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Abstract
Background: Sarcomas are heterogeneous tumors deriving from the mesenchyme and have a poor
response to systemic therapies. Ubiquitination is a post-translational modi�cation that is involved in
various physiological processes and cancer growth.

Methods: We integrated the transcriptome data of 256 sarcoma patients from The Cancer Genome Atlas
(TCGA) to analyze the expression of the prede�ned ubiquitin-related genes and identi�ed two ubiquitin-
related clusters based on that. Patients’ survival, enrichment analysis, and tumor microenvironment
analyses were conducted. Further, a ubiquitin-related gene signature was built to predict prognoses. The
prognostic value of the signature was also validated in public datasets. Pathway analysis, and tumor
microenvironment characterization were conducted between different risk groups. The prognostic values
of the signature were partly veri�ed using immunohistochemistry assay in an independent cohort from
our center.

Results: The two clusters were characterized by different survival outcomes, enriched pathways, and
characteristics of the tumor microenvironment. The signature could effectively predict patient prognoses
across TCGA sarcoma cohort, and another two public sarcoma cohorts. Different risk groups were also
characterized by distinct enriched pathways and characteristics of the tumor microenvironment.
Histochemistry score analyses revealed that patients with a higher TRIM21 expression had a signi�cantly
better prognosis, and higher TRIM21 combined with higher CD8 was also signi�cantly associated with
better overall survival. 

Conclusions: This study provided novel classi�cation for sarcoma patients based on expressions of
ubiquitin-related genes. The classi�cation and the constructed gene signature may facilitate the
understanding of sarcoma pathogenesis, prediction of prognosis and immunotherapy response for
sarcoma patients.

Introduction
Sarcoma is a heterogeneous group of rare malignant tumors that originate from mesenchymal tissues
and can be divided into soft-tissue and bone sarcomas.(1) Although accounting for only a small
proportion (<1%) of all malignant tumors, it consists of more than 100 subtypes.(1-3) To date, surgical
management with or without adjuvant/neoadjuvant radiotherapy remains the �rst-line treatment for
localized soft tissue sarcomas, and chemotherapy is an additional option for high-risk patients.(2, 3)
Sarcomas have a poor prognosis and a high mortality, which may be due to the insensitivity to traditional
chemotherapy, invasive nature and easy recurrence of some subtypes.(2, 3) Therefore, identi�cation of
sarcoma patients with different prognoses and treatment sensitivities will improve the understanding of
these diverse tumors and facilitate individualized therapies.  

Post-translational modi�cations (PTMs) are regulatory events that modulate the activity of proteins
enzymatically.(4) Ubiquitination is a reversible PTM that is involved in regulating protein function or
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degradation by the proteasome and participates in multiple cellular and biological processes.(5)
Ubiquitination could be achieved by conjugating to the lysine residues of substrate proteins by an
enzymatic cascade, including E1 activation enzymes, E2 conjugation enzymes, and E3 ubiquitin ligases.
(6) The ubiquitination process could also be reversed by deubiquitinating enzymes that removes ubiquitin
from substrates.(7) Studies have shown that dysregulation of the ubiquitination system plays a key role
in many diseases, including neurodegenerative diseases, autoimmune diseases, and cancers.(7) 

Interactions between the ubiquitin system and sarcomas have been reported in previous studies. For
example, TRIM21 could positively regulate osteosarcoma cell proliferation and differentiation,(8, 9)
TRIM8 is a selective dependency gene in Ewing sarcoma and regulates EWS/FLI protein expression as an
E3 ligase, controlling the growth and apoptosis of Ewing sarcoma.(10) However, the roles of ubiquitin-
related genes (URGs) in sarcomas have not been fully investigated. A better understanding of the
underlying mechanisms may facilitate future research of sarcomas. In this study, we integrated
transcriptional and clinical data of The Cancer Genome Atlas (TCGA) sarcoma cohort (TCGA-SARC) to
systematically explore the prognostic values of ubiquitin-related genes in TCGA-SARC patients. We
identi�ed two distinct ubiquitin-related clusters that were characterized by distinct patient prognoses,
enriched pathways and tumor environment; further, we built a ubiquitin-related gene signature that could
effectively predict the prognosis and immunotherapy of sarcoma patients. In addition, the conclusions
were partly validated in a sarcoma cohort from our center. Hopefully, the characterization of different
clusters and establishment of the signature could help to better understand sarcoma pathogenesis and
facilitate prognostic management and risk strati�cation for sarcoma patients.

Materials And Methods
Data source

The gene expression matrices of sarcomas with paired clinical data are downloaded in The Cancer
Genome Atlas database (https://portal.gdc.cancer.gov/). After excluding normal samples, relapsed or
metastatic tumors, 256 cases were included in the �nal analyses. The clinical data and gene expression
�les of 85 osteosarcoma patients derived from the osteosarcoma cohort from the TARGET database
(TARGET-OS, (https://ocg.cancer.gov/programs/target/projects/osteosarcoma) were used as a validation
cohort. GSE17674 microarray data on 44 Ewing sarcoma cases were downloaded from the GEO
database (https://www.ncbi.nlm.nih.gov/geo/) and these patients were used as another validation
cohort. The data were normalized and log2(X+1) transformed.  

List of ubiquitin-related genes

A list of 807 URGs was collected from the iUUCD 2.0 database (http://iuucd.biocuckoo.org/).(11, 12) After
matching with the mRNA expression pro�les from TCGA-SARC dataset, 802 URGs were extracted. The
genes were then screened with the standard of >1 transcripts per kilobase, and the remaining 752 genes
were incorporated into �nal analyses (Table S1). 
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Screening for sarcoma subtypes and enrichment analysis

On the basis of the expression pro�les of ubiquitin-related genes, molecular subtypes were clustered and
identi�ed using the nonnegative matrix factorization (NMF) R package.(13) The clustering was performed
using the following settings: “brunet” option, and 100 iterations. The optimal cluster number was
determined according to the cophenetic, dispersion, and silhouette coe�cients. Gene set variation
analyses (GSVA) were performed with the GSVA R package to investigate the pathways correlated with
the different sarcoma subtypes. The gene sets of “h.all.v7.2.symbols” was downloaded from MSigDB
and used for enrichment analysis.(14) 

Tumor microenvironment analysis

The epithelial-mesenchymal transition (EMT) score was calculated based on the EMT gene signature, as
previously described.(15) Key immune characteristics,(16) including leukocyte fraction, stromal fraction,
SNV neoantigen, Indel neoantigen, T-cell receptor (TCR) Shannon and TCR richness were downloaded
from the website (https://gdc.cancer.gov/about-data/publications/panimmune) and were compared
between distinct ubiquitin-related clusters or between high and low risk groups. Immune in�ltration
analyses were performed using TIMER 2.0 (http://timer.comp-genomics.org/), with the CIBERSORT
algorithm, absolute mode.(17, 18) 

Establishment and evaluation of a ubiquitin-related signature

Univariate Cox analysis and random survival forest analysis were performed sequentially to establish a
ubiquitin-related prognostic signature, as previously described.(15) The risk score was calculated as
follows: risk score = ∑(Ci×Expi); ‘C’ stands for the coe�cient of genes and ‘Exp’ is their expression levels.
All the patients in different cohorts were divided into high and low risk groups, based on their median risk
scores. Time-dependent receiver operator characteristic (ROC) curves were drew to evaluate the
prognostic prediction e�cacy of the signature. 

Sample collection

The study was performed with the approval of the Ethics Committee of Cancer Hospital, Chinese
Academy of Medical Sciences. Specimens of sarcomas were obtained from 50 patients in Cancer
Hospital, Chinese Academy of Medical Sciences. Waiver of informed consent was obtained from the
same committee in consideration of the retrospective nature of the study. 

Immunohistochemistry and quanti�cation

Immunohistochemistry was performed as previously described.(19) The primary antibodies used were
rabbit anti-TRIM21 (dilution 1:200; Proteintech, 12108-1-AP) and mouse anti-CD8 (dilution 1:4000;
Proteintech, 66868-1-Ig). The secondary antibodies were peroxidase labeled anti-rabbit IgG (H+L)
antibody (dilution 1:200; SeraCare, 5220-0336) and peroxidase labeled anti-mouse IgG (H+L) antibody
(dilution 1:200; SeraCare, 5220-0341). The expressions of proteins were quantitated using an H-score, as
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was applied previously.(19, 20) The H-score was recorded as the product of 2 parameters: percent of
positive cells (0: 0-10%, 1: 11%-40%, 2: 41-70%, 3: 71%-100%) and intensity of staining (0=very weak, 1 =
weak, 2 = moderate, 3 = strong). The results were validated by two pathologists (Z.C. and X.F.) who were
blinded to the clinical information of patients. 

Statistical analysis

R software v.3.6.1, GraphPad Prism 8.0, and Stata 16.0 were used to analyze data and plot �gures.
Wilcoxon test and Kruskal–Wallis test were applied for comparisons of two and three groups,
respectively. Univariate Cox regression analyses were performed by the corresponding R packages. The
Kaplan–Meier method and Log-rank tests were used to evaluate the difference of survival outcomes
between different clusters or risk groups with the R package “survminer” and “survival”. A p value < 0.05
(two-tailed) was considered statistically signi�cant.

Results
Identi�cation and characterization of two ubiquitin-related subgroups 

The detailed work�ow was shown in Figure S1. Among 752 URGs, 138 prognostic-related URGs were
identi�ed by univariate Cox analyses (Figure 1A, Table S2). NMF clustering was performed to classify
sarcoma patients based on the expression of 138 URGs using TCGA-SARC. K = 2 was selected as the
best cutoff based on the NMF algorithm, which means that patients from TCGA-SARC were classi�ed into
two clusters (Figure S2). A survival analysis revealed that the overall survival (OS) of patients in cluster 2
was better than that in cluster 1 (p < 0.0001; Figures 1B).  

We further investigated the correlation between the two clusters and clinicopathological features in the
TCGA cohort. The relevance between clinical characteristic and expression levels of the URGs in clusters
1 and 2 are shown in the heat map (Figure 1C). The enriched pathways were also analyzed by GSVA
(Table S3) and the results were shown in a heat map in Figure 1D. We noticed that the EMT pathway was
enriched in cluster 1. Therefore, we calculated the EMT score of the two clusters, and observed a higher
EMT score in cluster 1 (Figure 1E). The results have implicated an activated immune response for cluster
2, which might account for its better survival and was explored in subsequent analyses. 

Characterization of the tumor microenvironment of the two clusters

To understand the characteristics of the immune in�ltration, we performed CIBERSORT. The distribution
of immune cells (listed in Table S4) and its relationship with some clinical parameters of the two clusters
were shown in a heat map in Figure 2A. Speci�cally, cluster 2 was characterized by higher in�ltration
levels of CD8+ T cells, and a higher M1/M2 macrophage proportion (Figure 2B,C). 

We then evaluated the expressions of key immune characteristics (including leukocyte fraction, stromal
fraction, single nucleotide variant neoantigens, indel neoantigens, TCR Shannon and TCR richness) and
major histocompatibility complex (MHC) class II genes. Leukocyte fraction, stromal fraction, TCR
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Shannon and TCR richness were signi�cantly higher in cluster 2 (Figure 2D). Meanwhile, most of the
MHC class II genes were also higher in cluster 2 (Figure 2E).  

We also evaluated the expression of several prominent checkpoints, including CD274, TIGIT, PDCD1,
CTLA4, LAG3, BTLA, and HAVCR2. The expressions of these checkpoints were all signi�cantly higher in
cluster 2 (Figure 2F), indicating the possibility of a better response to immunotherapy for this cluster. 

Establishment and evaluation of a ubiquitin-related signature

From 752 URGs, 59 candidate genes with signi�cant prognostic values (p < 0.01) were identi�ed by
univariate analyses (Figure S3A). Random survival forest analyses were then implemented to narrow the
scope of candidate genes and the top 10 genes ranked by importance were selected for combination
analysis and model construction (Figure S3B). The top 10 combinations with the smallest p values were
shown in Figure S3C. Among them, the combination with the least gene number (LRRC41, RNF125,
TRIM21 and UBE3D) was selected for building the �nal signature. The risk score was calculated using the
following formula: risk score = 0.587057893868294*LRRC41 + (-0.227071632803124)*RNF125 +
(-0.54040867418788)*TRIM21 + 0.418750359339415*UBE3D. The prognostic values of the four genes
were investigated and all of them showed a signi�cant prognostic value in patients from TCGA-SARC
(Figure S3D). 

Further, the prognostic values of the signature was explored in three public datasets. First, the patients in
TCGA-SARC (training cohort) were assigned to a high risk or a low risk group according to the median risk
score (Figure 3A). The survival analysis revealed that patients in the low risk group had signi�cantly
better OS (Figure 3D). The areas under the ROC curve for OS were 0.745 at 2 years, 0.762 at 3 years, and
0.743 at 5 years (Figure 3G). The risk scores were then calculated likewise for patients from two
validation cohorts (Figure 3B for TARGET-OS and Figure 3C for GSE17674), and patients in low risk
groups all had signi�cantly better prognoses (Figure 3E,F). Analyses of the 2-year, 3-year, and 5-year
prognostic prediction abilities indicated that the model had relatively strong robustness and effectiveness
(Figure 3H,I). 

Pathway analyses and tumor microenvironment characterization in different risk groups

We explored the correlations between the clustering system and the signature. Changes in the attributions
of individual sarcoma patients from TCGA-SARC in different clusters, risk subgroups, and survival status
were shown in an alluvial diagram; the diagram showed that cluster 1 patients had the highest proportion
of the high risk subtype and was linked to a higher incidence of fatality (Figure 4A). Correspondingly, the
mean risk score of patients in cluster 1 was signi�cantly higher than cluster 2 (Figure 4B). We then further
investigated the enriched pathways related to the signature. GSEA showed that pathways including
glycolysis, unfolded protein response, MYC targets V2, MYC targets V1, G2M checkpoint, E2F targets were
enriched in the high risk group (Figure 4C). Interestingly, we noticed that hallmark of EMT was also
enriched in the high risk group (Figure 4D). Therefore, differential expressions of EMT-related genes were
explored in the two groups. Among 8 EMT-related genes, 7 were signi�cantly higher in the high risk group,
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while 1 (CDH1) was lower in that group (Figure 4E). Consistently, EMT score was signi�cantly higher in
the high risk group (Figure 4F). We also performed GSVA, which revealed the correlation between risk
score and the known biological processes (Table S5). Interestingly, risk score was negatively correlated
with CD8 T effector pathway, antigen processing machinery, and immune checkpoint (Figure 4G). Based
on this, relative pathways were further explored. 

To further understand the underlying mechanisms, the tumor microenvironment of the two risk groups
was characterized. Firstly, Spearman’s correlation analyses were performed to explore the correlations
between risk score, each signature gene and immune cell in�ltration; a widespread correlation between
the expression of the genes, risk score, and immune cell in�ltration was observed (Figure 5A). Speci�cally,
CD8+T cells and M1/M2 macrophage proportion were signi�cantly higher in the low risk group (Figure
5B,C), which is in line with the GSVA result. Consistent with this, GSEA revealed an enrichment of
hallmark of interferon gamma response in the low risk group and an enrichment of hallmark of TGF beta
signaling in the high risk group (Figure 5D,E). According to the GSVA result, we further tested the major
MHC class II genes, and most of them showed a higher expression in the low risk group (Figure 5F).
Additionally, the expressions of several prominent checkpoint genes in different risk groups were
examined, and signi�cantly higher levels of CTLA4, PDCD1, BTLA, TIGIT, HAVCR2, CD274, LAG3 were
observed in the low risk group (Figure 5G). The results implicated that patients in the low risk group may
have a better response to immunotherapy. 

Analyses for TRIM21 and validation in our cohort

One of the signature gene, TRIM21, is an E3 ubiquitin ligase that is is well known to be involved in innate
immunity and cancer proliferation.(21) Therefore, we further analyzed the potential role of it in sarcomas.
Enrichment analysis showed that hallmark of interferon-gamma response was enriched in patients with
high TRIM21 (Figure 6A). Correlation analysis showed that TRIM21 was positively correlated with several
prominent checkpoint genes such as CD274, LAG3, TIGIT, BTLA, CTLA4, PDCD1, and HAVCR2 (Figure
6B,C). Intriguingly, TRIM21 was also correlated with CD8+ T cells (Figure 6D). To partly validate the above
conclusions, we retrospectively collected the specimens of 50 sarcoma patients from Cancer Hospital,
Chinese Academy of Medical Sciences and performed immunohistochemistry assays to analyze the
expressions of related proteins. The clinical information of these patients has been listed in Table S6. We
analyzed the expressions of TRIM21 and CD8. Signi�cantly, the expression of TRIM21 was positively
correlated with that of CD8 (Figure 6F). We have also analyzed the prognostic values of them, and
observed that a higher expression of TRIM21 was signi�cantly related to better patients’ survival. (Figure
6G). Although the association between a higher expression of CD8 protein and better patients’ survival
was not signi�cant, higher TRIM21 combined with higher CD8 was signi�cantly associated with better OS
(Figure 6H,I). Representative images of IHC were shown in Figure 6E.

Discussion
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Sarcomas are a group of invasive and heterogeneous mesenchymal tumors that have a poor response to
current systemic therapies. The current situation of sarcomas has highlighted the urgent need for models
for risk strati�cation and immunotherapy e�cacy prediction. In this study, ubiquitin-related genes were
integrated to identify different molecular clusters in sarcoma patients and a gene signature was built to
stratify the risk levels of patients with sarcomas.

Based on the prognostic values of the 138 URGs, patients from TCGA-SARC were classi�ed into two
clusters. The survival outcomes, enriched pathways, TME characteristics were distinct between them.
Patients in cluster 2 have better survival, and the enriched pathways identi�ed by GSVA include interferon
alpha response, interferon beta response, complement, indicating an activated immune response. So we
further explored the tumor microenvironment, revealing higher levels of CD8 + T cells and a higher M1/M2
macrophage proportion, higher leukocyte fraction and stromal fraction in cluster 2; also, higher levels of
MHC class II genes and immune checkpoints were observed in this cluster. The results were consistent
with previous research which revealed that the group with higher levels of CD8 + and macrophages was
related to better survival.(22) They were also in line with a previous study, showing that the group with
better survival had higher levels of MHC class II genes.(23) The integrated effects of higher immune
in�ltration, high expression levels of immune parameters, and a lower EMT score, may be responsible for
the worse survival in cluster 1. The effects, together with higher levels of checkpoints, indicated an
immune-in�amed tumor microenvironment for cluster 2, and implicated a higher susceptibility to
immunotherapy.

To accurately evaluate the risk of of individual patients on the ubiquitination basis, a prognostic
signature was developed using four ubiquitin-related genes that were all signi�cantly correlated with the
survival of patients in TCGA-SARC. The signature could effectively distinguish high and low risk patients
from TCGA-SARC, TARGET-OS and GSE17674. Likewise, the enriched pathways, immune in�ltration and
EMT scores were distinct between the two risk groups. Patients in the high risk group were correlated with
lower expressions of most MHC class II genes, lower levels of CD8 + T cells, a lower M1/M2 macrophage
proportion, and lower levels of checkpoints. These patients are also enriched in hallmark of EMT and TGF
beta signaling. Therefore, the above results may have implicated that the ubiquitination-related genes
play a critical role regulating the development of sarcoma and mediating the clinical response to
immunotherapy of these patients.

Among the four genes, RNF125 and TRIM21 were protective, while LRRC41 and UBE3D were risk factors.
Among them, TRIM21 positively regulates the proliferation of osteosarcoma and is involved in the
senescence of it.(8, 24) TRIM21 is also involved in osteosarcoma cell autophagy and subsequent
differentiation.(9) For the other three genes, no relevant studies were reported in sarcomas. However,
some have been reported in other tumors. For example, RNF125 was down-regulated in BRAF inhibitor-
resistant melanomas and participates in the chemoresistance of melanoma to BRAF inhibitors;(25)
LRRC4 could act as an autophagy inhibitor and restores the sensitivity of glioblastomas to
temozolomide; LRRC4 could also inhibit the proliferation of glioblastoma cells via circular RNAs.(26, 27)
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UBE3D has not been reported in tumors yet. These genes may represent novel therapeutic strategies for
sarcoma treatment and further studies are needed to examine the function of them in sarcomas.

The EMT is de�ned as the reprogramming of cells from an epithelial phenotype into a mesenchymal
phenotype and is characterized by the loss of intercellular interaction and a lack of polarity, as well as
increases in extracellular matrix interfaces, for the convenience of invasion and migration.(28) In this
study, we observed that the hallmark of EMT was an enriched pathway in cluster 1 and the high risk
group. Consistently, a higher EMT score was identi�ed in them. Since sarcomas are malignant tumors
arising from mesenchyme, they are already equipped with the mesenchymal phenotypic features and do
not need to undergo the EMT process.(29) A possible explanation is that the metastable phenotype
between the epithelial and mesenchymal stages enables sarcomas to undergo the EMT process under
speci�c conditions, and contributes to their aggressive clinical behaviors.(29) These behaviors then lead
to a worse clinical outcome.

There are some limitations. First, this is a retrospective study, based mainly on publicly available
datasets. Second, the prognostic values of the signature have just been partly veri�ed due to the rarity of
samples, there is no condition for continued or further veri�cation; the prediction for response to
immunotherapy was not validated, either, because of the lack of immunotherapy cohorts. A prospective
study with a large sample size of patients with sarcomas is needed for further external validation. Third,
functional studies are still in need to elucidate the precise roles of ubiquitin-related genes in the
development of sarcomas.

Conclusions
In conclusion, our study established a new classi�cation system for sarcomas based on the expression
pro�les of ubiquitin-related genes, and a prognostic gene signature was built, providing a tool for risk
strati�cation and prognosis management in sarcoma patients. The study has also partly revealed the
correlation between the URGs and the tumor microenvironment in sarcomas, providing clues for future
research.
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Figures

Figure 1

Identi�cation of two ubiquitin-related genes-based clusters with distinct prognoses and biological
processes in sarcomas. A Volcano plot showing univariate analyses of the ubiquitin-related genes in
TCGA-SARC. B Kaplan-Meier survival analyses of patients in different clusters. C Heatmap showing the
expressions of ubiquitin-related genes in patients with different survival status, gender, and age from
TCGA-SARC. D Gene set variation analysis of hallmark pathways in different clusters. E Comparison of
EMT scores in different clusters. TCGA-SARC, The Cancer Genome Atlas sarcoma cohort; EMT, epithelial-
mesenchymal transition.
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Figure 2

Comparison of the tumor environment between two ubiquitin-related genes-based clusters. A Heatmap
showing the abundance of different immune cell types in the two clusters. B-C Comparison of CD8+ T cell
in�ltration levels and M1/M2 macrophage proportions between the two clusters. D Comparison of
leukocyte fraction, stromal fraction, SNV neoantigens, indel neoantigens, TCR stromal, and TCR richness
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between the two clusters. E-F Comparison of antigen presentation-related gene expressions and
prominent checkpoints gene expressions between the two clusters.

Figure 3

Construction and validation of a ubiquitin-related signature in three public datasets. A-C Distribution of
the risk scores of patients in the datasets. D-F Kaplan-Meier survival analyses of patients from different
risk groups in the datasets. G-I Receiver operating characteristic curves assessing the performance of the
signature in the datasets.
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Figure 4

Characterization of patients from different risk groups in TCGA-SARC. A Alluvial diagram depicting
relations of ubiquitin clusters, different risk groups, and survival status. B Comparison of risk scores
between the two clusters. C Gene set enrichment analyses of hallmark pathways in different risk groups.
D Gene set enrichment analyses of the hallmark of EMT pathway in different risk groups. E-F
Comparisons of the expressions of EMT-related genes and EMT scores between the two risk groups. G
Correlations between the signature and the known gene signatures in TCGA-SARC patients. TCGA-SARC,
The Cancer Genome Atlas sarcoma cohort; EMT, epithelial–mesenchymal transition.
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Figure 5

Characterization of the tumor environment between different risk groups. A Correlations between the
in�ltrating immune cells and four signature genes, risk score. B-C Comparisons of CD8+ T cell in�ltration
levels and M1/M2 macrophage proportions between different risk groups. D-E Gene set enrichment
analyses of the hallmarks of interferon-gamma response and TGF-beta signaling in different risk groups.
F-G Comparison of antigen presentation-related gene expressions and prominent checkpoints gene
expressions between different risk groups. 
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Figure 6

Analyses for TRIM21 and validation in an independent cohort. A Gene set enrichment analyses of the
hallmark of interferon-gamma response in TCGA-SARC patients with different TRIM21 expressions. B
Correlations between TRIM21 and prominent checkpoint genes in TCGA-SARC patients. C-D The
correlations between TRIM21 and CD274, CD8+ T cells in TCGA-SARC patients. E Representative
immunohistochemistry images of TRIM21 and CD8 from an alive case (case 1) and a deceased case
(case 2) in our independent cohort. F The correlation between TRIM21 and CD8 in our cohort. G-I Kaplan-
Meier survival analyses of patients strati�ed by TRIM21, CD8, and both TRIM21, CD8 expressions in our
cohort. TCGA-SARC, The Cancer Genome Atlas sarcoma cohort; CHCAMS, Cancer Hospital, Chinese
Academy of Medical Sciences.
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