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Simple Summary: Osteosarcoma (OSA) is the most common primary malignant bone tumor. More
than 40% of patients with OSA have poor prognoses. It is essential to discover these high-risk pa-
tients and give them more effective therapeutics as soon as they are diagnosed. But no ideal bi-
omarker could be used to separate these high-risk patients from the low-risk patients and guide
more precise treatment decisions. To solve this problem, we constructed a seven-gene signature
based on the transcriptome data of OSA biopsy specimens, whose prognostic value was validated
in the training cohort (88 patients) and two independent cohorts (53 patients and 84 patients, re-
spectively). Additionally, RPS28 was found to promote proliferation and metastasis of OSA cells
and simultaneously facilitate immune escape in high-risk patients. Therefore, RP528 could be a po-
tential therapeutic target worthy of further investigation.

Abstract: Osteosarcoma (OSA) is the most common primary malignant bone tumor. More
than 40% of patients with OSA have poor prognoses. We aimed to discover a biomarker
for patient stratification and therapeutic targets for these high-risk patients. Using Single
Sample Gene Set Enrichment Analysis (ssGSEA) and univariate Cox analysis, six hall-
marks were identified as significant prognostic factors for overall survival (OS). Three
were selected to construct a multivariate Cox model. Then, WGCNA, univariate Cox re-
gression, Kaplan-Meier (KM) survival analyses, and multivariate Cox analyses were com-
bined to filter promising candidates and establish a seven-gene signature to predict OS,
whose prognostic value was validated internally and externally. Subsequently, Differen-
tial Expression Analysis was conducted between high- and low-risk patients, and the Ro-
bust Rank Aggregation algorithm was used to determine the robust DEGs. Metascape
was used to perform pathway and process enrichment analyses as well as construct pro-
tein-protein interaction (PPI) networks. Finally, RPS28 was identified as an independent
risk factor by using univariate and multivariate Cox regression, which was preliminarily
validated as a promising therapeutic target by using RNA interference. In conclusion, we
might contribute to optimizing risk stratification and an excellent therapeutic target for
high-risk patients with OSA.

Keywords: osteosarcoma; hallmarks of cancer; predictive model; immune escape; ribosome biogen-
esis; RPS28
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1. Introduction

Osteosarcoma (OSA), the most common primary malignant solid tumor of bone, pre-
dominantly occurs in adolescents with a second peak in incidence among adults aged >65
years [1]. The standard therapy for OSA, comprising neoadjuvant chemotherapy, surgical
removal of the primary lesion along with clinically evident metastatic disease followed by
adjuvant chemotherapy, was established in the 1980s and developed gradually, resulting
in long-term survival in >60% of patients with localized disease [2-4]. Unfortunately, lim-
ited progress has been made in improving the survival of patients with OSA [5,6]. As a
result, more than 40% of OSA patients' prognoses are still poor, especially for those who
have high-risk factors, including Enneking stage III [7] and Huvos grade I/II [8,9]. How-
ever, such qualitative assessments are relatively subjective, time-consuming, and some-
times inaccurate [10]. Additionally, more intensified adjuvant chemotherapy for the pa-
tients in high risk separated by Huvos grade was found only increasing toxicity without
improving event-free survival [11]. Therefore, it is imperative to discover actionable bi-
omarkers for patient stratification and effective therapeutic targets for high-risk patients
with this rare but devastating malignancy.

With the rapid development of high-throughput gene detection technology, such as
microarrays and next-generation sequencing, multi-omics data of tumors were available
to identify novel diagnostic or prognostic biomarkers as well as therapeutic targets for
various types of cancers by applying deep learning to analyze large and disparate datasets
from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) [12]. As
for OSA, because of its rareness, only a few small datasets are accessed in GEO, and the
database named Therapeutically Applicable Research To Generate Effective Treatments
(TARGET), which have been used to construct multitudinous signatures to predict the
prognosis of patients with OSA, including a four-methylated LncRNA signature [13], hy-
poxia-associated signature [14], glycolysis-related signature [15], immune-related signa-
ture [16-18]. But few of them aimed to identify novel therapeutic targets for further exper-
imental validation. Besides, most of these studies just focused on one kind of molecule or
pathway selected according to currently popular areas, with more or less bias, which may
compromise the prediction power and reliability.

Weighted Gene Co-expression Network Analysis (WGCNA) is a systems biology
method widely used to reveal the relevance of genes and sample traits [19], which was
frequently used in OSA datasets to identify the hub genes associated with survival time,
metastasis, and alive status [20-22]. However, there are many factors, such as the different
follow-up times of each patient, influencing these sample traits. Recently, it was reported
to be a reliable method using WGCNA to reveal the hub genes correlated to a linear pa-
rameter with prognostic significance, such as the normalized enrichment score (NES) of
gene sets [16,23].

In the Molecular Signatures Database (MSigDB), there are fifty hallmark gene sets,
which convey specific biological states or processes correlated with cancers, such as P53
PATHWAY, HYPOXIA, and WNT BETA CATENIN SIGNALING [24,25], in which HY-
POXIA was identified as a dominant risk factor for overall survival in lung adenocarci-
noma patients [23], and seven gene sets were found to be associated with the metastasis
status of OSA patients [15]. But few studies reported the relationship between these fifty
hallmarks gene sets with the overall survival of OSA patients.

In this study, we attempted to discover the hallmarks with prognostic significance
for OSA patients, based on which a robust gene signature for prognosis prediction and
patient stratification was constructed. Besides, many efforts were taken to discover and
validate the therapeutic targets preliminarily for high-risk OSA patients across three co-
horts. Firstly, the NES of the fifty hallmarks in the TARGET-OS cohort were calculated by
Single Sample Gene Set Enrichment Analysis (ssGSEA), of which three hallmarks, UV RE-
SPONSE UP, CHOLESTEROL HOMEOSTASIS, and XENOBIOTIC METABOLISM, were
found to be independent prognostic factors for overall survival via univariate and multi-
variate Cox regression, which were used to construct a multivariate Cox model, by which
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a linear parameter of each case, was calculated and named as RiskScoreByGS. Subse-
quently, WGCNA was used to find the most correlated gene modules to the RiskScore-
ByGS and the NES of the three hallmarks. Afterward, multiple methods were combined
to screen for robust biomarkers and construct a seven-gene signature to separate OSA
patients into high- and low-risk groups, which was further validated using microarray
datasets GSE21257 and GSE42352. Furthermore, Differential Expression Analysis, Robust
Rank Aggregation (RRA) [26], Metascape [27], univariate and multivariate Cox regression
analyses were combined to discover novel therapeutic targets for patients in the high-risk
group. Finally, multiple platforms and methods were used to preliminarily validate that
RPS28 functions as a tumor promoter by promoting proliferation and metastasis of OSA
cells and simultaneously facilitating immune escape in the high-risk patients stratified by
the signature, making it a potential therapeutic target worthy of further investigation.

2. Materials and Methods
2.1. Datasets Collection and Preparation

HTseq-Counts, HT-seq FPKM (Fragments Per Kilobase Million), and corresponding
clinical data of 88 OSA patients in the TARGET-OS Project were downloaded through the
Genomic Data Commons (GDC) Data Transfer Tool (GDC-client_v1.6.1_Win-
dows_x64.zip) from GDC data portal (https://portal.gdc.cancer.gov/). The FPKM value
was transformed to TPM (Transcripts per million) value for further analyses. GSE21257
and GSE42352 were downloaded by using R languages (version 4.0.2) via R package
"GEOquery" (version 2.58.0). The clinicopathological characteristics of the three cohorts
are displayed in Table 1. In the TARGET-OS cohort, there are 88 cases but only 85 with
overall survival time >0 and 81 patients with event-free survival time > 0. In the GSE21257
cohort, there are 53 cases with overall survival time > 0, of which only 39 patients with
event-free survival time > 0. In the GSE42352 cohort, there are 84 cases without survival
time, in which only 53 cases with the information about whether metastasis occurred
within five years. Besides, the data of 19 OSA cell lines (OS), 12 mesenchymal stem cells
(MSC), and three osteoblasts (OB) in GSE42352 were also used. Additionally, several open
access platforms were also used, including R2: Genomics Analysis and Visualization Plat-
form (https://hgserverl.amc.nl/cgi-bin/r2/main.cgi), The Query Gene Function on TIDE
(http://tide.dfci.harvard.edu/query) and The Human Protein Atlas (HPA)
(https://www.proteinatlas.org/).

Table 1. Clinicopathological characteristics of osteosarcoma patients used in this research

Training Cohort Validation Cohort Validation Cohort
Characteristics TARGET-0S GSE21257 GSE42352
(N=88)1 (N=53)2 (N=84)°
Age (median [IQR') - 111500 1800 17.00 [14.00, 19.00] 16.00 [14.00, 19.50]
(years)
Gender (%)
Female 37 (43.0) 19 (35.8) 29 (34.9)
Male 49 (57.0) 34 (64.2) 54 (65.1)
Response (%)
good 18 (41.9) 18 (38.3) 33 (46.5)
poor 25 (58.1) 29 (61.7) 38 (53.5)
Dead (%)
no 57 (66.3) 30 (56.6) NA
yes 29 (33.7) 23 (43.4) NA

0OS* (median [IQR]) 47.00 [21.00, 69.00] 45.00 [27.00, 94.00] NA
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(months)
Relapse> (%)
no 44 (53.7) 19 (35.8) 19 (35.8)
yes 38 (46.3) 34 (64.2) 34 (64.2)
EFS (median [IQRD ) =115 10 63.00] 21.00 [0.00, 77.00] NA
(months)
Enneking Stage (%)
11 22 (25.0) 14 (26.4) NA
non-III 66 (75.0) 39 (73.6) NA

1 Only 85 cases with overall survival time > 0; Only 81 cases with event-free survival time >0.

2 Only 39 cases with event-free survival time > 0.

3 Only 53 cases with the information about whether metastasis occurred within five years

4. Qverall survival

5 Local or distant recurrence

¢ Event-free survival, Event: local or distant relapse

7 Interquartile Range

2.2. Single Sample Gene Set Enrichment Analysis (ssGSEA) and Selection of Significant
Hallmarks

The fifty hallmark gene sets were downloaded from the Molecular Signatures Data-
base (MSigDB) [25]. The normalized enrichment score (NES) of each hallmark of the 88
cases in the TARGET-OS cohort were quantified by the ssGSEA algorithm via R package
"gsva" (version 1.38.2 ) based on transcriptome profiling data presented as log2 (TPM+1) .
The significance of different hallmarks in the TARGET-OS cohort was evaluated via uni-
variate Cox regression for overall survival using the R package "survival" (version 3.1-12).
With a threshold of p-value < 0.05, the significant hallmarks were selected for the follow-
ing analysis.

2.3. Construction and Validation of Multivariate Cox Model Based on Hallmarks

The significant hallmarks mentioned above were screened according to the Akaike
information criterion (AIC) [28] by using the R package "my. stepwise" (version 0.1.0).
Finally, using the R package "survival”, selected hallmarks were used to construct a mul-
tivariate Cox proportional-hazard model based on 85 cases with overall survival time > 0.
Then, the RiskScoreByGS of all patients was calculated using the function: predict (model,
data). The patients with appropriate prognostic information were divided into two groups
using the median of RiskScoreByGS as the cut-off value. The Kaplan-Meier (KM) survival
analysis was used to assess the clinical predictive capacity of the RiskScoreByGS via "sur-
vminer" packages (version 0.4.9).

2.4. Weighted Gene Co-expression Network Analysis (WGCNA) and Selection of the Highest
correlated modules

In the TARGET-OS dataset, 88 cases with RiskScoreByGS and the NESs of the three
hallmarks were used for performing WGCNA to identify the modules most correlated
with the RiskScoreByGS and each hallmark. The TPM matrix of 19690 mRNAs in 88 cases
was constructed, in which 6726 mRNAs, whose TPM values were 0 in more than 44 cases,
were removed. Finally, 12964 mRNAs with median absolute deviation (MAD) > 0.01 were
selected as input data for subsequent WGCNA using the R package "wgcna" (version 1.70-
3). No outlier samples were detected and excluded with sample hierarchically clustering
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method before six was selected as an appropriate soft threshold power for achieving
standard scale-free networks. Furthermore, via the construction of adjacency and topo-
logical overlap matrix (TOM) and the calculation of corresponding dissimilarity (1-TOM),
gene dendrogram and module identification were achieved with dynamic tree cut, and
the minimum module size was 30. Additionally, clustering of module eigengenes was
conducted to merge highly similar modules with dissimilarity < 0.25. The correlation be-
tween module eigengene and sample traits, including RiskScoreByGS, as well as the NESs
of UV RESPONSE UP, CHOLESTEROL HOMEOSTASIS, and XENOBIOTIC METABO-
LISM, was calculated. Finally, two modules were selected for the following analyses.

2.5. Establishment and Validation of Multivariate Cox Model Based on Gene Signature Related
to the RiskScoreByGS

The genes of two selected modules were conducted a large-scale survival analysis
using the R package "survival". With a threshold of the p-value of univariate Cox regres-
sion < 0.01 as well as the p-value of log-rank test < 0.01, 43 genes were selected and used
as candidates to be further filtered according to Akaike information criterion (AIC) [28].
Finally, selected genes were used to construct a multivariate Cox proportional-hazard
model to predict overall survival (OS) using the R package "survival". The Risk Score was
calculated by using a function: predict (model, data). OSA patients were divided into two
groups by using the median Risk Score as the cut-off value. The Kaplan-Meier survival
analysis was used to assess the clinical predictive capacity of the Risk Score in the whole
cohort and subgroups via "survminer” packages (version 0.4.9). Time-dependent receiver
operating characteristic curves (tROC) was performed to measure the predictive power,
and the areas under the curve at different time points [AUC(t)] of our signature and other
clinicopathological prognostic factors were compared. Furthermore, the value of patients
stratification of this signature was validated in GSE21257 and GSE42352, in which, R pack-
age "ggstatsplot” (version 0.8.0) was used to conduct Chi-square test and visualization.
Finally, based on this multivariate Cox model, a nomogram and a calibration curve were
plotted using the R package "regplot” (version 1.1) and "rms" (version 6.2-0), respectively.

2.6. Differential Expression Analysis and Robust Rank Aggregation Analysis

The patients in TARGET-OS, GSE21257, and GSE42352 were separated into low- and
high-risk groups according to the respective median of Risk Score predicted based on the
multivariate Cox model mentioned above. Differential Expression Analysis was con-
ducted between high-risk cases and low-risk cases by using the R package "limma" (ver-
sion 3.46.0) and "edgeR" (version 3.32.1). To integrate the three datasets, we used Robust
Rank Aggregation (RRA) method to determine the robust differential expressed genes
(DEGs) by using the R package "RobustRankAggreg" (version 1.1), which was reported as
a standard method to minimize the bias and errors among several datasets [29]. Genes
with the mean of |log2(fold change)! > 0.69 and p-value < 0.05 were considered as the
significant robust DEGs. Finally, the Metascape database (https://metascape.org/) [27] was
used for functional and pathway enrichment analyses. A min overlap = 3 & p-value <
0.01 was considered statistically significant. Protein-protein interaction (PPI) enrichment
analyses were carried out and visualized, and Molecular Complex Detection (MCODE)
algorithm was applied to identify densely connected network components.

2.7. Assessment of Immune Infiltration

R package "estimate" (version 1.0.13) [30] was used to calculate ImmuneScore, Stro-
malScore, EstimateScore, and TumorPurityScore, whose correlation with Risk Score as
well as RPS28 was calculated and visualized using R package "ggpubr" (version 0.4.0).
The relative enrichment scores of 24 immune cell types in the tumor microenvironment
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were estimated using the Immune Cell Abundance Identifier ImmuneCellAl) [31], whose
correlation with down-regulated genes was further analyzed and visualized by using the
R package "pheatmap" (version 1.0.12) with a little modified.

2.8. Immunohistochemistry

OSA tissues along with para-tumor soft tissues were obtained from five OSA patients
who have been conducted limb-sparing or amputation surgery from January to June in
2021, whose corresponding normal bone tissues were harvested from the broken-end of
tumor segments. This study followed standard guidelines and was approved by the Ethics
Committee of Shanghai Jiao Tong University Affiliated Sixth People's Hospital, Shanghai,
PR China. Written informed consent was obtained from all participants, whose demo-
graphic information and clinicopathological characteristics were displayed in Table 2.
OSA tissues were fixed in 4% paraformaldehyde. Bone tissues were decalcified in 10%
ethylenediaminetetraacetic acid decalcification solution. All tissues were dehydrated, em-
bedded in paraffin. Subsequently, four pm-thick tissue sections were stained with pri-
mary antibodies against RPS28 (Sigma-Aldrich Cat#¥ HPA047132, dilution 1:100, Saint
Louis, State of Missouri, USA) and a horseradish peroxidase-conjugated IgG (Servicebio,
Wuhan, China). The staining results were shown by diaminobenzidine (DAB), scanned
using the NDP NanoZoomer 5210 (Hamamatsu, ShizuokaPref, Japan), and analyzed with
the NDP view 2.0 software.

Table 2. Demographic information and clinicopathological characteristics of the patients in our cohort.

Tumor
. Tumor Tumor Tumor Eenneking . Pathological
Ethnicity Gender Age . . . Surgery necrosis . .
side site region stage diagnosis
rate
Han Male 38  Right Femur  Distal III Limb-sparing 85% Classical OSA
Han Male 20  Right Femur  Distal I Amputation 5% Classical OSA
Han Male 42 Left  Femur Proximal IIB Limb-sparing 30% Classical OSA
Han Female 10  Right Tibia Proximal IIB Limb-sparing 15% Classical OSA
Han Female 9 Left Tibia  Proximal IIB Limb-sparing 66% Classical OSA

2.9. Cell Line and Cell Culture

As described before [32], all of the human OSA cell lines were purchased from the
Chinese Academy of Sciences (Shanghai, China) and cultured in Dulbecco's modified Ea-
gle's medium (DMEM) (Hyclone, Tauranga, New Zealand) with 10% fetal bovine serum
(FBS) (Gibco, NY, USA), as well as penicillin (100 U/ml) and streptomycin (100 pg/ml)
(Invitrogen, CA, USA) at 37°C in a humidified 5% CO2 atmosphere.

2.10. RNA extraction and quantitative real-time-PCR

Total RNA was isolated using TRIzol Reagent (Life Technologies, CA, USA), then
used to synthesize complementary DNA using the iScript cDNA Synthesis Kit (Bio-Rad,
CA, USA). Subsequently, quantitative real-time PCR was conducted using SYBR premix
Ex Taq (Takara, Liaoning, China) and ABI 7500 Sequence Detection System (Thermo
Fisher Scientific, MA, USA). All procedures were performed according to the manufac-
ture's protocols. The sequences of primers used are listed as follows: GAPDH, forward,
5-GGAGCGAGATCCCTCCAAAAT-3' and reverse, 5-GGCTGTTGTCAT-
ACTTCTCATGG-3'; RPS28, forward, 5-GACACGAGCCGATCCATCATC-3' and reverse,
5-TGACTCCAAAAGGGTGAGCAC-3'.
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2.11. RNA Interference

RPS28 siRNA duplexes and corresponding si-control were purchased from RiboBio
(Guangzhou, China). The sequences targeting RSP28 were as follows: si-RPS28-1, 5'-
CCATCATCCGCAATGTAAA-3; si-RPS28-2, 5-GCTCACCCTTTTGGAGTCA-3’; si-
RPS28-3, 5-TGCGCGTGGAATTCATGGA-3'. According to the manufacturer's protocol,
transient transfections were performed with Lipofectamine 3000 (Invitrogen, CA, USA).

2.12. Western Blotting analysis

Protein was extracted from RPS28-knockdown and control MG-63 cells using RIPA
lysis buffer (CST, MA, USA), whose concentration was assessed using the Bicinchonimic
acid Protein Assay Kit (Pierce, IL, USA). Cell homogenates containing equal amounts of
protein were separated on 10% SDS-PAGE and then transferred on 0.22-pm polyvinyli-
dene difluoride membranes, which were blocked with 5% skimmed milk for one hour at
room temperature. After being incubated with primary antibody (1:1000) overnight at
four °C, the membranes were washed twice with TBST and incubated with horseradish
peroxidase- (HRP) linked secondary antibodies (1:5000) at room temperature for one hour.
ECL Kit (Servicebio, Wuhan, China) was used to visualize the blots. The primary antibod-
ies used were GAPDH Rabbit mAb (A19056) (Abclonal, Wuhan, China) and RPS28 Rabbit
pAb (A17937) (Abclonal, Wuhan, China). The secondary antibody used was HRP Goat
Anti-Rabbit IgG (H+L) (AS014) (Abclonal, Wuhan, China).

2.13. Cell Counting Kit-8 Assay and Colony Formation Assay

Cell counting kit-8 (CCK-8) and colony formation assays were conducted to assess
the proliferation of OSA cells. For the CCK-8 assay, RPS28-knockdown and control MG-
63 cells were seeded in 96-well plates in triplicate at a density of 3 x 10% cells/well. The cell
viability was evaluated quantitatively at the indicated timepoints by adding 100 pL fresh
culture medium with 10% CCK-8 reagent (Dojindo Laboratories Co., Ltd., Kumamoto,
Japan) to each well after removing the old medium, followed by incubation at 37°C for 1
hour and detecting the optical density (O.D.) at 450 nm by using a microplate reader (BI-
OTEK, Vermont, USA). Finally, each O.D. value was normalized to the control group's
average to obtain the ratio of viable cells, as published previously [32].

For the colony formation assay, RPS28-knockdown and control MG-63 cells were
seeded in 6 cm dishes in triplicate at a density of 1 x 10° cells/dish, then cultured with the
medium replaced every three days. After one week, colonies were fixed with 4% para-
formaldehyde, stained with 1% crystal violet, washed with phosphate-buffered saline
(PBS) solutions, and photographed. The number of clones with more than 50 cells was
counted.

2.14. Wound Healing, Transwell Migration, and Matrigel Invasion Assays

For the wound healing assay, RPS28-knockdown and control MG-63 cells were
seeded in 6-well plates in triplicate. Cells were scratched with a 200 pL sterile pipette tip
to make a gap when the cell density reached approximately 90%, which were further
cultured in serum-free medium for 24 hours. The gaps were observed and photographed
at 0 and 24 hours by CKX41 inverted microscopy (Olympus, Tokyo, Japan) and analyzed
with Fiji Image ] Software.

For transwell migration assay, cells were pretreated with 10ug/ml mitomycin C
(Selleck Chemicals, TX, USA) for two hours. Then, 5 x 104 cells with 100 pL serum-free
DMEM were seeded into the upper transwell® chamber (Corning #3422) (Corning, NY,
USA), whose lower chamber was added 600 uL DMEM with 10% FBS. After incubation
for 48 h, cells in the bottom chamber were fixed with 4% paraformaldehyde, stained with
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1% crystal violet, washed with PBS solutions, and photographed. Three random fields of
vision were captured and counted the fixed cells.

Matrigel invasion assay was carried out with Corning® BioCoat™ Matrigel Invasion
Chambers (#354480)( Corning, NY, USA). Briefly, 5 x 10* cells with 100 pL serum-free
DMEM were seeded into the upper chamber, whose lower chamber was added 600 pL
DMEM with 10% FBS. After incubation for 72 h, cells in the bottom chamber were stained,
imaged, and counted as the same methods in the migration assay.

2.15. Statistical and Other Computational Analyses

Unless stated otherwise, statistical analyses were conducted based on the R language
(version 4.0.2) (https://cran.r-project.org/) and Graphpad Prism Version 9.0 software. All
experiments were performed at least three times independently, and results are expressed
asmeans * standard deviation (S.D.). The student's t-test was used to analyze differences
between the two groups. The differences were considered significant if p-value <0.05.

3. Results

3.1. Schematic Diagram of the Research Design

Firstly, six hallmark gene sets are identified as significant risk or protective factors
for overall survival in OSA patients. Three were selected to construct a multivariate Cox
model based on gene sets (Figure 1a). Then, WGCNA, univariate Cox regression analysis,
Kaplan-Meier (KM) survival analysis, and multivariate Cox regression were combined to
filter promising candidates and establish a gene signature to predict overall survival (Fig-
ure 1b). Subsequently, the prognostic value of the gene signature was assessed and vali-
dated in the training and two independent validation cohorts (Figure 1c). Differential Ex-
pression Analysis was conducted between high- and low-risk patients, separated accord-
ing to the median Risk Score in three independent cohorts, respectively. The Robust Rank
Aggregation method was used to determine the robust DEGs. The upregulated and down-
regulated DEGs were respectively imported into Metascape to perform pathway and pro-
cess enrichment analyses as well as construct protein-protein interaction (PPI) networks,
in which the Molecular Complex Detection (MCODE) algorithm has been applied to iden-
tify densely connected network components, which may be the critical therapeutic targets,
in which RPS28 was identified as an independent prognostic factor (Figure 1d). Finally,
RPS28 was preliminarily validated as a promising therapeutic target using multiple meth-
ods (Figure 1e).
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Figure 1. Schematic diagram of the research design. (a) Three hallmarks were selected to construct
a multivariate Cox model for overall survival in OSA patients; (b) Combined methods were con-
ducted to establish a gene signature for prognosis; (c) Assess and validate the predictive value of
the gene signature; (d) Identify therapeutic targets for patients in the high-risk group separated by
the gene signature; (e) Preliminarily validate RPS28 as promising therapeutic target using multiple
methods.

3.2. Construction of Multivariate Cox Proportional-Hazard Model Based on Hallmark Gene Sets

Based on the NES of cancer hallmarks and overall survival information in the TAR-
GET-OS cohort, the Cox coefficient of each hallmark was calculated. With the threshold
of the p-value of univariate Cox regression < 0.05, six significant hallmarks were discov-
ered and displayed (Figure 2a), in which three were selected further to construct a multi-
variate Cox proportional-hazard model, including UV RESPONSE UP, CHOLESTEROL
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HOMEOSTASIS, and XENOBIOTIC METABOLISM (Figure 2b). The RiskScoresByGS of
85 samples in this cohort were calculated and ranked, of which the median was used as
the cut-off value to divide 85 patients into low-risk and high-risk groups (Figure 2c). After
that, the overall survival status of the two groups of patients was displayed and compared
(Figure 2d, Figure2f). A heatmap was drawn to illustrate the profiles of the three hall-
marks in all samples (Figure 2e). Kaplan-Meier (KM) curves demonstrated that low-risk
patients had better survival than high-risk ones (p = 0.0017), showing that RiskScoreByGS
has a practical value for predicting overall survival (Figure 2f). The same analyses were
conducted in 81 patients whose event-free survival data could be obtained, further vali-
dating the RiskScoreByGS had a remarkable prognostic value (Figure 2g-2j).

Univariate Cox
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Figure 2. Construction of multivariate Cox model based on hallmark gene sets. (a) Six hallmarks of cancer were found
correlated with the overall survival of OSA patients using univariate Cox regression analysis; (b) Three hallmarks were
selected to construct a multivariate Cox model for overall survival; (¢, g) Distribution of RiskScoreByGS in high- and low-
risk group. Overall survival status (d) and event-free survival status (h) between the high- and low-risk group; (e, i).
Heatmap of the profile of three hallmarks. Kaplan-Meier survival curve of overall survival (f) and event-free survival (j)
between the low- and high-risk group.
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3.3. Establishment of Multivariate Cox Proportional-Hazard Model Based on Gene Signature
Related to the Significant Hallmark Gene Sets

WGCNA was conducted using transcriptome profiling data of 88 samples in the
TARGET-OS cohort to find the modules related to the RiskScoreByGS and the NESs of the
three significant hallmark gene sets (Figure Sla). 3 = 6 and R2 = 0.85 were recognized as
the soft-threshold for scale-free network (Figure S1b). The minimum module size was set
at 30, and modules with a correlation coefficient greater than 0.75 were merged. Subse-
quently, 58 modules were set up (Figure S1c). Module-trait relationships’ heatmaps (Fig-
ure 3a) demonstrated that the module most negatively correlated with RiskScoreByGS-
trait (correlation coefficient = - 0.39, p = 0.0002), mediumpurple3, was most positively cor-
related with XENOBIOTIC METABOLISM-trait (correlation coefficient =-0.41, p = 7e-05),
and the module most positively correlated with RiskScoreByGS-trait (correlation coeffi-
cient = 0.51, p = 7e-05), dark green, was most positively correlated with UV RESPONSE
UP-trait (correlation coefficient =0.32, p = 0.002) as well as CHOLESTEROL HOMEOSTA-
SIS-trait (correlation coefficient = -0.34, p = 0.001). Gene significances of RiskScoreByGS-
trait versus two module memberships were displayed in Figure 3b-3c. The genes in two
modules were combined, and conducted a large-scale survival analysis in 85 patients
whose overall survival information could be obtained. With a threshold of the p-value of
univariate Cox regression < 0.01 and the p-value of log-rank test < 0.01, 43 genes were
selected, displayed in Figure 3d, and used as candidates to be further filtered. Finally,
seven genes (Table 3) were selected to construct a multivariate Cox proportional-hazard
model for predicting overall survival, with a global p-value and concordance index of
5.5633e-11 and 0.86, respectively (Figure 3e).

Table 3. Univariate Cox and log-rank test.

1.42-3.45 0 0.003927561

Gene Description H.R. 95% CI P.value P value of log-rank
MMD monocyte to macrophage differen- o so0 (55 g 64 0 0.002276441
tiation associated
CD180 CD180 molecule 0.429 (0.24-0.76) 0.004 0.003298091
FUCA1 alpha-L-fucosidase 1 0519 (0.34-0.78) 0.002 0.006954024
SLCBA3 solute carrier family 8 member A3 1313 (1.07-1.61) 0.009 0.007659437
CORT cortistatin 1.653 (1.30-2.11) 0 0.001457926
COL5A2 collagen type V alpha 2 chain 1.761 (1.21-2.55) 0.003 0.003363175
( )

CDC42EP3 CDC42 effector protein 3 2211
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Figure 3. Establishment of multivariate Cox model based on gene signature related to RiskScoreByGS. (a) Heatmaps of
the module-trait relationship between gene modules and traits of RiskScoreByGS and the NESs of three hallmarks; Scatter
plot of genes in dark green module (b) and mediumpurple3 module (c); (d) Volcano plot showing the significant genes in
dark green and mediumpurple3 modules; (e) Forest plot displaying Hazard ratio of seven multivariate Cox candidates
genes for overall survival.

3.3. Assessment and Validation of the Prognostic Value of Multivariate Cox Proportional-Hazard
Model Based on Gene Signature

According to the multivariate Cox proportional-hazard model based on the seven-
gene signature, Risk Scores of 85 samples in the TARGET-OS cohort were calculated and
ranked. The median was used as the cut-off value to separate 85 patients into low-risk and
high-risk groups (Figure 4a). After that, the overall survival status of the two group pa-
tients was displayed and compared (Figure 4b, Figure 4d). A heatmap was drawn to illus-
trate the expression profiles of the seven genes in the corresponding samples (Figure 4c).
Kaplan-Meier (KM) curves demonstrated low-risk patients had remarkably better sur-
vival than high-risk ones (p < 0.0001) (Figure 4d). Time-dependent ROC curves indicated
that this multivariate Cox model had good robustness with a 1-year AUC of 0.75, 3-years
AUC 0f 0.89, and 5-years AUC of 0.9 (Figure 4e). When compared with clinicopathological
characteristics, including gender, age, stage, and response to neoadjuvant chemotherapy,
the prognostic value of this gene signature exhibited the most potent and stable ability for
predicting overall survival most of the time (Figure 4f).

To further evaluate the independence and applicability of this seven-gene signature,
patients were separated into different subgroups according to clinicopathological charac-
teristics and performed KM survival analysis. The KM curves showed that regardless of
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gender, age, stage, and response to neoadjuvant chemotherapy, significant differences be-
tween the overall survival of low-risk and high-risk patients were observed (Figure 5a-
5h). The same analyses were conducted in 81 patients whose event-free survival data
could be obtained, further validating this gene signature had a remarkable prognostic
value (Figure 4g-4i and Figure 5i-5p).

GEO datasets, GSE21257 and GSE42352, were used as independent validation co-
horts to ensure the reliability of this seven-gene signature. GSE21257 comprised 53 cases,
in which 27 were separated into high-risk groups and 26 were in the low-risk group. KM
curve showed that the low-risk group had a better overall survival (p =0.028) (Figure S2a).
Time-dependent ROC curves demonstrated that this signature also had good robustness
in an independent cohort with a 1-year AUC of 0.82, 3-years AUC of 0.72, and 5-years
AUC of 0.77 (Figure S2b). In GSE21257, only 39 cases whose event-free survival time was
more than 0 months were used to validate the prognostic value for predicting event-free
survival (Figure 52c-52d). In GSE42352, the patients who relapsed within five years had a
higher risk score than those non-relapsed (p = 0.0019) (Figure S2e). Additionally, 85% of
patients relapsed within five years in the high-risk group, significantly higher than that in
the low-risk group (Chi-square test p = 0.002) (Figure S2f). These results demonstrated
that this seven-gene signature was an excellent prognostic instrument, including overall
and event-free survival in validation cohorts.

Enneking staging system is a known prognostic factor for OSA patients, which was
combined with Risk Score to conduct multivariate Cox regression to verify the independ-
ence of Risk Score in estimating prognosis (Figure 6a and 6b). Nomogram was a powerful
method to integrate different risk factors to predict the prognosis of patients with tumors.
Therefore, The multivariate Cox model using seven-gene signature was visualized by us-
ing nomogram (Figure 6c), whose calibration curve was plotted in Figure 6d, illustrating
that the nomogram predicted 5-year overall survival better than 1- and 3- year overall
survival for their relative more minor divergence between actual and predicted survival
status (Figure 6d).
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Figure 4. Assessment of the predictive value of the gene signature in the TARGET-OS cohort. (a, f) Distribution of Risk
Score predicted using gene signature in high- and low-risk group; OS status (b) and EFS status (h) between the high- and
low-risk group; (c, i) Heatmap of the expression profile of the gene signature. Kaplan-Meier survival curve of OS (d) and
EFS (j) between the low- and high-risk group; Time-dependent ROC curves for predicting death (e) and relapse (k) at 1, 3,
and 5 years. tROC analysis showed that the Risk Score calculated by this signature was more accurate for OS (f) and EFS
(1) prediction than other clinicopathological characteristics. (OS: overall survival; EFS: event-free survival)
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Figure 5. Kaplan-Meier curves for OS and EFS of patients with OSA in different clinical subgroups. (a, e, i, m) Kaplan-
Meier curves of OSA patients in different gender; (b, f, j, n) Kaplan-Meier curves of OSA patients in different stages groups;
(¢, g k, o) Kaplan-Meier curves of OSA patients in different age groups; (d, h, 1, p) Kaplan-Meier curves of OSA patients
in different Huvos grade groups. (OS: overall survival; EFS: event-free survival; OSA: osteosarcoma)
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Figure 6. Construction and internal validation of the nomogram in the TARGET-OS cohort. Forrest plot of the multivariate
Cox regression analysis using Risk Score and Enneking stage in TARGET-OS cohort (a) and GSE21257 cohort (b); (c) The
nomogram based on the 7-gene signature to predict the 1-, 3-, and 5-year overall survival risk of OSA patients; (d) The
calibration curve for internal validation of the nomogram for evaluating the overall survival at 1, 3, and 5 years.

3.4 Identification of Therapeutic Targets for Patients in the High-Risk Group

We used the Robust Rank Aggregation (RRA) method to integrate three cohorts with
a minimal bias to determine the DEGs between low- and high-risk groups stratified by
the median Risk Score in each cohort, respectively. A total of 202 robust DEGs were se-
lected, including 139 down-regulated and 63 upregulated genes (Supplementary Table
S1). According to the robust DEGs' log2 (fold change), we displayed the top 30 upregu-
lated and downregulated ones via heatmap (Figure 7a). Via pathway and process enrich-
ment analyses, the down-regulated genes were found mainly involved with humoral im-
mune response, and the upregulated ones were found involved with extracellular matrix
and endochondral ossification (Figure 7b). The downregulated genes were separated into
eight modules via protein-protein interaction enrichment analysis and the MCODE algo-
rithm. The top 3 with their corresponding function description are displayed in Figure 7c.
In Figure 7d, only two modules and interrelated functions of upregulated genes are shown,
illustrating that the genes in MCODE_1 were involved with collagen trimer and protein
digestion and absorption. The genes in MCODE_2 were involved with the translation and
peptide biosynthetic process. The results above indicated the widespread relevance be-
tween this Risk Score and immune status and the possibility of the down-regulated gene
perhaps mainly expressed in the immune cells infiltrated in OSA. To testify these two
hypotheses, firstly, the correlation analysis between Risk Score and TumorPurity, Im-
muneScore, and StromalScore was conducted and displayed in Figure 7e. Secondly, a
heatmap (Figure 7f) was drawn to show the expression profiler of the gene within the top
5 modules in different samples, including OSA biopsy specimens (Biopsy), mesenchymal
stem cell (MSC), osteoblast (OB), and OSA cell lines (OS), demonstrating many down-
regulated genes, such as HLA-DRB1, CD33, IFI30, VAMPS and so on, highly expressed in
biopsy specimens, but nearly did not express in OS. Most of the down-regulated genes
did not influence the overall survival in the TARGET-OS cohort. Therefore, we reckon
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that the downregulated genes perhaps represent the down-infiltrated immune cells.
Therefore, ImmuneCellAl was used to estimate the composition of 24 immune cells in
OSA biopsy specimens of the TARGET-OS cohort. Figure 7g showed the down-regulated
genes indeed positively correlated with many immune cells including, nature regulatory
T cell (nTreg), macrophage, natural killer cell (N.K.), Cytotoxic Tcell (Cytotoxic), Type I
regulatory T cell (Tr1), Dendritic cells (D.C.), and Gamma delta T cell. Six upregulated
genes were identified as risk factors via univariate Cox regression (Figure 7h). Finally,
only RPS28 was identified as an independent risk factor via multivariate Cox regression
(Figure 7i).
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Figure 7. Identification of therapeutic targets for patients in the high-risk group. (a) The heatmap of top 30 upregulated
and down-regulated robust DEGs identified by the RRA method. Red represents high-regulated DEGs, while blue repre-
sents low-regulated DEGs; (b) The heatmap of enriched top 20 terms across input gene lists, colored by p-value; (c) Protein-
protein interaction network and the top 3 MCODE components identified in the down-regulated gene lists, as well as their
corresponding function description. (d) The only two modules and corresponding functions of upregulated genes; (e)
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Scatter plots showing the correlation between Risk Score and TumorPurity, ImmuneScore, and StromalScore across the
three cohorts. (f) In the GSE42352 dataset, the heatmap shows the expression profiler of the genes in the top 5 MCODE
modules. The samples were grouped according to the sample type and sorted in reverse order of ImmuneScore. (g) The
heatmap shows the correlation between 24 immune cells and the down-regulated genes. (h) Forest plot showing the uni-
variate Cox regression analysis of the ten clustered upregulated genes; (c) Forest plot of the multivariate Cox regression
analysis showed that RPS28 is an independent risk factor for overall survival in the TARGET-OS cohort. (*p <0.05, ** p <
0.01, *** p < 0.001).

3.5 Preliminary Validation of RPS28 as a Promising Therapeutic Target Using Multiple Methods

KM curve showed that the patients with higher RP528 expression were with much
worse OS and EFS in the three cohorts, including TARGET-OS (Figure 8a), GSE21257 (Fig-
ure 8b), and GSE42352 (analyzed in R2) (Figure 8c). Figure 8d showed that RPS28 was
significantly highly expressed in OSA cell lines compared with the putative progenitor
cells of OSA, including MSC and OB. Figure 8e showed RPS28 was significantly highly
expressed in OSA specimens when compared with normal bone tissues. Therefore, we
reckon that RPS28 may be a promising therapeutic target in OSA cells, not the microenvi-
ronment. Nevertheless, it was reported that RPS28 controls MHC class I peptide genera-
tion and influences CD8* T cell cancer immunosurveillance [33]. Indeed, in The Human
Protein Atlas, RPS28 protein was highly expressed in one of the OSA cell lines, U2-OS, but
HAL-A was no staining, supporting the expression of RP528 and HAL-A may be nega-
tively correlated (Figure 8f). Additionally, across the three cohorts, using the median of
RPS28 expression value, patients were separated into the low-RPS28 group and high-
RPS28 group, and ImmuneScores were found significantly lower in the latter (Figure 8g).
By using the Query Gene Function on TIDE (http://tide.dfci.harvard.edu/query/) [34], the
expression of RP528 was found negatively correlated with the cytotoxic T lymphocyte
(CTL) level in GSE21257 (Figure 8h).

To further validate the clinical significance of RPS28 in OSA, immunohistochemical
staining of RP528 protein in and around the tumor was performed in the five patients of
our hospital, whose tumor necrosis rates were all less than 90% (Table s1), showing that
RPS28 protein was intensively expressed in OSA tissues, but rarely expressed in either
para-tumor soft tissue or normal bone tissue (Figure 9a and Figure S3a-c). It was reported
that decreased RPS28 protein concentrations impaired Hela cell viability [35]. Therefore,
we guessed that RPS28 might promote tumor immune escaping and involve OSA
development directly, which was further validated in vitro.

In multiple OSA cell lines, MG-63 showed the highest expression of RPS28 mRNA
(Figure 9b), which was selected for further RNA interference experiments, in which si-
RPS28-3 showed the best interference effect (Figure 9c), whose knockdown efficiency was
verified by western blotting analysis (Figure 9d). As shown in Figure 9e-g, the CCK-8 and
colony formation assays demonstrated that RPS28 knockdown significantly inhibited the
proliferation of MG-63. As mentioned above, the patients with higher RPS28 expression
had much worse metastasis-free survival (Figure 8c), indicating that RPS28 may be closely
associated with OSA metastasis, which was also validated by wound healing assay,
transwell migration, and matrigel invasion assays (Figure 9h-k).
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Figure 8. Preliminary validation of RPS28 as a promising therapeutic target in multiple platforms. (a-c) The Kaplan-Meier
survival curve of overall survival rate and event-free survival rate among OSA patients between the low-RPS28 group
and high-RPS28 group in three cohorts; (d) The expression of RPS28 in different types of samples. (Biopsy: OSA biopsy
specimens; MSC: mesenchymal stem cell; O.B.: osteoblast; OS: OSA cell lines); (e) The mRNA expression of RP528 in OSA
specimens and normal bone tissue; (f) Immunofluorescent staining in OSA cell line, U2-OS, showing that RPS28 protein
intensively expressed in the cytosol, whereas HLA-A protein was no staining; (g) Boxplots of ImmuneScore in low- and
high-RPS28 group across the three cohorts; (h) Scatter plots showing the correlation between the expression of RPS28 with
cytotoxic T lymphocyte (CTL) level in GSE21257.
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Figure 9. Preliminary validation of RPS28 as a promising therapeutic target by multiple experiments. (a) Immunochemis-
try staining image of RPS28 in OSA tissue (red arrow), para-tumor soft tissue (blue arrow), and normal bone tissue (green
arrow); (b) Relative mRNA expression of RPS28 in human OSA cell lines. (c) Relative mRNA expression of RPS28 in MG-
63 cell lines after transfection of si-control, si-RPS28-1, si-RPS28-2, si-RPS28-3. (d) Western blotting analysis of the expres-
sion of RPS28 in MG-63 cell lines after transfection of si-control and si-RPS28-3. Colony formation assays (e, f) and CCK-8
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(g) were used to assess the proliferation of MG63 cell lines. (h, i) Migration ability was evaluated by scratch assay, and the
wound healing percentage was calculated (n=3). (j, k, 1) Migration and invasion abilities were assessed by transwell assay
with or without Matrigel layer. (*p <0.05, ** p <0.01, ** p < 0.001, **** p <0.0001)

4. Discussion

With the establishment of standard therapy for OSA in the 1980s, 60% of patients
with localized diseases achieved long-term survival [4]. Nevertheless, limited therapeutic
progress has been made since that time. We reckon it is essential to recognize the high-
risk patients who might not respond to standard therapy and develop supplementary
treatments for these patients.

Despite being the most common primary bone cancer in children and young adults,
OSA remains a rare but genomically complex malignancy [36]. As a result, itis challenging
to get enough OSA specimens in a short time when we want to start research. Therefore,
it is crucial to conduct big-data analysis by integrating multiple public datasets for dis-
covering universal and robust therapeutic targets.

In the present research, we firstly identified six hallmark gene sets that were involved
with the overall survival of OSA patients, in which UV RESPONSE UP containing the
genes upregulated in response to ultraviolet (U.V.) radiation, and CHOLESTEROL HO-
MEOSTASIS containing the genes involved in cholesterol homeostasis were found as risk
factors. In contrast, INTERFERON GAMMA RESPONSE containing the genes upregu-
lated in response to IFNG, ALLOGRAFT REJECTION containing the genes upregulated
during transplant rejection, IL6 JAK STAT3 SIGNALING containing the genes upregu-
lated by IL6 via STAT3, and XENOBIOTIC METABOLISM containing the genes encoding
proteins involved in the processing of drugs and other xenobiotics were found as protec-
tive factors. Subsequently, a multivariate Cox model was conducted based on hallmark
gene sets, including UV RESPONSE UP, CHOLESTEROL HOMEOSTASIS, and
XENOBIOTIC METABOLISM. However, because the microarray datasets lack a lot of
genes, the results of ssGSEA across the three cohorts were not robust enough. As a result,
the predictive value of this model could not be validated in independent cohorts (the data
were not displayed). But we still reckon it is an important discovery. Because it was re-
ported that disturbed cholesterol balance underlies not only cardiovascular disease but
also an increasing number of other diseases such as neurodegenerative diseases and can-
cers [37], and we revealed that cholesterol homeostasis might also influence the overall
survival of OSA patients, which is worth studying intensely. For constructing a universal
model across the three cohorts, a seven-gene signature composed of CORT, MMD, CD180,
COL5A2, CDC42EP3, FUCA1, and SLC8A3 was established.

Monocyte to macrophage differentiation-associated (MMD) protein is a member of
the progestin and AdipoQ receptor (PAQR) family and was found in mature macrophages
and reported to be associated with macrophage activation in vitro [38]. CD180, also
known as RP105, is a cell surface molecule consisting of extracellular leucine-rich repeats
(LLR) and a short cytoplasmic tail. The extracellular LRR is associated with a molecule
called MD-1 and forms the cell surface receptor complex, RP105/MD-1. It belongs to the
family of pathogen receptors, Toll-like receptors (TLR). RP105/MD1 controls B cell recog-
nition and lipopolysaccharide (LPS) signaling by working with TLR4 [39]. Solute carrier
family 8 member A3 (SLC8A3) encodes a member of the sodium/calcium exchanger inte-
gral membrane protein family. The downregulation of SLC8A3 is positively correlated
with the prognosis of stage II-IV colon cancer [40]. Interestingly, human macrophages and
monocytes express functional SLC8A3 [41]. Cortistatin (CORT) encodes a neuropeptide
that shares high homology with somatostatin (somatotropin release-inhibiting factor,
SRIF) and can bind with high affinity to all somatostatin (SST) receptor subtypes [42]. Alt-
hough a report has shown that CORT could inhibit the proliferation in cancer cells [43], it
is a risk factor in OSA, according to the results of this study. Because the transcriptome
data were from bulk RNA-sequencing, the mRNA detected came from OSA cells and in-
filtrating immune and stromal cells. As a result, the contradiction is understandable.
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Precisely, CORT could be detected in cells and tissues from the human immune system
and played an essential role in monocyte differentiation and activation [44]. Collagen type
V alpha 2 chain (COL5A2) encodes an alpha chain for one of the low abundance fibrillar
collagens, which is the component of the extracellular matrix and is an unfavorable prog-
nostic factor in gastric cancer [45] and bladder cancer [46]. CDC42 effector protein 3
(CDC42EP3) is a member of the cell division cycle 42 (CDC42) effector protein family.
Previous studies showed that CDC42EP3 plays a role in the function of cancer-associated
fibroblasts and DNA damage response [47-49] and is a promoter in gastric cancer and
colorectal cancer [50,51]. The protein encoded by Alpha-L-fucosidase 1 (FUCA1) is a lyso-
somal enzyme involved in the degradation of fucose-containing glycoproteins and glyco-
lipids. It was reported that FUCAL as a target of p53 functions as a tumor suppressor in
colon cancer [52], luminal B LN+ breast cancer [53], and thyroid cancer [54], but as a tumor
promoter in glioma instead [55]. Tumor suppressor protein p53 encoded by Tumor pro-
tein p53 (TP53) is a tumor suppressor associated with OSA [56]. It is believable that
FUCALI, one of the targets of p53, functions as a protective factor in OSA. As mentioned
above, this seven-gene signature is reasonable, which was further validated in both inter-
nal and external OSA cohorts.

Using this seven-gene signature, the Risk Score of each case was calculated, whose
median was used to separate patients into high- and low-risk groups. KM survival analy-
sis demonstrated that patients in the high-risk group have much poor overall and event-
free survival in the training and validation cohorts. To further estimate the predictive
value of this signature, KM survival analysis was conducted in several clinical sub-groups
in the TARGET-OS cohort. Consistently, in all clinical subgroups, patients in the high-risk
group had poorer overall and event-free survival except for in the huvos III/IV, which is
because the cases in this sub-group were too little to get a statistical significance. Time-
dependent ROC curve analysis confirmed the satisfactory accuracy of this predictive
model in 1-, 3- and 5- years. Compared with clinicopathological characteristics, the pre-
dictive value of this signature exhibited the most potent and stable ability for predicting
overall and evet-free survival most of the time. Additionally, multivariate Cox regression
analysis showed that both Risk Score and Enneking stage were independent risk factors
in both the TARGET-OS cohort and GSE21257 cohort. Taken together, the results men-
tioned above proved this seven-gene signature had a substantial predictive value in OSA
patients. A nomogram composed of the signature was designed to facilitate stratifying
patients based on the TPM value of seven genes obtained from the bulk RNA sequencing
using their biopsy specimens.

To discover effective therapeutic targets for high-risk OSA patients, we firstly
identified the differentially expressed gene between high- and low-risk patients in the
TARGET-OS cohort, GSE21257 cohort, and GSE42352 cohort by using Differential
Expression Analysis and RRA algorithms. Then, by constructing the PPI network and
identifying the highly interconnected genes using the MCODE algorithm, the top 3
functional subnet modules in down-regulated genes and the only two functional subnet
modules in upregulated genes were identified used for further analyses. According to the
results of G.O. enrichment analyses, most down-regulated genes were enriched in
immune-related biological processes and cellular components, including antigen
processing and presentation of peptide antigen via MHC class II, tertiary granule, and
primary lysosome. Further results showed that Risk Score was negatively correlated with
ImmuneScore, and most of the down-regulated genes almost did not express in OSA cell
lines, indicating they might represent several immune cells infiltrating in OSA specimens,
which could be a potential therapeutic target in the tumor microenvironment. The only
two MCODES in the upregulated genes were enriched in collagen trimer and translation,
in which prolyl 4-hydroxylase subunit alpha 1 (P4HA1) was validated as a risk factor,
promoting the metastasis of OSA cells in vitro and in vivo [15]. However, RPS28 was
finally found as an independent risk factor, which was validated further by multiple
methods, including KM survival analyses, comparing of RPS28 expression between OSA
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tissues and normal tissues in mRNA level and protein level, RNA interference experiment,
and so on.

Ribosomes, consisting of a small 40S subunit and a large 60S subunit, are responsible
for translating information contained in mRNA into functional proteins, the ultimate step
in the genetic program [57]. Notably, the hyperactivation of ribosome biogenesis, which
can be initiated by oncogenes or the loss of tumor suppressor genes, had a critical role in
cancer initiation and progression [58]. Ribosomal protein 528 (RPS28) gene, located at
19p13.2, encodes a ribosomal protein that is a component of the small 40S subunit. A
report showed that RPS28 controls MHC class I peptide generation and influences CD8*T
cell cancer immunosurveillance in melanoma [33]. We reckon that RPS28 might play the
same role in OSA as a risk factor, based on the pieces of evidence including U20S cell
lines with an intensive expression of RP528 protein but no expression of HLA-A, the OSA
patients in the high-RPS28 group with lower ImmuneScores, and the negative correlation
between the expression of RPS28 mRNA with CTL level in OSA cohort GSE21257.
Additionally, in vitro experiments showed that RPS28 knockdown impaired the
proliferation, migration, and invasion of MG-63 cell lines, consistent with its influence
exerted in Hela cell lines [35] and three OSA cohorts mentioned above. Our results suggest
that RPS28 functions as a tumor promoter in OSA by promoting the abilities of
proliferation and metastasis of tumor cells, simultaneously facilitating immune escape,
making it a potential therapeutic target worthy of further investigation.

Some limitations still existed. Firstly, the size of used cohorts was relatively small,
and some cases had missing clinical information. Consequently, we are constructing a
more extensive multi-omics OSA database using our cohort. Secondly, the detailed
mechanisms underlying how RPS28 exerts its effects mentioned above and the exact
efficacy of RP528 depletion in vivo require further exploration.

5. Conclusion

In conclusion, by multiple methods, we identified a seven-gene prognostic signature
for OSA patients and a calculated Risk Score that was a robust independent prognostic
biomarker. Additionally, according to the signature, a nomogram was conducted to pre-
dict the prognosis and stratification for OSA patients based on the TPM value of the seven
genes obtained from the bulk RNA sequencing using their biopsy specimens. Finally, We
found that RPS28 was a promising therapeutic target for the patients in the high-risk
group separated by the signature.

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Figure S1.
WGCNA analysis in TARGET-OS cohort, Figure S2. External validation of the predictive value of
the gene signature, Figure S3. Immunochemistry staining of RPS28 in our cohort, Table S1. Differ-
entially expressed genes (DEGs) between high- and low-risk groups with |1log2 (fold change)| > 0.69
and p-Value < 0.05 by RRA analysis.
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