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Abstract

Background: While mitochondrial dysfunction and immune cell dysregulation have been established as important contributors to the
pathogenesis of osteosarcoma (OS), the prognostic value of mitochondria-related genes (MRGs) and immune-related genes (IRGs) in
OS remains poorly understood. Methods: Data were obtained from public databases. Differentially expressed genes (DEGs) and
key module genes were identified viadifferential expression analysis and weighted gene co-expression network analysis, respectively.
Candidate genes of interest were identified by intersecting key module genes, DEGs, MRGs, and IRGs. Then, candidate genes were
screened using regression analysis and proportional hazards assumption testing to identify prognostic genes. A risk model was then
constructed in the TARGET-OS dataset and validated in GSE16091. Independent prognostic, immune infiltration, and gene expression
analyses were conducted. In addition, single-cell analysis was performed to identify key cell populations, and pseudotime analysis as
well as cell communication network construction were carried out. Finally, the expression patterns of selected prognostic genes were
additionally validated via reverse transcription quantitative polymerase chain reaction (RT-qPCR), and the functional role of protein kinase
Ca (PRKCA) in osteosarcoma cell proliferation, migration, and invasion was evaluated in vitro. Results: Glutathione S-transferase Pi-1
(GSTP1I), catalase (CAT), TNFSF10, and PRKCA were identified as mitochondria- and immunity-related prognostic genes in OS and
were used to construct a risk model. The risk model was able to effectively predict the survival of patients with OS. A nomogram based on
the identified prognostic genes additionally exhibited excellent performance when predicting OS patient survival. Significant differences
in the abundance of 14 immune cell types and 8 immune checkpoint molecules were noted between the high-risk and low-risk groups.
Single-cell analyses were then conducted to annotate 10 cell types, and M1 macrophages were identified as a potentially relevant cell
population in the OS microenvironment. During M1 macrophage differentiation, initial reductions in CAT and PRKCA expression were
noted, followed by subsequent increases and final decreases. In contrast, the expression of GSTPI and TNFSF10 in these cells first
rose and then declined. Furthermore, PRKCA was selected for further in vitro analyses, which revealed that it can enhance the invasion,
migration, and proliferation of OS cells. Conclusion: This study identified GSTPI, CAT, TNFSF10, and PRKCA as prognostic genes
associated with mitochondrial and immune function in OS, with in vitro evidence providing direct support for the potential functional
role of PRKCA in OS progression. These findings highlight a new avenue for predicting clinical prognosis in OS and may provide a basis
for future studies of putative therapeutic targets.
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1. Introduction ment, chemotherapy and surgical treatment for osteosar-
coma may cause long-term adverse effects, such as car-
diotoxicity and nephrotoxicity, which can seriously affect
patients’ quality of life [6,7]. There is thus a pressing need
to identify reliable prognostic genes and novel therapeutic
targets to guide the more effective prediction, detection, and

management of OS.

Osteosarcoma (OS) is the most common primary bone
malignancy and mainly affects children and young adults,
and is characterized by rapid progression and poor survival
[1]. Significant improvements in OS patient prognosis have
been achieved through advances in chemotherapy, surgical
resection, and immunotherapy. However, the prognosis of

patients with metastatic or recurrent OS remains unsatis-
factory, with a 5-year survival rate for patients with lung
metastases remaining lower than 20% [2,3,4]. Grade III le-
sions have the highest rate of local recurrence and an ex-
tremely poor prognosis, with 50% of affected patients de-
veloping lung metastases [5]. Even after successful treat-

Mitochondria actively regulate tumor anabolic activ-
ity, modulate redox and calcium homeostasis, control tran-
scription, and shape the induction or inhibition of cell
death. Mitochondrial dysfunction can lead to cytochrome
C release, the production of mitochondrial reactive oxygen
species (ROS), and metabolite generation, propagating sig-
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naling cascades that alter gene expression, cell activation,
cell proliferation, and differentiation [8,9]. Mitochondrial
pathways also play key roles in the onset and progression
of OS. For instance, Toki et al. [10] found that the forma-
tion of the mitochondrial BIG3—PHB2 complex affects the
survival and proliferation of OS cells. Lai et al. [11] further
characterized a close association between mitochondria-
related cell death and energy metabolism in OS cells. Dys-
regulated immune cell activity has also been identified as
an important driver of malignant activities in OS [12]. No-
tably, Wang et al. [13] established innate immune cells as
potential cellular targets for the treatment of OS. Tumor-
associated macrophages are the most abundant infiltrating
cell type found in the OS immune microenvironment and
play an important role in matrix remodeling, inflammation,
angiogenesis, immune defense, and regulation [14]. In ad-
dition to their bioenergetic importance, mitochondria play
broad regulatory roles in mammalian immunity, with mito-
chondrial biosynthesis, fusion, and fission all shaping the
activation and function of immune cells [15]. Intriguingly,
recent studies have documented the ability of mitochondria
to be transferred from immune cells to tumor cells through
physical nanotubes that allow them to provide energy to tu-
mor cells. This nanotube-mediated mitochondrial hijack-
ing mechanism can facilitate immune evasion, highlight-
ing it as a promising new target for cancer immunother-
apy [16]. Current evidence thus delineates the tightly in-
terrelated functions of mitochondria, immunity, and tumors
[17]. Despite this understanding, most studies to date evalu-
ating mitochondria and immunity in the context of OS have
focused on individual factors without any systematic anal-
ysis. The comprehensive analysis of the prognostic rele-
vance and functional importance of mitochondria-related
genes (MRGs) and immune-related genes (IRGs) thus of-
fers new opportunities for OS diagnosis and treatment.

Given the importance of mitochondrial function and
immune characteristics in the onset and progression of OS,
this study was designed with the goal of identifying prog-
nostic MRGs and IRGs in this cancer type, establishing a
risk model for predicting OS patient prognosis, and analyz-
ing the biological functions of prognostic genes and their
relationships with clinical characteristics, the immune mi-
croenvironment, immunotherapy response, and drug sensi-
tivity. The overall goal of this approach is to establish an
effective means of predicting the prognosis of OS patients
and guiding the care of affected individuals.

2. Materials and Methods
2.1 Data Extraction

The TARGET database (https://ocg.cancer.gov/pro
grams/target) was used to obtain RNA-seq and clinical
data for the TARGET-OS dataset, which consists of
88 OS tissue samples. After excluding 3 samples with
incomplete gene expression or survival data, a total of
85 patients were ultimately included in the risk model

construction. A risk model was constructed using the
log;-normalized TPM expression matrix extracted from
this dataset. Ensembl IDs were converted into gene
symbols by combining them with the corresponding
species-specific annotation files. The Gene Expression
Omnibus database (http://www.ncbi.nlm.nih.gov/geo/)
was used to obtain the GSE36001 (GPL6102), GSE16091
(GPL96), and GSE162454 (GPL24676) datasets. The
GSE36001 dataset comprised 19 OS samples and 6
control samples (osteoblasts and bone tissue), while the
GSE16091 validation dataset comprised 34 OS tissue
samples with complete patient survival information and
gene expression data, and the GSE162454 single-cell
dataset comprised 6 OS tumor tissue samples. A total
of 2030 MRGs were identified by searching for the
keyword “mitochondria” in the MitoCarta 3.0 (https:
/lwww .broadinstitute.org/mitocarta/mitocarta30-invento
ry-mammalian-mitochondrial-proteins-and-pathways)
and Gene Set Enrichment Analysis (GSEA) databases
(https://www.gsea-msigdb.org/gsea/index.jsp) [18]. In
addition, 2660 IRGs were identified based on a review of
the published literature [19].

2.2 Weighted Gene Co-Expression Network Analysis
(WGCNA)

Using OS as a phenotype, a WGCNA approach was
implemented [20] on the sample expression matrix in the
GSE36001 dataset using the WGCNA package (v 1.71, Los
Angeles, CA, USA). First, all samples were clustered, and
hierarchical clustering was performed using the Euclidean
distance based on expression levels to identify and elimi-
nate potential outliers. Then, the optimal soft threshold was
determined to ensure that the constructed network exhibited
a scale-free topology. Subsequently, a scale-free network
was constructed by applying the optimal soft threshold, re-
sulting in the division of genes into multiple modules. The
screening criteria included a minimum gene count per mod-
ule of 500, a shear tree parameter of 4, and a module merg-
ing parameter of 0.25. Correlation coefficients correspond-
ing to the relationships between modules and phenotypes
were then computed to identify modules significantly asso-
ciated with OS (|correlation (cor)| >0.4, p < 0.05), and the
genes within those modules were considered key module
genes.

2.3 Differential Expression Analysis

Using the limma package (v 3.54.0, Melbourne, Victo-
ria, Australia) [21], differentially expressed genes (DEGs)
were screened when comparing the OS and control groups
in the GSE36001 dataset based on the following screening
criteria: p <0.05 and |log, fold change (log,FC)|>0.5. DEG
distributions were assessed by generating volcano plots us-
ing the ggplot2 package (v 3.4.4, Boston, MA, USA) [22],
while the ComplexHeatmap package (v 2.14.0, Heidelberg,
Baden-Wiirttemberg, Germany) [23] was used to create an
expression heatmap of 20 DEGs.
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2.4 Enrichment Analysis and Protein—Protein Interaction
(PPI) Network Construction

To identify those DEGs associated with both mito-
chondria and immunity in OS, the overlap among key
module genes, DEGs, MRGs, and IRGs was visualized to
obtain candidate genes for subsequent analysis using the
VennDiagram package (v 0.1.9, Los Angeles, CA, USA)
[24]. The clusterProfiler package (v 4.7.1.003, Guangzhou,
China) [25] was then used to perform Gene Ontology (GO)
function and Kyoto Encyclopedia of Genes and Genomes
(KEGGQG) enrichment analyses for candidate genes (p <
0.05). To further elucidate the protein-level interactions
among these candidate genes, the STRING database (ht
tps://string-db.org/) was queried with an interaction score
threshold of >0.4. The network was then visualized with
Cytoscape (v 3.9.1, La Jolla, CA, USA) [26].

2.5 Construction of the Risk Model

Using the survival package (v 3.5-3) [27], candidate
genes associated with OS prognosis were screened via uni-
variate Cox regression analysis (p < 0.2). Those genes as-
sociated with OS patient prognosis were sequentially in-
cluded in the proportional hazards (PH) hypothesis test (p
> 0.05) and least absolute shrinkage and selection opera-
tor (LASSO) regression analysis, the latter of which was
implemented using the glmnet package (v 4.1-4, Stanford,
CA, USA) (https://CRAN.R-project.org/package=glmnet).
Those genes remaining following LASSO regression were
defined as prognostic genes and retained for subsequent
analysis.

A risk model was established based on the prognostic
genes obtained via LASSO regression. The linear coeffi-
cient obtained by LASSO regression was used as the coef-
ficient, and this risk score was calculated as follows: risk
score =y ", (B; x Expr;), where f; and Expr; represent
the LASSO regression coefficient and relative expression of
each prognostic gene, respectively. Subsequently, patients
with OS in the TARGET-OS dataset were divided into high-
and low-risk subgroups based on the optimal risk score cut-
off. Kaplan—Meier (KM) survival analysis was employed
to compare differences in survival between the two risk
subgroups using the survminer package (v 0.4.9, Dakar,
Dakar Region, Senegal) [28]. In addition, the survivalROC
package (v 1.0.3, Seattle, WA, USA) [29] was utilized for
receiver operating characteristic (ROC) curve generation.
The risk curve and survival status map were applied to il-
lustrate the distribution of samples within the two risk co-
horts, whereas a heatmap was constructed to visualize the
expression patterns of prognostic genes between these co-
horts. The performance of the risk model was additionally
validated using KM survival, ROC curve, risk curve, and
survival status analyses in the GSE16091 dataset. Internal
validation of the model’s discriminative ability on both the
TARGET-OS and GSE16091 datasets was performed using
1000 bootstrap resampling iterations.

&% IMR Press

2.6 Independent Prognostic Analysis

Factors independently associated with OS patient
prognosis were identified through sequential univariate Cox
regression analysis (p < 0.05), PH hypothesis testing (p
> 0.05), and multivariate Cox regression analysis (p <
0.05) evaluating risk scores, sex, age, and stage. Then, a
nomogram was constructed using the identified indepen-
dent prognostic factors to predict the 3-, 5-, and 7-year sur-
vival probabilities of patients with OS. Calibration curves
and decision curve analysis (DCA) were next conducted to
evaluate the predictive power of the established nomogram.
Two Cox regression models were constructed for this study:
Model A, which included sex, age, and disease stage, and
Model B, which included sex, age, stage, and prognostic
genes. Model performance was evaluated based on fac-
tors including the concordance index (C-index), ROC curve
analysis, and DCA.

2.7 Clinical Stratification Analysis

To further investigate the relationships between clini-
cal characteristics and risk score values, differences in risk
scores between different subgroups with different clinical
characteristics in the TARGET-OS dataset were explored
using Wilcoxon’s test. To assess differences in survival be-
tween the two risk cohorts based on differing clinical char-
acteristics, KM survival analyses were conducted.

2.8 Enrichment Analysis Between the Two Risk Cohorts

The DESeq?2 package was used to identify DEGs be-
tween the risk cohorts in the TARGET-OS dataset (adj.p <
0.05 and [log;FC| >1). Then, GO and KEGG enrichment
analyses of the identified DEGs were performed using the
clusterProfiler package. The obtained genes were sorted
in descending order based on log, FC values, followed by
GSEA, using the c2.cp.kegg.v7.5.1.symbols.gmt gene set
from the Molecular Signatures Database (MSigDB) as the
reference. In addition, the Gene Set Variation Analysis
(GSVA) package (v 1.46.0, Barcelona, Catalonia, Spain)
was used to explore differences in prognostic genes en-
riched in relevant pathways between the two risk cohorts,
with ¢5.go.v7.4.symbols.gmt from MSigDB serving as the
background gene set.

2.9 Exploration of the Immune Microenvironment

Immune cell infiltration was analyzed in the
TARGET-OS dataset using the single-sample GSEA algo-
rithm from the GSVA package (v 1.46.0) [30], followed by
Wilcoxon’s test to compare the differences in the extent of
immune cell infiltration between the two risk subgroups.
The expression of common immune checkpoints was
additionally compared between the two risk subgroups
[31]. Correlations between differential immune check-
points and prognostic genes were additionally analyzed
via Spearman’s correlation analysis. The ESTIMATE
algorithm was also used to compute the stromal, immune,
and ESTIMATE scores for each sample.
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2.10 Drug Sensitivity Analysis

The half-maximal drug inhibitory concentration
(ICsp) values for 138 drugs and 3 commonly used
chemotherapeutic drugs employed in the treatment of
OS (methotrexate, doxorubicin, and cisplatin) were
obtained in the TARGET-OS dataset using the oncoPre-
dict package (v 0.2, Minneapolis, MN, USA) [32] in
the Genomics of Drug Sensitivity in Cancer database
(https://www.cancerrxgene.org/). Immediately thereafter,
the psych package (v 2.2.9, Evanston, IL, USA) [33] was
employed to perform Spearman’s correlation analysis to
compare the correlations between the ICs values for these
drugs and risk scores based on the following significance
thresholds: [R| >0.3 and p < 0.05. Then, the ICs, values of
common chemotherapeutic agents were compared between
the two risk cohorts.

To investigate the potential regulatory patterns of
prognostic genes, the miRanda database (https://tools4m
irs.org/software/target prediction/miranda/) and the Mi-
croRNA Target Prediction Database (miRDB, https://mird
b.org/) in the multiMiR package (v1.20.0) were used to
predict upstream microRNAs (miRNAs) of the prognos-
tic genes. The regulatory interaction pairs obtained from
the two databases were intersected to identify the target
miRNAs. Subsequently, the Encyclopedia of RNA Inter-
actomes (starBase) database (https://rnasysu.com/encori/)
was used to predict upstream long noncoding RNAs (IncR-
NAs) of the target miRNAs. Finally, the ggraph pack-
age (v2.1.0) was used to construct the IncRNA-miRNA—
mRNA regulatory network.

2.11 Single-Cell Analysis

Using the GSE162454 dataset, we explored prognos-
tic gene expression in tissue samples from patients with OS
at the single-cell level using the Seurat package (v 4.3.0,
New York, USA) [34] to create single-cell data as Seu-
rat objects. The single-cell data were initially subjected
to quality-control measures to identify high-quality cells,
characterized by gene counts ranging from 200 to 10,000
per cell and a mitochondrial ratio lower than 10%. Then, the
LogNormalize function was employed to normalize the fea-
ture expression measurements in each cell by dividing them
by the total expression, after which values were multiplied
by a scaling factor (default = 10,000) and the results were
subject to logarithmic transformation. The FindVariable-
Features function was utilized for filtering, selecting only
the top 2000 highly variable genes after quality control as
significant features. Linear dimensionality reduction was
then applied to obtain an optimal linear dimension value
for cell clustering and subsequent classification of these cell
clusters. Additionally, principal component analysis (PCA)
was conducted to evaluate the distribution of OS and control
samples. Subsequently, marker genes were obtained using
findings reported in the literature [35]. Cell groups were
precisely annotated to identify specific cell types, and the

resulting annotations were visualized using Uniform Man-
ifold Approximation and Projection. Finally, we evaluated
the expression of prognostic genes at the cellular level. An-
notated cells with higher expression levels for prognostic
genes were defined as critical cells, and the key cells were
clustered twice. The ReactomeGSA package (v 1.12.0, Vi-
enna, Vienna, Austria) [36] was used for functional enrich-
ment analyses of these key genes to explore signaling path-
ways related to OS progression.

2.12 Pseudotime and Cellular Communication Analyses

To more fully understand the changes in prognostic
gene expression during cell differentiation, the Monocle
package (v 2.26.0, Seattle, WA, USA) [37] was applied for
pseudotime analysis of key cells. After acquiring the pseu-
dotime information for these cells, the prognostic genes
were included in a pseudotime analysis, visualizing their
expression in key cells. Finally, cellular interactions were
explored using the CellChat Database (https://github.com/j
inworks/CellChat) with CellChatDB.human as a reference.
The CellChat package (v 1.6.1, San Francisco, CA, USA)
[38] was used to conduct communication analyses of all cell
types and to map cellular interaction networks and ligand—
receptor interaction networks, thereby yielding the number
and strength of communication networks.

2.13 Analysis of Prognostic Gene Expression

Wilcoxon’s test was used to analyze the differential
expression of prognostic genes in OS samples from the
GSE36001 dataset. The results were subsequently visual-
ized by plotting box plots using the ggplot2 package.

2.14 OS Cell Culture and Treatment

Human osteoblasts (HFOB1.19) and human OS cell
lines (HOS and U20S) were obtained from the American
Type Culture Collection (https://www.atcc.org) and main-
tained in our laboratory for further culture. All cell lines
were authenticated by the supplier, and confirmed to be
negative for mycoplasma contamination. Cell validation
was performed by short tandem repeat (STR) profiling to
verify cell identity, and PCR-based mycoplasma detection
was carried outregularly to rule out contamination. HOS
cells were cultured in Minimum Essential Medium (Thermo
Fisher Scientific, Waltham, MA, USA) supplemented with
10% fetal bovine serum (FBS; Thermo Fisher Scientific)
and 1% penicillin—streptomycin (Solarbio, Beijing, China)
in a humidified 5% CO, incubator at 37 °C. HFOB1.19 and
U20S cells were maintained in Dulbecco’s modified Ea-
gle’s medium containing the same supplements in a humid-
ified 5% CO; incubator at 37 °C. To suppress protein kinase
Ca (PRKCA) expression, Ribobio (Guangzhou, China) syn-
thesized specific siRNA and corresponding negative con-
trol constructs. Transfection was conducted using the Ri-
bofect CP transfection reagent (Ribobio) according to the
manufacturer’s instructions. Lentiviral particles were pro-
vided by Genechem (Shanghai, China).

&% IMR Press


https://www.cancerrxgene.org/
https://tools4mirs.org/software/target_prediction/miranda/
https://tools4mirs.org/software/target_prediction/miranda/
https://mirdb.org/
https://mirdb.org/
https://rnasysu.com/encori/
https://github.com/jinworks/CellChat
https://github.com/jinworks/CellChat
https://www.atcc.org
https://www.imrpress.com

2.15 RNA Extraction and RT-gPCR

Total RNA was extracted from cells or tissue spec-
imens using TRIzol reagent (Thermo Fisher Scientific)
and chloroform (Thermo Fisher Scientific). The extracted
RNA was reverse-transcribed using the PrimeScript RT
Kit (TaKaRa, Kyoto, Japan) to generate the corresponding
cDNA, which served as the template for RT-qPCR amplifi-
cation using specific primers (Supplementary Table 1).

2.16 Cell Counting Kit-8 (CCK-8) Assay

A CCK-8 assay was used to evaluate cell viability and
proliferative capacity. Cells were seeded into 96-well plates
containing complete medium at a density of 1500 cells per
well and cultured in a humidified 5% CO, incubator at 37
°C. At 24, 48, and 72 h after seeding, 10 pL of CCK-8
reagent was added per well, and the plates were incubated
for an additional 1-2 h. Absorbance was then measured at
450 nm using a microplate reader at each time point.

2.17 Wound Healing Assay

Cell migration was evaluated using a scratch wound
healing assay. Briefly, approximately 5 x 10° cells were
seeded into each well of a 6-well plate and incubated un-
til approximately 90% confluent. A linear scratch was
then introduced into the monolayer using a sterile 10-uL
pipette tip. Dislodged cells were removed by washing twice
with PBS, after which the remaining cells were cultured
in serum-free medium. Images of the scratched region
were acquired at 0 and 24 h post-scratching using a phase-
contrast microscope.

2.18 Transwell Assay

To evaluate the invasive and migratory potential of OS
cells, we performed Transwell invasion and migration as-
says. After preparing cells at 5 x 10° cells/mL, a 200 uL
volume of the prepared cell suspension was added to the
upper chamber of a Transwell insert precoated with Ma-
trigel (Corning, Corning, NY, USA). The lower chamber
was filled with 700 pL of medium supplemented with 10%
FBS. The assembled Transwell chambers were incubated
at 37 °C for 48 h in a humidified 5% CO, incubator. Fol-
lowing incubation, noninvading cells on the upper surface
of the membrane were gently removed using cotton swabs.
Cells that had invaded through the membrane to the lower
surface were fixed with 4% paraformaldehyde for 15 min
and subsequently stained with 0.1% crystal violet (Solarbio;
G1064) for 20 min. Finally, stained cells were observed and
counted under an inverted microscope at X100 magnifica-
tion across five randomly selected fields of view.

2.19 Western Blotting

Cells were washed three times with PBS and lysed us-
ing RIPA lysis buffer (Servicebio, Wuhan, China) for pro-
tein extraction, after which protein concentrations were de-
termined using a BCA assay kit. Protein samples were sep-
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arated by SDS-PAGE and transferred onto polyvinylidene
fluoride (PVDF) membranes (MilliporeSigma, Burlington,
MA, USA). After blocking with 5% skim milk, membranes
were incubated overnight at 4 °C with a primary antibody
against PRKCA (1:5000). After three washes with TBST,
membranes were incubated with a secondary antibody and
visualized for band detection.

Biological replicates refer to independent experiments
performed using different animals, different biological
samples, or independently cultured cell batches, whereas
technical replicates refer to repeated measurements of the
same sample. Unless otherwise stated, the statistical analy-
ses were based on biological replicates.

2.20 Statistical Analysis

All data were analyzed using R software (v 4.2.2,
R Foundation for Statistical Computing, Vienna, Austria).
The Wilcoxon test was utilized to assess differences be-
tween the groups. Hazard ratios (HRs) and 95% confidence
intervals (CIs) were calculated for univariate and multivari-
ate Cox regression analyses. For KM survival analyses,
survival differences between groups were evaluated using
the log-rank test, and HRs with 95% CIs were estimated
using Cox PH models. Time-dependent ROC curves were
used to evaluate the predictive performance of the prognos-
tic model. The area under the curve (AUC) values were
reported with 95% Cls where applicable. The C-index and
bootstrap-corrected C-index were calculated, and 95% Cls
were estimated using 1000 bootstrap resampling iterations.
A two-sided p < 0.05 was considered significant.

3. Results

3.1 Identification of 15,177 Key Module Genes and 2345
DEGs

WGCNA was implemented to identify OS-related
module genes.  Clustering results indicated that the
GSE36001 dataset was free of outliers such that all samples
were retained for the subsequent analysis (Fig. 1A). A soft
threshold value of five was determined to be optimal, based
on an R? 0f 0.971 and a connectivity of close to 0 (Fig. 1B),
allowing for the identification of nine gene modules (Fig.
1C). Of these modules, MEturquoise, MEyellow, MEblack,
MEblue, MEbrown, and MEgreen were significantly corre-
lated with OS (|cor| >0.4, p < 0.05). The integration of the
genes from these modules yielded 15,177 key module genes
(Fig. 1D). Differential expression analysis implemented in
the GSE36001 dataset yielded 2345 DEGs, of which 1149
were upregulated and 1196 were downregulated in OS (Fig.
1E,F).

3.2 Functional Enrichment Analyses

A total of 23 candidate genes were obtained by over-
lapping the 2345 DEGs identified above with 2030 MRGs,
2660 IRGs, and 15,177 key module genes (Fig. 2A). These
23 candidate genes were significantly enriched in 293 GO
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Fig. 1. WGCNA identifies module genes associated with phenotypes. (A) Hierarchical clustering of samples. The branches of the
clustering tree represent individual samples, and the vertical coordinate represents the Euclidean distance between the sample and its
centroid. (B) The selection of the soft threshold. The horizontal axis represents the weight parameter power, and the left graph’s vertical
axis represents the scale-free fit index. (C) The identification of co-expression modules. The upper part of the figure is a hierarchical
clustering tree for genes, whereas the lower part is the gene module, also known as the network module. (D) The heatmap of correlations
between modules and traits. (E) Differential expression gene volcano plot. The Y-axis represents —logl0 (p-value), and the X-axis
represents logFC. (F) Heatmap of the differential gene density. Red represents high expression, and blue represents low expression.
WGCNA, Weighted Gene Co-Expression Network Analysis.
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Fig. 2. Determination and functional enrichment analysis of candidate genes. (A) Key module genes, DEGs, MRGs, and IRGs
were intersected to identify candidate genes. (B) GO enrichment analysis results for 23 candidate genes. (C) KEGG enrichment analysis
results for 23 candidate genes. (D) PPI map of candidate genes. DEGs, differentially expressed genes; MRGs, mitochondria-related
genes; IRGs, immune-related genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; PPI, Protein—Protein

Interaction.

terms (269 biological process [BP], 19 cellular component
[CC], and 5 molecular function [MF] terms) and 83 KEGG
pathways. These enriched GO terms included embryonic
organ development, renal system development, and em-
bryonic organ morphogenesis (Fig. 2B). In addition, the
enriched KEGG pathways included the NOD-like recep-
tor signaling pathway, diabetic cardiomyopathy, and lipid
and atherosclerosis (Fig. 2C). A PPI network consisting of
these 23 candidate genes was composed of 23 nodes and
45 edges. Within this network, HSP90ABI, glutathione S-
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transferase Pi-1 (GSTPI), CAMK2A, and NFKBI exhibited
the most interactions with the other candidate genes (Fig.
2D).

3.3 Construction of a Prognostic Risk Model

GSTP1, catalase (CAT), TNFSF10, and PRKCA were
identified as prognostic genes through univariate Cox re-
gression analysis (using p < 0.2 as the initial screening
threshold), PH hypothesis testing, and LASSO regression
analysis (Fig. 3A,B). The ClIs for the four prognostic genes
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Fig. 3. Prognostic gene risk analysis. (A) Candidate genes associated with OS prognosis were identified using univariate Cox regression

analysis. Hazard ratio (HR) >1, risk gene; HR <1, protective gene; HR =

1, irrelevant factor. (B) LASSO regression to further screen

prognostic genes. Left: the horizontal axis represents the logarithm of lambda, and the vertical axis represents the variable coefficients.

As lambda increases, the variable coefficients approach zero. When the optimal lambda is reached, the variables with coefficients equal

to zero are excluded. Right: the horizontal axis is the logarithm of lambda, and the vertical axis is the model error. The optimal value of

lambda is the minimum point of the red curve. (C) KM survival graph for patients with OS. (D) Survival curves of the high- and low-risk

subgroups in the validation set. (E,F) Time-dependent ROC curves evaluating the prognostic model for 3-, 5-, and 7- year OS survival.

(G,H) Risk curve and survival status. In the risk curve, red denotes high-risk samples, and blue denotes low-risk samples. Concerning

the survival status, red denotes deceased patients, and blue denotes surviving patients. The dashed line denotes the median risk score.

(IJ) Heatmap of prognostic gene expression. HRs with 95% Cls and log-rank p values are shown for Kaplan—Meier survival analyses.

LASSO, least absolute shrinkage and selection operator; KM, Kaplan—Meier; OS, osteosarcoma; Cls, confidence intervals.
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were as follows: GSTPI (HR = 1.505; 95% CI: 0.9143—
2.478; p = 0.108), CAT (HR = 0.4528; 95% CI: 0.2471-
0.8295; p = 0.0103), TNFSF10 (HR = 0.7917; 95% CI:
0.5902-1.062; p = 0.119), and PRKCA (HR = 1.308; 95%
CI: 0.9022-1.896; p = 0.157; Supplementary Table 2). A
risk model was then developed using these four prognostic
genes with the following formula: risk score =0.29135304
x GSTPI expression + (—0.66319311) x CAT expression
+ (—0.03192373) x TNFSF10 expression + 0.24954507 x
PRKCA expression. Based on the optimal risk score cut-
off, patients with OS were classified into high- and low-
risk subgroups. Inthe TARGET-OS cohort, 85 patients with
complete survival information were included, of whom 27
died during follow-up. After stratification based on the op-
timal risk score cutoff, the high-risk group included 36 pa-
tients, with 17 deaths and 19 survivors, whereas the low-
risk group included 49 patients, with 10 deaths and 39 sur-
vivors. In the GSE16091 validation cohort, 34 patients
were included, of whom 15 died during follow-up. The
high-risk group included 9 patients, with 6 deaths and 3 sur-
vivors, while the low-risk group included 25 patients, with
9 deaths and 16 survivors (Supplementary Table 3). In the
TARGET-OS cohort, KM analysis revealed that patients in
the high-risk group had significantly poorer overall survival
compared with those in the low-risk group (Fig. 3C). In the
GSE16091 validation cohort, consistent with the results de-
scribed above, the high-risk group had a poorer overall sur-
vival than the low-risk group (Fig. 3D). Moreover, ROC
curve analysis demonstrated the ability of the risk model
to accurately predict the 3-, 5-, and 7-year survival rates of
patients with OS (Fig. 3E,F). Both the risk curve and scat-
ter plot revealed an increase in the number of deaths with
increasing risk scores (Fig. 3G,H). Heatmap analysis addi-
tionally revealed the overexpression of GSTP/ and PRKCA
in the high-risk subgroup, whereas TNFSF10 and CAT were
overexpressed in the low-risk subgroup (Fig. 31J).

Importantly, the bootstrap-corrected C-index values
for both datasets were closely aligned with the original val-
ues, suggesting an absence of any significant model over-
fitting (Supplementary Table 4).

3.4 Establishment of a Nomogram With Strong Prognostic
Performance in OS

Univariate Cox regression analysis revealed a signifi-
cant association between risk score and overall survival in
patients with OS (HR = 2.975, 95% CI: 1.580-5.602, p <
0.001; Fig. 4A). After adjusting for age, sex, and disease
stage, multivariate Cox regression analysis indicated that
the risk score remained an independent prognostic factor
(HR = 2.608, 95% CI: 1.356-5.014, p = 0.004; Fig. 4B).
Subsequently, a nomogram incorporating the expression of
GSTP1, CAT, TNFSF10, and PRKCA was constructed to
predict OS patient survival (Fig. 4C). In the calibration
curve analysis, good consistency was observed between
the predicted and reference values when predicting 3-, 5-,
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and 7-year survival, indicating that the predictive accuracy
of the nomogram was high (Fig. 4D). DCA additionally
revealed clear separation between the performance of the
nomogram and the two extreme curves when predicting 3-,
5-, and 7-year survival, indicating that the nomogram had
better predictive accuracy, with the overall predictive effect
of the nomogram being higher than that of any single prog-
nostic gene (Fig. 4E). Risk scores were further stratified
according to clinical characteristics, including age, sex, and
stage, revealing that these scores varied significantly with
age, such that patients older than 14 years exhibited sig-
nificantly lower risk scores for overall survival (Fig. 4F).
KM survival curves revealed significant disparities between
the two risk subgroups in terms of age (<14 years vs. >14
years), sex (female vs. male), and metastasis status, with
notably lower survival rates being observed for individuals
in the high-risk group (Supplementary Fig. 1).
Furthermore, Model B exhibited a higher C-index (C-
index = 0.8) compared with Model A (C-index = 0.73)
(Supplementary Fig. 2A). ROC analysis additionally in-
dicated that the AUC for Model B was superior to that of
Model A when evaluating 3-, 5-, and 7-year overall sur-
vival (Supplementary Fig. 2B,C). DCA further confirmed
that Model B provided a greater net benefit compared with
Model A (Supplementary Fig. 2D,E). Overall, these re-
sults indicate that Model B has improved predictive ability.

3.5 Identification of Enriched Pathways Between the Two
Risk Cohorts

Differential expression analysis identified 1390 DEGs
when comparing the two risk cohorts, including 1098 up-
regulated and 292 downregulated genes in the high-risk co-
hort. Enrichment analysis revealed that these DEGs were
enriched in 306 GO terms (138 BP, 88 CC, and 80 MF
terms) and 16 KEGG pathways. The enriched biological
functions and signaling pathways included renal system de-
velopment, skeletal system morphogenesis, embryonic or-
gan development, cytoskeleton in muscle cells, and neu-
roactive ligand-receptor interaction (Fig. 5A,B, Supple-
mentary Table 5). GSEA further highlighted the enrich-
ment of 23 signaling pathways. Among them, significant
drug metabolism cytochrome P450, metabolism of xeno-
biotics by cytochrome P450, olfactory transduction, and
starch and sucrose metabolism were enriched in the high-
risk cohort, whereas viral myocarditis was enriched in the
low-risk cohort (Fig. 5C, Supplementary Table 6). Fur-
thermore, GSVA revealed 140 different biological func-
tions based on the genes differentially expressed between
the two risk cohorts, including the positive regulation of
NF-«B transcription factor activity, interleukin 7-mediated
signaling, and negative regulation of cAMP-mediated sig-
naling pathways (Fig. 5D, Supplementary Table 7).
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3.6 Risk Subgroup-Related Differences in the Immune
Microenvironment of OS

Using the ssGSEA algorithm, we next evaluated the
immune microenvironment of OS patients, revealing dif-
ferences in 14 immune cells and 8 immune checkpoints be-
tween the two risk subgroups (Fig. 6A,B). These differen-
tial immune cells included central memory CD8" T cells,
effector memory CD4" T cells, natural killer T cells, nat-
ural killer cells, type 1 T helper cells, macrophages, plas-
macytoid dendritic cells, effector memory CD8" T cells,
central memory CD4" T cells, immature B cells, mem-
ory B cells, activated B cells, regulatory T cells (Tregs),
and mast cells. The degree of immune cell infiltration for
each of these populations was notably lower in the high-risk
subgroup. With the exception of TNFSF9, analyzed im-
mune checkpoint genes (BTLA, CD200R1, CD27, CD274,
CD28, TIGIT, and TNFSF14) were expressed at signifi-
cantly higher levels in the low-risk subgroup. The majority
of these differential immune checkpoints were significantly
positively correlated with TNFSF10 (Fig. 6C). In addition,
significant reductions in stromal, immune, and ESTIMATE
scores were noted in the high-risk subgroup (Fig. 6D).

3.7 Drug Sensitivity Analyses

Drug sensitivity analyses were next conducted to ex-
plore the potential value of risk scores as a means of guid-
ing chemotherapy. Correlation analyses indicated that 15
drugs, including elesclomol, gemcitabine, midostaurin, and
shikonin, were significantly correlated with risk score (Fig.
7A, Supplementary Table 8). In addition, the ICsy values
for these 15 drugs differed significantly between the two
risk subgroups (Fig. 7B, Supplementary Table 9). No-
tably, the I1Cso values of BIRB.0796, EHT.1864, elesclo-
mol, OSI.906, PF.4708671, and S-trityl-L-cysteine were
significantly higher in the high-risk subgroup. In contrast,
the ICs( values of methotrexate, doxorubicin, and cisplatin,
which are three commonly used chemotherapy drugs for
the management of OS, did not differ between the risk sub-
groups.

A total of 103 and 118 miRNAs were obtained
from the miRanda and miRDB databases, respectively.
Five overlapping miRNAs were identified based on the
overlap between these two databases: hsa-miR-190a-5p,
hsa-miR-190b-5p, hsa-miR-589-5p, hsa-miR-3065-5p, and
hsa-miR-581. In addition, eight IncRNAs were identified,
including XIST, AC021092.1, SNHG16, ADAMTSL4-AS1,
AC016876.2, AC024267.1, KCNQIOTI, and MALATI, all
of which interact with hsa-miR-190a-5p and hsa-miR-589-
5p. A total of 15 nodes and 13 interaction pairs were in-
cluded in the constructed regulatory network, with CAT ex-
hibiting a complex regulatory network (Fig. 7C). Together,
these results offer a foundation for understanding the tar-
geted regulation of prognostic genes.

12

3.8 Single-Cell Annotation of Cell Types in OS

Sample distributions in the GSE162454 dataset be-
fore and after quality control are shown in Supplemen-
tary Fig. 3A,B. In total, 2000 highly variable genes
were screened in the single-cell dataset (Supplementary
Fig. 3C), and the optimal number of principal compo-
nents (PCs) was determined to be 20 based on dimension-
ality reduction (Supplementary Fig. 3D). Using these 20
PCs for clustering, we obtained 20 distinct cell clusters
(Fig. 8A). PCA analysis did not reveal any distinct clusters
among the samples, suggesting that there is no significant
batch effect in the data (Fig. 8B). In total, 10 cell types
were annotated, including osteoblastic OS cells, myeloid
cells, T cells, CAFs, plasma cells, osteoclasts, endothelial
cells, B cells, M1 macrophages, and M2 macrophages (Fig.
8C). Marker gene expression in these cell types was fur-
ther evaluated (Fig. 8D). M1 macrophages were identified
as a potentially relevant cell population based on patterns
of GSTPI, CAT, TNFSF10, and PRKCA expression (Fig.
8E). Secondary clustering analysis further revealed that M 1
macrophages could be characterized into five distinct sub-
populations (Supplementary Fig. 4). Enrichment results
also indicated that M1 macrophages were enriched in 1802
pathways, including the FMO oxidizes nucleophiles, lac-
tose synthesis, and Cox reaction pathways (Fig. 8F).

3.9 Pseudotime and Cellular Communication Analyses of
Key Cells

M1 macrophages differentiated into 13 different
states, with differentiation typically starting in state 1 and
primarily ending in state 11 (Fig. 9A,B). State 2 was
skipped because there was no cell assignment. Later differ-
entiation primarily occurred in M1 macrophage subclusters
1 and 2 (Fig. 9C). Subsequently, CAT, PRKCA, GSTPI,
and TNFSF10 were assigned to subclusters 1-4. Over the
course of M1 macrophage differentiation, CAT and PRKCA
expression initially decreased, then increased, followed by
a final decrease, whereas GSTP! and TNFSF10 expres-
sion first rose and then fell (Fig. 9D). Cellular commu-
nication results further highlighted strong and frequent in-
teractions among all major cell types, with the exception
of plasma cells, B cells, and T cells (Fig. 9E,F). Specifi-
cally, M1 macrophages were primarily associated with M2
macrophages, myeloid cells, and osteoclasts (Fig. 9G). In
summary, these intercellular communication analysis re-
sults provide further support for the role of these cell pop-
ulations in OS progression. Understanding these interac-
tions may provide valuable guidance for pathologic studies
of OS, offering a basis for new therapeutic interventions.

3.10 GSTP1, CAT, and PRKCA Expression Differs
Significantly in OS

In the GSE36001 dataset, GSTP1, CAT, TNFSF10,
and PRKCA expression levels were compared between the
OS and control groups. GSTP1, CAT, and PRKCA expres-
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Fig. 6. The immune microenvironment exhibited significant differences between the two risk subgroups. (A,B) Differences in
immune infiltration and immune checkpoint expression between the high- and low-risk groups. (C) Heatmap showing the correlation
between differentially expressed immune checkpoint genes and prognostic genes. (D) Differences in stromal, immune, and ESTIMATE
scores between the high- and low-risk OS subgroups. ns, not significant; *p < 0.05; **p <0.01; ***p <0.001; ****p <0.0001.

trol group, whereas GSTP! and PRKCA were expressed at
significantly higher levels in the OS group (Fig. 10).

sion significantly differed between the groups, with CAT
exhibiting significantly higher expression levels in the con-
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gene) regulatory network. *p < 0.05; **p <0.01; ***p <0.001; ****p <0.0001.

3.11 PRKCA Overexpression May Enhance the
Proliferation, Migration, and Invasion of OS Cells

Based on a comprehensive analysis of differential
gene expression in OS cell lines, we identified PRKCA as a
key risk factor for OS, owing to its markedly altered expres-
sion. Previous studies have implicated PRKCA in various
malignancies, including lung adenocarcinoma, oral tongue
squamous cell carcinoma, neuroblastoma, and prostate can-
cer. However, relatively little of its role in OS is under-
stood. As such, we conducted further functional experi-
ments to examine the role of PRKCA in this cancer type.
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Western blotting demonstrated the significant upreg-
ulation of PRKCA in OS cell lines (HOS and U20S; Fig.
11A), and the transfection efficiency of PRKCA was fur-
ther validated (Fig. 11B,C). RT-qPCR also confirmed this
finding, demonstrating significantly higher PRKCA expres-
sion levels in HOS and U20S cells as compared to nor-
mal osteoblasts (Fig. 11E,G). CCK-8 cell proliferation
assays revealed that PRKCA overexpression significantly
enhanced OS cell growth at 24, 48, and 72 h compared
with control cells (Fig. 11D,F). In a wound healing assay,
PRKCA overexpression enhanced the migration of OS cells
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(Fig. 11H,I). Additionally, Transwell migration and inva-  3./2 PRKCA Silencing Significantly Inhibits OS Cell
sion assays demonstrated that increased PRKCA expression ~ Proliferation, Migration, and Invasion
notably promoted OS cell migratory and invasive activity

(Fig. 11J,K). Collectively, these findings confirmed that To more fully examine the functional importance of
PRKCA plays a critical role in promoting OS cell prolifer- ~ PRKCA in OS, we employed gene silencing technology
ation and migration. to knock down PRKCA in HOS and U20S cells, as con-

firmed by western blotting (Fig. 12A,B). Consistent with
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Fig. 10. The expression status of prognostic genes in OS tumor samples and normal control samples. ns, not significant; **p <

0.01; ****p < 0.0001.

our hypothesis, RT-qPCR (Fig. 12D,F), CCK-8 assays (Fig.
12C,E), wound healing assays (Fig. 12G,H), and Transwell
assays (Fig. 121,J) demonstrated that PRKCA silencing sig-
nificantly reduced the proliferative activity, migratory po-
tential, and invasive capacity of OS cells. These findings
reinforce the significant role that PRKCA plays in these ma-
lignant processes.

4. Discussion

In this study, we established and conducted a prelim-
inary evaluation of a mitochondria- and immunity-related
prognostic signature for OS by integrating bulk transcrip-
tomic profiling with single-cell transcriptomic analysis.
The model showed robust prognostic performance across
independent cohorts and led to the identification of PRKCA
as a biologically relevant risk-associated gene that is asso-
ciated with OS progression and immune microenvironment
remodeling in this cancer type. Based on bioinformatic
analysis, we identified four prognostic genes (GSTP1, CAT,
TNFSF10, and PRKCA) related to mitochondrial func-
tion and immunity in OS. Our results further highlight the
closely interconnected nature of mitochondrial dysfunction
and immune microenvironment remodeling during OS pro-
gression. The identified prognostic genes are broadly in-
volved in oxidative stress regulation, inflammatory signal-
ing, and macrophage-associated immune responses, indi-
cating coordinated mitochondrial-immune crosstalk within
the tumor microenvironment. Notably, single-cell tran-
scriptomic analysis identified M1 macrophages as a poten-
tially relevant cell population in OS [39]. In light of the
established role of macrophage polarization in the regula-
tion of inflammatory responses, tumor invasion, and im-
mune surveillance, our findings offer further support for
the hypothesis that mitochondria-associated immune dys-
regulation may contribute to OS progression and immune
evasion [16].
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CAT encodes the catalase enzyme, which functions to
decompose H,0O, into nontoxic substances, thereby play-
ing an important role in maintaining redox balance within
the body. Wang et al. [40] reported that arsenic triox-
ide can induce the apoptotic death of p53-null OS MG63
cells through CAT inhibition. Wang et al. [41] additionally
determined that manganese single-atom nanozymes (Mn-
SANSs) can catalyze endogenous H,O; in OS cells into O,
through CAT-like activity, effectively mitigating intratu-
moral hypoxia and activating oxidase (OXD)-like cataly-
sis responsible for converting O, to cytotoxic O,. The
results of our study align with previous findings, indicat-
ing that CAT expression may be a protective factor for
OS. However, the specific molecular mechanism through
which it impacts OS prognosis remains to be further inves-
tigated. CAT has been shown to modulate cellular redox
status by scavenging extracellular H,O, in the tumor mi-
croenvironment, thereby reducing intracellular ROS levels
and promoting T cell activation and long-term immunolog-
ical memory [42]. CAT may therefore enhance T cell func-
tionality within the OS immune microenvironment by regu-
lating H,O, levels during immune responses. CAT can also
influence other immune components of the immune signal-
ing network within tumors. For example, CAT exhibits syn-
ergistic interactions with multiple components, including
toll-like receptors (TLRs) [43]. TLR activation can initiate
innate and adaptive immune responses and modulate anti-
tumor activity, suggesting that CAT plays a significant role
in regulating the tumor immune microenvironment [44].
These observations suggest that, in addition to contribut-
ing to intracellular antioxidant defenses, CAT may influ-
ence tumor immune evasion through neutrophil- and TLR-
mediated signaling pathways. We also observed the upreg-
ulation of CAT during the mid-stage of M1 macrophage
polarization. In pro-inflammatory M1 macrophages, CAT
expression has been shown to be suppressed through an
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Fig. 11. The overexpression of PRKCA significantly enhanced the proliferation, migration, and invasion of both HOS and U20S
cells. (A—C) Western blotting. (D,F) CCK-8 assay. (E,G) RT-qPCR. (H,I) Wound-healing assay. Scale bar, 200 pm. (J,K) Transwell
assay. Scale bar, 100 um. CCK-8,Cell Counting Kit-8; RT-qPCR, reverse transcription quantitative polymerase chain reaction. **p <

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

LSD1-dependent epigenetic mechanism, and its downregu-
lation promotes M1 polarization and pro-inflammatory cy-
tokine expression. Conversely, maintaining CAT levels can
inhibit LPS-induced inflammatory responses. Taken to-
gether, these results suggest that stabilizing CAT expression
through LSD1 inhibitors may mitigate M 1-mediated patho-
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logical damage and potentially improve survival outcomes
in OS [45], which is consistent with the results of the present
study.

TNFSF10, also known as TNF-related apoptosis-
inducing ligand (TRAIL) or CD253, belongs to the tumor
necrosis factor superfamily. The protein encoded by TN-
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Fig. 12. Knockdown of PRKCA significantly reduced the proliferation, migration, and invasion of both HOS and U20S cells.
(A,B) Western blotting. (C,E) CCK-8 assay. (D,F) RT-qPCR. (G,H) Wound-healing assay. Scale bar, 200 um. (IJ) Transwell assay.

Scale bar, 100 pm. **p <0.01; ***p <0.001; ****p <0.0001.

FSF10 plays a crucial role in cellular processes, particu-
larly in the regulation of apoptosis. Notaro et al. [46] re-
ported that the WIN-dependent increase in SPARC levels
plays a key role in OS cell TRAIL sensitivity. Disrupting
mitochondrial Ca>" homeostasis may offer a promising ap-
proach to overcoming TRAIL resistance in cancers while
increasing tumor selectivity [47]. The present findings sug-
gest that TNFSF10 may be associated with OS prognosis.
Furthermore, low levels of TNFSFI0 expression in skin
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cutaneous melanoma have been found to be significantly
associated with aggressive clinicopathological features, di-
minished immune signaling activity, and reduced immune
cell infiltration [48]. Consequently, the potential implica-
tions of TNFSF'10 for cancer prognosis and immunotherapy
strategies merit further investigation. In addition to noting
its functional roles in apoptosis and tumor immunity, we
found that TNFSF10 is highly expressed during the early
stage of M1 macrophage polarization in OS. Previous stud-
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ies have similarly identified TNFSF10 as a risk-associated
gene in prognostic models of pancreatic ductal adenocarci-
noma, with higher expression levels being linked to poorer
overall survival. Immune infiltration analysis further re-
vealed that the high-risk group exhibited a marked reduc-
tion in M1 macrophage infiltration, concomitant with in-
creased TNFSF10 expression. This suggests that TNFSF10
may contribute to the establishment of an immunosuppres-
sive tumor microenvironment through its ability to suppress
the antitumor activity of M1 macrophages, thereby promot-
ing tumor progression and metastasis and ultimately reduc-
ing patient survival [49].

Among the identified prognostic genes, PRKCA was
selected as the most biologically and clinically relevant can-
didate. Functional experiments revealed that PRKCA over-
expression led to the significant enhancement of OS cell
proliferation, migration, and invasion, whereas PRKCA si-
lencing had the opposite effect. Previous studies have im-
plicated PRKCA in tumor progression, adverse prognostic
outcomes, and immune regulation across several malignan-
cies, including lung adenocarcinoma, oral tongue squamous
cell carcinoma, chordoid glioma, and colon cancer [50,51].
These results suggest that PRKCA participates in oncogenic
signaling and the remodeling of the tumor microenviron-
ment [52]. Combined with our single-cell findings, these
results indicate that PRKCA may contribute to OS progres-
sion through mitochondria-associated immune regulatory
mechanisms, emphasizing its potential as a therapeutic tar-
get. In light of these results, we developed a multivariate
Cox regression model (Model B) incorporating four prog-
nostic genes (GSTPI, CAT, TNFSF10, and PRKCA) along
with clinical characteristics, which markedly enhanced the
predictive performance of this model for outcomes in pa-
tients with OS. Compared with conventional prognostic in-
dicators, this integrative model offers clinicians a more pre-
cise tool for assessing prognosis, thereby supporting more
informed and optimized patient management.

In the high-risk subgroup, we observed decreased in-
filtration of central memory CD8* T cells, effector mem-
ory CD8" T cells, effector memory CD4"* T cells, natural
killer T cells, type 1 T helper cells, natural killer cells, acti-
vated B cells, and memory B cells, consistent with weak-
ened immunity. The reduced infiltration of Tregs in the
high-risk subgroup may be associated with the suppression
of the immune response. Additionally, the decreased in-
filtration of macrophages and plasmacytoid dendritic cells
in the high-risk subgroup may be linked to a reduction in
antigen-presenting capabilities. Together, the immune cell
infiltration analysis results suggest that immune function
was suppressed in the high-risk subgroup. The observed
reductions in ESTIMATE, immune, and stromal scores in
the high-risk subgroup are indicative of decreases in the
number or function of immune cells in tumor tissue. This
may reflect a decrease in structural support for tumor tissue,
thereby facilitating immune evasion by tumor cells. How-

20

ever, immune infiltration and ESTIMATE results are based
solely on bioinformatics analyses and have not been vali-
dated through experimental evidence, highlighting this as
an important avenue for our future research.

We observed significant differences in the ICsg
values of 15 drugs, including AP.24534, BIRB.0796,
CHIR.99021, EHT.1864, elesclomol, GDC0941, gemc-
itabine, MG.132, midostaurin, OSI1.906, PF.4708671, S-
trityl-L-cysteine, SB.216763, shikonin, and Z.LLNle.CHO,
when comparing the high- and low-risk subgroups. Among
these drugs, elesclomol is particularly noteworthy as a cop-
per ionophore that regulates mitochondrial copper home-
ostasis and oxidative metabolism. In genetic models of
copper deficiency, it can restore mitochondrial cytochrome
¢ oxidase activity and respiratory function [53]. In tu-
mor cells, elesclomol-induced oxidative stress is associated
with mitochondrial metabolic reprogramming and can trig-
ger cuproptosis. Although direct evidence linking elesclo-
mol to the PRKCA/PKC-a pathway is currently lacking,
there is prior evidence that it increases oxidative stress and
enhances sensitivity to cytotoxic agents [54]. Further in-
vestigation into the mechanisms through which these drugs
function will aid in the development of novel OS drugs,
increasing the precision and personalization of OS treat-
ment. The lack of significant differential efficacy for the
common OS chemotherapeutic agents methotrexate, dox-
orubicin, and cisplatin when comparing the risk subgroups
in this study may be attributable to their status as standard-
of-care therapies. These agents elicit comparable therapeu-
tic responses across most patients regardless of risk strat-
ification, and their mechanisms of action are sufficiently
robust to transcend variations in genetic risk profiles, re-
sulting in minimal intergroup disparities in treatment out-
comes. However, it is important to note that the drug sen-
sitivity results from this study are solely based on bioin-
formatics analyses, which have limitations when attempt-
ing to directly translate ICs, values to patient outcomes.
Variations in the tumor microenvironment, genomic char-
acteristics, and physiological factors among individuals can
affect drug sensitivity, potentially leading to discrepancies
between predictions and actual clinical results. Therefore,
careful evaluation is required before clinical application of
these computational predictions, together with further ex-
perimental validation.

M1 macrophages were identified as a potentially rel-
evant cell population in the OS microenvironment through
single-cell transcriptomic analysis. As classically activated
pro-inflammatory cells, M1 macrophages can exert direct
antitumor effects in OS by releasing cytotoxic substances
and pro-inflammatory factors, and they can enhance the
immune response against tumors by activating T cells and
other immune cells [55,56]. Richert et al. [39] demon-
strated that TLR4 agonists induce OS regression through
their ability to induce an antitumor immune response and
reprogram M2 macrophages toward an M1 phenotype. The
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results of this study are consistent with those of previous
reports, suggesting that M1 macrophages play an important
role in governing OS growth and development.

This study established a multidimensional compre-
hensive analysis framework for MRGs and IRGs in OS as
a means of constructing a clinical outcome model with ex-
cellent predictive performance and a close association with
immune activity and the efficacy of targeted therapy in pa-
tients with OS. In this study, bioinformatic analysis and RT-
gPCR validation revealed that PRKCA expression was el-
evated in OS cells and negatively correlated with patient
outcomes. This study investigated the role of PRKCA in
OS cells. Overexpression of PRKCA markedly enhanced
the invasive, migratory, and proliferative activities of OS
cells. PRKCA knockdown experiments further confirmed
its biological significance in OS. Collectively, these find-
ings indicate that PRKCA is a promising therapeutic target
for OS treatment. However, the functional roles of GSTP],
CAT, and TNFSF10 in this study were inferred rather than
experimentally validated. Future studies will focus on clar-
ifying the roles of the remaining three genes.

5. Conclusion

In summary, this study established a mitochondria-
and immunity-related prognostic risk signature for OS
through integrated bulk transcriptomic and single-cell tran-
scriptomic analyses. The resulting model exhibited favor-
able prognostic performance and was able to reveal poten-
tial associations between mitochondrial dysfunction, the re-
modeling of the immune microenvironment, and OS pro-
gression. PRKCA emerged as a key candidate among the
identified prognostic genes, and in vifro experiments sup-
ported its role in promoting OS cell proliferation, migra-
tion, and invasion. Overall, these results provide insight
into mitochondria—immune interactions in OS and may in-
form the development of prognostic stratification strategies
and new targets for developing OS therapies.

6. Limitations

This study has several limitations that should be ac-
knowledged. First, the small sample sizes of the deriva-
tion cohort (TARGET-OS, n = 88) and the validation co-
hort (GSE16091, n = 34) may limit the generalizability
of our results and contribute to a higher risk of overfit-
ting. The broader applicability of these results may also be
constrained by cohort-specific biases related to treatment
protocols and demographic characteristics. Therefore, fu-
ture studies should include larger and more diverse popula-
tions to validate model performance. While our prognostic
model showed favorable discriminative performance in the
TARGET-OS and GSE16091 cohorts, and bootstrap-based
internal validation suggested no evidence of overfitting,
cutoff optimization may still have some bearing on the pre-
dictive performance of the model. Variations in risk strati-
fication strategies or threshold selection may affect model
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robustness and stability across different populations. These
considerations highlight the need for prospective validation
in larger independent cohorts before this prognostic signa-
ture can be reliably translated into clinical practice. More-
over, our independent prognostic analysis was limited by
the inaccessibility of key clinical data, including details on
chemotherapy regimens, such that the incremental clinical
utility of the model could not be fully evaluated in prospec-
tive cohorts. We were therefore unable to consider potential
confounding factors that may have influenced model per-
formance. Future studies should aim to compile a more
comprehensive clinical dataset to support the further val-
idation and refinement of our results. It should be noted
that the relationship between the bulk-derived risk score
and cell-type-specific activity remains inferential, and fur-
ther integrated multi-omics analysis is required to validate
these findings. Finally, while we demonstrated the prog-
nostic utility of PRKCA expression, we were unable to es-
tablish a direct association between PRKCA expression lev-
els and patient outcomes owing to a lack of clinical tissue
chip and immunohistochemistry validation. Future studies
should therefore focus on confirming these findings.
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