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Immunologically, OSR2 expression is positively associated with immunomodulatory
and checkpoint genes in cancers like gliomas and colon cancer, but shows an
antagonistic relationship with immune cell infiltration in prostate and pancreatic
cancers.

Conclusion The findings suggest that OSR2 expression varies across cancer types
and is linked to patient prognosis and changes in the tumor immune environment,
making it a promising therapeutic target. Its role in tumor progression and immune
interactions indicates its potential as a biomarker for cancer immunotherapy. Further
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research is needed to understand OSR2's molecular mechanisms in cancer and to
validate its use in immunotherapy.

1 Introduction

The pathogenesis of cancer is intricately associated with a variety of genetic mutations
and encompasses numerous distinct subtypes and genetic backgrounds [1, 2]. Can-
cer progression is driven by oncogene overexpression and tumor-suppressor inactiva-
tion, arising from either lifetime-acquired somatic mutations or germline alterations
[3, 4].With advances in genomic, epigenomic, and transcriptomic analyses, multi-
omics approaches are now widely applied across cancers to enable tumor stratification,
improve prognostic prediction, guide treatment response, and reveal actionable thera-
peutic targets [5—7].Despite the critical importance of tumor heterogeneity in onco-
logical research, its assessment through specific biomarkers and the translation of this
understanding into clinical interventions remain substantial challenges. Concurrently,
advances in integrated cancer management—including targeted therapy and adjunctive
approaches such as traditional Chinese medicine—have opened additional avenues for
improving treatment outcomes [8—10].

OSR2 encodes a zinc-finger transcription factor that is subject to epigenetic regulation
during cellular quiescence, influencing genes associated with proliferation and develop-
ment [11, 12].Research has elucidated the role of OSR2 in skeletal growth and morpho-
genesis through its regulation of multiple signaling pathways, including the BMP and
Sema3 pathways [13], In zebrafish, OSR2 serves as a novel marker for proximal tubules,
with its expression being useful for tracing the development of proximal tubules [14].
In mice, OSR?2 is also expressed during kidney development [15]. Increasing evidence
suggests that OSR2 plays a critical role in tumorigenesis, progression, therapy, and prog-
nosis. Research has demonstrated that OSR2 exhibits a hypermethylated state in gas-
tric cancer tissues compared to adjacent normal tissues [16];Comprehensive molecular
characterization of the 8q22.2 region in bladder cancer(BLCA) has revealed that OSR2
mRNA expression holds prognostic significance in muscle-invasive BLCA [17]; Recent
in-depth studies have elucidated that Osr2 integrates biomechanical signals by coupling
T-cell receptor (TCR) signaling with biomechanical stress through the Piezol/Ca*/
CREB axis, thereby promoting the terminal exhaustion of tumor-reactive CD8* T cells
[18].

Although OSR2 has been reported to be associated with various malignancies, its
expression pattern across pan-cancer and its systematic relationship with the tumor
immune microenvironment and prognostic characteristics remain to be elucidated.
Therefore, this study conducts a systematic analysis of the pan-cancer expression char-
acteristics of OSR2 and its potential clinical relevance based on public multi-omics

resources.

2 Materials and methods

2.1 Single-cell sequencing and spatial transcriptomic analysis

Following previous studies [19-21], Publicly available single-cell RNA sequencing
(scRNA-seq) data were accessed through the Cancer Immunotherapy Data Explorer
(CIDE). The Lineage module was used to examine OSR2 expression based on the
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platform’s integrated single-cell reference datasets and default preprocessing and nor-
malization pipelines. Spatial transcriptomic data were obtained from the Comprehensive
Repository of Spatial Transcriptomics (CROST) database (dataset ID: VISDS000159). In
this study, OSR2 spatial expression patterns, cluster assignments, and cell-type anno-
tations were directly extracted from the CROST dataset and visualized using the data-
base’s built-in analytical and visualization platform.

2.2 Analysis of OSR2 fundamental background (HPA database/GeneMANIA website)

A comprehensive analysis of OSR2 was performed using the Human Protein Atlas and
GeneMANIA databases, focusing on its protein structure, interacting genes, and subcel-
lular localization via immunofluorescence.

2.3 Data acquisition, differential expression, and pan-cancer survival analysis with clinical
phenotype correlation

In alignment with a prior study [22], we acquired a uniformly processed pan-cancer
dataset—TCGA TARGET GTEx (PANCAN, N = 19,131, G = 60,499)—from the UCSC
Xena database. We extracted OSR2 gene expression data, retaining samples from spe-
cific sources while excluding entries with zero expression. Expression values under-
went log2(x + 0.001) transformation, and cancer types with fewer than three samples
per category were omitted. The differential expression of OSR2 between tumor and nor-
mal tissues was evaluated using the unpaired Wilcoxon rank-sum test. Prognostic data,
including OS, DSS, disease-free interval (DFI), and progression-free interval (PFI), for
38 cancer types were integrated from TCGA prognostic studies published in cell and
the UCSC Cancer Browser. The prognostic significance of OSR2 expression was assessed
utilizing Cox proportional hazards regression models, supplemented by Log-rank tests.
Statistical associations with clinical characteristics, such as stage, sex, and age, were ana-
lyzed using t-tests and analysis of variance (ANOVA), respectively.

2.4 Analysis of OSR2 heterogeneity and stemness index in human tumors

Using previously outlined methods [20], microsatellite instability (MSI) scores for each
tumor sample were obtained from the TCGA Pan-Cancer Atlas study “Landscape of
Microsatellite Instability Across 39 Cancer Types" [23]. Neoantigen (NEO) burden data
were sourced from “The Immune Landscape of Cancer” [24]. Spearman correlation
analysis was used to examine the relationships between OSR2 expression and factors like
tumor mutation burden (TMB), MSI, NEO, and tumor purity. DNA methylation-based
stemness scores (DNAss) and mRNA-based stemness scores (RNAss) were acquired
from “Machine Learning Identifies Stemness Features Associated with Oncogenic Dedif-
ferentiation” [25]. Samples with zero expression values were excluded, and remaining
data were normalized using a log2(x + 0.001) transformation. Cancer types with fewer
than three samples per group were excluded from the stemness score analysis for statis-
tical reliability.

2.5 OSR2 mutation landscape and gene mutation profiles across different cancer types

Level 4 Simple Nucleotide Variation datasets for all TCGA samples, processed using the
MuTect2 software [26], were acquired from the Genomic Data Commons (GDC) portal
(https://portal.gdc.cancer.gov/). The mutational landscape was analyzed utilizing the R
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package maftools (version 2.2.10) to aggregate sample-level mutations and annotate pro-
tein domains. Patients were stratified into high and low OSR2 expression cohorts based
on the median expression value. Subsequent analyses concentrated on investigating the
ten most frequently mutated genes across eight selected cancer types (BLCA. CESC
. DLBC. HNSC. KICH. KIRP. LGG. MESO) within the framework of this OSR2
expression stratification.

2.6 Analysis of the correlation between OSR2 expression and immune modulator genes,
immune checkpoint genes, and immune cells

The uniformly standardized pan-cancer dataset, TCGA TARGET GTEx (PANCAN,
N = 19,131, G = 60,499), was obtained from the UCSC Xena database (Link 1). Gene
expression data were extracted for OSR2 (ENSG00000164920) and a panel of 150 genes
representing five immune pathway categories: chemokines (41 genes), receptors (18
genes), MHC molecules (21 genes), immunoinhibitors (24 genes), and immunostimula-
tors (46 genes). For all samples, data pertaining to OSR2 (ENSG00000164920) and 60
immune checkpoint marker genes were further obtained. These checkpoint genes were
categorized into Inhibitory (24 genes) and Stimulatory (36 genes) groups, following the
classification outlined in “The Immune Landscape of Cancer" [24].To further evaluate
immune cell infiltration, we utilized the deconvo_epic method (EPIC: Simultaneous
enumeration of cancer and immune cell types from bulk tumor gene expression data
[27]) available in the R package IOBR (version 0.99.9, Link 2). The recalibration method-
ology was employed on the gene expression dataset to enhance the infiltration scores of
key immune and stromal cell types, including B cells, T cell subsets (CD4*, CD8*), mac-
rophages, natural killer (NK) cells, cancer-associated fibroblasts (CAFs), and endothelial
cells, within each sample. This approach facilitated a comprehensive profiling of the cor-
relation between OSR2 and the tumor immune microenvironment.

2.7 Analysis of OSR2 expression in relation to RNA modification-related genes, signaling
pathways, and drug sensitivity

The uniformly standardized pan-cancer dataset, TCGA TARGET GTEx (PANCAN, N
= 19,131, G = 60,499), was procured from the UCSC Xena database. From this dataset,
expression data for the gene ENSG00000164920 (OSR2) and 44 marker genes associ-
ated with three categories of RNA modifications—m1A (10 genes), m5C (13 genes), and
m6A (21 genes)—were extracted for all samples. We utilized a dual-faceted methodol-
ogy via the GSCALite platform (http://bioinfo.life.hust.edu.cn/web/GSCALite/). Initial
ly, we conducted a systematic evaluation of the correlation between OSR2 expression
and the activity of cancer-associated signaling pathways. Subsequently, by integrating
pharmacogenomic data from the GDSC and CTRP databases within GSCALite [28], we
examined the relationship between OSR2 expression levels and sensitivity to anticancer
drugs.

3 Results

3.1 Single-cell analysis results

scRNA-seq showed high OSR2 gene expression in stromal cell populations, with the
highest levels observed in CAFs. Spatial transcriptomics of renal carcinoma tissue iden-
tified 10 clusters and 11 cell types, with OSR2 expression mainly in clusters 4, 8, and 10,
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enriched with ¢cDC1 cells, B-lymphocytes, mast cells, and naive T cells (Fig. 1). Subcel-
lular analysis using the HPA database and immunofluorescence on A-431 cells indicated
OSR?2 is primarily cytoplasmic. The Monaco database revealed high OSR2 expression
in monocytes and B lymphocytes, but low in T and NK cells. The varied expression of
OSR2 in dendritic cells, macrophages, and certain T-cell subsets, first observed in bulk
data, was confirmed by HPA single-cell data. Further analysis using single-cell RNA
sequencing and the CIDE database’s Lineage function revealed a dynamic OSR2 expres-
sion pattern in both myeloid and lymphoid progenitors and their differentiated cells,
such as dendritic cells, B cells, and monocytes, indicating its origin in immune cell lin-

eages (Fig. 2).

3.2 Differential expression and prognostic significance of OSR2

Our analysis found that OSR2 was significantly upregulated in 13 cancer types, includ-
ing glioblastoma multiforme (GBM) and glioma, and downregulated in 19 others, such
as kidney renal papillary cell carcinoma (KIRP) and BLCA. Survival analyses for Overall
Survival, Disease-Specific Survival, Disease-Free Interval, and Progression-Free Inter-
val showed statistically significant results. Our analysis revealed that OSR2 expression
was significantly dysregulated in tumor tissues and held prognostic value in seven can-
cer types, including lower-grade glioma (GBMLGG) and KIRP. OSR2 levels also showed
a significant correlation with patient gender in six other cancers, such as breast inva-
sive carcinoma (BRCA) and KIRC. Beyond prognosis and gender, OSR2 expression was
linked to age across various cancers. In BLCA and KIPAN, higher OSR2 levels were
associated with advanced tumor stage, overall stage, and grade, suggesting a role in
tumor aggressiveness (Fig. 3).
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Fig. 1 OSR2 expression in renal carcinoma via single-cell and spatial transcriptomics (title). a depicts the standard-
ized expression levels of OSR2 across various cell types. b provides a spatial distribution map of cells, indicating
their regional localization within renal carcinoma tissue. ¢ offers a micrograph of the tissue, corresponding to the
ten identified cell clusters derived from the spatial transcriptomic analysis of the renal carcinoma sample. d illus-
trates the expression levels of OSR2 within the renal carcinoma tissue using a heatmap, emphasizing its expression
patterns across eleven distinct cell types
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lyzed using the GeneMANIA database. ¢ provides a schematic representation of cellular architecture, highlighting

the subcellular localization of the OSR2 protein. d presents the distribution of protein detection scores for OSR2
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dataset. g presents the distribution of nTPM values for OSR2 in multiple cell types, including fibroblasts and neu-
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Fig. 3 OSR2's pan-cancer expression and prognostic value (title). a illustrates a comparative analysis of OSR2 ex-
pression levels between TCGA tumor samples and GTEx normal tissue samples across various cancer types, includ-
ing GBM, LGG, and LUAD. Figure b which examines overall survival, demonstrates that elevated OSR2 expression
(hazard ratio [HR] > 1) is significantly linked to poor prognosis in cancers such as GBMLGG, LGG, and KIPAN. c
focusing on disease-specific survival, indicates that increased OSR2 expression is significantly correlated with re-
duced DSS in cancers including GBMLGG, LGG, and KIPAN. d concerning disease-free interval, shows that higher
OSR2 expression is associated with a shorter DFI in cancer types such as KICH and KIPAN. Finally, e addressing
progression-free interval, reveals that elevated OSR2 expression is significantly related to decreased PFl in cancers
such as GBMLGG, LGG, and KIPAN

3.3 Tumor heterogeneity and stemness
The study found that OSR2 is linked to tumor heterogeneity through its correlation

with TMB in nine cancer types. Seven cancers, including lung adenocarcinoma (LUAD)
and colorectal adenocarcinoma (COAD), showed a strong positive correlation, while
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sarcoma (SARC) and head and neck squamous cell carcinoma (HNSC) had a negative
correlation (Fig. 4a). Regarding microsatellite instability (MSI), OSR2 mRNA expres-
sion was significantly correlated in eleven cancer types. Positive correlations were
found in seven cancers, such as GBM and COAD, whereas negative correlations were
noted in four types, including glioblastoma and GBMLGG and kidney renal papillary
cell carcinoma (KIPAN
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Fig. 4 OSR2 Expression’s Link to Tumor Heterogeneity and Stemness(title). a depicts the correlation between
OSR2 expression and TMB across 33 different cancer types. b illustrates the association of OSR2 with MSI. ¢ provides
a summary of the number of cancer types in which OSR2 demonstrates significant correlations with both TMB
and MSI. Figure d presents the correlations between OSR2 and two stemness indices, DNAss and RNAss, across
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curves, specifically emphasizing the linear association between OSR2 and DNAss in cancers such as GBM and LGG
in (e) and the linear association with RNAss in cancers including KIRC and THCA in (f)
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neoantigen load (NEO) and tumor purity across eight cancer types, with positive cor-
relations in five types, including LUAD and COAD, and negative correlations in three
types, such as BRCA and HNSC. Additionally, OSR2 mRNA expression was significantly
correlated with the DNAss in 19 cancer types, displaying positive correlations in 16 and
negative in three.

3.4 Gene mutations and RNA modifications

We analyzed the mutational status of OSR2 in various cancers and identified the top 20
types with the highest mutation frequencies, as shown in Fig. 5a. Bladder cancer and
cervical squamous cell carcinoma had mutation frequencies of 0.7%, HNSC had 0.4%,
and LGG had 0.2%. Using the median OSR2 expression, tumor patients were divided
into high- and low-expression groups. We then examined the top 10 genes with the
highest mutation frequencies in BLCA, CESC, DLBC, HNSC, KICH, KIRP, LGG, and
MESO. The OSR2 expression groups showed distinct mutational patterns depending on
the cancer type. In BLCA, high OSR2 expression correlated with mutations in KDM6A,
RB1, and FGFR3, while in LGG, the mutations varied in TP53, IDH1, and EGFR.

3.5 Correlation analysis of OSR2 expression with immune modulator genes, immune
checkpoint genes, and immune Cells

We systematically evaluated the co-expression patterns between OSR2 and 150 immune
modulator genes, including chemokines, receptors, MHC molecules, immunoinhibitors,
and immunostimulators. Our analysis showed that OSR2 positively correlates with most
immune modulator genes in GBMLGG, BLCA, COAD, and KIPAN, but negatively cor-
relates with them in TGCT. This suggests that OSR2 may have context-dependent and
potentially opposing roles in immune regulation across various cancer types. We ana-
lyzed 60 immune checkpoint genes, dividing them into 24 inhibitory and 36 stimula-
tory types. OSR2 generally showed a negative correlation with immune checkpoints in
KIPAN, BLCA, COAD, and GBMLGG, but a strong positive correlation in TGCT and
LUSC. Additionally, OSR2 expression was inversely related to immune cell infiltration
in PRAD, LGG, and PAAD, suggesting it may suppress immune cell recruitment in these
cancers (Fig. 6).

3.6 Analysis of OSR2 expression in relation to RNA modification-associated genes,
signaling pathways, and drug sensitivity

Our research found a strong link between OSR2 expression and RNA modifications
(m1A, m5C, m6A) in various cancers, including PAAD, KIPAN, OV, and STAD. We
also used the GDSC and CTRP databases to identify drugs that target tumors with high
OSR2 expression, analyzing OSR2 expression and drug sensitivity across a pan-cancer
cohort in the GDSC database. Our study found that OSR2 expressions significantly
influence sensitivity to various targeted therapies. Specifically, it negatively correlates
with Afatinib (an EGFR/HER?2 inhibitor) but positively correlates with Dabrafenib and
PLX4720 (both BRAF inhibitors). We also noted a negative correlation with Afatinib and
a positive one with the HDAC inhibitor Entinostat in the CTRP database’s top 30 drugs.
Gene Set Variation Analysis (GSVA) showed that OSR2 expression is linked to key onco-
genic pathways like autophagy, cell cycle regulation, and DNA damage response (Fig. 7).
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Fig. 5 OSR2 mutation patterns in various cancers (title). a illustrates the distribution of OSR2 mutation frequen-
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4 Discussion

Recent advancements in cancer research have elucidated that genetic mutations and the
activation of specific signaling pathways within tumor cells can substantially alter the
tumor immune microenvironment, thereby enhance tumor heterogeneity and facilitate
disease progression [29—31]. This study explores the cellular origin and spatial organiza-
tion of OSR2 in the TME using single-cell transcriptomics and spatial transcriptomics.
scRNA-seq reveals that the expression of OSR2 is primarily confined to the stromal
compartment, particularly in CAFs, with limited expression in endothelial cells, while
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Fig. 6 OSR2's role in RNA modification, signaling, and drug sensitivity (title). a depicts a heatmap demonstrating
the correlation between OSR2 expression and 44 RNA modification genes across various cancer types, with the
rows annotated by the names of the RNA modification genes. b illustrates the association of OSR2 expression with
10 cancer-related signaling pathways, such as apoptosis, cell cycle, and EMT, as evaluated through GSVA. ¢ exam-
ines the relationship between drug sensitivity in the CTRP database and OSR2 mRNA expression levels.

its expression in immune cell populations is minimal. Spatial transcriptomics further
indicate that regions enriched in OSR2 are preferentially located in the stroma-dense
areas at the tumor margin. Stromal compartments are increasingly recognized as critical
regulators of antitumor immunity in solid tumors, in part through their capacity to orga-
nize the extracellular matrix and establish biomechanical and biochemical barriers that
shape immune cell trafficking [32, 33]. Within this framework, OSR2-associated stromal
regions may contribute to controlling immune access by influencing whether immune
cells infiltrate the tumor parenchyma or remain confined to peripheral immune-active
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Fig. 7 OSR2's role in RNA modification, signaling, and drug sensitivity (title). a depicts a heatmap demonstrating
the correlation between OSR2 expression and 44 RNA modification genes across various cancer types, with the
rows annotated by the names of the RNA modification genes. b illustrates the association of OSR2 expression with
10 cancer-related signaling pathways, such as apoptosis, cell cycle, and EMT, as evaluated through GSVA. ¢ exam-
ines the relationship between drug sensitivity in the CTRP database and OSR2 mRNA expression levels.

niches. These observations are aligned with ongoing translational efforts that exploit
biomimetic/bioinspired nanoplatforms to enhance antigen delivery and immune prim-
ing [34, 35].

Numerous oncogenes and tumor suppressors demonstrate paradoxical, context-
dependent functions. SIRT1 exemplifies this dualistic nature, acting as a genomic guard-
ian by promoting DNA repair while also potentially facilitating tumor progression in
certain cellular environments [36]. Our pan-cancer analysis revealed a distinct tran-
scriptional dysregulation of the OSR2 gene, with significant upregulation in 13 cancer
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types, particularly in gliomas like GBM and LGG. Conversely, OSR2 is downregulated
in 19 cancers, such as kidney and bladder cancers, indicating its dual role as a tumor
suppressor or promoter depending on the cancer type. OSR2’s expression correlates
with survival outcomes, showing tissue-specific effects, and suggests its potential as a
dual-directional prognostic biomarker, warranting further research into its mechanisms.
Studies show that genome-wide mutations in histone and DNA methylation genes sig-
nificantly relate to intratumoral heterogeneity [37]. The tumor stemness can be exam-
ined using multi-omics data to understand tumor cell behaviors across cancer types [38].
Our study identified strong associations between OSR2 expression and tumor hetero-
geneity and stemness indicators. OSR2 exhibited a bidirectional relationship with TMB,
being positive in some cancers (e.g., lung and colorectal adenocarcinomas) and nega-
tive in others (e.g., sarcoma and head and neck cancers). Additionally, OSR2 correlated
significantly with DNA methylation-based stemness scores in 19 cancer types and RNA
expression-based stemness scores in 24 types, mainly showing positive correlations.
These findings suggest OSR2 may facilitate tumor progression by sustaining stem cell-
like characteristics. The mutational landscape in cancer research is complex, involv-
ing genetic changes across various cancers and their roles in tumorigenesis. This study
found that mutations occur in both coding and non-coding regions [39], with non-cod-
ing mutations heavily impacting gene regulation. OSR2 exhibited high mutation rates
in various cancers, including 0.7% in bladder cancer. Variations in gene mutations, such
as KDM6A and RB1 in bladder cancer and TP53 and IDH1 in lower-grade glioma, were
noted among groups with different OSR2 expression levels, indicating these mutations
could impair OSR2 function. The interaction between tumor genotype and immune phe-
notype can reveal mechanisms of immune evasion, while immune cell infiltration pat-
terns in the tumor microenvironment may predict immune checkpoint inhibitor therapy
success [40, 41]. In our pan-cancer immune correlation analyses, OSR2 displayed a clear
context-dependent association with immune regulation. Specifically, OSR2 was posi-
tively correlated with most immune modulator genes in GBMLGG, BLCA, COAD and
KIPAN, whereas an opposite pattern was observed in TGCT. These findings suggest that
the functional significance of OSR2 as an immunological marker is heterogeneous across
tumor types. Its expression pattern does not reflect a uniform state of immune activation
or suppression but rather is associated with specific immunophenotypes that depend
on the local microenvironment and the specific cell population in which the molecule
is expressed. Importantly, OSR2 expression is positively linked to immune modulator
genes in GBMLGG, BLCA, COAD, and KIPAN, but negatively associated with immune
checkpoint genes in KIPAN and BLCA. The negative association between OSR2 and
checkpoint genes observed in KIPAN and BLCA may reflect a relatively less inflamed
immune context, while positive associations seen in other tumor types may arise in set-
tings with greater immune engagement. In PRAD, LGG, and PAAD, OSR2 negatively
correlates with immune cell infiltration. One plausible explanation is that OSR2-high
tumors in these settings may exhibit features associated with reduced immune recruit-
ment. Notably, our renal carcinoma spatial transcriptomics further supports the spatial
heterogeneity of OSR2 within the tumor architecture.

In the field of cancer biology, RNA modifications are crucial for regulating RNA sta-
bility, translation, and molecular interactions, thereby impacting essential cellular pro-
cesses, including the cell cycle and signaling pathways [42—-45]. Importantly, regulators
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of m6A modification are linked to the tumor immune microenvironment, stemness indi-
ces, and responsiveness to anticancer drugs, underscoring their significant prognostic
value across various cancer types [46, 47].This study found that OSR2 expression is sig-
nificantly linked to m1A, m5C, and m6A modification genes in PAAD, KIPAN, OV, and
STAD, indicating its role in epigenetic regulation and potential prognostic use.

From a translational standpoint, the association between OSR2 expression and drug
sensitivity across datasets suggests that OSR2 may serve as a stratification marker for
therapeutic vulnerability in specific contexts. We analyzed drug sensitivity data from
the GDSC and CTRP databases to evaluate OSR2’s therapeutic significance. Our results
show that high OSR2 expression predicts sensitivity or resistance to various targeted and
chemotherapeutic drugs, suggesting OSR2 as a potential biomarker for drug efficacy and
a target for therapy development. Autophagy-related genes exhibit considerable variabil-
ity in expression across different cancer types, and the integrated autophagy-related sig-
nature score derived from these genes functions as a quantitative metric with substantial
prognostic and predictive capabilities [48]. Additionally, cell cycle activity is intricately
linked to DNA mutations and chromosomal aneuploidy, which collectively drive tumor
progression and influence clinical outcomes [49]. Moreover, epithelial-mesenchymal
transition is intricately linked with the increased activity of various developmental sig-
naling pathways and immune activation, potentially facilitating disease progression
through modulation of the tumor immune microenvironment [50, 51]. This study’s sig-
naling pathway analysis revealed a strong link between OSR2 and autophagy, cell cycle,
and EMT pathways in cancers like bladder cancer and testicular germ cell tumors, high-
lighting its potential role in promoting tumors.

This study relies on bioinformatic predictions without wet-lab validation, particularly
concerning OSR2’s interaction pathways and synergy with RNA-modifying enzymes.
To clarify OSR2’s oncogenic or tumor-suppressive roles, future research should employ
functional methods. Notably, although the pan-cancer analyses highlight the potential
of OSR2 as a biomarker for personalized cancer therapy, the translational implications
of targeting immune-associated genes must be interpreted cautiously. Immune-based
interventions are increasingly accompanied by immune-related adverse events [52].
Therefore, further investigations integrating functional validation and clinical cohorts
will be essential to determine whether OSR2 can serve as a target, particularly as
immune checkpoint-related targets are increasingly being advanced toward precision

medicine [53].

5 Limitation

Although we conducted a comprehensive bioinformatics analysis for the pan-cancer
analysis of OSR2, there are still some limitations that need to be clarified. Our data is
based on public databases; however, the sample size for certain tumors is limited, and
the depth of clinical annotations varies. Batch effects and heterogeneity can impact the
results across cohorts. Furthermore, the causal relationship of OSR2 at the molecular
level still requires validation through in vitro and in vivo experiments. Lastly, the spa-
tial transcriptomic analysis in this study focuses solely on specific renal cancer samples,
which may limit the generalizability of the results. Future research should utilize larger

spatial cohorts for validation.
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6 Conclusion

This research identifies OSR2 as a potential prognostic biomarker and target for immu-
notherapy in various cancers. It shows that OSR2 is differentially expressed, with high
levels linked to poor prognosis. OSR2 is associated with immune regulation, checkpoint
genes, and immune cell infiltration, indicating its role in immune evasion and therapy
response. This study provides a basis for future clinical applications and immunothera-
peutic strategies.
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In this study, we utilized the following datasets and repositories for our analyses: Single-cell RNA sequencing (scRNA-seq)
analysis: We employed the Lineage function of the Cancer Immunotherapy Data Explorer (CIDE) database to analyze the
target gene’s expression across various immune cells and identify its cellular origins. The dataset can be accessed directly
via the following link: https://cide.ccr.cancer.gov.Comprehensive repository of spatial transcriptomics (CROST) database
(https://ngdc.cncb.ac.cn/crost/home) was used for spatial transcriptomics analysis. The data (VISDS000159) was selected
for further analysis. Spatial plots were used to show the expression levels in the kidney cancer.OSR2 gene and protein
analysis: A comprehensive analysis of OSR2 (ENSG00000164920) was performed using the Human Protein Atlas database.
The specific dataset for OSR2 can be accessed via the following link: https://www.proteinatlas.org/ENSG00000164920-OS
R2. Additionally, we utilized the GeneMANIA database to explore OSR2 gene interactions and functional associations. The
dataset is available here: https://genemania.org/search/homo-sapiens/OSR2.Pan-cancer dataset analysis: We extracted
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OSR2 (ENSG00000164920) data from the standardized pan-cancer dataset TCGA TARGET GTEx (PANCAN, N=19,131,
G=60,499), which was obtained from the UCSC Xena database. The dataset can be accessed via the following link:
https://xena.ucsc.edu.EPIC analysis: The deconvo_epic method from the R package IOBR (version 0.99.9) was used to
evaluate immune cell infiltration. Recalibration was applied to the gene expression dataset to enhance infiltration scores
of key immune and stromal cell types.Immune Landscape of Cancer analysis: The standardized pan-cancer dataset
TCGA Pan-Cancer (PANCAN, N=19,131, G=60,499) was downloaded from the UCSC Xena platform (https://xenabrowse
r.net/). Expression data for ENSG00000164920 (OSR2) and 150 immune pathway marker genes across five categories—
chemokine (41 genes), receptor (18 genes), MHC (21 genes), immunoinhibitor (24 genes), and immunostimulator (46
genes)—were extracted for further analysis. GSCALite, GDSC, and CTRP analysis: The GSCALite platform (http://bioinfo.
life.hust.edu.cn/web/GSCALite/) was used for a dual-faceted analysis. First, correlations between OSR2 expression and
cancer-related signaling pathway activities were systematically evaluated. Second, by integrating pharmacogenomic
data from the GDSC and CTRP databases within GSCALite, the relationship between OSR2 expression levels and
sensitivity to anticancer drugs was examined.All datasets were accessed on August 1, 2025.

Declarations

Ethics approval and consent to participate

This study was conducted using publicly available data from the public databases. All data used in this study were
de-identified and previously published. Therefore, no additional ethical approval was required. Not applicable. This study
did not involve direct participation of human subjects, and all data were obtained from publicly accessible datasets.

Consent for publication
Not available.

Competing interests
The authors declare no competing interests.

Received: 20 October 2025 / Accepted: 3 February 2026
Published online: 09 February 2026

References

1. JohnJ, Bapat A, Gahlaut S, et al. Assessing germline mutational profile and its clinicopathological associations in Triple
Negative Breast Cancer. Cancer Genet. 2025;296:65-75. https://doi.org/10.1016/j.cancergen.2025.06.004.

2. Guijarro A, Allavena G, Pisciotta L, et al. Aging-Related mechanisms underlying carcinogenesis: therapeutic opportunities.
Aging Dis. 2025. https://doi.org/10.14336/ad.2025.0861.

3. WuZGuT, Xiong C, et al. Genomic characterization of peritoneal lavage cytology-positive gastric cancer. Chin J Cancer
Res. 2024;36(1):66-77. https://doi.org/10.21147/j.issn.1000-9604.2024.01.07.

4. Tan N, LiY,Ying J, et al. Histological transformation in lung adenocarcinoma: insights of mechanisms and therapeutic
windows. J Transl Int Med. 2024;12(5):452-65. https://doi.org/10.1515/jtim-2024-0019.

5. Feng D-C, ZhuW-Z,Wang J, et al. The implications of single-cell RNA-seq analysis in prostate cancer: unraveling tumor
heterogeneity, therapeutic implications and pathways towards personalized therapy. Mil Med Res. 2024;11(1):21. https.//d
0i.0rg/10.1186/540779-024-00526-7.

6. WuY,ZhangF,Ying Y, et al. The role and clinical potential of RNA modifications in bladder cancer. Bladder.
2025;12(1):221200037. https://doi.org/10.14440/bladder.2024.0062.

7. Menyhart O, Kothalawala WJ, Gyérffy B. A gene set enrichment analysis for cancer hallmarks. J Pharm Anal.
2025;15(5):101065. https://doi.org/10.1016/}jpha.2024.101065.

8. Gao Ty, Zhang F-c, Pan R, et al. Effects of direct moxibustion on antigen-presenting cells in gastric tissue of rat models
with gastric cancer: understanding the immunological mechanisms. World J Acupunct Moxibustion. 2025;35(1):66-74.
https://doi.org/10.1016/j.wjam.2024.12.004.

9. LiJ XuY,Zang A, et al. Tislelizumab in previously treated, locally advanced unresectable/metastatic microsatellite
instability-high/mismatch repair-deficient solid tumors. Chin J Cancer Res. 2024;36(3):257-69. https://doi.org/10.21147/j.is
sn.1000-9604.2024.03.03.

10.  Cao J. Effect of immune checkpoint inhibitors on advanced prostate cancer: a meta-analysis. Arch Esp Urol.
2025;78(2):194-206. https://doi.org/10.56434/j.arch.esp.urol.20257802.27.

11. TenaJJ,Neto A, de la Calle-Mustienes E, et al. Odd-skipped genes encode repressors that control kidney development.
Dev Biol. 2007;301(2):518-31. https://doi.org/10.1016/j.ydbio.2006.08.063.

12. Kawai S, Abiko Y, Amano A. Odd-skipped related 2 regulates genes related to proliferation and development. Biochem
Biophys Res Commun. 2010;398(2):184-90. https://doi.org/10.1016/j.bbrc.2010.06.054.

13. Fu X, Xu J, Chaturvedi P, et al. Identification of Osr2 transcriptional target genes in palate development. J Dent Res.
2017;96(12):1451-8. https://doi.org/10.1177/0022034517719749.

14. Yang W, Liu X, He Z, et al. Odd skipped-related 2 as a novel mark for labeling the proximal convoluted tubule within the
zebrafish kidney. Heliyon. 2024;10(6):e27582. https://doi.org/10.1016/j.heliyon.2024.27582.

15. Kawai S, Michikami I, Kitagaki J, et al. Expression pattern of zinc-finger transcription factor Odd-skipped related 2 in murine
development and neonatal stage. Gene Expr Patterns. 2013;13(8):372-6. https://doi.org/10.1016/j.gep.2013.06.007.

16.  LiWH, Zhou ZJ, Huang TH, et al. Detection of OSR2, VAV3, and PPFIA3 methylation in the serum of patients with gastric
cancer. Dis Markers. 2016;2016:5780538. https://doi.org/10.1155/2016/5780538.

17. Uysal D, Kowalewski KF, Kriegmair MC, et al. A comprehensive molecular characterization of the 8q22.2 region reveals the
prognostic relevance of OSR2 mRNA in muscle invasive bladder cancer. PLoS One. 2021;16(3):20248342. https://doi.org/10
.1371/journal.pone.0248342.


https://xena.ucsc.edu.EPIC
https://xenabrowser.net
https://xenabrowser.net
http://bioinfo.life.hust.edu.cn/web/GSCALite
http://bioinfo.life.hust.edu.cn/web/GSCALite
https://doi.org/10.1016/j.cancergen.2025.06.004
https://doi.org/10.14336/ad.2025.0861
https://doi.org/10.21147/j.issn.1000-9604.2024.01.07
https://doi.org/10.1515/jtim-2024-0019
https://doi.org/10.1186/s40779-024-00526-7
https://doi.org/10.1186/s40779-024-00526-7
https://doi.org/10.14440/bladder.2024.0062
https://doi.org/10.1016/j.jpha.2024.101065
https://doi.org/10.1016/j.wjam.2024.12.004
https://doi.org/10.21147/j.issn.1000-9604.2024.03.03
https://doi.org/10.21147/j.issn.1000-9604.2024.03.03
https://doi.org/10.56434/j.arch.esp.urol.20257802.27
https://doi.org/10.1016/j.ydbio.2006.08.063
https://doi.org/10.1016/j.bbrc.2010.06.054
https://doi.org/10.1177/0022034517719749
https://doi.org/10.1016/j.heliyon.2024.e27582
https://doi.org/10.1016/j.gep.2013.06.007
https://doi.org/10.1155/2016/5780538
https://doi.org/10.1371/journal.pone.0248342
https://doi.org/10.1371/journal.pone.0248342

Huang et al. Discover Oncology (2026) 17:416

20.

21,

22.

23.

24.
25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,
45,

46.

47.

48.

49.

50.

51.

Zhang J, LiJ, Hou Y, et al. Osr2 functions as a biomechanical checkpoint to aggravate CD8(+) T cell exhaustion in tumor.
Cell. 2024;187(13):3409-26.€24.

Feng D, Zhu W, Shi X, et al. Spindle and kinetochore-associated complex subunit 3 could serve as a prognostic biomarker
for prostate cancer. Exp Hematol Oncol. 2022;11(1):76. https://doi.org/10.1186/540164-022-00337-3.

Ye X, Tuo Z, Chen K, et al. Pan-cancer analysis of RNA 5-methylcytosine reader (ALYREF). Oncol Res. 2024;32(3):503-15.
https://doi.org/10.32604/0r.2024.045050.

Zhu W, Feng D, Shi X, et al. A pan-cancer analysis of the oncogenic role of zinc finger protein 419 in human cancer. Front
Oncol. 2022;12:1042118. https://doi.org/10.3389/fonc.2022.1042118.

WuR, LiD, Zhang S, et al. A pan-cancer analysis of the oncogenic and immunological roles of transglutaminase 1 (TGM1)
in human cancer. J Cancer Res Clin Oncol. 2024;150(3):123. https://doi.org/10.1007/500432-024-05640-6.

Bonneville R, Krook MA, Kautto EA, et al. Landscape of microsatellite instability across 39 cancer types. JCO Precis Oncol.
2017. https://doi.org/10.1200/p0.17.00073.

Thorsson V, Gibbs DL, Brown SD, et al. The immune landscape of cancer. Immunity. 2018;48(4):812-30.e14.

Malta TM, Sokolov A, Gentles AJ, et al. Machine learning identifies stemness features associated with oncogenic dedif-
ferentiation. Cell. 2018;173(2):338-54.e15.

Beroukhim R, Mermel CH, Porter D, et al. The landscape of somatic copy-number alteration across human cancers. Nature.
2010;463(7283):899-905. https://doi.org/10.1038/nature08822.

Racle J, de Jonge K, Baumgaertner P, et al. Simultaneous enumeration of cancer and immune cell types from bulk tumor
gene expression data. Elife. 2017. https://doi.org/10.7554/eLife.26476.

Liu CJ, Hu FF, Xia MX, et al. GSCALite: a web server for gene set cancer analysis. Bioinformatics. 2018;34(21):3771-2. https://
doi.org/10.1093/bioinformatics/bty411.

Guo CY, Du YF, Yan HC, et al. The clinical relevance of FTO as a demethylase beyond cancer: molecular mechanisms and
therapeutic opportunities. Aging Dis. 2025. https://doi.org/10.14336/ad.2025.0916.

Shao F,Wang Z, Ye L, et al. Basic helix-loop-helix ARNT like 1 regulates the function of immune cells and participates in the
development of immune-related diseases. Burns Trauma. 2025;13:tkae075. https://doi.org/10.1093/burnst/tkae075.
Hegazi M, Pasqualini F, Chiriva-Internati M, et al. SPEF1 and SPEF2 as potential biomarkers in bladder cancer: insights from
a comprehensive bioinformatic analysis. Bladder (San Franc). 2025;12(2):e21200039. https://doi.org/10.14440/bladder.2024
.0071.

Li J, Peng J,Wang J, et al. The dual role of exosomes in the tumor microenvironment: from pro-tumorigenic signaling to
immune modulation. Med Res. 2025;1(2):257-84. https://doi.org/10.1002/mdr2.70022.

Zhu Z, Zhang K, Wu W, et al. POSTN(+) CAF-derived migrasomes drive hepatocellular carcinoma progression and confer
resistance to immunotherapy. Res. 2025;8:0950. https://doi.org/10.34133/research.0950.

Feng C, Tan P, Nie G, et al. Biomimetic and bioinspired nano-platforms for cancer vaccine development. Exploration.
2023;3(3):20210263. https://doi.org/10.1002/exp.20210263.

LuoY, He X, Du Q et al. Metal-based smart nanosystems in cancer immunotherapy. Exploration. 2024;4(6):20230134.
https://doi.org/10.1002/exp.20230134.

Chimento A, De Luca A, Nocito MC, et al. SIRT1 is involved in adrenocortical cancer growth and motility. J Cell Mol Med.
2021,25(8):3856-69. https://doi.org/10.1111/jcrmm.16317.

de Matos MR, Posa |, Carvalho FS, et al. A systematic pan-cancer analysis of genetic heterogeneity reveals associations
with epigenetic modifiers. Cancers (Basel). 2019. https://doi.org/10.3390/cancers11030391.

Chen J, Li X, Chen Q, et al. A DNA nanomachine modulates the stemness-associated signaling pathways for overcoming
chemoresistance by temporally programming drug release. Res. 2025;8:0999. https://doi.org/10.34133/research.0999.
Diederichs S, Bartsch L, Berkmann JC, et al. The dark matter of the cancer genome: aberrations in regulatory elements,
untranslated regions, splice sites, non-coding RNA and synonymous mutations. EMBO Mol Med. 2016;8(5):442-57. https://
doi.org/10.15252/emmm.201506055.

Mizuno S, Yamaguchi R, Hasegawa T, et al. Inmunogenomic pan-cancer landscape reveals immune escape mechanisms
and immunoediting histories. Sci Rep. 2021;11(1):15713. https://doi.org/10.1038/541598-021-95287-x.

Charoentong P, Finotello F, Angelova M, et al. Pan-cancer immunogenomic analyses reveal genotype-immunophenotype
relationships and predictors of response to checkpoint blockade. Cell Rep. 2017;18(1):248-62. https://doi.org/10.1016/j.cel
rep.2016.12.019.

Barbieri |, Kouzarides T. Role of RNA modifications in cancer. Nat Rev Cancer. 2020;20(6):303-22. https://doi.org/10.1038/s4
1568-020-0253-2.

Delaunay S, Frye M. RNA modifications regulating cell fate in cancer. Nat Cell Biol. 2019;21(5):552-9. https://doi.org/10.103
8/541556-019-0319-0.

Wu H, Chen S, Li X, et al. RNA modifications in cancer. MedComm. 2025;6(1):e70042. https://doi.org/10.1002/mco2.70042.
Tang Q, Li L, Wang Y, et al. RNA modifications in cancer. Br J Cancer. 2023;129(2):204-21. https://doi.org/10.1038/541416-02
3-02275-1.

Li R, Yin YH, Ji XL, et al. Pan-cancer prognostic, immunity, stemness, and anticancer drug sensitivity characterization of
N6-methyladenosine RNA modification regulators in human cancers. Front Mol Biosci. 2021,8:644620. https://doi.org/10.3
389/fmolb.2021.644620.

Zhang B, Hao Y, Liu H, et al. Interplay of RNA m(6)A modification-related geneset in pan-cancer. Biomedicines. 2024.
https://doi.org/10.3390/biomedicines12102211.

Yuan H, Zhu X, Zhang J, et al. Pan-cancer analyses reveal cancer-type-specific autophagy signatures with potential impli-
cations for prognosis and therapy response. J Cancer. 2025;16(1):122-34. https://doi.org/10.7150/jca.101046.

Lundberg A, Lindstrom LS, Parker JS, et al. A pan-cancer analysis of the frequency of DNA alterations across cell cycle activ-
ity levels. Oncogene. 2020;39(32):5430-40. https://doi.org/10.1038/541388-020-1367-4.

Xue AG, Chan M, Gujral TS. Pan-cancer analysis of the developmental pathways reveals non-canonical wnt signaling as a
driver of mesenchymal-type tumors. Trans! Res. 2020;224:1-15. https://doi.org/10.1016/j.trs1.2020.06.003.

Mak MP, Tong P, Diao L, et al. A patient-derived, pan-cancer EMT signature identifies global molecular alterations and
immune target enrichment following epithelial-to-mesenchymal transition. Clin Cancer Res. 2016;22(3):609-20. https://do
1.0rg/10.1158/1078-0432.Ccr-15-0876.

Page 17 of 18


https://doi.org/10.1186/s40164-022-00337-3
https://doi.org/10.32604/or.2024.045050
https://doi.org/10.3389/fonc.2022.1042118
https://doi.org/10.1007/s00432-024-05640-6
https://doi.org/10.1200/po.17.00073
https://doi.org/10.1038/nature08822
https://doi.org/10.7554/eLife.26476
https://doi.org/10.1093/bioinformatics/bty411
https://doi.org/10.1093/bioinformatics/bty411
https://doi.org/10.14336/ad.2025.0916
https://doi.org/10.1093/burnst/tkae075
https://doi.org/10.14440/bladder.2024.0071
https://doi.org/10.14440/bladder.2024.0071
https://doi.org/10.1002/mdr2.70022
https://doi.org/10.34133/research.0950
https://doi.org/10.1002/exp.20210263
https://doi.org/10.1002/exp.20230134
https://doi.org/10.1111/jcmm.16317
https://doi.org/10.3390/cancers11030391
https://doi.org/10.34133/research.0999
https://doi.org/10.15252/emmm.201506055
https://doi.org/10.15252/emmm.201506055
https://doi.org/10.1038/s41598-021-95287-x
https://doi.org/10.1016/j.celrep.2016.12.019
https://doi.org/10.1016/j.celrep.2016.12.019
https://doi.org/10.1038/s41568-020-0253-2
https://doi.org/10.1038/s41568-020-0253-2
https://doi.org/10.1038/s41556-019-0319-0
https://doi.org/10.1038/s41556-019-0319-0
https://doi.org/10.1002/mco2.70042
https://doi.org/10.1038/s41416-023-02275-1
https://doi.org/10.1038/s41416-023-02275-1
https://doi.org/10.3389/fmolb.2021.644620
https://doi.org/10.3389/fmolb.2021.644620
https://doi.org/10.3390/biomedicines12102211
https://doi.org/10.7150/jca.101046
https://doi.org/10.1038/s41388-020-1367-4
https://doi.org/10.1016/j.trsl.2020.06.003
https://doi.org/10.1158/1078-0432.Ccr-15-0876
https://doi.org/10.1158/1078-0432.Ccr-15-0876

Huang et al. Discover Oncology (2026) 17:416 Page 18 of 18

52. Wang B, Hao X, Yan J, et al. A bibliometric analysis of immune-related adverse events in cancer patients and a meta-
analysis of immune-related adverse events in patients with hepatocellular carcinoma. J Transl Int Med. 2024;12(3):225-43.
https://doi.org/10.2478/jtim-2024-0003.

53. FangH, LiuY,Wang G, et al. From tumor immunity to precision medicine: the next step in B7-H3/CD276 research. Med Rev
(2021). 2025;5(3):260-4. https://doi.org/10.1515/mr-2025-0003.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.2478/jtim-2024-0003
https://doi.org/10.1515/mr-2025-0003

	﻿Integrating single-cell and spatial transcriptomics with pan-cancer bulk sequencing identifies OSR2 as a multifaceted biomarker for prognosis and tumor immunity
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Materials and methods​
	﻿2.1﻿ ﻿Single-cell sequencing and spatial transcriptomic analysis​
	﻿2.2﻿ ﻿Analysis of OSR2 fundamental background (HPA database/GeneMANIA website)​​
	﻿2.3﻿ ﻿Data acquisition, differential expression, and pan-cancer survival analysis with clinical phenotype correlation​
	﻿2.4﻿ ﻿Analysis of OSR2 heterogeneity and stemness index in human tumors​
	﻿2.5﻿ ﻿OSR2 mutation landscape and gene mutation profiles across different cancer types​
	﻿2.6﻿ ﻿Analysis of the correlation between OSR2 expression and immune modulator genes, immune checkpoint genes, and immune cells​
	﻿2.7﻿ ﻿Analysis of OSR2 expression in relation to RNA modification-related genes, signaling pathways, and drug sensitivity​

	﻿3﻿ ﻿Results​
	﻿3.1﻿ ﻿Single-cell analysis results​
	﻿3.2﻿ ﻿Differential expression and prognostic significance of OSR2​
	﻿3.3﻿ ﻿Tumor heterogeneity and stemness​
	﻿3.4﻿ ﻿Gene mutations and RNA modifications​
	﻿3.5﻿ ﻿Correlation analysis of OSR2 expression with immune modulator genes, immune checkpoint genes, and immune Cells​
	﻿3.6﻿ ﻿Analysis of OSR2 expression in relation to RNA modification-associated genes, signaling pathways, and drug sensitivity​

	﻿4﻿ ﻿Discussion
	﻿5﻿ ﻿Limitation
	﻿6﻿ ﻿Conclusion​
	﻿References


