
Original Research

Identification of 6 gene markers for survival prediction in

osteosarcoma cases based on multi-omics analysis

Runmin Li1, GuoshengWang2, ZhouJieWu1, HuaGuang Lu1, Gen Li1, Qi Sun1 andMing Cai1

1Department of Orthopaedics, Shanghai Tenth People’s Hospital, Tongji University, School of Medicine, Shanghai 200072, China;
2Institute of Translational Medicine, Zhejiang University School of Medicine, Hangzhou 310029, China

Corresponding author: Ming Cai. Email: cmdoctor@tongji.edu.cn

Abstract
Multiple-omics sequencing information with high-throughput has laid a solid foundation to

identify genes associated with cancer prognostic process. Multiomics information study is

capable of revealing the cancer occurring and developing system according to several

aspects. Currently, the prognosis of osteosarcoma is still poor, so a genetic marker is

needed for predicting the clinically related overall survival result. First, Office of Cancer

Genomics (OCG Target) provided RNASeq, copy amount variations information, and clin-

ically related follow-up data. Genes associated with prognostic process and genes exhib-

iting copy amount difference were screened in the training group, and the mentioned genes

were integrated for feature selection with least absolute shrinkage and selection operator

(Lasso). Eventually, effective biomarkers received the screening process. Lastly, this study

built and demonstrated one gene-associated prognosis mode according to the set of the

test and gene expression omnibus validation set; 512 prognosis-related genes (P< 0.01), 336 copies of amplified genes

(P<0.05), and 36 copies of deleted genes (P< 0.05) were obtained, and those genes of the mentioned genomic variants display

close associations with tumor occurring and developing mechanisms. This study generated 10 genes for candidates through the

integration of genomic variant genes as well as prognosis-related genes. Six typical genes (i.e. MYC, CHIC2, CCDC152, LYL1,

GPR142, and MMP27) were obtained by Lasso feature selection and stepwise multivariate regression study, many of which are

reported to show a relationship to tumor progressing process. The authors conducted Cox regression study for building 6-gene

sign, i.e. one single prognosis-related element, in terms of cases carrying osteosarcoma. In addition, the samples were able to be

risk stratified in the training group, test set, and externally validating set. The AUC of five-year survival according to the training

group and validation set reached over 0.85, with superior predictive performance as opposed to the existing researches. Here, 6-

gene sign was built to be new prognosis-related marking elements for assessing osteosarcoma cases’ surviving state.
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Introduction

Osteosarcoma refers to a highly heterogeneous bone malig-
nant tumor originating in interstitial tissue and usually
occurring in children, adolescents, and the elderly.1,2

The incidence rate in 24 years is 4.4 parts per million; for
the second age peak, the disease is commonly secondary,
accompanying with other lesions of bones or Paget’s

disease.3 On the whole, osteosarcoma receives the diagno-
sis under a significantly late phase since the initial sign
exhibited by a malignant tumor refers to pain, generally
misguided in terms of more frequent diseases (e.g. “growth
pain”4) Late osteosarcoma detection causes 15–25% of cases
showing far metastases during diagnosis.5 The five-year
survival rate of cases without metastases detected during
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the diagnosis was 70%.6 The main treatment in terms of
osteosarcoma refers to surgery and chemotherapy combi-
nation. However, overall survival remains unoptimistic in
terms of cases carrying metastatic or recurrent diseases,
and it continues to be 20% in terms of the last three deca-
des.7 Despite advancements for surgery technologies,
targeted therapies and oncology, the infection, inconve-
nience, complications, and low survival rates of limb
rescue operations should be urgently improved. For osteo-
sarcoma cases, the prognosis biomarking elements should
be found for helping clinicians assess clinically related
results and provide reference for individualized medical
treatment in an accurate manner.

Cancer occurring and developing processes are regulated
by genetically and epigenetically related events,8 and genetic
variations are critical to childhood cancer. Childhood cancer
usually features the small mutation load. Molecular subdi-
vided types, clinically related heterogeneity, and disease pro-
gression prediction under several conditions display a
relationship to genomic variations. The genetic component
of osteosarcoma has been studied in depth,9 and the increas-
ing focus on channel analysis and genetics has provided new
potential biomarkers for disease. For instance, Cheng et al.
identified genomic copy amount variation in pediatric osteo-
sarcoma as a predictive biomarker for therapeutic response.10

Single nucleotide polymorphism variation in NFIB affects
osteosarcoma cell migration and proliferation and displays
associations with certain lineage metastasis.11 miR-214 is
up-regulated in osteosarcoma and independently assesses
progression-free and overall survival.12 A locus at 14q32 asso-
ciatedwithmiR-544,miR-134, andmiR-382 has demonstrated
one inversing relationship of aggressive tumor characteristics
as well as residual expression of microRNAs.13 However,
the mentioned findings comply with a single omics level,
and no multi-omics integration analysis has been conducted
to identify relevant biomarkers in osteosarcoma.

In this study, to find one dependable prognostic process
of gene sign with the relationship to osteosarcoma in an
effective manner, this study proposed a system of pipes
to identify genetic markers for osteosarcoma related from
Target and GEO database in large data set to obtain the
gene expression patterns in osteosarcoma cases, copy
amount variation data. Six-gene signs were created by
screening prognosis marking elements through the integra-
tion of genomic and transcriptomic information, and this
study, with the use of internally-related test sets and exter-
nally validating sets, demonstrated their capability for pre-
dicting surviving state. The 6-gene sign was reported to
impact vital biologically related procedures and channels
in osteosarcoma. Furthermore, the GSEA study suggested
consistent outcomes, demonstrating that the 6-gene sign is
capable of predicting the prognostic risk of the osteosarco-
ma prognostic process’ molecular system.

Materials and methods

Information collecting and processing

RNA-Seq fragments per kilobase million (FPKM) data per-
taining to Target contain total 101 samples and clinically

related follow-up data contain 92 samples. In addition,
SNP chips 6.0’s copy amount change information contains
88 samples which were downloaded from Office of Cancer
Genomics (https://ocg.cancer.gov/programs/target/data-
matrix). Overall, the authors used gene expression omnibus
(GEO) to download 53 samples of standardized expressing
state profiles and clinically related data according to the
GSE2125714 dataset on 5 October 2019. In terms of TCGA
RNAseq information, 84 tumor specimens containing
follow-up data and simultaneous detection of copy amount
variations (CNVs) were selected. Furthermore, 90% samples
received the random selection to be the training group
(n¼ 76).Moreover, the remaining samples received the selec-
tion to be the test set (n¼ 84). GSE21257 data set to be the
externally verifying set. Table 1 lists the respective group’s
sample data. The workflow is shown in Figure 1.

Univariate Cox proportional hazards regression study

The authors conducted Univariate Cox proportional
hazard regression study for the respective gene by referenc-
ing Jin-Cheng et al.15 for screening the genes displaying
obvious relationships to overall survival (OS) according
to the set of training information, and P< 0.01 was
chosen to be the threshold.

Copy amount variation data analysis

Genomic Identification of Significant Targets in Cancer
(GISTIC) has been extensively employed, which identifies
focal and broad (probably overlapping) recurrence events.
The CNV seg file data of the Target sample acted as input,
and GISTIC 2.016 software was used for identifying genes
obviously amplified or deleted. The threshold of the
parameter referred to one part exhibiting the amplified or
deleted length over 0.1 and P< 0.05.

Methylation analysis

We downloaded the methylation dataset of Illumina
Infinium Humanation450 Microarray platform and deleted

Table 1. Clinical information statistics of three data sets.

Characteristic

TARGET

training

datasets

(n576）

TARGET

test set

(n5 84）
GSE21257

(n5 53)

Age(years)

�18 59 66 35

>18 17 18 18

Survival status

Living 49 55 30

Dead 27 29 23

Gender

Female 33 37 19

Male 43 47 34

Race

White 44 51 –

Other 13 13 –

Unknown 19 20 –

Metastatic

metastatic 21 21 34

Non-metastatic 55 63 19
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the methylation sites with NA samples greater than 30%.
Meanwhile, according to a previous study,17 a locality of
CpG that is cross-reactive in the genome was stripped. A
total of 206,351 methylation sites were obtained with the
use of the KNN method pertaining to R software package
impute. Furthermore, the authors employed the t-test for
analyzing the difference in the distribution of the methyla-
tion average b value of the low-wind and high-risk groups.

Constructing process for prognosis-related gene sign

Least absolute shrinkage and selection operator (Lasso)
refers to one commonly used approach to mode based on
regression, exhibiting considerable probable prognosis
characteristics, since it is capable of automatically selecting
features, through which signatures exhibiting overall high
prognosis performance are caused.18 The LASSO approach
receives the extension into the Cox mode to conduct sur-
viving state study and is well employed to build sparse
signatures in terms of surviving state prognostic process
under numerous use areas (e.g. oncology).19–21 To be

specific, the genes exhibiting significant relationships to
the prognosis of the cases and the genes that were amplified
or deleted were selected, and the characteristics of the
prognosis genes were further selected using Lasso regres-
sion. The authors carried out further stepwise multiple-
variate Cox regression study, and the risks below were
constructed

RiskScore ¼ Zscore
Xn
k¼1

Expk�eHR
k

 !

where eHR
k represents the regression coefficient estimated

of genes in the multivariate Cox regression study; Expk
denotes the expression value of prognostic genes; n denotes
prognostic genes’ number.

Functional enrichment analyses

Gene ontology (GO) and Kyoto encyclopedia of genes and
genomes (KEGG) channel enrichment study was

Figure 1. Work flow chart. (A color version of this figure is available in the online journal.)
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performed by employing the R package clusterprofiler22 for
genes to identify over-represented GO terms in three types
(i.e. cellular component, molecular function, and biological
processes), as well as KEGG channel. In terms of the anal-
yses, an FDR< .05 exhibited statistical significance.

Gene set enrichment analyses (GSEA)23 were conducted
by employing the JAVA program (http://software.broadin
stitute.org/gsea/downloads.jsp) with the MSigDB24 C2
Canonical channels gene set collection, containing 1320
gene sets. Gene sets with a false discovery rate (FDR)
lower than 0.05 after performing 1000 permutations were
considered significantly enriched.

Comparison with existing modes

Lastly, two prognosis-related risk modes (i.e. 8-gene sign25

and 4-pseudogene sign26) were selected for comparison
with our 6-gene mode by reviewing the literature. To
make the modes comparable, this study determined the
risk score for the respective sample in TCGA based on
the identical method to assess the ROC and KM survival
curves for the respective mode based on the corresponding
genes in the two modes.

Statistical analysis

ESTIMATEScore, ImmuneScore, and StromalScore were
analyzed using ESTIMATE27 package. Kaplan–Meier (KM)
curves were plotted when 0 acted as a cutoff in each data set
to compare the risk of survival between the high-risk group
and the low-risk group. Multivariate Cox regression study
was performed to test whether gene markers are indepen-
dent prognosis-related elements. Significance was defined as
P< 0.05. The C index and the restrictedmean survival (RMS)
curve were estimated with the R package survRM2, while
the C index28 was compared by using the R package
compareC. All the mentioned were performed in R 3.4.3.

Results

Identification of the total set of genes associated with
patient survival

The relationship between the cases’ OS and gene expres-
sions was developed by conducting the univariate regres-
sion study in the training group samples, and 512 genes
with P value less than 0.01 were identified, in which 357
genes with HR> 1 and 155 genes with HR< 1, and the
top20 gene is listed in Table 2. The workflow is illustrated
in Figure 1.

Gene set for identifying genomic variation

Specific to the CNV data in the training group, GISTIC 2.0
was adopted to identify genes with significant amplifica-
tion or deletion, with a total of 20 regions identified
for significant amplification and 22 deletion fragments
(Figure 2(a)). The mentioned fragments involved numerous
genes displaying close relationships to tumor (e.g. MYC
significantly amplified in segment 8q24.21 (q
value¼ 2.31E-16), PTGFR significantly amplified in seg-
ment 1p31.1 (q value¼ 0.00063), and LYL1 significantly

amplified in segment 19p13.2 (q value¼ 0.014)), a total of
336 genes. Significant deletions in the genome (e.g.
CDKN2A) were significantly absent on the 9p21.3 segment
(q value¼ 6.78E-07), and DLG2 was obviously absent on
the 11q14.1 segment (q value¼ 6.84E-06). In addition, RB1
was significantly absent on the13q14.2 segment (q val-
ue¼ 0.00012) and contained a total of 36 genes. The first
10 regions where the copy amount variation was high are
presented in Figure 2(b).

Functional analysis of genomic variant genes

For the analysis of the function of the genomic variant gene,
a total of 372 amplified and deleted genes were identified
by integrating copy amount variation. GO biological pro-
cess and KEGG functional enrichment study were per-
formed on the 372 genes. The results of the KEGG
enrichment study revealed important channels for
developing various cancers related to cell cycle, PI3K-Akt
signaling channel, prostate cancer, glioma, bladder cancer,
non-small cell lung cancer (Figure 3(a)). The KEGG enrich-
ment channel found that the mentioned significantly
enriched channels are highly aggregated (Figure 3(b)), sug-
gesting that considerable copy amount variant genes were
shared between the mentioned channels. In the biological
process category, protein processing, extracellular structure
organization, extracellular matrix organization, and fibro-
blast proliferation were primarily enriched (Figure 3(c)).
The mentioned terms were mostly related to protein proc-
essing and display close associations with the development
of cancer. In short, the genes of the mentioned genomic
variants display close associations with tumors.

Identification of a six-gene sign for osteosarcoma
survival

First, genes associated with genomic variation and progno-
sis were integrated, and 10 genes were obtained by

Table 2. Top20 gene with OS.

Gene P value HR Low 95%CI High 95%CI

COL13A1 4.97E-07 1.018 1.011 1.025

SLC8A3 1.31E-06 1.024 1.014 1.034

RHBDL2 1.54E-06 1.013 1.008 1.018

CGREF1 1.55E-06 1.013 1.008 1.019

DNAI1 2.56E-06 1.555 1.293 1.868

SMPD3 2.88E-06 1.021 1.012 1.030

CORT 3.49E-06 1.044 1.025 1.063

AOC3 6.96E-06 1.043 1.024 1.063

COL22A1 1.52E-05 1.008 1.004 1.012

KIF25 1.75E-05 1.130 1.069 1.195

GALNT14 2.10E-05 1.026 1.014 1.037

FKBP11 2.12E-05 1.010 1.005 1.015

GRAMD1B 2.51E-05 1.050 1.026 1.074

TBRG1 2.88E-05 1.037 1.020 1.055

RIPPLY2 3.12E-05 1.452 1.218 1.731

CHMP4C 5.16E-05 1.038 1.020 1.058

PROSER2 5.28E-05 1.097 1.049 1.147

DLX2 5.48E-05 1.096 1.048 1.146

BMP8A 6.17E-05 1.055 1.028 1.083

SGMS2 6.64E-05 1.014 1.007 1.021
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selecting the intersection of the two groups as candidate
genes. The track of the respective single variate was ana-
lyzed, and with the increase in the lambda, the number
of independent coefficients was found to tend to zero
(Figure 4(a)). Mode construction was performed by
10-fold cross-validation, and the confidence interval
based on the respective lambda was analyzed, and the
mode was optimal when lambda¼ 0.0490 (Figure 4(b)).
Nine genes at the time of lambda¼ 0.0490 were selected
as the target gene. Further, a 6-gene sign was established
using a stepwise multivariate Cox regression study with a

minimum AIC value (AIC¼ 180.40). The mode is

Risk Score6 ¼ z-scoreð0:4441 � expMYC

� 0:5052 � expCHIC2 � 0:5059 � expCCDC152

� 0:5202 � expLYL1 þ 0:6294 � expGPR142

þ 1:5615 � expMMP27Þ

The risk score of the respective sample was determined,
and this study identified the relationship between the
expression of the six genes and the risk score. The great

Figure 2. Gene set for identifying genomic variation. (a) Fragments under obvious amplification and significant deletion inside the osteosarcoma genome. The ordinate

represents the copy amount change gene score on the respective chromosome, while the abscissa denotes the number of chromosome. Red denotes amplification of

copy amount, and blue refers to copy amount deletion. Gray indicates that the copy amount change is not significant, and the top and bottom of the graph represent

the chromosomal location. (b) The heat map of CNV in the osteosarcoma genome, the left side refers to the percent change in copy amount, the abscissa denotes the

sample, the right side is the copy amount deletion or amplification and the position on the chromosome, red represents the amplification of copy amount, and green

denotes the deletion of copy amount. (A color version of this figure is available in the online journal.)
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expressing states of MYC, MMP27, and CPR142 genes dis-
played associations with high risk, acting as risk factors,
and CHIC2, CCDC152, and LYL1 were significantly
expressed, displaying associations with low risk, and they
acted as protection factors (Figure 4(c)). In the training
group, the average AUC of 6-gene sign reached 0.9 for
one year, three years, and five years (Figure 4(d)). The
samples received the grouping process by complying
with the risk score threshold (cutoff¼ 0), and the prognostic
processes of the groups with high and low risks were sig-
nificantly different (Figure 4(e)). Furthermore, this study
repeated 1000 random samples and applied the mode
here to the mentioned 1000 random samples to analyze
the significance distribution of the respective random
sample (Figure S1(a)). It was therefore observed that they
all showed a significant difference in prognosis.
Accordingly, the TCGA sample suggested good reproduc-
ibility. The expression diversifications of six genes in the
high-low risk group (Figure S1(b)) showed that there are
significant diversifications in the expression of MYC,
CHIC2, CCDC152, LYL1, and MMP27. Furthermore, this
study added the correlation of the expressing state of six
genes and immunity (Figure S1(c)). On the whole, MYC

showed significantly negative correlations with immunity
score, while LYL1 was significantly and positively related
to immunity score.

Robustness of 6-gene sign mode

To verify the robustness of the 6-gene sign mode, this study
determined the risk score of the respective sample in the
test set, and the correlation of the expressing states pertain-
ing to the mentioned six genes and the risk score complied
with the training group as well (Figure 5(a)). The average
ROC of the same mode was greater than 0.86 (Figure 5(b)).
When the samples fell to two groups in accordance with the
training group’s threshold, the OS of low-risk group was
significantly better than the high-risk group (Figure 5(c)).
To verify the classification performance of the 6-gene sign
mode in the data of different data platforms, the data of
GEO platform acted as an external data set to calculate the
risk score of each sample. It was observed that the correla-
tion of the expressing states of the mentioned six genes and
risk score complied with the training group as well (Figure
5(d)), and ROC analysis showed that the five-year AUC
reached 0.74, which was close to the training group

Figure 3. Functional analysis of genomic variant genes. (a) 372 biological processes involving the occurrence of copy amount variant genes (KEGG). (b) KEGG

enrichment function integration network. (c) 372 copy amount variant genes were involved in the GO term. The color (red to blue) denotes the P data significance, the

bluer denotes the lower P data, and the dot size denotes the amount pertaining to genes receiving the enrichment in the channel, the larger the amount, the greater the

dot. (A color version of this figure is available in the online journal.)
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(Figure 5(e)). The OS of low-risk group was noticeably
greater over that of the high-risk group (Figure 5(f)). In
conclusion, the 6-gene sign mode we selected has a good
prognostic function in both internal and external data sets.

Clinical independence of six-genes signature mode

For identifying the independent property exhibited by the
6-gene sign mode for clinically related use, this study
employed single-variate and multivariate Cox regression
for the analysis of relevant HR, 95%CI of HR, and P value
in clinical information carried by TARGET data set and
GSE21257 data. The authors conducted a systematical anal-
ysis on the data set and clinical information recorded by
TARGET data set and GSE21257 cases, including age,

gender, and metastasis, as well as grouping information
of our 6-gene sign (Table 3). According to the TARGET
data set, as revealed from univariate Cox regression
study, high-risk group and metastasis were significantly
associated with survival, and the corresponding multivar-
iable Cox regression study reported that only the high-risk
group (HR¼ 7.969, 95% CI¼ 3.220 19.725, P¼ 7.17 e-06)
and metastatic (HR¼ 5.432, 95% CI¼ 2.488 11.861,
P¼ 2.16E-05) displayed significant correlations with
survival. In GSE21257, as indicated by univariate Cox
regression and multivariate analyses, high-risk group
(HR¼ 3.340, 95%CI¼ 1.273–8.767, P¼ 0.0143) displayed
significant correlations with survival. The mentioned
results indicate that 6-gene sign is one prognosis-related

Figure 4. Identifying process for one six-gene sign in terms of osteosarcoma surviving state. (a) The track of the respective single variate, the horizontal axis denotes

the log data pertaining to the single variate lambda, and the vertical axis represents the coefficient of the single variate. (b) The confidence interval is based on the

respective lambda. (c) Expressions, surviving periods and surviving states, and risk scores pertaining to six genes inside the training group. (d) ROC curve and AUC of

6-gene sign. (e) KM surviving curve distributing process pertaining to 6-gene sign in the training group. (A color version of this figure is available in the online journal.)
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Figure 5. Robustness of 6-gene sign mode. (a) Expressions, surviving periods and surviving states, and risk scores pertaining to six genes inside the test data set. (b)

ROC curve and AUC of 6-gene sign in test data set. (c) KM surviving curve distributing process pertaining to 6-gene sign in the test set. (d) Expressions, surviving

periods and surviving states, and risk scores pertaining to six genes inside GSE21257 data set. (e) ROC curve and AUC of 6-gene sign in GSE21257 data set. (f) KM

surviving curve distributing process pertaining to 6-gene sign in GSE21257 data set. (A color version of this figure is available in the online journal.)

Table 3. Univariate and multivariate Cox regression analysis identified clinical factors and clinical independence associated with prognosis.

Variables

Univariate analysis Multivariable analysis

HR 95%CI of HR P value HR 95%CI of HR P value

TARGET datasets

6-gene risk score

Risk score (high/low) 7.07 2.997–16.694 7.99e-06 7.969 3.220–19.725 7.17e-06

Age 0.99 0.912–1.075 0.81 1.040 0.944–1.145 0.427

Gender (male/female) 0.76 0.364–1.602 0.47 1.080 0.497–2.345 0.846

Metastatic vs. non-metastatic 4.74 2.271–9.895 3.42E-05 5.432 2.488–11.861 2.16E-05

GSE21257 validation datasets

6-gene risk score

Risk score (high/low) 3.003 1.258–7.171 0.013 3.340 1.273–8.767 0.0143

Age 1.0007 0.997–1.003 0.603 1.002 0.999–1.005 0.283

Gender (male/female) 1.403 0.588–3.348 0.445 0.997 0.390–2.552 0.995
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indicating element not relying on other clinically related
elements and exhibits good predicting performance for
clinically related use significance.

Analysis of functional diversifications of samples with
high and low risk

For observing the association of various samples’ risk
scores with biologically related functions, GSEA analyzed
and calculated the scores of the respective sample on dif-
ferent functions. Further, this study obtained the relation-
ship between the mentioned functions and risk score, and
biological channels showing a relationship over 0.35 were
selected. To be specific, 23 KEGG channels with significant
negative correlation are primarily related to B_cell_recep-
tor_signaling_channel, T_cell_receptor_signaling_channel,
cytokine_cytokine_interaction, and other immune chan-
nels. There were five KEGG channels exhibiting significant
positive correlations, primarily related to metabolic chan-
nels (Figure 6(a)). Tumor microenvironment plays a crucial
role in the process of tumor metastasis. Here, we calculated
ESTIMATEScore, ImmuneScore, and StromalScore of each
sample respectively, and analyzed the diversifications of
three immune microenvironment scores in the high- and
low-risk groups. To be specific, there were significant diver-
sifications in immune and basal score in the high- and low-
risk samples in the group for training TARGET (Figure 6
(b)). The same phenomenon was observed in the GEO

dataset (Figure 6(c)). This suggests that poor prognosis in
the high-risk group may be related to immunosuppression.
Methylation diversifications inside the groups with high
and low risk were analyzed and 4465 different methylation
sites were identified, including 3676 high methylation site
and 789 low methylation sites. A total of 71 prognostic-
related genes were identified by analyzing the genes down-
stream of the mentioned methylation site. The mentioned
genes are primarily enriched in the Rap1 signaling channel,
osteoclast differentiation, and other osteoclast differentia-
tion channels and molecular functions related to several
enzyme activities (Figure 6(d) and (e)).

6-gene sign mode has superior performance over
existing signatures

The authors drew the comparison of existing studies and
identified two reported robust prognosis-related risk
modes, 8-gene sign25 and 4-pseudogene sign.26 To make
the modes comparable, the authors obtained the risk
score of the respective osteosarcoma sample inside the
training group by employing the identical approach
according to the relevant genes under the two modes. The
ROC of the respective mode was assessed, and the samples
fell to high- and low-risk groups according to the optimal
threshold; in addition, this study obtained the difference in
OS prognosis between the two groups of samples.
The three-year AUC of 8-gene sign is 0.75, P¼ 0.00024

Figure 6. Analysis of functional diversifications of samples with high and low risk. (a) Correlation coefficients clustering of KEGG channels with RiskScore over 0.35

and RiskScore. (b) ESTIMATEScore, ImmuneScore, and StromalScore distribution inside high- and low-risk group of the group for training of TARGET. (c) Distribution

of ESTIMATEScore, ImmuneScore, and StromalScore inside the groups with high and low risk of GES21257 set. (d) GO enrichment results of prognosis-related genes

with different methylation of 71 promoters. The horizontal axis represents gene percentage, and the vertical axis denotes enrichment GO term. The circle size

represents the amount pertaining to genes receiving the enrichment to the channel. The larger the circle, the more genes receiving the enrichment to the channel. (e)

KEGG enrichment function integration network, in which the color (red to blue) denotes P data significance, the bluer represents the lower P data, and the dot size

denotes the amount pertaining to genes receiving the enrichment into the channel. (A color version of this figure is available in the online journal.)
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(Figure 7(a)). OS prognosis was also significantly different
(Figure 7(b)). The three-year AUC of 4-pseudogene sign is
0.93, P< 0.0001(Figure 7(c)). OS prognosis was also signif-
icantly different (Figure 7(d)). Compared with the 6-gene
sign, the predictive performance of the 8-gene sign is obvi-
ously weak, while the 4-pseudogene sign has similar pre-
dictive performance. The concordance index (C-index) of
the mentioned two modes and our mode were calculated,
and found that the C-index of the 6-gene sign mode and the
4-pseudogene signmode are above 0.839, while the C-index
of the 8-gene mode is 0.69 (Figure 7(e)). The mentioned data
show that the overall performance of the 6-gene sign mode
is excellent. The authors adopted RMS time for assessing
the predicting influences exerted by the three modes in a
range of points in time. According to the RMS curve, the

three modes intersect at nearly 50months, and our mode
has the best prediction effect in short-term survival (Figure
7(f)).

Discussion

Osteosarcoma is characterized by a variety of cytogenetic
variations, abnormalities in a variety of different channels,
and substantial changes between cells.29 The etiology of
osteosarcoma is unclear, and the only prognostic markers
are the absence of metastasis at diagnosis and the extent of
tumor necrosis as a measure of response to neoadjuvant
chemotherapy.30 Accordingly, screening prognosis-related
molecular marking elements comprehensively reflecting
tumor biologically related features critically impacts

Figure 7. 6-gene sign mode has superior performance over existing signatures. (a) AUC curve of 8-gene sign in the group for training of TARGET. (b) KM curve of 8-

gene sign in the group for training of TARGET. (c) AUC curve of 4-pseudogene sign in the group for training of TARGET. (d) KM curve of 4-pseudogene sign in the group

for training of TARGET. (e) C-index of three prognosis-related risk modes. (f) RMS (limited mean surviving state) curve of three prognosis-related risk modes. The dash

line denotes the RMS time (months) representing 20% and 80% percentile scores, separately. (A color version of this figure is available in the online journal.)
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individualized preventing and treating processes of osteo-
sarcoma cases. The authors investigated the expressing
state profiles of 137 osteosarcoma samples from the
Target data set and GEO and identified OS-associated
robust six gene signs, with no dependence on clinically
related elements.

Currently gene signs are available for clinical use, e.g.
Oncotype DX by expression of 21 genes for disease recur-
rence score,31–33 Coloprint, an 18 gene expression trait in
colon cancer.34–36 The mentioned results have shown that
the use of gene expression profiling to screen novel prog-
nostic markers in cancer has become the most promising
method for high-throughput molecular identification.
Zhang et al.25 employed weighted gene relationship net-
work study and least absolute shrinkage and selection
operating element Cox regression identified an 8-gene
sign in the gene expression profile. However, it has not
been applied in clinical practice. Accordingly, more signa-
tures are required for selection and validation in a larger
study cohort. The proposed 6-gene sign has a high AUC
and a small number of genes, thereby expediting clinical
transformation.

In the 6-gene sign here, MYC, MMP27, and CPR142 were
risk factors, and CHIC2, CCDC152, and LYL1 were protec-
tive factors. They all had genomic copy amount abnormal-
ities, and MYC was reported as a cell cycle-related gene,
and overexpression ofMYCweakened the clock and in turn
facilitated cell proliferation,37 displaying relationships to
cell migration, invasion, and epithelial mesenchymal trans-
formation of osteosarcoma.38,39 The other five genes have
not been reported and may be novel markers for osteosar-
coma. The functional analysis suggested that abnormalities
in the high-risk group were related to B_cell_ receptor_-
signaling_channel, T_cell_receptor_signaling_channel,
cytokine_cytokine_receptor_interaction, and other
immune channels. Notable diversifications existed in the
immune microenvironment of the groups with high and
low risk as well, with significant immunosuppression in
the high-risk group. As therefore demonstrated, poor prog-
nosis may be related to immune abnormalities in the
tumor’s immune microenvironment. Besides, methylation
analysis showed abnormal methylation of gene promoter in
Rap1 signaling channel, osteoclast differentiation, and
other osteoclast differentiation channels. The mentioned
results indicate that the occurrence and development of
osteosarcoma are systematic and multi-group coordinated.
In the present study, multi-group combined analysis was
conducted initially to identify the 6-gene mode to be one
new prognosis-related marking element in terms of osteo-
sarcoma, showing promising clinical applications and
probably providing one diagnosing target for clinical cases.

Though bioinformatics techniques were employed to
identify probable candidate genes in term of tumor prog-
nostic process in a significant sample, several limitations of
this study are noteworthy. First, the sample had insufficient
clinical follow-up information, so elements (e.g. the appear-
ance of a patient’s other healthy status) were not considered
to distinguish prognostic biomarkers. Second, the out-
comes achieved from bioinformatics study alone are insuf-
ficient and require an experimentally verifying process for

confirming the mentioned outcomes. Accordingly, in-depth
genetically and experimentally related researches using a
greater sample size and experimentally validating process
should be conducted.

Conclusions

To sum up, the present study built one 6-gene sign prog-
nosis stratifying mechanism, exhibiting an effective AUC in
the group of training, validating process group, and exter-
nally independent verifying group, and is not determined
by clinically related characteristics. As opposed to the clin-
ically related characteristics, gene classifying element is
capable of improving surviving risk prediction.
Accordingly, the classifier may be used to be one molecular
diagnosis-related testing process for assessing the
prognosis-related risk facing osteosarcoma cases.
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