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Epithelial ovarian cancer is the leading cause of death among gynecologic malignancies. Diagnosis usually occurs after
metastatic spread, largely reflecting vague symptoms of early disease combined with lack of an effective screening
strategy. Epigenetic mechanisms of gene regulation, including DNA methylation, are fundamental to normal cellular
function and also play a major role in carcinogenesis. To elucidate the biological and clinical relevance of DNA meth-
ylation in ovarian cancer, we conducted expression microarray analysis of 39 cell lines and 17 primary culture specimens
grown in the presence or absence of DNA methyltransferase (DNMT) inhibitors. Two parameters, induction of expression
and standard deviation among untreated samples, identified 378 candidate methylated genes, many relevant to TGF-beta
signaling. We analyzed 43 of these genes and they all exhibited methylation. Treatment with DNMT inhibitors increased
TGF-beta pathway activity. Hierarchical clustering of ovarian cancers using the 378 genes reproducibly generated
a distinct gene cluster strongly correlated with TGF-beta pathway activity that discriminates patients based on age. These
data suggest that accumulation of age-related epigenetic modifications leads to suppression of TGF-beta signaling and
contributes to ovarian carcinogenesis.

[Supplemental material is available online at http://www.genome.org. The microarray data from this study have been
submitted to the NCBI Gene Expression Omnibus (http://www.ncbi.nlm.nih.gov/geo) under SuperSeries accession no.
GSE25429.]

Ovarian cancer is the leading cause of death among gynecological

cancers. Revealing the factors involved in ovarian carcinogenesis

is a top priority in order to develop new modalities for detecting

the disease at an early stage (Badgwell and Bast 2007). Epigenetic

silencing of gene expression through aberrant methylation of

CpG dinucleotides at gene promoter regions plays a major role

in carcinogenesis (Barton et al. 2008). Treatment of cells with

DNA hypomethylating agents, such as 5-aza-29-deoxycytidine

(decitabine, or 5-Aza-dC) or 5-azacytidine (5-AzaC), followed by

gene expression microarray analysis is a frequently used method to

detect genes likely to have been silenced by DNA methylation in

cancer. A major advantage of this method is that it represents an

unbiased genome-wide approach to identify methylation that

is relevant to gene expression. A limitation to this approach is

that indirect effects cannot be excluded (Esteller 2007). Although

extremely high induction of expression was indeed associated

with methylated genes in many prior studies, rational strategies

have not been developed to discriminate between candidate meth-

ylated and unmethylated genes, instead relying on arbitrary cutoffs.

Microarray analyses for cells treated with DNA hypomethylating

agents have been performed previously using a small number of

cell lines, resulting in the identification of relatively few genes

that are targeted by DNA methylation. Pathway deregulation re-

sulting from changes in DNA methylation has also not previously

been described.

In this study, we treated 39 cell lines and 17 cultured primary

ovarian cancer specimens with DNA hypomethylating agents and

followed this by microarray analysis to examine genome-wide

changes in gene expression. We defined criteria to accurately clas-

sify genes as subject to methylation using a list of genes reported as

methylated in primary cancers. We used these criteria to identify

378 candidate methylated genes in ovarian cancer and showed

for the first time that TGF-beta pathway function is regulated by

methylation of multiple TGF-beta pathway gene members in this

disease. Gene expression analyses of the 378 candidate methylated

genes in primary ovarian cancer tissue specimens suggested that

a defined cluster of genes is associated with suppression of TGF-

beta pathway activity though age-related coordinate accumulation

of methylation. These data suggest a fundamental mechanism un-

derlying the development of ovarian cancer.

Results and Discussion

Prediction of methylated genes in ovarian cancers

We generated gene expression microarray data for 39 ovarian

cancer cell lines that were either mock treated or treated with
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5-Aza-dC. Unsupervised hierarchical clustering of the resulting

data indicated that the 5-Aza-dC treatment did not cause non-

specific genome-wide changes in gene expression (Supplemental

Fig. S1).

Most of the currently known methylated genes in ovarian

cancer (Barton et al. 2008) are also methylated in other types of

cancers. We found a very similar pattern of gene reactivation in

multiple cell lines from different tissue sources by pharmacologic

reactivation of expression using DNA methyltransferase inhibitors

(Supplemental Table S1; Supplemental Fig. S2), also suggesting

commonality in genes targeted by DNA methylation across tissues.

We previously used a compilation of genes reported as methylated

in cancers in a bioinformatics approach to predict genes subject to

methylation in ovarian cancer based on sequence context (Goh

et al. 2007). In the current study, we used the same list (Supple-

mental Table S2) for validating our methodology in the prediction

of methylated genes. Because genes methylated in other types of

cancers are more likely to be methylated in ovarian cancer than are

other genes throughout the genome, we searched for parameters

that optimally enrich for this group of genes, which we refer to as

‘‘methylated in cancer’’ genes (MIC), which could then be used to

predict genes methylated in ovarian cancer.

Previously, high induction of expression following 5-Aza-dC

treatment in a panel of cell lines has been used to predict meth-

ylated genes (Muthusamy et al. 2006; Hoque et al. 2008). When all

microarray probes were sorted by their maximal change (MaxC)

in gene expression among the 39 ovarian cancer cell lines, the

MIC genes were enriched, strongly suggesting that highly reac-

tivated genes are methylated in ovarian cancer. In our analysis,

the frequency in occurrence of genes from the MIC list showed

an abrupt upward shift at a MaxC of 2.9 (Fig. 1A). This enabled us

to empirically determine a threshold for MaxC, above which a

gene has an increased likelihood of exhibiting methylation. Be-

cause MaxC was calculated by subtraction of log2 RMA (robust

multi-array analysis) (untreated control) from log2 RMA (5-Aza-dC)

values, this threshold of 2.9 is comparable to previous reports that

detected methylation of genes exhibiting a 4- to 8-fold induction

(Muthusamy et al. 2006; Shames et al. 2006). Although this crite-

rion was extremely stringent when cell lines were considered in-

dividually, 763 probes (623 genes) were selected based on analysis

of the entire group of 39 cell lines. Therefore, we looked for another

parameter to increase selectivity for MIC gene enrichment.

An unexpected factor that enriched MIC genes was the stan-

dard deviation (SD) of gene expression among the mock treated 39

cell lines, which is completely independent from the MaxC pa-

rameter that relies on induction of expression following drug treat-

ment. The enrichment of MIC genes abruptly shifted upward at the

point where the SD was greater than1.6 (Fig. 1B), and this sudden

increase again provided an empirically defined SD threshold above

which genes are more likely to exhibit methylation. Similar results

were obtained for two other primary ovarian cancer microarray data

sets (Supplemental Fig. S3). Although not previously reported, this

data indicates that aside from changes in copy number, large dif-

ferences in gene expression that likely contribute to the hetero-

geneous phenotypes of cancer cells may also be due to differences

in epigenetic gene regulation. One limitation of using a high SD to

identify candidate methylated genes is that this may inhibit iden-

tification of those genes that are very frequently silenced by meth-

ylation, since expression levels for such genes are expected to be

ubiquitously low. However, combining the MaxC and SD param-

eters led to synergistic enrichment of MIC genes and produced

a list of 311 candidate methylated genes (379 probes) (Fig. 1C;

Table 1).

Methylation microarrays have been used to directly detect

genome-wide methylation based on digestion of genomic DNA

with methylation-sensitive and insensitive restriction enzymes,

or through capture of methylated DNA fragments using methyl-

DNA binding proteins, ultimately leading to generation of an

unbiased list of methylated genes. We

therefore also compiled a methylation

microarray gene list from such published

reports (Supplemental Table S3). We found

that the cutoff values for both MaxC > 2.9

and SD > 1.6 significantly enriched the

genes from the methylation microarray

gene list in the cell lines (Supplemental

Table S4; P < 0.0001 for both, x2 test) as

we had also observed for the genes in

the MIC gene list. Exclusion of the MIC

genes did not change the significance of

the results for the remaining methyla-

tion microarray gene probes (data not

shown). Furthermore, we analyzed the

ability of the MaxC and SD parameters

to enrich for the genes predicted to be

methylated based on sequence context

from our prior report (Goh et al. 2007).

In this report, genes likely to be meth-

ylated were assigned higher cluster_boost

scores. Indeed, genes with higher cluster_

boost scores were enriched above the

cutoff values of MaxC > 2.9 and SD >

1.6, independently (Mann-Whitney U

test, P = 0.012 and P < 0.0001, respectively;

not shown). These results, from analysis

of mulitiple genome-wide, unbiased gene

Figure 1. Defining threshold criteria for prediction of methylation. Analysis of expression of the MIC
genes from ovarian cancer cell lines for maximum change (MaxC) in expression following 5-Aza-dC
treatment relative to mock-treated cells (A), for the standard deviation (SD) in expression among the
mock-treated cells (B), and for the combination of these two parameters (C ). In panels A and B, gene
probes are arranged in increasing order of MaxC (A) or SD (B), indicated by the color bar at the bottom of
each panel. The number of MIC genes represented in a 100-probe sliding window is indicated by the
blue bar graphs. The positioning of MIC genes with respect to MaxC or SD is shown in the color bar
below, with red lines representing MIC genes and other genes represented by black lines. Defined
thresholds are indicated by the green arrows. In the scatter plot in panel C, each gene probe is repre-
sented by a single dot where x = SD and y = MaxC. (Red dots) MIC genes; (black dots) all other genes.
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sets and based on known methylation-prone genes in cancers, val-

idate the prediction of methylated genes using our parameters of

MaxC and SD.

Candidate genes identified from reactivation-microarray ex-

periments using cell lines are thought to require independent vali-

dation using clinical samples (Cairns 2009). However, others have

shown that most genes methylated in cell lines are also subject to

methylation in clinical cancer samples (Ueki et al. 2002; Ibanez de

Caceres et al. 2006; Muthusamy et al. 2006; Shames et al. 2006). To

enable comparison of established cell lines with clinical cancer

samples, we developed a primary culture data set, consisting of 13

ovarian cancers (12 serous, one endometrioid), two serous bor-

derline tumors, and two pooled normal ovarian surface epithe-

lium samples (Supplemental Table S5). These specimens under-

went limited culture (one passage) followed by mock treatment

or treatment with 5 mM 5-AzaC. RNA from these cells was subse-

quently used for generation of gene expression microarray data. As

we had observed with the cell lines, both MaxC induced by 5-AzaC

and the SD of expression among the untreated samples enriched

for the MIC genes. The number of MIC genes sharply increased

with parameters of MaxC > 1.5 and SD > 1.6, which represented

distinct thresholds for this group of specimens (Supplemental Fig.

S4A,B). Similar to the cell lines, synergistic enrichment of MIC

genes occurred when the two criteria were combined, and identi-

fied 108 candidate methylated genes (128 probes) (Supplemental

Fig. S4C; Supplemental Table S6). These cutoff values also enriched

the methylation microarray gene list (Supplemental Table S7; P <

0.0001 for both). Furthermore, higher cluster_boost scores (Goh

et al. 2007) were again observed among the genes selected by the

two cutoff values (MaxC > 1.5; P = 0.0061, SD > 1.6; P < 0.0001; data

not shown).

Next, we compared the selected candidate methylated genes

in the cell line and primary culture data sets. Many of the probes

selected from the primary cultured cells were present among the

genes exceeding the MaxC and SD cutoffs defined by the cell line

gene expression profiles (Fig. 2A). Similarly, the MaxC and SD

thresholds defined by the primary cultured cells clearly enriched

the probes selected from the cell lines (Fig. 2B). These data indi-

cate that candidate methylated genes exhibit similarities in expres-

sion patterns among established cell lines and clinical samples in

ovarian cancer. Compared to the 311 candidate methylated genes

(379 probes) from the cell line data, only 108 candidate methyl-

ated genes (128 probes) were identified from the primary cultures,

probably due to the smaller sample size as we alluded to above from

individual analysis of the cell lines. There were 41 genes that were

present in both gene lists, which was statistically significant

compared to the rest of the genome (P < 0.0001, x2 test). Given the

degree of overlap between the cell line and primary culture data

sets, both gene lists were combined and comprised our final group

of 378 candidate methylated genes (454 probes) in ovarian can-

cer (Supplemental Table S8).

The reliability of these predictions was also assessed using

a literature search. Among the 378 predicted methylated genes,

167 (44%) were previously reported as methylated inclusive of

all cell types, among which 21 were in ovarian cancer and 127 in

other types of malignant cells (Supplemental Table S8). Only 14

of the 167 genes that were previously reported as methylated in

any cancer were also members of the MIC gene list. Our ratio of

known methylated/predicted methylated (167/378) is much higher

than that from a previous report (25/200; 12.5%) in which 20 cell

lines were used in a gene reactivation-microarray experiment

(Hoque et al. 2008) (P < 0.0001, x2 test), though this difference

may be at least partially influenced by the different timing of the

literature analysis. Based on these observations, we anticipated

that many of the 378 listed candidates from our analyses are bona

fide methylated genes.

In order to biologically verify the predictions, we conducted

methylation-specific PCR assays and pyrosequencing analysis.

Methylation-mediated regulation of transcription does not nec-

essarily occur at CpG islands that contain transcription start sites

(TSS-CGI) (Antequera 2003). However, here we analyzed only

Table 1. High MaxC and high SD enrich MIC genes

Cell lines SD > 1.6 SD < 1.6 Total

MaxC > 2.9 7.7% (29/379) 1.8% (7/384) 4.7% (36/763)
MaxC < 2.9 3.1% (21/674) 0.4% (84/20,778) 0.5% (105/21,452)
Total 4.7% (50/1053) 0.4% (91/21,162) 0.6% (141/22,215)

Shown is the percent of probes meeting each criteria, followed by the
actual ratio in parentheses, which shows the number of probes in the MIC
data set meeting the specified criteria divided by the number of probes on
the gene chip that also meet the criteria. For example, 7.7% of the probes
representing the MIC genes exhibit an average SD > 1.6 and an average
MaxC of >2.9; 7.7% is derived by dividing the 29 MIC gene probes by the
379 probes on the Affymetrix U133A platform that also meet these same
criteria for SD and MaxC and multiplying that number by 100.

Figure 2. Concordance between predictions from primary cultured
cell and cell line data of candidate methylated genes. (A) Enrichment of
the 128 candidate methylated gene probes (green lines in black color bar;
other probes, black lines; in scatter plot, green dots) from primary cultured
cancer cells based on the thresholds for MaxC and SD defined by analysis
of the cell line data. (B) Enrichment of the 379 candidate methylated gene
probes from the cell line data set (in black color bar, green lines; other
probes, black lines; in scatter plot, green dots; other probes, black dots)
based on thresholds for MaxC and SD defined by the primary culture
data set.
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TSS-CGI(+) genes because we presumed this would provide the

most straightforward means to detect DNA methylation that reg-

ulates transcription and thus reflects our defined MaxC and SD

parameters. For reasons described later, TGF-beta pathway-related

genes were a dominant focus of these analyses. We analyzed 43

genes, including two that have been reported as methylated in

ovarian cancer (see Supplemental Table S8). All 43 genes were

found to be methylated in at least three of the ovarian cell lines

tested. Furthermore, we found methylation of ten additional

genes, selected by either high MaxC or high SD, in the ovarian cell

lines and among the ovarian cancer primary culture specimens.

Among these 53 genes, 50 were also analyzed in primary ovarian

cancer tissues and 48 genes were methylated in at least one of

the cancer specimens analyzed (see Supplemental Table S9 and

Supplemental Fig. S5A for representative MS-PCR results). Fur-

thermore, these 50 genes were also examined in primary ovarian

cancer cell cultures and 46 genes exhibited methylation in at least

one specimen (Supplemental Table S9). These data strongly sug-

gest that most, if not all, of the predicted genes are actually targeted

by DNA methylation in ovarian cancer.

Next, we analyzed the relationship between methylation and

expression for the methylation prone genes in the ovarian cell

lines. Relative transcript levels of genes that exhibit methylation

tended to be lower than that of specimens that were unmethylated

when analyzed by MS-PCR. This association was statistically sig-

nificant for 22 genes (P < 0.05; Supplemental Fig. S5B). To further

verify the inverse relationship between expression and methyla-

tion, TGFBR2, THBS1, and ID1 were analyzed using pyrosequenc-

ing, which provided highly quantitative data for individual CpG

sites in the promoter regions of these genes. Significant negative

correlations between expression and methylation were found for

these genes (Fig. 3; Supplemental Fig. S5C). These data indicate

that prediction of methylated genes based on our method, using

expression microarray data from established cell lines and primary

cultured cells, identifies genes for which expression is subject to

suppression by DNA methylation.

Pathway analysis of the predicted methylated genes

Treatment of cells with inhibitors of DNA methyltransferase ac-

tivity is expected to result in increased expression of genes that

are silenced by DNA methylation, which can be comprehensively

detected using microarrays (Ushijima 2005). By extension, it is

plausible that signaling pathways regulated by DNA methylation

are more likely to be revealed using this technique than with other

methods that directly detect genome-wide methylation. The in-

terferon signaling pathway is up-regulated by 5-Aza-dC in colon

cancer (Karpf et al. 1999) and bladder cancer (Liang et al. 2002).

However, very few reports have analyzed associations between

methylation and signaling pathways likely because the number

of methylated genes detected by such reactivation-microarray

experiments has been relatively small (Mund et al. 2006). Here,

we generated a list of 378 genes predicted as subject to methyla-

tion in ovarian cancer by using as many as 56 specimens with

the anticipation that the larger sample size would allow us

to more effectively detect pathway-specific regulation by DNA

methylation.

To better understand the biological relevance of methylation

in ovarian cancer, the potential enrichment of Gene Ontology (GO)

terms for the 378 predicted genes was assessed using GATHER

(Supplemental Table S10; Chang and Nevins 2006). Consistent

with the widely accepted idea that gene-specific methylation in

cancer targets genes with tumor suppressive functions and con-

tributes to cancer initiation, GO terms such as ‘‘negative regulation

of cell proliferation’’ (P < 0.001) and ‘‘positive regulation of apo-

ptosis’’ (P < 0.01) were significantly enriched among the 378 pre-

dicted methylated genes as compared to the genome. GO terms

including ‘‘development’’ and ‘‘morphogenesis’’ were also enriched

and are consistent with previous reports that DNA methylation is

essential in the physiological process of development (Suzuki and

Bird 2008). Other representative GO terms that were enriched in

this gene set included ‘‘adhesion,’’ ‘‘cell migration,’’ ‘‘angiogene-

sis,’’ and ‘‘immune response.’’ These GO terms, which are relevant

to the functions of the TGF-beta super-

family pathway (Massague 2008), are sug-

gestive of a close relationship between

DNA methylation and this pathway. In

support of this, we used GATHER to ana-

lyze the gene list for potential enrich-

ment of genes belonging to KEGG path-

ways (Kyoto Encyclopedia of Genes and

Genomes, http://www.genome.ad.jp/kegg/),

and found that genes belonging to the

‘‘TGF-beta signaling pathway’’ were in-

deed significantly enriched among the

378 genes compared to the genome (P =

0.003).

Deregulation of the TGF-beta sig-

naling pathway has been detected in

ovarian cancer. Mutation of TGFBR2 has

been reported (Lynch et al. 1998), but

the frequency is thought to be very rare

(Alvi et al. 2001; Francis-Thickpenny

et al. 2001; Ding et al. 2005). In accor-

dance with this, several groups including

ours have reported that TGF-beta 1–in-

duced post receptor signal transduction

occurs in most ovarian cancer cells. How-

ever, the tumor suppressive function of

Figure 3. Methylation of predicted genes is associated with repression of transcription. Quantitative
pyrosequencing was used to measure methylation present at the promoters of TGFBR2 (8 CpG sites; A)
and THBS1 (7 CpG sites; B). Expression is indicated by the green-red (low-high) color bars at the top of
each panel. Significant correlations between methylation and expression are indicated by the asterisks:
*P < 0.05; **P < 0.01; ***P < 0.001.
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TGF-beta is decreased or diminished, and its prometastatic func-

tion is increased, although the precise mechanism remains unclear

(Havrilesky et al. 1995; Rodriguez et al. 2001; Dunfield et al. 2002;

Do et al. 2008). In human cancers, promoter methylation of

genes within the TGF-beta signaling pathway has been reported

(Kang et al. 1999; Li et al. 1999; Zhao et al. 2005; Furuta et al. 2006;

Onwuegbusi et al. 2006). Other TGF-beta superfamily signaling

genes are also targeted by methylation (Umetani et al. 2005; Wen

et al. 2006; Yamashita et al. 2006). Although methylation of TGF-

beta superfamily signaling pathway genes has never been reported

in ovarian cancer, it is plausible that this is one of the major

pathways that would be targeted by promoter methylation given

the enrichment of the GO terms relevant to this pathway. To verify

this idea, we first analyzed methylation of 12 KEGG TGF-beta su-

perfamily genes in ovarian cancer samples using MS-PCR. BMP2,

BMP4, FST, ID2, ID4, TGFB2, and THBS1 were included among the

378 predicted methylated genes. BMP7, ID1, INHBB, SMAD7, and

TGFBR2 were also selected as potentially methylated using either

the high MaxC or high SD criteria when applied to the cell line or

primary culture data sets (Supplemental Table S9). All 12 selected

genes exhibited methylation in both ovarian cell lines and cancer

tissue samples.

Next, we examined the associations between the results of

genome-wide demethylation treatment using 5-Aza-dC and TGF-

beta activity. In the SKOV4 and OVCAR3 ovarian cancer cell lines,

5-Aza-dC enhanced TGF-beta activity, detected by Western blot-

ting using antibodies against p-SMAD3. Interestingly, the activa-

tion resulting from 5-Aza-dC treatment appeared stronger than

that from the treatment by TGF-beta 1 alone in the SKOV4 cells

(Fig. 4A). This trend was more evident using a luciferase assay

with a SMAD3-reporter plasmid (Fig. 4B).

To further confirm the induction of TGF-beta pathway ac-

tivity by 5-Aza-dC, we conducted binary regression, a computa-

tional method used to calculate pathway activity based on the

change in transcriptional activity of downstream pathway genes

(West et al. 2001; Bild et al. 2006). We previously developed and

reported a TGF-beta pathway signature using a data set available

from the Gene Expression Omnibus website (GSE1724; http://

www.ncbi.nlm.nih.gov/geo/; Renzoni et al. 2004; Andrechek et al.

2008). Consistent with the results obtained from Western blotting

and the luciferase assay, this computational analysis indicated

that 5-Aza-dC treatment significantly induced TGF-beta pathway

activity (Supplemental Fig. S6; Figure 4C).

In order to quantitatively assess the genome-wide intensity

of epigenetic gene silencing and relate this to TGF-beta pathway

activity, we first calculated the average expression values of the

378 genes (454 probes), a method used previously to calculate

gene signature expression profiles of tumors determined by a

specific gene set (Chen et al. 2007). In the 39 untreated cell lines,

TGF-beta signature probabilities were strongly positively correlated

with the average expression of the 378 genes (r = 0.89, P < 0.0001;

signature probabilities are listed in Supplemental Table S11). Be-

cause TGF-beta pathway function was induced by 5-Aza-dC treat-

ment, these results suggest that one of the major effects of the

cumulative genome-wide DNA methylation profiles in ovarian

cancers is to suppress TGF-beta pathway activity. In addition,

correlation analyses with cell line characteristics with relevance

to TGF-beta pathway activity, including anchorage-independent

growth, population doubling time, and cisplatin response, suggest

methylation-mediated inhibition of tumor suppressor functions

(Supplemental Table S11; Supplemental Fig. S7). The average ex-

pression of the 378 genes negatively correlated with the methyla-

tion status of the entire group of 53 genes in Supplemental Table S9

(Supplemental Fig. S8; r = �0.61, P = 0.0002), supporting the rele-

vance of using the average expression of the 378 genes to represent

genome-wide methylation status.

We next analyzed the clinical ovarian cancer data set,

GSE3149, which contains 146 tissue samples from advanced (stage

III-IV) serous ovarian cancers without prior treatment. Hierarchical

clustering analysis using our group of 378 genes generated one

pronounced gene cluster in which the expression of the genes was

strongly correlated (Fig. 5A). To analyze the reproducibility of the

cluster classification, we used GSE2109 containing gene expres-

sion microarray data for over 2000 tumor specimens, from which

the 77 serous ovarian tumor samples without any prior treatment

were analyzed. These 77 specimens included borderline tumors

and early and advanced stage cancers. The same probes that

exhibited highly correlated expression in GSE3149 again gener-

ated a gene cluster in the GSE2109 data set (Fig. 5B). Although we

cannot formally rule out similarity in copy number changes, al-

terations in a common upstream regulatory factor or histone

modifications in contributing to this clustering pattern, these data

likely suggest that concordant epigenetic regulation of transcrip-

tion occurs for a substantial number of genes in serous ovarian

cancers and that this is present in premalignant tumors and early

stage disease. We refer to the genes that are present in the co-

ordinately expressed gene cluster as ‘‘methyl cluster’’ genes.

Figure 4. The TGF-beta pathway is activated following treatment with
DNA hypomethylating agents. (A) Representative Western blot showing
that levels of the TGF-beta effector molecule, phosphorylated SMAD3
(p-SMAD3), increase following addition of 5-Aza-dC or TGF-beta 1 in the
SKOV4 and OVCAR3 ovarian cancer cell lines. GAPDH was used as an en-
dogenous control. Combined treatment leads to synergistic induction of
p-SMAD3. Similar results were obtained using a SMAD3 reporter lucifer-
ase assay (B). The average of three experiments is shown. Error bars, SD.
*P< 0.05, **P<0.01, ***P<0.001. (C ) TGF-beta pathway signature proba-
bility scores are increased in 39 cell lines following treatment with 5-Aza-dC.
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In the data set containing 146 advanced stage serous ovarian

cancers (GSE3149), survival of patients did not differ between the

two tumor clusters stratified by the methyl cluster genes (data not

shown). However, in the tumor cluster in which the expression

of the methyl cluster genes was suppressed, the patient’s age at

diagnosis was significantly higher (mean; 62.6 yr vs. 57.7 yr, P =

0.0083; Mann-Whitney U test) (Fig. 5A). In the data set containing

77 serous ovarian tumors (GSE2109), there was no difference in

the overall distribution of the borderline tumors, early stage can-

cers, and late stage cancers among the two tumor clusters based

on expression of the methyl cluster genes (data not shown). How-

ever, the patient’s age at diagnosis was again significantly higher

in the group with repressed expression of the methyl cluster genes

(mean; 63.6 yr vs. 56. 7 yr, P = 0.015; Fig. 5B).

The average expression of the 378 genes was positively cor-

related with the expression of genes in the methyl cluster (P <

0.0001; data not shown) indicating that expression of the methyl

cluster genes is representative of the methylation target genes. A

strong positive correlation was also observed between the TGF-

beta signature probabilities and the average expression of the

methyl cluster genes in both GSE3149 and GSE2109 (Fig. 6A,B;

P < 0.0001 for both; TGF-beta signature probabilities are listed in

Supplemental Table S12). This relationship was also present in

the data sets for the 39 ovarian cell lines and the 17 primary cul-

tured cells (Fig. 6C,D; P < 0.0001 for both). The two pooled OSE

specimens showed high expression of the methyl cluster genes

and high TGF-beta signature probability in the primary culture

data set (Fig. 6D). Distribution of the two borderline specimens

did not show any specific pattern of distribution in the primary

culture data set (data not shown).

Several genes that encode gene products involved in activa-

tion of TGF-beta pathway signaling are present within the methyl

cluster (Supplemental Table S8), including THBS1, CD44, and

SDC2. Though TGFBR2 was not included in the 378 predicted

genes, it was methylated in ovarian cancer cells (Fig. 3A) and

showed a strong positive correlation with the TGF-beta signature

probability in the ovarian cancer data set GSE3149 (r = 0.49, P <

0.0001). Therefore, these genes may exhibit concordant epige-

netic deregulation in ovarian cancer, and this may contribute to

the suppression of TGF-beta activity. Furthermore, genes down-

stream from the TGF-beta signaling pathway are also present in

the methyl cluster genes. SNAI2, TGFBI, SERPINE1, TAGLN, CTGF,

and EGR1 are well-known targets of TGF-beta signaling and

mediate epithelial-mesenchymal transition (EMT) or produce

extracellular matrix (Ihn 2002; Hirashima et al. 2003; Chen

et al. 2006; Herfs et al. 2008; Ma et al. 2008; Medici et al. 2008;

Yu et al. 2008). In our study, methylation of all of these genes

was detected in ovarian cancers (Supplemental Table S9; Supple-

mental Fig. S5). Furthermore, epigenetic regulation of other genes

within the group of 378 candidate methylated genes might

also influence TGF-beta pathway activity through unknown

mechanisms.

Tothill et al. (2008) defined six transcriptional subtypes (C1–

C6) from microarray analysis of serous and endometrioid ovarian

cancers (Tothill et al. 2008). Of these, C1 tumors (high stroma

signature) displayed high levels of tissue desmoplasia, which is rel-

evant to TGF-beta pathway activity. The average expression of

both the 378 candidate methylated genes and the methyl cluster

genes was highest in the C1 tumor group (Supplemental Fig. S9;

ANOVA P < 0.0001). The C4 tumor group (low stroma signature)

showed significantly lower average expression of these genes

as compared to the C1 tumor group (P < 0.0001; unpaired t-tests).

Therefore, the recently defined transcriptional subtypes seem

to be at least partially attributed to genome-wide methylation

status.

Taken together, our results indicate that concordant epige-

netic silencing is more likely to occur with age and may contribute

to the molecular heterogeneity present in ovarian carcinogenesis.

The relatively high expression of the Methyl Cluster genes and the

high TGF-beta signature probabilities of the pooled primary cul-

tured normal OSE (Fig. 6D) suggests that the genome-wide accu-

mulation of DNA methylation modulates ovarian cancer phe-

notypes at least in part through suppression of TGF-beta activity.

Age-related accumulation of gene-specific methylation has been

reported in relation to increased risk or presence of prostate and

colon cancers (Ahuja et al. 1998; Kwabi-Addo et al. 2007) and our

data suggest that this may also apply to ovarian carcinogenesis.

However, ovarian tumors with age-related increases in methyla-

tion appear to not be associated with a worse prognosis, nor are

they more invasive. This is likely due to the biphasic functions of

TGF-beta in suppressing cell proliferation and also in promoting

the aggressiveness of ovarian cancer (Nilsson and Skinner 2002).

In summary, transcriptome profiling using gene expression

microarrays following pharmacologic reactivation of genes tar-

geted by DNA methylation in 39 ovarian cell lines and 17 primary

culture samples led to defining two threshold values for MaxC

and SD which generated a list of 378 candidate methylated genes

in ovarian cancer. From analysis of those genes, a close relationship

between the genome-wide DNA methylation profile in ovarian

cancers and TGF-beta pathway activity was revealed. Furthermore,

we suggest that this concordant epigenetic deregulation leads to

classification of ovarian cancers into the following two subgroups:

Figure 5. Methyl cluster gene suppression is associated with age. (A)
A defined gene cluster (designated as ‘‘methyl cluster’’) was revealed
through hierarchical clustering of 146 primary ovarian cancers based on
the expression of the 378 candidate methylated genes (454 probes). Ex-
pression is shown by green to red (low to high) coloration within the
heatmap with age of the patient (below the heatmap) inversely correlated
with expression. (B) The methyl cluster genes in panel A similarly stratified
an independent set of 77 primary ovarian cancers, with lower gene ex-
pression again associated with increased age.
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(1) hypermethylated tumors with suppressed TGF-beta pathway

activity in women of increased age, and (2) tumors with increased

TGF-beta pathway activity in younger women. Epigenetic therapy

(Yoo and Jones 2006) may be useful for the former group, and

conversely, TGF-beta inhibitor therapy (Massague 2008) may be

useful for the latter group. Our data highlight the utility of tran-

scriptome reactivation microarray analysis to reveal how altered

epigenetic regulation modulates signal pathways in cancer, and

therefore, links the biology of epigenetics to future translational

research in cancer.

Methods

Cell culture, in vitro experiments, and methylation assays.
Detailed methods are described in the Supplemental text. We
previously reported the list of the 39 cell lines used in this study
and their culture conditions (Baba et al. 2009; Kondoh et al. 2010).
Population doubling times, colony formation in methylcellulose,
and cisplatin IC50 values were determined for all cell lines. Cell
lines were treated with 5 mM 5-Aza-dC or mock treated for 72 h
prior to microarray analysis. Western blotting and luciferase assays
were performed using SKOV4 and OVCAR3 ovarian cancer cell
lines to examine TGF-beta pathway activity in vitro. All tissue
specimens were collected after each patient provided written in-
formed consent and were used under a protocol reviewed and
approved by the Duke University Institutional Review Board. Pri-
mary culture of 13 ovarian carcinoma, two borderline tumors, and
ovarian surface epithelium (Supplemental Table S5) was performed
as previously described (Lounis et al. 1994). Cells in primary cul-
ture were divided into two dishes, mock treated or treated with
5 mM 5-AzaC for 72 h. Methylation analyses were performed
using methylation-specific (MS)-PCR and pyrosequencing using
methods previously reported by our group (Huang et al. 2006)

and described in the Supplemental text.
Primers for MS-PCR analysis are listed in
Supplemental Table S13.

Microarray data sets

Gene expression microarray data was gen-
erated as previously reported (Berchuck
et al. 2005). RNA was processed and
hybridized onto Affymetrix HT-U133A
(cell lines) or U133 Plus 2.0 (primary cul-
ture) genes chips by the Duke Micro-
array Facility. Published microarray data
sets were obtained from the Gene Ex-
pression Omnibus website (http://www.
ncbi.nlm.nih.gov/geo/) and included
GSE4717, GSE5230, GSE5816, GSE1724,
GSE6653, GSE5457, GSE7144, GSE3149,
GSE9899, and GSE2109. Microarray data
sets previously described but not made
publically available were generously pro-
vided by T Ushijima (Yamashita et al.
2006), Dr. Suzuki (Suzuki et al. 2002),
and JC Keen (Keen et al. 2004). A list of
genes known to be methylated in cancers
(MIC genes) was assembled from the MD
Anderson website (http://www.mdanderson.
org/departments/methylation/) in addi-
tion to literature searches as we have
previously described (Goh et al. 2007).
Methylated genes as detected using meth-

ylation microarrays were obtained from published papers (see
Supplemental Table S3).

Data mining of microarray data sets

Graphs for the frequency of MIC genes in the neighboring 100
probes (Fig. 1A,B; Supplemental Fig. S4A,B) were drawn using Ex-
cel. Software applications were downloaded from the following
websites: R, http://www.r-project.org; Java TreeView version 1.1.2,
http://jtreeview.sourceforge.net/; Cluster 3.0, http://rana.lbl.gov/
EisenSoftware.htm; Binary regression, http://data.genome.duke.
edu/oncogene.php. The enrichment of Gene Ontology terms or
KEGG pathways within groups of genes or gene probes was per-
formed using web-based GATHER (http://gather.genome.duke.edu/)
(Chang and Nevins 2006). Blue-yellow-red heatmaps were drawn
using R, and other heatmaps were drawn using Java TreeView.
Average linkage hierarchical clustering was conducted using mean
centered and normalized gene expression values. Statistical anal-
ysis was performed using GraphPad Prism Version 4.0b. Binary
regression analysis used MAS5 normalized values. All other micro-
array data set analyses used log2-transformed RMA-normalized
values. Of the more than 54,000 U133 Plus 2.0 probes, only the
22,215 that were also present in the U133A data set were used. To
merge U95A V2 gene chips with U133A probes, the ‘‘bestmatch’’
annotations were obtained from the Affymetrix website (http://
www.affymetrix.com/index.affx).
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