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Abstract
Understanding the regulatory landscape of the human genome is a central question in complex trait genetics. Most single-
nucleotide polymorphisms (SNPs) associated with cancer risk lie in non-protein-coding regions, implicating regulatory DNA
elements as functional targets of susceptibility variants. Here, we describe genome-wide annotation of regions of open
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chromatin and histone modification in fallopian tube and ovarian surface epithelial cells (FTSECs, OSECs), the debated cellular
origins of high-grade serous ovarian cancers (HGSOCs) and in endometriosis epithelial cells (EECs), the likely precursor of clear
cell ovarian carcinomas (CCOCs). The regulatory architecture of these cell types was compared with normal humanmammary
epithelial cells and LNCaP prostate cancer cells. We observed similar positional patterns of global enhancer signatures across
the three different ovarian cancer precursor cell types, and evidence of tissue-specific regulatory signatures compared to non-
gynecological cell types. We found significant enrichment for risk-associated SNPs intersecting regulatory biofeatures at 17
known HGSOC susceptibility loci in FTSECs (P = 3.8 × 10−30), OSECs (P = 2.4 × 10−23) and HMECs (P = 6.7 × 10−15) but not for EECs
(P = 0.45) or LNCaP cells (P = 0.88). Hierarchical clustering of risk SNPs conditioned on the six different cell types indicates FTSECs
and OSECs are highly related (96% of samples using multi-scale bootstrapping) suggesting both cell types may be precursors of
HGSOC. These data represent the first description of regulatory catalogues of normal precursor cells for different ovarian cancer
subtypes, and provide unique insights into the tissue specific regulatory variationwith respect to the likely functional targets of
germline genetic susceptibility variants for ovarian cancer.

Introduction
Understanding the regulatory landscape of the human genome is
a central question in complex trait genetics. The surge of gen-
ome-wide association studies (GWASs) over the past decade
has revealed that ∼90% of common trait-associated variants are
located outside protein coding regions (http://www.genome.gov/
gwastudies/). This suggests a major role for non-protein coding
DNA elements such as enhancers and non-coding RNAs regulat-
ing the expression of target susceptibility genes, affecting com-
plex phenotypes. The Encyclopedia of DNA Elements (ENCODE)
project has catalogued genome-wide profiles of non-coding regu-
latory features of cell lines for multiple different cancer types.
Evaluating ENCODE data with respect to GWAS data reveals that
common variant risk regions are enriched for regulatory ele-
ments (1,2). However, ENCODE data are limited with respect to
cell types that have been profiled, and particularly the normal
precursor cells of different cancers.

The two main challenges in elucidating the functional me-
chanisms bywhich common variantsmodulate risk are identify-
ing the disease causing SNPs and the target susceptibility genes
they regulate. This is complicated by linkage disequilibrium (LD)
in the human genome, varying by racial–ethnic group. The causal
SNP at a given risk locuswill usually be correlatedwithmany sur-
rogate variants; the 1000 Genomes Project data show that for
every trait-associated variant in the NHGRI GWAS database,
there are, on average, 56 correlated variants at r2 ≥ 0.53, which
may represent the causal SNP. Another issue is tissue specificity.
ENCODE data show that the genome-wide regulatory architec-
ture is highly cell-type specific. This suggests that only tissues
relevant to a disease’s development should be evaluated in
order to identify interactions between putative causal SNPs and
their regulatory targets.

Epithelial ovarian cancer (EOC) is a heterogeneous disease
comprising several histological subtypes, each with distinct bio-
logical characteristics. Emerging evidence suggests that the dif-
ferent subtypes have different genetic hallmarks. The most
common subtype, high-grade serous ovarian cancer (HGSOC), is
characterized by somatic TP53mutations and genomic instability
caused by defects in double strand DNA break repair path-
ways (3,4), whereas clear cell ovarian carcinomas (CCOCs) are
characterized by mutations in ARID1A and deregulation of the
phosphoinositide 3-kinase signaling pathway (5,6). Different sub-
types also have different proposed cellular origins. Although it re-
mains a matter of debate, HGSOCs are thought to derive from
fallopian tube secretory epithelial cells (FTSECs) and/or ovarian
surface epithelial cells (OSECs) (7–9). Given that endometriosis
is a known risk factor for CCOC, it is likely that this subtype de-
rives from endometriosis epithelial cells (EECs) (10). Different

histological subtypes also show variations in the underlying gen-
etic susceptibility. Germline BRCA1 and BRCA2mutations usually
lead to HGSOC (11,12), while the mismatch repair genes predis-
pose women to the endometrioid subtype of ovarian cancer, in
addition to endometrial and colorectal cancers (13). GWAS have
so far discovered 17 common variant susceptibility regions at
genome-wide levels of significance (P < 5 × 10−8) conferring risk
to HGSOC, two of which also confer risk CCOC (14–21).

Currently, there are few data, either in ENCODE or the litera-
ture, describing the regulatory architecture of ovarian cancer pre-
cursor tissues. This significantly limits the ability to understand
the contribution of the non-coding genome to the development
of epithelial ovarian cancer, and to identify the causal genetic
variants at ovarian cancer susceptibility loci. The goals of the cur-
rent study were 3-fold: (i) to catalogue the tissue-specific gen-
ome-wide architecture of non-coding DNA regulatory elements
in OSECs, FTSECs and EECs based on regions of nucleosome de-
pletion and surrounding histone-3-lysine-4-monomethylation
(H3K4me1) and histone-3-lysine-27-acetylation (H3K27ac) post-
translational modifications; (ii) to integrate these data with
risk-associated common variants at ovarian cancer susceptibility
loci and identify the putative functional regulatory elements co-
inciding with SNPs at these loci; (iii) to use risk-associated epi-
genetic profiles at susceptibility loci to evaluate the cellular
origins of different ovarian cancer histological subtypes.

Results
Genome-wide regulatory profiling of epithelial ovarian
cancer precursor tissues

We generated genome-wide profiles of DNA regulatory marks in
five different cell lines representing the possible precursor cells
for HGSOC and CCOC. This included two normal ovarian epithe-
lial cell lines (IOE4 and IOE11) (22,23) and two fallopian tube se-
cretory epithelial cell lines (FT33 and FT246) (24,25), the
possible precursors of HGSOCs, and one EEC line (EEC16) (26),
the likely precursor of CCOC. We used FAIRE-seq (Formalde-
hyde-Assisted Isolation of Regulatory Elements) to catalogue
localized regions of nucleosome depletion, and ChIP-seq (Chro-
matin Immunoprecipitation sequencing) to profile H3K4me1
and H3K27ac histone modifications consistent with poised and
active/engaged enhancers, respectively. Putative enhancer sites
were defined as regions where localized nucleosome depletion
corresponded with surrounding histone peaks having either/
both H3K4me1 and H3K27ac modifications.

We compared the genome-wide architecture of regulatory
marks by cell type, and to similar data generated previously for
human mammary epithelial cells (HMECs) (27). By analyzing a
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global similarity matrix of affinity scores across all common
peaks (shared by at least two samples), we determined a gen-
ome-wide correlation coefficient of the five cell types. We ob-
served similar positional patterns of global enhancer signals
across the five EOC precursor cell lines. For OSECs and FTSECs,
where we profiled cells from two different individuals, the bio-
logical replicates showed greatest similarity to each other com-
pared to any other cell type. By cell type, OSEC and EEC lines
showed the greatest similarity to each other, but all three cell
types of gynecological origin showed greater similarity to each
other compared to HMECs (Fig. 1A). Taken together, these data
suggest that these gynecological tissues share a common under-
lying regulatory biology that is distinct from non-gynecological
epithelial cells, even though there are clearly unique epigenetic
signatures between gynecological tissues reflecting the tissue-
specific regulatory landscape of each cell type.

Regulatory architecture at epithelial ovarian cancer
susceptibility loci

We conditioned our regulatory analysis on 17 different regions of
the genome identified by genome-wide association studies,
which predispose to invasive epithelial ovarian cancer. Fifteen
of these regions are genome-wide significant risk loci for
HGSOC (1p34; 2q31; 3q25; 4q26; 5p15; 6p22; 8q21; 8q24; 9p22;
9q34; 10p12; 17q12; 17q21.31; 17q21.32; 19p13). Two of these loci
are also independently associated with CCOC risk (8q24; 17q12).
Two other regions (1p36; 17q11) are borderline genome-wide sig-
nificant associations for HGSOC (P-value 5.7 × 10−8 and 3.9 × 10−7,
respectively) but are genome-wide significant for all invasive epi-
thelial ovarian cancer subtypes combined (Table 1). Representa-
tive examples of browser images showing the quality of the
regulatory data are shown in Supplementary Material, Figure
S1, for the 1p34 and 17q21.31 loci.

We compared the average signal intensity of the chromatin
signatures in all five normal gynecological cell lines, centered
on the peak of the FAIRE signals to establish if regulatory signals
differed between ovarian cancer risk regions (Supplementary
Material, Table S1) and genome-wide profiles. We observed no
differences in average peak positioning or intensity at putative
enhancer sites in risk region verses whole genome regulatory
architecture (Fig. 1B). Neither did we find evidence of a difference
in regulatory peak intensity between different risk regions. How-
ever, we did observe some differences in FAIRE and ChIP-seq sig-
nal intensity between gynecological tissues and HMECs at peaks
in risk regions consistent with the tissue-specific differences we
observed in the genome-wide patterns of regulatory marks be-
tween these cell types. For example, within the risk regions
there are 617 FAIRE peaks with significant nucleosome depletion
[False Discovery Rate (FDR) < 0.05] unique to OSECs, 80 unique to
FTSEC lines; but combining these cell types, there are 960 FAIRE
peaks that were significantly different to HMECs (Fig. 1C, Supple-
mentary Material, Table S2).

Functional annotation of risk-associated SNPs at ovarian
cancer susceptibility loci

We next integrated risk-associated genetic variants in the 17
ovarian cancer risk regions with regulatory biofeatures and pre-
dicted functional motifs from in silico analyses to identify SNP-
biofeature intersections. Imputation of variants from the 1000
Genomes Project data (28) identified a total of 9053 common var-
iants in the 17 regions. Within each region, we identified all SNPs
with a 1-in-100 chance of being a causal variant based on their

association with the most risk-associated SNP at each locus
(Table 1). These regions varied in size depending on the extent
of linkage disequilibrium and the span of risk-associated SNPs.
To annotate the transcriptional architecture of these regions,
we extended each risk region to onemegabase to encompass pu-
tative target susceptibility genes that may be regulated at long
distances from causal susceptibility SNPs. In total, 676 SNPs
were highly correlated with the most significant risk-associated
SNP at each locus and calculated to be the most likely causal
variant (21). These 676 variants were mapped with respect to
the following biofeatures: (i) nucleosome-depleted sites defined
by FAIRE signals defined earlier, andwith ENCODEDNaseI hyper-
sensitivity data from other cell types (HMEC and LNCaP); (ii)
H3K4me1 andH3K27ac signals identified in tissues in the current
study; (iii) previously defined gene regions (RefGene), their pro-
moter-proximal regions (i.e. −1 kb to +100 bp of a transcription
start site), exons and untranslated regions containing known
microRNA target sites.

Of the 676 associated risk variants, 202 (30%) mapped to at
least one of the functional categories (Fig. 2). The vast majority
of risk SNPsmapped to non-coding features; only 12 (6%)mapped
to coding exons of which four were non-synonymous substitu-
tions and onewas a frameshift variant (Supplementary Material,
Table S3). One hundred and fifty-three SNPs mapped to 96 dis-
tinct enhancer regions (summarized in Table 2). We predicted
the allele-specific impact of these SNPs onmodulating transcrip-
tion factor (TF) DNA binding motifs (Supplementary Material,
Table S4). To specifically relate screened TFmotifs to ovarian can-
cer, we restricted our analysis to the top 95% of expressed TFs in
ovarian cancer precursor cells as determined by RNA-sequencing
(Supplementary Material, Table S5). Of the 138 out of 153 enhan-
cer SNPs that had designations in dbSNP, 103 (75%) modulated a
TF motif. An additional 31 SNPs mapped to 11 distinct promoter
or promoter-proximal enhancer regions. Of these 31 promoter
SNPs, 18 were predicted to modulate TF motifs (Supplementary
Material, Table S6). There was a single insertion variant in a pu-
tative microRNA target sequence (miR-129-5p) in the 3′ untrans-
lated region of CDC42 at 1p36. The intersection between
risk-associated SNPs and regulatory biofeatures at all 17 risk
loci are illustrated in Figure 2, while more detailed illustrations
for two loci, 1p34 and 17q12 regions, are given in Figure 3.

Tissue-specific enrichment of risk SNP-regulatory
intersections

We evaluated whether there was enrichment at the 17 ovarian
cancer susceptibility loci for those regulatory biofeatures that
intersect risk SNPs compared with genome-wide SNP-regulatory
biofeature intersections that may occur by chance. Of the 676
mapped risk SNPs in these regions, 184 (27.2%) were located in
regulatory or promoter sites across the five different gynecologic-
al cell types. Genome-wide, we catalogued 312 245 regulatory
marks (FAIRE, H3K4me1 and H3K27ac) in these cell types span-
ning 380 177 570 bp (12.3% of the genome). When we integrated
these data with the genome-wide catalogue of common variants
from the 1000 Genome Project, we found that 647 343 SNPs coin-
cide with these regulatory biofeatures (14.2%). Thus, SNPs asso-
ciated with HGSOC risk are twice as likely to fall within regulatory
features identified in gynecological epithelial cell types than ex-
pected by chance (P = 4.65 × 10−19).

We performed the same analysis after stratifying by cell type.
In gynecological tissues, we found that enrichment of the over-
laps between SNPs and regulatory biofeatures in ovarian cancer
risk regions was driven by signals from FTSECs (P = 3.8 × 10−30)
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Figure 1. (A) A global similaritymatrix displaying the correlation (R2 values) of affinity scores between cell types for FAIRE, H3K27ac andH3K4me1 regulatorymarks across

the entire genome. The affinity scores are calculated from the values of the read counts across all samples with the set of common peaks (those that occurred in at least

two samples) and then TMM marks normalized (using edgeR), using ChIP/FAIRE read counts minus Control read counts and Full Library size. (B) Enrichment profiles of

FAIRE, H3K27ac and H3K4me1 normalized signal around the center of 4929 FAIRE peaks within the fine-mapped regions (solid lines) and 634 976 FAIRE peaks genome-

wide (dashed lines). (C) Heatmap representing FAIRE, H3K27ac andH3K4me1normalized signal in a ±1 kbwindowaround the center of all nucleosomedepleted regions as

defined in Figure 1B. Normalized signal intensity represents read density within 10 bp windows. Hierarchical clustering was performed, supervised on differentially

nucleosome depleted regions.
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Table 1. Confirmed common variant susceptibility regions identified for epithelial ovarian cancer, by subtype, and annotated for regulatory biofeatures identified in ovarian cancer precursor tissues

Locus Subtypea Top SNP Mapped window
(kb)

Number 1:100
SNPs

OR (95%CI) P-value¶ Nearest gene Number
predicted TF
motifs

Motifs

1p36.12 Invasive rs56318008 152 34 1.11 (1.07–1.16) 7.6 × 10−9 WNT4 9 CTCF, TCF12, ZEB1, MEF2, RFX5, HSF1,
TAL1, RUNX1, ETS1, TEAD1, CREB,
SREBF1, CEBPB

1p34.3 HGSOC rs58722170 33 14 1.08 (1.04–1.12) 2.7 × 10−12 RSPO1 NA NA
2q31 HGSOC rs2072590 22 16 1.14 (1.10–1.19) 3.7 × 10−13 HOXD 7 AP2, UA3, UA12, UA3, UA8, ZEB1, UA9,

BARHL2, UA8, EBF1, RUNX1
3q25 HGSOC rs7651446 176 63 1.59 (1.48–1.70) 1.5 × 10−38 TiPARP 30 —

4q26 Invasive rs17329882 13 3 1.09 (1.06–1.13) 1.4 × 10−8 SYNPO2 2 AP1, BARHL2, UA8, BARHL2, CEBPB,
ETS1

5p15.15 HGSOC rs10069690 5 8 1.14 (1.10–1.19) 7.6 × 10−11 TERT 0 NA
6p22.1 HGSOC rs1161331104 91 17 0.93 (0.91–0.97) 3.0 × 10−8 GPX6 NA NA
8q21 HGSOC rs11782652 60 9 1.24 (1.16–1.32) 5.6 × 10−11 CHMP4C 1 BARHL2, PRDM1, SOX2
8q24 HGSOC rs10088218 32 49 0.77 (0.73–0.82) 1.6 × 10−20 MYC/ PVT1 19 —

CCOC rs2165805 18 2 1.21 (1.05–1.40) 8.4 × 10−9 NA NA
9p22 HGSOC rs3814113 10 17 0.79 (0.76–0.82) 2.7 × 10−34 BNC2 1 TAL1
9q34.2 Invasive rs635634 224 15 1.11 (1.07–1.16) 4.4 × 10−9 ABO 0 NA
10p12 HGSOC rs1243180 210 48 1.10 (1.06–1.14) 1.2 × 10−9 MLLT10 12
17q11.2 Invasive chr17:29181220:I5 270 17 0.91 (0.88–0.94) 2.6 × 10−9 ATAD5 0 NA
17q12 CCOC rs11651755 14 16 0.80 (0.72–0.88) 2.9 × 10−8 HNF1B 4 YY1, CTCF, ETS1, ETS1

HGSOC rs757210 16 9 1.11 (1.07–1.15) 8.2 × 10−9 1 ETS1
17q21.31 HGSOC rs183211 113 148 1.11 (1.07–1.16) 1.6 × 10−7 PLEKHM1 30
17q21.32 HGSOC rs9303542 162 95 1.14 (1.10–1.19) 4.0 × 10−12 SKAP1 8 SOX2, TEAD1, ELF1, ELK4, ETS1, GABP,

BHLHE40, MYC, AP2, UA3, UA8, SOX2,
TAL1, TBP, TCF7L2, ETS1, RUNX1,
SOX2, TCF12, UA9, ZEB1, SOX2

19p13 HGSOC rs4808075 20 13 1.18 (1.13–1.23) 2.9 × 10−14 ANKLE1 2 ELF1, ELK4, GABP, GATA3

aHigh-grade serous ovarian cancer (HGSOC); ovarian clear cell cancer (OCCC); All invasive ovarian cancer subtypes combined (Invasive).
¶P-value for the strongest association listed by subtype. Where all invasive ovarian cancers gave the strongest P-value, the association for HGSOC was the subtypes with the strongest effect with the following P-values: 5.7 × 10−8 at

1p36.12, 1.6 × 10−8 at 4p26, 4.2 × 10−8 at 9q34.2 and 3.9 × 10−7 at 17q11.2.
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Figure 2. ( A) (i) The ovarian cancer ‘riskome’ is displayed as a circular representation of the genome, excluding chromosomes that lack ovarian cancer risk regions.

Concentric circles show, progressively from the inside-out, the chromosome band of the susceptibility region. The fine mapped SNPs (and inset A iii) in each region

color-classified according to their putative functionality. Promotors are colored blue, putative enhancers green, coding variants red and miR targets burgundy. PWM

motif-disruptions are included in the label with the SNP rsname (see Supplementary Material, Table S3 for full description). For some loci (e.g. chromosome 17)

linking spanners have been assigned alternate colors to make the SNPs distinguishable when they are crowded. For physical disruptions (coding and miR target

sequence) the gene name and spanners are also highlighted with the color corresponding to function. Genes (and inset A iii) within 100 kb of the top ranked risk SNP

with the nearest gene in dark blue. (B) Analysis of SNP-regulatory biofeature intersections in gynecological tissues stratified by cell type, a human mammary

epithelial cell (HMEC) line and the LNCaP prostate cancer cell line. The proportion of risk-SNPs intersecting regulatory biofeatures in the 17 ovarian cancer

susceptibility regions was compared with the genome-wide distribution of SNPs intersecting regulatory biofeatures in the same tissues. (C) Bootstrap hierarchical

cluster analysis for different cell types conditioned on the SNP-regulatory biofeatures interactions at the 17 confirmed HGSOC susceptibility regions.
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and OSECs (P = 2.4 × 10−23), but not EECs (P = 0.45) (Fig. 2B and
Table 2).We also found enrichment of risk SNP-regulatory biofea-
ture intersections in HGSOC risk regions in HMECs (P = 6.7 × 10−15)
but not in cells unrelated to ovarian cancer, the prostate cancer
cell line LNCaP for which data on genome-wide DNaseI,
H3K4me1 and H3K27ac were available (P = 0.88)16 (Fig. 2B and
Table 3).

We eliminated the possibility that the risk-associated enrich-
ments at these loci are the result of bias due to a greater density of
regulatory biofeatures in the risk regions compared with the rest
of the genome. There are 7667 SNPs within the 17 risk regions
covering 0.8% of the human genome. These regions encompass
17 Mb of which 4 688 907 bases coincide with regulatory marks
identified in gynecological tissues (27.6% coverage). This figure is
quite different from the genome-wide coverage of enhancer
regulatory marks (16.6%). However, we could find no evidence
for differences in enrichment between the cell types at the risk
regions. For example, coverage of enhancer marks at the risk re-
gions in EEC, OSEC and FTSEC was 17.9%, was 20.1 and 15.3%, re-
spectively, compared with 9.4, 8.9 and 9.0% genome-wide.
Similarly, HMEC has 16.7% enhancer coverage at the risk regions
compared with 11.6% genome-wide. Only in LNCaP cells was
coverage in these regions comparable to the genome-wide distri-
bution (6.9 versus 4.4%). Thus, whereas regional enrichment for
enhancers could explain a lack of enrichment in LNCaP, it does
not account for the observed differences between EEC and
HMECs, OSECs and FTSECs. Put together, these data suggest
that the enrichment of disease associated SNPs in enhancers of
specific cell types is not a function of regional enrichment of en-
hancer regulatory marks.

Hierarchical cluster analysis was used to compare the pat-
terns of enrichment between OSEC, FTSEC, EEC, HMEC and
LNCaP. Euclidean distance was used to evaluate the relation-
ships between SNP-biofeature intersections detected in the dif-
ferent cell types. We chose complete linkage clustering to
construct the hierarchies, which minimizes the maximum dif-
ferences of cluster members, although we obtained similar
trees using average and Ward minimum variance techniques
(which is related to complete linkage). The closest relationship
was observed for OSECs and FTSECs, which was highly sup-
ported by the data using a bootstrapping technique (Fig. 2iii).
Ninety-six percent of randomly sampled subsets of the data
(n = 10000) provide support for the same cluster. When we
used correlation as a distance metric, we recapitulated the earl-
ier relationships we found in the analysis of regulatory regions
before conditioning based on risk SNPs (Fig. 1), because the ma-
jority of the SNPs that overlap with EEC regulatory marks are
also common to OSECs, FTSECs and HMECs. Thus, the cluster-
ing analysis reveals that a large fraction of SNPs mapping to
functional elements in OSECs, FTSECs and HMECS are not
shared with EECs.

Enrichment for transcription factor response elements

We investigated whether risk SNPs coinciding with putative en-
hancers were enriched for known transcription factor binding
motifs with respect to the biology and known pathways asso-
ciated with ovarian cancer. We simulated draws (n = 1000) of
184 SNPs from the 1000 Genomes Project, or 184 SNPs located
within enhancer regulatory marks (n = 1000) to distinguish bias
from the source tissue. We confined these analyses to transcrip-
tion factors that are expressed in ovarian cancer precursor tis-
sues. Comparing the actual position weight matrix (PWM)
disruption counts with the distribution in the simulation, we
evaluated the significance based on the fraction of times we ob-
tained asmanymotif disruptions or better from randomdraws of
184 the SNPs.We found that four response elements had a signifi-
cance threshold of P < 0.05: SOX13 (17 SNPs, P = 0.003), ZNF384 (11
SNPs, P = 0.002), NFIA/B/C/X (11 SNPs, P = 0.030) and ETS2 (9 SNPs,
P = 0.020). However, after correction for multiple comparisons
none of these observations remained significant.We also consid-
ered how likely it would be to obtain four or more such motif en-
richments from a single data set; in 1000 simulations of random
SNPs, we observed enrichment of four or more motifs in 33% of
simulated data sets at a P-value threshold <0.05 and in 11% of
data sets at a P-value threshold <0.01. Thus, there was no evi-
dence for significant enrichment of response elements for any
specific factor. Finally, we performed ontology analyses on the
ranked list of transcription factor response elements (based on
P-value) and on various lists (with different ranking cutoffs) of
disrupted PWMsversus all tested PWMs.We foundno convincing
evidence for factor/pathway enrichment.

Discussion
It is now widely recognized that the non-coding fraction of the
human genome is densely populated with regulatory elements
that play major roles in the initiation and development of com-
mon complex traits. In the current study, we catalogued the glo-
bal architecture of regulatory chromatinmarks that define poised
and active enhancers, in the cell types postulated to be precur-
sors of different subtypes of epithelial ovarian cancer: FTSECs
and OSECs, both of which are the debated precursors of HGSOC
(7,9,29); and EECs that are the likely precursors of CCOC (30–33).
To our knowledge, this is the first time that profiles of active
and poised enhancers have been described for these epithelial
tissues.

The Encyclopedia of DNA Elements (ENCODE) project has
shown unequivocally that the regulatory architecture of the
human genome is highly tissue and cell-type specific (34,35).
The data from the present study supports this; while the three
gynecological tissues we studied show broad similarities in
their genome-wide regulatory profiles, they also demonstrate

Table 2. Enrichment of risk SNPs at ovarian cancer susceptibility loci coinciding with regulatory biofeatures

Cell
Type

17 HGSOC risk regions Genome-wide P-value
Total number of
regulatory
biofeatures

Number of SNP-
regulatory
overlaps

Proportion of SNP-
regulatory
overlaps, %

Total number of
regulatory
biofeatures

Number of SNP-
regulatory
overlaps

Percentage SNP-
regulatory
overlaps, %

FTSEC 676 159 23.5 39 706 715 3 547 703 8.9 3.77 × 10−30

OSEC 676 143 21.2 39 706 715 3 480 272 8.8 2.38 × 10−23

EEC 676 63 9.3 39 706 715 3 681 106 9.3 0.449
HMEC 676 156 23.1 39 706 715 4 931 084 12.4 6.71 × 10−15

LNCaP 676 44 6.5 39 706 715 3 087 796 7.8 0.878
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Figure 3. Illustration of SNP-functional annotation of two susceptibility regions. (A) The 1p34 regions, which predisposes to high-grade serous ovarian cancer (HGSOC) and

(B) the 17q12 region which predisposes to both HGSOC and ovarian clear cell carcinoma. Each browser view highlights the position of genes within the region (top row

annotation), followed by all 100:1 fine-mapped andmotif-breaker SNPs for HGSOC. The following 30 tracks show the positions of significant peaks from this study (black)

and other public data sources (colored). Labeled SNPs in the 2nd track (under ‘Serous SNPs’) encode for disruptions of major transcription factor motifs described by

position weight matrices (PWM) (see diagrams underneath). Most SNPs break several motifs, but only the top-scoring match is shown in the browser view (see

Supplementary Material, Table S1 for details). Black SNPs meet the minimum quality cutoff PWM match 85% of maximum score; red SNPs = 90%; red highlight = 95%.

The diagrams underneath each browser view (indicated with red arrows) show the motif logo representing the PWM that matches to the genomic sequence

(underlined) surrounding the SNP. The position of the SNP is indicated below the match sequence with the red outlined box, along with its allele frequency.

3602 | Human Molecular Genetics, 2015, Vol. 24, No. 13

D
ow

nloaded from
 https://academ

ic.oup.com
/hm

g/article-abstract/24/13/3595/610448 by Biom
edical Library user on 12 O

ctober 2019

http://hmg.oxfordjournals.org/lookup/suppl/doi:10.1093/hmg/ddv101/-/DC1


clear differences between each other that likely reflect their
underlying biology. In contrast, the regulatory architecture of
these tissues is distinct from that of HMECs, breast cancer precur-
sor cells. This is perhaps not surprising given that FTSECs, OSECs
and EECs (which likely derive from uterine epithelial tissues)
share a common embryological origin.

The molecular relationships between these different cell
types changes when we base our analyses on the 17 genomic re-
gions that are associated with susceptibility to ovarian cancer.
Regulatory biofeatures within these regions may represent the
functionalmediators of tumor initiation, given that they coincide
with common germline genetic variants associated with disease
risk. The 17 regions are all significantly associated with risk of
HGSOC, and consistent with this, we found highly statistically
significant enrichment for regulatory biofeatures coinciding
with risk-associated SNPs in FTSECs and OSECs. In a hierarchical
cluster analysis based on intersections between risk SNPs and
regulatory biofeatures, these tissues were more highly related
to each other than any other cell type.

It was long thought that the ovarian surface epithelium was
the cell of origin for HGSOCs, supported by both in vitro and in
vitro data (7). More recently, FTSECs have emerged as a probable
source of at least a proportion of HGSOCs following the observa-
tion of occult invasive serous intraepithelial carcinoma lesions in
the fallopian tube in patients carrying germline BRCA1 and BRCA2
mutations (36–39); and in vivo studies have described the ability of
FTSECs to develop into serous epithelial carcinomas in a back-
ground of mutant TP53 and PTEN, or SV40 (40–42). However, the
close similarity between these two cell types based on their regu-
latory architecture at risk loci implies that both could be cells of
origin for HGSOC.

We found no enrichment for SNP-regulatory biofeature inter-
actions at HGSOC risk loci in EECs, but a highly statistically sig-
nificant enrichment in HMECs. It is perhaps not surprising that
endometriosis cells show few similarities with OSEC/FTSEC at
these risk loci. Epidemiological studies find no evidence that
endometriosis is associated with HGSOC (30); and from what is
known about the development of the different ovarian cancer
subtypes, the underlying biology and somatic genetic changes
associated with HGSOC and CCOC are very different. The enrich-
ment of enhancers at HGSOC risk loci in HMECs, and the close re-
lationship between this cell type and OSECs/FTSECs, may also be
unsurprising. Breast and ovarian cancers share a common eti-
ology and an underlying genetic predisposition conferred by
germline mutations in the BRCA1 and BRCA2 genes. GWASs
have also identified multiple susceptibility loci that confer risk
to both breast and ovarian cancer including 5p15, 8q24 and
19p13 (15–17,43,44). Of the 17 HGSOC loci evaluated in the current
study, 7 (41%) are also genome-wide significant risk loci for
breast cancer (P.D.P. Pharoah, personal communication). Taken
together, these data suggest that similar gene regulationpathways

underlie both breast cancer and HGSOC. These data are also con-
sistent with other studies reporting genomic regions (e.g. at 8q24
and 5p15) associated with a multiple different human traits and
common diseases (45–48).

One of the goals of this study was to identify the putative
regulatory elements that coincide with risk-associated genetic
variants at ovarian cancer susceptibility loci, that may be func-
tional mediators of allele-specific effects of SNPs. Additional fol-
low-upwill be required to identify the disease-causing SNPs. Due
to the nature of linkage disequilibrium throughout the genome,
our observation that over 25% of the ‘candidate causal’ risk
SNPs overlap regulatory biofeatures must be treated with cau-
tion. It is likely that only a proportion of these SNP-regulatory fea-
ture overlaps will represent true functional enhancer-associated
alleles, with the remainder being chance associations. Similarly,
we would have missed SNPs that intersect with other types of
regulatory element in these tissue types because we only anno-
tated risk-associated SNPs at regions of open chromatin/nucleo-
somedepletion andhistonemarks indicative of active andpoised
enhancers. These represent a fraction of the non-coding regula-
tory biofeatures that are present in these tissues. There are
multiple other histone modifications that regulate a range of
biological processes such as gene expression, DNA repair, apop-
tosis, chromosome condensation, replication andmeiosis, which
we have not characterized. Neither did we interrogate the long
non-coding RNA (lncRNA) transcriptomes of these cell types;
lncRNAs are also known to show highly tissue-specific expres-
sion, and could also be effectors of risk-associated variants.

A previous study found evidence of common transcription
factor binding sites located at several breast cancer susceptibility
loci (49). This implies that there may be common mechanisms
underlying breast cancer development. Thus, we might have ex-
pected to identify regulatory features that are common across
multiple HGSOC loci. While we found evidence that the 17 risk
loci may be enriched for the response elements for SOX13,
ZNF384, NFIA/B/C/X and ETS2, these associationswere not statis-
tically robust when adjusted formultiple testing. This may imply
that different regulatorymechanisms drive disease development
at each HGSOC risk locus. Alternatively, it could be that common
regulatory mechanisms exist but, as suggested earlier, we have
not been able to identify them because first, our analyses were
underpowered as a result of the relatively small number of risk
loci indentified for HGSOC, and secondly, because we have not
yet annotated all possible biofeatures in these tissue types.

In summary,we have catalogued the architecture of epigenet-
ic marks and regions of open chromatin in three different gyne-
cological cell types. We find evidence of tissue specificity when
we compare the regulatory features between cell types and,
when conditioned on risk-associated common variants, a highly
statistically significant enrichment of disease-associated SNP-
biofeature intersections in the proposed precursor cells of
HGSOCs. These data provide a unique catalogue of epigenetic
data for future studies aimed at understanding the genetics of
gene regulation for different histological subtypes of invasive
epithelial ovarian cancer.

Materials and Methods
Cell lines

Immortalized OSEC lines (IOE4, IOE11), derived from normal ovar-
ies and immortalized using ectopic expression of TERT, have been
previously described (23) and were cultured in medium 199:
MCDB105 (mixed in a 1:1 ratio, both Sigma) supplemented with

Table 3.Asummaryof the numbers of SNPs located at sites of putative
active and poised enhancers in ovarian cancer precursor tissues

Cell
type

SNPs in active
enhancersa (n =)

SNPs in poised
enhancersa (n =)

FAIRE
only

IOE4 71 34 3
IOE11 67 46 6
FT33 53 88 0
FT246 32 79 3

aDesignations are putative enhancers only.
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-glutamine (Lonza) and 15% fetal bovine serum (Hyclone). FTSEC
lines (FT33, FT246)were immortalized using TERT, amutant CDK4
allele, and a shRNA targeting TP53 (24,25). FTSECs were cultured
in DMEM/F12 (Lonza) supplementedwith 2%Ultroser G (Crescent
Chemicals). An EEC cell line (EEC16), derived from primary endo-
metriosis epithelial cell culture (26), has been previously de-
scribed and was grown in normal ovarian epithelial cell
complete medium (50).

Capture of regulatory chromatin marks

For each cell line, four 15 cm culture dishes of ∼90% confluent
cells were cross-linked in 1% formaldehyde for 10 min at room
temperature before lysing cells in SDS buffer and sonicating to
shear genomicDNA to∼100–500 bp fragments. Insoluble cell deb-
ris was discarded, and the supernatant from pairs of dishes com-
bined to represent two biological replicates per cell line. The
material was divided into aliquots for input, FAIRE and ChIP. Im-
munoprecipitations were performed overnight at 4°C using anti-
bodies against H3K27ac (Abcam ab4729) and H3K4me1 (Abcam
ab8895) followed by incubation with protein A/G agarose beads
(Pierce). Following washing and elution from beads, the DNA
was ethanol precipitated, and the pellet washed with 70% etha-
nol. Recovered DNA was re-suspended in water for sequencing.
Purification and recovery of FAIRE material was performed as
previously described (27) in parallel with ChIP to ensure that an-
notation of open chromatin/nucleosome depletion was per-
formed from the same cell lysate sample as annotation of
histone acetylation and methylation marks. All ChIPseq and
FAIREseq data generated in this study are deposited in the Gene
Expression Omnibus (www.ncbi.nlm.nig.gov/geo/) under acces-
sion # GSE68104.

High-throughput sequencing and cell line data set
generation

FAIRE and ChIP-recovered DNA was sequenced on the Illumina
Hi-Seq 50 Single End read platform, and data processed by the Il-
lumina analysis pipeline and aligned to the Human Reference
Genome (assembly hg19) using BWA version 0.6.1-r104 (51).
‘Reads were processed bymarking duplicates with Picard version
1.95 (http://broadinstitute.github.io/picard/) and by removing
those with alignment quality scores less than 20. Marked dupli-
cates were excluded from downstream analyses’. Enriched re-
gions of the genome were identified by comparing ChIP and
FAIRE samples using the MACS2 peak caller version 2.0.10 with
default settings (52).

Analysis of differential nucleosome depletion and
histone modification enrichment

Using bioconductor package DiffBind (52), a common set of peaks
was generated across each set of experiments (FAIRE, ChIP-seq
for H3K27ac and H3K4me1, respectively). In order to normalize
across biological replicates, we retained peaks which overlapped
at least once across replicates and cell types (settingminOverlaps
to 2 in the dba.count function). To identify significantly differen-
tially bound peaks, we first counted the number of reads within
each experimental sample overlapping the identified peak
while subtracting the number of overlapping reads from the cor-
responding input. Differential analysis was performed using the
DESeq2 method within DiffBind. Differential scores were com-
puted by setting the score argument to ‘DBA_SCORE_TMM_
MINUS_FULL’within the dba.count function. Briefly, thismethod

calculates the tagwise dispersions which are subject to an exact
test after normalization by computing the trimmed mean of M
values (TMM). Resulting P-values were adjusted using Benjamini–
Hochberg multiple testing correction to compute FDR; only
sites found to be differential between cell types with an FDR
<0.05 were retained for downstream analysis. Supplementary
Material, Table S7 lists the read counts for each file before and
after filtering for base quality.

Genome-wide regulatory fingerprinting

Using the defined nucleosome depleted regions, a set of peaks
unique to OSEC, FTSEC, OSEC + FTSEC and HMEC [from previous-
ly published data (27) and ENCODE] were used to interrogate the
read density of each experimental condition. A window of ±1 kb
was taken from each summit, and the sequencing library dens-
ities relative to these specific positions were calculated by ex-
tending tags by their estimated ChIP-fragment length using
default settings defined by Homer’s annotatePeaks.pl script (53).

Germline genetic susceptibility data

Genotyping data from GWAS and follow-up replication analysis
have been performed in epithelial ovarian cancer cases and con-
trols by two different consortia: The ovarian cancer association
consortium (OCAC) and the Consortium of Investigators of Modi-
fiers of BRCA1/2 (CIMBA). For OCAC, data were available for three
population-based ovarian cancer GWAS (Stage 1 data). These in-
cluded 2165 cases and 2564 controls from a GWAS from North
America (‘US GWAS’) (54), 1762 cases and 6118 controls from a
UK-based GWAS (‘UK GWAS’) (14), and 441 cases and 441 controls
from the U19 GWAS. Furthermore, 11 069 cases and 21 722 con-
trols from 41 OCAC studies were genotyped using the iCOGS
array (‘OCAC-iCOGS’ stage data). Overall, 43 studies from 11 coun-
tries provided data on 15 347 women diagnosed with invasive
epithelial ovarian cancer, 9627 ofwhomwere diagnosedwith ser-
ous ovarian cancer, and 30 845 controls from the general popula-
tion. From CIMBA, data were available on 15 252 BRCA1mutation
carriers and 8211 BRCA2 mutation carriers of which 2462 BRCA1
and 631 BRCA2 carriers diagnosed with invasive epithelial ovar-
ian cancer. Samples from both consortia were genotyped for
211 155 replication SNPs as part of the collaborative oncological
gene–environment study (COGS) (18).

Further details of the OCAC and CIMBA study populations as
well as the genotyping, quality control and statistical analyses
have been described elsewhere (18,55,56). All subjects from
OCAC and CIMBA included in this analysis were of European des-
cent. All recruiting centers in CIMBA and OCAC required partici-
pants to give written informed consent and collected data and
blood samples under ethically approved protocols.

Integrating regulatory and germline genetic data

Annotation of SNPs was carried out using bedtools (57) with data
sets of peak calls described in this paper for FAIRE, H3K4me1 and
H3K27Ac of each of IOE4, IOE11, FT33, FT246 and EEC16. We used
the snp138 track of the UCSC genome browser to annotate mis-
sense mutations in protein coding regions, and miRcode (58) to
interrogate potential microRNA binding sites in untranslated se-
quences.Motif disruptions and enrichment calculationswere de-
termined according to the previously published algorithm (45),
using position weight matrices as defined in Factorbook (59),
Hocomoco (60) and Homer (53).
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Analyses of enrichment and hierarchical clustering in
cell-type specific enhancers

Enrichment of SNPs in enhancers of different cell types andwith-
in risk regions was calculated using the hypergeometric distribu-
tion using base functions in R. To assess relationships among the
SNP/regulatory overlaps in different cell types, a matrix of 1 and
0 s denoting membership of each SNP in each cell type was con-
structed and a distance matrix calculated on Euclidean distance.
The matrix was then further analyzed using the pvclust (61)
package in R, which calculates the multi-scale bootstrapping
P-value [method of Shimodaira (62)] on each putative cluster
within the tree, as reported in Figure 2C.

Supplementary Material
Supplementary Material is available at HMG online.
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