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Abstract
Background: Ovarian cancer is the leading cause of gynecological cancer-related mortality. The majority
of patients have poor prognosis due to the lack of available biomarkers capable of predicting prognosis
accurately and providing novel targeted therapy options.

Methods: The methylation array data, gene expression pro�le and clinical information of 351 ovarian
serous cystadenocarcinoma (OSC) samples as well as the methylation array data of another 10 normal
ovarian epithelial tissues were accessed from The Cancer Genome Atlas (TCGA) and served as training
dataset. An algorithm, MethylMix, was on the basis of a β mixture model to compare the DNA
methylation status in tumor to normal DNA methylation status and then screened out hypo and
hypermethylated genes of OSC, which were transcriptionally predictive. Gene Ontology (GO) enrichment
and ConsensusPathDB pathway analysis of differential methylation-driven genes were further performed.
A linear risk model was constructed through the univariate and multivariate COX regression with Akaike
Information Criterion (AIC). Datasets of OSC from Gene Expression Omnibus (GEO) database were served
as validation datasets to determine the prognostic value of the risk model. The Kaplan-Meier analysis
was then used to evaluate the ability of the risk model to distinguish the survival in training dataset or
validation dataset, even in subgroups of patients with different FIGO stage, histologic grade, residual
tumor after surgery, and anatomic neoplasm subdivision. The receiver operating characteristic (ROC)
curve was also applied to determine the value of risk model on predicting the prognostic survival of
patients as well as compared with other 15 known prognostic biomarkers in OSC.

Results: Totally 171 differential methylation-driven genes were identi�ed between OSC and normal
samples. Five of them, UBB, PLAT, TMOD1, KCNJ11, and CDSN, were selected to construct the prognostic
risk model. The Kaplan-Meier analysis demonstrated that the survival rate in low-risk cohort was
signi�cantly higher than that in high-risk cohort in both training dataset and validation dataset (P<0.0001
for training dataset; P<0.05 for validation dataset). Further, the ROC analysis con�rmed the prognosis-
predict value of the risk model applicable not only in different group of patients but also more accurately
when compared with other biomarkers.

Conclusions: Our study successfully identi�ed multiple methylation-driven genes in OSC and constructed
a novel prognostic risk model to provide bioinformatic basis and an important tool for guiding
subsequent OSC early diagnosis, prognosis assessment, and clinical treatment.

Background
In the female reproductive system, ovarian cancer is the second most common cancer but the most lethal
cancer of gynecological malignancy (1). Epidemiological statistics indicate that 23% of gynecological
malignancies originate from the ovary, but about 47% of all deaths from gynecological malignancies due
to ovarian cancer (2). Ovarian serous cystadenocarcinoma (OSC) accounts for approximately 90% of all
pathologic subtypes of ovarian cancer, which means that on average 9 out of every 10 patients
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diagnosed with ovarian cancer are OSC (3). Though heterogeneity exists between tumors, OSC patients
are usually treated with standard therapy consisting of tumor rebulking operation and platinum-based
chemotherapy (4,5). Despite there have been some advances in treatment of this disease in the last few
decades, gain in average survival time is limited. The �ve-year survival rate for ovarian cancer is just 45%
(6). A large part of the causes of poor prognosis lies in a lack of available prognosis indicators which
could help physician classify patients according to their degree of risk so as to provide personalized
treatments. In addition, conventional treatment patterns usually cause resistance to chemotherapy
resulting in tumor recurrence and leading poor prognosis (4). Therefore, it is imperative to identify
differential methylation-driven genes in OSC to reveal potential therapeutic targets and construct a highly
speci�c, sensitive, and independent predictive prognosis model by bioinformatics analysis.

DNA methylation, as the core element of epigenetic modi�cation, participates in cellular differentiation,
maintaining genomic stability, genomic imprinting, and many other processes (7,8). DNA methylation has
been one of the most researched epigenetic aberrations in many cancer forms. Besides gene mutation,
hypo and hypermethylation of genes was found as an important mechanism underlying oncogenesis (9).
It has been found that abnormal DNA methylation occurs commonly in ovarian cancer (10). In recent
years, DNA methylation mechanism in the tumorigenesis and different phenotypes of ovarian cancer has
become the focus of great attention. The Methylation levels of an increasing number of genes have been
found to repress gene expression and have been shown to be strongly associated with OSC’s diagnosis
and prognosis (11). For instance, methylation of leukocyte BRCA1 promoter region was found as a
potential risk factor for carcinogenesis of ovarian cancer (especially high grade serous ovarian cancer)
and this aberrant methylation could even be detected in both newborns and adults (12). Bonito et al.
showed that low methylation level of CpG island in gene MSX1 is related to platinum resistance and
shorter OS (overall survival) (13). In addition, Xiao et al. revealed that there was a signi�cant association
between aberrant methylation of p16INK4a promoter and ovarian cancer risk using a �xed-effects model
(14). Thus, the using of DNA methylation as potential biomarkers holds great promise in indicating
prognosis of patients with ovarian cancer for improving the survival rate with only a small number of
specimens to meet the need of methylation analysis and is superior to other markers in many aspects,
including relative stability both in vivo and vitro (15). What’s more, the frequent epigenetic alterations with
biological signi�cance may provide relevant targets for innovative therapy to improve the dilemma of
chemotherapeutic resistance in the current traditional treatment patterns.

Herein, we integrated and analyzed the quantitative data of gene expression and DNA methylation pro�le
of OSC patients provided by The Cancer Genome Atlas (TCGA) database to e�ciently identify
methylation-driven genes with MethylMix. MethylMix, an algorithm built-in R, screens disease speci�c
DNA methylation-driven genes based on a β mixture model (16). The univariate and multivariate COX
regression was then used to assess whether these genes had any relevance to survival of patients with
OSC thus constructing a novel prognostic risk model. In addition, the Kaplan–Meier analysis and receiver
operating characteristic (ROC) curve validated the potential clinical signi�cance of the model.
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Methods
Data of samples acquisition and preprocessing

Complete DNA methylation data, gene expression pro�le and clinical information of OSC samples and
the DNA methylation data of normal ovarian epithelial samples were downloaded from the TCGA
database. In this study, only OSC samples with DNA methylation data, gene expression pro�le and
clinical survival information were selected out as training dataset. Total 351 OSC samples were enrolled
while another 10 normal ovarian epithelial tissues with DNA methylation data were selected as control.
And another 2 independent datasets of OSC obtained from Gene Expression Omnibus (GEO) database
with accession number GSE43265 and GSE25033 were selected as validation datasets. The DNA
methylation data were all acquired based on GPL8490 (Illumina HumanMethylation27 BeadChip) and
expressed as β values. The methylation data was normalized by the ‘normalizeBetweenArrays’ function in
LIMMA package and the gene expression data was normalized as TPM (Transcripts Per kilobase Million)
form. The data obtained from TCGA and GEO are open to public, so there is no requirement for local
ethics committees to review it.

Exploration of differentially methylated genes

MethylMix package (http://www.bioconductor.org/packages/release/bioc/html/MethylMix.html) was
used to identify the difference of DNA methylation status between tumors and normal samples on a
basis of constructing a β mixture model (FDR<0.05) and calculating the Pearson’s correlation coe�cient
between the gene methylation level and its expression (�lter condition was Cor<-0.3, P<0.05).

Enrichment analysis of gene set

The Database for Annotation, Visualization and Integrated Discovery (DAVID) v.6.8 online tool was used
to perform the (Gene Ontology) GO enrichment analysis of differential methylation genes (17) and the
�gure of enrichment results was plotted as bubble plots using ggplot2 R package. The differentially
methylated genes were then analyzed using ConsensusPathDB, an online open platform integrates
information on protein interactions, genetic interaction signaling, cellular metabolism, gene regulation,
and drug-target interactions in human based on 32 public databases. (18). The over-representation
analysis of ConsensusPathDB was used, and P<0.01 was set as the criterion.

Statistical analyses

All the statistical analysis in this study were performed using R statistical package (R version 3.5.3).
Univariate and multivariate COX regression analysis were performed using Survival package. And the
variables in multivariate COX regression were selected out based on the Akaike Information Criterion (AIC)
by using MASS package so as to construct risk model with well goodness of �t. A risk score could be
calculated via the formula consist of the sum of DNA methylation level of the methylation-driven genes
weighted by the coe�cient in multivariate Cox regression analysis for advanced application:
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Finally, a risk score formula was extracted and it could contribute to the prediction of the survival. The
risk score of every patient was calculated with this formula and helped us divide patients into different
cohort using the median as a threshold value. The Kaplan-Meier estimator with Mantel-Haenszel log-rank
test was applied to determine difference of the survival between the two cohorts using Survminer
package. Furthermore, the ROC analysis was used to estimate the sensitivity and speci�city of risk model
in predicting the prognosis (OS=3 years) as well as compared with other biomarkers using timeROC
package. Area Under Curve (AUC) as well as its 95% con�dence interval (CI) was calculated and Z test
was used to validate the difference of risk model and other biomarkers.

Results
The clinical characteristics of selected patients from TCGA and GEO database

351 patients with methylation data, gene expression data, and complete clinical information were
selected from the TCGA as training dataset and another 2 independent datasets of OSC from the GEO
database were served as validation datasets (see ‘Methods’ section). All samples were pathologically and
clinical diagnosed with OSC. The patients were divided into stage I, II, III, and IV according to FIGO staging
system while they were also assigned to G2, G3, and G4 as the tumor histologic grade. Anatomic
neoplasm subdivisions were based on different locations of the surgical lesion including left, right, and
bilateral. According to the diameter of tumor residual lesions, the patients were divided into no
macroscopic disease, 1–10 mm, 11–20 mm, and >20 mm groups. The clinical characteristics of samples
are summarized in Table 1.

Screening of differentially methylation-driven genes

Through the comparison of normalized methylation data of 351 OSC samples and 10 normal samples
extracted from TCGA based on MethylMix package, a β mixture model was constructed. Subsequently,
Mann–Whitney U test for methylation gene and correlation test between methylation level and gene
expression were calculated (FDR<0.05, Cor<-0.3, P<0.05). 171 methylation-driven genes were identi�ed in
result (see Additional �le 2) and the heatmap of differential methylation-driven genes was plotted (Figure
1). Among the 171 differentially methylated genes, 113 genes had higher methylation levels in tumors
than normal tissues while 58 genes had lower methylation levels. The �rst 10 differentially methylated
genes with lowest FDR were selected to plot the distribution map based on β mixture model (Figure 2)
and correlation scatter diagram (Figure 3).

Functional and pathway enrichment analysis of methylation-driven genes
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To further explore the potential mechanism underlying oncogenesis of OSC, functional enrichment
analysis and pathway analysis of the 171-differential methylation-driven genes were performed using
DAVID and ConsensusPathDB (see ‘Methods’ section). As the result of GO enrichment analysis, these
genes were concentrated in 40 biological processes, 14 molecular functions, and 11 cellular components
(Figure 4A, Additional �le 3). In biological process term, these genes mainly involve in�ammatory
response, positive regulation of transcription, DNA-templated, positive regulation of NF-κB transcription
factor activity and others. In molecular function term, the genes were mainly enriched in transcriptional
activator activity, RNA polymerase II core promoter proximal region sequence-speci�c binding. And in
cellular component term, extracellular exosome was enriched the most signi�cantly. Pathway analysis on
ConsensusPathDB showed that the genes were mainly involved in Interleukin-18 signaling, Cytokine
Signaling in Immune system, and Interleukin-1 family signaling (Figure 4B, Additional �le 4).

Construction and validation of risk assessment model based on different regrouping methods

The univariate COX proportional hazard analysis was �rst carried out for the 171-differential methylation-
driven genes in TCGA training dataset and β values of DNA methylation were served as variables to
identify the survival related methylation-driven genes. As a result, 9 methylated genes were screened out
(P<0.05; Additional �le 5). Further, the 9 candidate genes were analyzed using the multivariate COX
regression based on Akaike Information Criterion (AIC). Consequently, �ve methylation-driven genes were
singled out as key variables and statistical test on the COX regression coe�cient showed that the 5 genes
were signi�cantly related to the survival (P<0.05, Additional �le 1: Table S1 and Additional �le 5). Then
DNA methylation level of the 5 genes were weighted by the regression coe�cient and a risk formula was
�nally obtained: Risk Score=1.209 × (methylation level of UBB) - 1.3560 × (methylation level of PLAT) +
2.7718 × (methylation level of TMOD1) + 1.4498 × (methylation level of KCNJ11) - 0.7739 × (methylation
level of CDSN). The risk score of 351 tumor samples were then calculated with this formula and the
median value of risk score (Median=2.567) was set as a group cutoff condition. Consequently, 351 OSC
samples were divided into a high-risk cohort (n=175) and a low-risk cohort (n=176). Meanwhile, we
further analyzed the methylation levels as well as the expression of these �ve key epigenetic genes in the
two cohorts (Figure 5A and 5B). Signi�cantly higher methylation levels of PLAT and CDSN while
signi�cantly lower methylation levels of other three driven genes were observed in high-risk patients than
low-risk patients, which were consistent with the results of COX regression. Based on this grouping
method, the Kaplan-Meier survival analysis of high-risk cohort and low-risk cohort showed that the
survival rate of the low-risk cohort was signi�cantly higher than that of the high-risk cohort at all time
points (Figure 5C). To evaluate the validity of this risk model, a completely independent dataset of 31
OSC patients from GEO database was included analysis and we then strati�ed the 31 OSC patients into
high-risk (n = 14) and low-risk group (n = 17) with the same cutoff condition as previous. The Kaplan-
Meier analysis demonstrated that the OSC patients in low-risk group had a signi�cant better overall
survival than in high-risk group (P<0.05 with log-rank test; Figure 6A). Further, to con�rm that whether the
risk model could indicate prognosis independently, the univariate and multivariate COX regression
analysis of risk model, age at diagnosis, as well as histological grade were conducted, respectively. As the
results showed in Figure 6C and 6D, our risk model as an independently prognostic factor exhibited
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marginally signi�cance in both univariate and multivariate COX regression analysis. In addition, we also
detected the capacity of this model to distinguish the progression-free survival (PFS) of patients in
another OSC dataset of 20 patients from GEO database. We used the same formula and cutoff value to
calculated risk score of 20 OSC patients and separated them into high-risk (n = 10) and low-risk group (n
= 10). The Kaplan-Meier curve showed that there was no signi�cant difference on PFS between high-risk
and low-risk group (P=0.73 with log-rank test; Figure 6B), which may be affected by the sample content. It
was known to all that patients with OSC in advanced stage (Stage III and IV) had shorter survival time
than in early stage (Stage I and II) (11). However, irrespective of the effect of the degree of disease
progression, the survival rate was still lower in high-risk cohort obviously in either patients of early stage
or advanced stage (Additional �le 1: Supplementary Figure 1). The result suggested that the novel risk
model was independent of FIGO staging system. We further determined the clinical effect of the risk
model in patients with different histologic grade, including G2 and G3, which had enough samples. The
Kaplan-Meier analysis demonstrated that the survival rate of high-risk cohort was signi�cantly lower than
that of low-risk cohort in both G2 and G3 groups (Additional �le 1: Supplementary Figure 2). As for the
anatomic neoplasm subdivisions, left side only and right side only were merged as unilateral group, while
the opposite is the bilateral group. Similarly, we also observed signi�cant differences in survival between
the high-risk and low-risk cohorts (Additional �le 1: Supplementary Figure 3). In addition, after
classi�cation of patients according to the size of the residual tumor lesions, the result of the Kaplan-
Meier analysis in each group was also signi�cant (Additional �le 1: Supplementary Figure 4).

The receiver operating characteristic (ROC) analysis of risk model compared with other known prognosis-
predict markers

To further estimate the sensitivity and speci�city of the risk assessment model consisting of 5 key
epigenetic genes in predicting survival, the time-dependent ROC curve was plotted and the AUC of the risk
model was 0.71 (95%CI: 0.64–0.78) at 3 years of OS. We also performed the ROC analysis in groups of
different FIGO stage, histologic grade, residual tumor after surgery, and anatomic neoplasm subdivision
(Additional �le 1: Supplementary Figure 1-4). All the results indicated that the risk model based on �ve
key epigenetic genes had satis�ed performance in predicting clinical survival. In addition, we chose
several genes that had been identi�ed as prognosis predictors in previous researches to verify whether
the novel risk model had ascendancy in the predictive performance. For instance, methylation of BRCA1
promoter region and overexpression of Capn4 predict poor ovarian cancer prognosis (19,20). LncRNA
HOTAIR was determined as an independent prognostic biomarker of OS (21). The AUC of these genes
and risk scoring model were �gured out and shown in Figure 5D and Additional �le 1: Table S2. And Z
test was used to examine whether the risk model had higher predictive value than these genes. The �nal
results showed that our model was superior to many other biomarkers in reliability and stability

Discussion
Among female malignant tumors of the reproductive system, ovarian cancer has a high degree of
aggressiveness and a poor prognosis. The �rst of the important reasons is that the internal molecular
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mechanism of the development of ovarian cancer has not been fully clari�ed. The second is due to the
lack of highly sensitive and speci�c prognostic markers (22). Therefore, in-depth study of the molecular
pathogenesis of OSC and identi�cation of prognostic biomarkers are urgently needed, which will greatly
help improve the quality of life and prognosis of OSC patients. DNA methylation modi�cation, as an
important epigenetic mechanism regulating gene transcription, is considered to have signi�cant role in
the carcinogenesis and have broad application prospects in indicating the prognosis or early diagnosis of
tumor patients because of its advantages in convenience and sensitivity of detection, and tumor
speci�city (15,23). In recent years, many studies have shown that some molecular markers can predict
the clinical prognosis of tumor patients well. For instance, methylation states of PITX2 (the
homeodomain transcription factor) has high con�dence in the prediction of the distant recurrence risk in
lymph node-negative breast cancer patients treated with tamoxifen (24). The upregulation of HDAC1
(histone deacetylases 1) has been correlated with poorer prognosis of adenocarcinoma of the lung (25).
However, the limitations of these studies are that the independence of the molecular markers for the
prognostic evaluation of patients has not been veri�ed, and the detection of single factors often has
lower sensitivity and speci�city. In addition, though Guo et al. (26) have established a �ve-DNA
methylation signature act as a novel prognostic biomarker using data from TCGA database, they did not
consider the methylation status of normal ovarian epithelial tissues and the possible over�tting in the
process of building a multi-factor model. In present study, a novel computational framework for
identifying differentially methylation-driven genes by integrating the transcriptomes data of cancer
samples and the genome-wide methylation data of cancer samples as well as normal samples was
adopted, and then we performed univariate and multivariate COX regression analysis base on the Akaike
Information Criterion (AIC) to screen parameters of the model that best interpreted the data. After
analysis, a risk prediction model composed of �ve key epigenetic genes was �nally obtained. And the
Kaplan–Meier analysis further con�rmed the potential predictive value of the risk model both in the
training and validation datasets. This risk model still performs well in distinguishing between high-risk
and low-risk cohorts in different FIGO stage, histologic grade, residual tumor disease, and anatomic
neoplasm subdivisions as well as the results of ROC analysis showed that the sensitivity and speci�city
of the risk model were higher than other known molecular markers. This indicates that the risk score is an
independent indictor of patient prognosis, and the combination of �ve genes provides better predictive
potential.

Previous studies have shown that the �ve key epigenetic genes mentioned above may play regulative role
in cancer. UBB, the gene encodes ubiquitin B, is a vital element in targeting cellular proteins for
degradation by the 26S proteasome. It has been revealed that the transcription suppression of UBB
occurs in a large number of patients with cancers derived from female reproductive system, which is a
speci�c change in cancer subtypes and patients with high expression of UBB tended to have better
outcomes than those with low UBB expression in high grade serous ovarian cancer (27). PLAT (tissue
plasminogen activator) has been identi�ed as an important role in cancer invasion and metastasis, even
in angiogenesis, vascular remodeling involved in tumor progression (28). In ovarian cancer, PLAT may be
closely related to the prognosis of ovarian cancer. High plasma concentration of tissue plasminogen
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activator (tPA) before surgery is determined as an independent biomarker for shorter OS in patients with
ovarian cancer and the expression of PLAT in plasma before the start of �rst-line chemotherapy could be
used as an indicator to predict survival of patients with ovarian cancer (29). TMOD1 has been proved
previously that TMOD1 elevation could enhance the malignant phenotype of TNBC via inducing
expression of MMP13 (30). Through GWAS, SNP within KCNJ11 was associated with colorectal cancer
risk (31) and it was con�rmed that the expression of KCNJ11 could promote tumor progression of
hepatocellular carcinoma with interaction of lactate dehydrogenase A (32). And CDSN encodes a protein
found in corneodesmosomes, which localizes human epidermis and other corni�ed squamous epithelia.
Though the effect of CDSN gene on tumor biological behavior is still unclear, CDSN is worthy of
investigation due to its tissue speci�city and special function as a cellular component.

In the GO enrichment of biological process and the pathway analysis, it was found that the differentially
methylated genes were highly associated with ‘in�ammatory response’ and ‘Interleukin-18 signaling’.
Interleukin-18 (IL-18) is an immune-enhancing cytokine, which induces CD8+ T cells and natural killer
(NK) cells to produce IFN-γ, stimulates Th1 cell polarization, and mediates a speci�c immune response to
tumor (33). IL-18 had been used as a new molecule for targeted therapy to enhance anti-tumor immunity,
but ended in failure in phase II clinical trials (34). Researchers had found that many clinical patients
developed acquired resistance after multiple IL-18 treatments, and the production of large amounts of IL-
18 binding protein (IL-18BP) was also observed in these patients (35). IL-18BP is an endogenous negative
regulator of Interleukin-18 signaling and it can bind to mature IL-8 and block the signal transduction
downstream of IL-18 (36). Therefore, IL-18BP was regarded as a novel secreted immune checkpoint and
advanced study in IL-18 as a potential immunotherapy target had showed us through protein directed
evolution in vitro, a new IL-18 (Mutant) with lower a�nity to IL-18BP exhibited better pharmacological
activity than wild-type IL-18 (37). Evidences had shown that IL-18BP expression is increased in epithelial
ovarian cancer (EOC) compared with normal tissues via the analysis of gene expression pro�les, which
may contribute the ability of EOC tumors to escape from monitoring of the immune system (38).
However, the results of genome-wide methylation level analysis showed that the methylation level of IL-
18BP gene in tumors was higher than that of normal controls. It indicates that the aberrant expression of
the IL-18BP in EOC may be due to post-transcriptional regulation or modi�cation and other molecular
mechanisms, which requires more studies in the future.

Conclusion
In our study, through joint analysis of genomic methylation data and genome-wide expression pro�les of
351 patients with OSC, we identi�ed 171 methylation-driven genes using the MethylMix algorithm. COX
proportional hazard analysis was further performed to select genes related closely to the survival of
patients and construct the prognostic risk model consisting �ve aberrant methylation-driven genes, UBB,
PLAT, TMOD1, KCNJ11, and CDSN. And its predictive effect was con�rmed in patients of different FIGO
stage, histologic grade, residual tumor after surgery, and anatomic neoplasm subdivision. Therefore, this
�ve-gene risk model may have great potential as an independent prognostic biomarker in predicting
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patient survival and provide a basis of personalized treatment for OSC patients. In addition, the
functional mechanism of the �ve methylation-driven genes in the carcinogenesis should be examined in
further researches for potential therapeutic targets. Even though further experiments are needed, our
�ndings provide a bioinformatic basis for guiding subsequent OSC treatment.

List Of Abbreviations
OSC: Ovarian serous cystadenocarcinoma; TCGA: The Cancer Genome Atlas; ROC: Receiver operating
characteristic; GEO: Gene Expression Omnibus; TPM: Transcripts Per kilobase Million; DAVID: The
Database for Annotation, Visualization and Integrated Discovery; GO: Gene Ontology; AIC: Akaike
Information Criterion; AUC: Area Under Curve; CI: Con�dence interval; OS: Overall survival; PFS:
Progression-free survival; TNBC: Triple negative breast cancer; GWAS: Genome-Wide Association Studies;
SNP: Single nucleotide polymorphism; EOC: Epithelial ovarian cancer

Declarations
Ethics approval and consent to participate: The usage of TCGA datasets is covered by speci�c TCGA
ethics policies including a compulsory Data Use Certi�cation Agreement.

Consent for publication: Not applicable.

Availability of data and materials: The raw datasets supporting the conclusions of this article are
available via The Cancer Genome Atlas (TCGA) web portal (https://portal.gdc.cancer.gov/projects /TCGA-
OV).

Competing interests: The authors declare that they have no competing interests.

Funding: This study was supported by grants from the National Natural Science Foundation of China
(Grant/Award Number:81672579 and 81872124).

Authors' contributions: (I) Conception and design: Y Zhang; (II) Administrative support: Y Zhang; (III)
Provision of study materials or patients: Y Zhang; (IV) Collection and assembly of data: X Jiang; (V) Data
analysis and interpretation: X Jiang, J Qiu; (VI) Manuscript writing: All authors; (VII) Final approval of
manuscript: All authors.

Acknowledgements: Not applicable.

References
1. Torre LA, Bray F, Siegel RL, Ferlay J, Lortet-Tieulent J, Jemal A. Global cancer statistics, 2012. CA

Cancer J Clin. 2015;65(2):87-108.

2. Berek JS, Kehoe ST, Kumar L, Friedlander M. Cancer of the ovary, fallopian tube, and peritoneum. Int
J Gynaecol Obstet. 2018;143 Suppl 2:59-78.



Page 11/21

3. Cancer Genome Atlas Research N. Integrated genomic analyses of ovarian carcinoma. Nature.
2011;474(7353):609-15.

4. Bowtell DD, Bohm S, Ahmed AA, Aspuria PJ, Bast RC, Jr., Beral V, et al. Rethinking ovarian cancer II:
reducing mortality from high-grade serous ovarian cancer. Nat Rev Cancer. 2015;15(11):668-79.

5. Kroeger PT, Jr., Drapkin R. Pathogenesis and heterogeneity of ovarian cancer. Curr Opin Obstet
Gynecol. 2017;29(1):26-34.

�. DeSantis CE, Lin CC, Mariotto AB, Siegel RL, Stein KD, Kramer JL, et al. Cancer treatment and
survivorship statistics, 2014. CA Cancer J Clin. 2014;64(4):252-71.

7. Patmanidi AL, Champeris Tsaniras S, Karamitros D, Kyrousi C, Lygerou Z, Taraviras S. Concise
Review: Geminin-A Tale of Two Tails: DNA Replication and Transcriptional/Epigenetic Regulation in
Stem Cells. Stem Cells. 2017;35(2):299-310.

�. Pogribny IP, Beland FA. DNA hypomethylation in the origin and pathogenesis of human diseases. Cell
Mol Life Sci. 2009;66(14):2249-61.

9. Klutstein M, Nejman D, Green�eld R, Cedar H. DNA Methylation in Cancer and Aging. Cancer Res.
2016;76(12):3446-50.

10. Natanzon Y, Goode EL, Cunningham JM. Epigenetics in ovarian cancer. Semin Cancer Biol.
2018;51:160-9.

11. Montavon C, Gloss BS, Warton K, Barton CA, Statham AL, Scurry JP, et al. Prognostic and diagnostic
signi�cance of DNA methylation patterns in high grade serous ovarian cancer. Gynecol Oncol.
2012;124(3):582-8.

12. Lonning PE, Berge EO, Bjornslett M, Minsaas L, Chrisanthar R, Hoberg-Vetti H, et al. White Blood Cell
BRCA1 Promoter Methylation Status and Ovarian Cancer Risk. Ann Intern Med. 2018;168(5):326-34.

13. Bonito NA, Borley J, Wilhelm-Benartzi CS, Ghaem-Maghami S, Brown R. Epigenetic Regulation of the
Homeobox Gene MSX1 Associates with Platinum-Resistant Disease in High-Grade Serous Epithelial
Ovarian Cancer. Clin Cancer Res. 2016;22(12):3097-104.

14. Xiao X, Cai F, Niu X, Shi H, Zhong Y. Association between P16INK4a Promoter Methylation and
Ovarian Cancer: A Meta-Analysis of 12 Published Studies. PLoS One. 2016;11(9):e0163257.

15. Keeley B, Stark A, Pisanic TR, 2nd, Kwak R, Zhang Y, Wrangle J, et al. Extraction and processing of
circulating DNA from large sample volumes using methylation on beads for the detection of rare
epigenetic events. Clin Chim Acta. 2013;425:169-75.

1�. Gevaert O. MethylMix: an R package for identifying DNA methylation-driven genes. Bioinformatics.
2015;31(11):1839-41.

17. Huang da W, Sherman BT, Lempicki RA. Systematic and integrative analysis of large gene lists using
DAVID bioinformatics resources. Nat Protoc. 2009;4(1):44-57.

1�. Kamburov A, Pentchev K, Galicka H, Wierling C, Lehrach H, Herwig R. ConsensusPathDB: toward a
more complete picture of cell biology. Nucleic Acids Res. 2011;39(Database issue):D712-7.



Page 12/21

19. Chiang JW, Karlan BY, Cass L, Baldwin RL. BRCA1 promoter methylation predicts adverse ovarian
cancer prognosis. Gynecol Oncol. 2006;101(3):403-10.

20. Yang MF, Lou YL, Liu SS, Wang SS, Yin CH, Cheng XH, et al. Capn4 overexpression indicates poor
prognosis of ovarian cancer patients. J Cancer. 2018;9(2):304-9.

21. Qiu JJ, Lin YY, Ye LC, Ding JX, Feng WW, Jin HY, et al. Overexpression of long non-coding RNA
HOTAIR predicts poor patient prognosis and promotes tumor metastasis in epithelial ovarian cancer.
Gynecol Oncol. 2014;134(1):121-8.

22. Wright JD, Shah M, Mathew L, Burke WM, Culhane J, Goldman N, et al. Fertility preservation in young
women with epithelial ovarian cancer. Cancer. 2009;115(18):4118-26.

23. How Kit A, Nielsen HM, Tost J. DNA methylation based biomarkers: practical considerations and
applications. Biochimie. 2012;94(11):2314-37.

24. Maier S, Nimmrich I, Koenig T, Eppenberger-Castori S, Bohlmann I, Paradiso A, et al. DNA-methylation
of the homeodomain transcription factor PITX2 reliably predicts risk of distant disease recurrence in
tamoxifen-treated, node-negative breast cancer patients--Technical and clinical validation in a multi-
centre setting in collaboration with the European Organisation for Research and Treatment of Cancer
(EORTC) PathoBiology group. Eur J Cancer. 2007;43(11):1679-86.

25. Minamiya Y, Ono T, Saito H, Takahashi N, Ito M, Mitsui M, et al. Expression of histone deacetylase 1
correlates with a poor prognosis in patients with adenocarcinoma of the lung. Lung Cancer.
2011;74(2):300-4.

2�. Guo W, Zhu L, Yu M, Zhu R, Chen Q, Wang Q. A �ve-DNA methylation signature act as a novel
prognostic biomarker in patients with ovarian serous cystadenocarcinoma. Clin Epigenetics.
2018;10(1):142.

27. Kedves AT, Gleim S, Liang X, Bonal DM, Sigoillot F, Harbinski F, et al. Recurrent ubiquitin B silencing in
gynecological cancers establishes dependence on ubiquitin C. J Clin Invest. 2017;127(12):4554-68.

2�. Lin CY, Cho CF, Bai ST, Liu JP, Kuo TT, Wang LJ, et al. ADAM9 promotes lung cancer progression
through vascular remodeling by VEGFA, ANGPT2, and PLAT. Sci Rep. 2017;7(1):15108.

29. Teliga-Czajkowska J, Sienko J, Jalinik K, Smolarczyk R, Czajkowski K. Prognostic value of tissue
plasminogen activator (tPA) in patients with epithelial ovarian cancer undergoing chemotherapy.
Ginekol Pol. 2019;90(5):235-41.

30. Ito-Kureha T, Koshikawa N, Yamamoto M, Semba K, Yamaguchi N, Yamamoto T, et al. Tropomodulin
1 expression driven by NF-kappaB enhances breast cancer growth. Cancer Res. 2015;75(1):62-72.

31. Gharahkhani P, Fitzgerald RC, Vaughan TL, Palles C, Gockel I, Tomlinson I, et al. Genome-wide
association studies in oesophageal adenocarcinoma and Barrett's oesophagus: a large-scale meta-
analysis. Lancet Oncol. 2016;17(10):1363-73.

32. Zhang K, Mu L, Ding MC, Xu R, Ding ZJ, Liang J. NFkappaB mediated elevation of KCNJ11 promotes
tumor progression of hepatocellular carcinoma through interaction of lactate dehydrogenase A.
Biochem Biophys Res Commun. 2018;495(1):246-53.



Page 13/21

33. Takeda K, Tsutsui H, Yoshimoto T, Adachi O, Yoshida N, Kishimoto T, et al. Defective NK cell activity
and Th1 response in IL-18-de�cient mice. Immunity. 1998;8(3):383-90.

34. Tarhini AA, Millward M, Mainwaring P, Kefford R, Logan T, Pavlick A, et al. A phase 2, randomized
study of SB-485232, rhIL-18, in patients with previously untreated metastatic melanoma. Cancer.
2009;115(4):859-68.

35. Robertson MJ, Kirkwood JM, Logan TF, Koch KM, Kathman S, Kirby LC, et al. A dose-escalation study
of recombinant human interleukin-18 using two different schedules of administration in patients
with cancer. Clin Cancer Res. 2008;14(11):3462-9.

3�. Novick D, Kim SH, Fantuzzi G, Reznikov LL, Dinarello CA, Rubinstein M. Interleukin-18 binding protein:
a novel modulator of the Th1 cytokine response. Immunity. 1999;10(1):127-36.

37. Zhou T, Damsky W, Weizman O-E, McGeary MK, Hartmann KP, Rosen CE, et al. IL-18BP is a secreted
immune checkpoint and barrier to IL-18 immunotherapy. Nature. 2020.

3�. Carbotti G, Barisione G, Orengo AM, Brizzolara A, Airoldi I, Bagnoli M, et al. The IL-18 antagonist IL-18-
binding protein is produced in the human ovarian cancer microenvironment. Clin Cancer Res.
2013;19(17):4611-20.

Table
Table 1. The clinical characteristics of OSC patients from TCGA



Page 14/21

Characteristics Group Training
dataset

  Validation
dataset

     

TCGA (n=351)   GSE43265
(n=31)

  GSE25033
(n=20)

Num %   Num %   Num %

Age at
diagnosis

Median 59     56     57.5  

  Range 31-
88

    37-
81

    29-
67

 

  Unknown 8 2.29%   0 0.00%   0 0.00%

  <60 177 50.42%   19 61.29%   12 60.00%

  ≥60 166 47.29%   12 38.71%   8 40.00%

FIGO stage I 0 0.00%   0 0.00%   - -

  II 19 5.41%   0 0.00%   - -

  III 275 78.35%   27 87.10%   - -

  IV 54 15.38%   4 12.90%   - -

  Unknown 3 0.86%   0 0.00%   - -

Histologic grade G2 43 12.25%   7 22.58%   9 45.00%

  G3 298 84.90%   20 64.52%   10 50.00%

  G4 1 0.29%   0 0.00%   0 0.00%

  Others 9 2.56%   4 12.90%   1 5.00%

Tumor residual
(mm)

No Macroscopic
disease

59 16.80%   - -   - -

  1-10 166 47.29%   - -   - -

  11-20 26 7.40%   - -   - -

  >20 65 18.52%   - -   - -

  Unknown 35 9.99%   - -   - -

Anatomic
subdivision

Bilateral 244 69.51%   - -   - -

  Right 37 10.54%   - -   - -

  Left 50 14.25%   - -   - -

  Unknown 20 5.70%   - -   - -
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Figures

Figure 1

Heatmap of differential methylation-driven genes in OSC tissues (n=351) and solid normal tissues
(n=10). The color from brick red to navy blue shows a trend from hypermethylation to hypomethylation in
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samples.

Figure 2

Distribution maps of the �rst 10 differentially methylated genes with lowest FDR (A-J). The histogram
represents the distribution of methylation level in OSC group and the curve is the kernel density
estimation based on different β mixture model. The black horizontal line in each plot is the distribution of
methylation level in normal samples.



Page 17/21

Figure 3

Correlation scatter diagram between gene expression and methylation level of the 10 differentially
methylation genes above (A-J). Pearson correlation coe�cients were calculated and t test was performed
to examine the signi�cance of them.
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Figure 4

The functional and pathways enrichment of 171 differentially methylated genes. (A) Analysis of GO
terms in 171 methylation-driven genes. Bar plot of top 20 biological process terms with the lowest q-
value, 14 molecular function terms, and 11 cellular component terms. (B) The pathway enrichment
analysis of 171 methylation-driven genes on ConsensusPathDB. Only signi�cantly enriched pathways are
shown above (P<0.01).
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Figure 5

Methylation level, gene expression of different risk cohort and survival analysis based on the prognostic
risk model. (A) Methylation β values of the �ve key epigenetic genes in high-risk and low-risk cohorts.
Mann–Whitney U test determined the differences of methylation level, and P values were shown above
the graphs. (B) Gene expression (TPM) of the �ve key epigenetic genes in high-risk and low-risk cohorts.
Student t test determined the differences of expression, and P values were shown above the graphs. (C)



Page 20/21

The Kaplan-Meier analysis of overall survival between the high-risk and low-risk patient cohorts grouping
by the risk model. (D) Time-dependent ROC curves show the sensitivity and speci�city of the risk model
and some of other known biomarkers in predicting the three-year OS of OSC patients.

Figure 6

Veri�cation of the robustness of the risk model in other independent validation datasets. (A) The Kaplan-
Meier analysis of overall survival between the high-risk and low-risk patient groups grouping by the risk
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model in GSE43265. (B) The Kaplan-Meier analysis of progression-free survival between the high-risk and
low-risk patient groups grouping by the risk model in GSE25033. (C) The forest plot of univariate COX
analysis of the risk model, age at diagnosis, and histological grade in GSE43265 dataset. (D) The forest
plot of multivariate COX analysis of the risk model, age at diagnosis, and histological grade in GSE43265
dataset.
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