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Abstract
Background  Osteosarcoma (OS) is a malignant primary bone tumor developing from 
primitive mesenchymal cells. Glycosylation is important in the adhesion, metastasis and 
transformation of cancer cells. Nevertheless, the investigation of glycosylation-related 
genes (GRGs) in OS has been infrequently described.

Methods  The OS-related datasets (GSE36001, TARGET-OS and GSE21257), scRNA-seq 
dataset (GSE152048) and 582 GRGs were contained in this research. The identification 
of candidate genes was conducted by differential expression analysis and weighted 
gene co-expression network analysis (WGCNA). The prognostic genes filtering method 
was univariate cox regression, and risk score were generated by the implementation of 
LASSO. Samples comprising the TARGET-OS and GSE21257 datasets were categorized 
into high- and low-risk according to the risk score. Through applying various cox 
regression analysis, independent prognostic variables were identified. Furthermore, 
functional enrichment analysis and immune microenvironment analysis were 
performed. Finally, the key cells were identified, and the cell-cell communication and 
pseudo-time analyses of key cells were conducted.

Results  The analysis of scRNA-seq data identified cell types in OS and detected the 
expression of prognostic genes. Seven glycosylation-related genes (DCN, RENBP, 
UAP1, B4GALNT1, CCDC115, TUBA1A and B3GALT4) were identified as prognostic genes. 
The low-risk group exhibited a comparatively elevated rate of survival and 1-year 
OS patients had the highest survival rate. Immune and apoptosis-related signaling 
pathways were activated in the high-risk group, indicating a worse prognosis. The 
analysis of scRNA-seq data revealed DCN and TUBA1A were high- expressed in 
osteoblastic cells. Thus, the osteoblastic cells were identified as key cells. Osteoblastic 
cells exhibited frequent interactions with other annotated cells. Pseudo-time analysis 
elucidated the differentiation direction of key cells from left to right.

Conclusions  we identified seven prognostic genes for OS. The prognostic models 
were constructed, and underlying molecular mechanisms were explored based on 
diagnostic genes, which served as a benchmark for OS prognosis and treatment.

Keywords  Osteosarcoma, Glycosylation-related genes, Prognostic model, Molecular 
mechanisms
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1  Background
Osteosarcoma (OS) is a common bone cancer in both adults and adolescents [1], and 
it mostly occurs in long bones, especially around the knee [2]. Recently, a large amount 
of research has focused on chemotherapy and its combination regimens, but the thera-
peutic effects are still limited. As a new treatment method, targeted therapy provides a 
new treatment option for patients with osteosarcoma and has broad application pros-
pects [3]. Currently, OS is dominantly thought to originate from mesenchymal stem cells 
(MSCs) or osteoprogenitor cells [4], however, the exact OS progenitor and generation 
are still unclear [5]. OS exhibits high genomic complexity and instability with easier 
rearrangement and copy number change, which is likely to impact immune system [6] 
as well as tumor microenvironment (TME) [7]. Such instability and mutability result in 
oncogenesis and bring challenges to diagnosing in the early stage and evaluating prog-
nosis. Apparently, it is urgent to find some biological markers of OS. It has been revealed 
that TRIM21 plays an important role in the development of osteosarcoma by regulat-
ing the expression of the TXNIP/p21 axis to inhibit the aging of osteosarcoma cells [8]. 
In addition, miR-605-3p exerts tumor suppressive effects and enhances chemotherapy 
sensitivity of osteosarcoma cells by regulating the expression of RAF1. The study also 
suggests that utilizing stable nano vesicles to efficiently deliver miR-605-3p for tumor 
therapy may be a promising therapy for treating osteosarcoma [9].

Glycosylation is a post-translated modification pattern and is even more common than 
phosphorylation [10]. It is obtained through the formation of a linkage between protein 
and single sugar or glycan and is shown as several types which are N-, P-, C-, O-glyco-
sylation, etc [11], and it is catalyzed by glycosyltransferases in the endoplasmic reticu-
lum or Golgi apparatus normally [10]. Glycosylation is essential for function, structure, 
stability and solubility of protein [11]. However, abnormal glycosylation appears in 
various carcinomas, and functions in tumor progression, metastasis, cell junctions, as 
well as epithelial-mesenchymal transition (EMT) [12–15]. Proteins could be shown as 
having a low or enhanced level of glycan or some novel glycans [11]. And alternations 
in glycosylation related to tumor functions were first reported more than half century 
ago [16]. More and more studies reveal that glycosylation plays a vital role in tumori-
genesis [17], developmental dysfunction, congenital diseases and immune disease [18]. 
Recently, altered glycosylation is regarded as a marker of cancer [17, 18]. The glycosyl-
ation of many cytokines, such as CD4, CD7 and CD38, is involved in regulating immune 
environment. CD44 glycosylation plays a role in pancreatic, breast cancers [19]. Fur-
thermore, the changing glycosylation pattern of ST6GALNAC5 might indicate breast 
cancer and metastasis [20, 21]. Carcinoembryonic antigen (CEA) is highly glycosylated 
in colorectal cancer [22, 23]. EGFRs, as transmembrane proteins, are glycosylated and 
participate in physiological and pathological cellular regulatory pathways, including cell 
death and survival [24]. E-cadherin is a cell adhesion molecule that is widely located on 
the membrane and contains4 N-glycosylation sites [25].With the development of gastric 
carcinoma, E-cadherin becomes highly glycosylated [25–27]. PSA glycosylation plays 
an important role in prostate cancer [28, 29]. Moreover, several studies have revealed 
that glycosyltransferase are up-regulated in OS [30], and FUT8, one of the fucosyltrans-
ferases, promotes oncogenesis of OS [31]. Obviously, many of those hallmarks are gly-
coproteins or glycolipids [32]. Cytokines can be detected by antibodies, but they are 
difficult to measure in early stage [10].
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Since its first application in 2009 [33], single-cell RNA sequencing (scRNA seq) tech-
nology has broken through the technical limitations of the biomedical field. It can deeply 
explore gene information in different tissues and diseases through single-cell expression 
profiling analysis, and capture the inherent heterogeneity of samples. With the continu-
ous improvement of technology, it has enhanced high-throughput capability and sen-
sitivity, promoting the development of full-length transcriptome analysis [34, 35]. By 
integrating transcriptome data with scRNA seq, researchers classified osteosarcoma 
samples into two molecular subtypes and significantly improved the accuracy of prog-
nosis by combining immune cell composition and functional status [36]. In addition, 
scRNA seq further revealed the diversity and status changes of immune cells in osteosar-
coma, identifying the role of key immune cell subsets in tumor immune regulation [36]. 
The application of scRNA seq in orthopedic research [37] provides a theoretical basis 
for precision medicine and personalized treatment, and is expected to accelerate clinical 
translation.

Studies on the regulation of OS glycosylation are limited. Therefore, differential glyco-
sylation-related genes (GRGs) were screened, and their prognostic value was explored 
through public databases and bioinformatics analysis. In addition, the analysis of the 
immune microenvironment was combined to provide insights for immunotherapy of 
OS.

2  Methods
2.1  Data acquisition and processing

The OS-related datasets GSE36001, GSE21257 and TARGET-OS were collected from 
the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/) 
and the UCSC Xena (University of California Santa Cruz) website ​(​​​h​t​t​p​:​/​/​x​e​n​a​.​u​c​s​c​.​e​d​
u​/​​​​​)​. In the GSE36001 datasets (Chip expression data), six normal samples (osteoblasts 
and bones) and 19 OS cell lines were preserved [38]. The GSE21257 (microarray expres-
sion) dataset included 53 patients with OS in the survival analysis to validate the risk 
model. The TARGET-OS (HTSeq-FPKM and HTSeq-Counts) retained 85 OS patients 
in the survival analysis, excluding patients with missing survival data, such as survival 
time and survival status. In this study, except for differential expression analysis which 
utilized the HTSeq-Counts expression matrix (for subsequent GSEA), all other analyses 
employed the log2-normalized HTSeq-FPKM expression matrix (log2(fpkm + 1)). Con-
currently, gene symbols were derived from the Ensemble IDs in the expression matrix 
by referencing species-specific annotation files. In addition, OS patients with clinical 
data (age, gender, metastasis) were used to construct prognostic model. Single-cell RNA 
sequencing (scRNA-seq) dataset GSE152048 was retrieved from GEO website, contain-
ing 11 OS samples (Table 1). Additionally, a total of 582 GRGs were obtained through 
msigdbr package (version 7.5.1) [39].

2.2  Differential expression analysis between OS and normal groups

The differentially expressed genes (DEGs) in the GSE36001 dataset were selected adopt-
ing the limma package (version 3.54.0) [40] between the OS and normal groups, with 
threshold of p.adj < 0.05 and |log2FC| > 0.5. Volcanic plots and heatmaps were employed 
to represent the DEGs, utilizing the ggplot2 (version 3.4.1) [41] and ComplexHeatmap 
(version 2.15.1) packages, respectively [42].

https://www.ncbi.nlm.nih.gov/geo/
http://xena.ucsc.edu/
http://xena.ucsc.edu/
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2.3  Key modules and genes to be recognized

The co-expression network was constructed using the Weighted Gene Co-expression 
Network Analysis (WGCNA) package (version 1.70.3) [43] on the gene expression 
matrix of the GSE36001 dataset, with the OS group and the normal group serving as 
phenotypic traits. Firstly, the hierarchical cluster analysis was implemented and outlier 
samples were removed. Subsequently, the scale-free topology fit index of 0.9 was uti-
lized to ascertain the most suitable soft threshold power (β). Next, constructing a modu-
lar dynamic shear tree was accomplished based on the dynamic tree cutting algorithm. 
Finally, in order to determine the key modules, the Pearson correlation coefficient was 
utilized to evaluate the relations within each trait and module. The genes comprising the 
key module were regarded as key module genes.

2.4  Identification and enrichment analysis of candidate genes

The positive-correlation intersection genes were identified by classifying overlap-
ping genes in up-regulated DEGs and positive-correlation key module genes using the 
VennDiagram package (version 1.7.1) [44]. Similarly, down-regulated DEGs and nega-
tive-correlation key module genes were taken to intersect to obtain negative-correlation 
intersection genes. Then, the negative and positive-correlation intersection genes were 
combined, and intersection was taken with GRGs to obtain candidate genes.

Using the clusterProfiler package (p.adj < 0.05) (version 4.2.2) [45], Gene Ontology 
(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses of 
the candidate genes were carried out to look into the functional items connected with 
the candidate genes. The establishment of a Protein-Protein Interaction (PPI) network 
was accomplished by utilizing the STRING database(http://string-db.org/) with a ​c​o​n​f​i​d​
e​n​c​e interval > 0.4 to uncover candidate genes interactions at the protein level [46].

2.5  The creation and verification of a risk model

Firstly, the univariate cox regression analysis was conducted deploying the survival pack-
age (version 3.3-1.3) [47] to filter the prognostic genes in training set (TARGET-OS) 
based on expression of candidate genes, with threshold of hazard ratio (HR) ≠ 1 and 
p < 0.05. Subsequently, risk model was built from prognostic genes applying the least 
absolute shrinkage and selection operator (LASSO) algorithm in glmnet (version 4.1-
2.1) [48]. Then, the risk score was calculated using the risk model formula, and an opti-
mal cutoff value was used to categorize the samples in the TARGET-OS dataset and the 

Table 1  Single cell sample information in the GSE152048 dataset
Sample Pathological type Type
BC2 Osteoblastic OS Primary

BC3 Osteoblastic OS Primary

BC5 Osteoblastic OS Primary

BC6 Osteoblastic OS Primary

BC10 Osteoblastic OS Metastasis

BC11 Osteoblastic OS Recurrent

BC16 Osteoblastic OS Primary

BC17 Chondroblastic OS Metastasis

BC20 Chondroblastic OS Recurrent

BC21 Osteoblastic OS Primary

BC22 Chondroblastic OS Primary

http://string-db.org/
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validation set (GSE21257) into high- and low-risk groups. The risk model was validated 
using the GSE21257 dataset. Afterwards, the exploration of the survival status was con-
ducted through the utilization of Kaplan–Meier (K–M) survival analyses (p < 0.05) and 
receiver operating characteristic (ROC) curves [49, 50]. Additionally, to explore differ-
ences in survival across clinical status, clinical information (age, gender, metastasis) of 
OS samples from the two groups was integrated into prognostic analysis. The heatmap 
was utilized to describe the expression patterns of prognostic genes across various clini-
cal conditions.

2.6  Independent prognostic analysis

In the training set (TARGET-OS), the pathological indicators (age, gender, Non-meta-
static) of OS and risk score were integrated into independent prognostic analyses. Uni-
variate cox regression analyses (p < 0.05), proportional hazards (PH) assumption test 
and multivariate cox regression analyses were adopted to screened prognostic variables 
(p < 0.05). Thereby, nomogram of 1-, 3-, and 5-year survival rates for patients with OS 
were constructed based on independent prognostic variables. Each distinct value of a 
factor corresponds to a “point (individual score)” on the right-hand line segment. The 
“Total score” represents the sum of individual scores for independent prognostic factors. 
The “Pr” on the right vertical axis denotes the “probability of death”. A higher total score 
correlates with a larger corresponding “Pr” value. In addition, calibration curves, were 
executed to indicate the differentiated validity of the nomogram for OS. Decision Curve 
Analysis (DCA), ROC analysis, and global sensitivity analysis were used to evaluate the 
performance of the nomogram.

2.7  Enrichment analysis

During data processing, genes with expression levels less than or equal to 1 across all 
samples were filtered out. The DEseq2 (version 1.26.0) [51] was then employed to con-
duct a differential expression analysis comparing the high- and low- risk groups within 
the training set (TARGET-OS) and log2FC were acquired. The log2FC was sorted from 
largest to smallest, followed by GSEA enrichment analysis utilizing the clusterProfiler 
package (version 4.2.2) [45]. The reference gene set was the “h: HALLMARK” from 
MSigDB database. The visualization of the signaling pathways was conducted with the 
enrichplot (version 1.18.3) [52] (p.adj < 0.05). Further, correlations between risk score 
and signaling pathways were elucidated in scatterplots.

2.8  Analysis of the immunological microenvironment in the context of OS

To explore the ratios of relevant immune cells, stromal cells and tumor cells in the OS 
microenvironment, the StromalScore, ImmuneScore and ESTIMATEScore of the bio-
logical samples was calculated by ESTIMATE algorithm to further assess OS progno-
sis [53]. Afterwards, the single sample gene set enrichment analysis (ssGSEA) algorithm 
from the GSVA (version 1.42.0) [54] was employed to obtain enrichment scores for 16 
immune-infiltrating cells and 13 immunological functions within the two groups of the 
training set (TARGET-OS). The analysis of different immune cells in the two groups was 
conducted by employing the Wilcox test. (p < 0.05). Further, Spearman correlation anal-
ysis revealed correlations between prognostic genes, different immune cells and differ-
ent immune functions.
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2.9  The exposure of immune checkpoints and immunotherapy

Protein molecules that regulate the immune system were known as immune check-
points, and inhibitors that target these immune checkpoints had emerged as a crucial 
approach in cancer immunotherapy. In this study, 48 immune checkpoints from the lit-
erature were extracted and intersected with genes in the TARGET-OS dataset to genes 
and expression matrix [55]. Differential expression analysis was conducted to identify 
the different immune checkpoints present in the two groups. The Spearman correla-
tion analysis was employed to establish correlations between various immune check-
points and the risk score. Meanwhile, the GSVA package was utilized to compute the 
ssGSEA score for the immunotherapy prediction pathway. The Spearman approach was 
employed to determine the relevance of the risk score to the enrichment score [56].

2.10  Sensitivity analysis of OS to chemotherapeutic drugs

As immunotherapy has become one of the key strategies for treating osteosarcoma, 
understanding patient sensitivity to chemotherapy drugs remains an important compo-
nent of clinical treatment. For the purpose of assessing the susceptibility of patients with 
OS to chemotherapy drugs, we retrieved the drug sensitivity data of cancer cell lines 
(CCL) from the genomics of Drug Sensitivity in Cancer (GDSC2) database ​(​​​h​t​t​p​s​:​/​/​w​
w​w​.​c​a​n​c​e​r​r​x​g​e​n​e​.​o​r​g​/​​​​​)​, and then calculated the half maximal inhibitory concentration 
(IC50) of each drug for the samples in the TARGET-OS dataset by utilizing acalcPheno-
type function in the oncoPredictpackage (version 0.1) [57].Finally, the Wilcoxon test was 
employed for analyzing the disparity in IC50 values in two different groups to seek differ-
ent response chemotherapy drugs.

2.11  Regulatory network analysis

To clarify the regulatory mechanisms of key prognostic genes and established OS driver 
genes-related non-coding RNAs (miRNAs and lncRNAs) in OS. Using multiMiR pack-
age to obtain mirnas associated with prognostic genes and MYC, TP53. Following this, 
starbase (http://starbase.sysu.edu.cn/) database was used to predict lncRNAs that ​i​n​t​
e​r​a​c​t​e​d with these key miRNAs (clipExpNum > 10). Integrating these relationships, a 
comprehensive lncRNA-miRNA-mRNA network was constructed and visualized using 
Cytoscape (v 3.10.0) [58].

2.12  Analysis of scRNA-seq data

The Seurat package (version 4.1.0) [59] was used to filter the data: (1) : cells in which 
the number of detected genes was 300-5,000 were retained; (2) : cells with a total num-
ber of detected molecules less than 25,000 were reserved; 3): cells with a proportion of 
mitochondrial genes less than 10% were included. For the purpose of to mitigate the 
influence of batch effects on the analysis and optimize gene expression information for 
the included cells, the IntegrateData function from the Seurat package was utilized. Fol-
lowing that, the data underwent normalization using the Normalize Data function, and 
the identification of highly variable genes was executed utilizing the FindVariableFea-
tures function (version 4.1.0) [59]. Subsequently, the process of dimensionality reduc-
tion using the uniform manifold approximation and projection (UMAP) algorithm was 
executed (resolution = 0.1). Further, the cell clusters obtained from UMAP dimensional-
ity reduction clustering were annotated using the SingleR package (version 1.831) [60]. 

https://www.cancerrxgene.org/
https://www.cancerrxgene.org/
http://starbase.sysu.edu.cn/
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Marker gene was obtained from published literature [61], and the expression of prognos-
tic genes in different cell clusters was detected by wilcoxon test. Additionally, a bar chart 
depicting the proportion distribution of different cell types in the single-cell sequencing 
data was generated. Notably, the cell cluster with the highest expression of prognostic 
genes were considered as key cell.

2.13  Enrichment analysis and cell-cell communication analysis

To explore the biological function of annotated cells, ReactomeGSA package (version 
1.12.0) [62] was utilized. Besides, to investigate intercellular interactions among anno-
tated cells, cell-cell communication analysis was conducted using CellChat package (ver-
sion 1.6.1) [63].

2.14  Pseudo-time analysis

To examine the heterogeneity of key cell, dimensional clustering analysis was performed 
on the scRNA-seq data. The key cells were classified into different subtypes. Concur-
rently, marker genes for these subtypes were identified using the FindAllMarkers func-
tion (min.pct = 0.5, logfc.threshold = 0.25, test.use = “auc”). Following this, pseudo-time 
analysis was conducted using Monocle (version 2.30.0) [64] to explore the differentiation 
states and trajectories of key cell. Additionally, the expression of prognostic genes was 
assessed at different stages of differentiation in the key cell.

2.15  Prognostic gene expression in the OS and Normal groups

Differential expression analysis was carried out on the dataset GSE36001 to investigate 
the expression patterns of prognostic genes in the OS group compared to the normal 
group, and the ggplot2 package(version 3.4.1) [41] was utilized for visualization of the 
results.

2.16  Statistical analysis

The statistical analysis was conducted using R programming language version 4.1.0. The 
Wilcoxon test was utilized to conduct a comparison of data across different categories. 
Without additional specification, statistical significance was defined as a p-value less 
than 0.05.

3  Results
3.1  Identification of DEGs and key modules

Analysis of the GSE36001 dataset (OS vs. Normal) identified a total of 2,345 DEGs, 
including 1,149 up-regulated and 1,196 down-regulated genes (Fig. 1a-b). The samples 
obtained from the GSE36001 dataset were subjected to clustering analysis, which no 
outlier samples were excluded (Fig.  1c). Afterwards, in order to ensure a biologically 
meaningful scale-free topology, a optimal value of 8 was selected for β, taking into con-
sideration a scale independence criterion of > 0.9. (Fig. 1d). A total of 13 co-expression 
modules were identified. Among them, the MEturquoise and MEblue modules showed 
the strongest (negative) correlations with OS (Cor = −0.81 and − 0.88, respectively). 
These two modules contained 9,677 and 7,512 key module genes, respectively (Fig. 1e-f ).
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3.2  Identification and functional exploration of candidate genes

A total of 59 candidate genes were identified by VennDiagram (Fig. 2a-c), which were 
enriched in 144 biological processes such as glycosylation, protein glycosylation, mac-
romolecular glycosylation and protein N-linked glycosylation (Fig.  2d) (p.adj < 0.05). 
Moreover, the signaling pathways primarily involved in candidate genes were salmo-
nella infection, amino sugar and nucleotide sugar metabolism and N-Glycan biosynthe-
sis (Fig. 2e) (p.adj < 0.05). The PPI network consisted of 55 nodes (red circles indicating 
upregulated proteins and blue circles indicating downregulated proteins) and 119 edges. 
Notably, four gene-encoded proteins were excluded from the network as they could not 
be mapped to the STRING database at the confidence score threshold of > 0.4 and thus 

Fig. 1  Identification of differential expression genes (DEGs) and construction of weighted gene co-expression 
network analysis (WGCNA) in GSE36001. a Volcano plot of DEGs. (Green points represent down-regulated genes, 
and orange points represent up-regulated genes. Top 10 upregulated and downregulated genes are labeled by 
names). b Heatmap of DEGs with normal in green and tumor in orange. c Samples clustering diagram. d Determi-
nation of soft-threshold power. e Analysis of Cluster Dendrogram. f Correlation between module and trait in both 
tumor and normal group
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lacked qualified protein-protein interaction information. The network suggests a poten-
tial interaction between COPA and the TMED family (Fig.  2f ). There is currently no 
direct evidence indicating a functional association between these two proteins and the 
glycosylation process or the prognosis of osteosarcoma. Therefore, further research is 
needed to explore this possibility.

3.3  Risk model based on seven prognostic genes well predicted survival in OS patients

First, seven prognostic gene were included in the analysis by univariate Cox regres-
sion, of which UAP1 and B4GALNT1 exhibited a high-risk profile (HR > 1), while 

Fig. 2  Screening candidate genes and enrichment analysis. a, b Venn diagram of the tumor-related genes from 
WGCNA and DEGs. c Venn diagram of tumor-related genes and glycosylation-related genes. d Gene Ontology (GO) 
analysis of candidate genes. e Sankey diagram of Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway of 
candidate genes. f Protein-protein interaction (PPI) network of candidate genes with 55 nodes. Red circles indicate 
upregulated proteins; blue circles indicate downregulated proteins
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B3GALT4, TUBA1A, CCDC115, RENBP, and DCN had a low-risk profile (HR < 1) 
(Fig.  3a). The ideal value of lambda in the Lasso regression was found to be 0.020 
by the use of 10-fold cross-validation. At this lambda value, the number of genes 
selected was 7. (Fig. 3b, c), and the risk model formula was “RiskScore=−0.426*DCN-
0.175*RENBP + 0.136*UAP1 + 0.242*B4GALNT1-0.259*CCDC115-0.469*TUBA1A-
0.639*B3GALT4”. Then, the samples from the TARGET-OS dataset were grouped into 

Fig. 3  Construction and identification of risk prognostic model in TARGET-OS. a Univariate cox regression analysis 
exhibiting 2 high-risk genes and 5 low-risk genes. b Least absolute shrinkage and selection operator (LASSO) re-
gression analysis. c Analysis of optimal penalty parameter by LASSO regression. d The determination of high-and 
low-risk groups. e Survival status map. f Survival curve. g Receiver operating characteristic (ROC) curves. Test group 
from GSE21257 (h–k). h The determination of risk score. i Survival status map: The red dots represent the deceased 
samples, and the blue dots represent the surviving samples. j Survival curve: The red curve represents the high-
risk group, and the blue curve represents the low-risk group. A statistically significant difference was observed 
(p < 0.05). k The Receiver Operating Characteristic (ROC) curve: The red, green, and blue curves correspond to 
1-year, 3-year, and 5-year survival, respectively
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two distinct groups, namely high risk and low risk, utilizing the optimal cutoff value 
(−6.370) for the Risk score. (Fig. 3d). Figure 3e displayed a higher mortality rate in the 
high-risk groups based on the distributions of risk score and survival status. The sur-
vival rate noticed in the high-risk group exhibited a meaningful decrease (p < 0.05), 
according to the K-M’s findings. Furthermore, the AUC values for 1-, 3-, and 5-year 
survival in patients with OS exceeded above 0.70, indicating that the risk model accu-
rately predicted survival in OS (Fig. 3f-g). Meanwhile, similar results were obtained in 
the GSE21257 dataset. The samples comprising GSE21257 were classified into high-risk 
and low-risk groups according to the risk score’s optimal cutoff value (−16.674) (Fig. 3h), 
The distribution of risk score, survival status and K-M curve (p = 0.048) indicated higher 
mortality in the high-risk group. Furthermore, the AUC values for 1-, 3-, and 5-year sur-
vival in patients with OS were all greater than 0.60, indicating moderate predictive per-
formance (Fig. 3i-k).

3.4  A worse prognosis appeared in patients in the high-risk group with varying clinical 

status

The K-M curve, which incorporated age, gender, and metastasis for both groups, 
revealed that the prognosis was significantly worse for all subgroups within the high-risk 
group (Fig.  4a–c). Analysis of the expression patterns of prognostic genes in different 
clinical states showed that B3GALT4, RENBP, CCDC115, DCN and TUBA1A expression 
was significantly elevated in the high-risk + non-metastatic group (Fig. 4d).

3.5  Construction of nomograms for OS based on independent prognostic variables

Two independent prognostic variables (risk score and Non-metastatic) were screened by 
univariate cox regression analyses, PH hypothesis test and multivariate cox regression 
analyses (Fig. 5a, b). Based on the nomogram, the anticipated mortality rates for patients 
with osteosarcoma (OS) at 1 year, 3 years, and 5 years were 2.6%, 27.6%, and 35.7%, 
respectively. (Fig. 5c). The great precision of nomogram in forecasting the likelihood of 
survival for OS patients was demonstrated by the calibration curves (Fig. 5d). The Deci-
sion Curve Analysis (DCA) curve consistently lies above the other curves (Fig. 5e). In 
the ROC analysis, the AUC values for 1-year, 3-year, and 5-year survival were all greater 
than 0.8 (Fig. 5f ). In the sensitivity analysis results of both the training set (Supplemen-
tary Table 1) and the validation set (Supplementary Table 2), the sigma values for each 
variable were close to zero, indicating stable and predictable model performance.

3.6  A total of nine signaling pathways were activated in high-risk group for OS

This study confirmed that both “risk score” and “non-metastatic status” were indepen-
dent prognostic variables for OS, but subsequent pathway analysis focused on the “risk 
score” because it better reflected the expression pattern of GRGs and was closely related 
to molecular-level analyses such as pathway activation and immune microenviron-
ment, supporting the core logic of GRGs-pathway-prognosis. From the GSEA results, 
it could be observed that 9 signaling pathways were activated in the high-risk group of 
OS, namely, interferon γ response, inflammatory response, allograft rejection, interferon 
α response, IL6-JAK-STAT3 signaling, epithelial mesenchymal transition, complement, 
apoptosis, and TNF-α signaling via NF-κB (Fig. 6). Moreover, risk score was negatively 
correlated with nine signaling pathways (Fig. 7).
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3.7  Immune cells and prognostic genes played important roles in OS

The high-risk group exhibited low StromalScore, ImmuneScore, and ESTIMATEScore 
according to the ESTIMATE calculation, meaning that OS patients at high-risk group 
had an unfavorable prognosis (Fig. 8a). Then, we observed that 11 categories of immune 
cells, containing macrophages, neutrophils, T helper cells, and TIL, were extensively 
infiltrated in the low-risk group. In addition, 13 immune functions, which comprised T 
cell co-inhibition, parainflammation, T cell co-stimulation, type I IFN Reponse, type II 
IFN Reponse, and others, exhibited higher scores in the low-risk group (Fig. 8b, c). The 
Correlation analysis between different immune cells exhibited significant positive cor-
relations for multiple pairs of cells, for instance, macrophages-T helper cells (r = 0.861), 
neutrophils-TIL (r = 0.765), TIL-pDCs (r = 0.864). Correlation analysis between different 
immune function showed significant positive correlation between Check-point and CCR 

Fig. 4  Survival analysis of TARGET-OS. a Survival cure related to metastasis. b Survival cure related to age. c Survival 
cure related to gender. d Risk heatmap of prognostic genes
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(r = 0.904), T cell co-inhibition (r = 0.952), parainflammation (r = 0.880), HLA (r = 0.807), 
and inflammation-promoting (r = 0.866) (Fig. 8d-e). Further, RENBP exhibited the high-
est correlation with T cell co inhibition (r = 0.501) and T helper cells (r = 0.596) (Supple-
mentary Fig. 1a-b). A sum of 19 immune checkpoints exhibited differential expression 
in two groups. Notably, the low-risk group possessed high-level HAVCR2, LAIR1, 
LGALS9, and SELPG, whereas the high-risk group proved high-level of CD27 and 
PDCD1LG2 (Supplementary Fig.  1c). Moreover, there was a substantial negative cor-
relation across risk score and HAVCR2 (r = −0.433, p < 0.001) and SELPG (r = −0.414, 

Fig. 5  A nomogram associated with multiple clinical factors. a Univariate cox regression analysis. b Multivariate 
cox regression analysis containing riskscore and Non-metastatic. c Survival nomogram for evaluating the 1-, 3- and 
5-year overall survival of OS patients. d Nomogram calibration for OS patients. e Nomogram DCA curve. f Nomo-
gram ROC curve
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p < 0.001) (Supplementary Fig. 1d), were significantly linked with IFN-γ-signature (r < 
−0.4, p < 0.001) and pyrimidine metabolism (r > 0.3, p < 0.01) (Supplementary Fig. 1e).

3.8  A total of 24 chemotherapeutic drugs with high efficacy in high-risk group were 

identified

In order to investigate the sensitivity of patients with OS to chemotherapeutic drugs, a 
total of 198 data of drug sensitivity were extracted from the GDSC2 database. Among 
these, 33 of drugs displayed IC50 differences in the two groups (p < 0.05). The IC50 val-
ues for 24 drugs, including BI.2536 − 01086, Daporinad-1248, and Linsitinib-1510, were 
considerably greater among the low-risk group. This finding suggested that the high-risk 
group exhibited superior efficacy for 24 of the drugs (Fig. 9a). Further analysis of the cor-
relation unveiled a substantial negative association with the drugs and risk score (Sup-
plementary Fig. 2).

3.9  The regulation network was helpful for exploring the mechanism of OS

In the CeRNA network regulatory analysis of prognostic genes and OS, 154 miRNAs 
and 37 lncRNAs were identified. A network comprising 151 nodes and 235 edges was 
constructed (Figure 9b). Notable pathways within this network include ‘TP53-hsa-miR-
4284-PCBP2-OT1’, ‘MYC-hsa-miR-1294-AC007161.3’, and ‘TUBA1A-hsa-miR-222-3p-
TUG1’, among others. The Gene-gene Interaction༈GGI༉analysis revealed that key genes 
and other related genes were enriched in pathways including ubiquitin-like protein 
ligase binding, cellular response to oxygen levels, negative regulation of cell cycle G1/S 

Fig. 6  Enrichment plots of high-risk group from gene set enrichment analysis (GSEA)
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phase transition, response to oxygen levels, cell cycle G1/S phase transition, regulation 
of G1/S transition of mitotic cell cycle, and intrinsic apoptotic signaling pathway by p53 
class mediator (Fig. 9c).

3.10  Cellular distribution and characteristics in OS

Following scRNA-seq data normalization and quality control, 26,145 genes and 102,589 
cells were preserved, and sample batch effects were effectively eliminated (Supplemen-
tary Fig. 3). The cells in the GSE152048 dataset were effectively categorized into eight 
distinct clusters, whether in metastasis, primary and recurrent lesions, or in the two 
types of conventional OS (chondroblastic OS and osteoblastic OS) using UMAP dimen-
sionality reduction clustering (Fig.  10a, b). According to the expression patterns of 
the marker genes, eight cell clusters were annotated, which uncovered 7 types of cells, 
namely osteoblastic cell, myeloid cells, myoblasts, TILs, osteoclasts, endothelial cells and 
fibroblasts (Fig. 10c–f). In the single-cell sequencing data, osteoblastic cells accounted 
for the largest proportion of OS tissue (46.1%), followed by myeloid cells (23.93%). TILs 
made up 6.46%, and these data supported the results of immune infiltration (Supple-
mentary Fig.  4). For instance, the abundance of osteoblastic cells directly impacted 
the StromalScore, with the low StromalScore in the high-risk group possibly indicat-
ing a reduction in osteoblastic cells, which could further exacerbate immune suppres-
sion (e.g., by decreasing the secretion of osteoprotegerin and TGF-β). Meanwhile, the 

Fig. 7  Scatter plot visualizing correlation analysis between riskscore and 9 enrichment pathways
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enrichment of TILs in the low-risk group suggested that they were an important cell 
population in immune regulation, supporting the conclusion that the low-risk group 
relied on TILs to enhance anti-tumor immunity. However, this mechanism requires sub-
sequent validation through cell co-culture experiments. Furthermore, it was observed 
that prognostic genes exhibited distinct expression patterns across various cell types. 
Specifically, the DCN and TUBA1A displayed considerably elevated expression levels in 
osteoblastic cells and fibroblasts (Fig. 10g). The osteoblastic cells were identified as key 
cells. Moreover, function enrichment analysis showed annotated cells were enriched in 
“ficolins bind to repetitive carbohydrate structures on the target cell surface”, “metabo-
lism of ingested MeSeO2H into MeSeH”, “proton-coupled neutral amino acid transport-
ers”, etc. (Fig. 10h).

Fig. 8  Immune correlation analysis of prognostic genes. a Scatter plot visualizing correlation analysis between-
Riskscore and StromalScore, Immunescore and ESTIMATEScore in TARGET-OS. b Immune cells infiltration compar-
ing high and low-risk group. c Immune responses comparing high and low risk group. d Correlation analysis of 
immune cells. e Correlation analysis of immune response
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3.11  The communication and differentiation state of key cells were found

Cell-cell communication analysis revealed distinct interaction patterns in the OS sam-
ples across primary, recurrent, and metastatic groups. In primary samples, osteoblas-
tic cells and osteoclasts exhibited frequent interactions (Fig. 11a), while myoblasts and 
osteoclasts interacted via SPP1-(ITGAV+ITGB1) (Supplementary Fig. 5a). In recurrent 
samples, myeloid cells and fibroblasts had frequent interactions (Fig.  11b), and myo-
blasts and tumor-infiltrating lymphocytes (TILs) interacted via MIF-(CD74 + CXCR4) 
(Supplementary Fig. 5b). In metastatic samples, osteoblastic cells and fibroblasts showed 
frequent interactions (Fig.  11c), and myoblasts and myeloid cells interacted via MIF-
(CD74 + CXCR4) (Supplementary Fig. 5c). Pseudo-time analysis revealed a progressive 
differentiation of osteoblastic cells from left to right (Fig. 11d). Additionally, osteoblas-
tic cells were classified into 14 subtypes (Fig. 12a). The expression of prognostic genes 

Fig. 9  Sensitivity analysis of chemotherapeutic drugs and lncRNA-miRNA-mRNA network associated with prog-
nostic genes. a The comparison of sensitive drugs between low and high risk group. b The prediction miRNAs 
targeting prognostic genes. c lncRNA-miRNA-mRNA network. (*p < 0.05;**p < 0.01; ***p < 0.001; ****p < 0.0001; ns, 
p > 0.05)
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indicated that CCDC115 remained stable and was upregulated in the late stages. DCN 
was upregulated in the early, the downregulated in middle, and then upregulated in 
late stages, while TUBA1A showed increased expression in the middle stage. UAP1 
was upregulated in the middle and late stages. In contrast, the expression of RENBP, 
B4GALNT1, and B3GALT4 did not significantly change during osteoblastic cell differen-
tiation (Fig. 12b).

Fig. 10  Uniform manifold approximation and projection (UMAP) analysis. a Cell clusters by UMAP dimensionality 
reduction clustering in metastasis, primary and recurrent lesions. b Cell clusters analysis in chondroblastic and 
osteoblastic OS. c Marker genes annotation. d–f Identification of 7 major Cell clusters. g Expressions of prognostic 
genes in different cells. h Enrichment analysis of annotated cells
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Fig. 11  The cell-cell communications and pseudo-time analysis. a The communications in primary samples. b 
The communications in recurrent samples. c The communications in metastatic samples. d Pseudo-time analysis
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3.12  Levels of prognostic gene expression in OS and normal samples

The GSE36001 dataset revealed that OS patients presented high levels of expression for 
B4GALNT1, TUBA1A, and UAP1. Conversely, Normal samples demonstrated elevated 
expression levels for B3GALT4, CCDC115, DCN, and RENBP (Fig. 12c).

4  Discussion
OS is a common primary bone cancer, and the 5-year survival rate of OS is no more than 
30% [65–68]. Early detection and effective therapy are urgent. It has been revealed that 
glycosylation, as a widespread post-translation modification, occurs in certain cancers 
[69], such as hepatocellular carcinoma, lung adenocarcinoma [70], and prostatic cancer 

Fig. 12  The analysis of subtypes and prognostic genes. a osteoblastic cells were classified into 14 subtypes. b The 
pseudo-time analysis of prognostic genes. c Prognostic genes expressions in GSE36001 between normal and OS 
group. (*p < 0.05;**p < 0.01; ***p < 0.001; ****p < 0.0001)
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[29], and regulates various biological programmes. Currently, glycosylation in OS is 
receiving increasing attention.

In this study, 59 candidate genes were identified from GSE36001, most of the enrich-
ment fields of which were related to glycosylation, such as hexosyltransferase activity, 
N-linked glycosylation, glycosyltransferase activity, protein glycosylation, and so on. 
N-linked glycosylation occurred through the attachment of glycans to nitrogen sides on 
proteins, which mainly took place in the endoplasmic reticulum (ER) [71, 72]. Protein 
glycosylation occurred within the ER and whether they were transported to the Golgi 
was determined by the correctness of folding [73]. Further modifications by glycosyl-
transferases and mannosidases were completed in Golgi [74]. In terms of functionality, 
N-glycosylation contributes to protein stabilization [75–77], cell adhesion [78], peptide 
folding, subcellular localization of protein, and inhibiting protein aggregation [79, 80], 
as well as serving as markers of activation, diseases and cancers [29, 69, 81, 82]. Abnor-
mal N-glycosylation reflected cancer development and metastasis to some extent [16, 83, 
84]. From the previous studies, we can find that N-glycosylation was critical for various 
cancers, which suggested it may also play a role in OS development, progression, and 
metastasis. Our functional enrichment analysis results provided strong evidence for this.

Further, seven prognostic genes were identified among the 59 candidate genes, includ-
ing UAP1, B4GALNT1, B3GALT4, TUBA1A, CCDC115, RENBP and DCN. UAP1 as a 
positive regulator of innate immune response is pyrophosphorylated at s386 by target-
ing IRF3 [85]. UAP1 and B4GALNT1 were associated with a high risk for OS, while the 
rest posed a low risk. DCN (Decorin) had previously been considered a biomarker for 
lung adenocarcinoma [70]. As a proteoglycan, glycosylation modification of DCN may 
play an important role in regulating immune responses, particularly in triggering inflam-
matory processes [86]. OS cells induced bone mesenchymal stem cells (BMSCs) to 
differentiate into cancer-associated fibroblasts (CAFs), which generated DCN [87]. Dur-
ing iron death, DCN is released by dying cells, triggering innate and adaptive immune 
responses. It binds to the specific receptor ager on macrophages, thereby inducing the 
production of proinflammatory cytokines [86]. B3GALT4 has been validated as a diag-
nostic marker for gynecological cancer and carcinoma of colon and rectum (CRC) [88, 
89]. CCDC115 (Coiled-coil domain-containing protein 115) was overexpressed in liver 
hepatocellular carcinoma (LIHC) and promoted infiltration of immunosuppressive cells 
[90]. The absence of CCDC115 is closely related to abnormal glycosylation processes, 
especially in the Golgi apparatus [91]. Previous studies suggested that it might be a hall-
mark of liver and prostatic cancer [90, 92]. CCDC115 can promote the infiltration of 
immunosuppressive cells [91, 93]. Tubulin alpha 1a (TUBA1A) encoded the tubulin-1 
A chain and was a member of the tubulin superfamily. Its aberrant expression results 
in a variety of organ malformations [94]. Although there is no direct research elucidat-
ing the specific role of TUBA1A in glycosylation, its expression level is associated with 
post-translational modifications of O-GlcNAc glycosylation [95]. In addition, TUBA1A 
was overexpressed in breast cancer [62] and gastric cancer [63], facilitating massive infil-
tration of M2 macrophages in TAMs [96]. And TUBA1A indirectly regulates immune 
cell function by altering microtubule dynamics [97]. However, limited research has been 
conducted on RENBP (renin-binding protein).

The nomogram of this study integrates the risk scores of seven prognosis related 
GRGs (such as DCN, RENBP, UAP1, etc.) with clinical key variables (such as metastatic 
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status), showing excellent predictive ability for 1 -, 3 -, and 5-year survival rates of 
patients (AUC > 0.85). Compared with the existing prediction tools [98–100], this study 
does not rely on the traditional clinicopathological characteristics (such as tumor size, 
metastasis status, histological grading), and realizes the dual evaluation of “molecular 
characteristics+clinical phenotype”. In addition, the traditional staging system (such as 
TNM) has certain limitations in the risk stratification of early (no metastasis) osteosar-
coma, and often cannot effectively distinguish patients who “appear to be low-risk but 
are actually prone to recurrence”. The nomogram of this study can accurately identify 
high-risk subgroups in the early clinical stage (without metastasis) through the molec-
ular characteristics of GRGs, especially for newly diagnosed osteosarcoma patients 
(such as adolescents, those without definite metastasis) and postoperative recurrence 
risk assessors. In clinical practice, the expression of seven GRGs was detected by RNA 
sequencing of tumor tissue, combined with the clinical metastasis status, and then the 
total score was calculated by nomogram, which could estimate the 1 -, 3 -, and 5-year 
survival probability. When formulating treatment strategies, the high-risk group should 
give priority to intensive chemotherapy + immune checkpoint inhibitors. The low-
risk group can simplify the chemotherapy regimen, while the metastatic patients can 
choose precision drugs according to drug sensitivity. However, the nomogram model of 
this study also has some limitations. For example, primary hospitals usually lack high-
throughput sequencing platforms, and the cost of single RNA sequencing is high, which 
is much higher than that of traditional pathological detection (such as TNM staging, 
only imaging + pathological section is required). In general, although there are some 
challenges, the nomogram proposed in this study provides a new idea for the individu-
alized risk assessment of osteosarcoma patients and has important clinical application 
potential.

UDP-N-acetylglucosaminepyrophosphorylase 1 (UAP1) is a key rate limiting enzyme 
responsible for the generation of Uridine Diphospho-N-acetylglucosamine(UDP-
GlcNAc), it is an important substrate for glycosylation reactions [101]. Studies have 
shown that UDP GlcNAc in OS may promote tumor growth and metastasis by regulat-
ing key signaling pathways (such as PI3K/AKT and WNT/β -catenin) [102]. Therefore, 
UAP1, as a key enzyme regulating the generation of UDP GlcNAc, plays an important 
role in the occurrence and development of OS, and may serve as an important bio-
marker and therapeutic target of OS. In addition, UAP1 is highly expressed in prostate 
cancer, protecting cancer cells from endoplasmic reticulum stress, thereby promoting 
cancer cell growth [103].

Beta-1,3-galactosyltransferase-4 (B3GALT4), β3GalT gene family’s members, 
promoted glycosylation. Studies have found that the mutation of B4GALNT1 (β 
−1,4-n-acetylgalactosamine transferase 1) directly affects the biological processes related 
to glycosylation, especially in the nervous system [104]. In addition, B4GALNT1 pro-
motes the development of hepatocellular carcinoma (HCC) [105], and participates in 
the metastasis of lung adenocarcinoma through JNK/c-Jun/slug pathway [106]. In recent 
years, studies have found that B4GALNT1 expression is significantly elevated in a variety 
of cancer cells [107–109]. Especially in OS, the expression level of B4GALNT1 is closely 
related to the occurrence and development of tumors, which may promote tumor pro-
gression by regulating cell proliferation, migration and invasion. Therefore, B4GALNT1 
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is considered as a potential molecular target of OS, which may provide a new strategy 
for the treatment of it [110].

These results supported the conclusion that UAP1, B4GALNT1, B3GALT4, TUBA1A, 
CCDC115, RENBP and DCN were associated with OS and other cancers and had the 
potential to serve as prognostic predictors of OS. Independent prognostic analysis 
showed risk score and metastasis correlate with prognosis of OS. In case of high risk 
and metastasis, the survival rate decreases more sharply. The occurrence of metastasis 
implied more mortal.

Furthermore, pathways were identified in the high-risk OS, including INF-γ, inflam-
matory, allograft, INF-α, IL-6/JAK/STAT3 signaling, epithelial mesenchymal transition 
(EMT), complement and apoptosis, which were correlated to riskscore. EMT repre-
sented the transformation of cells from an epithelial phenotype to a mesenchymal phe-
notype. When EMT occurred, cancer cells lost tight cell junction and obtained high 
probability of migration, invasion and metastasis [111]. JAK/STAT, PI3K/AKT path-
way, as well as Tim-3 (T-cell immunoglobulin domain and mucin domain-3) and LAIR1 
(Leukocyte associated immunoglobulin like receptor 1, or CD305), were associated 
with EMT [112–114]. B4GALNT1 and B3GALT4 promoted EMT of HCC [105] and 
breast cancer [115] respectively, finally propelling the development of cancer. However, 
research on EMT of OS was rare. Certain cytokines regulating OS were not clear. In 
addition, many other pathways were related to the immune system and inflammation. 
Immune cells and cytokines played a crucial role. Understanding the OS immune micro-
environment contributed to the immunotherapy of OS. In this study, the high-risk group 
exhibited decreased infiltration of TILs, neutrophils, T helper cells and macrophages, 
along with lower immune function scores and decreased expression of immune check-
points. This suggested a poorer prognosis.

Moreover, 19 differentially expressed check points significantly were identified and 
illustrated. All of them were down regulated in high risk group, and their expressions 
were negatively correlated with rickscore, especially SELPLG, LGALS9, HAVCR2 and 
LAIR1.SELPLG (Selectin P ligand gene), also regarded as CD162 and PSGL-1 [116], was 
generated from immune cells and affected inflammatory response [117] and myeloid 
cells differentiation [118]. Previous study suggested that low level of SELPLG were corre-
lated to metastasis and a poor outcome in OS [119]. LGALS9 functions as an inhibitor of 
immune response [120, 121], and was regarded as a hallmark in breast cancer [122], pan-
creatic cancer [123] and pancreatic ductal adenocarcinoma [124]. Additionally, LGALS9 
was a ligand of Tim-3 [125] which was encoded by HAVCR2 [126]. The interaction 
between TIM-3 and LGALS9 can negatively regulate tumor immune response [125]. 
Previous study suggested HAVCR2 was related to the expression of CD4 which might 
become a predictor of OS outcome [127]. Apparently, there existed a close interaction 
between LGALS9 and HAVCR2, making them potential therapy targets [126, 128–131]. 
Another checkpoint, LAIR1, was widely expressed in immune cells such as NK cells, B 
cells, T cells, Monocytes, etc [132],. LAIR1actedas an immune inhibitory receptor to 
suppress T cell activation [133], monocyte differentiation [134], M1 macrophage polar-
ization [135] and other immune reactions. In OS, High expressed LAIR1 represses cell 
migration instead of proliferation [113]. Apparently, various cytokines generated from 
different cells in TME which were important for regulating cancer cell development, 
tumorigenesis, metastasis and mortality. The levels of checkpoints in high risk group 
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were down-regulated, and similarly, there were fewer immune cells in high risk OS 
group. According to existing researches, various immune checkpoints had potential role 
in suppressing cancer cells by regulating immune cells and immune reactions. Immune 
therapy originating from immune checkpoints was receiving increasing attention and 
might have a satisfactory prospect, just like the application of PD-1/PD-L1 inhibitors.

Through database analysis, more than 20 drugs targeting OS have been identified as 
inhibitors of enzymes or signaling pathways with potential effects. For example, BI.2536, 
an inhibitor of PLK1, suppressed cancer cell proliferation and induced pyroptosis [136, 
137]. Also, BI.2536 had an effect on diabetic kidney disease via NF-κB and Smad3 path-
way [138]. This shows its potential in diabetes related diseases and provides a new idea 
for clinical treatment Importantly, Daporinad (FK866), an inhibitor of nicotinamide-
phosphate ribosyltransferase (NAMPT) that promoted apoptosis in tumor cells, has 
been tested in phase 2 clinical trials and had the potential to serve as a potential drug 
for OS [139]. As an IGF-1R inhibitor, linsitinib inhibited the proliferation of cancer cells 
and induced apoptosis [140, 141]. The drug has been evaluated in a number of clinical 
trials for the treatment of cancer [141–143](PMID: 39596005, PMID: 35197754, PMID: 
33509009), indicating its potential clinical application in malignant tumors such as 
osteosarcoma. Additionally, NVP.ADW742, another IGF-1R inhibitor, regulated adre-
nocortical, prostate, and pulmonary malignancies [144–146]. It has been revealed 
sabutoclax (BI-97C1) had significant resistance effect on prostate cancer [147], pancre-
atic cancer [148], colorectal cancer [149] and breast cancer [150]. Also, sabutoclax can 
inhibit IL-6/STAT3 pathway and promoted apoptosis in cancer cells [150]. Lapatinib was 
an inhibitor of EGFR and HER2 [151]. Lapatinib was used in the treatment of breast 
cancer [152]. Vorinostat was an inhibitor of HDAC (histone deacetylase) which acted 
as an anticancer drug in various cancer cells, as it can cause apoptosis [153], autophagy 
of cancer [154] and cell cycle arrest [155], as well as regulate macrophage polarization 
[156]. The involvement of these drugs in diverse signaling pathways and their ability to 
modulate specific cancers implied that they function within the OS for a rational reason.

miRNAs as critical cytokines are involved in numerous regulation pathways. Through 
databases analysis, 5 miRNAs are selected which are hsa-miR-3163, hsa-miR-1179, 
hsa-miR-624-5p, hsa-miR-222-3p and hsa-miR-221-3p. Limited studies revealed that 
those miRNAs played important role in tumerogenesis, including breast cancer [157, 
158], pancreatic ductal adenocarcinoma [159] and lung cancer [160]. And among 
of which, hsa-miR-624-5p increased in OS and might be a risk factor of metastasis 
[161]. And circRNA acts as sponges for miRNA to regulate functions of miRNA [162]. 
hsa_circ_0000652 can bound with hsa-miR-1179 in macrophages to regulate immune 
response [163]. RNA networks composed by miRNA, mRNA and lncRNA influence 
whole signal pathways. However, a large number of RNAs’ functions are unclear, the 
exact functions need further exploration.

In OS samples, the interaction between osteoblastic cells and osteoclasts is more fre-
quent, while myeloid cells and fibroblasts have more interactions in recurrent samples. 
Those different contents might result from different OS sample functions. Recurrent OS 
samples are more characterized by generation and proliferation. In primary sits, OS tis-
sues give priority to their own functions. No matter in primary, recurrent and metastatic 
samples, it is clear that osteoblast cells are dominant. In the scRNA-seq analysis from 
GSE152048, 7 types of cells were identified, including osteoblast, osteoclast, myeloid 
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cells, etc. According to cell cluster studies of OS, Osteoblastic OS was one of the major 
subtypes of OS. The osteoblastic cell makers includedCOL1A1, COL3A1A and RUNX2. 
Compared to chondroblastic cells, osteoblastic OS has potential role in aggressive activi-
ties and metastasis of OS [164].The expression levels of B3GALT4, CCDC115, DCN and 
RENBP decreased in OS, while UAP1, TUBA1A and B4GALNT1were highly expressed 
in OS. Apparently, the risk model mentioned before was quite accurate. However, the 
trend of TUBA1A was different. This might be resulted from different tumor specimens 
acquired in different experimental conditions.

This study mainly relies on the analysis of public databases, and lacks experimental 
data for the functional validation of these genes in cell lines or animal models. In the 
future, it is necessary to explore how these genes affect the proliferation, migration, inva-
sion and apoptosis of OS cells through gene knockout or overexpression experiments. 
Second, sample heterogeneity and insufficient mechanism research may also affect the 
results, especially the specific molecular mechanisms of these genes regulating OS pro-
gression through glycosylation has not been fully elucidated. In addition, the complex-
ity of the immune microenvironment needs to be further analyzed in combination with 
single-cell sequencing technology. Moreover, circulating tumor cells (CTC) as an impor-
tant biomarker for the assessment of metastasis potential of OS, its association with the 
seven prognostic GRGs screened in this study has not been explored. At the same time, 
PD-L1 is a key marker of immunotherapy for OS, and its association with the prognosis 
model of GRGs constructed in this study is also worth further exploration. Finally, this 
study adopts a retrospective, single center design, which may introduce sample selec-
tion and regional bias, limiting the generalizability of the conclusions. The independent 
validation results of the model further highlighted its limitations: in GSE21257, the 
model not only showed a decrease in long-term predictive performance (3/5-year AUC), 
but also failed to maintain independent prognostic value in risk scores, resulting in the 
inability to construct and validate column charts. These results may be due to technical 
differences between RNA seq and microarray platforms, interference from confounding 
factors such as treatment and recurrence in long-term survival outcomes, and limited 
sample size in the validation cohort, collectively suggesting that the model is sensitive to 
data platforms and cohort characteristics. Given the limitations mentioned above, future 
research should focus on functional validation of key genes, exploration of molecular 
mechanisms, and multi omics integration analysis. The model should be optimized and 
re-evaluated based on a larger scale, multi center, technically homogeneous prospective 
cohort, and ultimately promoted through clinical trials to transform it into an effective 
treatment strategy for OS.

5  Conclusions
On the basis of public databases and bioinformatics analysis, the prognostic significance 
of glycosylation-related genes, including DCN, RENBP, UAP1, B4GALNT1, CCDC115, 
TUBA1A, and B3GALT4, for OS was identified. In addition, immunoscape analysis, 
immune response analysis and drug prediction, provided a foundation for the treatment 
of OS. The results of this study not only have important value in prognosis evaluation, 
but also may provide a new direction for the diagnosis and treatment of osteosarcoma. 
The expression level of prognostic related genes can be used as potential biomark-
ers for early diagnosis and typing of osteosarcoma, and become a potential target for 
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osteosarcoma treatment. The dynamic changes of gene expression may be used to moni-
tor the treatment effect and disease progression, and provide the basis for adjusting the 
treatment plan. Future studies should further verify the expression of these genes in clin-
ical samples and their practical application value in treatment.
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