
Submitted 4 January 2021
Accepted 21 May 2021
Published 17 June 2021

Corresponding author
Weiwei Li, 15710537819@163.com

Academic editor
Ulrich Pfeffer

Additional Information and
Declarations can be found on
page 11

DOI 10.7717/peerj.11599

Copyright
2021 Chen et al.

Distributed under
Creative Commons CC-BY 4.0

OPEN ACCESS

A seven-lncRNA signature for predicting
Ewing’s sarcoma
Zhihui Chen1,*, Xinyu Wang2,*, Guozhu Wang1, Bin Xiao1, Zhe Ma1,
Hongliang Huo1 and Weiwei Li1

1Department of Orthopedics, Second Affiliated Hospital of Shaanxi University of Traditional Chinese
Medicine, Xianyang, Shaanxi, China

2Department of Preventive Medicine, School of Public Health, Nanchang University, Nanchang, Jiangxi, China
*These authors contributed equally to this work.

ABSTRACT
Background. Long non-coding RNAs (lncRNAs) are a class of non-coding RNAs with
unique characteristics. These RNA can regulate cancer cells’ survival, proliferation,
invasion, metastasis, and angiogenesis and are potential diagnostic and prognostic
markers. We identified a seven-lncRNA signature related to the overall survival (OS)
of patients with Ewing’s sarcoma (EWS).
Methods. We used an expression profile from the Gene Expression Omnibus (GEO)
database as a training cohort to screen out the OS-associated lncRNAs in EWS and
further established a seven-lncRNA signature using univariate Cox regression, the least
absolute shrinkage, and selection operator (LASSO) regression analysis. The prognostic
lncRNA signature was validated in an external dataset from the International Cancer
Genome Consortium (ICGC) as a validation cohort.
Results. We obtained 10 survival-related lncRNAs from the Kaplan-Meier and ROC
curve analysis (log-rank test P < 0.05; AUC >0.6). Univariate Cox regression and
LASSO regression analyses confirmed seven key lncRNAs and we established a lncRNA
signature to predict an EWS prognosis. EWS patients in the training cohort were
categorized into a low-risk group or a high-risk group based on their median risk
score. The high-risk group’s survival time was significantly shorter than the low-risk
group’s. This seven-lncRNA signature was further confirmed by the validation cohort.
The area under the curve (AUC) for this lncRNA signature was up to 0.905 in the
training group and 0.697 in the 3-year validation group. The nomogram’s calibration
curves demonstrated that EWS probability in the two cohorts was consistent between
the nomogram prediction and actual observation.
Conclusion. We screened a seven-lncRNA signature to predict the EWS patients’
prognosis. Our findings provide a new reference for the current prognostic evaluation
of EWS and new direction for the diagnosis and treatment of EWS.

Subjects Bioinformatics, Oncology, Orthopedics, Medical Genetics
Keywords Ewing’s sarcoma, LncRNA, Signature, Prognosis, Survival, GEO, ICGC

INTRODUCTION
Ewing’s sarcoma (EWS) is a rare but clinically significant solid tumor that primarily affects
children, adolescents and young adults (AYAs), with an estimated 1.5 cases per million
children and AYAs worldwide (Grünewald et al., 2018). About one in four EWS cases occur
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in soft tissue rather than bone, and about one in four patients with EWS have detectable
metastases at the time of diagnosis (Toomey, Schiffman & Lessnick, 2010). Generally, most
EWS patients exhibit tumor-related symptoms such as pain or tissue mass (Balamuth
& Womer, 2010). The long-term survival rate of patients has not significantly improved
(Li et al., 2015) despite efforts to advance EWS treatment strategies, including irritation
therapy and surgery. EWS patients’ 5-year survival rate is less than 30% once metastasis
has occurred and this rate has not changed significantly over the past 30 years (Amaral et
al., 2014). It is vital to identify novel biomarkers to diagnose the disease and predict EWS
cases’ prognosis.

Long non-coding RNAs (lncRNAs) are a recently-defined family of transcripts greater
than 200 nucleotides in length (Hu et al., 2014). More than 60,000 lncRNAs have been
identified in humans and the number is rapidly increasing (Chi et al., 2019). LncRNAs play
a crucial role in regulating gene expression though chromatinmodification and remodeling,
histone modification, and nucleosome localization changes (Deans & Maggert, 2015). Only
a few lncRNA functions have been annotated to date. LncRNAs can regulate the survival,
proliferation, invasion, metastasis, and angiogenesis of cancer cells (Sahu, Singhal &
Chinnaiyan, 2015). Many lncRNAs are reportedly related to cancer progression and patient
prognosis. Colon cancer-associated transcript 1 (CCAT1) is highly expressed in colon
cancer tissues when compared to adjacent normal tissues. Increased CCAT1 expression has
been associated with clinical stage, lymph nodes metastasis, and survival time after surgery
(He et al., 2014). HOX transcript antisense RNA (HOTAIR) expression is prognostically
significant in patients with gallbladder cancer (Ma et al., 2014), small cell lung cancer
(Ono et al., 2014), and breast cancer (Zhang et al., 2016). LncRNAs have gene specific
regulatory functions in living cells, and also have a cell type-specific expression pattern
corresponding to their mRNA targets, reflecting the cell type’s characteristic biological
functions (Chen et al., 2018). Thus, lncRNAs are a type of non-coding RNAs with unique
characteristics and tissue specificity, which may have the potential to become diagnostic
and prognostic markers. They may also be potential targets for innovative treatment
strategies. For example, lncRNA PCA3s can be detected in urine and are specific to prostate
cancer. Detecting this RNA has advantages over the widely used serum-based prostate
cancer biomarker PSA (prostate-specific antigen) because it is a noninvasive method for
finding prostate cancer (Wu et al., 2017). The specificity of lncRNA tissue has been used to
selectively kill tumors without affecting normal tissue. Several small-molecule inhibitors
created from lncRNAs have been approved by the FDA and have well defined toxicity,
body distribution, pharmacokinetics, and pharmacodynamics data (Chandra Gupta &
Nandan Tripathi, 2017).

In this study, we analyzed EWS patients’ expression profile data and clinical information
using data from GEO. The Kaplan–Meier (KM) estimator and receiver operating
characteristic (ROC) curves were applied to screen out differentially expressed lncRNAs
related to the diagnosis and survival of EWS patients. Next, the least absolute shrinkage
and selection operator (LASSO) algorithm was used to determine key lncRNAs. Finally,
we developed an independent prognostic prediction model with seven key lncRNAs and
further validated the utility of the lncRNA signature using an external dataset.
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MATERIALS AND METHODS
Data acquisition
We obtained an EWS gene expression profile from the Gene Expression Omnibus
(GEO) public repository (https://www.ncbi.nlm.nih.gov/gds/) to use as the training
cohort and from the International Cancer Genome Consortium (ICGC) portal
(https://dcc.icgc.org/releases/current/Projects/BOCA-FR) to use as the validation cohort.
The GSE17679 dataset (Savola et al., 2011) contained 106 samples, including 18 normal
tissue samples and 88 tumor samples (excluding 11 EWS cell line samples), with clinical
information (S1). This dataset was analyzed based on the GPL570 platform (Affymetrix
Human Genome U133 Plus 2.0 Array). The ICGC cohort contained 57 EWS tumor
samples with their corresponding clinical features (S2). The ICGC’s annotation file and our
lncRNA re-annotation file were created using the human reference genome (GRCh38.p12;
https://www.ncbi.nlm.nih.gov/genome).

Differential expression analysis
To obtain differentially expressed lncRNAs (DELncs) from the re-annotated expression
profile data, we used the limma R package for differential expression analysis with the
following cutoff criteria: fold change >2 and adjusted P < 0.05. We applied the ‘‘plot’’
and ‘‘pheatmap’’ packages in R to draw volcano plots and hierarchical clustering plots of
the DELncs. The identified DELncs and their expression values were used for subsequent
analysis.

Survival analysis and ROC analysis
Kaplan–Meier curves were drawn using the ‘‘survival’’ R package and a log-rank test was
used to analyze the survival rate of all lncRNAs in the training cohort. The ROC curves
were drawn using the ‘‘survivalROC’’ R package and the area under the curve (AUC) value
was used to analyze the diagnostic value of these lncRNAs (Le, 2019; Le et al., 2021; Le et al.,
2019). We set the screening criteria so that the log-rank was P < 0.05 and AUC >0.6. AUC
values ranged from 0.5 to 1.0, with 0.5 indicating a random probability and 1.0 indicating
the perfect ability. It is generally considered that AUC >0.6 as a screening standard has a
good predictive value (Li et al., 2020; Song et al., 2020).

LncRNA signature construction
The hazard ratio (HR) of univariate Cox regression analysis was performed to construct
the forest map and further develop the lncRNA signature by using the LASSO regression
analysis available in the ‘‘glmnet’’ package. A penalty function in Lasso can be used to build
a more accurate model; this method can reduce some nonsignificant indicators to zero by
compressing some coefficients to zero and will only retain a small number of indicators
with non-zero weight. Finally, the prognostic lncRNAs were selected to construct a risk
formula for risk score. The risk score formula was: βlncRNA 1× lncRNA1 expression +
βlncRNA 2×lncRNA2 expression +···+βlncRNAn × lncRNAn expression (S3).
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Validating and evaluating the lncRNA signature
We calculated the risk scores of GEO and ICGC patients using the same formula and
grouped EWS patients into the high-risk or low-risk group with the corresponding median
risk score as the cutoff point. The survival fraction of groups was compared using log-rank
test. The sensitivity and specificity of survival prediction according to lncRNA risk scores
was determined using ROC curve analysis (S4). A P-value <0.05 was considered significant.

Estimating independent prognostic parameters and nomograms
We used age, sex, and risk score to perform univariate and multivariate analysis with
the Cox-regression model on the training and validation groups to assess the prognostic
performance of the lncRNA risk scores and to explore the potential prognostic values
of these clinicopathological features. Univariate analysis variables were entered into
multivariate regression analysis using the stepwise method. Similarly, the time dependent
receiver operating characteristic (ROC) curves were used to evaluate the predictive
specificity and sensitivity of the risk score. We constructed two nomograms using
multivariate regression analysis in the training and validation groups. The predictive
accuracy of the nomograms was evaluated using the calibration curves.

RESULTS
DELncs identification
We downloaded expression profile data from the GEO database and obtained 1,146
lncRNAs, which were used to identify candidate EWS-related lncRNAs. We used the
‘‘limma’’ R package to analyze their differential expressions (|log2FC|>1, adjusted P < 0.05)
and our analysis resulted in 78 DELncs, among which 44 DELncs were upregulated and
34 DELncs were downregulated. We plotted all DELncs in heat maps and volcano maps
(Figs. 1A and 1B).

Diagnostic and prognostic analysis of all lncRNAs in EWS
We performed the Kaplan Meier survival analysis and ROC curve analysis to evaluate the
prognostic and diagnostic value of all DELncs in EWS patients. Ten overlapping lncRNAs
were found between DELncs of survival analysis (P < 0.05) and ROC analysis (AUC >0.6)
(Fig. 1C). Our results showed that 10 key lncRNAs were significantly associated with overall
survival (OS) (Figs. 2A–2J) (SNHG17, log-rank test P = 0.044; LINC00943, P = 0.010;
C10orf71-AS1, P = 0.018; LINC00623, P = 0.004; STAU2-AS1, P = 0.050; FOXP1-IT1,
P = 0.024; ERVH-1, P = 0.00022; SSBP3-AS1, P = 0.034; WAC-AS1, P = 0.004; TDRG1,
P = 0.004). These key lncRNAs had the following 3-year AUC values: 0.624, 0.649, 0.629,
0.687, 0.687, 0.687, 0.704, 0.724, 0.671 and 0.727, respectively.

Construction of the lncRNA signature of EWS
We used univariate Cox regression analysis of the key lncRNAs to screen nine lncRNAs
associated with OS (P < 0.05). In the process of constructing the lncRNA prognostic model
by LASSO regression analysis, we found that the number of independent coefficients
approached zero as lambda increased (Figs. 3B–3D). We performed a ten-fold cross
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Figure 1 Analysis of differentially expressed lncRNAs related to the EWS. (A) Heat map of the differ-
entially expressed lncRNAs of EWS. (B) A volcano plot of the lncRNAs differentially expressed between
the normal tissue and tumor group. The red dots represented the upregulation of lncRNAs (log2FC > 1
and adjusted P < 0.05). The blue dots represented the downregulation of lncRNAs (log2FC <−1 and ad-
justed P < 0.05). C showed that there are 10 common lncRNAs in the intersection of the survival analysis
and ROC analysis of EWS patients.

Full-size DOI: 10.7717/peerj.11599/fig-1

validation procedure for model validation. The confidence interval (CI) under each lambda
was analyzed as shown in Fig. 3C. The following prognostic risk score was calculated: (0.
281712273× SNHG17 expression) + (3. 255312454× C10orf71-AS1 expression) + (0.
421134052× LINC00- 623 expression) + (2. 197657636× STAU2-AS1 expression) +
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Figure 2 K–M and ROC curves of 10 lncRNAs based on GSE17679 dataset. (A–J) Survival analysis
curves of 10 lncRNAs. (A) SNHG17; (B) LINC00943; (C) C10orf71-AS1; (D) LINC00623; (E) STAU2-
AS1; (F) FOXP1-IT1; (G) ERVH-1; (H) SSBP3-AS1; (I) WAC-AS1; (J) TDRG1. The red lines represented
the high expression of lncRNAs in cancer, and the blue lines represented low expression of lncRNAs. The
X-axis represented the total survival time (year) and the Y- axis represented the survival rate. (K–T) repre-
sented the ROC curves in the order of the above 10 lncRNAs.

Full-size DOI: 10.7717/peerj.11599/fig-2

(0. 845771530× SSBP3-AS1 expression) + (1. 051868412×WAC-AS1 expression) + (0.
230113692× TDRG1 expression). EWS patients from the training cohort were categorized
into a low-risk group or a high-risk group based on the median value of the risk score. We
used the model formula and the seven lncRNAs’ expression to obtain risk scores for each of
the 57 EWS samples in the training set. We then calculated the median value of all samples’
risk scores. We compared the median value with the risk score of each sample to obtain
a high- and low-risk group. Similarly, we used the model formula and the expression of
seven lncRNAs in the validation set to produce a high- and low-risk group. We compared
the survival of the low-risk group with that of the high-risk group and found that the
survival time of the high-risk group was significantly shorter than the low-risk group
(Fig. 3E). We generated ROC curves to assess the prognostic accuracy of the model. The
AUCwas 0.8 (1-year), 0.905 (3-year), and 0.922 (5-year) (Fig. 3F). The distribution of EWS
patients’lncRNA expression, risk score and survival duration were analyzed independently
for the training set (Figs. 4A, 4C, and 4E).

Validating the seven-lncRNA signature for prognostic evaluation
We used the same coefficients in the validation dataset to determine the robustness of
this model. We classified patients with a high-risk (n= 28) and a low-risk (n= 29) into
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Figure 3 The results of Cox regression and LASSO regression analysis. (A) The forest plot for univari-
ate Cox regression analysis identified nine lncRNAs associated with OS. (B and C) The results from the
Lasso regression indicated that all seven lncRNAs were essential for modeling. (D) Forest map of the seven
prognostic lncRNAs by univariate Cox regression. (E and G) Kaplan–Meier curves of the training group
(E) and validation group (G) showing OS in the low- and high-risk groups classified based on the median
risk score. (F and H) ROC curve analyses of the training group (F) and validation group (H) based on the
seven-lncRNA signature.

Full-size DOI: 10.7717/peerj.11599/fig-3

groups taking the median score as the cutoff point; we used the same risk formula in the
ICGC cohort (n = 57). The KM survival curve showed that the OS rate was significantly
worse in the high-risk group compared with the low-risk group (P value = 0.01425; Fig.
3G). Heatmaps depicting risk lncRNA expression, risk score distribution plot, and survival
status plot of the different risk groups in the ICGC cohort are shown in Fig. 4B, D, and F.
The AUC values in this validation cohort were 0.747 (1-year), 0.697 (3-year), and 0.697
(5-year) (Fig. 3H).

Evaluation of the risk model as independent prognostic factor for
EWS
Univariate and multivariate Cox regression analyses were performed to assess whether
the lncRNA signature-based risk score was an independent prognostic factor for EWS.
The HR of the risk score and 95% CI were 4.293, 1.473, and 2.971–6.203, 1.059–2.050
(p< 0.001, p= 0.021) in the univariate Cox regression analysis of the training cohort
(Fig. 5A and 5C). The HR of the risk score and 95% CI in multivariate Cox regression
analysis were 4.309, 1.507 and 2.982–6.227, 1.072–2.119 (p< 0.001, p= 0.018 (Fig. 5B
and 5D) for the validation cohort. The risk model of the seven lncRNAs was the most
significant prognostic factor for EWS, independent of clinicopathological parameters such
as age and sex. We estimated the area under the ROC curve of the risk score to evaluate the
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Figure 4 Seven-lncRNA signature risk score in the two groups. (A and B) Heatmap for the seven lncR-
NAs expression in the training group and validation group. (C and D) Distribution of patients with differ-
ent risk scores in the two groups. (E and F) Survival status of patients with different risk scores in the two
groups.

Full-size DOI: 10.7717/peerj.11599/fig-4

predictive specificity and sensitivity of the risk score on the prognosis of EWS patients. The
3-year AUC values of the risk score for the training and validation cohorts were 0.912 and
0.697, respectively (Fig. 5E and 5G). The 5-year AUC values of the risk score were 0.927
and 0.694, respectively (Fig. 5F and 5H), followed by the AUC of age and sex. These results
indicate that the prognostic risk model for the seven lncRNAs for EWS was reliable. The
results indicate that the seven-lncRNA signature was a significant independent prognostic
factor for EWS patients. Two nomograms of the training group (Fig. 6A) and validation
group (Fig. 6D) were constructed based on the prognostic signature and clinical factors,
such as age and sex. The calibration plots showed good agreement in predicting OS with
the actual probability of OS at 3- and 5-year in the training (Fig. 6B and 6C) and validation
cohorts (Fig. 6E and 6F).

DISCUSSION
EWS is one of the most common malignancies in children. Approximately 70% of EWS
children can be cured by surgery and chemotherapy, regardless of whether they receive
radiation therapy, however, only 30% of metastatic cancers can be cured (Sun et al.,
2017). LncRNAs were initially considered to be transcription noise. The role of lncRNA in
human diseases has been recognized recently, especially in human cancer (Peng, Koirala
& Mo, 2017). LncRNA is involved in tumor differentiation, proliferation, metastasis, and
transcriptional regulation. A large number of studies have reported that lncRNA signatures
were related to the development and prognosis of cancer (Li et al., 2019; Dinescu et al.,
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Figure 5 The results of univariate andmultivariate Cox regression analyses for clinicopathological
factors influencing OS. (A and C) Univariate Cox regression analyses to estimate the clinical factors that
influence OS in the training (A) and validation (C) group. (B and D) Multivariate Cox regression analyses
to estimate the clinical factors that influence OS in the training (B) and validation (D) group. (E and G)
The 3-year AUC for risk model score and clinical features according to the ROC curves in the training (E)
and validation (G) group. (F and H) The 5-year AUC for risk model score and clinical features according
to the ROC curves in the training (F) and validation (H) group. Clinical features: Age and Sex.

Full-size DOI: 10.7717/peerj.11599/fig-5

2019). However, the research on lncRNAs in EWS is limited and we sought to screen the
lncRNA signature to aid in the diagnosis and treatment of this disease.

We used the training cohort to screen survival-related DELncs in the EWS, and 10
lncRNAs were significantly-associated with the survival of patients with EWS (log-rank test
P < 0.05; AUC >0.6). Univariate COX regression and LASSO analyses were used to identify
seven prognosis-related lncRNAs (SNHG17, C10orf71-AS1, LINC- 00623, STAU2-AS1,
SSBP3-AS1, WAC-AS1, TDRG1) (P < 0.05). The seven-lncRNA signature had a high
predictive value of overall survival in the training and validation cohorts. The 1-, 3-, 5-year
AUC values of ROC showed that this model had superior accuracy. Two nomograms,
including the seven-lncRNA signature, age, and sex were established to predict EWS
prognosis in the two cohorts. The ROC analysis results showed that the prognostic risk
model of the seven lncRNAs for EWSwas reliable. We found that the high expression group
had a low probability of survival. Increased expression of SNHG17,WAC-AS1, LINC00623,
SSBP3-AS1, and TDRG1 caused the risk score of patients to increase, indicating a poor
prognosis. Of these seven lncRNAs, none has been related to EWS disease and additional
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Figure 6 Establishment of two nomograms for OS prediction in EWS. (A and D) Nomograms integrat-
ing the risk score, age, and sex based on the seven-lncRNA signature in the training (A) and validation (D)
group. (B, C, E and F) Calibration curves of the two nomograms. (B and E) Calibration curves for predict-
ing patients survival at 3-year in the training (B) and validation (E) group. (C and F) Calibration curves
for predicting patients survival at 5-year in the training (C) and validation (F) group.

Full-size DOI: 10.7717/peerj.11599/fig-6

studies are needed to verify them in the future. The small nucleolar RNA host gene 17
(SNHG17) has a length of 1,186 bp and belongs to a large family of noncoding genes
hosting small RNAs (Zhang et al., 2019; Han et al., 2020). Previous studies have proven
that SNHG17 is highly-expressed and carcinogenic in cancers, including melanoma,
gastric cancer, and colorectal cancer (Wu et al., 2020; Gao, Liu & Sun, 2019). The lncRNA
testis developmental related gene 1 (TDRG1) has been identified as a proto-oncogene for
many tumor types, including gastric carcinoma, cervical cancer, epithelial ovarian cancer,
endometrial cancer, and testicular germ cell tumors (Ma et al., 2020; Peng et al., 2019).
LINC00623 also plays a role in hormone-related cancers (Wang et al., 2020).

Our study was limited by its reliance on a GEO dataset with a small sample size to
establish the lncRNA prediction model. The small sample size may indicate that the
expression levels between the high- and low-risk groups are similar. The expression levels
of some lncRNAs (such as LINC00623, SSBP3-AS1, and TDRG1) are different between
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the training group and the validation group. The number of samples may not produce
consistent results for bioinformatics analysis and additional samples are needed to validate
the prognostic performance of our proposed lncRNA signature for EWS. In addition, a
luciferase reporter assay and chromatin immunoprecipitation should be applied to the
lncRNAs to verify their expression levels, biological functions, and specific regulatory
mechanisms in EWS.

We constructed and validated a seven-lncRNA signature to predict the prognosis of
patients with EWS. Our findings provide a new reference for the prognostic assessment of
EWS and may help in the diagnosis and treatment of EWS in the future.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The authors received no funding for this work.

Competing Interests
The authors declare there are no competing interests.

Author Contributions
• Zhihui Chen, Xinyu Wang, Guozhu Wang, Bin Xiao, Zhe Ma and Hongliang Huo
performed the experiments, analyzed the data, authored or reviewed drafts of the paper,
and approved the final draft.
• Weiwei Li conceived and designed the experiments, analyzed the data, prepared figures
and/or tables, authored or reviewed drafts of the paper, and approved the final draft.

Microarray Data Deposition
The following information was supplied regarding the deposition of microarray data:

The datasets are available atGeneExpressionOmnibus (GSE17679) and the International
Cancer Genome Consortium (ICGC) database (https://dcc.icgc.org/relea- ses/current/
Projects /BOCA-FR).

Data Availability
The following information was supplied regarding data availability:

The original data are available in the Supplemental Files.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.11599#supplemental-information.

REFERENCES
Amaral AT, Ordóñez JL, Otero-Motta AP, García-Domínguez DJ, SevillanoMV,

De Álava E. 2014. Innovative therapies in Ewing Sarcoma. Advances in Anatomic
Pathology 21:44–62 DOI 10.1097/PAP.0000000000000003.

Chen et al. (2021), PeerJ, DOI 10.7717/peerj.11599 11/14

https://peerj.com
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE17679
https://dcc.icgc.org/relea- ses/current/Projects /BOCA-FR
https://dcc.icgc.org/relea- ses/current/Projects /BOCA-FR
http://dx.doi.org/10.7717/peerj.11599#supplemental-information
http://dx.doi.org/10.7717/peerj.11599#supplemental-information
http://dx.doi.org/10.7717/peerj.11599#supplemental-information
http://dx.doi.org/10.1097/PAP.0000000000000003
http://dx.doi.org/10.7717/peerj.11599


Balamuth NJ, Womer RB. 2010. Ewing’s sarcoma. The Lancet Oncology 11:184–192
DOI 10.1016/S1470-2045(09)70286-4.

Chandra Gupta S, Nandan Tripathi Y. 2017. Potential of long non-coding RNAs in
cancer patients: From biomarkers to therapeutic targets. International Journal of
Cancer 140:1955–1967 DOI 10.1002/ijc.30546.

Chen L, Zhang YH, Pan X, LiuM,Wang S, Huang T. 2018. Tissue Expression Difference
between mRNAs and lncRNAs. International Journal of Molecular Sciences 19:3416
DOI 10.3390/ijms19113416.

Chi Y,Wang D,Wang J, YuW, Yang J. 2019. Long Non-Coding RNA in the Pathogene-
sis of Cancers. Cell 8:1015 DOI 10.3390/cells8091015.

Deans C, Maggert KA. 2015.What do you mean ‘‘epigenetic?’’ Genetics 199:887–896
DOI 10.1534/genetics.114.173492.

Dinescu S, Ignat S, Lazar AD, Constantin C, NeaguM, CostacheM. 2019. Epitranscrip-
tomic signatures in lncRNAs and their possible roles in cancer. Gene 10.

Gao H, Liu R, Sun X. 2019. STAT3-induced upregulation of lncRNA SNHG17 predicts a
poor prognosis of melanoma and promotes cell proliferation and metastasis through
regulating PI3K-AKT pathway. European Review for Medical and Pharmacological
Sciences 23:8000–8010.

Grünewald TGP, Cidre-Aranaz F, Surdez D, Tomazou EM, De Álava E, Kovar H,
Sorensen PH, Delattre O, Dirksen U. 2018. Ewing sarcoma. Nature Reviews Disease
Primers 4:5 DOI 10.1038/s41572-018-0003-x.

Han T, Jing X, Bao J, Zhao L, Zhang A, Miao R, Guo H, Zhou B, Zhang S, Sun J, Shi J.
2020.H. pylori infection alters repair of DNA double-strand breaks via SNHG17.
The Journal of Clinical Investigation 130:3901–3918 DOI 10.1172/JCI125581.

He X, Tan X,Wang X, Jin H, Liu L, Ma L, Yu H, Fan Z. 2014. C-Myc-activated long
noncoding RNA CCAT1 promotes colon cancer cell proliferation and invasion.
Tumour Biology: The Journal of the International Society for Oncodevelopmental
Biology and Medicine 35:12181–12188 DOI 10.1007/s13277-014-2526-4.

Hu F,WangW, Zhou HC, Shang XF. 2014.High expression of periostin is dramatically
associated with metastatic potential and poor prognosis of patients with osteosar-
coma.World Journal of Surgical Oncology 12:287 DOI 10.1186/1477-7819-12-287.

Le NQK. 2019. Fertility-GRU: identifying fertility-related proteins by incorporating deep-
gated recurrent units and original position-specific scoring matrix profiles. Journal of
Proteome Research 18:3503–3511 DOI 10.1021/acs.jproteome.9b00411.

Le NQK, Ho QT, Nguyen TT, Ou YY. 2021. A transformer architecture based on BERT
and 2D convolutional neural network to identify DNA enhancers from sequence
information. Briefings in Bioinformatics Epub ahead of print 2021 05 February
DOI 10.1093/bib/bbab005.

Le NQK, Yapp EKY, NagasundaramN, Yeh HY. 2019. Classifying Promoters by
Interpreting the Hidden Information of DNA Sequences via Deep Learning and
Combination of Continuous FastText N-Grams. Frontiers in Bioengineering and
Biotechnology 7:305 DOI 10.3389/fbioe.2019.00305.

Chen et al. (2021), PeerJ, DOI 10.7717/peerj.11599 12/14

https://peerj.com
http://dx.doi.org/10.1016/S1470-2045(09)70286-4
http://dx.doi.org/10.1002/ijc.30546
http://dx.doi.org/10.3390/ijms19113416
http://dx.doi.org/10.3390/cells8091015
http://dx.doi.org/10.1534/genetics.114.173492
http://dx.doi.org/10.1038/s41572-018-0003-x
http://dx.doi.org/10.1172/JCI125581
http://dx.doi.org/10.1007/s13277-014-2526-4
http://dx.doi.org/10.1186/1477-7819-12-287
http://dx.doi.org/10.1021/acs.jproteome.9b00411
http://dx.doi.org/10.1093/bib/bbab005
http://dx.doi.org/10.3389/fbioe.2019.00305
http://dx.doi.org/10.7717/peerj.11599


Li JP, Li R, Liu X, Huo C, Liu TT, Yao J, Qu YQ. 2020. A Seven Immune-Related
lncRNAs Model to Increase the Predicted Value of Lung Adenocarcinoma. Frontiers
in Oncology 10:560779 DOI 10.3389/fonc.2020.560779.

Li N, Yu J, Luo A, Tang Y, LiuW,Wang S, Liu Y, Song Y, Fang H, Chen B, Qi S, Lu
N, Yu Z, Li Y, Liu Z, Jin J. 2019. LncRNA and mRNA signatures associated with
neoadjuvant chemoradiotherapy downstaging effects in rectal cancer. Journal of
Cellular Biochemistry 120:5207–5217 DOI 10.1002/jcb.27796.

Li Z, Yu X, Shen J, WuWK, ChanMT. 2015.MicroRNA expression and its clinical
implications in Ewing’s sarcoma. Cell Proliferation 48:1–6 DOI 10.1111/cpr.12160.

MaMZ, Li CX, Zhang Y,WengMZ, ZhangMD, Qin YY, GongW, Quan ZW. 2014.
Long non-coding RNA HOTAIR, a c-Myc activated driver of malignancy, neg-
atively regulates miRNA-130a in gallbladder cancer.Molecular Cancer 13:156
DOI 10.1186/1476-4598-13-156.

Ma Y, Xu XL, Huang HG, Li YF, Li ZG. 2020. LncRNA TDRG1 promotes the ag-
gressiveness of gastric carcinoma through regulating miR-873-5p/HDGF axis.
Biomedicine & Pharmacotherapy = Biomedecine & pharmacotherapie 121:109425
DOI 10.1016/j.biopha.2019.109425.

OnoH,Motoi N, Nagano H, Miyauchi E, UshijimaM,MatsuuraM, Okumura S, Nishio
M, Hirose T, Inase N, Ishikawa Y. 2014. Long noncoding RNA HOTAIR is relevant
to cellular proliferation, invasiveness, and clinical relapse in small-cell lung cancer.
Cancer Medicine 3:632–642 DOI 10.1002/cam4.220.

PengWX, Koirala P, Mo YY. 2017. LncRNA-mediated regulation of cell signaling in
cancer. Oncogene 36:5661–5667 DOI 10.1038/onc.2017.184.

Peng D,Wei J, Gan Y, Yang J, Jiang X, Kitazawa R, Xiang Y, Dai Y, Tang Y. 2019.
Testis developmental related gene 1 regulates the chemosensitivity of seminoma
TCam-2 cells to cisplatin via autophagy. Journal of Cellular and Molecular Medicine
23:7773–7784 DOI 10.1111/jcmm.14654.

Sahu A, Singhal U, Chinnaiyan AM. 2015. Long noncoding RNAs in cancer: from func-
tion to translation. Trends in Cancer 1:93–109 DOI 10.1016/j.trecan.2015.08.010.

Savola S, Klami A, Myllykangas S, Manara C, Scotlandi K, Picci P, Knuutila S, Vakkila
J. 2011.High Expression of Complement Component 5 (C5) at Tumor Site Asso-
ciates with Superior Survival in Ewing’s Sarcoma Family of Tumour Patients. ISRN
Oncology 2011:168712.

SongW, Ren J, Wang C, Ge Y, Fu T. 2020. Analysis of Circular RNA-Related Competing
Endogenous RNA Identifies the Immune-Related Risk Signature for Colorectal
Cancer. Frontiers in Genetics 11:505 DOI 10.3389/fgene.2020.00505.

Sun H, Lin DC, Cao Q, Pang B, Gae DD, Lee VKM, LimHJ, Doan N, Said JW, Gery S,
ChowM,Mayakonda A, Forscher C, Tyner JW, Koeffler HP. 2017. Identification
of a novel SYK/c-MYC/MALAT1 signaling pathway and its potential therapeutic
value in ewing sarcoma. Clinical Cancer Research: An Official Journal of the American
Association for Cancer Research 23:4376–4387 DOI 10.1158/1078-0432.CCR-16-2185.

Toomey EC, Schiffman JD, Lessnick SL. 2010. Recent advances in the molecular patho-
genesis of Ewing’s sarcoma. Oncogene 29:4504–4516 DOI 10.1038/onc.2010.205.

Chen et al. (2021), PeerJ, DOI 10.7717/peerj.11599 13/14

https://peerj.com
http://dx.doi.org/10.3389/fonc.2020.560779
http://dx.doi.org/10.1002/jcb.27796
http://dx.doi.org/10.1111/cpr.12160
http://dx.doi.org/10.1186/1476-4598-13-156
http://dx.doi.org/10.1016/j.biopha.2019.109425
http://dx.doi.org/10.1002/cam4.220
http://dx.doi.org/10.1038/onc.2017.184
http://dx.doi.org/10.1111/jcmm.14654
http://dx.doi.org/10.1016/j.trecan.2015.08.010
http://dx.doi.org/10.3389/fgene.2020.00505
http://dx.doi.org/10.1158/1078-0432.CCR-16-2185
http://dx.doi.org/10.1038/onc.2010.205
http://dx.doi.org/10.7717/peerj.11599


Wang D, Li M, Li J, Wan X, Huang Y,Wang C, Zhang P, Xu Y, Kong Z, Lu Y,Wang
X, Liu C, Ji C, Li L. 2020. Comprehensive characterization of androgen-responsive
lncrnas mediated regulatory network in hormone-related cancers. Disease Markers
2020:8884450.

WuG, Hao C, Qi X, Nie J, ZhouW, Huang J, He Q. 2020. LncRNA SNHG17 aggravated
prostate cancer progression through regulating its homolog SNORA71B via a posi-
tive feedback loop. Cell Death & Disease 11:393 DOI 10.1038/s41419-020-2569-y.

WuD, Ni J, Beretov J, Cozzi P, WillcoxM,Wasinger V,Walsh B, Graham P, Li Y. 2017.
Urinary biomarkers in prostate cancer detection and monitoring progression. Criti-
cal Reviews in Oncology/Hematology 118:15–26 DOI 10.1016/j.critrevonc.2017.08.002.

Zhang Z,Weaver DL, Olsen D, deKay J, Peng Z, Ashikaga T, Evans MF. 2016.
Long non-coding RNA chromogenic in situ hybridisation signal pattern cor-
relation with breast tumour pathology. Journal of Clinical Pathology 69:76–81
DOI 10.1136/jclinpath-2015-203275.

Zhang G, Xu Y,Wang S, Gong Z, Zou C, Zhang H, Ma G, ZhangW. 2019. LncRNA
SNHG17 promotes gastric cancer progression by epigenetically silencing of p15 and
p57. Journal of Cellular Physiology 234:5163–5174 DOI 10.1002/jcp.27320.

Chen et al. (2021), PeerJ, DOI 10.7717/peerj.11599 14/14

https://peerj.com
http://dx.doi.org/10.1038/s41419-020-2569-y
http://dx.doi.org/10.1016/j.critrevonc.2017.08.002
http://dx.doi.org/10.1136/jclinpath-2015-203275
http://dx.doi.org/10.1002/jcp.27320
http://dx.doi.org/10.7717/peerj.11599

