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Abstract
Background: Soft tissue sarcomas (STSs) are heterogeneous at the clinical with a variable tendency of
aggressive behavior.
Methods: In this study, we constructed a specific DNA methylation-based classification to identify the
distinct prognosis-subtypes of STSs based on the DNA methylation spectrum from the TCGA database.
Results: Eventually, samples were clustered into four subgroups, and their survival curves were distinct
from each other. Meanwhile, the samples in each subgroup reflected differentially in several clinical
features. Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis was
also conducted on the genes of the corresponding promoter regions of the above‐described specific
methylation sites, revealing that these genes were mainly concentrated in certain cancer‑associated
biological functions and pathways. In addition, we calculated the differences among clustered
methylation sites and performed the specific methylation sites with LASSO algorithm. The selection
operator algorithm was employed to derive a risk signature model, and a prognostic signature based on
these methylation sites performed well for risk stratification in STSs patients. At last, a nomogram
consisted of clinical features and risk score was developed for the survival prediction.
Conclusion: In conclusion, this study declares that DNA methylation-based STSs subtype classification is
highly relevant for future development of personalized therapy as it identifies the prediction value of
patient prognosis.

Background
Soft tissue sarcomas (STSs), which arise predominantly from the embryonic mesoderm, are a set of
malignancies that account for 0.73–0.81% of all and 6% of pediatric cancers [1, 2]. In accordance with
the heterogeneity in histopathological features, clinical manifestations, and molecular signature,
approximately 50 different histological subtypes have been discovered within STSs patients [3].
Meanwhile, STSs are commonly presenting as a symptomless mass in almost every part of the human
body, including the retroperitoneum, viscera, and extremities [4, 2], with approximately 50% of five-year
overall survival (OS) [5]. Although STSs have some common morphologic features, its proper diagnosis
and treatment are still challenging for pathologists and physicians due to its extremely variable biology
and genetics and low incidence. Up to now, the most optimal management of STSs is still surgical
resection, although its less successful in the advanced STS in accompany with the high rate of local
recurrence [6, 7]. Consequently, molecular characteristics of these heterogeneous tumors are warranted to
be further explored and new classification systems should be elucidated for providing more potential
prognostic factors in the clinic.
Previously, several genomic and transcriptome data have focused on exploring effective diagnostic or
prognostic markers in STSs, including alternative splicing [8], copy number variation [9], and genes
expression [10]. As one of the core elements in tumorigenesis progression, DNA methylation occurs early
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and frequently in regulating a variety of genomic functions [11–13]. DNA methylation is a
posttranslational modification process, which are selectively occurred on the cytosines of 5′-CpG-3′ to
generates 5-methyldeoxycytidine. The aberrant of DNA methylation, especially in CpG-rich regions (CpG
islands), has been found closely related with physio-pathologic mechanisms underlying an array of
human diseases [14]. Moreover, CpG islands was frequently detected in the promoter regions of the
structural transcription gene [15], and abnormal CpG island hypermethylation of various tumor
suppressor genes and hypomethylation of oncogenes play vital role in carcinogenesis [16, 17]. At present,
as a promising molecular marker of STSs, abnormal DNA methylation appears in early detection,
prognosis prediction, molecular classification [18, 19]. Meanwhile, multiple biological studies have also
clarified that a series of methylations in gene promoter sequences is correlated with the prognosis and
progression of STSs patients [20–22]. Nevertheless, the prognostic value of these aberrantly methylation
sites in STSs subtypes and the complex role of DNA methylation in distinct gene regions are still largely
unclarified and require further validation in the prognostic role of DNA methylation in STSs.
Therefore, in this study, we addressed a classification method by identifying specific prognosis-subtypes
which were based on DNA methylation profiles of STS from TCGA database, which may help to identify
new markers to accurately subdivide STSs patients. Moreover, our classification system provides a more
accurate prediction of clinical behavior and identifies higher risk assessment accuracy for clinicians on
personalized treatments

Materials And Methods

Date pre-processing and initial screening of DNA
methylation sites in STSs
The latest DNA methylation data were downloaded from the Illumina Infinium HumanMethylation450
Bead-Chip array of TCGA Genomic Data Commons application programming interface
(https://portal.gdc.cancer.gov) [14] on April 6th, 2020, which containing a total of 269 STSs samples. The
corresponding clinical and prognostic parameters were acquired from the University of California Santa
Cruz Xena (UCSC Xena; http://xena.ucsc.edu/) [23] on April 5th, 2020, for further methylation profile
matching, ultimately, 258 STSs samples were selected for methylation analysis. Afterward, the RNAsequencing (RNA‐Seq) date included 265 samples were also collected from the TCGA public database
(accessed April 5th, 2020) which was normalized by the DESeq package in R platform [24]. Acquiring and
usage of all data in the current study are following the publication guidelines of TCGA
(https://cancergenome.nih.gov/publications/publicationguidelines).
Moreover, the CpG sites with missing data over 70% from all samples were all removed. The k-nearest
neighbor (KNN) imputation method in the sva R package was utilized to estimate the missing values, with
the further removal of the unstable genomic methylation sites which contained CpG sites in sex
chromosomes and single nucleotide polymorphisms [25]. Subsequently, DNA methylation with strongly
genetic modulation effects was selected for the following exploration based on the annotation between
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CpG sites and gene promoter regions [26], and the promoter region was defined as the 2 kb upstream to
0.5 kb in the transcription start site. Yielding 206,636 methylation sites were obtained for further analysis.

COX Proportional Risk Regression Models regarding
methylation sites
univariate COX proportional risk regression models were constructed with the survival data and every
methylation site by utilizing the survival coxph function R package with the significant threshold was set
as P < 0.001 [27]. Subsequently, the obtained methylation sites were introduced into further multivariate
Cox proportional regression model analysis, where age, gender, tissue or organ of origin, and histological
type were selected as the covariates from the downloaded STSs clinical data, with P < 0.001 set as the
significance threshold. Finally, the CpG sites, which were identified as independent prognostic factors,
were chosen as the classification features.

Consensus clustering of prognosis molecular subtypes and
clinical characteristic analyses
The K-means clustering algorithm in the ConcensusClusterPlus R packet was utilized for consensus
clustering to determine STSs subgroups [28]. In this study, 80% of the STSs samples were carried out 100
times by adopting the resampling method, and Euclidean distance and κ-means algorithm was
calculated to measure the similarity in samples distance and determine the stability and reliability of
classification results, respectively. The optimal cluster number was then determined by using the
cumulative distribution function (CDF) and the delta area plot which should be with relative high
consistency, low variation coefficient, and no obviously increased area under the CDF curve, and the
cluster outcomes were applied for the following clinical characteristics analysis. The pheatmap R
package was generated to construct the corresponding consensus cluster heatmap which was plotted
based on the age, gender, tissue or organ of origin, and histological type of each sample. Afterward, the
overall survival analysis of STSs subgroups was construct by Kaplan–Meier method and log-rank test
with R Bioconductor survival package, and chi-square test was used to comprehensively determine the
associations between DNA methylation clusters and clinical characteristics.

Identification of methylation sites annotated gene
expression and pathway enrichment analysis
DNA methylation at the promoter site can modulate gene expression. In order to investigate the
association of previously obtained CpG sites with gene expression in the classified subgroups,
methylation sites were subjected to genomic annotations to determine the corresponding genes, and
then, these genes were identified for plotting the expression profile heat map. Meanwhile, to explore the
biological terms of specific gene lists, GO and KEGG was performed for enrichment analysis based on the
ClusterProfiler R package [29], where a P < 0.05 was set as the cut-off criteria. And all three aspects of GO
analysis were included for providing gene function, including, biological process (BP), cellular component
(CC), and molecular function (MF).
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Screening of intragroup-specific methylation sites, and
prognosis prediction model construction
To identify the differences among the clustered methylation sites, Kolmogorov-Smirnov tests were
applied for each CpG site to determine its different distribution in the methylation level [30], and the
thresholds set at log2(fold change (FC)) > 1 and false discovery rate (FDR) < 0.05 were indicated as the
significant difference. Furthermore, the heatmap corresponding to the differential frequency of every CpG
site in each subgroup was further detected by ComplexHeatmap R package. In this exploration, the
specific methylation sites in Cluster1 with a great number of specific CpG sites and the best prognosis
were selected for the prognostic model construction. From this, the least absolute shrinkage and selection
operator (LASSO) algorithm was developed to construct a potential risk signature, finally, 13 methylation
sites were contained in the model. The formula of risk score was calculated as follows: (see Equation 1 in
the Supplementary Files)
Based on the LASSO model, patients were categorized into high or low risk group, and the overall survival
analysis and clinical relevance of STSs samples at high and low risk were also generated as we
described before. Furthermore, the survivalROC packet in R Program was calculated to verify the stability
and reliability of the model [31], and Univariate and multivariate Cox regression analyses were counted to
validate the predictive accuracy of the clinical characteristics and risk score.

Construction a predictive nomogram
To provide an application tool for predicting STSs clinical outcome, the nomogram incorporated with age,
gender, tissue or organ of origin, histological type, and risk score was plotted by using R package [32].

Results

Characteristics of DNA methylation sites based on the
prognosis results of STSs
To cluster the STSs prognostic subtypes, a total of 485,577 CpG sites were successfully downloaded
from the TCGA methylation 450 k database in 269 STSs samples. After removing the missing values, sex
chromosomes and single-nucleotide polymorphisms, batch effects, methylation sites not located in the
gene promoter regions, and samples with insufficient information, univariate Cox proportional hazards
regression model was conducted to each methylation site in accompanied with the survival data, and
2,693 CpG sites were identified as significant survival correlated methylation sites (p < 0.001).
Furthermore, these significant CpG sites were then introduced into the multivariate Cox proportional risk
regression models. As a result, 1,445 intersected independent prognostic CpG sites between two analysis
were chosen for the further prognosis analysis, and top 20 CpG sites were revealed in Table 1.
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Table 1
The top 20 most significantly different methylation sites regarding
prognosis.
CpGs

HR

Lower 95% CI

Upper 95% CI

P

cg09347923

1.17E + 04

8.79E + 02

1.57E + 05

1.37E-12

cg00579036

4.92E + 02

7.91E + 01

3.06E + 03

3.02E-11

cg07058109

1.12E + 03

1.36E + 02

9.29E + 03

7.15E-11

cg16174121

1.58E + 02

3.44E + 01

7.27E + 02

7.93E-11

cg19357499

2.01E + 01

7.89E + 00

5.12E + 01

3.20E-10

cg19112957

1.56E + 02

3.21E + 01

7.57E + 02

3.70E-10

cg08508337

9.85E + 00

4.81E + 00

2.02E + 01

3.85E-10

cg07691531

2.61E + 01

9.34E + 00

7.28E + 01

4.80E-10

cg11491074

1.04E + 05

2.59E + 03

4.18E + 06

8.79E-10

cg22982767

6.23E + 01

1.64E + 01

2.36E + 02

1.25E-09

cg26132723

1.42E-03

1.70E-04

1.18E-02

1.34E-09

cg22271305

1.21E + 02

2.56E + 01

5.72E + 02

1.40E-09

cg12213680

2.11E-02

6.01E-03

7.42E-02

1.77E-09

cg10662943

1.77E-02

4.64E-03

6.77E-02

3.71E-09

cg19912470

3.00E-03

4.32E-04

2.09E-02

4.35E-09

cg17133388

9.94E + 05

9.75E + 03

1.01E + 08

4.84E-09

cg19853703

4.85E + 01

1.32E + 01

1.79E + 02

5.13E-09

cg08588180

1.13E + 04

4.75E + 02

2.69E + 05

7.83E-09

cg04217927

1.13E + 02

2.25E + 01

5.68E + 02

9.47E-09

cg12818699

4.38E-02

1.48E-02

1.30E-01

1.56E-08

Abbreviations: CI, confidence interval; HR, hazard ratio.

Consensus clustering of STSs identified prognosis subtypes
by characteristic DNA methylation sites
To obtain the optimal cluster subtypes, the obtained 1,445 CpGs sites of 258 STSs samples were
employed for the Consensus clustering, and the intercluster variation coefficient and average cluster
consistency were both calculated for the number of each cluster. As shown in Fig. 2A and B, the area
under the CDF curve tended to be stable after 4 clusters. Meanwhile, according to the result of consistent
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clustering (Fig. 3A), Cluster 4 had a stable clustering result with small variation coefficient, and there were
no extremely small sample sizes in Cluster 4. Therefore, k = 6 was regarded as the optimal cluster number
for the subsequent analysis.
Heatmap annotated by labels of clinical characters was generated corresponded to the DNA methylation
classification (Fig. 3B). It was discovered that most CpG sites had high abundance in each sample,
besides, the DNA methylation profiles of the 4 categories were obviously different, while Cluster 3 has the
lowest methylation level and Cluster 1 has the highest methylation level.

Clinical characteristics with DNA methylation clustering
Kaplan–Meier and log-rank tests showed that the patients in four different molecular subtypes showed a
significant diversity OS (Fig. 4A). Among them, Cluster 1 had the best survival rate, whereas Clusters 2
and 3 had a dismal prognosis, indicating that lower DNA methylation levels may be connected with the
poorer OS in STSs patients. Indeed, these four molecular subtypes were also found significantly related to
some clinical characteristics of each sample. As shown in Fig. 4B, Cluster 1 was highly enriched with age
< = 65, and more older patients were enriched in Cluster 2 and 3. Meanwhile, Fig. 4D indicated Cluster 1
had more leiomyosarcoma and dedifferentiated liposarcoma, Cluster 3 had more fibromyxosarcoma and
undifferentiated sarcoma. Figure 4E implicated more sarcoma in Clusters 1 and 2 were original sited in
retroperitoneum, and sarcoma in Clusters 3 and 4 were mainly enriched in connective, subcutaneous and
other soft tissues. Figure 4C demonstrated no difference in gender among these four subgroups. These
results indicate that these DNA methylation profiles could serve as prognosis markers to better
understand the OS of STSs patients, more importantly, they may also demonstrate as clinical biomarkers
for some clinical features prediction.

Identification of CpGs corresponded genes and pathway
enrichment analysis
The 1,445 methylation sites in each subtype were subsequently subjected to genomic annotations and
1,268 corresponded genes were identified, meanwhile, the expression profile of thus CpG sites associated
genes were also extracted for plotting a heat map. As shown in Fig. 4F, each subgroup displayed a
variation in the gene expression levels, which indicating a partial consistency between the methylation
modifications and their corresponding genes expression.
The enrichment analysis of corresponding gene functions by GO and KEGG enrichment were the
conventional means to investigate the molecular mechanism of these pathogenesis methylation sites in
STSs. The KEGG enrichment suggested that these genes were enriched in 16 KEGG pathways, especially
belonged to Olfactory transduction (Fig. 5D). GO enrichment analysis also draw the conclusion that these
genes were mainly related to Olfactory-related biological processes, like olfactory receptor activity,
sensory perception of smell, and cellular component of synaptic and postsynaptic membrane (Fig. 5A-C).
In addition, these genes were also closely correlated with tumors progression, such as Cell adhesion
process, apoptosis, SMAD pathway, phosphatidylinositol 3 − kinase (PI3K) pathway, intermediate filament
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cytoskeleton formation, and so on. These results indicated that the CpG sites in this study were related
with Olfactory transduction and tumors progression of STSs.

Identification of specific DNA methylation sites and
prognosis model construction
To find the specific methylation sites, the differences of the 1,445 CpG sites in STSs subgroups were
further compared, resulting in 232 CpGs were identified as cluster specific methylation sites. The heat
map declared in Fig. 6A revealed that the most of the specific methylation sites were located in Clusters 1
and 3, and the most of which in Cluster 1 were hypomethylated sites as compared with other subgroups
(Fig. 6B). In addition, result of Cluster 1 was connected with the best prognosis among all clusters, so the
specific CpG sites in Cluster 1 were selected for the further construction. However, due to a large number
of CpG sites in Cluster 1 (81 CpG sites) was not good for clinical prediction, thus, the LASSO algorithm
was employed for the specific CpG site range shrinkage (Fig. 7A and B). Consequently, 13 CpG sites were
selected for the calculation of risk score, and all STSs patients were separated into low- and high-risk
groups. As Survival analysis indicated in Fig. 7D, the OS of STSs samples was gradually decreased with
an increased risk score, which declared that this predicting model was significantly correlated with the
prognosis of STSs patients. And Fig. 7D also discovered that most of the methylation levels were
increased in high-risk subgroup, except methylation sites cg15094605 and cg27321439.

The evaluation of prognosis prediction model
Overall, the predictive accuracy and stability was also analyzed to determine the function of the
prognostic prediction model. As shown in Fig. 7C, there was a significant inverse correlation between the
OS and risk valuation, indicating the remarkably better prognosis of low-risk samples as compared with
the higher one. And the area under the ROC curve all reached over 0.79 revealed the prediction model was
quietly precised to predict one-, three-, and five-year survival rates for STSs patients (Fig. 8B).
Furthermore, the heatmap revealed the expression of the 13 specific CpG sites in each group (Fig. 8A),
and there were significant differences between the two prognosis model groups with respect to age,
tissue or organ of original, and histological type. The nomogram is another application tool for predicting
clinical outcomes. In this exploration, the nomogram of risk score and others clinical characters showed
that risk score will contribute to the most points in the model, compared to other traditional clinical
parameters (Fig. 8E). These results indicated that this prognostic predictor showed great promise for
predicting STSs outcomes and clinical features.
To determine whether the risk signature was the independent prognostic factor, the univariate and
multivariate Cox regression analyses were also performed in the next exploration (Fig. 8C and D). In the
univariate analysis, the risk score and age were both showed obviously connected with the STSs
prognosis, and similar results were also discovered in the multivariate analysis, thus indicating that the
risk score from specific CpG sites could be identified as an independently prognosis feature in STSs.
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Discussion
STSs is a rare group of malignancies with 50 histological subtypes and performs differing in behavior,
biology, and sensitivity to treatment [33]. However, therapies for each subtype remains similar in situ
STSs that surgical resection is the main method and supplemented with radiotherapy [2]. The application
of appropriate biomarkers is critical in tumor biology for prediction or risk stratification. For example,
genotyping methods based on genomics have been widely used to classify tumors, thus conducting the
clinical trials. Recent studies have confirmed that DNA methylation provide insights into various tumor
early diagnosis, molecular classification, and precise treatment [34, 14, 30]. Meanwhile, aberrant DNA
methylation has been regarded as one of the hallmarks of cancer tissues [35, 36], alterations in DNA
methylation also play a virtual role in the progression and development of STSs [20, 21]. In addition, S.
Peter Wu et all had confirmed that methylation-based classifier could be used to provide diagnostic
assistance in bone sarcoma [18]. Therefore, we carried out this discovery to indicate the potential
application of DNA methylation in STSs epigenomes classification. The TCGA database is a publicly
available resource that contains more than 30 large cohorts of human tumors with a comprehensive
multidimensional analysis [37], these large sample sizes are absolutely the basis for us to provide an indepth understanding of the etiology of STSs. In this study, the whole genome DNA methylation sites
corresponding to 269 STSs samples were also obtained from TCGA database and methylation sites in
the gene promoter regions were first applied to select the prognosis associated CpG sites. Four specific
prognosis subgroups, classified by 1,445 intersected independent prognostic CpG sites, were developed
to present a molecular stratification for individual tumors, which has the significance of making
therapeutic decisions and exploring the biological mechanisms involved in the progression of RCC.
STSs is not only a heterogeneous tumor, but also has been found presenting in almost every part of the
human body, and patients with different histological types are significantly distinct in clinical outcomes.
Thus, analysis combined with the comprehensive clinical characteristics, such as age, gender, tissue or
organ of origin, and histological, might effectively improve the accuracy of prognosis in STSs patients
[38]. In this study, the distribution of the disease-specific OS in these 4 distinct prognostic subtypes of
STSs was seemed to be predicted, as well as original sites, histological classification, age, and gender
distribution. As the results suggested, the survival curves of these 4 specific subgroups were distinct from
each other. Meanwhile, our classification scheme also provided an accurate diagnosis for individual
tumors. For example, while patients were assigned to Cluster 1, they were found to have high chances to
be diagnosed as leiomyosarcoma primary from retroperitoneum and connected with better prognosis,
and these results might prompt clinicians to re-evaluate the treatment for STSs patients. Conclusion, our
classifications of 4 subtypes based on the DNA methylation sites can classify STSs more accurately and
guide clinicians in terms of clinical diagnosing, treating strategies and prognostic judgment of different
STSs patients.
Previous researches have reported that CpG island methylation was shown to promote carcinogenesis by
disrupting the function of tumor suppressor genes or oncogenes [39]. Furthermore, it is also verified that
the hypomethylation of hub genes was significantly correlated to tumor proliferation and metastasis [40].
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In terms of tumor progression, methylation has also been identified significantly associated with multiple
biological processes and signaling pathways in cancers, including tumor stem cell growth [41], selfrenewal [42], ultraviolet-induced DNA damage response [43], focal adhesion pathway [30], and so on. So,
for comprehensively evaluating the mechanism of DNA methylation sites in STSs progression, the
enrichment analysis of CpG sites corresponded genes was also applied in this study. Based on the gene
expression profiles and CpG sites on 4 subgroups of STSs, we found that the levels of gene expression
and DNA methylation were consistent, which revealed that methylation sites might affected the
pathogenesis of STSs through modulating the expression of corresponded genes. Furthermore, the
functional analysis discovered that these annotated genes were enriched in several biological processes
and signaling pathways, like Cell adhesion process, apoptosis, SMAD pathway, phosphatidylinositol 3 −
kinase (PI3K) pathway, intermediate filament cytoskeleton formation, and others. All of these biological
processes and signaling pathway has been declared significantly correlated with tumorigenesis and
progression [44–46]. These explores could provide clues to emphasize the relationship between these
specific methylation sites and STSs biological processes and signaling pathways.
Moreover, in this study, we identified whether these specific methylation sites could be used at the
prognostic level and followed by the construction of a STSs prognostic prediction model. Eventually, we
focused on the differential CpG sites among 4 clusters and developed a novel thirteen methylation sites
for prognostication. The constructed risk model was determined with a robust prognostic value and
demonstrated to be an independent prognostic factor for STSs. In addition, the risk score was also
confirmed with a major advantage of its biological implications for predicting STSs intrinsic histological
subtypes and its original sites. A similar scenario was also observed in the nomogram analysis that risk
signature played a virtual role in predicting the OS of STSs, which may be caused by the intensive
correlation between the risk signature and STSs pathogenesis.

Conclusion
In conclusion, our research identified a new classification of STSs into four different prognosis
subgroups based on the DNA methylation data. This classification will help to provide more accurate
subdivision of STSs and facilitate clinicians to choose a more individualized treatment. Furthermore, the
specific CpG sites and corresponding genes in each epigenetic subtype can be used as biomarkers for
early diagnosis, precise prognosis prediction, and biological processes and signaling pathways
exploration. Most importantly, our study provides a framework to construct a novel classification of
molecular subtypes associated with specific tumors.

Abbreviations
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Figure 1
Flowchart describing the schematic overview of the study design.
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Figure 2
Consensus clustering of DNA methylation-based prognostic subgroups. (A) The consensus among
clusters for each category number k. (B) Delta area curve of consensus clustering, which indicates the
relative change in the area under the cumulative distribution function (CDF) curve for each category
number k compared with k‐1. The horizontal axis represents the category number k and the vertical axis
represents the relative change in the area under the CDF curve.
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Figure 3
Cluster Analysis of 4 subtypes with the corresponding heat map. (A) The heat map corresponding to the
consensus matrix for 4 molecular subtypes obtained by applying consensus clustering. (B) The heatmap
corresponding to the dendrogram in the figure A, which was generated using the pheatmap function in R
with DNA methylation classification, age, gender, histological type, and tissue or organ of original as the
annotations.

Figure 4
Characterization of different features between each DNA methylation cluster. (A) The survival curves of
each sub-clusters indicate the prognostic differences among STSs patients. The distribution of age (B),
gender (C), histological type (D), and tissue or organ of original (E) in each DNA methylation subgroups.
(F) The heatmap of methylation sites annotated genes distribution in 4 DNA methylation clusters.
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Figure 5
Functional enrichment analysis of methylation sites annotated genes. (A-C) Top 30 classes of GO
enrichment terms in biological process (BP), cellular component (CC), and molecular function (MF). (D)
KEGG enrichment analysis of CpG sites. In each bubble plot, the size of the dot represents the number of
enriched genes.
Page 18/22

Figure 6
The specific CpG sites for each DNA methylation cluster. (A) The distribution of specific methylation sites
in each DNA methylation prognostic subtype. (B) The boxplot based on the specific methylation sites in
Cluster 1 for comparison the methylation level in each subgroup.
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Figure 7
Construction of the prognosis prediction model by LASSO. (A) The changing trajectory of each
independent variable. (B) Confidence intervals for each lambda. (C) The Kaplan–Meier overall survival
curves were assigned to compare the prognostic difference based on the risk score. (D) The relationship
between the methylation profile, overall survival, and risk scores.
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Figure 8
Verifying the prognostic value of prediction model for patients with STSs. (A) The heatmap shows the
distribution of clinicopathological features and specific methylation sites expression level in the low- and
high-risk groups. *P < 0.05 and **P < 0.01. (B) ROC curves showed the predictive efficiency of the risk
signature on the one-, three-, and five-year survival rate. Univariate (C) and multivariate (D) Cox regression
analysis of the relationship between clinicopathological features (including the risk score) and overall
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survival of STSs patients. (E) Nomogram of risk score and other clinical factors for STSs 1-, 3-, and 5-year
event prediction
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