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Background: Post-translational modifications (PTM) significantly influence the pathogenesis and progression of diverse neoplastic
conditions. Nevertheless, there has been limited research focusing on the potential of PTM-related genes (PTMRGs) as tumor
biomarkers for predicting the survival of specific patients.

Methods: The datasets utilized in this research were obtained from the TARGET and GEO repositories, respectively. The gene
signature was constructed through the utilization of LASSO Cox regression method. GSEA and GO was used to identify hub pathways
associated with risk genes. The functionality of risk genes in osteosarcoma (OS) cell lines was verified through the implementation of
the CCK-8 assay, cell cycle analysis, and immunofluorescence assay.

Results: Two distinct PTM patterns and gene clusters were finally determined. Significant differences in the prognosis of patients
were found among two different PTM patterns and gene clusters, so were in the function enrichment and the landscape of TME
immune cell infiltration. Moreover, we examined two external immunotherapy cohorts and determining that patients in the low-risk
group was more likely to profit from immunotherapy. In addition, we mapped the expression of the genes in the signature in distinct
cells using single-cell analysis. Finally, CCK-8 assay, cell cycle analysis, and immunofluorescence assay were utilized to confirm that
RAD21 was expressed and functioned in OS.

Conclusion: In conclusion, this study elucidated the potential link between PTM and immune infiltration landscape of OS for the first
time and provided a new assessment protocol for the precise selection of treatment strategies for patients with advanced OS.
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Introduction

Osteosarcoma (OS) is an exceedingly aggressive and malignant neoplasm of the bone, primarily afflicting the pediatric
and adolescent populations.' Over the course of recent decades, the survival outcomes for patients with OS have shown
remarkable improvement, primarily attributed to the advancements in multimodal therapeutic approaches encompassing
surgical interventions, chemotherapy, and radiation therapy.” Presently, ongoing research endeavors pertaining to the
treatment of OS primarily revolve around two areas: the identification of novel therapeutic targets and the enhancement
of the efficacy of established treatment modalities.> Several potential therapeutic targets for OS have been identified,
encompassing receptor tyrosine kinases, immune checkpoints, and metabolic pathways.*> Furthermore, the progressions
in genomics and transcriptomics have resulted in the discovery of several molecular subtypes of OS. These distinct
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subtypes may exhibit diverse responses to treatment and varying prognoses.® Comprehending the molecular attributes of
OS holds the potential to advance personalized therapeutic approaches and enhance clinical outcomes for patients.

Protein post-translational modifications (PTM) encompass a diverse array of chemical alterations, involving the
covalent attachment of functional groups to proteins, proteolytic cleavage of regulatory subunits, or even the complete
degradation of entire proteins.” These modifications encompass phosphorylation, glycosylation, ubiquitination, acetyla-
tion, methylation, and numerous others. These modifications are intricately regulated by sophisticated mechanisms,
frequently altered in the context of cancer.®® Given the pivotal significance of these modifications and their extensive
deregulation in cancer, an increasing focus is being directed towards the advancement of therapeutic strategies that
precisely target the ubiquitin and ubiquitin-like pathways, particularly SUMO and NeddS8, in the context of solid
tumors.'”!" The dysregulation of three PTMs - namely SUMOylation, ubiquitination, and neddylation - collectively
referred to as SUN, exerts various influences on the neoplastic transformation and progression. These effects encompass
critical processes such as epithelial-mesenchymal transition, adaptation to hypoxia, modulation of tumor suppressors and
oncogenic mediators, and the development of drug resistance.'*'> As a result, these PTMs present themselves as
promising candidates for therapeutic intervention.'*

In this study, we conducted an investigation into the PTM patterns of OS. Our approach involved classifying OS
patients into two distinct PTM patterns based on the expression levels of post-translational modification-related genes
(PTMRGs). Subsequently, we conducted survival analyses to examine the implications of these patterns. Moreover, we
delved into the hallmark pathways and characteristics of TME immune cell infiltration associated with each PTM pattern.
Notably, our findings shed light on the potential of these PTM patterns to serve as predictive indicators for immunother-
apy and targeted therapy responsiveness in OS patients.

Materials and Methods

Dataset and Preprocessing

Downloaded the transcriptomic data sourced from the TARGET-OS cohort and GSE21257 dataset, excluding repeated
sequencing, samples with no survival status, and those with a total survival time of less than one day. The final inclusion
encompassed 84 samples from the TARGET-OS cohort, along with 53 samples from the GSE21257 cohort. Regarding
Bulk transcriptome data, normalization was performed using log2(x+1).

Furthermore, we downloaded the GSE162454 dataset from the single-cell repository TISCH, encompassing six OS
samples. We examined the annotations of the major-lineage entry in the metadata information from the TISCH database.
In brief, after quality control of single-cell data, we analyzed the top 2000 variably expressed genes in each normalized
sample, utilizing variance-stabilizing transformations. Subsequently, based “Seurat” packages we employed the
“IntegrateData” function to amalgamate the data, followed by using the “ScaleData” function to effectuate scaling.
Lastly, we invoked the “RunPCA” function to reduce the dimensions of principal component analysis (PCA). In the end,
cell clustering was accomplished by employing the FindNeighbors and FindClusters functions.

Reactome is a database of biological pathway knowledge. We sequentially queried the genes related to the processes
of SUMOylation, ubiquitination, and neddylation. After eliminating certain redundant genes, the identified 498 genes
were designated as PTMRGs.

Consensus Clustering

In Bulk transcriptome data, unsupervised consistent cluster analysis was conducted based on prognostic PTMRGs. PCA
was employed to ascertain the relative independence of each subtype from others. Using the R package
“consensusClusterPlus”, we ascertained the optimal number of clusters by performing 100 repetitions with
a resampling of 0.8 to validate the stability of subtypes.

Immune Correlation Analysis
The abundance of immune cells in different samples was estimated using the CIBERSORT algorithm and single-sample
gene set enrichment analysis (ssGSEA) algorithm.
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Construction and Validation of Prognostic Model

In the TARGET-0OS queue, the adoption of the least absolute shrinkage and selection operator (LASSO) model was
employed to eliminate superfluous genes. Based on the coefficients of the multifactorial Cox regression, we constructed
a risk model and validated it using GSE21257 as the validation dataset. The model’s performance was assessed using
Kaplan-Meier survival analysis. Furthermore, from previous literature, we downloaded two cohorts that received immune
checkpoint blockade (ICB) therapy, namely IMvigor210 and GSE78220.'%'¢ These cohorts were utilized to generate
a risk score, which was then validated within the immunotherapy cohort using the same formula to assess its efficacy.

Enrichment Analysis

Using the “limma” package, we conducted an analysis of differentially expressed genes among various subtypes (adj.
p < 0.05, |logFC| > 1). Upon identifying the differentially expressed genes (DEGs), we employed the “clusterProfiler”
package for Gene Ontology (GO) analysis, where pathways with a P-value < 0.05 and g-value < 0.05 were considered
significantly enriched. Furthermore, “h.all.v7.5.1.symbols.gmt” served as the preconceived gene set, employing the
“GSVA” package for conducting gene set variation analysis (GSVA) to investigate the heterogeneity of various
biological processes. The t-values indicated discrepancies in pathway activities between the high-risk and low-risk
groups. The enrichment analysis results were visualized using the “ggplot2” and “GseaVis” packages.

In vitro Assays

The hFOBI1.19 osteoblastic cell line and the U2-OS osteosarcoma cell line were cultured in DMEM medium containing
10% fetal bovine serum and 1% penicillin-streptomycin, at a temperature of 37°C with 5% CO,. When the cellular
density converged to 75-85%, passaging was conducted. U2-OS cells and their corresponding transfected cells were
cultured in Gibco BRL’s Dulbecco’s Modified Eagle Medium (DEME) containing 10% fetal bovine serum. The cells
were seeded at a density of 2x103 cells per well in a 96-well plate with triplicate samples. Cell proliferation was assessed
using the CCK-8 method. Logarithmically growing U2-OS cells were seeded into a 6-well plate at a cell density of
2x105. Upon reaching 50% confluence, the cells were transfected. According to the instructions of the LipofectamineTM
2000 transfection kit, untreated cells were employed as the control group, and substituted with fresh complete growth
medium six hours post-transfection. After 24 hours of cultivation, the expression of RAD21 in the cells was assessed
using RT-qPCR, with the plasmid transfection originating from the esteemed company, Jima. Following the manufac-
turer’s instructions, total RNA was extracted from the cell line using TRIzol, and cDNA was synthesized using the
PrimeScriptT-MRT reagent kit. Using the SYBR Green Master Mix for RT-qPCR, the mRNA expression levels were
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normalized to GAPDH mRNA levels. The expression levels were calculated using the method, and the primers

were obtained from the Qinko Corporation.

Results

Classification of PTM-Related Tumor Clusters

Reactome is a database encompassing knowledge of biological pathways. In sequence, we queried genes associated with
the processes of ubiquitination, SUMOylation, and neddylation. Seventy-nine, one hundred eighty-seven, and two
hundred forty-five genes were respectively associated with ubiquitination, SUMOylation, and neddylation. Noteworthy
was the fact that BRCA1, BIRCS, and VHL collectively partook in the processes of SUMOylation and neddylation;
PCNA was involved in SUMOylation and ubiquitination processes; UBE2D1, UBE2D3, UCHL3, UBE2D2, RPS27A,
UBC, VCP, UBB, and UBAS52 participated in the processes of ubiquitination and neddylation. Therefore, after
eliminating certain duplicated genes, we designated the identified 498 genes as PTMRGs (Figure 1A).

The univariate Cox regression analysis identified 40 prognostically relevant PTMRGs (Figure 1B). In the TARGET
queue, employing the expression profile formed by the aforementioned forty prognostic-associated PTMRGs, we
partitioned all tumor samples into k subtypes using the R software package “ConsensusClusterPlus”. Based on the
heat map (Figure 1C) and the CDF curve (Figure 1D) consensus scores, it was concluded that k = 2 represented the
optimal grouping. Survival analysis indicated that the overall survival rate of B subtype was markedly lower than that of
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Figure 1 Consensus clustering analysis of 40 PTMRGs. (A) Venn plot of SUMOylation-related genes, ubiquitination-related genes, and neddylation-related genes. (B)
Univariate Cox regression of PTMRGs for the screening of prognosis-related genes. (C) Heatmap of the consensus matrices for k = 2. (D) The CDF curves for clusters at
k =2 to 9. (E) Kaplan—Meier curves based on two clusters in the TARGET cohort. (F) PCA plot for the two clusters in the TARGET cohort. (G) Heatmap and the clinical
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A subtype (Figure 1E). In addition, PCA showed that the above two subtypes had obvious transcriptome heterogeneity
(Figure 1F), suggesting that there may be two different PTM modes in OS. We demonstrated the differential expression
of two subtypes and PTMRGs in the TARGET cohort. Upon examination, it was deduced that the existence of two
distinct PTM patterns might arise from the differential expression of PTMRGs. For instance, in the B subtype, there were
elevated expressions of NOP58, SATB2, DCUN1DS5, and RPS27A, whereas in the A subtype, HDAC7, PML, CISH,
UBE2Z, and BCL10 exhibited heightened expressions (Figure 1G). Finally, in order to further validate the robustness of
this classification, we conducted verification within the GSE21257 cohort, and the Results equally demonstrated a poorer
prognosis for subtype B (Figure 1H).

Immune Microenvironment Differences of Different PTM-Related Tumor Clusters

The distribution of immune cells emphasizes the distinct tumor immune microenvironment (TIME) in the two OS
subtypes. Through the implementation of ssGSEA analysis, we conducted a more in-depth examination of the composi-
tion of diverse immune cell populations in distinct samples. The utilization of box plots effectively highlighted and
elucidated the disparities in immune cell content among various subtypes. In all types of immune cells, The proportion of
Activated B cell, Immature B cell, MDSC, Natural killer cell, Regulatory T cell and Typel T helper cell in B subtype was
significantly higher than that in A subtype (Figure 2A). The A subtype possessed a greater capacity for stimulating the
adaptive immune system, as evidenced by their elevated immune matrix score (Figure 2B) and human leukocyte antigen
(HLA) activity (Figure 2C). This could potentially account for the superior survival prognosis observed in this subtype.
In our investigation, we conducted a comparative analysis of the expression patterns of immune checkpoint inhibitors
(ICIs) across various subtypes. Notably, subtype A exhibited notably elevated mRNA expression levels in a majority of
ICIs, including but not limited to PDCD1LG2, TNFRSF18, LAIR1, and CD27 (Figure 2D).

Chemotherapy Sensitivity and Pathway Differences

Next, we explored the correlation between two subtypes and the response to chemotherapy. Our investigation revealed
a significant association between subtype A and a decreased half maximal inhibitory concentration (IC50) for AP24534
and AS601245, indicating enhanced sensitivity to chemotherapy, but ABT263 and BAY613606 were just the reverse
(Figure 3A).

Upon evaluating the DEGs in both clusters (|[DEG_logFC| > 1, DEG_p value < 0.05), a total of 831 genes were
identified to exhibit significant differential expression across two clusters (Figure 3B). The application of GO analysis
demonstrated a notable enrichment of DEGs in processes associated with extracellular matrix organization and extra-
cellular matrix structural constituent (Figure 3C). Upon KEGG analysis, it was evident that subtype B was mainly
involved in the biological synthesis and metabolism of substances, whereas the A subtype was associated with immunity,
encompassing the interplay between the MAPK signaling pathway and cytokines and receptors (Figure 3D).

Building a Predictive Signature

We constructed a prognostic model employing eleven PTMRGs, identified through univariate Cox regression analysis in the
TARGET cohort, which exhibited statistically significant correlation with overall survival. The research employed LASSO Cox
regression and multivariate Cox regression analyses to ascertain a final set of six genes (Figure 4A and B). The risk score was
calculated by taking into account the coefficients and expression patterns of six crucial genes integrated into the model (Figure 4C).
Risk score =(—1.7129 x UBE2I expression) 4+ (—0.7719 x PPARG expression) 4+ (—1.0130 x XPC expression) + (0.8024
x RAD21 expression) + (—1.5293 x BCLI10 expression) + (—1.3267 x UBE2Z expression).

Figure 4D illustrated the influence of individual genes on survival. The research outcomes indicated that certain genes
such as BCL10, PPARG, UBE2I, UBE2Z, and XPC displayed a protective effect, suggesting that attenuating their
expression might hold promise in enhancing overall survival. Conversely, RAD21 emerged as a gene associated with
heightened risk, as increased expression correlated with a reduction in patient survival. The crucial aspect was that the
expression levels of these six genes and their correlation with the risk score were validated (Figure 4E). According to the
median risk score, patients were categorized into high-risk and low-risk subgroups. Subsequent survival analysis
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confirmed that the overall survival period of the high-risk subgroup was significantly shorter than that of the low-risk
subgroup in both the TARGET and GSE21257 cohorts (Figure 4F and G).

The Correlation Between Risk Score and Immunotherapy Response and Immune

Microenvironment

In this study, a comprehensive analysis of the immune microenvironment was conducted, employing the CIBERSORTx
method to precisely assess the infiltration levels of 22 distinct immune cell types. The resulting immune landscape of the
TARGET-OS samples was visually represented in Figure 5A. Figure 5B illustrated that the low-risk group exhibited
significantly activated NK cells, whereas there were no apparent discrepancies in the levels of other immune cells
between the two risk subgroups. In our investigation, we conducted an assessment of the correlation between the six
genes proposed in the model and the abundance of immune cells. Notably, a substantial and statistically significant
correlation was detected between the expression levels of these six genes and the presence of various immune cell types
(Figure 5C).

The advent of immunotherapy, exemplified by PD-1/PD-L1 checkpoint inhibitors, marked a momentous breakthrough
in the management of neoplastic conditions. Considering the potential therapeutic effects of immunotherapy, specifically
PD-1 and PD-L1 immune checkpoint inhibitors, in diverse malignancies, encompassing OS (osteosarcoma), we con-
ducted additional analysis to evaluate the prognostic significance of the risk score within the IMvigor210 and GSE78220
cohorts. We conducted an evaluation of the association between the risk score and the response to immune therapy in the
IMvigor210 cohort, which comprised individuals diagnosed with advanced urothelial carcinoma receiving PD-L1
blockade treatment. Patients belonging to the low-risk category demonstrated pronounced survival benefits as opposed
to those in the high-risk cohort. The risk score of patients within the progressive disease (PD)/stable disease (SD) cohort
exhibited a notably elevated magnitude in contrast to the partial response (PR)/complete response (CR) cohort. It is
important to highlight that the prevalence of PR/CR in the high-risk cohort exhibited a notably lower occurrence
compared to the low-risk cohort. Nevertheless, the proportion of PD/SD patients demonstrated an opposing trend,
indicating that risk score could unveil patients’ response to ICB therapy (Figure 5D). A similar analysis was undertaken
within the GSE78220 cohort, which consisted of individuals afflicted with melanoma and undergoing PD-1 blockade
therapy. In contrast to patients categorized as high-risk, those classified as low-risk demonstrated prominent survival
benefits. The risk score of the PD cohort exhibited a statistically significant elevation when contrasted with the group of
PR/CR. The remarkable observation in this study was that the low-risk subtype accounted for the majority (80%) of cases
within the PR/CR group, whereas the high-risk subtype was prominently represented (65%) in the PD group. This
findings suggested that the risk score exhibited potential as a promising prognostic marker for assessing the immunother-
apeutic response in patients with OS (Figure 5E).

Analysis of Enrichment

To delve further into exploring the alterations in pathways among patients from different risk groups, we performed GO
enrichment analysis on DEGs between high and low risk groups. The findings demonstrated that biological processes
(BP) primarily encompassed lymphocyte differentiation, mononuclear cell differentiation, and the regulation of T cell
activation. Regarding cellular component (CC), the external surface of the plasma membrane, the immunological
synapse, and the T cell receptor complex exhibited the highest levels of representation. The primary categories observed
in molecular function (MF) were immune receptor activity, G protein-coupled purinergic nucleotide, and receptor activity
cytokine receptor binding (Figure 6A).

Analysis of hallmark pathway gene signatures underscored that the high and low-risk groups exhibited some
distinctions. The top 5 enriched signatures in the high-risk group included coagulation, xenobiotic metabolism, comple-
ment, apoptosis, and pancreas beta cells. The top 5 enrichment features in the low-risk group included estrogen response
early, cholesterol homeostasis, estrogen response late, Wnt B-catenin signaling and unfolded protein response
(Figure 6B).
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GSEA was performed on both the high- and low-risk cohorts, as depicted in Figure 6C. The GSEA enrichment
analysis results revealed that OS patients with a high-risk profile exhibited significant enrichment in processes related to
antigen processing and presentation, as well as the cytosolic DNA sensing pathway. On the other hand, OS patients
classified as low-risk displayed enrichment in processes associated with primary immunodeficiency and the chemokine
signaling pathway.

Validation of the Signature Genes Expression and Biological Function in OS

Utilizing the annotation data available in the TISCH database, we successfully categorized the single-cell dataset into
eight distinct cell types: plasma cells, conventional CD4 T cells (CD4 Tconv), exhausted CD8 T cells (CD8 Tex),
endothelial cells, malignant cells, fibroblasts, monocytes/macrophages (mono/macro), and osteoblasts (Figure 7A).
Following this, we conducted an investigation into the expression of key genes implicated in the risk recognition system.
The results revealed a notable upregulation of RAD21 in malignant cells (Figure 7B). Furthermore, the RNA-seq data
from diverse cellular lineages in the HPA database reaffirmed the ubiquitous expression of RAD21 in mesenchymal cell
lines (Figure 7C).

Subsequently, we conducted an analysis of the U2-OS osteosarcoma cell line, and fluorescence staining revealed that
RAD21 might be localized within the cell nucleus (Figure 7D). Subsequent cell cycle analysis suggested that cells in the
S-phase exhibited diminished expression of RAD21 (Figure 7E). Subsequently, RT-qPCR was employed to assess the
mRNA expression levels of RAD21 in OS cell lines (U2-OS) and normal osteoblast cell line (hFOB1.19) (Figure 7F).
The findings revealed a notable up-regulation of RAD21 expression in OS cells when compared to osteoblast hFOB1.19.
Three different siRNAs were assessed for their transfection efficiency, and it was observed that siRNA significantly
inhibited the proliferation of OS cell (Figure 7G). The transfection of the corresponding siRNAs into U2-OS cells
resulted in a notable reduction in cell viability, as evidenced by the findings from the CCK-8 assay (Figure 7H). The
findings of that study indicated that RAD21 possibly promotes tumorigenesis of OS, although the precise underlying
mechanism warranted further investigation.

Discussion

In this literary piece, we embarked upon an exploration of genes associated with the processes of ubiquitination,
SUMOylation, and neddylation within the Reactome database. We have effectively ascertained a total of 498
PTMRGs. Subsequently, univariate Cox regression analysis was employed to identify 40 PTMRGs demonstrating
significant prognostic value. Employing unsupervised clustering based on the expression levels of these genes, we
successfully categorized the patients into two discernible genomic subtypes, denoted as subtype A and B. Notably,
patients falling under subtype A exhibited a notably favorable survival outcome in comparison.

The research results revealed a noteworthy association between subtype A and elevated levels of immune cell
infiltration and expression of ICIs. Significantly, our findings indicate that subtype A exhibited a noteworthy level of
sensitivity towards AP24534 and AS601245 treatment. In contrast, subtype B displayed lower predicted IC50 values in
response to ABT263 and BAY613606 treatment. In our investigation, we conducted a KEGG enrichment analysis
comparing the two distinct gene clusters. The results revealed that subtype B exhibited a substantial enrichment in
pathways associated with metabolism and substance biosynthesis, while gene subtype A showed a notable enrichment in
pathways related to immune response.

Moreover, in light of the distinct individual variations and intricate nature of PTM, an essential undertaking was to
investigate the underlying PTM patterns present in each individual. Consequently, we developed a comprehensive risk
scoring system aimed at quantifying the PTM profile of individual patients suffering from OS. Patients in the high-
risk category exhibited a diminished life expectancy. To elucidate this phenomenon, we conducted a comparative
analysis of the tumor microenvironment (TME) between the high-risk and low-risk groups. It is crucial to acknowl-
edge that OS have historically been classified as “cold” tumors, exhibiting a notable level of immunosuppression.
This phenomenon may be attributed to our limited comprehension of the TME in patients with OS. Additional
investigation into the TME of OS is imperative to establish a robust groundwork for the development and application
of immunotherapeutic approaches. Surprisingly, we did not observe any significant disparities in TME immune cell
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infiltration between the high and low-risk groups. Additionally, most immune cells showed no evident variations in
distribution between the low and high-risk groups. Nevertheless, we discerned a noteworthy correlation between
model genes and immune cell infiltration. In our study, we conducted a comprehensive examination of the pathway
enrichment in both high- and low-risk groups, with the aim of elucidating the fundamental pathways and biological
mechanisms underlying PTM patterns. Our findings revealed that the high-risk group exhibited significant enrichment
in pathways closely associated with cell proliferation and tumorigenesis, aligning well with the observed unfavorable
prognosis.

Over the past decade, there has been a rapid development of immunotherapies involving ICBs specifically directed
against PD-1 and PD-L1, demonstrating significant progress in the treatment of various solid tumors. The utilization of
atezolizumab,'” nivolumab,'® and pembrolizumab'® in clinical trials has yielded encouraging findings, propelling
immunotherapy into an emerging therapeutic option for individuals afflicted with advanced-stage and metastatic
conditions.”® Nevertheless, the efficacy of ICB therapy in treating patients with OS remains limited, with only around
20% of patients exhibiting positive responses due to the intricate molecular heterogeneity of the disease.”' Therefore,
there is a pressing need to identify specific biomarkers and genomic signatures that can reliably predict and discern
patients who are likely to experience favorable outcomes from immunotherapies. Subsequently, we conducted an in-
depth validation of the correlation between the risk score and the responsiveness to immunotherapy. This validation was
based on the data obtained from both the IMvigor 210 cohort and the GSE78220 cohort. Unsurprisingly, our investigation
revealed a notable correlation between low-risk status and enhanced responsiveness to immunotherapy. Consequently,
our findings demonstrate that PTM patterns play a noteworthy role in discerning distinct TME. Consequently, these PTM
patterns hold significant promise as effective biomarkers for identifying patients who are suitable candidates for
immunotherapy.

Nevertheless, it is crucial to acknowledge the presence of various inadequacies and constraints within our study.
Firstly, the identification of numerous novel PTM-related proteins has emerged as a noteworthy development.
However, it is crucial to acknowledge that the pool of PTMRGs we assembled and employed for our analyses may
not be entirely exhaustive. This potential limitation could introduce a degree of bias into our research investigations.
Secondly, the present omics datasets solely offer insights into mRNA levels, whereas the PTM mechanisms are reliant
on proteins. This discrepancy may introduce certain inaccuracies in the analyses. Thirdly, our study is constrained by
a limited number of clinical samples, we lack verification from additional clinical data sets beyond the publicly
available data. The inclusion of such data would be invaluable in bolstering the validity of our conclusions.
Furthermore, the role of PTM in other types of cancer remains unverified. Hence, we are fully poised to procure
additional clinical samples to corroborate our findings comprehensively and to evaluate the significance of PTM in the
context of other malignant bone tumors. Finally, the precise underlying mechanisms governing the interplay between
PTM patterns and the infiltration of immune cells within the TME have not been fully elucidated, demanding
additional comprehensive investigations.

Conclusion

In Conclusion, our study has successfully discerned two distinct PTM patterns within OS patients, exhibiting divergent
contrasting immune features and prognostic outcomes. The findings of our study present a novel reference point for
devising management approaches targeting advanced OS.

Study Approval

All datasets in the present study were downloaded from public databases. These public databases allowed researchers to
download and analyze public datasets for scientific purposes. The current research follows the TCGA data access policies
and publication guidelines. Users can download relevant data for free, our study is based on open-source data, there are
no ethical issues and other conflicts of interest. Inclusion of the Human cell lines (purchased from the Cell Repository of
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