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ABSTRACT
Osteosarcoma is a highly aggressive bone tumor with a complex tumor microenvironment (TME) that contributes to its progres-
sion and therapeutic resistance. In this study, we integrated single-cell RNA sequencing (scRNA-seq) and bulk RNA-seq datasets 
to characterize the TME and identify key prognostic genes in osteosarcoma. Using scRNA-seq data from 16 osteosarcoma sam-
ples, we defined eight major cell types within the TME and performed functional enrichment analyses. Through weighted gene 
co-expression network analysis (WGCNA) focused on an inflammation-related gene signature, we identified the yellow module 
as the most correlated with inflammation. By intersecting tumor-upregulated genes with WGCNA-derived genes, we identi-
fied BNIP3 as the only significant prognostic gene associated with poor survival in both the TARGET and GSE21257 cohorts. 
Functional annotation revealed that high BNIP3 expression is negatively correlated with immune-related pathways and immune 
cell infiltration, including T cells, B cells, NK cells, and neutrophils. Additionally, BNIP3-high patients exhibited a reduced sensi-
tivity to several potential therapeutic agents. Our findings highlight BNIP3 as a hazardous gene in osteosarcoma, with important 
roles in immune evasion and prognosis, suggesting its potential as a therapeutic target.

1 | Introduction

Osteosarcoma, the most prevalent primary malignant bone 
tumor in children and adolescents, presents a significant clinical 
challenge due to its aggressive nature, high metastatic potential, 
and unsatisfactory long-term survival rates despite advances in 
multimodal therapies, including surgery and chemotherapy [1]. 
Its pronounced heterogeneity, both at the genetic and cellular 
levels, contributes to therapeutic resistance and disease relapse, 
underscoring the urgent need for a deeper molecular under-
standing to identify novel prognostic markers and therapeutic 
targets [2].

The tumor microenvironment (TME) is now recognized as a 
critical orchestrator of osteosarcoma progression, metastasis, 
and treatment response [3]. It is a complex ecosystem comprising 

tumor cells, immune cells (e.g., T cells, macrophages, and 
myeloid-derived suppressor cells), stromal cells (including fi-
broblasts and endothelial cells), and noncellular components. 
Dynamic interactions within the TME can foster an immuno-
suppressive milieu, promote angiogenesis, and facilitate tumor 
cell invasion [4]. Among the hallmarks of cancer, inflammation 
plays a particularly pivotal role in shaping the TME, influenc-
ing immune cell recruitment, activation, and function, thereby 
affecting patient prognosis [5]. Immunotherapies, such as im-
mune checkpoint inhibitors, have shown limited efficacy in 
osteosarcoma, which is often characterized as an immunologi-
cally “cold” tumor with a low immune cell infiltration and a sup-
pressive TME. This highlights the critical need to identify key 
drivers of immune evasion. However, a precise, high-resolution 
dissection of the inflammatory landscape and its key regulatory 
genes within the osteosarcoma TME remains incomplete.
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The advent of single-cell RNA sequencing (scRNA-seq) technol-
ogy has revolutionized our ability to deconvolute this complexity, 
enabling the characterization of cellular diversity, identification 
of rare cell populations, and inference of cell–cell communi-
cation at an unprecedented resolution [6]. Concurrently, bulk 
transcriptomic analyses of large patient cohorts provide ro-
bust statistical power for linking molecular features to clini-
cal outcomes [7]. Integrating these complementary approaches 
offers a powerful strategy to bridge cellular phenotypes with 
patient-level prognosis and to discover genes that are not only 

differentially expressed but also functionally central within dis-
ease-relevant networks.

In this study, we leveraged integrated scRNA-seq data from 
16 osteosarcoma samples to comprehensively map the cellular 
composition and functional states of the TME. We combined this 
with bulk RNA-seq data from the TARGET and GEO databases 
to perform a systems biology analysis. Specifically, we applied 
weighted gene co-expression network analysis (WGCNA) to de-
fine gene modules co-regulated with an inflammation-related 
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FIGURE 1   |   Definition of microenvironment cells in osteosarcoma at the scRNA-seq level. (a) UMAP shows the integration of 16 osteosarcoma 
samples. (b) UMAP shows the major cell categories in the microenvironment of osteosarcoma. (c) UMAP shows the minor cell categories in the mi-
croenvironment of osteosarcoma.
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FIGURE 2   |   Functional annotation of microenvironment cells in osteosarcoma at the scRNA-seq level. Heat map shows the pathway enrichment 
results of microenvironment cells based on GOBP, KEGG, and WikiPathway terms.
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gene signature. By intersecting module genes with those upreg-
ulated in tumor cells, we aim to pinpoint key drivers situated at 
the nexus of tumor cell intrinsic properties and the inflamma-
tory microenvironment. Our analysis identified BNIP3 (BCL2 
interacting Protein 3), a gene involved in autophagy, apoptosis, 
and mitochondrial function, as a top candidate [8]. We subse-
quently validated its prognostic significance and conducted in-
depth explorations of its association with the immune landscape 
and drug sensitivity in osteosarcoma. This work establishes 
BNIP3 as a critical immunomodulatory prognostic factor, pro-
viding new insights into the pathogenesis of osteosarcoma and 
highlighting a potential target for therapeutic intervention.

2 | Materials and Methods

2.1 | Data Collection

The scRNA-seq datasets, GSE152048 [9] and GSE162454 [10], of 
osteosarcoma were collected from the GEO database. The bulk 
RNA sequencing dataset of osteosarcoma was collected from the 
TARGET database and the GEO database (GSE21257) [11], re-
spectively. The bulk RNA sequencing dataset of pan-cancer data 
was collected from the TCGA database.

2.2 | Data Analysis

The “inflammation”-related gene list was obtained from the 
HALLMARK database [12]. The R package Seurat [13] was 
implemented to process the scRNA-seq dataset. We systemat-
ically addressed batch effects using the Harmony algorithm. 
For quality control, cells were filtered to retain those with 
200 < nFeature_RNA < 6000  and mitochondrial content of 

< 20%. The R package InferCNV was used to define tumor cells. 
Uniform manifold approximation and projection (UMAP) was 
used to present the distribution of cells. We used manual cell 
annotation based on canonical markers. The pathway enrich-
ment analysis based on GOBP, KEGG, and WikiPathway terms 
of microenvironment cells was conducted using the R package 
SCP. The R package WGCNA was used to identify the “inflam-
mation”-related genes [14]. The connection between BNIP3 and 
stromal score, immune score, ESTIMATE score, and tumor pu-
rity using the ESTIMATE algorithm [15, 16]. The correlation be-
tween BNIP3 and immune cells was predicted using Porpimol's 
study [17]. The drug prediction of BNIP3 was performed using 
the R package pRRophetic [18] based on the pharmacogenomic 
data from the GDSC database.

2.3 | Statistical Analysis

All statistical analyses were performed using R and relevant bio-
informatics packages. All p values were two-sided, and statisti-
cal significance was set at p < 0.05 unless otherwise specified.

3 | Results

3.1 | Definition and Functional Annotation 
of Microenvironment Cells in Osteosarcoma at 
the scRNA-seq Level

The integration of 16 osteosarcoma samples is shown in 
Figure 1a. The immune cells and nonimmune cells in the mi-
croenvironment of osteosarcoma were defined (Figure 1b). 
Subsequently, eight cell types, including tumor cells, T/NK 
cells, myeloid cells, fibroblasts, endothelial cells, osteoclasts, 
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FIGURE 3   |   WGCNA on “inflammation” signature in osteosarcoma. (a) The association between scale-free topology model fit, mean connectivity, 
and soft threshold. (b) Dendrogram shows the hierarchy of gene modules linked to the “inflammation” signature. (c) The correlation between “in-
flammation” signature and gene modules. (d) The association between gene significance and module membership in the yellow module.
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pericytes, and B cells, in the microenvironment of osteosarcoma 
were defined (Figure 1c). The pathway enrichment results based 
on GOBP, KEGG, and WikiPathway terms indicated that extra-
cellular matrix organization, ECM–receptor interaction, and os-
sification were related to tumor cells (Figure 2). The enrichment 
of the “gastric cancer network” likely reflects the shared onco-
genic signaling pathways common across cancers rather than 
tissue-specific biology.

3.2 | WGCNA on “Inflammation” Signature in 
Osteosarcoma

The optimal scale-free topology model was determined at the 
soft threshold of four (Figure 3a). The dendrogram of the hierar-
chy of gene modules linked to the “inflammation” signature is 
shown in Figure 3b. The “inflammation” signature was found 

to correlate most with the yellow module (R = 0.73 , P = 4e − 15) 
(Figure 3c). A significant association between gene significance 
and module membership in the yellow module is shown in 
Figure 3d.

3.3 | Identification of BNIP3 as a Hazardous Gene in 
Osteosarcoma

Tumor-upregulated genes were defined by comparing the 
tumor cell cluster with all other nonmalignant cell clusters in 
the integrated scRNA-seq data. Two hundred ninety-eight up-
regulated genes in tumor cells compared with other microen-
vironment cells were identified. Four hundred ninety-eight 
yellow module-derived genes were extracted. Eight intersected 
genes between genes upregulated in tumor cells and WGCNA-
derived genes were finally identified (Figure 4a). Univariate Cox 
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FIGURE 4   |   Identification of BNIP3 as a hazardous gene in osteosarcoma. (a) Venn plot shows the intersected genes between genes upregulated in 
tumor cells and WGCNA-derived genes. (b) Univariate Cox regression analysis on eight intersected genes. (c) Survival curves of BNIP3-based groups 
in the TARGET cohort. (d) Survival curves of BNIP3-based groups in the GSE21257 cohort.



6 of 11 International Journal of Genomics, 2026

regression analysis confirmed BNIP3 to be the only prognostic 
intersected gene (p < 0.05) (Figure 4b). Accordingly, osteosar-
coma patients with high BNIP3 expression were associated 
with worse survival outcomes in the TARGET cohort with a 
p < 0.0001 (Figure 4c) and the GSE21257 cohort with a p = 0.031 
(Figure 4d).

3.4 | Drug Prediction of BNIP3 in Osteosarcoma

The drug sensitivity of nine drugs, including Navitoclax (1011), 
GSK1904529A (1093), cyclophosphamide (1512), Pevonedistat 
(1529), AGI-6780 (1634), TAF1_5496 (1732), JAK_8517 (1739), 
OF-1 (1853), and sepantronium bromide (1941), was signifi-
cantly lower in osteosarcoma patients with high BNIP3 ex-
pression in the TARGET cohort (Figure 5). These results 
represent computational predictions that require experimen-
tal validation.

3.5 | Functional Annotation of BNIP3 in 
Osteosarcoma

Twelve GO-based pathways, including T cell activity, B cell 
activity, NK cell activity, and immune response, were sig-
nificantly negatively related to BNIP3 in the TARGET cohort 
(Figure 6).

3.6 | Immune Characteristics of BNIP3 in 
Osteosarcoma

BNIP3 exhibited a significantly negative correlation with stro-
mal score, immune score, ESTIMATE score, and tumor purity 
(Figure 7a). Additionally, immune cells, including T cells, B 

cells, NK cells, and neutrophils, were all negatively correlated 
with BNIP3 expression (Figure 7b).

3.7 | Pan-Cancer Survival Analysis of BNIP3 Across 
33 Tumor Types

To investigate whether the prognostic value of BNIP3 observed 
in osteosarcoma is consistent across other malignancies, we ex-
tended our analysis to a pan-cancer cohort using the TCGA da-
tabase (Figure 8). The forest plot revealed that BNIP3 expression 
significantly correlates with overall survival in multiple cancer 
types. Consistent with our findings in the bone microenviron-
ment (SARC), BNIP3 was identified as a significant risk factor in 
other major solid tumors, including breast invasive carcinoma 
(BRCA) and skin cutaneous melanoma (SKCM). This suggests 
that the adverse prognostic role of BNIP3 is not limited to os-
teosarcoma but may share underlying mechanisms with these 
aggressive epithelial and melanocytic tumors.

4 | Discussion

Our study provides a comprehensive transcriptomic analysis 
of the osteosarcoma TME at single-cell resolution, identifying 
BNIP3 as a novel prognostic and immunomodulatory gene. The 
integration of scRNA-seq data allowed us to define eight major 
cell types within the TME, including tumor cells, immune sub-
sets, and stromal components, highlighting the cellular com-
plexity of osteosarcoma. Through WGCNA, we identified an 
inflammation-related gene signature associated with the yellow 
module, which was enriched for genes involved in immune and 
stromal regulation. BNIP3 emerged as a key intersection gene 
between tumor-upregulated genes and the inflammation-asso-
ciated module, and it was the only gene significantly associated 
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with poor survival in two independent cohorts. This under-
scores its potential as a robust prognostic biomarker in osteo-
sarcoma [19].

The exclusive significance of BNIP3 among the intersected can-
didates suggests it occupies a critical functional nexus-linking 
tumor cell biology and inflammatory signaling. Functionally, 
BNIP3 expression was negatively correlated with multiple im-
mune-related pathways and immune cell infiltration, suggesting 
its role in creating an immunosuppressive TME. The negative 
association with stromal, immune, and ESTIMATE scores fur-
ther supports the idea that BNIP3 may contribute to a “cold” 
tumor immune phenotype, which is often linked to resistance 
to immunotherapy [20]. We hypothesize that BNIP3-mediated 
autophagy and mitophagy in osteosarcoma cells may facilitate 
immune evasion through several potential mechanisms: (1) by 

reducing mitochondrial reactive oxygen species (ROS) and as-
sociated immunogenic cell death; (2) by limiting the release of 
damage-associated molecular patterns (DAMPs) and mitochon-
drial DNA that can stimulate antitumor immunity; and (3) by 
promoting metabolic adaptations that alter the immunomodu-
latory secretome of tumor cells, collectively impairing immune 
cell recruitment and function. These findings align with previ-
ous studies implicating BNIP3 in autophagy and apoptosis, but 
extend its role to immune modulation in osteosarcoma.

Moreover, drug sensitivity analysis revealed that high BNIP3 
expression correlates with reduced sensitivity to several agents, 
including Navitoclax and cyclophosphamide, indicating poten-
tial mechanisms of chemoresistance. For Navitoclax, BNIP3's 
interaction with BCL-2 family proteins and its prosurvival 
mitophagic function may provide an escape pathway. For 
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cyclophosphamide, which induces oxidative stress, BNIP3-
mediated clearance of damaged mitochondria could enhance 
tumor cell survival. This highlights the need for targeted ther-
apeutic strategies that could overcome BNIP3-mediated resis-
tance [21, 22].

It is important to note that BNIP3's role in cancer is con-
text-dependent, acting as either a prosurvival or prodeath 
factor in different malignancies. In osteosarcoma, our consis-
tent findings across cohorts suggest its prosurvival, adaptive 

functions likely dominate, promoting tumor resilience and 
a suppressive TME. The observed association between high 
BNIP3 and poor prognosis in osteosarcoma appears to be con-
sistent with its hazardous role in some other cancers like glio-
blastoma, though it can be favorable in contexts like colorectal 
cancer, underscoring the importance of the tissue-specific 
microenvironment.

Limitations of this study include its retrospective nature and 
reliance on publicly available datasets. Furthermore, mRNA 
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FIGURE 6   |   Functional annotation of BNIP3 in osteosarcoma. GSEA of 12 GO terms related to BNIP3 in the TARGET cohort.
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expression may not always correlate perfectly with protein activ-
ity, and the drug sensitivity predictions are based on pan-cancer 
cell line data, which may not fully capture osteosarcoma-spe-
cific biology. Functional validation through in vitro and in 
vivo experiments is required to confirm the mechanistic role 
of BNIP3 in osteosarcoma progression and immune evasion. 
Additionally, the clinical translation of BNIP3 as a biomarker or 
therapeutic target warrants further investigation in prospective 
cohorts. Future studies should also evaluate whether BNIP3 ex-
pression is an independent prognostic factor when accounting 
for clinical variables like metastasis.

5 | Conclusion

In summary, our integrative multiomics analysis identifies 
BNIP3 as a critical prognostic biomarker and immunomodula-
tory gene in osteosarcoma. High BNIP3 expression is associated 
with poor survival, reduced immune infiltration, and altered 
drug sensitivity, highlighting its potential as a therapeutic target. 
Although no specific BNIP3 inhibitors are currently in clinical 

development, our findings highlight the need for future research 
to explore strategies targeting BNIP3 or its downstream path-
ways to overcome therapy resistance. These findings provide 
new insights into the inflammatory landscape of osteosarcoma 
and pave the way for future studies aimed at targeting BNIP3 to 
improve clinical outcomes.
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