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ABSTRACT. Purpose. To explore the association between disulfidptosis
and breast cancer. Methods. The METABRIC cohort containing clinical
data and gene expression data was downloaded. Based on 9 previously
reported disulfidptosis-related genes, we performed correlation analysis,
Cox regression analysis, and least absolute shrinkage and selection
operator (LASSO) regression analysis to screen genes and then constructed
a prognostic model, the effectiveness of which was validated in external
data sets including METABRIC validation data and GSE20685. A risk
score was calculated then and samples were divided into high- and low-
risk group based on the median value. Enrichment analysis, immune
microenvironmental analysis, and drug sensitivity analysis were also
carried out. Results. A total of 7 genes was finally identified after LASSO
regression analysis. We constructed a nomogram predict model. The area
under curve (AUC) values for survival rates at most time points were
larger than 0.650, no matter in the METABRIC training data, METABRIC
validation data, or in the GSE20685 data. Dividing into two groups based
on the median risk score can effectively distinguish the prognosis of patients
(P <0.001 in the internal group, P = 0.064 in the METABRIC training data,
and P < 0.001 in the GSE20685 data). High-risk group was associated with
a significantly lower infiltration level of cytotoxic lymphocytes compared
with low-risk group (P = 0.026), while the infiltration levels of stromal cells
were the opposite. Conclusions. The study provided valuable insights into
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the association between breast cancer and disulfidptosis. The findings needs
to be validated in further studies.
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INTRODUCTION

Breast cancer poses a major threat to women's health in the world. The latest report shows
that breast cancer is now the most common type of cancer worldwide, accounting for about one
eighth of the global new cancer cases (American Cancer Society, 2023). Breast cancer may occur
at any age after puberty, and its incidence rate increases with age (Shah A et al., 2022). Although
in the past decades, scientific researchers have achieved remarkable progress in the prevention and
treatment of breast cancer, its mortality rate still ranks fifth among all the cancer types worldwide
(Sung H et al., 2021). Therefore, it is necessary to carry out more clinical and translational research
on breast cancer, so as to find more effective therapeutic targets and reduce the disease burden.

Metabolic reprogramming is plays an important role in cancer biology, which often leads to
cancer cells being highly dependent on specific nutrients or metabolic pathways. Selectively and
targeted killing of cancer cells has been widely used in today’s era of precision oncology (Stine
ZE et al., 2022). Programmed cell death plays an important role in cancer metabolic therapy. For
example, there is a growing number of evidence that ferroptosis, one of the programmed cell death
types that is dependent on iron metabolism and characterized by abnormal intracellular accumulation
of lipid peroxides, is involved in many aspects of breast cancer, such as tumorigenesis, development,
and metastasis (Sui S et al., 2022). Therefore, inducing ferroptosis in cancer cells can effectively
inhibiting tumor growth, which has become a promising strategy for treating breast cancer (Li Z et
al., 2020; Liu Y et al., 2022).

Recently, a novel programmed cell death form has been revealed, which is named
disulfidptosis (Liu X et al., 2023). Liu et al. reported that under glucose starvation conditions, high
expression of member 11 of the solute carrier family 7 (SLC7A11) accelerates the depletion of
nicotinamide adenine dinucleotide phosphate (NADPH) in the renal cancer cell cytoplasm. The
accumulation of irreducible disulfides induces disulfide stress, ultimately leads to disulfidptosis.
SLC7AL11 is responsible for the uptake of cysteine, and in renal cancer cells, as the concentration
of SLC7AL11 increases, the uptake rate of cysteine also accelerates. Under normal circumstances,
NADPH can neutralize disulfide stress and so maintain intracellular homeostasis through its reducing
ability. However, glucose starvation conditions limit the production of NADPH through the pentose
phosphate pathway. Additionally, cystine accumulation mediated by SLC7A11 further reduces the
NAPDH level, and induces the disulfide accumulation. Disulfide bonds between actin cytoskeleton
proteins was triggered then, which eventually leads to disulfidptosis.

Although the role of earlier discovered programmed cell death forms, such as ferroptosis
and pyroptosis in breast cancer have been studied in many studies, the role of disulfidptosis remains
unclear. In the present study, through identifying disulfidptosis-related genes and performing the
subsequent analyses using corresponding data, we explored the potential role of disulfidptosis in the
prognosis, microenvironment, and drug sensitivity of breast cancer.
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MATERIALS AND METHODS

Source of data

The METABRIC cohort containing clinical data and gene expression data was downloaded
from https://www.cbioportal.org/. The dataset included a total of 1904 tumor samples with clinical
information and mRNA expression data. We randomly selected 1700 samples as our training dataset,
and the remaining samples were used as METABRIC validation data for external validation. To
further confirm the robustness of our results, we also downloaded the GSE20685 dataset for external
validation.

Identification of disulfidptosis-related genes

The present paper aimed to screen disulfidptosis-related genes with prognostic value. Firstly,
we selected a total of 9 previously reported disulfidptosis-related genes. Secondly, we performed
GSVA analysis on the 9 genes, and then we performed single-gene correlation analysis on the
GSVA score. We chose genes with adjusted P value of the correlation results < 0.05 and correlation
coefficient > 0.5 as disulfidptosis-related genes and subjected them to further analysis.

Prognostic model construction and validation

Cox regression analyses were performed and then genes with P value < 0.05 were selected for
the subsequent least absolute shrinkage and selection operator (LASSO) regression analysis, by the
use of “fit_lasso” function of the “hdnom” R package. Specifically, we set the following parameters
as follows: nfolds = 10, seed = 1001, and rule = “lambda.lse”. Next, we used “as nomogram”
function to construct a nomogram predict model. Internal validation and external validation were
then performed using “validate” function and “validate external” function on METABRIC training
data, and METABRIC validation data as well as GSE20685 dataset, respectively. Calibrate curves
were plotted using “calibrate” function for internal calibration and “calibrate _external” function
for external calibration. We used “kmplot” function to evaluate the prognostic predict ability of the
model. The parameters “group,name” was set as “c(‘High risk’, Low risk’)”

We used “predict” function to calculate a risk score for each sample. Then, based on the
median risk score, the samples were divided into two groups: the high-risk group and the low-risk
group. The grouping results were used for subsequent analysis.

Differential analysis based on grouping results

We used “limma” R package to perform differential analysis based on the above grouping
results and identified genes with P value less than 0.05 and log2(fold change) larger than 0.5 as
differentially expressed genes. We then used “pheatmap” function to plot the heatmap and used
“ggplot” function to plot the volcano plot, respectively, based on the identified differentially
expressed genes. Enrichment analyses were then performed using gene set enrichment analysis
(GSEA) based on Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and
Hallmarks gene sets to investigate the biological functions of differentially expressed genes.
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Analysis on tumor microenvironment

ESTIMATE and MCP-counter are two commonly used algorithms for analyzing the tumor
microenvironment (Yoshihara K et al., 2013; Becht E et al., 2016). In the present study, we used
ESTIMATE and MCP-counter methods to estimate the relative infiltration level of immune and
stromal cell types and then compare them between the high-risk and low-risk groups.

Drug sensitivity analysis

We utilized the “oncoPredict” R package to predict the IC,  values of each sample to different
compounds, based on the Genomics of Drug Sensitivity in Cancer (GDSC, version 2) data, which
contains the IC_ value data of 198 compounds in 809 cell lines (Maeser D et al., 2021).

Statistical analysis

All the above analyses were performed using R 4.3.2, and figures were generated used the
corresponding functions in R software and then edited using Adobe Illustrator 2020 (version 24.0.3).
P value less than 0.05 was considered as statistically significant.

RESULTS

Identification of disulfidptosis-related genes

In the present study, we used a previously reported genelist that are associated with
disulfidptosis, which is composed of the following 9 genes: SLC7A11, SLC3A2, RPN1, NCKAPI,
WASF2, CYFIP1, ABI2, BRK1, and RACI. Firstly, we performed GSVA algorithm based on the
genelist to generate disulfidptosis score. We obtained 452 genes using a correlation coefficient
greater than 0.5 as the screening criterion, which were then shortened to 54 genes through univariate
cox regression analysis with p value less than 0.2. Finally, a total of 7 genes was obtained and used
for the later analyses after LASSO regression analysis, with penalty coefficients not equal to zero:
ESRPI1, ATXN3, MAD2L1, RPL6, PCDH17, ARFGAPI1, and VANGLI.

Construction of Nomogram model

We used “as_nomogram” function of the “hdnom” R package to plot Nomogram considering
the above 7 genes (Figure 1A). ROC analysis was then performed to assess the efficiency of the
nomogram, the results showed that the AUC values for 24-month, 30-month, 36-month, 42-month,
and 48-month survival rates were all larger than 0.650 (Figure 1B). We used calibration curves to
evaluate the predictive accuracy of nomogram model. Calibration curves of 3-year and 5-year were
relatively close to 45-degree diagonal lines, which indicates a relatively good agreement between the
predicted and observed survival probabilities in the METABRIC breast cancer cohort. (Figure 1C).

We next performed external validation to further confirm the reliability of the nomogram
prediction model in external datasets: METABRIC training data and GSE20685 data. As a result,
the AUC values of 12-month and 24-month survival rates were both larger than 0.650 in the
METABRIC validation data (Figure 2A) and the AUC values of 3-month, 6-month and 12-month
survival rates were both larger than 0.690 in the GSE20685 data (Figure 2B). Calibration curves of
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3-year and 5-year in the METABRIC data were showed in (Figure 2C), and Calibration curves of
1-year in the GSE20685 data were showed in (Figure 2D), respectively.

Then, we dividled METABRIC breast cancer samples into high- and low-risk groups based
on the median value of the risk score predicted by the model. The grouping results can effectively
distinguish the prognosis, that is, high-risk group was associated with a significantly worse survival
rates compared to the low-risk group (P < 0.001 in the internal group, P = 0.064 in the METABRIC
training data, and P < 0.001 in the GSE20685 data).

Differential gene analysis between low-risk and high-risk groups

We used the “limma” R package to identify the differentially expressed genes between low-
and high-risk groups. we identified a total of 1648 differentially expressed genes (736 up-regulated
and 912 down-regulated) (Figure 3A and 3B). Next, we performed GO and KEGG enrichment
analysis to explore the functions of these genes. The GO entries primarily enriched on the following
pathways: chromosome segregation, nuclear division, microtubule binding and cytoskeletal motor
activity, etc. (Figure 3C) The KEGG enrichment results showed that cell cycle, human T cell
leukemia virus 1 infection and cellular senescence, etc. (Figure 3D).

We also performed GSEA on METABRIC breast cancer cohort using HALLMARKS gene
sets. The three most activated pathways were UV response down, estrogen response, and epithelial-
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Figure 1. Prognostic model construction.

(A) Nomogram constructed in the METABRIC training data.

(B) AUC values for predicting survival probability at different times in the METABRIC training data.

(C) Calibration curves for 2-year, 3-year, and 5-year survival probability in the METABRIC training data.

Genetics and Molecular Research 23 (3): gmr2338



Jun-Gang W, et al

A B |~
\
oro{ | —= 0.704 e
iy N

Q i Q
S o S S
4 = <3 4 B !
5 5 B /]
T 065 T 069
5 5
8 8
< < \

i 0.68-

8 9 12 15 18 21 24 3 6 9 12
Time (months) Time (months)
3-year calibration 5-year calibration 1-year calibration
METABRIC validation data METABRIC validation data GSE20685 validation data

1.00 1.00 1.00
2 '} = 2
5 $ 5 5
§ 075 ! a 075 @ 075
3 1 3 2
2 2 2
[ [ [
K] @ T
g 2 2
S 050 S o0s0 S 0509
5 5 5
2] @ @
3 3 3
S 025 S o2s S o025
2 2 2
2 2 2
o o [e]

0.00 0.00 0004

0.00 025 050 075 1.00 0.00 025 050 075 1.00 000 025 050 075 1.00

Predicted Survival Probability

Predicted Survival Probability

Figure 2. External validation.

Predicted Survival Probability

(A) AUC values for predicting survival probability at different times in the METABRIC validation data.
(B) AUC values for predicting survival probability at different times in the GSE20685 data.

(C) Calibration curves for 2-year and 3-year survival probability in the METABRIC validation data.
(D) Calibration curves for 1-year survival probability in the GSE20685 data.
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Figure 3. Differential analysis and enrichment analysis.
(A-B) Volcano plot (A) and heatmap plot (B) of differentially expressed genes.
(C-E) Enrichment analysis results based on GO terms (C), KEGG terms (D), and Hallmarks gene sets (E).
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mesenchymal transition (Figure 3E), while the three most inhibited pathways were E2F targets,
G2M checkpoint and MYC targets V1. (Figure 3F) Hallmark G2M checkpoint and HALLMARK
E2F targets are involved in regulating the cell cycle, while the Hallmark epithelial-mesenchymal
transition was related tumor migration and invasion.

Tumor micro-environment analysis

In the present study, we explored the impact of disulfidptosis-related genes on tumor micro-
environment by the use of ESTIMATE and MCP-Counter algorithms. High-risk group was found to
be associated with a significantly lower tumor purity (P <0.001, Figure 4A), higher Stromal score (P
<0.001, Figure 4B), and ESTIMATE score (P < 0.001, Figure 4C) compared with low-risk group.
The immune score was not significantly different between the two groups (P = 0.15) (Figure 4D).
However, according to the MCP-counter results, high-risk group was associated with a significantly
lower infiltration level of cytotoxic lymphocytes compared with the low-risk group (P = 0.026),
while the infiltration level of stromal cells such as myeloid dendritic cells (P < 0.001), neutrophils (P
=(.004), endothelial cells (P < 0.001), and fibroblasts (P < 0.001) was opposite (Figure 4E). These
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Figure 4. Immune environment analysis.

(A-D) The comparison of tumor purity score (A), stromal score (B), ESTIMATE score (C), and immune score
(D) calculated by ESTIMATE algorithm between high-risk and low-risk groups.

(E) The comparison of infiltration levels of different immune cell types calculated by MCP-counter algorithm
between high-risk and low-risk groups.

Genetics and Molecular Research 23 (3): gmr2338



Jun-Gang W, et al 8

Group B3 Han B3 Low Group B3 Hon B3 tow Group B3 Hion B3 Low Growp B3 Hion B3 Low

p<222016 p<222e16 100 p<222016 p<222016

E Group B3 Hon E5 Low E Group B3 Hon B3 low G Group B Hon B3 Low

23013 . pe222et6 o p<22218

IGFIR_3801_1738
BMS.754807_2171

Mitoxantrone_1810

iﬁl ﬁ
Figure 5. Drug sensitivity analysis.

(A-G) The comparison of the sensitivity to nutlin-3a (-) (A), trametinib (B), ERK 2440 (C), selumetinib (D),
IGF1R 3801 (E), Mitoxantrone (F), and BMS-754807 (G).

findings indicates the stromal cells infiltrated in the high-risk group might attenuate the infiltrated
lymphocytes’ cytotoxic effect, which then promoted the immune escape and development of tumors.

Drug sensitivity prediction

Based on the GDSC v2 data, we used “oncoPredict” R package to predict the sensitivity of
each sample. Then we compared the IC,, value between the two groups. We found that compared
with the low-risk group, the high-risk group were associated with a significantly lower IC_ value
to the following compounds: nutlin-3a (-) (Figure 5A), which targets MDM2; trametinib (Figure
5B) and selumetinib (Figure 5D), which target MEK1/2; ERK 2440 (Figure 5C), which targets
ERK1/2; IGF1R 3801 (Figure SE), which targets IGFR 1; Mitoxantrone (Figure 5F), which targets
Top2; and BMS-754807 (Figure 5G), which targets IGF1R and IR, which suggests the potential use
of these drugs in the high-risk patients.

DISCUSSION

Tumor cells can undergo different pathways of death under different conditions. These
pathways included programmed cell death like necrosis, apoptosis, and autophagy, which was
important in regulating tumor and progression (Su Z et al., 2015; D'Arcy MS et al., 2019). It has
been reported that inducing cell death pathways can effectively inhibit tumor growth. For example,
it has been shown that combining ferroptosis inducers with other therapies can significantly improve
the therapeutic effect on breast cancer (Desterke C et al., 2023; Gong G et al., 2023). Disulfidptosis,
as anewly discovered programmed cell death pathway, is different from ferroptosis and cuproptosis.
Unlike ferroptosis, whose mechanisms and application value in various cancers have been fully
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studied, research on disulfidptosis in cancers has just begun, and its effect in breast cancer is unclear,
which needs to be studied. In the present paper, we explored the potential role of disulfidptosis based
on disulfidptosis-related genes.

In this study, we constructed a model with prognostic value and were disulfidptosis-related.
The accuracy of the prediction model was validated in both the METABRIC validation data
and external dataset. Based on the median value of risk score predicted by this model, samples
were divided into high-risk group and low-risk group. The results of GO enrichment analyses
indicated the importance of pathways related to the reproduction and inheritance of genes, such
as chromosome segregation and nuclear division, etc. in high-risk group patients. The enrichment
of these pathways suggests that high-risk populations may have experienced more cell division
and proliferation, indicating the potential for the application of relevant target agents. This finding
was also confirmed in KEGG enrichment analysis results, which indicated that cell cycle pathways
were enriched in high-risk group patients. Additionally, the UV response pathway enriched by
KALLMARKS gene sets and the human T cell leukemia virus 1 infection pathway in the KEGG
enrichment analysis results indicated that high-risk patients’ tumors might also have undergone
immune microenvironment remodeling. We subsequently analyzed the tumor microenvironment
using corresponding algorithms and found that high-risk patients’ tumors were associated with a
significantly higher infiltration level of stromal cells such as endothelial cells and fibroblasts, etc.,
which might attenuate the cytotoxic effect of infiltrated lymphocytes, as revealed by the significantly
decreased infiltration of cytotoxic lymphocytes. Finally, drug sensitivity analyses suggested several
agents that may be effective for high-risk populations.

It was reported that disulfidptosis remodel the tumor immune microenvironment in some
other cancer types such as hepatocellular carcinoma (Tang J et al., 2024; Mulati Y et al., 2024) and
prostate cancer (Mulati Y et al., 2024) etc. The advantage of this study lies in the use of external
datasets to validate the accuracy of the prediction model and we predicted drug sensitivity. Further
basic and translational research are warranted to confirm our findings and investigate the detailed
role of disulfidptosis in breast cancer and its corresponding mechanism.

CONCLUSIONS

The study provided valuable insights into the association between breast cancer and
disulfidptosis. The findings needs to be validated in further studies.
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