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Abstract
Although genome-wide association studies (GWAS) have identified hundreds of risk loci for breast and prostate cancer, only 
a few studies have characterized the GWAS association signals across functional genomic annotations with a particular focus 
on single nucleotide polymorphisms (SNPs) located in DNA regulatory elements. In this study, we investigated the enrich-
ment pattern of GWAS signals for breast and prostate cancer in genomic functional regions located in normal tissue and 
cancer cell lines. We quantified the overall enrichment of SNPs with breast and prostate cancer association p values < 1 × 10−8 
across regulatory categories. We then obtained annotations for DNaseI hypersensitive sites (DHS), typical enhancers, and 
super enhancers across multiple tissue types, to assess if significant GWAS signals were selectively enriched in annotations 
found in disease-related tissue. Finally, we quantified the enrichment of breast and prostate cancer SNP heritability in regu-
latory regions, and compared the enrichment pattern of SNP heritability with GWAS signals. DHS, typical enhancers, and 
super enhancers identified in the breast cancer cell line MCF-7 were observed with the highest enrichment of genome-wide 
significant variants for breast cancer. For prostate cancer, GWAS signals were mostly enriched in DHS and typical enhancers 
identified in the prostate cancer cell line LNCaP. With progressively stringent GWAS p value thresholds, an increasing trend 
of enrichment was observed for both diseases in DHS, typical enhancers, and super enhancers located in disease-related tis-
sue. Results from heritability enrichment analysis supported the selective enrichment pattern of functional genomic regions 
in disease-related cell lines for both breast and prostate cancer. Our results suggest the importance of studying functional 
annotations identified in disease-related tissues when characterizing GWAS results, and further demonstrate the role of 
germline DNA regulatory elements from disease-related tissue in breast and prostate carcinogenesis.

Introduction

Breast and prostate cancer are the most commonly diag-
nosed cancer types among women and men in US, respec-
tively, with an estimated 250,000 and 160,000 newly diag-
nosed cases in 2017 (Siegel et al. 2017). Twin studies have 
demonstrated that excess familial risk play an important role 
in development of both cancers, with heritability estimates 
of 31% (breast cancer) and 57% (prostate cancer) (Hjelm-
borg et al. 2014; Lichtenstein et al. 2000; Mucci et al. 2016; 
Page et al. 1997). Multiple genome-wide association studies 
(GWASs) have identified hundreds of risk loci (Al Olama 
et  al. 2014; Eeles et  al. 2013; Michailidou et  al. 2013; 
Michailidou et al. 2017; Schumacher et al. 2018; Thomas 
et al. 2008; Turnbull et al. 2010). Previous studies have char-
acterized GWAS signals of breast and prostate cancer across 
tissue-specific functional genomic regions (Al Olama et al. 
2015; Dadaev et al. 2018; Han et al. 2015; Hazelett et al. 
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2014; Li et al. 2013; Michailidou et al. 2017; Quiroz-Zarate 
et al. 2017; Rhie et al. 2013). A recent study explored the 
contribution of multiple genomic annotations to cancer sin-
gle nucleotide polymorphism (SNP) heritability and found a 
significant enrichment of conserved and regulatory regions 
(Jiang et al. 2019). However, there is a lack of studies that 
comprehensively and systematically quantify the contribu-
tion of SNPs located in DNA regulatory elements across 
multiple tissues to breast and prostate cancer risk.

The ENCODE and Roadmap Epigenomics projects have 
revealed that more than 80% of the human genome partici-
pates in at least one type of biochemical event in at least one 
cell type (Consortium EP 2012). However, regulatory ele-
ments of an individual cell type usually cover only 1–2% of 
the human genome, which suggests a high cell type selectiv-
ity of regulatory DNA (Heinz et al. 2015; Song et al. 2011). 
It is problematic to ignore the cell type when interpreting 
GWAS findings using information about functional data, 
and DNA regulatory elements identified in disease-related 
tissue or pathogenic cell types have been reported to harbor 
enriched GWAS signals for various traits, from cardiovas-
cular traits to immune diseases (Gusev et al. 2014; Mau-
rano et al. 2012; Trynka et al. 2013). Previous studies have 
shown that the majority of prostate cancer SNP heritability 
lies in H3K27ac-marked regions as measured in the prostate 
adenocarcinoma cell line LNCaP or in DNaseI hypersensi-
tive sites (DHS) measured in cancer cell lines (Gusev et al. 
2016; Hazelett et al. 2014). It is reasonable to hypothesize 
that SNPs significantly associated with breast and prostate 
cancer risk may be disproportionally clustered in DNA regu-
latory elements specifically identified in corresponding tis-
sue types.

Here, we used GWAS summary statistics published by 
the BCAC (Michailidou et al. 2017; Milne et al. 2017) and 
PRACTICAL (Schumacher et al. 2018) consortia to inves-
tigate the enrichment of GWAS signals among 800 types 
of regulatory genomic regions identified from tissue or cell 
lines, including DHS, histone modifications H3K27ac and 
H3K4me1, typical enhancers and super enhancers. By utiliz-
ing a newly published statistical approach, GARFIELD 2.0 
(Chen et al. 2016; Iotchkova et al. 2019; Trynka et al. 2013), 
we first quantified the overall enrichment of genome-wide 
significant signals (p value < 1 × 10−8) across regulatory cat-
egories, regardless of tissue type. We then obtained data on 
DHS, typical enhancers, and super enhancers from individ-
ual tissues to assess if significant GWAS signals were selec-
tively enriched in annotations found in disease-related cell 
lines. To detect any subtype-specific enrichments in breast 
cancer associations, we further assessed the enrichment in 
regulatory regions by breast cancer subtype, as defined by 
estrogen receptor (ER) status: ER+/ER−. Finally, we used 
stratified LD score regression (Bulik-Sullivan et al. 2015; 
Finucane et al. 2015) to quantify the enrichment of breast 

and prostate cancer SNP heritability, respectively, in regu-
latory regions, to compare patterns of enrichment based on 
SNP heritability (which assesses all common SNPs) and 
independent GWAS signals (which only assesses genome-
wide significant SNPs).

We found that genome-wide significant breast cancer 
associations were mostly enriched in DHS, typical enhanc-
ers, and super enhancers specific to the breast carcinoma 
cell line MCF-7. For prostate cancer, GWAS signals were 
observed to be mostly enriched in DHS and typical enhanc-
ers identified in the prostate carcinoma cell line LNCaP as 
well as super enhancers specific to colorectal carcinoma 
cell line VACO-9M. These enrichments became stronger 
with more stringent association p value thresholds. Results 
from heritability enrichment analysis supported the selec-
tive enrichment pattern of functional genomic regions in 
disease-related cell lines for both breast and prostate cancer.

Materials and methods

Collection of DNA regulatory elements

We collected four categories of DNA regulatory elements: 
DNasel hypersensitive sites (DHS), histone modification 
H3K27ac and H3K4me1, typical enhancers, and super 
enhancers (Supplementary Table 1). For each category of 
regulatory elements, multiple annotations were generated 
based on different cell, tissue or tissue donors. In total, 403 
types of DHS, 127 types of H3K27ac-marked enhancers, 
98 types of H3K4me1-marked enhancers, and 86 types of 
typical enhancers as well as super enhancers were included.

DHSs were collected from two resources as part of 
ENCODE (Consortium EP 2012) and the Roadmap Epi-
genomics Program (Roadmap Epigenomics C et al. 2015) 
(Supplementary Table 1). The first source included genome-
wide DHS mapping performed by Maurano et al. (2012) 
from 349 different cells or tissues, including cultured pri-
mary cells (n = 56); immortalized, malignancy derived or 
pluripotent cell lines (n = 26); primary or differentiated 
hematopoietic cells (n = 15); multipotent progenitor and 
pluripotent cells (n = 19); and fetal tissue samples (n = 233). 
In addition, we further collected 54 types of cell or tissue-
specific DHS reported by Thurman et al. (2012), which 
included immortalized primary cells (n = 16), malignancy-
derived cell lines (n = 30), and multipotent and pluripotent 
progenitor cells (n = 8). In total, we collected DHS from 
403 different cells or tissues. Active enhancers marked by 
histone modification H3K4me1 were collected from Road-
map Epigenomics Program (n = 111) and the ENCODE 
Project (n = 16) as one of the five core histone marks. The 
Roadmap Epigenomics Program only tested a proportion 
of tissue types for non-core histone marks, resulting in data 
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on 98 tissue types (82 from Roadmap; 16 from ENCODE) 
for the H3K27ac marker. Data on typical enhancers and 
super enhancers were collected from a previous publica-
tion reported by Hnisz et al. (Hnisz et al. 2013), which 
included primary cells (n = 10), malignancy-derived cell 
lines (n = 18), blood cells (n = 22), adult tissue samples 
(n = 31), and fetal tissue samples (n = 5). Annotation data 
were downloaded as.bed files. DHS data (published by Mau-
rano et al. and Thurman et al.) were downloaded from https​
://githu​b.com/joepi​ckrel​l/1000-genom​es; typical enhancer 
and super enhancer data were downloaded as supporting 
material for Hnisz et al. (2013) cell; histone mark data were 
downloaded from https​://data.broad​insti​tute.org/alkes​group​
/ANNOT​ATION​S/PRCA/.

GWAS data for breast and prostate cancer

GWAS summary statistics of overall breast cancer, ER+ 
breast cancer and ER− breast cancer were obtained from 
the meta-analysis of GWAS published by the Breast Cancer 
Association Consortium (BCAC), a collaboration involv-
ing more than 50 case–control studies (Michailidou et al. 
2017; Milne et al. 2017). In total, there were 122,977 breast 
cancer cases and 105,974 controls of European ancestry. For 
ER+ breast cancer, data were based on 69,501 cases and 
95,042 controls and for ER− breast cancer, data were based 
on 21,468 cases and 100,594 controls combined with 18,908 
BRCA1 mutation carriers (9414 with breast cancer) of Euro-
pean ancestry. GWAS summary statistics for prostate cancer 
were based on the meta-analysis of GWAS published by the 
Prostate Cancer Association Group to Investigate Cancer 
Associated Alterations in the Genome (PRACTICAL) con-
sortium (Schumacher et al. 2018). The meta-analysis was 
based on 79,194 European ancestry prostate cancer cases 
and 61,112 controls. Both the breast and prostate cancer 
GWAS were imputed using the Phase 3 version 5 October 
2014 release of 1000 Genome Project as reference panel. 
We only included SNPs with minor allele frequency (MAF) 
≥ 0.1% and imputation quality score r2 ≥ 0.3. In total, the 
number of SNPs included in our study was 12.4 M for breast 
cancer and 17.7 M for prostate cancer.

Functional enrichment

To evaluate the contribution of the included functional anno-
tations to breast and prostate cancer GWAS associations, 
we utilized GARFIELD 2.0 (GWAS analysis of regulatory 
and functional information enrichment with LD correction), 
which estimates enrichments of GWAS signals (Iotchkova 
et al. 2019). Based on GWAS summary statistics, GAR-
FIELD first performs greedy pruning of SNPs eliminating 
all variants with linkage disequilibrium (LD) r2 > 0.1. Those 
independent SNPs that pass the pruning process are then 

annotated according to the functional annotation of interest. 
GARFIELD then employs a generalized linear model (GLM) 
to quantify the enrichment of GWAS signals in each func-
tional annotation at various p value cutoffs. To address major 
sources of confounding, GARFIELD matches for minor 
allele frequency (MAF), distance to the nearest transaction 
start site (TSS), and number of LD proxies (LD r2 > 0.8) in 
the GLM framework. Essential reference files, such as LD 
matrix, MAF, and distance to the nearest TSS were based on 
sequence data from a European ancestry population in the 
UK10K study (Consortium UK et al. 2015) as implemented 
in the GARFIELD software package. GARFIELD is also 
able to calculate the effective number of annotations (Neff) 
for adjustment of multiple testing. In this analysis, we used 
p = 0.05/Neff as the criteria for statistical significance.

Enrichment of breast and prostate cancer heritability was 
estimated using stratified LD score regression, which uses 
GWAS summary statistics to partition the heritability of 
traits by functional categories (Bulik-Sullivan et al. 2015; 
Finucane et al. 2015; Gazal et al. 2017). It relies on the fact 
that for a polygenic trait, SNPs with a high LD score will 
have larger effect than SNPs with a low LD score, since the 
χ2 association statistic for a given SNP includes the effects 
of all SNPs that it tags. If SNPs are grouped into functional 
categories that contribute differentially to the heritability of 
a trait, then LD to a category that is enriched for heritability 
will increase the χ2 statistic of a SNP more than LD to a 
category that does not contribute to heritability. Contribu-
tion of heritability from a certain functional category can be 
e s t i m a t e d  f r o m  t h e  r e g r e s s i o n  m o d e l 
E

�

�
2
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∑

C�C�(j,C) + N� + 1 , where N is sample size, 
C the indexes categories, �(j,C) the LD score of SNP j with 
respect to category C , � the term that measures the contribu-
tion of confounding biases, and �C is the per-SNP heritability 
in category C . Enrichment of heritability within a functional 
category is defined to be the proportion of SNP heritability 
in the category divided bythe proportion of SNPs. Standard 
errors and corresponding p values are then estimated with a 
block jackknife approach. To provide an unbiased estimation 
of heritability enrichment for each cell type-specific annota-
tion, we utilized a ‘full baseline model’ that controlled for 
53 annotations non-specific to any cell type (Gazal et al. 
2017).

Results

Enrichment of GWAS signals in four categories 
of functional annotations

We first estimated the enrichment of GWAS association 
signals at various p value thresholds (p < 10−5, p < 10−6, 
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p < 10−7, p < 10−8) for breast and prostate cancer in five cate-
gories of DNA regulatory elements, including DHS, histone 
marks H3K27ac and H3K4me1 (marking active enhancers), 
typical enhancers, and super enhancer across multiple cell 
and tissue types (Fig. 1). In total, we had data for 403 cell 
types, tissue types or donors for DHS, 127 for H3K27ac-
marked enhancers, 98 for H3K4me1-marked enhancers, and 
86 for both typical enhancers and super enhancers.

In general, we observed slightly higher median enrich-
ments across cell types in breast cancer compared to prostate 
cancer for all four GWAS p value thresholds. The distribu-
tion of enrichments across cell types did not differ depend-
ing on GWAS p value threshold. Of interest, we observed 

a wider spread of cell type-specific enrichments for DHS, 
typical enhancer, and super enhancer as compared to histone 
marks, with some tissue types showing enrichment estimates 
higher than sixfold at an association p value threshold of 
10−8.

Breast and prostate cancer GWAS signals are mostly 
enriched in regulatory elements of disease‑related 
cell lines

We then investigated the enrichment of GWAS associations 
at the p < 10−8 threshold for breast and prostate cancer in 
tissue or cell type-specific DHS (N = 403), typical enhancer 

Fig. 1   Overall enrichment of GWAS signals of breast and prostate 
cancer across five categories of DNA regulatory elements. Each 
box represents the first through third quartile of the enrichment fold 
of GWAS signals at specific thresholds for each functional category 

type, with whiskers covering 1.5-fold of interquartile range from the 
box. Tissue-specific annotations with extremely high or low enrich-
ment in the category are marked as outliers. All tissue- or cell-spe-
cific functional regions were considered (n = 800)
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(N = 86), and super enhancer (N = 86), as carcinoma cell 
line annotations were only available for those three catego-
ries (Fig. 2, Supplementary Tables 2–7). For breast cancer 
GWAS signals, we observed the highest enrichment for 
DHS, typical enhancer, and super enhancer in the breast 
carcinoma cell line MCF-7 (DHS: enrichment fold = 4.63, 
p value = 9.6 × 10−23; typical enhancers: enrichment 
fold = 6.19, p value = 2.3 × 10−10; super enhancer: enrich-
ment fold = 13.39, p value = 2.8 × 10−11). To investigate 
the role of DHS in breast cancer GWAS signals, we further 
identified active DHS by including data on histone marks 
H3K4me1 and H3K27ac (both mark active enhancers) in 

MCF-7 from ENCODE. We found that breast cancer GWAS 
association signals at p value < 10−8 were enriched in DHS 
overlapping with enhancer histone marks H3K27ac and 
H3K4me1 (enrichment fold = 3.57, p value = 4.4 × 10−4), 
although this enrichment was slightly attenuated com-
pared to DHS in MCF-7 overall (enrichment fold = 4.63, p 
value = 9.6 × 10−23). We were not able to do corresponding 
analysis in prostate cancer since ENCODE has not released 
histone marks data in LNCaP. For prostate cancer, the 
highest enrichments for both DHS and typical enhancers 
were observed in the prostate carcinoma cell line LNCaP 
(DHS: enrichment fold = 3.49, p value = 1.4 × 10−19; typical 

Fig. 2   Enrichment of GWAS significant signals with p value < 10−8 of breast (upper panel) and prostate cancer (lower panel) in DHS (left 
panel), super enhancer (middle panel), and typical enhancer regions (right panel). Each observation in the plot corresponds to an annotation type
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enhancers: enrichment fold = 4.13, p value = 7.8 × 10−13). 
For super enhancers, the highest enrichment was observed 
in the colorectal cancer cell line VACO 9M (enrichment 
fold = 7.67, p value = 3.48 × 10−23). The enrichment in pros-
tate cancer GWAS signals for super enhancers in LNCaP 
was 3.01 (p value = 6.3 × 10−4), which was not significant 
after adjusting for number of tests.

Sensitivity analysis increasing the MAF threshold from 
0.1 to 1% did not appreciably change our results. Breast 
cancer GWAS signals at the p value < 10−8 threshold were 
enriched by 4.32-fold (p value = 1.60 × 10−21) for DHS, 
5.49-fold (p value = 1.10 × 10−8) for typical enhancers, and 
by 11.54-fold (p value = 5.57 × 10−9) for super enhancers 
identified in the MCF-7 cell line. Prostate cancer GWAS 
signals at the p value < 10−8 threshold were enriched by 
7.26-fold (p value = 1.73 × 10−10) for DHS, 4.86-fold (p 
value = 7.63 × 10−4) for typical enhancers, and 1.52-fold (p 
value = 0.68) for super enhancers identified in the LNCaP 
cell line.

To assess if enrichments observed in non-breast and 
non-prostate tissues were due to SNP overlaps with dis-
ease-related tissues, we removed any SNPs located in 

functional annotations found in breast and prostate cancer 
tissue, respectively, from the corresponding annotations in 
other tissues and reran the analysis (Tables 1, 2). Remov-
ing SNPs located in annotations for MCF-7 did not quali-
tatively change the enrichments for significant non-breast 
tissue DHS including the liver carcinoma cell line Hep-
G2. Similarly, for both typical and super enhancers, some 
tissues, including stomach smooth muscle tissue, retained 
significant enrichments (Table 1, Supplementary Fig. 1, 
Supplementary Tables 8–10). In contrast, regulatory ele-
ments in prostate cancer showed much higher tissue speci-
ficity. For both DHS and typical enhancers, after removing 
SNPs located in LNCaP, we only observed statistically 
significant enrichments in fetal intestine (DHS) and some 
blood traits (typical enhancers) (Table 2, Supplementary 
Fig. 2, Supplementary Tables 11–13). This result suggests 
that the observed enrichments in DHS and typical enhanc-
ers across tissue types were mainly driven by the SNP 
overlap with LNCaP. In contrast, removing SNPs that were 
observed in super enhancers in LNCaP had little effect on 
the enrichment for non-relevant tissues.

Table 1   Enrichment of breast cancer (BrCa) GWAS signals with p value < 10−8 for non-breast-related annotations before and after removing 
SNPs overlapping with corresponding annotation in MCF-7

Only annotations with statistical significance and 3.5+ fold of enrichment before removal are listed

Non-breast DHS with top enrichment 
of BrCa GWAS signals

% of SNPs overlap with 
MCF-7 DHS

Enrichment (95% 
CI) before removal

p value 
before 
removal

Enrichment (95% 
CI) after removal

p value after removal

Hep-G2 cell line, liver cancer 37.65 4.59 (3.35–6.29) 2.51E−21 4.69 (2.90–7.59) 3.19E−10
Fetal large intestine tissue 33.67 3.82 (2.85–5.11) 2.95E−19 4.06 (2.64–6.26) 1.94E−10
GM06990 cell line, lymphoblastoid 26.04 3.78 (2.76–5.17) 9.09E−17 4.09 (2.57–6.52) 3.11E−09
T helper 2 cells, lymphocytes 28.01 3.77 (2.75–5.16) 1.61E−16 3.91 (2.43–6.29) 1.86E−08
CD3 cord blood 32.44 3.75 (2.71–5.18) 1.45E−15 3.56 (2.16–5.88) 6.88E−07
T helper 17 cells, lymphocytes 36.23 3.73 (2.64–5.26) 6.79E−14 4.71 (2.78–7.96) 7.82E−09
Fetal stomach tissue 26.02 3.72 (2.78–4.98) 7.90E−19 3.49 (2.26–5.39) 1.75E−08
GM19239 cell line, lymphoblastoid 30.99 3.68 (2.56–5.27) 1.38E−12 3.24 (1.78-5.88) 1.16E−04
Fetal small intestine tissue 30.17 3.63 (2.65–4.98) 1.47E−15 4.18 (2.62–6.66) 1.93E−09

Non-breast typical enhancer with top 
enrichment of BrCa GWAS signals

% of SNPs overlap with 
MCF-7 typical enhancer

Enrichment (95% 
CI) before removal

p value 
before 
removal

Enrichment (95% 
CI) after removal

p value after removal

Stomach smooth muscle tissue 7.11 4.06 (2.74–6.01) 2.51E−12 3.75 (2.49–5.65) 2.96E−10
Brain angular gyrus 5.33 3.54 (2.09–6.00) 2.55E−06 3.18 (1.81–5.59) 5.49E−05

Non-breast super enhancer with top 
enrichment of BrCa GWAS signals

% of SNPs overlap with 
MCF-7 super enhancer

Enrichment (95% 
CI) before removal

p value 
before 
removal

Enrichment (95% 
CI) after removal

p value after removal

Bladder tissue 2.95 6.34 (2.80–14.37) 9.69E−06 6.60 (2.91–14.97) 6.21E−06
CD34 cell, blood 1.03 6.32 (2.59–15.43) 5.17E−05 6.46 (2.65–15.78) 4.20E−05
Brain anterior caudate tissue 1.50 4.36 (2.85–6.67) 1.19E−11 4.42 (2.89–6.76) 7.77E−12
VACO 9M cell line, colorectal cancer 2.87 3.59 (2.63–4.90) 7.59E−16 3.14 (1.55–6.37) 1.56E−04
Brain middle hippocampus tissue 0.93 3.63 (2.35–5.60) 5.66E−09 3.67 (2.38–5.66) 4.24E−09
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We observed that with progressively stringent GWAS p 
value threshold, the enrichment of GWAS signals increased 
among the annotations identified from the disease-related 
tumor cell lines, but not for corresponding normal cells, 
other carcinoma cell lines, or other normal cells (Fig. 3, Sup-
plementary Table 14). For breast cancer, this trend was most 
strongly observed for DHS, typical enhancers, and super 
enhancers found in MCF-7. The enrichment of breast cancer 
GWAS signals at p value thresholds of 10−5, 10−6, 10−7, and 
10−8 was 2.6, 3.4, 4.0, and 4.6 for DHS, 2.2, 3.2, 5.0, and 
5.9 for typical enhancers, and 8.1, 11.8, 11.9, and 13.4 for 
super enhancers. For prostate cancer, an increasing trend 
was observed in DHS and typical enhancers identified in 
the LNCaP cell line (DHS: 2.8, 3.0, 3.2, and 3.5-fold enrich-
ment; typical enhancers: 3.3, 3.6, 3.7, 4.1-fold enrichment 
for prostate cancer GWAS signals p value thresholds of 10−5, 

10−6, 10−7, and 10−8) as well as some other carcinoma cell 
lines (e.g., super enhancers in the colorectal carcinoma cell 
line VACO 9M), but not in normal prostate cells or other 
normal cells. We further dropped the p value threshold and 
still found that GWAS signals at p value < 0.0001, < 0.001, 
and < 0.01 thresholds were significantly enriched across 
DHS, super enhancers, and typical enhancers in MCF-7 
(breast cancer) and LNCaP (prostate cancer), respectively 
(Supplementary Table 14). However, we observed a mono-
tone decreasing trend in enrichment with a more relaxed p 
value threshold. For example, for DHS, the breast cancer 
GWAS signal enrichment in MCF-7 ranged from 4.63 (p 
value = 9.62 × 10−23) for a p value threshold of 10−8 to 1.24 
(p value = 9.91 × 10−14) for a p value threshold of 0.01. For 
prostate cancer, the GWAS signal enrichment of DHS in 
LNCaP ranged from 3.49 (p value = 1.42 × 10−19) for a p 

Table 2   Enrichment of prostate cancer (PrCa) GWAS signals with p value < 10−8 for non-prostate-related annotations before and after removing 
SNPs overlapping with corresponding annotation in LNCaP

Only annotations with statistical significance and 2.5+ fold of enrichment before removal are listed

Non-prostate DHS with top enrich-
ment of PrCa GWAS signals

% of SNPs overlap with 
LNCaP DHS

Enrichment (95% 
CI) before removal

p value 
before 
removal

Enrichment (95% 
CI) after removal

p value after removal

Fetal large intestine tissue 41.02 3.02 (2.21–4.12) 3.51E−12 3.00 (1.63–5.54) 4.3E−04
CACO-2 cell line, colorectal cancer 23.10 2.89 (2.20–3.78) 1.33E−14 1.94 (1.15–3.25) 0.01
Fetal small intestine tissue 35.19 2.85 (2.17–3.75) 7.21E−14 2.72 (1.63–4.54) 1.4E−04
Hep-G2 cell line, liver cancer 41.38 2.78 (2.05–3.77) 5.57E−11 1.51 (0.74–3.07) 0.26
MCF-7 cell line, breast cancer 44.57 2.70 (1.95–3.74) 2.19E−09 2.26 (1.07–4.78) 0.03
Fetal stomach tissue 31.26 2.61 (2.01–3.39) 7.58E−13 2.14 (1.31–3.50) 0.002
GM12878 cell line, lymphocyte 29.79 2.58 (1.93–3.45) 1.80E−10 1.22 (0.64–2.33) 0.55
CD3 cell, blood 37.41 2.54 (1.86–3.47) 5.07E−09 0.77 (0.31–1.93) 0.58
hTH2 cell, blood 32.14 2.52 (1.87–3.40) 1.69E−09 1.10 (0.52–2.31) 0.80
GM06990 cell line, lymphocyte 29.89 2.52 (1.87–3.39) 1.19E−09 1.13 (0.56–2.28) 0.74

Non-prostate super enhancer with top 
enrichment of PrCa GWAS signals

% of SNPs overlap with 
LNCaP super enhancer

Enrichment (95% 
CI) before removal

p value 
before 
removal

Enrichment (95% 
CI) after removal

p value after removal

VACO 9M cell line, colorectal cancer 8.30 7.67 (5.13–11.46) 3.48E−23 8.06 (5.27–12.34) 7.63E−22
VACO 400 cell line, colorectal cancer 9.95 5.59 (3.46–9.03) 1.87E−12 6.01 (3.62–9.98) 3.77E−12
Colorectal cancer crypt tissue 13.07 5.43 (3.44–8.56) 3.52E−13 4.03 (2.78–5.84) 1.71E−13
Thymus tissue 5.64 5.05 (2.95–8.66) 3.76E−09 5.57 (3.25–9.55) 4.10E−10
Pancreas tissue 17.76 4.66 (2.81–7.72) 2.47E−09 5.77 (3.37–9.89) 1.86E−10
CD19 cell, blood 3.08 4.53 (2.78–7.40) 1.52E−09 4.76 (2.92–7.78) 4.44E−10
GM12878 cell line, leukemia 2.07 4.37 (2.25–8.50) 1.37E−05 4.55 (2.34–8.86) 7.90E−06
HCT-116 cell line, colorectal cancer 7.19 3.68 (1.96–6.93) 5.20E−05 3.47 (1.72–7.02) 5.25E−04
Gastric tissue 16.15 3.66 (2.57–5.22) 8.61E−13 4.03 (2.78–5.84) 1.71E−13
CD20 cell, blood 3.21 3.35 (2.26–4.96) 1.92E−09 3.49 (2.36–5.18) 5.01E−10
Sigmoid colon tissue 12.78 3.30 (2.21–4.93) 5.97E−09 3.58 (2.36–5.43) 2.04E−09
HCC-1954 cell line, breast cancer 4.27 3.30 (1.85–5.89) 5.07E−05 2.99 (1.59–5.62) 6.59E−04
Duodenum smooth muscle tissue 6.75 3.23 (2.03–5.15) 7.31E−07 3.35 (2.08–5.40) 6.54E−07
CD56 cell, blood 4.42 2.93 (1.71–5.01) 8.89E−05 3.10 (1.81–5.30) 3.65E−05
Fetal large intestine tissue 8.16 2.83 (1.82–4.40) 4.28E−06 2.87 (1.81–4.57) 8.51E−06
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value threshold of 10−8 to 1.40 (p value = 1.27 × 10−38) for 
a p value threshold of 0.01. Interestingly, for prostate can-
cer GWAS signals, we observed a significant enrichment 

in super enhancers in LNCaP as the p value threshold 
decreased, although the enrichment estimate decreased with 
increasing p value threshold. This likely reflects the small 

Fig. 3   Enrichment of DHS, typical enhancers (TE), and super 
enhancers (SE) for breast (a) and prostate (b) cancer GWAS signals 
by GWAS p value threshold for disease-related carcinoma cell lines, 
disease-related normal tissues, unrelated carcinoma cell lines, and 
unrelated normal tissues. a-first row: MCF-7: ER-positive breast can-
cer cell line; a-second row: T47D: ER-positive breast cancer cell line; 
HCC-1954: ER-negative breast cancer cell line. a-third row: HMEC 
(2 and 4): primary mammary epithelial cell; HMF: human mammary 
fibroblast; vHMEC: variant human mammary epithelial cell; a-fourth 
row: LNCaP: prostate cancer cell line; HepG2: liver cancer cell line; 

Panc1: pancreatic cancer cell line; HCT-116: colorectal cancer cell 
line; a-fifth row: PrEC: primary prostate epithelial cell; hepatocyte: 
normal liver cell; normal pancreas tissue; normal sigmoid colon tis-
sue. b-first row: LNCaP: prostate cancer cell line; b-second row: 
PrEC: primary prostate epithelial cell; RWPE1: prostate epithelial 
cell; b-third row: A549: lung cancer cell line; HepG2: liver cancer 
cell line; VACO-9M: colorectal cancer cell line; b-fourth row: NHLF: 
lung fibroblast; hepatocyte: normal liver cell; normal sigmoid colon 
tissue
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proportion of the genome that contains super enhancers in 
LNCaP and suggests that super enhancers located in LNCaP 
are indeed enriched for prostate cancer, but we did not have 
enough statistical power to detect a significant signal for 
stringent p value thresholds.

We also studied the enrichment pattern of GWAS sig-
nificant signals for ER+ and ER− breast cancer separately 
(Fig. 4, Supplementary Tables 15–19). ER+ breast cancer 
GWAS signals at p < 10−8 were mostly enriched in DHS, 
typical enhancers, and super enhancers identified in MCF-7 
(which is an ER+ breast cancer cell line). Super enhanc-
ers located in MCF-7 were enriched for ER− breast cancer 
GWAS signals (enrichment fold: 80.3, p value: 2.1 × 10−22). 
In contrast, we observed the strongest enrichment for fetal 
intestine tissue for DHS enrichment of ER− breast cancer 
(enrichment fold: 4.99, p value: 1.1 × 10−5), and no signifi-
cant enrichment of typical enhancers of ER− breast cancer 
for any tissue.

Estimation of breast and prostate cancer heritability 
enrichment in functional regions specific 
to carcinoma cell lines and corresponding normal 
tissue

We utilized stratified LD score regression to study the SNP 
heritability of breast and prostate cancer for DHS, typical 
enhancers, and super enhancers identified in normal and car-
cinoma cell lines across breast and prostate tissues (Fig. 5, 
Supplementary Tables 20, 21). Regulatory elements identi-
fied in the breast cancer cell lines MCF-7 and HCC1954 
showed the highest enrichment of overall breast cancer 
heritability. No enrichment of breast cancer heritability was 
observed for the regulatory elements located in the breast 
cancer cell line T-47D, prostate cancer cell lines, and normal 
breast and prostate cells. The highest enrichment for pros-
tate cancer heritability was observed for regulatory elements 
identified in the LNCaP cell line, whereas no enrichment 
in heritability was observed in normal prostate tissue. Sig-
nificant enrichment of prostate cancer heritability was also 

Fig. 3   (continued)
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found for DHS and typical enhancers identified in MCF-
7. To assess if these results are due to overlap in annota-
tions for breast and prostate tissue, we studied the overlap 
in annotations between tissue types for the significant results 
(DHS: LNCaP vs. MCF7; Typical Enhancers: LNCaP vs. 
HCC1954; LNCaP vs. MCF7). For each annotation, after 
removing all SNPs that were present in both tissue types, we 
observed a decrease in the enrichment z score in our herita-
bility analysis for prostate cancer (Supplementary Table 22). 
Thus, we believe that the enrichment of prostate cancer her-
itability observed for annotations in breast cancer cell lines 

is partly driven by their overlap with the LNCaP, however, it 
does not completely explain the enrichment signal.

Discussion

In this study, we assessed the contribution of SNPs located 
in regulatory regions to breast and prostate cancer GWAS 
associations. We found that genome-wide significant SNPs 
were especially enriched in regulatory regions specific 
to disease-related carcinoma cell lines for both diseases. 

Fig. 4   Enrichment of GWAS significant signals with p value < 10−8 
of ER-positive (upper panel) and ER-negative (lower panel) breast 
cancer in DHS (left panel), super enhancer (middle panel), and typi-

cal enhancer regions (right panel). Each observation in the plot cor-
responds to an annotation type
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Specifically, DHS, typical enhancers, and super enhancers 
identified in the breast cancer cell line MCF-7 were observed 
with the highest enrichment of genome-wide significant var-
iants for breast cancer. For prostate cancer, genome-wide 
significant variants were mostly enriched in DHS and typical 
enhancers identified in the prostate cancer cell line LNCaP 
as well as super enhancers identified in colorectal cancer 
cell line VACO 9M. An increasing trend of enrichment was 
also observed in disease-related annotations as we applied 
a more stringent association p value threshold for inclusion, 
arguing that the strongest GWAS signals were particularly 
enriched for regulatory regions in relevant tissues. For ER+ 
breast cancer, DHS, typical enhancers, and super enhancers 
in MCF-7 had the highest enrichment of genome-wide sig-
nificant SNPs across tissues. For ER− breast cancer, super 
enhancers located in MCF-7 had the highest enrichment, 
while for DHS, fetal large intestine was the most enriched 
tissue. We did not observe any enrichments among typical 
enhancers for ER− breast cancer, regardless of tissue type. 
Results of heritability enrichment analysis further supported 
our findings, as certain regulatory elements identified in 
MCF-7 and LNCaP had the highest enrichment for breast 
and prostate cancer, respectively.

A majority of GWAS-identified risk loci for common 
disease are located in non-coding regions and have been 
hypothesized to act through an enhancer function (Cor-
radin and Scacheri 2014). Only 1.5% and 2.2% of the 

susceptible SNPs with p value for association < 10−8 for 
breast cancer and prostate cancer are located in coding 
regions. Further, it has been shown that GWAS-identified 
SNPs are located within enhancer elements specific to rel-
evant cell types, in both cancer and other complex traits 
(Ernst et al. 2011). Further, a disproportional enrichment 
of disease-relevant cell type-specific super enhancers has 
been shown among disease susceptibility variants (Hnisz 
et al. 2013; Whyte et al. 2013). For example, SNPs asso-
ciated with plasma low-density lipoprotein concentra-
tions were significantly co-localized with active enhanc-
ers marked by H3K4me3 in liver (Trynka et al. 2013); 
enhancers identified in pancreatic islet clusters were 
enriched among type 2 diabetes risk-associated variants 
(Pasquali et al. 2014; Stitzel et al. 2010); and a majority 
of genome-wide significant SNPs for colorectal cancer are 
located in H3K4me1-marked enhancer regions in colon 
crypts (Akhtar-Zaidi et al. 2012). Hnisz et al. investigated 
the density of trait-associated non-coding SNPs linked to 
eight diseases or traits, including Alzheimer’s disease, 
type I diabetes, and rheumatoid arthritis, in super enhancer 
domains identified in twelve human cell and tissue types. 
Similar to our results, they found that disease-associated 
SNPs tended to occur in super enhancers of disease-rele-
vant cells or tissues.

Similarly, our study provided evidence that variants 
associated with breast and prostate cancer were especially 

Fig. 5   Heritability enrichment of breast cancer and prostate cancer in DHS, typical enhancer, and super enhancer regions identified from breast 
or prostate carcinoma cell lines (marked in red) and corresponding primary cell or normal tissue (marked in black)
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concentrated in DHS, typical enhancer, and super enhancer 
regions discovered in corresponding cancer cell lines. This 
is consistent with a previous finding that the genomic dis-
tribution of chromatin features identified in carcinoma cells 
is more strongly associated with local mutation density as 
compared to the distribution observed in non-cancer cell 
types (Huyghe et al. 2019; Michailidou et al. 2017; Polak 
et al. 2015). Polak et al. reported that DHS specific to mel-
anocytes can explain a substantially larger fraction of the 
variance in melanoma mutation density than DHS from any 
other tissue or cell types. They also showed that the mutation 
density for melanoma and liver cancer genomes was highly 
specific to annotations measured in the cell of origin, even 
though annotations in melanocytes and hepatocytes were 
highly correlated. Michailidou et al. reported that candidate 
target genes of GWAS susceptible loci of breast cancer were 
strongly overlapped with the somatic driver genes in the 
breast tumor. In contrast, Huyghe et al. suggested that the 
GWAS significant signals of colorectal cancer were more 
strongly enriched in DHS identified in the fetal tissue and 
normal cells, rather in the colorectal cancer cell lines includ-
ing HCT-116. Our findings, along with those previous stud-
ies, strengthened our understanding of DNA annotations 
and their role in carcinogenesis via transcription regulation 
and highlight the importance of considering both tumor and 
normal tissue when integrating functional annotation data 
in cancer GWAS.

When stratifying the results for DHS by ER status, we 
surprisingly found that genome-wide significant signals 
in the ER− breast cancer were not enriched for breast tis-
sue. The number of genome-wide significant SNPs for 
ER− breast cancer is few, likely due to the relatively smaller 
sample size. After the greedy pruning process implemented 
by GARFIELD, only 52 independent SNPs with p value less 
than 10−8 were kept. This low number of SNPs results in 
large variability in enrichment estimation of specific annota-
tions, especially when annotations are small. DHS located 
in fetal large intestine and other non-disease-related tissues 
were observed with only marginally significant enrichment 
for ER-negative breast cancer signals. We note that approxi-
mately a third of all SNPs located in the most enriched tissue 
for DHS of fetal large intestine are also found in DHS in 
MCF-7. Thus, the combination of relatively weak GWAS 
signal and overlap in annotations across tissue types might 
identify non-relevant tissue types by chance. Previous stud-
ies have assessed tissue-specific enrichments of regulatory 
regions by looking at the fraction of SNPs located in tissue-
specific DHS with a GWAS p value below a specified cutoff, 
divided by the total number of SNPs located in that annota-
tion (Maurano et al. 2012). In contrast, GARFIELD utilized 
a generalized linear model, which further adjusted for minor 
allele frequency, distance to nearest transcription start site, 
and number of LD proxies. This improvement assured that 

our enrichment estimates were robust and unbiased. Gusev 
et al. (2016) partitioned the heritability of prostate cancer 
by tissue-specific genomic functional categories using a 
restricted maximum likelihood (REML) approach. They 
showed that the majority of SNP heritability was located 
in DHS and enhancers marked by histone mark H3K27ac 
identified from the prostate cancer cell line LNCaP. Super 
enhancers identified in LNCaP were not found with dis-
proportionally high heritability of prostate cancer. Their 
results were consistent with our results although we used 
slightly different data source and study designs. Although 
both studies leveraged data from the PRACTICAL consor-
tium, we based our analysis on the more recent 79,194 cases 
and 61,112 controls, as compared to Gusev et al. who used 
data over a much smaller sample size of 59,089 (cases and 
controls). In addition, Gusev et al. had access to individual 
level GWAS data and estimated the heritability enrichment 
of the functional categories using the restricted maximum 
likelihood (REML) as implemented in the GCTA software 
(Yang et al. 2011). In contrast, we only had access to GWAS 
summary statistics and used LD score regression (Bulik-
Sullivan et al. 2015) to estimate the enrichment of prostate 
cancer heritability among functional categories. We also 
observed an enrichment of prostate cancer heritability in 
functional annotations identified in breast cancer cell lines. 
After removing overlap between prostate and breast across 
annotations, we observed a decreased enrichment heritabil-
ity for prostate cancer. Thus, we believe that the enrichment 
of prostate cancer heritability observed for annotations in 
breast cancer cell lines is partly driven by their overlap 
with the LNCaP, however, it does not completely explain 
the enrichment signal. Thus, it is possible that the previ-
ous observed pleiotropy between breast and prostate cancer 
(Jiang et al. 2019; Kar et al. 2016) can explain some of these 
enrichment patterns.

Our study has several strengths. The GWAS results used 
in this study came from the most recent and largest pub-
lished GWAS for both breast and prostate cancer, providing 
increased statistical power to observe significant enrich-
ments. We obtained publicly available data on DNA regula-
tory regions from large collaborative consortia with com-
prehensive protocols and quality control pipelines, ensuring 
robust data. But it is also important to acknowledge the limi-
tations of our study. Disease-relevant enhancers marked by 
histone marks H3K27ac and H3K4me1 were not collected 
by the Roadmap projects, prohibiting us to assess if the 
observed enrichments of those histone marks are driven by 
tissue-specific (breast cancer and prostate cancer, respec-
tively) annotations. Several non-relevant (i.e., other than 
breast or prostate) tissue and cell types showed statistically 
significant enrichment of GWAS signals for both breast and 
prostate cancer, implying non-specificity. To address poten-
tial non-specificity, we reran the analysis, excluding all SNPs 
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located in breast or prostate-specific annotations, respec-
tively. While our results for breast cancer did not materially 
change, no unrelated annotation type showed significant 
enrichment after removing prostate-specific DHS and super 
enhancer SNPs. It is not clear if other annotations that over-
lap with the non-breast tissue annotations and not assessed 
here harbor SNPs associated with breast cancer and thus, are 
confounding our results, leading to an apparent enrichment 
of regulatory regions not expressed in breast tissue.

In conclusion, our study revealed high enrichment of 
breast and prostate cancer risk variants in DHS, typical 
enhancer, and super enhancer regions, with particularly 
high enrichment for regulatory regions in disease-specific 
carcinoma cell lines (MCF-7 (breast) and LNCaP (prostate)). 
We found evidence for a significant contribution of disease-
related annotations for both genome-wide significant SNPs 
and across all common SNPs in the genome, arguing that 
there is likely to be more causal SNPs located in regulatory 
regions that have yet not been identified in disease-specific 
GWAS. Our results suggest the importance of functional 
annotations in understanding GWAS results, and further 
demonstrate the role that DNA regulatory elements from dis-
ease-related tissue play in breast and prostate carcinogenesis.
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