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As a noninvasive blood testing, the detection of cell-free DNA (cfDNA) methylation in plasma has raised an increasing interest due
to diagnostic applications. Although extensively used in cfDNA methylation analysis, bisulﬁte sequencing is less cost-eﬀective. In
this study, we investigated the cfDNA methylation patterns in lung cancer patients by MeDIP-seq. Compared with the healthy
individuals, 330 diﬀerentially methylated regions (DMRs) at gene promoters were identiﬁed in lung cancer patients with 33
hypermethylated and 297 hypomethylated regions, respectively. Moreover, these hypermethylated genes were validated with the
publicly available DNA methylation data, yielding a set of ten signiﬁcant diﬀerentially methylated genes in lung cancer,
including B3GAT2, BCAR1, HLF, HOPX, HOXD11, MIR1203, MYL9, SLC9A3R2, SYT5, and VTRNA1-3. Our study
demonstrated MeDIP-seq could be eﬀectively used for cfDNA methylation proﬁling and identiﬁed a set of potential biomarker
genes with clinical application for lung cancer.

1. Introduction
Lung cancer is one of the major cancer types causing cancer
deaths [1]. The unavailability of genetic testing for early cancer diagnosis has been regarded as the major cause of high
mortality rate [2, 3]. Since cfDNA with cancer-speciﬁc characteristics (such as mutation [4] and epigenetic changes [5])
has been discovered in 1989, it has attracted increasing
attention in cancer biology research [6]. Unlike the traditional tissue biopsy characterization with the purpose of
prognosis or other clinical assessment, characterizing
cfDNA is noninvasive and real-time, which makes cfDNA
detection a promising clinical tool for disease surveillance,
drug response, and disease recurrence [7–9]. Most of all,
cfDNA released from cancer cells can be detected at an early
stage, making early diagnosis of cancer possible [10].

Hypermethylation at the tumor suppressor gene promoters plays an important role in the formation and
progression of cancer [11]. As a driving force in tumorigenesis, methylation occurs at early stage during cancer formation [12]. Moreover, DNA methylation pattern in plasma
cfDNA is similar with that derived from cancer tissue [5,
13]. These observations suggest that cfDNA methylation
could serve as a useful biomarker for cancer detection [14].
The methods for characterizing cfDNA methylation
could be classiﬁed into two categories [15], the qPCR-based
methods for detecting individual regions of interest or the
deep sequencing-based methods for genome-wide DNA
methylation proﬁling. Although extensively used in cfDNA
methylation proﬁling analysis, bisulﬁte sequencing is less
cost-eﬀective [16]. In contrast, methylated DNA immunoprecipitation coupled with high-throughput sequencing
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(MeDIP-seq), a genome-wide scale and cost-eﬀective
method, has been extensively used in genomic DNA methylome analysis, whereas it is rarely applied in characterizing
cfDNA methylation [15]. In this study, we performed cfDNA
methylome analysis with MeDIP-seq in lung cancer patients.
Our results indicate that MeDIP-seq could be eﬀectively used
in cfDNA methylation proﬁling in cancer patients.

2. Materials and Methods
2.1. Sample Collection and cfDNA Extraction. Lung cancer
patient samples (n = 5) were collected from Shanghai Chest
Hospital. Healthy individual samples (n = 3) were obtained
as control. All lung cancer blood samples were obtained from
patients with adenocarcinoma (sample information shown in
Table 1) and control blood samples were from healthy volunteers (the information not provided). The informed consent
was gained from individuals, and the study was approved
by the ethics committees of Shanghai Chest Hospital.
All blood samples from the control group and lung
cancer patients (∼5 ml) were collected in tubes containing
EDTA as anticoagulant, centrifuged for 15 min at 1500 × g.
The puriﬁed plasma was then stored at -80°C.
The cfDNA was extracted from plasma using QIAamp
Circulating Nucleic Acid kit (Qiagen, 55114) according to
manufacturer’s protocol. The quality of plasma cfDNA was
evaluated by Bioanalyzer 2100 (Agilent Technologies).
2.2. MeDIP-seq Library Construction and Sequencing. The
cfDNA was used for MeDIP-seq library preparation with the
method we described previously [17] with some modiﬁcations. Brieﬂy, ~50 ng cfDNA was ligated with Illumina adapter
using the NEBNext Ultra II DNA Library Prep Kit for
Illumina (NEB, E7645) according to manufacturer’s instructions. The resulting library was denatured at 95°C for
10 min, incubated immediately on ice for 10 min, and then
subjected to immunoprecipitation with 5-Methylcytosine
(5-mC) Monoclonal Antibody (Epigentek, A-1014). MeDIP
DNA was ampliﬁed using Q5 High-Fidelity DNA Polymerase
(NEB, M0491) and the ampliﬁcation products were puriﬁed
with AMPure XP beads (Beckman). The ampliﬁed libraries
were evaluated with Bioanalyzer 2100 (Agilent Technologies)
and subjected to deep sequencing by Illumina Hiseq 2000.
2.3. Data Processing and Analysis. MeDIP-seq raw data reads
ﬁltered low-quality reads were mapped to the reference
genome (Human hg38) using Bowtie (version 1.0.1) [18].
The MEDIPS analysis package (version 1.24.0) was used
for analysis and comparison of DNA methylation datasets
of patients and the control [19].
The mapped results were visualized using the Integrative
Genomics Viewer (IGV) [20]. Gene ontology (GO) analysis
and pathway analysis were performed with clusterProﬁler
[21] and ingenuity pathway analysis (IPA) (Qiagen).
The 450K methylation array data (Illumina, San Diego,
CA, USA) from normal solid lung tissue and patient samples
were obtained from TCGA-LUAD project (https://portal.gdc.
cancer.gov/projects/TCGA-LUAD). Paired Student’s t-test
was performed between 32 pairs of normal samples and
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Table 1: Clinical information for lung patients.
Sample name

Gender

Age

Stage

Histology

P1
P2
P3
P4
P5

Male
Male
Female
Male
Female

50
72
75
73
33

IIA
IA2
IIB
IIIB
IVB

Adenocarcinoma
Adenocarcinoma
Adenocarcinoma
Adenocarcinoma
Adenocarcinoma

Notes: P means cancer patient; number means the patient number.

Table 2: Summary statistics of MeDIP-seq data.
Sample
P1
P2
P3
P4
P5
C1
C2
C3

Number
of total
reads
40,691,158
31,467,734
35,149,374
20,488,252
23,546,814
46,505,740
18,918,360
91,305,808

Number of
Number of Unique
Mapped
mapped
unique
read
read rate
reads
reads
rate
23,618,444
8,557,316
25,305,368
12,351,458
12,268,278
16,686,432
11,095,194
58,482,718

58.0%
27.2%
72.0%
60.3%
52.1%
35.9%
58.7%
64.1%

7,588,396
1,389,114
2,643,030
2,733,588
818,628
2,089,072
5,085,484
8,453,424

32.1%
16.2%
10.4%
22.1%
6.7%
12.5%
45.8%
14.5%

Notes: C means healthy control; P means cancer patient; number means the
individual number.

patient samples using R statistical programming language
(3.4.3, http://www.R-project.org) on the data processed with
beta (β) values (proportion of the methylated signal over the
total signal), and the hypermethylated target genes with p
value < 0.05 were selected.
The raw data of MeDIP-seq samples in this study are
available in the EMBL database (http://www.ebi.ac.uk/
arrayexpress/) under accession number E-MTAB-7163.
2.4. Real-Time Quantitative PCR. To validate the methylated
regions identiﬁed by MeDIP-seq, real-time quantitative PCR
(qPCR) assay was carried out with SYBR Green qPCR Master
Mix (2X) (Kapa, KK4602) at the StepOnePlus qPCR instrument (Applied Biosystems). The primer sequences are shown
in Table S1.

3. Results
3.1. Whole Genome MeDIP-seq Analysis of cfDNA. The
plasma of lung cancer patients (n = 5) and healthy controls
(n = 3) were used in this study. The clinical information of
patients is shown in Table 1. The cfDNA was extracted from
plasma using the kit (Qiagen).
We observed the size distribution of cfDNA centered on
176 bp with the range of 150–200 bp (Figure S1), which was
consistent with the previous study [22].
The MeDIP-seq libraries were constructed with the
cfDNA derived from patients (n = 5) and the healthy
persons (n = 3) were treated as control. As expected, all
ampliﬁed libraries exhibited the main peak of ~298 bp
containing the ~120 bp sequencing adapters. Representative
size distribution proﬁles for the libraries are shown in
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Figure 1: The methylation patterns derived from MeDIP-seq datasets in lung cancer patients and controls. (a) Principal component analysis
(PCA) of the methylation proﬁles of diﬀerent populations examined. (b) The clustering analysis of the genome-wide methylation proﬁles in
patients and controls.

Figure S1. All constructed libraries were subjected to
next-generation sequencing.
The cfDNA MeDIP-seq libraries were sequenced with
Illumina Hiseq 2000. On average, 30 million and 52 million
raw sequenced reads were obtained for patients and controls, respectively (Table 1), of which 53.9% and 52.9% were
mapped to the reference genome (Human hg38). After the
repetitive reads were ﬁltered out, there are an average 3 million unique reads in the patients and an average 5.2 million
unique reads in the controls (Table 2). Figure S2A shows the
distribution of MeDIP signal located in each chromosome.
To validate MeDIP data quality, we performed real-time
quantitative PCR analysis for randomly selected methylated
genes, including RARB2, ZFP42, and PAX9. The qPCR
results indicated that the selected region of each gene was
fairly enriched, suggesting that our cfDNA MeDIP-seq result
was reliable (Figure S2B).
3.2. Distinct cfDNA Methylation Patterns between Patients
and Control. To examine the overall cfDNA methylation pattern in the patients and the normal, we applied principal
component analysis (PCA) to their methylation proﬁles.
Comparing with the control group, we observed the distinct
methylation patterns in patients (Figure 1(a)). And the clustering analysis result also indicated that the patients and the
control diﬀer in cfDNA methylation patterns (Figure 1(b)).
3.3. Diﬀerentially Methylated Regions (DMRs) in Lung
Cancer Patients. Using the MEDIPS analysis package, 3013
diﬀerentially methylated regions (DMRs) were identiﬁed in
the patients (p value < 0.05 and fold change > 2). Moreover,
2568 (85.2%) were hypomethylated and 445 (14.8%) were
hypermethylated (Table S2). We examined the genomic
distribution of both hypomethylated and hypermethylated

DMRs. We found a considerable fraction of DMRs located
in intergenic regions (Figure 2(a)). The visual DMR signals
of hypomethylation and hypermethylation mapped to
whole genome are presented in Figure 2(b). Consistent to
what we observed in the overall DNA methylation pattern,
these 3013 DMRs also exhibited distinct patterns between
patient and the normal (Figure 2(c)).
It is recognized that promoter hypermethylation is associated with cancer development [23]. We next focused on
the analysis of DMRs in promoter regions. We found 330
DMRs located in promoter regions (Figure 2(d)), including
33 hypermethylated regions and 297 hypomethylated
regions (Table S3). Some genes with hypermethylated
promoters have been reported in lung cancer, such as
GAS7 [24], AQP10 [25], HLF [26], and HOPX [27].
To understand the biological signiﬁcance of the genes
with hypermethylated promoter in lung cancer patients, we
performed gene ontology (GO) analysis. We found that 32
genes derived from 33 hypermethylated DMRs are enriched
in tumorigenesis-related GO items, such as oncostatin-Mmediated signaling pathway, negative regulation of gene
silencing by miRNA, negative regulation of posttranscriptional gene silencing, cell adhesion, and DNA replicationdependent nucleosome assembly (Table S4). To illustrate
the biological processes that these 32 genes were
associated with, ingenuity pathway analysis (IPA) software
was used and the results are shown in Figure 2(e). The
top disease was cancer that involved 15 genes. The top
molecular and cellular function was cellular development
that involved 12 genes.
3.4. Validation of Diﬀerentially Methylated Genes with
Publicly Available DNA Methylation Data. To ask whether
the diﬀerentially methylated genes identiﬁed in our cfDNA
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Figure 2: Continued.
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Figure 2: Diﬀerentially methylated regions in patients and controls. (a) The distribution of hypermethylated and hypomethylated loci located
in exon, intron, promoter, and other genomic features. (b) Representation of the distribution of hypomethylated (green) and hypermethylated
(red) regions across patient genomes. (c) Heat map of total 3013 DMRs, including 445 hypermethylated and 2568 hypomethylated. (d) Heat
map of DMRs located in promoter regions in both patients and controls. (e) Top diseases and bio functions by IPA analysis for genes with the
hypermethylated promoters.

The cfDNA methylation is promising for noninvasive cancer
screening and diagnosis [28]. Although extensively used in
cfDNA methylation analysis, bisulﬁte sequencing is less
cost-eﬀective. MeDIP-seq, a more cost-eﬀective DNA methylation proﬁling approach, has not been applied to the study
of cfDNA methylation [15, 16]. In the present study [29, 30],
we applied MeDIP-seq to characterize the cfDNA methylation pattern in lung cancer patients.
Through MeDIP-seq analysis, we identiﬁed 3013 DMRs
in cfDNA derived from lung cancer patients, with 2569
(85.3%) hypomethylated and 445 (14.7%) hypermethylated
(Figure 2(b)). Such observation was consistent with the
well-known phenomenon that cancer genome is featured
by the genome-wide demethylation [31]. Methylation at
tumor suppressor promoter loci is a driving force in tumorigenesis [32]; we found that only a minority of hypermethylated DMRs was located in promoter regions and a
considerable fraction was located in intergenic regions,
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4. Discussion
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B3GAT2

study are able to separate the cancer patient from the healthy
individuals, we compared the methylation levels of the aforesaid 32 genes in both lung cancer patients (n = 36) and
healthy individuals (n = 36) with publicly available DNA
methylation data. We found that there is signiﬁcant diﬀerence (p < 0 05) in methylation levels of B3GAT2, BCAR1,
HLF, HOPX, HOXD11, MIR1203, MYL9, SLC9A3R2, SYT5,
and VTRNA1-3 between lung cancer patients and healthy
individuals (Figure 3). This result suggests that these ten
genes possibly serve as diagnostic biomarkers for lung cancer.

Control
Patient

Figure 3: The comparison of methylation level between patients
and controls of ten selected genes. ∗ to ∗∗∗∗ represents p values
of < 0.05, 0.01, 0.001, and 0.0001.

suggesting that DNA methylation may regulate gene expression in a more complex manner through distant regulatory
elements in cancer [33].
To evaluate the clinical potential of 32 hypermethylated
genes at promoters identiﬁed in cfDNA of patient plasma,
we examined the methylation status of this set of genes with
DNA methylation data in public database. We found that ten
genes exhibited statistically signiﬁcant diﬀerence between
lung cancer patients and the normal population, including
B3GAT2, BCAR1, HLF, HOPX, HOXD11, MIR1203, MYL9,
SLC9A3R2, SYT5, and VTRNA1-3 (Figure 3). HLF has
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previously been reported to be methylated in lung cancer
[26]. Tumor suppressor HOPX inhibits cell proliferation,
migration, and invasion in lung cancer [27]. Methylation of
B3GAT2, a member of the panel as biomarker, has been used
for diagnosis in colorectal cancer [34]. These observations
suggest that the methylated genes identiﬁed in lung cancer
plasma could be of potential value in clinical application.
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[4]

[5]

5. Conclusions
In brief, our study demonstrated MeDIP-seq could serve as an
alternative approach for cfDNA methylation analysis and
identiﬁed a set of 10 diﬀerentially methylated genes as potential biomarkers for clinical application in a lung cancer patient.

[6]

[7]

Data Availability
The raw data of MeDIP-seq in this study are available in the
EMBL database (http://www.ebi.ac.uk/arrayexpress/) under
accession number E-MTAB-7163.

Conflicts of Interest
The authors declare that there is no conﬂict of interest
regarding the publication of this paper.

Acknowledgments
This work was supported by the Development Program for
Basic Research of China (2014YQ09070904), National Natural
Science Foundation of China (31671299), Shanghai Science
and Technology Committee Program (17JC1400804), Medical
Engineering Cross Fund (YG2015MS33, YG2017ZD15), and
Laboratory Innovative Research Program of Shanghai Jiao
Tong University (17SJ-18). We are grateful to Chao Xia for
his technical support.

[8]

[9]
[10]

[11]

[12]

[13]

[14]

Supplementary Materials
Figure S1: representative bioanalyzer proﬁles of cfDNA and
MeDIP-seq libraries. Figure S2: MeDIP-seq analysis in lung
cancer patients and controls. Table S1: real-time quantitative
PCR primer sequences for validating MeDIP-seq enrichment
eﬃciency. Table S2: DMRs identiﬁed in cfDNA of lung
cancer patient plasma. Table S3: DMRs at promoter regions
in cfDNA of lung cancer patient plasma. Table S4: GO
annotation terms for the promoter-hypermethylated genes.
(Supplementary Materials)

References
[1] R. L. Siegel, K. D. Miller, and A. Jemal, “Cancer statistics,
2016,” CA: a Cancer Journal for Clinicians, vol. 66, no. 1,
pp. 7–30, 2016.
[2] G. Buccheri and D. Ferrigno, “Lung cancer: clinical presentation and specialist referral time,” The European Respiratory
Journal, vol. 24, no. 6, pp. 898–904, 2004.
[3] T. Powrozek, P. Krawczyk, M. Nicos, B. Kuznar-Kaminska,
H. Batura-Gabryel, and J. Milanowski, “Methylation of the
DCLK1 promoter region in circulating free DNA and its

[15]

[16]

[17]

[18]

[19]

[20]

prognostic value in lung cancer patients,” Clinical & Translational Oncology, vol. 18, no. 4, pp. 398–404, 2016.
K. Guo, Z. Zhang, L. Han et al., “Detection of epidermal
growth factor receptor mutation in plasma as a biomarker
in Chinese patients with early-stage non-small cell lung
cancer,” OncoTargets and Therapy, vol. 8, pp. 3289–3296,
2015.
H. Schwarzenbach, D. S. B. Hoon, and K. Pantel, “Cell-free
nucleic acids as biomarkers in cancer patients,” Nature
Reviews. Cancer, vol. 11, no. 6, pp. 426–437, 2011.
M. Stroun, P. Anker, P. Maurice, J. Lyautey, C. Lederrey, and
M. Beljanski, “Neoplastic characteristics of the DNA found
in the plasma of cancer patients,” Oncology, vol. 46, no. 5,
pp. 318–322, 2004.
L. A. Diaz Jr. and A. Bardelli, “Liquid biopsies: genotyping circulating tumor DNA,” Journal of Clinical Oncology, vol. 32,
no. 6, pp. 579–586, 2014.
M. Murtaza, S.-J. Dawson, D. W. Y. Tsui et al., “Non-invasive
analysis of acquired resistance to cancer therapy by sequencing
of plasma DNA,” Nature, vol. 497, no. 7447, pp. 108–112,
2013.
H. Feng, P. Jin, and H. Wu, “Disease prediction by cell-free
DNA methylation,” Brieﬁngs in Bioinformatics, 2018.
E. Crowley, F. Di Nicolantonio, F. Loupakis, and A. Bardelli,
“Liquid biopsy: monitoring cancer-genetics in the blood,”
Nature Reviews. Clinical Oncology, vol. 10, no. 8, pp. 472–
484, 2013.
M. Esteller, “Cancer epigenomics: DNA methylomes and
histone-modiﬁcation maps,” Nature Reviews. Genetics, vol. 8,
no. 4, pp. 286–298, 2007.
S. A. Belinsky, “Gene-promoter hypermethylation as a biomarker in lung cancer,” Nature Reviews. Cancer, vol. 4, no. 9,
pp. 707–717, 2004.
R. M. Bremnes, R. Sirera, and C. Camps, “Circulating
tumour-derived DNA and RNA markers in blood: a tool for
early detection, diagnostics, and follow-up?,” Lung Cancer,
vol. 49, no. 1, pp. 1–12, 2005.
S. Salvi, G. Gurioli, U. De Giorgi et al., “Cell-free DNA as a
diagnostic marker for cancer: current insights,” OncoTargets
and Therapy, vol. 9, pp. 6549–6559, 2016.
O. E. Bryzgunova and P. P. Laktionov, “Current methods of
extracellular DNA methylation analysis,” Molecular Biology,
vol. 51, no. 2, pp. 167–183, 2017.
T. A. Down, V. K. Rakyan, D. J. Turner et al., “A Bayesian
deconvolution strategy for immunoprecipitation-based DNA
methylome analysis,” Nature Biotechnology, vol. 26, no. 7,
pp. 779–785, 2008.
X. L. Zhang, J. Wu, J. Wang et al., “Integrative epigenomic
analysis reveals unique epigenetic signatures involved in unipotency of mouse female germline stem cells,” Genome Biology, vol. 17, no. 1, p. 162, 2016.
B. Langmead, C. Trapnell, M. Pop, and S. L. Salzberg, “Ultrafast and memory-eﬃcient alignment of short DNA sequences
to the human genome,” Genome Biology, vol. 10, no. 3,
p. R25, 2009.
M. Lienhard, C. Grimm, M. Morkel, R. Herwig, and L. Chavez,
“MEDIPS: genome-wide diﬀerential coverage analysis of
sequencing data derived from DNA enrichment experiments,”
Bioinformatics, vol. 30, no. 2, pp. 284–286, 2014.
H. Thorvaldsdottir, J. T. Robinson, and J. P. Mesirov, “Integrative Genomics Viewer (IGV): high-performance genomics

Disease Markers

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

data visualization and exploration,” Brieﬁngs in Bioinformatics, vol. 14, no. 2, pp. 178–192, 2013.
G. Yu, L. G. Wang, Y. Han, and Q. Y. He, “clusterProﬁler: an R
package for comparing biological themes among gene clusters,” OMICS, vol. 16, no. 5, pp. 284–287, 2012.
A. R. Thierry, F. Mouliere, C. Gongora et al., “Origin and
quantiﬁcation of circulating DNA in mice with human colorectal cancer xenografts,” Nucleic Acids Research, vol. 38,
no. 18, pp. 6159–6175, 2010.
M. Esteller, “Aberrant DNA methylation as a cancer-inducing
mechanism,” Annual Review of Pharmacology and Toxicology,
vol. 45, no. 1, pp. 629–656, 2005.
A. Moran, T. Fernandez-Marcelo, J. Carro et al., “Methylation
proﬁling in non-small cell lung cancer: clinical implications,”
International Journal of Oncology, vol. 40, no. 3, pp. 739–746,
2012.
A. L. Pineda, H. A. Ogoe, J. B. Balasubramanian et al., “On predicting lung cancer subtypes using ‘omic’ data from tumor and
tumor-adjacent histologically-normal tissue,” BMC Cancer,
vol. 16, no. 1, p. 184, 2016.
K. Lokk, T. Vooder, R. Kolde et al., “Methylation markers of
early-stage non-small cell lung cancer,” PLoS One, vol. 7,
no. 6, article e39813, 2012.
Y. Chen, L. Yang, T. Cui, M. Pacyna-Gengelbach, and I. Petersen,
“HOPX is methylated and exerts tumour-suppressive function through Ras-induced senescence in human lung cancer,” The Journal of Pathology, vol. 235, no. 3, pp. 397–
407, 2015.
C. Pixberg, W. Schulz, N. Stoecklein, and R. Neves, “Characterization of DNA methylation in circulating tumor cells,”
Genes, vol. 6, no. 4, pp. 1053–1075, 2015.
C. Legendre, G. C. Gooden, K. Johnson, R. A. Martinez,
W. S. Liang, and B. Salhia, “Whole-genome bisulﬁte
sequencing of cell-free DNA identiﬁes signature associated
with metastatic breast cancer,” Clinical Epigenetics, vol. 7,
no. 1, p. 100, 2015.
Y. Zhao, F. Xue, J. Sun et al., “Genome-wide methylation proﬁling of the diﬀerent stages of hepatitis B virus-related hepatocellular carcinoma development in plasma cell-free DNA
reveals potential biomarkers for early detection and high-risk
monitoring of hepatocellular carcinoma,” Clinical Epigenetics,
vol. 6, no. 1, p. 30, 2014.
S. T. Lee and J. L. Wiemels, “Genome-wide CpG island methylation and intergenic demethylation propensities vary among
diﬀerent tumor sites,” Nucleic Acids Research, vol. 44, no. 3,
pp. 1105–1117, 2016.
M. Z. Ma, R. Lin, J. Carrillo et al., “ΔDNMT3B4-del contributes to aberrant DNA methylation patterns in lung tumorigenesis,” eBioMedicine, vol. 2, no. 10, pp. 1340–1350, 2015.
R. Carvalho, V. Haberle, J. Hou et al., “Genome-wide DNA
methylation proﬁling of non-small cell lung carcinomas,” Epigenetics & Chromatin, vol. 5, no. 1, p. 9, 2012.
T. Hinoue, D. J. Weisenberger, C. P. E. Lange et al., “Genome-scale analysis of aberrant DNA methylation in colorectal
cancer,” Genome Research, vol. 22, no. 2, pp. 271–282, 2012.

7

MEDIATORS
of

INFLAMMATION

The Scientific
World Journal
Hindawi Publishing Corporation
http://www.hindawi.com
www.hindawi.com

Volume 2018
2013

Gastroenterology
Research and Practice
Hindawi
www.hindawi.com

Volume 2018

Journal of

Hindawi
www.hindawi.com

Diabetes Research
Volume 2018

Hindawi
www.hindawi.com

Volume 2018

Hindawi
www.hindawi.com

Volume 2018

International Journal of

Journal of

Endocrinology

Immunology Research
Hindawi
www.hindawi.com

Disease Markers

Hindawi
www.hindawi.com

Volume 2018

Volume 2018

Submit your manuscripts at
www.hindawi.com
BioMed
Research International

PPAR Research
Hindawi
www.hindawi.com

Hindawi
www.hindawi.com

Volume 2018

Volume 2018

Journal of

Obesity

Journal of

Ophthalmology
Hindawi
www.hindawi.com

Volume 2018

Evidence-Based
Complementary and
Alternative Medicine

Stem Cells
International
Hindawi
www.hindawi.com

Volume 2018

Hindawi
www.hindawi.com

Volume 2018

Journal of

Oncology
Hindawi
www.hindawi.com

Volume 2018

Hindawi
www.hindawi.com

Volume 2013

Parkinson’s
Disease

Computational and
Mathematical Methods
in Medicine
Hindawi
www.hindawi.com

Volume 2018

AIDS

Behavioural
Neurology
Hindawi
www.hindawi.com

Research and Treatment
Volume 2018

Hindawi
www.hindawi.com

Volume 2018

Hindawi
www.hindawi.com

Volume 2018

Oxidative Medicine and
Cellular Longevity
Hindawi
www.hindawi.com

Volume 2018

