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A B S T R A C T   

The introduction of multidrug combination chemotherapy has significantly advanced the long- 
term survival prospects for osteosarcoma (OS) patients over the past decades. However, the 
escalating prevalence of chemoresistance has emerged as a substantial impediment to further 
advancements, necessitating the formulation of innovative strategies. Our present study leveraged 
sophisticated bulk and single-cell sequencing techniques to scrutinize the OS immune microen-
vironment, unveiling a potential association between the differentiation state of macrophages and 
the efficacy of OS chemotherapy. Notably, we observed that a heightened presence of lipid 
metabolism genes and pathways in predifferentiated macrophages, constituting the major cluster 
of OS patients exhibiting a less favorable response to chemotherapy. Subsequently, we developed 
a robust Macrophage and Lipid Metabolism (MLMR) risk model and a nomogram, both of which 
demonstrated commendable prognostic predictive performance. Furthermore, a comprehensive 
investigation into the underlying mechanisms of the risk model revealed intricate associations 
with variations in the immune response among OS patients. Finally, our meticulous drug sensi-
tivity analysis identified a spectrum of potential therapeutic agents for OS, including AZD2014, 
Sapitinib, Buparlisib, Afuresertib, MIRA-1, and BIBR-1532. These findings significantly augment 
the therapeutic arsenal available to clinicians managing OS, presenting a promising avenue for 
elevating treatment outcomes.   

1. Introduction 

Osteosarcoma (OS), recognized as the most prevalent primary bone malignancy, is characterized by intratumoral osteogenesis and 
displays a high incidence rate among adolescents [1,2]. To date, the implementation of standardized treatments, which encompass 
surgical intervention, chemotherapy, and neoadjuvant chemotherapy, has notably augmented the long-term survival rates of patients 
diagnosed with localized osteosarcoma [2]. Regrettably, therapeutic outcomes and prognoses for patients confronting unresectable, 
recurrent, and metastatic OS remain dauntingly bleak, with a meager 5-year survival rate hovering around 20% [3,4]. Furthermore, 
the escalating emergence of chemoresistance poses a substantial impediment to the advancement of therapeutic strategies for patients 
with localized primary OS, as their 5-year survival rate plateaus at approximately 60–70% [5]. Previous investigations have 
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underscored OS as one of the most heterogeneous tumors, contributing to its suboptimal responses to chemotherapy and targeted 
therapies [3,6]. The genetic complexity and instability of OS cells present an exceedingly formidable challenge for precisely targeting 
OS cells [7], necessitating the exploration of new research directions. 

In recent decades, immunotherapies have revolutionized cancer research and treatment, demonstrating enduring clinical responses 
in specific malignancies [8–12]. The immune system provides humans with immunosurveillance, including the adaptive and innate 
immune systems, to eliminate constantly emerging cancer cells, protecting humans from malignancy [13]. Conversely, the compro-
mise or elimination of the immune system can lead to unbridled tumor cell proliferation and substantial progression [13]. Paradox-
ically, essential components of the human body’s defense, such as macrophages, can be coopted by cancer cells, transforming them into 
steadfast allies that resist external treatments [13,14]. Investigating the mechanisms through which cancer cells manipulate these 
immune guardians represents a promising avenue for therapeutic exploration [14]. Macrophages, recognized for their phagocytic, 
antigen-presenting, and immune-regulating capabilities, serve as a critical nexus between innate and adaptive immunity [15]. 
Responding to microenvironmental cues, macrophages polarize into inflammation-promoting M1 and anti-inflammatory M2 clusters, 
corresponding to cancer-promoting M1 and anticancer M2 macrophages [15]. Prevailing research suggests that heightened macro-
phage infiltration correlates with a poor prognosis in cancer patients [16,17]. Conversely, a prior study indicated that elevated 
expression of macrophage-related genes and increased macrophage infiltration in OS tissue were associated with metastasis sup-
pression [18]. However, other investigations illuminated the tumor-promoting role of tumor-associated macrophages (TAMs), 
particularly M2 macrophages, facilitating tumor invasive capabilities through inflammation or angiogenesis [19–21]. Targeting M2 
polarization has exhibited anti-metastatic efficacy and the attenuation of stem cell-like properties in OS [22–24]. Consequently, the 
impact of macrophages on OS appears contingent upon their metabolic and polarized state. 

Lipid metabolism dysregulation has been observed in various cancers that exploits lipid metabolism for energy requirement, 
cellular component, and various signaling pathways including cell proliferation, apoptosis, metastasis, drug-resistance, and interaction 
with the tumor microenvironment [25–27]. Lipid metabolism orchestrate immune cell responses and manipulating lipid metabolism 
may restructure the interaction among cancer cells, immune cells, and stromal to exert a tumor-promoting or anti-tumor effect 
[28–30]. Mounting evidence has proved that lipid metabolism can regulate macrophage functions through influencing signal trans-
duction and gene expression [30,31]. In most situation, TAMs upregulate the expression of CD36, the scavenger receptor, to accu-
mulate lipid, triggering metabolism transformation from glycolysis to fatty acid oxidation [30,32,33]. Subsequently, these metabolism 
changes will result in a series of intracellular reactions such as the enhancement of oxidative phosphorylation, elevated reactive 
oxygen species, and phosphorylation of JAK1, leading to the anomalous transcriptional activity and eventually regulating TAMs 
generation and function [30,32,34]. Therefore, targeting TAMs lipid metabolism may serve as a potential therapeutic method for 
cancer treatments. 

Herein, through a comprehensive approach encompassing both single-cell and bulk transcriptome analyses, we have identified a 
potential association between the metabolic transformation of macrophages and the therapeutic effects of OS chemotherapy. This 
underscores the prospect that targeting the metabolism of macrophages could represent a promising therapeutic avenue for individuals 
with OS. Finally, we have developed a model that integrates macrophage and lipid metabolism-related factors to predict prognosis, 
delineate the immune landscape, and ascertain drug sensitivity in OS patients, offering new insights into potential strategies for 
enhancing OS treatments. 

2. Materials and methods 

2.1. Data acquisition and processing 

The RNA sequencing data and clinical information of 85 OS patients in TARGET-OS cohort were downloaded from UCSC Xena 
(https://xena.ucsc.edu) website. Additionally, the RNA sequencing data and the corresponding clinical information of 50 OS patients 
in GSE21257 dataset, 50 OS samples in GSE154540 dataset and 9 single-cell sequencing samples in GSE152048 dataset were 
downloaded from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo). The 187 metabolic-related 
pathways and the corresponding genes and 1399 lipid metabolism related genes (LMRGs) of the gene set GOBP_LIPID_METABO-
LIC_PROCESS were acquired from the Molecular Signatures Database (MSigDB: https://www.gsea-msigdb.org/gsea/msigdb). For bulk 
transcriptome data, background correction and normalization were performed for the gene expression matrix of GEO and Xena website 
and R package "inSilicoMerging" and "sva" were utilized to merge and remove the batch effects for TARGET-OS and GSE21257 datasets 
[35,36]. For single-cell transcriptome data, "Seurat" package was utilized for quality control, normalization, hypervariable genes 
selection, dimensionality reduction, and clustering after the dataset merging and de batching of "Harmony" package [37,38]. In line 
with the policies and guidelines of the Xena and GEO databases, these data were utilized for our researches. 

2.2. Unsupervised clustering of metabolic-related pathways 

ConsensusClusterPlus was utilized to perform cluster analysis, using agglomerative kmdist clustering with a 1-pearson correlation 
distances and resampling 80% of the samples for 10 repetitions [39]. The optimal number of clusters was determined using the 
empirical cumulative distribution function plot. Subsequently, "PCA" plot and Kaplan-Meier plot were utilized to verified the resolving 
ability of the clustering [40]. Then, differentially expressed analysis was performed for the clusters, and the genes with p value < 0.05 
and fold change >2 were identified as the differentially expressed genes (DEGs). Additionally, functional enrichment analyses, 
including Gene ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), Gene Set Enrichment Analysis (GSEA), and Gene 
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Set Variation Analysis (GSVA), were performed for the clusters [41]. Furthermore, Estimation of Stromal and Immune cells in Ma-
lignant Tumor tissues using Expression data (ESTIMATE) and Cell type identification by estimating relative subsets of RNA transcripts 
(CIBERSORT) analyses were performed to assess the immune landscape of OS patients [42,43]. 

2.3. Exploration of OS single-cell data 

R package "CommPath" was utilized to exhibit the intercellular communication chain among different cell clusters [44]. "SCOR-
PIUS" package was employed to display the developmental trajectory of macrophages [45]. The metabolic activation fraction of 
macrophages were explored using "scMetabolism" package [46]. 

2.4. Weighted gene Co-expression network analysis (WGCNA) 

The genes with the top 3000 mad in the expression matrix of TARGET-OS data were selected to construct WGCNA network, with R 
square = 0.9 being cut-off value of the soft threshold [47]. After the construction of WGCNA, the relationship between the modules and 
macrophages were explored and the macrophage-related genes were identified for the subsequent analyses. 

2.5. Construction and validation of the prognostic model 

Venn plot was employed to identified the intersected genes between macrophage-related genes and lipid metabolism-related genes 

Fig. 1. Identification of metabolism-related clusters. (A–C) Two clusters were identified as the optimal option for consensus clustering. (D) Kaplan- 
Meier plot of two clusters. (E) Metabolic heatmap of two clusters. (F) The functional enrichment analyses of DEGs between two clusters. (G) The 
functional module of DEGs. DEGs: differentially expressed genes; GSEA: Gene Set Enrichment Analysis. 
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(called MLMGs). Subsequently, univariate and multivariate Cox regression analyses were introduced to select the prognostic MLMGs 
for the construction of the prognostic model. The risk model can be expressed as follows: Risk score=

∑
CoefficientmRNAi * Expres-

sionmRNAi, in which CoefficientmRNAi represented the weighting coefficient of the MLMGs and ExpressionmRNAi represented the 
expression levels of the MLMGs. Patients were divided into high- and low-risk groups based on the median risk scores. Then, Kaplan- 
Meier plot were utilized for the training group TARGET-OS cohort and the testing group GSE21257 cohort, and their merged cohort, 
with the corresponding receiver operating characteristic (ROC) curve depicted. 

2.6. Mechanism exploration of the risk model 

DEGs with the same selection standard like above were identified in the merged group and undergone GO and KEGG analyses. 
Additionally, GSEA was performed for further exploration of functional enrichment and ESTIMATE analysis was employed to evaluate 
the immune situation between high- and low-risk groups. 

Fig. 2. Macrophages plays an important role in OS tumor microenvironment. (A) The CIBERSORT analysis of two clusters. (B) The CIBERSORT 
analysis of the GSE154540 dataset. (C–D) Cell clustering in the single-cell landscape. (E–F) The number and intensity of cell-cell communication. 
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2.7. Construction and validation of the MLMR nomogram 

The multivariate cox regression analysis was implemented for the risk score and other clinical traits including age, gender, and 
metastasis, and the factors (p value < 0.05) were included in the integrated nomogram. Subsequently, the calibration curve, timeROC 
curve, and timeDCA curve of the nomogram were depicted to validate the accuracy and clinical usefulness of the nomogram. 

2.8. Potential therapeutic drug screening 

Drug sensitivity analysis between high- and low-risk group were performed using the "limma", "ggpubr", and "oncoPredict" 
packages for the exploration of OS potential therapeutic drugs [48–50]. 

2.9. Statistical analyses 

R software (version 4.2.1) was applied for statistical analyses. Log-rank method was used for the univariate regression analysis and 
Kaplan-Meier plot. Stepwise regression was performed for the multivariate regression analysis. A P-value <0.05 was regarded as 

Fig. 3. The differentiation status and metabolism of macrophages may be associated with OS chemotherapeutic effect. (A) Clustering of macro-
phages. (B–C) The functional enrichment analyses of macrophages clusters. (D) The trajectories analysis of macrophages. (E–F) Lipid metabolism 
genes between the good- and poor-chemotherapeutic groups. 
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statistically different. 

3. Results 

3.1. Immune situation is associated with the prognosis of OS patients 

Accumulated evidence has highlighted the vital role of metabolism in cancer progression. To explore the role of metabolism in OS, 
unsupervised clustering based on 187 metabolic-related pathways was performed (Table S1). Interesting, OS patients seem to exhibit 
certain characteristics and divided into two clusters in term of metabolism-related pathways (Fig. 1 A.B, Fig. S1 A.B). The PCA plot 
exhibited that these two clusters excellently distinguished each other, with a distinct prognosis detected via Kaplan-Meier plot [p =
0.037, (HR = 0.42, 95CI%: 0.18–0.96)] (Fig. 1 C.D). Notably, immune-related pathway such as antigen processing and presentation, B 
cell receptor signaling pathway, and natural killer cell mediated cytotoxicity were significantly enriched in the cluster 1 that exhibited 
a better prognosis, which suggested that immune situation of OS patient may affect their prognoses (Fig. 1 E). To confirm this 
assumption, the functional enrichment including GO and KEGG analyses for the DEGs between two clusters were employed, and 140 
identified DEGs were most enriched in immune-related pathways, including positive regulation of immune response, innate immune 
response, regulation of immune effector process and so on (Fig. 1F–Tables S2–3). Additionally, four functional modules constructed by 
DEGs also focused on MHC protein complex, antigen processing and presentation, inflammatory response, complement activation, 
which were significantly associated with immune processes (Fig. 1 G). Furthermore, GSEA based on KEGG functional sets and GSVA 
based on the hallmark gene set further confirmed these results (Fig. 1 C.D). Subsequently, to elaborate the immune landscape between 
these two clusters, we performed immune infiltration analyses including ESTIMATE and CIBERSORT algorithm. The ESTIMATE al-
gorithm found that compared with cluster 2 that possessed a worse prognosis, cluster 1 significantly exhibited a more excellent stromal 
score, immune score, and estimate score while displayed a lower tumor purity (Fig. 2 A, Fig. 1 E). Additionally, the CIBERSORT al-
gorithm exhibited that the distributance of B cells naive, T cells CD8, macrophages M0, macrophages M1, macrophages M2, and 
neutrophils were significantly different between these two clusters. Notably, macrophages were more different, and polarized mac-
rophages were more enriched in cluster 1 while unpolarized macrophages were more found in cluster 2, which may indicate that 
macrophages with different polarization states may be associated with the progression and prognosis of OS patients (Fig. 2 A). Given 
that chemotherapeutic effects was one of the most significant prognostic factors for OS patients, we speculated that macrophages with 
different polarization states may be associated with that chemotherapeutic effects of OS patients. For validating this hypothesis, we 
performed CIBERSORT algorithm for 50 OS patients in GSE154540 cohort and found that compared with the patients with good 
chemotherapeutic effects, the patients with poor chemotherapeutic effects exhibited more unpolarized macrophages and less polarized 
macrophages (Fig. 2 B). Therefore, the polarization states of macrophages may be associated with the chemotherapeutic effects and 
prognosis of OS patients. 

3.2. The differentiation states of macrophages may be associated with the chemotherapeutic effects of OS patients 

To further explore the role of macrophages in the chemotherapeutic effects of OS patients, we performed a single-cell level analysis 
for GSE152048 data set which including both good- and poor-chemotherapeutic OS patients. Based on the biomarkers, we classified 
cells of OS tissues into 12 clusters: osteoblatic cells, macrophages, monocytes, proliferating OS cells, osteoblastic OS cells, chondro-
blastic OS cells, perocytes, MSCs, endothelial cells, osteoblastic progenitor cells, TILs, and B cells (Fig. 2 C.D, Fig. 2 A). Then, we 
performed the intercellular communication analysis to explore the interaction among all cell clusters and discovered that the inter-
action between macrophages and other cell clusters were abundant and intense, indicating the important role of macrophages among 
the tumor microenvironment (TME) of OS (Fig. 2 E.F). Subsequently, to further explore the characteristics of macrophages, we 
extracted macrophages from all cell clusters and clustered them into four clusters (Fig. 3 A). To illuminate the function of macrophage 
clusters, we performed the functional enrichment for each macrophage cluster based on their marker genes. The top20 GO results of 
cluster 0 macrophage indicated that this cluster was inclined to metabolically and immunologically active macrophages, which were 
enriched in the metabolism and immune related pathway, such as oxidative phosphorylation, cytoplasmic translation, positive 
regulation of immune response, antigen processing and presentation of exogenous antigen. The top20 GO results of cluster 1 
macrophage exhibited that this cluster was likely to be apoptosis-regulating macrophages, which were enriched in apoptosis related 
pathways, such as positive regulation of programmed cell death, regulation of apoptotic signaling pathway, regulation of cell acti-
vation, and apoptotic signaling pathway (Fig. 3 B.C). Additionally, macrophages in cluster 2 was a macrophage phenotype inter-
mediate between cluster 0 and cluster 1 while cluster 3 exhibited matrix metabolic phenotype (Fig. 2 C.D). Furthermore, to reveal the 
developmental trajectory of the macrophage clusters, we performed pseudotemporal dynamics analysis and found that macrophages in 
cluster 0 and 3 were developed from cluster 1 and 2, which hinted that cluster 1 and 2 may represent naive macrophage phenotype 
while cluster 0 and 3 exhibited more mature phenotype (Fig. 3D–S 2 B). Interestingly, we found that macrophages of cluster 0 and 3 
almost were derived from OS patients with good chemotherapeutic effects while that of cluster 1 and 2 were the main macrophages 
from OS patients with poor chemotherapeutic effects (Fig. 3 E). Therefore, the differentiation states of macrophages may be associated 
with the chemotherapeutic effects of OS patients, and the poorly differentiated macrophages may attribute to poor chemotherapy 
response. 
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3.3. Lipid metabolism and macrophage related risk model was an excellent prognostic predictor for OS patients 

To further explore the functions of macrophages between OS patients with good- and poor-chemotherapeutic effects, we performed 
a metabolic analysis and found that compared with the good-chemotherapeutic groups, the poor-chemotherapeutic groups exhibited 
more enrichment of lipid metabolism pathways (Fig. 2 E). Meantime, lipid metabolism biomarkers displayed higher expression in 
poor-chemotherapeutic groups (Fig. 3 F), which indicated that lipid metabolism may be associated with the functions of macrophages. 
Subsequently, to excavate the prognostic value of both macrophage and lipid metabolism, we tried to established a macrophage and 
lipid metabolism related (MLMR) risk model. In term of the macrophage related genes, we initially utilized WGCNA to identified the 
biological functional module and roughly obtained 10 modules (Fig. 4 A). Subsequently, we implemented correlation analyses be-
tween these modules and various immune cell types and found that the brown module was highly correlated with macrophages 
infiltration. The module-trait relationship heatmap indicated that the genes in the brown module were negatively correlated with M0 
macrophages filtration but positively correlated with M1 and M2 macrophages infiltration (Fig. 4 B). Then, we intersected 501 genes in 
the brown module, which called macrophage related genes, with 1399 lipid metabolism genes to gain the MLMRGs and 49 MLMRGs 
were identified to established the MLMR risk model (Fig. 4 C). Through univariate Cox regression analysis, ten prognostic MLMRGs 

Fig. 4. Construction and validation of the prognostic model. (A–C) Identification of MLMRGs. (D–E) Identification of the independent prognostic 
MLMRGs. (F–H) Distribution, Kaplan-Meier plot, and Time-dependent ROC curve of the risk model in TARGET-OS cohort. (I–K) Distribution, 
Kaplan-Meier plot, and Time-dependent ROC curve of the risk model in GSE21257 cohort. MLMRGs: Macrophage and lipid metabolism 
related genes. 
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were identified and then undergone multivariate Cox regression analysis to eliminate the interaction effect among these gene (Fig. 4 D. 
E). Finally, a MLMRG risk model was established and expressed as follow: risk score = 0.70 × ALDH1L2 -0.76 × GAL3ST4-0.56 ×
PPARG. To validate the prognostic predictive ability of the risk model, we classified OS patients into high- and low-risk group based on 
the median risk score. As expected, in both the training set and the test set, we found that both the expression of PPARG and GAL3ST4 
were higher in the low-risk group while the expression of ALDH1L2 was higher in the high-risk group, which was consistent with the 
result of the multivariate regression analysis. Meantime, the Kaplan-Meier curve of the training group exhibited an excellent prog-
nostic predictive ability [ p value < 0.0001; HR = 5.26, 95CI%(2.11, 13.11)], with 1-, 3-, and 5-year receiver operating characteristic 
(ROC) curve being 0.76, 0.83, and 0.82 (Fig. 4F–H). Similarly, the performance of the risk model was also be validated in the testing 
group and a viable prognostic predictive ability was uncovered [ p value = 0.043; HR = 2.44, 95CI%(1.00, 5.97)], with 1-, 3-, and 5- 
year receiver operating characteristic (ROC) curve being 0.84, 0.67, and 0.70 (Fig. 4I–K). Together, our risk model exhibited an 
excellent performance in term of the prognostic predictive ability and could be utilized as a potential prognostic predictor for OS 
patients. 

3.4. Mechanism exploration of the risk model 

The underlying mechanism of the MLMR risk model affected the prognosis of OS patients was further explored. The above two 
cohorts were merged into a larger cohort and the equally excellent predictive ability was observed in the merged cohort [ p value <
0.0001; HR = 3.33, 95CI%(1.78, 6.25)], with 1-, 3-, and 5-year receiver operating characteristic (ROC) curve being 0.81, 0.76, and 
0.76 (Fig. 5 A-C, Fig. 2 F). Then, the DEA was implemented and identified 44 DEGs, in which were mostly enriched in the immune 
related pathways, such as innate immune response, inflammatory response, regulation of immune effector process, and immuno-
globulin mediated immune response (Fig. 5 D). Meantime, the underlying mechanism was validated by the GSEA analysis, which 
indicated that immune related pathways, including antigen processing and presentation, cytokine-cytokine receptor interaction, FC 

Fig. 5. Mechanism exploration of the MLMR risk model. (A–C) Distribution, Kaplan-Meier plot, and Time-dependent ROC curve of the risk model in 
the merged cohort. (D) The protein-protein interaction network and functional enrichment analysis of DEGs between high- and low-risk groups. (E) 
The GSEA between high- and low-risk groups. (F) The CIBERSORT analysis of the high- and low-risk groups. DEGs: differentially expressed genes. 
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GAMMA R mediated phagocytosis, Toll like receptor signaling pathway, B cell receptor signaling pathway, and natural killer cell 
receptor signaling pathway, were more enriched in the low-risk group (Fig. 5 E). Considering the significant enrichment of the immune 
related pathways, we tried to investigate the immune infiltration difference between the high- and low-risk groups. As expected, the 
ESTIMATE algorithm displayed that compared with that of the high-risk group, the stromal score, immune score, and estimate score of 
the low-risk group were significantly higher while the tumor purity was lower (Fig. 5 F). Collectively, the difference of immune 
response between the high- and low-risk groups may contribute to their prognostic discrepancy. 

3.5. MLMR nomogram exhibited a distinguished performance for the predictive ability of OS patients 

To quantitatively predict the survival rate of OS patients and provide more precise treatment, we established a nomogram inte-
grated risk score and clinical prognostic factors. Firstly, multivariate Cox regression analysis was employed for the risk score and the 
corresponding clinical characteristics, including age, metastasis, primary site, and gender, to identify the independent risk factors for 
OS patients. As shown in the figure, the metastasis (p = 2.8 × 10− 8), risk score (p = 9.8 × 10− 6), and primary site (p = 1.1 × 10− 3) of 
OS patients were mostly associated with the prognoses of OS patients (Fig. 6 A). Subsequently, these three factors were included to 
construct an integrated nomogram, in which each patient could obtain his/her 3- and 5-year survival rate based on the sum of each 
score derived from his/her metastasis, risk score, and primary site (Fig. 6 B). Then, to validate the performance of the established 
nomogram, we depicted the corresponding calibration curve, timeROC and timeDCA plots. The calibration curve indicated the 
excellent 3- and 5-year Goodness of Fit Index (GFI) of the nomogram and the timeROC plot confirmed the corresponding predictive 

Fig. 6. Construction and validation of the integrated nomogram. (A) The result of multivariate Cox regression of risk score and clinical traits, 
including metastasis, age, primary site, and gender. (B) The integrated nomogram combines risk score, primary site, and metastasis. (C) The 
calibration curve of the nomogram. (D) The timeROC curve of the nomogram. (E) The timeDCA curve of the nomogram. (F) Drug sensitivity 
analysis. ROC: Receiver Operating Characteristic; DCA: decision curve analysis. 
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accuracy [3-year: 0.84 (0.76–0.92), 5-year: 0.86 (0.78–0.94)] (Fig. 6 C.D). Furthermore, the timeDCA plot displayed that the estab-
lished nomogram possessed the outstanding clinical usefulness (Fig. 6 E). Collectively, our integrated nomogram may provide more 
precise prognostic information for the clinicians, optimizing OS treatment. 

3.6. Screening of potential therapeutic drugs 

Increasing chemoresistance has challenged the therapeutic improvement of OS patients, implying the urgency to exploit OS po-
tential drugs. Through the exploration of GDSC database, we identified a series of OS potential drugs and the six most potential drugs 
were AZD2014, Sapitinib, Buparlisib, Afuresertib, MIRA-1, and BIBR-1532 (Fig. 6 F). All of these six drugs possessed a lower IC50 in 
the high-risk group, indicating these drugs may be effective for the refractory OS. 

4. Discussion 

The integration of multidisciplinary therapeutic approaches has significantly augmented the long-term survival rates of OS patients 
[2]. However, the escalating challenge of chemoresistance remains a formidable obstacle, impeding the continuous progress of OS 
treatments over the decades [7]. The intrinsic complexity and genomic instability of OS underscore the pressing need for a profound 
comprehension of the underlying mechanisms governing OS oncogenesis and progression [1,7]. In recent years, the evolution of 
bioinformatics, particularly single-cell sequencing, has provided enhanced strategies for the exploration and refinement of OS 
treatments [51,52]. In this study, employing both bulk and single-cell sequencing, we unveiled a substantial association between the 
immune microenvironment, prognoses, and therapeutic responses in OS patients. Notably, our findings suggest that the differentiation 
and metabolism of macrophages play a pivotal role in contributing to the chemotherapeutic effects observed in OS. Furthermore, 
utilizing WGCNA, we identified MRGs and devised an innovative MLMR prognostic model. The resultant integrated nomogram, 
demonstrating exceptional predictive capabilities, furnishes OS clinicians and patients with more refined prognostic information. 
Lastly, our drug sensitivity analysis delineated a spectrum of potential therapeutic agents for OS, thereby expanding the therapeutic 
repertoire available for OS patients. 

The intricacies of OS genotypic landscape render the direct and effective elimination of OS cells challenging [7]. This underscores 
the imperative need to explore novel therapeutic paradigms for OS. OS cells evolve and interact with the stromal cells and immune 
cells, forming the tumor microenviroment and affecting the progression of tumor, including proliferation, metastasis, vascularization, 
and drug resistance [53]. Therefore, targeting the stromal and/or immune cells may serve as a promising way for OS treatments. The 
present study utilized clustering based on metabolism-related pathways to identify the prognosis related pathways and found that 
immune related pathway were highly associated with the prognoses of OS patients. Subsequently, immune infiltration analysis 
indicated that the differentiation state of macrophages may be associated with the chemotherapeutic effects of OS patients, and the 
dominance distribution of the predifferentiated macrophages were likely in connection with poor chemotherapeutic effects. 
Furthermore, the utilization of single-cell sequencing confirmed our hypothesis, revealing that predifferentiated macrophages pre-
dominantly populate the tumor microenvironment in OS cases with suboptimal chemotherapeutic responses. This finding suggests that 
the activation of macrophages holds promise as a viable strategy for enhancing the therapeutic efficacy of OS treatments. Admittedly, 
the activation of macrophages was proved as a viable method for OS treatments [18,54,55]. Mifamurtide, which could activate the 
innate immune system via NOD2, was found to be well-tolerated and effective in OS patients [55,56]. Additionally, the inhibition of 
the CD47–SIRPα signaling pathway has been tried to serve as a potential method to activate tumor-associated macrophages for OS 
treatments [57–60]. Previous studies found that macrophages might alter the OS tumor microenvironment to affect the chemother-
apeutic effects of OS patients [61,62]. The single-cell sequencing analysis in this study displayed that differentiated macrophages 
exhibited more immune potential and were the major population in OS patients with better chemotherapeutic effect. Therefore, 
activation of macrophages may serve as the potential method for OS treatments and/or adjuvant therapies. 

Metabolism pattern has been found to involve in the regulation of macrophage plasticity [63,64]. In the present study, to further 
explore the metabolism discrepancy of macrophages between good- and poor-chemotherapeutic OS, we performed a metabolic 
analysis and found lipid metabolism related pathways were enriched in macrophages of the poor-chemotherapeutic OS. Additionally, a 
serious lipid metabolism related molecule, such as CD36, APOE, APOC1, and LIPA were higher expressed in macrophages of the 
poor-chemotherapeutic OS, which indicate that high lipid metabolism may contribute to the poor immune response of these mac-
rophages. Increasing evidence has confirmed the lipid metabolism plays an important role in macrophage phenotype and function, 
eventually affecting the occurrence and progression of various diseases [65,66]. Considering the significant role of macrophage in OS 
and the regulation of lipid metabolism in macrophages plasticity, we tried to construct MLMR prognostic predictors for the clinicians 
and OS patients, which may contribute to precise diagnosis, treatment optimization, and prognosis assessment. Through univariate 
and multivariate cox regression analyses, a MLMR risk was constructed and exhibited an excellent prognostic predictive ability in both 
training and testing cohorts. Subsequently, the functional enrichment analyses and immune infiltration analysis demonstrated that the 
underlying mechanism of our risk model might attribute to the difference of the immune response. Compared with the high-risk group, 
the low-risk group distinctly exhibited more immune infiltration and response. However, the MLMR risk model succeeded in a 
qualitative prognosis while failed to provide more precise prognostic information that may benefit the more specific treatment of OS 
patients. To address this issue, we established a MLMR nomogram integrating risk score and prognosis related clinical traits to offer the 
quantitative prognostic information. Considering the integration of the well-known prognostic factors including OS metastasis and 
primary site, the construction of MLMR nomogram would undoubtedly improve the predictive efficiency of the MLMR prognostic 
model. Furthermore, the corresponding calibration, timeROC, and timeDCA curve of the nomogram also revealed its high performance 
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in term of predictive accuracy and clinical usefulness. 
Since the application of high-dose methotrexate, vincristine and folic acid as OS adjuvant chemotherapy in the 1870s, the survival 

rate of patients have been distinctly improved and the multidrug combination chemotherapy has therefore become the basic 
chemotherapy regimen for OS treatments [67]. The conventional chemotherapy drugs, including doxorubicin, cisplatin, methotrexate, 
and isocyclophosphamide, have good chemotherapy reactivity in about 70% of patients while fail to reach a satisfactory outcome in 
patients with relapsing and/or metastatic OS [68]. Furthermore, the increasing chemoresistance has discounted the therapeutic effects 
of these conventional medications, narrowing the drug selection of OS for the clinicians and impeding the improvement of OS patient’s 
survival rate [55]. Therefore, exploiting OS alternative medication may benefit to break this deadlock. The present study, based on the 
MLMR risk model, utilized drug sensitivity analysis to identified a serious of OS potential drugs, such as AZD2014, Sapitinib, 
Buparlisib, Afuresertib, MIRA-1, and BIBR-1532. Most of these drugs exert their impact on certain OS canonical targets and signaling 
pathways, such as p53, PI3K/AKT/mTOR pathway, and VEGF-VEGFR pathway [7], which were mostly found abnormal alteration 
during OS occurrence and progression. Notably, p53, PI3K/AKT/mTOR and VEGF-VEGFR involved in the regulation of lipid meta-
bolism in macrophages and play an important role in the occurrence and progression of various diseases including cancers [69–73]. 
Additionally, previous studies have shown that Lalistat2, a drug inhibiting lysosomal acid lipase, could been used to target TAMs and 
hence suppressed the progression of various cancers, which highlighted the potential of MLMR drugs to the cancer treatments [74–76]. 
Collectively, our drug sensitivity analysis may offer more drug selection for the clinicians and OS patients. 

Undoubtedly, the study was confronted with several inherent limitations demanding meticulous scrutiny. Primarily, the accuracy 
of MLMR risk model necessitates rigorous validation through comprehensive assessments against external datasets. This verification 
process is imperative to establish the robustness and generalizability of our findings. Moreover, the intricate intricacies surrounding 
the specific role and regulatory mechanisms governing lipid metabolism in macrophages remain inadequately elucidated. Conse-
quently, it becomes imperative to embark upon further experimental endeavors. These additional investigations should delve deeper 
into the nuanced interactions within the cellular milieu, shedding light on the intricacies of macrophage lipid metabolism. This holistic 
exploration will not only fortify the credibility of our current findings but also contribute to a more profound understanding of the 
underlying biological mechanisms at play. 

5. Conclusion 

In summary, our study demonstrated that the important role of macrophages, of which predifferentiated macrophages were 
associated with the worse therapeutic effects. Further exploration of macrophages metabolism displayed that lipid metabolism related 
pathways and genes were enriched in these predifferentiated macrophages. Subsequently, the excellent MLMR risk model and 
nomogram were established to provide the prognostic information, which may contribute to the diagnostic accuracy improvement, 
treatment optimization, and prognostic assessment. 
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