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Abstract
Objective: By mining the TCGA database to look for immunotherapy targets of soft tissue sarcoma, and
analyzed their biological behavior.

Methods: The data of 265 samples were downloaded from the TCGA database to analyze the expression
pro�le of soft tissue sarcomas. Research methods include immune and stromal scores, calculating DEGs,
volcano maps and differential gene survival curves, gene enrichment analysis.

Results: Kaplan-Meier survival curves showed that in the high immune score group, the total survival time
was generally higher than that in the low immune score group. Analysis of the top ten terms resulted in
the minimum P values for immune and in�ammatory responses, plasma membrane, receptor activity, and
chemokine activity. By plotting the K-M curves, we obtained 86 survivals related DEGs. Finally, the genes
that can be used as independent risk factors for prognosis of soft tissue sarcoma were obtained by
multivariate analysis of the DEGs.

Conclusion: We believe that these genes are expected to be new targets for sarcoma immunotherapy and
key genes for the analysis of prognosis of sarcoma.

Introduction
Soft tissue sarcoma is a malignant tumor whose etiology is still unknown. Its classi�cation is variable,
and based on its different sources, its histological and biological characteristics also differ. The
treatment of soft tissue sarcoma depends on surgery, radiotherapy and chemotherapy, and it is necessary
to select high-risk patients for preoperative radiotherapy and chemotherapy in clinical studies. However,
the classi�cation of soft tissue sarcomas is complex, and conventional chemotherapy regimens are not
effective for all types of tumors (Hall, K.S. et al., 2020). Numerous studies (Francescutti, V. and Skitzki, J.
J.,2012; Maki, R. G.,2001) have shown that soft tissue sarcomas are highly correlated with the immune
system and can promote tumor growth by inhibiting immune in�ltration in the tumor microenvironment.
The relationship between the relevant genes and the tumor microenvironment has been extensively
studied (Fan, T. et al.,2020; Hu, C., Chen, B., et al.,2020; Zhu, N. and Hou, J.,2020;Barretina,J.et al.,2010),
and it has been demonstrated that the tumor microenvironment can affect gene expression in tumor
tissues, and the high expression of some genes in tumor tissues can lead to changes in the tumor
microenvironment(Zhang, B. et al,2021; Hu, C., Chen, B., et al.,2020;Li,F.et al.,2020;Toda, Y. et
al.,2020;Huang,R.et al.,2019). For example, undifferentiated pleomorphic sarcoma and leiomyosarcoma
have been shown to highly express antigen presenting genes PD-1 and PD-L1, as well as T-cell in�ltration-
related genes. (Toda, Y. et al., 2020; Toulmonde, M. et al., 2018; Pollack, S. M. et al., 2017) The strong
in�ammatory expression in the immune microenvironment makes it possible to treat sarcomas by
inducing an immune response. (Burgess, M. et al., 2015; Mesiano, G. et al., 2015; Francescutti, V. and
Skitzki, J. J., 2012)
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The ESTIMATE algorithm based on the TCGA database can be used to evaluate the purity of the tumor.
(Fan, T. et al., 2020;Jia, D. et al.,2018) Based on gene expression data, it involves the numbers of immune
cells and stromal cells whose expression is the highest in the tumor microenvironment. Thus, we can
directly study the genes that have the highest impact with the immune and stromal scores, and the value
of these genes in predicting prognosis and survival rate of soft tissue sarcoma can be evaluated. (Li, F. et
al., 2020; LAN, H. et al., 2017; Peille, A.-L. et al., 2013)

In this study, the ESTIMATE algorithm was employed to analyze data from the sarcoma group in the
TCGA database and collect the immune, stromal, and estimate scores. These three scores were combined
to identify genes associated with the prognosis of soft tissue sarcomas. We also con�rmed that a part of
these differentially expressed genes (DEGs) can be used as independent risk factors for the prediction of
prognosis of soft tissue sarcoma. Through a subsequent con�rmation based on the Gene Expression
Omnibus (GEO) database, we obtained 12 genes that are meaningful both in the TCGA and GEO
database.

Methods
Immune and stromal scores: The data of a total of 265 samples were downloaded from the TCGA
database to analyze the expression pro�le of soft tissue sarcomas. The gene expression pro�le of soft
tissue sarcoma was roughly divided into seven subtypes according to Widemann’s (Widemann, B. C. and
Italiano, A., 2018) reported. The gene expression data of 265 cases downloaded from the TCGA database
also. Gene expression data used to calculate immune and stromal scores were derived from TCGA, as
were clinical data such as overall survival, age at �rst diagnosis, and residual tumor data. The
independent dataset used to verify differential genes was derived from the GEO database, GSE30929
dataset (SEP 02, 2011).

Methods for calculating DEGs:  Data analysis using the “limma” package analysis, set Fold change =2
and p < 0.05.

Graphics: Volcano maps and differential gene survival curves were produced using the tool SangerBox.
Kaplan-Meier curves of immunological and stromal scores and sarcoma typing scores were obtained
using the tool GraphPad. The Venn diagram was drawn with the Web tool “Venny”. Construction of
Protein-Protein Interaction Network (PPI): The overall PPI network was derived from the STRING database
and analyzed by the tool “Cytoscape”. Molecular Complex Detection (MCODE) was used to divide the
network into three modules, and only the genes with more than 5 edges were selected as the key genes.

Gene enrichment analysis: Results of gene enrichment analysis were obtained from “David”(The
Database for Annotation, Visualization and Integrated Discovery) , including GO analysis results of
biological processes (BP), molecular functions (MF), and cellular components (CC), and KEGG(Kyoto
Encyclopedia of Genes and Genomes) pathways, and false discovery rate (FDR) < 0.05 was set as the
cut-off.
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Statistical analysis methods: Univariate and multivariate regression analyses were conducted using Cox
analysis and Kaplan-Meier survival analysis in tool Statistical Product and Service Solutions (SPSS), and
only genes with signi�cant < 0.05 in univariate and multivariate analyses were retained.

Results
265 cases soft tissue sarcomas classi�cation: There were 59 cases of dedifferentiated liposarcoma
(22.3%), 2 cases of desmoid tumor (0.75%), and 52 cases of undifferentiated pleomorphic sarcoma
(UPS)(including pleomorphic, malignant �brous histiocytoma (MFH) giant cell MFH/undifferentiated
pleomorphic sarcoma with giant cells, undifferentiated pleomorphic sarcoma) (19.6%), 107 cases of
leiomyosarcoma (LMS) (40.4%), 10 cases of malignant peripheral nerve sheath (MPNST) (3.77%), 25
cases of myxo�brosarcoma (9.43%), and 10 cases of synovial sarcoma (including synovial sarcoma-
biphasic, synovial sarcoma- monophasic, synovial sarcoma- poorly differentiated) (3.77%).

Immune and stromal scores

The range of estimate scores based on the ESTIMATE algorithm was from -2445.3107 to 13152.619.
Stromal scores ranged from -740.7589 to 6339.22. The range of immune scores was from -1890.07 to
7914.021. The stromal score of dedifferentiated liposarcoma was the highest among the eight subtypes
(Among all seven subtypes, only two desmoid tumor samples were included; thus, they were not included
for comparison.). This was followed by myxo�brosarcoma, UPS, MPNST, and LMS. The synovial
sarcoma subtype had the lowest stromal score (P < 0.0001). In addition, the immune scores were ranked
from the highest to lowest as follows: UPS>myxo�brosarcoma > dedifferentiated liposarcoma > MPNST
> LMS > synovial sarcoma (P < 0.0001), indicating that immune and stromal scores are important for the
classi�cation of different soft tissue sarcoma subtypes.

The gene expression data were divided into two groups—high expression and low expression groups—
based on the median of the immune and stromal score. Kaplan-Meier survival curves were drawn, which
showed that in the high immune score group, the total survival time was generally higher than that in the
low immune score group (see Fig.1 A). The median of overall survival times in the high immune score
group and the low immune score group were 2464 days and 1722 days, respectively (log-rank test P
0.05). Similarly, although the result was not statistically signi�cant (the log-rank test P 0.05), the survival
curve obviously indicated that the total survival time of the group with high stromal scores was higher
than that of the group with low stromal scores, with a median total survival time of 2448 days for the
high score group compared with 1722 days for the low score group (see Fig.1 B).

The sarcoma samples downloaded from the TCGA database were divided into seven types—
dedifferentiated liposarcoma, desmoid tumor, UPS, LMS, MPNST, myxo�brosarcoma, and synovial
sarcoma—and a box plot (Fig.1 C,D) drawn to compare different types of immunity and stromal scores,
and there were statistically signi�cant(P<0.0001), indicating that the immune and stromal scores were
signi�cantly different for the classi�cation of sarcoma.
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Differentially expressed genes results

To compare the difference in gene expression between the high score and low score groups, we used the
“limma” algorithm, with the setting, log (fc) 2 = 2 and FDR = 0.05, to calculate the DEGs for the low
stromal, immune, and estimate score groups relative to the high group. Volcano plots were drawn to
indicate differences in gene expression among cases with different immune, stromal, and estimate
scores. In the charts (see Fig.2 A, B, C), green represents downregulated genes, and red represents
upregulated genes. In the immune score group, 91 genes were upregulated and 479 genes were
downregulated. In the stromal score group, 157 genes were upregulated and 281 genes were
downregulated. In the estimate score group, 100 genes were upregulated and 482 were downregulated. A
Venn diagram was drawn to obtain 258 genes with common differences in all three groups, among which
66 genes were upregulated and 192 genes were downregulated (see Fig.2 D,E).

Functional enrichment analysis of DEGs

A total of 18 cellular components (CC), 26 molecular functions (MF), and 95 biological processes (BP)
were obtained by GO analysis of 258 DEGs. Analysis of the top ten terms resulted in the minimum P
values for immune and in�ammatory responses, plasma membrane, receptor activity, and chemokine
activity. Similarly, the results of KEGG pathway analysis were also mainly related to immunity, among
which the highest proportion included Staphylococcus aureus infection, accounting for 29.17%,
Leishman disease, accounting for 25%, and viral protein interaction with cytokine and cytokine receptor,
accounting for 12.5% (see Fig.3).

Relationship between DEGs and overall survival results

To explore the different roles of 258 DEGs in survival, we set the median as the boundary to draw a
Kaplan–Meier survival curve for each of the DEGs. Eighty-six genes were statistically signi�cant
predictors of overall survival (log-rank P < 0.05) (see Fig.4).

Construction of a protein co-expression network results

A total of 15 key node genes were selected because they were the most closely related to other genes
around. Cluster 1 had 14 nodes and 39 edges; the key nodes were LILRB2, AOAH, CCL5, NCF4(Ryan, B. M.
et al.,2014), CYBB. Cluster2 had a total of 8 nodes and 16 edges; the key nodes were ITGAM, CD2, IL2RG,
CD163. Cluster 3 had 16 nodes and 33 edges; the key nodes were VAV1, CXCR3, HCK, MS4A6A, LY86,
IDO1. Enrichment analysis was performed on these key genes, and the GO analysis results were as
follows:

positive regulation of T-cell apoptotic process

negative regulation of T-cell apoptotic process

in�ammatory response

The KEGG results included
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chemokine signaling pathway

leukocyte transendothelial migration

These results are all associated with the immune system. (Only results of P < 0.05 are included) (see
Fig.5).

Multivariate regression analysis of DEGs results (see Tab.1)

Table 1. Univariate regression analysis of DEGs
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Group Signi�cant Value HR Con�dence Interval 95.0%

age_at_initial_pathologic_diagnosis 0.000 1.082 1.035 1.130

residual_tumor 0.015 3.536 1.279 9.777

ADAP2 0.012 5.874 1.480 23.307

CSF1R 0.001 0.042 0.007 0.266

CYBB 0.003 10.208 2.159 48.262

MPEG1 0.049 0.253 0.064 0.996

NCF4 0.000 69.966 8.793 556.733

TBXAS1 0.019 4.680 1.282 17.084

C13orf33 0.008 0.608 0.421 0.878

GPR34 0.044 3.385 1.034 11.079

ITGAM 0.019 0.165 0.037 0.741

DOK2 0.030 0.219 0.056 0.862

CD163 0.015 0.186 0.048 0.726

TLR8 0.041 2.663 1.043 6.799

LYVE1 0.001 2.269 1.415 3.638

BATF 0.000 0.121 0.045 0.323

P2RY13 0.030 0.434 0.204 0.922

SLAMF6 0.037 3.636 1.080 12.236

S100A9 0.000 0.373 0.220 0.630

CD38 0.023 0.412 0.192 0.884

FCER2 0.033 0.669 0.463 0.968

CADM3 0.013 0.823 0.706 0.959

WISP2 0.049 1.232 1.001 1.516

KLHL23 0.004 2.201 1.279 3.789

MYH11 0.000 0.565 0.448 0.712

Using clinical data from TCGA database, univariate regression analysis was performed to obtain "age at
initial pathologic diagnosis “and "residual cancer" as prognostic factors for sarcoma. Multivariate
regression analysis of the differential genes was carried out to obtain a gene list that could predict the
prognosis of sarcoma, including risk genes (HR>1) and benign genes (HR<1).
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Veri�cation of DEGs in the GEO database results

To verify the DEGs obtained are also signi�cant in other datasets, we used the 140 independent
liposarcoma samples of GSE30929 in the GEO database to perform survival analysis by calculating the
forward relapse-free survival (DFS). We obtained 12 genes that are meaningful both in the TCGA and GEO
database: CLEC10A(Kurze, A.-K. et al.,2019), IDO1(Na�a, I. et al.,2020), FCER2(Sharma, V. et al.,2014),
CCL13(Mendez-Enriquez, E. and García-Zepeda, E. A.,2013), KLRB1(Zhang, G. et al.,2020; Gentles, A. J. et
al.,2015), P2RY13(Fan, T. et al.,2020), PYHIN1(Massa, D. et al.,2020; Tong, Y., Song, Y. and Deng, S.,2019),
DOK2(Ohsugi, T.,2017), PLA2G2D(Miki, Y. et al.,2016; Miki, Y. et al.,2013), MARCO(Xiao, Y. et al.,2019),
MYH11(Hu, C., Chen, B., et al.,2020), NCF4(Ryan, B. M. et al.,2014). Nine of the genes are important
because they have not previously been reported to be associated with the prognosis of sarcoma,
including CLEC10A, FCER2, CCL13, KLRB1, P2RY13, PYHIN1, PLA2G2D, MARCO, NCF4.

Discussion
Soft tissue sarcoma is a kind of tumor with complicated classi�cation and high malignancy, and its
immunotherapy has been a hot topic. To identify relevant targets for immunotherapy for soft tissue
sarcomas, we performed a series of data analyses using samples from the TCGA database. By
calculating the immune and stromal scores, we con�rmed that the immunological/stromal scores
differed among the different types of soft tissue sarcomas. As shown in previous studies, UPS expressed
more T-cell permeation-related genes, while the synovial sarcoma expressed signi�cantly less. Therefore,
UPS is a kind of soft tissue sarcoma suitable for immunotherapy. ( Pollack, et al.,2017; Toulmonde, M.,et
al.,2020) And the overall survival time was longer in the high-immune group than in the low-immune
group. Thus, the high expression of some immune-related genes was bene�cial to prolong the overall
survival time.

To further understand which genes affected immune scores mostly, we performed differential analysis
and obtained differential genes. Our results showed that most genes were downregulated when the low
score group was compared to the high score group. According to the Venn diagrams, we chose 258 genes
which were differential expression in three scores. And these differential genes were analyzed by
functional enrichment. Top ten results of GO analysis suggested that these DEGs had immune-related
functions. And so it was in the KEGG analysis. As we know, the sarcoma tumor cells inhibit the immune
response in the tumor microenvironment to promote its growth and metastasis. Therefore, some
treatments use trace amounts of Staphylococcus aureus infection to stimulate the immune response of
the body to treat sarcoma. (Toulmonde, M. et al.,2018; Burgess, M. et al. 2015) People with low immunity
are susceptible to infection with the Leishmania parasite and often develop with Kaposi's sarcoma.
Kaposi's sarcoma, which is highly prevalent in AIDS patients, is greatly reduced with the use of cocktails
of therapy. It shows that the occurrence and development of sarcoma is directly related to the stability of
the patient's immune internal environment. (Burgess, M. et al. ,2015) Similarly, as in previous studies, we
also identi�ed immune-related pathways such as NK-kappa B signaling and Natural killer cell mediated
cytotoxicity.( Hu, C. et al., 2020)
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By plotting survival curves for individual genes, we disproved the obtained relationship between
immune/stromal scores and overall survival time. AOAH, for example, is a downregulated gene; i.e., AOAH
gene expression was low in the low score group compared with that in the high score group. The higher
the expression of AOAH, the higher the corresponding immune/stromal score, and the longer the overall
survival time. This corresponded to a longer overall survival in the high immune/stromal rating group.
There were totally 86 survival related DEGs. Similarly, we performed enrichment analyses on 86 DEGs; the
outcomes included 51 biological processes, 9 cellular components, and 11 biological processes that were
identi�ed as signi�cant. The top terms were immune and in�ammatory responses, NADPH oxidase
complex (Martner, A., Aydin, E. and Hellstrand, K.,2019), integral component of plasma membrane,
superoxide-generating NADPH oxidase activator activity, and superoxide-generating NADPH oxidase
activity.

In further study, we constructed a protein expression network of 86 genes, which was divided into four
modules, among which the main three modules included 15 key gene nodes because they are most
closely related to the surrounding genes, including LILRB2, AOAH, CCL5, NCF4, CYBB, ITGAM, CD2, IL2RG,
CD163, VAV1, CXCR3, HCK, MS4A6A, LY86, IDO1. And we found that these genes all had immune-related
functions by functional enrichment analysis. We con�rmed that these DEGs were signi�cant in
immunotherapy. Among them, IDO1 has been proven to be related to the growth and immunosuppression
of various tumors (Na�a, I. et al.,2020;Toulmonde, M. et al.,2020;Toda, Y. et al.,2020), and in previous
studies, CCL5 has shown the ability to recruit CD 8 T cells, leading to a better prognosis(Morales, E. et
al.,2020) which veri�ed the result of our study.

To con�rm that DEGs can be used as prognostic indicators, Cox regression analysis was performed on 86
DEGs that were signi�cant for survival, and signi�cant genes were obtained (P < 0.05), including 10 genes
that were indicators of malignancy—ADAP2, CYBB, NCF4(Ryan, B. M. et al.,2014), TBXAS1, GPR34, TLR8,
LYVE1, SLAMF6, WISP2, and KLHL23 (HR > 1)—and 13 genes (HR < 1) that were good indicators—CSF1R,
MPEG1, C13orf33, ITGAM, DOK2(Ohsugi, T.,2017), CD163, BATF, P2RY13 (Fan, T. et al.,2020), S100A9,
CD38, FCER2(Sharma, V. et al.,2014), CADM3, and MYH11. NCF4, CYBB, ITGAM, CD163 are also key
nodes in PPI. A cluster analysis con�rmed the importance of the MYH11-ADM regulatory network in STS
patients (Hu, C., Chen, B., et al.,2020), which further proves the correctness of this study.

Finally, we used an independent group of 140 samples from the GEO database to verify the roles of these
genes in survival and con�rmed that 12 genes were meaningful in this independent group. nine of the
genes are involved in immunity and have been reported to be involved in the development or metastasis
of different types of tumors; while, none of them has been reported to be associated with the
development and progression of sarcomas. This means that these genes are likely to play a role in the
treatment of sarcoma as immunotherapeutic targets. Compared with the sarcoma-related mutant genes
previously revealed by gene sequencing, this study identi�ed other genes and related pathways previously
unrelated to the disease from the perspective of tumor microenvironment. (Barretina, J. et al. ,2010) We
believe that these genes are expected to be new targets for sarcoma immunotherapy and key genes for
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the analysis of prognosis of sarcoma. This will address a key step in tumor immunotherapy, and effective
tumor cell surface antigens can be developed so that immune agents can attack tumor cells directly.

Among them, CLEC10A aroused our interest. CLEC10A is a speci�c marker of CD1c DC. (Heger, L. et
al.,2018) When it binds to the receptor, it can enhance the secretion of TNF+, IL-8, and IL-10 induced by
TLR 7/8 stimulation (Kurze, A.-K. et al.,2019; Heger, L. et al.,2018), thereby promoting humoral immunity
and inhibiting tumor progression. It has been shown that dendritic cells are independent risk factors for
recurrence of soft tissue sarcomas and are directly related to tumor immunity. ( Huang, R. et al.,2019) In
addition, CLEC10A can be used as a marker of damaged and dead cells. After binding with ligands,
CLEC10A is preferentially internalized by macrophages to attack tumor cells from the perspective of
cellular immunity. In the treatment of breast cancer, we found that female hormone has an inhibitory
effect on the CLEC10A ligand, thus demonstrating the induction of the CLEC10A ligand by the estrogen
receptor antagonist tamoxifen (Kurze, A.-K. et al.,2019), which inspires us to explore endocrine therapy for
sarcoma.

In conclusion, we believe that these genes are expected to be new targets for sarcoma immunotherapy
and key genes for the analysis of prognosis of sarcoma. To provide gene targets for immunotherapy of
soft tissue sarcoma.
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Figures

Figure 1
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Relationship between immune and stromal scores and the overall survival time. (A) People with a high
immune score had a longer overall survival time, which was statistically signi�cant. Similarly, as shown
in the �gure B, a high stromal score indicated a longer overall survival time, although this was not
statistically signi�cant.

Figure 2

In volcano map(A B C), green represents downregulated genes, red represents upregulated genes, and
black represents genes with the same expression level in the high and low score groups. Venn diagrams
(D E) show genes that are generally up-regulated or down-regulated in all three scores.

Figure 3
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Top 10 term of DEGs’ GO analysis results: biological processes (A), cellular components (B), molecular
functions (C) and KEGG pathways (D) are presented.

Figure 4

Kaplan-Meier survival curve of differential genes and overall survival, generated by the batch survival
analysis tool of Sanger Box. A total of 86 differentially expressed genes with survival signi�cance were
obtained. Green represents low expression of the gene, and red represents high expression.
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Figure 5

The PPI network of 86 different genes(A) was created to discover the relation; B C and D represent cluster
1, 2 and 3, respectively. Protein expression network of a total of 86 DEGs obtained using the web String
tool divided into 3 clusters with 64 nodes with 326 edges by cystoscope analysis. The darker the color is,
the greater the log (FC) value of the score of gene expression is, and the larger the circle is, the more
associated it is with other proteins.


