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Abstract

Objective: The main purpose of the present study is to screen prognostic small nu-
cleolar RNA (snoRNA) markers using the RNA-sequencing (RNA-seq) dataset of
The Cancer Genome Atlas (TCGA) sarcoma cohort.

Methods: The sarcoma RNA-seq dataset comes from the TCGA cohort. A total
of 257 sarcoma patients were included into the prognostic analysis. Multiple bio-
informatics analysis methods for functional annotation of snoRNAs and screening
of targeted drugs, including biological network gene ontology tool, Gene Ontology
(GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), Gene Set Enrichment
Analysis (GSEA), and connectivity map (CMap) are used.

Results: We had identified 15 snoRNAs that were significantly related to the
prognosis of sarcoma and constructed a prognostic signature based on four prog-
nostic snoRNA (U3, SNORA73B, SNORD46, and SNORA26) expression values.
Functional annotation of these four snoRNAs by their co-expression genes suggests
that some of them were closely related to cell cycle-related biological processes and
tumor-related signaling pathways, such as Wnt, mitogen-activated protein kinase,
target of rapamycin, and nuclear factor-kappa B signaling pathway. GSEA of the risk
score suggests that high risk score phenotype was significantly enriched in cell cycle-
related biological processes, protein SUMOylation, DNA replication, pS3 binding,
regulation of DNA repair, and DNA methylation, as well as Myc, Wnt, RB1, E2F,
and TEL pathways. Then we also used the CMap online tool to screen five targeted
drugs (rilmenidine, pizotifen, amiprilose, quipazine, and cinchonidine) for this risk
score model in sarcoma.

Conclusion: Our study have identified 15 snoRNAs that may be serve as novel prog-
nostic biomarkers for sarcoma, and constructed a prognostic signature based on four

prognostic snoRNA expression values.

KEYWORDS

overall survival, risk score, sarcoma, small nucleolar RNA, The Cancer Genome Atlas

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original

work is properly cited.

© 2020 The Authors. Cancer Medicine published by John Wiley & Sons Ltd.

7018 wileyonlinelibrary.com/journal/cam4

Cancer Medicine. 2020;9:7018-7033.


www.wileyonlinelibrary.com/journal/cam4
mailto:﻿
https://orcid.org/0000-0002-1724-1463
mailto:﻿
https://orcid.org/0000-0003-0879-7723
http://creativecommons.org/licenses/by/4.0/
mailto:eyylirong@163.com
mailto:liujianwei@stu.gxmu.edu.cn

LIU ET AL.

1 | INTRODUCTION

Malignant tumors that occur in mesoderm are collectively called
sarcomas.'™ The basic strategy for routine treatment of sarcomas
is comprehensive treatment, that is surgical treatment combined
with chemotherapy, and chemotherapy has become an important
means of clinical treatment of sarcoma.* Sarcoma, like other ma-
lignant tumors, has tumor heterogeneity, and the genomic char-
acteristics in tumor tissue often predict the therapeutic response
and prognosis of sarcoma. Small nucleolar RNA (snoRNA) is a
type of small noncoding RNA that widely exists in the nucleolus
of eukaryotic cells. It has a length of 0-300 nt and has conserva-
tive structural elements. SnoRNAs mainly consist of two fami-
lies: C/D box snoRNAs and H/ACA box snoRNAs.” Its function
mainly directs the dioxymethylation and pseudo uracil ization of
ribosomal RNA through base pairing. In addition, there are also
reports that snoRNA is involved in posttranscriptional modifica-
tion of sSnRNA, tRNA, and mRNA.>® With the development of se-
quencing technology, more and more data indicate that sSnoRNNA
is abnormally regulated and functions in cancers.” '’ However,
the functional mechanisms and clinical values of snoRNAs in
sarcomas have not been reported. The Cancer Genome Atlas
(TCGA) database is a tumor database containing more than 30
tumor multi-omics whole-genome sequencing datasets, includ-
ing sarcoma multi-omics datasets, as well as sarcoma RNA-seq
dataset.''> Because there are few reports on the clinical appli-
cation value and functional mechanism of snoRNAs in sarcoma,
the main purpose of this study is to screen prognostic sSnoRNA
biomarkers using the RNA-seq dataset of TCGA sarcoma cohort.

2 | MATERIALS AND METHODS

2.1 | Sources of data

The snoRNAs were extracted from the RNA-seq dataset of TCGA
sarcoma cohort (https://portal.gdc.cancer.gov, version 13.0)."2
The normalization of the RNA-seq dataset used the edgeR pack-
age in the R platform.13 We obtained a total of 940 snoRNAs. By
excluding snoRNAs with an average expression level of less than
1 in the R platform using edgeR package, a total of 107 snoRNAs
were obtained for subsequent analysis. The clinical indicators of
sarcoma were obtained from the University of California, Santa
Cruz (UCSC) Xena (http://xena.ucsc.edu). A total of 257 patients
were included in the follow-up survival analysis by including pa-
tients with RNA-seq dataset and clinical indicators in this study.

2.2 | Prognostic snoRNAs screening and
risk score model construction

The prognostic snoRNA screening was performed using the
multivariate Cox proportional risk regression model in the R
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platform using the survival package (https://cran.r-project.org/
web/packages/survival/index.html) by adjusting for the clini-
cal parameters of age, residual tumor, and tumor multifocal.
Then, the prognostic snoRNAs were screened using the step
function to construct the optimal risk score model, with a
smallest P value. The weight coefficients () of each snoRNA
were generated from the multivariate Cox regression model.'*
'7 The risk score was calculated as follows: risk score = Ex
psnoRNA, X fsnoRNA; + ExpsnoRNA, X fsnoRNA, + ...
ExpsnoRNA, X BsnoRNA, (Exp: expression level). We then
used the Kaplan-Meier algorithm of survivalROC package
(https://cran.r-project.org/web/packages/survivalROC/index.
html) in the R platform to evaluate the prognostic accuracy of
this risk score model. We also used the risk score model and
clinical indicators to construct a nomogram model to assess its
contribution to patient prognosis, and developed an individu-
alized prognostic scoring system based on this risk score and
traditional clinical indicators. The nomogram was generated
by rms package (https://cran.r-project.org/web/packages/rms/
index.html) in the R platform. We also developed a joint effect
survival analysis to assess the value of risk score in combina-
tion with clinical indicators in the clinical outcome prediction
of sarcomas.

2.3 | Function exploration of prognostic
snoRNAs in sarcomas

SnoRNAs mainly exist in the intron region of protein-coding
genes or nonprotein-coding genes, and participate in post-
transcriptional modification of snRNA, tRNA, and mRNA.
Therefore, we can screen the snoRNA co-expression encod-
ing genes for functional annotation of specific snoRNAs to
understand their biological functions in specific diseases. Co-
expression encoding genes of snoRNAs were screened by the
Cor function in the R platform using the Pearson correlation
coefficient (r). Functional enrichment analysis of snoRNA
co-expression encoding genes using Database for Annotation,
and Integrated Discovery v6.8 (DAVID
v6.8, https://david.ncifcrf.gov/home.jsp) online tool,"”® and
Biological Networks Gene Ontology tool (BiINGO)."”

Visualization,

2.4 | Functional annotation of the risk score
In order to further understand the influence of this risk
score on the prognosis of sarcomas, we used Gene Set
Enrichment Analysis (GSEA, https://www.gsea-msigdb.
org/gsea/index.jsp) to annotate the function of this risk
score model.?’ The parameter setting of GSEA software is
set according to its default procedure. Results with nomi-
nal P < .05, INormalized Enrichment Score (NES)I > 1,
and false discovery rate (FDR) < 0.25 were considered
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statistically significant.20 At the same time, we also used
the edgeR package to screen differentially expressed
genes (DEGs) between patients in the high-risk and low-
risk groups, so as to further understand the differences
in biological functions and pathways between patients
with different risks. The criteria for DEG are as follows:
llog, fold change (FC)I > 2, P < .05, and FDR < 0.05.
At the same time, we also used the connectivity map
(CMap, https://portals.broadinstitute.org/cmap/) online
tool to screen the targeted drugs in sarcoma for this risk
score.?!?> The chemical structure of these drug was ob-
tained from PubChem (https://pubchem.ncbi.nlm.nih.
gov),23 and the drug-gene interaction relationship was
obtained from STICH (http://stitch.embl.de),?**® which
both were online tools.

2.5 | Statistical analysis

False discovery rate is performed according to Benjamini-
Hochberg procedure.27 Log-rank test is used for Kaplan-Meier
curve analysis. Univariate and multivariate Cox proportional
risk regression models were used to assess prognostic dif-
ferences between groups. Volcano plot and heat map were
drawn by ggplot2. The R platform version is R3.6.2, and the
Cytoscape was version 3.6.1. P < .05 believes that the differ-
ence reaches statistical significance.

3 | RESULTS
3.1 | Survival analysis and risk score model
construction

The demographic data of TCGA sarcoma patients are sum-
marized in Table S1. A total of 257 sarcoma patients were
included in the prognosis analysis. We performed a multi-
variate survival analysis of 107 snoRNAs and found that 15
snoRNAs were significantly correlated with the prognosis of
sarcomas in TCGA cohort (Table S2; Figure 1). Then, we
had constructed a four-snoRNAs prognostic signature as a
risk score model for sarcomas. The four snoRNAs are: U3
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FIGURE 2 Prognosis evaluation of the risk score model based on four prognostic snoRNAs. A, Distribution map of risk score, survival time,

and status; B, Kaplan-Meier curves of risk score; C, Time-dependent ROC curve of risk score
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constructed based on this risk score model and clinical pa-
rameters indicates that this risk score model contributes the
most to the prognosis of sarcomas (score ranked between 0
and 100, Figure 3). The Kaplan-Meier curves of these four
snoRNAs are shown in Figure 4A-D. We found that patients
with low U3 expression were associated with a poor clinical
outcome, while high expression of SNORA73B, SNORD46,
and SNORA26 was correlated with poor prognosis, respec-
tively. Further analysis showed that the joint effect survival
analysis of the risk score model and clinical indicators could
markedly distinguish the subgroups of patients with different
survival outcomes (Figure SA-C; Table 1).

3.2 | Function exploration of the four
prognostic snoRNAs in sarcomas

In order to further understand the potential biological func-
tions of this risk score model, we screened the co-expressed
genes of the four snoRNAs that make up the risk score
model, and then functional annotation. A total of 912 genes
were markedly co-expressed with SNORA26 (Figure 6;
Table S3), while 944 genes were markedly co-expressed with
SNORA73B (Figure 7; Table S4). There were 699 genes
that were markedly co-expressed with SNORD46 (Figure 8;
Table S5), and 1036 genes were markedly co-expressed with
U3 (Figure 9; Table S6). Functional enrichment analysis
by DAVID v6.8 using Kyoto Encyclopedia of Genes and
Genomes (KEGG) suggests that SNORA26 co-expression
genes notably enriched in pathways in cancer, Rap1, Hippo,

Points

Age

Gender
Histological type

Tumor size

Radiation therapy

Residual tumor

Tumor multifocal

Tumor total necrosis percent

Risk score
Total Points
1-year survival
3-year survival

5-year survival

FIGURE 3 Nomogram of the risk
score model in sarcoma

10-year survival
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mitogen-activated protein kinase (MAPK), sphingolipid,
transforming growth factor beta (TGF-f), and Wnt signal-
ing pathway (Table S7). Gene Ontology (GO) analysis sug-
gest that SNORA?26 co-expression genes notably enriched in
positive regulation of cell proliferation, negative regulation
of Wnt signaling pathway, negative regulation of apoptotic
process, fibroblast growth factor receptor signaling pathway,
cell-cell signaling, canonical Wnt signaling pathway, cellu-
lar response to drug, and Wnt signaling pathway (Table S7).
BiNGO analysis also suggest that SNORA26 co-expression
genes notably enriched in cell differentiation, regulation of
cell development, regulation of transcription, cell-cell signal-
ing, and activation of protein kinase B activity (Figure S1).
Functional enrichment analysis by DAVID v6.8 suggests that
SNORA73B co-expression genes were markedly enriched
in oxidative phosphorylation, metabolic pathways, nuclear
factor (NF)-kB-inducing kinase (NIK)/NF-kappaB signal-
ing, stimulatory C-type lectin receptor signaling pathway,
positive regulation of canonical Wnt signaling pathway, T
cell receptor signaling pathway, Fc-epsilon receptor signal-
ing pathway, cell-cell adhesion, cell-cell adherens junction,
MAPK cascade, cell growth, cell division, positive regulation
of target of rapamycin (TOR) signaling, and positive regula-
tion of mitotic cell cycle (Table S8). BINGO analysis also
partly support these results, which markedly enriched in cell
cycle, regulation of protein ubiquitination, and RNA meta-
bolic process, (Figure S2). Functional enrichment analysis
suggests that SNORDA46 co-expression genes were markedly
enriched in mRNA surveillance pathway, DNA replication,
mismatch repair, oxidative phosphorylation, cell cycle, DNA
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FIGURE 4 Kaplan-Meier curves of four prognostic snoRNAs. A, Kaplan-Meier curves of U3; B, Kaplan-Meier curves of SNORA73B; C,

Kaplan-Meier curves of SNORDA46; D, Kaplan-Meier curves of SNORA26

repair, cell proliferation, cell division, regulation of cell mo-
tility, G1/S transition of mitotic cell cycle, NF-kappaB bind-
ing, cell-cell adhesion, cell-cell adherens junction, apoptotic
DNA fragmentation, B cell differentiation, negative regula-
tion of autophagy (Table S9). BINGO analysis also partly
support these results, which markedly enriched in regulation
of gene expression, DNA replication, DNA repair, cell divi-
sion, cell cycle, cell proliferation, oxidative phosphorylation,
and response to drug (Figure S3). Functional enrichment
analysis suggests that U3 co-expression genes were re-
markably enriched in oxidative phosphorylation, metabolic

pathways, focal adhesion, NIK/NF-kappaB signaling, au-
tophagy, cell separation after cytokinesis, apoptotic signaling
pathway, MyD88-independent toll-like receptor signaling
pathway, mitotic metaphase plate congression, positive regu-
lation of TOR signaling, and tumor necrosis factor-mediated
signaling pathway (Table S10). BINGO analysis also partly
support these results, which remarkably enriched in oxidative
phosphorylation, regulation of protein ubiquitination, cellu-
lar metabolic process, and RNA metabolic process (Figure
S4). Subsequently, we combined the co-expressed genes
of four snoRNAs to calculate the prognostic value of these
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genes in sarcomas. We obtained a total of 2967 co-expressed
genes. Multivariate Cox proportional risk regression model
survival analysis suggested that a total of 697 genes were
significantly associated with sarcoma prognosis (Table S11).
The volcano plot of the prognostic analysis results is sum-
marized in Figure 10A. The top three most significant genes
are SERPING1 (log-rank P = .00012, adjusted P < .0001,
HR = 0.329, 95% CI = 0.211-0.512, Figure 10B), ZNF280C
(log-rank P = .00015, adjusted P < .0001, HR =2.943, 95%
CI = 1.887-4.590, Figure 10C), and TMEM176A (log-rank
P <.0001, adjusted P < .0001, HR = 0.343, 95% CI = 0.221-
0.534, Figure 10D).

3.3 | Functional annotation of the risk score
Through the above functional enrichment analysis of the
snoRNA co-expressed genes, we have learned about the
snoRNAs that constitute the risk score model. In this sec-
tion, we continue to explore the potential biological func-
tion mechanisms of the risk score model. Using the c2
reference gene set as a control gene set for GSEA analysis,
we found that high risk score phenotype can be enriched in
Myc, Wnt, SMAD2, SMAD3 nuclear, RB1, E2F, and TEL
pathways, as well as transcriptional activity of SMAD?2,
SMAD3, SMAD4 heterotrimer, fibroblast growth fac-
tor receptor 2 (FGFR2) alternative splicing, cancer meta

signature, hypoxia, BRCA1 targets, and hematopoiesis sig-
nal transducer and activator of transcription 3 (STAT?3) tar-
gets (Figure 11A-L; Table S12). GSEA analysis using c5
reference gene set suggests that high risk score phenotype
can be enriched in cell cycle-related biological processes,
RNA splicing, protein SUMOylation, DNA replication,
p53 binding, alternative mRNA splicing via spliceosome,
protein k63 linked ubiquitination, regulation of DNA re-
pair, and DNA methylation (Figure 12A-P; Table S13). In
addition, we used genome-wide RNA-sequencing (RNA-
seq) dataset to screen for DEGs between patients in the
high- and low-risk score groups. We received a total of 371
DEGs between high- and low-risk score group, of them,
113 DEGs were downregulated and 258 DEGs were upreg-
ulated (Figure 13; Table S14). The heat map of these DEGs
is shown in Figure S5. Functional enrichment analysis of
DEGs suggests that these genes were significantly enriched
in G protein-coupled receptor signaling pathway, leuko-
cyte transendothelial migration, renin-angiotensin system,
cellular protein metabolic process, G protein-coupled re-
ceptor binding, calcium-independent cell-cell adhesion via
plasma membrane cell adhesion molecules, and transmem-
brane signaling receptor activity (Table S15). The BINGO
analysis result is shown in Figure S6, and indicates that
these DEGs were markedly enriched in multicellular or-
ganismal development, G protein-coupled receptor protein
signaling pathway, killing of cells of another organism, cell
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TABLE 1 Joint effect survival analysis of the risk score model and clinical parameters in sarcoma
Risk Patients MST Crude Adjusted HR Adjusted
Group score Variables (n = 257) (d) Crude HR (95% CI) P 95% CI) P¢
Age (y)
A Low risk <65 84 2694 1 1
B Low risk >65 45 1953 2.025 (1.071-3.830) .030 1.848 .066
(0.959-3.558)
C High risk <65 73 1970 1.905 (1.062-3.417) .031 2.128 .013
(1.172-3.861)
D High risk >65 55 1049 4.918 (2.784-8.689) <.001 4.895 <.001
(2.741-8.742)
Residual tumor®
Low risk RO 77 NA 1 1
b Low risk R1/R2/Rx 51 1953 2.939 (1.532-5.640) .001 2.297 .014
(1.159-4.553)
c High risk RO 76 1649 2.519 (1.347-4.712) .004 2.383 .007
(1.266-4.485)
d High risk R1/R2/Rx 52 1049 6.435 (3.427-12.084) <.001 5.454 <.001
(2.853-10.425)
Tumor
multifocal®
1 Low risk Single 97 NA 1 1
11 Low risk Multiple 23 2034 2.233 (1.130-4.414) .021 1.705 143
(0.834-3.484)
11T High risk Single 91 1466 2.454 (1.468-4.100) .001 2.353 .001
(1.404-3.944)
v High risk Multiple 26 1366 3.446 (1.734-6.848) <.001 3.289 .001
(1.644-6.579)
Abbreviations: CI, confidence interval; HR, hazard rate; MST, median survival time; NA, not available.
“Information of residual tumor was unavailable in one patients.
®Information of tumor multifocal was unavailable in 20 patients.
“Adjusted for age, residual tumor, and tumor multifocal.
differentiation, muscle cell development, muscle cell dif- 4 | DISCUSSION

ferentiation, and tissue development. Then we used these
DEGs for CMap analysis, and we obtained a total of five
targeted drugs (rilmenidine, pizotifen, amiprilose, quipa-
zine, and cinchonidine) for this risk score in sarcoma. The
list of CMap analysis results and the chemical structure of
the five drugs are shown in Figure 14A-F. Subsequently,
we used STICH to construct the drug-gene interaction
networks, and we obtained a total of 237 drug-gene inter-
action pairs (Figure 15). By analyzing the results of the
drug-gene interaction network and DEG analysis results,
we found that rilmenidine can exert a drug effect in sarco-
mas by interacting with the immunoglobulin superfamily
DCC subclass member 3 (IGDCC3) gene. While the pizo-
tifen functions through 5-hydroxytryptamine receptor 1A
(HTR1A), angiotensin II receptor type 2 (AGTR2), retinal
G protein-coupled receptor (RGR), and bombesin recep-
tor subtype 3 (BRS3) genes, as well as quipazine functions
through HTR1A gene (Figure 15).

Recently, more and more evidences show that snoRNA plays
an important role in cancers and can be used as tumor bio-
marker. A study by Zhao and his co-workers have reported
that they screened prognostic snoRNAs using clear cell renal
cell carcinoma (ccRCC) patients in the TCGA cohort, and
also established a six-snoRNA prognostic signature, which
can divide patients into high-risk and low-risk groups, and
through prognostic analysis and independent cohort verifica-
tion, it was found that high-risk patients had a poor prognosis.
After evaluating, the prediction accuracy of this prognostic
signature is higher than traditional clinical parameters. At the
same time, they also determined that the prognostic signature
is also highly accurate and specific in ccRCC diagnosis.”®
Xing et al screened out 113 prognostic snoRNAs by perform-
ing univariate survival analysis in TCGA head and neck squa-
mous cell carcinoma (HNSCC) cohort. They then constructed
a five-snoRNA signature using the least absolute shrinkage
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and selection operator (LASSO) method to divide HNSCC

identified a four-snoRNA signature for sarcoma overall sur-
into different subgroups and prognostic risk patients.29 In the vival. Through this study, we also screened snoRNA for prog-
present study, we also identified 15 prognostic snoRNAs, and is i

nosis in sarcoma patients for the first time, confirming that
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FIGURE 9 SnoRNA-genes co-expression interaction networks of U3

snoRNA expression level can be used to predict the prognosis to be significantly correlated with the prognosis of sarcomas
of sarcoma. This is consistent with previous research results. in previous studies. This study is the first to report these four
Meanwhile, these four snoRNAs have never been reported prognostic snoRNAs of sarcomas.
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For the functional mechanism of these four snoRNAs, we
use protein-coding genes that are significantly co-expressed
with snoRNA for functional annotation, which were the same
as the previous study.29 We have noticed that the co-expressed
genes of these four prognostic snoRNAs are significantly en-
riched in some classical biological functions and pathways that
are significantly related to the basic functional state of the cell
and cancers. Functional enrichment suggest that the co-ex-
pressed genes of SNORA26 can be significantly enriched into
Rapl signaling pathway, pathways in cancer, Hippo signaling
pathway, MAPK signaling pathway, sphingolipid signaling

pathway, TGF-f signaling pathway and Wnt signaling pathway.
The above enrichment results have been reported to be closely
related to sarcomas in previous studies. Liu et al found that in
osteosarcoma, circular RNA can participate in the occurrence
and development of osteosarcoma by participating in regulating
the Rap] signaling pathway.” Rap1 signaling pathway was also
found to be significantly associated with lung metastasis of os-
teosarcoma.”’ Our previous study also reported that long non-
coding RNA plasmacytoma variant translocation 1 can function
in sarcoma through Wnt signaling pathway.32 Drugs or specific
genes can affect the malignant phenotype of osteosarcoma by
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FIGURE 12 GSEA analysis between low- and high-risk score groups using the c5 reference gene set (c5.all.v7.0.symbols.gmt, A-P)

regulating the MAPK signaling pathway, indicating that MAPK and significantly correlated with poor prognosis of the sarcoma,
can be used as a target for targeted therapy in osteosarcoma.”> which all suggested that it could be used as a targeted thera-
Bone morphogenic protein and TGFB signaling pathways play peutic target for the sarcoma.*® Targeted regulation of the TOR
an important role in the development of central chondrosarcoma signaling pathway by drugs can affect the malignant phenotype
and osteosarcoma, suggesting that TGFB inhibitors can be used of sarcomas.*** NF-kB has been reported as a biomarker for
in targeted therapy of sarcoma.”®*’ Functional enrichment anal- sarcoma treatment efficacy and differentiation.! Functional
ysis suggests that SNORA73B was significantly enriched in enrichment analysis suggests that SNORD46 and U3 were sig-
NF-«B, TOR, Wnt signaling pathway, MAPK cascade, cell ad- nificantly enriched in NF-kB signaling pathway, cell adhesion,
hesion, and cell cycle. Cell cycle and cell adhesion are the basic and cell cycle, which function was similar to the above two
state of tumor cells, and are closely related to tumor prolifera- snoRNAs.

tion and metastasis, respectively. High expression of TOR sig- Among snoRNA co-expressed genes, we found that
naling pathway suggested that the sarcoma was highly invasive SERPING1 is the core gene in the tumorigenesis of
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osteosarcoma,42 while it was significantly correlated with the
sarcoma overall survival in the present study. For the GSEA
analysis of the risk score, we found that the high risk phenotype
was correlated with Myc, Wnt, RB1, E2F, and TEL signaling

Volcano plot
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|
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0
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-10

T T T T T T
0 5 10 15 20 25

~log10(FDR)

FIGURE 13 Volcano plot of differentially expressed genes
(DEGs) between low- and high-risk score groups. Notes: Green nodes
represent downregulated DEGs and red nodes represent upregulated
DEGs, and the black nodes represent non-DEGs

pathways, STAT3 and BRCA1 target, cell cycle-related bio-
logical processes, RNA splicing, protein SUMOylation, DNA
replication, p53 binding, DNA repair, and DNA methylation.
Schwentner et al found that E2F factors are inhibited in Ewing
sarcoma, which can activate the abnormal cell cycle of can-
cer.® Cote et al through next-generation sequencing of sar-
coma found that most common mutations of sarcomas were
in the cell cycle, including RB1 mutations.* Liu et al study
proved that Rb1 family mutation is sufficient for sarcoma initi-
ation.” Cheng et al reported that copy number variation signa-
ture of Myc can be used as chemotherapy-response biomarkers
in pediatric sarcoma.*® Liu et al found that apatinib can pro-
mote osteosarcoma autophagy and apoptosis through STATS3,
which suggests that STAT3 may be the target of osteosarcoma
therapy.47 At the same time, the phosphorylation of STAT3 is
significantly associated with the prognosis of undifferentiated
pleomorphic sarcoma.” BRCA1 and p53 have also been re-
ported to be associated with sarcomas in previous studies.*>?

For CMap analysis, we identified five drugs for the risk
score model in sarcoma. In previous studies, pizotifen has
been reported to be closely associated with cancers, and can
be used as an anticancer drug. Pizotifen can significantly in-
hibit colon and gastric cancer cell malignant phenotype via
suppressing Wnt signaling pathway.5 354 Vucicevic et al found
that rilmenidine-derived compounds can synergize the antitu-
mor effects of doxorubicin.> Srdic-Rajic and his co-workers
found that rilmenidine can inhibit leukemia cell proliferation
and promote apoptosis through the mitochondrial pathway.56

A B C
Amiprilose
& £
D
{
PN v
H-0, oz lg
= Dr S
Rilmenidine H .
D E

/

-,

Quipazine Cinchonidine
F FIGURE 14 CMap analysis results
CMap name _ Mean connective score  n__ Enrichment P value Specificity Percent non-null for low- and high-risk score groups. A,
Rilmenidine -0.371 4 -0.887 0.00036 <0.01 50 Chemical structure of rilmenidine; B,
Pizotifen -0.379 4 -0.681 0.0225 0.0259 50 . L .
hemical structure of pizotifen; hemical
Amiprilose -0.402 4 0662 00292 00235 50 Chemical structure of p G C
Quipazine -0.39 4 0649 003571 0.0315 50 structure of amiprilose; D, Chemical
Cinchonidine -0.432 4 -0.639 0.04062 0.0274 50 structure of quipazine; E, Chemical structure

of cinchonidine; F, CMap analysis results
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By reviewing the literature, we did not find that quipazine,
amiprilose, and cinchonidine drugs were reported to be sig-
nificantly correlated with cancers in previous studies.

There are still some limitations to be noted in this study.
Firstly, this study is a single-center study based on the TCGA
sarcoma cohort. In the future, we still need multicenter large co-
hort data to verify our findings. Secondly, the data of this study
were obtained from the TCGA website. The obtained clinical
parameter information is incomplete. There may be some clini-
cal parameters that affect the prognosis of sarcoma that are not
included in the prognostic analysis model of this study, which
leads to deviations in our results. Thirdly, because the results of
our study were derived from RNA-seq dataset and bioinformat-
ics analysis methods, the drugs and functional mechanisms we
screened were not verified by in vivo or in vitro experiments,
and our results still need further experimental verification in
future studies. Despite the limitations mentioned above in this

study, our study is the first to report the screening of snoRNA
prognostic markers for sarcoma from RNA-seq datasets, which
provide theoretical basis for further understanding the clinical
application value of snoRNA in sarcoma. At the same time,
the snoRNA prognostic markers screened in this study and the
constructed risk score model are also expected to be applied in
clinical practice in the future.

5 | CONCLUSIONS

In this study, we identified 15 snoRNAs that were markedly
related to the prognosis of sarcoma using the RNA-seq data-
set of the TCGA sarcoma cohort, and constructed a prognos-
tic signature based on four prognostic snoRNA expression
values (U3, SNORA73B, SNORD46, and SNORA26). We
also annotated the functions of the four snoRNAs by their
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co-expression genes, and found that some of them were
closely related to cell cycle-related biological processes and
tumor-related signaling pathways, such as Wnt, MAPK,
TOR, and NF-kappa B signaling pathway. GSEA of the risk
score suggests that high risk score phenotype was markedly
enriched in cell cycle-related biological processes, protein
SUMOylation, DNA replication, p53 binding, regulation of
DNA repair, and DNA methylation, as well as Myc, Wnt,
RB1, E2F, and TEL pathways. Then, we also used the CMap
online tool to screen the five targeted drugs (rilmenidine,
pizotifen, amiprilose, quipazine, and cinchonidine) for this
risk score model in sarcoma. Our current study is the first
comprehensive investigation of the clinical application value
and potential functional mechanism of snoRNAs in sarcoma
through whole-genome RNA-seq dataset. Since our research
lacks validation in vivo and in vitro experiments, our findings
still need to be further validated in future studies.
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