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Abstract

Disulfidptosis is a newfound programmed cell death (PCD) mode characterized by disulfide stress. Nevertheless, the char-
acteristics and functional significance of disulfidptosis-related genes in head and neck squamous cell carcinoma (HNSCC)
are still largely unknown. In this study, several computer-aided bioinformatic analyses were performed. The Nonnegative
Matrix Factorization (NMF) method classified The Cancer Genome Atlas (TCGA) patients into two clusters according to
the expression of disulfidptosis-related genes. The relative compositions of cells in the tumor microenvironment (TME),
mutant landscape, lasso regression analysis, and predicted clinical outcome were performed by analyzing bulk RNA-
sequencing data. Besides, single-cell sequencing data (scRNA) was analyzed by Seurat, CopyKAT, and monocle2 to reveal
the expression characteristics of disulfidptosis-related genes. Moreover, the spatial distribution characteristics of each
cell subgroup in the section and the functional significance of cancer-associated fibroblasts (CAFs) were elucidated by
STUtility, SpaCET, and SPATA2. Here, two clusters with different expression characteristics of disulfidptosis-related genes
were identified. Cluster 1 (C1) patients had a worse prognosis and a higher proportion of stromal cells but lower effector T
cell infiltration than cluster 2 (C2). A novel prognostic model was established and verified in our patient cohort. Addition-
ally, diploid and inflammatory CAFs (iCAFs) showed higher disulfidptosis-related gene expression levels. Furthermore,
the CCNC and CHMP1B expressions significantly changed following CAFs differentiation. Disulfidptosis-related genes
exhibited extensive and differential spatial expression on tissue sections. Collectively, our study may contribute to reveal-
ing the function of disulfidptosis, and improve the expansion of knowledge of crosstalk between cancer cells and CAFs.
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TCGA The Cancer Genome Atlas
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scRNA Single-cell sequencing

CAFs Cancer-associated fibroblasts

i Cluster 1

Q2 Cluster 2

iCAFs Inflammatory cancer-associated fibroblasts

SLC7A11  Solute carrier family seven-member 11

NADPH Nicotinamide adenine dinucleotide phosphate

CRISPR Clustered Regularly Interspaced Short Palindromic Repeats
TME Tumor microenvironment

CCNC Cyclin C

CHMP1B  Charged Multivesicular Body Protein 1B

TPM The gene expression data

SNP Single nucleotide polymorphism

CNV Copy number variation

LASSO Least absolute shrinkage and selection operator
DEG Differentially expressed genes

ROC Receiver Operating Characteristic

TIDE Tumor Immune Dysfunction and Exclusion
UMAP Uniform Manifold Approximation and Projection
PCA Principal Component Analysis

SLC3A2 Solute carrier family 3 (amino acid transporter heavy chain), member 2

SERPINE2  Serpin peptidase inhibitor, clade E (nexin, plasminogen activator inhibitor type 1), member 2
AUC Area Under Curve

GYS1 Glycogen synthase 1

STAG3 Stromal antigen 3

GSTO1 Glutathione S Transferase Omega 1

myCAFs  Myofibroblast cancer-associated fibroblasts

AKR1C1 Aldo-keto reductase family 1 member C1

ACTC1 Actin alpha cardiac muscle 1

CCL2 Chemokine (C-C motif) ligand 2

1 Introduction

Head and neck squamous cell carcinomas (HNSCC) account for 95% of head and neck cancers, the eighth most common
malignancy, and cause over 310,000 annual deaths worldwide [1, 2]. Although the past few decades have witnessed
tremendous progress in therapeutic strategies against cancer, the long-term survival of HNSCC patients remains poor
due to the highly aggressive and heterogeneous nature of HNSCC [3]. The 5- year survival rate is still less than 50% [4].
Surgical is the primary means of radical treatment for early HNSCC patients. However, patients with advanced-stage
HNSCC often experience tumoral recurrence and systematical metastasis and show poor prognosis. Immunotherapy has
displayed satisfactory effects in some patients recently, but it usually does not trigger an adequate immune response [5,
6]. It is urgent to clarify further the mechanism involved resistance of tumor cells to drugs and immunotherapy, as well
as explore the new effective treatment target against HNSCC.

Programmed cell death (PCD) is essential for maintaining tissue homeostasis in multicellular organisms [7, 8]. Unlike
mitosis, which promotes cell growth and proliferation, PCD eliminates damaged, mutated, or unnecessary cells, thereby
ensuring the stability of the cell population [9]. By facilitating the removal of abnormal cells, PCD helps to prevent the
accumulation of harmful mutations and maintain tissue integrity [10]. Thus, PCD plays a critical role in the normal devel-
opment and maintenance of healthy tissues. Previously, we generally believed that the imbalance of proto-oncogene
and tumor suppressor genes of cells disturbed the normal regulation of proliferation and differentiation, leading to the
production of tumor cells. However, it is gradually recognized that cancer development has a significant relationship
with decreased cell death [11, 12]. The disorder of necroptosis, pyroptosis, and ferroptosis has been observed in the
progression of HNSCC [13-15].
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Identifying specific signal pathways and developing drugs or non-coding RNA to induce tumor sensitivity to PCD
have shown specific effects in some tumors [16, 17]. Cystine uptake mediated by solute carrier family seven-member
11 (SLC7A11) inhibits ferroptosis but promotes cell death under glucose starvation [18, 19]. Recent studies have found
that the abnormal accumulation of intracellular disulfides in SLC7A11high cells under glucose starvation can induce
a new form of cell death, disulfidptosis [19]. The SLC7A11-mediated reduction of ingested cystine to cysteine is highly
dependent on the reduced nicotinamide adenine dinucleotide phosphate (NADPH), which was mainly produced by the
glucose-pentose phosphate pathway [19]. NADPH in SLC7A11high cells is quickly consumed under the con starvation,
and disulfides such as cystine are abnormally accumulated, leading to disulfide stress and rapid cell death [19]. Chemi-
cal proteomics and cell biology analysis show that the abnormal disulfide bonds actin cytoskeletal protein and collapse
of F-actin is a feature of this new death mode [19]. Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR)
screening and functional studies identify some disulfidptosis-related proteins [19]. However, the characteristics of these
proteins still need to be discovered in HNSCC.

The application of computer-aided medicine is widely used in disease diagnosis, mechanism exploration, prognosis
evaluation, and target exploration [20-22]. Computer-based bioinformatics technology has become an accurate and
efficient tool for understanding various cancers [23]. Bulk-sequence data analysis can comprehensively summarize gene
expression and prognostic characteristics, which are widely used to construct prognostic models and target investiga-
tion. However, gene expression characteristics usually depend on the dominant cell subgroup. single-cell sequencing
data (scRNA) can accurately identify each cell subgroup, which is significant in judging cell heterogeneity and special
gene differential expression. However, single-cell data lack the spatial expression characteristics of cells. The spatial
transcriptome can reflect the spatial expression characteristics of cells to make up for this defect [24].

In this study, we conducted bioinformatics analyses using transcriptomic, scRNA, and spatial transcriptomic data to
investigate the expression patterns and functional roles of disulfidptosis-related genes in HNSCC (Fig. 1). We stratified
501 TCGA patients into two clusters based on the expression levels of 77 disulfidptosis-related genes. Cluster 1 (C1)
patients exhibited worse prognoses, higher stromal component proportions, and lower levels of CD8+T cell infiltration
than those in Cluster 2 (C2). A prognostic model containing five risk-associated genes related to disulfidptosis was con-
ducted. Moreover, six cell groups in tumor microenvironment (TME) were identified, and a higher disulfidptosis-score
in epithelial and fibroblast cells was observed. Cyclin C (CCNC) and Charged Multivesicular Body Protein 1B (CHMP1B)
were identified as vital molecules in the differentiation of CAF cells. Furthermore, this study observed a significant co-
localization phenomenon among CAF, endothelium, and plasma cells. Our findings could improve our comprehension of
the distinct and functional roles of disulfidptosis-related genes and discover novel therapeutic targets for treating HNSCC.

-

. Classification of patients according to the
disulfidptosis-related gene expression

2. Compare gene mutation profiles

Bulk-RNA
sequencing data 3. Establish a prognostic model
4. Evaluation of sensitivity to
immunotherapy & chemotherapy
1. Define HNSCC TME populations
HNSCC Single-cell 2. Calculate the Disulfidptosis-score
Patients sequencing data 3. Compare the CAF cell subgroup
4. |dentify key proteins by Trajectory analysis
1. Clarify the distribution levels of CCNC and
Spatial CHMP1B
transcriptome data 2. Display the spatial distribution of

disulfidptosis-related genes

Fig. 1 The workflow and analytical pipeline of this study
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2 Material and methods
2.1 Data source

The gene expression data (TPM), single nucleotide polymorphism (SNP) mutation, and copy number variation data
(CNV) were downloaded by using TCGAbiolinks. 501 samples were involved in downstream analysis. The single-cell
transcriptome data for GSE139324, GSE173647, and GSE173964, and the space transcriptome sample were obtained
from the Gene Expression Omnibus database (https://www.ncbi.nlm.nih.gov/geo).

2.2 Acquisition of disulfidptosis-related genes set

The disulfidptosis-related genes set was obtained from the recent study of Junjie Chen et al. through the whole-
genome CRISPR-Cas9 screening [19]. Here, 77 genes with an absolute value of NormZ score greater than 2.9 were
identified as disulfidptosis-related genes (Table S1).

2.3 TCGA sample clustering, dimension reduction, and survival analysis

The TCGA expression matrix was standardized using the log2 (x+ 1) method, and the expression matrix contain-
ing only 77 disulfidptosis-related genes was extracted. The samples were classified using the R package “NMF". The
parameters rank=2:7 and method ="brunet". According to the official recommendation of the “NMF" package, we
set rank =2 to classify patients into two clusters according to the change of the copheric parameter. R package “tin-
yarray” was used for dimensionality reduction and visualization. R package “Survival” was employed to analyze the
difference in prognosis [25].

2.4 TME analysis

CIBERSORT and ssGSEA algorithm of the “GSVA” package was performed to predict the relative proportion of immune
cells infiltrated in TCGA samples. The “ESTIMATE” R package was employed to assess the stromal score, immune score,
and tumor purity of the samples [26].

2.5 SNP variation analysis of disulfidptosis-related genes

R package “Maftools” was used to process TCGA-SNP mutation data and select the top 30 mutation rates genes [27].

2.6 Protein interaction analysis of disulfidptosis-related genes

Upload disulfidptosis-related genes to String database (http://string.embl.de/). The minimum required interaction score
was 0.150, and the genes that did not correlate with the corresponding proteins of other genes were deleted.

2.7 Least absolute shrinkage and selection operator (LASSO) regression to build a prognosis model

R package “glmnet” was used to perform LASSO regression analysis on the expression matrix of disulfidptosis-related
genes, carrying out ten cross-validations. Briefly, set family = “cox”. The cv.gIlmnet function was used for cross-validation,
and the minimum value of A was taken for subsequent construction. Five differentially expressed genes (DEG) were
selected. The prognostic model was constructed with risk-score value calculated by the following formula (Table S2):
Risk score =%iCoefficient (DEG mRNAI) * Expression (DEG mRNAI). The median risk-score value serves as the threshold,
distinguishing high- and low-risk groups according to the median risk score. R package “Survival” and “timeROC" were
conducted to analyze prognosis and draw time-dependent Receiver Operating Characteristic (ROC) curves between high
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and low-risk groups. TCGA patients were randomly divided into a training set and a testing set at a 1:1 ratio to examine
the prognostic significance of the model.

2.8 qRT-PCR validation

A total of 52 HNSCC tissues were collected from Taizhou Central Hospital. According to the official guidance, total RNA
was extracted with Trizol Reagent (Invitrogen). RNA was revers-transcribed into cDNA. gRT-PCR was conducted on SYBRH
Select Master Mix (Invitrogen) with the relative expression of the five modeling genes and normalized by GAPDH. Data
were quantified using the 272 methods. High and low-risk groups were determined according to the median value of
the risk score above. The primer was synthesized by Genepharma (Table S3). The research protocol was approved by
the Ethics Committee of Taizhou Central Hospital (2020-KT01-E). All procedures were performed strictly in compliance
with the Declaration of Helsinki 1964 or equivalent ethical principles. All patients involved in this study had given their
informed consent before study.

2.9 Prediction of response to immunotherapy and chemotherapy

We processed the TPM expression matrix of TCGA sample with log2 (x+ 1), subtracted the expression amount of each
gene in each sample from the mean value of the gene in all samples, and uploaded the matrix to the Tumor Immune
Dysfunction and Exclusion (TIDE) database (http://tide.dfci.harvard.edu/) [28]. The predicted response to immunotherapy
was obtained. The sensitivity to different drugs was predicted using “pRRophic”, and the difference in drug sensitivity
between high and low-risk groups was compared [29].

2.10 Quality control, cell type clustering, and identification of main cell types

Cells with higher than 20% mitochondrial gene content were removed, and 73,660 cells were obtained for downstream
analysis. Here we randomly selected 1/5 cells for Uniform Manifold Approximation and Projection (UMAP) dimension-
ality reduction display and downstream analysis. To standardize and normalize the single-cell data, we employed the
SCTransform function available in Seurat 4.2.0 [30]. To reduce the dimensionality of the data, we utilized the RunPCA
function. The parameter dims = 1:30 was set to cluster the cells. The UMAP dimension reduction diagram was optimized
using “plot1cell”. Six cell groups were identified according to the instructions of CellTypist database (https://www.cellt
ypist.org/).

2.11 Scissor
The phenotype of single cell can be deduced from the phenotype of bulk sequencing data: Use Scissor to predict the
classification or risk grouping of each cell in a single cell according to the results of NMF sample classification and the

results of high and low-risk groups predicted by our prognosis model, and set the parameter family="binary". The input
bulk sequencing data uses the original TPM expression matrix.

2.12 Disulfidptosis-score

The AddModuleScore function implemented in Seurat software was utilized to quantify the expression of disulfidptosis-
related genes and to assess the relative expression levels of these genes across distinct cellular populations or subgroups.

2.13 Identification of cancer cells
The epithelial cells were extracted. The SCTransform function in Seurat was used to standardize and normalize the single-

cell data. The RunPCA function was employed to reduce the dimension of the data. The parameter dims =1:30 was set
to cluster the data. R package “CopyKAT” was used to predict the malignant and normal cells in the epithelial cells [31].
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2.14 Trajectory analysis

Fibroblast cells were extracted and further clustering. After identifying the cell subgroups according to the differ-
entially expressed genes, the development trajectory of cells was predicted using “monocle2”. The highly variable
genes selected by “monocle2” were used to represent the developmental characteristics of cells [32].

2.15 Space transcriptome analysis

“STUtility” was used to integrate the space transcriptome data. Min.gene.count =100 and min.spot.count =500 was
set to filter the data. The FeatureOverlay function was used to explore the expression level and location of the sec-
tions [33]. SpaCET was further used to control the data quality [34], and the SpaCET.deconvolution function was
applied to explore the relative proportion of cells in each spot. The parameter cancerType ="HNSCC" was set, and
SpaCET.visualize.spatialFeature function was used to visualize the inferred results. To explore the co-localization effect
between cells, SpaCET.CCl.Colocalization function was employed to calculate the correlation between cells. We use
SPATA2 to standardize and extract the gene expression amount in the space transcriptome for the space trajectory
vector field. The AddModuleScore function scores the disulfidptosis-related gene set of each spot as the input data
to represent the gene expression or the changing trend of the gene set score in the local section [35].

2.16 Statistics

Statistical data were analyzed using R. P <0.05 was suggested as statistically significant. *P < 0.05, ** P<0.01, ***
P<0.001 and **** P<0.0001.

3 Results
3.1 Classification of patients according to the disulfidptosis-related genes

In this study, the NMF method was applied to classify a cohort of 501 samples of HNSCC (TCGA-HNSCC) based on the
gene expression levels of 77 disulfidptosis-related genes (Table S1). Two patient clusters were identified (Fig. 2A, Fig.
S1). We generated a heat map to visually represent the differences in gene expression between two distinct clusters
(Fig. 2B). UMAP and Principal Component Analysis (PCA) dimensionality reduction analysis showed that patients in the
two groups could be well distinguished (Fig. 2C, Fig. S2A). Besides, C1 patients showed unfavorable overall survival
(Fig. 2D). ESTIMATE algorithm was performed, and the results showed that the stromal score of C1 was significantly
higher than C2. The immune score of C1 was slightly lower than that of C2, but there was no statistical significance
(Fig. 2E, Fig. S2B). We further evaluated the differences in immune cell infiltration between two clusters through
CIBERSORT and ssGSEA. The results of CIRBERSORT showed that several crucial immune cell infiltration of C1 was
significantly lower than C2, including CD8 +T cells. However, M2 macrophages of C1 were significantly higher than
C2 (Fig. 2F, Fig. S2C). ssGSEA showed similar results, with a higher proportion of regulatory T cells but low infiltration
level of CD8 +T cells in C1 than in C2 (Fig. S2D).

3.2 Genetic mutation landscape of disulfidptosis-related genes

The top 30 disulfidptosis-related genes with the highest SNP mutation rate in all samples between the two types were
calculated in Fig. 3A. CNV mutation analysis was also performed. The findings of our study revealed that CNVs were
observed in genes associated with disulfidptosis. Specifically, solute carrier family 3 (amino acid transporter heavy
chain), member 2 (SLC3A2) showed a significant association with the copy number amplification, while serpin pepti-
dase inhibitor, clade E (nexin, plasminogen activator inhibitor type 1), member 2 (SERPINE2) exhibited the highest
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frequency of CNV deletions, as depicted in Fig. 3B. The chromosomal distribution and mutations of disulfidptosis-
related genes were also demonstrated in Fig. S3A. Moreover, common crosstalk among disulfidptosis-related genes
was observed by String (Fig. S3B).
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Fig.3 Mutation of disulfidptosis-related risk genes A Comparison of the top 30 disulfidptosis-related genes with the highest SNP mutation
rate between two clusters. B Deletion and acquisition of disulfidptosis-related genes

3.3 Establish a disulfidptosis-related prognostic model

Lasso regression analysis was utilized to select features and reduce the number of disulfidptosis-related genes in the
risk model. Through optimization of the regularization parameter lambda, a total of five significant disulfidptosis-related
genes were identified and subsequently incorporated into the final risk model (Fig. 4A, Table S2). TCGA patients were
used to validate the prognostic significance of the model. The high-risk group exhibited a more unfavorable prognosis
than the low-risk group in the train cohort and test cohort. The same pattern was also observed when combined with
train cohort and test cohorts (Fig. 4B). The ROC curve of overall cohort suggested that risk score may be a valuable tool in
HNSCC prognosis prediction (Fig. 4C). Besides, the number of dead patients increases following the elevation of risk score
(Fig. 4D). Figure 4E showed the expression level of 5 modeling genes in high and low-risk groups. We further included
52 clinical patients in the validation of the model. As expected, high-risk patients showed poorer prognoses (Fig. 4F).
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Fig.4 A disulfidptosis-related
prognostic model A Lasso
regression was performed,
and five risk disulfidptosis-
related genes were selected
(GYS1, STAG3, CHMP1B,
GSTO1, and CCNC). B Kaplan-
Meier plots showed prognosis
differences in train, test, and
overall cohorts. C The ROC
curve of the overall cohort.

D Distribution of patients’
survival status. E A heat map
showed the expression level
of 5 modeling genes. F Verifi-
cation of risk model. The rep-
resentative HNSCC slice; left,
200 X magnification; right, 400
X magpnification. AUC, Area
Under Curve. GYS1, glycogen
synthase 1; STAG3, stromal
antigen 3; GSTOT1, Glutathione
S Transferase Omega 1
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TIDE was used to predict the response to high/low-risk group patient immunotherapy. The results showed that the
high-risk group exhibited a higher possibility of immune escape but a worse response to immunotherapy (Fig. 5).
PRRophitic was used to predict the sensitivity of different drugs. Fig. S4A showed the more sensitive drugs in the
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Fig.5 Comparison of Immunotherapy Response Between Two Groups Based on TIDE Results. A Higher score on the vertical axis of TIDE
indicates an increased probability of immune escape. The results show that the high-risk group has a greater probability of immune escape

high-risk group, while Fig. S4B showed the more sensitive drugs in the low-risk group. However, the sensitivity of
patients in the high-risk and low-risk groups to paclitaxel and cisplatin did not show statistically significant differ-
ences (P>0.05).

3.5 scRNA profiling of disulfidptosis-related genes

UMAP and plot1cell were used to visualize the annotated clusters, and six-cell groups were obtained. Epithelial, fibro-
blasts, and T/NK cells constituted the main components of TME (Fig. 6A). The markers of cell group annotation were shown
in Fig. 6B. We first analyze the distribution characteristics of two clusters of patients by combining them with bulk and
scRNA data. A higher infiltration of B cells and T/NK cells in C2 patients was observed. Besides, a significantly different
distribution of myeloid cells, epithelial cells, and fibroblasts between C1 and C2 was also observed. Heterogeneous T/NK
cells and fibroblasts had a significant impact on the prognosis of patients. In contrast, the existence of the B cell group
seemed to be related to the favorable prognosis (Fig. 6C). To further quantify the expression levels of disulfidptosis-related
genes, the disulfidptosis-score was calculated. The results showed that the scores of epithelial and fibroblast groups were
significantly higher than those for other groups (Fig. 6D, E). The cells with the highest gene expression set in the first 25%
were defined as high expression, and the others were defined as low expression. High expression levels were observed
mainly in the epithelial and fibroblast groups (Fig. 6F).

Epithelial cells were extracted and classified into two subgroups by using CopyKAT (Fig. 7A). Normal epithelial cell
group (diploid) showed a higher expression level of disulfidptosis-related genes, and its disulfidptosis-score was higher
than cancer cells (aneuploid) (Fig. 7B, C). We then further determine the expression feature of disulfidptosis-related genes
in fibroblast cells. Five CAF subgroups were identified (2 myofibroblast CAFs, two iCAFs, and smooth-muscle cells, Fig. 7D).
Six genes were typically expressed in particular cell subtypes. For instance, aldo—keto reductase family 1T member C1
(AKR1C1) was found to be enriched in myofibroblast CAFs (myCAF) 1. In contrast, actin alpha cardiac muscle 1 (ACTC1)
was increased in smooth muscle cells (Fig. 7E). High expression level was mainly observed in the iCAF subgroup, follow-
ing the myCAFs, while the disulfidptosis-score of smooth-muscle cells was lowest (Fig. 7F, G).

3.6 The trajectory analysis revealed that CAF-differentiation regulators

The CAF cells were extracted, and conducted trajectory analysis. The pseudo time was performed, and three states of the
fate trajectory of relatedness in their expression patterns were identified (Fig. 8A). Interestingly, among the five modeling
genes, the CCNC and CHMP1B expression was determined to change following CAF differentiation significantly (Fig. 8B).

3.7 Spatial distribution characteristics of disulfidptosis-related genes

The spatial transcriptome analysis was further performed. CCNC and CHMP1B had high expression levels and spatial
differences among sections (Fig. 8C). We further clarified the distribution characteristics of each cell subgroup in the
selected section. There were few stromal cells and immune cells in the area where malignant cells are concentrated.
However, a significant co-localization phenomenon was observed among CAF, endothelium, and plasma cells (Fig. 9A, B).
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Fig.7 The expression char-
acteristics of disulfidptosis-
related genes in epithelial
and fibroblast A UMAP for
dimensionality reduction. Two
epithelial subgroups were
identified. B Difference of
disulfidptosis-score between
two subgroups. C A heat-
map showed the differential
expression of disulfidptosis-
related genes. D Fibroblasts
were clustered into five
subgroups. E Six unique
markers of 5 subgroups were
identified. F, G The disulfidp-
tosis-related gene expres-
sion difference between 5
fibroblast subgroups (analysis
of variance, P<0.0001)
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Figure 9C showed the characteristic cell references profiles, such as CAF-endothelial, CAF-plasma, and endothelial-
plasma. Figure 9D showed the spatial locus vector field, indicating that the expression of disulfidptosis-related genes
had significant spatial specificity.

4 Discussion

HNSCC has become a global health concern due to its high invasiveness and prone to lymph node metastasis [36]. The treat-
ment needs to be improved for patients with advanced-stage, recurrent or metastatic HNSCC. Further understanding of tumor
progression, anti-cell death, and therapeutic resistance, as well as pursuing new effective molecular targets, are critical to
improving the prognosis of HNSCC. A significant characteristic of tumor cells is that cell death disorder under the condition of
high proliferation [37]. Identifying cell death mechanisms could widen our understanding of cellular homeostasis and provide
novel insights into cancer treatment. Disulfidptosis is a newly discovered form of cell death characterized by the abnormal
disulfide cross-linking of actin cytoskeletal protein [19]. Although this study identified a series of disulfidptosis-related genes,
the expression characteristics and functions in HNSCC are still unclear. Here, the NMF method was used to classify TCGA-HNSCC
patients based on the expression of 77 disulfidptosis-related genes, and 2 clusters were identified. C1 patients showed worse
prognosis and higher stromal component but lowered CD8+T cell infiltration than C2. Common crosstalk among disulfidptosis-
related genes was demonstrated. Besides, LASSO regression analysis was conducted, and a useful prognostic model containing
only five risk disulfidptosis-related genes was established. High risk-group showed an unfavorable prognosis and a higher
possibility ofimmune escape but a worse response to immunotherapy. In addition, the high-risk group was determined to be
sensitive to more chemotherapy drugs. Compared with previous LASSO prognostic models, our model incorporates fewer risk
genes, enhancing its potential for clinical practicality. Although its AUC value is slightly lower than previous studies [38, 39], it
achieves satisfactory predictive accuracy with a streamlined gene set. This balance between model simplicity and effectiveness
suggests that our model may serve as a valuable tool in clinical prognostic assessments.

Previous studies on cell heterogeneity usually rely on bulk data, immunohistochemistry, flow cytometry, etc. The
development of scRNA technology and computer-aided analysis has robustly improved the accuracy and conveni-
ence of cell heterogeneity research. Because the traditional bulk analysis can only provide the average value of gene
expression, mainly reflecting the phenotypic subset of dominant cellular groups [40]. Three scRNA data were included
in this study. Six cell groups were identified. We set an indicator named disulfidptosis-score to evaluate the expres-
sion characteristic of 77 disulfidptosis-related genes. Epithelial and fibroblast cells had higher disulfidptosis-related
gene expression than other groups. Moreover, two epithelial cell subgroups were identified by extracting epithelial
cells and further clustering; the normal epithelial cell group (diploid) exhibited a higher expression of disulfidptosis-
related genes. These results may indicate that several disulfidptosis-related genes were reticent in cancer cells, thus
escaping disulfidptosis and maintaining cell survival. Furthermore, five CAF cell subpopulations were obtained by
extracting fibroblasts and clustering. iCAF subgroup showed a higher disulfidptosis-score, followed by myCAF. Fur-
thermore, the expression of six genes was found to be associated with specific subtypes of CAFs. Chemokine (C-C
motif) ligand 2 (CCL2) could indicate iCAFs, and ACTC1 may be a marker of smooth muscle cells.

Metabolic reprogramming commonly arises in TME [41, 42]. TME alterations and tumor metabolism are closely linked
through a bidirectional signal pathway involving tumor cells and CAFs [43]. CAFs represent the predominant stromal cell
type in TME and exhibit significant heterogeneity and plasticity [44]. Emerging evidence indicates that CAF significantly
influences tumor metabolism by dysregulating various metabolic pathways, including glucose metabolism [45] CAFs
tend to produce lactic acid by glycolysis, even under aerobic conditions [46]. Metabolites such as lactic acid can provide
sufficient nutrition for tumor cells. However, effector T cells can not play an anti-tumor role in an environment of high
lactic acid [47]. Lactic acid has been proven to be closely related to the poor prognosis of various tumors [48, 49]. This also
explains that the C1 group showed a high stromal score, while the infiltration of CD8 +T cells was significantly reduced.

Besides, the carbon use mode of proliferating cells is largely different from that of static cells. In cell proliferation,
the main purpose of reducing carbon is to synthesize various biological molecules [50]. In addition, many biosyn-
thetic reactions are reduction reactions in nature, and the proliferating cells must allocate some carbon substrates
for NADPH production [51]. Tumor cells in a proliferative state have low demand for ATP and can obtain energy from
lactic acid metabolism [52]. It is believed that tumor cells use glucose metabolism for NADPH production, maintain
a highly proliferative state and inhibit disulfidptosis. The interaction between cancer cells and CAFs involves cross-
talk that alters the metabolic pathways of cancer cells, specifically promoting the reprogramming of glycolysis. This
metabolic adaptation enhances cancer cell survival and proliferation, potentially contributing to the aggressiveness
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and progression of cancer. Targeted CAF has become a feasible treatment strategy for increasing the response to
immunotherapy, chemotherapy, and radiotherapy.

Through trajectory analysis, two potential targeted proteins against CAFs were identified. CCNC is a member of the
cyclin family of proteins, which interacts with cyclin-dependent kinase eight and induces phosphorylation of the carboxy-
terminal domain of the large subunit of RNA polymerase Il [53]. Overexpression of CCNC in tumor and tumor-adjacent
tissues compared with that in normal tissues was observed and infer serve as promising targets for managing breast
cancer [54]. Some studies indicate that CCNC could be a response to chemosensitivity in gastric cancer [55]. CHMP1B
belongs to the chromatin-modifying protein/charged multivesicular body protein (CHMP) family, which is related to
protein domain-specific binding [56]. CHMP1B has been proven to be related to esophageal squamous cell carcinoma
and colorectal cancer [57, 58]. The spatial transcriptome analysis was conducted to offset the loss of spatial information
of scRNA. CCNC and CHMP1B had high expression levels and spatial differences among sections. Furthermore, a signifi-
cant co-localization phenomenon was observed among CAF, endothelium, and plasma cells. Cadamuro et al. proved
that fibroblasts promote the expansion of the lymphatic vasculature and tumor cell intravasation. This critical process
could be blocked by inducing CAF apoptosis [59]. Targeted CAF has become a feasible treatment strategy for increasing
the effectiveness of clinical treatment.

Although this study has comprehensively clarified the expression characteristics and functions of disulfidptosis-related
genes in HNSCC, some limitations still exist. This study mainly relies on computer-aided analysis, and the limited sample
size introduces potential biases in clustering and risks of overfitting in LASSO regression models. Besides, our model has
a slightly lower AUC value, necessitating extensive validation across large sample sizes to determine its clinical appli-
cability. Moreover, additional in vitro and in vivo experiments are required to clarify the biological function of specific
disulfidptosis-related proteins. The spatial locus vector field analysis suggested that disulfidptosis-related genes have
significant spatial specificity. Given that computer-aided results cannot fully capture the complexities of the TME, further
investigations into effect of disulfidptosis by crosstalk between cancer cells and TME are needed.

Collectively, a new PCD mode characterized by the abnormal disulfide bonds actin cytoskeletal protein and collapse
of F-actin was defined, and its related genes have recently been identified. Based on transcriptome, scRNA, and spatial
transcriptome data, our study has comprehensively revealed the expression characteristics and functions of disulfidp-
tosis-related genes in HNSCC using a series of computer-assisted bioinformatics analyses. A useful prognostic model
was successfully constructed and verified in our patient cohort; high-risk patients showed poor prognosis and worse
response to immunotherapy but sensitivity to more chemotherapy drugs. In addition, the results of scRNA suggested
that disulfidptosis-related genes were highly expressed in epithelial and fibroblasts. Among them, the expression of
normal epithelial cells was higher than cancer cells, and the expression of iCAF group was higher than that of myCAF and
smooth muscle cells. The spatial transcriptome analysis comprehensively showed the interaction between tumor cells
and TME and the spatial distribution characteristics of disulfidptosis-related genes. The results showed that CAFs might
participate in metabolic reprogramming, inhibit disulfidptosis, restrain immunity, and promote angiogenesis. CCNC and
CHMP1B were identified as potential requlatory genes for CAF differentiation. Our study focuses on disulfidptosis, a novel
PCD mode, and preliminarily reveals the role and mechanism of disulfidptosis-related genes in HNSCC.
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