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Abstract
Background: Autophagy plays a critical role in endometrial carcinoma (EC), but prognosis studies of
differentially expressed autophagy-related genes (DEARGs) in EC are lacking. This study aimed to access
the prognostic value of autophagy-related genes (ARGs) in EC and to identify the potential characteristics
of ARGs in predicting patient survival and guiding treatment.

Methods: The RNA-Seq data and clinical data were obtained from TCGA databases. The DEARGs were
identi�ed by “limma” package in R software. Clusterpro�er was used for functional analysis. Using
STRING databases to construct a protein-protein interaction (PPI) network and plug-in MCODE to screen
hub modules in Cytoscape. The degrees method of cytoHubba was used to select important hub genes.
Co-expression analysis was performed using “limma” package and Metascape for functional analysis.
Univariate and multivariate Cox proportional hazards regression analyses were performed to construct a
prognostic signature. Kaplan–Meier curve analysis, ROC curve analysis and Gene set enrichment
analysis (GSEA) were also performed. Validation was executed by UALCAN, CCLE and HPA databases.

Results: In total, 45 DEARGs were identi�ed. Functional analysis showed that DEARGs were strikingly
enriched in autophagy pathway. PPI network showed that CASP3 was the most central protein. CASP3
co-expression analysis revealed that co-expressed genes were mostly enriched in cell cycle. We identi�ed
a novel prognostic signature consisting of 3 genes (CDKN2A, PTK6 and GRID2). The risk score based on
the prognostic signature was able to classify patients into high-risk and low-risk groups with signi�cantly
different overall survival. Furthermore, the prognostic signature is an independent prognostic predictor of
survival and demonstrates superior prognostic performance compared with the clinicopathologic
features for predicting 5-year survival. CDKN2A and PTK6 were further validated in UALCAN. GSEA
suggested that the two genes played crucial roles in drug metabolism.

Conclusion: Using bioinformatics analyses, we identi�ed DEARGs and determined 

CDKN2A, PTK6 and DRID2 are tumor-associated genes and can be utilized as possible biomarkers in EC
treatment.

Background
Endometrial cancer (EC) is the most common gynecologic malignancy and it accounts for 20%-30% of
female reproductive system malignancies. Over 300,000 new cases are diagnosed annually, accounting
for approximately 8.2% of women's cancer incidence worldwide [1]. An investigation from the American
Cancer Society (ACS) reveals that the death rate for endometrial cancer has doubled during the past 20
years [2]. Currently, there are still no validated biological markers to screen EC, early diagnosis is key to
improving survival, which at 5 years is less than 20% in advanced disease and over 90% in early-stage
disease [1, 3-5]. Therefore, it is urgent to develop prognostic or predictive biomarkers for risk assessment
to identify high-risk or low-risk patients and to develop appropriate treatment options for them.
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Autophagy is a mechanism that damages, degenerates or aging protein and organelles in cells are
transported to the lysosome for digestion and degradation, leading to the basal turnover of cell
components and providing energy and macromolecular precursors [6]. A growing body of research
suggests that autophagy genes have a large potential to serve as promising markers in the diagnosis,
prognosis, and personalized targeted therapies [7-9]. Autophagy mechanisms described in endometrial
cancers, including the role of PI3K/AKT/mTOR, AMPK-mTOR, and p53 signaling pathways that trigger or
inhibit this process, which may become a potential molecular target in clinical treatment methods [10].
Although a lot has been done during the past years, much remains unknown related to autophagy in
endometrial cancer. Therefore, for the early detection and treatment of endometrial cancer, it is necessary
to understand the autophagy molecular mechanism of the development of endometrial cancer and the
identi�cation of new biomarkers.

In recent years, based on the rapid development of high-throughput sequencing technology and
increasingly complete public databases, The Cancer Genome Atlas (TCGA) database and Gene
Expression Omnibus (GEO) database has collected a large number of clinical, pathological, and
biological data from patients with malignancies [11, 12]. Through comprehensive bioinformatic analysis,
we can study the mechanism of tumors in-depth and more accurately predict development trends,
providing reliable research direction for treatment options [13, 14]. The prognostic evaluation of cancer
patients is of great signi�cance in guiding clinical treatment and elucidating the mechanism of
tumorigenesis [15]. As far as we know, bioinformatics analysis of autophagy genes for survival prediction
in endometrial carcinoma has not been reported. In this work, we identi�ed the differential autophagy
gene expression between endometrial cancer samples and matched normal endometrial samples by
analyzing the high-throughput mRNA data downloaded from the TCGA database. Gene ontology (GO)
function and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis, as well as protein-protein
interactions (PPI) network analysis of DEARGs, were performed. Additionally, we evaluated the prognostic
value of DEARGs and constructed a prognostic signature that effectively predicted patient survival.

Materials And Methods
Data acquisition and process

The RNA-Seq data (HTSeq-FPKM) of UCEC ( Uterine Corpus Endometrial Cancer) and corresponding
clinical information were downloaded from the TCGA database (https://cancergenome.nih.gov/). A total
of 425 samples were enrolled in this study, including 406 endometrial adenomas and adenocarcinomas
samples and 19 matched normal samples. Autophagy related genes (ARGs) were obtained from HADb
(Human Autophagy Database) (http://www.autophagy.lu/), a public repository containing information
about the human genes described so far as involved in autophagy. The research design was illustrated
with a �ow chart (Fig. 1).

Access to differentially expressed autophagy-related genes (DEARGs)

https://cancergenome.nih.gov/
http://www.autophagy.lu/


Page 4/25

The differentially expressed autophagy mRNAs between endometrial cancer and normal samples were
analyzed by “limma” package in R. The fold changes (FCs) in the expression of individual autophagy
mRNA were calculated and differentially expressed autophagy mRNAs with log2|FC|>1.0 and FDR<0.05
were considered to be signi�cant. Heatmap was completed by “pheatmap” package in R. Volcano plots
and boxplots were also completed in R.

Enrichment analysis of functional categories

DAVID (https://david.ncifcrf.gov/) is a web-based online bioinformatics resource designed to provide
researchers with a comprehensive set of functional annotation tools to understand the biological
mechanisms associated with a large number of genes/proteins. GO annotations of the screened DEARGs
were performed using the DAVID online tool and the results were visualized using “clusterpro�ler”
package in R [16]. KEGG pathway analysis on DEARGs was performed using “clusterpro�ler”.
P.adjust<0.05 was set to be signi�cant.

Construction and analysis of PPI network complex

STRING online database (http://string-db.org) was used for analyzing the protein-protein interaction (PPI)
of common DEARGs and Cytoscape software (http://www.cytoscape.org/) was employed for visualizing
PPI network of common DEARGs. Cytoscape MCODE plug-in provided access to select hub modules of
the PPI network. MCODEs were extracted when the Node score cut-off was 0.2 and K-core was 2. For
genes in the MCODE, we use “clusterpro�er” again for functional enrichment analysis. The degrees
method of cytoHubba of the Cytoscape was used to select important hub genes among DEARGs, the top
6 genes with high degrees were �ltrated [17].

CASP3 co-expression and functional analysis

Co-expression analysis of CASP3 was evaluated using “limma” package in R. The data obtained were
RNA-Seq data from the TCGA database that included 406 endometrial cancer samples. |Pearson
correlation coe�cient |>0.5 and p-value>0.001 were used to select CASP3 co-expressed genes. Pearson
correlation coe�cient ≥ 0.5 was considered positively correlated and ≤−0.5 was considered negatively
correlated with CASP3. GO biological process and pathway enrichment analyses of co-expressed genes
were performed using Metascape  (https://metascape.org/gp/ index. html) [18].

Construction of a prognostic signature

A total of 401 UCEC patients with detailed follow-up time were included for subsequent analysis. The
details of clinical and pathological characteristics were listed in Table 1. Univariate Cox regression
analysis was used to select candidate prognostic DEARGs that were signi�cantly related to overall
survival [13]. For the optimal prognostic model, multivariate analysis with Cox proportional hazard was
then applied to the candidate genes. Cox proportional hazards regression with a p<0.05 was set to the
risk score of developing EC in each patient. A risk score was calculated based on the expression of gene
and coe�cient. According to the mean risk score, patients will be divided into low-risk and high-risk

https://metascape.org/gp/%20index.%20html
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groups. Kaplan-Meier analysis for the difference between the survival curves of high-risk group and low-
risk group was compared. To evaluate independent prognostic values of the prognostic signature and the
key clinical factors in survival prediction, univariate and multivariate Cox regression and analyses were
conducted [19]. Hazard ratios (HRs) and 95% con�dence intervals (CIs) were computed by the Cox
analysis. Receiver operating characteristic (ROC) curve analysis was also performed to compare the �ve-
year predictive value of the prognostic signature and the key clinical factors. The area under the ROC
curve was calculated as a predictive value shown as sensitivity and speci�city. Besides, we calculated the
correlation between each prognostic genes and clinical factors. All statistical analyses were performed
using R/Bioconductor, with the cut-off of p<0.05.

Validation of prognostic genes

The prognostic genes were �nally validated in UALCAN (http://ualcan.path.uab.edu/ analysis.html). The
CCLE (https://portals.broadinstitute.org/ccle) was used to validate the mRNA expression of prognostic
genes in a variety of tumors. The HPA (Human Protein Atlas) (http://www.proteinatlas.org/) was used to
validate protein expression of prognostic genes in a variety of tumors.

Gene set enrichment analysis (GSEA)

EC samples from TCGA were divided into 2 different groups according to the expression level of
prognostic genes. Then GSEA (http://software.broadinstitute.org /gsea/index.jsp) was used to de�ne the
biological processes enriched in the gene rank derived from DEARGs between the two groups [20]. The
NOM p-val< 0.05 and normalized enrichment score | NES | ≥ 1 were used to sort the signi�cant pathways
enriched in each phenotype.

Results
Identi�cation of autophagy differential gene in TCGA.

In the present study, a total of 425 samples were enrolled, including 406 endometrial adenomas and
adenocarcinomas samples and 19 matched normal samples. First, the downloaded RNA-Seq data from
TCGA is organized into an expression matrix. Then 202 known autophagy-related genes (ARGs) were
extracted from the HADb database and the expression matrix of these genes was sorted out by R
(Supplementary Table S1 S2). We identi�ed the DEARGs using the “limma” package with FDR< 0.05 and
|log2fold change (FC)| ≥ 1. A total of 45 DEARGs were screened, including 23 up-regulated and 22 down-
regulated genes (Table 2). CDKN2A is the most differential gene, which is up-regulated by 4.82 times
compared with the normal control group. The detailed information of the differential genes was
summarized in Supplementary Table S3. As shown in Fig. 2a, a heatmap was generated by R based on
the expression levels of common DEARGs in TCGA. Each column in the heatmap represents a biological
sample, and each row represents a gene. The depth of the color indicated the expression levels of genes
between cancer samples and normal controls. Volcano plots displayed the distribution of the 45
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differentially expressed genes (Fig. 2b). Boxplot displayed the expression level of the 45 differentially
expressed genes in endometrial cancer and normal samples (Fig. 2c).

Gene ontology and KEGG pathway enrichment analysis

To gain more biological insight, we performed gene ontology (GO) enrichment analysis using online
databases, DAVID. The DEARGs were classi�ed into three functional groups: biological process (BP),
molecular function (MF) and cellular component (CC). The most enriched BP functions were autophagy,
process utilizing autophagic mechanism, intrinsic apoptotic signaling pathway, neuron death, regulation
of autophagy. For MF, ubiquitin protein ligase binding, ubiquitin-like protein ligase binding, chaperone
binding and phosphatase binding were the most enriched. In the clusters of CC, autophagosome,
membrane raft and nuclear envelope were the most enriched (Fig. 3a, b). KEGG analysis showed that the
DEARGs were strikingly enriched in apoptosis, autophagy-animal and shigellosis pathway (Fig. 3c, d).

Protein-protein interaction network (PPI) and hub genes analysis

The PPI network of DEARGs was constructed by using the STRING online database. STRING mapped 45
DEARGs into PPI network containing 45 nodes and 140 edges, average node degree is 6.22 (Fig. 4a). The
interaction network was then imported into Cytoscape and MCODE plug-in was used to �nd hub modules
in the network. Three MCODEs were calculated according to Node score cut-off = 0.2 and K-core = 2.
Among them, MCODE1 contained 10 nodes and 40 edges, with the highest score (Fig. 4b), MCODE2
contained 5 nodes and 7 edges (Fig. 4c), MCODE3 contained 3 nodes and 3 edges (Fig. 4d).

We performed the functional analysis for the 3 MCODEs. In GO analysis, the DEARGs of MCODE1 were
mostly enriched in response to corticosteroid, cellular response to inorganic substance and negative
regulation of cyclin-dependent protein serine/threonine kinase activity (Fig. 5a); the DEARGs of MCODE2
in autophagy, process utilizing autophagic mechanism and macroautophagy (Fig. 5b); the DEARGs of
MCODE3 in ERBB2 signaling pathway and ERBB signaling pathway (Fig. 5c). KEGG analysis showed that
the DEARGs of MCODE1 were mostly enriched in Cellular senescence (Fig. 5d); the DEARGs of MCODE2
in Shigellosis (Fig. 5e); the DEARGs of MCODE3 in ErbB signaling pathway (Fig. 5f).

The interaction network was then imported into Cytoscape to screen the hub genes using the degree
method scores (Degrees). The cytoHubba plug-in of the Cytoscape software was used to select genes
with the highest degrees. The top 6 genes (CASP3, GAPDH, MYC, MAPK3, FOXO1, CDKN2A) with the
highest degrees of connectivity are shown in Fig. 4e. CASP3 being the most important gene.

Genes co-expressed with CASP3 and enrichment of functions

The Pearson correlation coe�cients between the expression pro�les of the CASP3 and mRNAs were
calculated to determine the co-expression genes of the CASP3. In total, 2136 CASP3 co-expressed genes
including 2115 positively correlated and 21 negatively correlated genes were selected with |Pearson
coe�cient| > 0.5 and p-value>0.001 as criteria (Supplementary Table S4). The heatmap shows the top 20
positive correlated genes and the top 20 negative correlated genes (Fig. 6). Then we performed
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enrichment analysis of GO biological processes and pathways of co-expressed genes by using
Metascape. Pathway and Process Enrichment Analysis shows that co-expressed genes were mostly
enriched in cell cycle, cell division and Metabolism of RNA (Fig. 7a-c).

Identi�cation of prognostic signature

To identify prognostic genes capable of distinguishing good survival from poor survival in UCEC patients,
univariate Cox proportional hazard regression analysis was carried out on each DEARGs using the
expression pro�le in TCGA. Of the 45 DEARGs, the univariate Cox proportional hazards regression
analysis screened out 6 prognostic genes, including DLC1, CDKN2A, PTK6, GRID2, NRG3, BAK1 (Fig. 8a).
Multivariate Cox proportional hazards regression analysis was further performed on the 6 genes, which
screened CDKN2A, PTK6, GRI2D (Table 3). The risk score for predicting overall survival was calculated as
follows: Risk score(patients)=0.202*expression value of CDKN2+ 0.426 *expression value of
PTK6+1.190*expression value of GRI2D. According to the risk score, patients were divided into low-risk
and high-risk groups, and survival analysis showed that the overall survival (OS) of low-risk patients was
longer than high-risk patients in TCGA. (Fig. 8b). The distribution of risk score, survival status, and the
expression of 3 genes of each patient were also analyzed (Fig. 8c–e). The expression of 3 genes was
signi�cantly higher in the high-risk group than in the low-risk group.

Correlation between prognostic signature and other clinicopathologic characteristics

To analyze the independent prognostic value of various factors in endometrial cancer, we analyzed the
relationship between the different clinical parameters (age, grade) and the risk score based on prognostic
signature. The univariate and multivariate Cox proportional hazards regression showed that age, grade
and risk score based on prognostic signature were all independent prognostic indictor of EC (Fig. 9a, b).
The HR of high-risk group versus low-risk group for overall survival were 1.167 (p = 0.002, 95% CI =
1.058–1.286). The HR of G3 group versus G1-2 group for overall survival were 2.012 (p = 0.003, 95% CI =
1.274–3.179). The HR of age>65 group versus age≤65 group for overall survival were 1.033 (p = 0.021,
95% CI = 1.005–1.063) . Analysis of the ROC curve was conducted to compare the sensitivity and
speci�city of survival prediction. The area under curve (AUC) for each of the prognostic factors was
calculated and compared. As shown in Fig. 9c, the AUC of risk score was 0.709 and was greater than age
(AUC = 0.640) and grade (AUC = 0.650). These results showed that the risk score based on prognostic
signature had a better prognostic performance than other prognostic factors. Then, we analyzed the
correlation of the three prognostic genes with the patient's age and found that CDKN2A, PTK6 and GRID2
expression were increased in patients over 65 years of age (Fig. 10a-c); the expressions of GRID2 was
higher in G3 group than G1-2 group (Fig. 10d). The analysis also found that the risk scores increased with
the patient's age and pathological grade (Fig. 10e, f).

Prognostic gene validation

Using UALCAN, we found that the expression of CDKN2A and PTK6 in tumors was higher than normal
samples (Fig. 11a, b), and they were negatively correlated with the overall survival of EC patients (Fig.
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11c, d). Besides, both have higher expression levels in different subtypes of EC tissues, such as
endometrioid adenocarcinoma, serous carcinoma, and mixed serous and endometrioid adenocarcinoma
(Fig. 12a, d). Levels also increased in different stages of EC (Fig. 12b, e). The protein expression of
CDKN2A and PTK6 in EC samples of the primary tumor are all higher than normal samples (Fig. 12c, f).
We further analyzed the mRNA and protein expression of CDKN2A, PTK6 and GRID2 in a variety of tumor
tissues using CCLE and HPA database. The analysis showed that CDKN2A and PTK6 were widely
expressed in a variety of tumor tissues, whereas GRID2 expression was negative (Fig. S1).

Gene set enrichment analysis (GSEA)

To identify the potential function of CDKN2A and PTK6 in EC, GSEA was conducted to search the
enriched KEGG pathways. For CDKN2A, Metabolism of xenobiotics by cytochrome P450, Cardiac muscle
contraction, Drug metabolism cytochrome P450 were enriched in three gene sets (Fig. 13a). For PTK6,
Nitrogen metabolism, Nicotinate and nicotinamide metabolism, Glycosphingolipid biosynthesis - lacto
and neolacto series were enriched in three gene sets (Fig. 13b).

Discussion
Endometrial carcinoma (EC) is the most common gynecologic malignancy is an increasing public health
concern worldwide [2]. With the continuous emergence of new therapeutic targets, the mining of
prognostic biomarkers has become a research hotspot. These biomarkers can be used to predict the risk
of patients and guide personalized adjuvant therapy for early high-risk patients [21]. Autophagy genes
can play a vital role as biomarkers in many cancers, such as melanoma [22], gastric cancer [23] and non-
small cell lung cancer [24], etc. But the prognostic research of differentially expressed autophagy-related
genes (DEARGs) in endometrial cancer is lacking. Therefore, it is necessary to understand the autophagy
molecular mechanism and identi�cation of new biomarkers for the development of endometrial cancer.

In this study, a total of 45 differentially expressed autophagy-related genes were identi�ed based on the
TCGA database, including 23 up-regulated DEARGs and 22 down-regulated DEARGs. Moreover, we
predicted the biological functions and enrichment pathways of these genes using bioinformatics
methods. GO and KEGG analysis showed that these DEARGs were signi�cantly enriched in autophagic
biological pathways, suggesting that dysregulation of autophagy played a key role in the development
and progression of EC.

We also performed PPI network analysis and screened out three modules and six key genes (CASP3,
GAPDH, MYC, MAPK3, FOXO1, CDKN2A), of which CASP3 was the most important. Co-expression
analysis showed that co-expressed genes with CASP3 were mostly enriched in cell cycle, cell division and
Metabolism of RNA. This indicates that CASP3 plays a central role in executing apoptosis and thus in the
carcinogenic process.

A basic study shows that Caspase-3 (CASP3) plays an important role in promoting colon cancer cell
invasion and metastasis and therefor sever as a potential target for colon cancer therapy [25]. Jia Lin et
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al. found that CASP3 polymorphisms confer to the lung cancer susceptibility [26]. In human cancer
treatment, several studies reported that patients with higher levels of procaspase-3 or active caspase-3
had a worse prognosis than patients with lower levels of procaspase-3 or active caspase-3 [27-30]. In this
study, CASP3 as a central gene also showed its abnormal expression in EC development, and this �nding
can guide future exploration of EC mechanisms.

Next, we distinguished a prognostic signature consisting of three identi�ed DEARGs (CDKN2A, PTK6,
GRI2D), and most of them are harmful factors of the EC. The 3-DEARG signature divided the OS of EC
into high- and low-risk subgroups. Kaplan–Meier analyses indicated that high-risk subgroups with poor
survival. Notably, the univariate and multivariate regression analysis indicated that the risk score system
of 3-DEARG signature could be regarded as an independent prognostic model to provide a more accurate
assessment of OS in EC. Analysis of the ROC curve shows that the risk score is a better prognostic
indicator compared with other clinical characteristics (age, grade) used for risk strati�cation in EC
patients. Therefore, our biomarker may provide a simple and accurate prediction for the prognosis of
endometrial cancer.

For clinical correlation analysis, we found that risk score increases with age and pathological grade of the
patient and the expression of CDKN2A, PTK6, and GRI2D increases with age. GRI2D expression is higher
in the high pathological grade group. High age and histopathological grade predicted poor prognosis for
endometrial carcinoma. These results indicated that CDKN2A, PTK6, and GRI2D were highly EC-
prognosis-related.

Using the online database, we veri�ed that the expression of CDKN2A and PTK6 in tumors was higher
than normal samples, and they were negatively correlated with the overall survival of EC patients.
Besides, both have higher expression levels in different subtypes of EC tissues. Their expression levels
also increased with EC stage. We further found that CDKN2A and PTK6 were widely expressed in a variety
of tumor tissues, whereas GRID2 expression was negative. GSEA enrichment analysis showed that
CDKN2A and PTK6 were mostly associated with Metabolism of xenobiotics by cytochrome P450 and
Nitrogen metabolism, which may provide a new direction for EC research.

  The CDKN2A is a gene type of cyclin-dependent kinase inhibitor, its mutations have been related to
breast cancer, melanoma and squamous cell carcinoma [31-33]. Recent �ndings show that
polymorphisms in the CDKN2A gene are associated with EC in postmenopausal women [34]. As for PTK6,
an intracellular tyrosine kinase, in tumors overexpressing PTK6, this unusual soluble tyrosine kinase is
emerging as a mediator of cancer cell phenotypes, including increased proliferation, survival, and
migration [35]. In breast cancer cells, oncogenic PTK6 functions to protect cells from autophagic induced
death under anchorage-independent conditions [36]. GRID2, human glutamate receptor delta-2, is a
relatively new member of the family of ionotropic glutamate receptors which are the predominant
excitatory neurotransmitter receptors in the mammalian brain. Recent research has demonstrated that
GRID2 connected to several diseases including ataxia, inherited disease and cancer [37, 38]. In short,
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almost all DEARGs in the signature are closely related to cancer. Therefore, there is reason to believe that
these three DEARGs can be used in the clinic as a reliable and repeatable prognostic biomarker.

To our knowledge, this is the �rst landscape study on the prognosis of DEARGs signals in endometrial
cancer based on large clinical data sets. However, there are some limitations in this study. For example,
our research is actually an analysis based on previous data, lacking in vivo and in vitro experimental
studies. Therefore, further investigations are still needed to verify the accuracy for estimating prognoses
and to test its clinical utility in patient management.

Conclusion
In conclusion, we comprehensively analyzed autophagy-related genes in endometrial carcinoma using
bioinformatics analyses. In total, we identi�ed 45 DEARGs, 3 MCODEs, 6 hub genes and CASP3 co-
expressed genes, these �ndings provide comprehensive information for understanding the autophagy
molecular mechanism in endometrial cancer. what's more, we identi�ed a novel prognostic signature
consisting of 3 prognostic genes through genome-wide integrated analysis of mRNA expression pro�les
and clinical data. Prognostic biomarkers identi�ed can be used to strongly predict the survival of UCEC
patients.

Abbreviations
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UCEC Uterine Corpus Endometrial Cancer

TCGA The Cancer Genome Atlas

HADb Human Autophagy Database

DEARGs Differentially expressed autophagy-related genes

DAVID Database for annotation, visualization and integrated discovery

GO Gene Ontology

KEGG Kyoto Encyclopedia of Genes and Genomes

STRING Search Tool for the Retrieval of Interacting Genes Database

PPI Protein-protein interaction

MCODE Molecular complex detection

ROC Receiver operating characteristic

AUC Area under curve

HR Hazard ratio

CI Con�dence interval

GSEA Gene set enrichment analysis
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Tables
Table 1 Clinicopathological characteristics of UCEC patients used in this study
Variables   TCGA cases(n=401)
Age, years (mean ± SD) ≤65 251(55.5±7.7)

>65 150(74.4±6.2)
Grade, no(%)

 

1 97(24.2)
2 118(29.4)
3 186(46.4)

Vital status, no(%)

 

Alive 358(89.3)
Dead

 

43(10.7)
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Table 2 The common DEARGs identified in TCGA
Common DEARGs Gene names

Upregulated DEARGs

 

BID,PARP1,CLN3,CASP3,PRKCD,WIPI1,BAK1,CTSB,BAX,ATG4D,DAPK2,

ERO1A,BNIP3,P4HB,GAPDH,IKBKE,TP63,IFNG,EIF4EBP1,PTK6,BIRC5,

CDKN2A,SERPINA

 
Downregulated DEARGs

 

NRG3,ITPR1,FOS,GRID1,HSPB8,DLC1,FOXO1,BCL2,MYC,GABARAPL1,

PRKN,GRID2,TUSC1,CDKN1B,CALCOCO2,RAB33B,VAMP3,ST13,NRG2,

PRKAR1A,ITGB1,MAPK3                           
 

Table 3 Prognostic signature of autophagy genes

 

Genes Coefficient HR 95%CI p-value  
CDKN2A 0.202 1.224 1.001 - 1.497 0.048  
PTK6 0.426 1.531 1.186 - 1.975 0.001  
GRID2 1.190 3.288 1.468 - 7.363 0.004  

Figures

Figure 1

Flow chart of study design.
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Figure 2

Identi�cation of differentially expressed autophagy-related genes (DEARGs) in TCGA. a Heatmap of 45
DEARGs. Each column represented a biological sample and each row in the heatmap represents a gene.
Genes shown in red are up-regulated and blue are down-regulated. b Volcano plot of the 202 autophagy
genes. The red dot represents up-regulated genes, and green dot represents down-regulated genes. c
Boxplot of the expression levels of 45 DEARGs between tumor and normal. N, normal samples; T, tumor
samples. Statistically signi�cant DEARGs were de�ned as log2|FC|>1.0 and FDR<0.05.
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Figure 3

Functional enrichment analysis on the DEARGs. a, b GO analysis of the DEARGs. c, d KEGG analysis of
the DEARGs. P.adjust<0.05 was considered statistically signi�cant. BP, biological process; CC, cellular
component; MF, molecular function.



Page 18/25

Figure 4

PPI network and hub genes analysis. a PPI network of 45 DEARGs. PPI network contained 45 nodes and
140 edges. b-d 3 MCODEs identi�cation in the PPI network. The red node represents the up-regulated
gene and the blue node represents the down-regulated gene. e Hub genes screening. The darker the color
of the cube, the more important it is. Hub genes were CASP3, MYC, MAPK3, GAPDH, FOXO1, CDKN2A.

Figure 5
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GO and KEGG analyses on the 3 MCODEs. a GO analysis on MOCDE1. b GO analysis on MOCDE2. c GO
analysis of MOCDE3. d KEGG analysis on MOCDE1. e KEGG analysis on MOCDE2. f KEGG analysis on
MOCDE3.

Figure 6

Genes co-expressed with CASP3 in TCGA. Heatmap of the top 20 positive correlated genes and the top 20
negative correlated genes. Each column represented a biological sample and each row in the heatmap
represents a gene. Genes shown in red are up-regulated and blue are down-regulated.
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Figure 7

Metascape Gene List Analysis Report. a Bar graph of enriched terms across input gene lists, colored by p-
values. Network of enriched terms: b colored by cluster ID, where nodes that share the same cluster ID are
typically close to each other; c colored by p-value, where terms containing more genes tend to have a
more signi�cant p-value.
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Figure 8

Survival assessment of the prognostic signature in the TCGA. a The univariate Cox proportional hazards
regression analysis screened out 6 EC relative genes. b Kaplan-Meier curves for overall survival of
patients classi�ed into high-risk and low-risk groups using the prognostic signature in TCGA. c, d The
distribution of risk score and patients’ survival status marked as low risk (blue) or high risk (red), as
divided by the threshold (vertical black line). e Gene expression and risk score distribution in TCGA by z-
score, with red indicating higher expression and light blue indicating lower expression.

Figure 9
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Univariate and multivariate independent prognostic analysis. a Univariate independent prognostic
analysis. b Multivariate independent prognostic analysis. c Multi-index ROC curve. The grouping settings
are as follows: Age (age>65 vs age≤65); Grade (G3 vs G1-2); Risk score (high-risk vs low-risk).

Figure 10

Clinical correlation analysis. a-c Gene expression in different age groups. d GRID2 in different
pathological grades. e Risk score in different age groups. f Risk score in different pathological grades.
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Figure 11

Validation of UALCAN website. a, b The expression of CDKN2A and PTK6 in UCEC samples. c, d Survival
analysis of CDKN2A and PTK6.
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Figure 12

Validation of UALCAN website. a, d The expression of CDKN2A and PTK6 in UCEC samples of different
histological subtypes. b, e The expression of CDKN2A and PTK6 in UCEC samples at different stages. c, f
The protein expression of CDKN2A and PTK6 in UCEC samples.
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Figure 13

Gene set enrichment analysis (GSEA) of high versus low-expression groups. a The three most functional
gene sets enriched in EC samples with CDKN2A highly expressed. b The three most functional gene sets
enriched in EC samples with PTK6 highly expressed.
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