The results suggested that certain can-
cer types might exhibit heightened sensitivity to immu-
notherapy in patients with elevated DFRS scores. This
hypothesis was further supported by analysis in various
immunotherapy datasets, where a high DFRS score gen-
erally correlated with better immunotherapy outcomes
(Fig. 8A-D). Additionally, analysis of the independent
GSE103668 dataset revealed that higher DFRS scores
were associated with favorable responses to therapy in
triple-negative breast cancer (Fig. 8E). Notably, in both
clinical in-house cohorts, patients with higher DFRS
scores exhibited better responses to immunotherapy

A GSE91061 B

phs000452 C
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(Fig. 8F-G). In summary, these insights highlighted the
potential for the DFRS score to serve as a biomarker for
immunotherapy responsiveness.

Drug sensitivity analysis

Investigating the clinical implications of disulfidptosis,
we analyzed co-expression between the core genes in the
DERS and 141 clinically actionable genes (CAGs) tar-
geted in therapies across various cancers. These CAGs
included 121 genes identified for targeted therapy and
20 genes for immunotherapy in multiple cancers [18,
19]. Our analysis revealed that all 121 CAGs for targeted
therapy and the DFRS core genes exhibited significant
co-expression associations, with notable variations across
different cancers, as shown in Fig. 9A. The number of
CAGs associated with the DFRS core genes varied, rang-
ing from 108 in UCS to 121 in UVM (Fig. 9B). The num-
ber of pairs of co-expressed genes between the DFRS
core genes and CAGs ranged from 522 in UCS to 1477 in
KIRC (Fig. 9C). For example, ACTB was positively asso-
ciated with 20 immunotherapy-targeted genes (Fig. 9D).
This suggests that ACTB might influence the efficacy of
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cancer immunotherapy. These observations indicate that
disulfidptosis modulates drug responses by interacting
with CAGs.

To deepen our understanding of the link between
disulfidptosis and drug sensitivity, we employed the AUC
to evaluate drug responsiveness. The findings showed
a remarkable correlation between the DFRS score and
sensitivity to 84 distinct drugs. Of these, 19 exhibited a
negative correlation, while 65 showed a positive corre-
lation with the DFRS score. To discern the influence of
individual the DFRS core genes on drug sensitivity, we
examined the relationships between sensitivity to 84
drugs and the expression of the DFRS core genes, iden-
tifying 521 significantly correlated DRG-CAG pairs
(Fig. 9E). Notably, MYL6 and FLNB were each associated
with the AUC values of 76 drugs each. These correlations
were used to further categorize the DFRS core genes into
two groups. One group comprised genes such as CD2
AP, MYL6, and FLNB. These genes exhibited a positive
correlation with the AUCs of BRAF and MEK inhibitors,
such as trametinib, selumetinib, refametinib, dabrafenib,
and PLX —4720. The other group included genes such
as ACTN4 and FLNA, which were negatively associ-
ated with the AUC values of BRAF and MEK inhibitors.
In conclusion, our findings indicate that both the DFRS
score and DRG expression have significant correlations
with sensitivity to multiple drugs.

Functional validation of core genes in DFRS for LUAD

To explore the potential value and biological role of
high-risk genes (HR >1) from our model, we focused on
NCKAP1 and ACTN4 in lung adenocarcinoma (LUAD).
RT-qPCR analysis across A549, PC-9, and BEAS-2B
cell lines revealed elevated expression of both NCKAP1
(Fig. 10A) and ACTN4 (Fig. 10B) in LUAD cells com-
pared to normal BEAS-2B controls. Gene-specific silenc-
ing was achieved using two independent siRNAs for each
target: si-NCKAP1-1/2 and si-ACTN4-1/2. The effective
suppression of NCKAP1 and ACTN4 was confirmed by
RT-qPCR, as depicted in Fig. 10C-D. This knockdown
resulted in a decreased colony formation capability in

(See figure on next page.)
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the A549 cell line, demonstrated in Fig. 10E-F. Moreo-
ver, transwell assays revealed that silencing NCKAP1
and ACTN4 impaired the migratory capabilities of A549
cells, as evidenced in Fig. 10G-H. These results collec-
tively suggest that NCKAP1 and ACTN4, as high-risk
genes, play a critical role in promoting cell proliferation
and migration in LUAD, positioning them as promising
therapeutic targets for the treatment of LUAD.

Discussion

Cancer’s complexity is accentuated by numerous factors
such as altered intracellular metabolism, immune eva-
sion, cell cycle anomalies, and persistent inflammation
[28]. The identification of disulfidptosis and its associ-
ated mechanisms unveils promising avenues for target-
ing this novel form of cell death. At the molecular level,
disulfidptosis is closely intertwined with various cel-
lular processes and intersects with key cancer-related
signaling pathways. For instance, the PI3 K-AKT-
mTOR pathway, which is often dysregulated in cancers,
may impact the intracellular redox environment, a cru-
cial factor in disulfidptosis. In certain cancer types, the
over-activation of this pathway may disrupt cysteine
metabolism, a critical element of disulfidptosis, poten-
tially enhancing or inhibiting the process[29]. Further-
more, disulfidptosis does not operate in isolation but
interacts with other cell death mechanisms. In cer-
tain cancers, the coexistence and interaction between
disulfidptosis, apoptosis, necroptosis, and ferroptosis
dictate the fate of tumor cells[30]. Recent studies have
begun to unravel the clinical relevance of disulfidptosis
in specific cancers. For instance, a 2023 study on colon
adenocarcinoma (COAD) identified six disulfidptosis-
related IncRNAs (DRLs) that strongly correlated with
prognosis and immune escape, highlighting the poten-
tial of disulfidptosis-related signatures as prognostic
biomarkers [31].

Emerging evidence suggests post-translational modifi-
cations, particularly S-palmitoylation, may serve as criti-
cal regulators of disulfidptosis. While our multi-omics
analysis identified widespread dysregulation of DRGs

Fig. 9 Drug sensitivity analysis. A The heatmap displays the DFRS core genes from the disulfidptosis-related signature (DFRS) and 121
drug-targeted genes. The x-axis represents 121 drug-targeted genes, while the y-axis shows 14 the DFRS core genes. Red represents a positive
correlation, while blue represents a negative correlation. B The count of clinically actionable genes (CAGs) associated with the DFRS core genes
across pan-cancer, with the y-axis representing the number of CAGs. C The bar chart displays the number of co-expressed DRG-CAG pairs,

with the y-axis representing the number of co-expressed DRG-CAG pairs and the x-axis representing 32 cancer types. Yellow indicates positive
correlation, and blue indicates negative correlation. D This heatmap illustrates the co-expression relationships between the DFRS core genes and 20
genes used in immunotherapy. The x-axis represents genes used in immunotherapy, while the y-axis shows the DFRS core genes, with the strength
of co-expression indicated by color intensities. E The heatmap explores the correlation between DRG expression levels and the dose-response
curve for drugs. The x-axis represents 14 the DFRS core genes, and the y-axis represents 84 drugs. Red represents a positive correlation, while blue

represents a negative correlation
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(e.g., SLC7 All and GYS1), recent studies reveal that
S-palmitoylation dynamically modulates membrane local-
ization and stability of redox-related transporters [32].
Intriguingly, the intersection between palmitoylation and
disulfidptosis extends beyond oncology. In diabetic neu-
ropathy, PRDX6 coordinates S-palmitoylation-dependent
redox signaling to mitigate oxidative damage—a mecha-
nism that mirrors the NADPH buffering system central to
disulfidptosis regulation [33]. Although our study focused
on cancer, the shared reliance on cysteine metabolism
suggests potential therapeutic cross-talk. For example,
PRDX6-mediated palmitoylation in neuronal cells may
protect against disulfidptosis-like cascades triggered by
glutathione depletion, a phenomenon observed in Par-
kinson’s disease models. This dual role highlights the need
for tissue-specific targeting strategies when modulating
disulfidptosis-related pathways.

Despite the key role of disulfidptosis in tumors, its
exploration across various cancer types remains largely
uncharted. No comprehensive studies have delved into
the role of disulfidptosis across diverse malignancies.
Our study leveraged multi-omics data from various data-
bases to comprehensively assess disulfidptosis-related
genetic, epigenetic, and transcriptional alterations in dif-
ferent cancers. We found widespread aberrant expres-
sion of DRGs, influenced significantly by copy number
alterations and DNA methylation. Employing LASSO
and multivariate Cox analyses, we crafted a signature
that quantifies disulfidptosis modifications and linked
the DFRS score with immune features, survival out-
comes, responses to therapies, and drug sensitivities.
This connection highlights potential cancer-specific
therapeutic opportunities that could improve targeted
treatment approaches. Our research builds a foundation
for deeper exploration into disulfidptosis in the tumor
microenvironment, setting the stage for future biomarker
development.

The TME plays a critical role in cancer progression,
therapy resistance, and the efficacy of immunother-
apy [34]. We examined the relationship between the
DERS score and the TME, finding that the DFRS score
positively correlated with immune and stromal scores
across multiple cancers, indicating an immune-active
TME. This could potentially enhance the effectiveness

(See figure on next page.)
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of immunotherapy in certain cancers. Recent advances
emphasize immunotherapy as a transformative treat-
ment, yet variable clinical response rates pose challenges.
TMB is recognized as a key indicator for predicting ICI
response across a spectrum of cancers [35-37]. Prior
research has shown that individuals with elevated TMB
levels generally have better response rates and improved
outcomes with immunotherapy [38]. Our analysis con-
firmed a positive relationship between the DFRS score
and TMB in nine cancers, including BLCA and BRCA,
suggesting that high DFRS scores might predict better
responses to ICIs. In addition, prior research has indi-
cated that elevated levels of immune checkpoints cor-
relate with enhanced responsiveness to ICI treatments
[39-41]. We found that high DFRS scores were associ-
ated with increased expression of immune checkpoints,
which could predict improved responses to ICIs. Moreo-
ver, in multiple immunotherapy datasets, we identified
that patients with a high DFRS score undergoing ICI
treatment exhibited superior immunotherapy responses.
Therefore, our findings validate the profound associa-
tion between elevated DFRS scores and the pan-cancer
TME and suggest that the DFRS score could be used as
a promising biomarker to gauge ICI treatment efficacy
in tumor patients. Despite the advances, the detailed
molecular mechanisms of disulfidptosis in cancer ini-
tiation and progression are still emerging. Our findings
linked the DEFRS score with key cancer pathways like
IL6-JAK-STAT3 and WNT beta-catenin, providing
insights into potentially unique tumor dynamics influ-
enced by disulfidptosis. Moreover, we observed that the
DERS core genes were co-expressed with most clinically
actionable genes (CAGs), suggesting that disulfidpto-
sis could influence responses to various cancer drugs.
This co-expression pattern indicates that targeting these
pathways may have broad regulatory effects on tumor
behavior, potentially improving therapy outcomes by
modulating disulfidptosis.

Our study highlights the potential role of disulfidpto-
sis as a promising target for cancer treatment. This study
offers several distinct advantages over prior investiga-
tions. First, while earlier research primarily focused on
the development and validation of prognostic models
for individual cancer types [42—44], our work sought to

Fig. 10 Role of NCKAP1 in enhancing proliferation and migration in LUAD cells. A RT-gPCR validation of NCKAP1 expression across BEAS-2B, A549,
and PC9 cell lines. B RT-qPCR validation of ACTN4 expression across BEAS-2B, A549, and PC9 cell lines. C RT-gPCR analysis confirmed the effective
knockdown of NCKAP1 in A549 cells using two siRNAs. D RT-gPCR analysis confirmed the effective knockdown of ACTN4 in A549 cells using

two siRNAs. E ImagelJ analysis of colony formation in A549 cells transfected with either control or si-NCKAP1 siRNAs. F ImageJ analysis of colony
formation in A549 cells transfected with either control or si-ACTN4 siRNAs. G Transwell assays comparing the migration of control cells to that of
cells with NCKAP1 knockdown. H Transwell assays comparing the migration of control cells to that of cells with ACTN4 knockdown. *p < 0.05, **p <

0.01, **p < 0.001.
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evaluate disulfidptosis levels across cancers, making our
signature more broadly applicable. Moreover, our findings
provide a comprehensive overview of gene expression
patterns, signaling pathways, immunotherapy response,
and the clinical value of the DFRS score in cancers. Fur-
thermore, we utilized two in-house cohorts to assess
the predictive power of the DFRS score in the context of
immunotherapy, demonstrating its practical relevance
in real-world settings. This holistic approach has signifi-
cant implications for both clinical guidelines and clini-
cal practice. However, our study has certain limitations.
First, while the DFRS demonstrated moderate prognostic
capacity, its predictive accuracy falls short of the thresh-
olds required for direct clinical translation. Additionally,
although it has been validated using multiple independ-
ent datasets and two in-house clinical cohorts for immu-
notherapy, further validation in larger, prospectively
collected cohorts is essential to improve its discriminative
power. Second, while our study identified a potential link
between disulfidptosis and cancer-related pathways, such
as IL6—JAK-STAT3 and WNT beta-catenin, the precise
molecular mechanisms underlying disulfidptosis in cancer
progression remain unclear. Future research should focus
on experimental validation of these pathways to explore
their viability as therapeutic targets. Third, the therapeu-
tic implications of DFRS require further functional inves-
tigation. While bioinformatic drug sensitivity predictions
hold some value, direct experimental evidence linking
disulfidptosis modulation to treatment efficacy remains
limited. A systematic CRISPR screening of the DFRS core
genes across cancer cell lines, combined with pharma-
cogenomic profiling, could bridge this knowledge gap. In
conclusion, while our findings highlight the potential of
disulfidptosis as a pan-cancer biomarker, more extensive
studies with diverse datasets, experimental validation, and
deeper mechanistic insights are required to fully assess its
clinical relevance and therapeutic potential.

Conclusions

This study establishes disulfidptosis as a pan-cancer
biomarker system through three key advances. First,
we developed the first multi-omics-derived DEFRS,
integrating 14 core genes, which is capable of pre-
dicting the prognosis of certain cancers. Second, the
DERS stratifies tumor immune landscapes, predicting
immunotherapy response in melanoma, LUAD, and
triple-negative breast cancer. Third, pharmacogenomic
profiling revealed druggable targets, and functional val-
idation confirmed the role of ACTN4 and NCKAP1 in
LUAD metastasis. These findings transform disulfidp-
tosis from a biochemical phenomenon into a clinical
decision framework, providing validated biomarkers
and therapeutic combinations for precision oncology.
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