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Abstract
Background: Ewing sarcoma (ES) is a malignant bone or soft-tissue cancer that mainly arises in children
and young adults. However, the prognosis of Ewing sarcoma remains very poor, and there is no effective
prediction method. The aim of our study was to identify a prognostic model for ES patients based on
prognosis-associated mRNA expression pro�les.

Methods: The GSE17679 dataset was downloaded from the Gene Expression Omnibus (GEO) database.
Differently expressed genes (DEGs) between ES and normal control were identi�ed using R package
“limma”. A weighted gene co-expression network analysis (WGCNA) was used to screen gene modules
associated with recurrence/metastasis and survival status based on DEGs.

Results: The prognostic model was constructed based on genes in MEbrown module, which was most
associated with recurrence/metastasis and survival status, using Kaplan-Meier survival and lasso
regression analysis. Sixteen genes were screened to construct the prognostic model. ES patients were
grouped into high- and low-risk groups based on the median of risk score calculated for each of them. ES
patients in high-risk group have worse survival than patients in low-risk group. The AUCs (Area under the
ROC curve) for 1-year, 3-year, and 6-year overall survival were 0.903, 0.995, 0.953.

Conclusions: Taken together, our research constructed a prognostic model which has excellent prediction
performance for overall survival of ES patients.

Background
Ewing sarcoma (ES) is an aggressive and rare tumor developed usually in bone, but sometimes in soft
tissues as well, which mainly occurred in children and young adults [1]. With the development of
therapeutic methods and diagnostic techniques, the prognosis of ES patients has elevated markedly [2,
3]. However, the 5-year survival rate remains less than 20% for patients with metastatic or recurrent
tumors [4, 5]. Therefore, the screening of gene modules associated with recurrence/metastasis and
survival status and construction of an effective prognostic model which could contribute to predict the
survival rate to help the treatment of ES patients is urgently required.

In recent years, high-throughput technologies have been widely used to identify essential driver genes in
the processes of tumor [6–9]. Weighted gene co-expression network analysis (WGCNA) is a valuable tool
for the analysis of the gene expression patterns in multiple samples, which could e�ciently identify and
screen co-expressed gene modules and key biomarkers [10]. The prognosis-related gene signature and
prognostic model have shown a great advantage for tumor prognosis prediction [11]. However, there are
few effective prognostic models in ES for now.

In our study, human ES expression and clinical data in GSE17679 were downloaded from Gene
Expression Omnibus (GEO). The R package “Limma” was used to get differently expressed genes (DEGs)
between tumor and normal tissues; the WGCNA tool was used to screen gene modules associated with
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recurrence/metastasis and survival status based on DEGs. We further performed enrichment analysis to
reveal the biological functions and pathways of selected gene modules. In addition, a prognostic model
was established based on prognosis-related gene signature, which was screened from the gene module
associated with recurrence/metastasis and survival status, using Kaplan-Meier survival and lasso
regression analysis. More importantly, we tested the prognostic model using ROC analysis, which showed
a great prediction performance for overall survival of ES patients. The current study provided new
possibilities for developing prognosis risk assessment models of ES patients.

Result
Identi�cation of DEGs in ES

We obtained the gene expression pro�le and clinical information of ES and normal tissues from
GSE17679. Differently expressed genes (DEGs) between ES and normal tissues were identi�ed using R
package “limma”. A total of 4855 DEGs (2739 up-regulated genes and 2116 down-regulated genes) were
screened based on the cut-off criteria of a adjust p-value < 0.01 and |log2FC (fold change) | > 1, in which
3779 protein-coding genes were chosen for subsequent analysis (Figure 1A-B).

Construction and identi�cation of key modules

Next, 3779 protein-coding DEGs were used to perform WGCNA using R package “WGCNA”. A total of 88
ES samples with clinical features including age, sex (female and male), survival time (follow-up time),
Status (alive and dead), and RM.status (recurrence/metastasis status) (Figure 2A). The most appropriate
soft threshold to construct a scale-free network was 5 (R2 = 0.9) (Figure 2B). A total of twelve modules
were identi�ed (module size ≥ 30 and abline = 0.25) in the network (MEbrown, MEmagenta, MEgreen,
MEblue, MEpurple, MEblack, MEsalmon, MEtan, MEgreenyellow, MEpink, MEturquoise, and MEgrey)
(Figure 3A). Results indicated MEbrown module to be signi�cantly positively associated with
recurrence/metastasis status (Status) and survival status (RM.status) and negatively associated with
survival time (Figure 3B-E). Thus, the MEbrown module was selected as a clinically pivotal module for
subsequent analysis.

Functional analysis of MEbrown module

To further explore the potential function of genes in MEbrown module, we conducted the functional
analysis using R package “clusterpro�ler”. The functional enrichment results revealed that these genes
were mainly associated with chromosome segregation and nuclear division in BP (biological process)
category. For CC (cellular component) category, the genes in MEbrown module were mainly distributed in
chromosomal region and spindle region. In MF (molecular function) category, the genes in MEbrown
module mainly enriched in single-stranded DNA binding and catalytic activity, acting on DNA (Figure 4A).
In addition, KEGG pathway analysis indicated the enrichment of MEbrown module mainly in Cell cycle
pathway (Figure 4B).
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Construction of the PPI network

To further explore the relationship between genes in MEbrown module, The STRING website was used to
construct the PPI network. We identi�ed three signi�cant sub-modules using cluster analysis of PPI
network in Cytoscape MCODE plug-in. These three sub-modules are respectively composed of 82, 24 and
11 genes (Figure 5A-C).

Construction of the Prognostic Model for ES

We further performed Kaplan-Meier survival analysis and screened 49 genes with p < 0.00001
(Supplementary Table 1). The prognostic model was constructed based on the 49 genes using lasso
regression (Figure 6A-B). A total of 16 genes, including NOP2, DDB2, PTPN22, ASPM, GLB1L2, EMILIN1,
TTK, CDCA3, NEK2, P4HTM, CENPW, PSMG3, RAD51AP1, SQLE, YWHAG, and SLC16A4 were selected by
lasso regression (sup-Figure 1A-P). The prognosis index for each patient was calculated by the
established formula: The Prognosis Index (PI) = (0.42 * expression of NOP2) + (-0.84 * expression of
DDB2) + (-0.21 * expression of PTPN22) + (1.02 * expression of ASPM) + (0.77 * expression of GLB1L2)
+ (-0.07 * expression of EMILIN1) + (-0.04 * expression of TTK) + (-0.50 * expression of CDCA3) + (-0.15*
expression of NEK2) + (-0.11 * expression of P4HTM) + (-0.07 * expression of CENPW) + (0.08 *
expression of PSMG3) + (-0.43 * expression of RAD51AP1) + (-0.10 * expression of SQLE) + (1.10 *
expression of YWHAG) + (-0.17 * expression of SLC16A4). All patients were divided into two groups (high-
and low-risk groups) according to the median risk score. Kaplan-Meier survival analysis showed the
prognostic model to be a good predictor of ES patient prognosis. The overall survival of ES patients was
signi�cantly poorer in the high-risk group (Figure 6C-D). Furthermore, ROC analysis was used to determine
the accuracy of this signature in predicting the survival. As shown in Figure 6E, this prognostic model
showed high sensitivity and speci�city with the AUCs for 1-year, 3-year, and 6-year overall survival to be
0.903, 0.995, 0.953. Taken together, the prognostic model could serve as a good predictor of overall
survival of ES patients.

Discussion
Understanding the pathogenesis of ES is essential for identifying new biomarkers to develop new
therapeutic strategies [12, 13]. However, metastasis and recurrence are the main causes of poor
prognosis of ES [14, 15]. Thus, identi�cation of novel biomarkers related to metastasis and recurrence to
predict ES patients’ survival might help to customize more personalized therapy and would be able to
improve their prognosis. Researchers have established a predictive model of OS of ES patients based on
T2-Weighted Images and Contrast-Enhanced T1-Weighted Images [16]. However, there are still few
studies on ES prognosis model based on gene expression pro�les.

In this study, we �rst identi�ed 4855 DEGs (2739 up-regulated genes and 2116 down-regulated genes) in
ES tissues compared to normal tissues from GSE17679. Next, a total of 88 ES samples with clinical
features including age, sex (female and male), survival time (follow-up time), status (alive and dead), and
RM.status (recurrence/metastasis status) were included for WGCNA. The results indicated MEbrown
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module to be signi�cantly positively associated with recurrence/metastasis status (Status) and survival
status (RM.status) and negatively associated with survival time. In addition, KEGG pathway analysis
indicated the enrichment of genes in MEbrown module mainly in Cell cycle pathway.

We further performed Kaplan-Meier survival analysis using genes in MEbrown module. A total of 49
genes with p < 0.00001 were selected to construct prognostic model using lasso regression analysis. We
identi�ed a gene signature including NOP2, DDB2, PTPN22, ASPM, GLB1L2, EMILIN1, TTK, CDCA3, NEK2,
P4HTM, CENPW, PSMG3, RAD51AP1, SQLE, YWHAG, and SLC16A4 and established a prognostic model
to predict the risk of ES patients. The prognostic model showed high sensitivity and speci�city with the
AUCs for 1-year, 3-year, and 6-year overall survival to be 0.903, 0.995, 0.953.

In conclusion, we established an e�cient prognostic model with great e�cacy to predict overall survival,
which may help improve early diagnosis and treatment, enhancing the clinical outcomes of ES patients.

Materials And Methods
Data collection

Series matrix �les with expression pro�le and clinical data of GSE17679 were downloaded from the GEO
(http://www.ncbi.nlm.nih.gov/geo/) database. The platform of GSE17679 was GPL570 (Affymetrix
Human Genome U133 Plus 2.0 Array). The datasets of GSE17679 comprised 88 ES patient samples and
18 normal samples.

Identi�cation of DEGs

R package “Limma” was used to screen DEGs between the ES samples and normal control samples. The
adjust P < 0.01 and the absolute value of log2 fold change |log2FC| > 1 was the screening threshold. A
total of 3779 protein coding DEGs were selected for subsequent analysis.

Weighted gene co-expression network analysis

A total of 88 ES samples with clinical data (including age, sex, survival time, survival status and
recurrence/metastasis status) were included in the WGCNA using R package “WGCNA” [10]. The WGCNA
was performed as previously described [17,18]. Brie�y, the pearson correlation coe�cient was used to
construct the correlation matrix. The co-expression similarity matrix was constructed by the absolute
value of correlation between transcriptional data. We used the formula Axy =|Cxy| β (Axy: the adjacency
between gene x and gene y; Cxy: Pearson correlation between gene x and gene y) to establish the
weighted adjacency matrix. The topological overlap matrix (TOM) adds the adjacent genes generated by
related networks to calculate the corresponding differences. Based on the "hclust" algorithm, the TOM
diversity measure was clustered by gene hierarchy, and the genes with highly collaborative changes were
divided into a module. The minimum gene number of the gene tree was 40. The module was constructed
by dynamic branch cutting method.
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Enrichment analysis

Gene Ontology (GO) analysis was performed using EnrichGO function of R package “clusterPro�ler” [19],
with the parameters: ont = “all,” pvalue-Cutoff = 0.05, qvalue-Cutoff = 0.05. Kyoto Encyclopedia of Genes
and Genomes (KEGG) analysis was performed by EnrichKEGG function of R package “clusterPro�ler”,
with the parameters: keyType = “kegg” pvalue-Cutoff = 0.05 and qvalue-Cutoff = 0.05.

PPI network construction and module analysis

The protein-protein interaction network (PPI) analysis was performed by STRING database (https://string-
db.org/) using modules associated with survival status in WGCNA. The Network was visualized by
cytoscape software (version:3.7.2) (https://cytoscape.org/). The signi�cant modules in PPI were
identi�ed by the Molecular Complex Detection (MCODE) plug-in of cytoscape software.

Construction of the prognostic model

Kaplan-Meier survival and lasso regression analyses were employed to investigate the OS related genes
in modules associated with survival status in WGCNA. A total of 49 genes that meet the standard of
P<0.00001 in Kaplan-Meier survival were selected for Lasso‐penalized Cox regression. Lasso statistical
algorithm was conducted using “glmnet” package in the R software (version 3.5.3, https://www.r-
project.org/). Based on the expression level of each gene, Lasso identi�ed the eligible mRNAs for the risk
system and generated the corresponding coe�cients for each of them. A sixteen‐gene signature was
established �nally. The Prognosis Index (PI) = (0.42 * expression of NOP2) + (-0.84 * expression of DDB2)
+ (-0.21 * expression of PTPN22) + (1.02 * expression of ASPM) + (0.77 * expression of GLB1L2) + (-0.07
* expression of EMILIN1) + (-0.04 * expression of TTK) + (-0.50 * expression of CDCA3) + (-0.15*
expression of NEK2) + (-0.11 * expression of P4HTM) + (-0.07 * expression of CENPW) + (0.08 *
expression of PSMG3) + (-0.43 * expression of RAD51AP1) + (-0.10 * expression of SQLE) + (1.10 *
expression of YWHAG) + (-0.17 * expression of SLC16A4). The ES patients of GSE17679 with survival
data were grouped into high‐ and low‐risk groups based on the median risk score. The Kaplan‐Meier
survival curves for the patients in high‐ and low‐risk groups were performed. To estimate the predictive
e�ciency of the gene-signature model, time‐dependent receiver operating characteristic (ROC) curve
analyses were conducted.
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Figure 1

Identi�cation of DEGs in ES. (A), Volcano plot of signi�cance of gene expression difference between ES
tissues and normal tissues in GSE17679. (B), heatmap of top 50 up-regulated genes and top 50 down-
regulated genes of cancer vs. normal group.

Figure 2
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Clustering dendrogram of ES samples. (A), Clustering dendrogram of 88 ES samples with clinical features
including age, sex (female and male), survival time (follow-up time), Status (alive and dead), and
RM.status (recurrence/metastasis status). (B), The scale-free index for various soft-threshold powers and
the mean connectivity for various soft-threshold powers.

Figure 3

Identi�cation of key modules. (A), The TOM cluster dendrogram: A branch of the tree corresponds to a set
of highly related genes. Dynamic tree cut represents the original module and merged dynamic represents
the �nal module. (B), The correlation heatmap represents the relationship between module eigengenes
and clinical traits of ES patients. (C-E), Scatterplots represent the MEbrown module to have strong
correlation with survival time (C), survival status (D), and recurrence/metastasis status (E).
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Figure 4

Functional analysis of MEbrown module. (A), Gene Ontology (GO) enrichment analysis of genes in
MEbrown module. Top 10 terms in BP, CC, and MF were showed. (B), Signi�cant KEGG pathways of genes
in MEbrown module.
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Figure 5

Protein-protein interactions network of genes in MEbrown module. (A-C), Top 3 sub-modules of protein-
protein interactions network were showed.
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Figure 6

The construction of prognostic model. (A), Log (Lambda) value of the 49 genes in LASSO model. (B), The
most appropriate log (Lambda) value in the LASSO model. (C), Kaplan–Meier analysis, survival status
distribution, and risk score distribution in the GSE17679. (D), Heatmap of the expression of 16 genes in
the GSE17679. (E), ROC curves of the sensitivity and speci�city of the 1-, 3-, and 6-year survival using the
prognostic model.
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