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ABSTRACT
Background: Tumorigenesis is highly heterogeneous, and using clinicopathological
signatures only is not enough to effectively distinguish clear cell renal cell carcinoma
(ccRCC) and improve risk stratification of patients. DNA methylation (DNAm) with
the stability and reversibility often occurs in the early stage of tumorigenesis.
Disorders of transcription and metabolism are also an important molecular
mechanisms of tumorigenesis. Therefore, it is necessary to identify effective
biomarkers involved in tumorigenesis through multi-omics analysis, and these
biomarkers also provide new potential therapeutic targets.
Method: The discovery stage involved 160 pairs of ccRCC and matched normal
tissues for investigation of DNAm and biomarkers as well as 318 cases of ccRCC
including clinical signatures. Correlation analysis of epigenetic, transcriptomic and
metabolomic data revealed the connection and discordance among multi-omics
and the deregulated functional modules. Diagnostic or prognostic biomarkers were
obtained by the correlation analysis, the Least Absolute Shrinkage and Selection
Operator (LASSO) and the LASSO-Cox methods. Two classifiers were established
based on random forest (RF) and LASSO-Cox algorithms in training datasets.
Seven independent datasets were used to evaluate robustness and universality.
The molecular biological function of biomarkers were investigated using DAVID
and GeneMANIA.
Results: Based on multi-omics analysis, the epigenetic measurements uniquely
identified DNAm dysregulation of cellular mechanisms resulting in transcriptomic
alterations, including cell proliferation, immune response and inflammation.
Combination of the gene co-expression network and metabolic network identified
134 CpG sites (CpGs) as potential biomarkers. Based on the LASSO and RF
algorithms, five CpGs were obtained to build a diagnostic classifierwith better
classification performance (AUC > 99%). A eight-CpG-based prognostic classifier
was obtained to improve risk stratification (hazard ratio (HR) > 4; log-rank test,
p-value < 0.01). Based on independent datasets and seven additional cancers, the
diagnostic and prognostic classifiers also had better robustness and stability.
The molecular biological function of genes with abnormal methylation were
significantly associated with glycolysis/gluconeogenesis and signal transduction.
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Conclusion: The present study provides a comprehensive analysis of ccRCC using
multi-omics data. These findings indicated that multi-omics analysis could identify
some novel epigenetic factors, which were the most important causes of advanced
cancer and poor clinical prognosis. Diagnostic and prognostic biomarkers were
identified, which provided a promising avenue to develop effective therapies for
ccRCC.

Subjects Bioinformatics, Genetics, Nephrology, Oncology, Translational Medicine
Keywords Multi-omics, DNA methylation (DNAm), Clear cell renal cell carcinoma (ccRCC),
Diagnostic biomarkers, Prognostic biomarkers

INTRODUCTION
According to the latest global cancer statistics in 2018, renal cell carcinoma (RCC) is
among the top ten most common malignancies in which the incidence and mortality
accounts for more than 3% of all human malignancies (Bray et al., 2018). Among all types
of RCC, the major histological subtype is clear cell renal cell carcinoma (ccRCC), which
has the worst prognosis and more complex heterogeneity, accounting for 80–90% of all
RCC cases (Hsieh et al., 2017). To understand the potential molecular alterations that drive
ccRCC oncogenesis, The Cancer Genome Atlas (TCGA) project based on single-omics
analysis from different working groups has emphasized the importance of molecular
characterization and histological assessment to stratify ccRCC (Linehan & Ricketts, 2019;
Prakoura & Chatziantoniou, 2017; Sigdel et al., 2019). These results indicate the
complexity of ccRCC tumorigenesis and suggest that single-omics insufficient to fully
investigate this cancer type to identify effective diagnostic or prognostic biomarkers.
Furthermore, it is difficult for pathologists to distinguish ccRCC based on morphology and
immunohistochemistry (Bucur & Zhao, 2018). Therefore, it is necessary to identify
potential diagnostic or prognostic molecular biomarkers for ccRCC (Clark et al., 2020).

In the early stage, the diagnosis and prognosis of ccRCC was mainly based on
abdominal imaging and clinicopathologic signatures, and those strategies have some
contingency with an approximate accuracy of 80% (Lightfoot et al., 2000). The diagnostic
and prognostic biomarkers were also identified at different omics levels, including
microRNA (Guan et al., 2018), long noncoding RNA (Qu et al., 2018), mRNA (Chen et al.,
2019;Wang et al., 2017) and proteins (Lopez et al., 2016). However, those biomarkers have
some obvious drawbacks, including unstable molecular structure, the fact that they are
easily affected by external factors, lower abundance and difficulty in being detected, thus
limiting their clinical application. The epigenetic changes of cancer cells have been proved
to be one of the important mechanisms of tumorigenesis, in which the abnormal
methylation of gene promoter regions, especially CpG island regions, is also known to be
an important factors that caused gene suppression (Bibikova et al., 2011). The TCGA
project and other studies have shown that DNAm can be used as the cancer-specific
characteristic for the development of diagnostic or prognostic biomarkers and targeted
therapy (Linehan & Ricketts, 2019). For example, Skrypkina et al. (2016) reported that the
sensitivity of a model based on an individual gene ranges from 51.9% to 62.9%. At the same
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time, the use of a combination of two or three genes led to a significant increase in
sensitivity (77.9–92.3%) and specificity (86.7–93.3%). However, the researches were only
based on the epigenetic level, and it was not sufficient to assess the effect of aberrant
methylation status on cancer progression. Based on high-throughput technology, the
previous studies shown that many significantly different epigenetic factors did not always
cause abnormality in gene expression. The abnormal gene expression is also one of the
important factors that cause cancer or disease (Cui et al., 2016; Linehan & Ricketts, 2019;
Zhao et al., 2020). Meanwhile, Xu et al. (2020) developed a seven-CpG-based classifier for
ccRCC prognosis by integrating DNA methylation (DNAm) and gene expression.
However, owing to significant reprograming of metabolic pathways, the integration
analysis based on DNAm and gene expression may be not detailed enough to identify
aberrant patterns of expression changes in many biological pathways (Furuta et al., 2010).
As is known to all, the metabolic reprograming of cancer cells significantly influences some
important physiological and biochemical reactions, including cell invasion, adhesion and
immune response. Although not the case for all cancers, RCC has been regarded as a
cancer driven by metabolic disorders due to the abnormal expression of genes that regulate
various metabolic pathways, such as FH and SDHB in the Krebs cycle (Linehan, Srinivasan
& Schmidt, 2010). Hence, the analysis of the expression patterns of enzyme-encoding genes
in metabolic pathways was added to our research, which will complement our
understanding of the pathogenesis and aid in providing new potential biomarkers or
targets involved in tumorigenesis.

In this study, the multi-omics analysis of epigenetic measurements uniquely identified
DNAm dysregulation of cellular mechanisms resulting in transcriptomic alterations,
including cell proliferation, immune response and inflammation. Combination of the gene
co-expression network and metabolic network, a five-CpG-based classifier with better
classification performance was obtained using Least Absolute Shrinkage and Selection
Operator (LASSO) and RF algorithm. An eight-CpG-based prognostic classifier was
developed to identify the high-risk groups more accurately (hazard ratio (HR) > 4;
log-rank test, p-value < 0.01). Based on independent datasets and seven additional cancers,
the diagnostic and prognostic classifiers also had better robustness and stability.
The molecular function analysis of biomarkers with abnormal methylation indicated that
they were significantly related to glycolysis/gluconeogenesis and signal transduction.
Thus, our studies not only identified biomarkers involved in important metabolic
pathways in tumorigenesis, but also provided novel therapeutic targets for treating
advanced RCC in a general manner.

MATERIALS AND METHODS
Workflow chart and samples preparation
Figure 1 shows the study workflow chart. In this study, DNAm (290 tumor and
160 normal), mRNA (526 tumor and 72 normal) and clinical data (318 cases of ccRCC)
were collected from TCGA (https://portal.gdc.cancer.gov/). Of note, 160 cases of ccRCC
had both ccRCC tissues and matched adjacent normal tissues in terms of DNAm
profiles. In addition, 24 cases of ccRCC, which had both ccRCC tissues and matched
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adjacent normal tissues in terms of mRNA profiles, had both DNAm and mRNA
expression profiles. The human KEGG Markup Language (KGML) files were obtained
from the KEGG database (http://www.genome.jp/kegg/), and these files were used to
predict key enzyme-coding genes. In addition, the DNAm status for the following five
additional cancers were derived from TCGA, including both DNAm and gene expression
profiles: BRCA (774 tumor and 82 normal), COAD (292 tumor and 38 normal), LIHC
(380 tumor and 50 normal), LUAD (455 tumor and 32 normal) and PRAD (502 tumor,
50 normal). Moreover, the following two cancers were obtained from TCGA, including

Figure 1 Study flowchart of data generation and analysis. DMC, differentially methylated CpG sites;
DNAm, DNA methylation. Integrated methylation signatures on ccRCC and non-tumor tissues
were used to identify 134 candidate biomarkers. Diagnostic biomarker selection: LASSO was
applied to a training cohort to identify a final selection of five biomarkers. These five markers were applied
to a validation cohort. Prognostic biomarker selection: univariant-cox and LASSO-Cox were applied to a
training cohort with survival data to identify a final selection of eight biomarkers. These eight biomarkers
were applied to a validation cohort with survival data. Full-size DOI: 10.7717/peerj.9654/fig-1
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only DNAm or gene expression profiles: KIRP (274 tumor and 45 normal) and UCEC
(425 tumor and 34 normal).

Differential analysis of mRNA expression and DNAm
Based on DNAm profiles, probes with more than 50% missing values were deleted.
The “impute.knn” function (R version 3.5.0) was used to impute the remaining missing
values. CpG probes in chromosomes X and Y were excluded, and CpG probes identified as
non-unique in the genome as well as CpG probes known as single-nucleotide polymorphisms
were also excluded (Noushmehr et al., 2010; Selamat et al., 2012). Differentially
methylated CpG sites (CpGs) were detected using the non-parametric testing method
(Selamat et al., 2012), and p-values were adjusted using the false discovery rate (FDR)method
in R (R version 3.5.0; p.adjust (method = “BH”)). CpG probes were filtered as described
below, and these filtered CpG probes were considered to be statistically significantly
differentially methylated. FDR-values were less than 0.05, and the absolute values of the mean
β-value difference between ccRCC and non-ccRCC tissues were greater than 0.2 (Selamat
et al., 2012). In addition, the differentially expressed genes were detected based on
“limma” function in Bioconductor 3.10. The significantly differentially expressed genes were
identified using the following cutoffs: FDR-value < 0.05 and |log2 fold change| > 1.

Finally, we investigated the correlation between DNAm and mRNA expression. Pearson
correlation coefficients for each gene or CpG were calculated between mRNA expression
and DNAm using the Spearman’s rank correlation coefficient. The correlation was
considered statistically significant when the absolute value of Spearman’s Rho was greater
than 0.2 and the FDR-values were less than 0.05 (Cancer Genome Atlas Research, 2011;
Cheng et al., 2018).

Screening key enzyme-coding genes by met-express
In previous study, the gene co-expression and genome-scale metabolic network were
integrated to identify the key enzyme-coding genes in human diseases. Here, we briefly
describe the algorithm (Chen et al., 2013). (1) Based on transcriptome data, the Pearson
correlation coefficients (PCC) were calculated for all pairs of enzyme-coding genes.
The top three associated genes with the highest PCC for each gene were used to construct
gene co-expression network. Qcut (Ruan & Zhang, 2008) was used to divide the network
into gene co-expression modules, and we only remain some modules including more
than 10 genes. (2) We carried out the reconfiguration of metabolic network based on
KGML files (http://www.genome.jp/kegg/) containing the information of critical metabolic
reactions, key enzyme-coding genes and corresponding metabolites. (3) The importance
score was calculated for each gene by integrating with gene cox-expression network
and reconstructed metabolic network. Then, the median importance score was used for a
threshold to select the candidate key enzyme-coding genes.

Identification of candidate tissue-specific diagnostic biomarkers
For 24 patients who have both mRNA expression and DNAm profiles, first-level feature
selection was performed though the following steps. First, DNAm profiles were
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obtained by Wilcoxon rank-sum test to select differentially methylated CpGs (FDR < 0.05,
|Dβmean| > 0.2); mRNA expression profiles were obtained by “limma” function (R version
3.5.0) to select differentially expressed genes (FDR < 0.05, |log2 fold change| > 1).
Second, the Rho was calculated between DNAm and mRNA expression by Spearman’s
rank correlation coefficient to select genes with higher correlation coefficient (FDR < 0.05, |
Rho| > 0.2). For genes with multiple CpGs measuring Rho, we selected the CpG with
the highest absolute value of Rho. Third, the key enzyme-coding genes in cancers were
selected by Met-Express (Chen et al., 2013). Finally, CpGs obtained from the above three
steps were intersected to obtain the candidate CpGs, namely the candidate tissue-specific
diagnostic biomarkers for first-level feature selection.

To build the effective diagnostic model, it was essential to identify a small set of
biomarkers. Thus, some redundant biomarkers were excluded to avoid over-fitting and
achieve the best prediction performance (Tang et al., 2018). After the first-level
feature selection, the number of those CpGs was still large and redundant. Therefore,
we performed a second-level feature selection by the LASSO method (Tibshirani,
1996) to further remove redundant CpGs and identify tissue-specific diagnostic
biomarkers.

Evaluation and modeling of candidate tissue-specific diagnostic
biomarkers
In this study, the random forest (RF) classifier was built based on the tissue-specific
diagnostic biomarkers to evaluate performance of those biomarkers. Apart from
24 patients for the variable selection, 136 patients who have both tumor and adjacent
normal tissue were randomly allocated to the training and testing sets. The training set
containing 90 patients was used to optimize the parameters of classifiers and build
classifiers. The testing set containing 46 patients was used to evaluate performance of the
classifiers. Ten-fold cross-validation was used during the training and testing of classifiers,
and the performance of classifier was evaluated based on area under the ROC Curve
(AUC). Meanwhile, we also introduced the sensitivity and specificity to assist in evaluating
the performance of the diagnostic classifier.

Validation based on independent data sets and literatures
In this study, the Illumina HumanMethylation450 BeadChip data was comprehensive
queried by using keywords focused on “renal clear cell carcinoma”, “ccRCC” and
“methylation”. In the process of data retrieval, the following conditions should be met as
much as possible which included the initial experimental research providing a comparison
of ccRCC and non-ccRCC tissues, the patients without receive neoadjuvant therapy.
We obtained two independent datasets, including GSE70303 (Becket et al., 2016)
(46 tumor and non-tumor tissues from GEO database) and E-MTAB-2007 (Sato et al.,
2013) (106 tumor and non-tumor tissues from ArrayExpress database), to perform
verification of candidate tissue-specific biomarkers.
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Construction of prognostic model
Apart from 24 patients for the variable selection, we split the rest of ccRCC patients in a
training dataset and a validation dataset and explored to build a predictive model for
prognostic and survival analysis. We used 192 cases for training and 98 cases for
validation. We applied a sequential model-based variable selection to screen markers for
predicting survival outcome (Ding, Chen & Shi, 2019; Xu et al., 2017). Based on the
candidate biomarkers, we first fitted a univariate Cox proportional hazards model by using
each marker as the covariate. A marker with p-value < 0.05 from the Wald statistic was
retained in the dataset. Second, we used a similar strategy in a prognosis marker
selecting process based on the LASSO-Cox method to decrease the marker numbers to a
reasonable range (less than events). The above analysis generated final markers with
non-zero coefficient to construct a prognostic signature using R package “glmnet”. Based
on the penalized Cox regression model, we obtained a combined prognostic score
(designated as risk score) for each individual. The risk-score for patients is calculated as
follows:

Risk score for patients ¼
XN

i¼1
ðcofficients of each CpGs � b� values of each CpGsÞ

To validate the predictive classifier, we calculated a risk-score for each patient in the
validation dataset using the coefficient estimated from the training dataset. By grouping
the risk-score based on its median, we formed high and low risk-score groups with roughly
equal number of observations. The Kaplan–Meier estimator and log-rank test were
performed to test whether the median survival time for two groups was significantly
different. All analyses were conducted in R version 3.5.0 with the “glmnet” and “survival”
packages.

Functional enrichment analysis based on gene ontology
The CpG and gene annotations were downloaded from TCGA (http://tcga-data.nci.nih.
gov/tcga/tcgaPlatformDesign.jsp) and GECODE (https://www.encodeproject.org/files/
gencode.v22.annotation/). Genes with abnormal methylation were analyzed for Gene
Ontology (GO) analysis or Kyoto Encyclopedia of Genes (KEGG) pathway enrichment
analysis by using the web version of DAVID (Da Huang, Sherman & Lempicki, 2009).
GO/KEGG-terms have an adjusted p-values which were less than 0.05. The genes were
uploaded to the online database GeneMANIA (http://genemania.org; version 3.6)
(Warde-Farley et al., 2010) to explore their interactions at the protein level with an
interaction score > 0.4 as the cutoff value. Afterward, the network was visualized in
software Cytoscape (version 3.6.1).

Statistical analysis
Based on Euclidean distance matrix and complete-linkage method, unsupervised
hierarchical clustering was carried out to verify the reliability of the analysis method about
CpGs in R version 3.5.0 with the “heatmap” and “dist” functions. To discuss the
widespread nature of cancer-specific methylation alterations and the impact of aberrant
methylation on gene expression, the Chi-square test and Wilcoxon rank-sum test were
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used in R version 3.5.0 with the “chisq.test” and “wilcox.text” functions. When p-values
were less than 0.05, it was deemed to be statistically significant. The diagnostic models were
built in scikit-learn framework (version 0.20.3; Python 3.6..8) with the “sklearn.ensemble.
RandomForestClassifier” algorithm. The parameters of models was tuned in scikit-learn
framework (version 0.20.3; Python 3.6.8) with the “sklearn.grid_search.GridSearchCV”
algorithm. The hyper-parameters included the number of trees (10 to 100), the criterion
(“gini” and “entropy”), “oob_score” in the RF. The default values were used when other
parameters were not provided in functions or classifier.

RESULTS
In our study, 160 ccRCC and matched normal tissues were obtained through the TCGA
projects. Among 160 patients, the mean age was 63 years, and the ratios for the sex (female
to male) and cancer staging (stage I–II to stage III–IV) were 1:2 and 7:9, respectively.
Although smoking, obesity and hypertension could affect the risk of ccRCC, TCGA
projects did not provide the clinical signatures (NULL). The study flowchart is shown in
Fig. 1. The patients’ characteristics are presented in Table S1.

Identification and landscape of differentially methylation in ccRCC
Based on the differentially methylated CpGs, the exploratory hierarchical clustering was
first performed (Fig. S1). The methylation profiles of ccRCC and non-ccRCC resulted in
separate groups, suggesting a potential difference. In our study, we obtained 4367 CpGs
(corresponding to 2,490 genes) that were significantly hypermethylated in ccRCC and
5,031 CpGs (corresponding to 3,551 genes) that were significantly hypomethylated
(Fig. 2A). Some of the most hypermethylated loci containedHOXA5, involving 31 CpGs in
the CGI (29/31) or N_Shore (2/31) and coding for a DNA-binding transcription factor,
which regulated gene expressions, cell differentiation and morphogenesis (Shenoy et al.,
2015). Some of the most hypomethylated loci contained CXCL8, which promoted
angiogenesis and metastasis (Shenoy et al., 2015). To investigate the biological functions of
genes with abnormal methylation, the target genes was conducted by DAVID (Da Huang,
Sherman & Lempicki, 2009). Most genes were significantly enriched in the important
biological processes, including cell adhesion, signal transduction and positive regulation of
transcription (Benjamini–Hochberg (BH) adjusted p-value < 0.05) (Table 1), indicating
that these genes played an important role in tumorigenesis.

For the significantly differentially methylated CpGs, we also analyzed whether they are
related with CGIs and whether they are located in the promoter or gene body (Fig. S2).
We identified 9398 CpGs defined as being differentially hyper- or hypomethylated.
Moreover, 33.33% and 31.96% of CpGs located in promoter regions, which was defined as
1.5 kb up-or downstream from the transcription start site (TSS), were significantly
hyper-or hypomethylated, respectively. We found no statistically significant difference
between the degree of methylation and whether the CpGs were located in the gene
promoter regions (p-value = 0.17, Fisher’s exact test). However, 31.87% and 3.79% of CpGs
located in CGIs were significantly hyper-or hypomethylated (p-value < 2.2 × 10−16, Fisher’s
exact test), respectively. These results showed a significant difference between the
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methylation characteristics of CGIs and non-CGIs for differentially methylated CpGs.
Based on CGI regions, the significantly hypermethylated CpGs were highly enriched in
CGIs (p-value < 2.2 × 10−16, χ2 test), whereas hypomethylated CpGs were enriched in

Figure 2 Identification of DNA methylation difference between ccRCC and matched adjacent
non-ccRCC samples. (A) Volcano plot of the differential DNA methylation analysis (X-axis). Mean
β-value difference (mean ccRCC–mean non-ccRCC); (Y-axis) Q-values for each CpG sites (−1 × log10
scale). Blue points represent hypomethylated CpG sites; red points represent hypermethylated.
(B) Proportions of CpG sites on CGIs and non-CGIs. Red bar represents hypermethylated CpG sites; blue
bar represents hypomethylated CpG sites; gray bar represents unmethylated CpG sites. p Values were
computed with χ2 test. (C) Normalized histogram of CpG sites with respect to TSSs distance. Red line
represents hypermethylated CpG sites; blue line represents hypomethylated CpG sites; black line
represents background distribution of all promoter CpG sites. Red and blue arrows represent significantly
difference between the characteristics of hyper-and hypomethylated CpG sites in promoters. Up-and
downstream distances from TSSs are represented by positive and negative values, respectively. p Values
were computed with the Wilcoxon rank sum test. (D) Box plot of TSS absolute distance for CpG sites.
Red box represents the hypermethylated promoter CpG sites were located in CGI regions; blue box
represents the hypomethylated promoter CpG sites were located in CGI regions.

Full-size DOI: 10.7717/peerj.9654/fig-2
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non-CGIs (p-value < 2.2 × 10−16, χ2 test) (Fig. 2B). Compared to hypomethylated CpGs,
hypermethylated CpGs were located closer to TSSs (p-value = 2.37 × 10−9, Wilcoxon
rank sum test) (Fig. 2C). Compared to CGIs containing hypomethylated CpGs, CGIs
containing hypermethylated CpGs were located closer to TSSs (p-value = 2.6 × 10−6,
Wilcoxon rank sum test) (Fig. 2D).

In conclusion, the hypermethylated CpGs were preferentially enriched in CGIs, but
CpGs exhibiting abnormal hypomethylation in tumors were frequently occurred in
non-CGI regions. Furthermore, the CGI and promoter regions containing
hypermethylated CpGs were located closer to TSSs.

Impact of the cancer-associated differentially methylation no gene
expression
To identify the tumor-associated methylation alterations with concomitant changes at the
transcriptional levels, the correlation analysis of the methylation and transcriptome
data were performed. By focusing on CpGs and their nearest neighbor genes (called
“cis-interactions”) that fall within 1,500 bp upstream of TSS to the end of gene body, genes
with abnormal methylation were studied (Fig. S3). By comparing 1,154 significantly
differentially methylated CpGs located in 316 associated genes, 998 (86.48%, 998 of
1,154 CpGs) CpGs with the significant correlations between DNAm and gene expression
were identified.

In accordance with DNAm mechanism to silence or enhance local transcription,
68% of CpGs identified as significantly correlated were negative (681of 998 CpGs)
(Figs. 3A and 3B). A portion of the CpGs were primarily in gene promoter regions
(68.14%, 464 of 681 CpGs). Of these, 336 CpGs (72.41%, 336 of 464 CpGs) were
statistically significantly hypermethylated and inhibited gene expression, while 128 CpGs
(27.59%, 128 of 464 CpGs) were hypomethylated and caused over-expression of genes,
indicating that abnormal DNAm might have functional consequence in approximately
40% (464 of 1,154 CpGs) of CpGs associated with genes. The hypermethylated and
under-expressed genes included Secreted Fzd-related protein 1 (SFRP1), which was
consistent with previous ccRCC studies (Awakura et al., 2008; Gumz et al., 2007), and

Table 1 Top 10 Gene Ontology (GO) biological process (BP) based on genes with aberrant methylation.

GO Term Count FDR

GO:0007155 Cell adhesion 198 6.87E−16

GO:0007165 Signal transduction 391 1.89E−10

GO:0045944 Positive regulation of transcription from RNA polymerase II promoter 339 2.41E−10

GO:0043547 Positive regulation of GTPase activity 210 1.12E−08

GO:0007156 Homophilic cell adhesion via plasma membrane adhesion molecules 79 1.36E−08

GO:0001525 Angiogenesis 96 2.43E−06

GO:0007399 Nervous system development 116 3.93E−06

GO:0035556 Intracellular signal transduction 149 2.50E−05

GO:0000122 Negative regulation of transcription from RNA polymerase II promoter 241 2.99E−05

GO:0060333 Interferon-gamma-mediated signaling pathway 38 7.91E−04

Liu and Tian (2020), PeerJ, DOI 10.7717/peerj.9654 10/31

http://dx.doi.org/10.7717/peerj.9654/supp-11
https://www.ebi.ac.uk/QuickGO/term/GO:0007155
https://www.ebi.ac.uk/QuickGO/term/GO:0007165
https://www.ebi.ac.uk/QuickGO/term/GO:0045944
https://www.ebi.ac.uk/QuickGO/term/GO:0043547
https://www.ebi.ac.uk/QuickGO/term/GO:0007156
https://www.ebi.ac.uk/QuickGO/term/GO:0001525
https://www.ebi.ac.uk/QuickGO/term/GO:0007399
https://www.ebi.ac.uk/QuickGO/term/GO:0035556
https://www.ebi.ac.uk/QuickGO/term/GO:0000122
https://www.ebi.ac.uk/QuickGO/term/GO:0060333
http://dx.doi.org/10.7717/peerj.9654
https://peerj.com/


Figure 3 Impact of abnormal methylation levels on gene expression in ccRCC. (A) Example of a gene
(SFRP1) showing a negative gene expression-DNA methylation relationship. Blue, ccRCC tumors; red,
matched adjacent normal tissues. (B) Starburst plot of gene expression and DNAmethylation differences
in ccRCC and matched adjacent normal tissues. Only CpG sites (points) demonstrating significant DNA
methylation-gene expression correlations are shown. X axis, differential DNAmethylation levels between
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PIC3K2G, which was a known cancer susceptibility gene (Brown et al., 2015) (Table S2).
The WNT antagonist, SFRP1, was also a tumor suppressor that regulates cell
proliferation and blood vessel formation (Atschekzei et al., 2012). CGI methylation
located in SFRP1 has also been shown to be indirectly associated with tumor progression
and tumor stage (Urakami et al., 2006) as well as to directly lead to the occurrence of
poor prognosis in RCC patients (Morris et al., 2010; Saini et al., 2009). PIK3C2G encoded
a phosphoinositide three kinase (PI3K) subtype, which was involved in the regulation
of signaling pathways, such as cell proliferation, oncogenic transformation, cell survival
and cell migration (Brown et al., 2015; Freitag et al., 2015). Conversely, the
hypomethylated and over-expressed genes included single transduction-related genes
(GUCA2B) as well as functional genes involved in cell differentiation (PPDPFL), PPAR
signaling pathway (FABP6), HIF-1-alpha transcription factor network (CA9), and
receptor-associated protein activity (SLC6A3) (Table S2). The molecular biological
functions uncovered that hypermethylated/under-expressed genes were associated with
the immune response, inflammatory response and cell adhesion (Table S3). However,
hypomethylated/over-expressed genes were associated with cell or tissue development,
intracellular transport and cellular secretion (Table S3).

In our investigation, a certain proportion (31.76%, 317 of 998 CpGs) of positive
correlation was observed (Fig. 3B). Of which a lower percentage (10.73%, 34 of 317 CpGs)
of the positively correlated CpGs was located in promoter regions, but our analysis
indicated that these CpGs might be related to atypical TSS distances compared to
negatively correlated CpGs. Specifically, the hypermethylated and over-expressed CpGs
tended to lie closer to TSSs (p-value = 1.4 × 10−5, Wilcoxon rank sum test), whereas the
hypomethylated and under-expressed CpGs were located further upstream of TSSs
compared to their cognate negatively correlated (hypomethylated and over-expressed)
CpGs (p-value = 1.4 × 10−2, Wilcoxon rank sum test) (Figs. 3C and 3E). The molecular
biological functions revealed that the hypermethylated CpGs with positive correlation
were mainly enriched in immune processes and cell motility, whereas the hypomethylated
CpGs with positive correlation were enriched in cell proliferation and development.
Furthermore, CpGs that appeared to be positively correlated were inclined to be located in
gene bodies (p-value < 2.2 × 10−16, χ2 test) (Fig. 3D). In the gene bodies, the

Figure 3 (continued)
ccRCC and matched adjacent normal tissues. Y axis, differential gene expression levels between ccRCC
and matched adjacent normal tissues. (C, E) Relationships of positively correlated CpG sites to TSSs.
(C) Normalized histogram of positively correlated CpG sites hypermethylated and over-expressed (blue)
compared to conventional negatively correlated CpG sites (red). (E) Histogram of positively correlated
CpG sites hypomethylated and under-expressed (purple) compared to conventional negatively correlated
CpG sites (green). (D) Bar graphs exhibiting ratios of gene body (black) and promoter (gray) CpG
frequencies within negatively and positively correlated CpG sites to all gene body and promoter CpG site
frequencies. p Values were computed with Chi-square test. (F, I) (Left) Schematic representation of
genes including significantly positively correlated gene body CpG sites for FBXO2 (F) and RUNX3 (I).
(G, J) Box plots comparing gene expression levels associated with positively correlated gene body CpG
sites in ccRCC and matched adjacent normal tissue. (H, K) Box plots comparing gene body methylation
levels of positively correlated gene body CpG sites in ccRCC and matched adjacent normal tissue.

Full-size DOI: 10.7717/peerj.9654/fig-3
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hypermethylated and over-expressed genes included RUNX3, and hypomethylated and
under-expressed genes included FBXO2 (Figs. 3F–3K). Intriguingly, several genes showing
positive correlation in gene bodies have been previously linked to cancer, including
MUC15 (Huang et al., 2009), HEPACAM2 (Klopfleisch et al., 2010), CA10 (Romeo et al.,
2009), NRG1 (Huang et al., 2004) and RAB25 (Mitra, Cheng & Mills, 2012). In addition,
~26% of genes that exhibited positive correlation and were located in gene bodies also
exhibited negative correlations in promoters (Table S4), including RUNX3 and TMEM30B
(Fig. S4). Based on four independent datasets including two methylation datasets
(GSE70303 and GSE61441) and two gene expression profiles (GSE40435 and GSE76351),
we also found the same events (Table S5). These results suggested that epigenetic
alterations had a dual effect on gene expression, that is, genes with hypermethylation in the
promoter and hypomethylation in the gene body were suppressed or genes with
hypomethylation in the promoter and hypermethylation in the gene body were activated.
The occurrence of the “tandem control” mechanisms indicated that methylation
alterations located in the promoter might interact with methylation status in the gene
body, thereby regulating the expression of cancer-associated genes.

Identification of tissue-specific biomarkers based on multi-omics
integration
To obtain cancer tissue-specific CpGs that would distinguish tumor from non-tumor
tissues, the correlation analysis was used for the selection of highly tissue-specific
biomarkers using 24 tumor samples with both DNAm and matched gene expression
profiles (Fig. 1). Based on correlation analysis, 134 CpGs associated with 54 genes were
obtained by integrating gene expression, DNAm, enzyme gene networks and gene
co-expression networks. For genes with multiple CpGs, the CpGs with the highest
correlation between DNAm and gene expression were selected (Table S6). The optimal
number of features was determined by the automated searching algorithm of LASSO.
Classifiers with higher complexity would contain redundant features with no
corresponding improvement in performance, thereby resulting in poor generalization
ability. Eventually, the five ccRCC-specific CpGs (Table 2) were obtained using the LASSO
algorithm, and they were significantly differentially methylated between the tumor and
matched adjacent normal tissues (p-value < 0.001; Wilcoxon rank sum test) (Fig. 4A).
Unsupervised hierarchical clustering was further performed in the independent datasets,
and the similarity matrix was constructed using Pearson’s correlation coefficient (Fig. 4B).
Tumor tissues were well discriminated from the matched adjacent normal tissues in
independent datasets, and an accuracy of 100% was obtained. The results showed that five
CpGs had better robustness and the potential to distinguish cancer.

Functional enrichment and biological network analysis
To further elucidate the function of the above five CpGs significantly associated with gene
expression, the molecular biological function analysis were performed by DAVID
(Da Huang, Sherman & Lempicki, 2009) and GeneMANIA 3.6 (Warde-Farley et al., 2010).
As shown in Fig. 5A (Table S7), the genes associated with five CpGs were mainly enriched
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in Morphine addiction, Purine metabolism, Pentose phosphate pathway, Galactose
metabolism and Fructose and mannose metabolism. In general, the reprograming of
cellular metabolism is a major hallmark of cancer cells, which is a direct and indirect
consequence of carcinogenic factors. The common characteristic of cancer cell metabolism
is the ability to access adequate nutrients from its surrounding environment and make
good use of these nutrients to maintain viability or proliferation (Fouad & Aanei, 2017;
Pavlova & Thompson, 2016). Two major nutrients utilized for survival and biosynthesis
in cancer cells are glucose and glutamine. Interestingly, PFKP and NAT8 were significantly
associated with Glycolysis/Gluconeogenesis, Fructose and mannose metabolism,
Galactose metabolism and Glutathione metabolism (p-value < 0.05, Fisher’s exact test).
In addition, PDE1A and PDE8B were significantly enriched in Purine metabolism and G
protein-coupled receptor signaling pathway (p-value < 0.05, Fisher’s exact test). Apart
from playing an indispensable role in synthesizing DNA and RNA, purine metabolites
supply some cancer cells with necessary nutrients and cofactors for survival or
proliferation (Pedley & Benkovic, 2017; Yin et al., 2018) and they are also being targeted for
the treatment of cancers (Fridley et al., 2011). Moreover, the majority of biological
responses in both normal and cancer cells are regulated via multiple signaling pathways by
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Figure 4 Identification of the DNA methylation-based diagnostic biomarkers. (A) The methylation values and standard deviations of five
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Table 2 Characteristics of five DNA methylation-based diagnostic biomarkers in ccRCC diagnosis.

Gene symbol CpGs Differential expressiona

(log2FC)
Differential methylationb level Correlationc Distance from

TSS (bp)
CpG island

NAT8 cg19565262 2.73 −0.49 −0.46 −445 .

ALOX5 cg07355189 1.64 0.56 0.74 3,841 Island

PDE1A cg00470341 −3.43 −0.53 0.74 53,972 .

PDE8B cg12559197 −1.10 −0.55 0.70 1,48,031 .

PFKP cg15087907 1.62 0.47 0.51 13,608 .

Notes:
a The log2-transformed fold changes between the tumor and benign-adjacent tissues (>0 means over-expression in tumor tissues) in ccRCCs.
b The differential methylation levels between the tumor and benign-adjacent tissues (>0 means hypermethylation in tumor tissues) in ccRCCs.
c The Spearman’s rank correlations between gene expression and probe methylation levels in ccRCCs.
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G protein-coupled receptors (GPCRs) (Ristic, Bhutia & Ganapathy, 2017). Some research
has suggested that GPCRs played an important role in purinosome assembly/disassembly
and regulated metabolic flux through de novo purine biosynthesis in cells (Fang et al.,
2013; Verrier et al., 2011). Furthermore, the ALOX5 gene was associated with several
physiological and pathological processes, including inflammation, oxidative response and
carcinogenesis (Tomita et al., 2019). Protein–protein interaction networks from
GeneMANIA 3.6 suggested a more complex interaction for PFKP, PDE1A and ALOX5
(Fig. 5B). Most of these genes, including SREBF1 (Audet-Walsh et al., 2018), CALM1
(Fortney et al., 2015), PCBP1 (Zhang et al., 2015), COTL1 (Guo et al., 2017) and BTK (Yue
et al., 2017), are tumor-related genes, which have been reported to be associated with
tumorigenesis, progression and therapy.

Evaluation and validation of diagnostic accuracy with 10-fold
cross-validation
Based on the five CpGs, a RF algorithm was implemented to construct an effectively
diagnostic classifier. We obtained a sensitivity of 100% and specificity of 100% for ccRCC
in the training dataset of 90 ccRCC and control samples (Fig. 6A) as well as a sensitivity
of 97.83% and a specificity of 100% in the testing dataset of 46 ccRCC and control
samples (Fig. 6B). Furthermore, the diagnostic classifier was demonstrated to effectively
discriminate ccRCC from normal samples both in the training dataset (AUC = 99.99%)
and the testing dataset (AUC = 99.95%) (Figs. 6C and 6D). To evaluate the
performance of the five-CpG-based classifier, comparison of different independent
datasets was required. In our research, two independent datasets, namely GSE70303
(Becket et al., 2016) and E-MTAB-2007 (Sato et al., 2013), were used with AUCs for 100%
and 99.68% (Figs. 6E and 6F), respectively. To explore and verify universal applicability
of the feature selection method and classifiers, the five most common cancers from
TCGA were used to construct diagnostic classifiers, and the independent datasets from
GEO were used to evaluate performance (GSE69914, GSE48684, GSE66836, GSE76938
and GSE54503). Remarkably, the AUCs based on the selected cancers were 97.31%
(BRCA), 92.68% (COAD), 98.03% (LUAD), 94.90% (PRAD) and 98.32% (LIHC) (Fig. S5).
The results showed that screening and identification of biomarkers based on multi-omics
analysis could be extended to the application for any other cancers.

To further demonstrate the diagnostic capacity of the five-CpG-based classifier in the
early stages, the diagnostic classifier was implemented and evaluated at different cancer
stages (stage I–IV). Firstly, the unsupervised hierarchical clustering was implemented
in the independent datasets, including four different cancer stages. Strikingly, these
patients were divided into two different groups, which separately contained tumor and
non-tumor tissues (Fig. 7A). Subsequently, the five-CpG-based classifier was used to
distinguish ccRCC from normal tissues at different stages. Remarkably, the five-CpG-
based classifier achieved ROC curves with an AUCs of 99.60% (stage I) and 99.95%
(stage II–IV) (Fig. 7B). The results indicated that the DNAm levels of the five CpGs were
potentially effective biomarkers for distinguishing tumor tissues from normal tissues in the
early stages (stage I–II).
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Figure 5 Functional enrichment analysis and protein–protein interaction network by DNA
methylation-based diagnostic biomarkers. (A) Functional enrichment analysis was performed
through GO and KEGG. p-Value was adjusted by Benjamini–Hochberg method. (B) The networks were
each assigned a weight by the GeneMANIA algorithm. The weight of each edge was multiplied by weight
of the containing network. The size of the circle was defined as the score attribute, which indicated the
relevance of each gene to the original list based on the selected networks. Higher scores suggested that
genes that were more likely to be functionally related. The shaded circles represented the DNA
methylation-based diagnostic biomarkers. Full-size DOI: 10.7717/peerj.9654/fig-5
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Figure 6 Construction and validation of the CpGs-based diagnostic model. (A and B) Confusion tables of binary results of diagnostic prediction
model in the training (A) and validation (B). ROC of the diagnostic prediction model with methylation biomarkers in the training (C) and validation
data sets (D). (E and F) ROC of the diagnostic prediction model with methylation biomarkers in two independent data sets (GSE70303 (E) and
E-MTAB-2007 (F)). Full-size DOI: 10.7717/peerj.9654/fig-6
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Constructing and validating the prognostic model
To establish an effectively prognostic classifier for ccRCC, a series of rigorous criteria were
used to filtrate biomarkers (see “Materials and Methods”). Table S8 showed that 21 CpGs
were significantly correlated with overall survival based on univariate Cox regression
analysis (p-value = 0.035 – 3.8 × 10−6). Subsequently, the multivariate LASSO Cox
regression analysis was performed to screen prognostic biomarkers, and 8 of 21 CpGs were
obtained (Figs. 8A–8C). Based on the β-values of the eight CpGs, the weighting coefficients
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Figure 7 DNA methylation analysis of ccRCC diagnosis at different stages of tumorigenesis.
(A) Unsupervised hierarchical clustering and heatmap for the methylation profile of the selected five
CpGs across 160 samples at different stages of tumorigenesis. (B) ROC curve for the validation data sets
of stages I–IV from TCGA. Full-size DOI: 10.7717/peerj.9654/fig-7
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Figure 8 Construction and validation of the eight-CpG-based classifier. (A and C) Eight CpG sites
selected by LASSO Cox regression analysis. (A) The two dotted vertical lines are drawn at the optimal
values by minimum criteria and 1-s.e. criteria. Details are provided in Methods. (B) LASSO coefficient
profiles of the 21 CpG sites. A vertical line is drawn at the optimal value by 1-s.e. criteria and results in
eight non-zero coefficients. (C) A histogram of the absolute values of the coefficients for eight CpG sites,
and eight CpG sites was selected in the LASSO Cox regression model. (D–G) Risk score was calculated by
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were used to calculate risk scores for patients as follow: risk-score = −1.77 × cg19516340 +
0.43 × cg22884714 + 0.72 × cg09203199 + 1.42 × cg16836311 + 0.14 × cg15357821 −0.18 ×
cg03415545 + 0.86 × cg15200711 + 0.39 × cg09799983. The risk scores was used to
evaluate survival status, patients with higher risk scores had poor survival status
comparing with those with lower risk scores in two datasets (Figs. 8D and 8F). The median
risk score (−0.13) was used as the cut-off, and patients were significantly grouped into
high-risk and low-risk groups in the training datasets. The results showed that the
risk-score was significantly correlated with risk of death (HR: 5.84; 95% confidence
interval (CI) [3.16–10.8]; log-rank test p-value < 0.001; Fig. 8E). To assess the validity
and reproducibility of prognostic classifier, patients in the validation datasets were also
divided into high-risk or low-risk groups (HR: 4.63; CI [1.39–15.5]; log-rank test
p-value = 2.9 × 10−3; Fig. 8G). The genes associated with the eight CpGs were identified,
including ADH1C, CES2, CYP1B1, LPCAT1, HOOK3, RRM2, CHEK2 and MAN1C1.
The prognostic value of RRM2, CES2, HOOK3, ADH1C and LPCAT1 has been reported
and validated in many cancers, such as breast cancer, pancreatic cancer, colorectal cancer,
bladder cancer, ovarian cancer, non-small cell lung cancer, head and neck cancer (Liu
et al., 2007; Morikawa et al., 2010; Rahman et al., 2013; Xia et al., 2017; Yoshida et al.,
2011).MAN1C1 and CHEK2 have been implicated in tumor immune response, cancer cell
proliferation and cell-to-cell adhesion (Zhang et al., 2010), and provided potential
therapeutic targets for RCC (Li et al., 2018). However, the molecular biological function of
CYP1B1 was still unknown. The results showed that those genes with abnormal
methylation may paly crucial roles in tumorgenesis, and the DNAm sites might also be
potential targets for new therapies.

The clinical prognostic signatures, including age, gender and TNM stage, were used as
covariates to adjust prognostic classifier, and the results showed that the risk score
calculated by the combination of eight CpGs was an independent prognostic factor with
the better performance in the TCGA datasets (Table 3). Based on the subsets of ccRCC
patients with different clinical signatures, the stratification analysis of the prognostic
classifier was further implemented. When ccRCC patients were grouped according to the
clinical signatures (age, gender, TNM stage), the prognostic classifier (Fig. S6) still had the
better performance (log-rank test p-value < 0.05). The Fig. S7 shown that the ccRCC
patients with the same clinical characteristics were also significantly divided into high-risk
and low-risk groups by the prognostic classifier (log rank test p-value < 0.05). To further
evaluate the universality of the construction methodology, we used five different cancers
with the clinical information as the independent validation datasets (TCGA-BRCA,
TCGA-KIRP, TCGA-LIHC, TCGA-LUAD and TCGA-UCEC). Compared to patients in

Figure 8 (continued)
the eight-CpG-based classifier and Kaplan–Meier survival in the training data sets (D and E) and vali-
dation data set (F and G). Risk-score distribution of the eight-CpG-based classifier and patient survival
status. Heatmap showing methylation of the eight CpG sites in the patients. Kaplan–Merier survival
analysis for the patients. The patients were divided into low-risk and high-risk groups using the median
cutoff value of the classifier risk score (−0.131). p-Values were calculated using the log-rank test. HR,
hazard ratio. Full-size DOI: 10.7717/peerj.9654/fig-8
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the low-risk group, patients in the high-risk group had significantly shorter overall survival
in all five different cancers (log-rank test, all p-value < 0.05; Fig. S8). In summary, these
results clearly demonstrated that investigation of the DNAm mechanism with the
multi-omics analysis may identify potential pathogenic factors and provide potential
biomarkers for prognosis analysis of patients.

DISCUSSION
Early diagnosis and intervention therapy of RCC were the most effective ways to reduce
the death rate and prolong the life. As an epigenetic mechanism, the clinical value of
DNAm changes was recognized widely (Linehan & Ricketts, 2019). In previous studies,
researchers have mainly concentrated on the abnormal methylation of CGIs and promoter
regions, but most of CpGs with abnormal methylation were located in the gene bodies,
non-CGIs and intergenic regions (Jones, 2012). CpGs not in promoter regions may also
have great effects on tumorigenesis and may offer patients help in terms of diagnosis or
prognosis. The global human methylome screening performed in ccRCC patients
(discovery cohort) analyzed using the Infinium HumanMethylation450 BeadChip array
identified 4367 significantly hypermethylated sites (including 2,490 genes) and 5,031
significantly hypomethylated sites (including 3,551 genes) able to perfectly separate the
ccRCC and non-ccRCC patients. These CpGs provided the basis for identifying diagnostic
or prognostic biomarkers of ccRCC. In cancerous tissues, the hypermethylated CpGs were
often located in the CGIs and closer to the TSS, while the hypomethylated CpGs were
predominantly present in the non-CGIs. The molecular biological function analysis
showed that these genes associated with abnormal methylation were associated with
important biological processes, including cell adhesion, signal transduction, and
transcriptional regulation. Findings also suggested that the abnormal DNAm was
implicated in tumor initiation and progression

To further distinguish between potentially functional DNAm events (“driver events”)
and cancer-free events (“passenger events”) (Selamat et al., 2012), DNAm and gene
expression were integrated for comprehensively analysis. 68% of CpGs showed a negative
correlation with gene expression. These CpGs were mainly found in promoter regions,
which were associated with various cancerous mechanisms, such as cell migration and

Table 3 Multivariate Cox regression analysis of the eight-CpG-based prognostic model with overall survival in the TCGA datasets.

Parameters HR (CI 95%)
HR Lower

(CI 95%)
HR Upper

SE Z value p Value

Gender Male vs. Female 0.65 0.31 1.4 0.38 −1.10 P = 0.27

Age Younger than 62 years versus 62 years or old 1.0 0.92 1.1 0.016 2.61 P = 0.011

pT T1/2 versus T3/4 1.9 1.4 2.8 0.19 3.62 P < 0.001

pN N0 versus N1 1.1 0.53 2.3 0.37 0.26 P = 0.8

M M0 versus M1 1.4 0.78 2.5 0.31 1.10 P = 0.26

Stage T1/2 versus T3/4 2.1 1.5 2.8 0.17 4.32 P < 0.001

Eight-CpG-Based model Low vs. High risk groups 2.9 1.8 4.9 0.25 4.21 P < 0.001

Note:
HR, hazard ratio; CI, 95% confidence interval; SE, standard errors of coefficient; Z value, Wald z-statistic value.
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oncogenic transformation (Freitag et al., 2015). In the gene sets in which the methylation
levels were positively correlated with gene expression profiles, approximately 10% of
CpGs were also present in the promoter regions, suggesting that their mechanism of
transcriptional regulation may be dominated by epigenetic modification other than
DNAm. They were also closely related to tumorigenesis, such as MUC15 (Huang et al.,
2009), HEPACAM2 (Klopfleisch et al., 2010), CA10 (Romeo et al., 2009), NRG1 (Huang
et al., 2004) and RAB25 (Mitra, Cheng & Mills, 2012), providing a novel information layer
to our understanding of ccRCC. Another interesting finding was the dual activity of
epigenetic mechanisms in ccRCC, such as RUNX3 and TMEM30B (Fig. S4; Table S4).
The existence of the “dual control” mechanism indicated that the change of DNAm levels
located in the promoter may interact with those located in the gene body to regulate
oncogene expression and tumorigenesis. Although the levels of DNAm and gene
expression showed a “violation” of classical mechanisms of methylation-regulated
expression, this phenomenon indicated that the regulation mechanisms of DNAm in
ccRCC (even all cancers) were complexity. On the other hand, the abnormal methylation
located in the gene bodies also played an important role in tumorigenesis, for example,
MUC15 (Huang et al., 2009), HEPACAM2 (Klopfleisch et al., 2010), CA10 (Romeo et al.,
2009), NRG1 (Huang et al., 2004) and RAB25 (Mitra, Cheng & Mills, 2012), which was
consistent with previous reports (Yang et al., 2014). The results indicated that gene
body methylation not only offered novel insights for comprehensive understanding of
DNAm mechanisms, but also provided new targets for cancer diagnosis and treatment.
The Illumina HumanMethylation450 platform detected methylation sites based on
probe hybridization and single nucleotide extension methods. This method of detecting
DNAm levels using specific probes was highly dependent on the location of probe
hybridization, such as CpGs located in the inner or outer of CGIs, and whether it was in
close proximity to the TSS (Brenet et al., 2011; Van Vlodrop et al., 2011). In addition, the
following properties also increased the complexity of regulation between DNAm and
gene expression: methylation of distal regulatory elements; the distribution of DNAm sites
(Clark, 2007); DNAm sites located at the edge of CGIs (“shores” and “shelves”) (Irizarry
et al., 2009); DNAm in the regulation of alternatively spliced transcripts of the same
gene (Maunakea et al., 2010); miRNA-based regulatory mechanism (Lopez-Serra &
Esteller, 2012) and gene silencing due to the methylation of non-CGIs (Han et al., 2011).
Therefore, the comprehensive detection of DNAm sites based on different techniques
(such as whole-genome sulfite sequencing) will provide opportunities for the discovery of
new methylation sites and regulatory mechanisms.

In addition to reinforcing or complementing the molecular mechanisms of gene
expression, epigenetic integration also led to unexpected discoveries and therapeutic
opportunities. During building the diagnostic or prognostic classifier, tumor biomarkers
determined the performance in clinical practice. The redundant biomarkers tended to
cause over-fitting of the classifier and resulted in poor generalization performance,
while fewer biomarkers including incomplete or damaged information often resulted in
under-fitting. Although DNAm was an important biological phenomenon in the
development of many different types of cancer, there was a lack of greater insight into the
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physiological mechanisms of disease based solely on DNAm (Vrba et al., 2020; Zhou
et al., 2018). Therefore, our multi-omics-based analysis provided a unified view for
understanding the interrelationship between different molecular mechanisms and the
combined effects on disease processes as well as for screening biomarkers with high
sensitivity and specificity (Gao et al., 2019). At the end of this phase, 134 CpGs involving
54 genes were identified and might play an important role in carcinoma progression
(Ristic, Bhutia & Ganapathy, 2017; Tomita et al., 2019). Subsequently, based on LASSO
penalized regression or LASSO Cox regression, redundant features affecting model
performance were further removed. Five CpGs for the diagnostic classifier and eight CpGs
for the prognostic classifier were obtained, with the high sensitivity and specificity.
More importantly, these specific biomarkers have been extensively studied in a variety of
cancers, and involved in cell development, cell apoptosis, cancer metastasis or therapeutic
response (Figs. 5A and 5B) (Clark, 2007; Lang et al., 2019; Van Vlodrop et al., 2011).

Unlike the small samples, the single-population samples or single-omics, this study
utilized tumor samples from large databases (TCGA), which has the characteristic of
owning large-size samples. Based on DNAm profiles, gene expression profiles,
co-expression network and metabolic networks, the best features were selected to build the
diagnostic or prognostic classifier. In clinical applications, the integration analysis of
large samples, multi-population samples and multi-omics data greatly improved the
reliability and universal application of diagnostic or prognostic classifiers. Based on the
diagnostic classifier, an accuracy of 99.17% was obtained in the independent datasets.
However, Wang et al. constructed a diagnostic classifier based on 44 gene expression
profiles with an accuracy of 93.4% (Wang et al., 2017). Other researchers have established
diagnostic classifiers based on mRNA or miRNA biomarkers with accuracies ranging from
90% to 96% (Spector et al., 2013; Youssef et al., 2011). However, there were some
deficiencies in mRNA or miRNA, such as unstable expression, low sequence specificity and
sensitivity, large amount and difficult to be found (Kwon et al., 2014). Our study also
constructed a prognostic classifier, which effectively divided the patients into high-risk and
low-risk groups. The prognostic classifier was a practical and powerful prognostic tool that
provided prognostic value, complemented the current ccRCC staging system, and
provided a theoretical basis for patient consultation and individual follow-up protocols.

CONCLUSIONS
In summary, our study obtained novel biological insights when combining complementary
epigenetic and transcriptomic analysis in the whole-genome perspective. Abnormal
methylation events located in different genomic regions might have synergistic
effects, which together caused abnormal expression patterns in metabolic pathways.
The comprehensive analysis of genome-wide methylomic, transcriptomic and metabolic
network may provide a promising avenue for facilitating the understanding of the
mechanisms of ccRCC tumorigenesis. Based on the multi-level “omics” analysis,
we also identified cancer-specific epigenetic signatures to diagnose and stratify patients.
In addition, due to the reversibility of DNAm, they will also become the most promising
therapeutic targets.

Liu and Tian (2020), PeerJ, DOI 10.7717/peerj.9654 23/31

http://dx.doi.org/10.7717/peerj.9654
https://peerj.com/


ACKNOWLEDGEMENTS
The authors appreciate the assistance of The Cancer Genome Atlas (TCGA), Gene
Expression Omnibus database (GEO) and European Bioinformatics Institute (EMBL-EBI)
for providing data.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This work was supported by the National Key Research and Development Program of
China (grant numbers 2016YFC1000505, 2017YFC0908402, 2018YFC0116903); National
Natural Science Foundation of China (grant numbers 31871325, 31671367, 31471245,
91631301, 81471484, 81501289); and Shanghai NUANWEN Information and Technology
Co. The funders had no role in study design, data collection and analysis, decision to
publish, or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
National Key Research and Development Program of China: 2016YFC1000505,
2017YFC0908402 and 2018YFC0116903.
National Natural Science Foundation of China: 31871325, 31671367, 31471245, 91631301,
81471484 and 81501289.
Shanghai NUANWEN Information and Technology Co.

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

Author Contributions
� Pengfei Liu conceived and designed the experiments, performed the experiments,
analyzed the data, prepared figures and/or tables, authored or reviewed drafts of the
paper, and approved the final draft.

� Weidong Tian conceived and designed the experiments, analyzed the data, authored or
reviewed drafts of the paper, and approved the final draft.

Microarray Data Deposition
The following information was supplied regarding the deposition of microarray data:

Raw data are available at NCBI GEO: GSE70303, GSE69914, GSE48684, GSE66836,
GSE76938 and GSE54503, and at ArrayExpress: E-MTAB-2007.

Data Availability
The following information was supplied regarding data availability:

The publicly available datasets analyzed in this study can be found in The Cancer
Genome Atlas (https://portal.gdc.cancer.gov/) with the following search terms:
TCGA-BRCA, TCGA-COAD, TCGA-LIHC, TCGA-LUAD, TCGA-PRAD, TCGA-KIRC,
TCGA-KIRP and TCGA-UCEC.

Liu and Tian (2020), PeerJ, DOI 10.7717/peerj.9654 24/31

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE70303
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE69914
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE48684
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE66836
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE76938
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE54503
https://www.ebi.ac.uk/arrayexpress/experiments/E-MTAB-2007/
https://portal.gdc.cancer.gov/
http://dx.doi.org/10.7717/peerj.9654
https://peerj.com/


Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.9654#supplemental-information.

REFERENCES
Atschekzei F, Hennenlotter J, Janisch S, Grosshennig A, Trankenschuh W, Waalkes S, Peters I,

Dork T, Merseburger AS, Stenzl A, Kuczyk MA, Serth J. 2012. SFRP1 CpG island methylation
locus is associated with renal cell cancer susceptibility and disease recurrence. Epigenetics
7(5):447–457 DOI 10.4161/epi.19614.

Audet-Walsh E, Vernier M, Yee T, Laflamme C, Li S, Chen Y, Giguere V. 2018. SREBF1 activity
is regulated by an AR/mTOR nuclear axis in prostate cancer. Molecular Cancer Research
16(9):1396–1405 DOI 10.1158/1541-7786.MCR-17-0410.

Awakura Y, Nakamura E, Ito N, Kamoto T, Ogawa O. 2008.Methylation-associated silencing of
SFRP1 in renal cell carcinoma. Oncology Reports 20:1257–1263.

Becket E, Chopra S, Duymich CE, Lin JJ, You JS, Pandiyan K, Nichols PW, Siegmund KD,
Charlet J, Weisenberger DJ, Jones PA, Liang G. 2016. Identification of DNA
methylation–independent epigenetic events underlying clear cell renal cell carcinoma.
Cancer Research 76(7):1954–1964 DOI 10.1158/0008-5472.CAN-15-2622.

Bibikova M, Barnes B, Tsan C, Ho V, Klotzle B, Le JM, Delano D, Zhang L, Schroth GP,
Gunderson KL, Fan J-B, Shen R. 2011. High density DNA methylation array with single CpG
site resolution. Genomics 98(4):288–295 DOI 10.1016/j.ygeno.2011.07.007.

Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal A. 2018. Global cancer statistics
2018: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185
countries. CA: A Cancer Journal for Clinicians 68(6):394–424 DOI 10.3322/caac.21492.

Brenet F, Moh M, Funk P, Feierstein E, Viale AJ, Socci ND, Scandura JM. 2011. DNA
methylation of the first exon is tightly linked to transcriptional silencing. PLOS ONE 6(1):e14524
DOI 10.1371/journal.pone.0014524.

Brown GR, Hem V, Katz KS, Ovetsky M, Wallin C, Ermolaeva O, Tolstoy I, Tatusova T,
Pruitt KD, Maglott DR, Murphy TD. 2015. Gene: a gene-centered information resource at
NCBI. Nucleic Acids Research 43(D1):D36–D42 DOI 10.1093/nar/gku1055.

Bucur O, Zhao Y. 2018. Nanoscale imaging of kidney glomeruli using expansion pathology.
Frontiers in Medicine 5:322 DOI 10.3389/fmed.2018.00322.

Cancer Genome Atlas Research. 2011. Integrated genomic analyses of ovarian carcinoma. Nature
474(7353):609–615 DOI 10.1038/nature10166.

Chen L, Luo Y, Wang G, Qian K, Qian G, Wu CL, Dan HC, Wang X, Xiao Y. 2019. Prognostic
value of a gene signature in clear cell renal cell carcinoma. Journal of Cellular Physiology
234(7):10324–10335 DOI 10.1002/jcp.27700.

Chen J, Ma M, Shen N, Xi JJ, TianW. 2013. Integration of cancer gene co-expression network and
metabolic network to uncover potential cancer drug targets. Journal of Proteome Research
12(6):2354–2364 DOI 10.1021/pr400162t.

Cheng J, Wei D, Ji Y, Chen L, Yang L, Li G, Wu L, Hou T, Xie L, Ding G, Li H, Li Y. 2018.
Integrative analysis of DNA methylation and gene expression reveals hepatocellular
carcinoma-specific diagnostic biomarkers. Genome Medicine 10(1):42
DOI 10.1186/s13073-018-0548-z.

Clark SJ. 2007. Action at a distance: epigenetic silencing of large chromosomal regions in
carcinogenesis. Human Molecular Genetics c(1):R88–R95 DOI 10.1093/hmg/ddm051.

Liu and Tian (2020), PeerJ, DOI 10.7717/peerj.9654 25/31

http://dx.doi.org/10.7717/peerj.9654#supplemental-information
http://dx.doi.org/10.7717/peerj.9654#supplemental-information
http://dx.doi.org/10.4161/epi.19614
http://dx.doi.org/10.1158/1541-7786.MCR-17-0410
http://dx.doi.org/10.1158/0008-5472.CAN-15-2622
http://dx.doi.org/10.1016/j.ygeno.2011.07.007
http://dx.doi.org/10.3322/caac.21492
http://dx.doi.org/10.1371/journal.pone.0014524
http://dx.doi.org/10.1093/nar/gku1055
http://dx.doi.org/10.3389/fmed.2018.00322
http://dx.doi.org/10.1038/nature10166
http://dx.doi.org/10.1002/jcp.27700
http://dx.doi.org/10.1021/pr400162t
http://dx.doi.org/10.1186/s13073-018-0548-z
http://dx.doi.org/10.1093/hmg/ddm051
http://dx.doi.org/10.7717/peerj.9654
https://peerj.com/


Clark DJ, Dhanasekaran SM, Petralia F, Pan J, Song X, Hu Y, da Veiga Leprevost F, Reva B,
Lih T-SM, Chang H-Y, Ma W, Huang C, Ricketts CJ, Chen L, Krek A, Li Y, Rykunov D,
Li QK, Chen LS, Ozbek U, Vasaikar S, Wu Y, Yoo S, Chowdhury S, Wyczalkowski MA, Ji J,
Schnaubelt M, Kong A, Sethuraman S, Avtonomov DM, Ao M, Colaprico A, Cao S,
Cho K-C, Kalayci S, Ma S, Liu W, Ruggles K, Calinawan A, Gümüş ZH, Geiszler D,
Kawaler E, Teo GC, Wen B, Zhang Y, Keegan S, Li K, Chen F, Edwards N, Pierorazio PM,
Chen XS, Pavlovich CP, Hakimi AA, Brominski G, Hsieh JJ, Antczak A, Omelchenko T,
Lubinski J, Wiznerowicz M, Linehan WM, Kinsinger CR, Thiagarajan M, Boja ES,
Mesri M, Hiltke T, Robles AI, Rodriguez H, Qian J, Fenyö D, Zhang B, Ding L, Schadt E,
Chinnaiyan AM, Zhang Z, Omenn GS, Cieslik M, Chan DW, Nesvizhskii AI, Wang P,
Zhang H, Hashimi AS, Pico AR, Karpova A, Charamut A, Paulovich AG, Perou AM,
Malovannaya A, Marrero-Oliveras A, Agarwal A, Hindenach B, Pruetz B, Kim B-J,
Druker BJ, Newton CJ, Birger C, Jones CD, Tognon C, Mani DR, Valley DR, Rohrer DC,
Zhou DC, Tansil D, Chesla D, Heiman D, Wheeler D, Tan D, Chan D, Demir E, Malc E,
Modugno F, Getz G, Hostetter G, Wilson GD, Hart GW, Zhu H, Liu H, Culpepper H,
Sun H, Zhou H, Day J, Suh J, Huang J, McDermott J, Whiteaker JR, Tyner JW, Eschbacher J,
Chen J, McGee J, Zhu J, Ketchum KA, Rodland KD, Clauser K, Robinson K, Krug K,
Hoadley KA, Um KS, Elburn K, Holloway K, Wang L-B, Blumenberg L, Hannick L, Qi L,
Sokoll LJ, Cornwell MI, Loriaux M, Domagalski MJ, Gritsenko MA, Anderson M,
Monroe ME, Ellis MJ, Dyer M, Anurag M, Burke MC, Borucki M, Gillette MA, Birrer MJ,
Lewis M, Ittmann MM, Smith M, Vernon M, Chaikin M, Chheda MG, Khan M, Roche N,
Edwards NJ, Vatanian N, Tignor N, Beckmann N, Grady P, Castro P, Piehowski P,
McGarvey PB, Mieczkowski P, Hariharan P, Gao Q, Dhir R, Kothadia RB, Thangudu RR,
Montgomery R, Jayasinghe RG, Smith RD, Edwards R, Zelt R, Bremner R, Liu R,
Hong R, Mareedu S, Payne SH, Cottingham S, Markey SP, Jewell SD, Patel S, Satpathy S,
Richey S, Davies SR, Cai S, Boca SM, Patil S, Maruvka Y, Li Z, et al. 2020. Integrated
proteogenomic characterization of clear cell renal cell carcinoma. Cell 180:207
DOI 10.1016/j.cell.2019.12.026.

Cui C, Lu Z, Yang L, Gao Y, Liu W, Gu L, Yang C, Wilson J, Zhang Z, Xing B, Deng D, Sun ZS.
2016. Genome-wide identification of differential methylation between primary and
recurrent hepatocellular carcinomas. Molecular Carcinogenesis 55(7):1163–1174
DOI 10.1002/mc.22359.

Da Huang W, Sherman BT, Lempicki RA. 2009. Systematic and integrative analysis of large gene
lists using DAVID bioinformatics resources. Nature Protocols 4(1):44–57
DOI 10.1038/nprot.2008.211.

Ding W, Chen G, Shi T. 2019. Integrative analysis identifies potential DNA methylation
biomarkers for pan-cancer diagnosis and prognosis. Epigenetics 14(1):67–80
DOI 10.1080/15592294.2019.1568178.

Fang Y, French J, Zhao H, Benkovic S. 2013. G-protein-coupled receptor regulation of de novo
purine biosynthesis: a novel druggable mechanism. Biotechnology and Genetic Engineering
Reviews 29(1):31–48 DOI 10.1080/02648725.2013.801237.

Fortney K, Griesman J, Kotlyar M, Pastrello C, Angeli M, Sound-Tsao M, Jurisica I. 2015.
Prioritizing therapeutics for lung cancer: an integrative meta-analysis of cancer gene signatures
and chemogenomic data. PLOS Computational Biology 11(3):e1004068
DOI 10.1371/journal.pcbi.1004068.

Fouad YA, Aanei C. 2017. Revisiting the hallmarks of cancer. American Journal of Cancer Research
7:1016–1036.

Liu and Tian (2020), PeerJ, DOI 10.7717/peerj.9654 26/31

http://dx.doi.org/10.1016/j.cell.2019.12.026
http://dx.doi.org/10.1002/mc.22359
http://dx.doi.org/10.1038/nprot.2008.211
http://dx.doi.org/10.1080/15592294.2019.1568178
http://dx.doi.org/10.1080/02648725.2013.801237
http://dx.doi.org/10.1371/journal.pcbi.1004068
http://dx.doi.org/10.7717/peerj.9654
https://peerj.com/


Freitag A, Prajwal P, Shymanets A, Harteneck C, Nurnberg B, Schachtele C, Kubbutat M,
Totzke F, Laufer SA. 2015. Development of first lead structures for phosphoinositide 3-kinase-
C2γ inhibitors. Journal of Medicinal Chemistry 58(1):212–221 DOI 10.1021/jm5006034.

Fridley BL, Batzler A, Li L, Li F, Matimba A, Jenkins GD, Ji Y, Wang L, Weinshilboum RM.
2011. Gene set analysis of purine and pyrimidine antimetabolites cancer therapies.
Pharmacogenetics and Genomics 21(11):701–712 DOI 10.1097/FPC.0b013e32834a48a9.

Furuta E, Okuda H, Kobayashi A, Watabe K. 2010. Metabolic genes in cancer: their roles in
tumor progression and clinical implications. Biochimica et Biophysica Acta 1805(2):141–152
DOI 10.1016/j.bbcan.2010.01.005.

Gao Q, Zhu H, Dong L, Shi W, Chen R, Song Z, Huang C, Li J, Dong X, Zhou Y, Liu Q, Ma L,
Wang X, Zhou J, Liu Y, Boja E, Robles AI, Ma W, Wang P, Li Y, Ding L, Wen B, Zhang B,
Rodriguez H, Gao D, Zhou H, Fan J. 2019. Integrated proteogenomic characterization of
HBV-related hepatocellular carcinoma. Cell 179(5):1240 DOI 10.1016/j.cell.2019.10.038.

Guan L, Tan J, Li H, Jin X. 2018. Biomarker identification in clear cell renal cell carcinoma based
on miRNA-seq and digital gene expression-seq data. Gene 647:205–212
DOI 10.1016/j.gene.2017.12.031.

Gumz ML, Zou H, Kreinest PA, Childs AC, Belmonte LS, LeGrand SN, Wu KJ, Luxon BA,
Sinha M, Parker AS, Sun LZ, Ahlquist DA, Wood CG, Copland JA. 2007. Secreted
frizzled-related protein 1 loss contributes to tumor phenotype of clear cell renal cell carcinoma.
Clinical Cancer Research 13(16):4740–4749 DOI 10.1158/1078-0432.CCR-07-0143.

Guo S, Yang P, Jiang X, Li X, Wang Y, Zhang X, Sun B, Zhang Y, Jia Y. 2017. Genetic and
epigenetic silencing of mircoRNA-506-3p enhances COTL1 oncogene expression to foster
non-small lung cancer progression. Oncotarget 8(1):644–657 DOI 10.18632/oncotarget.13501.

Han H, Cortez CC, Yang X, Nichols PW, Jones PA, Liang G. 2011. DNA methylation directly
silences genes with non-CpG island promoters and establishes a nucleosome occupied
promoter. Human Molecular Genetics 20(22):4299–4310 DOI 10.1093/hmg/ddr356.

Hsieh JJ, Purdue MP, Signoretti S, Swanton C, Albiges L, Schmidinger M, Heng DY, Larkin J,
Ficarra V. 2017. Renal cell carcinoma. Nature Reviews Disease Primers 3(1):17009
DOI 10.1038/nrdp.2017.9.

Huang J, Che MI, Huang YT, Shyu MK, Huang YM, Wu YM, Lin WC, Huang PH, Liang JT,
Lee PH, Huang MC. 2009. Overexpression of MUC15 activates extracellular signal-regulated
kinase 1/2 and promotes the oncogenic potential of human colon cancer cells. Carcinogenesis
30(8):1452–1458 DOI 10.1093/carcin/bgp137.

Huang HE, Chin SF, Ginestier C, Bardou VJ, Adelaide J, Iyer NG, Garcia MJ, Pole JC,
Callagy GM, Hewitt SM, Gullick WJ, Jacquemier J, Caldas C, Chaffanet M, Birnbaum D,
Edwards PA. 2004. A recurrent chromosome breakpoint in breast cancer at the
NRG1/neuregulin 1/heregulin gene. Cancer Research 64(19):6840–6844
DOI 10.1158/0008-5472.CAN-04-1762.

Irizarry RA, Ladd-Acosta C, Wen B, Wu Z, Montano C, Onyango P, Cui H, Gabo K,
Rongione M, Webster M, Ji H, Potash J, Sabunciyan S, Feinberg AP. 2009. The human colon
cancer methylome shows similar hypo- and hypermethylation at conserved tissue-specific CpG
island shores. Nature Genetics 41(2):178–186 DOI 10.1038/ng.298.

Jones PA. 2012. Functions of DNA methylation: islands, start sites, gene bodies and beyond.
Nature Reviews Genetics 13(7):484–492 DOI 10.1038/nrg3230.

Klopfleisch R, Klose P, Da Costa A, Brunnberg L, Gruber AD. 2010. HEPACAM1 and 2 are
differentially regulated in canine mammary adenomas and carcinomas and its lymph node
metastases. BMC Veterinary Research 6(1):15 DOI 10.1186/1746-6148-6-15.

Liu and Tian (2020), PeerJ, DOI 10.7717/peerj.9654 27/31

http://dx.doi.org/10.1021/jm5006034
http://dx.doi.org/10.1097/FPC.0b013e32834a48a9
http://dx.doi.org/10.1016/j.bbcan.2010.01.005
http://dx.doi.org/10.1016/j.cell.2019.10.038
http://dx.doi.org/10.1016/j.gene.2017.12.031
http://dx.doi.org/10.1158/1078-0432.CCR-07-0143
http://dx.doi.org/10.18632/oncotarget.13501
http://dx.doi.org/10.1093/hmg/ddr356
http://dx.doi.org/10.1038/nrdp.2017.9
http://dx.doi.org/10.1093/carcin/bgp137
http://dx.doi.org/10.1158/0008-5472.CAN-04-1762
http://dx.doi.org/10.1038/ng.298
http://dx.doi.org/10.1038/nrg3230
http://dx.doi.org/10.1186/1746-6148-6-15
http://dx.doi.org/10.7717/peerj.9654
https://peerj.com/


Kwon M, Kim Y, Lee S, Namkung J, Yun T, Yi SG, Han S, Kang M, Kim SW, Jang J, Park T.
2014. Biomarker development for pancreatic ductal adenocarcinoma using integrated analysis
of mRNA and miRNA expression. In: 2014 IEEE International Conference on Bioinformatics and
Biomedicine (BIBM). 273–278.

Lang L, Chemmalakuzhy R, Shay C, Teng Y. 2019. PFKP signaling at a glance: an emerging
mediator of cancer cell metabolism. Yeast Membrane Transport 1134:243–258
DOI 10.1007/978-3-030-12668-1_13.

Li H, Wang G, Yu Y, Jian W, Zhang D, Wang Y, Wang T, Meng Y, Yuan C, Zhang C. 2018.
a-1,2-Mannosidase MAN1C1 inhibits proliferation and invasion of renal clear cell carcinoma.
Journal of Cancer 9(24):4618–4626 DOI 10.7150/jca.27673.

Lightfoot N, Conlon M, Kreiger N, Bissett R, Desai M, Warde P, Prichard HM. 2000. Impact of
noninvasive imaging on increased incidental detection of renal cell carcinoma. European
Urology 37(5):521–527 DOI 10.1159/000020188.

Linehan WM, Ricketts CJ. 2019. The cancer genome atlas of renal cell carcinoma: findings and
clinical implications. Nature Reviews Urology 16(9):539–552 DOI 10.1038/s41585-019-0211-5.

Linehan WM, Srinivasan R, Schmidt LS. 2010. The genetic basis of kidney cancer: a metabolic
disease. Nature Reviews Urology 7(5):277–285 DOI 10.1038/nrurol.2010.47.

Liu X, Zhou B, Xue L, Yen F, Chu P, Un F, Yen Y. 2007. Ribonucleotide reductase subunits M2
and p53R2 are potential biomarkers for metastasis of colon cancer. Clinical Colorectal Cancer
6(5):374–381 DOI 10.3816/CCC.2007.n.007.

Lopez JI, Errarte P, Erramuzpe A, Guarch R, Cortes JM, Angulo JC, Pulido R, Irazusta J,
Llarena R, Larrinaga G. 2016. Fibroblast activation protein predicts prognosis in clear cell renal
cell carcinoma. Human Pathology 54:100–105 DOI 10.1016/j.humpath.2016.03.009.

Lopez-Serra P, Esteller M. 2012. DNA methylation-associated silencing of tumor-suppressor
microRNAs in cancer. Oncogene 31(13):1609–1622 DOI 10.1038/onc.2011.354.

Maunakea AK, Nagarajan RP, Bilenky M, Ballinger TJ, D’Souza C, Fouse SD, Johnson BE,
Hong C, Nielsen C, Zhao Y, Turecki G, Delaney A, Varhol R, Thiessen N, Shchors K,
Heine VM, Rowitch DH, Xing X, Fiore C, Schillebeeckx M, Jones SJ, Haussler D, Marra MA,
Hirst M, Wang T, Costello JF. 2010. Conserved role of intragenic DNA methylation in
regulating alternative promoters. Nature 466(7303):253–257 DOI 10.1038/nature09165.

Mitra S, Cheng KW, Mills GB. 2012. Rab25 in cancer: a brief update. Biochemical Society
Transactions 40(6):1404–1408 DOI 10.1042/BST20120249.

Morikawa T, Maeda D, Kume H, Homma Y, Fukayama M. 2010. Ribonucleotide reductase M2
subunit is a novel diagnostic marker and a potential therapeutic target in bladder cancer.
Histopathology 57(6):885–892 DOI 10.1111/j.1365-2559.2010.03725.x.

Morris MR, Ricketts C, Gentle D, Abdulrahman M, Clarke N, Brown M, Kishida T, Yao M,
Latif F, Maher ER. 2010. Identification of candidate tumour suppressor genes frequently
methylated in renal cell carcinoma. Oncogene 29(14):2104–2117 DOI 10.1038/onc.2009.493.

Noushmehr H, Weisenberger DJ, Diefes K, Phillips HS, Pujara K, Berman BP, Pan F,
Pelloski CE, Sulman EP, Bhat KP, Verhaak RG, Hoadley KA, Hayes DN, Perou CM,
Schmidt HK, Ding L, Wilson RK, Van Den Berg D, Shen H, Bengtsson H, Neuvial P,
Cope LM, Buckley J, Herman JG, Baylin SB, Laird PW, Aldape K, The Cancer Genome Atlas
Research Network. 2010. Identification of a CpG island methylator phenotype that defines a
distinct subgroup of glioma. Cancer Cell 17:510–522 DOI 10.1016/j.ccr.2010.03.017.

Pavlova NN, Thompson CB. 2016. The emerging hallmarks of cancer metabolism. Cell
Metabolism 23(1):27–47 DOI 10.1016/j.cmet.2015.12.006.

Liu and Tian (2020), PeerJ, DOI 10.7717/peerj.9654 28/31

http://dx.doi.org/10.1007/978-3-030-12668-1_13
http://dx.doi.org/10.7150/jca.27673
http://dx.doi.org/10.1159/000020188
http://dx.doi.org/10.1038/s41585-019-0211-5
http://dx.doi.org/10.1038/nrurol.2010.47
http://dx.doi.org/10.3816/CCC.2007.n.007
http://dx.doi.org/10.1016/j.humpath.2016.03.009
http://dx.doi.org/10.1038/onc.2011.354
http://dx.doi.org/10.1038/nature09165
http://dx.doi.org/10.1042/BST20120249
http://dx.doi.org/10.1111/j.1365-2559.2010.03725.x
http://dx.doi.org/10.1038/onc.2009.493
http://dx.doi.org/10.1016/j.ccr.2010.03.017
http://dx.doi.org/10.1016/j.cmet.2015.12.006
http://dx.doi.org/10.7717/peerj.9654
https://peerj.com/


Pedley AM, Benkovic SJ. 2017. A new view into the regulation of purine metabolism: the
purinosome. Trends in Biochemical Sciences 42(2):141–154 DOI 10.1016/j.tibs.2016.09.009.

Prakoura N, Chatziantoniou C. 2017. Periostin and discoidin domain receptor 1: new biomarkers
or targets for therapy of renal disease. Frontiers in Medicine 4:52 DOI 10.3389/fmed.2017.00052.

Qu L, Wang ZL, Chen Q, Li YM, He HW, Hsieh JJ, Xue S, Wu ZJ, Liu B, Tang H, Xu XF, Xu F,
Wang J, Bao Y, Wang AB, Wang D, Yi XM, Zhou ZK, Shi CJ, Zhong K, Sheng ZC,
Zhou YL, Jiang J, Chu XY, He J, Ge JP, Zhang ZY, Zhou WQ, Chen C, Yang JH, Sun YH,
Wang LH. 2018. Prognostic value of a long non-coding RNA signature in localized clear cell
renal cell carcinoma. European Urology 74(6):756–763 DOI 10.1016/j.eururo.2018.07.032.

Rahman MA, Amin AR, Wang D, Koenig L, Nannapaneni S, Chen Z, Wang Z, Sica G, Deng X,
Chen ZG, Shin DM. 2013. RRM2 regulates Bcl-2 in head and neck and lung cancers: a potential
target for cancer therapy. Clinical Cancer Research 19(13):3416–3428
DOI 10.1158/1078-0432.CCR-13-0073.

Ristic B, Bhutia YD, Ganapathy V. 2017. Cell-surface G-protein-coupled receptors for
tumor-associated metabolites: a direct link to mitochondrial dysfunction in cancer. Biochimica
et Biophysica Acta Reviews on Cancer 1868(1):246–257 DOI 10.1016/j.bbcan.2017.05.003.

Romeo S, Szuhai K, Nishimori I, Ijszenga M, Wijers-Koster P, Taminiau AH, Hogendoorn PC.
2009. A balanced t(5;17) (p15;q22-23) in chondroblastoma: frequency of the re-arrangement
and analysis of the candidate genes. BMC Cancer 9(1):393 DOI 10.1186/1471-2407-9-393.

Ruan J, Zhang W. 2008. Identifying network communities with a high resolution. Physical Review
E 77(1):016104 DOI 10.1103/PhysRevE.77.016104.

Saini S, Liu J, Yamamura S, Majid S, Kawakami K, Hirata H, Dahiya R. 2009. Functional
significance of secreted Frizzled-related protein 1 in metastatic renal cell carcinomas. Cancer
Research 69(17):6815–6822 DOI 10.1158/0008-5472.CAN-09-1254.

Sato Y, Yoshizato T, Shiraishi Y, Maekawa S, Okuno Y, Kamura T, Shimamura T,
Sato-Otsubo A, Nagae G, Suzuki H, Nagata Y, Yoshida K, Kon A, Suzuki Y, Chiba K,
Tanaka H, Niida A, Fujimoto A, Tsunoda T, Morikawa T, Maeda D, Kume H, Sugano S,
Fukayama M, Aburatani H, Sanada M, Miyano S, Homma Y, Ogawa S. 2013. Integrated
molecular analysis of clear-cell renal cell carcinoma. Nature Genetics 45(8):860–867
DOI 10.1038/ng.2699.

Selamat SA, Chung BS, Girard L, Zhang W, Zhang Y, Campan M, Siegmund KD, Koss MN,
Hagen JA, Lam WL, Lam S, Gazdar AF, Laird-Offringa IA. 2012. Genome-scale analysis of
DNA methylation in lung adenocarcinoma and integration with mRNA expression. Genome
Research 22(7):1197–1211 DOI 10.1101/gr.132662.111.

Shenoy N, Vallumsetla N, Zou Y, Galeas JN, Shrivastava M, Hu C, Susztak K, Verma A. 2015.
Role of DNA methylation in renal cell carcinoma. Journal of Hematology & Oncology 8(1):88
DOI 10.1186/s13045-015-0180-y.

Sigdel T, Nguyen M, Liberto J, Dobi D, Junger H, Vincenti F, Laszik Z, Sarwal MM. 2019.
Assessment of 19 genes and validation of CRM gene panel for quantitative transcriptional
analysis of molecular rejection and inflammation in archival kidney transplant biopsies.
Frontiers in Medicine 6:213 DOI 10.3389/fmed.2019.00213.

Skrypkina I, Tsyba L, Onyshchenko K, Morderer D, Kashparova O, Nikolaienko O,
Panasenko G, Vozianov S, Romanenko A, Rynditch A. 2016. Concentration and methylation
of cell-free DNA from blood plasma as diagnostic markers of renal cancer. Disease Markers
2016(14):3693096 DOI 10.1155/2016/3693096.

Spector Y, Fridman E, Rosenwald S, Zilber S, Huang Y, Barshack I, Zion O, Mitchell H,
Sanden M, Meiri E. 2013. Development and validation of a microRNA-based diagnostic assay

Liu and Tian (2020), PeerJ, DOI 10.7717/peerj.9654 29/31

http://dx.doi.org/10.1016/j.tibs.2016.09.009
http://dx.doi.org/10.3389/fmed.2017.00052
http://dx.doi.org/10.1016/j.eururo.2018.07.032
http://dx.doi.org/10.1158/1078-0432.CCR-13-0073
http://dx.doi.org/10.1016/j.bbcan.2017.05.003
http://dx.doi.org/10.1186/1471-2407-9-393
http://dx.doi.org/10.1103/PhysRevE.77.016104
http://dx.doi.org/10.1158/0008-5472.CAN-09-1254
http://dx.doi.org/10.1038/ng.2699
http://dx.doi.org/10.1101/gr.132662.111
http://dx.doi.org/10.1186/s13045-015-0180-y
http://dx.doi.org/10.3389/fmed.2019.00213
http://dx.doi.org/10.1155/2016/3693096
http://dx.doi.org/10.7717/peerj.9654
https://peerj.com/


for classification of renal cell carcinomas. Molecular Oncology 7(3):732–738
DOI 10.1016/j.molonc.2013.03.002.

Tang W, Wan S, Yang Z, Teschendorff AE, Zou Q. 2018. Tumor origin detection with
tissue-specific miRNA and DNA methylation markers. Bioinformatics 34(3):398–406
DOI 10.1093/bioinformatics/btx622.

Tibshirani R. 1996. Regression Shrinkage and Selection Via the Lasso. Journal of the Royal
Statistical Society: Series B (Methodological) 58(1):267–288
DOI 10.1111/j.2517-6161.1996.tb02080.x.

Tomita K, Takashi Y, Ouchi Y, Kuwahara Y, Igarashi K, Nagasawa T, Nabika H, Kurimasa A,
Fukumoto M, Nishitani Y, Sato T. 2019. Lipid peroxidation increases hydrogen peroxide
permeability leading to cell death in cancer cell lines that lack mtDNA. Cancer Science
110(9):2856–2866 DOI 10.1111/cas.14132.

Urakami S, Shiina H, Enokida H, Hirata H, Kawamoto K, Kawakami T, Kikuno N, Tanaka Y,
Majid S, Nakagawa M, Igawa M, Dahiya R. 2006. Wnt antagonist family genes as biomarkers
for diagnosis, staging, and prognosis of renal cell carcinoma using tumor and serum DNA.
Clinical Cancer Research 12(23):6989–6997 DOI 10.1158/1078-0432.CCR-06-1194.

Van Vlodrop IJ, Niessen HE, Derks S, Baldewijns MM, Van Criekinge W, Herman JG,
Van Engeland M. 2011. Analysis of promoter CpG island hypermethylation in cancer: location,
location, location!. Clinical Cancer Research 17(13):4225–4231
DOI 10.1158/1078-0432.CCR-10-3394.

Verrier F, An S, Ferrie AM, Sun H, Kyoung M, Deng H, Fang Y, Benkovic SJ. 2011. GPCRs
regulate the assembly of a multienzyme complex for purine biosynthesis. Nature Chemical
Biology 7(12):909–915 DOI 10.1038/nchembio.690.

Vrba L, Oshiro MM, Kim SS, Garland LL, Placencia C, Mahadevan D, Nelson MA,
Futscher BW. 2020. DNA methylation biomarkers discovered in silico detect cancer in liquid
biopsies from non-small cell lung cancer patients. Epigenetics 15(4):419–430
DOI 10.1080/15592294.2019.1695333.

Wang Q, Gan H, Chen C, Sun Y, Chen J, Xu M, Weng W, Cao L, Xu Q, Wang J. 2017.
Identification and validation of a 44-gene expression signature for the classification of renal cell
carcinomas. Journal of Experimental & Clinical Cancer Research 36:176
DOI 10.1186/s13046-017-0651-9.

Warde-Farley D, Donaldson SL, Comes O, Zuberi K, Badrawi R, Chao P, Franz M, Grouios C,
Kazi F, Lopes CT, Maitland A, Mostafavi S, Montojo J, Shao Q, Wright G, Bader GD,
Morris Q. 2010. The GeneMANIA prediction server: biological network integration for gene
prioritization and predicting gene function. Nucleic Acids Research 38:W214–W220
DOI 10.1093/nar/gkq537.

Xia G, Wang H, Song Z, Meng Q, Huang X, Huang X. 2017. Gambogic acid sensitizes
gemcitabine efficacy in pancreatic cancer by reducing the expression of ribonucleotide reductase
subunit-M2 (RRM2). Journal of Experimental & Clinical Cancer Research 36:107
DOI 10.1186/s13046-017-0579-0.

Xu L, He J, Cai Q, Li M, Pu X, Guo Y. 2020. An effective seven-CpG-based signature to predict
survival in renal clear cell carcinoma by integrating DNA methylation and gene expression.
Life Science Part 1 Physiology & Pharmacology 243:117289 DOI 10.1016/j.lfs.2020.117289.

Xu RH, Wei W, Krawczyk M, Wang W, Luo H, Flagg K, Yi S, Shi W, Quan Q, Li K, Zheng L,
Zhang H, Caughey BA, Zhao Q, Hou J, Zhang R, Xu Y, Cai H, Li G, Hou R, Zhong Z,
Lin D, Fu X, Zhu J, Duan Y, Yu M, Ying B, Zhang W, Wang J, Zhang E, Zhang C, Li O,
Guo R, Carter H, Zhu JK, Hao X, Zhang K. 2017. Circulating tumour DNA methylation

Liu and Tian (2020), PeerJ, DOI 10.7717/peerj.9654 30/31

http://dx.doi.org/10.1016/j.molonc.2013.03.002
http://dx.doi.org/10.1093/bioinformatics/btx622
http://dx.doi.org/10.1111/j.2517-6161.1996.tb02080.x
http://dx.doi.org/10.1111/cas.14132
http://dx.doi.org/10.1158/1078-0432.CCR-06-1194
http://dx.doi.org/10.1158/1078-0432.CCR-10-3394
http://dx.doi.org/10.1038/nchembio.690
http://dx.doi.org/10.1080/15592294.2019.1695333
http://dx.doi.org/10.1186/s13046-017-0651-9
http://dx.doi.org/10.1093/nar/gkq537
http://dx.doi.org/10.1186/s13046-017-0579-0
http://dx.doi.org/10.1016/j.lfs.2020.117289
http://dx.doi.org/10.7717/peerj.9654
https://peerj.com/


markers for diagnosis and prognosis of hepatocellular carcinoma. Nature Materials
16:1155–1161 DOI 10.1038/nmat4997.

Yang X, Han H, De Carvalho DD, Lay FD, Jones PA, Liang G. 2014. Gene body methylation can
alter gene expression and is a therapeutic target in cancer. Cancer Cell 26:577–590
DOI 10.1016/j.ccr.2014.07.028.

Yin J, Ren W, Huang X, Deng J, Li T, Yin Y. 2018. Potential mechanisms connecting purine
metabolism and cancer therapy. Frontiers in Immunology 9:1697
DOI 10.3389/fimmu.2018.01697.

Yoshida Y, Tsunoda T, Doi K, Tanaka Y, Fujimoto T, Machida T, Ota T, Koyanagi M,
Takashima Y, Sasazuki T, Kuroki M, Iwasaki A, Shirasawa S. 2011. KRAS-mediated
up-regulation of RRM2 expression is essential for the proliferation of colorectal cancer cell lines.
Anticancer Research 31:2535–2539.

Youssef YM, White NM, Grigull J, Krizova A, Samy C, Mejia-Guerrero S, Evans A, Yousef GM.
2011. Accurate molecular classification of kidney cancer subtypes using microRNA signature.
European Urology 59:721–730 DOI 10.1016/j.eururo.2011.01.004.

Yue C, Niu M, Shan QQ, Zhou T, Tu Y, Xie P, Hua L, Yu R, Liu X. 2017. High expression of
Bruton’s tyrosine kinase (BTK) is required for EGFR-induced NF-kappaB activation and
predicts poor prognosis in human glioma. Journal of Experimental & Clinical Cancer Research
36:132 DOI 10.1186/s13046-017-0600-7.

Zhang S, Lu J, Zhao X, Wu W, Wang H, Lu J, Wu Q, Chen X, Fan W, Chen H, Wang F, Hu Z,
Jin L, Wei Q, Shen H, Huang W, Lu D. 2010. A variant in the CHEK2 promoter at a
methylation site relieves transcriptional repression and confers reduced risk of lung cancer.
Carcinogenesis 31:1251–1258 DOI 10.1093/carcin/bgq089.

Zhang ZZ, Shen ZY, Shen YY, Zhao EH, Wang M, Wang CJ, Cao H, Xu J. 2015. HOTAIR long
noncoding RNA promotes gastric cancer metastasis through suppression of poly r(C)-binding
protein (PCBP) 1. Molecular Cancer Therapeutics 14(5):1162–1170
DOI 10.1158/1535-7163.MCT-14-0695.

Zhao K, Zhang Q, Wang Y, Zhang J, Cong R, Song N, Wang Z. 2020. The construction and
analysis of competitive endogenous RNA (ceRNA) networks in metastatic renal cell carcinoma:
a study based on the cancer genome atlas. Translational Andrology and Urology 9(2):303–311
DOI 10.21037/tau.2020.02.17.

Zhou C, Ye M, Ni S, Li Q, Ye D, Li J, Shen Z, Deng H. 2018. DNA methylation biomarkers for
head and neck squamous cell carcinoma. Epigenetics 13(4):398–409
DOI 10.1080/15592294.2018.1465790.

Liu and Tian (2020), PeerJ, DOI 10.7717/peerj.9654 31/31

http://dx.doi.org/10.1038/nmat4997
http://dx.doi.org/10.1016/j.ccr.2014.07.028
http://dx.doi.org/10.3389/fimmu.2018.01697
http://dx.doi.org/10.1016/j.eururo.2011.01.004
http://dx.doi.org/10.1186/s13046-017-0600-7
http://dx.doi.org/10.1093/carcin/bgq089
http://dx.doi.org/10.1158/1535-7163.MCT-14-0695
http://dx.doi.org/10.21037/tau.2020.02.17
http://dx.doi.org/10.1080/15592294.2018.1465790
http://dx.doi.org/10.7717/peerj.9654
https://peerj.com/

	Identification of DNA methylation patterns and biomarkers for clear-cell renal cell carcinoma by multi-omics data analysis
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusions
	flink6
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


