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ABSTRACT
Osteosarcoma (OS) is the most frequent primary solid malignancy of bone, whose course is usually dismal without efficient 
treatments. The aim of the study was to discover novel risk models to more accurately predict and improve the prognosis of 
patients with osteosarcoma. The single-cell RNA sequencing (scRNA-seq) data was obtained from the GEO database. Bulk 
RNA-seq data and microarray data of OS were obtained from the TARGET and GEO databases respectively. A clustering tree 
was plotted to classify all cells into different clusters. The “cellchat” R package was used to establish and visualise cell–cell 
interaction networks. Then Univariate COX regression analysis was used to determine the prognostic CAF-related genes, 
followed by the Lasso-Cox regression analysis to build a risk on the prognostic CAF-related genes. Finally, from multiple 
perspectives, the signature was validated as an accurate and dependable tool in predicting the prognosis and guiding treat-
ment therapies in OS patients. From the single-cell dataset, six OS patients and 46,544 cells were enrolled. All cells were 
classified into 22 clusters, and the clusters were annotated to 14 types of cells. Subsequently, CAFs were observed as a vital 
TME components. In cell–cell interaction networks in OS cells, CAFs had a profound impact as four roles. Via the Univariate 
COX regression analysis, 14 CAF-related genes were screened out. By the Lasso-Cox regression analyses, 11 key CAF-related 
genes were obtained, based on which an 11-gene signature that could predict the prognosis of osteosarcoma patients was 
constructed. According to the median of risk scores, all patients were grouped in to the high- and low-risk group, and their 
overall survival, activated pathways, immune cell infiltrations, and drug sensitivity were significantly differential, which 
may have important implications for the clinical treatment of patients with osteosarcoma. Our study, a systematic analysis of 
gene and regulatory genes, has proven that CAF-related genes had excellent diagnostic and prognostic capabilities in OS, and 
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it may reshape the TME in OS. The novel CAF-related risk signature can effectively predict the prognosis of OS and provide 
new strategies for cancer treatment.

1   |   Introduction

Osteosarcoma (OS) is a metaphyseal malignant bone malig-
nancy composed of mesenchymal cells producing osteoid and 
immature bone, and it may rarely happen among soft tissues [1]. 
Osteosarcoma is more prone to affect adolescence at 15–19 years 
of age, with an annual incidence of 8–11/million/year [2]. The ten-
tative diagnosis of osteosarcoma can be deduced from radiograph 
results, but pathological evaluation of a bone biopsy specimen is 
necessary for definitive conclusions and CT scans of the chest 
should be performed to identify lung nodules [3]. The pathogen-
esis of osteosarcoma has been widely studied but is still not very 
explicit. Gene alterations including the loss of TP53 and other on-
cogenic events are commonly observed in osteosarcoma [4]. Due 
to the lack of effective therapies and the high heterogeneity, local 
and distant metastasis will lead to bad clinical outcomes, there-
fore it is devastating and a challenging issue worldwide. So, there 
is a necessity to explore novel and credible prognostic indicators 
containing more abundant genetically-based information that can 
be used to lead to a more timely and rational process of disease 
detection, diagnosis, and prognosis prediction. To try to solve this 
issue, this study was conducted, to establish an accurate prediction 
signature for osteosarcoma patients based on the single-cell and 
bulk RNA datasets to provide more instructions on disease pre-
vention, recognition and control.

The tumour microenvironment (TME) includes a variety of im-
mune cells, cancer-associated fibroblasts (CAFs), endothelial 
cells, and a variety of other tissue receptor cells. The ongoing in-
teractions between tumour cells and the TME play decisive roles 
in tumour initiation, progression, metastasis, and response to ther-
apies, which has made the TME an important therapeutic target in 
cancer [5, 6]. The TME is highly heterogeneous. Therefore, TME-
mediated drug resistance is hard to avoid [7]. It can be induced by 
soluble factors secreted by tumour or stromal cells, or adhesions of 
tumour cells to stromal fibroblasts or components of the extracel-
lular matrix [8]. Targeting the TME has revolutionised the keynote 
of cancer treatments. Responses to radiotherapy [9] or immuno-
therapy [5, 10] make improvements accordingly.

Among all TME cells, CAFs as a key element in the TME of solid 
tumours, have caught the attention because they are thought to 
have diverse functions, including matrix deposition and remod-
elling, extensive reciprocal signalling interactions with cancer 
cells and crosstalk with infiltrating leukocytes [11]. CAFs are 
known as accomplices in tumour malignancy [12, 13]. As a re-
sult, a promising way of targeting CAFs by altering their num-
bers, subtypes or functions, has emerged to enhance cancer 
therapy efficiency [14]. Further understanding of the TME and 
CAFs would be referentially valuable in providing personalised 
treatment strategy practically.

The single-cell RNA sequencing (scRNA-seq) technology allows 
the dissection of gene expression at single-cell resolution, which 
has dramatically reformed transcriptomic researches [15]. In re-
cent years, the scRNA-seq technique has already been applied in 

the exploration of various cancers [16]. Moreover, in the single-
cell RNA-sequencing era, the knowledge of CAF biological di-
versity has been extremely expanded regardless of their high 
heterogeneity [17, 18].

In this study, CAF-related genes were identified based on scRNA-
seq datasets. Eventually, an 11-gene signature was constructed 
and demonstrated to have satisfying accuracy in predicting the 
prognosis of osteosarcoma patients and the signature could be 
served as an independent prognostic factor. Therefore, the novel 
signature provided new ideas for exploring molecular mecha-
nisms and designating targeted therapies of osteosarcoma.

2   |   Materials and Methods

2.1   |   Data Acquiring and Preprocessing

A scRNA-seq dataset (accession number: GSE162454) including 
six patients and 46,544 cells was downloaded from the Gene 
Expression Omnibus (GEO; https://​www.​ncbi.​nlm.​nih.​gov/​
geo/​) database [19, 20]. Relevant clinical information and RNA-
seq data regarding osteosarcoma patients were obtained from 
the Therapeutically Applicable Research to Generate Effective 
Treatments (TARGET; https://​ocg.​cancer.​gov/​progr​ams/​tar-
get) database, with 93 samples included and set as the training 
dataset. From the GEO database, 47 samples (GSE21257) were 
acquired and set as the verification cohort. Via the “Combat” 
algorithm from the “sva” R package, the possible batch effects of 
abiotic bias in the two datasets were reduced [21].

2.2   |   Identifying Biomarkers of CAFs Based on 
the Single-Cell Dataset

The “Seurat” R package was adopted to perform the analysis and 
realise quality control (minimum gene numbers > 500; maximum 
gene numbers < 4000; mitochondria gene percentage < 10%), thus 
avoiding low-mass cell, zero-cell or multicellular capture. The 
“SCTransform” function was used to standardise the data, and its 
rectifying effect on the depth of sequencing was better than that 
of the “log” standard. The “RunHarmony” function was used to 
integrate the single sample. Compared to other algorithms, the 
“Harmony” algorithm can integrate data while still being sensi-
tive to rare cells, making it suitable for more complex single-cell 
assay designs that can compare cells from different donors, tissues, 
and technology platforms [22, 23]. The principal component anal-
ysis (PCA) was conducted to reduce the dimensionality of high-
variable genes by the “RunPCA” function and the first 30 PCs were 
used. Via the “clustree” R package, 0.6 was chosen as the resolu-
tion. The “FindClusters” function was used to identify the clus-
ters and the “RunUMAP” function was to visualise the clusters. 
Subsequently, the cell clusters were annotated manually accord-
ing to cell-specific lineage genes. Based on the “FindAllMarkers” 
function, genes that were highly expressed in each cell subpopula-
tion were identified as markers for each cell group.

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://ocg.cancer.gov/programs/target
https://ocg.cancer.gov/programs/target
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2.3   |   Performing Mechanism Analyzes at 
the Single-Cell Level

Firstly, in every patient from the single-cell dataset, the av-
erage number and proportion of 14 different cell types were 
compared. From the Molecular Signatures Database (MSigDB) 
[24, 25], the hallmark gene sets were acquired. Subsequently, 
the “irGSEA” and “UCell” [26] R packages were applied to 
evaluate gene signatures by scoring each pathway in the gene 
set. Next, we collected some proliferative genes (AURKA, 
BIRC5, CCNB1, CCNE1, CDC20, CDC6, CENPF, CEP55, 
EXO1, MKI67, KIF2C, MELK, MYBL2, NDC80, ORC6, 
PTTG1, RRM2, TYMS, UBE2C) and termed them as a new 
gene set. The UMAP visualised the distribution of the gene set 
score in the 14 cells. Then, using the “PROGENy” R package 
[27], PROGENy scores of the 14 cells in different signalling 
pathways were calculated. The activity of transcription fac-
tors (TFs) was inferred by the “DoRothEA” R package. Using 
the “cellchat” R package, the communicating interactions be-
tween 14 different cell subgroups (myeloid cells, CD8T cells, 
osteosarcoma cells, T cells, exhausted CD8 T cells, CAFs, ex-
hausted T cells, NK cells, plasma cells, proliferative CD8 T 
cells, endothelial cell, osteoclasts, B cells, mast cell) was stud-
ied and the mechanism of the communicating molecules at 
the single-cell resolution was identified. Interaction number 
and strength were shown. Then the cell communicating land-
scape was described to identify the communication mode of 
the TME in OS.

2.4   |   Explaining Complex Intercellular 
Communication Networks

Cell–cell interactions are essential for the information ex-
change between different cells and are important in laying 
the foundation for multiple biological processes. Continuing 
utilising the “cellchat” R package [28], the cell–cell networks 
were quantified from perspectives of graph theory, pattern 
recognition and multiple learning. The dominant transmit-
ter (source) and receiver (target) were identified and visual-
ised in 2D space. Then we analysed and visualised multiple 
ligand-receptor mediated cell interactions for the 14 kinds of 
cells as mentioned before. After that, interactions between 
various osteosarcoma cells and receptors were analysed em-
phatically. Subsequently, the role (sender, receiver, mediator, 
or influencer) of each of the 14 cells in the MIF and MK sig-
nalling pathway has been identified by calculating the net-
work centrality index of each cell subgroup. Next, using the 
“extractEnrichedLR” function, all important interactions 
(Ligand-Receptor pairs) and associated signalling genes that 
contributed most to the MIF or MK signalling pathway have 
been identified. And, the Non-negative Matrix Factorization 
(NMF) algorithm was applied to recognise cell communica-
tion patterns. Using cophenetic and silhouette measure types, 
outgoing and incoming signalling patterns were identified. 
After choosing the best pattern number in outgoing and in-
coming signalling, associations of certain patterns with dif-
ferent cell populations and ligand-receptor pairs or signalling 
pathways were visualised.

2.5   |   Verifying That CAFs May Contribute to 
the Oncogenic Characteristics of Sarcomas Through 
the MIF-CD74 Signalling Axis

To enhance the reliability of our results, we combined the nor-
mal data from the GTEx database to increase the sample size 
with the tumour data from TCGA. The differential analysis 
was conducted on MIF expression using the Wilcox. test func-
tion. The HPA database summarises each gene's transcript 
expression levels across 28 types of cancer. Protein–protein in-
teraction data often include biologically unlikely interactions. 
Here, we utilised the comPPI database (https://​comppi.​linkg​
roup.​hu/​) to filter out protein interactions that do not share 
a common subcellular localization, ultimately obtaining pro-
teins that interact with the target gene. To ensure the quality 
and consistency of the data, immune infiltration data for all 
TCGA samples were collected from the TIMER2.0 database. 
The CAF scores were estimated by the EPIC algorithm. Based 
on the mean value, patients were divided into four groups: 
high CAFs_EPIC infiltration and high MIF expression, low 
CAFs_EPIC infiltration and low MIF expression, high CAFs_
EPIC infiltration and low MIF expression, and low CAFs_
EPIC infiltration and high MIF expression. The log-rank test 
was used to compare the two groups' survival differences 
pairwise. Likewise, patients were divided into four groups: 
high CD74 expression and high MIF expression, low CD74 
expression and low MIF expression, high CD74 expression 
and low MIF expression, and low CD74 expression and high 
MIF expression. The log-rank test was repeated to compare 
the two groups' survival differences pairwise. The top 30% of 
samples with the highest CD74 expression were defined as the 
high-expression group, while the bottom 30% were defined as 
the low-expression group. The differential analysis was per-
formed using the “limma” R package to obtain the log2 fold 
change (log2FC) for each gene. All genes were ranked accord-
ing to their log2FC, and GSEA enrichment analysis of KEGG 
gene sets was conducted using the “clusterProfiler” R package. 
The CancerSEA database compiles 14 different functional 
states of tumour cells. The Z-score algorithm integrates the 
expression of characteristic genes to reflect the activity of a 
given pathway. Using the Z-score parameter in the “GSVA” R 
package, we computed the combined Z-scores for the 14 func-
tional state gene sets. We further standardised these scores 
using the “scale” function to define gene set scores and cal-
culated the Pearson correlation between CD74 and each gene 
set score.

2.6   |   Establishing the CAF-Related Signature

A univariate Cox regression analysis was conducted on 
CAF markers using the “survival” R package to screen out 
prognosis-related CAF genes (p < 0.05). In the training set, 
prognosis-related CAF genes were analysed using Lasso-Cox 
regression analysis. Using the “glmnet” R package, the multi-
collinearity was eliminated. The “glmnet” function was used 
to perform Cox penalty regression analysis. The “cv.glmnet” 
function was applied to perform the 10-fold cross-validation 
[29, 30]. In the meta dataset, the minimum partial likelihood 

https://comppi.linkgroup.hu/
https://comppi.linkgroup.hu/
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deviation estimated from the 10-fold cross-validation was 
used to determine the penalty parameter. Under the speci-
fied lambda, the coefficient β (Coef) value for each gene was 
extracted. Finally, a prognostic risk score model of β (Coef) 
values multiplied by expression levels of the CAF-related gene 
(CAFRG) was established.

2.7   |   Estimating the Accuracy of the CAF-Related 
Signature

The risk scores of patients in the GSE21257 dataset were all 
calculated, on which the univariate Cox regression analysis 
was conducted. The median of risk scores in the training was 
set as the cut-off value, all osteosarcoma patients were divided 
into the high- or low-risk group. Then, the Receiver operating 
characteristic (ROC) curve was generated by the R package 
“timeROC” which was used to calculate the area under the 
curve (AUC). The Kaplan–Meier (KM) survival curve of the 
risk scores was plotted via the “survminer” R package. The 
calibration curve was generated using the “RMS” R pack-
age. They were designed to observe whether the CAF-related 
prognosis signature could actually and repeatably predict the 
prognosis of osteosarcoma patients. To enhance the persua-
siveness and reliability of our results, three external valida-
tion datasets were incorporated. First, the Z-score was used to 
standardise all datasets to ensure a mean of 0 and a standard 
deviation of 1, eliminating scale differences between variables 
for suitable statistical analysis. Next, we applied the exponen-
tial function to transform z-scores into positive values, align-
ing the data's distribution properties with the subsequent risk 
assessment model. With this preprocessed data, we calculated 
risk scores using coefficients from the LASSO-Cox results. 
For a more reliable prognostic model, we integrated clinical 
variables into a multivariate Cox model and constructed a 
nomogram, evaluating its robustness with the “timeROC” R 
package and its appropriateness with the “ggDCA” R package. 
We sourced clinical data from the UCSC Xena database for 
Target-OS, merged it with risk scores, and categorised patients 
as adults or children based on age (cutoff of 14 years). Finally, 
we conducted Wilcoxon Rank Sum Tests to assess statistical 
significance.

2.8   |   Excavating Potential Pathway Mechanisms in 
Osteosarcoma

Using the “clusterProfiler” R package [31, 32], the Gene Set 
Enrichment Analysis (GSEA) was performed on the hallmark, 
C2 (cp.KEGG, cp.reactome, cp.wikipathways), C5 (go.bp, 
go.cc, go.mf, hpo), and CancersFunctionalStates gene sets 
from the MSigDB to compare the pathway activation differ-
ences between the high- and low-risk group. By the “WGCNA” 
R package, a weighted gene co-expression network with ap-
proximately scale-free characteristics was constructed [33]. 
Using the topological overlap matrix (TOM), network modules 
were then generated [34]. Using the dynamic hybrid cutting 
method (bottom-up algorithm), co-expressed gene modules 
were identified and similar ones were combined [35]. Gene 
modules significantly correlated with higher risks were iden-
tified. Then, the Kyoto Encyclopedia of Genes and Genomes 

(KEGG) analysis was performed on all genes in the modules 
[36, 37].

2.9   |   Describing the Immune Landscape 
of the TME in Osteosarcoma

To improve the precision, eight different software (xCell [38], 
TIMER [39, 40], QUANTISEQ  [41], MCPcounter [42], IPS, 
ESTIMATE [43], EPIC [44], CIBERSORT [45]) were applied 
to depict the immune infiltration landscape in osteosarcoma. 
Differences of contents of various immune cells between the 
high- and low-risk group were compared. The Spearman cor-
relation coefficients between the signature (risk score) and con-
tents of immune cells were calculated and displayed.

2.10   |   Analysing Drug Resistance and Predicting 
Immunotherapy Responses

Eight immunotherapy response scoring hallmarks (IFNγ [46], 
Tertiary lymphoid structure (TLS) [47], Tcell_inflamed [46], 
Roh_IS [48], Davoli_IS [49], Cytolytic activity (CYT) [50], 
chemokines [51], Ayers_expIS [46]) were enrolled. Differential 
analyses were conducted to compare their values between 
the high- and low-risk groups. From the Genomics of Drug 
Sensitivity in Cancer (GDSC) database [52], the half maximal 
inhibitory concentration (IC50) values of 265 micro-molecules 
in 860 cell lineages and corresponding gene mRNA expression 
were collected. The correlation between mRNA expression lev-
els of certain genes and IC50 values of diverse drugs was anal-
ysed by the Pearson correlation analysis.

2.11   |   Statistical Analysis

The Wilcoxon rank sum test was used to check the difference 
between the two variables. Cox and KM survival analyses 
were performed using the “Survival” R package. KM survival 
analysis was tested by log-rank test. All statistical tests were 
two-tailed. The p-value < 0.05 would be considered statisti-
cally significant. When p < 0.001, the statistical significance 
would be more significant. Hazard ratios (HRs) and 95% con-
fidence intervals (CIs) described relative risks. R software 
(V.4.2.2) (Institute for Statistics and Mathematics, Vienna, 
Austria) was applied.

3   |   Results

3.1   |   Screening out 96 CAF-Related Genes 
and Identifying 22 Clusters Annotated to 14 Cell Types

Based on the GSE162454 dataset, a total of 96 CAF-related 
genes were selected. From Figure 1A, the cluster tree displayed 
correlations between different clusters under different resolu-
tions. 0.6 was the best resolution. 46,544 cells were grouped 
into 22 clusters. Figure 1B showed the differentially expressed 
genes in each cluster. Figure 1C showed genes that could re-
flect some of the cell lineage features in different clusters. In 
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Figure  1D, the spatial distribution of 22 clusters in various 
cells was visualised in uniform manifold approximation and 
projection (UMAP). Based on the specific lineage genes, man-
ual annotations were completed. From Figure 1E, the distri-
butions of different markers were shown. In Figure 1F, results 
of manual annotations were displayed. The 0, 1, 5, 9, 18, and 
19 clusters were annotated as myeloid cells. The 2 cluster was 
annotated as a CD8T cell. The 3, 8, 11, and 12 clusters were 
annotated as osteosarcoma cells. The 4 cluster was annotated 
as a T cell. The 6 cluster was annotated as an exhausted CD8 
T cell. The 7 cluster was annotated as CAFs. The 10 cluster 
was annotated as an exhausted T cell. The 13 cluster was an-
notated as a NK cell. The 14 cluster was annotated as a plasma 
cell. The 15 cluster was annotated as a proliferative CD8 T 
cell. The 16 cluster was annotated as an endothelial cell. The 
17 cluster was annotated as osteoclast. The 20 cluster was an-
notated as a B cell. The 21 cluster was annotated as a mast cell.

3.2   |   The Landscape of Cell Subpopulations 
and Potential Mechanisms Analysed at 
the Single-Cell Level

From the GEO database, a single-cell dataset containing six 
osteosarcoma patients and 46,544 cells to dissect the TME 
profiles. Figure  2A showed the average number and pro-
portion of the 14 different cells (myeloid cells, CD8T cells, 
osteosarcoma cells, T cells, exhausted CD8 T cells, CAFs, 
exhausted T cells, NK cells, plasma cells, proliferative CD8 
T cells, endothelial cell, osteoclasts, B cells, mast cell) in six 
osteosarcoma patients (named as OS1, OS2, OS3, OS4, OS5, 
and OS6). Figure 2B showed the score of the hallmark gene 
set in the 14 cells singly. Figure  2C reflected the UMAP of 
the distribution of the proliferative gene set in the 14 cells. 
The heatmap displayed PROGENy scores of the 14 cells in 13 
various types of signalling pathways (Figure  2D). The PI3K 

FIGURE 1    |    Profiles of cells in the tumour microenvironment of osteosarcoma at the single-cell level. A clustering tree described the optimal res-
olution as 0.6 (A). Differentially expressed genes in 22 clusters (B). Lineage-specific gene expression visualisations in 22 clusters (C). Umap showing 
the spatial distributions of 22 clusters (D). Marker gene expressions in different clusters (E). Umap reflecting spatial distributions of different cell 
types in 22 clusters (F).
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FIGURE 2    |     Legend on next page.
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signalling pathway was activated in most of the 14 cells. P53 
and VEGF signalling pathways were activated in osteoclast 
(OC) cells. TGFb and Oestrogen pathways were activated in 
CAFs. The another heatmap showed the transcription factor 
activity of eight TFs in the 14 cells (Figure 2E), showing the 
cell-specificity of eight TFs. The activity of SMAD3, NFIC, 
and SRF in CAFs was relatively higher compared to other 
cells. Figure 2F,G counted overall conception of cell–cell com-
munication networks. The upper circle diagram showed the 
numbers of interactions between different cell populations. 
The nether circle diagram showed the strength (probability) 
of cell–cell interactions. The bubble diagram visualised the 
overall view of multiple ligand-receptor interactions between 
different cells (Figure 2H). The MIF signalling pathway may 
contribute much to cell–cell interactions.

3.3   |   Further Interpretation of the Complicated 
Cell–Cell Interaction Networks From Various Angles

First of all, the scatter diagram (Figure 3A) showed that CAFs 
had the strongest interaction strength in both the incoming 
and outgoing interactions among all 14 clusters. To explore 
the potential factor that may stimulate OS cells, the bubble 
gram showed that the CAFs-OS pair had the highest regula-
tion probability in all five signalling pathways (Figure  3B). 
Figure  3C showed the regulating differences of all ligand-
receptor pairs in various signalling pathways. The MIF and 
MDK (MK) signalling pathways were the relatively important 
ones. Next, in Figure 3D,F, the heatmaps showed the impor-
tance of the 14 cell subgroups respectively as sender, receiver, 
mediator, or influencer in MIF and MK signalling pathway 
networks. The upper one could tell myeloid cells were the 
most important cell type in all four roles. And CAFs were 
very important as senders and influencers. The bottom map 
showed that CAFs had the predominance as all four roles in 
MK signalling pathway network. Again, the importance of 
CAFs was emphasised. In hierarchy plot (Figure  3E,G), the 
ligand-receptor pairs that contributed most to the MIF and 
MK signalling pathways were shown. It could be observed 
that CAFs acted as a vital role as a sender or receiver in both 
signalling pathways.

In addition, we utilised a function “selectK” to infer the number of 
outgoing and incoming signalling patterns based on the two met-
rics Cophenetic and Silhouette that have been implemented in the 
“NMF” R package. From Figure 3H,K, the point that Cophenetic 
and Silhouette values both acted well was selected (K = 7). Two 
river plots (Figure  3I,L) showed outgoing communication pat-
terns of secreting cells and incoming communication patterns of 
target cells. Two scatter plots displayed outgoing communication 

patterns of secreting cells and incoming communication patterns 
of target cells in a different way (Figure 3J,M).

3.4   |   CAFs May Contribute to the Oncogenic 
Characteristics of Sarcomas Through the MIF-CD74 
Signalling Axis

The results demonstrated that MIF was dysregulated in the 
majority of tumours (Figure S1A). Similarly, MIF was highly 
expressed in sarcomas like in other tumours (Figure  S1B). 
MIF interacted with CD74 (Figure  S1C). In the TCGA data-
base, there was no significant difference in survival between 
the high MIF expression and low CAFs infiltration group 
and the low MIF expression and low CAFs infiltration group. 
However, the presence of both high CAFs infiltration and 
high MIF expression was associated with poorer survival than 
high CAFs infiltration alone, indicating a biological connec-
tion between them (Figure S1D,E). In the GSE21050 dataset, 
the group with both high CD74 and MIF expressions had the 
worst prognosis, suggesting the potential of a pro-oncogenic 
signalling axis involving CD74 and MIF (Figure  S1F,G). 
GSEA results indicated that numerous pathways related to 
inflammation, metabolism, and environmental information 
processing were enriched in the high CD74 expression group 
(Figure  S1H). Besides, CD74 was primarily associated with 
pro-inflammatory and metastatic features (Figure  S1I,J). In 
Figure S2, the oncogenic characteristics of CD74 were evalu-
ated, and all results were highly consistent, suggesting CAFs 
may promote sarcoma oncogenesis via the MIF-CD74 signal-
ling axis.

3.5   |   The 11-CAF Signature Possessed Satisfying 
Predictive Power of the Prognosis in Osteosarcoma 
Patients

Using the univariate Cox analysis, 14 prognosis-related 
CAF-related genes (CAFRGs) were identified (Figure  4A). 
Conducting the Lasso-Cox analysis, 11 key CAFRGs were 
chosen to constitute a novel prognostic signature, and their 
coefficient values were shown (Figure 4B,C). To estimate the 
accuracy and reliability of the signature, KM curves, ROC 
curves, and calibration curves were plotted. In the training 
set TARGET, the survival of the low-risk group was better 
than that of the high-risk group (Figure 4D). In Figure 4E, the 
area under curve (AUCs) values of 1-, 3-, and 5-year survival 
predicted by the signature were 0.844, 0.858, and 0.838, re-
spectively, showing the signature was stable and dependable. 
The calibration curve showed that the forecasted survival 
was consistent with the observed value, which affirmed the 

FIGURE 2    |    Profiles of potential mechanism analyses at the single-cell level. Bar charts showing the average number and proportion of 14 various 
cell types in six OS patients from the single-cell dataset (A). The heatmap showing the scores of different hallmark gene sets in different cells (B). 
Umap exhibiting the spatial distributions of a defined-proliferous gene set in different cell populations (C). The heatmap comparing the PROGENy 
scores of cells in different signalling pathways (D). The eight transcription factors' activity differences in various cells (E). Cell–cell interaction net-
works between multiple main cell types based on interaction numbers and strength (F, G). An overall view of ligand-receptor interactions in different 
cells (H).
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FIGURE 3    |     Legend on next page.
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signature's predictive power (Figure  4F). The same valida-
tions were conducted on the validation dataset GSE21257 
(Figure 4G–I). Similar results were observed. Therefore, the 
new prognosis signature was verified as a robust and credi-
ble tool for predicting the clinical outcomes of osteosarcoma 

patients. Three external validation datasets were enrolled and 
the results consistently showed that the low-risk group has 
better survival outcomes. Five independent datasets were in-
cluded to validate the robustness of the signature (Figure S3). 
As shown in Figure  S4A, three variables—gender, age, and 

FIGURE 3    |    CAFs play as a key regulator in OS progression. Scatter plots indicating CAFs as the strongest factor in both outgoing and incoming 
interactions (A). Bubble diagrams indicating CAFs as important factor in five signalling pathways (B). The MIF and MK signalling pathways were 
identified as relatively important pathways (C). Heatmaps showing the roles of main types of cells in the MIF and MK signalling pathways (D, F). 
The hierarchy plot of MIF signalling pathway in OS (E). The MK signalling pathway network in OS (G). NMF curves showing the optimal cluster 
numbers in outgoing and incoming interactions (H, K). River plots (I, L) and scatter plots (J, M) showing the interaction patterns of different cells in 
various patterns.

FIGURE 4    |    Construction and evaluation of a CAF-related prognostic signature. Univariate Cox regression analysis revealed 14 prognostic CAF 
genes in OS (A). Partial likelihood deviance of variables revealed by the Lasso regression model (B). Coefficient values of each signature gene (C). 
KM, ROC, and calibration curves indicating the accuracy and robustness of the signature in both training and validation datasets (D–I).
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the presence of metastasis were applied in the training cohort, 
and the multivariate Cox analysis was conducted to construct 
a nomogram. To assess the nomogram's robustness in predict-
ing 1-, 3-, and 5-year patient survival rates, we utilised three 
parameters from the “timeROC” R package (Figure S4B–D). 
The results showed enhanced predictive performance of the 
model after incorporating clinical characteristics, with con-
sistent evaluation parameters. Furthermore, we assessed 
whether the model could benefit patients using the “ggDCA” 
R package (Figure S4E). In terms of short-term survival pre-
diction, the nomogram could offer greater benefits to patients 
compared to other models. However, when it comes to long-
term survival prediction, the original model proves to be 
the most effective approach. Results showed no significant 
differences in risk scores between adults and children or be-
tween genders, but a significant difference was observed be-
tween patients with and without metastasis (Figure S5A–C). 
External validation confirmed these findings (Figure S5D–F). 
Consistent with prior research, CAFs play a crucial role in the 
tumour microenvironment, promoting tumour progression. 
The significant risk score difference between the metastasis 
and non-metastasis groups in our study supports the accuracy 
of the CAF prognostic model.

3.6   |   Differential Pathways in 
the High- and Low-Risk Group

Bar charts showed GSEA results (Figure  5A). Genes in the 
high- and low-risk were enriched in differential pathways. 
For example, KEGG_CYTOKINE_CYTOKINE_RECEPTOR 
INTERACTION, REACTOME_IMMUNOREGULATORY_
I N T E R A C T I O N S _ B E T W E E N _ A _ L Y M P H O I D _
A N D _ A _ N O N _ L Y M P H O I D _ C E L L , 
GOBP_REGULATION_OF_LYMPHOCYTE_ACTIVATION, 
G O B P_ L E U K O C Y T E _ M E D I A T E D _ I M M U N I T Y , 
G OB P_ AC C T I VAT ION _ OF_ I M M U N E _ R E S P ON S E , 
GOCC_IMMUNOGLOBULIN_COMPLEX, GOMF_ANTIGEN_
BINDING, HP_AUTOIMMUNITY, inflammation, and 
HALLMARK_INTERFERON_GAMMA_RESPONSE and some 
other immune-related gene sets were observed more in the low-
risk group, which helped explain why the low-risk group had bet-
ter clinical outcomes. The heatmap visualised the gene network 
and displayed the TOM for all genes (Figure 5B). Totally, 11 gene 
modules were identified because they had close relations with risk 
grouping (Figure 5C). The brown module was considered to be the 
most significant one to the high-risk group. Next, Gene Ontology 
(GO) and KEGG analysis were conducted to verify the GSEA 

FIGURE 5    |    Potential risk mechanism exploration. Bar charts showing GSEA results (A). WGCNA methods providing a dendrogram with co-
loured bands indicated different modules (B). The brown module was significantly related to higher risk scores (C). GO and KEGG results of the 
genes from the brown module (D, E).
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results. Figure 5D,E showed the pathways that genes in the brown 
modules were mainly enriched.

3.7   |   More Immune Infiltration Was Observed in 
the Low-Risk Group

To describe the immune infiltration landscape between the 
high- and low-risk groups, eight various software were applied. 
Contents of different immune cells were compared between the 
high- and low-risk groups using the Wilcoxon rank sum test. 
Figure 6A showed that the low-risk group was infiltrated with 
more immune cells. For example, the MCPcounter approach 
showed that T cells and B cells were expressed more in the low-
risk group. EPIC showed that CAFs were expressed more in the 
low-risk group. Then, Spearman correlation analysis was con-
ducted and provided similar results. Figure 6B showed that risk 
scores were significantly negatively related to the vast majority of 
immune cells. The concentration of T cells was negatively cor-
related with risk scores according to the analytic results of xCell, 
TIMER, quantiseq, MCPcounter, and CIBERSORT. The concen-
tration of B cells was negatively correlated with risk scores ac-
cording to the analytic results of xCell, quantiseq, MCPcounter, 
and EPIC. The concentration of CAFs was negatively correlated 
with risk scores according to the analytic result of EPIC.

3.8   |   The Low-Risk Group Was More Likely to 
Respond to Immunotherapy and Chemotherapy

To verify differential expression levels of some known immu-
notherapy biomarkers between the high- and low-risk groups, a 
differential analysis was conducted. Figure 7A showed that TLS, 
Tcell_inflamed, Davoli_IS, Cytolytic activity (CYT), Ayers_
expIS were expressed more in the low-risk group (p < 0.05). On 
the contrary, chemokines were expressed more in the high-
risk group (p = 0.027). Moreover, IC50 values of midostaurin, 
JNK.Inhibitor.VII, and GSK269962A were positively correlated 
with risk scores. And the SB590885 IC50 value was negatively 
related to risk scores (Figure 7B). All results demonstrated that 
the low-risk group patients were more suitable to be treated with 
immunotherapy and chemotherapy.

4   |   Discussion

Osteosarcoma (OS) is a tumour of mesenchymal origin [53], 
mainly affecting children and young adults [54]. With a high 
propensity for invasion and metastasis, OS is known as a highly 
malignant disease. Therefore, finding effective treatments for 
OS is of great significance in improving patients' quality of life 
and long-term prognosis.

FIGURE 6    |    Immune infiltration landscape. Differential immune infiltrating cell numbers between the high- and low-risk group (A). The correla-
tions between immune cells and risk scores (B).
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Along with the development of modern medicine, the man-
agement of OS has been diversified. Multi-therapies have been 
introduced. For example, the basis is the timely use of surgical 
resection and neo-adjuvant and adjuvant chemotherapy, but ra-
diotherapy is not efficient due to the high radioresistance in os-
teosarcomas [2]. Even though the good combination of surgery 
and chemotherapy has greatly improved the clinical outcomes 
of OS patients to some extent, it is inadequate and unsatisfac-
tory for metastatic or recurrent OS patients. Immunotherapy 
has been proven to be a promising way to treat cancers for it 
could enhance the prognosis of cancer patients. Suffering from 
a lack of robust biomarkers to screen out individuals who are 
suitable to accept immunotherapy and to make a personalised 
medication regimen, the effect of immunotherapy has been 
highly restricted. Hence, the aim of this study was to build a 
novel prognostic signature as to provide a potential biomarker 
for the treatment protocol making and prognosis predicting.

First of all, we processed the raw data and classified all cells into 
22 clusters using the scRNA-seq technology to explore the im-
mune heterogeneity of OS cells and dissect the precise cellular 
compositions in the TME of OS. The 22 clusters were annotated 
manually to 14 different kinds of cell subpopulations. The in-
dispensable role of CAFs has been highlighted then. The cross-
talk between tumour cells and stromal cells in the TME has 
been considered a vital interaction that contributes to tumour 

initiation and progression. CAFs, consisting of more than 50% 
of all stromal cells, are a key component in the TME of cancers, 
providing a favourable environment for tumour cell growth [55]. 
The abundance of CAFs has been confirmed to be related to 
prognosis among different human cancers, and consequently, 
CAFs have also been regarded as a therapy target that can mod-
ulate the efficacy of therapies and influence the clinical out-
comes of patients [56]. With the aid of the “cellchat” R package, 
the signalling ligand–receptor interactions were analysed and 
visualised. We revealed the intercellular link and CAFs were 
validated as having a multidimensional role in both the outgoing 
and incoming signalling pathways of OS proliferation.

Using the Univariate Cox regression analysis, there were 14 CAF-
related genes (CAFRGs) (COL5A2, IGFBP4, MMP2, SERPINH1, 
CPE, IBSP, OLFML2B, C1R, OLFML3, TPM1, MDK, DCN, 
CNN3, CFH) related to the prognosis of OS obtained. After that, 
the Lasso-Cox regression analysis was conducted to determine 
11 hub CAFRGs (COL5A2, SERPINH1, CPE, OLFML2B, C1R, 
OLFML3, TPM1, MDK, DCN, CNN3, CFH). Some of these genes 
have already been explored to have varying degrees of impact 
on the biological processes of OS cells. For example, COL5A2 
has been reported to inhibit the TGF-β and Wnt/β-Catenin 
Signalling Pathways to prohibit the invasion and metastasis 
of OS [57]. COL5A2 may be associated with the aggressiveness 
and metastasis of osteosarcoma, affecting immune cells in the 

FIGURE 7    |    Application of the signature in guiding treatments. Differential expression levels of eight traditional biomarkers for immunotherapy 
in OS between the high- and low-risk group (A). Correlations between IC50 values of four kinds of chemotherapy drugs and risk scores (B).
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tumour microenvironment [58]. Besides, the expression of TPM1 
may be related to the aggressiveness of the tumour and the reg-
ulation of the immune microenvironment, which may affect the 
immune surveillance of human oral squamous cell carcinoma 
[59]. Jiang et  al. [60] have demonstrated that MiR-107 overex-
pression promoted OS cell viability and migration/invasion via 
downregulation of TPM1. In addition, DCN coating on titanium 
surface simultaneously inhibited the oncogenic potential of os-
teosarcoma cells but enhanced cell growth of pre-osteoblasts 
[61]. CPE is a key regulator of growth and metastasis in mul-
tiple cancer types [62], and in OS CPE promotes migration, in-
vasiveness, and epithelial-mesenchymal transition of OS cells 
via the Wnt-β-catenin pathway [63]. Hence, silencing CPE was 
testified to be favourable for OS growth [64]. SERPINH1 has 
been validated to function as a tumorigenic and immunogenic 
gene [65]. Xia et al. [66] demonstrated that SERPINH1 promoted 
the proliferation, migration and invasion of osteosarcoma cells 
and promoted the growth of osteosarcoma in  vivo by activat-
ing the PI3K-Akt signalling pathway. Also, CNN3 has been re-
garded as a risk factor in OS cells, that is, CNN3 may play an 
oncogenic role during the progression of osteosarcoma by acti-
vating the ERK1/2 and p38 pathways [67]. Next, based on these 
11 genes, we used the formula “risk score = (β1*CAFRG1 + β2*-
CAFRG2 + β3*CAFRG3 + ⋯ + βn*CAFRGn)”. β referred to the 
coefficient values of CAFRGs [29, 30]. The median value of risk 
score was seen as a cut-off to divide all OS patients into either 
the high- or low-risk group. The TARGET dataset and GSE21257 
were used as the training set and validation set. KM survival 
analysis, ROC curves, and calibration curves were conducted on 
the two sets. Similar results were obtained to show that, based 
on the prognosis signature, patients in the low-risk group would 
have better clinical outcomes. The accuracy and robustness of 
the signature were confirmed accordingly. From the GSEA and 
WGCNA results, we observed that more immune-related gene 
sets were enriched in the low-risk group. Using eight different 
approaches, we identified that the low-risk group was infiltrated 
with more immune cells. Moreover, the differential analysis and 
correlation analysis showed that the low-risk group patients 
were more suitable to accept immunotherapy and chemother-
apy, which explained why the low-risk group could live longer. 
All results again proved that the signature was reliable.

Nevertheless, several limitations should be acknowledged. First, 
all data were downloaded from public databases, making sure 
that the CAF clusters and CAF-based risk signatures were gen-
erated using retrospective data. Also, we lacked treatment and 
relapse records. Therefore, in the future, our conclusions should 
be validated experimentally. Secondly, we only investigated the 
potential prognostic value of the CAF-related risk signature. 
Therefore, further studies are needed to explore and define the 
underlying mechanisms of the signature in the development 
of OS.

5   |   Conclusion

Taken together, the CAFRGs have been illustrated to have great 
impacts on OS, and an 11-gene prognostic signature was pro-
posed to predict the prognosis in patients with OS.

Author Contributions

Yukang Que: conceptualization (lead), data curation (lead), formal 
analysis (lead), writing – original draft (lead). Tianming Ding: formal 
analysis (supporting), validation (supporting). Huming Wang: data 
curation (supporting), formal analysis (supporting), funding acquisi-
tion (supporting). Shenglin Xu: investigation (supporting), methodol-
ogy (supporting), visualization (supporting). Peng He: formal analysis 
(supporting), funding acquisition (supporting), visualization (support-
ing). Qiling Shen: data curation (supporting), project administration 
(supporting). Kun Cao: resources (supporting), validation (support-
ing). Yang Luo: formal analysis (supporting), methodology (support-
ing), visualization (supporting). Yong Hu: funding acquisition (lead), 
project administration (equal).

Acknowledgements

The authors thank the anonymous reviewers for their valuable remarks.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data that support the findings of this study are available from the 
corresponding author upon reasonable request.

References

1. E. Simpson and H. L. Brown, “Understanding Osteosarcomas,” 
JAAPA 31, no. 8 (2018): 15–19, https://​doi.​org/​10.​1097/​01.​JAA.​00005​
41477.​24116.​8d.

2. A. Biazzo and M. De Paolis, “Multidisciplinary Approach to Osteo-
sarcoma,” Acta Orthopaedica Belgica 82, no. 4 (2016): 690–698.

3. H. C. Beird, S. S. Bielack, A. M. Flanagan, et al., “Osteosarcoma,” Na-
ture Reviews Disease Primers 8, no. 1 (2022): 77, https://​doi.​org/​10.​1038/​
s4157​2-​022-​00409​-​y.

4. “Osteosarcoma,” Nature Reviews. Disease Primers 8, no. 1 (2022): 76, 
https://​doi.​org/​10.​1038/​s4157​2-​022-​00411​-​4.

5. Y. Xiao and D. Yu, “Tumor Microenvironment as a Therapeutic 
Target in Cancer,” Pharmacology & Therapeutics 221 (2021): 107753, 
https://​doi.​org/​10.​1016/j.​pharm​thera.​2020.​107753.

6. D. C. Hinshaw and L. A. Shevde, “The Tumor Microenvironment 
Innately Modulates Cancer Progression,” Cancer Research 79, no. 18 
(2019): 4557–4566, https://​doi.​org/​10.​1158/​0008-​5472.​CAN-​18-​3962.

7. A. Zhang, K. Miao, H. Sun, and C. X. Deng, “Tumor Heterogeneity 
Reshapes the Tumor Microenvironment to Influence Drug Resistance,” 
International Journal of Biological Sciences 18, no. 7 (2022): 3019–3033, 
https://​doi.​org/​10.​7150/​ijbs.​72534​.

8. T. Wu and Y. Dai, “Tumor Microenvironment and Therapeutic Re-
sponse,” Cancer Letters 387 (2017): 61–68, https://​doi.​org/​10.​1016/j.​can-
let.​2016.​01.​043.

9. M. Jarosz-Biej, R. Smolarczyk, T. Cichoń, and N. Kułach, “Tumor Mi-
croenvironment as A ‘Game Changer’ in Cancer Radiotherapy,” Inter-
national Journal of Molecular Sciences 20, no. 13 (2019): 3212, https://​
doi.​org/​10.​3390/​ijms2​0133212.

10. J. M. Pitt, A. Marabelle, A. Eggermont, J. C. Soria, G. Kroemer, 
and L. Zitvogel, “Targeting the Tumor Microenvironment: Removing 
Obstruction to Anticancer Immune Responses and Immunotherapy,” 
Annals of Oncology 27, no. 8 (2016): 1482–1492, https://​doi.​org/​10.​1093/​
annonc/​mdw168.

https://doi.org/10.1097/01.JAA.0000541477.24116.8d
https://doi.org/10.1097/01.JAA.0000541477.24116.8d
https://doi.org/10.1038/s41572-022-00409-y
https://doi.org/10.1038/s41572-022-00409-y
https://doi.org/10.1038/s41572-022-00411-4
https://doi.org/10.1016/j.pharmthera.2020.107753
https://doi.org/10.1158/0008-5472.CAN-18-3962
https://doi.org/10.7150/ijbs.72534
https://doi.org/10.1016/j.canlet.2016.01.043
https://doi.org/10.1016/j.canlet.2016.01.043
https://doi.org/10.3390/ijms20133212
https://doi.org/10.3390/ijms20133212
https://doi.org/10.1093/annonc/mdw168
https://doi.org/10.1093/annonc/mdw168


14 of 15 Journal of Cellular and Molecular Medicine, 2025

11. E. Sahai, I. Astsaturov, E. Cukierman, et al., “A Framework for Ad-
vancing Our Understanding of Cancer-Associated Fibroblasts,” Nature 
Reviews. Cancer 20, no. 3 (2020): 174–186, https://​doi.​org/​10.​1038/​s4156​
8-​019-​0238-​1.

12. Z. Liao, Z. W. Tan, P. Zhu, and N. S. Tan, “Cancer-Associated Fi-
broblasts in Tumor Microenvironment—Accomplices in Tumor Ma-
lignancy,” Cellular Immunology 343 (2019): 103729, https://​doi.​org/​10.​
1016/j.​celli​mm.​2017.​12.​003.

13. L. Liu, L. Liu, H. H. Yao, Z. Q. Zhu, Z. L. Ning, and Q. Huang, “Stro-
mal Myofibroblasts Are Associated With Poor Prognosis in Solid Can-
cers: A Meta-Analysis of Published Studies,” PLoS One 11, no. 7 (2016): 
e0159947, https://​doi.​org/​10.​1371/​journ​al.​pone.​0159947.

14. Y. Chen, K. M. McAndrews, and R. Kalluri, “Clinical and Therapeu-
tic Relevance of Cancer-Associated Fibroblasts,” Nature Reviews. Clin-
ical Oncology 18, no. 12 (2021): 792–804, https://​doi.​org/​10.​1038/​s4157​
1-​021-​00546​-​5.

15. G. Chen, B. Ning, and T. Shi, “Single-Cell RNA-Seq Technologies 
and Related Computational Data Analysis,” Frontiers in Genetics 10 
(2019): 317, https://​doi.​org/​10.​3389/​fgene.​2019.​00317​.

16. Q. Song and L. Liu, “Single-Cell RNA-Seq Technologies and Com-
putational Analysis Tools: Application in Cancer Research,” Methods 
in Molecular Biology 2413 (2022): 245–255, https://​doi.​org/​10.​1007/​978-​
1-​0716-​1896-​7_​23.

17. D. Lavie, A. Ben-Shmuel, N. Erez, and R. Scherz-Shouval, “Cancer-
Associated Fibroblasts in the Single-Cell Era,” Nature Cancer 3, no. 7 
(2022): 793–807, https://​doi.​org/​10.​1038/​s4301​8-​022-​00411​-​z.

18. R. Kanzaki and K. Pietras, “Heterogeneity of Cancer-Associated Fi-
broblasts: Opportunities for Precision Medicine,” Cancer Science 111, 
no. 8 (2020): 2708–2717, https://​doi.​org/​10.​1111/​cas.​14537​.

19. Y. Liu, W. Feng, Y. Dai, et al., “Single-Cell Transcriptomics Reveals 
the Complexity of the Tumor Microenvironment of Treatment-Naive 
Osteosarcoma,” Frontiers in Oncology 11 (2021): 709210, https://​doi.​org/​
10.​3389/​fonc.​2021.​709210.

20. E. Rothzerg, W. Feng, D. Song, et  al., “Single-Cell Transcriptome 
Analysis Reveals Paraspeckles Expression in Osteosarcoma Tissues,” 
Cancer Informatics 21 (2022): 140101. Published 2022 Dec 5, https://​doi.​
org/​10.​1177/​11769​35122​1140101.

21. W. E. Johnson, C. Li, and A. Rabinovic, “Adjusting Batch Effects 
in Microarray Expression Data Using Empirical Bayes Methods,” Bio-
statistics 8, no. 1 (2007): 118–127, https://​doi.​org/​10.​1093/​biost​atist​ics/​
kxj037.

22. R. Satija, J. A. Farrell, D. Gennert, A. F. Schier, and A. Regev, “Spa-
tial Reconstruction of Single-Cell Gene Expression Data,” Nature Bio-
technology 33, no. 5 (2015): 495–502, https://​doi.​org/​10.​1038/​nbt.​3192.

23. Y. Hao, S. Hao, E. Andersen-Nissen, et  al., “Integrated Analysis 
of Multimodal Single-Cell Data,” Cell 184, no. 13 (2021): 3573–3587, 
https://​doi.​org/​10.​1016/j.​cell.​2021.​04.​048.

24. A. Liberzon, “A Description of the Molecular Signatures Database 
(MSigDB) web Site,” Methods in Molecular Biology 1150 (2014): 153–160, 
https://​doi.​org/​10.​1007/​978-​1-​4939-​0512-​6_​9.

25. A. Liberzon, C. Birger, H. Thorvaldsdóttir, M. Ghandi, J. P. Mesirov, 
and P. Tamayo, “The Molecular Signatures Database (MSigDB) Hall-
mark Gene Set Collection,” Cell Systems 1, no. 6 (2015): 417–425, https://​
doi.​org/​10.​1016/j.​cels.​2015.​12.​004.

26. M. Andreatta and S. J. Carmona, “UCell: Robust and Scalable 
Single-Cell Gene Signature Scoring,” Computational and Structural 
Biotechnology Journal 19 (2021): 3796–3798, https://​doi.​org/​10.​1016/j.​
csbj.​2021.​06.​043.

27. M. Schubert, B. Klinger, M. Klünemann, et  al., “Perturbation-
Response Genes Reveal Signaling Footprints in Cancer Gene Expres-
sion,” Nature Communications 9, no. 1 (2018): 20, https://​doi.​org/​10.​
1038/​s4146​7-​017-​02391​-​6.

28. S. Jin, C. F. Guerrero-Juarez, L. Zhang, et al., “Inference and Anal-
ysis of Cell-Cell Communication Using CellChat,” Nature Communica-
tions 12, no. 1 (2021): 1088, https://​doi.​org/​10.​1038/​s4146​7-​021-​21246​-​9.

29. J. Friedman, T. Hastie, and R. Tibshirani, “Regularization Paths for 
Generalized Linear Models via Coordinate Descent,” Journal of Statisti-
cal Software 33, no. 1 (2010): 1–22.

30. N. Simon, J. Friedman, T. Hastie, and R. Tibshirani, “Regularization 
Paths for Cox's Proportional Hazards Model via Coordinate Descent,” 
Journal of Statistical Software 39, no. 5 (2011): 1–13, https://​doi.​org/​10.​
18637/​​jss.​v039.​i05.

31. G. Yu, L. G. Wang, Y. Han, and Q. Y. He, “clusterProfiler: An R Pack-
age for Comparing Biological Themes Among Gene Clusters,” OMICS 
16, no. 5 (2012): 284–287, https://​doi.​org/​10.​1089/​omi.​2011.​0118.

32. T. Wu, E. Hu, S. Xu, et al., “clusterProfiler 4.0: A Universal Enrich-
ment Tool for Interpreting Omics Data,” Innovations 2, no. 3 (2021): 
100141, https://​doi.​org/​10.​1016/j.​xinn.​2021.​100141.

33. P. Langfelder and S. Horvath, “Fast R Functions for Robust Correla-
tions and Hierarchical Clustering,” Journal of Statistical Software 46, 
no. 11 (2012): i11.

34. A. Li and S. Horvath, “Network Module Detection: Affinity Search 
Technique With the Multi-Node Topological Overlap Measure,” BMC 
Research Notes 2 (2009): 142, https://​doi.​org/​10.​1186/​1756-​0500-​2-​142.

35. P. Langfelder, B. Zhang, and S. Horvath, “Defining Clusters From a 
Hierarchical Cluster Tree: The Dynamic Tree Cut Package for R,” Bioin-
formatics 24, no. 5 (2008): 719–720, https://​doi.​org/​10.​1093/​bioin​forma​
tics/​btm563.

36. M. Kanehisa and S. Goto, “KEGG: Kyoto Encyclopedia of Genes and 
Genomes,” Nucleic Acids Research 28, no. 1 (2000): 27–30, https://​doi.​
org/​10.​1093/​nar/​28.1.​27.

37. M. Kanehisa, M. Furumichi, M. Tanabe, Y. Sato, and K. Morishima, 
“KEGG: New Perspectives on Genomes, Pathways, Diseases and 
Drugs,” Nucleic Acids Research 45, no. D1 (2017): D353–D361, https://​
doi.​org/​10.​1093/​nar/​gkw1092.

38. D. Aran, Z. Hu, and A. J. Butte, “xCell: Digitally Portraying the Tis-
sue Cellular Heterogeneity Landscape,” Genome Biology 18, no. 1 (2017): 
220, https://​doi.​org/​10.​1186/​s1305​9-​017-​1349-​1.

39. T. Li, J. Fan, B. Wang, et al., “TIMER: A Web Server for Comprehensive 
Analysis of Tumor-Infiltrating Immune Cells,” Cancer Research 77, no. 21 
(2017): e108–e110, https://​doi.​org/​10.​1158/​0008-​5472.​CAN-​17-​0307.

40. T. Li, J. Fu, Z. Zeng, et  al., “TIMER2.0 for Analysis of Tumor-
Infiltrating Immune Cells,” Nucleic Acids Research 48, no. W1 (2020): 
W509–W514, https://​doi.​org/​10.​1093/​nar/​gkaa407.

41. F. Finotello, C. Mayer, C. Plattner, et al., “Molecular and Pharma-
cological Modulators of the Tumor Immune Contexture Revealed by 
Deconvolution of RNA-Seq Data,” Genome Medicine 11, no. 1 (2019): 34, 
https://​doi.​org/​10.​1186/​s1307​3-​019-​0638-​6.

42. E. Becht, N. A. Giraldo, L. Lacroix, et al., “Estimating the Popula-
tion Abundance of Tissue-Infiltrating Immune and Stromal Cell Pop-
ulations Using Gene Expression,” Genome Biology 17, no. 1 (2016): 218, 
https://​doi.​org/​10.​1186/​s1305​9-​016-​1070-​5.

43. K. Yoshihara, M. Shahmoradgoli, E. Martínez, et al., “Inferring Tu-
mour Purity and Stromal and Immune Cell Admixture From Expres-
sion Data,” Nature Communications 4 (2013): 3612, https://​doi.​org/​10.​
1038/​ncomm​s3612​.

44. C. M. van Veldhoven, A. E. Khan, B. Teucher, et al., “Physical Activ-
ity and Lymphoid Neoplasms in the European Prospective Investigation 
Into Cancer and Nutrition (EPIC),” European Journal of Cancer 47, no. 5 
(2011): 748–760, https://​doi.​org/​10.​1016/j.​ejca.​2010.​11.​010.

45. A. M. Newman, C. L. Liu, M. R. Green, et al., “Robust Enumeration 
of Cell Subsets From Tissue Expression Profiles,” Nature Methods 12, 
no. 5 (2015): 453–457, https://​doi.​org/​10.​1038/​nmeth.​3337.

https://doi.org/10.1038/s41568-019-0238-1
https://doi.org/10.1038/s41568-019-0238-1
https://doi.org/10.1016/j.cellimm.2017.12.003
https://doi.org/10.1016/j.cellimm.2017.12.003
https://doi.org/10.1371/journal.pone.0159947
https://doi.org/10.1038/s41571-021-00546-5
https://doi.org/10.1038/s41571-021-00546-5
https://doi.org/10.3389/fgene.2019.00317
https://doi.org/10.1007/978-1-0716-1896-7_23
https://doi.org/10.1007/978-1-0716-1896-7_23
https://doi.org/10.1038/s43018-022-00411-z
https://doi.org/10.1111/cas.14537
https://doi.org/10.3389/fonc.2021.709210
https://doi.org/10.3389/fonc.2021.709210
https://doi.org/10.1177/11769351221140101
https://doi.org/10.1177/11769351221140101
https://doi.org/10.1093/biostatistics/kxj037
https://doi.org/10.1093/biostatistics/kxj037
https://doi.org/10.1038/nbt.3192
https://doi.org/10.1016/j.cell.2021.04.048
https://doi.org/10.1007/978-1-4939-0512-6_9
https://doi.org/10.1016/j.cels.2015.12.004
https://doi.org/10.1016/j.cels.2015.12.004
https://doi.org/10.1016/j.csbj.2021.06.043
https://doi.org/10.1016/j.csbj.2021.06.043
https://doi.org/10.1038/s41467-017-02391-6
https://doi.org/10.1038/s41467-017-02391-6
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.18637/jss.v039.i05
https://doi.org/10.18637/jss.v039.i05
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1186/1756-0500-2-142
https://doi.org/10.1093/bioinformatics/btm563
https://doi.org/10.1093/bioinformatics/btm563
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1093/nar/gkw1092
https://doi.org/10.1093/nar/gkw1092
https://doi.org/10.1186/s13059-017-1349-1
https://doi.org/10.1158/0008-5472.CAN-17-0307
https://doi.org/10.1093/nar/gkaa407
https://doi.org/10.1186/s13073-019-0638-6
https://doi.org/10.1186/s13059-016-1070-5
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1016/j.ejca.2010.11.010
https://doi.org/10.1038/nmeth.3337


15 of 15

46. M. Ayers, J. Lunceford, M. Nebozhyn, et al., “IFN-γ-Related mRNA 
Profile Predicts Clinical Response to PD-1 Blockade,” Journal of Clini-
cal Investigation 127, no. 8 (2017): 2930–2940, https://​doi.​org/​10.​1172/​
JCI91190.

47. R. Cabrita, M. Lauss, A. Sanna, et  al., “Tertiary Lymphoid Struc-
tures Improve Immunotherapy and Survival in Melanoma [Published 
Correction Appears in Nature. 2020 Apr;580(7801):E1],” Nature 577, no. 
7791 (2020): 561–565, https://​doi.​org/​10.​1038/​s4158​6-​019-​1914-​8.

48. W. Roh, P. L. Chen, A. Reuben, et al., “Integrated Molecular Analy-
sis of Tumor Biopsies on Sequential CTLA-4 and PD-1 Blockade Reveals 
Markers of Response and Resistance,” Science Translational Medicine 
9, no. 379 (2017): eaah3560, https://​doi.​org/​10.​1126/​scitr​anslm​ed.​
aah3560.

49. T. Davoli, H. Uno, E. C. Wooten, and S. J. Elledge, “Tumor Aneu-
ploidy Correlates With Markers of Immune Evasion and With Reduced 
Response to Immunotherapy,” Science 355, no. 6322 (2017): eaaf8399, 
https://​doi.​org/​10.​1126/​scien​ce.​aaf8399.

50. M. S. Rooney, S. A. Shukla, C. J. Wu, G. Getz, and N. Hacohen, 
“Molecular and Genetic Properties of Tumors Associated With Local 
Immune Cytolytic Activity,” Cell 160, no. 1–2 (2015): 48–61, https://​doi.​
org/​10.​1016/j.​cell.​2014.​12.​033.

51. J. L. Messina, D. A. Fenstermacher, S. Eschrich, et al., “12-Chemokine 
Gene Signature Identifies Lymph Node-Like Structures in Melanoma: 
Potential for Patient Selection for Immunotherapy?,” Scientific Reports 2 
(2012): 765, https://​doi.​org/​10.​1038/​srep0​0765.

52. W. Yang, J. Soares, P. Greninger, et al., “Genomics of Drug Sensitiv-
ity in Cancer (GDSC): A Resource for Therapeutic Biomarker Discovery 
in Cancer Cells,” Nucleic Acids Research 41 (2013): D955–D961, https://​
doi.​org/​10.​1093/​nar/​gks1111.

53. D. D. Moore and H. H. Luu, “Osteosarcoma,” Cancer Treatment 
and Research 162 (2014): 65–92, https://​doi.​org/​10.​1007/​978-​3-​319-​
07323​-​1_​4.

54. B. Moukengue, M. Lallier, L. Marchandet, et al., “Origin and Ther-
apies of Osteosarcoma,” Cancers (Basel) 14, no. 14 (2022): 3503, https://​
doi.​org/​10.​3390/​cance​rs141​43503​.

55. K. E. de Visser and J. A. Joyce, “The Evolving Tumor Microenviron-
ment: From Cancer Initiation to Metastatic Outgrowth,” Cancer Cell 41, 
no. 3 (2023): 374–403, https://​doi.​org/​10.​1016/j.​ccell.​2023.​02.​016.

56. D. Park, E. Sahai, and A. Rullan, “SnapShot: Cancer-Associated Fi-
broblasts,” Cell 181, no. 2 (2020): 486, https://​doi.​org/​10.​1016/j.​cell.​2020.​
03.​013.

57. Y. L. Han, D. Luo, K. Habaxi, et al., “COL5A2 Inhibits the TGF-β and 
Wnt/β-Catenin Signaling Pathways to Inhibit the Invasion and Metas-
tasis of Osteosarcoma,” Frontiers in Oncology 12 (2022): 813809, https://​
doi.​org/​10.​3389/​fonc.​2022.​813809.

58. M. Ritelli, C. Dordoni, M. Venturini, et al., “Clinical and Molecu-
lar Characterization of 40 Patients With Classic Ehlers-Danlos Syn-
drome: Identification of 18 COL5A1 and 2 COL5A2 Novel Mutations,” 
Orphanet Journal of Rare Diseases 8 (2013): 58, https://​doi.​org/​10.​1186/​
1750-​1172-​8-​58.

59. H. Pan, L. Gu, B. Liu, et  al., “Tropomyosin-1 Acts as a Potential 
Tumor Suppressor in Human Oral Squamous Cell Carcinoma,” PLoS 
One 12, no. 2 (2017): e0168900, https://​doi.​org/​10.​1371/​journ​al.​pone.​
0168900.

60. R. Jiang, C. Zhang, G. Liu, R. Gu, and H. Wu, “MicroRNA-107 Pro-
motes Proliferation, Migration, and Invasion of Osteosarcoma Cells by 
Targeting Tropomyosin 1,” Oncology Research 25, no. 8 (2017): 1409–
1419, https://​doi.​org/​10.​3727/​09650​4017X​14882​82907​7237.

61. D. Xiao, Y. Lu, L. Zhu, et  al., “Anti-Osteosarcoma Property of 
Decorin-Modified Titanium Surface: A Novel Strategy to Inhibit Onco-
genic Potential of Osteosarcoma Cells,” Biomedicine & Pharmacother-
apy 125 (2020): 110034, https://​doi.​org/​10.​1016/j.​biopha.​2020.​110034.

62. S. Hareendran, X. Yang, V. K. Sharma, and Y. P. Loh, “Carboxypepti-
dase E and Its Splice Variants: Key Regulators of Growth and Metastasis 
in Multiple Cancer Types,” Cancer Letters 548 (2022): 215882, https://​
doi.​org/​10.​1016/j.​canlet.​2022.​215882.

63. S. Fan, X. Gao, P. Chen, and X. Li, “Carboxypeptidase E-ΔN Pro-
motes Migration, Invasiveness, and Epithelial-Mesenchymal Transition 
of Human Osteosarcoma Cells via the Wnt-β-Catenin Pathway,” Bio-
chemistry and Cell Biology 97, no. 4 (2019): 446–453, https://​doi.​org/​10.​
1139/​bcb-​2018-​0236.

64. S. Fan, X. Li, L. Li, et al., “Silencing of Carboxypeptidase E Inhib-
its Cell Proliferation, Tumorigenicity, and Metastasis of Osteosarcoma 
Cells,” Oncotargets and Therapy 9 (2016): 2795–2803, https://​doi.​org/​10.​
2147/​OTT.​S98991.

65. G. Xia, S. Wu, K. Luo, and X. Cui, “By Using Machine Learning and 
In  Vitro Testing, SERPINH1 Functions as a Novel Tumorigenic and 
Immunogenic Gene and Predicts Immunotherapy Response in Osteo-
sarcoma,” Frontiers in Oncology 13 (2023): 1180191, https://​doi.​org/​10.​
3389/​fonc.​2023.​1180191.

66. K. Xia, X. Huang, Y. Zhao, I. Yang, and W. Guo, “SERPINH1 En-
hances the Malignancy of Osteosarcoma via PI3K-Akt Signaling Path-
way,” Translational Oncology 39 (2024): 101802, https://​doi.​org/​10.​
1016/j.​tranon.​2023.​101802.

67. F. Dai, F. Luo, R. Zhou, et al., “Calponin 3 Is Associated With Poor 
Prognosis and Regulates Proliferation and Metastasis in Osteosar-
coma,” Aging (Albany NY) 12, no. 14 (2020): 14037–14049, https://​doi.​
org/​10.​18632/​​aging.​103224.

Supporting Information

Additional supporting information can be found online in the 
Supporting Information section.

https://doi.org/10.1172/JCI91190
https://doi.org/10.1172/JCI91190
https://doi.org/10.1038/s41586-019-1914-8
https://doi.org/10.1126/scitranslmed.aah3560
https://doi.org/10.1126/scitranslmed.aah3560
https://doi.org/10.1126/science.aaf8399
https://doi.org/10.1016/j.cell.2014.12.033
https://doi.org/10.1016/j.cell.2014.12.033
https://doi.org/10.1038/srep00765
https://doi.org/10.1093/nar/gks1111
https://doi.org/10.1093/nar/gks1111
https://doi.org/10.1007/978-3-319-07323-1_4
https://doi.org/10.1007/978-3-319-07323-1_4
https://doi.org/10.3390/cancers14143503
https://doi.org/10.3390/cancers14143503
https://doi.org/10.1016/j.ccell.2023.02.016
https://doi.org/10.1016/j.cell.2020.03.013
https://doi.org/10.1016/j.cell.2020.03.013
https://doi.org/10.3389/fonc.2022.813809
https://doi.org/10.3389/fonc.2022.813809
https://doi.org/10.1186/1750-1172-8-58
https://doi.org/10.1186/1750-1172-8-58
https://doi.org/10.1371/journal.pone.0168900
https://doi.org/10.1371/journal.pone.0168900
https://doi.org/10.3727/096504017X14882829077237
https://doi.org/10.1016/j.biopha.2020.110034
https://doi.org/10.1016/j.canlet.2022.215882
https://doi.org/10.1016/j.canlet.2022.215882
https://doi.org/10.1139/bcb-2018-0236
https://doi.org/10.1139/bcb-2018-0236
https://doi.org/10.2147/OTT.S98991
https://doi.org/10.2147/OTT.S98991
https://doi.org/10.3389/fonc.2023.1180191
https://doi.org/10.3389/fonc.2023.1180191
https://doi.org/10.1016/j.tranon.2023.101802
https://doi.org/10.1016/j.tranon.2023.101802
https://doi.org/10.18632/aging.103224
https://doi.org/10.18632/aging.103224

	Prognostic and Therapeutic Significance of Cancer-Associated Fibroblasts Genes in Osteosarcoma Based on Bulk and Single-Cell RNA Sequencing Data
	ABSTRACT
	1   |   Introduction
	2   |   Materials and Methods
	2.1   |   Data Acquiring and Preprocessing
	2.2   |   Identifying Biomarkers of CAFs Based on the Single-Cell Dataset
	2.3   |   Performing Mechanism Analyzes at the Single-Cell Level
	2.4   |   Explaining Complex Intercellular Communication Networks
	2.5   |   Verifying That CAFs May Contribute to the Oncogenic Characteristics of Sarcomas Through the MIF-CD74 Signalling Axis
	2.6   |   Establishing the CAF-Related Signature
	2.7   |   Estimating the Accuracy of the CAF-Related Signature
	2.8   |   Excavating Potential Pathway Mechanisms in Osteosarcoma
	2.9   |   Describing the Immune Landscape of the TME in Osteosarcoma
	2.10   |   Analysing Drug Resistance and Predicting Immunotherapy Responses
	2.11   |   Statistical Analysis

	3   |   Results
	3.1   |   Screening out 96 CAF-Related Genes and Identifying 22 Clusters Annotated to 14 Cell Types
	3.2   |   The Landscape of Cell Subpopulations and Potential Mechanisms Analysed at the Single-Cell Level
	3.3   |   Further Interpretation of the Complicated Cell–Cell Interaction Networks From Various Angles
	3.4   |   CAFs May Contribute to the Oncogenic Characteristics of Sarcomas Through the MIF-CD74 Signalling Axis
	3.5   |   The 11-CAF Signature Possessed Satisfying Predictive Power of the Prognosis in Osteosarcoma Patients
	3.6   |   Differential Pathways in the High- and Low-Risk Group
	3.7   |   More Immune Infiltration Was Observed in the Low-Risk Group
	3.8   |   The Low-Risk Group Was More Likely to Respond to Immunotherapy and Chemotherapy

	4   |   Discussion
	5   |   Conclusion
	Author Contributions
	Acknowledgements
	Conflicts of Interest
	Data Availability Statement
	References


