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transcriptomic analysis

Shaoyan Shi, Li Zhang and Xiaohua Guo*

Honghui Hospital, Xi'an Jiaotong University, Xi'an Honghui Hospital North District, Xi‘an, Shanxi, China

Osteosarcoma (OS) is an aggressive and highly lethal bone tumor, highlighting
the urgent need for further exploration of its underlying mechanisms. In this
study, we conducted analyses utilizing bulk transcriptome sequencing data of
OS and healthy control samples, as well as single cell sequencing data,
obtained from public databases. Initially, we evaluated the differential
expression of four tumor microenvironment (TME)-related gene sets
between tumor and control groups. Subsequently, unsupervised clustering
analysis of tumor tissues identified two significantly distinct clusters. We
calculated the differential scores of the four TME-related gene sets for
Clusters 1 (C1) and 2 (C2), using Gene Set Variation Analysis (GSVA, followed
by single-variable Cox analysis. For the two clusters, we performed survival
analysis, examined disparities in clinical-pathological distribution, analyzed
immune cell infiltration and immune evasion prediction, assessed differences
inimmune infiltration abundance, and evaluated drug sensitivity. Differentially
expressed genes (DEGs) between the two clusters were subjected to Gene
Ontology (GO) and Gene Set Enrichment Analysis (GSEA). We conducted
Weighted Gene Co-expression Network Analysis (WGCNA) on the TARGET-
OS dataset to identify key genes, followed by GO enrichment analysis. Using
LASSO and multiple regression analysis we conducted a prognostic model
comprising eleven genes (ALOX5AP, CD37, BIN2, C3AR1, HCLS1, ACSL5,
CD209, FCGR2A, COROI1A, CD74, CD163) demonstrating favorable
diagnostic efficacy and prognostic potential in both training and validation
cohorts. Using the model, we conducted further immune, drug sensitivity and
enrichment analysis. We performed dimensionality reduction and annotation
of cell subpopulations in single cell sequencing analysis, with expression
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profiles of relevant genes in each subpopulation analyzed. We further
substantiated the role of ACSL5 in OS through a variety of wet lab
experiments. Our study provides new insights and theoretical foundations
for the prognosis, treatment, and drug development for OS patients.

KEYWORDS

osteosarcoma, tumor microenvironment, transcriptome sequencing, prognostic model,
single-cell sequencing

1 Introduction

OS is the predominant primary malignant bone tumor,
representing 20%-40% of all bone cancers (1). Globally, the
annual incidence is approximately 1-3 cases per million
individuals (2), with around 800 new cases diagnosed annually in
the United States (3). Among children and adolescents, OS has the
highest incidence, with a median age of 18 years, positioning it as
the third most prevalent malignant tumor within this demographic
(4, 5). The disease demonstrates a bimodal distribution, with the
initial peak typically manifesting during adolescence (with an
average age of 10-14 years for females and 15-19 years for
males), followed by a second peak occurring after the age of 65
(6). Among OS patients, the 5-year relative survival rates are
approximately 60% for individuals under 30 years old, 50% for
those aged 30-49, and diminish to 30% for patients aged 50 or older
(7). OS commonly affects the long bones of the limbs, whereas
tumors in the chest and pelvic bones present a higher risk of
metastasis OS (8). Chemical agents such as methylcholanthrene,
beryllium oxide, and zinc beryllium silicate are potential inducers of
OS, along with radiation exposure, electrical burns, and genetic
factors (9). Gender and race significantly influence the incidence of
OS. Males are more frequently affected than females across all age
groups. Additionally, the highest incidence rates are observed
among black individuals (10). Survival rates are highly correlated
with tumor location and staging (11). Tumors detected at an earlier
stage and located in more accessible regions generally have a better
prognosis compared to those found at advanced stages or in less
accessible areas such as the pelvis or chest. These factors underscore
the importance of early detection and tailored treatment strategies
for improving patient outcomes.

For suspected OS patients, initial cost-effective screening
involves X-ray examinations, followed by CT or MRI scans to
further evaluate tumor involvement (12). The standard treatments
for OS encompass neoadjuvant multidrug chemotherapy, typically
involving cisplatin, doxorubicin, methotrexate (commonly known
as MAP therapy), and ifosfamide. This is typically followed by
surgical intervention and subsequent postoperative chemotherapy
(13). Despite its rarity, OS carries a poor prognosis, with surgical
intervention being the primary curative treatment; however,
patients undergoing surgery alone have a survival rate of only
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about 15% (14). For patients who are not candidates for surgical
resection or those with residual tumors at the resection margins, as
well as for OS patients with poor response to chemotherapy,
radiation therapy serves as an effective method for local control
and symptom relief (15). Additionally, many OS patients have small
lung metastases at diagnosis. The 5-year survival rate is over 78%
for localized disease but falls to 25% for metastatic or recurrent OS
(16). Metastatic OS is highly invasive with a poor prognosis,
emphasizing the urgent need for early diagnosis and targeted
therapy. Continued investigation into the mechanisms underlying
the onset and progression of OS, especially those contributing to
elevated recurrence and metastasis rates, is paramount. The
identification of pivotal biomarkers and exploration of essential
target genes are crucial for enhancing the diagnostic, therapeutic,
and prognostic approaches for OS.

Currently, numerous studies have investigated the role and
mechanisms of specific gene families in OS (17, 18), such as the
presence of pro-inflammatory FABP4"™ macrophage infiltration
observed in pulmonary metastatic OS lesions. In comparison with
primary osteoblastic OS lesions, sub-osteoclast infiltration has been
observed in chondroblastic, recurrent, and pulmonary metastatic
OS lesions OS (19). It has been suggested that TME promotes tumor
cell proliferation and immune evasion (20), yet its value as an
immunotherapeutic target in OS remains unknown (21). We
analyzed bulk transcriptome sequencing data of OS and healthy
control samples, as well as single cell sequencing data, obtained
from public databases. Initially, we assessed the expression
differences of four TME-related gene sets between tumor and
control groups. Next, we performed unsupervised clustering
analysis on tumor tissues, identifying two distinct clusters. We
calculated the GSVA score differences of the four TME-related gene
sets between Clusters 1 (C1) and 2 (C2) and conducted single-
variable Cox analysis. For the two clusters, we analyzed survival
rates, clinical-pathological distribution differences, immune cell
infiltration, immune evasion, immune cell abundance, and drug
sensitivity. DEGs of the two clusters were subjected to GO and
GSEA. We performed WGCNA on the TARGET-OS dataset to
identify key genes, followed by GO enrichment analysis. Using
LASSO and multiple-factor regression analysis, we constructed a
prognostic model comprising eleven genes (ALOX5AP, CD37,
BIN2, C3ARI1, HCLS1, ACSL5, CD209, FCGR2A, CORO1A,
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CD74, CD163). The model demonstrated good diagnostic
performance and prognostic evaluation potential in both training
and validation cohorts. Next, using the model, we conducted
immune analysis, drug sensitivity analysis, and enrichment
analysis. In single-cell sequencing, we performed dimensionality
reduction and annotated cell subtypes, followed by analyzing the
expression of relevant genes in each subtype. We further validated
the potential impact of ACSL5 inhibition on the invasive behavior
of OS cells through various wet lab experiments. Our study offers
novel insights and a theoretical framework for the prognosis,
treatment, and drug development targeting OS patients.

2 Material and methods
2.1 Data acquisition and preprocessing

In this study, we used the “TCGAbiolinks” R package to retrieve
bulk transcriptomic data of OS from the public database The
Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/),
specifically the TARGET-OS dataset comprising 86 patients. We
obtained healthy control bulk transcriptomic data from the public
database Genotype-Tissue Expression (GTEx, www.org/home/
index.html). Additionally, we downloaded bulk transcriptomic
datasets of OS, including GSE21257 (53 patients) and GSE16091
(34 patients), as well as single cell sequencing datasets GSE162454
and GSE198896, from the public database GEO (https://
www.ncbi.nlm.nih.gov/geo/). We excluded samples with missing
information from the analysis. Using the “ComBat” function from
the “sva” package, we standardized the TARGET-OS and GTEx
datasets into bulk matrices in Transcripts per million (TPM)
formats. All open-access public databases utilized in this study
allow unrestricted access and utilization without the need for
additional ethical approval. Our data retrieval and analysis
processes adhered to relevant regulations.

2.2 Investigation of expression levels of
tumor microenvironment-related gene sets

Utilizing the “signature_collection” function of the “IOBR”
package, we identified four TME-related gene sets (TMEscoreA_CIR,
TMEscoreB_CIR, TMEscoreA_plus, and TMEscoreB_plus) within the
merged dataset of TARGET-OS/GTEx. Subsequently, we employed
heatmaps to illustrate the expression disparities of these four relevant
gene sets between the tumor and normal groups.

2.3 Hierarchical clustering and TME
landscape analysis

We used the “ConsensusClusterPlus” package to perform
unsupervised clustering analysis on tumor tissues. The optimal
number of clusters (k) was determined by scoring and evaluating
matrix plots, Cumulative Distribution Function (CDF) curves, and
Proportion of Ambiguous Clustering (PAC) curves. High intra-cluster
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cohesion, low inter-cluster coupling, a smooth CDF curve, and the
lowest PAC curve value are included as our selection criteria. Following
multiple standard screenings, we identified two significantly different
clusters. Using the “GSVA” package, we calculated scores for four TME-
related gene sets in the TARGET-OS dataset (GSVA: gene set variation
analysis for microarray and RNA-seq data). We used heatmaps and box
plots to show the differences in GSVA scores of the four TME-related
gene sets between Clusters 1 (C1) and 2 (C2). We then performed
univariate Cox analysis on these gene sets and displayed the differences
in hazard ratios with forest plots. Additionally, we conducted survival
analysis on the two clusters and displayed the prognostic differences
using Kaplan-Meier curves. We used a stacked bar graph to show the
compositional differences in clinical pathological information such as
Age and Stage between the two clusters.

We utilized five immune cell infiltration prediction algorithms
(CIBERSORT, TIMER, MCPcounter, EPIC, quanTIseq) to assess
the immune cell infiltration status of the two clusters and visualized
the results using box plots. From the TISIDB database (http://
cis.hku.hk/TISIDB/), we downloaded 150 immunomodulators
and chemokines, including 41 chemokines, 24 immunoinhibitors,
46 immunostimulators, 21 MHC molecules, and 18 receptors.
Furthermore we generated a heatmap to illustrate the expression
differences of immune modulators between the two clusters.
We employed the TIDE (Tumor Immune Dysfunction and
Exclusion) database (http://tide.dfci.harvard.edu/) to predict
tumor immune escape via immune checkpoint analysis for the
two clusters. We visualized the different responses of the two
clusters to immune checkpoints using stacked bar graphs.
Additionally, we assessed the efficacy of immune checkpoint
blockade (ICB) through TIDE scoring. Three immune-
suppressive cell types (MDSCs, TAM.M2, and CAFs) were
selected, and violin plots were employed to demonstrate the
differences in immune-suppressive cell infiltration abundance
between the two clusters. Additionally, using the “OncoPredict”
package, we predicted the sensitivity of the two clusters to four
drugs (Bortezomib, XAV939, Selumetinib, Trametinib).

2.4 Enrichment analysis and weighted gene
co-expression network analysis

We employed the “limma” package to identify DEGs between
the two clusters and visualized the upregulated and downregulated
genes using volcano plots. Subsequently, we conducted GO
enrichment analysis on the DEGs and presented bar graphs
showing the top ten pathways in each of the BP, CC, and MF
subclasses. Following this, we performed GSEA on the DEGs and
demonstrated the downregulated pathways within the C2 category.
For the TARGET-OS dataset, we conducted WGCNA, selecting
appropriate soft thresholds based on Scale Independence and Mean
Connectivity. Utilizing the optimal soft threshold, we constructed a
co-expression network, partitioned genes into modules, and
depicted a Cluster Dendrogram for visualization. We computed
the correlation between modules and clinical traits (futime, fustat,
age, stage, cluster), illustrating the correlation heatmap. We
identified the module most correlated with the cluster as the key
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module and selected key genes within this module based on criteria
of MM (module membership) > 0.6 and GS (gene significance) >
0.3. We then performed GO enrichment analysis on these
key genes.

2.5 Construction and validation of machine
learning prognostic models

We chose the TARGET-OS dataset as the training set, while two
GEO datasets served as validation sets. Utilizing the Least Absolute
Shrinkage and Selection Operator (LASSO) and multiple regression
analysis, we constructed the prognostic model (22). In the
TARGET-OS dataset, we identified prognostic hub genes by
obtaining the optimal parameter A. Through multiple Cox
regression analysis, we determined the coefficients of each gene in
the model and visualized them using bar graphs. We determined the
risk score of the model by summing the product of the expression
level of each gene and its respective coefficient.

Risk score = i[Expge,,ei 3]
i=1

In this context, Expy,,, denotes the expression level of the
model gene, and f3; represents the coefficient corresponding to the
model gene. We divided the training and validation sets into high-
risk and low-risk groups based on the median score of each dataset.
We then observed survival differences over time between these
groups in all three datasets. Additionally, we conducted ROC curve
analysis to evaluate the model’s performance at 1-year, 3-year, and
5-year intervals.

2.6 Model-based immune analysis, drug
sensitivity analysis, and enrichment analysis

Immune cell infiltration analysis was conducted using the
CIBERSORT algorithm to identify relevant immune cell subtypes.
Box plot analysis was conducted to evaluate the distribution
disparities among various subtypes across two risk groups.
Additionally, we utilized box plots to illustrate the expression
differences of M2 markers and depleted T cell markers between
the two risk groups. We obtained the data from the Progenitor Cell
Biology Consortium (PCBC, https://www.synapse.org), and violin
plots were generated to display the mRNAsi index of two risk
groups, allowing for an analysis of cellular stemness differences
between the two risk groups. We analyzed the sensitivities of nine
drugs in the two risk groups. Following this, we conducted
differential gene expression analysis between the groups and used
GSEA to identify dysregulated pathways.

2.7 Single-cell sequencing analysis
Analysis of single cell sequencing data was conducted utilizing both

the “Seurat” package and the “SCP pipeline.” Data underwent quality
control and data cleaning to ensure the accuracy and reliability of
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subsequent analyses, with quality control criteria set as follows:
nFeature_RNA< 9000, percent.mt< 25. We used the harmony
method for batch correction of data across multiple samples.
Utilizing the Uniform Manifold Approximation and Projection
(UMAP) method, we performed dimensionality reduction on the
integrated single-cell sequencing data. We annotated ten major cell
subtypes using specific markers for each and visualized them. To show
the correlation between these subtypes and individual genes, we created
violin plots. We used SingleR for automatic annotation and CopyKAT
to identify malignant cells. We computed the upregulated and
downregulated genes in each cell subtype and displayed the top five
of each in volcano plots. GO_BP analysis was conducted, with dot plots
illustrating the enriched upregulated pathways in each cell subtype.
Using Seurat, we evaluated the activity level of prognostic models in the
single-cell dataset.

2.8 Cell culture and siRNA transfection

We acquired OS cell lines MG63 and Saos-2 from Procell Life
Science & Technology, China, and cultured in Dulbecco’s Modified
Eagle’s Medium (DMEM) containing 10% fetal bovine serum (FBS)
at 37°C in a humidified atmosphere with 5% carbon dioxide. Small
interference RNA (siRNA) targeting ACSL5 was transfected using
sequences sourced from HANBIO, China, and LipoFiter 3.0
(HANBIO, China) was employed for the transfection process.
The specific sequences for siRNA were as follows:

si-NC Sense: UUCUCCGAACGUGUCACGUTT;

Antisense: ACGUGACACGUUCGGAGAATT;

Si-ACSL5-1 Sense: CAAATACTTTCGGACCCAAA;

Antisense: CTCTTCTTGACCTGAACAAT;

Si-ACSL5-2 Sense: CATGATAGTTTCTGGGACAA;

Antisense: CCAAGTTGTAAGGGAAGCCAT

2.9 Real-time PCR

Total RNA extraction utilized Trizol reagent (Solarbio Science &
Technology, China), with subsequent reverse transcription into cDNA
employing a two-step RNA reverse transcription kit (TaKaRa Bio Inc.,
Japan). The RT-qPCR reaction comprised ¢cDNA, RT-qPCR SYBR
Green (TaKaRa Bio Inc., Japan), and primers, following cyclic
parameters: initial denaturation at 95°C for 30 seconds, succeeded by
40 cycles of denaturation at 95°C and annealing at 60°C for 34 seconds.
The primers used for cDNA amplification were as follows: ACSL5-F: 5'-
GGCATTGGTGCTGATAGG-3" and ACSL5-R: 5-TCTTC
TCCCCTCTTTGCTT-3'; B-actin-F: 5'-CAAGAGATGGCCACGGC
TGCT-3’ and B-actin-R: 5-TCCTTCTGCATCCTGTCGGCA-3’
(23, 24).

2.10 Cell proliferation assay
We assessed cell viability employing the CCK-8 kit (Seven,

China). we seeded a 96-well plate with a single-cell suspension at a
density of 5 x 10> cells per well. Subsequently, we added 10 UL of
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CCK-8 solution to each well every 24 hours, and the plate was then
incubated for 2 hours. (25) We measured the optical density (OD)
at 450 nm using a multifunctional enzyme-linked immunosorbent
assay reader (Synergy H1, BioTek, USA).

2.11 Cell migration and invasion assays

We evaluated cell migration and invasion utilizing transwell
chambers featuring an 8.0-m pore size (Corning, USA). We loaded
the lower chamber with 500 pL of medium supplemented with 10%
FBS, while 2 x 10* cells in serum-free medium were seeded onto the
upper chamber. For invasion assessments, we coated the transwell
membrane with 1 mg/ml Matrigel. After a 24-hour incubation at
37°C, we gently removed the non-migrated cells using cotton swabs.
Cells that migrated to or invaded the underside of the membrane
were stained with crystal violet and quantified. Three randomly
chosen microscopic fields were tallied for each well.

2.12 EdU assay

We assessed the proliferation capacity of cells post-knockdown
using the EAU Cell Proliferation Assay Kit (Beyotime, China). We
subjected MG63 and Saos-2 cells to knockdown and cultured them
on six-well plate. We prepared a 2x EdU working solution in serum-
free medium using a 10 mM EdU solution, preheated it, and mixed
it with the culture medium to obtain a 1x EdU solution. The cells
were incubated with this solution for 12 hours. After incubation, we
fixed the cells with 2.5 mL of PBS containing polyformaldehyde for
15 minutes at room temperature. We then washed the cells three
times with 2.5 mL of PBS for 5 minutes each. Next, we treated the
cells with 2.5 mL of permeabilization buffer for 20 minutes at room
temperature. After removing the permeabilization buffer, we
washed the cells twice with 2.5 mL of PBS and then removed the
washing solution. We prepared Click-iT reaction mixture and
added to each slide (100 pl), followed by incubation in the dark
at room temperature for 30 minutes. Subsequently, we removed the
reaction mixture, and each well was washed once with 2.5 mL of
PBS, followed by removal of the washing solution. We also
performed DAPI nuclear staining and captured images under a
microscope for further analysis.

2.13 Colony-formation assays

Cells in logarithmic growth phase were trypsinized,
resuspended in complete culture medium supplemented with 10%
fetal bovine serum, and counted. We seeded MG63 and Saos-2 cells
in six-well plates at a density of 700 cells per well and cultured for 14
days, with media changes every 3 days and continuous monitoring
of cell status. We captured images of the cells under a microscope,
followed by a single wash with PBS. Cells were then fixed with 1 mL
of 4% polyformaldehyde per well for 30 minutes, washed once with

Frontiers in Immunology

10.3389/fimmu.2024.1424950

PBS, and stained with crystal violet solution (Beyotime, China) for
10 minutes. After several washes with PBS, the cells were air-dried
and photographed.

2.14 Statistical analysis

We performed statistical analyses using R software (version
4.1.3). For single cell sequencing analysis, we used the “Seurat”
package and “SCP pipeline.” We used the “IOBR” package for gene
set acquisition and immune infiltration analysis, and “oncoPredict”
for drug sensitivity analysis. We employed “SingleR” for cell
annotation and “copykat R” for tumor cell identification. We
used the “ConsensusClusterPlus” package for unsupervised
clustering analysis, and “clusterProfiler” for enrichment analysis.
Differential expression analysis was implemented using the “limma”
package. A threshold of p< 0.05 was considered statistically
significant (* p< 0.05; ** p< 0.01; *** p< 0.001; **** p< 0.0001).

3 Results

3.1 Exploration of expression levels of
tumor microenvironment-related gene sets

We analyzed the expression differences of four TME-related
gene sets (TMEscoreA_CIR, TMEscoreB_CIR, TMEscoreA_plus,
and TMEscoreB_plus) between tumor and normal groups using
integrated bulk expression matrices from the TARGET-OS and
GTEx datasets. Heatmaps illustrate that most genes within the four
gene sets exhibit significantly higher expression in the tumor group
(Figures 1A-D).

3.2 Hierarchical clustering and TME
landscape analysis

Utilizing the “ConsensusClusterPlus” package, we conducted
unsupervised clustering analysis on tumor tissues based on
scoring. We computed GSVA scores for four TME-related gene
sets in the TARGET-OS dataset and presented heatmap illustrations
depicting score disparities of these genes between clusters C1 and
C2. Notably, TMEscoreA_CIR and TMEscoreA_plus exhibited
significantly higher scores in C2 compared to Cl, whereas
differences in scores for TMEscoreB_CIR and TMEscoreB_plus
between the two groups were minimal (Figure 2A).Univariate Cox
analysis was performed on the four TME-related gene sets, revealing
significantly higher hazard ratios for TMEscoreA_CIR and
TMEscoreA_plus compared to TMEscoreB_CIR and
TMEscoreB_plus, indicating an unfavorable prognosis associated
with the scores of TMEscoreA_CIR and TMEscoreA_plus (HR>1,
Figure 2B). The matrix plot indicates high intra-cluster cohesion and
low inter-cluster coupling (Figure 2C). Results for cluster numbers
ranging from k=2 to k=9 were demonstrated, with k=2 showing a
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smooth CDF curve (Figure 2D) and the lowest PAC score
(Figure 2E), thus suggesting k=2 as the optimal cluster number.
Boxplots based on GSVA scores demonstrated that, except for
TMEscoreB_CIR, scores for each TME-related gene set were
higher in cluster C2 than in CI, with TMEscoreA_CIR and
TMEscoreA_plus showing particularly significant differences
(Figure 2F). Survival analysis was conducted on clusters C1 and
C2, with KM curves illustrating a superior prognosis for C2
compared to Cl (Figure 2G). Additionally, stacked bar plots
depicted distribution disparities of Cl and C2 across different
clinical-pathological parameters. While patients aged over 15 years
were slightly more predominant in C1 compared to C2 in terms of
age distribution (Figure 2H), C2 exhibited a higher proportion of
late-stage cases than C1 based on tumor stage distribution
(Figure 2I). For immune cell infiltration analysis, we employed five
algorithms, namely CIBERSORT, TIMER, MCPcounter, EPIC, and
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quanTIseq. Boxplots revealed that in CIBERSORT analysis, most
immune cell infiltration levels were lower in cluster C1 compared to
C2, whereas the infiltration level of Macrophages_MO0 was lower in
C2 than in CI. Results from MCPcounter indicated that the
infiltration levels of various cell types were significantly higher in
C2 than in Cl. In quanTIseq analysis, the difference in infiltration
levels between the two groups was minimal overall, but in the
“Other” category, infiltration levels were slightly higher in C1 than
in C2. EPIC analysis showed that CD4_Tcells and Endothelial cell
infiltration levels were higher in C2 than in Cl, while in the
“OtherCells” category, infiltration levels were higher in C1 than in
C2. TIMER analysis showed similar infiltration levels between the
two groups, with C2 being higher than C1 in most cases (Figure 3A).
Heatmaps of immunomodulators and chemokines along with the
two clusters demonstrated higher expression of these 150
immunomodulators and chemokines in C2 (Figure 3B). We

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1424950
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Shi et al. 10.3389/fimmu.2024.1424950
C D
08 o8
8
0.6 Cluste °*
C
04l ¢
I .
E ——
0 Proportion of ambiguous clustering
0.5
04
TMEscoreA_CIR ——
0.3
“TMEscoreA_plus e
0.2
TMEscoreB_plus
0.1
TMEscoreB_CIR ) 3 3 7 3 3
HE— Cluster number K
06 0.8 1.0 12 14
Hazard ratio
F G
100 s P s - 100
0.75 0.75 -
4 [
8 2
::’ Cluster E
(2] 4 —-—
Y os0- B o = 0.50 o ct
[0} R — C2
3 B o |
w 3 '
= '
= 0.25 - !
0.25 !
1
1
1
0.00 - 1
000 0 4 8 12 16
. . . . .
K \© W Time(years)
nd o™ {7 £
o e oo
< N«’s < \}\((’5 Q ‘r\g: “\gs
1
o Chi-squared test P = 1 . Chi-squared test P = 1
7% 75
g Age g Stage
E 50 W «s E 0 W stage ian
8 | O 8 B stege mawv
25 25
0 o
c1 c2 c1 c2
FIGURE 2

Distinct TME landscapes in OS. (A) The GSVA scores of each TME-related signature between two TME subclusters. (B) Forest plot illustrating the
hazard ratio of each TME-related signature determined by Univariate Cox regression analysis. (C) The consensus score matrix of glioma samples in
TARGET-OS when the clustering number k = 2. The consensus score represents the intensity of interaction between two samples. (D, E) The CDF
(F) Boxplots showing the distribution of GSVA scores of each TME-related
signature between two TME subclusters. (G) The survival differences between two TME subclusters, analyzed by Kaplan-Meier curves with the log-
rank test. (H, 1) Stacked Bar plots illustrating the distributions of age populations (H) and stages (I) between two TME subclusters. P values were

curves (D) and PAC scores (E) of the consensus matrix for each (k)

calculated by the Chi-squared tests. ** p<0.01; **** p<0.0001.

predicted tumor immune escape by examining immune checkpoints
in clusters C1 and C2, with a stacked bar graph showing a higher
response to immune checkpoints in C2 compared to C1 (Figure 4A).
Violin plots displaying TIDE scores for the two clusters showed no
statistically significant differences (Figure 4B).We selected three
immune-suppressive cell types, CAFs, MDSCs, and TAM.M2, and
presented violin plots illustrating the abundance of immune-
suppressive cells between the two groups. In MDSCs and
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TAM.M2, infiltration was higher in C1 than in C2, with TAM.M2
showing particularly significant differences, while there was no
significant difference between Cl1 and C2 in CAFs
(Figure 4C).Furthermore, we conducted drug sensitivity analysis
on four relevant drugs, Bortezomib, XAV939, Selumetinib, and
Trametinib, for clusters C1 and C2. The IC50 values for all four
drugs were lower in C2 than in Cl1, indicating higher sensitivity and
better drug efficacy in C2 (Figure 5).
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quanTlseq, EPIC, and TIMER for two TME subclusters. (B) The expression patterns of immunoregulators for two TME subclusters. * p<0.05; **

p<0.01; *** p<0.001; **** p<0.0001.

3.3 Enrichment analysis and weighted gene
co-expression network analysis

We evaluated the differences between groups C1 and C2 in two
directions: differential fold change and differential significance level.
We identified DEGs between the two groups and displayed
upregulated and downregulated genes using volcano plots
(Figure 6A). Next, we performed GO enrichment analysis on the
DEGs and illustrated the top ten pathways in the BP, CC, and MF
categories using lollipop plots. In the MF category, the DEGs were
enriched in pathways like gated channel activity, monoatomic
cation channel activity, and monoatomic ion gated channel
activity. The CC category showed consistent enrichment levels. In
the BP category, the genes were enriched in pathways related to
feeding behavior, response to hydrogen peroxide, and regulation of
dendrite development. (Figure 6B). Furthermore, we performed
GSEA on the DEGs, displaying the downregulated pathways in C2
(Figure 6C). Subsequently, we applied WGCNA to the TARGET-
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OS dataset, determining an appropriate soft threshold based on
Scale Independence and Mean Connectivity (Figure 7A). Using the
optimal soft threshold, we constructed a co-expression network,
partitioned genes into modules, and visualized a dendrogram for
clustering (Figure 7B). We computed the correlation between
modules and clinical traits, depicting the results in a heatmap.
The correlation between modules and the futime trait was generally
low with minimal variation, while more modules exhibited negative
correlations with the fustat trait. Modules were mainly positively
correlated with age and stage. The MEbrown module had a strong
positive correlation with the cluster trait, while the MEgrey module
had a strong negative correlation. (Figure 7C). We identified the
MEbrown module, which had the highest correlation with the
cluster trait, as the key module. Subsequently, we filtered out key
genes of the module based on Module Membership (MM) and Gene
Significance (GS) criteria (MM > 0.6 & GS > 0.3) (Figure 7D). We
conducted GO enrichment analysis on the key genes, revealing
enrichment in pathways such as immune receptor activity in MF,
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DEGs between the two TME subclusters. (A) Volcano plot showing the upregulated (colored in red) and downregulated (colored in blue) genes
between the two TME subclusters. (B) Top ten enriched GO terms of hub genes. (C) GSEA of dysregulated pathways in the C2 TME subcluster.

secretory granule membrane in CC, and positive regulation of
cytokine production in BP. Overall, the number of genes enriched
in BP pathways was significantly higher than those in MF and CC
pathways (Figure 7E).

3.4 Construction and validation of machine
learning prognostic model

We selected TARGET-OS as the training set and two GEO
datasets as the validation sets. LASSO and multivariable Cox
regression analyses were performed, retaining coefficients for 11
genes. The optimal parameter A=0.040 was determined through
coefficient distribution analysis (Figure 8A). A lollipop plot
displayed the coefficients of the 11 genes obtained (Figure 8B).
Using the median of each dataset, we divided the training
and validation sets into high-risk and low-risk groups.
Throughout both the training set TARGET-OS and the validation
sets GSE21257 and GSE16091, the low-risk cohort consistently
demonstrated markedly superior survival prognosis compared to
the high-risk cohort, with the disparity in survival rates escalating
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over time. ROC curve analysis revealed that the area under the
curve (AUC) for all three datasets at 1, 3, and 5 years was greater
than 0.8, indicating good diagnostic performance of the model at
these time points (Figure 8C).

3.5 Further analysis of the model and
drug prediction

Using CIBERSORT, we conducted immune cell infiltration
analysis to screen for relevant immune cell subgroups. Interestingly,
we did not observe any significant differences between the two groups
in terms of various immune cell populations (Figure 9A). We
generated box plots to show the expression differences of M2
markers and exhausted T cell markers between the high and low-
risk groups. In the high-risk group, most markers had higher
expression levels compared to the low-risk group, except for
CXCL13, which was lower in the high-risk group. (Figures 9B, C).
Violin plots visually depicted the disparity in cellular stemness
analysis between the high and low-risk groups based on the
mRNAsi index, revealing a higher mRNAsi index in the high-risk
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group (p=0.01, Figure 9D). We also conducted drug sensitivity
analyses for nine selected drugs, comparing the high and low-risk
groups. Violin plots demonstrated higher IC50 values in the high-risk
group, indicating reduced drug sensitivity (Figure 10). Differential
gene expression analysis between the two risk groups was followed by
Gene Set Enrichment Analysis (GSEA) to identify commonly
dysregulated pathways. The high-risk group exhibited upregulation
in most frequently altered tumor pathways (Figure 11).

3.6 Single-cell sequencing analysis

We conducted an analysis of the acquired single cell sequencing
data. We used UMAP dimensionality reduction clustering on the
integrated single-cell data (Figure 12A), and ten cell subgroups
annotated and visualized ten cell subgroups based on cell-specific
markers (Figure 12B). We examined the expression of various genes
across the ten cell subgroups, revealing higher expression of COL3A1
in MSCs, Malignant cells, and Osteocytes, with significant
upregulation of IGFIR in Malignant cells (Figure 12C).Utilizing
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SingleR for automated annotation combined with copycat for
malignant cell identification, we computed the upregulated and
downregulated genes in each cell subgroup and presented volcano
plots showing the top five upregulated and downregulated genes
(Figure 12D). GO_BP analysis indicated significant upregulation of
multiple pathways in Macrophages, monocytes, T cells, NK cells, and
B cells (Figure 12E). Furthermore, we evaluated the distribution of
prognostic model scores within the single-cell dataset, revealing a
significant regional pattern (Figure 12F).

3.7 Knockdown of ACSLS5 inhibited the
proliferation, invasion, and migration of
OS cells

To assess the potential impact of ACSL5 inhibition on the
aggressive behavior of OS cells, we used siRNA to downregulate
ACSL5 expression in MG63 and Saos-2 cells. We selected two
siRNA sequences and confirmed by RT-qPCR. As depicted in
Figure 13A, both sets of sequences effectively reduced ACSL5
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expression in MG-63 and Saos-2 cells, with si-ACSL5-2
demonstrating notably superior knockdown efficacy compared to
si-ACSL5-1. As illustrated in Figure 13B, ACSL5 knockdown
significantly curtailed cell proliferation within 72 hours.
Figures 13C, D further demonstrated that ACSL5 knockdown
markedly impeded the invasion and migration of both MG-63
and Saos-2 cells. We further used more experiments to explore the
effect of ACSL5 on proliferation. EAU staining results indicated that
the proliferation capacity of both MG63 and Saos-2 knockdown
groups was significantly lower compared to the NC group,
indicating inhibited cell proliferation post-knockdown
(Figures 14, 15A). Colony formation assay results revealed that
the proliferation capacity of the NC group was significantly superior
to that of the knockdown groups (Figures 15B, C). Hence, our
findings suggest that silencing ACSL5, a pro-oncogene, could
attenuate the oncogenic behaviors of proliferation, migration, and
invasion in OS cells.
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4 Discussion

OS stands as the prevailing primary malignant bone tumor,
presenting with the highest occurrence in children and adolescents,
thereby securing the third position among malignant tumors within
this age group. Though rare, OS has a poor prognosis. Surgery is the
main curative treatment, but patients undergoing only surgery have
a survival rate of about 15%. The 5-year survival rate is over 78% for
localized OS but drops to 25% for metastatic or recurrent cases. For
those unable to have surgery, radiotherapy is effective for local
control and symptom relief. However, advanced-stage OS is highly
invasive and has a poor prognosis. Therefore, investigating the
mechanisms underlying OS-related genes, particularly those
implicated in its elevated metastatic potential and recurrence
rates, deciphering pivotal biological markers, and exploring
essential target genes emerge as critical endeavors for enhancing
the diagnosis, treatment, and prognosis of OS.
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Dysregulated cancer hallmarks between two risk groups.

We conducted a multi-layered analysis using various types of
transcriptome data downloaded from multiple public databases. We
analyzed the expression differences of four TME-related gene sets
between tumor and normal groups in the integrated bulk matrix
obtained from the TARGET-OS and GTEx datasets. We performed
unsupervised clustering analysis on tumor tissues, selecting k=2 as
the optimal number based on matrix plots, CDF curves, and PAC
scores. We calculated GSVA scores for four TME-related gene sets
in the TARGET-OS dataset and conducted univariate Cox analysis.
C2 had higher scores than CI in most TME scoring items. The
analysis revealed TMEScoreA_CIR and TMEscoreA_plus as
prognostic risk factors. We explored the differences between the
two clusters through Kaplan-Meier curves, distribution of clinical
pathological information, analysis of immune cell infiltration,
prediction of tumor immune escape, and abundance of immune
inhibitory cells. The results showed that C1 had a poorer prognosis
but was more relevant to OS treatment. We analyzed drug
sensitivity in Cl and C2 using four drugs, finding that C2 was
more sensitive to them, though this needs further validation. We
identified DEGs between the clusters and performed GO
enrichment analysis and GSEA.

Performing WGCNA on the TARGET-OS dataset, we obtained
the optimal soft threshold power=3 to construct a co-expression
network and partition gene modules. We identified the key module,
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MEbrown, and filtered critical genes with MM > 0.6 and GS > 0.3,
then performed GO enrichment analysis. We used TARGET-OS as
the training set and two GEO datasets as validation sets, defining two
risk groups based on the median score of each dataset. Using LASSO
and multiple regression analysis, we built a prognostic model and
identified 11 genes: ALOX5AP, CD37, BIN2, C3AR1, HCLSI,
ACSL5, CD209, FCGR2A, CORO1A, CD74, and CD163. Among
these, ALOX5AP is a crucial enzyme that converts arachidonic acid
to leukotrienes, serving as an important immunomodulatory lipid
mediator. Diseases associated with ALOX5AP include stroke,
ischemia, and myocardial infarction (26). Prior research also
suggests widespread expression of ALOX5AP in 20 different types
of epithelial cancer cell lines, implicating its potentially crucial role in
influencing cancer patient prognosis (27). CD37, encoding a protein
member of the transmembrane 4 superfamily, also known as the
tetraspanin family, is associated with osteogenesis imperfecta, III-
type, and mantle cell lymphoma, playing a critical role in regulating
tumor onset and progression (28). CD37 serves as a significant
immune marker in various immune cells (e.g., T cells, B cells, and
macrophages), with high expression possibly indicating adequate
filtration and immune competence in the tumor microenvironment
(29). BIN2, encoding a cytoplasmic protein, influences podosome
formation, movement, and phagocytosis through interactions with
the cell membrane and cytoskeleton (30). Meanwhile the role of BIN2
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FIGURE 12

The highly activated TME-related signature in scRNA-seq datasets of OS. (A) UMAP visualization of 40864 cells from four public OS scRNA-seq
cohorts. (B) 10 major cell types were manually annotated. (C) Vinplots illustrating the expression values of cell type-specific markers. (D) Volcano
plots illustrating the top five labeled markers upregulated (colored in red) or downregulated (colored in blue) in each cell cluster. (E) Dot plot
showing the enriched GO_BP terms of each cell cluster. (F) The signature genes expression at single cell level determined by AddModuleScore()

function in Seurat.

in cancer remains yet unclear, TCGA studies have observed an
association between upregulated BIN2 and favorable survival
outcomes in all cervical, endometrial, breast, and ovarian cancers
(31). C3ARI, as the orphan G protein-coupled receptor for the
allergic toxin C3a released during complement system activation,
plays a crucial role in immune responses, particularly implicated in
immune infiltration in sepsis (32). Endothelial C3AR1 regulates
vascular inflammation in aging or neurodegenerative diseases (33).
HCLS], containing a Src homology 3 (SH3) domain, facilitates the
activation of receptor tyrosine kinases (34). Levels of HCLS1 were
linked to chronic lymphocytic leukemia, though its role in cancers,
particularly OS, remains unclear. ACSL5, a mitochondrial enzyme,
aids in the synthesis of long-chain fatty acyl-CoA and induces cellular
apoptosis. Its predominant isoform in mitochondrial cardiolipin
biosynthesis might also support cancer cell survival (35, 36).
Previous studies suggest its crucial role in the malignant
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progression and metastasis of gliomas (37). CD209, also known as
DC-SIGN, belongs to the C-type lectin superfamily primarily
expressed in dendritic cells (38). CD209 binds Lewis antigens
highly expressed in cancers, facilitating T-cell priming and
initiating immune cascades (39). FCGR2A, a member of the
immunoglobulin Fc receptor gene family found on various
immune response cells, participates in immune surveillance and
validation (40). Its association with the pharmacodynamics of
monoclonal antibodies varies across different cancer types like
colorectal, breast, and metastatic squamous cell carcinoma of the
head and neck (41). COROL1A, encoding a member of the WD repeat
protein family, is involved in multiple cellular processes, including
cell cycle, apoptosis, signal transduction, and gene regulation (42).
Previous studies identified CORO1A as a pro-proliferative target in
breast cancer cells (42). CD74, also known as invariant chain, acts as
an MHCII chaperone crucial in antigen presentation (43). Research
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(A) The downregulation of ACSL5 expression in MG63 and Saos-2 cells was confirmed by RT-qPCR using two distinct siRNA sequences
(B) Differential knockdown efficacy of ACSL5 expression in MG-63 and Saos-2 cells was observed between the two siRNA sequences. (C) Following
knockdown of ACSL5 using both sets of sequences, differential invasion capacities were observed in MG-63 and Saos-2 cells. (D) Subsequent to the

knockdown of ACSL5 expression using both sets of sequences, differential migration capacities were observed in MG-63 and Saos-2 cells. * p<0.05;
** p<0.01; ****p<0.0001

suggests its diverse roles within cells and the entire immune system,  tumor microenvironments with CD163" macrophages (45). Studies
highlighting its potential as a therapeutic target for cancer and  indicate CD163-positive M2-polarized macrophages as robust
autoimmune diseases (44). CD163, an abundant endocytic receptor ~ biomarkers for diagnosis and stratification of OS patients (46). We
for various ligands, is particularly enriched in the inflammatory and  divided the cohorts into high and low-risk groups based on the
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FIGURE 14
EdU assay between the control group and ACSL5 knockdown cells
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median scores of each dataset. Survival analysis showed a poorer
prognosis for the high-risk group, while ROC curve analysis
confirmed the model’s strong performance at 1, 3, and 5 years.

Immune cell infiltration analysis identified relevant immune cell
subtypes. Box plots illustrated differential expression of M2 and
exhausted T cell markers between the two risk groups, with
significantly higher expression observed in most of the high-risk
group. Both markers are associated with tumor immune suppression,
indicating a poorer immune microenvironment in the high-risk group
(47). Violin plots depicted higher mRNAsi indices in the high-risk
group. Sensitivity analysis to nine drugs indicated lower drug sensitivity
in the high-risk group. Differential gene expression analysis between
the two risk groups, followed by GSEA analysis of dysregulated
pathways, revealed upregulation of numerous common tumor
pathways in the high-risk group, suggesting activation of multiple
tumor progression pathways and resistance to drug therapy and
immune cell cytotoxicity. The malignant characteristics of tumors in
the high-risk group are multifaceted and interrelated. Further
exploration of tumor characteristics is necessary to develop targeted
therapies for such patients. UMAP dimensionality reduction clustering
of integrated single-cell data annotated ten cell subtypes based on cell-
specific markers, with subsequent analysis of gene expression within
each subtype. We annotated and identified malignant cells and
calculated upregulated and downregulated genes in each subtype.
GO_BP analysis showed significant pathway upregulation in certain
cell subtypes. Using Seurat, we evaluated our prognostic model’s
activity in single-cell datasets, confirming its effectiveness.

ACSLS5 belongs to an activating enzyme family of long-chain fatty
acids (LCFAs), the role of which are not well understood. ACSL5
expression correlates with improved survival in lung cancer patients,
and plasma EA levels predict immunotherapy success. Targeting
ACSL5 may enhance immunotherapy by reprogramming antigen
presentation (48). Research indicates that the protein PPARGCIA is
linked to the development of hepatocellular carcinoma (HCC),
although its exact functions and related pathways are not fully
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understood. PPARGCIA is under-expressed in HCC and correlates
with a poorer prognosis. As regard to the underlying mechanisms, a
PPARGCI1A/BAMBI/ACSLS5 axis is found to be responsive to hypoxia
(49). In an effort to identify crucial biomarkers for pancreatic cancer
prognosis, a study discovered a total of four genes, ACSL5, SLC44A4,
LOX, and TOX3, showing correlation with PES as indicated by gPCR
and immunohistochemical staining. Further analysis revealed that
differentiation status, tumor stage, LOX expression, and ACSL5
expression were independent factors predicting prognosis (50). In the
context of OS, as one of ferroptosis-related genes, ACSL5 was
integrated into a prognostic model for OS patient prognosis (51).
However, the mechanic role of ACSL5 in the OS carcinogenesis
remains to be further clarified. In our study, we validated that
silencing ACSL5 (a pro-oncogene) via cell culture, siRNA
transfection, RT-qPCR, cell proliferation assays, and cell migration
and invasion assays reduced oncogenic behaviors like proliferation,
migration, and invasion in OS cells.

5 Conclusion

This study conducted an in-depth analysis of the TME in OS,
revealing two significantly distinct subgroups. Our prognostic model,
based on eleven key genes (ALOX5AP, CD37, BIN2, C3AR1, HCLSI,
ACSL5, CD209, FCGR2A, CORO1A, CD74, CD163), demonstrated
good performance in predicting patient survival and disease
progression. Additionally, we conducted immune analysis, drug
sensitivity analysis, and gene enrichment analysis, providing new
insights and theoretical foundations for the treatment and drug
development of OS patients. Single cell sequencing analysis further
revealed the expression profiles of cell subgroups, deepening our
understanding of the immune microenvironment in OS. In
summary, our study provides valuable insights and guidance for
improving the prognosis of OS patients. It highlights key areas for
optimizing treatment strategies and supports the development of more
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effective drugs. By identifying crucial genes and pathways, our research
lays the groundwork for targeted therapies and personalized medicine
approaches in OS, ultimately aiming to enhance patient outcomes and
survival rates.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/supplementary material.

Ethics statement

Ethical approval was not required for the studies on humans in
accordance with the local legislation and institutional requirements
because only commercially available established cell lines were used.
Ethical approval was not required for the studies on animals in
accordance with the local legislation and institutional requirements
because only commercially available established cell lines were used.

Author contributions

SS: Conceptualization, Data curation, Writing - original draft.
LZ: Conceptualization, Formal analysis, Investigation, Project

References

1. Valery PC, Laversanne M, Bray F. Bone cancer incidence by morphological
subtype: a global assessment. Cancer causes control CCC. (2015) 26:1127-39.
doi: 10.1007/s10552-015-0607-3

2. Kansara M, Teng MW, Smyth MJ, Thomas DM. Translational biology of
osteosarcoma. Nat Rev Cancer. (2014) 14:722-35. doi: 10.1038/nrc3838

3. Simpson E, Brown HL. Understanding osteosarcomas. JAAPA. (2018) 31:15-9.
doi: 10.1097/01.JAA.0000541477.24116.8d

4. Wittig JC, Bickels ], Priebat D, Jelinek ], Kellar-Graney K, Shmookler B, et al.
Osteosarcoma: a multidisciplinary approach to diagnosis and treatment. Am Fam
Physician. (2002) 65:1123-32.

5. Corre I, Verrecchia F, Crenn V, Redini F, Trichet V. The osteosarcoma
microenvironment: A complex but targetable ecosystem. Cells. (2020) 9:976.
doi: 10.3390/cells9040976

6. Mirabello L, Troisi R], Savage SA. International osteosarcoma incidence patterns
in children and adolescents, middle ages and elderly persons. Int J Cancer. (2009)
125:229-34. doi: 10.1002/ijc.24320

7. Damron TA, Ward WG, Stewart A. Osteosarcoma, chondrosarcoma, and Ewing's
sarcoma: National Cancer Data Base Report. Clin orthopaedics related Res. (2007)
459:40-7. doi: 10.1097/BLO.0b013e318059b8c9

8. Nie Z, Peng H. Osteosarcoma in patients below 25 years of age: An observational study of
incidence, metastasis, treatment and outcomes. Oncol Lett. (2018) 16:6502-14. doi: 10.3892/0l

9. Fuchs B, Pritchard DJ. Etiology of osteosarcoma. Clin orthopaedics related Res.
(2002) 397):40-52. doi: 10.1097/00003086-200204000-00007

10. Mirabello L, Troisi R], Savage SA. Osteosarcoma incidence and survival rates
from 1973 to 2004: data from the Surveillance, Epidemiology, and End Results
Program. Cancer. (2009) 115:1531-43. doi: 10.1002/cncr.24121

11. Nishida Y, Isu K, Ueda T, Nishimoto Y, Tsuchiya H, Wada T, et al. Osteosarcoma

in the elderly over 60 years: a multicenter study by the Japanese Musculoskeletal
Oncology Group. J Surg Oncol. (2009) 100:48-54. doi: 10.1002/js0.21287

12. Zhao X, Wu Q, Gong X, Liu J, Ma Y. Osteosarcoma: a review of current and
future therapeutic approaches. Biomed Eng Online. (2021) 20:24. doi: 10.1186/5s12938-
021-00860-0

Frontiers in Immunology

10.3389/fimmu.2024.1424950

administration, Writing - review & editing. XG:
Conceptualization, Data curation, Writing — original draft.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study
was supported by Natural Science Foundation of Shanxi Province,
Grant/Award Number: 2021SF-241.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

13. Cersosimo F, Lonardi S, Bernardini G, Telfer B, Mandelli GE, Santucci A, et al.
Tumor-associated macrophages in osteosarcoma: from mechanisms to therapy. Int |
Mol Sci. (2020) 21:5207. doi: 10.3390/ijms21155207

14. Bernthal NM, Federman N, Eilber FR, Nelson SD, Eckardt J], Eilber FC, et al.
Long-term results (>25 years) of a randomized, prospective clinical trial evaluating
chemotherapy in patients with high-grade, operable osteosarcoma. Cancer. (2012)
118:5888-93. doi: 10.1002/cncr.27651

15. Mahajan A, Woo SY, Kornguth DG, Hughes D, Huh W, Chang EL, et al.
Multimodality treatment of osteosarcoma: radiation in a high-risk cohort. Pediatr
Blood Cancer. (2008) 50:976-82. doi: 10.1002/pbc.21451

16. Gaspar N, Occean BV, Pacquement H, Bompas E, Bouvier C, Brisse HJ, et al. et
al: Results of methotrexate-etoposide-ifosfamide based regimen (M-EI) in
osteosarcoma patients included in the French OS2006/sarcome-09 study. Eur J
Cancer (Oxford Engl 1990). (2018) 88:57-66. doi: 10.1016/j.ejca.2017.09.036

17. Song XJ, Bi MC, Zhu QS, Liu XL. The emerging role of IncRNAs in the
regulation of osteosarcoma stem cells. Eur Rev Med Pharmacol Sci. (2022) 26:966-
74. doi: 10.26355/eurrev_202202_28006

18. Su H, Wang Y, Li H. RNA m6A methylation regulators multi-omics analysis in
prostate cancer. Front Genet. (2021) 12 doi: 10.3389/FGENE.2021.768041

19. Zhou Y, Yang D, Yang Q, Lv X, Huang W, Zhou Z, et al. et al: Single-cell RNA
landscape of intratumoral heterogeneity and immunosuppressive microenvironment in
advanced osteosarcoma. Nat Commun. (2020) 11:6322. doi: 10.1038/s41467-020-
20059-6

20. Wu S, Zhao K, Wang J, Liu N, Nie K, Qi L, et al. Recent advances of tanshinone
in regulating autophagy for medicinal research. Front Pharmacol. (2023) 13
doi: 10.3389/fphar.2022.1059360

21. Jianfeng W, Yutao W, Jianbin B. Long non-coding RNAs correlate with genomic
stability in prostate cancer: a clinical outcome and survival analysis. Genomics. (2021)
113(5):3141-51. doi: 10.1016/j.ygen0.2021.06.029

22. Qi L, Zhong F, Chen Y, Mao S, Yan Z, Ma Y. An integrated spectroscopic
strategy to trace the geographical origins of emblic medicines: Application for the
quality assessment of natural medicines. ] Pharm Anal. (2020) 10(4):356-64.
doi: 10.1016/}.jpha.2019.12.004

frontiersin.org


https://doi.org/10.1007/s10552-015-0607-3
https://doi.org/10.1038/nrc3838
https://doi.org/10.1097/01.JAA.0000541477.24116.8d
https://doi.org/10.3390/cells9040976
https://doi.org/10.1002/ijc.24320
https://doi.org/10.1097/BLO.0b013e318059b8c9
https://doi.org/10.3892/ol
https://doi.org/10.1097/00003086-200204000-00007
https://doi.org/10.1002/cncr.24121
https://doi.org/10.1002/jso.21287
https://doi.org/10.1186/s12938-021-00860-0
https://doi.org/10.1186/s12938-021-00860-0
https://doi.org/10.3390/ijms21155207
https://doi.org/10.1002/cncr.27651
https://doi.org/10.1002/pbc.21451
https://doi.org/10.1016/j.ejca.2017.09.036
https://doi.org/10.26355/eurrev_202202_28006
https://doi.org/10.3389/FGENE.2021.768041
https://doi.org/10.1038/s41467-020-20059-6
https://doi.org/10.1038/s41467-020-20059-6
https://doi.org/10.3389/fphar.2022.1059360
https://doi.org/10.1016/j.ygeno.2021.06.029
https://doi.org/10.1016/j.jpha.2019.12.004
https://doi.org/10.3389/fimmu.2024.1424950
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Shi et al.

23. WangJ, An G, Peng X, Zhong F, Zhao K, Qi L, et al. Effects of three Huanglian-
derived polysaccharides on the gut microbiome and fecal metabolome of high-fat diet/
streptozocin-induced type 2 diabetes mice. Int J Biol Macromol. (2024) 273(Pt
1):133060. doi: 10.1016/j.ijjbiomac.2024.133060

24. Zhao K, Wu X, Han G, Sun L, Zheng C, Hou H, et al. Phyllostachys nigra (Lodd. ex
Lindl) derived polysaccharide with enhanced glycolipid metabolism regulation and mice gut
microbiome. Int J Biol Macromol. (2024) 257(Pt 1):128588. doi: 10.1016/j.jbiomac.2023.128588

25. Zeng X, Wang S, Peng Z, Wang M, Zhao K, Xu BB, et al. Rapid screening and
sensing of stearoyl-CoA desaturase 1 (SCD1) inhibitors from ginger and their efficacy
in ameliorating non-alcoholic fatty liver disease. Food Measure. (2024). doi: 10.1007/
511694-024-02697-2

26. LiKL, Chen CY, Xu M, Zhu XQ, Yang XJ. ALOX5AP rs10507391 polymorphism
and the risk of ischemic stroke in Caucasians: an update meta-analysis. Cell Mol Biol
(Noisy-le-Grand France). (2017) 63:137-40. doi: 10.14715/cmb/2017.63.10.22

27. Hong SH, Avis I, Vos MD, Martinez A, Treston AM, Mulshine JL. Relationship
of arachidonic acid metabolizing enzyme expression in epithelial cancer cell lines to the
growth effect of selective biochemical inhibitors. Cancer Res. (1999) 59:2223-8.

28. de Winde CM, Veenbergen S, Young KH, Xu-Monette ZY, Wang XX, Xia Y,
et al. et al: Tetraspanin CD37 protects against the development of B cell lymphoma. ]
Clin Invest. (2016) 126:653-66. doi: 10.1172/JCI81041

29. Mao X, Song F, Jin ], Zou B, Dai P, Sun M, et al. Prognostic and immunological
significance of an M1 macrophage-related gene signature in osteosarcoma. Front
Immunol. (2023) 14:1202725. doi: 10.3389/fimmu.2023.1202725

30. Song X, Ji J, Gleason K]J, Yang F, Martignetti JA, Chen LS, et al. Insights into
Impact of DNA Copy Number Alteration and Methylation on the Proteogenomic
Landscape of Human Ovarian Cancer via a Multi-omics Integrative Analysis. Mol Cell
Proteomics MCP. (2019) 18:552-s65. doi: 10.1074/mcp.RA118.001220

31. Koboldt DC, Fulton RS, McLellan MD, Schmidt H, Kalicki-Veizer J, McMichael
JF, et al. Comprehensive molecular portraits of human breast tumours. Nature. (2012)
490:61-70. doi: 10.1038/nature11412

32. Xu C, Xu J, Lu L, Tian W, Ma J, Wu M. Identification of key genes and novel
immune infiltration-associated biomarkers of sepsis. Innate Immun. (2020) 26:666-82.
doi: 10.1177/1753425920966380

33. Propson NE, Roy ER, Litvinchuk A, Kéhl ], Zheng H. Endothelial C3a receptor
mediates vascular inflammation and blood-brain barrier permeability during aging. J
Clin Invest. (2021) 131:¢140966. doi: 10.1172/JCI140966

34. Kitamura D, Kaneko H, Miyagoe Y, Ariyasu T, Watanabe T. Isolation and
characterization of a novel human gene expressed specifically in the cells of
hematopoietic lineage. Nucleic Acids Res. (1989) 17:9367-79.

35. van Rossum AG, Schuuring-Scholtes E, van Buuren-van Seggelen V, Kluin PM,
Schuuring E. Comparative genome analysis of cortactin and HS1: the significance of the F-
actin binding repeat domain. BMC Genomics. (2005) 6:15. doi: 10.1186/1471-2164-6-15

36. Zhang N, Wang H, Xie Q, Cao H, Wu F, Di Wu DB, et al. Identification of
potential diagnostic and therapeutic target genes for lung squamous cell carcinoma.
Oncol Lett. (2019) 18:169-80. doi: 10.3892/0l

37. Rossi Sebastiano M, Konstantinidou G. Targeting long chain acyl-coA
synthetases for cancer therapy. Int ] Mol Sci. (2019) 20:3624. doi: 10.3390/ijms20153624

Frontiers in Immunology

19

10.3389/fimmu.2024.1424950

38. Lin A, Yang H, Zhang J, Luo P. CD209 signaling pathway as a biomarker for
cisplatin chemotherapy response in small cell lung cancer. Genes Dis. (2024) 11:101038.
doi: 10.1016/j.gendis.2023.06.011

39. Kremsreiter SM, Kroell AH, Weinberger K, Boehm H. Glycan-lectin interactions
in cancer and viral infections and how to disrupt them. Int ] Mol Sci. (2021) 22:10577.
doi: 10.3390/ijms221910577

40. He ], Yu L, Qiao Z, Yu B, Liu Y, Ren H. Genetic polymorphisms of FCGR2A,
ORAIIL and CDA40 are associated with risk of lung cancer. Eur ] Cancer Prev. (2022)
31:7-13. doi: 10.1097/CEJ.0000000000000671

41. Li F, Teng H, Liu M, Liu B, Zhang D, Xu Z, et al. Prognostic value of immune-
related genes in the tumor microenvironment of bladder cancer. Front Oncol. (2020)
10:1302. doi: 10.3389/fonc.2020.01302

42. He Y, Jiang Z, Chen C, Wang X. Classification of triple-negative breast cancers
based on Immunogenomic profiling. J Exp Clin Cancer Res CR. (2018) 37:327.
doi: 10.1186/513046-018-1002-1

43. Hong WC, Lee DE, Kang HW, Kim M]J, Kim M, Kim JH, et al. CD74 promotes a
pro-inflammatory tumor microenvironment by inducing SI00A8 and S100A9
secretion in pancreatic cancer. Int J Mol Sci. (2023) 24:12993. doi: 10.3390/
ijms241612993

44. Borghese F, Clanchy FI. CD74: an emerging opportunity as a therapeutic target
in cancer and autoimmune disease. Expert Opin Ther Targets. (2011) 15:237-51.
doi: 10.1517/14728222.2011.550879

45. Skytthe MK, Graversen JH, Moestrup SK. Targeting of CD163(+) macrophages
in inflammatory and Malignant diseases. Int ] Mol Sci. (2020) 21:5497. doi: 10.3390/
ijms21155497

46. Gomez-Brouchet A, Tllac C, Gilhodes J, Bouvier C, Aubert S, Guinebretiere JM, et al.
CD163-positive tumor-associated macrophages and CD8-positive cytotoxic lymphocytes are
powerful diagnostic markers for the therapeutic stratification of osteosarcoma patients: An
immunohistochemical analysis of the biopsies fromthe French OS2006 phase 3 trial.
Oncoimmunology. (2017) 6:¢1331193. doi: 10.1080/2162402X.2017.1331193

47. Hu T, Wang Y, Wang X, Wang R, Song Y, Zhang L, et al. Construction and
validation of an angiogenesis-related gene expression signature associated with clinical
outcome and tumor immune microenvironment in glioma. Front Genet. (2022). 13.
doi: 10.3389/fgene.2022.934683

48. Lai Y, Gao Y, Lin J, Liu F, Yang L, Zhou J, et al. et al: Dietary elaidic acid boosts
tumoral antigen presentation and cancer immunity via ACSL5. Cell Metab. (2024)
36:822-38.¢828. doi: 10.1016/j.cmet.2024.01.012

49. Zhang Q, Xiong L, Wei T, Liu Q, Yan L, Chen J, et al. et al: Hypoxia-responsive
PPARGC1A/BAMBI/ACSLS5 axis promotes progression and resistance to lenvatinib in
hepatocellular carcinoma. Oncogene. (2023) 42:1509-23. doi: 10.1038/s41388-023-
02665-y

50. Ma W, Li T, Wu S, Li J, Wang X, Li H. LOX and ACSL5 as potential relapse
markers for pancreatic cancer patients. Cancer Biol Ther. (2019) 20:787-98.
doi: 10.1080/15384047.2018.1564565

51. Huang H, Ye Z, Li Z, Wang B, Li K, Zhou K, et al. Employing machine learning
using ferroptosis-related genes to construct a prognosis model for patients with
osteosarcoma. Front Genet. (2023) 14:1099272. doi: 10.3389/fgene.2023.1099272

frontiersin.org


https://doi.org/10.1016/j.ijbiomac.2024.133060
https://doi.org/10.1016/j.ijbiomac.2023.128588
https://doi.org/10.1007/s11694-024-02697-2

https://doi.org/10.1007/s11694-024-02697-2

https://doi.org/10.14715/cmb/2017.63.10.22
https://doi.org/10.1172/JCI81041
https://doi.org/10.3389/fimmu.2023.1202725
https://doi.org/10.1074/mcp.RA118.001220
https://doi.org/10.1038/nature11412
https://doi.org/10.1177/1753425920966380
https://doi.org/10.1172/JCI140966
https://doi.org/10.1186/1471-2164-6-15
https://doi.org/10.3892/ol
https://doi.org/10.3390/ijms20153624
https://doi.org/10.1016/j.gendis.2023.06.011
https://doi.org/10.3390/ijms221910577
https://doi.org/10.1097/CEJ.0000000000000671
https://doi.org/10.3389/fonc.2020.01302
https://doi.org/10.1186/s13046-018-1002-1
https://doi.org/10.3390/ijms241612993
https://doi.org/10.3390/ijms241612993
https://doi.org/10.1517/14728222.2011.550879
https://doi.org/10.3390/ijms21155497
https://doi.org/10.3390/ijms21155497
https://doi.org/10.1080/2162402X.2017.1331193
https://doi.org/10.3389/fgene.2022.934683
https://doi.org/10.1016/j.cmet.2024.01.012
https://doi.org/10.1038/s41388-023-02665-y
https://doi.org/10.1038/s41388-023-02665-y
https://doi.org/10.1080/15384047.2018.1564565
https://doi.org/10.3389/fgene.2023.1099272
https://doi.org/10.3389/fimmu.2024.1424950
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Comprehensive investigation of tumor immune microenvironment and prognostic biomarkers in osteosarcoma through integrated bulk and single-cell transcriptomic analysis
	1 Introduction
	2 Material and methods
	2.1 Data acquisition and preprocessing
	2.2 Investigation of expression levels of tumor microenvironment-related gene sets
	2.3 Hierarchical clustering and TME landscape analysis
	2.4 Enrichment analysis and weighted gene co-expression network analysis
	2.5 Construction and validation of machine learning prognostic models
	2.6 Model-based immune analysis, drug sensitivity analysis, and enrichment analysis
	2.7 Single-cell sequencing analysis
	2.8 Cell culture and siRNA transfection
	2.9 Real-time PCR
	2.10 Cell proliferation assay
	2.11 Cell migration and invasion assays
	2.12 EdU assay
	2.13 Colony-formation assays
	2.14 Statistical analysis

	3 Results
	3.1 Exploration of expression levels of tumor microenvironment-related gene sets
	3.2 Hierarchical clustering and TME landscape analysis
	3.3 Enrichment analysis and weighted gene co-expression network analysis
	3.4 Construction and validation of machine learning prognostic model
	3.5 Further analysis of the model and drug prediction
	3.6 Single-cell sequencing analysis
	3.7 Knockdown of ACSL5 inhibited the proliferation, invasion, and migration of OS cells

	4 Discussion
	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


