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Abstract: Background: Disulfidptosis, a recently identified form of cell death triggered by excessive
cysteine accumulation and subsequent disulfide stress, has emerged as a novel mechanism of cell
death. Despite its significance, the role of disulfidptosis in the tumor microenvironment (TME)
remains poorly understood. Methods: In this study, we employed single-cell RNA sequencing data
from 100,987 cells of 11 osteosarcoma (OS) patients. Using the non-negative matrix factorization
(NMF) algorithm, we performed dimensionality reduction analysis to identify distinct subtypes
characterized by 14 disulfidptosis-related genes across major cell types within the TME.
Subsequently, we assessed the prognosis and immunotherapy response associated with each
disulfidptosis-related subtype, leveraging publicly available databases comprising osteosarcoma
data and immunotherapy cohorts. Results: We identified distinct subtypes within tumor-associated
fibroblasts, tumor-infiltrating lymphocytes, and macrophages, which we named and annotated
based on their characteristic genes. Furthermore, we observed a close association between
disulfidptosis-related genes and key biological features of immune cells within the TME, elucidating
inferred pseudotime trajectories. Notably, integrating bulk-seq data of osteosarcoma patients, we
observed significant differences in overall survival rates among the disulfidptosis-related subtypes.
Particularly, the disulfidptosis-related subtype within tumor-associated fibroblasts exhibited
superior discriminatory ability in predicting the response of patients undergoing immunotherapy,
surpassing other cell subtypes. Our cell-cell communication analysis highlighted extensive and
specific interactions between disulfidptosis-related subtypes and osteosarcoma cells. Furthermore,
we confirmed the histological localization of the CAPZB+CAF subtype within osteosarcoma tissue
and osteoclastoma using immunofluorescence (IF) techniques. Conclusions: Collectively, our study
sheds light on the intercellular communication facilitated by disulfidptosis in the TME,
underscoring its involvement in the biological functions and immunotherapy response of
osteosarcoma.

1. Introduction

Osteosarcoma, the most prevalent primary malignant bone tumor, demonstrates a bimodal age
distribution with peaks at 18 and 60 years of age, exhibiting a slightly higher incidence in males
compared to females[1]. Although surgical interventions, neoadjuvant, and adjuvant chemotherapy
have led to significant improvements in patient survival since the 1980s, the prognosis for
osteosarcoma remains stagnant[2]. Thus, a comprehensive understanding of the molecular
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mechanisms driving osteosarcoma is crucial for developing novel preventive and therapeutic
strategies.

Regulated cell death (RCD) refers to a controlled form of cell death that occurs in organisms[3].
Unlike non-regulated forms of cell death, RCD is a highly organized process regulated by multiple
signaling pathways and factors. RCD not only plays a vital role in organism development and cellular
homeostasis but also contributes to the pathogenesis of various diseases, including cancer[4].
Disulfidptosis is a form of RCD induced by oxidative stress and lipid peroxidation resulting from
excessive intracellular free iron (Fe2+)[5]. The uptake of cystine mediated by solute carrier family 7
member 11 (SLC7A11) is pivotal in promoting glutathione synthesis, inhibiting oxidative stress, and
regulating ferroptosis. However, recent studies have shown that while SLC7A11-mediated cystine
transport can inhibit ferroptosis, it does not prevent cell death under glucose deprivation
conditions[6-8]. Additionally, the conversion of cystine imported by SLC7A11 to cysteine heavily
relies on the generation of reduced nicotinamide adenine dinucleotide phosphate (NADPH) through
the glucose-6-phosphate dehydrogenase (G6PD)-dependent pentose phosphate pathway [9]. Based
on this, a recent study revealed a mechanism in which cells expressing high levels of SLC7A11
accumulate abnormal levels of cysteine and other disulfides under glucose-starvation conditions,
leading to disulfide stress and rapid cell death. This newly identified form of cell death is termed
disulfidptosis[10]. Although research on disulfidptosis is still in its nascent stage, this form of cell
death holds promise for developing new avenues for the treatment of osteosarcoma by targeting
cancer metabolism.

The tumor microenvironment (TME) plays a crucial role in tumor development and treatment.
Investigating the TME provides insights into the mechanisms of tumor progression and offers new
strategies for cancer therapy[11]. Advanced techniques for single-cell analysis of cell communication
provide valuable information about cell types, subtypes, intercellular interactions, expression and
secretion of signaling molecules, as well as spatial and temporal dynamics of communication. These
details contribute to our understanding of the mechanisms and regulatory networks underlying cell
communication within the TME, laying the foundation for the development of precise therapeutic
strategies and immunotherapies[12]. Previous studies have utilized single-cell sequencing
technologies to identify major cell types within the TME of osteosarcoma, including osteoblastic
osteosarcoma cells, proliferating osteoblastic osteosarcoma cells, chondroblastic osteosarcoma cells,
osteoclasts, tumor-infiltrating lymphocytes (TILs, including T cells and NK cells), myeloid cells,
fibroblasts, mesenchymal stem cells (MSCs), stromal cells, myocytes, and endothelial cells[13]. These
findings establish a foundation for further research. Additionally, metabolic treatments may impact
non-tumor cells within the TME, particularly metabolic inhibition of immune cells, which can
diminish their anti-tumor efficacy[14]. Similarly, the development of disulfidptosis induction
through GLUT inhibition faces challenges in drug development[15]. Therefore, investigating the role
of disulfidptosis in the TME may contribute to its clinical translation and the identification of
potential immunotherapeutic strategies. However, to date, no study has focused on the interaction
between disulfidptosis-related subtypes in the TME and tumor cells.

In this study, we conducted an analysis of 100,987 cells from 11 patients to investigate the impact
of disulfidptosis on major immune cells in the TME of osteosarcoma, including fibroblasts,
macrophages, and tumor-infiltrating lymphocytes (TILs). We employed Non-negative Matrix
Factorization (NMF) to classify the major immune cell populations and define multiple
disulfidptosis-related NMF clusters. Fourteen disulfidptosis-related genes were used to delineate the
NMF clusters[15]. The results revealed extensive and specific communication between different
disulfidptosis-related subtypes in the TME and their significant associations with immune features,
immunotherapy response, cellular transcription, and prognosis. To our knowledge, this is the first
study to elucidate the communication between osteosarcoma cells and cells in the TME by classifying
tumor microenvironment subpopulations using NMF. This study contributes to a better
understanding of the underlying mechanisms of osteosarcoma development and advances in
immunotherapy.

2. Materials and methods
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2.1. Data and clinical sample collection

In this study, we utilized single-cell mRNA sequencing (scRNA-seq) data retrieved from the
Gene Expression Omnibus (GEO) database (www.ncbi.nlm.nih.gov) to conduct our analysis. The
specific gene set (GSE152048)[13]encompassed RNA sequencing data obtained from 100,987 cells
derived from 11 patients diagnosed with osteosarcoma (OS). Among these patients, there were seven
cases of primary OS, two cases of recurrent OS, and two cases of pulmonary metastatic OS lesions.
Additionally, we acquired mRNA sequence or microarray data, along with clinical information, for
an additional 141 osteosarcoma patients from the Therapeutically Applicable Research To Generate
Effective Treatments (TARGET) database and the GEO database. In order to carry out
immunofluorescence staining, we selected tumor tissue from a patient with osteosarcoma and osteoid
tissue from a patient with osteoblastoma, which were subsequently processed into paraffin sections.

2.2. Identification of OS cells and cell types in the TME

The Seurat[16] package in R software (version 4.1.2) was employed to analyze the single-cell
RNA sequencing (scRNA-seq) data in this study. We excluded cell samples exhibiting mitochondrial
genes accounting for more than 15% of the gene count, as well as those with a minimum gene count
of less than 200. Following data normalization using the NormalizeData function, we identified 2000
genes characterized by high intercellular coefficients of variation by utilizing the
FindVariableFeatures function within the Seurat package. Subsequently, principal component
analysis (PCA) was performed using the ScaleData and RunPCA functions to determine the number
of principal components (PCs) based on Seurat objects. For subsequent analysis, we selected 10 PCs
and conducted Uniform Manifold Approximation and Projection (UMAP) analysis as well as t-
distributed stochastic neighbor embedding (tSNE) analysis. Finally, we employed cell markers
obtained from prior experiments to annotate the cell types, thus enabling further analysis.

2.3. Pseudotime trajectory analysis of disulfidptosis-related genes in TME cells

The objective of this study was to examine the relationship between cell developmental
trajectories and disulfidptosis-related genes in osteosarcoma. To achieve this, we performed a
pseudotime analysis of single-cell RNA data encompassing all cell types present in osteosarcoma. For
this purpose, we utilized the "monocle" package[17] and selected highly variable genes based on the
following criteria: mean_expression 2 0.1 and dispersion_empirical 2 1. Subsequently, the
plot_pseudotime_heatmap function was applied to the RNA data of various cell types within the
immune microenvironment of osteosarcoma. This approach enabled visualization of the expression
patterns of disulfidptosis-related genes in the immune microenvironment of osteosarcoma. Through
this analysis, our aim was to enhance our understanding of the developmental trajectories of cells in
osteosarcoma and their association with the expression of disulfidptosis-related genes.

2.4. Non-negative matrix factorization of disulfidptosis-related genes in TME Cells

In this study, we employed a non-negative matrix factorization (NMF) algorithm[18] to perform
dimensionality ~reduction analysis of disulfidptosis-related genes in different tumor
microenvironment (TME) cell types. The NMF algorithm was implemented using the NMF package
within the R software. Subsequently, we utilized the results of dimensionality reduction of the
expression matrix of disulfidptosis-related genes to identify the distinct isoforms present within these
cell types.

2.5. Identification of marker genes of disulfidptosis-related cell subtypes in TME cells

To identify genes that differed between each NMF cluster and all other clusters within each cell
type of osteosarcoma tissues, we employed the Find AllMarkers function. We set a logfc.threshold of
0.5 and filtered out genes with a p-value less than 0.05 for subsequent analysis. Each cluster was
defined based on the log fold change (logFC) value of the most significantly different gene within
that cluster. If the logFC value exceeded 1 and the gene was associated with disulfidptosis, the cluster
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was designated as the disulfidptosis-related subtype, and the gene was identified as the marker gene
for that cluster. If the logFC value exceeded 1 but the gene was not associated with disulfidptosis, the
cluster was classified as the non-disulfidptosis subtype. Similarly, if the logFC value was less than 1
and the gene was not associated with disulfidptosis, the cluster was also classified as the non-
disulfidptosis subtype. In cases where the relationship between the gene and disulfidptosis was
unclear and the logFC value was less than 1, the cluster was defined as the unclear subtype.

2.6. Cell-cell communication analysis of disulfidptosis-related cell subtypes

To investigate cell-cell communication within disulfidptosis-related cell subtypes, we selected
these subtypes and merged them with all osteosarcoma cells. We utilized the cellchat package[19] in
R to extract ligand-receptor interaction information from the CellChatDB.human database, enabling
the generation of a communication network between each cell subtype. The ComputeCommunProb
function was employed to calculate the communication probability/strength between different cell
clusters. Subsequently, we visualized the strength of the cell-cell communication network among all
cell clusters originating from osteosarcoma cells to other disulfidptosis-related cell clusters using the
netVisualCircle function. Finally, we employed the netAnalysis_signalingRole_heatmap function to
demonstrate the types and weights of signaling pathways transmitted or received by each cell type.

2.7. SCENIC analysis for disulfidptosis-related subtypes

SCENIC[20] is a powerful tool for analyzing transcription factor activity and gene regulatory
networks using single-cell transcriptome data. This analysis consists of three main steps. Initially, the
GENIE3 package is utilized to infer the co-expression network of transcription factors (TFs) and genes
based on the correlation between TFs and gene expression data from each cell cluster. Subsequently,
a gene regulatory network module, known as a regulon, is constructed using the RcisTarget[21]
package and two motif databases: hgl9-500bp-upstream and hgl9-tss-centered. Each regulon
contains the TFs and their associated target genes. Finally, the activity of the regulon in each cell is
calculated using the AUCell package, and the cumulative curve area (AUC) is determined based on
the position of the genes within the regulons in the overall gene expression profile. The AUC value
reflects the activity level of the regulon in each individual cell.

2.8. Survival analysis of disulfidptosis-related signatures in public bulk RNA sequence database

We generated different gene expression signatures for disulfidptosis based on the NMF clusters
obtained from the FindAllMarkers function. The GSVA function[22] was then utilized to calculate
signature scores for each category from the three datasets (TARGET and GEO). Subsequently, we
conducted a univariate Cox regression analysis to identify signatures significantly associated with
survival. The surv_cutpoint function was employed to determine the optimal cutoff values for these
signatures. Finally, based on the optimal cutoff values, we divided the samples into two groups (low
and high risk) and plotted Kaplan-Meier survival curves. Survival curves were plotted for the
corresponding signature if the p-value was less than 0.05.

2.9. Analysis of immunotherapy in disulfidptosis-related clusters

The TIDE (Tumor Immune Dysfunction and Exclusion)[23] database, an online tool for
predicting response to immunotherapy, was utilized for this analysis. We input three gene expression
datasets from GEO and TARGET into the TIDE database to obtain immunotherapy response results
for patients. Additionally, we obtained clinical activity data of atezolizumab for mUC from a large
phase 2 trial (IMvigor210)[24]. The scores of disulfidptosis signatures obtained from the previous
GSVA analysis for each database were utilized to identify nmf subtypes associated with immune
response.

2.10. Immunofluorescent staining
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Immunofluorescent staining of tissue sections was conducted using a TSA fluorescent double
staining kit (Servicebio G1235-100T). The primary antibodies used for immunofluorescence included
CAPZB (ABclonal A8106) and a-SMA (Servicebio GB13044). The staining procedure commenced
with the dewaxing of paraffin sections followed by microwave treatment with citric acid antigen
repair solution (pH 6.0) to repair the antigen. Primary and secondary antibodies were added and
incubated at room temperature, protected from light. TSA-FITC staining working solution and 5TSA-
CY3 staining working solution were used to stain the treated tissue sections. Finally, images were
acquired using a multispectral tissue section imaging and analysis system (PerkinElmer Mantra).

2.11. Statistical analysis

To identify variations in immunotherapeutic response and prognosis among disulfidptosis-
related cell subtypes, we employed the Wilcoxon rank-sum test. For comparing the biology of
disulfidptosis-related cell subtypes within each tumor microenvironment (TME) cell population, we
collected multiple sets of genes known to be associated with TME cell function. The
AverageExpression function was used to compute the mean expression of each gene in each
disulfidptosis-related cell subtype. The pheatmap function was employed to visually represent the
expression patterns of the specified genes. Furthermore, we utilized the AddModuleScore[25]
function to assign a score to each cell based on CAF isoforms, and the disulfidptosis function was
employed to determine the average module scores across different disulfidptosis-related cell
subtypes.

3. Results

3.1. Landscape of disulfidptosis-related genes in the tumor microenvironment (TME) of osteosarcoma

The tumor microenvironment (TME) plays a crucial role in the development and progression of
osteosarcoma. To understand the landscape of disulfidptosis-related genes within the TME, we
analyzed a single-cell RNA sequencing (scRNA-seq) dataset consisting of 71,312 cells from primary
osteosarcoma tumors. Based on previous studies[13], we classified the cells in the immune
microenvironment into 11 distinct types, including osteoblastic OS cells, proliferating osteoblastic OS
cells, chondroblastic OS cells, osteoclastic cells, TILs (T and NK cells), myeloid cells, fibroblasts,
pericytes, MSCs, myoblasts, and endothelial cells (Figure 1B).Cell-cell communication analysis using
the CellChat package revealed complex communication links between different cell types within the
TME (Figure 1C). We examined the distribution of 14 disulfidptosis-related genes in the tSNE clusters
using the FeaturePlot function and found that the expression of these genes varied among different
TME cell types (Figure 1D). Violin plots were used to visualize the differential expression patterns of
key genes (NDUFA11, SLC3A2, NUDEFSI) involved in the regulation of cellular redox homeostasis
(Figure 1E). Notably, the cysteine transporter protein SLC3A2, which is closely associated with
disulfidptosis, was found to be expressed in all TME cells. By utilizing the scRNA data, we classified
specific cell types of interest (fibroblasts, macrophages, T cells, and NK cells) into distinct
disulfidptosis-related subtypes based on the expression profiles of 14 disulfidptosis-associated genes.
The marker genes for these subtypes are listed in supplementary Table 1.
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Figure 1. Overview of the study on disulfidptosis-related genes in osteosarcoma single-cell data. (A)
Expression of 14 disulfidptosis-related genes depicted on a t-SNE plot. (B) UMAP visualization
showing 11 cell types within the single-cell clusters. (C) Cellchat analysis illustrating intercellular
communication among the 11 major cell types. (D) Heatmap displaying the distribution of
disulfidptosis-related genes in various cell types, including osteoblastic OS cells, proliferating
osteoblastic OS cells, chondroblastic OS cells, osteoclastic cells, TILs (T and NK cells), myeloid cells,
fibroblasts, pericytes, MSCs, myoblasts, and endothelial cells. (E) Violin plots presenting the
expression of four genes closely associated with disulfidptosis regulation.

3.2. Disulfidptosis-driven fibroblasts shape the TME of osteosarcoma

We focused on fibroblasts within the TME and identified 10,447 fibroblasts based on marker
genes from a previous study. Using non-negative matrix factorization (NMF), we classified the
fibroblast population into 9 subtypes based on 14 disulfidptosis-related genes. Cell-cell
communication analysis revealed that these disulfidptosis-related fibroblast subtypes exhibited
different interaction patterns with osteosarcoma cells, with ACTN4+CAF-C1 subtype showing the
highest number of interactions (Figure 2A, 2B). Pseudotime analysis demonstrated the involvement
of disulfidptosis-related genes in the trajectory of fibroblasts (Figure 2D). Scoring the subtypes based
on the pan-CAF signature[26] revealed that CAPZB+CAF-C7 correlated significantly with
inflammatory CAF (pan-iCAF), while Non-disulfidptosis-CAF-C0 was associated with most tumor-
associated fibroblast subtypes (Figure 2C). Furthermore, we examined the outgoing and incoming
signals in the fibroblasts and identified the main signals associated with specific subtypes(Figure 2E).
The gene regulatory network analysis revealed significant differential expression of transcription
factors among the subtypes, with FLNA+CAF-C5 showing upregulation and CAPZB+CAF-C2
showing downregulation(Figure 2F). Additionally, the expression of proinflammatory-related
proteins was higher in CAPZB+CAF-C7 (Figure 2G).
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Figure 2. Impact of disulfidptosis on fibroblast characteristics. (A) Cell communication between
disulfidptosis-related fibroblast subtypes and osteosarcoma cells. (B) Cell communication between
different disulfidptosis-related subtypes, indicating the weightage of each interaction. (C) Association
of different disulfidptosis-related subtypes with five pan-CAF subtypes. (D) Pseudotime analysis
depicting a clustered heatmap of 14 disulfidptosis-related genes in fibroblasts. (E) Incoming and
outgoing signaling patterns of disulfidptosis-related fibroblast subtypes. (F) Comparison of
transcription factor activities in seven disulfidptosis-related fibroblast subtypes using the SCENIC
package in R. (G) Heatmap displaying the average expression of seven common signaling pathway
genes across different disulfidptosis-related fibroblast subtypes.

3.3. Disulfidptosis-driven subtypes of tumor-infiltrating lymphocytes (TILs) impact the immune response in
osteosarcoma

Tumor-infiltrating lymphocytes (TILs) play a crucial role in cancer immunotherapy, and their
interaction with disulfidptosis remains unclear. Therefore, we categorized TILs in osteosarcoma into
eight subtypes, including CD4+ T cells, B cells, CD8+ T cells, NK cells, CD4-/CD8- T cells,
proliferating T cells, NKT cells, and T-regulatory cells (Figure 3A). Using the NMF algorithm, we
further classified NK cells, CD4+ T cells, CD8+ T cells, and T-regulatory cells into disulfidptosis-
related subtypes. The interaction analysis revealed distinct ligand-receptor interactions with
osteosarcoma cells for each TIL subtype (Figure 3C). Transcription factor gene regulatory networks
showed significant differential expression across disulfidptosis-related subtypes (Figure 3D). We
analyzed the expression of co-stimulatory and co-inhibitory markers in different subtypes and
observed variations in their average expression levels. Signature scores related to T cell functions,
including exhaustion, cytotoxicity, effector function, and effector memory, also differed among the
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subtypes(Figure 3B). Pseudotime analysis provided insights into the dynamic characteristics of the
NMF-disulfidptosis-related TIL subtypes (Supplementary Figure 1B, 1E; Supplementary Figure 2B,
2E; Supplementary Figure 3B, 3E; Supplementary Figure 4B, 4E). Supplementary Table 2 lists the
signature genes for different TIL subtypes. By exploring the landscape of disulfidptosis-related genes
in the TME of osteosarcoma, we revealed distinct subtypes of fibroblasts and TILs that contribute to
the tumor microenvironment and immune response. These findings enhance our understanding of
the role of disulfidptosis in osteosarcoma and provide valuable insights for future research and
clinical applications.
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Figure 3. NMF clusters of disulfidptosis-related genes for tumor-infiltrating lymphocytes. (A) UMAP
and tSNE maps illustrating the cellular distribution of eight infiltrating lymphocyte subpopulations,
including CD4+T cells, B cells, CD8+T cells, natural killer (NK) cells, CD4-/CD8- T cells, proliferating
T cells, NKT cells, and regulatory T cells (T-reg). (B) Heatmap displaying different features of NMF
clusters, such as four T cell functional scores and the average expression of immune inhibitory and
immune activation genes in the four infiltrating lymphocyte subtypes. (C) Cell-cell communication
between disulfidptosis-related infiltrating lymphocytes and osteosarcoma cells. (D) Comparison of
transcription factor activities in the four infiltrating lymphocyte subtypes using the SCENIC package
inR.
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Supplementary Figure 1: Communication analysis and features of disulfidptosis-related subtypes
in CD8+ T cells. (A) Cell-cell communication between disulfidptosis-related CD8+ T subtypes and
osteosarcoma cells. (B) Pseudotime analysis displaying a clustered heatmap of 14 disulfidptosis-
related genes in CD8+ T cells. (C) Incoming and outgoing signaling patterns of disulfidptosis-related
CD8+ T subtypes. (D) UMAP plots illustrating different disulfidptosis-related CD8+ T subtypes. (E)
Cellular trajectories of different disulfidptosis-related CD8+ T subtypes using monocle.
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Supplementary Figure 2: Communication analysis and features of disulfidptosis-related subtypes
in CD4+ T cells. (A) Cell-cell communication between disulfidptosis-related CD4+ T subtypes and
osteosarcoma cells. (B) Pseudotime analysis depicting a clustered heatmap of 14 disulfidptosis-related
genes in CD4+ T cells. (C) Incoming and outgoing signaling patterns of disulfidptosis-related CD4+ T
subtypes. (D) UMAP plots demonstrating different disulfidptosis-related CD4+ T subtypes. (E)
Cellular trajectories of different disulfidptosis-related CD4+ T subtypes using monocle.


https://doi.org/10.20944/preprints202306.1915.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2023 doi:10.20944/preprints202306.1915.v1

CD2AP+NK_cells-C6 B

CAPZB I 3 Cluster

A FLNA+NK_calls-C1
1 |
A | CAPZB+NK_cells-C4
\ [ >3 INF2
IQGAP1+NK_cells—C7 | I y;‘ 2
\ \ | / 1 DSTN n
\ \ i /' ACTN4+NK_cells-C2 1
I g | I MYH10

MYHO+NK _cells-C3 /
\ ACTB 0
LN1+NK_cells-C5
& MYL6 =
Non-disul-NK_cells-C
MYH9
Osteosarcoma cells -2
v ACTN4
C Incoming signaling patterns Outgoing signaling patterns IQGAP1 -3
e = 2
SPP1 | ] I CDZAP
Jos ] | | . TLN1
MK 1 E
PN 12 I FLNB
o FGF | & o2
™ O ‘ | FLNA
R 15333 i40 PDLIM1
PEl ) iy Cluster
iié I
i3 efgigeiac
D NMF_celltype E State® 18 +87 -9 NMF_cluster 0 24 "6
2468 13457
$.0 CD2AP+NK_cells-C8 "
< &
s FLNA+NK_cells-C1 :
o2 ACTNA+NK _cells-C2 o, s &
| ACTNANK cais-cz @ MYH9+NK_cells-C3 = v 3" =
o © CAPZB+NK_cells-C4 & 3
< TLN1+NK_cells-C5 5 S 5 R
= Non-disul-NK_cells-C0 & Ll 8 T
2 £ - ow%e £ .o o
CD2AP+NK_cells-C6 5 . p Pt oI / <
IQGAP1+NK_cells-C7 O iie [$) ¥ o
\ . i P
% -4 -2 0 2 gy Eae, ‘ ‘ ' ‘ .
LMt Component 1 ~ Component 1

Supplementary Figure 3: Communication analysis and features of disulfidptosis-related subtypes
in NK cells. (A) Cell-cell communication between disulfidptosis-related NK cell subtypes and
osteosarcoma cells. (B) Pseudotime analysis presenting a clustered heatmap of 14 disulfidptosis-
related genes in NK cells. (C) Incoming and outgoing signaling patterns of disulfidptosis-related NK
cell subtypes. (D) UMAP plots illustrating different disulfidptosis-related NK cell subtypes. (E)
Cellular trajectories of different disulfidptosis-related NK cell subtypes using monocle.


https://doi.org/10.20944/preprints202306.1915.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2023 doi:10.20944/preprints202306.1915.v1

DSTN+T-reg_cells-C1

»
N i i B 3 Cluster
on-disul-T-reg_cells-C0 I | INF2 . 1
* p 2
ACTB 2 3
[ CAPZE+T-reg_ceIIs-C3 MYL6 1 f,g
! ACTN4
CAPZB 0
Osmnslgna cells 5 I MYH10 =1
b TLN1+T-reg_cells-C2
C | DSTN P
Incoming signaling patterns i Outgoing signaling patterns I FLNB .
W o e 0 ] —
= L = il IQGAP1
MK E & MK ] = K .
o mE I n il “ CD2AP
SPP1 2 SPP1 n %
GALECTIN ‘ S, CALECTIN - B2 o2 PDLIM1
FGF FGF - |_ TLN1
T ¢ @ 1§ T o1} FLNA
3 % 3 H kd 3 2 L.
AN A PEf MYH9
O P
5 08 B § &8 Cluster
NMF_celltype E
D 4. CAPZEWT-reg_cels-C3 State + 1 2 3 NMF_cluster« 0«1~ 2
2 1 1 il
8 TUT-regleeis-C2 &y
N‘ 00 D;},“_T_,E‘;L“"H‘ Non-disul-T-reg_cells-C0 e . chems
o DSTN+T-reg_cells-C1 8- TR ) sy
< » TLN1+T-reg_cells-C2 S E
= CAPZB+T-reg_cells-C3 E.. :
D-25 8
o
Non-disul=T-reg_cells—CO Ui
-5.0

0 10 Compohent1 B Component 1

5
UMAP_1
Supplementary Figure 4: Communication analysis and features of disulfidptosis-related subtypes
in regulatory T cells. (A) Cell-cell communication between disulfidptosis-related regulatory T cell
subtypes and osteosarcoma cells. (B) Pseudotime analysis presenting a clustered heatmap of 14
disulfidptosis-related genes in regulatory T cells. (C) Incoming and outgoing signaling patterns of
disulfidptosis-related regulatory T cell subtypes. (D) UMAP plots demonstrating different
disulfidptosis-related regulatory T cell subtypes. (E) Cellular trajectories of different disulfidptosis-
related regulatory T cell subtypes using monocle.

3.4. Disulfidptosis-driven macrophages: Impact on cellular metabolism and intercellular communication

A total of 24,685 myeloid cells were identified in our analysis. Among them, we selected 3,471
macrophages based on established gene markers from previous literature. Using the NMF algorithm
and the expression levels of disulfidptosis-related genes, we classified the macrophages into five
major disulfidptosis-related clusters (Figure 4B). These subtypes included three subtypes expressing
disulfidptosis genes (INF2+Mac-C2, FLNA+Mac-C3, ACTN4+Mac-C1), one subtype with unclear
expression of disulfidptosis genes (Unclear), and one subtype not expressing disulfidptosis genes
(Non-disul-Mac-C0). The five disulfidptosis-related subtypes exhibited different numbers of ligand-
receptor interactions with osteosarcoma cells (Figure 4A). We visualized the incoming and outgoing
signaling propagation networks of cell-cell interactions using heatmap diagrams. Notably, the Non-
disul-Mac-C0O subtype showed fewer connections with osteosarcoma cells compared to the other
subtypes expressing disulfidptosis-related genes. Additionally, metabolic analysis using the Seurat
package revealed distinct differences in the top 30 metabolic pathways among the five subtypes, with
the Non-disul-Mac-C0O subtype showing lower pathway scores compared to the other subtypes
(Figure 4E). Importantly, there were no significant differences in the distribution and proportions of
the five disulfidptosis gene subtypes between M1 and M2 macrophages (Figure 4G, 4F).
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Figure 4. Impact of disulfidptosis on macrophage characteristics. (A) Cell communication between
disulfidptosis-related macrophage subtypes and osteosarcoma cells. (B) t-SNE plot of myeloid cells
in osteosarcoma TME; UMAP plot of different disulfidptosis-related macrophage subtypes. (C)
Pseudotime analysis depicting a clustered heatmap of 14 disulfidptosis-related genes in macrophages.
(D) Incoming and outgoing signaling patterns of disulfidptosis-related macrophage subtypes. (E)
Heatmap illustrating the scoring differences of four disulfidptosis-related macrophage subtypes
across 30 metabolic signaling pathways. (F) UMAP plots of M1 macrophages and M2 macrophages.
(G) Differential expression of disulfidptosis-related subtypes in M1 macrophages and M2
macrophages. (H) Cellular trajectories of different disulfidptosis-related subtypes using monocle.

3.5. Impact of disulfidptosis-driven TME on osteosarcoma prognosis

To investigate the relationship between disulfidptosis-related subtypes and prognosis in
osteosarcoma, we merged three datasets of prognosis data and corresponding subtype signature
scores. This allowed us to establish the correlation between signature scores and survival time. Using
a univariate Cox proportional hazards regression model with the survival time and signature scores
of 172 patients from the three datasets, we observed significant differences in overall survival among
disulfidptosis-related subtypes, which involve alterations in key genes associated with tumor-
associated fibroblasts, tumor-infiltrating lymphocytes, and macrophages (Figure 5A). Additionally,
based on the disulfidptosis-related signatures of each cell type, we divided patients into high and
low expression groups for each gene set and calculated the intergroup differences accordingly. We
identified significant differences (p-value < 0.05) in the survival outcomes of four subgroups:
CAPZB+NK-C4, CD2AP+NK-C6, MYH9+NK-C3, and MYH10+CAF-C2 across all three gene sets
(Supplementary Figure 5).
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Figure 5. Prognosis and immunotherapy response of disulfidptosis-related subtypes (GSVA scores)

in different public cohorts. (A) Analysis of immunotherapy response. (B) Prognosis analysis. (C)

Immunotherapy response in a public cohort.
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Supplementary Figure 5: Prognosis of disulfidptosis-related subtypes (GSVA scores) in different
public cohorts.

3.6. Impact of disulfidptosis-driven TME on immunotherapy in osteosarcoma

Furthermore, we integrated the immunotherapy response results obtained from the TIDE
database with the GSVA analysis results. Using the logistic regression method, we consistently
observed meaningful associations between the disulfidptosis-related subtypes and immunotherapy
response across three osteosarcoma cohorts receiving immunotherapy (Figure 5A). Additionally, we
validated the relationship between different disulfidptosis-related TME subtypes and
immunotherapy using a cohort dataset of immune therapy for bladder urothelial carcinoma (BLCA)
(Figure 5C) ( Supplementary Figure 6).
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3.7. Enhanced intercellular communication in disulfidptosis-mediated TME patterns

Through cell chat analysis of tumor-associated fibroblasts, CD8+ T cells, and macrophages, we
identified several ligand-receptor pairs involved in intercellular communication from tumor cells to
disulfidptosis-related TME subtypes (Figure 6A)( Supplementary Figure 7). The binding strength and
ligand-receptor profiles between disulfidptosis-related TME subtypes and osteosarcoma cells varied,
suggesting that these subtypes may engage in extensive interactions with tumor cells, thereby
promoting osteosarcoma development (Figure 6B).
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and osteosarcoma cells.
3.8. Histological localization of CAPZB-CAF-C7 in osteosarcoma and osteoblastoma
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We found that CAPZB+CAF-C7, as a subtype of cancer-associated fibroblasts, significantly
impacted immunotherapeutic response and overall survival in osteosarcoma(Figure 7). To validate
the histological localization of CAPZB+CAF-C7 in osteosarcoma tissues and other benign conditions,
we performed immunofluorescence (IF) staining on human osteosarcoma and osteoblastoma tissues.
The results revealed a co-localization of the fluorescence signals between a-SMA, a marker for tumor-
associated fibroblasts, and CAPZB, forming a bright yellow co-localization signal.

CAPZB a-SMA merge

Control

oS &

Figure 7. Immunofluorescence depicting the histological localization of CAPZB+CAF-C7 in
osteosarcoma and osteoclastoma.

4. Discussion

Over the years, extensive research has been conducted to investigate the regulatory cell death
(RCD) pathways that influence tumor formation and development[27-29]. In recent years, there has
been a focus on investigating the remodeling of tumor RCD pathways within the tumor
microenvironment (TME) to activate pro-inflammatory signals and immunogenicity necessary for
anti-tumor immune responses[30]. However, limited attention has been given to exploring the impact
of PCD pathways in immunocytes on tumors. In this study, we comprehensively examined the
expression of disulfidptosis-related genes in major cell types within the osteosarcoma
microenvironment and elucidated the specific associations between disulfidptosis-related subtypes
within the TME and osteosarcoma tumors. This unique perspective provides a deeper understanding
of how the disulfidptosis pathways of different cellular components within the TME influence the
prognosis and outcomes of individual osteosarcoma patients.

Tumor cells constitute the main component of osteosarcoma tissue and play a crucial role in
determining patient prognosis and the efficacy of targeted therapies[31]. Additionally, the infiltration
of immune cells in osteosarcoma tissue contributes to the complex immune microenvironment that
supports the proliferation and invasion of tumor cells[32]. Therefore, it is of great significance to
study the major immune cells in the TME and their intricate communication with osteosarcoma cells
to develop advanced immunotherapeutic approaches. Notably, lymphocyte infiltration occurs in
different regions and subgroups of osteosarcoma, involving multiple molecules with diverse roles in
anti-tumor immune responses[33-35]. Tumor-associated macrophages (TAMs) have also garnered
attention as potential targets to enhance immunotherapy for osteosarcoma[36]. While clinical trials
targeting tumor-associated fibroblasts (CAFs) have had limited success, CAFs remain promising
therapeutic targets in cancer treatment[37]. Our study reveals distinct disulfidptosis regulatory
patterns in these three components of the tumor microenvironment, highlighting their extensive
communication with osteosarcoma cells. Cellchat analysis identified various ligand-receptor pairs,
such as LGALS9-CD44, LGALS9-CD45, PTN-NCL, MDK-NCL, MDK-LRP1, SPP1-CD44, MIF-CD74-
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CD44, and MIF-CD74-CXCR4, which mediate the communication between disulfidptosis-related
subtypes and osteosarcoma cells.

The current tumor-centric treatment approach often fails to eradicate tumors due to metastasis,
drug resistance, and the resistant tumor microenvironment[38, 39]. Increasing evidence highlights
the critical role of the TME in promoting cancer development, leading researchers to recognize the
TME as a key factor in the successful treatment of malignant tumors[40]. Among the diverse stromal
components in the TME, CAFs have emerged as major therapeutic targets in various cancer types[41].
To better understand the heterogeneity of CAFs, we classified pan-CAF into five subtypes based on
molecular features, including pan-myCAFs, pan-dCAFs, pan-iCAFs, pan-nCAFs, and pan-pCAFs.
Specific pan-CAF subtypes have been associated with immune checkpoint blockade (ICB) resistance
in different tumors. Our study revealed correlations between distinct disulfidptosis-related fibroblast
subtypes and various pan-CAF subtypes. Furthermore, we found that disulfidptosis-related
fibroblast subtypes exhibited stronger communication with osteosarcoma cells. Specifically, the
CAPZB+CAF subtype showed close associations with pan-myCAF and several pro-inflammatory
factors, such as CFD, CFI, C3, C7, CXCL14, CXCL12, among others. Moreover, we identified distinct
and specific patterns of cytokine expression among different categories of CAFs. Therefore, we
hypothesize that within the osteosarcoma tumor microenvironment, the CAPZB+CAF subtype
primarily secretes pro-inflammatory cytokines and plays a crucial role in remodeling the immune
microenvironment. Consequently, disulfidptosis-related fibroblast subtypes may mediate the
remodeling of the tumor microenvironment and potentially correlate with poor prognosis, tumor
growth, and invasion[42-44].

Currently, there is a growing recognition of the pivotal role of programmed cell death (PCD) in
the tumor microenvironment (TME)[45]. PCD in certain tumors can elicit immune responses in the
TME by releasing cellular components such as pro-inflammatory cytokines and damage-associated
molecular patterns[46]. Conversely, PCD in immune cells can directly disrupt anti-tumor immunity
within the TME[47, 48]. Therefore, a comprehensive assessment of PCD in different cell types within
the TME is crucial for devising effective tumor treatment strategies. In our study, we identified the
INF2+Mac subtype through non-negative matrix factorization (NMF) classification, which showed
associations with multiple metabolic pathways. Notably, the disulfidptosis-related macrophage
subtypes exhibited a closer relationship with metabolism compared to other subtypes. This finding
sheds light on the significant role of disulfidptosis in guiding and regulating macrophage
metabolism. The metabolic pathways of myeloid cells, represented by macrophages, and
lymphocytes, represented by T cells, play pivotal roles in immune activation[49]. Moreover, survival
analysis demonstrated a positive impact of the disulfidptosis-related macrophage subtype on overall
survival. The INF2+Mac subtype, representing the disulfidptosis-related subtypes, exhibited
significant activation of metabolic pathways. The characteristic genes of the INF2+Mac subtype were
notably enriched in sulfur metabolism, steroid biosynthesis, starch and sucrose metabolism,
oxidative phosphorylation, and other metabolic pathways. Additionally, our study found no
significant differences in the distribution of disulfidptosis-related subtypes between M1 and M2
macrophages. Furthermore, we identified extensive associations between four types of infiltrating
lymphocytes mediated by disulfidptosis and tumors. Different subtypes exhibited distinct expression
patterns of specific cytokines.

To gain further insights into the heterogeneity of gene regulatory networks underlying cellular
heterogeneity, we performed transcription factor analysis at the single-cell level. The results revealed
distinct transcriptional characteristics among various disulfidptosis-related subtypes, including
cancer-associated fibroblasts (CAFs), infiltrating lymphocytes, and macrophages. Several
transcription factors, such as JUND, FOS, and IRF1[50-52], were found to be involved in the activation
of PCD. However, further research is required to elucidate the specific transcription factors involved
in the disulfidptosis process. In summary, similar to other forms of PCD, disulfidptosis-related cell
subtypes can regulate different transcription factor networks to reshape the TME. Cell-cell
communication analysis using Cellchat unveiled specific interactions between disulfidptosis-related
subtypes of various cell populations and osteosarcoma cells. Moreover, within the CAFs subgroup,
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disulfidptosis-related subtypes exhibited more extensive cellular communication with osteosarcoma
cells, suggesting that the disulfidptosis mode of CAFs may contribute to TME inhibition.

To gain deeper insights into the broader implications of disulfidptosis modes on the tumor
microenvironment (TME), we utilized publicly available RNA-seq data to score and evaluate these
subtypes in relation to prognosis and response to immunotherapy. The analysis revealed significant
prognostic implications of disulfidptosis-related TME subtypes in osteosarcoma, with the subtypes
of cancer-associated fibroblasts (CAFs) exhibiting the most pronounced variations in immunotherapy
response. These findings were further validated in an independent immunotherapy cohort of bladder
cancer (BLCA). Collectively, these results highlight the potential value of disulfidptosis mode in the
treatment of osteosarcoma, underscoring its critical significance for subtype investigations within the
osteosarcoma TME.

As the first systematic analysis of the impact of disulfidptosis-induced cell death mode in the
TME, our conclusions are not without limitations. In addition to the inherent noise and errors in
single-cell data, our findings require further validation using a larger clinical sample size.
Nevertheless, our study offers a novel perspective on unraveling the characteristics of disulfidptosis-
induced cell death in the TME, advancing our understanding of this specific programmed cell death
mode, and providing new insights for other domains within the life sciences.

5. Conclusion

We have identified specific disulfidptosis-related subtypes in tumor microenvironment (TME)
cells for the first time, using the single-cell sequencing analysis method. Furthermore, we have
elucidated the role of intercellular communication mediated by disulfidptosis in the TME, in
regulating tumor growth and modulating the anti-tumor immune response. This study provides
novel insights into the involvement of disulfidptosis-induced cell death and its impact on the
dynamic cellular interactions within the TME, thereby contributing to our understanding of tumor
development and immunomodulation
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Figures

Figure 1: Overview of the study on disulfidptosis-related genes in osteosarcoma single-cell data.
(A) Expression of 14 disulfidptosis-related genes depicted on a t-SNE plot. (B) UMAP visualization
showing 11 cell types within the single-cell clusters. (C) Cellchat analysis illustrating intercellular
communication among the 11 major cell types. (D) Heatmap displaying the distribution of
disulfidptosis-related genes in various cell types, including osteoblastic OS cells, proliferating
osteoblastic OS cells, chondroblastic OS cells, osteoclastic cells, TILs (T and NK cells), myeloid cells,
fibroblasts, pericytes, MSCs, myoblasts, and endothelial cells. (E) Violin plots presenting the
expression of four genes closely associated with disulfidptosis regulation.

Figure 2: Impact of disulfidptosis on fibroblast characteristics. (A) Cell communication between
disulfidptosis-related fibroblast subtypes and osteosarcoma cells. (B) Cell communication between
different disulfidptosis-related subtypes, indicating the weightage of each interaction. (C)
Association of different disulfidptosis-related subtypes with five pan-CAF subtypes. (D) Pseudotime
analysis depicting a clustered heatmap of 14 disulfidptosis-related genes in fibroblasts. (E) Incoming
and outgoing signaling patterns of disulfidptosis-related fibroblast subtypes. (F) Comparison of
transcription factor activities in seven disulfidptosis-related fibroblast subtypes using the SCENIC
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package in R. (G) Heatmap displaying the average expression of seven common signaling pathway
genes across different disulfidptosis-related fibroblast subtypes.

Figure 3: NMF clusters of disulfidptosis-related genes for tumor-infiltrating lymphocytes. (A)
UMAP and tSNE maps illustrating the cellular distribution of eight infiltrating lymphocyte
subpopulations, including CD4+T cells, B cells, CD8+T cells, natural killer (NK) cells, CD4-/CD8- T
cells, proliferating T cells, NKT cells, and regulatory T cells (T-reg). (B) Heatmap displaying different
features of NMF clusters, such as four T cell functional scores and the average expression of immune
inhibitory and immune activation genes in the four infiltrating lymphocyte subtypes. (C) Cell-cell
communication between disulfidptosis-related infiltrating lymphocytes and osteosarcoma cells. (D)
Comparison of transcription factor activities in the four infiltrating lymphocyte subtypes using the
SCENIC package in R.

Figure 4: Impact of disulfidptosis on macrophage characteristics. (A) Cell communication
between disulfidptosis-related macrophage subtypes and osteosarcoma cells. (B) t-SNE plot of
myeloid cells in osteosarcoma TME; UMAP plot of different disulfidptosis-related macrophage
subtypes. (C) Pseudotime analysis depicting a clustered heatmap of 14 disulfidptosis-related genes
in macrophages. (D) Incoming and outgoing signaling patterns of disulfidptosis-related macrophage
subtypes. (E) Heatmap illustrating the scoring differences of four disulfidptosis-related macrophage
subtypes across 30 metabolic signaling pathways. (F) UMAP plots of M1 macrophages and M2
macrophages. (G) Differential expression of disulfidptosis-related subtypes in M1 macrophages and
M2 macrophages. (H) Cellular trajectories of different disulfidptosis-related subtypes using monocle.

Figure 5: Prognosis and immunotherapy response of disulfidptosis-related subtypes (GSVA
scores) in different public cohorts. (A) Analysis of immunotherapy response. (B) Prognosis analysis.
(C) Immunotherapy response in a public cohort.

Figure 6: Intercellular communication between major disulfidptosis-related subtypes. (A)
Ligand-receptor interactions between major disulfidptosis-related subtypes and osteosarcoma. (B)
Cellchat analysis demonstrating cell-cell communication among disulfidptosis-related subtypes.

Figure 7: Immunofluorescence depicting the histological localization of CAPZB+CAF-C7 in
osteosarcoma and osteoclastoma.

Supplementary Figure 1: Communication analysis and features of disulfidptosis-related
subtypes in CD8+ T cells. (A) Cell-cell communication between disulfidptosis-related CD8+ T
subtypes and osteosarcoma cells. (B) Pseudotime analysis displaying a clustered heatmap of 14
disulfidptosis-related genes in CD8+ T cells. (C) Incoming and outgoing signaling patterns of
disulfidptosis-related CD8+ T subtypes. (D) UMAP plots illustrating different disulfid ptosis-related
CD8+ T subtypes. (E) Cellular trajectories of different disulfidptosis-related CD8+ T subtypes using
monocle.

Supplementary Figure 2: Communication analysis and features of disulfidptosis-related
subtypes in CD4+ T cells. (A) Cell-cell communication between disulfidptosis-related CD4+ T
subtypes and osteosarcoma cells. (B) Pseudotime analysis depicting a clustered heatmap of 14
disulfidptosis-related genes in CD4+ T cells. (C) Incoming and outgoing signaling patterns of
disulfidptosis-related CD4+ T subtypes. (D) UMAP plots demonstrating different disulfidptosis-
related CD4+ T subtypes. (E) Cellular trajectories of different disulfidptosis-related CD4+ T subtypes
using monocle.

Supplementary Figure 3: Communication analysis and features of disulfidptosis-related
subtypes in NK cells. (A) Cell-cell communication between disulfidptosis-related NK cell subtypes
and osteosarcoma cells. (B) Pseudotime analysis presenting a clustered heatmap of 14 disulfidptosis-
related genes in NK cells. (C) Incoming and outgoing signaling patterns of disulfidptosis-related NK
cell subtypes. (D) UMAP plots illustrating different disulfidptosis-related NK cell subtypes. (E)
Cellular trajectories of different disulfidptosis-related NK cell subtypes using monocle.

Supplementary Figure 4: Communication analysis and features of disulfidptosis-related
subtypes in regulatory T cells. (A) Cell-cell communication between disulfidptosis-related regulatory
T cell subtypes and osteosarcoma cells. (B) Pseudotime analysis presenting a clustered heatmap of 14
disulfidptosis-related genes in regulatory T cells. (C) Incoming and outgoing signaling patterns of
disulfidptosis-related regulatory T cell subtypes. (D) UMAP plots demonstrating different
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disulfidptosis-related regulatory T cell subtypes. (E) Cellular trajectories of different disulfidptosis-
related regulatory T cell subtypes using monocle.

Supplementary Figure 5: Prognosis of disulfidptosis-related subtypes (GSVA scores) in different
public cohorts.

Supplementary Figure 6: Immunotherapy response of disulfidptosis-related subtypes (GSVA
scores) in different public cohorts.

Supplementary Figure 7: Ligand-receptor interactions between all disulfidptosis-related
subtypes and osteosarcoma cells.

Additional Files

Supplementary Tablel.xls: Marker genes for all disulfidptosis-related subtypes.
Supplementary Table2.xls: T-cell signature genes.
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