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Abstract

Background
Aberrant gene methylation has been implicated in the development and progression of tumors. We aimed
to identity methylation driven genes involved in EOC to establish a prognostic signature for patients with
EOC.

Methods
The methylation, RNA expression and clinical data of EOC patients were downloaded from UCSC Xena
website. The “MethylMix” R package was employed to identify the methylation driven genes (MDGs), GO
and KEGG analyses were performed to identify the biological functions of the identi�ed genes, univariate,
LASSO, and multivariate analyses were carried out to reveal key prognostic genes. Combined with clinical
parameters, a prognostic risk nomogram model was established, and its predictive value was internally
evaluated using AUC curves and externally veri�ed in the GEO database.

Results
111 differentially expressed MDGs were identi�ed, among which six (SLC9A1, MARVELD1, PI3, MFAP4,
MSX1, IL18BP) were selected to establish a prognostic risk scoring model. Results of univariate and
multivariate analyses indicated that the risk score model was an independent risk factor for EOC.
Combined with clinical parameters, a nomogram was constructed, which showed good predictive
performance as evidenced by AUC values. The risk scores and the nomogram were externally veri�ed
using GSE26193 and GSE53963 datasets. Analysis of mRNA levels of the six genes in OVCAR3 before
and after DAC treatment revealed that DAC inhibited the methylation of six genes, thereby increasing
mRNA levels of the six genes. GSEA analysis show that associated with the 6 MDGs in the two risk score
model groups signaling pathways are closely related to tumor invasion and metastasis. There are
signi�cant differences between the two risk score model groups in terms of immune function, check point
and TMB.

Conclusions
We identi�ed and veri�ed 6 MDGs that are closely related to the prognosis of ovarian cancer. A prognostic
risk score model and nomogram for predicting the prognosis of EOC were constructed based on the six
MDGs. It can also effectively re�ect the immune environment and immunotherapy response of EOC.
These MDGs have great signi�cance to the implementation of individualized treatment and disease
monitoring of EOC patients.



Page 3/27

Introduction
The mortality rate of epithelial ovarian cancer (EOC) ranks �rst among the three types of malignant
tumors in the female reproductive system[1]. Due to its specialized anatomical location, nearly 80% of
EOC are already at an advanced stage at the time of diagnosis[2]. The incidence of EOC has declined,
however, the age of onset has also decreased, posing a serious threat to the life and fertility of women of
childbearing age [1]. The standard treatment of EOC is mainly surgery, followed by platinum-based
chemotherapy[3]. However, due to the emergence of chemotherapy resistance, the 5-year survival rate of
advanced EOC is only 15–20% [1]. Early detection and early treatment have a signi�cant impact in
reducing the mortality of EOC patients and improving the survival rate. Therefore, the establishment of an
effective assessment and prediction system for survival outcomes in patients with EOC can effectively
improve the treatment effect and quality of life.

DNA methylation is one of the highly tissue-speci�c epigenetic modi�cations that can maintain and
stabilize the expression of tissue-speci�c genes [4]. Methyltransferase regulates the degree of DNA
methylation by adding or removing methyl groups on DNA, thereby affecting DNA transcription and
expression. The expression of methylation-modi�ed genes changes dynamically. Studies have shown
that hyperhomocysteinemia may change the status of DNA methylation and cause changes in
intracellular signaling pathways and thus cause skeletal muscle diseases[5]. Hypermethylation inhibits
gene expression, while demethylation promotes gene expression. Therefore, methylation-regulated gene
expression, including oncogene and tumor suppressor genes, plays a double-sided role in EOC
development [6]. Previous studies report that hypermethylation is associated with the inactivation of
almost all pathways involved in the occurrence and development of EOC [7–12]. At present, numerous
studies have used the MethylMix R package [13] to screen Methylation-driven genes (MDGs), explore
possible markers, establish related models, and predict the correlation between the target gene
methylation level and diagnosis, survival, and recurrence of malignant tumors, which can help clarify the
occurrence and development of malignant tumors. To explore possible diagnostic and prognostic tumor
markers, Lv et al. identi�ed four genes in thyroid cancer whose changes in methylation levels were closely
related to poor prognosis [14]. In another study, two MDGs (SPP1 and LCAT) were screened out as
independent risk factors for poor prognosis, and tumor recurrence of liver cancer [15]. Besides, there are
also other related studies reported in lung cancer [16], kidney cancer [17], head and neck squamous cell
carcinoma [18], and other malignant tumors. However, no related research has been reported in EOC.

Therefore, this study used The University of California Santa Cruz (UCSC) Xena online data to
comprehensively analyze and identify EOC MDGs, construct a risk score prognostic model for EOC
patients, and establish a nomogram with MDGs and clinicopathological risk factors to predict the overall
survival (OS) of patients with EOC. The establishment of an effective prediction system for assessing the
survival outcomes in ovarian cancer (OC) patients can improve the treatment effect and quality of life.
Changes in the immune microenvironment play an important role in the progression of ovarian cancer
and are also an important target for ovarian cancer treatment[19]. Studies have shown that
immunomethylation analysis can effectively screen tumor immunotherapy options and evaluate tumor
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prognosis[20]. Therefore, we further grouped them according to the risk score constructed by MDGs,
analyzed the correlation with the immune pathway of ovarian cancer, and provided new ideas for ovarian
cancer immunotherapy.

Methods
1. Patients and samples

A total of 380 OC RNA-sequencing pro�les, 616 DNA methylation pro�les (602 OC and 14 normal ovarian)
and associated clinical data of EOC patients were downloaded from the UCSC Xena website
(https://xena.ucsc.edu/) (up to December 1, 2020). Among the 372 EOC samples (RNA-sequencing data
and paired DNA methylation data), 335 had overall survival (OS) data. To externally validate the risk
score model and nomogram, GSE26193 (107 OC samples, including 87 EOC)[21], GSE53963 microarray
dataset (174 high-grade serous ovarian carcinoma samples and a reference pool of 106 ovarian
samples)[22], and associated clinical data from the Gene Expression Omnibus (GEO) database were
downloaded.

2. Identi�cation of DNA MDGs in EOC

The MethylMix R package was used to analyze methylation and RNA-seq data, determine the correlation
between the degree of methylation and gene expression, and screen for genes that are signi�cantly
related to hypermethylation and hypomethylation, to obtain MDGs for EOC.

3. Functional Annotation and Enrichment Analysis of DNA MDGs

A total of 335 DNA MDGs were subjected to Gene Ontology (GO) analysis in R software. To perform
functional and pathway enrichment analysis, Kyoto Encyclopedia of Genes Genomes (KEGG) pathway
enrichment analysis and gene annotation analysis for DNA MDGs were used in Metascape online
(http://metascape.org/). Enriched ontology clusters were colored by cluster-ID.

4. Survival Analysis of Candidate MDGs

Survival R software package was used to analyze the correlation between the expression of the
prognostic-related genes in EOC and the degree of methylation. To analyze the relationship between the
OS of EOC patients and MDGs, Kaplan-Meier (KM) analysis and univariate COX analysis were performed.

5. Construction and Validation of the Predictive Model

To further screen for MDGs related to prognosis in EOC, we used univariate Cox and multivariate Cox
analysis, and the least absolute shrinkage selection operator (LASSO) to construct a risk score
model.EOC patients were divided into the low-risk and high-risk groups based on the risk score. The X-tile
software was used to �nd the optimal critical value for grouping. KM analysis was used to compare the
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survival rate difference in the two groups. Time-dependent area under the curve (AUC) analysis was
performed to evaluate the predictive performance of the model.

6. Predictive factors among the Clinicopathological Characteristics

Univariate and multivariate Cox regression analyses were performed to determine whether the six DNA
MDG-based risk scores were independent risk factors of EOC. Besides, a strati�ed analysis was carried
out based on the clinical-pathological characteristics of the patients, including age, race, FIGO stage,
lymphatic invasion, histological type, and tumor residual. GSE26193 and GSE53963 cohorts were used to
validate the predictive model.

7. Construction and veri�cation of the Nomogram

The nomogram was generated by the “rms” package based on age, FIGO stage, and risk score. Time-
dependent AUC and concordance index (C-index) were used to evaluate the nomogram. The Decision
curve analysis (DCA) was used to quantify the clinical utility based on the clinical consequences. GEO
cohort GSE53963 was used to verify the nomogram.

8. Copy Number Variation (CNV), Mutation Characteristics, and Gene Set Enrichment Analysis (GSEA) of
the Six DNA MDGs

Graphic illustrations of CNV and the six-gene mutation pro�les in all EOC tissues from the UCSC Xena
dataset were obtained from cBioPortal(http://www.cbioportal.org/). GSEA was performed using the gsea-
3.0.jar software (http://software.broadinstitute.org/gsea/index.jsp).

9. Cell culture

The EOC cell line OVCAR3 was purchased from the National Collection of Authenticated Cell Cultures.
The cell line is free of mycoplasma contamination and the cells were grown in RPM1640 medium
(Biological Industries) supplemented with 10% fetal calf serum (Biological Industries) and cultured at
37°C, in 5% CO2. To the cell medium, 1µM[2], 10µM 5-aza-2’-deoxycytidine (DAC) (Sigma) was added,
cultured for 72 h, and the cell culture medium was changed every day. The cells were harvested for mRNA
expression analysis of the candidate gene.

10. Validation of the mRNAs expression of the six genes

Total mRNA was extracted from OVCAR3 cells using Trizol (TaKaRa). cDNA was reverse transcribed
using the PrimeScript RT reagent Kit with gDNA Eraser (TaKaRa). Real-time-PCR analysis was performed
using the SYBR-Green method. The primers used for Real time-PCR are shown in Table S3. The relative
expression of mRNAs was calculated using the 2−ΔΔCt method.

11. Immune assessment of two risk score model groups
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We use the In�ltration Estimation software in time 2.0 (http//: www.timer.comp-genomics.org) to perform
Immune related heat map analysis of the two risk score groups. Immune function was analysis by
ssGSEA algorithm,together with Check point to study the correlation between MDGs and immune
phenotypes.VarScan2 was used to analysis the tumor cell mutations to reveal the correlation between the
immunotherapy response and the two risk score model groups.

12. Statistical Analysis

All statistical analyses were performed in the R software and the tests were two-sided. P values less than
0.05 were considered to be statistically signi�cant.

Results

1. Clinicopathological Characteristics of Enrolled OC
Patients
The study �owchart is shown in Fig. 1. A total of 335 EOC methylation-related data samples were
obtained from the UCSC Xena website. The median age of the patients was 59 years (30 to 87 years),
while the median overall survival was 1039 days (31–5481 days). There were 20 cases of stage I-II, 315
cases of stage III-IV, and 83 cases of lymphatic metastasis. The clinicopathological features of the 335
patients are listed in Table 1.

https://xena.ucsc.edu/
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Table 1
The clinicopathological features of patients

(N = 335)
characteristics number (%)

Age  

≥ 65 105(31.3)

65 230(68.7)

Race  

White 296(88.4)

Black and African American 17(5.1)

Others 22(6.5)

FIGO stage  

I-II 20(6.0)

III- IV 315(94)

Histologic grade  

1–2 53(12.8)

3–4 292(87.2)

Lymphatic invasion  

NO 252(75.2)

YES 83(24.7)

Tumor residual  

NO* 60(17.9)

1 ~ 2cm 23(6.9)

> 2cm 216(64.5)

others 36(10.7)

* No Macroscopic disease

2. Dna Mdgs In Oc
The MethylMix R package identi�ed 111 DNA MDGs of OC, including 50 hypermethylated and 61
hypomethylated genes (Table S1).
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3. Enrichment analysis
We screened 111 MDGs (P-value < 0.05), and the level of gene methylation was visualized via heatmap
(Fig. 2A). The “clusterPro�ler” and “GOplot” package were used to perform GO enrichment analysis to
determine the function of the MDGs in OC. The identi�ed MDGs were found to be closely related to
“CELLULAR RESPONSE TO NICOTINE”, “POSITIVE REGULATION OF ION TRANSMEMBRANE
TRANSPORTER ACTIVITY”, “TRANSEPITHELIAL WATER TRANSPORT”, “GRANULOCYTE MACROPHAGE
COLONY − STIMULATING FACTOR BIOSYNTHETIC PROCESS”, etc (Fig. 2B). The top 20 clustered KEGG
pathway is shown in Fig. 2C and was converted into a network based on Kappa-statistical similarities
and visualized by Cytoscape (v.3.1.2) (Fig. 2D). The MDGs were found to play an important role in the
“HALLMARK ESTROGEN RESPONSE LATE”, “IL-18 signaling pathway”, “PID PDGFRB PATHWAY”, “MAPK
signaling pathway” and other important pathways involved in tumorigenesis and development.

4. Prognostic Value Of Dna Mdgs In Eoc
Univariate analysis was used to screen for survival-related MDGs, and a total of 14 MDGs were identi�ed,
including MARVELD1, MFAP4, EMILIN1, PI3, SLC9A1, IL18BP, FBLN2,SCTA5A, SCNN1A, GSTP1, RPL39L
MSX1, CD3G, ACTA2 (P < 0.05) (Table S2). KM analyzed the correlation between the expression of the 14
genes and OS of EOC patients (Figure S1A). LASSO regression was used to narrow down the range of
target genes (Figure S1B). A total of twelve DNA MDGs (EMILIN1, FBLN2, STAT5A, SCNN1A, GSTP1,
CD3G, SLC9A1 MARVELD1, PI3, MFAP4, MSX1, IL18BP) were identi�ed as independent predictive factors
(Figure S1C). COX multivariate analysis was performed to determine the correlation between the mRNA
expression of the twelve genes and OS of EOC patients, as well as the correlation between the level of
DNA MDGs and OS of EOC patients. Finally, six DNA MDGs (SLC9A1 MARVELD1, PI3, MFAP4, MSX1,
IL18BP) were used to construct the risk score model (Table 2), among them SLC9A1 MARVELD1 PI3 and
MFAP4 were highly expressed and hypomethylated, while MSX1, IL18BP were lowly expressed, and their
hypermethylation closely related to poor prognosis of EOC (Fig. 3A, C). The DNA methylation level was
found to be closely related to mRNA expression (|R|>0.3, P < 0.05) (Fig. 3B).
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Table 2
Results of the six genes in the multivariable Cox regression analysis.

Genes Coe�cient HR HR.95L HR.95H P value

SLC9A1 0.063 1.065 1.024 1.108 0.002

MARVELD1 0.024 1.025 1.000 1.049 0.046

PI3 0.013 1.014 1.007 1.020 2.511E-05

MFAP4 0.013 1.013 1.001 1.025 0.031

MSX1 -0.015 0.985 0.973 0.997 0.017

IL18BP -0.105 0.900 0.844 0.960 0.001

HR: hazard ratio; L: low; H: high.

5. Construction Of A Prognostic Risk Score Model For Eoc
Complete clinical and expression data of the six genes (SLC9A1,MARVELD1, PI3, MFAP4, MSX1, IL18BP)
in EOC patients were used to calculate the risk score. The X-tile chart was used to determine the optimal
cutoff value. KM analysis revealed that the OS of the high-risk score group was remarkably shorter than
that of the low-risk score group (Fig. 4A). The distribution of the six gene signature risk scores is shown in
Fig. 4B and a heatmap was used to show the expression pro�les of the six genes and the related risk
scores (Fig. 4D). Univariate and multivariate analyses of age, race, FIGO stage, lymphatic invasion,
histologic grade, tumor residual, and risk score were performed. Univariate analysis showed that age,
FIGO stage, and risk score were independent risk factors for poor prognosis of EOC patients, while
multivariate analysis showed that age and risk score were independent risk factors for poor prognosis of
EOC patients (Fig. 4C).

6. Construction And Evaluation Of The Nomogram
The area under the curve (AUC) for 3, 5, 10-years OS demonstrated the prognostic power of the risk score
signature. The AUCs for 3-, 5-and 10-year survival times were 0.673, 0.696, and 0.801, respectively, and
were signi�cantly higher than the prognostic power of age and FIGO stage (Fig. 5A). The time-dependent
AUC of the risk score was found to be signi�cantly higher than that of age and FIGO stage for the 10
years OS prediction (Fig. 5B),indicating favorable discrimination based on the risk score. We constructed
a nomogram for predicting the individualized probability of EOC survival times in clinical practice, taking
into consideration, age, FIGO stage, and risk score (Fig. 5C), then the clinical model was assessed by
DCA. The results showed that the nomogram performed better compared with the age or FIGO stage
model. Therefore, the constructed nomogram can be used by clinicians as a prognostic guide to make
accurate clinical decisions for EOC patients (Fig. 5D). The calibration curve of the nomogram at 3, 5, 10
years OS were close to 45°line thus, demonstrated high predictive accuracy (Fig. 5E).
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7. External Validation of the nomogram
For further external validation, we validated the constructed 6-methylation-driven gene-based risk score
prediction model in the GSE26193 dataset. The results of KM analysis suggested that the high-risk group
had a poor prognosis (p < 0.05, Fig. 6A). The AUCs for 0.5-, 1-and 3-year survival times in GSE26193 were
0.873, 0.852, and 0.715 (Fig. 6B). Compared with stage and grade, risk score had the highest AUC value
at three years (0.5, 1, 3 year), an indication that the best performing model was based on the risk score
model in the validation dataset (Fig. 6C). In the GSE53963 dataset, KM analysis revealed that EOC
patients with high-risk scores or high nomogram risk score (P < 0.01) had a poor prognosis (Fig. 6D, E).
Furthermore, there were signi�cant differences in prediction outcomes between FIGO staging, histologic
grade, and risk-score (Fig. 6F). The AUCs of the risk-score and nomogram score at 0.5-, 1-, 5-and 10-year
survival times were 0.744/0.645, 0.691/0.645, 0.685/0.645, and 0.746/0.645, respectively, which were
signi�cantly higher than age and histologic grade (Fig. 6G), similarly to the time-dependent AUC (Fig. 6H).
Based on the validation results, the nomogram was found to be more accurate in predicting short-term
and long-term prognosis of EOC than risk score, age, and FIGO staging. Therefore, the constructed
nomogram can be effective in making accurate clinical decisions and follow-up for EOC patients.

8. Cnv, Mutation Characteristics And Pathway Enrichment
Analysis
To study the effect of methylation on the expression of the selected genes, CNV analysis was performed
to determine the factors affecting gene transcription. The results showed that transcription of the six
genes (SLC9A1,MARVELD1, PI3, MFAP4, MSX1, IL18BP) was affected by gene ampli�cation, deletion, and
mutation. After eliminating these effects, changes in the degree of methylation had a signi�cant effect on
the transcription and expression level of the 6 candidate genes. These results showed that DNA MDGs
play a key role in EOC. GSEA was used to investigate the signaling pathways associated with the 6 MDGs
in the two risk score model groups. In the high-risk score group, the top �ve signaling pathways (risk
score > 0.314, Fig. 7B) were “ADHERENS JUNCTION”, “NOTCH SIGNALING PATHWAY”, “ERBB SIFNALING
PATHWAY”, “FOCAL ADHESION”, “HEDGEHOG SIGNALING PATHWAY”, while in the low-risk score group,
the top �ve signaling pathways (risk score < 0.314, Fig. 7C) were “PROTEASOME”, “OXIDATIVE
PHOSPHORYLATION”, “AUTOIMMUNE THYROID DISEASE”, “PRIMARY IMMUNODEFICIENCY” and
“PARKINSONS DISEASE”. Most of these signaling pathways are closely related to tumor invasion and
metastasis and promote the development of tumors.

9. mRNA Expression of the six genes in OVCAR3 cells after
DAC treatment
Studies have shown that the six genes (SLC9A1,MARVELD1, PI3, MFAP4, MSX1, IL18BP) play an
important role in the development of EOC. To determine the effect of methylation on the expression of the
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six genes, EOC cell line OVCAR3 was treated with DAC. DAC was found to inhibit methylation in the six
genes, thus, increasing the mRNA expression levels(Fig. 8).

10. Immune Assessment Of Two Risk Score Model Groups
Our analysis found that the TMB level of the high risk group was lower than that of the low risk group (P 
< 0.049), which was negatively correlated with the risk score (Fig. 9A, B). The attached �gure shows the
results of somatic mutations in the high risk group (Figure S2A) and the low-risk group (Figure S2B).
Further analysis showed that DNAH11, CHD4, and CREBBP have a higher mutation frequency in the low
risk group, while BRCA1, MYH1, and MDN1 have a higher mutation frequency in the high risk group
(Figure S2C). We use heat maps to show the analysis of TIMER, CIBERSORT, CIBERSOTR-ABS,
QUANTISEQ, MCPCOUNTER, XCELL, EPIC of high-risk groups and low-risk groups (Fig. 9C). Among them,
16 groups with signi�cant differential expression in TIMER, CIBERSORT and XCELL were show in Fig. 9D.
Figure 9E, F shows the correlation between MDGs and Immune function and Check point. We found that
compared with the high risk group, MHC-1 factor is high expressed in low risk group while the expression
of tumor immune factors LAG3, CD274 (PD-L1) increased signi�cantly. It shows that the risk score model
we have established can effectively re�ect the immune environment and immunotherapy response of
ovarian cancer.

Discussion
EOC has a high mortality, low survival, and high recurrence rates, signi�cantly affecting the quality of life
of EOC patients. Besides, it is di�cult to detect EOC at an early stage, which is also attributed to the lack
of speci�c and sensitive biomarkers for predicting the prognosis of EOC patients. In tumor cells,
alterations in the epigenome can be detected and have been associated with certain tumor
characteristics, such as oncogenic transformation and tumor metastasis [23]. Hypermethylation in EOC is
related to the inactivation of almost all pathways involved in EOC development, such as DNA repair, cell
apoptosis, and adhesion [7–12]. Studies have shown that DNA methylation changes in circulating blood
can be used to detect and predict early-stage EOC [24]. Numerous studies have performed a
comprehensive multi-omics analysis of EOC genomics, epigenomics, and transcriptomics, and suggested
that gene methylation plays an important role in EOC development [25]. Therefore, the exploration and
validation of DNA MDGs in EOC is necessary for early diagnosis and prognosis. With the recent
development in sequencing technology, methylation-related epigenetic changes are easy to monitor.
Therefore, MethylMix [13] and UCSC Xena website database were used in the present study to analyze the
methylation array and expression pro�le data of EOC tissue samples and identify abnormal EOC DNA
MDGs. Based on the MDGs signature,we constructed and validated a prognostic risk score model, which
was then combined with age and FIGO staging to construct a nomogram for predicting the prognosis of
EOC patients.
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In our risk model, six DNA MDGs, including SLC9A1,MARVELD1, PI3, MFAP4, MSX1, and IL18BP were
selected and used to calculate the risk score. Among the six DNA MDGs, SLC9A1 (SoLute Carrier family
9A1) [26] gene encodes Sodium/hydrogen exchanger 1 (NHE1), the main H+ e�ux mechanism in
maintaining alkaline pHi in human cancer cells [27]. Consistent with the results of this study, previous
studies have shown that high expression of SLC9A1 (NHE1) is associated with a decrease in the overall
survival of OC patients since NHE1 promotes the proliferation of OC cells. Cancer cells secrete protons (H
+) into the extracellular medium through the Na+/H + exchanger 1 (NHE1) to adjust the intracellular pH
value and promote tumor proliferation. Increased expression and activity of NHE1 predict poor prognosis
in EOC patients [28]. MARVEL are myelin and lymphocyte-associated proteins (MAL) and related proteins
for vesicle tra�cking and membrane link. MARVELD1 is a member of the MARVEL domain-containing
proteins. The expression of MARVELD1 is regulated by DNA methylation in multiple cancers. Some
scholars have found that MARVELD1 is lowly expressed in OC, and maybe a tumor suppressor gene for
OC [29]. Other studies on high-throughput chips (1347) and expanded samples (81 cases) have shown
that high expression of MARVELD1 in OC samples increases chemoresistance to platinum and taxane
combination therapy [30]. In this study, low methylation and high expression were found to be
unfavorable factors for prognosis in OC. Therefore, high expression of MARVELD1 predicts a poor
prognosis for OC by promoting chemotherapy resistance. MFAP4 is one of �ve MFAPs family members
and plays signi�cant biological roles in human cancers [31–34]. The expression levels of MFAP4 in
different tumor types and tumor stages are not consistent. MFAP4 is downregulated in prostate cancer
and urinary bladder cancer [35]. However, high expression of MFAP4 in neuroblastoma patients correlates
with poor survival [36]. In low-risk breast cancer, MFAP4 protein is reported to be highly expressed [37],
while in advanced breast cancer, high expression of MP4 is associated with poor prognosis, and
hypermethylation may be a key drive for low MFAP4 transcription and expression [38]. MFAP4 promotes
the recruitment of in�ammatory cells and strengthens immune monitoring of tumor cells, thereby
inhibiting the early occurrence of tumors [32]. Besides, MFAP4 accelerates tumor exacerbation by
promoting cancer cell proliferation and migration, when the immune system is fully suppressed in late-
stage tumors [34]. In summary, the expression level of MFAP4 is regulated by methylation, and plays
different biological roles in tumor development., thereby affecting tumor prognosis. The present study for
the �rst time revealed that low methylation and high expression of MFAP4 are poor prognostic factors for
OC. However, the role of MFAP4 in the development of OC needs to be studied further. PI3/Ela�n
(Peptidase Inhibitor 3) is an endogenous serine protease inhibitor involved in epithelial protection and is
highly expressed in tissues during an in�ammatory response [39], and its activity may in�uence the
resolution of in�ammation and preserving tissue integrity [40]. Abnormal expression of PI3/Ela�n has
been detected in a variety of tumors. Ela�n is highly expressed in glioblastoma [41] and lowly expressed
in breast tumors [42]. Ela�n is downregulated during ovarian tumorigenesis, however, it is upregulated
with further development of the tumor which is signi�cantly associated with higher tumor stage, ascites,
resistance to treatment, and higher serum CA125 [42]. Ela�n increases cellular proliferation in OC, and
overexpression of Ela�n is associated with poor outcomes in OC patients [43]. The present study showed
that low methylation and high expression of Ela�n drives poor outcome in OC. Ela�n is regulated by
methylation during OC development. MSX1 (Msh homeobox 1) gene acts as a transcriptional repressor
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during embryogenesis [44]. In previous studies, aberrant methylation of MSX1 promoter DNA has been
linked with lung cancer, gastric cancer, Wilms tumor, childhood acute T-lymphoblastic leukemia, and
breast cancer [45–49]. MSX1 induces G0/G1 arrest and apoptosis in cervical cancer [50]. Methylation
regulation of MSX1 is associated with platinum-resistant disease in high-grade serous EOC and MSX1
over-expression leads to cisplatin sensitization [51]. In this study, MSX1 over-expression and low
methylation were found to drive good outcomes in OC. These �ndings suggest that MSX1 may be a
potential tumor suppressor gene, which can inhibit tumor proliferation and enhance the sensitivity of
tumor cells to chemotherapeutic drugs. IL-18 is a pleiotropic, proin�ammatory cytokine with dual effects
on tumor development and progression [52]. IL-18 binding protein (IL-18BP) possesses a high a�nity to
IL-18, thus, preventing the binding of mature IL-18 to its receptor and inhibits the biological activity of IL-
18 [53]. Previous studies have found tumor cells and tumor-related white blood cells produce IL-18BP.
High levels of IL-18BP in the tumor microenvironment may limit endogenous or therapeutic IL-18 to
induce an effective immune response [54]. IL18 induces Th-2 immune responses, inhibits the recognition
of cancer cells by antigen-presenting cells, and promotes immune escape and tumor cell proliferation.
Besides, it also promotes the expression of vascular adhesion molecules and angiogenic factors to
promote tumor cell invasion and metastasis [55]. The present study found that low methylation and high
expression of IL18BP is a favorable prognostic factor in patients with OC. Therefore, IL18BP inhibits
further development of OC by inhibiting tumor proliferation and invasion and also plays an important
immune protection role in suppressing OC.

GSEA KEGG pathway enrichment analysis revealed that the top �ve signaling pathways in the high-risk
score group were “ADHERENS JUNCTION”[56], “NOTCH SIGNALING PATHWAY”[57], “ERBB SIFNALING
PATHWAY”[58], “FOCAL ADHESION”[59], which are all classic pathways reported in malignant tumor
research and play an important role in tumor development.

We screened out 6 MDGs to construct risk score model. Among them, 3 MDGs are closely related to
immunity. The immune environment is of great signi�cance in the development and treatment of ovarian
cancer. Therefore, we further grouped according to the risk score and analyzed its correlation with the
immune pathway of ovarian cancer. Our research found that compared with the low-risk group, the
expression of MHC-1 molecules in the high-risk group was signi�cantly reduced. The expression of MHC-
1 molecules is reduced in 40–90% of malignant tumors, which is related to poor prognosis. The low
expression of MHC-1 molecules can reduce the presentation of antigens, which can cause CD8 + T cell
recognition and reduce cytotoxicity, promote tumor progression[60]. In the immune checkpoint analysis,
we found that LAG3 and CD274 (PD-L1) were highly expressed in the low-risk group. LAG3, CD274 (PD-
L1) are immunosuppressive factors, and they are also indicators of anti-tumor immunotherapy. CD274
(PD-L1) is a negative regulator of T cells, expressed by tumor-associated macrophages in ovarian cancer,
and is positively correlated with the prognosis of ovarian cancer [61]. LAG3 is expressed on the surface of
activated T cells and NK cells [62] [63]. The prognostic value of LAG3-positive cells is inconsistent in
different types of cancer. In ovarian cancer, the positive expression of LAG3 can improve the poor
prognosis of ovarian cancer [64]. We are more surprised to �nd that the established risk score model is
closely related to the level of TMB and can effectively re�ect the responsiveness of tumor
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immunotherapy. TMB refers to the number of somatic mutations in the tumor genome after germline
mutations have been removed and is a biological indicator that guides immunotherapy. The higher level
of TMB, the more new antigens that can be recognized by T cells produced, the better the e�cacy of
immune checkpoint inhibitor therapy may be, and the better the effect of tumor immunotherapy. However,
because of the high cost of TMB analysis, there are certain di�culties in clinical implementation. The
model we built is negatively correlated with TMB, which can effectively re�ect the level of TMB. In
summary, the risk score model related to MDGs we constructed can also effectively re�ect the immune
environment and immunotherapy response of ovarian cancer.

This study, for the �rst time, established a prognostic model for OC based on MDGs. Although the
established nomogram also included age and FIGO staging, it was found to successfully predict the
prognosis of OC patients and effectively re�ect the immune environment and immunotherapy response
of ovarian cancer. However, the proportion of hierarchical data is not balanced. OC is most advanced
when it is discovered, so the cases we collected accounted for most patients with advanced stages (stage
III and IV accounted for 94%). Previous studies have reported that MDGs can inhibit cancer in the early
stage and are affected by the tumor microenvironment in the late stages, thus, promoting cancer
development. Besides, in invading tumors, MDGs can regulate DNA methylation. Qualitatively modi�ed
genes also frequently undergo mutations. During tumor development, the tumor interacts with the tumor
microenvironment, tumor cells acquire phenotypic plasticity, and further promote tumor invasion and
metastasis through dynamic phenotypic changes [65]. Therefore, epigenetic modi�cation of tumor cells
occurs during tumor development. There are many pathological types of epithelial ovarian cancer, but
this study only included serous ovarian carcinoma. Methylation is highly tissue-speci�c [4], therefore,
methylation of MDGs in other pathological types of OC needs to be studied further. In summary, samples
with complete clinical information and sequencing-related data will be further expanded in the future,
thus, better prognostic nomographs of OC will be established following careful strati�cation analysis.
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Figures

Figure 1

The study work�ow illustrating the identi�cation and validation of the DNA MDGs in EOC.
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Figure 2

Functional exploration of candidate DNA MDGs (A) Heatmap of the candidate DNA MDGs (n=111) in
EOC. (B) The circle represents the correlation between 22 MDGs and their GO terms. (C) Heatmap of top
20 GO pathways. (D) Enriched ontology clusters colored by cluster-ID
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Figure 3

DNA MDGs. (A) KM analysis of gene expression level and DNA methylation level for the six DNA MDGs.
(B) Regression analysis between the mRNA expression level and DNA methylation degree of the six DNA
MDGs. (C) The histogram demonstrates the distribution of SLC9A1 MARVELD1, PI3, MFAP4, MSX1,
IL18BP methylation in EOC samples.
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Figure 4

The risk score model is based on the six MDGs. (A) KM analysis of the OS between the two groups. (B)
the distributions of the risk score and survival status of the patients. (C) Univariate and multivariate
analyses of age, race, FIGO stage, lymphatic invasion, histologic grade, tumor residual, and risk score
with OS. (D)The 6 gene expression data and distribution of risk scores between the two groups in the
UCSC Xena website database were visualized via a heatmap.
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Figure 5

Evaluation of the risk score for OS prediction in EOC. (A) The accuracy of the OS risk score model
evaluated by AUC for 3-, 5-and 10-year survival times. (B) Time-dependent AUC of the risk score, age and
FIGO stage to predict the OS probability within 12 years. (C) The constructed nomogram for predicting the
3-, 5- and 10-year OS of EOC patients. (D) The clinical model was assessed by DCA. The X-axis is the
probability of predicting OS, while the Y-axis is the standardized net Bene�t. The DCA of the nomogram
was found to be signi�cantly higher than that of age and FIGO staging. (E) Calibration curves of the
nomogram at 3-, 5- and 10-year OS.
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Figure 6

External Validation in GEO datasets, GSE26193 and GSE53963. GSE26193 dataset: (A) KM analysis of
the two risk score groups. (B) The AUC of the survival prediction risk score for 0.5-, 1-and 3-year survival
times. (C) The AUC of the survival prediction risk score, age, and FIGO stage in the validation dataset for
0.5-, 1-and 3-year survival times. GSE53963 database: (D) KM analysis of OS between the two risk score
groups (E) KM analysis of OS between the two nomogram groups. (F) The relationship between the risk
score and age, FIGO stage, and histologic grade. (G) The AUC of the survival prediction risk score,
nomogram, age, and FIGO stage in the validation dataset for 0.5-, 1-, 5- and 10-year survival times. (H)
Time-dependent AUC for the prediction of OS within 15 years.
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Figure 7

CNV and GSEA analysis of DNA MDGs in the risk score model. (A) CNV analysis of DNA MDGs in EOC
samples. (B) Enrichment plots of the top ten enrichment pathways in the high-risk score group. (C)
Enrichment plots of the top ten enrichment pathways in the low-risk score group.
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Figure 8

mRNA expression of the six genes in OVCAR3 cells after DAC (1μl and 10μl) treatment. (A) SLC9A1 mRNA
expression. (B) MARVELD1 mRNA expression. (C) PI3 mRNA expression. (D) MFAP4 mRNA expression.
(E) MSX1 mRNA expression. (F) IL18BP mRNA expression.
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Figure 9

Immune assessment of two risk score model groups (A) (B) TMB analysis of the two risk score groups.
(C)Heatmap of the TIMER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, MCPCOUNTER, XCELL, EPIC
analysis of the two risk score groups. (D) 16 groups with signi�cant differential expression from
heatmap. Shows the correlation between immune in�ltration, immune cell distribution and the two risk
score groups. (E) Immune function analysis of the two risk score groups. (F) Check point analysis of the
two risk score groups.
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