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Abstract

While neoadjuvant chemotherapy combined with surgical resection has improved the prognosis for patients with osteosar-
coma, its impact on metastatic and recurrent cases remains limited. Immunotherapy is emerging as a promising alternative.
However, the relationship between the phenotype of tumor-associated macrophages and the prognosis of osteosarcoma
remains unclear. Differentially expressed gene during macrophage polarization were identified using the Monocle package.
Weighted gene co-expression network analysis was conducted to select genes regulating macrophage polarization. The
least absolute shrinkage and selection operator algorithm and multivariate Cox regression were used to construct long-term
survival predictive strategies. Multiple machine learning algorithms identified target genes for pan-cancer analysis. Lenti-
viral transfection created stable strains with target gene knockdown, and CCK-8 and transwell migration assays verified the
target gene's effects. Western blot and flow cytometry assessed the impact of target genes on macrophage polarization. A
total of 141 genes regulating macrophage polarization were identified, from which eight genes were selected to construct
prognostic models. Significant differences between high-risk and low-risk groups were observed in immune cell activation,
immune-related signaling pathways, and immune function. The prognostic model and target gene were validated to provide
more precise immunotherapy options for osteosarcoma and other tumors. BNIP3 knockdown decreased osteosarcoma cell
proliferation and migration and promoted macrophage polarization to the M2 phenotype. The constructed prognostic model
offers precise immunotherapy regimens and valuable insights into mechanisms underlying current studies. Furthermore,
BNIP3 may serve as a potential immunotherapeutic target for osteosarcoma and other tumors.

Keywords Osteosarcoma - Macrophage polarization - Immunotherapy - Prognostic model - BNIP3 - Tumor
microenvironment

Introduction

Osteosarcoma (OS), the most prevalent invasive bone
malignancy, poses a serious threat to the health of chil-
dren and teenagers, typically developing in the epiphysis
of long bones [1, 2]. Despite significant improvements in
the five-year survival rate for osteosarcoma patients due to
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with recurrent osteosarcoma [7]. Therefore, to enable early
intervention and halt tumor progression, there is an urgent
need for innovative biomarkers that can predict outcomes
for osteosarcoma patients.

The tumor immune microenvironment (TIME), charac-
terized by immune infiltration, immune modification, and
immune escape involving both immunosuppressive and anti-
tumor elements, plays a pivotal role in the tumorigenesis,
progression, angiogenesis, metastasis, and chemotherapy
resistance of osteosarcoma [8, 9]. Consequently, various
immunotherapeutic approaches, including cytokine therapy,
immune checkpoint inhibitor (ICI) therapy, and chimeric
antigen receptor T cell (CAR-T) therapy, have shown prom-
ising clinical efficacy [10-12]. Mifamurtide, which activates
immune cells by binding to receptors both intracellularly
and extracellularly, was the first immunotherapeutic drug
approved for non-metastatic osteosarcoma [13]. However,
in patients with relapsed or metastatic osteosarcoma, par-
ticularly those with postoperative recurrence or metastasis,
current immunotherapies, such as PD1 and CTLA4 antibod-
ies, have not yielded satisfactory clinical outcomes [14, 15].

A profound comprehension of the tumor immune micro-
environment (TIME) and the mechanisms of immunosup-
pression are paramount for advancing contemporary osteo-
sarcoma therapy [16]. Due to the heterogeneous nature of
immune cells, TIME represents a multifaceted and distinc-
tive framework that profoundly impacts the efficacy of
immunotherapy [17]. Within this milieu, the role of tumor-
associated macrophages (TAMs) is evolving, transitioning
from anti-tumor effectors capable of tumor cell elimination
and immune response induction to promoters of tumor pro-
gression and immunosuppression [18]. The genetic plasticity
of macrophages enables differential responses to microen-
vironmental stimuli, such as lactate concentration, electro-
lyte levels, and energy availability, resulting in substantial
genetic heterogeneity across various cancer types [19]. AMs
can be selectively polarized to adopt either an anti-inflam-
matory M2 phenotype or a pro-inflammatory M1 phenotype,
contingent upon environmental cues [20]. For instance, the
interaction between the "don't eat me" signal CD47 and its
receptor SIRP-a on TAMs facilitates polarization toward
the M2 phenotype, facilitating osteosarcoma cell evasion
of phagocytosis while precipitating the demise of normal
cells [21]. Consequently, prognostic models predicated on
differentially expressed genes governing TAM polariza-
tion may afford more precise prognostications of immune
responses and patient outcomes, albeit such models are cur-
rently absent.

In light of the clinical challenges presented by the high
metastatic rate and limited response to immunotherapy, we
advocate for the development of a prognostic model based
on tumor-associated macrophage (TAM) polarization to
enable the creation of effective prognostic indicators and
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therapeutic strategies for optimizing the clinical manage-
ment of osteosarcoma [14, 22, 23].

Single-cell RNA sequencing (scRNA-seq) has emerged
as an indispensable tool in the realms of immunotherapy
and tumor-targeted therapy, propelled by advancements
in high-throughput sequencing technology [8, 24]. It has
been extensively harnessed to unravel the intricate dynam-
ics of the tumor immune microenvironment (TIME) [25,
26]. Integration of data from various omics modalities,
encompassing genetics, proteomics, and metabolomics,
via Machine Learning (ML) predictive algorithms, offers
profound insights into the complex systems biology of can-
cer [27, 28]. Pseudo-time analysis of macrophage pheno-
type transition has unveiled the underlying gene regulatory
network and delineated genes implicated in macrophage
polarization. Furthermore, leveraging lasso regression, mul-
tivariate analysis, and the cibesort algorithm, we devised a
prognostic model adept at accurately predicting prognosis
and immunotherapy response in osteosarcoma patients. In
addition to this, LASSO helps in creating sparse models
by selecting a subset of features, making it computationally
efficient in high-dimensional settings. It is widely used for
regularization in regression problems. On the other hand,
Support Vector Machine Recursive Feature Elimination
(SVM-REFE) iteratively ranks and eliminates features based
on their importance to the SVM model, making it suitable
for complex classification tasks, especially with nonlinear
decision boundaries. Both methods aim to improve model
interpretability, reduce overfitting, and enhance predictive
accuracy [29]. Employing these machine learning methods,
we identified molecular markers associated with diverse
tumor immunotherapies and prognoses. Notably, BNIP3
(BCL2 interacting protein 3) emerged as a pivotal mac-
rophage polarization gene correlated with poor prognosis
in osteosarcoma. BNIP3 exhibited heightened expression in
osteosarcoma cell lines, and its depletion attenuated osteo-
sarcoma cell proliferation and migration. Our risk model
underscored BNIP3's association with tumor-associated
macrophage polarization and immunotherapy response in
patients. Co-culture experiments demonstrated that BNIP3
knockdown fostered M1 macrophage polarization while
impeding M2 macrophage polarization.

Materials and methods
Obtaining the data

We drew the flowchart of the study, and carried out the fol-
low-up experimental exploration according to the flowchart
(Fig. 1). In this investigation, we accessed eighty-eight oste-
osarcoma samples sourced from the Therapeutically Appli-
cable Research to Generate Effective Treatments (TARGET)
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Fig. 1 The whole analysis process of this research

repository, complemented by an additional fifty-three sam-
ples retrieved from the Gene Expression Omnibus (GEO)
database (GSE21257) [30]. The expression matrices, quan-
tified in transcripts per kilobase of exon model per million
mapped reads (TPM), along with pertinent clinical meta-
data, were meticulously collected and processed in accord-
ance with the established protocols of the respective public
repositories. Moreover, scRNA-seq datasets elucidating
macrophage polarization (GSE164498) and encompassing
six osteosarcoma samples (GSE162454) were procured from
GEO [31]. Furthermore, we obtained bulk RNA-seq expres-
sion matrices spanning 36 tumor types from The Cancer
Genome Atlas (TCGA) database.

Pseudo-time analysis of scRNA seq data
and identification of differential genes

The "Seurat" package was employed for the initial handling
and preprocessing of scRNA-seq datasets GSE162454 and
GSE164498 [32]. First, quality control on GSE162454 data
was executed based on the following criteria, with non-
compliant cells being discarded: (1) nFeature_RNA > 500
and nFeature_ RNA <4000; (2) percent.mt < 10%. Following
this, the six samples were integrated using the "harmony"
package to correct for batch effects. Principal component

TIDE ) (Macrophage phenotypic
correlation

analysis (PCA) was conducted to derive the top 20 princi-
pal components from the 2,000 most variable genes. This
served as the foundation for t-distributed stochastic neigh-
bor embedding (t-SNE), enabling unsupervised clustering
and unbiased visualization of cell subpopulations in a two-
dimensional space [33]. Differential gene analysis between
clusters was performed with the FindAllMarkers tool, apply-
ing a threshold of llog2(fold change)l> 1 and an adjusted
P-value <0.01. Subsequent cell type annotation was con-
ducted using the "SingleR" package [34]. The "commpath"
package was utilized to examine the relationship between
osteosarcoma-associated TAMs and immune checkpoint
inhibitor (ICI) therapy [35]. The same protocol was applied
to process GSE164498 data. Finally, the "monocle" pack-
age was employed to elucidate different states and identify
differential genes involved in macrophage polarization [36].

Identification of hub genes-related macrophage
polarization

After converting data from FPKM to TPM, the "cibesort"
package was employed to delineate M1 and M2 macrophage
populations in 88 patients from the TARGET database and 53
patients from the GEO database [37]. Subsequently, weighted
gene co-expression network analysis (WGCNA) was utilized
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to identify hub genes associated with macrophage polarization,
based on the proportions of M1 and M2 macrophages within
each osteosarcoma specimen [38]. The intersecting hub genes
from the TARGET and GEO datasets were then subjected to
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway analyses. The interconnections
among these genes were visualized using the STRING data-
base (https://string-db.org/) [39].

Construction of immune subtypes

Using the NMF package, the samples from GEO and TAR-
GET were classified into distinct subtypes. The TIMER2.0
database (cistrome.org) was employed to analyze the com-
position of the tumor immune microenvironment (TIME)
in each sample [40]. This analysis examined the variations
in immune cell composition, immunological microenvi-
ronment, and immune activity across different immune
subtypes.

The establishment of risk model

By utilizing multivariate analysis and lasso regression, we
developed a prognostic model based on genes regulating
macrophage polarization [41]. The robustness of this prog-
nostic model was further assessed through decision curve
analysis (DCA), a nomogram, and receiver operating char-
acteristic (ROC) curve analysis.

Evaluation of tumor immune microenvironment

Gene sets for relevant enrichment analysis were downloaded
from GSEA | MSigDB (gsea-msigdb.org). Molecular path-
ways associated with the risk score were identified using
gene set enrichment analysis (GSEA) and gene set variation
analysis (GSVA). Additionally, the relationship between the
risk score and the tumor immune microenvironment (TIME)
was examined.

Validation of this predictive model

The reliability of this prognostic signature was assessed in
the GSE21257 dataset using receiver operating characteristic
(ROC) analysis, a nomogram, and decision curve analysis
(DCA). Finally, the "survcomp" package was utilized to
compare the C-index of our established osteosarcoma prog-
nostic model with that of other existing models [42—45].

Prediction of chemotherapy and target drug
response

To evaluate the efficacy of drugs between different risk
groups, the half-maximal inhibitory concentrations (IC50)
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were calculated using the "oncopredict” package [46].
Additionally, the relationship between the risk score and
the effectiveness of immunotherapy was assessed using the
Tumor Immune Dysfunction and Exclusion (TIDE) algo-
rithm (harvard.edu) [47].

Machine learning screening for characteristic genes

To delineate the target gene from the hub genes regulat-
ing macrophage polarization, we employed lasso regression
and the support vector machine-recursive feature elimina-
tion (SVM-RFE) method [48]. Initially, using the "cibesort"
package, we validated the relationship between the target
gene and macrophages in the osteosarcoma microenviron-
ment. Subsequently, we investigated the association of the
target gene with immune function and cellular processes
relevant to immunotherapy.

Cell culture

Cell lines including RAW264.7, THP-1, hFOB1.19, U20S,
HOS, 143B, MG63, and K7M2 were obtained from Wuhan
Procell Life Technology Co., LTD. THP-1 and hFOB 1.19
cell lines were cultured in 1640 and DMED/F12k medium,
respectively, supplemented with 10% fetal bovine serum.
The remaining cell lines were cultured in high-glucose
DMED medium supplemented with 10% fetal bovine serum.
All cells were maintained in a humidified incubator at 37°C
with 5% CO2.

Lentiviral transduction for stable cell lines

The lentiviruses packaging BNIP3 shRNA were purchased
from Hanheng Biological Technology (Shanghai, China).
Each of these sequences was cloned into the corresponding
vector. Lentiviral packaging experiments were conducted
using Lipofiter™, as manufacture described. BNIP3 knock-
down plasmid was co-transfected with the packaging plas-
mids (pMD2G, psPAX?2) into HEK293T cells. The lentivirus
was collected 48 h and 72h after transfection. To generate
stable BNIP3 knockdown cell lines, 143B, MG63 and K7M2
osteosarcoma cells were transduced with lentiviruses and
then selected with puromycin (2 pg/ml, Biosharp) after
1 weeks of production. (RNA sequences: #sh1: 5-GAACTG
CACTTCAGCAATAAT-3, #sh2: 5 -TCCAGCCTCGGT
TTCTATTTA-3, #sh3: 5-CCCAAGGAGTTCCTCTTT
AAA-3, #shNC: 5 - TTCTCCGAACGTGTCACGTAA-3)).

Western blotting
Total cellular proteins were extracted using RIPA lysis buffer

(Biosharp) supplemented with protease inhibitor. Following
thorough lysis, the samples were centrifuged at 12,000 g
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for 10 min to remove cell debris. The protein samples were
denatured for 10 min at 100 °C and separated by SDS-
PAGE. Subsequently, the separated proteins were transferred
onto 0.45 pm PVDF membranes for 90 min at 4 °C. The
membranes were then blocked in 5% BSA with TBST for
1 h at room temperature before being incubated overnight at
4 °C with the primary antibody. After washing three times
with TBST, the membranes were incubated with the corre-
sponding secondary antibodies. The primary antibodies used
for the western blotting assay were as follows: anti-BNIP3
(1:1000, Abcam), anti-BCL-2 (1:1000, Abcam), anti-Bax
(1:1000, Abcam), anti-CD206 (1:1000, Protein-tech), anti-
CD86 (1:1000, Protein-tech), anti-Arg-1 (1:1000, Abcam),
and Tubulin (1:2000, Protein-tech).

Cell proliferation and migration assays

Cell proliferation activity was assessed via the CCK-8 assay.
Osteosarcoma cells were seeded in 96-well plates, and after
designated incubation intervals (6, 24, 36, 48, 60, and 72 h),
10 pl of CCK-8 solution was added to each well. Follow-
ing a 2-h incubation at 37 °C, absorbance was measured at
450 nm. Migration assays were conducted using a 24-well
Transwell system equipped with polycarbonate filters (8 um
pores, Corning), without precoating of extracellular matrix
(BD Biosciences). A suspension containing 20,000 osteo-
sarcoma cells in serum-free DMEM was introduced into
the upper chamber, while 500 pl of DMEM containing
10% FBS was placed in the lower chamber. After a 24-h
incubation at 37 °C, migrated cells in the Transwell system
were fixed with 4% paraformaldehyde for 30 min and subse-
quently stained with 0.25% crystal violet for 30 min. Finally,
migrated cells in the lower chamber were photographed and
quantified.

Co-cultures system and flow cytometry

THP-1 cell lines treated with PMA (100 ng/ml, Multi-
Sciences (Lianke)Biotech Co., Ltd) for 24h were co-cultured
with 143B and MG63 osteosarcoma cells using a transwell
culture system with 0.4pm well polyester membrane. Briefly,
THP-1 cells were seeded in 6-well plates at a number of
5% 107 cells/well, and osteosarcoma cells were seeded in
transwell upper chambers at a number of 1x 10° cells/well.
After 48h of co-culture, the proteins of THP-1macrophages
in the co-culture system were extracted according to the
procedures described above, and the expression of CD206,
CD86, and Arg-1 was detected. In the same way, after 48
h of co-culture, THP-1 macrophage cells were collected.
CD206 and CD86 were resuspended in staining buffer
(DPBS) containing 3% fetal bovine serum and analyzed by
flow cytometry. Similarly, the co-culture system of K7M2
(1x10° cells/well) osteosarcoma cells and RAW264.7

(1% 10° cells/well) macrophages was constructed, and the
above treatment steps were carried out. The CD206 and
CD86 fluorescence-conjugated antibodies were purchased
from eBioscience at a dilution of 1:100.

Pan-cancer analysis of the target gene

The expression matrices of 36 solid tumors were obtained
from TCGA. Target gene expression was extracted, and
specimens were stratified into groups with high or low
expression based on the median. Subsequently, leveraging
the comprehensive immunogenomic analysis offered by
the Cancer Immune Group Database (TCIA), we assessed
the association between the target genes and the efficacy of
immunotherapy.

Statistical analysis

Statistical analysis was conducted using R 4.2.1. Nonpara-
metric tests were employed to compare the two risk catego-
ries, with statistical significance set at a p-value of 0.05.
Genuine associations were identified through Spearman
Rank Correlation Analysis.

Result

Macrophage and immune checkpoint inhibitor
therapy

Using the "Seurat" and "SingleR" packages, we charac-
terized and categorized ten distinct cell types within the
osteosarcoma tumor microenvironment, as observed in the
GSE162454 cohort. It was evident that various cells within
the tumor microenvironment exhibit close associations
(Fig. S1a, b). Notably, macrophages demonstrated signifi-
cant enrichment in the PD-1 and PD-L1 detection pathways,
indicating their pivotal role in immune regulation (Fig. 2a).
Moreover, macrophages displayed substantial correlations
with other cell types (Fig. 2b). Additionally, we identified
all receptor-ligand pairs present in the osteosarcoma micro-
environment (Supplementary Table 1). Furthermore, we
delineated the upstream and downstream pathways associ-
ated with macrophages, which have implications for immu-
notherapy (Fig. 2c, d). Lastly, we unveiled significantly
distinct receptor-ligand pairs involved in various molecular
pathways (Fig. 2e).

Identification of hub genes related to polarization
of macrophages

Utilizing the “Seurat” and “SingleR” packages, three cell
types (Macrophage, GMP, Pro-Myelocyte) were identified
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«Fig.4 Construction of immune subtypes and risk model a Dimen-
sionality reduction matrix for rank=2 was obtained by applying
NMF clustering and the corresponding osteosarcoma samples were
divided into C1 and C2. b Heat maps showing immune cell differ-
ences between groups Cl and C2 (p<0.05). ¢ Heat maps show
differences in the relevant molecular pathways between C1 and
C2 (p<0.05). d, e 8 hub genes regulating the polarization of mac-
rophages were screened by lasso regression and multivariate analy-
sis. f Multivariate analysis reveals the relationship between clinical
features and risk-score and prognosis. g-i The KM curve and time-
dependent ROC curve in all TARGET queue, train queue and test
queue. j Nomogram for 1, 3, and 5-year overall survival of specimens
combined risk model with clinical features. k Calibration curves
compare the model prediction probability with the observed prob-
ability, the dotted line refers to the ideal nomogram. 1 The cumulative
risk curve based on nomogram. Clearly, the low-risk group had a bet-
ter prognosis

and labeled based on the GSE164498 dataset (Fig. 3a).
The process was classified into five distinct states using the
monocle package (Fig. 3b—d). Through pseudo-time analy-
sis, differentially expressed genes corresponding to various
states were singled out, referred to as genes influencing
macrophage polarization (Supplementary Table 2). The
tumor immune microenvironment infiltration of osteosar-
coma specimens from the GEO and TARGET datasets was
assessed using the “CIBERSORT” package (Supplemen-
tary Table 3). In the TARGET-OS cohort, WGCNA was
employed to identify hub genes regulating the polarization
of macrophages toward the M1 or M2 phenotype from the
macrophage differentiation-related genes (Fig. 3e, f). The
same analysis was conducted on the GSE21257 cohort
(Fig. Slc, d). The gene sets obtained from both databases
were then intersected for further analysis (Fig. 3g).

Exploring the function of hub genes associated
with macrophage polarization

Subsequently, using the String database, interactions among
141 hub genes related to macrophage polarization were elu-
cidated (Supplementary Table 4). A bar graph was also gen-
erated to illustrate genes encoding proteins that have ten or
more interacting nodes (Fig. S1e). Functional enrichment
analysis was conducted, revealing that these hub genes are
predominantly involved in the cytokine-mediated signal-
ing pathway, mononuclear cell migration, cytokine recep-
tor binding, and tumor necrosis factor receptor superfamily
binding, which are crucial in the osteosarcoma TME, as
indicated by GO enrichment analysis (Fig. 3h). Additionally,
KEGG functional enrichment analysis identified gene sets
associated with necrosis signaling pathways, protein inter-
actions with cytokines and cytokine receptors, NF-kappa B
receptor signaling pathway, cell adhesion molecules, JAK-
STAT signaling pathway, TNF signaling pathway, toll-like
receptor signaling pathway, natural killer cell-mediated cyto-
toxicity, and leukocyte trans-endothelial migration (Fig. 3i).

Construction of immune subtypes

The "SVA" package's combat function was utilized to elimi-
nate batch effects in the expression matrix of osteosarcoma
samples from various databases. Subsequently, 141 hub
genes were employed to categorize all samples into two
subtypes using the NMF program (Fig. 4a). Further com-
parisons revealed that samples from subtype C2 exhibited
a more favorable tumor microenvironment composition
than those from subtype C1 (Fig. S1f, g). Additionally, the
immune cells and immune functions in group C2 were found
to be superior to those in group C1 (Fig. 4b). Moreover,
osteosarcoma samples in group C2 demonstrated higher
activity in immune-related molecular processes (Fig. 4c).

The establishment of the risk model

Osteosarcoma specimens from the TARGET database were
utilized to create a predictive signature, with specimens from
the GEO database serving as external validation data to
assess the model's reliability. The osteosarcoma specimens
from the TARGET database were divided into a training
cohort and a test cohort in a 7:3 ratio. Using multivariate
analysis and lasso regression, a predictive model was devel-
oped based on the expression matrices of 141 hub genes and
patient prognosis in the training cohort (Fig. 4d, e). Finally,
eight genes (SCO2, YWHAN, GPRS2, RNASET2, BRI3,
IL2RG, BNIP3, PML) were selected to construct the prog-
nostic model. The risk-score for each sample was calculated
using the correlation coefficient of these signature genes.

Risk - score = 2.27217133351354 « SCO2
—0.990231773989885 * YWHAN
—1.91328483057205 + GPR82
+ 1.73787511497293 = RNASET2
—2.06611377102494 « BRI3
—1.60485697690271 * IL2RG
+ 0.869129298744645 = BNIP3
— 1.3587545828427 x PML

Next, the risk-score and tumor metastasis were identi-
fied as significant risk factors for patients (Fig. 4f). Based
on the median risk-score in the training cohort, subjects in
the TARGET cohort, training cohort, and test cohort were
categorized as either high-risk or low-risk. Patients in the
low-risk category demonstrated higher overall survival rates,
and the model's strong predictive power was confirmed by
the ROC curve (Fig. 4g-i). A nomogram was constructed by
integrating patient age, gender, immune subtype, and risk
characteristics (Fig. 4j). The calibration plot illustrated the
nomogram's reliability (Fig. 4k). Nomogram risk scores for
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«Fig.5 Validation the prognostic risk model and association analysis
between risk-score and TIME a The KM curve and time-dependent
ROC curve in GSE21257 cohort. b Nomogram Prediction of 1, 3,
and Syear overall survival of osteosarcoma patients from GSE21257
cohort. ¢ Validation of the nomogram. d The cumulative risk curve
based on nomogram. e Concordant index of different prognostic mod-
els revealing that compared with other prognostic models of osteo-
sarcoma, this model has a more reliable predictive ability. f GSEA
in the high-risk group and the low-risk group. g Heat map of corre-
lation between key signaling pathways and risk scores (p<0.05). h
Coefficient plot between immune cells and risk score. i Bar-plot com-
pares the clinical outcomes of high-risk and low-risk groups receiv-
ing immunotherapy. j Correlation chart between drugs sensitivity
and risk scores (p<0.01). k Identification10 types of cells in TME
through analysis of single-cell sequencing data from osteosarcoma
samples. 1 Bubble plot of prognostic gene expression in different

each sample were calculated, and the median nomogram risk
score was used to classify samples into high and low-risk
subgroups. The cumulative risk curve indicated that cumu-
lative hazards increase over time for both groups, with the
high nomogram risk group exhibiting a higher cumulative
hazard (Fig. 41). Additionally, immune subtypes and tumor
metastasis were significantly correlated with the risk-score
(Fig. 4m). The DCA curve further demonstrated the prog-
nostic predictive accuracy of both the risk model and the
nomogram risk model (Fig. S2a, b).

Validation of the prognostic model

After determining the risk-score of each sample, the
GSE21257 cohort was utilized as external validation data
for the prognostic model. The Kaplan—Meier curve sub-
sequently revealed that patients with a lower risk-score
exhibited a more favorable prognosis (Fig. 5a). The time-
dependent ROC curve further illustrated the accuracy of this
prognostic signature in the GSE21257 cohort (Fig. 5a). By
integrating the age, sex, immune subtype, and risk-score of
all osteosarcoma patients in the GEO data, a nomogram was
constructed (Fig. 5b). The calibration curve was generated
to demonstrate the reliability of the nomogram (Fig. 5¢). In
the cumulative hazard curve, the high-risk group exhibited
a notably higher cumulative hazard (Fig. 5d).

ROC curves of clinical characteristics, immune subtypes,
and risk scores affirmed the reliability of the risk model in
predicting prognosis (Fig. S2c). Simultaneously, gender, age,
metastasis, and immune subtype demonstrated no influence
on the accuracy of the risk model in predicting outcomes
(Fig. S2d—g). The prognostic model based on macrophage
polarization exhibited a higher concordance index (C-index)
compared to other prognostic models of osteosarcoma
based on cuproptosis, immunogenic cell death, glycolysis,
and aging (Fig. 5e). Restricted mean survival time (RMS
time) for the different models was subsequently presented,

indicating higher accuracy of prognostic features based on
macrophage polarization (Fig. S3a).

Correlation among risk scores, TIME,
and immunotherapy response

Following the GSEA findings, the low-risk group exhib-
ited associations with antigen processing and presentation,
lysosome, and diseases related to autoimmunity, while the
high-risk group primarily showed involvement in focal adhe-
sion, calcium signaling pathway, leukocyte trans-endothelial
migration, and FC epsilon RI signaling pathway (Fig. 5f).
A strong negative correlation between the risk-score and
immune-related signaling pathways was identified (Fig. 5g).
Subsequently, the CIBERSORT algorithm depicted the
immune cell composition of each specimen and the inter-
relation between immune cells (Fig. Sh). Importantly, most
immune cells in the tumor immune microenvironment
(TIME), including M1 and M2 macrophages, exhibited
an inverse relationship with the risk-score, whereas MO
macrophages showed a positive correlation. Additionally,
samples in the low-risk category tended to exhibit a pre-
dominance of stronger immune function (Fig. S3b). The
association between the risk-score and immune checkpoint-
related genes revealed an adverse correlation with those
genes (Fig. S3c¢). Consequently, it should come as no sur-
prise that the high-risk group exhibited a poorer response to
immunotherapy compared to the low-risk group (Fig. 5i).

Furthermore, we predicted the sensitivity of various tar-
geted medications, observing that samples from the low-
risk category typically displayed heightened drug sensitivity
(Fig. 5j). Leveraging the "seurate" and "singleR" packages,
we delineated and classified ten cell types within the tumor
microenvironment using data from the GSE162454 cohort
(Fig. 5k). Subsequently, the scatter plot and bubble plot
unveiled distinct expressions of prognostic genes within the
TME (Fig. 51).

Machine learning screening for characteristic genes

Various Machine Learning (ML) algorithms were employed
to identify superior molecular markers for treatment guid-
ance. Among 72 ML algorithms integrated, the combined
survival-SVM and lasso regressions demonstrated the high-
est c-index value (Fig. 6a). Subsequently, the SVM method
pinpointed nine crucial genes with optimal accuracy and
minimal error rates (Fig. 6b). These nine essential genes
(Supplementary Table 5) were further refined via lasso
regression (Fig. 6¢). Upon intersection with the prognostic
model gene set, the final target gene, BNIP3, was identi-
fied (Fig. 6d). Elevated expression of BNIP3 in the high-
risk group suggested its potential as a subpar prognostic
indicator (Fig. 6e). Notably, BNIP3 displayed an inverse
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«Fig. 6 Machine learning screening for characteristic genes a The
C-index values of key genes were screened by different machine
learning methods. b Estimate generalization error of SVM. ¢ Inter-
section of lasso regression and SVM. d The intersection of multiple
machine learning algorithms. Then the final target gene BNIP3 was
obtained. e Box plot is used to compare the expression of BNIP3 in
high-risk and low-risk groups. f The time-dependent ROC of predict-
ing the risk grouping of patients based on BNIP3 expression. g Back-
ground expression of BNIP3 in different osteosarcoma cell lines and
osteoblast cell line. h Western blotting verified the construction of
BNIP3 knockdown models in different cell lines

correlation with osteosarcoma prognosis based on K-M
curves (Fig. S3d). Furthermore, the classification of osteo-
sarcoma samples according to BNIP3 expression exhibited
heightened accuracy (Fig. 6f).

BNIP3 promotes osteosarcoma growth
and metastasis

Western blotting analysis revealed up-regulation of BNIP3 in
various human and murine osteosarcoma cell lines (Fig. 6g).
Specifically, compared to hOFB1.19, tumor cell lines exhib-
ited notably higher BNIP3 expression levels, particularly
the 143B and HOS cell lines. We selected the 143B cell line
with high BNIP3 expression, MG63 cell line with moder-
ate BNIP3 expression, and the murine K7M?2 cell line for
further experimentation. To elucidate the functional signifi-
cance of BNIP3 in osteosarcoma malignant progression, we
successfully established a stable BNIP3 knockdown model
in 143B, MG63, and K7M2 cells using short hairpin RNA
(shRNA) sequences (Fig. 6h). Our findings demonstrated
that BNIP3 knockdown significantly inhibited both cell pro-
liferation and migration in 143B, MG63, and K7M2 cells
(Fig. 7a, b). Moreover, after BNIP3 knockdown, the MG63,
143B, and K7M2 cell lines exhibited increased susceptibility
to apoptosis (Fig. 7¢).

Relationship between BNIP3 and tumor immune
microenvironment and pan-cancer analysis

To delve deeper into the potential role of BNIP3 in the
immune microenvironment, we conducted a comprehen-
sive correlation analysis between BNIP3 and 29 reported
immune-related gene sets, encompassing various immune
cell types and functions. Intriguingly, within the tumor
immune microenvironment (TIME) of osteosarcoma,
BNIP3 exhibited a direct correlation with macrophages
MO and an inverse correlation with macrophages M1 and
M2 (Fig. 7d). Furthermore, BNIP3 demonstrated a positive
association with diverse molecular pathways implicated in
immunotherapy (Fig. 7e). However, BNIP3 showed a nega-
tive correlation with multiple immune functions within

the osteosarcoma tumor microenvironment, suggesting its
potential relevance to immunotherapy efficacy (Fig. 7f).

Distinct levels of BNIP3 expression were observed in dif-
ferent tumor tissues and adjacent tissues from The Cancer
Genome Atlas (TCGA) (Fig. 7g). Additionally, a signifi-
cant difference in BNIP3 expression between tumor tissue
and adjacent tissue was evident (Supplementary Table 6).
Subsequently, based on the median expression of BNIP3 in
all tumor tissues, tumor samples from TCGA were strati-
fied into high or low expression groups. Notably, PD1 and
CTLA4 immune checkpoint inhibitors, either alone or in
combination, demonstrated enhanced clinical efficacy in the
low BNIP3 expression group (Fig. 7h).

BNIP3 mediates M1/2 polarization of macrophages

Hence, to further elucidate the relationship between
BNIP3 and macrophage polarization, we established a co-
culture system comprising osteosarcoma cells and mac-
rophages. Western blotting revealed that the expression of
the M 1-type macrophage marker CD86 in THP-1 cells and
RAW?264.7 cells did not show significant changes. How-
ever, the expression of the M2-type macrophage marker
Arg-1in THP-1 cells was notably increased compared to
the control group, and this elevation was not observed
after BNIP3 knockdown. Conversely, the expression
of the M2-type macrophage marker CD206 showed no
significant change, possibly due to its low expression in
THP-1 cells (Fig. 8a, b). In RAW264.7 cells, both Arg-1
and CD206 expressions were significantly elevated com-
pared to the control group, although they did not increase
significantly after BNIP3 knockdown (Fig. 8g). Flow
cytometry analysis indicated a substantial increase in
the proportion of M2 macrophages in both THP-1 and
RAW264.7 cells compared to controls, which was attenu-
ated by BNIP3 knockdown (Fig. 8c—f, h, 1).

Discussion

Around 70% of osteosarcoma patients harbor micro-metasta-
ses upon diagnosis, indicating an advanced disease stage [5,
49]. While a subset of patients has shown benefits from neo-
adjuvant chemotherapy combined with surgical resection,
those with recurrent or metastatic osteosarcoma respond less
favorably [50]. Despite efforts, immunotherapy, particularly
immune checkpoint inhibitors (ICI), has not yielded sig-
nificant clinical outcomes [22, 51]. It is hypothesized that
the activation of pro-inflammatory pathways in TAM may
upregulate inhibitory receptors and their ligands, thus damp-
ening immune responses [52]. Notably, TAMs might be
suppressed via PD-L1-mediated mechanisms, as evidenced
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Fig. 7 Relationship between BNIP3 and tumor immune microenvi-
ronment and pan-cancer analysis a, b Cell proliferation, and migra-
tion of BNIP3 knockdown 143B, MG63 and K7M2 cells. ¢ Western
blot analysis of BAX and BCL2 after BNIP3 knockdown. d Associa-
tion of BNIP3 with immune cells in tumor microenvironment. e Cor-
relations between BNIP3 and the enrichment scores of immunother-
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apy-predicted pathways. f Relationship between BNIP3 and immune
function in osteosarcoma microenvironment. g Boxplot showing the
difference of BNIP3 expression in tumor tissue and para-cancer tis-
sue. h Violin plots showing the expression of BNIP3 with the ther-
apeutic effect of immune checkpoint inhibitors. (*p-value<0.05;
**p-value < 0.01; ***p-value <0.001)
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by TAM-specific PD-L1 blockade prompting macrophage
phenotypic shifts, suggesting an integral role of TAMs in
osteosarcoma immunotherapy [53]. Nonetheless, few studies
have explored how macrophage phenotypic alterations influ-
ence drug resistance and osteosarcoma prognosis.

Analysis of single-cell RNA sequencing data from
GSE162454 has revealed that macrophages exert a direct
influence on immune-related molecular pathways, including
the TNF signaling pathway, toll-like receptor (TLR) signal-
ing pathway, apoptosis, and necroptosis, as well as upstream
molecular pathways such as PD-L1 expression and the PD-1
checkpoint pathway in cancer. This suggests a potential link
between changes in macrophage phenotype within the TME
and ICI. Subsequent analysis of data from GSE164498 iden-
tified different states in the process of macrophage polariza-
tion, along with corresponding genes exhibiting differential
expression.

In subsequent analysis, genes governing macrophage
polarization were identified from these differentially
expressed genes through WGCN. These genes appeared to
play crucial roles in immune cell differentiation and migra-
tion, signaling pathways related to immunomodulation, and
programmed cell death (PCD), as evidenced by Gene Ontol-
ogy (GO) an KEGG enrichment studies. Subsequently, using
these genes, osteosarcoma samples from the TARGET and
GSE21257 datasets were classified into immune-activated
and immunosuppressive types. Concurrently, eight hub
genes were selected through lasso regression and multivari-
ate analysis to construct a predictive model and ascertain
risk scores for all subjects. Based on the median risk score
in the training set, all osteosarcoma specimens were strati-
fied into two distinct groups. The K-M survival curve, ROC
curve, nomogram, decision curve analysis DCA curve, and
c-index were employed to validate the actual reliability of
the prognostic model.

Subtle alterations in the microenvironmental cues affect-
ing macrophages can lead to diverse adaptations, underscor-
ing the pivotal role of TAMs in orchestrating TME [54].
GSEA and GSVA outcomes indicated that samples with
lower risk propensity tend to engage in multiple immune-
related processes and signaling pathways. The inverse corre-
lation between the majority of immune cells in the TME and
the risk score suggests that samples with lower risk exhibit a
more robust immune response to the immunological micro-
environment of osteosarcoma, contributing to their favora-
ble prognosis. Moreover, individuals in the two distinct risk
groups also exhibited varying IC50s for different therapeutic
drugs and distinct responses to immunotherapy, highlighting
the potential of this risk model to tailor more personalized
therapy for osteosarcoma patients.

Moreover, amidst various machine learning algo-
rithms, the SVM coupled with lasso regression, boasting
the highest C-index value, was meticulously chosen. This

amalgamation, intertwined with the established prognos-
tic model, ultimately pinpointed BNIP3 as the final target
gene. Notably, BNIP3 showcased substantial overexpres-
sion within the high-risk group. Following this revelation,
comparative analyses against osteoblasts unveiled BNIP3's
heightened expression across multiple osteosarcoma cell
lines, including MG63, 143B, and K7M2. Leveraging these
insights, we successfully constructed stable knockdown
models of BNIP3 within 143B, MG63, and K7M2 cell lines.
Intriguingly, BNIP3 knockdown yielded palpable reductions
in osteosarcoma cell proliferation and migration, while also
curbing their anti-apoptotic tendencies.

BNIP3 (BCL2/adenovirus E1B 19kDa interacting pro-
tein 3) is an important mitochondrial-localized BH3-only
protein involved in various cellular processes such as apop-
tosis, necrosis, and autophagy. BNIP3 interacts with BCL-2
family proteins to induce mitochondrial membrane potential
loss, activating the mitochondrial apoptotic pathway and
inhibiting tumor cell survival [55]. BNIP3 also regulates
autophagy to promote tumor cell survival, especially in
hypoxic environments [56]. By interacting with autophagy-
related proteins like LC3, BNIP3 enhances autophagy, help-
ing tumor cells cope with metabolic stress and promoting
tumor progression. Broadly speaking, BNIP3 plays a dual
role in osteosarcoma progression, both promoting apoptosis
to inhibit tumor cell proliferation and facilitating tumor cell
survival via autophagy and other pathways to help the tumor
adapt to environmental stress, thus supporting tumor growth
and metastasis. In the immune response, BNIP3 regulates
immune cell survival and function, potentially playing a key
role in tumor immune evasion [57].

Subsequently, we delved deeper into the interplay
between BNIP3 and the tumor immune microenviron-
ment. Remarkably, BNIP3 exhibited a positive correlation
with macrophage MO, while conversely displaying nega-
tive associations with macrophages M1 and M2 within the
tumor immune microenvironment. This intricate relation-
ship underscores BNIP3's multifaceted role in shaping
the immune landscape of tumors. Moreover, an expansive
pan-cancer analysis unveiled varied expression patterns of
BNIP3 across diverse cancers and adjacent tissues. Cru-
cially, these findings underscored BNIP3's pivotal role
in modulating responses to immunotherapy, hinting at its
potential as a therapeutic target in cancer treatment. To delve
deeper into the intricate interplay between BNIP3 and mac-
rophages, we established a sophisticated co-culture model
comprising osteosarcoma cells and macrophages. Intrigu-
ingly, our experiments revealed that osteosarcoma cells
possess the capability to induce M2 polarization of mac-
rophages, a process that can be effectively inhibited through
BNIP3 knockdown. These findings shed new light on the
intricate crosstalk between BNIP3 and macrophages within
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«Fig.8 BNIP3 induces M2 polarization of macrophages a, b West-
ern blotting of macrophage markers of THP-1 cells receiving dif-
ferent treatments. ¢, d Representative flow cytometer data of M2
polarization when THP-1 was co-cultured with 143B cells. e, f Rep-
resentative flow cytometer data of M2 polarization when THP-1 was
co-cultured with MG63 cells. g Western blotting of macrophage
markers of RAW264.7 cells receiving different treatments. f Repre-
sentative flow cytometer data of M2 polarization when RAW264.7
was co-cultured with K7M2 cells. (*p-value < 0.05; **p-value <0.01;
***p-value <0.001)

the tumor microenvironment, offering novel insights into
potential therapeutic strategies for cancer treatment.

The notable contributions of this study lie in its discov-
ery of the close association between macrophages and ICI
treatment, as revealed by scRNA-se, and the identification
of differentially DEGs implicated in macrophage polariza-
tion. Subsequently, leveraging lasso and multivariate analy-
sis, we devised a prognostic model encompassing eight
genes, validating its clinical robustness. Furthermore, by
delineating macrophage polarization-related genes, osteo-
sarcoma specimens were stratified into immune-activated
and immunosuppressive subtypes, thereby offering tailored
immunotherapeutic strategies. Notably, employing SV, we
pinpointed a target gene closely associated with macrophage
polarization and ICI responsiveness. Subsequent experi-
ments underscored the inhibitory effect of BNIP3 knock-
down on osteosarcoma cell proliferation and migration,
while also attenuating osteosarcoma-induced macrophage
M2 polarization. Despite the promising predictive capacity
of the prognostic signature predicated on macrophage polari-
zation and its potential for personalized treatment modalities
in osteosarcoma patients, the study underscores the impera-
tive for broader cohort studies owing to the limited sample
size available.

At last, in our study, we recognize the potential biases
inherent in using publicly available databases, including
patient selection bias and sequencing variability. Public
datasets may not fully represent the broader osteosarcoma
patient population, potentially limiting the generalizability
of our findings to certain subgroups. Furthermore, differ-
ences in sequencing platforms, depth, and analysis methods
can introduce variability in gene expression or mutation
profiling, which could affect the robustness of biomarkers
identified. To mitigate these biases, future studies should
consider using more diverse patient cohorts and multiple
datasets to improve representativeness. Additionally, stand-
ardizing sequencing protocols and incorporating cross-
platform validation could reduce the impact of sequencing
variability.

Conclusion

This study offers a comprehensive analysis of 141 hub
genes related to macrophage polarization, culminating in
the construction of a risk model. The derived risk-score
effectively predicts patient outcomes and immunotherapy
efficacy. Additionally, BNIP3 emerges as a key player in
macrophage polarization and immunotherapy across vari-
ous tumors. Knockdown of BNIP3 inhibits osteosarcoma
cell proliferation, migration, and their ability to induce mac-
rophage M2 polarization. Overall, these findings enhance
our understanding of macrophage polarization's regulatory
role in TM, paving the way for personalized immunotherapy
in osteosarcoma and beyond.
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