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Abstract

Background: The correlation between epithelial-mesenchymal transition (EMT)
and osteosarcoma (OS) has been widely reported. Integration of the EMT-related
genes to predict the prognosis is significant for investigating the mechanism of EMT
in OS. Here, we aimed to construct a prognostic EMT-related gene signature for OS.
Methods: Transcriptomic and survival data of OS patients were downloaded from
Therapeutically Applicable Research to Generate Effective Treatments (TARGET)
and Gene Expression Omnibus (GEO). We performed univariate Cox regression,
least absolute shrinkage and selection operator (LASSO) regression, and stepwise
multivariate Cox regression analysis to construct EMT-related gene signatures.
Kaplan-Meier analysis and time-dependent receiver operating characteristic (ROC)
were applied to evaluate its predictive performance. GSVA, ssGSEA, ESTIMATE, and
scRNA-seq were performed to investigate the tumor microenvironment, and the cor-
relation between IC50 of drugs and ERG score was investigated. Furthermore, Edu
and transwell experiments were conducted to assess the malignancy of OS cells.
Results: We constructed a novel EMT-related gene signature (including CDK3,
MYC, UHRF2, STC2, COL5A2, MMD, and EHMT?2) for outcome prediction of
OS. According to the signature, patients stratified into high- and low-ERG-score
groups exhibited significantly different prognoses. ROC curves and Kaplan-
Meier analysis revealed a promising performance of the signature with external
validation. GSVA, ssGSEA, ESTIMATE algorithm, and scRNA-seq excavated
EMT-related pathways and suggested the correlation between ERG score and im-
mune activation. Notably, the pivotal gene CDK3 was upregulated in OS tissue
and positively related to OS cell proliferation and migration.

Conclusion: Our EMT-related gene signature might reference OS risk stratifica-
tion and guide clinical strategies as an independent prognostic factor in OS.
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1 | INTRODUCTION 2 | MATERIALS AND METHODS
Osteosarcoma (OS) is a primary malignant bone tumorof ~ 2.1 | Data collection

mesenchymal origin that frequently occurs in children,
adolescents, and young adults. OS tends to arise in the
metaphysis of long bones and most commonly affects
the distal femur, proximal tibia, and proximal humerus.!
Approximately 15%-20% of OS patients have metastatic
lesions detected in clinical diagnosis, and over 85% of
metastasis affects the lungs, whereas bone is the second
most common site of distant metastasis.> The current
treatment strategy of neoadjuvant and adjuvant chemo-
therapy combined with surgical resection has improved
the overall survival of nonmetastatic-OS patients to 70%.
However, the five-year survival rate of patients with dis-
tant metastasis, recurrence, or chemo-resistance remains
approximately 20%.>* Consequently, complex immuno-
genic mechanisms and intrinsic cellular heterogeneity
significantly affect a patient's outcome after therapeutic
intervention.’ Therefore, the unique tumor microenvi-
ronment (TME) may be an environment beneficial for OS
cells to develop and metastasize, which has not yet been
studied in depth.

Epithelial-mesenchymal transition (EMT) is a biolog-
ical process in which polarized epithelial cells change
their epithelial phenotype and transform into cells with
mesenchymal characteristics, such as enhanced migratory
capacity, invasiveness, and elevated resistance to apopto-
sis.*® In specific cancer populations, cancer cells acquire
stem-like features, reduced polarity, weakened intercel-
lular adhesion, and present high metastatic potential
through EMT-related pathways.” Increasing evidence has
revealed that the EMT process correlated with multiple
factors, including transcriptional factors like Snail, Slug,
Twist, ZEB, and activation of certain signaling pathways,
such as Wnt/f-catenin, TGF-p/Samd, and Hedgehog sig-
naling pathway.®'° Moreover, EMT is associated with ini-
tiation, progression, and lung-metastasis in OS,&H’12 and
EMT affects the drug resistance of malignant cells."*"*
This evidence suggests that the EMT signature could
be a prognostic factor of OS. However, the EMT and OS
microenvironment association has not been sufficiently
reported.

The current risk stratification applied in OS primarily
focuses on clinical features (size and site of the tumor, pa-
tient age, and response to chemotherapy)."'® However,
genomic factors have not yet been used in standard clini-
cal applications. Hence, we attempted to construct a prog-
nostic EMT-related gene (ERG) risk signature for OS to
further verify the effect of key genes on OS cells, which
may lay the groundwork for further studies or personal-
ized treatment.

We extracted TARGET-OS counts data of 84 OS patients
with analyzable clinical information from the UCSC Xena
website (https://xenabrowser.net/) as a training cohort
and RNA-seq of 53 OS patients from GSE21257" in the
GEO database (https://www.ncbi.nlm.nih.gov/geo) was
used as the validation cohort. The clinical characteris-
tics of the OS patients are displayed in Table S1. Counts
matrices were standardized with “DEseq2” R package.
Single-cell RNA-seq data containing primary and meta-
static OS lesions were collected from GSE152048'® in the
GEO database. ERGs were attained from the Epithelial-
Mesenchymal Transition Gene Database (http://dbemt.
bioinfo-minzhao.org/download.cgi), and the Molecular
Signatures Database v7.5.1 (https://www.gsea-msigdb.
org/gsea/msigdb/index.jsp), and all ERGs are listed in
Table S2.

2.2 | Construction and validation of the
EMT-Related gene signature

The TARGET cohort was used to construct the ERG risk
signature, while the GEO cohort was used for valida-
tion. Univariate Cox regression analysis was performed
to identify 124 independent prognosis-related ERGs
(p<0.05). Then, we used the least absolute shrink-
age and selection operator (LASSO) algorithm to fil-
ter out 13 ERGs that met the minimum lambda value.
Finally, stepwise multivariate Cox regression analy-
sis identified seven ERGs with optimal collinearity to
construct the risk signature. The risk score of every
OS patient was calculated using the following formula:
ERG score = Y\, Expix Coei, where the n is the total
number of ERGs, the Exp refers to the relative expres-
sion level of each ERGs transformed from our expression
matrix, and the Coe is the regression coefficient. Hazard
ratios (HRs) were calculated to distinguish between
risky (HR > 1) and protective factors (HR < 1). Kaplan-
Meier analysis and the log-rank method were performed
with “survival” and “survminer” packages to evaluate
the prognostic significance of ERG score. p <0.05 was
considered statistically significant. The optimum cut-off
point was calculated using “surv_cutpoint” function to
divide OS patients into high-ERG-score and low-ERG-
score groups. Receiver operating characteristic (ROC)
analyses were performed using “timeROC” R pack-
age to assess the specificity and sensitivity of ERG risk
signature.
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2.3 | Correlation analysis between
TME and constructed signature

Single-sample gene-set enrichment analysis (ssGSEA)
was performed to evaluate the relative expression abun-
dance of 28 specific immune cells in two ERG-score
groups. Gene sets of these infiltrating immune cells
cover activated B cells, CD4+ T cells, CD8+ T cells,
macrophages, NK cells, and so on, collected from previ-
ous research.'”*® The boxplot was developed using the
“ggpubr” R package. Estimated Stromal and Immune
cells in Malignant Tumor tissues using Expression
(ESTIMATE) was subsequently applied to estimate the
relative infiltration level of stromal cells and immune
cells. The ESTIMATE score was calculated from stromal
and immune scores to evaluate tumor purity.*' The half
violin diagram was generated using “Rmisc” and “ggun-
chained” R packages, and scatter diagrams were created
by the “ggplot2” R package.

2.4 | Functional annotation and Gene Set
Variation Analysis (GSVA)

Differentially expressed genes (DEGs) between the
high-ERG-score group and the low-ERG-score group
were obtained using the “limma” R package. DEGs
were visualized in the volcano diagram and heatmap by
“EnhancedVolcano” and “pheatmap” R packages, re-
spectively. Based on these DEGs, gene ontology (GO) en-
richment and kyoto encyclopedia of genes and genomes
(KEGG) pathway analysis were performed with “cluster-
Profiler” and “org.Hs.eg.db” R packages. Histograms were
created using the “ggplot2” R package. Moreover, we per-
formed GSVA enrichment analysis with the “GSVA” R
package based on two gene sets, “c2.cp.kegg.v7.4.symbols”
and “c5.go.bp.v7.4.symbols”, both of which were extracted
from MSigDB database.

2.5 | Single-cell RNA sequencing analysis
Single-cell RNA expression matrix involving primary and
metastatic OS lesions was processed using the “Seurat”
R package. Initially, we performed “NormalizedData”
function to normalize the expression matrix. Then, the
“FindVariableFeatures” function was applied to identify
the 1000 most variable genes. After “RunPCA,” a K-nearest
neighbor graph was conducted using “FindNeighbors,”
followed by cell combination via the “FindClusters” func-
tion. Uniform manifold approximation and projection
for dimension reduction (UMAP)** was subsequently
used for visualization. Then, the “Single R" R package

was performed to annotate cells, and all feature genes for
annotating the designated cell categories were extracted
from previous research.'® The identified risk cell cluster's
DEGs were calculated with the “FindMarkers” function.
Furthermore, the pseudotime trajectory analysis was con-
ducted with the R package “monocle”. The R package
“iTalk” was also performed to explore the cell communi-
cation pattern.

2.6 | Therapeutic prediction potential of
ERG signature

Using the public database Genomics of Drug Sensitivity
in Cancer (GDSC, http://www.cancerrxgene.org/),> we
extracted the expression matrix and response to chemo-
therapy and small-molecule drugs of over 1000 cancer
cell lines. Following extracting, the ERG scores of cell
lines were calculated, and the half-maximal inhibitory
concentration (IC50) was estimated to represent the drug
response.>* Then spearman method was applied to evalu-
ate the correlation (Cor) between ERG scores and IC50.
p <0.05 were considered statistically significant.

2.7 | Immunohistochemistry (IHC)

Three pairs of OS and para-carcinoma tissue from three
patients with OS were fixed with formalin, embed-
ded in paraffin (all post-chemotherapy), and then made
into 5pm paraffin sections. IHC was performed using
the Mouse/rabbit-enhanced polymer method detec-
tion system (ZSGB-BIO, PV-9000, China). Moreso, the
slides were deparaffinized and rehydrated with xylene
and gradient-concentration ethyl alcohol, and antigen
retrieval was performed with sodium citrate at 95°C.
Subsequently, the slides were blocked with an endog-
enous peroxidase blocker for 10 min at room temperature.
Samples were incubated with primary antibodies against
CDK3 (Proteintech) overnight at 4°C, followed by reac-
tion enhancer for 20min at 37°C, and enhanced enzyme-
conjugated sheep anti-mouse/rabbit IgG polymer for
20min at 37°C. Furthermore, the slides were stained with
3, 30-diaminobenzidine tetrahydrochloride (DAB) and
counterstained with hematoxylin. Images were captured
with a magnification of 20x.

2.8 | Cells culture

Procell Life Science&Technology Co., Ltd provided two
OS cell lines, U20S and MNNG/HOS. U20S was cultured
in McCoy's 5A (Procell), and MNNG/HOS was cultured
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GONG ET AL.

in MEM (Procell). Media for both cell lines were sup-
plemented with 1% penicillin-streptomycin solution
(Biosharp) and 10% fetal bovine serum (Gibco). Cells were
cultured at 37°C with 5% CO2 and saturated humidity. The
cell medium was refreshed every 24 h, and cells were di-
gested with trypsin-EDTA (Gibco) for passage cultivation.

2.9 | Cell transfection and real-time
quantitative polymerase chain reaction
(RT-qPCR)

Human CDK3 siRNA (siCDK3) and nonspecific control
siRNA (siNC) were synthesized and provided by JTSBio.
According to the manufacturer's protocol, OS cells were
seeded in a six-well plate at 2.5x10° cells per well and
transfected with jetPRIME transfection reagent (Polyplus,
France). We extracted the total RNA of these cells with
Rnafast200 (Fastagen, Japan) 48h after transfection.
HiScript I Q RT SuperMix (Vazyme, China) synthesized
cDNA for RT-qPCR. The PCR amplification system was
conducted with ChamQ Universal SYBR qPCR Master
Mix (Vazyme, China) based on the manufacturer's intro-
duction. The PCR reaction was performed according to
the following steps: initial denaturation at 95°C for 30s, 1
repetition; denaturation at 95°C for 10s, 60°C for 30s, 40
repetitions; dissolution curve at 95°C for 155, 60°C for 60s,
95°C for 15s, 1 repetition. Gene expression was normal-
ized based on GAPDH and calculated by the 1g2-/A\ /\Ct
method. The sequences of siRNA and primers are listed
in Table S3.

210 | EdU incorporation assay

The Click-iT Plus EdU Alexa Fluor 488 Imaging Kit
(Invitrogen) was used to identify proliferating cells, and
we stained all cell nuclei with Hoechst (Invitrogen).
Under an inverted fluorescence microscope, proliferating
cells and cell nuclei appeared red and blue, respectively.

211 | Cell migration assay

The OS cell migration assay used a Transwell chamber
(Corning) with polycarbonic membranes (6.5 mm in diam-
eter and 8 pm pore size). Cells were seeded into the upper
chamber with serum-free media at a density of 2.5x10°
cells/mL (200 puL/chamber), while 750pL of complete
media was added in the lower chamber. Non-migrated
cells were removed using a cotton swab after 48h incu-
bation in a 37 °C thermostatic incubator. Cells adhered to
the lower surface of the membranes were stained purple
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using 0.1% crystal violet. Finally, cells in five random
fields under 200 x magnification per well were counted as
n=11in triplicate.

2.12 | Statistical analysis

R version 4.0.3 (https://www.r-project.org/) and
GraphPad Prism version 9.0.0 were used for bioinfor-
matic statistical analyses and visualization. A Wilcoxon
test was performed to compare the continuous variables
of abnormal distribution. Spearman analysis was used to
evaluate the correlation among continuous variables, and
experimental data were compared using mean +SD un-
less otherwise noted. p.adjust <0.05 was regarded as sta-
tistically significant.

3 | RESULTS

3.1 | Identification of prognostic ERGs
and construction of an ERG-based risk
signature

Based on the TARGET training cohort, we screened 124
independent prognostic genes out of 1024 attained ERGs
using univariate Cox regression (p<0.05) (Figure 1A).
The LASSO algorithm identified 13 ERGs that fulfilled
the minimum lambda value from 124 ERGs (Figure 1B).
Based on the above LASSO result, we adopted stepwise
multivariate Cox regression analysis to generate an op-
timal prognostic ERG signature containing seven ERGs
(Figure 1C): CDK3, MYC, UHRF2, STC2, COL5A2, MMD,
and EHMT?2. According to Kaplan-Meier analysis, these
ERGs were verified to be independent prognostic factors
for OS patients (Figure SIA-G). The ERG score of every pa-
tient was calculated using the following specific formula:

ERG score = (2.0065 X ExpCDK3) +(0.9253 x ExpMYC)
+(0.6018 X ExpUHRF2) + (0.4926 X ExpSTC2)

+(0.418 x ExpCOLS5A2) + (— 1.0587 X ExpMMD)
+(—1.2564x ExpEHMT?2)

The optimum cut-off point for determining the pa-
tients' classification of survival subgroups was calculated
using the “surv_cutpoint” algorithm of the “survival”
R package.”” Based on the optimal cut-off point, the
Kaplan-Meier analysis indicated that the low-ERG-score
group exhibited better survival outcomes compared with
the high-ERG-score group (p <0.0001) (Figure 1D). We as-
sessed the predictive accuracy of the ERG signature at 1, 3,
and 5years using ROC curve analysis. The area under the
ROC curve (AUC) was 0.907, 0.955, and 0.948 at 1, 3, and
Syears, respectively (Figure 1E). Next, we evaluated the
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FIGURE 1 Construction of a survival-related signature based on EMT-related genes (ERGs). (A) The forest plot of 124 independent
prognostic genes in OS patients (p <0.05). Hazard ratios (HR) and p-value were calculated by univariate Cox regression analysis. The deeper
the blue, the greater the significance. (B) LASSO algorithm confirmed minimum lambda value. (C) The forest plot of seven EMT-related
genes in the optimal prognostic model constructed by stepwise multivariate Cox regression analysis. (D) Kaplan-Meier survival curves for
OS patients with high- and low-ERG scores in the TARGET cohort. (E) The ROC curves for 1-, 3-, and 5-year survival of constructed ERG
signature in the TARGET cohort. (F) Kaplan-Meier survival curves for OS patients with high- and low-ERG scores in the GEO cohort. (G)
The ROC curves for 1-, 3-, and 5-year survival of constructed ERG signature in the GEO cohort.

predictive applicability and stability of the ERG signature
according to an external validation cohort, GSE21257. The
ERG score of each patient in the validation cohort was
calculated using the formula described above. Consistent
with the training cohort, the Kaplan-Meier method
showed that patients in the high-ERG-score group had
shorter overall survival (p=0.0017) (Figure 1F), and
the AUC values for ERG signature at 1, 3, and 5years
were 0.801, 0.811, and 0.782, respectively (Figure 1G).
Therefore, we have demonstrated that the ERG signature
exhibited a credible predictive capacity for OS patients.

3.2 | Prognostic significance of ERG
signature in common clinical variables

Three common clinical variables, age, gender, and me-
tastasis, were extracted to evaluate the predictive perfor-
mance of the ERG signature in the TARGET cohort. The
results showed that the distribution of ERG scores was
independent of age and gender (Figure 2A,B). However,
ERG scores in metastatic samples were significantly
higher than those in non-metastatic samples (Figure 2C).
Under different clinical stratification, the Kaplan-Meier
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analysis was applied to compare the overall survival of
OS patients in high-ERG-score and low-ERG-score sub-
groups. The results indicated that the high-ERG-score
group had a worse prognosis in any clinical case vari-
able stratification (Figure 2D-F). Similar outcomes were
observed in the validation cohort. The ERG scores of
metastatic patients were statistically higher than those

of non-metastatic ones (Figure S2A). The distribution of
ERG scores was not significantly different regarding age,
gender, and Huvos grade stratifications (Figure S2B-D).
We identified that the high-ERG-score group had worse
survival outcomes under different clinical stratification
(Figure S2E-H). These results suggest that the prognostic
ERG signature could accurately filter out OS patients with
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poorer or better prognoses without considering the above
clinical variables.

3.3 | ERG signature stratification
correlated with OS microenvironment and
biological functions

Expression abundance of multiple tumor immune-
associated cells was compared in the high- versus low-
ERG-score groups. The ssGSEA analysis demonstrated
that in the high-ERG-score group, the abundance of acti-
vated B cells, CD8+ T cells, central memory CD4 T cells,
central memory CD8 T cells, gamma delta T cells, im-
mature B cells, regulatory T cells, type 1 T helper cells,
activated dendritic cell, CD56+ NK cells, macrophages,
MDSCs, monocytes, and NK cells were markedly de-
creased (Figure 3A). From the ESTIMATE analysis, we
found that the low-ERG-score group had a higher stromal
score, immune score, and ESTIMATE score (Figure 3B).
Furthermore, Spearman analysis results showed that
the ERG score was negatively correlated with the stro-
mal score (Figure 3C), immune score (Figure 3D), and
ESTIMATE score (Figure 3E).

We processed the expression profile to further investi-
gate the molecular mechanisms related to ERG signature
stratification. We screened out DEGs (/logFCl>0.5 and
adjusted p <0.05) between the high- and low-ERG-score
groups, which are shown in the volcano plot and heatmap
(Figure 4A,B). Then GO and KEGG enrichment analyses
were conducted to investigate the key signaling pathways
and molecular functions. Based on these DEGs, the top
10 GO processes and KEGG pathways were displayed
with “ggplot2” R package. GO biological process analysis
showed that the high-ERG group was mainly concentrated
in hypoxia, cell stemness, and differentiation-related pro-
cesses, including cartilage development, ossification,
and extracellular matrix organization. In contrast, the
low-ERG group was concentrated in immune processes,
such as T-cell activation, positive regulation of cytokine
production, and positive regulation of leukocyte activa-
tion (Figure 4C). Regarding KEGG analysis, the high-ERG
group was enriched in tumor-progress-related pathways,
including signaling pathways regulating the pluripotency
of stem cells, the HIF-1 signaling pathway, and the Wnt
signaling pathway. However, the low-ERG group was
correlated with immune pathways like NK cell-mediated
cytotoxicity, Th17 cell differentiation, and T cell receptor
signaling pathways. Additionally, GSVA analysis based
on “c2.cp.kegg.v7.4.symbols” and “c5.go.bp.v7.4.symbols”
gene sets were exhibited in heatmaps, abundances of
immune-related biological processes and pathways were
statistically higher in the low-ERG group (Figure 4E,F).

These results indicate that ERG signature stratifica-
tion correlates with tumor progression and OS immune
microenvironments.

3.4 | Single cell sequencing evaluated the
correlation between ERG signature
stratification and immunity

To further explore the potential correlation between the
OS microenvironment and ERG signature, we extracted
the scRNA-seq profile of primary OS lesions to progress.
All OS cells were clustered and annotated into 12 cell
subclusters, including chondroblastic OS cells, endothe-
lial cells, fibroblasts, M2 macrophages, myeloid cells,
myoblasts, NK/T cells, osteoblastic OS cells, osteoclastic
cells, and proliferating osteoblastic OS cells (Figure 5A).
The ERG score of every cell was calculated using the ERG
signature formula, and cells were divided into high-ERG
and low-ERG groups by median value (Figure 5B). We ob-
served that most chondroblastic OS cells, osteoblastic OS
cells, proliferating osteoblastic OS cells, fibroblasts, and
osteoclastic cells were marked as high-ERG-score. In con-
trast, NK/T cells, myeloid cells, endothelial cells, and my-
oblasts belonged to the low-ERG group. Subsequently, the
“FindMarkers” function was performed to identify marker
genes in two ERG subgroups. GO enrichment and KEGG
pathway analysis revealed that high ERG score cells were
relevant to cancer-progression-related processes, includ-
ing GO terms like extracellular matrix organization, ossi-
fication, and regulation of cell-substrate adhesion, KEGG
pathways-like ECM-receptor interaction, focal adhesion,
PI3K-Akt signaling pathway, and the TGF-beta signaling
pathway (Figure 5C,D). Low ERG score cells were concen-
trated in immune response processes, including GO terms
like T cell activation, leukocyte cell-cell adhesion, and my-
eloid leukocyte activation, KEGG pathways like antigen
processing and presentation, Th1 and Th2 cell differentia-
tion, NF-kappa B signaling pathway, NOD-like receptor
signaling pathway, PD-L1 expression, and PD-1 check-
point pathway in cancer, apoptosis, and natural killer cell-
mediated cytotoxicity (Figure 5C,D). Furthermore, the
pseudotime trajectory analysis was conducted based on
OS cells, and three cell states were identified (Figure 5E).
Notably, as the pseudotime increased, OS cells tended to
have higher ERG scores (Figure 5F,G). Moreso, OS cells
around branch point 1 were clustered into four subtypes,
and the DEGs were identified (Figure S3A). The GO en-
richment analysis was performed based on the DEGs of
four subtypes (Figure S3B-E). The expression level of
the signature genes in different cell states is displayed in
Figure S4. These results are consistent with those in the
TARGET patient cohort, in which ERG scores for cells
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FIGURE 3 Associations of immune cell infiltration, ESTIMATE scores, and the ERG signature stratification. (A) Comparison of 28
immune cells expression abundance in high- and low-ERG-score groups based on ssGSEA analysis. (B) Comparison of Stromal, immune,
and ESTIMATE scores in high- and low-ERG-score groups. Scatter plots show the spearman correlation between ERG score and stromal
score (C), immune score (D), and ESTIMATE score (E). Kruskal test *p <0.05; **p <0.01; ***p <0.001; ****p < 0.0001; ns, no significance.

or patients were positively related to cancer-progression
pathways and negatively correlated with immune re-
sponse and cell death patterns.

3.5 | Cell communication pattern of the
ERG signature

Differentintercellular signaling pathways regarding check-
points between two ERG score subgroups of OS cells and

microenvironment cells were investigated (Figure 6A,B).
Notably, CD24, LTBR, and TNFRSF4 were the most acti-
vated signals in high-ERG-score OS cells. Different inter-
cellular signaling pathways regarding cytokine between
two ERG score subgroups of OS cells and microenviron-
ment cells were also investigated (Figure 6C,D), in which
SDC4,ITGBI1, and CXCL12 were the most activated signals
in high-ERG-score OS cells. Different intercellular signal-
ing pathways regarding growth factors between two ERG
score subgroups of OS cells and microenvironment cells
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FIGURE 4 Functional enrichment characteristics based on the ERG signature stratification. (A) Volcano plot of DEGs between high-
and low-ERG-score groups. Red plots represent statistically significant DEGs (llogFCI > 0.5 and adjust.p <0.05). (B) Heatmap of statistically
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based on GO-biological-process (E) and KEGG (F) gene sets in the MSigDB database.

were visualized in Figure 6E,F. These data demonstrated
that VEGFA, CTGF, and LRP1 were the most activated
signals in high-ERG-score OS cells. Different intercel-
lular signaling pathways regarding other between two

ERG score subgroups of OS cells and microenvironment
cells were visualized (Figure 6G,H), and it was found that
COL1A1, COL1A2, LRP1, and ITGB1 were the most acti-
vated signals in high-ERG-score OS cells.
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FIGURE 5 Single-cell sequencing investigating the correlation between ERG signature stratification and the tumor microenvironment
in OS. (A) UMAP visualization for 12-cell annotation in OS single-cell sequencing. (B) All cells were clustered into high- and low-ERG-
score groups by ERG signature. NA represents that partial signature gene expression was not detected in the single-cell sparse matrix.

(C) GO enrichment analysis based on marker genes of two ERG score groups. (D) KEGG enrichment analyses based on marker genes of
two ERG score groups. Color represents the adjust.p value, the darker the red, the higher the significance; the darker the blue, the lower
the significance. (E) Pseudotime trajectory analysis divided OS cells into three different cell states. (F) Pseudotime pattern based on the
pseudotime trajectory analysis on OS cells. (G) The ERG score distribution of OS cells on pseudotime trajectory analysis.

3.6 | Predictive performance of ERG
signature on therapeutic strategies

According to the Genomics of Drug Sensitivity in Cancer
(GSDC) database, we used spearman analysis to evaluate
the correlation between ERG scores and IC50 of drugs
in cancer cell lines. Positive correlation represented en-
hanced drug resistance of cell lines. In contrast, negative

correlation represented enhanced drug sensitivity. The
results showed that higher ERG scores were associated
with enhanced drug resistance of cancer cell lines to
WEHI-539 and BMS-345541. Still, they promoted the drug
sensitivity of cancer cell lines to multiple drugs, includ-
ing CGP-60474, BMS-509744, pyridostatin, tanespimycin,
AZD4547, staurosporine, and other drugs (Figure 7A).
Targeted signaling pathways of the above drugs are
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displayed in the scattergram (Figure 7B,C). The histo-  kinases, mitosis, and cell cycle. Furthermore, drugs whose

gram shows that drugs whose sensitivity correlated with resistance correlated with increasing ERG score targeted
increasing ERG score primarily targeted RTK signaling, apoptosis regulation and kinases.
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3.7 | Biological correlations of CDK3 in
OS cells and Pan-cancer

Among the seven ERGs in our constructed prognostic sig-
nature, CDK3 is the most influential cancer-promoting
gene. It has the highest calculation coefficient in the for-
mula, so we regarded CDK3 as the pivotal gene of the ERG
signature for further investigation and verification. Based
on IHC analysis, the expression of CDK3 was upregulated
in OS tissue compared with paracancerous normal tissue
(Figure 8A,B). We knocked down the expression of CDK3
using siRNA in two OS cell lines, U20S and MNNG/HOS
(Figure 8C). Following the knocked down, we observed
that the Edu-positive ratio and migration number of OS
cells were significantly decreased in si-CDK3 groups com-
pared with normal control groups (Figure 8D-G). The
proliferation and migration capabilities of OS cells were
inhibited CDK3 expression was downregulated.

4 | DISCUSSION

Treatment for OS patients requires the close cooperation
of multidisciplinary teams. A thorough OS therapy must
involve surgical removal of all detectable tumor lesions
and preoperative plus postoperative polychemotherapy.

However, there is a significant need to develop new ap-
proaches to improve the prognosis of OS patients with
unresectable, metastatic, or recrudescent lesions.!”?
Increasing studies concentrate on the role of EMT in pre-
dicting overall survival.”**’ From these investigations, it
has been reported that EMT development could result
in drug resistance in lung cancer, breast cancer,?®* and
metastasis in breast cancer, OS, and bladder cancer,> 3
which may explain the contribution of EMT to a worse
prognosis. Researchers have reported EMT as a critical
event in OS metastasis,>* and many independent EMT-
related prognostic genes in OS have been explored.*>°
However, EMT is a complicated biological process regu-
lated by multiple genes. Integrating EMT-related genes
from transcriptional profiles might be significant to fur-
ther understand the EMT process. Prognostic-related gene
signatures from sequencing data have been highlighted
when identifying the risk stratification for cancer patients,
predicting their survival, and determining individualized
treatment.

This study constructed a novel seven-gene signature
based on EMT-related genes, including CDK3, MYC,
UHRF2, STC2, COL5A2, MMD, and EHMT2. The risk
stratification regarding high and low ERG scores could
precisely predict the overall survival of OS patients, which
was demonstrated in two independent cohorts. When
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considering multiple clinical characteristics, a higher
ERG score was significantly correlated with metastasis
instead of other features like age or gender, which sug-
gested the ERG signature might be a potential and reliable
biomarker for OS metastasis. The sSGSEA and ESTIMATE
methods were significant in investigating tumor immune
microenvironments and predicting p1rognosis.19‘21 Our re-
sults suggest a higher abundance of immune cell expres-
sion and immune responses in the low-ERG-score group,
consistent with dominant perceptions that more infiltra-
tion of immune-activation cells was associated with bet-
ter clinical outcomes of cancers.” In further analyses on

single-cell sequencing, malignant OS cells, and fibroblasts
were identified as high-ERG-score cells, while immune-
activation cells were low-ERG-score. Hence, we specu-
lated that our ERG signature was involved in shaping the
immune microenvironment of OS.

EMT is a sophisticated biological process involving
multiple pathways. The function enrichment and GSVA
analyses revealed that the low ERG score was mostly
enriched in immune-related pathways. In contrast, cell
stemness-related processes, the Wnt signaling pathway,
and the HIF-1 signaling pathway were significantly cor-
related with the high-EMT-score group. Our single-cell
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method identified the enrichment of focal adhesion and
ECM-receptor interactions in cells with a high ERG score.
Furthermore, accumulating studies have expanded on
the significant role of EMT in the enrichment of cancer
stemness and therapy resistance.’®* The Wnt signaling
pathway activation could stimulate EMT by activating
EMT-related transcription factors, including Snail, Slug,
Twist, ZEB1, and ZEB2.*° Additionally, activation of
HIF-1a in a hypoxic tumor microenvironment would af-
fect the metabolism, angiogenesis, and survival of tumor
cells and contribute to the development of EMT.*! Focal
adhesion signaling is crucial in organizing the actin cy-
toskeleton and shaping cell motility, proliferation, and
differentiation capabilities.*” The extracellular matrix
(ECM) could regulate cell proliferation, migration, dif-
ferentiation, and metabolism via integrin or interaction
with cell surface receptors.”> Collectively, these results
suggest the potential biological processes involved in our
ERG signature built the groundwork for further mecha-
nistic research. Importantly, our chemotherapy analysis
suggested that drugs with sensitivity to high ERG scores
mainly targeted RTK signaling, kinases, mitosis, and cell
cycle pathways might provide a reference for individual-
ized treatment for OS.

Our ERG signature identified five genes as risk fac-
tors, including CDK3, MYC, UHRF2, STC2, and COL5A2,
while MMD and EHMT2 were protective factors. The cor-
relation between EMT and risk factors evaluated in this
study was previously investigated and reported. Lu et al.
reported that CDK3 could promote EMT in colorectal can-
cer, conjugating AP-1 activation by phosphorylating c-Jun
at Ser 63 and Ser 73.** Notably, c-Myc is overexpressed in
multiple malignant tumors as an oncoprotein and a tran-
scription factor. Chen et al. found that combining WDR5
and the MBIIIb motif of c-Myc was essential to promote
the EMT and metastasis of cholangiocarcinoma.*’ Lai
et al. also identified the upregulation of many EMT-TFs
in UHRF2-overexpressing cells based on the analysis of
proteome-wide TF DNA binding activities.*® Moreso, Li
et al. indicated that STC2 promoted cell EMT and gly-
colysis by activating ITGB2/FAK/SOX6 signaling path-
way in nasopharyngeal carcinoma.”’” Notably, COL5A2
was regarded as a mesenchymal marker. Importantly,
the underlying connections among these ERGs are not
clearly understood. Existing research has reported that
multi-targeted CDK inhibitors could restrain the activa-
tion of MYC in multiple myeloma cells** and that MYC
and UHRF2 were up-regulated simultaneously in OS.*
Furthermore, well-designed experiments are required to
reveal the potential mechanisms and correlations among
these genes. Remarkably, CDK3 was the most crucial gene
for determining ERG score level by calculating the most
significant coefficient among all seven genes. However,
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little research has been reported on the correlation be-
tween CDK3 and OS. Thus, we analyzed the CDK3 level
to assess the role of ERG signatures.

CDK3 is a significant driver in retinoblastoma (Rb)
phosphorylation during the GO/G1 transition of the cell
cycle. The expression of CDK3 is deficient in normal tis-
sue but overexpressed in many cancers.” In our research,
CDK3 was upregulated in OS tissue, and downregulating
of CDK3 would inhibit the proliferation and migration
capabilities of OS cells. Thus, we speculated that the over-
expression of CDK3 in OS might correlate with mecha-
nisms of proliferation and migration. Notably, CDK3
has potential utility as a therapeutic target and prognos-
tic biomarker for OS. However, little research about the
possible mechanisms between CDK3 and immunity has
been reported, and further exploration of the mechanisms
of CDK3 affecting tumor immunity and invasiveness is
needed.

We recognize several limitations in our study that
should be noted. First, our retrospective study was based
on two public datasets in which the sample capacity of
OS patients was small, and clinical characteristics were
incomplete. More analyzable transcriptome data is yet
to be explored for more accurate modeling, and more
independent cohorts are necessary to validate the ERG
signature. However, several studies have demonstrated
the feasibility of using these two datasets we used to
create risk models for 0S.*>*'*2 Thus, we believe that
there is a considerable degree of reliability in our re-
search. Second, though our evidence showed that the
seven-gene ERG signature had good performance in
predicting OS prognosis, specific mechanisms of these
genes in EMT progress and their crosstalk remain to be
investigated. Third, our results suggested ERG signature
correlated with immunosuppression in the OS micro-
environment. However, further well-designed and pro-
spective mechanism experimental schemes are needed
to verify our results.

5 | CONCLUSION

In summary, EMT is a malignant progression correlated
with a worse prognosis in OS patients. Here we con-
structed an ERG signature to predict the immune infil-
tration, tumor progression, and prognosis of OS patients,
which might reference the traditional OS staging system
and potentially facilitate individualized treatment. We
also confirmed the cancer-promoting function of CDK3
through proliferation and migration-related experiments.
However, further exploration is necessary to reveal the
potential mechanism among these genes in OS and thera-
peutic efficacy.



GONG ET AL.

ﬂl_wl LEY_Cancer Medicine

AUTHOR CONTRIBUTIONS

Haoli Gong: Conceptualization (equal); data cura-
tion (lead); formal analysis (equal); funding acquisi-
tion (lead); software (lead); supervision (supporting);
validation (supporting); writing — original draft (lead);
writing — review and editing (supporting). Ye Tao:
Formal analysis (equal); methodology (supporting); vali-
dation (supporting); writing - original draft (supporting);
writing - review and editing (supporting). Sheng Xiao:
Data curation (supporting); formal analysis (support-
ing); methodology (supporting); writing — original draft
(supporting); writing - review and editing (supporting).
Xin Li: Investigation (equal); methodology (supporting).
Ke Fang: Investigation (supporting); methodology (sup-
porting). Jie Wen: Investigation (supporting); validation
(supporting); writing — review and editing (support-
ing). Ming Zeng: Validation (supporting); writing —
review and editing (supporting). Yiheng Liu: Funding
acquisition (supporting); writing — review and editing
(equal). Yang Chen: Conceptualization (equal); formal
analysis (equal); methodology (supporting); supervision
(lead); validation (equal); visualization (equal); writing -
original draft (supporting).

ACKNOWLEDGMENTS
The authors thank AiMi Academic Services (www.aimie
ditor.com) for the English language editing services.

FUNDING INFORMATION

This work was supported by Natural Science Foundation
of Hunan Province (2022JJ40218), Young Doctors Fund of
Hunan Provincial People's Hospital (BSJJ202118).

CONFLICT OF INTEREST STATEMENT
The authors declare that the research was conducted
without any commercial or financial conflict of interest.

DATA AVAILABILITY STATEMENT

The original datasets/matrixes are available in the GEO re-
pository (https://www.ncbi.nlm.nih.gov/geo/), UCSC Xena
database (https://xena.ucsc.edu/), Epithelial-Mesenchymal
Transition Gene Database (http://dbemt.bioinfo-minzh
ao.org/download.cgi), the Molecular Signatures Database
v7.5.1 (https://www.gsea-msigdb.org/gsea/msigdb/index.
jsp), and GDSC database (http://www.cancerrxgene.org/).

ETHICS STATEMENT

The studies involving human participants were ap-
proved by the institutional review board (IRB) of the
Hunan Provincial People's Hospital (No: 2021-S104).
Written informed consent for participation was not
required.

ETHICS APPROVAL AND CONSENT TO
PARTICIPATE
Not applicable.

CONSENT FOR PUBLICATION
Not applicable.

ORCID

Yang Chen

https://orcid.org/0000-0001-5476-0847

REFERENCES

1.

10.

11.

12.

13.

14.

Ritter J, Bielack SS. Osteosarcoma. Ann Oncol. 2010;21(Suppl
7):vii320-vii325.

Isakoff MS, Bielack SS, Meltzer P, Gorlick R. Osteosarcoma:
current treatment and a collaborative pathway to success. J Clin
Oncol. 2015;33(27):3029-3035.

Luetke A, Meyers PA, Lewis I, Juergens H. Osteosarcoma
treatment-where do we stand? A state of the art review. Cancer
Treat Rev. 2014;40(4):523-532.

Shi D, Wu F, Mu S, et al. LncRNA AFAP1-AS1 promotes tu-
morigenesis and epithelial-mesenchymal transition of osteo-
sarcoma through RhoC/ROCK1/p38MAPK/Twistl signaling
pathway. J Exp Clin Cancer Res. 2019;38(1):375.

Suehara Y, Alex D, Bowman A, et al. Clinical genomic sequenc-
ing of pediatric and adult osteosarcoma reveals distinct molec-
ular subsets with potentially targetable alterations. Clin Cancer
Res. 2019;25(21):6346-6356.

Kalluri R, Weinberg RA. The basics of epithelial-mesenchymal
transition. J Clin Invest. 2009;119(6):1420-1428.

Pastushenko I, Blanpain C. EMT transition states during tumor
progression and metastasis. Trends Cell Biol. 2019;29(3):212-226.
Kong H, Yu W, Chen Z, et al. CCRY initiates epithelial-
mesenchymal transition by activating Wnt/beta-catenin path-
ways to promote osteosarcoma metastasis. Cancer Cell Int.
2021;21(1):648.

De Craene B, Berx G. Regulatory networks defining EMT
during cancer initiation and progression. Nat Rev Cancer.
2013;13(2):97-110.

Lamouille S, Xu J, Derynck R. Molecular mechanisms of
epithelial-mesenchymal transition. Nat Rev Mol Cell Biol.
2014;15(3):178-196.

Lv YF, Dai H, Yan GN, Meng G, Zhang X, Guo QN.
Downregulation of tumor suppressing STF cDNA 3 promotes
epithelial-mesenchymal transition and tumor metastasis of
osteosarcoma by the Wnt/GSK-3beta/beta-catenin/snail signal-
ing pathway. Cancer Lett. 2016;373(2):164-173.

Niinaka Y, Harada K, Fujimuro M, et al. Silencing of auto-
crine motility factor induces mesenchymal-to-epithelial transi-
tion and suppression of osteosarcoma pulmonary metastasis.
Cancer Res. 2010;70(22):9483-9493.

Kang X, Li M, Zhu H, et al. DUSP4 promotes doxorubicin resis-
tance in gastric cancer through epithelial-mesenchymal transi-
tion. Oncotarget. 2017;8(55):94028-94039.

Du F, Yu L, Wu Y, et al. miR-137 alleviates doxorubicin re-
sistance in breast cancer through inhibition of epithelial-
mesenchymal transition by targeting DUSP4. Cell Death Dis.
2019;10(12):922.


http://www.aimieditor.com
http://www.aimieditor.com
https://www.ncbi.nlm.nih.gov/geo/
https://xena.ucsc.edu/
http://dbemt.bioinfo-minzhao.org/download.cgi
http://dbemt.bioinfo-minzhao.org/download.cgi
https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
http://www.cancerrxgene.org/
https://orcid.org/0000-0001-5476-0847
https://orcid.org/0000-0001-5476-0847

GONG ET AL.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Niswander LM, Kim SY. Stratifying osteosarcoma: minimizing
and maximizing therapy. Curr Oncol Rep. 2010;12(4):266-270.
Ehnman M, Chaabane W, Haglund F, Tsagkozis P. The tumor
microenvironment of pediatric sarcoma: mesenchymal mecha-
nisms regulating cell migration and metastasis. Curr Oncol Rep.
2019;21(10):90.

Buddingh EP, Kuijjer ML, Duim RAJ, et al. Tumor-infiltrating
macrophages are associated with metastasis suppression in
high-grade osteosarcoma: a rationale for treatment with macro-
phage activating agents. Clin Cancer Res. 2011;17(8):2110-2119.
Zhou Y, Yang D, Yang Q, et al. Single-cell RNA landscape of
intratumoral heterogeneity and immunosuppressive mi-
croenvironment in advanced osteosarcoma. Nat Commun.
2020;11(1):6322.

Charoentong P, Finotello F, Angelova M, et al. Pan-cancer
Immunogenomic analyses reveal genotype-immunophenotype
relationships and predictors of response to checkpoint block-
ade. Cell Rep. 2017;18(1):248-262.

Barbie DA, Tamayo P, Boehm JS, et al. Systematic RNA inter-
ference reveals that oncogenic KRAS-driven cancers require
TBK1. Nature. 2009;462(7269):108-112.

Yoshihara K, Shahmoradgoli M, Martinez E, et al. Inferring
tumour purity and stromal and immune cell admixture from
expression data. Nat Commun. 2013;4:2612.

Becht E, McInnes L, Healy J, et al. Dimensionality reduction for
visualizing single-cell data using UMAP. Nat Biotechnol. 2018;
doi: 10.1038/nbt.4314 Online ahead of print.

Yang W, Soares J, Greninger P, et al. Genomics of drug sensi-
tivity in cancer (GDSC): a resource for therapeutic biomarker
discovery in cancer cells. Nucleic Acids Res. 2013;41(Database
issue):D955-D961.

Liu J, Wang Y, Meng H, et al. Identification of the prognostic
signature associated with tumor immune microenvironment
of uterine corpus endometrial carcinoma based on Ferroptosis-
related genes. Front Cell Dev Biol. 2021;9:735013.

Zhang LP, Ren H, du YX, Wang CF. Prognostic value of the
preoperative fibrinogen-to-albumin ratio in pancreatic ductal
adenocarcinoma patients undergoing RO resection. World J
Gastroenterol. 2020;26(46):7382-7404.

Cao R, Yuan L, Ma B, Wang G, Qiu W, Tian Y. An EMT-related
gene signature for the prognosis of human bladder cancer. J
Cell Mol Med. 2020;24(1):605-617.

Thompson JC, Hwang WT, Davis C, et al. Gene signatures of
tumor inflammation and epithelial-to-mesenchymal transition
(EMT) predict responses to immune checkpoint blockade in
lung cancer with high accuracy. Lung Cancer. 2020;139:1-8.
Tulchinsky E, Demidov O, Kriajevska M, Barlev NA, Imyanitov
E. EMT: a mechanism for escape from EGFR-targeted therapy in
lung cancer. Biochim Biophys Acta Rev Cancer. 2019;1871(1):29-39.
Erin N, Grahovac J, Brozovic A, Efferth T. Tumor microen-
vironment and epithelial mesenchymal transition as targets
to overcome tumor multidrug resistance. Drug Resist Updat.
2020;53:100715.

Luo J, Yao JF, Deng XF, et al. 14, 15-EET induces breast cancer
cell EMT and cisplatin resistance by up-regulating integrin al-
phavbeta3 and activating FAK/PI3K/AKT signaling. J Exp Clin
Cancer Res. 2018;37(1):23.

Kong D, Zhou H, Neelakantan D, et al. VEGF-C mediates tumor
growth and metastasis through promoting EMT-epithelial
breast cancer cell crosstalk. Oncogene. 2021;40(5):964-979.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

. 12927
Cancer Medicine _ “WI LEYJ—

Shao S, Piao L, Wang J, et al. Tspan9 induces EMT and pro-
motes osteosarcoma metastasis via activating FAK-Ras-ERK1/2
pathway. Front Oncol. 2022;12:774988.

Chen X, Chen RX, Wei WS, et al. PRMTS5 circular RNA pro-
motes metastasis of urothelial carcinoma of the bladder
through sponging miR-30c to induce epithelial-mesenchymal
transition. Clin Cancer Res. 2018;24(24):6319-6330.

Jiang X, Zhang Z, Song C, et al. Glaucocalyxin A reverses
EMT and TGF-betal-induced EMT by inhibiting TGF-betal/
Smad2/3 signaling pathway in osteosarcoma. Chem Biol
Interact. 2019;307:158-166.

Zhang Y, Cheng H, Li W, Wu H, Yang Y. Highly-expressed
P2X7 receptor promotes growth and metastasis of human
HOS/MNNG osteosarcoma cells via PI3K/Akt/GSK3beta/beta-
catenin and mTOR/HIFlalpha/VEGF signaling. Int J Cancer.
2019;145(4):1068-1082.

Chen J, Liu G, Wu Y, et al. CircMYO10 promotes osteosarcoma
progression by regulating miR-370-3p/RUVBLI axis to enhance
the transcriptional activity of beta-catenin/LEF1 complex via
effects on chromatin remodeling. Mol Cancer. 2019;18(1):150.
Sui S, An X, Xu C, et al. An immune cell infiltration-based im-
mune score model predicts prognosis and chemotherapy effects
in breast cancer. Theranostics. 2020;10(26):11938-11949.

Mani SA, Guo W, Liao MJ, et al. The epithelial-mesenchymal
transition generates cells with properties of stem cells. Cell.
2008;133(4):704-715.

Tang Q, Chen J, di Z, et al. TM4SF1 promotes EMT and cancer
stemness via the Wnt/beta-catenin/SOX2 pathway in colorectal
cancer. J Exp Clin Cancer Res. 2020;39(1):232.

Puisieux A, Brabletz T, Caramel J. Oncogenic roles of EMT-
inducing transcription factors. Nat Cell Biol. 2014;16(6):488-494.
Wang M, Zhao X, Zhu D, et al. HIF-1alpha promoted vasculo-
genic mimicry formation in hepatocellular carcinoma through
LOXL2 up-regulation in hypoxic tumor microenvironment. J
Exp Clin Cancer Res. 2017;36(1):60.

Petit V, Thiery JP. Focal adhesions: structure and dynamics. Biol
Cell. 2000;92(7):477-494.

Yang X, Chen L, Mao Y, Hu Z, He M. Progressive and prognos-
tic performance of an extracellular matrix-receptor interaction
signature in gastric cancer. Dis Markers. 2020;2020:8816070.
Lu J, Zhang ZL, Huang D, et al. Cdk3-promoted epithelial-
mesenchymal transition through activating AP-1 is involved in
colorectal cancer metastasis. Oncotarget. 2016;7(6):7012-7028.
Chen T, Li K, Liu Z, et al. WDRS5 facilitates EMT and metas-
tasis of CCA by increasing HIF-lalpha accumulation in Myc-
dependent and independent pathways. Mol Ther. 2021;29(6):
2134-2150.

Lai M, Liang L, Chen J, et al. Multidimensional proteomics reveals
a role of UHRF2 in the regulation of epithelial-mesenchymal
transition (EMT). Mol Cell Proteomics. 2016;15(7):2263-2278.

Li J, Zhang Z, Feng X, et al. Stanniocalcin-2 promotes cell
EMT and glycolysis via activating ITGB2/FAK/SOX6 signal-
ing pathway in nasopharyngeal carcinoma. Cell Biol Toxicol.
2022;38(2):259-272.

McMillin DW, Delmore J, Negri J, et al. Molecular and cellular
effects of multi-targeted cyclin-dependent kinase inhibition in
myeloma: biological and clinical implications. Br J Haematol.
2011;152(4):420-432.

Shi D, Mu S, Pu F, et al. Integrative analysis of immune-related
multi-omics profiles identifies distinct prognosis and tumor


https://doi.org/10.1038/nbt.4314

%LW[ LEY_Cancer Medicine

50.
51.

52.

GONG ET AL.

Open Access.

microenvironment patterns in osteosarcoma. Mol Oncol.
2022;16(11):2174-2194.

Teo T, Kasirzadeh S, Albrecht H, Sykes MJ, Yang Y, Wang S. An
overview of CDK3 in cancer: clinical significance and pharma-
cological implications. Pharmacol Res. 2022;180:106249.

Yang M, Zheng H, Xu K, et al. A novel signature to guide
osteosarcoma prognosis and immune microenvironment:
Cuproptosis-related IncRNA. Front Immunol. 2022;13:919231.
Fu Y, Bao Q, Liu Z, et al. Development and validation of a
hypoxia-associated prognostic signature related to osteosar-
coma metastasis and immune infiltration. Front Cell Dev Biol.
2021;9:633607.

SUPPORTING INFORMATION
Additional supporting information can be found online in
the Supporting Information section at the end of this article.

How to cite this article: Gong H, Tao Y, Xiao S,
et al. Identification of an EMT-related gene-based
prognostic signature in osteosarcoma. Cancer Med.
2023;12:12912-12928. doi:10.1002/cam4.5942



https://doi.org/10.1002/cam4.5942

	Identification of an EMT-­related gene-­based prognostic signature in osteosarcoma
	Abstract
	1|INTRODUCTION
	2|MATERIALS AND METHODS
	2.1|Data collection
	2.2|Construction and validation of the EMT-­Related gene signature
	2.3|Correlation analysis between TME and constructed signature
	2.4|Functional annotation and Gene Set Variation Analysis (GSVA)
	2.5|Single-­cell RNA sequencing analysis
	2.6|Therapeutic prediction potential of ERG signature
	2.7|Immunohistochemistry (IHC)
	2.8|Cells culture
	2.9|Cell transfection and real-­time quantitative polymerase chain reaction (RT-­qPCR)
	2.10|EdU incorporation assay
	2.11|Cell migration assay
	2.12|Statistical analysis

	3|RESULTS
	3.1|Identification of prognostic ERGs and construction of an ERG-­based risk signature
	3.2|Prognostic significance of ERG signature in common clinical variables
	3.3|ERG signature stratification correlated with OS microenvironment and biological functions
	3.4|Single cell sequencing evaluated the correlation between ERG signature stratification and immunity
	3.5|Cell communication pattern of the ERG signature
	3.6|Predictive performance of ERG signature on therapeutic strategies
	3.7|Biological correlations of CDK3 in OS cells and Pan-­cancer

	4|DISCUSSION
	5|CONCLUSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	FUNDING INFORMATION
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT

	ETHICS STATEMENT
	ETHICS APPROVAL AND CONSENT TO PARTICIPATE
	CONSENT FOR PUBLICATION
	REFERENCES


