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A B S T R A C T

Background: Osteosarcoma (OS) is an aggressive bone malignancy with a poor prognosis. Dysregulated calcium 
homeostasis may contribute to OS progression.
Methods: Various machine learning algorithms were integrated into multiple model combinations to identify key 
prognostic genes. Single-cell expression profiling was conducted to assess STC2 expression across different cell 
types within the OS microenvironment. Experimental validation was performed in OS cell lines (U2OS and 143B) 
using lentiviral shRNA-mediated knockdown, qPCR, proliferation assays, and migration/invasion assays. Im
mune infiltration and potential immunotherapy response were further explored using immune deconvolution, 
immune checkpoint analysis, TIDE, and SubMap.
Results: Calcium homeostasis-related dysregulation was associated with osteosarcoma progression, and machine- 
learning analysis identified STC2 as the most important prognostic gene. Single-cell analysis revealed that STC2 
was predominantly expressed in endothelial, fibroblast, and malignant cells. In vitro experiments showed that 
knockdown of STC2 in OS cells significantly inhibited cell proliferation, migration, and invasion. Specifically, 
CCK-8, colony formation, and EdU assays demonstrated decreased cell proliferation, while Transwell assays 
revealed reduced migratory and invasive capacities of STC2-knockdown OS cells. Moreover, TIDE and SubMap 
analyses suggested that low STC2 expression was computationally associated with a higher predicted likelihood 
of response to immune checkpoint inhibitors.
Conclusions: Our findings suggest that calcium homeostasis dysregulation is involved in OS progression and that 
STC2 is a prioritized prognostic and functional candidate within this network. The findings suggest that STC2 
may serve as a potential therapeutic target and candidate biomarker for OS, including in the context of predicted 
immunotherapy response, although this requires further validation.
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Introduction

Osteosarcoma (OS) is the most common primary malignant bone 
tumor in children and adolescents and is characterized by aggressive 
progression and an unfavorable prognosis, particularly in patients with 
metastasis or recurrence[1,2]. Despite advancements in surgical tech
niques and chemotherapy, the survival rate for patients with metastatic 
OS remains dismal, often below 30 % [3,4]. The underlying molecular 
mechanisms driving OS progression and metastasis remain incompletely 
understood, and this gap in knowledge significantly hinders the devel
opment of more effective treatment strategies [5]. Therefore, identifying 
biologically meaningful molecular programs involved in OS progression 
is of substantial clinical importance.

Calcium homeostasis plays a central role in multiple cellular pro
cesses, including proliferation, apoptosis, differentiation, and stress 
adaptation, many of which are dysregulated in cancer [6,7]. Alterations 
in calcium signaling pathways have been implicated in the initiation and 
progression of multiple cancers, including OS [8]. Disruptions in cal
cium ion regulation or the activity of calcium-binding proteins can in
fluence tumor behavior, metastasis, and response to treatment [9,10]. 
However, the biological significance of calcium homeostasis-related 
dysregulation in OS remains insufficiently defined, particularly in rela
tion to metastatic progression, prognostic stratification, and tumor 
microenvironmental heterogeneity. A systematic investigation of cal
cium homeostasis-related genes may therefore provide new insight into 
OS biology and reveal clinically relevant therapeutic candidates.

In recent years, machine learning (ML) has emerged as a trans
formative tool in cancer research, enabling the analysis of large-scale 
genomic and clinical data to identify biomarkers and predict patient 
outcomes with remarkable accuracy [11,12]. Compared with conven
tional single-gene approaches, ML-based frameworks are better suited to 
capture complex relationships among genes and to construct multigene 
prognostic models [13,14]. In this study, we apply a range of advanced 
ML techniques to analyze publicly available transcriptomic and clinical 
data from OS patients, with the goal of identifying key genes associated 
with calcium homeostasis that significantly impact patient survival. By 
integrating gene expression data with clinical outcomes, we aim to 
construct a robust prognostic model for OS, which could assist in 
stratifying patients and informing treatment decisions.

In this study, we integrated multiple ML algorithms to systematically 
investigate calcium homeostasis-related genes in OS using publicly 
available transcriptomic and clinical datasets. Our aim was to determine 
whether calcium homeostasis dysregulation is associated with OS pro
gression and prognosis, and to identify prioritized candidate genes for 
downstream validation. Within this framework, STC2 emerged as the 
most robust prognostic candidate. We further explored its cellular dis
tribution in the OS microenvironment, its association with immune- 
related features, and its biological effects in vitro. Together, this study 
provides a transcriptome-based framework linking calcium 
homeostasis-related dysregulation to OS progression and identifies STC2 
as a key functional candidate that warrants further investigation.

Methods

Data acquisition and preprocessing

In this study, four publicly available OS datasets were utilized: 
Target-OS, GSE42352, GSE21257, and GSE39055. Among these, Target- 
OS, GSE21257, and GSE39055 provided comprehensive transcriptomic 
and survival data, which were employed for survival analysis and pre
dictive modeling. The GSE42352 dataset, which includes normal tissue 
samples, was specifically used for differential expression analysis. Genes 
associated with calcium homeostasis (GO: BP_CALCIUM_ION_HOMEO
STASIS, n = 329) were obtained from The Molecular Signatures Data
base (MSigDB, https://www.gsea-msigdb.org/gsea/index.jsp). Prior to 
downstream analyses, all datasets underwent preprocessing and quality 

control. Samples with overall survival time shorter than 30 days were 
excluded to reduce potential bias caused by non-tumor-related early 
mortality. In addition, only samples with >10,000 detected genes were 
retained to ensure sufficient transcriptomic coverage and data quality 
for subsequent analyses. Missing clinical values were not imputed in the 
current study. After filtering, the datasets were normalized and prepared 
for subsequent integrative and cohort-specific analyses.

Batch effect removal and analysis of calcium homeostasis pathway in OS

To reduce batch effects between datasets, particularly between 
Target-OS and GSE42352, batch correction was performed using the 
ComBat algorithm [15,16]. The effectiveness of correction was assessed 
by density plots before and after correction. After correction, the activity 
of the calcium homeostasis pathway was quantified using single-sample 
Gene Set Enrichment Analysis (ssGSEA) based on the predefined calcium 
homeostasis-related gene set. Differential analysis was then performed 
to compare calcium homeostasis pathway scores between metastatic and 
non-metastatic OS samples, as well as between OS and normal control 
samples. To identify candidate prognostic genes, univariate Cox 
regression was used as an initial screening step, and genes with p < 0.1 
were retained for downstream analysis. Gene-gene correlations were 
visualized using a heatmap, and protein-protein interaction (PPI) 
network analysis was performed to further explore the relationships 
among these genes.

Machine learning-based prognostic modeling of calcium homeostasis in OS

To construct a prognostic model for calcium homeostasis-related 
genes in OS, the Target-OS dataset was used as the training set, while 
GSE21257 and GSE39055 served as validation cohorts. The primary 
comparison in this study was performed among transcriptome-based 
machine-learning survival models. A total of 101 model combinations 
were generated by applying a range of machine learning algorithms, 
including regularization methods (such as LASSO and elastic net), tree- 
based methods (random survival forest (RSF) and generalized boosted 
regression model (GBM)), dimensionality reduction techniques (super
vised principal components (SuperPC)), regression models for survival 
analysis (ridge regression, partial least squares regression for Cox 
(plsRcox), stepwise Cox regression), and support vector machine ap
proaches (survival support vector machine (Survival-SVM)). The C- 
index was computed for each algorithm across all datasets to assess its 
predictive performance. The algorithms were then ranked by their 
average C-index, and the best-performing combination was selected for 
further refinement. Patients were stratified into high- and low-risk 
groups using the median riskScore as the cutoff. This cutoff was 
selected as a simple and reproducible distribution-based threshold that 
could be applied consistently across datasets without introducing 
additional outcome-driven optimization.

Analysis of immune pathways and biological mechanisms associated with 
risk score

To investigate the relationship between riskScore and immune- 
related pathways, we first identified 18 immune therapy-related path
ways through a comprehensive literature search [17]. Additionally, 
Hallmark gene sets were retrieved from the MSigDB database for further 
analysis. Correlation analysis was performed to explore the associations 
between riskScore and these immune-related pathways. To better un
derstand the biological mechanisms underlying risk stratification, Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathway analyses were conducted for both high- and low-risk groups.

Single-cell analysis of STC2 expression in OS

To explore the cellular expression of STC2 in OS at the single-cell 
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level, we used the TISCH2 database and analyzed the OS_GSE162454 
dataset. STC2 expression was assessed across major cell types within the 
OS microenvironment, including Endothelial, Fibroblasts, and Malig
nant cells. Cell-cell interaction (CCI) analysis was performed to examine 
potential interactions between Endothelial cells and other cell pop
ulations with relatively high STC2 expression. In addition, Gene Set 
Enrichment Analysis (GSEA) was conducted to compare enriched bio
logical pathways between high- and low-STC2 expression groups.

Pan-cancer analysis of STC2 expression and its prognostic implications

We conducted a comprehensive pan-cancer analysis of STC2 
expression using the TCGA database to evaluate its role across multiple 
cancer types. Differential expression of STC2 was assessed between 
tumor and normal tissues across all cancer types, followed by paired 
tumor-normal sample comparisons to confirm the observed expression 
patterns. Prognostic significance of STC2 was evaluated using survival 
data, including Disease-Free Interval (DFI), Disease-Specific Survival 
(DSS), Overall Survival, and Progression-Free Interval (PFI). The asso
ciation between STC2 expression and key genomic features, including 
Tumor Mutational Burden (TMB) and Microsatellite Instability (MSI), 
was also explored. Additionally, GSEA was performed based on the 
Hallmark gene set to identify biological pathways enriched in both high 
and low STC2 expression groups.

Immune infiltration and immunotherapy response prediction based on 
STC2 expression

To investigate the potential therapeutic impact of STC2 expression in 
OS, we quantified immune cell infiltration using six well-established 
algorithms: Cibersort [18], EPIC [19], quanTIseq [20], TIMER [21], 
MCPCounter [22], and xCell [23]. These algorithms were employed to 
assess immune cell populations in OS samples, followed by differential 
expression analysis to compare immune profiles between patients with 
high and low STC2 expression. Additionally, we analyzed the expression 
of common immune checkpoint genes, including both inhibitory and 
stimulatory genes, and performed TIDE (Tumor Immune Dysfunction 
and Exclusion) and SubMap analyses as computational, exploratory 
tools to estimate the potential association between STC2 expression 
groups and predicted response to immune checkpoint blockade [24,25].

Cell culture

Human osteosarcoma cell lines U2OS and 143B were cultured in 
Dulbecco’s Modified Eagle Medium (DMEM) supplemented with 10 % 
fetal bovine serum (FBS), 100 U/mL penicillin, and 100 μg/mL strep
tomycin at 37 ◦C in a humidified incubator with 5 % CO₂.

Lentiviral packaging and cell transduction

Lentiviral particles were generated in HEK293T cells using a three- 
plasmid system. HEK293T cells were co-transfected with the lentiviral 
vector, psPAX2, and pMD2.G using Lipofectamine 2000. Viral super
natants were collected at 48 h and 72 h, centrifuged to remove cell 
debris, and filtered through a 0.45 μm membrane. U2OS and 143B cells 
were then transduced with lentiviral particles carrying shRNA targeting 
STC2 or the corresponding negative control for subsequent experiments.

qPCR analysis

Total RNA was extracted using TRIzol reagent according to the 
manufacturer’s instructions. Complementary DNA (cDNA) was synthe
sized using a reverse transcription kit. Quantitative PCR (qPCR) was 
performed using SYBR Green PCR Master Mix on a real-time PCR sys
tem. Relative expression levels were calculated using the 2^-ΔΔCt 
method, with GAPDH as the internal control. Each experiment was 

performed in three independent biological replicates.

Cell proliferation assays

Cell proliferation was evaluated using CCK-8, colony formation, and 
EdU incorporation assays. For the CCK-8 assay, cells were seeded into 
96-well plates at a density of 5000 cells/well. At the indicated time 
points, CCK-8 reagent was added and absorbance at 450 nm was 
measured after 2 h of incubation. For the colony formation assay, cells 
were seeded into 6-well plates at a density of 1000 cells/well and 
cultured for 10 days, with the medium changed every 3 days. Colonies 
were then fixed with methanol, stained with 0.1 % crystal violet, and 
colonies containing >50 cells were counted. For the EdU assay, cells 
were incubated with EdU for 2 h, followed by fixation, permeabilization, 
and staining according to the manufacturer’s instructions. EdU-positive 
cells were visualized by fluorescence microscopy and quantified.

Migration and invasion assays

Cell migration assays were performed using transwell chambers 
without a Matrigel coating, while invasion assays utilized Matrigel- 
coated chambers. Cells were seeded into the upper chamber in serum- 
free medium and allowed to migrate or invade towards the lower 
chamber containing medium supplemented with 10 % FBS. After 24 h, 
cells on the lower side of the membrane were fixed, stained, and 
counted.

Results

Impact of calcium homeostasis on OS prognosis and gene expression

Prior to batch correction, the distributions of the Target-OS and 
GSE42352 datasets showed clear discrepancies, indicating the presence 
of batch effects (Fig. 1A). After ComBat correction, the distributions of 
the two datasets became more comparable, with improved alignment in 
means and variances (Fig. 1B). ssGSEA analysis revealed variations in 
calcium homeostasis pathway scores across OS samples, with the 
expression profiles displayed alongside clinical features (Fig. 1C). Dif
ferential analysis showed that metastatic OS samples exhibited signifi
cantly lower calcium homeostasis pathway scores than non-metastatic 
samples (Fig. 1D), whereas OS samples showed significantly higher 
pathway scores than normal controls (Fig. 1E), suggesting that calcium 
homeostasis dysregulation in OS may be dynamic and stage-dependent. 
Using univariate Cox regression as an initial screening step, 28 candidate 
prognostic genes associated with survival were retained for downstream 
analysis (Fig. 1F). A correlation heatmap of these 28 genes was generated 
(Fig. 1G), and their potential functional interactions were further 
explored using a protein-protein interaction (PPI) network (Fig. 1H).

Prognostic significance of calcium homeostasis-related genes in OS

Our analysis of machine learning model performance showed that 
the combination of CoxBoost + RSF achieved the highest C-index across 
all datasets (Fig. 2A). Further optimization of the CoxBoost model 
identified 51 steps as the optimal setting (Fig. 2B). Based on this model, 
14 genes associated with calcium homeostasis were selected. The 
importance of these genes in the model was assessed, with STC2 
emerging as the most influential gene based on its high importance score 
(Fig. 2C). This result was further supported by RSF analysis, which also 
ranked STC2 as the most important gene among the 14 selected vari
ables (Fig. 2D). Kaplan-Meier survival analysis demonstrated significant 
differences in survival between the high- and low-risk groups across all 
datasets (Fig. 2E). Additionally, time-dependent ROC analysis at 1, 3, 
and 5 years demonstrated favorable predictive performance of the 
riskScore model in the three cohorts (Fig. 2F).
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Fig. 1. Analysis of calcium homeostasis pathway expression and prognostic gene identification in OS. (A) Density plots showing the distribution of samples before 
batch effect correction, indicating significant batch effects between the Target-OS and GSE42352 datasets. (B) Density plots after batch effect correction, demon
strating improved alignment of sample distributions with similar means and variances. (C) ssGSEA quantification of calcium homeostasis pathway expression across 
OS samples and its relationship with clinical features. (D) Differential expression analysis of calcium homeostasis levels between metastatic and non-metastatic OS 
patients. (E) Comparison of calcium homeostasis pathway expression levels between OS samples and normal controls. (F) Forest plot showing the 28 prognostic genes 
significantly associated with OS patient prognosis based on univariate Cox regression analysis. (G) Correlation heatmap illustrating relationships among the 28 
prognostic genes identified in univariate Cox regression. (H) Protein-protein interaction (PPI) network depicting the functional interactions among the 28 prog
nostic genes.
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Fig. 2. Performance and validation of prognostic models for calcium homeostasis-related genes in OS. (A) Ranking of machine learning algorithms based on the 
average C-index across all datasets. The combination of CoxBoost + RSF achieved the highest C-index. (B) Performance of the CoxBoost algorithm, showing that the 
optimal number of steps for the best model performance is 51. (C) Importance coefficients of the 14 selected genes in the final CoxBoost + RSF model. (D) RSF 
analysis of the 14 selected genes, with STC2 identified as the most significant gene. (E) Kaplan-Meier survival curves for patients stratified into high- and low-risk 
groups based on the median riskScore in all three datasets. (F) Time-dependent ROC curves for 1-, 3-, and 5-year survival predictions using the riskScore model.
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Prognostic significance of risk score in immune pathways and biological 
pathways

The correlation analysis showed that riskScore exhibited limited 
correlations with most immune therapy–related pathways and Hallmark 
pathways. However, relatively stronger associations were observed with 
the glycolysis and unfolded protein response (UPR) pathways (Fig. 3A). 
Subsequently, GO enrichment analysis revealed distinct biological pro
cesses associated with the high- and low-risk groups. In the high-risk 
group, the most enriched biological processes included detection of 

chemical stimulus involved in sensory perception and translation regu
lator activity (Fig. 3B). In contrast, the low-risk group showed significant 
enrichment in pathways related to the T cell receptor complex and 
immunoglobulin complex (Fig. 3C). KEGG pathway analysis further 
identified the NOD-like receptor signaling pathway as significantly 
enriched in the high-risk group, while the ribosome pathway was 
enriched in the low-risk group (Fig. 3D, E).

Fig. 3. Relationship between risk score and biological pathways: immune, GO, and KEGG analyses. (A) correlation between riskscore and immune therapy-related 
pathways, as well as hallmark pathways. (B) GO enrichment analysis for the high-risk group, highlighting biological processes such as detection of chemical stimulus 
involved in sensory perception and translation regulator activity. (C) GO enrichment analysis for the low-risk group, identifying pathways related to the T cell 
receptor complex and immunoglobulin complex. (D) KEGG analysis for the high-risk group, showing significant enrichment in the NOD-like receptor signaling 
pathway. (E) KEGG analysis for the low-risk group, demonstrating enrichment of the ribosome pathway.
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STC2 expression and its correlation with cellular profiles and pathways

Our analysis revealed that STC2 was highly expressed in Endothelial, 
Fibroblasts, and Malignant cell types, with the Endothelial cluster 
showing the highest expression levels (Fig. 4A, B). CCI analysis high
lighted significant interactions between Endothelial cells and other cell 
types within the OS microenvironment (Fig. 4C). GSEA of high- and low- 
expression groups of STC2 identified distinct enrichment patterns in 
biological pathways, with the high-expression group showing specific 
pathway associations, while the low-expression group exhibited a 

different set of enriched pathways (Fig. 4D, E).

Immune landscape and immunotherapy response based on STC2 
expression

We observed significant differences in immune cell infiltration be
tween high and low STC2 expression groups, with macrophage infil
tration showing consistent variations across all six algorithms (Fig. 5A). 
Differential expression analysis revealed marked differences in the levels 
of inhibitory immune checkpoint genes (Fig. 5B) and stimulatory 

Fig. 4. Single-cell and pathway analysis of STC2 in OS. (A) Expression levels of STC2 across various cell types in the OS_GSE162454 dataset. (B) Visual depiction of 
STC2 expression across different cell clusters, highlighting the endothelial cluster as the predominant source of expression. (C) CCI analysis showing interactions 
between Endothelial cells and other cell populations in the OS microenvironment. (D) GSEA of high- and low-expression groups of STC2, revealing distinct 
enrichment patterns in biological pathways.
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immune checkpoint genes (Fig. 5C) between the two groups. Notably, 
TIDE analysis showed that patients with low STC2 expression exhibited 
significantly lower TIDE scores, suggesting a computationally predicted 
higher likelihood of response to immune checkpoint inhibitors (Fig. 5D). 
Consistently, SubMap analysis also supported a potential association 
between low STC2 expression and a more favorable predicted response 
to immunotherapy (Fig. 5E). However, these findings should be inter
preted as in silico predictions rather than clinically validated treatment 
outcomes.

Expression and prognostic value of STC2 across cancer types

Pan-cancer analysis revealed that STC2 was overexpressed in most 
cancer types compared to normal tissues (Fig. 6A). Paired tumor-normal 
differential expression analysis confirmed this finding (Fig. 6B). Prog
nostic analysis showed that STC2 has varying prognostic roles depend
ing on the cancer type and survival endpoint (DFI, DSS, OS, PFI) 
(Fig. 6C). Forest plot analysis for overall survival data indicated that 
STC2 is a risk factor in several cancers, including sarcoma (SARC) 
(Fig. 6D). Moreover, STC2 expression was positively correlated with 
both TMB and MSI in SARC (Fig. 6E, F). Finally, GSEA based on the 
Hallmark gene set revealed significant pathway enrichments in high and 

low STC2 expression groups across different cancer types (Fig. 6G).

Knockdown of STC2 hampers the proliferation, invasion and migration 
ability of OS cells

We first examined STC2 expression in osteosarcoma (OS) cell lines. 
qPCR analysis showed that STC2 expression was significantly higher in 
OS cells than in hFOB cells (Fig. 7A). To further investigate the biological 
functions of STC2, we selected U2OS and 143B cell lines for subsequent 
experiments. STC2-knockdown cells were established, and the knock
down efficiency was confirmed by qPCR (Fig. 7B-C). Among the tested 
shRNAs, sh-STC2#2 showed the highest knockdown efficiency and was 
therefore used in the downstream experiments. CCK-8 and colony for
mation assays showed that STC2 knockdown significantly suppressed 
the proliferative capacity of OS cells (Fig. 7D-F). Consistently, EdU as
says showed a consistent trend, with a marked reduction in DNA syn
thesis following STC2 knockdown (Fig. 7G). Furthermore, Transwell 
assays indicated a significant decrease in both the invasive and migra
tory abilities of OS cells upon STC2 knockdown (Fig. 8A-B). Together, 
these results suggest that STC2 is highly expressed in OS cells and may 
play a pro-tumorigenic role by promoting cell proliferation, invasion, 
and migration.

Fig. 5. Immune infiltration and immunotherapy response in OS based on STC2 Expression. (A) Differences in immune cell infiltration between high and low STC2 
expression groups, assessed using six immune infiltration algorithms. (B-C) Differential expression of inhibitory and stimulatory immune checkpoint genes between 
high and low STC2 expression groups. (D) TIDE analysis showing significantly lower TIDE scores in the low STC2 expression group, indicating a higher potential for 
immune therapy response. (E) Submap analysis suggesting that low STC2 expression is associated with a better response to immune checkpoint inhibitors.
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Fig. 6. Pan-cancer profiling of STC2 expression and its prognostic implications. (A) Differential expression of STC2 between tumor and normal tissues across various 
cancer types in the TCGA database. (B) Paired tumor-normal differential expression analysis confirming consistent overexpression of STC2 in multiple cancers. (C) 
Prognostic significance of STC2 across cancer types, assessed using multiple survival endpoints (DFI, DSS, OS, PFI). (D) Forest plot illustrating the prognostic value of 
STC2 in OS, identifying it as a risk factor in multiple cancers, including SARC. (E-F) Correlation analysis between STC2 expression and tumor mutational burden 
(TMB) and microsatellite instability (MSI). (G) GSEA based on the Hallmark gene set, comparing high and low STC2 expression groups.
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Discussion

In this study, we utilized a comprehensive machine learning 
approach to explore the role of calcium homeostasis-related genes in the 
prognosis of OS. Our findings underscore the pivotal role of calcium 
homeostasis, particularly STC2, as a prognostic biomarker and potential 
therapeutic target in OS. By integrating transcriptomic data and clinical 
outcomes, we identified key genes involved in calcium regulation that 

can effectively predict patient survival. Moreover, our study highlights 
the potential for incorporating immune landscape profiling into OS 
prognosis models, which could pave the way for personalized immu
notherapeutic strategies.

Our results demonstrate that metastatic OS patients exhibit signifi
cantly lower expression of calcium homeostasis genes compared to their 
non-metastatic counterparts, suggesting a potential role for calcium 
signaling in OS metastasis. This finding is in line with existing studies 

Fig. 7. STC2 is highly expressed in OS cells and promotes cell proliferation. (A) qPCR analysis showing the expression levels of STC2 in OS cell lines compared to 
normal cells. (B-C) Validation of STC2 knockdown efficiency in U2OS and 143B cells using qPCR. (D-F) CCK-8 and colony formation assays showing decreased 
proliferation capacity in STC2-knockdown OS cells. (G) EdU assay demonstrating reduced DNA synthesis in STC2-knockdown OS cells.
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indicating that altered calcium signaling can facilitate processes such as 
epithelial-mesenchymal transition (EMT), which plays a critical role in 
the metastatic spread of cancer [26,27]. However, the precise molecular 
mechanisms linking calcium dysregulation to OS metastasis remain an 
area for further exploration. In our experimental validation, we 
observed that STC2 was significantly overexpressed in OS cell lines 
compared to normal cells, and STC2 knockdown in U2OS and 143B cells 
inhibited cell proliferation, migration, and invasion, supporting the idea 
that STC2 may contribute to metastatic progression in OS.

The identification of STC2 as a critical prognostic gene is a significant 
finding in this study. Our machine learning models, particularly Cox
Boost and RSF, highlighted STC2 as the most important gene for survival 
prediction in OS patients. The robust performance of these models was 
validated by Kaplan-Meier survival analysis. This suggests that STC2 
could serve as a reliable biomarker for risk stratification in OS, poten
tially guiding clinical decision-making for more personalized treatment 
approaches. Experimental assays, including CCK-8, colony formation 
assays, and EdU incorporation assays, confirmed that STC2 knockdown 
significantly reduced the proliferation capacity of OS cells, aligning with 
the machine learning results and reinforcing the role of STC2 in OS 
progression.

Furthermore, the single-cell expression profiling in our study 
revealed that STC2 is predominantly expressed in endothelial, fibro
blast, and malignant cells, with the highest expression observed in 
endothelial cells. This finding suggests that STC2 may exert its effects 
not only within cancer cells but also through interactions with the tumor 
microenvironment, particularly endothelial cells, which play a critical 
role in angiogenesis and metastasis [28,29]. The observed cell-cell 

interactions provide valuable insights into how STC2 may influence OS 
progression and immune modulation.

A key aspect of this study was the exploration of STC2 expression in 
relation to immune infiltration and response to immunotherapy. Our 
analysis revealed significant differences in immune cell profiles between 
high and low STC2 expression groups, particularly in the infiltration of 
macrophages, which are known to influence tumor progression and the 
immune response [30,31]. In addition, differential expression analysis 
of immune checkpoint genes indicated that STC2 expression correlates 
with the modulation of both inhibitory and stimulatory immune 
checkpoints.

In addition, TIDE and SubMap analyses suggested that patients with 
low STC2 expression may have a more favorable predicted response to 
immune checkpoint blockade. However, these results were derived from 
computational algorithms rather than from an osteosarcoma cohort 
treated with immunotherapy, and therefore should be interpreted as 
exploratory and hypothesis-generating rather than clinically validated 
evidence. Although TIDE and SubMap are widely used for immuno
therapy response prediction and have also been applied in 
osteosarcoma-related bioinformatic studies [32], further validation in 
independent immunotherapy-treated osteosarcoma cohorts will be 
necessary before STC2 can be considered an established predictive 
biomarker.

Although our study provides valuable insights into the role of STC2 
in OS, several limitations must be considered. First, the data were 
derived from publicly available datasets, which may not fully represent 
the molecular heterogeneity of OS across different patient populations. 
Larger, multi-center, prospective studies are needed to validate our 

Fig. 8. STC2 promotes OS cell invasion and migration. (A-B) Transwell assays showing reduced invasion and migration abilities in STC2-knockdown OS cells.
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findings. Second, while machine learning models showed promising 
results, their predictive accuracy could be improved by incorporating 
additional molecular data. Third, functional validation of STC2 was 
limited to in vitro knockdown assays; rescue experiments and in vivo 
studies were not performed, and the direct mechanistic link to calcium 
homeostasis and immune modulation remains untested. Finally, pre
dictions regarding immunotherapy response were based on computa
tional algorithms (TIDE and SubMap) rather than clinical data from OS 
patients treated with immune checkpoint inhibitors, and therefore 
should be interpreted cautiously as hypothesis-generating.
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