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Construction of survival-related co-expression modules and
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Background: Osteosarcoma (OS) is a primary malignant bone tumor. Patients with different immune
characteristics respond differently to chemotherapy and have a lower chance of survival. The potential
pathogenesis and therapeutic targets of OS must be investigated further.

Methods: OS expression profile data and clinical information were downloaded from the Therapeutically
Applicable Research to Generate Effective Treatments (TARGET) and the Gene Expression Omnibus (GEO)
databases. The immune-related gene set was obtained from the ImmPort database, and the immune-related
gene expression profiles were used for non-negative matrix factorization (NMF) cluster analysis of patients
in the 2 databases to find the best clustering number. In the TARGET database, OS patients were classified
into low-risk and high-risk groups based on the differences in their survival rates. Weighted correlation
network analysis (WGCNA) was applied to the low-risk and high-risk groups to determine the module with
the lowest conservatism in order to differentiate the prognosis of the 2 groups.

Results: A total of 500 key genes associated with poor prognosis were identified. Gene Ontology (GO)
enrichment analysis revealed that the biological processes of these genes were primarily focused on the
regulation of small guanosine triphosphatase (GTPase) mediated signal transduction, collagen-containing
extracellular matrix, and Rho GTPase binding. A random survival forest identified EPHB3, TEADI, and
KRRI1P1 as key genes. Their expression level was linked to overall survival. We discovered that the core
genes were associated to immune cell infiltration. Simultaneously, paired survival analysis of two genes
revealed differences in survival. We also reverse-predicted the main genes and developed their competitive
endogenous RNA (ceRNA) network. Finally, utilizing the CellMiner database, we observed that the genes
TEADI and EPHB3 were connected to drug sensitivity.

Conclusions: In this study, we identified the modules and key genes related to the poor prognosis of OS
patients by using WGCNA, and verified their impact on the prognosis of OS patients and their role in the
immune microenvironment of OS. In addition, targeted gene related antitumor drugs were screened out.

The discoveries may lead to novel molecular targets and treatment methods for OS patients.
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Introduction

Osteosarcoma (OS) is a malignant tumor of the skeletal
system that is invasive. Its condition deteriorates rapidly
and has a poor prognosis. In children and adolescents,
it is a fatal disease (1). Despite continued advancements
in neoadjuvant and adjuvant chemotherapy and surgical
resection technology in recent years (2), 5-year survival for
OS has not improved much due to its high invasiveness,
susceptibility to drug resistance, and limited treatment
options following drug resistance (3). Additionally, the
complexity of the OS genome combined with the tumor’s
low incidence creates a barrier to conducting thorough
investigations of OS genome biology (4). Therefore,
using bioinformatics technology combined with the data
of public databases to group patients according to the
expression of immune-related genes and clinical prognosis
will facilitate more in-depth analyses. This has important
clinical application value for finding potential biomarkers to
evaluate the clinical prognosis of OS and determining new
therapeutic targets.

Weighted gene co-expression network analysis (WGCNA)
groups genes with similar expression patterns into modules
by calculating the expression correlation between genes,
and then examines the relationship between the module
and sample characteristics (5). At present, due to the
heterogeneity of OS, biomarkers for OS prognosis based
on differential expression analysis of small samples often
have low sensitivity and specificity, implying that they lack
clinical utility. The WGCNA method utilizes whole-genome
data to summarize the phenotypic characteristics of the
gene network, avoiding bias and subjective judgment (6).
WGCNA identifies biomarkers with broader applicability
by comparing the connectivity and genetic significance
of modules (7). WGCNA has developed into a powerful
bioinformatics tool for identifying disease-related genes due
to its high reliability and throughput. Currently, many studies
on various malignant tumors routinely employ WGCNA
for data mining. By analyzing DNA microarray or RNA
sequencing data in conjunction with clinical information, a
series of modules related to tumor prognosis is obtained, and
the module’s hub genes are further mined to identify genes
involved in tumor occurrence and development (7,8).

Tumor immunotherapy has emerged as a new focus of
cancer research in recent years. Numerous research has
focused on immune cell infiltration into tumor tissues in
order to better understand the link between the tumor
microenvironment and clinical prognosis. For the first
time in the history of osteosarcoma bioinformatics analysis,

© Annals of Translational Medicine. All rights reserved.

Bian et al. A bioassay based on public genetic data

our study began with immune-related genes in order to
examine predictive risk stratification of patients. For this
study, we obtained the expression profiles and clinical data
of OS patients from the therapeutically applicable research
to generate effective treatments (TARGET) database.
On the basis of the expression profiles of immune-related
genes, we clustered the patients in the target database
using the non-negative matrix factorization (NMF) cluster
analysis method. Based on their prognosis, the patients
were divided into 2 groups: high- and low-risk groups.
This was independently verified in the Gene Expression
Omnibus (GEQO) data set. WGCNA was used to build a co-
expression network of 2 groups of genes, identify modules
related to prognosis, and obtain the important genes in the
modules. Combining these important genes and prognostic
information, random survival forest analysis was used
to identify 3 genes that have a significant impact on the
prognosis of OS patients: EPHB3, TEADI, and KRRIPI.
Furthermore, we performed multidimensional analysis
and result visualization of these 3 genes from immune
cell infiltration analysis, enrichment pathway analysis,
gene pairing survival analysis, competitive endogenous
RNA (ceRNA) network construction, and antitumor drug
sensitivity analysis. These findings could greatly aid in
the development of new therapeutic targets and could
improve the clinical prognosis of OS patients. We present
the following article in accordance with the REMARK
reporting checklist (available at https://atm.amegroups.
com/article/view/10.21037/atm-22-399/rc).

Methods
Data download

The TARGET database (https://ocg.cancer.gov/programs/
target) employs comprehensive molecular characterization
to identify genes and their mutations associated with the
initiation and progression of pediatric cancer. Through
data analysis, the TARGET database generates useful drug
targets and prognostic markers for researchers, allowing for
the development and application of new and more effective
treatments. We downloaded the original OS mRNA
expression data and clinical data, and collected data on 85
OS patients with a complete expression profile and survival
information. The GEO database (https://www.ncbi.nlm.
nih.gov/gds/) is a repository for data generated by chip,
next-generation sequencing, and other high-throughput
sequencing technologies. We obtained GSE21257 series
matrix files from the GEO public database and used the
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GPL10295 annotation platform. A total of 53 OS patients
were enrolled, each with a complete expression profile and
survival data. The immune gene set used in this analysis
was obtained from the ImmPort database (https://www.
immport.org/home) and contained a total of 1,811 immune-
related genes. The study was conducted in accordance with
the Declaration of Helsinki (as revised in 2013).

Classification and validation of immune subtypes

The NMF package was used to perform unsupervised
NMF clustering on the expression profiles of immune-
related genes. In the subsequent step, Cox regression
analysis was performed on all candidate genes using the
R software package “survival”. The results of this analysis
were compared to overall survival. Then, using the NMF
package, the unsupervised NMF clustering method was
applied to the GEO external verification set using the
same candidate genes. The best clustering number was
determined by the k value where the correlation coefficient
began to decrease. Then, using the T-SNE method,
we verified the subtype distribution using the mRNA
expression data for the aforementioned immune genes.

Construction of the WGCNA co-expression network

The WGCNA standard procedure was used to construct
the gene co-expression networks of high-risk and low-risk
patients. The WGCNA R package (http://www.r-project.
org/) was used to read and import transcriptome data and to
eliminate genes that exhibited no variance between groups.
The principle of soft threshold filtering is to make the
constructed network more in line with the characteristics
of scale-free network. The weighted adjacency matrix is
transformed into topological overlap matrix (TOM) to
estimate its connectivity in the network, and the hierarchical
clustering method is used to construct the cluster tree
structure of TOM. Different branches of the cluster
tree represent distinct gene modules, and each module is
represented by a distinct color. The expression patterns
of genes were classified using their weighted correlation
coefficients. Finally, the gene was partitioned into multiple
modules based on its expression pattern. We compared the
co-expression networks of high- and low-risk OS patients.
We assessed module conservation using the Z-summary
score, identified hub genes using the degree of gene linkage,
and performed functional enrichment analysis.
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Analysis of Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) functions

ClusterProfiler (R3.6) was used to annotate the functions
of these genes in order to investigate their functional
association. To evaluate related functional categories, GO
and KEGG were used. Significant categories were defined
as GO and KEGG enrichment pathways with P and ¢
values less than 0.05.

Random survival forest

The randomForestSRC software package was used to select
features. Additionally, we used the stochastic survival forest
algorithm to rank the importance of prognosis-related genes
(nrep =2,000, indicating 2,000 Monte Carlo simulation
iterations; and nstep =5, indicating 5 forward steps). We
chose genes with a relative importance greater than 0.1 as
the final marker genes.

Analysis of correlations between gene expression and
immune infiltration

The CIBERSORT algorithm was used to analyze RNA-
seq data from patients in various subgroups in order to
infer the relative proportion of immune infiltrating cells.
The “corrplot” package was used to analyze the interaction
between immune cells and the effect of that interaction. The
relative immune cell content was plotted using the “vioplot”
package. The effect of a gene on immune infiltration was
determined, and Spearman correlation analysis of gene
expression and immune cell content was performed. The
expression of important genes was retrieved, and the
Kruskal Test was used to investigate variations in expression
between groups.

Gene set envichment analysis (GSEA)

GSEA ranks genes based on their degree of differential
expression between 2 types of samples and then determines
whether the predefined gene sets are enriched at the top or
bottom of the ranking table. In this study, we used GSEA
to compare the signaling pathway differences between high
and low expression groups in order to deduce the molecular
mechanism underlying the difference between the 2 groups,
with the number of replacements set to 1,000 and the type
of replacement set to phenotype.
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Figure 1 Identification of osteosarcoma subclasses using NMF consensus clustering in the immune-related gene set. (A) Determination of

the optimal cluster number, and k=2 was regarded as the best clustering number. (B) Survival analysis of patients in clusters 1 and 2 in the

TARGET cohort. NMEF, non-negative matrix factorization; TARGET, therapeutically applicable research to generate effective treatments.

Construction of a regulatory network for ceRNA

In recent years, ceRNAs have garnered considerable
attention in academic circles. They represent a novel
model of gene expression regulation. In comparison to
the miRNA regulatory network, the ceRNA regulatory
network is more refined and complex, involving a greater
number of RNA molecules, such as mRNAs, pseudogene
encoding genes, long-chain non-coding RNAs, miRNAs,
and IncRNAs. NPInter is a frequently used database for
querying the relationships between IncRNAs and miRNAs.
The NPInter database was used to predict IncRNA-miRNA
interaction pairs in this study. Additionally, using FunRich
software, the interactions between mRNAs and miRNAs
were predicted inversely. The IncRNA-miRNA-mRNA
network was then constructed by combining the IncRNA-
miRNA and mRNA-miRNA interactions, and the network
was visualized using Cytoscape software.

Drug sensitivity analysis

The CellMiner database is based on a list of 60 cancer
cells compiled by the National Cancer Institute’s (INCI)
Cancer Research Center. The NCI-60 cell line is the most
frequently used cancer cell line for anticancer drug testing
at present. In this study, we downloaded NCI-60 drug
sensitivity and RNA-seq gene expression data and used
correlation analysis to investigate the relationship between
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genes and common antineoplastic drug sensitivity, and
P<0.05 indicated statistical significance.

Statistical analysis

The statistical analysis was carried out using the R
programming language (version 3.6). All statistical tests were
bilateral, and statistical significance was defined as P<0.05.

Results

We collected the expression profiles and clinical data
of patients from TARGET and GSE21257, extracted
immune-related genes from the immune gene set, and
finally screened characteristic genes in TARGET patients
with OS using the Cox univariate regression feature
selection algorithm. Cox univariate regression analysis
revealed that a total of 147 prognostic-related genes were
screened (available online: https://cdn.amegroups.cn/static/
public/atm-22-399-01.xIsx). We clustered the TARGET
data set containing OS samples using the NMF consensus
clustering method and determined the optimal k value
based on the expression profiles of the above 147 candidate
genes. After careful consideration, we concluded that k=2
was the optimal cluster number (Figure 14). The GEO
database’s dataset of OS samples was then independently
validated using the previously mentioned k=2 classification,
which revealed 2 distinct molecular subtypes. Significant

Ann Transl Med 2022;10(6):296 | https://dx.doi.org/10.21037/atm-22-399


https://cdn.amegroups.cn/static/public/atm-22-399-01.xlsx
https://cdn.amegroups.cn/static/public/atm-22-399-01.xlsx

Annals of Translational Medicine, Vol 10, No 6 March 2022

C1- C2
1.00
2 0754
=
[
Q
<)
g 050 ---------=4
(_ﬂ 1
2 i
% 1
1
@ 0.254 Log rark test P=0.03
1
i
0.00 !

0 20 40 60 80 100 120
Time, months

Number at risk

0 20 40 60 80 100 120
Time, months
Figure 2 Survival differences between the 2 clusters of
osteosarcoma patients in the GSE21257 dataset.

differences in prognosis were observed in the TARGET
data set, with the C1 subgroup exhibiting superior survival
to the C2 subgroup (Figure 1B). Additionally, in the
GSE21257 dataset, similar prognostic differences were
observed between the 2 subgroups, and the overall survival
time for the C2 subgroup was significantly shorter than that
of the C1 subgroup (Figure 2).

We classified OS patients into 2 subgroups using NMF
clustering. Because C2 had a significantly lower survival
rate than C1 in both data sets, we classified C2 as a high-
risk subgroup and C1 as a low-risk subgroup. We started by
preprocessing the TARGET data set, which contained 85
patients. We obtained the gene set required for subsequent
analysis by removing genes with zero variance between
groups. We then used the hclust function to check for
outliers in the data set samples and then set the cutting
height of the 2 cluster trees to 90 (Figure 34,3B). Because
the WGCNA algorithm is predicated on the assumption
that the gene network exhibits a scale-free distribution, the
appropriate soft threshold must be screened out in order
to bring the network closer to the characteristics of a scale-
free network. We set the soft threshold to 4 for the high-risk
group and 3 for the low-risk group (Figure 3C,3D). R-square
values of 0.89 and 0.9 were obtained by calculating the scale-
free topology fitting index (Figure 3E,3F). These results
confirmed and demonstrated the feasibility of WGCNA.
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We created 2 co-expression networks of OS patients,
one for high-risk and one for low-risk. Based on weighted
correlation, hierarchical clustering analysis was carried
out. The clustering results were segmented according to
the set criteria, and different gene modules were obtained
(Figure 44,4B). Using the WGCNA algorithm for low-
risk groups, we identified 29 modules of varying sizes and
represented them with cluster tree branches and different
colors. Then, the module with the high-risk group network
was mapped to the module with the low-risk group
network. This approach enabled us to identify modules
that were not conservative. The non-conservative module
can be thought of as a change in network characteristics
between low-risk group networks. Additionally, these non-
conservative modules may be associated with the survival
and progression of tumors in patients with OS. We used
module functions to calculate module conservatism in order
to verify WGCNAS stability. The median and Z-summary
scores for conservatism for various colored modules are
shown in Figure 4C. The turquoise module had the highest
Z-summary score, indicating that it retained high-risk
group network characteristics. The purple module with the
lowest Z-summary score was more conservative, implying
that it can be used as a module feature to differentiate
between high- and low-risk patients (Figure 4D).

We chose the purple module for more detailed analysis
because it was the least conservative, and based on the
correlation analysis of the purple module’s first principal
component, we obtained heat maps for 500 genes
(Figure 5A). Following that, we performed enrichment
analysis on these 500 genes and discovered that their
biological processes were primarily enriched in the
regulation of small GTPase mediated signal transduction,
collagen-containing extracellular matrix, and Rho GTPase
binding (Figure 5B). Additionally, we described in detail the
relationship between significant cellular signaling pathways
and critical genes (Figure 5C).

To further identify the core genes among the key genes
affecting OS progression, we performed a random survival
forest analysis on these 500 genes and chose the genes with a
relative importance greater than 0.1 as the final marker. The
order of importance of the 5 genes is depicted in Figure 6A.
Finally, we analyzed the survival of these 5 critical genes,
and the results indicated that EPHB3, KRRIPI, and TEADI
were significant (Figure 6B-6D), and these 3 genes would
serve as the core genes in subsequent research.

The immune microenvironment is primarily composed
of immune cells, extracellular matrix, a variety of growth

Ann Transl Med 2022;10(6):296 | https://dx.doi.org/10.21037/atm-22-399



Page 6 of 17

A

Sample clustering to detect outliers

90 t
<
<
80 4 ¢
z
o
£
70 4 9
E -
= 5 s
T [ it
60 9 <3 <<
g 553 <
L < T T s
T Nd & < 5
25 _Xod< S N
50 4 JLATIIPERS ? P <<
BLSoPRR L daxs eg | [3%3 g2
223ééé%g§§§? 2P __Fols (f£E30
SEZXLDF9xETTY <L R5IL I rNSLLIP90T
404 FLEEE Ve x03 cscosfsfoo9oNLico2wRs
QLT Z L F g oIIIPPEELTTI TR0
PRI [EUTTTsEcR PRI TRYRER1D
WL QELo>233 1 TELNOQLELZZPFPSS
< [N Skd< =} T 1%
EELTRE LoV Ehelrze TR0l
REdh 9T ThLRREYRerelifENoii i ing
FEo  grnoifecRiiss gdigohlee
£33 Foogegll chyy HELITEESH
KE gpnos FEde T8l
44 S F
gegg  TEE TEg
S
C Scale independence Mean connectivity
> 45678910 1214 16 1
[od
3 o084 3
g 1000 -
2
2
-~ > -
% 06, g 800
=
[$]
8 8 600
£ 0.4+ c
) 8
8 ° 400 + )
g 02 3
Q .27
o = 200 -
% 3
4
ﬁ 0.041 0 5678910 12 14 16 18 20
© T T T T T T T
A 5 10 15 20 5 10 15 20
Soft threshold (power) Soft threshold (power)
. Check scale free topolo
Histogram of k 2 pology
scale R°=0.89, slope=-2.51
O
6000 _
-1.0 4
3 4000 ~
c = 1 o
g oy °
g o -2.0 - o
i 2000 ko)
2 —
-3.0 4
0 o)
T T T 171711 T T T T 1
0 100 200 300 1.6 2.0 2.4
k log10 (k)

Height

Bian et al. A bioassay based on public genetic data

Sample clustering to detect outliers

90
<
?
80 1 9
3
<
7042
¥
b <
5 T z =
% Ete R B,
2 e e
[sS T
40

Scale independence

o
&
*567
g 084 2 8910 15 14 16 18 %
2
(7]
g 064
o}
€
3
O 0.4+
o
Q
2
jo
£ o024
® 1
© T T T T
O
2 5 10 15 20
Soft threshold (power)
Histogram of k
6000
2 4000
=
()
3
g
= 2000
0
0 200 400

Mean connectivity

log10 (P(k))

Mean connectivity

o]

o

o
Il

200

45678910 12 14 16 18 2
T T T

5 10 15 20
Soft threshold (power)

Check scale free topology
scale R°=0.9, slope=—2.36

O

-1.0

B o,
2.0 °

— O
-3.0 T T T T 1

1.8 2.2 2.6
log10 (K)
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(A) Dendrogram clustering of high-risk samples for the purpose of detecting outliers; (B) dendrogram clustering of low-risk samples for

the purpose of detecting outliers; (C) the scale independence and mean connectivity of the high-risk samples” WGCNA analysis; (D) the

scale independence and mean connectivity of the low-risk samples” WGCNA analysis; (E) the high-risk samples’ histogram of k and the

correlation coefficient between k and p (k); (F) the low-risk samples’ histogram of k and the correlation coefficient between k and p (k).

WGCNA, weighted correlation network analysis.
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factors, inflammatory factors, and unique physical and
chemical characteristics, all of which have a significant
impact on the sensitivity of disease diagnosis and treatment.
We further investigated the molecular mechanisms by which
core genes affect the progression of OS by analyzing the
relationship between core genes and immune infiltration
in an OS data set. The analysis of the immune infiltration
content demonstrated that MO macrophages and M2
macrophages accounted for a significant proportion of
the sample (Figure 74). Figure 7B depicts the interaction
between immune cells, with the highest correlation between
regulatory T cells (Tregs) and CD8" T cells (person
correlation coefficient =0.59). Additionally, when compared
to cluster 2, cluster 1 patients had significantly fewer resting
dendritic cells, while activated memory CD4" T cells and
CD8" T cells increased significantly (Figure 7C). The
3 genes were strongly correlated with the content of immune
cells. Among them, the EPHB3 gene was significantly
positively correlated with resting mast cells, and negatively
correlated with M2 macrophages, M1 macrophages, mast
cells activated, and dendritic cells resting. The KRR1PI gene
was significantly negatively correlated with B cells memory.

© Annals of Translational Medicine. All rights reserved.

The TEADI gene was significantly positively correlated
with plasma cells and negatively correlated with dendritic
cells resting and macrophages M2 (Figure 7D-7F). Three
essential genes’ expression levels were compared in two
subgroups. We discovered that cluster 1 had a higher level of
EPHB3 and TEDI expression than cluster 2 (Figure 7G).

We then investigated the signaling pathways that
were associated with the 3 core genes and the molecular
mechanisms by which the core genes affect OS progression.
The primary bile acid biosynthesis, circadian rhythm, and
hedgehog signaling pathways were the primary enrichment
pathways for EPHB3. Long-term depression, nicotine
addiction, and nitrogen metabolism were the primary
enrichment pathways for KRRIPI1. Endometrial cancer,
circadian rhythm, and type II diabetes mellitus were the
primary enrichment pathways for TEADI (Figure §8).

We conducted paired survival analyses on the 3 core
genes, each paired with 2 other genes, and classified patients
into 4 groups based on the median expression of the 2 genes.
The results indicated that in the EPHB3 and KRRIPI paired
groups, group 1 versus 3 had a significant difference, and
the survival of group 3 was significantly lower than that of

Ann Transl Med 2022;10(6):296 | https://dx.doi.org/10.21037/atm-22-399
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other groups (Figure 94). In the EPHB3 and TEADI paired
groups, group 2 versus 3 and group 2 versus 4 had significant
differences, and the survival of group 2 was significantly
lower than that of other groups (Figure 9B). In the TEADI
and KRRIPI paired groups, group 1 versus 3 had a
significant difference, with the survival of group 3 possibly
being significantly lower than other groups (Figure 9C).
Additionally, 14 miRNAs with a total of 14 mRNA-miRNA
pairs were predicted using FunRich (version 3.1.3), and a

© Annals of Translational Medicine. All rights reserved.

total of 2,436 mRNA-miRNA-IncRNA pairs were predicted
using NPInter (version 4.0), resulting in the successful
construction of the core gene-related ceRNA network
(Figure 10).

Early OS has a favorable prognosis, and the effect
of surgery in combination with chemotherapy is well
established. We used the CellMiner database to investigate
the sensitivity of TEADI, KRRIPI, and EPHB3 to
commonly used anticancer drugs and calculated the

Ann Transl Med 2022;10(6):296 | https://dx.doi.org/10.21037/atm-22-399
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correlation between gene expression and the drug IC50.
TEADI and EPHB3 were found to be associated with
resistance to a variety of anticancer drug types (Figure 11,
available online: https://cdn.amegroups.cn/static/public/
atm-22-399-02.xlsx). TEADI was positively correlated with
irofulven, erlotinib, simvastatin, dasatinib, and staurosporine,
but negatively correlated with imexon, cyclophosphamide,
XK-469, hydroxyurea, and chelerythrine. EPHB3 was
positively correlated with tyrothricin, benzimate, and
okadaic acid, but negatively correlated with dacarbazine.
Figure 11 depicts the most significant drug sensitivities
associated with TEADI1 and EPHBS3.

Discussion

OS is the most common primary bone malignant tumor
in children. There is a significant correlation between the
period of rapid bone growth and the development of the
disease (9,10). OS has one of the lowest survival rates in

© Annals of Translational Medicine. All rights reserved.

children. In patients with local disease, the 5-year survival
rate is 70%, but when there is metastasis, it is only 30%
(11,12). The standard treatment is sandwich therapy
combined with neoadjuvant chemotherapy, surgery, and
adjuvant chemotherapy (13). However, because of its highly
invasive characteristics, poor prognosis, and high mortality,
there is an urgent need to explore molecular targets and
treatments. Many key factors affecting the occurrence and
development of OS have been identified through years of
molecular research, especially with the progress of high-
throughput genome technology, and it is possible to discover
more potential molecular markers by bioinformatics.

In this study, OS patients with complete clinical data
were obtained from the TARGET database. According to
the follow-up time and survival status, patients were divided
into 2 groups: high-risk group and low-risk group. In this
study, WGCNA was used to construct survival-related co-
expression modules in the 2 groups of patients for the first
time. WGCNA has a lot of advantages over other methods.

Ann Transl Med 2022;10(6):296 | https://dx.doi.org/10.21037/atm-22-399
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As a result, its results are more reliable and biologically
important because it looks at how co-expression modules
are linked to the clinical features of interest (14). We
mapped the high-risk group network to the low-risk group
network module. This approach helped us identify non-
conservative modules. The lower the Z-summary score, the
lower the conservatism of the module, indicating that it can
be used as a modular feature to distinguish between high-
risk and low-risk patients.

The saved Z-summary score of Figure 4C identified the
purple module as the most conservative. Therefore, we
focused on the purple module to investigate patient survival
factors. We created a heat map of 500 key genes from the
purple module. These genes influence the survival time and
survival status of OS patients. In order to further identify
the core genes that affect the progression of OS, we carried
out random survival forest analysis of these 500 genes, and
finally selected EPHB3, KRRIPI, and TEAD]I as core genes.

Ephrin-type B receptor 3 (EPHB3) is an EPH

© Annals of Translational Medicine. All rights reserved.

transmembrane tyrosine kinase receptor (T'KR) which plays
a key role in the progression or regression of many tumors.
EPHB3 is a direct target motif for Wnt/B-catenin and
Notch signal transduction (15,16), consistent with the key
role of these pathways in tumorigenesis (17). In the early
stage of tumorigenesis, the expression of EPHB3 increases
dramatically, followed by a secondary downregulation in
up to 30% of cancers (18). The histological expression
and function of EPHB3 may explain its invasive and
tumor inhibition abilities in colorectal cancer. Repulsive
interactions between cells expressing the EPHB3 receptor
and EphrinB ligands, respectively, compartmentalize tumors
and thereby impede detachment of cells from the primary
tumor, so as to reduce the distant spread of tumor (19,20).
In addition, EPHB/EphrinB signaling affects the distribution
and function of the intracellular adhesion molecule
E-cadherin, which helps to stabilize the phenotype of non-
invasive epithelial cells. In our study, we found that the low
expression of EPHB3 is associated with the poor prognosis

Ann Transl Med 2022;10(6):296 | https://dx.doi.org/10.21037/atm-22-399
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Figure 10 Competing endogenous RNA interaction network of IncRNA-miRNA-mRNA. The IncRNAs and mRNAs are represented by

pink square nodes, while miRINAs are represented by green square nodes. Hub genes are indicated by yellow squares.

of OS. Similarly, Zhang et al. demonstrated that EPHB3 is
also a negative regulator of cell proliferation in colon cancer
cell lines (21).

TEA domain (TEAD) transcription factor, also known
as transcription enhancer factor, is a key component of
Hippo-YAPI signal transduction. In mammals, 4 members
(TEADI—-4) have highly conserved domains. By binding
to coactivators, TEAD plays a key role in tumorigenesis,

© Annals of Translational Medicine. All rights reserved.

including liver cancer (22), ovarian cancer (23), breast
cancer (24) and prostate cancer (25), and is overexpressed in
these tumors. Some studies have found that the activation
of the Hippo/TEADI1-Twist]l pathway can inhibit the
growth and metastasis of renal clear cell carcinoma (26).
Furthermore, some previous studies have suggested that
TEADI silencing can inhibit the malignant phenotype of
OS cells, including cell proliferation, apoptosis resistance,

Ann Transl Med 2022;10(6):296 | https://dx.doi.org/10.21037/atm-22-399
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considered as a significant difference.

and invasive potential. However, in our study, we found that
OS patients with high expression of TEADI had a better
prognosis. In both single gene analysis of TEADI and the
pairwise survival analysis of core genes, high expression
of TEADI showed a better prognosis. Therefore, high
expression of TEADI may play a beneficial role in the
prognosis of OS through the activation of other pathways,
which is a direction that needs to be explored in depth.
Interestingly, in our study, we found that high expression
of KRRIPI was associated with the poor prognosis of
patients with OS. KRRIPI is a pseudogene. In general, more
attention is paid to the functional groups that can express
proteins, with little research on pseudogenes. However,
in the past decade, the completion of a large number of
large-scale sequencing projects has provided a wealth of
functional genomics data, revealing the importance of
pseudogenes as active participants in genomic biology.
Some pseudogenes can regulate the expression of protein-

© Annals of Translational Medicine. All rights reserved.

coding genes through their RNA products. Pseudogenes,
previously thought to be “dead” genomic components, have
been shown to be transcribed in a variety of tissues and
diseases, including cancer. Pseudogene transcripts have been
shown to interfere with the expression of protein-coding
genes by acting as antisense transcripts (27), competing
endogenous RNAs (28,29), endogenous siRNAs (30), and
even forming chimeric RNAs with target protein-coding
genes (31). KRRIPI is a pseudogene of KRRI. However,
there is not much data on the function of KRRI in tumors.
Only KRRI has been reported to be associated with the
metastasis of malignant fibrous histiocytoma (32). Through
bioinformatics analysis in this study, we obtained the
pseudogene KRRIPI which was closely related to prognosis,
opening up a new approach to explore the prognosis-related
targets of OS.

In this study, we also analyzed immune infiltration in
patients with OS. Zhang et al discovered that the number

Ann Transl Med 2022;10(6):296 | https://dx.doi.org/10.21037/atm-22-399
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of resting dendritic cells in high immune score tissues was
significantly increased in OS patients (P<0.05), implying a
poor prognosis for patients (33). In our study, we showed
that resting dendritic cell infiltration was higher in patients
with high-risk OS. One study showed that basal-like breast
cancer rich in activated memory CD4" T cells has a better
prognosis (34). We found that activated memory CD4"
T cells were significantly increased in low-risk patients.
Previous studies on bladder, prostate, renal, and colorectal
cancer have reported that the level of CD8" T cell
infiltration is positively correlated with tumor prognosis and
immunotherapy responsiveness (35-37), which is consistent
with our finding that CD8" T cells were significantly
increased in low-risk patients. According to literature reports,
the TEAD family includes TEAD1-4, which is a key regulator
of Hippo pathway. The imbalance of Hippo pathway and
YAP/TAZ-TEAD activity is related to a variety of diseases,
especially cancer. The changes of Hippo protein pathway
in cancer cells can affect the interaction between cancer
cells and host immune system (38). For example, in a mouse
model of liver cancer, high ¥AP activity in cancer initiating
cells promotes the recruitment of immunosuppressive type 11
macrophages to inhibit the host immune response and may
help protect cancer cells from immune surveillance, which
recruits macrophages through the expression of YAP-TEAD
dependent cytokines (39). This suggests that TEADI may
play a potential role in immunotherapy. One of the initial
processes of establishing immune response is to activate
immune cells. There is evidence that Eph receptor and ephin
ligand may mediate the activation of immune cells (40).
However, given the paucity of studies in the literature, it is
still unknown how the signals conveyed by the Eph-eparin
junction effect activation and how their expression on distinct
immune cell subsets in cis and in trans affects this process.
However, it is clear that EPHB3 receptors are expressed on
immune cells (41), which indicates that they are also expected
to become therapeutic targets in the future, but scientists
still need to further explore. At the end of this study, we
also screened some antineoplastic drugs based on EPHB3
and TEADI genes, in order to provide more options for the
medical treatment of OS patients.

Although this study provides potential clinical targets, there
are some limitations in this study, and further experiments
need to be conducted to verify our analysis results.

Conclusions

In this study, WGCNA was used to construct a co-

© Annals of Translational Medicine. All rights reserved.
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expression module associated with survival in patients with
OS. We identified unpreserved modules and key genes
associated with poor prognosis in patients with OS. EPHB3,
TEADI, and KRRIPI were screened by random survival
forest and their effects on the prognosis of patients with OS
were verified. This study also explored the roles of EPHB3,
TEADI, and KRRI1PI in the immune microenvironment of
OS. In addition, this study also screened out targeted gene-
related antitumor drugs, providing new molecular targets
and intervention strategies for improving the prognosis of
patients with OS.
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