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Background: Osteosarcoma is a malignant bone tumor that typically occurs in adolescents or children 
under 20 years of age. Developing efficient clinical prognostic markers is crucial for improving the treatment 
of osteosarcoma patients. 
Methods: Three datasets related to osteosarcoma were acquired from the Gene Expression Omnibus (GEO) 
database. A gene signature model was established using the Limma package in the R software, univariate and 
multivariate survival analyses, and least absolute shrinkage and selection operator (LASSO) algorithms. The 
gene signature was then verified using external datasets. 
Results: From the GEO database, 242 differentially expressed genes were identified. A total of 590 
unique genes, including 380 genes from the human protein interaction network, were found to be related to 
biological processes such as bone development and bone cell development. Univariate Cox survival analyses 
revealed 43 genes that were associated with the prognosis of osteosarcoma patients. A seven-gene signature 
[retinitis pigmentosa 2 (RP2), polyhydroxybutyrate (PHB), myosin VI (MYO6), mutL homolog 1 (MLH1), 
Casein kinase 2 beta (CSNK2B), ribosomal protein L37A (RPL37A), and CCAAT/enhancer binding protein 
alpha (CEBPA)] was developed using LASSO regression analysis and multivariate regression analysis. This 
gene signature could stratify the prognostic risk of sample cases in the training set, the test set, and the 
external verification set (P<0.01). The area under the receiver operating characteristic curve for the 5-year 
survival was higher than 0.72 in both the training and verification groups.
Conclusions: In this study, a seven-gene signature was developed that is highly efficient at predicting the 
prognosis of patients with osteosarcoma, and therefore, this signature may be a crucial guide in the treatment 
of these patients.
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Introduction

Osteosarcoma often occurs in children and adolescents 
with an average age of about 16 years (1-3) and is a leading 
cause of cancer-related deaths among adolescents (2). 

Osteosarcoma is often diagnosed at the late stage of the 

disease, which further contributes to poor prognosis (1-3). 

If diagnosed at an early stage, about 68% of osteosarcoma 

patients will have primary and localized tumor lesions with 
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a high 5-year survival rate (70%) (4,5). However, the 5-year 
survival rate of patients with metastatic osteosarcoma is 
approximately 19–30% (4-6). Therefore, the development 
of early diagnostic methods and novel therapeutic strategies 
will facilitate the effective control of the invasion and 
metastasis of osteosarcomas.

Increasingly, studies have shown that messenger RNAs 
(mRNAs), as a molecular biomarker, has prognostic value 
in patients with potentially high-risk osteosarcoma (7,8). 
For example, positive expression of CD133 is related 
to local recurrence, low cancer stage, metastasis, and a 
high 5-year overall survival in osteosarcoma patients (9). 
The expression of ferritin light chain (FTL) and inosine 
5'-monophosphate dehydrogenase type II (IMPDH2) can 
also be used to classify osteosarcoma patients into low-
risk or high-risk groups, and may be potential therapeutic 
targets (7). In recent years, based on the development of 
bioinformatics techniques, multiple gene profiles serve 
as important prognostic indicators for osteosarcoma. For 
example, Liu et al. demonstrated that 7 hub primary-
term DEGs (CDK1, CDK20, CCNB1, MTIF2, MRPS7, 
VEGFA and EGF) were eventually selected as potential 
biomarker for osteosarcoma (10). Yang et al. identified 
three glycolysis-related genes (P4HA1, ABCB6, and 
STC2) for the establishment of a risk signature for 
osteosarcoma (11). Although bioinformatics analysis is a 
feasible method to identify specific genes in osteosarcoma, 
the current research has not been effectively applied to 
the clinic. While, in this work, 7 genes identified, are 
associated with osteosarcoma, they have not been reported 
as prognostic markers for osteosarcoma. Compared with 
using a single gene marker, the combination of multiple 
genes maybe more effectively and comprehensively improve 
the identification of differences in the prognosis of patients 
with osteosarcomas.

Since a wide variety of signaling pathways and genes 
are involved in osteosarcoma, this current study developed 
a gene model based on multiple differentially expressed 
mRNAs to improve the prediction of recurrence in 
osteosarcoma patients.

The public databases Gene Expression Omnibus 
(GEO) (12) and The Cancer Genome Atlas (TCGA) (13)  
provide comprehensive sequence- and array-based data, 
allowing quick and easy access to a large amount of 
data using bioinformatics methods. This study screened 
the important differentially expressed genes (DEGs) in 
osteosarcoma samples and normal tissues or para-cancer 

samples from the GEO and TARGET dataset, respectively. 
The minimum absolute contraction and selection operator 
(LASSO) regression was used to develop a mRNAs-
based signature to evaluate the prognosis of patients with 
osteosarcoma. Related pathways and markers were detected 
with Gene Ontology (GO) enrichment analysis and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathway 
analysis. These findings provide an effective method to 
predict the recurrence rate of osteosarcoma and to facilitate 
personalized treatment for patients with osteosarcoma.

We present the following article in accordance with 
the TRIPOD reporting checklist (available at https://atm.
amegroups.com/article/view/10.21037/atm-21-6276/rc).

Methods

Acquisition of data

The RNA-seq data of 101 osteosarcoma tissue samples 
and the clinical information of 274 osteosarcoma patients 
were obtained from the TARGET dataset (https://ocg.
cancer.gov/). The RNA-seq data was normalized using 
the transcripts per million (TPM) method that scales gene 
length and sequencing depth (M). Since the TARGET 
database did not provide normal healthy samples for the 
screening of differential genes, three datasets from the 
GEO (14) database [GSE39058 (15), GSE21257 (16), and 
GSE42352] were used to screen the DEGs (17,18). The 
GSE39058 dataset includes two sub-series, the GSE39055 
and GSE39057 datasets. The Illumina HumanHT-12 
WG-DASL V4.0 R2 expression beadchip was used as the 
expression profiling platform. The expression profiling 
contained 29,377 probes and 47 samples, including 37 
osteosarcoma biopsy samples and 5 pairs of biopsy and 
surgical resection samples, and the clinical and survival data 
of the patients. The GSE21257 expression profiling (in 
the Illumina human-6 v2.0 expression beadchip platform) 
contained 48,701 probes, 34 samples from patients with 
osteosarcoma metastasis within 5 years, and 19 samples 
from patients without metastasis within 5 years. The 
GSE42352 expression profiling platform used was the 
Illumina human-6 v2.0 expression beadchip. The expression 
profiling contained 24,998 probes and 118 samples, 
including 15 normal tissue samples and 103 cancer tissue 
samples. The data analysis process is shown in Figure 1. The 
study was conducted in accordance with the Declaration of 
Helsinki (as revised in 2013).

https://atm.amegroups.com/article/view/10.21037/atm-21-6276/rc
https://atm.amegroups.com/article/view/10.21037/atm-21-6276/rc
https://ocg.cancer.gov/
https://ocg.cancer.gov/
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Screening of the DEGs

The limma package in the R software (19) was applied to 
detect the differential gene expression. According to the 
threshold value of P<0.05, a gene with a |log2(fold change)| 
>0.263 was defined as a differentially expressed gene of 
osteosarcoma, and was depicted using volcano maps. The 
common differences obtained from the three datasets were 
extracted as candidate genes for further analysis.

Construction of the protein interaction networks and 
extraction of subnets

Human protein interaction information was obtained by 
integrating five protein interaction databases, including the 
Biomolecular Interaction Network Database (BIND), the 
Database of Interacting Proteins (DIP), the Human Protein 
Reference Database (HPRD), IntAc, and the Molecular 
INTeraction Database (MINT) for developing a protein-
protein interaction (PPI) network. The DEGs were merged 
into the PPI as seed genes, and the nodes adjacent to them 
were obtained with the differentially expressed gene to 
construct subnets, thereby revealing the potential tumor-
related genes. The network topological properties were 
investigated. 

Functional analysis of the genes

The functional interpretation of genes listed in g:Profiler (20) 
were used to conduct enrichment analyses of GO, KEGG 
pathways, and human protein figure profiles of candidate 
genes related to osteosarcoma. EnrichmentMap (21), a 
cytoscape plug-in, was used to visualize the results of the 
gene enrichment analysis in network form.

Risk model construction

Univariate Cox regression analysis was used to identify 
genes showing significant correlation with the prognosis 
of osteosarcoma (P<0.05) in 80% of the TARGET 
dataset (Figure S1A). Those genes were then filtered by 
dimension reduction using LASSO regression analysis, 
which is a compression estimation that refines a model 
through a penalty function to compress dataset coefficients 
close to zero. In this way, it retains subset contraction, 
and is considered a biased estimation method in data 
processing with complex collinearity, thereby realizing 

variable selection under parameter estimation and 
reducing multicollinearity problem during regression 
analysis. Multivariate Cox regression analysis (P<0.05) was 
conducted and Cox proportional risk regression models 
were developed using the “coxph” function in the R 
package “survival”. LASSO analysis was conducted using 
cv.glmnet in the R package “glmnet”. The risk model is as 
follows: 

1
*

n

k
RiskScore Expk eHRk

=

= ∑ 	 [1]

where N is the sum of the prognostic genes, Expk refers 
to the prognostic gene expression level, and HR is the 
estimated regression coefficient of the genes in the 
multivariate Cox regression analysis.

Survival analysis

The osteosarcoma samples were grouped according to 
the z-score into a high-risk and a low-risk group. Kaplan-
Meier (KM) curves and time-dependent receiver operating 
characteristic (ROC) curves were used to showed patient 
survival status. These analyses were all performed with the 
“survival” R package.

External data validation datasets 

To verify the reliability of the prognostic risk markers 
identified in this study, the GEO dataset GSE16091 was 
used as the external validation set, and internal validation 
was performed using the GSE39058 and GSE21257 
datasets. In addition, the GSE19276, GSE42352, and 
GSE36001 datasets were used to verify the differential 
expression of the genes.

Statistical analysis

The R software (version: 3.5.2) was used for performing 
all statistical analyses and graphical representations. The 
Kaplan-Meier survival plots showed the survival rates of 
patients. The effectiveness of the model for predicting 
survival was assessed using the AUC of the ROC curve. 
Independent prognostic factors were identified by 
univariate and multivariate Cox regression analyses. Unless 
stated otherwise, statistical significance was considered at 
P<0.05.

https://cdn.amegroups.cn/static/public/ATM-21-6276-Supplementary.pdf
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Results

Screening of the prognostic genes for osteosarcoma

The working flow chart is shown in Figure 1. A total of 
758 DEGs were identified from the GSE39058 dataset, 
including 158 upregulated genes and 600 downregulated 
genes. In the GSE42352 dataset, a total of 4,821 differential 
genes were identified, including 2,455 upregulated and 
2,366 downregulated genes. In the GSE21257 dataset, 
there were 552 DEGs, of which, 221 were upregulated and 
331 were downregulated (Figure 2A). The DEGs that were 
identified in at least 2 datasets were retained, resulting in 
a total of 242 differentially regulated genes, including 94 
upregulated genes (Figure 2B) and 148 downregulated genes 
(Figure 2C).

Construction of the protein-protein interaction network 
and identification of the subnets

Due to the lack of normal control samples in this study, the 
human protein interaction information from 5 databases 
were integrated to construct a background network, 

consisting of 80,977 pairs of interactions and 13,368 genes. 
The 242 previously obtained DEGs were merged into 
the network as seed genes and a total of 185 nodes were 
mapped. These nodes and their neighboring nodes were 
extracted to construct a subnet consisting of 1,240 nodes. 
The node degree conformed to the power law distribution 
in the network (Figure 3A) and satisfied the characteristics 
of the molecular biology network. The large nodes in the 
network were hub nodes, generally considered as more 
important key nodes in the network. The node with the 
highest degree in this sub-network was the retinoblastoma 
1 gene (RB1 gene; degree 150). Previous studies have 
demonstrated that the RB1 gene mutation is closely related 
to the development and formation of human osteosarcoma, 
and that the loss of RB1 function resulted in a 1.62-fold 
increase in the mortality of osteosarcoma patients (22). The 
second largest node is the growth factor receptor-bound 
protein 2 (GRB2; degree 117), which has been shown to be 
positively expressed in bone cancer, rhabdomyosarcoma, 
and synovial sarcoma (23). The third largest gene node is 
the E1A binding protein P300 (EP300; degree112), which 
has been associated with esophageal cancer (24), breast 

Three sets of GEO data

Limma difference analysis, P<0.05, |log2(foldchange)| >0.263

PPI analysis, select genes with a 
degree greater than 15 as hub genes

Adjust the genes up and down to the intersection 
and then take the union to get 242 differential genes

Differential gene and hub gene g: Profiler database function annotation

Univariate COX neutralization analysis P<0.05 TAGET training set 84 samples

Lasso regression analysis lambda = 0.09

Multivariate COX regression analysis P<0.05 Three GEO verification databases

K-M survival curve

Figure 1 A flow chart showing the study procedure.
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cancer (25), and lymphoma (26). These results confirmed 
that identifying osteosarcoma-related genes through the 
network method is an effective approach. Herein, nodes 
with a moderate degree greater than 15 (380 genes) and the 
above 242 DEGs (242 genes) were selected as candidate 
genes for further analysis. In total, 590 unique candidate 
genes were selected (Figure 3B). 

Functional analysis of tumor-related genes

Functional enrichment analysis of the 590 candidate genes 
was performed. A total of 2,499 pathways, including 1,218 
GO biological pathways, 420 transcription factors, and 133 

KEGG pathways, were enriched (Figure 4A), suggesting that 
these genes were involved in a large number of biological 
pathways and molecular functions. Crosstalk analysis on 
these pathways revealed that the main core regulatory 
pathways included non-coding (nc)RNA processing, 
metabolic processes, bone marrow, and hematopoietic 
cells (Figure 4B). These genes were also enriched in bone 
and bone cell development, abnormal differentiation 
of osteoclasts and osteoporosis, as well as bone marrow 
which is involved in cell metabolism and bone tissue 
differentiation (Figure 4C). These results demonstrated that 
these candidate genes are directly or indirectly involved 
in bone tissue growth, differentiation, and pathological 
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Figure 2 Identification of the prognostic gene for osteosarcoma. (A) Volcano diagram of the differentially expressed genes. The black dots 
represent genes that are not differentially expressed, red dots represent genes that are highly expressed in cancer tissues, and green dots 
represent genes that are lowly expressed in cancer tissues. (B) Upregulated genes in the three datasets. (C) Downregulated genes in the three 
datasets.
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Figure 3 Construction of the protein-protein interaction network and identification of the subnets. (A) The degree distribution of nodes in 
the subnet related to osteosarcoma. (B) A Venn diagram displaying the differentially expressed genes and hub genes.

changes, and that their abnormal expression may result in 
lesions of bone tissues.

Development of a seven-gene signature and prognosis 
analysis

Here, 80% of the TARGET data were randomly included 
into the training dataset, and the DEGs and hub genes 
identified were analyzed with the R package survival coxph 
function. A total of 43 genes showed significant differences 
in prognosis. 

LASSO Cox regression analysis was performed on the 
43 genes identified to be related to overall survival (OS) in 
osteosarcoma patients. Analysis of the change trajectory of 
each independent variable revealed that the gradual increase 
of lambda was positively related to a gradual increase in the 
number of independent variable coefficients approaching 
0 (Figure 5A). The model was constructed by using a 
3-fold cross-validation, and the confidence interval under 
each lambda was analyzed. When lambda =0.09518779, 
the model was optimized (Figure 5B) and 12 genes were 
determined to be target genes.

Furthermore, multivariate Cox survival analysis on the 
12 genes identified 7 genes with the minimum Akaike 
information criterion (AIC) value of 146.28, and these genes 
were used in the final model (Table 1). 

The formula is as follows: RiskScore7 = −0.8445 × RP2 − 
0.7205 × PHB + 0.8332 × MYO6 − 0.9115 × MLH1 − 0.6136 
× CSNK2B + 0.6677 × RPL37A − 0.5183 × CEBPA.

The GSE19276 dataset containing normal healthy 
samples was used to evaluate the expressions of the 7 key 

genes (Figure S1B). Significant differences in the expression 
of 5 genes were observed and this was consistent with the 
trend of the study. Significant differential expression of 
the 7 genes was also observed in the GSE42352 dataset 
that contains high-grade osteosarcoma cell lines and 
mesenchymal stem cells (Figure S1C). Further comparison 
of expression differences between osteosarcoma cell lines 
and normal osteoblast cell lines in the GSE36001 dataset 
revealed significant differential expression of the 7 genes 
(Figure S1D). In addition, reverse transcription polymerase 
chain reaction (RT-PCR) analysis on osteosarcoma cell 
lines and osteoblast cell lines showed significant differential 
expression of the 7 genes as expected (Figure S1E). These 
results verified the reliability of the 7 key genes.

The TARGET training dataset samples were divided into 
a high-group and a low-risk group according to the Z-score. 
An increase in the patient’s risk score was negatively 
associated with the survival time, and most deaths were 
observed in the high-risk group. The expression of both 
myosin VI (MYO6) and ribosomal protein L37A (RPL37A) 
was upregulated with an increase in the risk value, indicating 
that high expression of these 2 genes was associated with 
higher risk, and indeed, high expression of MYO6 and 
RPL37A may be significant risk factors. The expression 
of retinitis pigmentosa 2 (RP2), polyhydroxybutyrate 
(PHB), mutL homolog 1 (MLH1), Casein kinase 2 beta 
(CSNK2B), and CCAAT/enhancer binding protein alpha 
(CEPBA) were all downregulated with an increase in 
risk value, indicating that lower risk was related to high 
expression of these 5 genes, and indeed, these genes may 
be considered protective factors (Figure 5C). The ROC 

https://cdn.amegroups.cn/static/public/ATM-21-6276-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-21-6276-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-21-6276-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-21-6276-Supplementary.pdf
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Figure 4 Functional analysis of the prognostic genes. (A) Functional analysis of the candidate genes. (B) The P value after −log10 is taken 
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Figure 5 Identification of a seven-gene signature and prognosis analysis. (A) The change trajectory of each independent variable. The 
horizontal axis shows the log value of the independent variable lambda and the vertical axis shows the coefficient of the independent variable. 
(B) The confidence interval under lambda. (C) The risk score, survival time and survival status, and the expression of the seven genes in the 
TARGET training dataset. (D) Receiver operating characteristic (ROC) curve and area under the curve (AUC) of the seven-gene signature. 
(E) Kaplan-Meier prognostic curve of the seven-gene signature in the TARGET training dataset. Blue represents the low-risk group, red 
represents the high-risk group, and the dashed line represents 90% confidence interval (CI). The log-rank test was used to assess prognostic 
differences.
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Table 1 The 7 genes that are significantly associated with the overall survival of osteosarcoma patients in the training dataset

Gene Coefficient P HR Lower 0.95 Upper 0.95

RP2 −0.8445 0.0025 0.4298 0.2487 0.7426

PHB −0.7205 0.0523 0.4865 0.2350 1.0071

MYO6 0.8332 0.0005 2.3006 1.4360 3.6859

MLH1 −0.9115 0.0713 0.4019 0.1493 1.0823

CSNK2B −0.6136 0.0990 0.5414 0.2612 1.1224

RPL37A 0.6677 0.0127 1.9498 1.1535 3.2959

CEBPA −0.5183 0.0797 0.5955 0.3335 1.0633

MYO6, myosin VI; RPL37A, ribosomal protein L37A; RP2, retinitis pigmentosa 2; PHB, polyhydroxybutyrate; MLH1, mutL homolog 1; 
CSNK2B, Casein kinase 2 beta; CEPBA, CCAAT/enhancer binding protein alpha.

curve analysis demonstrated that the AUC (area under the 
ROC curve) of the 1-, 3-, and 5-year survival status were all 
above 0.81 (Figure 5D). In the TARGET training dataset 
sample, 37 patients were classified into the low-risk group 
and another 30 patients were classified into the high-risk 
group. The Kaplan-Meier survival curve prognostic analysis 
demonstrated that the survival time of patients in the high-
risk group was shorter than that in low-risk group (Figure 
5E). Multivariate survival analysis was applied to evaluate 
the influence of clinical factors on the model. Age, gender, 
and therapy were included for comparison with risk score, 
and univariate analysis showed that only risk score had 
significant prognostic value (Figure S2A). Multivariate 
analysis also demonstrated that only the risk score had 
significant prognostic value (Figure S2B), indicating that 
the risk score was a prognostic factor independent of other 
clinical features.

The robustness of seven-gene signature

To determine the robustness of the signature, the model 
and coefficient used for the training dataset was verified 
using the GSE39058 and GSE21257 datasets. Similarly, the 
changes in the expression of the 7 genes were associated 
with increased risk. Furthermore, higher expression of 
MYO6 and RPL37A was associated with an increase in 
the risk value, indicating that high expression of MYO6 
and RPL37A was positively correlated with a higher risk 
and therefore, these genes are risk factors. The expression 
of RP2, PHB, MLH1, CSNK2B, and CEPBA were all 
downregulated with an increase in risk, indicating that 
the high expression of these 5 genes was associated with 
a lower risk, and are therefore protective factors (Figure 

6A). The ROC analysis of the prognostic classification 
of the risk score showed that the model had high 5 years 
AUC values of 0.72 for the GSE39058 dataset (Figure 6B). 
In the GSE39058 dataset, Kaplan-Meier survival curve 
showed that the prognosis of the high-risk group tended 
to be poorer than that of the low-risk group, however, the 
difference was not statistically different (P=0.057, Figure 
6C). In GSE21257 dataset, the above genes expressions had 
similar trend with those in GSE39058 dataset (Figure 6D). 
ROC analysis indicated that the 5 years AUC was 0.78 in 
GSE21257 dataset (Figure 6E). In contrast, in GSE21257 
dataset, patients in the high-risk group had significantly 
poorer survival than patients in the low-risk group (P=0.013, 
Figure 6F). 

The expression profiles of the 7 genes were extracted 
from the GSE16091 dataset. The risk scores of each patient 
were calculated using the same method to classify patients 
into a high-risk group and a low-risk group. Kaplan-Meier 
analysis showed a significantly poorer prognostic outcome 
in the high-risk group compared to the low-risk group 
(Figure S3A), and the ROC analysis showed a 1-year AUC 
of 0.88, a 3-year AUC of 0.89, and a 5-year AUC of 0.83 
(Figure S3B).

Discussion

After chemotherapy, the 5-year survival rate of patients with 
osteosarcoma can be improved from 10–20% to 60–80%, 
but the prognosis of patients with osteosarcoma is still 
relatively poor, and the prognosis of osteosarcoma is related 
to a variety of factors, such as age, tumor size, location, 
treatment time, response to chemotherapy, lung metastasis, 
height at diagnosis and birth-weight (27-29). This study 

https://cdn.amegroups.cn/static/public/ATM-21-6276-Supplementary.pdf
http://Figure S2B
https://cdn.amegroups.cn/static/public/ATM-21-6276-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-21-6276-Supplementary.pdf
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Figure 6 The robustness of the seven-gene signature. (A) The risk score, survival time and survival status, and expression of the seven genes 
in the GSE39058 dataset. (B) Receiver operating characteristic (ROC) curve and area under the curve (AUC) of the gene signature in the 
GSE39058 datasets. (C) Kaplan-Meier prognosis curve of the signature in the GSE39058 and GSE21257 datasets. (D) The risk score, 
survival time and survival status, and expression of the seven genes in the GSE21257 dataset. (E) ROC curve and AUC of the gene signature 
in the GSE21257 datasets. (F) Kaplan-Meier prognosis curve of the signature in the GSE21257 datasets.
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identified 242 differentially expression genes through 
screening the gene expression profile of osteosarcomas 
in the training dataset. There was a close relationship 
between these genes and the differential response of the 
osteosarcoma to treatment, as well as the development, 
progression, disease subtypes, and prognosis of the cancer. 
Construction of the human PPI network identified 380 
central node genes that were associated with osteosarcoma. 
These genes, along with 242 differentially expression genes, 
were considered candidate genes. These candidate genes 
were involved in biological processes such as osteoclast 
differentiation and bone physiology abnormalities. The 
study further successfully developed a signature consisting 
of 7 genes, namely, RP2, PHB, MYO6, MLH1, CSNK2B, 
RPL37A, and CEBPA, for predicting the prognosis of 
patients with osteosarcoma. External datasets were 
applied to verify the reliability of signature. The signature 
effectively divided the patients into a high-risk group and a 
low-risk group, which showed significantly different survival 
times.

Previous studies have applied bioinformatics analyses 
to identify the DEGs, potential  target genes and 
transcription factors, and gene functions in osteosarcoma. 
Understanding the related underlying biological processes 
in the progression of osteosarcoma can facilitate better 
clinical decisions for the patients. Liu et al. built a 2-gene 
signature, involving PML and EPB41, according to clinical 
treatment outcomes (30). Although bio-reliability analyses 
and verification were performed, the AUC in the training 
cohort for the 5-year survival was only 0.72. Another 
study designed a risk signature with three genes (MYC, 
LY86, and CPE) based on metastasis-associated genes for 
osteosarcoma (31). Despite validation across multiple 
datasets, the AUC remained low, with an AUC of 0.82 
for the 5-year survival in the target dataset. Zhang et al. 
identified 8 clinically significant genes and constructed an 
8-gene signature for osteosarcoma with an overall AUC 
of 0.88 (32). All these reports indicate that bioinformatics-
based methods are effective in identifying prognostic 
markers of osteosarcoma. However, none of these models 
are currently used in clinical practice. Therefore, further 
biomarker studies are required for clinical selection and 
validation. 

This study constructed a 7-gene signature based on 
the prognosis of osteosarcoma patients to estimate overall 
prognosis. Gene signatures can be used to predict the 
risk and prognosis of osteosarcoma. Compared with the 
published gene signature, the 5-year AUC of 0.92 was 

higher in training dataset. In addition, the 7-gene signature 
demonstrated a strong predictive performance in multiple 
verification sets. These 7 genes are abnormally expressed 
in the process of tumorigenesis and play an important role 
in the development of osteosarcoma. This information 
provides a basis for further research into understanding 
the molecular mechanisms of osteosarcomas and the 
development of novel treatment strategies. 

Among the signature genes, some are involved in the 
genesis and development of disease. RP-2 is a gene that 
is activated in thymic cells undergoing apoptosis (33). 
Moreover, Northern blot analyses have demonstrated that 
this protein is mainly expressed in skeletal muscles (34). 
A protein similar to RP-2, namely, P2XM, may have an 
important role in the differentiation and/or proliferation of 
skeletal muscle cells, and altered expression of P2XM may 
contribute to the development of certain sarcomas (34). PHB 
is an adriamycin resistance-associated gene that can suppress 
the proliferation of human osteosarcoma MG-63 cells 
through the interaction with oncogenes or tumor suppressor 
genes, c-fos, p53, c-myc, and Rb (35). MYO6, which is highly 
expressed in cancers such as colorectal cancer, non-small cell 
lung cancer, stomach cancer, and prostate cancer, is regarded 
as an oncogene (36-38). In endometrial cancer, MLH1 gene 
methylation can cause complete mismatch repair or MLH1 
defects (39). CSNK2B enhances nuclear factor (NF)-κB 
reporter activity in hepatocellular carcinoma cells in a dose-
dependent manner (40). Bioinformatics studies have shown 
that RPL37A can serve as a gene signature by acting as a 
molecular marker of tumors (41,42). Interleukin (IL)-34 
contributes to the proliferation and migration of hepatoma 
cells via CEBPA (43). Although some genes have not been 
reported in relation to the progression of osteosarcoma, 
the above studies support the biological relevance of gene 
signatures in tumor biology. 

While these 7 genes are associated with osteosarcoma, 
they have not been reported as prognostic markers for 
osteosarcoma. Compared with using a single gene marker, 
the combination of multiple genes can more effectively and 
comprehensively improve the identification of differences in 
the prognosis of patients with osteosarcomas. 

Some limitations in the current research should be noted. 
While multiple GEO datasets were included for analysis, the 
results should be confirmed in other independent cohorts. 
Also, the prognostic value of mRNAs was evaluated using 
gene chips, and the results should be verified with biological 
experiments such as real-time quantitative polymerase 
chain reaction (RT-qPCR). Moreover, the specific clinical 
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significance, biological function, and potential mechanisms 
of action of each identified mRNAs in our model should be 
examined. Further experiments are warranted to determine 
the functions of these prognostic mRNAs in osteosarcoma.

Conclusions

This study determined the prognostic markers and 
constructed a seven-gene signature for evaluating the OS of 
patients with osteosarcoma using bioinformatics methods. 
The current findings enrich the current understanding 
of the role of mRNAs in the pathogenesis, progression, 
and prognosis of osteosarcomas. This information may 
contribute to the development of novel therapeutic and 
diagnostic biomarkers for clinical practice.
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Supplementary

Figure S1 The expressions of 7 genes in different cohort study. A: The significance distribution of the model's prognostic classification 
on a thousand random sampling data set. B: Expression difference of 7 genes in GSE19276 data set; C: Expression difference of 7 genes in 
GSE42352 data set; D: Expression difference of 7 genes in GSE36001 data set; E: The expression differences of 7 genes between CRL-
11372 and HTB-85 cell lines. *P<0.05, *P<0.01, *P<0.001.

Figure S2 Univariate analysis and multivariate analysis of Riskscore. A: Univariate analysis of the relationship between Riskscore and 
other clinical characteristics in the TARGET dataset. B: The relationship between Riskscore and other clinical features was analyzed by 
multivariate analysis in the Target dataset.
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Figure S3 Prognostic ability of Riskscore in GSE16091 dataset. A: Prognostic differences between high and low risk groups in the 
GSE16091 validation set. B: ROC analysis in the GSE16091 validation set.
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