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Abstract

Endometrial cancer (EC) is a fatal female reproductive tumor. Bioinformatic tools
are increasingly developed to screen out molecular targets related to EC. In this
study, GSE17025 and GSE40032 were obtained from Gene Expression Omnibus
(GEO). “limma” package and Venn diagram tool were used to identify hub genes.
FunRich was used for functional analysis. Retrieval of Interacting Genes Database
(STRING) was used to analyze protein-protein interaction (PPI) complex. Cancer
Genome Atlas (TCGA), GEPIA, immunohistochemistry staining, and ROC curve
analysis were carried out for validation. Univariate and multivariate regression anal-
yses were performed to predict the risk score. Compound muscle action potential
(CMap) was used to find potential drugs. GSEA was also done. We retrieved seven
oncogenes which were upregulated and hypomethylated and 12 tumor suppressor
genes (TSGs) which were downregulated and hypermethylated. The upregulated and
hypomethylated genes were strikingly enriched in term “immune response’” while the
downregulated and hypermethylated genes were mainly focused on term ‘“‘aromatic
compound catabolic process.” TCGA and GEPIA were used to screen out EDNRB,
CDOI, NDN, PLCDI, ROR2, ESPLI, PRAME, and PTTGI. Among them, ESPLI
and ROR?2 were identified by Cox regression analysis and were used to construct
prognostic risk model. The result showed that ESPL] was a negative independent
prognostic factor. Cmap identified aminoglutethimide, luteolin, sulfadimethoxine,
and maprotiline had correlation with EC. GSEA results showed that “hedgehog sign-
aling pathway” was enriched. This research inferred potential aberrantly methylated
DEGs and dysregulated pathways may participate in EC development and firstly
reported eight hub genes, including EDNRB, CDOI1, NDN, PLCDI1, ROR2, ESPLI,

Abbreviations: CI, confidence interval; CMap, compound muscle action potential; DEGs, differentially expressed genes; DMGs, differentially methylated
genes; EC, Endometrial cancer; GEO, gene expression omnibus; GO, Gene Ontology; GSEA, Gene set enrichment analysis; KEGG, Kyoto Encyclopedia of
Genes and Genomes; PPI, protein-protein interaction; ROC, Receiver operating characteristic; STRING, Search Tool for the Retrieval of Interacting Genes

Database; TCGA, the Cancer Genome Atlas; TSGs, tumor suppressor genes.
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PRAME, and PTTG] that could be used to predict EC prognosis. Aminoglutethimide

bioinformatic analysis, CMap, endometrial cancer, gene expression omnibus (GEO), methylation, PPI,
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and luteolin may be used to fight against EC.
KEYWORDS
risk model

1 | BACKGROUND

Originating from endometrial cells, endometrial cancer (EC)
is a lethal tumor in female reproductive system.' In 2015, the
American Cancer Society (ACS) predicted that the number
of new cases of EC was 54 870, and 10 170 of them had
died. This means that in the past 20 years, the mortality of
EC has almost doubled. The average age at the establishment
of EC diagnosis is 63. EC is most likely to attack postmeno-
pausal women, 90% of whom are over 50 years old.” The
symptoms of EC, represented by irregular vaginal bleeding
after menopause, are often overlooked, making early EC di-
agnosis a thorny challenge.3 To solve this challenge, data-
base-based bioinformatic analysis has been increasingly used
to screen out target biological molecules of diagnostic value.*
For example, Shenghui Yao et al screened out some DEGs
causing cervical intraepithelial neoplasia via GEO database.’
Xiangsheng Liu et al analyzed the gene modules related to
human osteosarcoma through a coexpression network.® DNA
methylation of the gene promoter region typically inhibits
gene expression. Most methylated CpG islands are located
within genes or intergenic regions, while less than 3% in
the gene promoter region. Intra- or intergene DNA methyl-
ation may regulate gene expression.” Many studies in recent
years have shown that DNA methylation is closely related
to tumor progression.g'lO Extensive research has found that
DNA methylation affects the occurrence and progression of
EC.'* we reasonably speculated that some methylation
genes act on EC and could be used as biomarkers for targeted
therapy of EC. In this research, we first screened out DEGs
from GSE17025, and hypermethylated/hypomethylated
genes from GSE40032. Comprehensive analysis, functional
analysis, and PPI network analysis were performed. Potential
drugs, hub genes, and terms related to EC were determined.

2 | MATERIALS AND METHODS

2.1 | Microarray data profile

The study design is shown in Figure 4A. Gene Expression
Omnibus (GEO) is an online database which provides com-
prehensive data on gene profiling and sequencing. In GEO
database (https://www.ncbi.nlm.nih.gov/geo/), we retrieved

the gene expression profile dataset GSE17025 along with
methylation profile dataset GSE40032. Based on the GPL570
platform [HG-U133_Plus_2] Affymetrix Human Genome
U133 Plus 2.0 Array,"” we collected data from GSE17025
containing 91 samples of stage I endometrial cancers and 12
samples of postmenopausal atrophic endometrium. Based on
GPL8490, we collected the methylation profile microarray
data from GSE40032, including 64 endometrial cancer sam-
ples and 23 cancer-free samples.'®

2.2 | Data processing and identification of
DEGS and DMGS

To explore the differentially expressed genes (DEGs)
and differentially methylated genes (DMGs), we applied
the “limma” pzslckages17 for processing GSE17025 and
GSE40032 datasets. The DEGs were screened with crite-
ria llogFCl > 1 and adj-P-value < .05, while DMGs were
identified with FDR < 0.05 and llogFCl > 0.2. We reviewed
previously published literature before setting criteria.'®2°
Subsequently, oncogene and TSG lists were teased out of
two online databases (http://ongene.bioinfo-minzhao.org/,
https://bioinfo.uth.edu/TSGene/index.html), respectively. To
illustrate the intersection among DEGs, DMGs, oncogenes,
and TSGs, an Venn diagram program”' was employed. As
a result, upregulated hypomethylated oncogenes as well as
downregulated hypermethylated genes were filtered out.

2.3 | Pathway analysis of DEGS

Gene Ontology (GO) function and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways involving the two
gene lists were determined using an enrichment analysis on-
line tool FunRich.?* The biological function of the overlap
genes was interpreted. A value of P < .05 was seen to be
statistically significant.

2.4 | PPI network construction

STRING® and FunRich were used to build PPI network
that hinted at the molecular mechanism involved in EC
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tumorigenesis. The protein-protein interaction (PPI) network
was plotted by Cytoscape v3.7.0. A value of P < .05 was
considered statistically significant.

2.5 | Validation of the selected genes

To validate the aberrantly methylated DMGs, the data from
the Cancer Genome Atlas (TCGA) database were analyzed
using the online software GEPIA (http://gepia.cancer-pku.
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FIGURE 1

cn/)** for cancer and healthy gene expression profiles. In
order to confirm epigenetic methylation level, we validated
using TCGA data and R software. We analyzed the com-
plete follow-up data of all EC patients. To validate the se-
lected oncogenes and TSGs on the translational level, the
immunohistochemistry stained samples of both the normal
and endometrial cancer were downloaded from the Human
Protein Atlas database (https://www.proteinatlas.org/).
ROC curve analysis was for distinguishing normal and
cancer tissues.
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DEGs in GSE17025 and DMGs in GSE40032. A, Volcano Plot visualizing all the DEGs. Red dots represent upregulated genes,

green dots represent downregulated genes, and black dots represent genes without differential expression. B, Heatmap of the top 200 DEGs. C,

Heat map of the top 200 DMGs
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FIGURE 2 Aberrantly methylated A GSE40032 (hypo)
DEGs, and associated oncogenes and

tumor suppressor genes (TSGs). A, 84
hypomethylated and upregulated genes were
identified, including seven oncogenes. B,
121 hypermethylated and downregulated
genes were identified, including 12 TSGs
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2.6 | Construction of a prognostic signature
First, univariate Cox proportional hazards regression analysis
was performed based on eight genes. Prognosis-associated
genes (P < .05) were determined. Next, multivariate Cox
regression analysis was utilized to identify significant prog-
nosis-related genes. Regression model was constructed to
assess each patient's risk score for gene expression. Patients
were divided into low- and high-risk groups based on the av-
erage risk score. Then, we used Kaplan-Meier curve analysis
to compare the survival time of the low- and the high-risk
group. Cutoff was set as P < .05. In addition, we used the
receiver operating characteristic (ROC) curve to predict the
5-year survival. The predictive value was calculated as the
area under the curve, sensitivity, and specificity. Harrel's
concordance index (C-index) was measured to validate the
predictive ability of this signature using the “survcomp” R
package.25

2.7 | Identification of candidate
small molecules

We used CMap to find potential drugs related to EC. CMap
is a program for predicting potential drugs that may in-
duce biological status encoded by specific gene expres-
sion signatulres.26 Upregulated hypomethylated genes and
downregulated hypermethylated genes were used to query
the CMap database. Finally, the enrichment score repre-
senting similarity was calculated, ranging from —1 to 1.
The positive connectivity score indicates that drugs can
induce the biological phenomena queried in human cell
lines. Conversely, a negative connectivity score indicates
that the drug reverses the requested biological characteris-
tics and has potential therapeutic value. The connectivity
scores (P < .05) for the various instances were filtered out.
Tomographic scans of these potential effective drugs were
studied in Pubchem.

2.8 | Gene set enrichment analysis (GSEA)
In order to reveal the function of eight key genes, GSEA
(http://software.broadinstitute.org/gsea/index.j sp)27 was used
to determine the enrichment of previously defined biologi-
cal processes in the ranked DEGs between the two groups.3
From TCGA, 546 EC samples were divided into two different
groups based on their median expression levels. The collec-
tion of annotated gene sets of c2.cp.kegg.v6.0.symbols.gmt
in Molecular Signatures Database (MSigDB, http://software.
broadinstitute.org/gsea/msigdb/index.jsp) was chosen as the
reference gene sets in GSEA software, and the P-value < .05
was set as the cutoff.

3 | RESULTS
3.1 | DEGs and DMGs in endometrial
cancers

Expression matrices were obtained from GSE17025 consist-
ing of 91 endometrial cancer, 12 serous samples of atrophic
endometrium from postmenopausal women. The DEGs were
presented in Figure 1A,B. We obtained 1737 DEGs, includ-
ing 690 upregulated and 1047 downregulated. A total of
4097 DMGs were obtained in GSE40032 (Figure 1C). As a
result, 1761 hypermethylated genes and 2336 hypomethyl-
ated genes were also screened out.

3.2 | Aberrantly methylated DEGS

Through Venn analysis, we identified the genes with over-
lapped expression between the upregulated genes and hy-
pomethylated genes. We also identified the genes with
overlapped expression between downregulated genes and
hypermethylated genes. Subsequently, we searched 121
downregulated hypermethylated genes and 84 upregulated
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genes (hypermethylated, lowly expressed genes); F, the top 10 enriched CC items of downregulated hypermethylated genes; G, the top 10 enriched

MF items of downregulated hypermethylated genes. H, the top 10 enriched pathways of downregulated hypermethylated genes

hypomethylated genes. So as to pinpoint the aberrantly
methylated DEGs, upregulated hypomethylated genes
were overlapped with oncogenes, and downregulated hy-
permethylated genes with TSGs. Correspondingly, we
retrieved seven upregulated hypomethylated oncogenes
(Figure 2A). We also identified 12 downregulated hy-
permethylated TSGs, indicating hypomethylation may
downregulate the expression of these specific genes in tu-
morigenesis (Figure 2B).

33 | Goand KEGG pathway
analysis of DEGS

GO terms cover biological process (BP), molecular func-
tion (MF), and cellular component (CC) ontologies. In
our study, BP terms of upregulated hypomethylated genes
were significantly enriched in immune response, positive
regulation of T-helper cell differentiation, and lipopoly-
saccharide-mediated pathway (Figure 3A). CC terms of

upregulated hypomethylated genes were significantly en-
riched in mitotic spindle, spindle pole, and chromosome
in the centrometric region (Figure 3B). MF terms of the
genes were mostly enriched in endopeptidase inhibitor
activity, nerve growth factor binding, and 5’-3" exode-
oxyribonuclease (Figure 3C). KEGG analysis indicated
that these genes were mainly involved in Gastric Cancer
Network 1, regulation of sister chromatid separation at the
metaphase-anaphase transition as well as retinoblastoma
gene in cancer (Figure 3D). By contrast, downregulated
hypermethylated genes were mainly enriched in: (a) aro-
matic compound catabolic process, vascular smooth mus-
cle contraction, and hematopoietic stem cell differentiation
(BP, Figure 3E); (b) L-type voltage-gated calcium channel
complex, integral component of plasma membrane, and
cytoplasmic vesicle (CC, Figure 3F); (c) dipeptidase ac-
tivity, platelet-derived growth factor receptor binding, and
protein homodimerization activity (MF, Figure 3G). These
genes were mainly enriched in term “Wnt signaling path-
way” (Figure 3H).
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seven upregulated hypomethylated oncogenes, and their related genes, created by the FunRich software

34 | PPI network construction

STRING was for constructing the PPI network. A total of
120 nodes and 60 edges were involved in the PPI network
of the downregulated hypermethylated genes, with a PPI en-
richment P-value of 3.88e-05 (Figure 4A). PPI complex of
the upregulated hypomethylated genes consisted of 84 nodes
and 164 edges (P-value: 1.0e-16) (Figure 4B). A total of 11
downregulated hypermethylated TSGs and seven upregu-
lated hypomethylated oncogenes along with their associated
genes are presented in Figure 4C,D. The pathways involving
the 11 downregulated hypermethylated TSGs and their asso-
ciated genes are shown in Table S1. These genes were mostly
enriched in “pathway in cancer.” The pathways involving the

seven upregulated hypomethylated oncogenes and their asso-
ciated genes are shown in Table S2. These genes were mostly
enriched in “cell cycle.”

3.5 | Validation of the selected genes

We used the data from TCGA to confirm how the expres-
sion and methylation of selected genes work in EC car-
cinogenesis. Five upregulated hypomethylated oncogenes,
along with 10 downregulated hypermethylated TSGs were
differentially expressed in normal tissues and tumor tis-
sues. The difference in expression was validated based on
GEPIA (Figure 5). In addition, based on TCGA UCEC
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FIGURE 5 Validation of the 19 genes in the GEPIA. A-D, Box plots showing the expression of the 15 genes was the same to that in our
study based on GEPIA (P-values < 0.05). The red node represented tumor samples, gray node represented normal samples

data, we detected eight differentially methylated genes
including EDNRB, CDO1, NDN, PLCDI, ROR2, ESPLI,
PRAME, and PTTGI1 (Figure 6). Immunohistochemistry
results showed that these genes were dysregulated in
EC samples. The expression levels of ENDRB, ROR2,
and PLCD]1 were lower in EC tissue than in normal tis-
sue, whereas the expression levels of ESPLI, PRAME,
and PTTGI were higher in EC tissue than in normal tis-
sue. Besides, the expression of CDOI showed no differ-
ence between normal tissue and tumor tissue (Figure 7).
Moreover, ROC curve analysis using “pROC” packages

was performed to calculate the capacity of eight genes to
distinguish EC tissue from healthy tissue. EDNRB, CDOI,
NDN, ESPRLI, PRAME, and PTTGI all exhibited excel-
lent diagnostic efficiency (AUC > 0.9), and this efficiency
was more obvious when the eight were combinedly used
(AUC 0.987) (Figure 8A).

Furthermore, to evaluate the prognostic significance of the
six methylated DEGs, we loaded the survival time and gene
expression levels from the Human Protein Atlas database.
Kaplan-Meier method was applied to estimate the survival
time predicted by each gene. The analysis results showed that
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FIGURE 6 Validation of the 15
genes in the TCGA database. Violin plots

showing the methylation status of the eight 087 p< oot P.< 001

genes similar to that in our study based on
TCGA database. The red violin represented
the tumor samples and the blue violin

0.6

Methylation level

represented the healthy samples
0.4+

| &

P <001

P < 001

P < .001

o P < 001
o

P =02

a shorter survival was correlated with the lower expression
levels of PLCDI and ROR?2 and the higher expression levels
of ESPL1 and PTTGI (Figure S2).

3.6 | Gene set enrichment analysis (GSEA)
GSEA was for searching KEGG pathways based on the
TCGA samples in order to screen out the potential function
of eight genes in EC. The gene sets (n = 546) were enriched
in 10 pathways: “hedgehog signaling pathway,” “basal cell
carcinoma,” “adipocytokine signaling pathway,” “colorectal
cancer,” “oxidative phosphorylation,” “metabolism of xeno-
biotics by cytochrome p450,” “ribosom,” “antigen process-
ing and presentation,” “systemic lupus erythematosus,” and
“olfactory transduction” (Figure 8B-C) (adj. P < .05).

99 <

3.7 | Prognostic signature

Univariate Cox proportional hazards regression analy-
ses were performed for the above eight DEGs, including
ESPLI, NDN, ROR2, and PLCDI (Table 1). Multivariate
Cox proportional hazards regression analysis was further
performed on the above genes, which screened ROR2 and
ESPLI (Figure S1). The risk score for predicting overall
survival was calculated as follows: Risk score = 0.336%*
ESPLI-0.101* ROR2. According to the median risk score,
EC patients were divided into low-risk (n = 267) and high-
risk (n = 267) groups. Survival analysis showed that low-risk
patients had longer overall survival than high-risk patients
in TCGA cohort (Figure 9A). We also used optimal cut-
offs to analyze the prognosis of high- and low-risk groups
(P < .001) (Figure S4B) In ROC curve analysis, the AUC
value for 5-year survival showed the highest specificity and
sensitivity when the risk score was 0.633 (95% confidence
interval[CI] 0.52-0.74) (Figure 9B). C-index = 0.63 (95%CI
0.57- 0.69), P-value = 7.06e-06. As shown in supporting
Figure 4B-C, when clinical factors (including age, stage,

grade, and histological type) were combined, the AUC value
increased to 0.792. The survival status, the expression of five
genes and distribution of risk score in each patient were also
analyzed (Figure 9C-E). In addition, the heatmap showed the
expression of the two genes in low- and high-risk patients
in the TCGA dataset. We observed significant differences in
tumor status (P < .001), grade (P < .001), histological type
(P < .001), stage (P < .001), and age (P < .001) between the
high- and low-risk groups (Figure S3).

3.8 | Related small molecule drugs screening
To screen out small molecule drugs, we analyzed upregu-
lated genes and hypomethylated genes, as well as down-
regulated genes and hypermethylated genes with CMap.
The top 10 EC-related small molecules are displayed in
Table 2. Among these small molecules, aminogluteth-
imide and luteolin showed a highly negative correlation
with EC. Sulfadimethoxine, maprotiline, isoflupredone,
vancomycin, 3-acetamidocoumarin, clofazimine, adiphe-
nine, and merbromin showed a highly positive correlation
with EC. They all might have the potential therapeutic ef-
fects on EC. The tomographes of the top 4 potential mol-
ecule drugs were researched from Pubchem and shown in
Figure 10A-D.

4 | DISCUSSION
EC mortality has increased by more than 100% during the
past 20 years.2 Only 20% of EC patients are diagnosed before
menopause.28 Database-based bioinformatic analysis helps to
screen out target biological molecules for early EC diagnosis.
Based on GSE17025, we extracted the expression matri-
ces of 91 endometrial cancer samples and 12 serous samples
of postmenopausal atrophic endometrium. We obtained 1737
DEGs, including 690 upregulated and 1047 downregulated.
A total of 4097 DMGs were obtained from GSE40032. Then,


http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE17025
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE40032
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A CDO1

C ESPL1

Cancer Normal

E PRAME

Normal

Cancer

FIGURE 7

Normal

Cancer Normal

F PTTGI

Immunohistochemistry (IHC) of the seven genes based on The Human Protein Atlas. A, Protein levels of CDOL1 in tumor

tissue (staining: negative; intensity: negative; quantity: none). Protein levels of CDO1 in normal tissue (staining: negative; intensity: negative;

quantity: none). B, Protein levels of EDNRB in tumor tissue (staining: negative; intensity: negative; quantity: none). Protein levels of EDNRB in

normal tissue (staining: medium; intensity: moderate; quantity: 75%-25%). C, Protein levels of ESPLI in tumor tissue (staining: high; intensity:

strong; quantity: >75%). Protein levels of ESPLI in normal tissue (staining: high; intensity: strong; quantity: 75%-25%). D, Protein levels of

PLCDI in tumor tissue (staining: medium,; intensity: moderate; quantity: 75%-25%). Protein levels of PLCD1 in normal tissue (staining: high;

intensity: strong; quantity: >75%). E, Protein levels of PRAME in tumor tissue (staining: low; intensity: moderate; quantity: <25%). Protein levels

of PRAME in normal tissue (staining: negative; intensity: negative; quantity: none). F, Protein levels of PTTG1 in tumor tissue (staining: high;

intensity: strong; quantity: <25%). Protein levels of PTTG1 in normal tissue (staining: medium; intensity: strong; quantity: <25%). G, Protein

levels of ROR2 in tumor tissue (staining: low; intensity: weak; quantity: >75%). Protein levels of ROR2 in normal tissue (staining: medium;

intensity: moderate; quantity: >75%)

1761 hypermethylated genes and 2336 hypomethylated genes
were retrieved.

With Venn analysis, we detected the overlapped expression
between the upregulated genes and hypomethylated genes, as
well as downregulated genes and hypermethylated genes. We
accessed 121 downregulated hypermethylated genes and 84
upregulated hypomethylated genes. Upregulated hypometh-
ylated genes were overlapped with oncogenes, and downreg-
ulated hypermethylated genes with TSGs. Correspondingly,

we retrieved seven upregulated hypomethylated oncogenes
and 12 downregulated hypermethylated TSGs.

Immune response is involved in tumor development.29
This involvement arises with DNA methylation.30 Aromatic
compound is engaged in the development of lung cancer.”!
Wnt Signaling is a star pathway associated with many
tumors.**** In the present research, the upregulated hy-
pomethylated genes were mostly enriched in term “immune
response” according to GO analysis and in Gastric Cancer
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FIGURE 8 A, ROC curve analysis and AUC analysis were implemented to evaluate the capacity of eight genes to distinguish EC tissue from
normal tissue. B-C, GSEA using TCGA UCEC databases. The 10 most functional gene sets enriched in EC samples

Network 1 according to KEGG analysis. The downregulated  genes, conjured up a PPI network with FunRich tool. In this
hypermethylated genes were mainly enriched in aromatic network, the function of the downregulated hypermethyl-
compound catabolic process according to GO analysis and ated TSGs and their associated genes were mostly enriched
in Wnt Signaling according to KEGG analysis. Our research in “pathways in cancer;” the function of the upregulated
verified the significance of these genes in EC research. hypomethylated oncogenes and their associated genes were
Downregulated hypermethylated TSGs and upregulated  mostly enriched in “cell cycle.” Cell cycle participates in
hypomethylated oncogenes, along with their associated  EC growth and proliferation.34 Qiu H et al found that JQ1
suppressed tumor growth via PTEN/PI3K/AKT pathway in

TABLE 1 Univariate Cox proportional hazards regression endometrial cancer.” These all indicated that our functional

analysis analysis had guiding significance for EC.
Gene HR CI Z P-value We used GEPIA to confirm the expression and methylation
ESPLI 1.429 1.155-1.769 3986 00101 Ef the 19 selected genes in carcmog.enems. Five upregulated
NDN 0.844 0719-0.991 2061 0392 ypomethylated oncogenes, a}ong Wth 10 downregulated hy-
ROR2 0.879 0.776.0.995 5 037 0416 permethylated TSGs, were differentially expressed between
. ST - ' normal tissue and tumor tissue. Using TCGA UCEC data,
PLCD1 0.761 0.581-0.996 —1.986 .0470

we further detected eight DMGs, including EDNRB, CDO],
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FIGURE 9 A, Kaplan-Meier survival analysis, risk score for overall survival. B, ROC curve for predicting 5-year survival based on risk

score. C-E, The distributions of the two—gene signature, survival status, and expression profiles of the two genes of patients in the TCGA dataset

NDN, PLCDI, ROR2, ESPLI, PRAME, and PTTGI. The
results of boxplots based on TCGA database were consis-
tent with those from GEO analysis. We next used immuno-
histochemistry staining to validate these deregulated genes.
Finally, ROC curve analysis was for evaluating the capacity
of eight genes to distinguish EC tissue from healthy tissue.
Univariate Cox proportional hazards regression analysis

screened out the genes of significant prognostic value, in-
cluding ESPLI, NDN, ROR2, and PLCD1. Multivariate Cox
proportional hazards regression analysis screened out ROR2
and ESPLI. We calculated the AUC value by combining only
the gene expression and not the clinical factors, so the AUC
value (0.633) was not high. However, when combined with
clinical factors (including age, stage, grade, and histological
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Rank CMap name Mean N Enrichment P-value
1 Sulfadimethoxine 0.668 5 0.916 .00004
2 Maprotiline 0.605 4 0.899 .0001
3 Isoflupredone 0.752 3 0.944 .0002
4 Aminoglutethimide —0.718 3 —0.929 .0005
5 Vancomycin 0.621 4 0.848 .0007
6 Luteolin —-0.709 4 -0.85 .0009
7 3-acetamidocoumarin 0.609 4 0.841 .001

8 Clofazimine 0.483 5 0.783 .001

9 Adiphenine 0.608 5 0.763 .001

10 Merbromin 0.452 5 0.762 .001

FIGURE 10 Structures of the top
4 molecule drugs. A, aminoglutethimide
B, isoflupredone C, sulfadimethoxine D,
maprotiline

type), the AUC value increased to 0.792. These hub genes
are related to tumor progression. Ror2, a member of the Ror
family of receptor tyrosine kinases, acts as a receptor for
Wnt5al. Wnt5a/Ror2 signaling activates the B-catenin-in-
dependent noncanonical Wnt pathways.36 Michiru Nishita
et al proved that Ror2 signaling was involved in tumor in-
vasion.”’ Yang CM et al further demonstrated that ROR2
was involved in multiple biological behaviors of renal car-
cinoma.™ Equally, ESPLI was proven to be a cancer onco-
gene for breast cancer.”® Ushiku H et al demonstrated that
CDOI promoted DNA methylation in the process of gastric
cancer.*” Ushiku H et al also demonstrated that promoter
DNA methylation of CDOI gene regulated esophageal
squamous cell carcinoma plrogression.41 CDOI affected the

43

procession of prostate cancer,* clear-cell renal cell cancer,
breast cancer,44 and lung cancer.”’ Hu YH et al found that
hypermethylation of NDN promoted the cell proliferation by

activating the Wnt signaling pathway in colorectal cancer.*®

Yang H et al found that NDN inhibited ovarian cancer de-
Velopment.47 Phospholipase C 81 (PLCDI) manipulates the
biological behaviors of pancreatic cancer cells.*® Methylation
of PLCDI can be regulated to improve the treatment of breast
cancer.* Epigenetic inactivation of PLCD] occurs in chronic
myeloid leukemia.’® PRAME is implicated in the growth and
metastasis of breast cancer, the hypomethylation of epithe-
lial ovarian cancer, and the prognosis of nonsmall cell lung
cancer.”! PTTG1, as an androgen responsive gene, acts in the
progression of androgen-induced prostate cancer, colorectal
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cancer, breast cancer, ovarian cancer, and bladder cancer.”>™

Endothelin receptor type B (EDNRB) gene, a member of
G protein-coupled receptor superfamily, plays in the devel-
opment of embryonic and enteric ganglia.56 Reza Mousavi
Ardehaie et al demonstrated aberrantly methylated EDNRB
acted as a potential diagnostic biomarker in sporadic colorec-
tal cancer.”’ However, these genes have not been linked to
EC. Here we demonstrate that their methylation may be in-
volved in the development of EC.

CMap showed EC had negative correlation with ami-
noglutethimide and luteolin and positive correlation with
sulfadimethoxine, maprotiline, isoflupredone, vancomycin,
3-acetamidocoumarin, clofazimine, adiphenine, and merbro-
min. Aminoglutethimide has a therapeutic effect on breast
cancer and luteolin on digestive tumors.*®>? Research by Liu
XS et al suggested that aminoglutethimide was effective in
treating EC through improving endocrine environments and
inhibiting cell growth.60 Sulfadimethoxine has been used in
the treatment of bladder cancer.®’ Hsu SS et al found antide-
pressant maprotiline worked in Ca’* movement and the pro-
liferation of human prostate cancer cells.? The mentioned
results all suggested that the drugs screened by C,,, were
useful in fighting against EC.

However, this study has some limitations. Firstly, al-
though an internal verification of the potential aberrantly
methylated DEGs and dysregulated pathways was per-
formed, a multicenter and prospective study is needed to
evaluate the practicality of eight hub genes. Secondly, fur-
ther in vivo and in vitro experimental verification is also
needed to elucidate the molecular mechanisms. Finally,
due to the lack of clinical information from an external da-
tabase (such as GEO), the prognostic value of our signature
should be further warranted.

5 | CONCLUSION

This research inferred potential aberrantly methylated
DEGs and dysregulated pathways may participate in EC
development and firstly reported eight hub genes including
EDNRB, CDOI, NDN, PLCDI, ROR2, ESPLI, PRAME,
and PTTGI that could be used to predict EC prognosis.
Aminoglutethimide and Iuteolin may be used to fight against
EC.
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