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a b s t r a c t

Objective: Uterine sarcoma (US) is a highly malignant cancer with poor prognosis and high mortality.
This study focused on the identification of a RNA-Seq expression signature for prognosis prediction in
uterine sarcoma.
Methods: We obtained RNA-Seq expression profiles from The Cancer Genome Atlas database, and
differentially expressed genes were identified between US tissues and normal tissues. Univariate Cox
proportional hazards regression analysis and LASSO Cox model were performed to identify and construct
the prognostic gene signature. Time-dependent receiver operating characteristic, Kaplan-Meier curve
and multivariate Cox regression analysis were used to assess the prognostic capacity of the six-gene
signature. The nomogram was developed including prognostic signature and independent clinical fac-
tors to predict the overall survival (OS) of US patients. The functional enrichment and somatic mutation
analysis were also analyzed by bioinformatics to understand the molecular mechanisms.
Results: This study identified a prognostic signature based on 6 genes: FGF23, TLX2, TIFAB, RNF223,
HIST1H3A and AADACL4. In the training group, the median OS in the high- and low-risk groups was 19.6
vs 88.1 months (HR, 0.1412, 95% CI: 0.03295 - 0.6054; P ¼ 0.002), respectively. In the testing group, the
median OS in the high- and low-risk groups were 30 vs NR (not reach) months (HR, <0.0001, 95% CI: 0 -
inf; P ¼ 0.03). In all of patients, the low-risk group showed significant better survival compared with the
high-risk group in OS, PFI, DSS and DFI. The nomogram based on the gene signature and radiation
therapy was developed and successfully predicted the OS of US patients. The patients in the high-risk
group displayed distinct mutation signatures comparing to patients in the low-risk group. Functional
enrichment analysis indicated that the signature can play a vital role in cancer-related biological
processes.
Conclusion: Our study established a novel 6-gene signature and nomogram which could improve
prognosis prediction in patients with US.

© 2019 Elsevier Inc. All rights reserved.
1. Introduction

Uterine sarcoma (US) is a rare, aggressive and lethal gyneco-
logical cancer in women of all ages that accounts for 3-7% of all
uterine cancers, presenting a higher incidence in women between
50 and 70 years old [1e3]. Uterine sarcomas include leiomyo-
sarcoma, carcinosarcoma, and endometrial stromal sarcoma
), mahuab@163.com (H. Ma).
ork.
according to the common histological types [4]. The prognosis of
uterine sarcomas remains poor. The 5-year survival rate varies from
50e55% of early US and 8e12% for advanced US [5]. Regardless of
which therapy can be used for uterine sarcoma, the response to
treatment is unsatisfactory [6]. Further insights are desperately
needed to predict the outcome of uterine sarcomas to improve the
5-year survival rate.

As of yet, uterine sarcomas have numerous characteristics that
are validated as prognostic elements, including tumor staging, age
and necrosis [7e9]. However, these clinical characteristics could
not effectively distinguish between patients with high or low sur-
vival rates and do not predict which patients are likely to benefit
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from therapy. Dysregulated RNA plays a leading role in the occur-
rence and progression of malignant tumors, suggesting prognostic
model-based RNA-Seq expression profiles can be used as prog-
nostic signatures in US. Thus, there is a need to construct a prog-
nostic signature that can predict overall survival (OS) in US. In the
age of genomics, several researchers conducted studies to develop a
gene expression signature associated with the general survival of
patients with various cancers [10e14]. However, there are pres-
ently no RNA-seq-based prognostic signatures for uterine sarcoma.

In this study, we developed an individualized RNA-seq-based
prognostic signature that uses the least absolute shrinkage and
selection operation (LASSO) Cox regression model to predict the
survival rate of US patients in the training group and then validated
the prediction accuracy of this model in the testing group.

2. Materials and methods

2.1. Clinical data sources

We downloaded the RNA sequencing (RNA-seq) expression pro-
files and clinical information from The Cancer Genome Atlas (TCGA)
data portal (http://cancergenome.nih.gov/) and the Genotype-Tissue
Expression project (GTEx) (http://commonfund.nih.gov/GTEx/),
which contained data from 57 US tissues (2 without follow-up data)
and 78 normal tissues from US patients (Supplementary Table S1).
This study met the publication guidelines provided by TCGA (http://
cancergenome.nih.gov/publications/publicationguidelines).

2.2. Searching strategy

PubMed (http://www.ncbi.nlm.nih.gov/pubmed) was searched
to find articles related to prognostic signatures in US using “prog-
nostic [Title/Abstract] AND signature [Title/Abstract] AND uterine
[Title/Abstract] AND sarcoma”, which suggested there is no prog-
nostic signature that had been developed in US yet.

2.3. Differentially expressed gene analysis

To select differentially expressed genes (DEGs) associated with
the development of US, genes between tumor tissues and normal
tissues were analyzed by using the R software edgeR package [15]
(http://bioconductor.org/packages/edgeR/) according to the pa-
rameters j Log2-fold change j <1 and P-value � 0.05.

2.4. Developing and validating the RNA-seq-based prognostic
model

Considering the generally unfavorable outcomes of US, we chose
OS as the primary endpoint, progression-free interval (PFI),
disease-specific survival (DSS) and disease-free interval (DFI) as the
secondary endpoints [16]. Then we acquired all clinical data from
the TCGA database. Next, the relationship between genes and pa-
tient OS was studied by univariate Cox proportional hazards
regression analysis. Prognosis-associated genes were selected if j
Log2-fold change j <1 and P-value<0.05. DEGs associated to a great
extent with the OS of US patients were included in a LASSO Cox
proportional hazards regression model to minimize overfitting in
the training group with 50,000 bootstrapping repetitions con-
ducted by the R package. Prognosis-associated DEGswith a nonzero
coefficient were selected to build a prognostic signature. The
prognostic value of the prognostic signature was further validated
in the testing set. The patients in the training and testing groups
were divided into high-risk and low-risk groups according to the
median risk score calculated based on the signature. Hazard ratios
(HRs) and 95% confidence intervals (95% CIs) were calculated.
Kaplan-Meier analysis with the log-rank test for the difference was
performed by the R package survival.

2.5. Nomogram

To evaluate the prognostic value of the risk score calculated by
the signature and other clinical variables, univariate and multi-
variate Cox proportional hazards analyses for OS and PFI were
performed, including the genetic risk score and the conventional
clinicopathologic variables. The nomogram consisted of indepen-
dent prognostic factors that were constructed by rms R package.
The time-dependent receiver operator characteristic (ROC) area
under the curve (AUC) values was drawn by timeROC package
(version 0.3) [17]. The patients with US were divided into high- and
low-risk groups as 1:1 according to the risk score calculated by the
nomogram.

2.6. Functional enrichment and somatic mutation analysis

Functional enrichment analysis (gene ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) analysis) of the prog-
nostic signature was performed using the bioconductor package
clusterprofiler [18]. Somatic mutation analysis was performed using
the maftools packages for visualization and summarization of Mu-
tation Annotation Format (MAF) files [19]. The Fisher's exact test was
used to identify the differentially muted genes. The plotmafSum-
mary function was used to plot the summary of the MAF file, which
displays a number of variant types and classifications. The oncoplot
function was used to plot OncoPlot of the top ten mutated genes.

2.7. Statistical analysis

DEGs were defined as an absolute fold change larger than 1 with
an adjusted P-value less than 0.05. The Cox proportional hazards
model was performed to determine which gene was an indepen-
dent prognostic factor associated with survival. The overall survival
curves were estimated by the Kaplan-Meier method and compared
statistically by the log-rank test. The interactions between RNA-seq
expression and clinicopathologic features were tested by Student's
t-test for two groups or by one-way ANOVA test for more than two
groups, and clinicopathologic features were compared by x2 tests
or Wilcoxon tests. The area under the curve (AUC) of the receiver
operating characteristic (ROC) curve was used to identify the op-
timum values for the signature to predict survival [20]. All analyses
were performed using R (version 3.3.1) and Bioconductor [21].

3. Results

3.1. Baseline characteristics

Two of the 57 US samples did not have complete survival data,
and we removed these cases. In all, 55 US samples from gene
expression RNAseq - HTSeq - Counts and 78 normal samples from
the GTEx dataset were included for the identification of DEGs. Fifty-
five patients diagnosed with US were randomized into training
(n ¼ 39) and testing (n ¼ 16) groups. The median (interquartile
range) follow-up was 22.23 (95% CI: 18.33-27.57) months. Overall,
34 (61.82%) patients died from disease. Theworkflowof our study is
presented in Supplemental Fig. S1. Table 1 shows the baseline
characteristics of the cohort.

3.2. Identification of DEGs

We initially compared the transcriptomes of 55 US samples with
78 controls. A total of 10,466 DEGs from gene expression RNAseq -
HTSeq - Counts, including 7,632 upregulated genes and 2,834
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Table 1
Baseline characteristics of US patients.

Features Training Testing P-value

N 39 16
Age 1
� 65 11 (28.21%) 5 (31.25%)
>65 28 (71.79%) 11 (68.75%)

Stage 0.769
I þ II 17 (43.59%) 8 (50.00%)
III þ IV 22 (56.41%) 8 (50.00%)

Histological Type 0.079
Heterologous 15 (38.46%) 5 (31.25%)
Homologous 6 (15.38%) 7 (43.75%)
NOS 18 (46.15%) 4 (25.00%)

Hormone therapy 1
No 16 (80.00%) 11 (78.57%)
Yes 4 (20.00%) 3 (21.43%)

Hypertension 0.214
No 13 (37.14%) 9 (60.00%)
Yes 22 (62.86%) 6 (40.00%)

Icd 10 0.543
C54 26 (66.67%) 9 (56.25%)
C55 13 (33.33%) 7 (43.75%)

Oct embedded 0.733
FALSE 10 (27.78%) 5 (35.71%)
TRUE 26 (72.22%) 9 (64.29%)

Peritoneal wash 0.432
Negative 20 (71.43%) 5 (55.56%)
Positive 8 (28.57%) 4 (44.44%)

Postoperative rx tx 0.533
[Discrepancy] 1 (2.70%) 0 (0.00%)
No 13 (35.14%) 3 (18.75%)
Yes 23 (62.16%) 13 (81.25%)

Primary therapy outcome success 0.174
CR 18 (54.55%) 12 (85.71%)
Partial Remission/Response 2 (6.06%) 1 (7.14%)
PD 12 (36.36%) 1 (7.14%)
Stable Disease 1 (3.03%) 0 (0.00%)

Rdiation Therapy 0.685
[Discrepancy] 1 (2.70%) 0 (0.00%)
No 18 (48.65%) 10 (62.50%)
Yes 18 (48.65%) 6 (37.50%)

Residual tumor.x 0.224
non-R0 19 (54.29%) 5 (33.33%)
R0 16 (45.71%) 10 (66.67%)

Surgical approach 0.754
Minimally Invasive 22 (62.86%) 8 (57.14%)
Open 13 (37.14%) 6 (42.86%)

System version 0.093
1988 7 (17.95%) 0 (0.00%)
2009 32 (82.05%) 16 (100.00%)

Tissue prospective collection indicator 1
No 23 (58.97%) 10 (62.50%)
Yes 16 (41.03%) 6 (37.50%)

Vital status 0.36
Deceased 26 (66.67%) 8 (50.00%)
Living 13 (33.33%) 8 (50.00%)

Survival status 0.36
Dead 13 (33.33%) 8 (50.00%)
Alive 26 (66.67%) 8 (50.00%)

Abberivations: NOS, not otherwise specified; CR, complete response; PD, progres-
sive disease.
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downregulated genes, were identified as being statistically signif-
icant between US tissues and normal tissues (j Log2-fold change
j < 1, P-value � 0.05) (Fig. 1A; Supplementary Table S2). Then, 4674
genes were normalized using FPKM (Fragments Per Kilobase of
transcript per Million mapped reads). Next, 714 protein coding
genes were annotated using the gencode. v22. annotation.gtf file
(http://www.gencodegenes.org/). Relative expression values for the
top 50 DEGs between US tissues and normal tissues were illustrated
in Fig. 1B and C, indicating substantial individual variation of the
transcripts. We then developed univariate Cox proportional haz-
ards regression analysis to select 7 prognosis-associated genes us-
ing data from gene expression RNAseq - HTSeq - FPKM, which were
statistically significantly correlated with OS (P-value < 0.01). The
patients with US were randomly divided into the training set
(n ¼ 35) and validating set (n ¼ 16) as 7:3. LASSO Cox proportional
hazards regression methods were used in the training set, and 6
survival-related genes were identified with the highest frequency
of being selected by the method among 500,000 bootstrap repli-
cates as follows: FGF23, TLX2, TIFAB, RNF223, HIST1H3A and
AADACL4, which all reached statistical significance (P < 0.05).
3.3. Prognostic signature model development and validation based
on RNA-seq

After LASSO regularization and gene selection, a prognostic
signature model was established by LASSO proportional hazards Cox
regression analysis. Our prognostic signature model obtained from
the training cohort found that risk score¼ (-0.028376892 �
expression score of FGF23) þ (0.137019893 � expression score of
TLX2) þ (-0.044655391 � expression score of TIFAB) þ (-
0.08820314 � expression score of RNF223) þ (-0.020606389 �
expression score of HIST1H3A)þ (0.049295477� expression score of
AADACL4). In this model, TLX2 and AADACL4 were positive co-
efficients, and others were negative coefficients. The results showed
that patients with high expression of TLX2 and AADACL4 suffered
from high survival. Nevertheless, patients with high expression of
other genes had low survival.

Then, the risk score for every patient based on our prognostic
signature model was calculated. The patients in the training and
testing groups were separated into high-risk and low-risk sub-
groups by themedian cut-off value of the training group to evaluate
the prognostic value of the risk score by performing survival
analysis.

The Kapan-Meier survival curve resulting in the training and
testing groups suggested the same results: US patients with low-
risk scores had much better OS than US patients with high-risk
scores (P < 0.0001). The median OS for all patients in the two
groups were 27 (95% CI: 18.36 e 35.6) months. In the training
group, the median OS for the high- and low-risk groups were 19.6
(95% CI: 13.7 e 26.6) vs 88.1 (95% CI: 52.3e NR (not reach)) months
(HR, 0.1412, 95% CI: 0.03295 - 0.6054; P ¼ 0.002), respectively
(Fig. 2A). In the testing group, the median OS in the high- and low-
risk groups were 30 (95% CI: 12.4 - NR) vs NR (95% CI: NR - NR)
months (HR, <0.0001, 95% CI: 0 - inf; P ¼ 0.03), respectively
(Fig. 2C).

The 6-gene prognostic signature's sensitivity and specificity for
predicting survival were plotted in a time-dependent ROC curve to
assess the risk score's ability to predict survival condition. In the
training group, the AUC values for 12-, 36- and 60-month OS pre-
diction were 0.881, 0.864 and 0.829, respectively (Fig. 2B). In the
testing group, the AUC values for 12-, 36- and 60-month OS pre-
diction were 0.971, 0.849 and 0.854, respectively (Fig. 2D). These
results indicated that the 6-gene prognostic signature can predict
the prognosis of US patients.
3.4. Risk score distribution in the training and testing groups

The distribution of patient risk scores in the training group, the
survival status and RNA-seq expression of 39 US patients were
shown in Fig. 3A, B, 3C and ranked according to the 6-gene prog-
nostic signature. Fig. 3A showed patients sorted based on risk score,
with yellow indicating patients with a risk score below the median
and blue indicating those with a risk score above the median.
Fig. 3B showed that patients who had high-risk scores were in-
clined to express hazardous genes, while patients with low-risk
scores were inclined to express protective genes. The death rate
of patients with high-risk scoreswas higher than in thosewith low-

http://www.gencodegenes.org/


Fig. 1. Identification of the prognostic gene signatures in the dataset. (A) Volcano plot of the survival-associated genes in univariate Cox regression analysis. (B) Principal component analysis (PCA) of the top 50 DEGs between US tissues and
normal tissues. (C) Heatmap of the top 50 DEGs between US tissues and normal tissues.
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risk scores (Fig. 3C). Additionally, we observed similar results in the
testing group (Fig. 3D, E and 3F).

3.5. Survival analysis between high- and low-risk groups according
to the 6-gene signature

The 6-gene signature could assign US patients into high-group
(n ¼ 42) and low-risk group (n ¼ 13) (Supplementary Table S3).
We found that the patients in the low-risk group showed signifi-
cant better survival compared with the patients in the high-risk
group in OS (HR, 0.0929, 95% CI: 0.022 - 0.393; P < 0.0001;
Supplementary Fig. S2A), PFI (HR, 0.196, 95% CI: 0.0682 - 0.563;
P < 0.0001; Supplementary Fig. S2B), DSS (HR, 2.37e-09, 95% CI: 0-
inf; P < 0.0001; Supplementary Fig. S2C) and DFI (HR, 0.0129, 95%
CI: 0.015 - 0.99; P¼ 0.02; Supplementary Fig. S2D) (Supplementary
Table S4).

3.6. The 6-gene signature was an independent prognostic factor in
US

The relationships between OS and clinicopathological factors
were analyzed by using Cox proportional hazard regression model
(Supplementary Table S5). Univariate analysis showed that stage,
Fig. 2. Kaplan-Meier estimates for the overall survival and Time-dependent ROC curves in th
gene prognostic signature into high- and low-risk with the P-value. (B) Time-dependent ROC
gene prognostic signature into high- and low-risk with the P-value. (D) Time-dependent RO
prognostic accuracy and calculated P-values using the log-rank test. ROC: receiver operator
radiation therapy, postoperative rx tx and 6-gene signature were
significantly associated with OS (P < 0.05). While multivariate
analysis showed that only radiation therapy and 6-gene signature
remained significantly associated with OS (P < 0.05). The Cox
proportional hazard regression model was also used to analyze the
correlations between PFI and clinical factors (Supplementary
Table S6). Univariate analysis showed that stage, ICD 10, radiation
therapy, postoperative rx tx and 6-gene signature were signifi-
cantly associated with PFI (P < 0.05). While multivariate analysis
showed that age, histological type (heterologous vs NOS); radiation
therapy, surgical approach, and 6-gene signature showed signifi-
cantly associated with OS (P < 0.05). The results indicated that 6-
gene signature was a good prognostic predictor for US patients.

3.7. Nomogram based on 6-gene signature for prognostic prediction
of US patients

The nomogram including radiation therapy and 6-gene signa-
ture was constructed to predict the OS of US patients (Fig. 4A). The
time-dependent AUC for the nomogram was all more than 0.5 of
0.5-5 years (Fig. 4B). The result meant that the nomogram had a
good ability to discriminate patients of poor prognosis from pa-
tients of favor prognosis. The median OS for the high- and low-risk
e training and testing sets. (A) The overall survival in training cohort stratified by the 6-
curves in the training cohort. (C) The overall survival Testing cohort stratified by the 6-
C curves in the testing cohort. We used AUC values at 12, 36, and 60 months to assess
characteristic. AUC: area under the ROC curve.



Fig. 3. Characteristics of the 6-gene prognostic signature in the training and testing
groups. (A) The risk score of each US patient in the training group. (B) Patients' overall
survival and survival status in the training group. (C) Heat map of gene expression
profiles of US patients in the training group. (D) The risk score of each US patient in the
testing group. (E) Patients' overall survival and survival status in the testing group. (F)
Heat map of gene expression profiles of US patients in the testing group. The black
dotted line represents the median gene signature cutoff dividing patients into low-risk
and high-risk groups.
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groups were 17.2 (95% CI: 13.7 e 26.6) vs 67.2 (95% CI: 30.0 - NA)
months (HR, 0.0854, 95% CI, 0.0115 - 0.633; P ¼ 0.002), respectively
(Fig. 4C). It was shown that patients in the low-risk group had
better survival when compared with those in the high-risk group.

3.8. Functional enrichment analysis

To further describe the function of genes in the prognostic
signature, functional enrichment analysis is conducted for the sake
of biological processes and pathways. First, in the TCGA dataset
(Pearson correlation coefficient>0.5), the gene expression prog-
nostic values of Pearson's correlation coefficients were calculated.
Additionally, the KEGG signaling pathway analysis suggested that
inflammatory bowel disease was the most significant pathway. And
the genes also participated in following pathways: Th1 and Th2 cell
differentiation and toll-like receptor signaling pathway (Fig. 5A;
Supplementary Table S7). The GO biological process enrichment
analysis was composed of three parts: biological process (BP),
cellular component (CC), and molecular function (MF). The BP
enrichment analysis showed that the genes were mainly enriched
in signal release and axon development (Fig. 5B; Supplementary
Table S8). CC enrichment analysis showed that the genes were
mainly enriched in presynapse and cell-cell junction (Fig. 5C;
Supplementary Table S9). MF enrichment analysis showed that the
genes were mainly enriched in transcription factor activity, RNA
polymerase II proximal promoter sequence�specific DNA binding
and protein serine/threonine kinase activity (Fig. 5D;
Supplementary Table S10). Above all, genes in the model can
modulate the expression level of their target genes, which plays a
role in inflammation-driven tumors [22] and tumorigenesis [23].
3.9. Somatic mutation analysis

In our study, the top ten mutated genes in high- and low-risk
groups were in the Supplementary Figs. S3A and S3B. The high-
risk group had somatic mutations in the following order:
TP53 > FBXW7 > PIK3CA > PPP2R1 A > TTN and in the low-risk
group: TP53 > FBXW7 > PPP2R1 A > CHD4 > DOPEY1. Further-
more, we observed that the patients in the high-risk group dis-
played distinct mutation signatures comparing to patients in the
low-risk group (Supplementary Fig. S3C and Table S11).
4. Discussion

The prognosis of US remains poor, and there are few effective
and responsible prognostic biomarkers or models for improving
the clinical outcomes of US patients.

In the current study, our team first developed and validated a 6-
gene-based prognostic signature for prognosis prediction of uterine
sarcoma.

It is difficult to discover links between genes and disease
prognosis. Methods of regularized regression, such as LASSO, are
popular for this task [24]. In this study, LASSO was applied for gene
selection to predict US survival. Precision LASSO is a type of lasso
variable that promotes the selection of thin variable covariance and
inverse covariance matrix of explanatory variables. By applying
multiple biostatistics methods, such as LASSO proportional hazards
Cox regression, on the OS of US cases in TCGA, 6 genes, FGF23, TLX2,
TIFAB, RNF223, HIST1H3A and AADACL4, were identified as inde-
pendent prognosis predictors in US. However, no study had been
reported about the biological mechanism of these genes except
FGF23 and TLX2. Fibroblast growth factor 23 (FGF23) was shown to
be relevant in initiation and progression of various cancers [25,26].
T cell leukemia homeobox 2 (TLX2) was reported as a prognostic
factor of gastrointestinal stromal tumors [27].

The risk score for every patient in the training group and testing
group was then calculated, and the cohort was divided into high-
risk and low-risk groups. We used Kaplan-Meier survival curves
and log-rank tests to compare the survival differences between
these groups. As we showed in the results, it is observed that
obvious division exists in the survival curves of the high- and low-
risk groups classified by the risk score in both the training and
testing group. Hence, the 6-gene risk score signature was of prog-
nostic significance.

Finally, we found that radiation therapy showed well in pre-
dicting the survival of the US patients. Thus, a nomogram including
radiation therapy and 6-gene signature was established for real-life
clinical practice. The time-dependent AUC suggested that the
prognostic value of the nomogramwas evident, and confirmed the
clinical usability of the nomogram. These results were consistent
with previous studies that radiation therapy could improve the
locoregional control and survival in US patients [28,29]. However,
several researchers confirmed that radiation therapy in patients
with US does not improve the survival [30,31]. The role of radiation
therapy for patients with US still need further investigate [32].



Fig. 4. Nomogram to predict overall survival in US patients. (A) Nomogram based 6-gene signature, radiation therapy for 1-,3- and 5-year overall survival prediction. (B) Time-dependent AUC for the nomogram. (C) Kaplan-Meier analysis
of overall survival in high- and low-risk group patients according to the nomogram.
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Fig. 5. Functional enrichment of the genes with (A) KEGG pathway analysis, (B) GO biological process enrichment. (C) GO cellular component enrichment. (D) GO molecular
function enrichment. GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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Further gene enrichment analysis indicated that the genes in the
signature canplay a role in cancer-related biological processes, such as
transcriptional misregulation in cancer, cytokine-cytokine receptor
interaction, signaling pathways regulating pluripotency of stem cells,
and the chemokine signaling pathway. Due to high-throughput
technology development, the gene expression profile from micro-
array and RNA sequencing has been a powerful tool to identify cancer-
related molecular markers [33]. Compared with microarrays, the
important advantage of RNA-seq is the ability to measure almost all
types of RNA, such as noncoding RNAs, in one experiment. Our model
is based on RNA-seq, which is repeatable and stable. To find out so-
matic mutations in specific genes between high- and low-groups,
maftools package was used to detect and further examine the muta-
tions. The results showed that the different mutated genes could
contribute to the different sore of genes in the US patients. It was
suggested that TP53, TTN, PPP2R1 A and CHD4were important driver
genes that contribute to cancer development [34e37]. What's more,
PIK3CA mutationwas significantly associated with poor prognostic in
patients undergoing lung stereotactic body radiation therapy [36,38].

There are also limitations to our research. Although the number of
samples in our study is currently the largest for US, there are only 55
cases involved, which is fewer than other cancer data sets. In addition,
the testing group is not independent or external due to the low inci-
dence rate of US. With a small sample size of US patients from TCGA,
caution must be applied because the results can be limited to the 6-
gene prognostic signature. Additionally, little is known about the
functions andmechanisms of these genes in US. Above all, this research
has raised many questions, and further studies of our prognostic
signature model with larger cohorts of US are required in the future.
5. Conclusion

We constructed and validated a 6-gene-based prognostic
signature for uterine sarcoma. This signature could have many
potential prognostic and therapeutic implications for US patient
management.
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