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Development of a 4-miRNA prognostic signature 
for endometrial cancer
Jiazhen Huang, MMa, Furong Du, MMb, Ning Wang, MDa,* 

Abstract 
To develop an effective uterine corpus endometrial carcinoma (UCEC) risk assessment tool to monitor treatment outcomes. 
Limma package was used to analyze differentially expressed microRNAs (miRNAs) between UCEC tissues and normal tissues 
in the TCGA database. According to univariate Cox risk regression, least absolute shrinkage, and selection operator (LASSO) 
Cox analysis were performed to screen prognostic miRNAs and construct a risk scoring model. The prognostic performance of 
signature was evaluated by Kaplan–Meier and receiver operating characteristic. Multivariate Cox regression analysis was used to 
determine the independent prognostic factors of UCEC. Nomogram was constructed according to age, clinical stage, and risk 
score. A 4-miRNA signature based on miR-31-5p, miR-34a-5p, miR-26a-1-3p and miR-4772-3p was established. Risk scores of 
each patient were calculated by the 4-miRNA signature. After z-score, the patients were divided into high- and low-risk groups. 
The overall survival of high-risk patients was significantly shorter than that of low-risk patients, pointing to the high performance 
and independence of the 4-miRNA signature in predicting UCEC prognosis. The nomogram showed a high accuracy in predicting 
overall survival of UCEC patients. We developed a 4-miRNA signature that could effectively predict the prognosis of UCEC.
Abbreviations:  AIC = Akaike information criterion, AUC = the area under the curve, DCA = decision curve analysis, DFS = 
disease free survival, DSS = disease specific survival, LASSO = least absolute shrinkage, and selection operator, miRNAs = 
microRNAs, OS = overall survival, PFS = progression free survival, ROC = receiver operating characteristic, TCGA = The Cancer 
Genome Atlas, UCEC = uterine corpus endometrial carcinoma.
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1. Introduction

Uterine corpus endometrial carcinoma (UCEC), which is 1 of the 
most common malignant tumors in female reproductive tract, is 
a heterogeneous disease involving a variety of tissue types, each 
of which constitutes a disease entity.[1,2] The most common histo-
logical subtype is endometrioid adenocarcinoma.[3] The standard 
treatment for UCEC is total hysterectomy and bilateral salpingec-
tomy with or without pelvic and para-aortic lymph node dissec-
tion.[4] Although the chance of surgical cure is relatively high, 
there are few appropriate treatment options available for patients 
with advanced or postoperative recurrence.[5] Developing effec-
tive risk assessment tools for UCEC patients helps monitor UCEC 
patients with high risk of recurrence and metastasis.

The rapid development of whole genome technology has 
greatly promoted tumor biomarker research, leading to the dis-
covery of a large number of biomarkers related to tumor pro-
gression, but many reports have only focused on the study of 
individual genes.[6,7] Due to the genetic heterogeneity of UCEC, 

data about the efficacy and availability of biomarkers are lim-
ited.[8] Several studies indicated that polygenic systems are more 
accurate than using a single gene in the assessment of tumor 
risk.[9,10] At present, researchers have identified polygenic signa-
tures related to prognosis of different types of cancer. In hepato-
cellular carcinoma, a 4-gene prognostic model based on CENPA, 
SPP1, MAGEB6 and HOXD9 accurately predicts the survival of 
patients with hepatocellular carcinoma.[11] Another study estab-
lished a model based on 4 immune-related genes, the signature 
effectively predicts dedifferentiation and immune exhaustion 
of thyroid cancer.[12] Jun et al developed a 6-gene signature for 
evaluating the recurrence-free survival and castration resistance 
of prostate cancer, and the signature is generally applicable in 
most clinical practice.[13] A retrospective study of gynecological 
cancer summarized the importance of microRNAs (miRNAs) 
in evaluating the prognosis of gynecological malignant tumors 
(ovarian cancer, cervical cancer and endometrial cancer), and 
pointed out that miRNA signature can be used as a biomarker 
for the diagnosis and prognosis of gynecological cancer.[14] So 
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far, there have been few studies investigating the prognostic 
miRNA signature of endometrial carcinoma, which undoubt-
edly requires further development and research.

In this study, based on the clinical information and miRNA 
expression data of UCEC patients acquired from The Cancer 
Genome Atlas (TCGA), we constructed a miRNA-based signa-
ture capable of predicting the prognosis of UCEC patients, and 
evaluated the accuracy of the model in the test set, verification 
set and the whole data set. The 4-miRNA signature provides 
molecular insights into the risk assessment of UCEC patients 
and contributes to the clinical treatment.

2. Materials and Methods

2.1. Data acquisition and processing

The clinical follow-up information of UCEC patients and 
miRNA expression data in tumor tissues were downloaded from 
TCGA database (https://portal.gdc.cancer.gov/). After excluding 
the samples without clinical follow-up information, survival 
time or status, a total of 569 samples were retained, of which 
536 were tumor samples and 33 were normal samples. The sam-
ple clinical information statistics can be found in Table 1.

The data used in our study were accessed from the TCGA 
database, a freely available database, thus ethical approval of 
The Second Hospital of Dalian Medical University was unnec-
essary for our study.

2.2. Differential miRNA expression analysis of UCEC

Limma package was used to analyze the differentially expressed 
miRNAs between normal samples and UCEC tumor samples.[15] 
The threshold was set to false discovery rate < 0.05 and |fold 
change (FC)| > 1.5, miRNAs meeting the standard were defined 
as differentially expressed miRNAs.

2.3. Patient grouping

A total of 536 samples in TCGA data set were divided into 
training set and verification set. To avoid random assignment 
deviation in affecting the stability of subsequent modeling, all 
the samples were randomly grouped 100 times in advance, in 
which the proportion of grouping sampling was training set: 
verification set = 1:1. The most suitable training set and verifi-
cation set were selected according to the criteria of (a) a similar 
distribution of age, sex, follow-up time and proportion of death 
between the 2 groups, and (b) similar number of samples in the 
2 randomly grouped data sets after gene expression profile clus-
tering. Based on the criteria, 268 samples were assigned to the 
training set and the remaining 268 samples were in the verifi-
cation set. The sample information of training set and test set 
was shown in Table 2, and there was no significant difference in 
clinical characteristics between the 2 groups.

2.4. Construction of prognostic risk model based on 
miRNA genes

The R-packet survival coxph function was used to analyze the 
differential miRNA in the training set by univariate Cox pro-
portional hazard regression analysis.[16] MiRNAs meeting the 
threshold of P < .05 were considered as miRNAs significantly 
related to the prognosis of UCEC. To reduce the number of 
miRNAs, R software (version 4.0.2, the R Foundation) pack-
age glmnet for conducting LASSO cox regression analysis to 
further screen prognostic miRNA(s).[17,18] Five-fold cross val-
idation was carried out to identify the optimal lambda value 
from the minimum partial likelihood deviance. We used Akaike 
information criterion (AIC) for stepwise regression to avoid 

Table 1

Statistical table of the sample clinical information.

Clinical Features TCGA-UCEC 

Type  
 � Normal 536
 � Tumor 33
OS  
 � 0 448
 � 1 88
PFS  
 � 0 413
 � 1 123
DSS  
 � 0 475
 � 1 59
 � Unknown 2
DFS  
 � 0 361
 � 1 57
 � Unknown 118
Stage  
 � I 338
 � II 49
 � III 121
 � IV 28
Grade  
 � G1 98
 � G2 121
 � G3 306
 � G4 11
Age, yr  
 � ≤65 303
 � >65 231
 � Unknown 2

DFS = disease free survival, DSS = disease specific survival, OS = overall survival, PFS = progression 
free survival, TCGA = The Cancer Genome Atlas, UCEC = uterine corpus endometrial carcinoma.

Table 2

Sample information of the TCGA training set and verification set.

Clinical features TCGA-train TCGA-test P 

OS    
 � 0 230 218 .1996
 � 1 38 50
PFS    
 � 0 211 202 .4112
 � 1 57 66
DSS    
 � 0 240 235 .332
 � 1 28 31
 � Unknown 0 2
DFS    
 � 0 183 178 .5078
 � 1 31 26
 � Unknown 54 64
Stage    
 � I 172 166 .9536
 � II 24 25
 � III 58 63
 � IV 14 14
Grade    
 � G1 45 53 .5874
 � G2 64 57
 � G3 155 151
 � G4 4 7
Age, yr    
 � ≤65 151 152 .3665
 � >65 115 116
 � Unknown 2 0

DFS = disease free survival, DSS = disease specific survival, OS = overall survival, PFS = 
progression free survival, TCGA = The Cancer Genome Atlas.

https://portal.gdc.cancer.gov/
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adverse effects of over-fitting. The stepAIC method in the MASS 
package starts with the most complex model and deletes a vari-
able to reduce AIC, with a smaller value indicating a model 
of sufficient degree of fit fewer parameters.[19] After stepwise 
regression, the number of miRNAs with the optimal prognosis 
was reduced. Then, a prognostic miRNA model was established 
according to the coefficient of LASSO-Cox regression model 
multiplied by the level of miRNA expression.

2.5. Evaluation and verification of risk model

The risk score for each patient was evaluated according to 
miRNA model, and the risk score was standardized by z-score. 
Samples with risk score > 0 after z-score were divided into 
high-risk group, while those with risk score < 0 were divided 
into low risk-group. The logarithmic rank test in the training 

and verification set was used for survival analysis to confirm 
the survival difference between the high-risk group and the 
low-risk group. Receiver operating characteristic (ROC) analy-
sis was performed using time ROC[20] in the R software package 
to compare the sensitivity of 1-year, 3-year and 5-year survival 
predictions, and the area under the curve (AUC) was calcu-
lated. In addition, to further assess the reliability of the miRNA 
model in other clinical times, we also analyzed the survival situ-
ation of the high- and low-risk groups under the time and state 
of progression free survival (PFS), disease free survival (DFS), 
and disease specific survival (DSS), and drew the ROC curve 
of the risk score model under the time and state of PFS, DFS 
and DSS. In addition, the clinical practicability of the miRNA 
model was evaluated and the differences of different clinical 
features (survival rate, age, pathological grade, clinical stage) 
and gene mutation frequency were compared in high- and low-
risk groups.

Figure 1.  Screening of differentially expressed miRNAs. (A) The research flow chart of UCEC prognosis miRNA-related signature. (B) MiRNA Volcano Diagram 
of the difference between normal samples and UCEC samples. (C) The difference of miRNA heatmap between normal samples and UCEC samples. miRNAs = 
microRNAs, UCEC = uterine corpus endometrial carcinoma.
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2.6. Construction and verification of nomogram

Univariate and multivariate Cox regression analysis were per-
formed to investigate the independence of risk model in predicting 
the prognosis of UCEC. The nomogram model was constructed 
based on age, pathological grade, clinical stage and risk score fac-
tors,[21] and the performance of the nomogram was evaluated by 
C index, ROC analysis and decision curve analysis (DCA).

2.7. Analysis of miRNA target genes

The regulation mode of miRNA in the risk scoring model 
was analyzed. Firstly, the target gene of miRNA was identi-
fied by miRWalk database.[22] Then, the R software package 
WebGestaltR was used to examine the KEGG pathway and GO 
functional enrichment of the target genes of miRNAs.[23]

2.8. Statistical analysis

All statistical analyses were carried out using R software (http://
www.Rproject.org). Chi-square test was employed to analyze 
the differences in clinical characteristics between training set 
and validation set. The overall survival (OS) rate was deter-
mined by Kaplan–Meier method. P < .05 was considered to be 
statistically significant.

3. Results

3.1. Identification of differentially expressed miRNA

A flow chart was drew (Fig. 1A) based on the overview of the 
analysis steps to explain our workflow more clearly. Difference 
analysis showed that 388 miRNAs were differentially expressed 
in UCEC tissues compared with normal tissues. Among them, 
318 were differentially upregulated in UCEC, and the other 70 

were differentially low-expressed miRNAs (Fig. 1B). The heat-
map of these 388 differentially expressed miRNAs were also 
displayed in Fig. 1C.

3.2. The training set was used to construct a prognostic 
risk model based on miRNA genes

Through univariate Cox proportional hazard regression anal-
ysis, 70 miRNAs selected in the training set were detected 
to be significantly correlated with the OS of UCEC patients. 
LASSO cox analysis further filtered 70 prognostic miRNAs. 
By analyzing the changing trajectory of each independent 
variable, it can be found that the number of independent vari-
able coefficients closing to zero increased with the increase 
of λ (Fig. 2A). According to the λ value (0.0521), when the 
model reached the optimal value, the optimal number of 
miRNAs was determined to be 6 (Fig.  2B). The number of 
miRNAs was reduced to 4 (miR-31-5p, miR-34a-5p, miR-
26a-1-3p and miR-4772-3p) by stepAIC. By multiplying the 
coefficient of LASSO-Cox regression model by the expression 
level of each miRNA, risk score = 0.235* (miR-31-5p)-0.3* 
(miR-34a-5p)-0.46* (miR-26a-1-3p)-0.587* (miR-4772-3p). 
The risk score of each UCEC sample in the training set was 
calculated by the risk score formula, and the risk score was 
standardized by z-score. The standardized samples greater 
than 0 were divided into high-risk group (n = 146), while 
those lower than 0 were divided into low-risk group (n = 122). 
The survival status of different UCEC samples and the heat-
map of 4 prognostic miRNAs were displayed in Figure  2C. 
Survival analysis demonstrated that the OS of the low-risk 
group was notably longer than that of the high-risk group 
(Fig. 2D). ROC analysis showed that the AUC values of 1-, 
3- and 5-year survival rates were 0.78, 0.82, and 0.88, respec-
tively (Fig. 2E). This indicated that the prognostic model had 
a better performance in the prediction of long-term survival.

Figure 2.  The training set was used to construct a prognostic risk model based on miRNA genes. (A) There are 70 miRNA coefficients of LASSO, and the 
horizontal axis represents the log value of the independent variable λ. (B) The confidence interval under each lambda. (C) From top to bottom is the risk score 
based on 4-miRNA model (top), the survival status of different UCEC samples and the heatmap of 4 prognostic miRNAs. (D) The time-dependent ROC curve 
of UCEC patients in the training set. (E) Survival analysis of UCEC high-risk group and low-risk group in training set. LASSO = least absolute shrinkage, and 
selection operator, miRNAs = microRNAs, ROC = receiver operating characteristic, UCEC = uterine corpus endometrial carcinoma.

http://www.Rproject.org
http://www.Rproject.org
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3.3. The miRNAs signature related to UCEC prognosis 
were validated in the validation set and entire dataset

To evaluate the robustness of the 4-miRNA model, the predic-
tive ability of the prognostic signature was verified in the veri-
fication set (n = 268) and the whole data set (n = 536). The risk 
score of the patients in the training set was obtained based on 
the 4-miRNA model, and the risk score of these samples was 
transformed into z-score score. A total of 130 samples with 
z-score > 0 were divided into high-risk group, whereas 138 
samples with z-score < 0 were divided into low-risk group. The 
risk score distribution of the samples in the training cohort, the 
expression profile of the 4 prognostic miRNAs and the survival 
status of the patients also showed similar results to the training 
set (Fig.  3A and B). ROC analysis manifested that 4-miRNA 
model showed a better performance in predicting 1-year, 3-year 
and 5-year OS (Fig. 3C). Throughout the data set, we grouped 
using the same method as the training set and validation set, and 
consistent with the results of the training set, the high-risk group 
had a worse OS (Fig. 3D and E) than the low-risk group. The 
AUC values of 1 -, 3-and 5-year survival in the whole data set 
were 0.74, 0.69, and 0.78, respectively (Fig. 3F). Kaplan–Meier 
analysis of PFS, DFS and DSS of UCEC patients showed that 

PFS, DFS and DSS of low-risk patients were significantly better 
than those of high-risk patients (Fig.  3G). From the time-de-
pendent ROC curve, it can be seen that the 4-miRNA signature 
also had a good performance in predicting PFS, DFS and DSS in 
patients with UCEC (Fig. 3H). Therefore, the 4-miRNA signa-
ture developed in the current study was verified to have a high 
accuracy and robustness in predicting the prognosis of UCEC.

3.4. Comparison of clinical characteristics and analysis of 
gene mutation between high- and low-risk groups

After comparing the differences of different clinical features and 
gene mutation frequency in high- and low-risk groups, we found 
that there were significant differences in survival rate, propor-
tion of stage, grade and age in the 2 groups. Compared with 
low-risk patients, high-risk patients with poor prognosis had 
lower survival rates, higher ratios of II, III and IV, and higher 
proportions of G2, G3 and G4, and more patients elder than 
65 years old (Fig.  4A–D). In the analysis of gene mutations, 
TP53 showed a high mutation in the high-risk group of UCEC 
patients, and in the low-risk group, PTEN had a high mutation 
(Fig. 4E and F).

Figure 3.  The miRNA signature associated with UCEC outcomes was validated in the validation set and across the dataset. (A) From top to bottom, the heat-
map of the risk score, survival status and 4 prognostic miRNAs of UCEC patients based on 4-miRNA model in the verification set. (B) To verify the distribution 
of survival curve of patients in high-risk group and low-risk group. (C) The time-dependent ROC curve of UCEC patients in the validation set. (D) From top to 
bottom, the risk score of UCEC patients based on 4-miRNA model, survival status and heatmap of 4 prognostic miRNAs in the whole data. (E) Kaplan–Meier 
curve of high-risk and low-risk UCEC patients in the whole data set. (F) Time-dependent ROC analysis compared the accuracy of our 4-miRNA signature in 
predicting 1-year, 3-year, and 5-year OS in patients with UCEC. (G) The Kaplan–Meier curves of PFS, DFS and DSS of UCEC patients in high-risk group and 
low-risk group. (H) 4-miRNA signature was used to predict the time-dependent ROC curves of PFS, DFS and DSS in patients with UCEC. DFS = disease free 
survival, DSS = disease specific survival, miRNAs = microRNAs, PFS = progression free survival, ROC = receiver operating characteristic, UCEC = uterine 
corpus endometrial carcinoma.
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3.5. Clinical applicability of the 4-miRNA signature

We also analyzed the relationship between the 4-miRNA prog-
nostic marker and age and clinical stage, pathological grade. 
From the results of the analysis, it can be seen that there was 
a significant difference in the risk score between patients elder 
than 65 years old and patients younger than or equal to 65 
years old (Fig.  5A). In addition, there were significant differ-
ences in risk scores between different clinical stage and patho-
logical grades (Fig. 5B and C). The risk score increased with the 
increase of pathological grade. The above results prove that the 
4-miRNA signature was related to the progression of UCEC.

3.6. The model based on the 4-miRNA signature can 
predict different clinical features

We also conducted hierarchical survival analysis to investigate 
whether the 4-miRNAs models could predict survival outcomes 

in subgroups with different clinicopathologies. The results 
showed that 4-miRNAs signature could distinguish the risk of 
recurrence in patients with different age (Fig. 6A and B), patho-
logical grade (Fig. 6C and D) or clinical stage (Fig. 6E and F). 
This further indicates that 4-miRNAs signature is reliable in 
evaluating the prognosis of UCEC.

3.7. The 4-miRNA signature was an independent 
prognostic factor for UCEC

To verify the independence of the 4-miRNA model in the 
prognosis of UCEC, univariate and multivariate COX regres-
sion analysis was carried out in the whole data set. Univariate 
COX regression analysis demonstrated that age, pathologi-
cal grade, clinical stage, and risk type were prominently cor-
related with OS in patients with UCEC (Fig. 7A). Subsequent 
multivariate COX analysis revealed that pathological grade, 

Figure 4.  Comparison of clinical characteristics and molecular mutation analysis between high- and low-risk groups. (A) Comparison of survival ratio between 
high- and low-risk groups. (B) Comparison of the proportion of stage between high- and low-risk groups. (C) Analysis of the proportion of grade in patients with 
high and low risk. (D) Analysis of age distribution in high- and low-risk groups. (E) Gene mutation analysis in high- and low-risk groups.

Figure 5.  Clinical practicability of 4-miRNA signature. The relationship between the risk score and age (A), in clinical stage (B), pathological grade (C). miRNAs 
= microRNAs.
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clinical stage and risk type were independent prognostic fac-
tors of UCEC (Fig. 7B). Next, the line chart constructed by 
age, pathological grade, clinical stage and risk score showed 
that the risk score had the greatest impact on survival pre-
diction (Fig. 7C). From the calibration chart of the survival 
rate of the nomogram, the nomogram can accurately predict 
1-year, 3-year and 5-year OS (Fig. 7D). In addition, the DCA 
of age, clinical stag, grade, pathological grade, risk score and 
nomogram confirmed that the model has good practicability 
(Fig. 7E).

3.8. Prediction of target genes and analysis of pathway 
enrichment

The target genes of 4 miRNA were predicted by miRWalk 
database. These target genes were analyzed by KEGG path-
way analysis and GO functional enrichment analysis. GO 
functional annotation showed that the target genes of 4 miR-
NAs were significantly enriched in 75 biological processes, 20 
cellular components and 82 molecular functions. Biological 
processes included, for example, positive regulation of den-
drite morphogenesis, positive regulation of smooth, cellu-
lar response to decreased oxygen levels (Fig.  8A). Cellular 
components included ruffle, spindle and membrane raft, for 
example (Fig. 8B). The mainly enriched molecular function 
were death receptor binding, molecular adaptor activity and 
mRNA binding and so on (Fig. 8C). KEGG pathway enrich-
ment analysis showed that the target genes of 4 miRNAs 
were significantly enriched in NF-kappa B signaling path-
way, miRNAs in cancer and pathways in cancer pathways 
(Fig. 8D).

4. Discussion
Accurate treatment management of UCEC patients depends on 
comprehensive clinical and pathological evaluation.[24] Data from 
emerging studies clearly reveal the clinical significance of miR-
NAs in the diagnosis and prognosis of UCEC.[25,26] Previously, 
Wang et al detected 6 miRNAs related to the occurrence and 
development of UCEC, and constructed a 6-miRNA signature 
to predict the prognosis of UCEC.[27] In addition, Schmidt estab-
lished a prognostic ratio model consisting of 4 miRNAs, which 
can predict the time of biochemical recurrence independent of 
routine clinicopathological variables.[28] However, due to insuf-
ficient sample size, lack of external verification and some other 
reasons, the accuracy of these prognostic signature is limited to 
different degrees. Therefore, a richer sample size is required to 
construct a prognostic signature based on miRNAs and external 
verification to improve the current clinicopathological prognos-
tic model of patients.

In this study, we obtained 569 UCEC samples from TCGA 
and screened 388 differential miRNAs from the samples. Five 
hundred sixty-nine samples were divided into training set 
and test set. Then univariate Cox risk regression identified 70 
miRNAs significantly related to the prognosis of UCEC in the 
training set. Six prognostic miRNAs were further screened by 
LASSO cox analysis, an effective method to establish prognos-
tic risk characteristics, but there is often the problem of data 
over-fitting.[29] Here, to avoid the impact of over-fitting, we 
carried out stepwise regression according to AIC, and finally 
extracted 4 miRNAs, namely, miR-31-5p and miR-34a-5p, miR-
26a-13p and miR-4772-3p, with the least number of predictors 
of prognosis.

Among the 4 miRNAs, miR-31-5p plays an important 
role in many types of cancer. It is reported that miR-31 can 

Figure 6.  Stratified analysis of different clinicopathological subgroups in TCGA dataset. (A) Age > 65; (B) Age ≤ 65; (C) G1 + G2; (D) G3 + G4; (E) I + II; (F) III + IV. 
TCGA = The Cancer Genome Atlas.
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independently predict lymph node metastasis and survival sta-
tus of patients with lung cancer. MiR-31-5p promotes metas-
tasis of lung cancer, but it has anti-metastasis effect on breast 
cancer, and it is also a prognostic marker of prostate cancer.[30] 
Through LinkedOmics database analysis, some studies found 
that colon adenocarcinoma patients with a high expression of 
miR-31-5p tend to develop a poor prognosis.[31] MiR-31-5p 
also has anti-proliferative effect on ovarian cancer, osteo-
sarcoma and prostate cancer.[32] The results of a meta-analy-
sis suggested that the high-expressed miR-31 is related to a 
poor OS and cancer-specific survival of cancer patients.[33] In 

addition, the regulatory role of miR-34a5p in cancer has also 
been reported. In colorectal cancer, miR-34a-5p prevents tumor 
progression by inhibiting the growth and metastasis of cancer 
cells.[34] On the other hand, the study of miR-34a-5p in oral 
carcinoma found that miR-34a-5p increases the invasiveness 
of oral cancer cells by regulating the cascade of AXL/AKT/
GSK-3 β/β-catenin/Snail signal transduction.[35] MiR-4772-3p 
in serum exocrine can help predict tumor recurrence of stage 
II and III colon cancer.[36] The evidence points to an important 
role of these miRNAs in cancer, but their prognostic potential 
in UCEC is rarely reported.

Figure 7.  The 4-miRNA signature was an independent prognostic factor for UCEC. (A) Univariate COX regression analysis of patients with UCEC. (B) Multivariate 
COX regression analysis of patients with UCEC. (C) Nomogram based on clinical characteristics of UCEC patients and risk score. (D) Calibration chart of nomo-
gram. (E) DCA based on age, clinical stag, Grade, pathological grade, risk score and nomogram. DCA = decision curve analysis, miRNAs = microRNAs, UCEC 
= uterine corpus endometrial carcinoma.
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Here, the panel consisting of these 4 miRNAs made up a 
4-miRNA prognosis signature. The risk score of each patient 
was calculated according to the expression level of the 4 miR-
NAs and regression coefficient. After z-score, the patients were 
divided into low-risk group and high-risk group, with 0 as the 
cutoff point. Survival analysis showed that OS, PFS, DFS and 
DSS in high-risk patients were shorter than those in low-risk 
patients. The prediction accuracy, reliability and clinical prac-
ticability of the prognosis signature was verified by verification 
set and data set. Most of the endometrial tumors, such as TP53, 
PTEN, PIK3CA, CTNNB1, tend to have different frequencies of 
mutations.[37] In this study, we found that there was a high muta-
tion of TP53 in the high-risk group of UCEC patients and a high 
mutation of PTEN in the low-risk group. More importantly, the 
results of univariate and multivariate Cox regression analysis 
also revealed the independence of the 4-miRNA prognosis sig-
nature in evaluating the prognosis of UCEC.

The emergence of nomograms greatly facilitates the research 
of tumor prognosis.[21,38] This study established a nomogram 
based on age, clinical stag, grade, pathological grade and risk 
score of UCEC patients. According to calibration chart and 
DCA, nomogram, we can effectively predict the prognosis of 
UCEC patients. At the same time, target genes regulated by 4 
miRNAs were explored, and the potential biological functions 
and regulatory pathways of the target genes were analyzed. The 
functions and pathways of enrichment of the miRNA target 

genes play an indispensable role in the malignant progression 
of tumors.

We developed a UCEC prognosis signature based on 4 miR-
NAs and validated it in 2 different queues. The 4-miRNA prog-
nosis signature can be used as an independent prognostic factor 
to effectively predict the prognosis of patients with UCEC. These 
findings provide new markers for predicting the prognosis of 
patients with UCEC. However, there are also some limitations in 
this study, for instance, the current data source came from pub-
lic databases and there were relatively few clinical variables. The 
training set and the test set originated from the same database, 
and the effectiveness of prognosis signature has not been con-
firmed in other databases or tested by biological experiments. 
These limitations will be improved in our future study.
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