
Page 1/25

Development And Validation of A Novel Hypoxia-
And Immune-Related Prognostic Signature For Bone
And Soft Tissue Sarcoma Patients
Zhehong Li 

A�liated Hospital of Chengde Medical College
Junqiang Wei 

A�liated Hospital of Chengde Medical College
Honghong Zheng 

A�liated Hospital of Chengde Medical College
Xintian Gan 

A�liated Hospital of Chengde Medical College
Mingze Song 

A�liated Hospital of Chengde Medical College
Yafang Zhang 

A�liated Hospital of Chengde Medical College
Haiying Cao 

A�liated Hospital of Chengde Medical College
Yu Jin  (  cdyxyjy@126.com )

A�liated Hospital of Chengde Medical College

Research Article

Keywords: hypoxia, immune, sarcoma, prognosis, biomarker

Posted Date: July 1st, 2021

DOI: https://doi.org/10.21203/rs.3.rs-639983/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-639983/v1
mailto:cdyxyjy@126.com
https://doi.org/10.21203/rs.3.rs-639983/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/25

Abstract
Background: Hypoxia- and immune-status play an essential role in tumorigenesis and tumor
development. This study sought to build a novel hypoxia- and immune-related signature to evaluate
sarcoma patients' prognosis.

Methods: Transcriptome data and clinicopathological characteristics of sarcoma patients were
downloaded from the TARGET database. We grouped patients with three clusters by using t-SNE. We
de�ned the three cluster as high-, medium-, and low-hypoxia clusters by K-M analysis and differential
expression of target genes associated with the HIF-1 signaling pathway. Then we used the "limma"
package to screen hypoxia-related differentially expressed genes (HRDEGs) in the high- and low-hypoxia
clusters. We immediately assessed the immune status by using the single sample Gene Set Enrichment
Analysis (ssGSEA) and divided the patients into high-, medium-, and low-immune clusters. Immune-
related DEGs (IRDEGs) were �ltered in the high- and low- immune groups. The intersection of HRDEGs
and IRDEGs screened overlapping genes. We used a combination of Cox regression analysis and LASSO
model to obtain prognosis-related genes and established a novel hypoxia- and immune-related prognostic
signature for sarcoma patients. Combining clinicopathological characteristics of sarcoma patients, we
evaluated the signature by univariate and multivariate Cox regression analysis. We further divided the
patients into high- and low-risk groups based on the novel signature. Finally, we evaluated the differences
in hypoxia status and the immune status in high- and low-risk groups.

Results: We identi�ed two genes associated with prognosis, CMA1 and IGDCC3. The novel Prognostic
signature could be used as an independent prognostic factor for sarcoma patients. We distinguished
patients more effectively by their different survival outcomes, immune cells' in�ltration status, and
immune-related markers.

Conclusion: The hypoxia- and immune-related prognostic signature can be used to stratify the risk of
sarcoma patients. Our study established a new prognostic signature and provides a potential prognostic
markers for hypoxia- and immune-related therapy.

Introduction
Sarcomas are highly heterogeneous malignant tumours of mesenchymal origin, with over 70 histological
subtypes [1] [2]. Sarcomas account for 1% of all malignancies in adults and approximately 15%-21% in
children [2] [3]. The �ve-year survival rate is 60–80% in sarcoma patients, but for patients with distant
metastases, their �ve-year survival drops to 20% [4] [5]. However, for most subtypes of sarcoma, the level
of knowledge about the molecular biology of their occurrence and progression remains limited [6].
Insu�cient awareness of the molecular mechanisms of sarcoma development often leads to a lack of
effective treatments, especially advanced sarcomas. Therefore, it is urgent to further analyze the novel
sarcoma’ molecular features and to provide new ideas for diagnosis and therapies.
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Hypoxia microenvironment often occurs in tumor, hypoxic foci are formed when the metabolism of tumor
cells is greater than the supply of oxygen [7] [8]. It has been reported that hypoxia can increase the
metastatic potential in sarcoma patients [9]. The 18-month progression-free survival (PFS) rate was 70%
for patients with median tumour oxygen pressure > 10 mm Hg, conversely, the PFS discounting 30% for
patients with median tumour oxygen pressure < 10 mm Hg [10]. Inadequate oxygen levels in the tumor
induce a series of downstream responses that lead to poor patient prognosis. On the other hand, the
immune system acts an extremely key role in the human anti-tumor mechanism [11]. Immune checkpoint
inhibitor (ICI) therapy, including monoclonal antibodies against programmed cell death protein-1/-ligand
1 (PD-1/PD-L1), and cytotoxic T lymphocyte-associated antigen-4 (CTLA-4) has made some signi�cant
progress in sarcoma patients [12] [13]. However, abudant local immune cell in�ltration can effectively
predicts sarcoma patients better sensitivity to ICI therapy [14] [15]. Recently, more and more researches
have shown a direct or indirect link between hypoxia and immune status in the sarcoma [16] [17] [18].
However, the speci�c underlying regulatory mechanism between the hypoxia and immune is unclear.

Therefore, we adopted the single sample Gene Set Enrichment Analysis (ssGSEA) and t-distributed
Stochastic Neighbor Embedding (t-SNE) to assess immune and hypoxia status, respectively. We then
screened out the intersection fraction of differential genes and constructed a new prognostic model by
systematic analysis combining clinicopathological features, immune cells' in�ltration status, and
immune-related markers, with the an aim of improving sarcoma patients’ prognosis.

Methods
Gene expression datasets collection

Gene expression datasets and corresponding clinical data for sarcoma patients were downloaded from
the Therapeutically Applicable Research To Generate Effective Treatments (TARGET) database
(https://ocg.cancer.gov/programs/target). The TARGET database is focused on pediatric tumors and is
designed to guide the development of effective, less toxic therapies by identifying data on molecular
changes in pediatric tumors. Sarcoma patients with complete follow-up data were included in our study
[19]. Clinicopathological characteristics included included age, gender, race, status of surgical margin and
distant metastatic status in the study .

Hypoxia-related differentially expressed genes (HRDEGs) and hypoxia status

We used t-SNE to differentiate patients' hypoxia-status [20]. t-SNE is a nonlinear dimensional reduction
algorithm, which downscales multidimensional data into two or three dimensions [21]. We downloaded
hypoxia-related genes (HRGs) set (hallmark gene sets, gene symbols) from the Gene Set Enrichment
Analysis (GSEA) database (http://www.gsea-msigdb.org/gsea/index.jsp). Based on HRGs, we grouped
the sarcoma patients by t-SNE analysis. Based on the results of t-SNE, we obtained different clusters and
the corresponding marker genes. Then we plotted the K-M curves for different clusters. Based on the
clustering and K-M analysis results, two clusters (the high- and the low-hypoxia groups) were selected to
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assess hypoxia status. To further evaluate these clusters' hypoxia status, we grouped marker genes into
the high- and the low-hypoxia groups through gene ontology (GO) signaling pathway analysis..
Meanwhile, we analyzed changes in the expression of two clusters of hypoxia inducible factor 1 (HIF-1)
signaling pathway-related target genes (27 genes in total, of which 15 genes increase oxygen delivery and
12 genes reduce oxygen consumption). These target genes were obtained from the Kyoto encyclopedia
of genes and genomes (KEGG) database (https://www. kegg. jp/; ID: 04066). Then we used the "limma"
package to select HRDEGs. The acquisition criteria for HRDEGs are log fold change (logFC) > 2 and p-
value < 0.001. GO and KEGG pathway analyses were performed for these HRDEGs.

Immune-related differentially expressed genes (IRDEGs) and immune status

We obtained 29 immune-related cells and types [22].We applied ssGSEA to analyze the transcriptome
database of sarcoma patients, to calculate sample ssGSEA scores, to quantify the level of enrichment of
immune cells and immune pathways [23]. Then we classi�ed patients into three immune clusters (high-,
medium-, and low-immune clusters) based on ssGSEA scores. Estimation of Stromal and Immune cells in
Malignant Tumor tissues using Expression (ESTIMATE) were used to validate the ssGSEA subgroup [24].
Calculation and analysis of ESTIMATE score, tumor-purity, immune-score and stromal score for three
immune clusters were performed by using the "ESTIMATE" package. Meanwhile, we used the "limma"
package to select IRDEGs between high- and low-immune clusters. The acquisition criteria for IRDEGs are
logFC > 1 and p-value < 0.05. GO and KEGG pathway analyses were performed for these IRDEGs.

Construction and validation of a novel hypoxia- and immune-related prognostic signature

The intersection genes of HRDEGs and IRDEGs were taken for the next step analysis. Prognosis-related
genes were derived by univariate-multivariate Cox regression analysis and LASSO regression analysis in
combination with survival data of sarcoma patients, and a novel hypoxia- and immune-related prognostic
model was developed. Patients were divided into high-and low-risk groups according to the best cut-off
point. The risk scoring formula is as follows:

coef (prognostic genei) and expr (prognostic genei) respectively represent the survival correlation
coe�cient and prognostic gene-expression of patients.

We combined the clinicopathological characteristics of the phases and assessed the performance of the
signature by Cox regression analysis. perating characteristic (ROC) curves at one-, three-, and �ve-years
were generated by "survival ROC" package. Sarcoma patients in the high- and low-risk groups were
analyzed by K-M analysis.

The relationship between prognostic signature and hypoxia and immunity
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The active status of signaling pathways in the high-risk and low-risk groups were determined by GSEA
software (GSEA 4.1.0, https://www. gsea-msigdb. org/gsea/index. jsp). GSEA was performed by the gene
sets "c2.cp.kegg.v7.2.symbols.gmt". Then, normalized enrichment score (NES) was calculated, and the
acquisition criteria for signi�cant were nominal p-value (NOM p-val) < 0.05 and false discovery rate q-
value (FDR q-val) < 0.25. The abundance of the six immune cell immune in�ltrates in various cancer types
were systematically analyzed by TIMER (Tumor Immune Estimation Resource,
https://cistrome.shinyapps.io/timer/) [25]. Then, we evaluated the relationship between the prognostic
signature and the six immune cell in�ltration by using the TIMER database. Cibersort is a tool for
deconvolution of the expression matrix of immune cell subtypes based on the principle of linear support
vector regression [26]. We used the Cibersort database to analyze the relationship between 22 immune
cells and the prognostic signature. At the same time, we further analyzed the relationship between ICI-
related biomarkers (CTLA-4, PD-1/PD-L1, and T-cell immunoglobulin mucin 3[TIM3]) and the prognostic
signature.

Statistical analyses

Statistical analysis was performed using R (i386 4.0.3, Download at https://www.r-project.org/). Unpaired
Student's t-test, the Wilcoxon rank-sum test, ANOVA, and the Kruskal-Wallis test were used for the
comparison of continuous variables. Qualitative variables were explored using Fisher's exact test or
Pearson chi-square test. Differences of p-value < 0.05 indicate statistical signi�cance unless otherwise
stated.

Results
Flowchart and patients 

A detailed work�ow is shown in Figure 1. A total of 259 sarcoma patients with complete follow-up data
were included in our study, The clinicopathological characteristics of the patients are shown in Table 1. 
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Table 1 Baseline characteristics of 259 sarcoma patients

    Total set (n=259)

Age, years   60.50±14.33

Race    

  White 227

  Other 32

Sex      

  Male 118

  Female 141

Tumor site      

  Soft tissue 115

  Other 144

Margin status      

  RO 72

  R1/2 137

  Unknown 50

Metastasis      

  No 118

  Yes 57

  Unknown 84

HRDEGs and hypoxia status in sarcomas

Two hundred HRGs are shown in Supplementary Table 1. Altogether 99, 83, 77 sarcoma patients were
separately collected into 3 clusters (cluster1-3) by the nonlinear dimensionality reduction algorithm t-SNE
(see Figure 2A). Meanwhile, the survival curves of the three clusters are shown in Figure 2B. Previous
studies have demonstrated that patients with high-hypoxia in the tumor microenvironment have a worse
prognosis than those with low-hypoxia [27] [28]. Therefore, combining the survival curves of the 3 clusters,
we hypothesized that patients in cluster 2 were the highest-hypoxia-state and patients in cluster 3 were
the lowest-hypoxia-state. The marker genes for the 3 clusters are shown in Supplementary Table 2, and
the heat map of the top 10 marker genes for each cluster is shown in Figure 2C. In cluster 2, the marker
genes were mainly enriched in molecular function (MF, see Figure 2D, Supplementary Table 3) and not in
biological processes (BP). While in cluster 3, the marker genes were mainly enriched in sugar-metabolism-
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related-BP and MF (see Figure 2E, Supplementary Table 4). Among the 15 genes involved in "increased
oxygen delivery", 8 (53.33%) genes were differentially expressed in the highest-hypoxia-state and lowest-
hypoxia-state group (Supplementary Figure 1A-O). In addition, 10 of the 12 (83.33%) genes associated
with "reduced oxygen consumption" were differentially expressed (Supplementary Figure 2A-L). Based on
the survival analysis results and correlation analysis of HIF-1 signaling pathway-related proteins, patients
in clusters 2 and 3 were de�ned as "hypoxia-high" or "hypoxia-low" groups. Finally, we obtained 1497
HRDEGs by the "limma" package. Of these, 821 was up-regulated, while 676 was down-regulated, and
HRDEGs heat map and volcano map are shown in Fiqure 2F, 2G. GO and KEGG analysis of the HRDEGs
are shown in Supplementary Figure 3A, 3B and Supplementary Table 5, 6. "Muscle system process",
"Regulation of membrane potential" and "Imuscle contraction" were the most signi�cantly enriched GO
items of BP. The top 3 GO terms of cellular component (CC) were "Contractile �ber", "Transmembrane
transporter complex" and "Transporter complex". The top 3 GO terms of MF were "Channel activity",
"Passive transmembrane transporter activity" and "Ion channel activity". The top 3 KEGG pathways were
enriched in "Neuroactive ligand-receptor interaction", "Calcium signaling pathway" and "CAMP signaling
pathway". 

IRDEGs and immune status in sarcomas

By ssGSEA analysis and, we categorized 112, 16, 131 sarcoma patients into immune-high, -medium, and -
low groups (see Figure 3A, 3B). We used the ESTIMATE method to calculate the stromal score, immune
score, and tumor purity and mapped the tumor microenvironment heat map (see Figure 3C). The results
showed that the stromal score and immune score were higher in the immune-high group than in the
immune-low group (p < 0.001, see Figure 3D, 3E), and the tumor purity score was lower in the immune-
high group than in the immune-low group (p < 0.001, see Figure 3F). Finally, we obtained 1875 IRDEGs by
the "limma" package, of which 950 were up-regulated and 925 were down-regulated, and IRDEGs heat
map and volcano map are shown in Figure 3 G, 3H. GO and KEGG analysis of the IRDEGs are shown in
Supplementary Figure 4A, 4B and Supplementary Table 7, 8. "Immune response-activating cell surface
receptor signaling pathway", "Immune response-activating signal transduction" and "Lymphocyte
mediated immunity" were the most signi�cantly enriched GO items of BP. The top 3 GO terms of CC were
"External side of plasma membrane", "Plasma membrane signaling receptor complex" and
"Immunoglobulin complex". The top 3 GO terms of MF were "Antigen binding", "Immunoglobulin receptor
binding" and "Carbohydrate binding". The top 3 KEGG pathways were enriched in "Cytokine-cytokine
receptor interaction", "Neuroactive ligand-receptor interaction" and "Viral protein interaction with cytokine
and cytokine receptor". 

Development of risk scoring signatures and evaluation of predictive models

131 overlapping genes were obtained for subsequent analysis by taking intersections of HRDEGs and
IRDEGs (see Figure 4A and Supplementary Table 9). Two genes named Chymase 1 (CMA1) and IGDCC3
were derived by univariate and multivariate Cox regression analysis and LASSO analysis (see Figure 4B-
4E). Based on the CMA1 and IGDCC3, we model novel hypoxia- and immune-related prognostic signature
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for sarcoma patients. The prognostic signature's ROC curves are shown in Figure 4F, with an optimal cut-
off point of 1.287. Sarcoma patients were classi�ed into high- and low-risk groups based on the optimal
cut-off point. 1-, 3-, and 5-years ROC curves of prognostic signature were shown in Figure 4G, and 1-, 3-,
and 5-years AUC values were 0.701, 0.663, and 0.686, respectively. According to the results of the K-M
analysis, sarcoma patients in the high-risk group had a worse prognosis than those in the low-risk group
(p-value=0.001, see Figure 4H) 

Relationship between prognostic signature and clinicopathological features

Clinicopathological characteristics (including age, gender, race, primary site, margin status, and
metastasis status) and prognostic signature were analyzed by univariate and multivariate Cox regression
analysis (see Figure5A, 5B). The results of multivariate cox regression analysis showed that prognostic
signature was an independent prognostic factor (hazard ratio HR: 1.237, 95% con�dence intervals CIs:
1.148-1.332, P<0.001). The ROC curve showed higher AUC values for prognostic signature than for other
single clinicopathological characteristics (see Figure 5C). The distributions of gene expression, risk score,
and survival status were plotted in the novel signature (see Figure 5D). 

Different immune- and hypoxia-related statuses in the low-risk and high-risk groups

Hypoxia and immune-related status were assessed using GSEA. The screening was performed based on
the criteria of NOM p-val 0.05 and FDR q-val > 0.25. Results showed enrichment of four signaling
pathways based on the high-risk group, respectively (They are "HEDGEHOG SIGNALING PATHWAY";
"AMINOACYL TRNA BIOSYNTHESIS"; "BASAL CELL CARCINOMA" and "STEROID BIOSYNTHESIS",
Supplementary Table 10, Figure 6A, Supplementary Figure 5). 33 signaling pathways were enriched in the
low-risk group (Supplementary Table 11, Figure 6B-E, Supplementary Figure 6 and 7). 

Differences in immune status between high- and low-risk sarcoma patients

We evaluated the relationship between the prognostic signature and the six immune cell in�ltration using
the TIMER database. It indicate that DC (Cor = -0.139, p-value = 0.027) was signi�cantly
negatively correlated with the risk score (see Figure 7A). The other �ve types of immune cells (B cells,
CD4+ T cells, CD8+ T cells, Neutrophils, and Macrophages) had no statistical signi�cance with the risk
score (see Figure 7B-F). Besides, we used the CIBERSORT algorithm to assess the different immune cell
in�ltration in the high-risk group versus the low-risk group. The results in this study show that the
in�ltration degrees of plasma cells (p-value  0.01), and CD8+ T cells (p-value 0.001) were higher in the
low-risk group than in the high-risk group (see Figure 8A). We further analyzed the differences in
expression of common immune checkpoints between the high- and low-risk groups. The results showed
that the expression of TIM-3 (p-value 0.05), CTLA4 (p-value 0.05), PD1 (p-value 0.05) and PDL1 (p-
value 0.001) was higher in the low-risk group than in the high-risk group (see Figure 8B-E). 

Discussion
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Hypoxia is a common feature of the tumor microenvironment (TME) which is caused by the high
metabolism of tumor cells [29] [30]. The high metabolism causes the oxygen supply to be relatively less
than the oxygen consumption [31] [32]. Hypoxia status is associated with sarcoma metastasis,
angiogenesis, radio- and chemo-resistance. It is worth noting that hypoxia can interfere with the immune
cells by regulating the expression of immune-related components and co-stimulatory receptors in TME
[33]. Research also shown that the HIF-1 signaling pathway correlated with high abundance of
macrophages and neutrophils, and decreased T cell levels in Ewing's Sarcoma Family of Tumors [34]. At
the same time, the changes in the immune microenvironment further affect the hypoxia state of tumor
cells. The immune-microenvironment itself is also an important factor in tumorigenesis and tumor
progression [35]. Due to the complexity of hypoxia and immune in tumors, few immune- and hypoxia-
related markers have been studied in sarcoma patients.

The t-SNE is a clustering and visualization method, which maps high-dimensional to two- or three-
dimensional while keeping the distribution probabilities of each other as constant as possible [36]. On the
basis of 200 hypoxia genes, 3 different hypoxia TME patterns were identi�ed by t-SNE. Differentiation of
3 different hypoxia TME patterns by HIF-1 signaling pathway-related target genes and K-M analysis, we
then de�ned high-, medium-, and low-hypoxia groups and looked for HRDEGs. The ssGSEA is an
extension of GSEA and the ability to quantify and score pathway enrichment in individual samples [37] [38].
Then we classi�ed patients into three immune-clusters (high-, medium-, and low-immune clusters) based
on ssGSEA scores. We estimated the score of stromal cells and immune cells in malignant tumor tissues
by ESTIMATE, and thus predict tumour purity [39]. Comparison of gene expression in patients in high- and
low-immune clusters to obtain IRDEGs. 131 overlapping genes were obtained for subsequent analysis by
taking intersections of HRDEGs and IRDEGs. Two genes named CMA1 and IGDCC3 were derived by
univariate-multivariate Cox regression analysis and LASSO analysis.

We �nd that CMA1 is an independent protective prognostic factor,conversely, IGDCC3 is an independent
non-protective prognostic factor. CMA1 is a pancreatic rennin secreted by mast cells. Functional studies
on CMA1 have made some progress in diseases such as hypertension and gastritis, but it has not been
studied in sarcoma [40] [41]. Shi S's team found signi�cant differences in CMA1 expression levels between
tumor tissues and adjacent normal tissues in ten types of tumors such as gastric, breast, and ovarian
cancer [42]. However, the TIMER database still contains a limited sample size, and Shi S et al. did not
include paraneoplastic tissue from sarcomas in the study and did not further explore the expression of
CMA1 in sarcomas. ChongA et al. found that the interaction between enhancer 1944 and IGDCC3 could
be used to distinguish the CpG island methylator phenotype in colorectal cancer [43]. However, the
underlying mechanisms of IGDCC1 in sarcoma progression and immunology are not known. Therefore,
our study was the �rst to propose two genes, CMA1 and IGDCC3, in sarcoma and to establish a hypoxia-
and immune-related prognostic signature, while the signature was successfully validated in the cohort.
Besides, we used GSEA scores to quantify the activity or abundance of sarcoma samples in high- and
low-risk groups for analysis of hypoxia status and immune status.
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With the development of ICI-related treatments (e.g. anti-CTLA4, anti-PD1, anti-PDL1, anti-TIM-3), the
treatment of sarcoma continues to be innovative, but, ICI-related resistance in sarcoma patients have
been found [44] [45] [46]. Sarcomas is a heterogeneous cancer group and the response to ICI-related
treatment varies greatlys[47]. Our results showed that the expression of PD-1, PD-L1, TIM-3, and CTLA-4
were lower in the high-risk group than in the low-risk group. It should be noted that ICI-related treatments
is only effective in patients with high expression of ICI-related biomarkers [48]. Therefore, combined with
the K-M analysis of the high- and low-risk groups, our study hypothesized that the low expression of ICI-
related biomarkers in the high-risk group led to the ineffectiveness of ICI-related treatment, which further
affected the survival prognosis of patients. Interestingly, we used the TIMER and CIBERSORT databases
to analyze immune cell in�ltration in the high- and low-risk groups, and combining the �ndings of both
databases, the results showed that the in�ltration course of CD8+ T cells, plasma cells, and DCs was
lower in the high-risk than in the low-risk group. CD8 + T cells, plasma cells and DCs are important
components of the immune system and are important components in the anti-tumor mechanism [47] [49].
Based on the importance of three types immune cells in the immune environment, and the results of KM
analysis, we make the following inferences: The low expression of these 3 types of immune cells in the
high-risk group may directly or indirectly reduce the responsiveness of the immune system, and thus the
prognosis of sarcoma patients in the high-risk group is poorer than that of the low-risk group.

Although the role of hypoxia and immune-related prognostic signature in sarcoma patients has been
initially investigated by statistical and bioinformatics analysis, the present study still has some
shortcomings. First, other information such as tumor classi�cation and treatment of sarcoma patients is
not available from the TARGET database, which may impact on the prognosis of sarcoma patients.
Secondly, the novel signature we built showed good performance. However, a large number of sarcoma
samples are needed for external validation. Third, mechanisms related to hypoxia and immune
correlation in sarcoma were explored in this study, but the underlying mechanisms affecting sarcoma
remain unclear. Fourth, sarcomas are a highly heterogeneous class of tumors, and this study evaluated
all sarcoma samples that meet the requirements from the TARGET database, so it was not possible to
accurately assess the hypoxia and immune status of each sarcoma subtype.

Conclusions
In summary, we constructed and validated prognostic markers based on CMA1 and IGDCC3 to predict
prognosis in sarcoma patients. In addition, our prognostic model provides a comprehensive view to
elucidate the underlying mechanisms of sarcoma prognosis based on a combination of hypoxia and
immune status. This prognostic pro�le helps clinical selection of individualized treatment strategies.
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Figures

Figure 1

The design idea and work�ow.
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Figure 2

Identi�cation of hypoxia status and hypoxia-related differentially expressed genes (HRDEGs). (A) Scatter
plot for three different clusters by the nonlinear dimensionality reduction algorithm t-SNE based on
hypoxia-related genes set. (B) Kaplan-Meier survival curve of overall survival for sarcoma patients in three
clusters. (C) Heat map of the top 10 marker genes for three cluster. The Gene Ontology (GO) analysis of
the marker genes in Cluster 2 (D) and Cluster 3 (E). Heat map (F) and volcano map (G) show the HRDEGs
in high and low hypoxia groups. HRDEGs, hypoxia-related differentially expressed genes; GO, Gene
Ontology.
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Figure 3

Identi�cation of immune status and immune-related differentially expressed genes (IRDEGs). (A) Cluster
map for the hierarchical clustering of sarcoma by the “GSVA” package based on 29 immune-related cells
and types. (B) Different immune status of the three clusters. Comparison of (C) stromal score, (D)
immune score and (E) tumor purity between high- and low-immune clusters are shown. Heat map (F) and
volcano map (G) show the IRDEGs in high and low-immune groups. IRDEGs, immune-related differentially
expressed genes.
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Figure 4

Development of risk scoring signatures and evaluation of predictive models. (A) Venn plot for overlapping
genes obtained by taking intersections of HRDEGs and IRDEGs. (B-C) The results of LASSO analysis. The
results of (D) univariate and (E) multivariate Cox regression analysis. (F) the prognostic signature's ROC
curves with an optimal cut-off point of 1.287 (red point). (G) The 1-, 3-, and 5-years ROC curves of
prognostic signature. (H) the K-M analysis between high and low-risk group. HRDEGs, hypoxia-related
differentially expressed genes; IRDEGs, immune-related differentially expressed genes; LASSO, Least
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absolute shrinkage and selection operator; ROC, receiver operating characteristic curve; K-M, Kaplan-
Meier.

Figure 5

Relationship between prognostic signature and clinicopathological features. Univariate (A) and
multivariate (B) Cox regression analysis between clinicopathological characteristics and prognostic
signature. (C) The ROC curve for clinicopathological characteristics and prognostic signature. (D) The
distributions of gene expression, risk score, and survival status in high and low-risk group. ROC, receiver
operating characteristic curve.
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Figure 6

Gene set enrichment analysis (GSEA). (A) Enrichment of four signaling pathways based on the high-risk
group. (B-E) Enrichment of Thirty-three signaling pathways based on the low-risk group. GSEA, Gene set
enrichment analysis.
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Figure 7

Relationships between the prognostic signature and in�ltration abundances of six types of immune cell.
The correlation was performed by using Pearson correlatioh analysis. (A) Dendritic Cells, (B) B cells, (C)
CD4+ T cells, (D) CD8+ T cells, (E) Neutrophils, and (F) Macrophages.
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Figure 8

Analysis of different immune status in high- and low-risk groups. (A) Box plots visualizing signi�cantly
different immune cells between high-risk and low-risk patients. Box plot shows the difference in (B)
HAVCR2, (C) CTLA4, (D) CD274, (E) PDCD1 between high-risk and low-risk group.
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