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ABSTRACT

The breast cancer incidence rate is increasing and risk prediction needs to be improved. Higher lifetime
oestrogen exposure is associated with increased risk, however, the mechanisms between oestrogen
exposure and breast cancer development are not clear. It was hypothesised that a woman’s lifetime
oestrogen exposure accumulates DNA methylation changes, detectable in blood, which can be used for

risk assessment for breast cancer.

An epigenome-wide association study (EWAS) of an estimated lifetime oestrogen exposure
(ELEE)-model was conducted in Illumina HumanMethylation450K (HM450K) data in EPIC-Italy
(n=216). A breast cancer-associated Methylation Index (MI) of ELEE, including 31 CpG-sites, was
developed using HM450K data from EPIC-Italy (n=237) and the Generations Study (n=65). The MI
was validated using targeted bisulphite sequencing in the Generations Study (n=440 case-control

pairs), and replicated in a meta-analysis including four study cohorts.

In the EWAS, 694 CpG sites were associated (0<0.05) with ELEE. The association between
the MI and breast cancer risk was validated in the Generations Study targeted sequencing data
(ORq4 vs 0i=1.77, 95%CI 1.07-2.93, P=0.027) and replicated in the meta-analysis (ORq4 vs 01=1.45,
95%CI: 1.05-2.00, P=0.024). However, the correlation between the MI and ELEE was not replicated

across study cohorts.

Furthermore, two mechanisms for oestrogen-induced blood DNA methylation changes were
explored in lymphocyte cell-lines (LCLs): transcriptional response via the oestrogen receptors (ERs),
and DNA repair response following DNA damage. No expression of the ERs was identified in the

LCLs, but indications of increasing DNA damage following oestrogen-treatment.

In this project, a blood DNA methylation signature for breast cancer risk was identified,
however, the signature for lifetime oestrogen exposure was not validated. Further replication of the
EWAS and improvements to the MI are needed to assess if an epigenetic signature in blood can be
incorporated in population risk screening. Targeted prevention for high-risk women has the potential to

reduce the breast cancer incidences.
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CHAPTER 1:

General Introduction



1 CHAPTER 1: General Introduction

1.1. BREAST CANCER

1.1.1 Breast cancer statistics

Breast cancer is the most common female cancer with over 55,000 diagnosed cases in the UK in 2015
[1]. It is estimated that over 2 million women will be diagnosed with breast cancer in 2018 worldwide
[2]. The mortality rate has decreased by 38% in the UK since the 1970s after the introduction of
population mammographic screening in the late 1980s, which allows detection of the disease at an
early stage (Figure 1.1). This in combination with the advancement in treatment, such as targeted
therapy with Tamoxifen, means that more women than ever survive their disease [1, 3, 4]. However,
breast cancer is still the second most common cause of death from cancer after lung cancer, and with
increasing incidence rate it is expected that the number of deaths due to this disease may yet increase
[1]. Besides an aging population, differences in lifestyle and reproductive factors over the years are
reasons for the increase in the incidence, and it is estimated that 23% of cases could be preventable [1,

51.

1.1.2  Breast cancer subtypes

Breast cancer is a heterogeneous disease and the biology, prognosis and treatment vary between
patients [6]. Ductal carcinoma in situ (DCIS) is a non-invasive form of a ‘pre-cancer’ state of breast
cancer developed inside the milk ducts. The incidence rate for DCIS has dramatically increased after
the start of mammography routine screening, which detects DCIS that might never have been detected
otherwise, or alternatively detects the disease before it has developed to invasive breast cancer [7].
Invasive breast cancers have the ability to spread to the surrounding tissues and are classified into
‘special type’ or ‘no special type’. No special type (previously known as invasive ductal carcinoma) is
the most common type of breast cancer, makes up 60-70% of all cases, and as the name anticipates, has
no distinct morphological features [8, 9]. Invasive lobular carcinoma (ILC) is the most common breast
cancer of special type and comprises around 5-15% of all breast cancers. However, ILC is still a
heterogeneous breast cancer type, and better understanding of breast cancer heterogeneity is needed [9,

10].
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Figure 1.1: Breast cancer statistics
A. Latest statistics on number of breast cancer cases, deaths, survival, and preventable cases from Cancer
Research UK [1]. B. The incidence rate has increased over the years, and is expected to keep increasing. C.

The mortality rate has decreased after the introduction of population screening in the late 1980s. Data from
Cancer Research UK [1].
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Another way to classify breast cancers is into molecular subtypes based on their gene
expression, where the status of the oestrogen receptor alpha (ER-a) in the tumour is the main defining
feature. The majority, around 75% of all breast cancers, are ER-positive and thereby responsive to
oestrogens [11]. The progesterone receptor (PR) is also regulated by oestrogens, and tumours that
express both the ER and the PR (ER+/PR+) have a better prognosis than ER-/PR- due to the
opportunity for oestrogen-targeted therapy [12]. The molecular subtypes luminal A and B both express
the ER and the PR. Luminal A has a higher hormonal expression and better prognosis than luminal B,
and the human epidermal growth receptor 2 (HER2) is positively expressed in 30% of all luminal B
breast cancer. The HER2-enriched subtype has high expression of the HER2 and low expression of the
ER and the PR. The basal-like subtype is the most heterogeneous subtype. A majority (80%) are triple
negative breast cancer (TNBC, ER-/PR-/HER2-) and do not respond to endocrine treatment. TNBC
cases are more frequent in women with mutations in the breast cancer susceptibility gene BRCA! in
contrast to BRCA2 mutations carriers that are more frequently ER-positive breast cancers. Other

molecular subtypes described are Claudin-low and normal-like breast cancer [13, 14].

1.1.3  Breast cancer treatment
The histological and molecular characteristics of the breast tumours will determine the appropriate
treatment. The current therapy for tumours that express the ER is different anti-oestrogens. Selective
oestrogen receptor modulators (SERMs), including Tamoxifen and Raloxifene, bind to the ERs and
inhibit their action on gene transcription by blocking co-activators and promoting co-repressors in the
breast [15]. Tamoxifen has been widely used over the years and proven to significantly increase the
survival of breast cancer patients. However, there are concerns of the effects on other tissues since it
acts as an antagonist in some tissues but has oestrogenic activity in others, including the endometrium
[15, 16]. Raloxifene, which was originally developed for osteoporosis, has significantly less
endometrial oestrogenic activity, but is not as effective as Tamoxifen [15-17]. Another category of
anti-oestrogens is selective oestrogen receptor-down-regulators (SERDs) including Fulvestrant, which
bind to the ER and structurally block their action, and are described as ‘true’ anti-oestrogens [16].
Aromatase inhibitors (Als) block the activity of the enzyme aromatase that is involved in the
conversion of androgens to oestrogens, and thereby decrease the oestrogen levels. It has proven

effective for postmenopausal women, however it is less effective in premenopausal women. This is due
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to a reduction in the oestrogen negative feedback system following aromatase inhibition, which
increases the synthesis of gonadotropins that stimulate both oestrogen and aromatase production in the
ovaries, which increase the oestrogen levels [18, 19]. There are two types of Al, steroidal analogous of
the androgen androstenedione that bind to aromatase irreversibly and thereby inactivates the enzyme
(for example Anastrozole), and non-steroidal Al that bind reversibly to aromatase and inhibit its action
(for example Exemestane) [19].

Unfortunately, resistance occurs in a large proportion of the women treated with anti-
oestrogens. Either the tumours are not responsive to anti-oestrogens (intrinsic resistance) or the
resistance is acquired after an initial response. The mechanisms for this are not fully understood, but
include alterations and mutations to the ESR/ gene that codes for ER-a, deregulations of co-activators
of the ERs, overexpression of HER2, and ER activation in the absence of oestrogens. For example
epigenetic alterations that lead to changes in the cholesterol synthesis have been observed, which can
activate the ER [20-24].

ER-negative breast cancer will not respond to anti-oestrogens and are typically treated by
surgery, radiation therapy, and chemotherapy, because of the lack of a more specific therapeutic target.
The response to different chemotherapies differs between individuals; for example might carboplatin-
treatment for TNBC be more effective in BRCAI or BRCAZ2-mutation carriers, but not in non-mutation-
carriers [25]. Other treatment alternatives include Trastuzumab (Herceptin) for HER2 breast cancer, a
recombinant monoclonal antibody that affects the HER2 receptors and has proven very effective for
these tumours [26], and poly(ADP-ribose) polymerases (PARP)-inhibitors for ER-negative breast

cancer in BRCA 1 mutation carriers, which are involved in DNA repair [27].
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1.2. RISK AND PREVENTION

1.2.1 Genetic risk

Family history is an important contribution to a woman’s breast cancer risk. Having one first-degree
relative (mother, sister, daughter) with breast cancer is associated with an almost doubling of the risk
(odds ratio, OR=1.80, 95% confidence interval, CI: 1.69 — 1.91) compared to a woman with no affected
relative [28]. However, eight out of nine women that are diagnosed with breast cancer have no affected
first-degree relative. Heritable genetic variants might explain up to a quarter of the breast cancer risk
[29]. The two most common genes with hereditable genetic risk variants are BRCAI and BRCA2.
Women carrying mutations in BRCAI or BRCA2 have at the age of 70 a cumulative breast cancer risk
of 65% and 45%, respectively [30]. The genes are involved in genomic stability and DNA repair
mechanisms of double-strand breaks (DSB) [31]. However, mutations in the population are rare with
prevalence of 1-3% in the general population [32, 33]. Other genes that moderately contribute to the
breast cancer risk are different tumour suppressor genes and oncogenes controlling cell growth (7P53,
PTEN, STK11, CHDI) and genes involved in DNA repair mechanisms (CHEK2, ATM, PALB?2) [34,
35].

Several other genes with breast cancer risk single nucleotide polymorphisms (SNPs) have
been identified in large genome-wide association studies (GWAS) [36, 37]. In fact, close to two
hundred of risk-SNPs have been associated with breast cancer susceptibility [38]. The individual
contribution from each SNP to breast cancer risk is small and not useful in risk prediction. However,
when combined into polygenic risk scores (PRS) they have a much larger effect and can be used to

stratify women into different risk groups [38-41].

1.2.2  Lifestyle risk factors
As already mentioned, it is estimated that 23% of all cases are potentially preventable by lifestyle
changes. The most well studied lifestyle risk factors are increased body mass index (BMI), alcohol

consumption, smoking, and physical inactivity (Table 1.1).

1.2.2.1  BMI in postmenopausal women
It is well established that increased BMI is associated with breast cancer risk in postmenopausal

women [42-47]. For each 5 kg/m’ increase in BMI the breast cancer risk is elevated by 12% [43].
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However, the increase in risk with increasing BMI is stopped around a BMI of 28 kg/m® in
postmenopausal women [46]. The reason for this plateau might be that obese postmenopausal women
tend to also be obese at younger ages, and obese premenopausal women have a decreased breast cancer
risk. When an obese woman enters the menopause, the breast cancer risk is only slightly increased [42,
45, 48]. Categorising postmenopausal women into normal-weight (< 25 kg/m?), overweight (25-30
kg/m?) and obese (> 30 kg/m®) groups, the risk was increased by 30% and 31% in overweight and
obese women compared to normal-weight women, respectively [45]. The largest increase in risk might
be for women putting on weight after the menopause [48, 49].

For postmenopausal women the main source of oestrogen is from the skin or adipose tissue,
and the increased body fat will therefore lead to an increase in the oestrogen production. Higher BMI
has been associated with increased aromatase activity and lower levels of the sex hormone binding
globulin (SHBG), leading to a higher concentration of free bioavailable oestrogens [50, 51]. Higher
BMI is mainly associated with ER-positive disease [52, 53], suggesting an effect in breast cancer risk
from the increasing circulating oestrogen levels. The increased aromatase activity in obese women
leads to higher levels of insulin, decreased production of SHBG in the liver, and increased circulating
free bioavailable oestrogens [48, 51]. Furthermore, the increase in risk with increasing BMI seems to
be limited to women who never have used hormone replacement therapy (HRT) [45, 47, 49, 52].
Therefore, it has been suggested that it is only in women whose oestrogen levels are low, that increased
adiposity leads to an increase in breast cancer risk [48]. In fact, one study observed an inverse
association between BMI and breast cancer risk among postmenopausal HRT users; obese women had
a 34% reduction in the risk compared to normal-weight women [45]. Additionally, the breast cancer

risk might also be mediated by inflammation in obese postmenopausal women [54].

1.2.2.2  Premenopausal BMI

An opposite, inverse association between BMI and breast cancer risk has been observed in
premenopausal women [43, 44, 46, 55, 56]. Risk ratio (RR) of 0.92 per 5 kg/m® increase in BMI was
observed for premenopausal women [43]. Obesity in premenopausal women (BMI > 31 kg/m?) was
associated with almost half of the risk (RR=0.54) compared to women with BMI < 21 kg/m”* [46]. A
recent large study pooled data from 19 prospective cohorts and observed a stronger decrease in breast
cancer risk among younger women, with significant hazard ratios (HRs) of 0.77 for women aged 18 to

24, and HR of 0.88 for women aged 45 to 54 [56].
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The mechanisms between BMI and breast cancer risk in premenopausal women are not fully
understood. Similar to postmenopausal women, the levels of SHBG are lower in obese premenopausal
women. This leads to higher levels of free bioavailable oestrogens, but they are not as dramatically
increased as in postmenopausal women [55]. The increased circulating oestrogen levels in young
women might lead to early breast differentiation and irregular cycles with increased frequency of
anovulation, which may reduce the breast cancer risk [45, 48, 56]. However, risk reductions has been
associated with both ER-positive and ER-negative subtypes in premenopausal women [53, 56], as well
as for TNBC [57], which implies that other mechanisms than oestrogens might be involved, such as

insulin resistance and chronic inflammation.

1.2.2.3  Alcohol consumption

A positive linear relationship between alcohol consumption and breast cancer risk has been observed in
both pre- and postmenopausal women [50, 58-61]. For each additional 10 g/day alcohol intake there is
around 10% increase in breast cancer risk [62]. Even for light drinkers (defined as < 12.5 g/day or < 1
drink/day) a modest but significant increase in risk (RR=1.04) compared to non-drinkers was observed
[60]. Largest effects were observed for heavy drinkers (> 3 drinks per day) with 40-50% increase in
risk [59, 60, 63, 64].

Many different mechanisms have been proposed to explain the relationship between alcohol
consumption and breast cancer [65]. Ethanol is metabolised to acetaldehyde, a weak carcinogen and
mutagen, which can interact with DNA and proteins and form adducts. The ethanol metabolism can
also produce reactive oxygen species (ROS) that are associated with DNA damage [65, 66]. Alcohol
consumption also affects the oestrogen metabolism, and higher alcohol consumption is associated with
increased circulating oestrogen levels in both pre- and postmenopausal women [50, 58, 60, 67]. The
half-life of oestradiol is approximately three hours and thereby blood samples collected for oestrogen
level measurements may miss the increased effect of alcohol consumption. However, it is hypothesised
that the total cumulative lifetime oestrogen exposure will be influenced by alcohol consumption and
lead to increased oestrogen levels and breast cancer risk in a more long-term perspective [58]. Ethanol
stimulates the ER-a, cell proliferation, and aromatase expression in breast cells [68], down regulates
BRCAI [69], and increases premenopausal mammographic density [58]. Furthermore, alcohol
consumption decreases folate levels, which has an effect on the one-carbon metabolism and DNA

methylation [65, 70]. However, it is not clear if folate levels affect breast cancer risk or if this is only
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limited to postmenopausal women [66, 70, 71]. Alcohol consumption has been linked to both ER-

positive and ER-negative subtypes, including TNBC [59, 71].

1.2.2.4  Smoking
Smoking is a well-known risk factor for many cancers, but it does not have a strong effect on breast
cancer risk. The International Agency for Research on Cancer (IARC) has reported limited evidence
for smoking and breast cancer [72]. However, several large studies have found significant associations
between smoking and breast cancer risk. One study showed that the risk is increased by 16% in current
smokers, 14% in former smokers and 10% in current passive smokers, compared to women who never
smoked and were not exposed to passive smoking [73]. Similar results have been observed in other
studies [74-77], and the risk might be elevated up to 20 years after smoking cessation [76]. Longer
duration or intensity smoking may increase the risk further [76, 78]. Also, the timing of starting to
smoke seems to be important with particularly increased risk in women who smoked between
menarche and first full-term pregnancy (FFTP) [73, 78]. In contrast to this, there are also studies that
have found no association with breast cancer risk for neither smoking status, duration or intensity [79].
The mechanisms between smoking and breast cancer risk, if there is a true association, might
be from different carcinogens that cause DNA damage or alterations in the oestrogen metabolism. In
premenopausal women, lower oestrogen levels in the luteal phase have been observed in current
smokers [80], but also no effect on oestrogen levels has been observed [55]. Changes in the oestrogen
metabolism have been observed in smokers, with increased levels of DNA damaging oestrogen-
metabolites [80]. Postmenopausal heavy smokers may have increased oestrogen levels [50], but
controversially an anti-oestrogenic effect has been observed in smoking postmenopausal women [81].
The mechanisms are not fully understood, but smoking women reach the menopause earlier, which is
associated with a decrease in the breast cancer risk [81, 82]. It might also be that the hepatic
degradation of oestrogens is enhanced in postmenopausal smokers [81]. Some studies have even

observed a reduced breast cancer risk in postmenopausal smoking women [73].
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The association between smoking and breast cancer risk might be confounded by alcohol
consumption. Smoking and alcohol consumption are highly correlated, and one study found no effect
on risk when restricting the analysis to non-drinkers [61]. However, in another study the association
was restricted to non-drinkers [73], and no potential confounding effect from alcohol consumption has
been found in other studies [50, 75, 77]. Furthermore, smokers tend to be leaner which is associated
with a decreased risk in postmenopausal women [50, 73, 81]. Further studies are needed to conclude

weather smoking has a causal effect on breast cancer risk.

1.2.2.5  Physical inactivity

Physically active women have a significantly reduced risk for breast cancer compared to less active
women [83-87]. Studies indicate that at least 150 minutes of vigorous physical activity per week is
needed for a decrease of 9% in lifetime risk for breast cancer [85]. Both household, recreational, and
total physical activity are associated with risk reductions [84, 87, 88]. Some studies have reported less
strong associations for physical activity and breast cancer in premenopausal women [84, 86], but a
recent large meta-analysis observed no differences in menopausal status [85]. Furthermore, use of HRT
might be confounding the associations in postmenopausal women and was observed to almost cancel
out the effects on risk-reduction of physical activity in HRT users [85]. A somewhat stronger
association has been observed for leaner women, but this could be confounded by BMI, with smaller
risk reductions in postmenopausal heavier women who already are at elevated risk [84]. Independent
effects for BMI and physical activity have also been observed [86].

The biological mechanisms between physical activity and breast cancer risk are not fully
understood, but might be due to changes in hormone levels [88]. Risk reductions have been observed
for both ER+/PR+ and ER-/PR- breast cancer, but it has been suggested that the PR might play a more
important role in the breast cancer development [85, 87]. Lower circulating oestrogen levels have been
observed in the luteal phase in highly physically active women [88], but also no effect on oestrogen
levels has been observed [86]. Very high levels of physical activity can affect the timing of menarche
in young women, and affect the menstrual cycle in premenopausal women by making it longer and
increasing the number of anovulatory cycles [87, 88]. This will result in a reduction in the total
cumulative lifetime exposure to high levels of oestrogen, and thereby decrease the breast cancer risk.

There are many other factors that might be influenced by physical activity, such as weight reduction,
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changes in the metabolism of insulin and growth factors, changes in immune function, and decreased

systemic inflammation [84, 86].

1.2.3 Reproductive risk factors

Other reproductive factors have been associated with breast cancer risk (Table 1.1), which is thought
to be mainly through alterations of oestrogen exposure. Recent trends in reproductive factors are
thought to be a reason to explain the increase in breast cancer incidences over the last years, including
a younger age at menarche, fewer pregnancies, older age at first pregnancy, and shorter breastfeeding

duration.

1.2.3.1 Age at menarche

Breast cancer risk is modified in young ages through timing of different pubertal stages [89]. The
menarche marks the start of menstrual cycles, confirms ovarian and endocrine reproductive activity,
and is an approximate start of the exposure to high oestrogen levels [82, 89, 90]. With changes in the
hormonal environment, the number of undifferentiated breast cells increases, which makes the breast
tissue more susceptible to carcinogens [89]. A younger age at menarche is associated with a higher
breast cancer risk compared to later age at menarche, and will increase the time when a woman is
exposed to the high oestrogen levels through the menstrual cycles [82, 89-91]. Each year younger age
at menarche is associated with 5% increase in breast cancer risk [82]. In recent years the age at
menarche has decreased in European countries, which is thought to be a result from lifestyle changes in

food intake, BMI and physical activity [91, 92].

1.2.3.2  Age at menopause

A woman is exposed to high levels of circulating oestrogens produced in the ovaries between menarche
and menopause, which mark the reproductive time for a woman. The number of menstrual cycles is an
approximation of the reproductive time and has been positively associated with risk of breast cancer
[93, 94]. The total oestrogen exposure is further affected by time spent pregnant, duration of
breastfeeding, OC and HRT use, and length and regularity of menstrual cycles [90]. The menopause
marks the stop of exposure to high circulating levels of oestrogens: the oestrogen production in the
ovaries is stopped and the oestrogen levels decrease rapidly [82]. An older age at menopause is

associated with increased breast cancer risk [82, 95, 96] and each additional year before menopause is
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associated with around 3% increase in breast cancer risk [82]. The same risk reduction is seen for
women who have undergone bilateral oophorectomy [97]. After menopause, the breast cancer risk
decreases dramatically. Premenopausal women aged 45 to 54 years have a 43% increased breast cancer
risk compared to postmenopausal women of the same age [82], which probably has to do with the
decrease in oestrogen levels [82, 95]. On the other hand, the risk for breast cancer in postmenopausal
women can be increased by HRT use and higher BMI [95]. Whether early menarche and late
menopause are independent breast cancer risk factors is not clear. It is hypothesised that a longer
reproductive time increases the breast cancer risk but this has been poorly studied. The two life events
are likely to be correlated and it has been shown that oestrogen levels in postmenopausal women are

greater for women with an early age at menarche [82].

1.2.3.3  Parity and age at first full-term pregnancy (FFTP)

Nulliparous women have around 30% increased lifetime risk of developing breast cancer compared to
parous women [91, 96, 98, 99]. Each additional birth is associated with 7% decrease in breast cancer
risk, independent from breastfeeding [100]. However, each year older age at FFTP is associated with
3% increase in the risk [100], and women with an age at FFTP over 35 compared with below 20 have a
40% increased risk for breast cancer [91, 96, 98]. This increase in risk might be greater for
premenopausal breast cancer [91]. Women with an age at FFTP of 35 or older might have a greater risk
compared with nulliparous women, however this was observed in old data and might need to be
updated [101]. A more recent study found that the risk is increased shortly after FFTP, and that the risk
increase is greater and stay elevated for a longer time for women with an older age at FFTP. The risk

can be elevated up to 30 years after giving birth for women with an age at FFTP of 30 or over [102].

The protective mechanisms from pregnancy are thought to be from the hormonal changes
during and after pregnancy as well as a result of lower number of undifferentiated breast cells. During
pregnancy, the breast cells undergo a maturation process, including developing of lobules, branching,
and milk production [103]. The morphological changes of the breast and the exposure to high levels of
hormones make the breast cells less susceptible to carcinogens [103, 104]. It has been observed that the
hormonal changes might lead to an increased expression of the tumour suppressor gene p53 in the
breast and increased apoptotic activity, which might be involved in the protective effect [104]. The
biological protective effects are only seen for pregnancies lasting longer than 33 weeks, suggesting that

important changes are introduced late in the pregnancy [105]. Parous women have a decreased risk for
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developing ER+/PR+ tumours of luminal subtype [106-108], but the risk might also be decreased for
ER-negative and TNBC [109]. Parous premenopausal women have decreased levels of oestrogens
throughout the menstrual cycle compared to nulliparous women [110], and parous postmenopausal
women have decreased oestrogen levels and increased levels of SHBG [111]. This may be a result of
better oestrogen metabolism and more regular cycles after being exposed to high levels of oestrogen

during pregnancy [110, 111].

On the other hand, the short-term effect from being pregnant is an increased risk for breast
cancer. The cancers developed during or shortly after giving birth are referred to as pregnancy-
associated breast cancer (PABC) [112]. This is thought to be due to the exposure of high oestrogen and
progesterone levels during pregnancy [113], and is especially seen in women with an older age at first
pregnancy [91, 112]. The younger age at the FFTP, the earlier the breast cells undergo the maturation
process, and the longer a woman can benefit from the long-term protective effects [91]. However, the
number of terminal duct lobular units (TDLU, the structures in the breast that produce milk) is
increased in parous women compared to nulliparous women, especially after giving birth and the 10
following years, which has been associated with breast cancer risk [114]. The PABC cases have poor
survival and a high risk of relapse, which is probably due to a delay in diagnosis since the breast
density increases during pregnancy and breastfeeding, which makes the cancer hard to detect [112]. In
summary, pregnancy is therefore associated with a short-term increase in risk, but a long-term decrease

in risk for breast cancer [105].

1.2.3.4  Breastfeeding

The association between breastfeeding and breast cancer risk have been inconsistent in earlier studies,
but recent large studies have been able to establish a moderate but significant decrease in risk with
longer duration breastfeeding. Parous women who have been breastfeeding compared with parous
women who never breastfed have a significant decrease in breast cancer risk, which has been reported
in several large meta-analyses [100, 115-117] with risk estimates ranging from OR=0.86 (95% CI: 0.82
—0.90 [115]) to RR=0.61 (95% CI: 0.44 — 0.85 [117]). Every additional 12 months of breastfeeding
decreases the risk by 4.3% [100]. A few studies report only a protective effect in premenopausal breast
cancer and it is thought that the protective effect in postmenopausal women is masked by the already

decreased risk for breast cancer [115, 118].
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Several potential biological protective mechanisms of breastfeeding have been proposed. The
protective effect may be mediated by the hormonal changes following both from having been pregnant
and breastfeeding [90, 116]. Breastfeeding is closely related to parity and women who have more
children spend more time breastfeeding [100, 116]. Women breastfeeding for a longer time have
reduced lifetime numbers of menstrual cycles, and the protective effect might be mediated through
shorter total lifetime oestrogen exposure [90, 115-117, 119]. However, breastfeeding has been
associated with a decreased risk in both ER+/PR+ and ER-/PR- breast cancer, suggesting a potentially
hormone-independent protective effect [107]. The differentiation process of breast cells during and
after pregnancy for milk production makes them less susceptible to carcinogens, as described earlier,

and could lead to decreased breast cancer risk [116, 117].

1.2.3.5 Hormone Replacement Therapy (HRT)

When a woman enters the menopause there is a decrease in oestrogen and progesterone levels. HRT is
often prescribed to replace the hormonal production in the ovaries and to relieve the symptoms that can
occur, such as hot flashes [120]. However, HRT use is associated with an increase in breast cancer risk
and it was estimated that 20,000 extra breast cancer cases were related to HRT use in the UK in the
twentieth century [121]. For each additional year of HRT use, the breast cancer risk is increased by 2%,
which is similar to one year delay in the menopause [95]. The risk increase is further affected by the
hormonal formulations in the HRT. Fifty years ago oestrogen-only HRT (ERT) was mostly prescribed,
but has been replaced with combined oestrogen and progestins (CRT) because of the observed
increased risk of endometrial cancer from ERT [120]. However, in several studies a greater effect on
breast cancer risk has been observed for CRT compared to ERT [97, 121-124]. In the Million Women
Study in the UK, current use of ERT was associated with 40% increase in risk, but a 100% increase in
risk for CRT [121]. Less than one year of CRT increased the risk with 45% compared to never users
[121]. After the Women’s Health Initiative (WHI) clinical trial of HRT that showed an increased risk
for breast cancer in CRT users [125], many women stopped taking HRT in the US, which was
suggested to be a reason for the reduction in breast cancer incidence between 2002 and 2003 [120].
However, the study was criticised: almost half of the women did not follow the hormone therapy
through, the number of cases was small, and some women had been taking ERT before the start of the

study.
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The risk increase seems to follow a complex pattern: in the WHI, the risk was increased
during the intervention phase and decreased quickly after cessation [126]. This is similar to other
studies that have found a significant increase in breast cancer risk in current users but not 2-5 years
after cessation [95, 121]. The risk is further increased with longer duration of HRT [95, 121, 124]. The
increased risk in HRT users seems to be limited to ER+/PR+ subtype [124, 127]. This, in combination
with the greater risk increase in CRT compared to ERT, suggests that the PR is the driving mediator of

the breast cancer caused by HRT [124].

Different confounders can influence the association between HRT and breast cancer risk.
Importantly, a larger number of ERT users are thought to be a reason for non-significant results
between HRT and breast cancer risk in older studies [95, 120]. Different doses as well as different
oestrogen and progestin formulations may also have different effect on breast cancer risk, but the
results are inconsistent [95, 121, 123]. Also the timing of menopause and start of HRT may have an
effect on the breast cancer risk, where women starting to use HRT a short time after the menopause and
for a long duration seem to have a particularly increased breast cancer risk [128]. A lower risk increase
has been observed in women with higher BMI, suggesting that BMI can overtake the effect HRT has
on breast cancer risk [95, 127] Furthermore, breast cancer diagnosed in HRT users seems to be less
clinically advanced with often more low-grade breast tumours that are less likely to spread [95, 120].
Therefore, while HRT increases the risk of cancer diagnosis, it may not increase the risk of breast

cancer related mortality.

1.2.3.6  Oral Contraceptives (0C)

Hormonal contraceptives have been widely used since 1957 and contribute to the primary prevention
for ovarian cancer with a risk reduction of 50% or more in long-term users [129]. The concern for its
effect on breast cancer risk was highlighted early, but the long-term effects have not been possible to
study until recently. Ever use of OC increases the risk of breast cancer by 8% compared to never users
[130], with potential greater effect for breast cancer diagnosed before menopause [131]. However,
similar to HRT, the risk seems to be increased for current users by around 20%, and then decrease back
to normal risk-levels within 10 years after last use [132, 133]. Comparably, more than 5 years use of
OC has been associated with breast cancer mortality up to 10 years since last use [134]. OC use in
young ages does not seem to affect the breast cancer risk later in life [135], and another study only

found a significant association between recent (< 1 year) OC use and breast cancer risk [136].
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Furthermore, the duration of OC use might increase the risk further [133, 137, 138], with 14% increase
in risk per 10 year use of OC [138]. However, the risk increase might be a consequence of increase in

age, which will itself increase the risk for developing breast cancer [139].

The breast cancers associated with OC use seem to be limited to the ER-positive subtype
[136]. This is in concordance with the increase in risk among current users only, which suggests no
genotoxic effect from OCs [132]. Furthermore, OC use does not seem to affect the risk in high-risk
women with family history of BRCAI or BRCA2 mutations [140]. Different formulations of OCs in
oestrogen-only, progestin-only, or combined oestrogens and progestins might have different effects on
the risk. The breast cancer risk might not be increased in users of low-dose oestrogen-only OCs [136].
Other studies did not find any particular variation between different hormonal combinations or
formulations [132, 133]. The effect from OCs on oestrogen exposure is complex: OC use can cause
anovulation, which might be protective for breast cancer, but also the exogenous exposure to
oestrogens and progestins can promote breast cancer development [137]. The breast cancer diagnosed
from OC use may be less clinically advanced, which might be a combination from early diagnosis or a
biological effect from OC use [132]. Nevertheless, several studies highlight that the benefits from OC
use overtakes the small increase in risk that is seen in mainly premenopausal women where the breast

cancer incidence rate is low to start with [139].

1.2.4 Breast cancer risk models

Different breast cancer risk models have been developed that combine different risk factors and family
history to estimate a woman’s lifetime risk of developing breast cancer or in a 5 or 10-year period
[141]. The Gail model was developed in 1989 and estimates the risk of in sifu breast cancer for a
woman given her age, age at menarche, age at first live birth, information of previous breast biopsies,
and number of first-degree relatives with breast cancer [142]. The Gail model was later modified to
estimate the risk for invasive breast cancer only and is often referred to as Gail model 2 [143]. The Gail
model 2 might predict the overall breast cancer risk better than model 1, but both models seem to
underestimate the risk for women in the lowest risk groups, and overestimate the risk for women in the
highest risk groups [143]. The Tyrer-Cuzick model (IBIS Breast Cancer Risk Evaluation Tool [144])
also incorporates second-degree family history, age of onset of cancer in the family, use of HRT, and

information of BRCAI and BRCA2 mutations. The risk model estimates both the risk for developing
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breast cancer and a woman’s risk of carrying any high-risk mutations [145]. Other models, such as the
Breast and Ovarian Analysis of Disease Incidence and Carrier Estimation Algorithm (BOADICEA,
[146]), predicts risk for women with family history of breast cancer and computes BRCAI and BRCA2

mutation carrier probabilities, but was recently updated to include more information [147].

Even though the additional information incorporated in the Tyrer-Cuzick model improved the
risk prediction in comparison to other risk models [148], it is not well calibrated across different
populations. Attempts to improve the risk models have been implemented by adding information of
breast density and polygenic risk score (PRS) [141]. Breast density is positively associated with breast
cancer risk; women with a breast density of 75% or more have almost five times higher risk compared
to women with less than 5% [149]. In one UK study, the breast density itself was a stronger risk factor
than the Tyrer-Cuzick or Gail model alone. Adding information of breast density to the risk models
improved the risk prediction slightly [150]. Similar results have been observed in other studies where
the additional information of breast density or PRS improved the models significantly but modest
[141]. A recent study including PRS of 88 risk-SNPs observed similar prediction accuracy for the PRS
as for the Tyrer-Cuzick model, but it was substantially improvement in the combined model [38]. The
recently updated BOADICEA model now includes BRCAI, BRCA2, PALB2, CHEK?2, and ATM in a
PRS (with a total of 313 risk-SNPs), as well as mammographic density and different reproductive and
lifestyle risk factors (age at menarche, age at menopause, parity, age at FFTP, OC use, HRT use,
height, BMI and alcohol intake). It has the potential to improve risk stratification and is well calibrated

in UK and European populations, but needs further validation [147].

The clinical aim of risk models is to be able to categorise women into high- and low-risk
groups, with few women in the middle-risk groups. The addition of PRS to the Tyrer-Cuzick model led
to more women being categorised into high or low risk groups [151]. Improved risk stratifications have
been observed when combining risk factors, family history, breast density, and PRS [40]. The
continuous discovery of more risk-SNPs to include in the PRS will probably improve risk assessment
further. Other potential improvements to the risk models are to include information on hormonal
exposures and lifestyle risk factors. However, including hormonal measurements is tricky due to the
variation in hormone-levels measurements [152, 153]. A model estimating a woman’s total lifetime

oestrogen exposure, similar to the Pike model, could be relevant. The Pike model is a model for ‘breast
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tissue aging’ including information of a woman’s age at menarche, age at FFTP, and age at menopause

[154].

Also, gene expression profiles, proteomics, and epigenetic risk markers in blood have the
potential to be included in risk models and improve risk stratification [5, 141]. For now, the risk
models have good prediction accuracy for a population, but not at the individual level [5, 141, 155].
Further understanding of the biological mechanisms leading to breast cancer development is needed to

improve risk assessment.

1.2.5 Prevention

As already mentioned, it has been estimated that 23% of all breast cancer cases in the UK are
preventable by lifestyle changes. This includes changes in modifiable risk factors, including the above-
mentioned lifestyle factors. However, it is believed that incorporating other preventable approaches for

women at high risk, such as chemoprevention, will reduce the number of cases further.

1.2.5.1  Chemoprevention

For prevention of ER-positive breast cancer, the blocking or inhibition of oestrogen activity by
SERMs, SERDs or Als has been successful. At least five years of Tamoxifen can reduce the breast
cancer risk by 33% overall (including DCIS), with the biggest effect for ER-positive disease with a risk
reduction of 44% [156]. The risk is reduced for a long period after treatment for both ER-positive
disease and DCIS [157]. The risk could be further reduced for women at high risk: one study with
women taking Tamoxifen for 5 years with a 5-year risk of 1.66% or more (estimated by the Gail model
2) the RR was 0.57 compared to the placebo group [158]. Tamoxifen shows better risk-reductions
compared to Raloxifene, but it comes with more side effects [156]. Lasofoxifene, another SERM, is a
promising candidate since it not only reduces the risk for breast cancer but also decreases the risk for
stroke and cardiac events, however larger studies with longer follow-up time are needed [156]. Even
greater risk reductions have been observed for different Als: Exemestane has shown to reduce the risk
by 65% and Anastrozole by 53% [141, 159, 160]. Compared to SERMSs, they are not associated with
increased risk in thromboembolic events or endometrial cancer, but are associated with moderate bone
and muscle pain, reduced bone density, and hot flashes. However, they can only be used for

postmenopausal women [141, 159, 160].
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When should chemoprevention be recommended? For which women will the benefits in
breast cancer risk reduction overtake the risks of the side effects? To answer these questions better risk
assessment models are needed to clearly identify women at high risk of developing breast cancer. In
the USA, women with a 5-year projected absolute risk of 1.66% or more, estimated by the Gail model
2, should discuss the use of chemoprevention [141]. In the UK, chemoprevention should be considered
for women at moderate risk (lifetime risk of 17-30%) and offered to women at high risk (> 30%) [40,
161]. Further improvements are needed to understand which women are at a high risk and what the best

therapeutic or other preventative approaches would be.

Importantly, chemoprevention will only target hormone-dependent cancers. It might be
desirable to decrease the risk for hormone receptor negative cancers as well, especially since this
cancer is more aggressive with poor prognosis, and often affects younger women. Hormone-
independent approaches to reduce breast cancer risk might include statins to block cholesterol
synthesis, the type-2 diabetes drug Metformin that has showed to decrease the breast cancer risk,
PARP-inhibitors involved in DNA repair (especially for women with BRCA mutations), nonsteroidal
anti-inflammatory drugs including aspirin, and more. However, the mechanisms are yet not fully
understood for these alternatives [162, 163]. Other approaches are changes in lifestyle factors to

decrease risk for breast cancer overall.

1.2.5.2  Lifestyle changes

At least three lifestyle changes are widely agreed to be able to prevent a large number of breast cancer
cases. These are: maintaining a healthy weight, reduction in alcohol drinking, and increase in physical
activity [164]. There is substantial evidence that increased alcohol consumption and postmenopausal
weight gain is associated with increased breast cancer risk, as outlined above. It has been estimated that
8% of all breast cancer cases are caused by being overweight or obese, and another 8% from alcohol
drinking [1]. Also physical activity reduces the risk, however, it could be confounded by other factors
such as weight loss. Of the already mentioned reproductive factors, breastfeeding should be
encouraged, but other recommendations might not be appropriate due to different social, economical,

and health reasons [141].

The lifestyle factors are highly correlated: individuals that tend to exercise regularly more

often maintain a healthy weight, consume a healthy diet with moderate alcohol intake, and tend to not
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smoke [165]. All of these lifestyle factors will not only decrease the risk for breast cancer, but many
other cancers and diseases including cardiovascular disease (CVD) and diabetes. It is therefore
generally advised to follow the national guidelines. Several studies have reported breast cancer risk
reduction for both ER-positive and ER-negative disease in women who adhere to the health guidelines,
including women with family history [165]. In the UK, the guidelines for alcohol consumption are to
not drink more than 14 units of alcohol per week (one unit corresponds to 8 gram pure alcohol), to
spread it out over at least three days, and to keep several days alcohol-free [166]. On the contrary,
studies have found increased cancer mortality in non-drinkers compared to light-drinkers, suggesting a
J-shaped relationship between alcohol consumption and cancer mortality [167]. However, this might be
confounded by several factors: individuals with poorer health tend to drink less, and high socio-
economical status is associated with light drinking [167]. Furthermore, for weight maintenance it is
recommended to keep a BMI between the normal-weight range (18.5 — 25.0), waist circumference less
than 80 cm, and to be physically active for at least 150 minutes per week [166]. There is clear evidence
that weight maintenance or weight loss is associated with a reduction in postmenopausal breast cancer

risk [168, 169].

There is some evidence suggesting that dietary patterns can have an effect on breast cancer
risk. For example, increased fibre intake [170] and reduced intake of red and processed meat might
decrease the risk for breast cancer [171]. A Mediterranean diet has been associated with decreased risk
for invasive breast cancer [172], which might be more relevant to ER-negative disease [173]. Overall,
dietary patterns with high grain, fruit, vegetables, and fish intake might reduce the breast cancer risk,
but further studies are needed to conclude this [174]. In summary, there is a complex interaction
between lifestyle, genetic, reproductive, and environmental exposures and breast cancer risk. To get
more individuals to be adherent to the public health guidelines, and to reduce the breast cancer
incidences, more evidence is needed that sustainable lifestyle changes reduce breast cancer risk on the

individual level.

37



1.3. EPIGENETICS

Epigenetics is heritable changes in gene function that cannot be explained by genetics, and is
responsible for the stable inactivation of the X chromosome in females and cell differentiation, giving
rise to different cell types with the same genetic sequences [175-178]. The term ‘epigenetics’ is not
completely defined [176], but includes changes in chromatin structure, histone modifications, and
methylation of the DNA [175]. Inside the cell nucleus the DNA is wrapped around nucleosomes, which
are made up of eight histones, and is further organised by other high-dimensional structures. The
accessibility for different transcription factors and other proteins to bind to the DNA will affect the
gene expression in the cell [177, 178]. Condensed, highly packed DNA (heterochromatin) will silence
gene expression, and open chromatin will be accessible to the transcriptional machinery. The
chromatin is further altered by different histone modifications, including acetylation, methylation, and
phosphorylation [178, 179]. For example, trimethylation of histone H3 at lysine 4 (H3K4me3) is
associated with active promoters, and trimethylation of histone H3 at lysine 9 (H3K9me3) is associated
with repressed promoters [180].

In this project the focus has mainly been on DNA methylation. The role of DNA methylation
was proposed already in 1975 and is the most well characterised epigenetic mechanism [175, 177].
DNA methylation is the addition of a methyl-group to cytosine often positioned adjacent to a guanine
(CpG site). Long DNA sequences with high-density of CpG sites are termed CpG islands. Earlier, the
main research focus was on DNA methylation in promoter CpG islands that lead to silencing of that
gene. However, approximately half of the promoters do not contain CpG islands and the focus has now
shifted to an important role of DNA methylation outside CpG islands and gene bodies [178]. DNA
methylation is a reversible mechanism affected by environmental exposures, and altered by different
methyltransferases (DNMTs) [175, 177]. The “maintenance” methyltransferase DNMTI is responsible
for the methylation of hemi-methylated (methylation at a CpG site on only one of the DNA strands)
during DNA replication, and is important for the inheritance of DNA methylation patterns. DNMT3A
and DNMT3B are known as de novo methyltransferases, even if DNMT]1 also has been associated with
de novo methylation, and are thought to be important in early development. For example DNMT3B
might be responsible for the X chromosome inactivation [181]. However, the mechanisms of

methylation and demethylation are yet not fully understood.
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DNA methylation can be quantified using various different assays. The Illumina human
methylation array measures DNA methylation at pre-designed probes, and has been improved from
covering over 27,000 (the HM27K array), over 450,000 (the HM450K array) and now over 850,000
(the HM850K or EPIC array) probes across the genome [182]. It is designed to cover a mixture of CpG
islands, promoters, enhancers and other regulatory regions, and both intra- and intergenic CpG sites.
Bisulphite pyrosequencing is often used as the golden standard in DNA methylation studies to
investigate candidate genes or short DNA sequences [183]. The DNA is treated with bisulphite before
sequencing, which converts unmethylated cytosines to uracils and later on thymines, which lets the
researcher differ between methylated and unmethylated CpG sites. To cover a larger number of CpG
sites, whole-genome bisulphite sequencing (WGBS) can be used, however, for now, the sequencing
cost is relatively high to achieve deep sequencing coverage for a large number of samples [184].
Instead, the Illumina human methylation arrays are often used, which is more cost-effective for large
studies. The reduced representation bisulphite sequencing (RRBS) is an alternative, but will have a bias
towards CpG islands (and thereby promoter regions) due to the use of restriction enzymes targeting
5’CCGG3’ sites, and will only cover approximately 10% of the genome [184]. The LUminometric
Methylation Assay (LUMA) does not require bisulphite treatment by the use of two restriction
enzymes; one methylation-sensitive that will only cut unmethylated DNA, and one methylation-
insensitive, followed by polymerase extension and a pyrosequencing procedure [185]. However, again,
this technique is biased due to the choice of restriction enzymes. Various other assays have been
developed, including different PCR-based methods for candidate genes-approach, and the [*H]-methyl
acceptance assay, which uses radiolabelled S-adenosylmethionine (SAM), an important methyl-group
donor, that methylates all unmethylated CpG sites, resulting in a signal inversely related to DNA

methylation levels [186].

1.3.1 DNA methylation and breast cancer

Changes in DNA methylation have been recognised in early cancer development, including breast
cancer. Generally, a decrease in the genome-wide DNA methylation and hypermethylation at promoter
CpG islands have been observed [178, 179, 187, 188]. This leads to aberrant gene expression,
inactivation of tumour-suppressor genes, activation of oncogenes and disruption of DNA damage

mechanisms. The genome-wide reduction in DNA methylation is also thought to lead to genomic
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instability. The now “unprotected” DNA can result in a larger proportion of translocations, deletions,
and chromosomal rearrangements [179]. Hypomethylation occurs predominantly outside of genes,
which makes it difficult to link to a transcriptional gene function, but is probably enriched in important
regulatory regions such as enhancers. One of the genes that are hypomethylated in breast cancer is the
insulin-like growth factor 2 (IGF2).

Several hundreds of genes have been found hypermethylated and thereby down regulated in
breast cancer [188]. This includes methylation of tumour suppressor genes, such as p/6 that is involved
in the normal growth of mammary epithelial cells. The silencing of p/6 by DNA methylation is
thought to be an important step in immortalisation in early breast cancer development [187, 189].
Hypermethylation has also been observed in the gene GSTP]! that is involved in DNA repair [189], the
growth suppressor gene HINI, HOXAS that is involved in the p53 synthesis, THBS! that inhibits
angiogenesis, and CDHI coding for E-cadherin that suppress cell invasion and metastasis [187].
Methylation of BRCA1 occurs to some extent [189], but is more often found in rare subtypes such as
basal-like hormone receptor negative breast cancer [188, 190].

Breast cancer cases with BRCA2 mutations have overall higher DNA methylation levels
compared to BRCAI mutations [191]. Also, different DNA methylation profiles have been observed for
the molecular subtypes, especially between Luminal A, Luminal B and basal-like breast cancer [191].
The basal-like breast cancer has overall lowest DNA methylation levels and Luminal B the highest.
Differentially methylated CpG sites have been observed between ER+/PR+ and ER-/PR- breast cancer
[192]. A larger number of hypermethylated loci were observed for ER-positive breast cancer, but more
promoter-methylation for ER-negative [193]. Methylation of the ESR/ gene coding for the ER-a might
be a mechanism that leads to the loss of ER expression in ER-negative breast cancer [187, 194],
however, results are inconsistent and there is no clear link between ER methylation and ER status

[188].

1.3.2 Blood DNA methylation and breast cancer

It is clear that DNA methylation is important in breast cancer development, however, the mechanisms
are not fully understood. The fact that changes in DNA methylation have been observed in early cancer
development, and that DNA methylation is altered from exogenous and endogenous exposures

associated with cancer risk, has led to the hypothesis that it can be used as risk biomarker for cancer
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[195]. Even though methylation profiles are tissue-specific there is evidence that methylation changes
associated with cancer can be detectable in blood DNA [186-188, 195-197]. Both loci-specific and
genome-wide DNA methylation profiles in blood have been associated with breast cancer (this is
summarised more in detail in the introduction to Chapter 2). Different methylation profiles have been
observed in ER-positive and ER-negative breast cancer, for example unmethylated promoter and
increase in intragenic methylation in ESR/ in ER-positive disease [193, 198]. The BRCA 1 promoter is
often hypermethylated in BRCAI-mutated breast cancer cases [199, 200]. In addition to this,
hypermethylation of ATM [201, 202] and intergenic CpG island hypomethylation of 2q37.1 have been
associated with breast cancer [203]. Genome-wide hypomethylation in blood DNA has been observed
in breast cancer cases; however, results are inconsistent [195, 197, 204-206]. Furthermore, an increase
in DNA methylation at promoters and CpG islands, and decrease in gene bodies and intragenic regions
have been associated with breast cancer risk [197, 204, 206].

Specific DNA methylation profiles for breast cancer could be promising as early biomarkers
for breast cancer and might improve risk assessment. DNA methylation is a relatively stable marker
and affected by different risk exposures [195, 197, 203, 207]. However, so far no strong methylation
signatures have been identified for breast cancer risk prediction [208]. It might seem questionable to
use DNA methylation in blood to predict breast cancer risk as it is not the target tissue, however, DNA
methylation might represent a signature of long-term exposures [207], and blood sampling is an
accessible and less invasive method for risk screening purposes. Since DNA methylation changes can
last longer than the lifetime of most of the mature blood cells, an “epigenetic memory” of past
exposures that are embedded in stem cells has been hypothesised [209]. Exposures will independently
act on more than one cell type, and similar DNA methylation patterns have been identified across
multiple tissues. For example, DNA methylation alterations in blood found to be associated with
smoking and BMI have replicated in lung [203, 210, 211] and adipose tissue [212, 213]. In this study

the use of blood DNA methylation as risk biomarker for breast cancer will be further explored.

1.3.3 Breast cancer risk factors and DNA methylation in blood
Numerous endogenous and exogenous exposures have been found to affect DNA methylation in blood.
This includes different breast cancer risk factors, such as aging, smoking, alcohol consumption, and

increased BMI. Blood DNA methylation signatures for aging, or ‘epigenetic clocks’, can be used to
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estimate the biological aging, which can be affected by different exposures [214-216]. Biological
accelerating aging (having an epigenetic predicted age higher than the actual age) has been associated
with various diseases, including cancer [217, 218],

Smoking is the most well characterised exposure of the risk factors for DNA methylation
[203, 210, 211, 219-223]. Two of the genes found associated with smoking status are the aryl
hydrocarbon receptor repressor gene, AHRR, and the coagulation factor II (thrombin) receptor like
gene, F2RL3. The gene AHRR is a tumour suppressor that is involved in the metabolism of toxins from
tobacco smoking and interacts with polycyclic aromatic hydrocarbons (PAHs), which affect gene
expression and DNA methylation. It is not fully understood how the gene F2RL3 might mediate
smoking-related risk; however it codes for a protein expressed in various tissues including blood and
lung tissue, and has been associated with CVD, lung cancer, and mortality [210, 211]. Interestingly,
some DNA methylation changes observed in smokers are reversible and can go back to normal levels
after cessation, however, some DNA methylation changes can remain differentially methylated up to

35 years after smoking cessation [221].

Alcohol consumption is associated with DNA methylation alterations in blood [224-227].
There are several mechanisms linking together alcohol consumption and DNA methylation. For
example, the oxidation of ethanol produces the carcinogen acetaldehyde that has an impact on DNMTs
[66]. Alcohol consumption also decreases folate levels that are involved in the one-carbon metabolism,
and elevates homocysteine levels that is metabolised to S-adenosyl methionine (SAM), an important
methyl group donor [66, 228].

Obesity related traits, such as BMI, waist circumference and waist-to-hip ratio, and their
impact on DNA methylation has been reported in numerous studies [212, 213, 229-232]. No consistent
genes or CpG sites have been found between studies, however, a majority of the reported genes are
involved in lipoprotein metabolism and inflammatory pathways. Furthermore, similar DNA
methylation patterns have been observed in blood and replicated in adipose tissue, which supports the

use of blood DNA as a surrogate tissue [212].
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1.4. OESTROGEN EXPOSURE AND ITS ROLE IN BREAST CANCER

It is well established that oestrogens are involved in the aetiology of breast cancer, especially in
postmenopausal women [233]. However, the biological mechanisms behind oestrogen exposure and
breast cancer are not fully understood [137]. A woman is exposed to oestrogens during her whole
lifetime, but the oestrogen levels will vary by age, menopausal status and different hormonal and
lifestyle risk factors. Oestrogens have many important functions in the human body. This includes
development of sexual characteristics, regulation of the menstrual cycle, maintenance of bone mass
density, response to insulin, and cognitive function [51, 234]. Oestrogens are mainly produced in the
granulosa cells in the ovaries of premenopausal women, the placenta of pregnant women, and the
muscle, skin and adipose tissue of postmenopausal women. The most important oestrogens are
oestradiol, oestriol and oestrone [51, 137, 234]. Oestradiol is dominant during a woman’s reproductive
time, oestriol during pregnancy and oestrone after menopause [235]. The enzyme aromatase, expressed
by the gene CYP191A, converts androgens to oestrogens in a tissue-specific manner and is expressed in
the ovaries, placenta, skin, adipose tissue, brain, and bone [51, 137, 234]. Oestrone is a weaker form of
oestrogen and is produced in the skin and adipose tissue. The oestrogen production in subcutaneous
tissues is increased with age and becomes the dominant source of oestrogens for postmenopausal
women [51, 234]. In premenopausal women only 5% of the total oestradiol synthesis is in the
subcutaneous tissues, and the total circulating oestrogen levels are controlled via a negative feedback
system. Oestrogens inhibit the release of gonadotropins (luteinising hormone, LH, and follicle-
stimulating hormone, FSH) in the brain, which controls the oestrogen production in the ovaries [236].
Therefore, in extremely obese women, the increased oestrogen synthesis in the adipose tissue leads to
activation of the negative feedback system and can result in absence of menstruation (amenorrhea)

[237]. The negative feedback system is reduced in postmenopausal women [236].

1.4.1 Qestrogen exposure and breast cancer

It is well established that high circulating oestrogen levels increase the risk for breast cancer in
postmenopausal women [233]. For premenopausal women findings are more inconsistent [55, 238-
241]. This might be due to issues with statistical power in premenopausal studies since breast cancer is
less common before the menopause, difficulties to control for menstrual cycle day, or other

confounding factors. Studies have showed that higher oestrogen levels in the luteal or follicular phase
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of the menstrual cycle might be associated with increased breast cancer [240, 241], but non-significant
findings for premenopausal oestrogen levels have also been observed [239]. Further studies are needed
to understand the role of oestrogen and breast cancer in premenopausal women. However, from large
epidemiological studies of different hormonal risk factors, known to affect both lifetime oestrogen
exposure and breast cancer risk, it is clear that lifetime oestrogen exposure has an important role even
in premenopausal women [55]. For example the number of menstrual cycles, as an approximation to

lifetime oestrogen exposure, is positively associated with breast cancer risk [93, 94].

1.4.2 Mechanisms of oestrogen action

Oestrogen can affect gene expression through different mechanisms (Figure 1.2). This includes a
transcriptional response via activity of the ERs and non-genomic response by binding to the
membrane-bound G-protein coupled ER, GPER1, which triggers different fast non-genomic responses
and is involved in several signalling pathways [242]. Also, different oestrogen-metabolites can have
genotoxic effects by binding to the DNA and cause DNA damage. Also, oestrogen exposure can lead to

changes in DNA methylation, which will be further explored in this project.

1.4.2.1 Transcriptional mechanisms

A transcriptional response is triggered when oestrogens (predominantly 17-B-oestradiol, E2) bind to
and activate the intracellular ERs, ER-a and ER-B. The ERs have three domains: the NH, terminal, the
DNA binding domain, and the ligand-binding domain. The NH, terminal has an oestrogen-independent
transcriptional activation function involved in protein-protein interactions, and is the major functional
difference between the ER-o and ER-f with more activity in the ER-a. The other domains are very
similar between the two receptors [243, 244]. When oestrogen binds to the ERs they often undergo
dimerization and translocate to the nucleus, where they interact with the DNA at oestrogen responsive
elements (ERE) and recruit co-activators and other transcription factors. The outcome is an increased
gene expression of ER-target genes often involved in cell proliferation, particularly for the ER-a,
which is associated with cancer development [11, 137, 198, 243-245]. The role for ER-f is not clear
but it might have antiproliferative effects [244, 246]. The majority of the ER-binding sites are distant to
the target genes and often function as enhancers [11]. The ER-DNA binding is mediated by pioneer
factors such as FOXA1 and GATA3, which form chromatin loops that contact with the promoters of

specific oestrogen-responsive gene targets [11]. Tissue-specific ER-activity and oestrogen-
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Figure 1.2. Mechanisms of oestrogen action

Oestrogen exposure has several biological outcomes, here categorised into transcriptional response,
genotoxic effect and non-genomic response. Oestrogen (mainly 17-B-oestradiol, E2) can bind to the
intracellular oestrogen receptors ER-a or ER-f, that undergo dimerization and bind to the DNA at oestrogen
responsive elements (ERE), and have a direct transcriptional effect on ER-target genes, often involved in
increasing cell proliferation. The ERs can also bind to other transcription factors (TF) and thereby indirectly
affect transcription on other genes, both by increasing and inhibiting gene expression. The genotoxic effect
involves the conversion to different oestrogen metabolites that can cause DNA damage, mainly from the
formation of depurinating DNA adducts of 3,4-quinones. Oestrogen can also cause non-genomic response
via the membrane-bound GPERI, that is involved in several pathway signalling cascades. It is hypothesised
that these mechanism can lead to changes in DNA methylation.
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responsiveness is dependent on the expression levels of FOXA1 and other factors [247], as well as the
expression levels of different isoforms and subtypes of ER-a and ER-} [244]. Oestrogen and different
SERMs, such as Tamoxifen, can both have agonist and antagonist effects on the ER, which is not
completely understood. The ERs do not always undergo dimerization, and can indirectly interact with
the DNA by interactions with other transcription factors, and are involved in both the inhibition and
activation of their respective target genes. Oestrogens, via the ERs, can therefore both stimulate and
inhibit gene expression. For example, it can inhibit the interleukin-6 (IL-6) by binding to the NFkB
complex, and activate the activation protein 1 (AP1) that is involved in the gene regulation of several

important cellular processes [243].

1.4.2.1.1  ER-expression in breast cancer

The ER-B is less well characterised compared to the ER-o and has lower affinity for oestrogen, but
oestrogen activity is mediated both through ER-o and ER-B [137, 234]. ER-f is expressed in 80% of
the cells in normal breast cells, and loss of ER- expression is observed in invasive oestrogen-
dependent breast cancer [246]. This is suggested to be an early indicator of breast cancer progression
and may be a result of a growth advantage for ER-a positive cells, where the breast cancer initiation
from oestrogens starts. Surprisingly, the ER-a is expressed in only 10-15% of normal epithelial breast
cells, and it is thought that these ER-positive cells influence surrounding ER-negative cells to grow
[248]. In early breast cancer there are significantly more (60-80%) ER-o-positive cells, but these
numbers are reduced in invasive breast cancer, indicating a role in the progression but not in invasion
of breast cancer [246, 248]. The treatment regimes are complicated by the fact that the status of the ER
is not homogenous in a tumour. When ER-positive breast cells are exposed to oestrogen, they produce
signals that can cause neighbouring ER-negative cells to proliferate. The result is a mix of ER-positive
and ER-negative breast epithelial cells in the tumour [107]. Also, oestrogen is most important in ER-
positive breast cancer, but the different hormonal nuclear receptors ER, PR and androgen receptor
(AR), and their respective activated hormones work in a complex relationship. These can affect each
other’s outcome and binding position. For example, the AR can work as a substitute to the ER and be

recruited by the transcription factor FOXA1 instead of ER [11].
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1.4.2.2  Genotoxic effects

Another ER-independent outcome of oestrogen exposure is DNA damage of different genotoxic
oestrogen metabolites. The catechols 2- and 4-hydroxy-oestradiol (2-OHE2 and 4-OHE2) can oxidise
to 2,3-quinones and 3,4-quinones, where the latter ones are far more carcinogenic than the former [249,
250]. The 2,3-quinones can interact with the DNA and form stable adducts, but the 3,4-quinones
interact with the DNA more frequently and form unstable, depurinating adducts at adenine and guanine
sites that lead to mutations and cancer development [251-253]. Indeed, higher levels of 4-OHE2 have
been observed in breast cancer cases [251, 254]. Furthermore, the quinones can form reactive oxygen
species (ROS) that can lead to oxidative damage of the DNA [253, 255]. The DNA damage is repaired
by a number of different repair-pathways that either try to repair the damage or initiate apoptosis if
extensive damage has occurred [256]. DNA damage, including DSBs and oxidative damage, lead to the
recruitment of histone modifications, the maintenance methyltransferase DNMT1, and the de novo
methyltransferase DNMT3B, which increase the DNA methylation. This leads to gene silencing and
protection against replication of the damaged sites [257-260]. It is therefore hypothesised that a DNA
repair mechanism following DNA damage can lead to mainly hypermethylation, and our group has
previously shown an increase in DNA methylation in ovarian cancer following treatment with the DNA

damaging agent platinum [261].

1.4.3 Qestrogens and DNA methylation

Oestrogen-treatment of breast cells leads to epigenetic alterations. For example, oestrogen-induced
repression of the imprinted gene CDKNIC via ER-a signalling in ER-positive breast cancer cells. The
repression was mediated via chromatin interactions and DNA methylation of the imprinted control
region, which regulates the expression of the gene cluster including CDKNIC [262]. Also, oestrogen
treatment resulted in promoter methylation and repression of the tumour suppressor gene PTPRO,
facilitated via the ER-p and not the ER-a. Following Tamoxifen treatment, the expression of PTPRO
was increased [263]. A number of other genes and large gene clusters have been found to be epigenetic
silenced following oestrogen treatment [264-266]. Repression of large gene clusters might be via
oestrogen-induced long-range DNA looping, partly mediated via ESRI [266]. This results in DNA
hypermethylation and alterations in histone modifications, such as increasing H3K27me3, which is a

marker for repressed promoters [265, 266]. Furthermore, genome-wide hypomethylation following
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oestrogen treatment has been observed in a rat-model for human sporadic breast cancer [267, 268]. The
mechanisms for oestrogen-induced DNA methylation are not fully understood. However, oestrogen-
treatment also leads to up regulation of DNMT1, DNMT3A and DNMT3B [264, 268], which can
explain promoter hypermethylation, but not the genome-wide hypomethylation. Interestingly, the
morphological precancerous changes following oestrogen treatment have been observed later than the
DNA methylation changes, indicating that epigenetic alterations can be early indicators for cancer

development [267].

1.4.3.1  Hormonal risk factors and DNA methylation

Associations between reproductive risk factors and DNA methylation further support the hypothesis
that lifetime oestrogen exposure alters DNA methylation. Parity-related epigenetic alterations in the
breast are thought to be through changes in the oestrogenic activity following pregnancy. The FFTP
initiates specific chromatin remodelling that works as a safeguard and protects the breast cells from
cancer development [269]. More histone modifications for condensed chromatin (H3K9me2 and
H3K27me3) have been observed in breast cells from parous women compared to nulliparous women,
which protects the DNA from DNA damaging agents [269]. Nulliparity and later age at FFTP have
been positively associated with DNA methylation of ESR/ in breast tumours (n=99 women, no
information of ER-status) [270]. Also, hypermethylation of FOXA1 in breast cells of parous women
has been observed, which will reduce the ability for DNA looping between enhancers and ER-target
genes, and might be an important factor for a decrease in breast cancer risk [271]. Furthermore,
methylation in the promoter of the tumour suppressor p/6 was observed in women who have not been

breastfeeding [272].

Reproductive risk factors have also been associated with DNA methylation in blood.
Inconsistent findings have been observed for DNA methylation and age at menarche; in a prospective
population-based study cohort, later age at menarche was associated with decreased genome-wide
DNA methylation measured with LUMA (n=332, OR=1.32, 95% CI: 1.14 — 1.53, P < 1.0x10'4), but
this was not replicated using the HM450K array [273]. Another multi-ethnic study found that a later
age at menarche was associated with higher DNA methylation levels using the [*H]-methyl acceptance
assay in n=92 subjects [186]. These inconsistent findings might have been reflected from the different
techniques used; for example, LUMA is more biased towards CpG-rich regions due to the use of

restriction enzymes [185]. No difference in the LINE-1 assay throughout the menstrual cycle was
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observed in a study of young, healthy, premenopausal women (n=53-56 samples from blood-donators
at three different time points) [275]. It was suggested this was due to low ER-expression in blood, since
a decrease in LINE-1 methylation was observed in oestrogen-treated ER-positive breast cancer cell line
[275]. Age at menopause has been inversely correlated with DNA methylation in the repetitive
elements Alu and LINE-1 in a study including n=161 hospital-recruited women, suggesting that DNA
methylation can be used as a biomarker for age at menopause [274]. In a meta-analysis including three
different blood datasets, accelerating epigenetic aging, estimated by using an age-associated DNA
methylation signature, has been found inversely associated with age at menopause [276]. Also number
of children has been inversely associated with epigenetic aging in a prospective population-based

cohort study (n=105) [216].

Differentially methylated CpG sites, mainly hypomethylation, between HRT users and non-
users have been observed in twin pairs (n=20 pairs from a twin cohort) [277], and long-term use of OC
has been associated with genome-wide hypomethylation (n=67 OC users compared to n=72 non-OC
users, hospital-recruited women) [278]. In an asthma study, DNA methylation levels linked to a SNP in

GATA3 were associated with OC use (n=34 young women from a prospective study cohort) [279].

In addition to this, DNA methylation changes in relation to breast cancer have been observed
from different lifestyle risk factors. This supports oestrogen-dependent mechanisms that lead to
alterations in DNA methylation and breast cancer development. In ER-positive breast cancer tumours
from obese women, hypermethylation at several loci with functions such as immune response, cell
growth, DNA repair and DNMT coding genes, has been observed (n=90 obese compared to n=118
normal-weight women in a prospective case-control study) [280]. The oestrogen production in the
adipose tissue of obese women is regulated through tissue-specific promoter methylation of genes and
affects aromatase expression, which might be an important factor in postmenopausal breast cancer

[281].

Alcohol consumption has been associated with increased methylation of CDHI, which is
often found in breast cancer, and decreased methylation of p/6 in postmenopausal breast tumours in a
case-case study (n=803) [282]. Another study observed increased DNA methylation and lower
expression levels of p/6 in normal breast cells, as a result of lower folate levels following increased

alcohol consumption (cross-sectional study of women undergoing reduction mammoplasty, n=138)
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[283]. Besides affecting the one-carbon metabolism, ethanol might also alter activity of DNMTs [66,

282, 283].

Smoking is well known to alter DNA methylation, but methylation changes associated with
breast cancer are not conclusively detected. However, DNA methylation at the 2q37.1 locus in blood
associated with smoking has been suggested to be associated with breast cancer risk in a prospective
population study cohort (n=374) [203]. Other potential blood DNA methylation changes from smoking
might be the decreased methylation of BRCA/ and ESRI, as well as tumour suppressor candidates

HINI and DAPK, observed in cases from a population-based study (n=765-851) [284].

Furthermore, physical inactivity has been positively associated with increased global
methylation in two different population-based studies (n=647 women with family history of breast
cancer and n=161 cancer-free women) and this could be mediated by changes in oestrogen levels [285,
286]. Promoter methylation of the tumour suppressor gene 4PC has been associated with breast cancer
risk and was observed to be inversely associated with physical activity in a cross-sectional study in
breast samples from women without breast cancer (n=45) [287]. The APC promoter hypermethylation
is associated with high oestrogen levels, so it was hypothesised that the changes in oestrogen levels

from physical activity lead to this change [287].

All together, this suggests that oestrogen exposure is important in early breast cancer
development, and that oestrogens can cause DNA methylation changes detectable in blood. However,
the mechanisms between lifetime oestrogen exposure, DNA methylation, and breast cancer risk are still

not clear.
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1.5. AIMS AND HYPOTHESES

A woman’s breast cancer risk is influenced throughout her lifetime by several reproductive and
lifestyle risk factors and her total exposure to oestrogen. However, the mechanisms between oestrogen
exposure and breast cancer development are not fully understood. Breast cancer risk models need
further improvements to be able to stratify women into low and high-risk groups. If women with high
risk for breast cancer can be identified, and prevention approaches can be targeted for these women, the

breast cancer incidence rate could be reduced.

In this PhD project the association between lifetime oestrogen exposure, DNA methylation
measured in blood, and breast cancer risk was further assessed. It was hypothesised that the lifetime
oestrogen exposure accumulates changes in DNA methylation detectable in blood, which are
associated with breast cancer risk. A DNA methylation signature in blood following oestrogen

exposure might add valuable information and improve breast cancer risk assessment.

It was aimed to first perform an epigenome-wide association study (EWAS) using HM450K
array data to identify potential CpG sites altered by the lifetime oestrogen exposure (Chapter 2). For
this, an Estimate Lifetime (o)Estrogen Exposure (ELEE) model was identified. A Methylation Index
(MI) was developed, including CpG sites found to be associated with ELEE in the EWAS, and
assessed for association with breast cancer risk. Validation of the association between the MI and
breast cancer risk was conducted in a large independent study cohort using targeted bisulphite
sequencing (Chapter 3), and a meta-analysis for replication of the MI was conducted including a total
of four independent case-control study cohorts (Chapter 4). Lastly, the mechanisms of oestrogen-

induced changes in DNA methylation in blood were explored (Chapter 5).
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CHAPTER 2:
Epigenome-Wide Association Study
of Estimated Lifetime Oestrogen

Exposure
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2 CHAPTER 2: Epigenome-Wide Association Study of Estimated

Lifetime Oestrogen Exposure

2.1. INTRODUCTION

2.1.1 EWAS for breast cancer risk using blood DNA

Endogenous and exogenous exposures leave epigenetic signatures, which are hypothesised to work as
prognostic disease biomarkers. Alterations in blood DNA methylation have been observed in breast
cancer, but as reviewed, previous EWAS for breast cancer, using DNA methylation data measured in
blood in a nested case-control design, have so far not identified any strong methylation signatures for
risk prediction [208]. In this study, the hypothesis was that that circulating oestrogens alter DNA
methylation detectable in blood, and the association between lifetime oestrogen exposure as a risk

factor for breast cancer and blood DNA methylation was explored.

2.1.2  Previous breast cancer case-control EWAS

The study reporting the most number of significant CpG sites associated with breast cancer risk
identified 250 differentially methylated probes using the Illumina HumanMethylation27K (HM27K)
array in 298 cases and 612 controls in the prospective US Sister Study (including women not diagnosed
with breast cancer themselves at recruitment but with a sister with breast cancer) [288]. A majority of
the CpG sites (>75%) were hypomethylated in cases compared to controls and mostly located in CpG
islands. Unfortunately, the differences in methylation levels between cases and controls were often
very small, ranging from 0.001 to 2.53%. Small changes in DNA methylation could make them
difficult to be used as biomarkers and to replicate in other studies. Furthermore, they developed a
methylation signature including 57 CpG sites that showed a better risk prediction than the Gail model
and nine risk-SNPs with an area under the curve (AUC) of 0.66 (95% CI: 0.61 — 0.71), however, this
was over-inflated due to the bias in the probe selection (the same dataset was used in the discovery
phase). The most recent breast cancer EWAS identified 24 heritable CpG sites where carrier
probabilities were significantly (Bonferroni P-value threshold < 1x107) associated with breast cancer

risk in an Australian multiple-case breast cancer family study (210 individuals from 25 families). Of
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these, four CpG sites, located in relation to the genes GREBI, PNKD, C70rf50 and TMC3, were

replicated to be associated with breast cancer risk in another study cohort [289].

2.1.2.1  Gene specific DNA methylation

Some studies have focused on gene-specific DNA methylation in relation to breast cancer risk.
Mutations in BRCAI increase the breast cancer risk and hypermethylation in the BRCAI promoter in
blood DNA has been observed in both retrospective and prospective cases-control studies [199, 200].
In the prospective study (n=72 BRCAI mutants and n=72 BRCA1 wild-type), a BRCAI mutation DNA
methylation signature of 1,829 CpG sites was developed that predicted breast cancer in two different
UK based study cohorts (n=19 cases vs n=77 controls, AUC=0.65, 95% CI: 0.51 — 0.78, P=0.02;
n=119 cases vs 122 controls, AUC=0.57, 95% CI: 0.50 — 0.64, P=0.03) as well as breast cancer

mortality (n=119 cases vs 122 controls AUC=0.67, 95% CI: 0.51 — 0.83, P=0.02) [199].

Furthermore, hypermethylation in the ATM intragenic loci ATMmvp2b has been observed for
bilateral breast cancer patients compared to controls in another UK based study cohort (n=190 case-
control pairs, ORq4 vs 0i=3.20, 95% CI: 1.78 — 5.86, P:8.3x10'5) and this was replicated in two out of
three prospective study cohorts with an OR for the highest versus lowest quintiles of 1.89 (95% CI:

1.27 - 2.82, P=1.7x107) in a meta-analysis [201, 202].

An EWAS of smoking, including n=374 women from an Italian breast cancer-case cohort
from the European prospective into cancer and nutrition (EPIC) study, observed hypomethylation at the
loci 2q37.1 that was significantly associated with breast cancer risk. They also observed a strong
correlation with HM450K methylation levels and case-control status. A total of 533 CpG probes were
associated with breast cancer survival, which could be predicted between groups with different DNA

methylation profiles [203].

2.1.2.2  Genome-wide DNA methylation

Another approach is to study DNA methylation globally by analysing the genome-wide DNA
methylation levels and breast cancer risk. Genome-wide hypomethylation in 420 cases matched to 420
controls was observed in an Australian prospective study with an OR per 1 standard deviation
(ORperSD) of 0.69 (95% CI: 0.50 — 0.95, P=0.02). They observed an increase in DNA methylation at
promoters and a decrease outside promoters [204]. Hypomethylation was observed for two out of three

prospective study cohorts (one being the Australian study just mentioned, the other one being EPIC-

54



Italy that is also used in this study) in a meta-analysis with a summarised ORperSD of 0.61 (95% CI:
0.47 — 0.80, P=4x10™*) [197]. The hypomethylation was mostly located to gene bodies and intragenic
regions. Another nested case-control study with samples from the prospective cohort EPIC did not
observe any significant difference in genome-wide DNA methylation between 451 cases matched to
451 controls, but observed significant CpG island hypermethylation with an ORperSD of 1.20 (95%

CI: 1.03 - 1.40, P=0.02) [206].

Studies measuring the genome-wide DNA methylation levels using pyrosequencing of
repetitive elements as a surrogate measurement have frequently not found any significant association
with risk in either retrospective or prospective studies [195, 205]. However, one study found a
significant decrease in DNA methylation of LINE-1 elements in cases compared to controls in the
Sister Study (n=294 cases and n=646 non-cases, HRq vs 4s=1.75, 95% CI: 1.19 — 2.59, P=0.002)
[290], and another American population-based study (n=1,055 cases and n=1,101 controls) observed
significant increase in DNA methylation in cases compared to controls (ORgqs s g1=2.41, 95% CI: 1.83
—3.16, P < 1.0x10™) using the LUMA, but this was not repeated for LINE-1 DNA methylation. This
was thought to be due to differences in the techniques; the LUMA measures DNA methylation of a
repetitive motif (C"CGG) that is over-represented in promoters, however, the hypermethylation in

promoters was also observed in the HM27K array [291].

In summary, studies of blood-based DNA methylation as a breast cancer risk marker are
inconsistent. Differences in study cohorts, techniques to measure DNA methylation levels, statistical
methods, and small sample sizes (resulting in low statistical power), make it difficult to compare the
results between studies. Other methylation studies not mentioned above have used retrospective data
[205], which cannot be used to draw conclusions on DNA methylation for risk prediction due to the
risk of confounding reverse causation, i.e. that the cancer itself is causing the changes in DNA
methylation. There is a need for larger, collaborative studies as well as replication and validation steps

to conclude if DNA methylation signatures in blood can be used for breast cancer risk prediction.

2.1.3 EWAS of risk factors using blood DNA
Different lifestyle factors have been shown to alter DNA methylation and increase the risk for diseases
such as cancer. EWAS for risk factors have successfully identified methylation signatures for aging,

smoking, alcohol consumption, and BMI in blood DNA. The signatures could be a more reliable option
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to self-reported data and be used in studies of underlying mechanisms and the impact between risk

exposures, DNA methylation and diseases.

2.1.3.1 Age

Aging is the biggest risk factor for nearly all cancers (except paediatric cancers), including breast
cancer, and hundreds of age-related DNA methylation alterations, both hypo- and hypermethylation,
has been observed across multiple tissues, including blood, brain, kidney, lung, buccal cells and brain
[214-216]. Different DNA methylation signatures, or ‘epigenetic clocks’ can predict age with high
accuracy and might be used to reflect the biological aging affected by different exposures [214, 215].
However, the correlation between the epigenetic clocks and aging seems to be lower in breast tissue,
which might be due to hormonal effects [215]. Aging-associated hypermethylated CpG sites are more
commonly shared across cell types, while hypomethylated CpG sites are more often observed in blood
than other tissues [215, 292, 293]. The hypermethylated CpG sites are enriched for CpG islands and
gene promoters with bivalent chromatin marks (both active and inactive markers), which are important

in development and often silenced in cancer [293].

Accelerated epigenetic aging in blood has been associated with cancer, CVD, all-cause
mortality, and postmenopausal breast cancer risk [206, 217, 218]. In breast cancer, the epigenetic age
acceleration differs between different breast cancer subtypes with luminal A and B showing the highest
epigenetic age acceleration [215], which however might have been a result of older age at diagnosis for
these subtypes compared to e.g. basal-type breast cancer. Furthermore, the age acceleration is
influenced throughout the lifetime by different exposures and has been associated with smoking [294],

alcohol consumption [216], and obesity and BMI [216, 295, 296].

2.1.3.2  Smoking

Numerous studies of DNA methylation and smoking have been conducted over the years, and it is clear
that smoking alters DNA methylation in blood [203, 210, 211, 219-223]. The two top genes are AHHR
and F2RL3, but several other genes have been found associated with smoking [210, 211]. For some
CpG sites there seem to be a clear dose-response relationship between cigarette consumption and DNA
methylation [219], and both stable and reversible CpG sites after smoking cessation have been
identified [76, 221]. An EWAS on time since smoking cessation observed two groups of smoking-

associated CpG sites: reversible CpG sites where the DNA methylation levels goes back to normal
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levels after smoking cessation, and more stable, irreversible CpG sites where DNA methylation levels

remained differentially methylated up to 35 years after smoking cessation [221].

Another EWAS of smoking using the HM450K array observed hypomethylation for F2RL3,
AHRR and two intergenic loci 2q37.1 and 6p21.33. This was replicated and validated using bisulphite
pyrosequencing in both blood and lung tissue, supporting the use of blood DNA as a surrogate
measurement for methylation in lung tissue [203]. In the same study a methylation index was
developed using DNA methylation levels at AHRR, 6p21 and 2q37 that could distinguish former
smokers from never smokers with an AUC of 0.83 (95% CI: 0.79 — 0.96) in the validation dataset
(n=180) [223]. It has also been shown that CpG sites alone can distinguish smokers from non-smokers

with high accuracy up to an AUC of 0.99 [222].

Furthermore, DNA methylation at smoking-associated CpG sites has been associated with
various disease outcomes. In an EWAS for lung cancer in a Norwegian prospective study cohort
hypomethylation at the CpG sites in AHRR and F2RL3 were significantly associated with lung cancer
risk with an OR of 0.37 for AHRR methylation (95% CI: 0.31 — 0.54, P=3.33x10" ], n=132 case-control
pairs). This was replicated in four other prospective study cohorts, and a risk prediction model was
developed using smoking status and methylation of AHRR and F2RL3 that could predict lung cancer
with high accuracy (AUC=0.78) [220]. Another German prospective study further explored the
association between methylation at F2RL3 and lung cancer and found 33% increased risk for lung
cancer per 10% decrease in methylation levels. Their risk model prediction for lung cancer showed an
AUC of 0.86 (95% CI: 0.81 — 0.91) when combining DNA methylation at F2RL3 and pack years

smoking for subjects aged 65 or above [211].

2.1.3.3  Alcohol consumption

There is a clear link between alcohol consumption and DNA methylation changes, since ethanol has an
affect on the one-carbon metabolism [66, 228]. Unfortunately, most of the methylation studies of
alcohol consumption or alcohol dependence have had low sample sizes (n < 100), used DNA extracted
from different white blood cell (WBC) types (lymphoblast, lymphocytes, peripheral blood
mononuclear cells (PBMNCs), CD3+ T-cells), and have reported inconsistent results. One study
reported decreased methylation levels in abstinent compared to mild, moderate and heavy drinking

individuals [297], a second one a majority of hypomethylation in alcohol dependent patients [224], a

57



third one mostly hypermethylation in individuals with chronic alcohol consumption [226], and a fourth
one a mixture of hypo- and hypermethylated changes [227]. There are no overlaps among top genes
between the studies, however, they mostly report genes are associated with alcoholism [224-226].

Combining methylation and GWAS data, one larger Swedish study (n=619) identified 17
SNP-CpG regions significantly associated (false discovery rate, FDR, Q-value < 0.1) with alcohol use
using methyl-CpG binding domain protein capture sequencing [298]. The recent largest prospective
EWAS and meta-analysis (total n=13,317) used the HM450K array and developed DNA methylation
signatures including 5 to 144 CpG sites that could discriminate heavy drinkers from non-drinkers with
AUC values > 0.8 across all five study cohorts. Similar DNA methylation patterns were observed in
former and never drinkers, suggesting that DNA methylation levels are reversible after alcohol
abstinence, similar to what was observed in former smokers [299]. Similar, another study in CD3+ T-
cells observed reversible DNA methylation levels at seven CpG loci after treatment for chronic alcohol
dependence [227].

DNA methylation alterations following alcohol consumption have been linked to liver disease
and various cancers, including liver, colorectal, head and neck [66]. Furthermore, in relation to breast
cancer, alcohol increases oestrogen levels in blood and decreases folate levels, which is associated with

increased risk for postmenopausal breast cancer [66].

2.1.34 BMI

BMI is associated with DNA methylation changes detectable in blood, but no consistent genes or CpG
sites have replicated across studies [212, 213, 229-232]. One European consortium identified five CpG
probes significantly associated with BMI, whereof three were located in the gene HIF3A4. The gene
HIF34 is a component of the hypoxia inducible transcription factor, which regulates a variety of
cellular and physiological responses to hypoxia, and has been associated with CVD and cancer. The
association between the three CpG sites in HIF34 and BMI was replicated in adipose tissue, which
again supports the use of blood DNA as a surrogate tissue [212].

Other EWAS have observed associations between BMI and DNA methylation for genes
involved in different metabolic functions: ABCGI associated with blood lipid levels [213, 230, 232],
SREBF] involved in cholesterol biosynthesis [213, 230, 231], and PHGDH involved in serine
biosynthesis [213, 229]. These have also been associated with various diseases: promoter methylation

at the gene ABCG1 has been associated with coronary heart disease, SREBF'I has been associated with
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diabetes traits [230], and overexpression of PHGDH is found in 70% of ER-negative breast cancer
[229]. Furthermore, in one of the most recent and largest prospective EWAS of BMI (total n=10,261)
similar DNA methylation patterns were observed in both blood and adipose tissue for these genes
[213].

Overall, these studies confirm that BMI is associated with DNA methylation changes in blood
and that these signatures can be linked to various diseases. The adipose tissue is the main source of
oestrogen for postmenopausal women, and obesity increases the oestrogen levels by increased
expression of the enzyme aromatase that converts androgens to oestrogen. This links together obesity,

DNA methylation, and ER-positive postmenopausal breast cancer [51].

2.1.4 Estimation of lifetime exposure to oestrogen

Epidemiological studies have identified several hormonal breast cancer risk factors (Table 1.1). These
risk factors will affect a woman’s oestrogen exposure either by altering oestrogen levels directly (e.g.
being overweight or obese for postmenopausal women), in the long-term perspective (parous
postmenopausal women have lower oestrogen levels compared to nulliparous women), or by defining
the time when a woman is exposed to high levels of oestrogens through ovulatory cycles (age at
menarche and menopause). Therefore, a combination of risk factors could be used to estimate a
woman’s lifetime exposure to oestrogens. This has been done previously in studies of Alzheimer’s
disease [235], cognitive performance [300], prospective memory [301], CVD [302], ischemic stroke
[303] and mortality [304], where higher oestrogen has a protective role, and for breast cancer [154,
305]. However, the models vary from simple models calculating a woman’s reproductive span (age at
menopause minus age at menarche) [303, 304], to calculating a woman’s total number of menstrual or
ovulatory cycles [235, 302], and more complex combinations of reproductive factors including
postmenopausal weight or BMI, duration of HRT and time since menopause [300, 301, 305]. For now,
there is no standardised, generalised model to estimate a woman’s lifetime exposure to oestrogen, and

in this study a new model has been proposed.
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2.1.5 Statistical methods in EWAS

In this study methylation data measured using the HM450K array has been used. The array measures
DNA methylation levels at 485,512 CpG sites across the genome designed to focus on CpG sites in
promoters, CpG islands, and enhancer regions. The DNA is bisulphite converted and the array
generates data based on the signals from protected, methylated cytosines and unprotected,
unmethylated thymines in a CpG context at a query probe site. Beta-values represent the proportions of
methylated cytosines at given positions in the range of 0 to 1, where 1 is equal to 100% methylation.
The beta-values follow a bimodal beta distribution with peaks around 0.2 and 0.8 with non-constant
variances known as heteroscedasticity. The variances are often smaller for beta-values close to 0 and 1

and larger for beta-values around 0.5.

The beta-values are challenging some of the assumptions for linear regression modelling,
where the values are assumed to follow a normal distribution with a constant variance
(homoscedasticity). To overcome this problem previous EWAS have often used log2-transformation of
the beta-values (M-values) prior to the regression analysis. The M-values tend to be more normally
distributed with less heteroscedasticity (Figure 2.1), however, this is not always the case and they lose
their biological interpretability [306-308]. M-values tend to perform better at the low and high ranges

compared to beta-values, but the performance for the middle-range remains similar [306].

Recently beta regression has been proposed as an alternative approach for modelling
continuous proportions in a range, such as beta-values [309]. The beta regression is a parameterised
generalised linear model with two parameters: p for the mean and ® for the precision (or the variance),
and handles heteroscedasticity and skewed distributions better. The mean is linked to the responses
through a link function and a linear predictor [310, 311]. Beta regression has been applied in a few
recent methylation studies [312-317] and might be a better statistical approach in methylation studies

using array data compared to linear regression.
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Figure 2.1. Beta-values and M-values in HM450K methylation array data

Reconstruction of figures from Du et al. (2010) [301] using EPIC-Italy HM450K data (n=324). A.
Distribution of beta-values. B. The beta values are often log,-transformed to M-values in EWAS, which are
more normally distributed. C. The beta-values have non-constant variances, known as heteroscedasticity. The
plots shows the mean beta-values plotted against standard deviations, red dots indicate mean standard
deviations. D. Mean M-values against standard deviations, red dots indicate mean standard deviations. The
M-values have more constant variances (homoscedasticity).
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2.1.5.1 Inflation and bias in EWAS

In comparison with GWAS, EWAS are more sensitive to technical and biological confounding effects.
This might lead to incorrect test statistics by inflation and bias, resulting in an overestimation in the
significance, a large number of false positives and biased estimates of effect sizes. The genomic
inflation factor is used in GWAS to estimate the inflation, however, this is not suitable in EWAS where
there might be a larger number of expected true associations. To control for this a Bayesian method has
been proposed that fits a three component normal mixture to the observed set of test statistics using a
Gibbs sampling algorithm [318]. The method captures the fraction of true associations observed in the
data that is assumed to be an unknown minority of the tests and estimates the inflation and bias without

being affected by this.

2.1.6 Aims of this chapter

In this study the aim was to further explore hormonal risk factors, focusing on lifetime oestrogen
exposure, and DNA methylation in blood. The results from breast cancer EWAS have been
inconsistent, but previous studies have successfully identified DNA methylation signatures for
smoking, alcohol consumption, BMI and aging, and associated these with various diseases. Therefore,
it was hypothesised that an EWAS of hormonal risk factors could be a better approach to identify CpG
sites associated with breast cancer compared with a traditional case-control design. In this chapter an
Estimated Lifetime (o)Estrogen Exposure (ELEE) model has been defined and it was hypothesised that
ELEE will affect DNA methylation detectable in blood. An EWAS of ELEE has been performed to

identify CpG sites where DNA methylation levels are associated with lifetime oestrogen exposure.
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2.2. METHODS

2.2.1 Study cohort

Participants in this study were from the Italian sub cohort of the European prospective investigation
into cancer and nutrition (EPIC) study, The EPIC is a multi-centre prospective cohort study including
epidemiological data from over 521,000 participants from 23 centres across 10 European countries.
The study was designed to investigate cancer and other chronic diseases and the relationships with diet,
lifestyle and environmental factors. Healthy participants were recruited between 1992 and 2000 and
questionnaire and interview data has been collected on diet and non-dietary variables (such as
reproductive and lifestyle factors), anthropometric measurements, and blood samples. The study is
followed up for cancer, other disease occurrences and mortality [319, 320]. EPIC-Italy consists of over
57,000 participants recruited between 1993 and 1998 across five Italian centres: Varese, Turin,
Florence, Ragusa and Naples. After consent and ethical review from the IARC, questionnaire data and
blood samples were collected [321]. The follow-up loss has been reported to be less than 2% and

incident cancer cases have been identified from cancer registries [197].

2.2.2 Hormonal factors and breast cancer risk in EPIC-Italy

2.2.2.1 EPIC-Italy questionnaire data

At the start of this study EPIC-Italy included epidemiological questionnaire data from 32,059 women,
of whom 1,388 (4.3%) had been diagnosed with breast cancer at last follow-up (July 2012). ER-status
was missing for a majority of the breast cancer cases and therefore cases were stratified on age at
diagnosis > 50 to enrich for ER-positive disease, which is more common in older cases. This left 1,193

prospective cases for the study with an average time to diagnosis of 8.2 years (Table 2.1).

2.2.2.2  Risk factors analysed

Hormonal reproductive and lifestyle factors and the association with breast cancer risk were explored
in EPIC-Italy questionnaire data. The following reproductive risk factors (all variables were reported at
the time of recruitment) were explored: age at menarche, age at menopause, parity (parous versus
nulliparous), number of full-term pregnancies, age at first pregnancy, if a woman had ever breastfed,

and total lifetime breastfeeding duration (in years). Explored lifestyle risk factors included BMI, ever
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Table 2.1. Table of characteristics for EPIC-Italy questionnaire data

The EPIC-Italy questionnaire data was used to explore different hormonal factors and breast cancer
risk. All analyses were adjusted for age and cases were stratified on age at diagnosis > 50 to enrich for
ER-positive disease (ER status was missing for most of the subjects)

EPIC-Italy questionnaire data
All Cases Controls
P value***
(n=31,864) (n=1,193) (n=30,671)
Age mean (st.dev.), yrs 50.7 (8.1) 53.2(6.8) 50.6 (8.1) <1x10'°
Time to diagnosis mean (st.dev.), yrs 8.2(4.2) 8.2(4.2) NA
Menopausal status n (%) Premenopausal | 15563 (48.8%) 477 (40.0%) 15086 (49.2%) 2x10°1°
Postmenopausal | 15866 (49.8%) 703 (58.9%) 15163 (49.4%)
Age at menarche mean (st.dev.), yrs 12.5 (1.5) 12.5(1.4) 12.5 (1.5) 0.342
Age at menopause mean (st.dev.), yrs 48.3 (4.9) 48.9 (4.9) 48.3(4.9) 0.001
Parity n (%) Parous | 28185 (88.5%) 1060 (88.9%) 27125 (88.4%) 0.843
Nulliparous | 3266 (10.2%) 120 (10.1%) 3146 (10.3%)
Number of pregnancies mean (st.dev.) 1.9 (1.1) 1.8 (1.0) 1.9 (1.1) 0.044
Ever breastfed* n (%) 22773 (80.8%) 835(78.8%) 21938 (80.9%) 0.096
Breastfeeding duration® mean (st.dev.), yrs 0.6 (0.6) 0.6 (0.6) 0.6 (0.6) 0.361
OC ever n (%) 12871 (40.4%) 437 (36.6%) 12434 (40.5%) 0.006
OC duration mean (st.dev.), yrs 1.6 3.1) 1.5@3.1) 1.6 (3.2) 0.144
HRT ever n (%) 4961 (15.6%) 222 (18.6%) 4739 (15.5%) 0.004
HRT duration mean (st.dev.), yrs 0.3(1.2) 0.4 (1.2) 0.3(1.2) 0.169
BMI mean (st.dev.), kg/m? 25.8 (44) 26.3 (4.5) 25.8 (4.3) 5x10°°
Drink alcohol n (%) Yes | 18937 (59.4%) 737 (61.8%) 18200 (59.3%) 0.523
Previously | 6778 (21.3%) 282 (23.6%) 6496 (21.2%)
No 602 (1.9%) 21 (1.8%) 581 (1.9%)
Alcohol consumption mean (st.dev.), intensity** 2.6(2.7) 24(2.7) 2.6(2.7) 0.105
Smoking status n (%) Smoker| 8240 (25.9%) 285 (23.9%) 7955 (25.9%) 0.072
Former| 6323 (19.8%) 223 (18.7%) 6100 (19.9%)
Never| 16888 (53.0%) 672 (56.3%) 16216 (52.9%)
Smoking duration mean (st.dev.), yrs 6.5(11.4) 6.9 (12.2) 6.5(11.4) 0.283

st.dev = standard deviation; yrs = years
* Breastfeeding variables in parous women only
**Alcohol consumption intensity was calculated as average reported intensity (1-9) from beer, wine, and spirits at
ages 20, 30, 40, and 50.

*** P-values indicate differences between cases and controls: Student's t-test was used for continuous variables

and chi-squared test for categorical variables.
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and duration use of OC and HRT (in years), alcohol drinking and alcohol consumption intensity, and
smoking status, duration and intensity. Alcohol drinking was summarised from the answers “Yes”,
“Never” and “Previously” reported for wine, beer, cider, and spirits or liquor. The intensity for alcohol
consumption was calculated as average reported intensity (self-reported numbers 1 to 9) at ages 20, 30,
40 and 50. Smoking status was reported as smoker, former smoker or never smoker. Duration of
smoking was calculated as the time (in years) between age at start smoking and age at stop smoking (or
age at recruitment for smokers) minus reported number of years giving up smoking. Smoking intensity
was calculated as average reported smoking intensity (self-reported numbers 1 to 9) at ages 20, 30, 40

and 50 for smokers and former smokers.

2.2.2.3  Statistical analysis

The association between the risk factors and breast cancer was estimated using Cox proportional
hazards regression (function ‘coxph’ in R package ‘survival’) adjusted for age at recruitment [322,
323]. The number of years between date at recruitment and date at diagnosis was used as the time-to-
event variable for cases and the time between date at recruitment and date at last follow up for controls.
All risk factors were explored as continuous or categorical variables when suitable in all,

premenopausal and postmenopausal women.

2.2.3 The ELEE model

Different combinations of time-dependent breast cancer risk factors were explored for the ELEE model
in the EPIC-Italy questionnaire data. The associations between the ELEE models and breast cancer risk
were estimated using Cox proportional hazards regression (function ‘coxph’ in R package ‘survival’)
adjusted for age at recruitment. The explored variables included a woman’s reproductive time (age at
menopause minus age at menarche for postmenopausal women and age at recruitment minus age at
menarche for premenopausal women), number of pregnancies, breastfeeding duration and duration of
OC and HRT use. The selected ELEE model included as many of these risk factors as possible without

affecting the association with breast cancer risk in pre- and postmenopausal women.
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Table 2.2. Table of characteristics for EPIC-Italy HM450K methylation data

The data set was used in the EWAS of ELEE. Cases were stratified on age at diagnosis > 50 to enrich
for ER-positive disease and subjects with missing information of ELEE were excluded, leaving 216

subjects for the analysis.

EPIC-Italy
(n=216)
Prospective cases n (%) 97 (44.9%)
Age mean (st.dev.), yrs 54.2 (6.4)
Time to diagnosis mean (st.dev.), yrs 5.3 (4.5)
Menopausal status n (%) Premenopausal 58 (26.9%)
Postmenopausal 132 (61.1%)
Age at menarche mean (st.dev.), yrs 12.8 (1.5)
Age at menopause mean (st.dev.), yrs 49.7 (3.6)
Parity n (%) Parous 180 (83.3%)
Nulliparous 36 (16.7%)
Number of pregnancies mean (st.dev.) 1.7 (1.1)
Ever breastfed* n (%) 180 (100%)
Breastfeeding duration* mean (st.dev.), yrs 0.7 (0.7)
OC ever n (%) 75 (34.7%)
OC duration mean (st.dev.), yrs 5.6 (6.0)
HRT ever n (%) 35 (16.2%)
HRT duration mean (st.dev.), yrs 2.1(3.0)
BMI mean (st.dev.), kg/m? 25.6 (4.3)
Alcohol consumption mean (st.dev.), average g/day 6.8 (8.9)
Smoking status n (%) Smoker 41 (19.0%)
Former 42 (19.4%)
Never 133 (61.6%)

* Breastfeeding variables in parous women only
st.dev = standard deviation; yrs = years
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2.24 EWAS of ELEE

2.2.4.1  EPIC-Italy HM450K data

The HM450K array data was measured in DNA samples extracted from blood in 332 women from the
EPIC-Italy sub cohort, including 166 incident breast cancer cases and 166 healthy controls matched on
age at recruitment £ 5 years and study centre [197]. Blood samples were collected at recruitment,
processed the same day and stored in liquid nitrogen [321]. Matched pairs were excluded if 5% of the
measured probes in either a case or a control had low detection P-values, leaving 324 women (162
incident breast cancer cases and 162 controls) for the analysis. Subjects with missing information of
ELEE were excluded (n=87) as well as cases with age at diagnosis less than 50 (n=28), to enrich for

ER-positive disease, leaving 216 women for the EWAS of ELEE (Table 2.2).

2.2.4.2  Generation and processing of HM450K array data

DNA extraction from blood samples and methylation array processing were conducted in the Italian
Institute for Genomic Medicine (previously known as the Human Genetics Foundation), as described
previously [197]. For the 332 samples 500ng of DNA were bisulphite converted using the EZ-96 DNA
Methylation-Gold Kit (Zymo Research) and hybridised on the Illumina Infinium
HumanMethylation450K BeadChip. The BeadChips were scanned using the Illumina HiScan SQ
scanner and intensities were extracted from the images using GenomeStudio (v.2011.1) and its
Methylation module (1.9.0). Correction for the beta-value distributions from the two different probe
types (Infinum I and II) was done by peak-based correction [324] and the beta-mixture quintile
normalisation method [325]. Batch-effects were reduced using the empirical Bayes method ‘ComBat’
[326] and missing data was imputed using the k-nearest neighbour averaging method (R function
‘impute.knn’ in package ‘impute’) [327]. Probes overlapping SNPs (n=65) or with low detection P-
value in more than 20% of the samples (n=36,655) were excluded from the analysis resulting in
448,857 probes. Pre-processing to this stage was performed by Karin van Veldhoven [197]. At this
stage the data was received, and furthermore cross-hybridising probes were removed using the R
function ‘rmSNPandCH’ in the package ‘DMRcate’, leaving 404,596 probes for the analysis [328].
Methylation levels from the HM450K array are expressed as beta-values between 0 and 1 representing

the fraction of methylated cytosine at the given probe.
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2.2.4.3  Statistical analysis

An EWAS with ELEE as the exposure and DNA methylation as the outcome was conducted in 216
samples from the EPIC-Italy HM450K data measured in blood. Beta regression on beta-values was
used to investigate DNA methylation levels at individual CpG sites and their association with ELEE;
DNA methylation levels were modelled as a dependent variable in a generalised linear model with
beta-distributed responses (R function ‘vglm’ in package “VGAM’ [309]). Confounders known to
influence methylation and/or oestrogen levels were adjusted for including age, BMI, alcohol
consumption (average gram per day) and smoking duration in years (all variables were reported at the
time of recruitment), as well as technical confounders including batch, position on batch and WBC
composition estimated using the Houseman method [329]. The P-values were corrected for multiple
testing using the false discovery rate (FDR) Q-values in the R function ‘p.adjust’. For interpretation,
linear mixed-effects regression modelling on beta-values multiplied by 100 was used, to get DNA
methylation changes per one year longer ELEE as estimates. Manifest and annotation data were
extracted from the R package ‘IlluminaHumanMethylation450kanno.ilmn12.hg19’ and gene function,
disease association, and interaction with oestradiol were extracted from the UCSC genome browser

(https://genome-euro.ucsc.edu) and the GeneCards Human Gene Database

(https://www.genecards.org).

2.2.4.4  Inflation and bias

Inflation and bias were explored using the R package ‘bacon’ [318] and Quantile-Quantile (QQ) plots
of the P-values in the R package ‘qqman’. The ‘bacon’ package uses a Bayesian method to estimate the
empirical null distribution from observed test statistics, and fits a three component normal mixture to
the test statistics using a Gibbs sampling algorithm, which estimates the bias and inflation factor
lambda. Lambda equal to 1 indicates no inflation, and greater than 1 indicates inflated P-values.
Inflation and bias can affect test statistics in EWAS, and to explore this in the EWAS of ELEE two
more beta regression models were investigated: one without adjusting for WBC composition and
another one not adjusted for any of the confounding variables. Inflation and bias were compared

between the three models.
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2.2.4.5  Sensitivity analyses

Sensitivity analyses were conducted for the following conditions: (i) exploring the effects of stratifying
on age at diagnosis > 50 to enrich for ER-positive disease by including all subjects with complete
information of ELEE in the analysis (n=237) and (ii) effects from including prospective breast cancer
cases in the analysis by repeating the analysis in controls only (n=119). Estimates were compared using

the Pearson’s correlation coefficient.

2.2.4.6  Functional genomic regions and histone modifications

Probes were classified into categories reflecting their location in relation to functional genomic regions
(promoter, gene body and intergenic region) and CpG islands (CpG island, shore, shelf and open sea)
using annotation data for the HM450K array. Promoter regions were defined by combining CpG
probes overlapping TSS200 (located 0 to 200bp from a transcription start site), 5’UTR and 1% exon,
and body and 3’UTR were combined for gene body. Furthermore, the probes were classified into
categories overlapping chromatin immunoprecipitation sequencing (ChIP-seq) data of different histone

modifications. The ChIP-seq data (bed-files with pre-processed narrow, stable peaks) of PBMNCs was

downloaded from the ENCODE project (https://www.encodeproject.org). Active promoters were
defined as promoter region overlapping histone modifications H3K4me3 or H3KO9ac, repressed
promoters were defined as promoter regions overlapping H3K9me3 or H3K27me3, and active
enhancers were defined as intergenic region overlapping H3K27ac or H3K4mel [180]. ORs and P-
values from Fisher’s Exact Test for count data were estimated using the R function ‘oddsratios’ from

the package ‘epitools’.

2.2.5 EWAS of hormonal risk factors

Four other EWAS of the hormonal risk factors included in the ELEE model were conducted using a
beta regression model with the risk factor as the exposure and DNA methylation as the outcome,
adjusting for the same confounders as in the EWAS of ELEE. The P-values were corrected for multiple

testing and significant probes (FDR Q < 0.05) from the five different EWAS were overlapped.

2.2.6 Genome-wide DNA methylation and ELEE

Genome-wide hypomethylation in association with breast cancer risk has previously been observed in

this dataset [197]. Therefore, it was explored if genome-wide DNA methylation levels were associated
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with ELEE. The genome-wide DNA methylation was calculated as the average beta-values across the
404,596 CpG sites on the HM450K array for all women with complete information of ELEE in EPIC-
Italy (n=216). The association between the genome-wide DNA methylation and ELEE was analysed
using generalised linear regression adjusting for age, BMI, alcohol consumption (average gram per
day), smoking duration in years (all variables were reported at the time of recruitment), batch, position

on batch and WBC composition.
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2.3. RESULTS

2.3.1 Hormonal factors are associated with breast cancer risk in EPIC-Italy

Different hormonal factors and the association with breast cancer risk were explored in the EPIC-Italy
questionnaire data (Table 2.1). At baseline, cases were older compared to controls (53.2 and 50.6
years) and more cases had reached menopause (58.9 and 49.4%) with a slightly older age at menopause
(48.9 and 48.3 years). Controls had a slightly higher number of pregnancies compared with cases (1.9
and 1.8), more OC users (40.5% and 36.6%), less HRT users (15.5 and 18.6%), and lower BMI (25.8

and 26.3 kg/m’). The results are found in Appendix 1 and summarised in Figure 2.2.

2.3.1.1 Age at menarche and menopause

An older age at menarche was inversely associated with the breast cancer risk for all and
postmenopausal women (HR=0.94, 95% CI: 0.91 — 0.98, P=0.003 and HR=0.94, 95% CI: 0.89 — 0.98,
P=0.008), and older age at menopause was positively associated with an increase in risk (HR=1.02,

95% CI: 1.01 — 1.04, P=0.006).

2.3.1.2  Parity-related factors

Parity (parous compared to nulliparous women) had no significant risk effect in EPIC-Italy, however,
each additional pregnancy was inversely associated with the risk for all (HR=0.92, 95% CI: 0.87 —
0.97, P=0.003) and premenopausal women (HR=0.86, 95% CI: 0.78 — 0.94, P=0.002). A trend towards
a protective association between number of pregnancies and breast cancer risk was observed for
postmenopausal women (HR=0.94, 95% CI: 0.88 — 1.01, P=0.070). An older age at first full-term
pregnancy was associated with increase in breast cancer risk for all (HR=1.02, 95% CI: 1.00 — 1.03,
P=0.008) and premenopausal women (HR=1.03, 95% CI: 1.01 — 1.05, P=0.006). Ever breastfeeding
was not associated with breast cancer risk, however, longer total lifetime breastfeeding duration was

inversely associated the risk in all women (HR=0.88, 95% CI: 0.80 — 0.97, P=0.008).

2.3.1.3  Lifestyle factors

Of the lifestyle factors, an increase in breast cancer risk with increasing BMI was observed for all and
postmenopausal women (HR=1.01, 95% CI: 1.00 — 1.03, P=0.035 and HR=1.02, 95% CI: 1.01 — 1.04,
P=0.010). However, BMI was not associated with breast cancer risk in premenopausal women.

Smokers compared to never smokers had a lower risk among postmenopausal women (HR=0.81, 95%
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CI: 0.67 — 0.99, P=0.036) but a higher smoking intensity was associated with an increase in the risk for
premenopausal women (HR=1.08, 95% CI: 1.03 — 1.13, P=8.09x10™). Neither reported use of OC or
HRT was associated with breast cancer risk in EPIC-Italy, nor smoking duration or alcohol drinking.

To note, less than 2% of the women reported never drinking.

2.3.2 The ELEE model is significantly associated with breast cancer risk

The final ELEE model was calculated as a woman’s reproductive time (age at menopause or age at
recruitment for premenopausal women minus age at menarche) minus one year per pregnancy and total
duration breastfeeding in years up to recruitment. This will in theory give the time in years when a
woman has been exposed to high levels of endogenous oestrogens, but also takes into account the long-
term effect on oestrogen levels for parous women and the duration breastfeeding, which will shorten
the total lifetime endogenous oestrogen exposure. Different combinations of time-dependent risk
factors were explored for the ELEE model, summarised in Table 2.3. There was no apparent difference
in using 9 months or one year per pregnancy; therefore one year for each pregnancy was used in the
model since it also takes into account a delay in ovulation after pregnancy. The duration of OC and
HRT use were found to not be significantly associated with breast cancer risk in EPIC-Italy (Figure
2.2) and the addition of this to the ELEE calculation did not improve the model. Also, only current or
recent OC and HRT use has been reported to increase the risk and oestrogen levels, and it might not be
relevant to include duration use. In all women in EPIC-Italy (n=1,193 cases and 30,671 controls, Table
2.1) one year longer ELEE, ranging from 5 to 49, was associated with a 5% increase in breast cancer
risk (HR=1.05, 95% CI: 1.04 — 1.07, P=3.14x10™", Table 2.3), and was associated with breast cancer
risk in both pre- and post-menopausal women (HR=1.09, 95% CI: 1.03 — 1.15, P=0.002 and HR=1.03,
95% CI: 1.01 — 1.05, P=6.07x10™). By removing outliers in the ELEE range (women with ELEE
below and above two standard deviations from mean value) very similar results were obtained
(HR=1.06, 95% CI: 1.04 — 1.08, P=7.52x10"" for all women; HR=1.09, 95% CI: 1.03 — 1.15, P=0.003

for premenopausal women; HR=1.04, 95% CI: 1.02 — 1.06, P=1.63x10™ for postmenopausal women).

2.3.3 EWAS identifies 694 probes associated with the ELEE

An EWAS of the ELEE was conducted in EPIC-Italy (n=216, Table 2.2) using a beta regression model
adjusting for confounding biological and technical variables. After correction for multiple testing the

EWAS identified 694 CpG probes significantly associated with ELEE in EPIC-Italy (FDR Q < 0.05
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Figure 2.3. EWAS identifies CpG sites significantly associated with ELEE in EPIC-Italy
An EWAS with DNA methylation (HM450K beta-values) as outcome and ELEE as exposure was conducted
in EPIC-Italy (Table 2.2, n=216) using a beta regression model adjusted for age, BMI, alcohol consumption,
and smoking, batch, position on batch and WBC composition using the Houseman method. A. Manhattan
plot of minus log,, O-values (FDR-corrected P-values) from the EWAS of all 404,596 probes across the
genome. Blue line indicates FDR Q-value threshold of 0.05 and red dotted line represents genome-wide
threshold P-value of 1x1077. B. Volcano plot of the regression coefficients (estimates) from the beta
regression model, showing significant hypomethylated (n=424, in blue) and hypermethylated probes (n=270,
in purple). C. The expected and observed P-values from the EWAS of ELEE. Inflation factor lambda was
calculated using the R package ‘bacon’.
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Figure 2.3A) with a mixture of hypo- and hypermethylated probes with increasing ELEE, but mostly
hypomethylated (61%, Figure 2.3B). The P-values were moderately inflated with a lambda of 1.13

(Figure 2.3C).

2.3.3.1 Inflation and bias in the EWAS of ELEE

Inflation and bias of the EWAS of ELEE were investigated by repeating the analysis without adjusting
for WBC composition and with no adjustments. The test statistics (Z values) and P-values for the three
models are visualised in Figure 2.4. The bias and inflation factor for the main analysis was -0.12 and
1.13 respectively suggesting that there were some bias and inflation presented in the fully adjusted
model. The unadjusted models showed possibly larger bias (-0.30), suggesting that cellular
heterogeneity and not adjusting for WBC composition might result in biased results. The QQ-plots and
lambda inflation factors were smaller than in the fully adjusted model (1.11 and 1.02), suggesting a
larger inflation for the fully adjusted model (Figure 2.4D-F). However, these statistical tools have not
yet been explored for beta regression and these conclusions should be taken with caution. No
significant CpG sites were observed for the unadjusted model (FDR Q-value < 0.05) and 242

significant CpG sites in the model without adjusting for WBC.

2.3.3.2  Sensitivity analyses

To explore the effects of (i) excluding cases with an age at diagnosis < 50 and (ii) including
prospective cases in the EWAS of ELEE sensitivity analyses were conducted including all cases and
controls (n=237) and in controls only (n=119). Estimates in the sensitivity analyses were highly
correlated with the estimates from the main EWAS of ELEE for both analyses (»=0.997 and »=0.963,
respectively, Figure 2.5A-B) and all 694 probes remained significant (FDR Q < 0.05, n=237) in the

first analysis and 563 (81% of the 694 probes) in the second analysis.

2.3.3.3  CpG sites associated with ELEE are enriched in CpG islands, CpG shelves and active
promoters

The 694 significant CpG probes were categorised by their relation to different functional genomic

regions, relation to CpG islands, and overlap with histone modifications, and analysed for enrichment.

The CpG sites associated with ELEE were significantly (P-value < 0.05) enriched in CpG islands, CpG

shelves, and active promoters, and depleted in intergenic regions, open sea, other promoters (defined

by all promoters not overlapping any of the above mentioned histone modifications) and active
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Figure 2.4. Inflation and bias in the EWAS of ELEE

A-C. The distribution of test statistics (Z values) from the EWAS of ELEE and the three components from
the Bayesian method used in the R package ‘bacon’ for (A) the fully adjusted model (age at recruitment,
BMI, smoking duration, alcohol consumption, batch, position on batch, WBC composition) (B) without
adjusting for WBC composition and (C) without any adjustments. The black line is the fit for the data, the
red line is the fit of the null component (the empirical null distribution) and the blue and green lines for the
fits of the negatively and positively true associations. D-F. QQ-plots of P-values from the beta regression
models and inflation factor lambda, calculated in R package ‘bacon’.

79



vy _| |

o S .

r=0.997 o* r=0.963 °®
~ 2 ~2
o~ o [o =]
B =
Il 1}
£ ")
2 2
Z 2 < z o
g . g
2 e
& &
g 8
< <
E=| £2]
a7 a7
° .
.
LY .
n "
i n
I I I I I I I I
-1.5 -1.0 -0.5 0.0 05 -15 -1.0 -0.5 0.0 0.5
Estimates from EWAS (n=216) Estimates from EWAS (n=216)

Figure 2.5. Sensitivity analyses for the EWAS of ELEE

The main EWAS of ELEE included 216 women from EPIC-Italy HM450K data (Table 2.2) where cases with
an age at diagnosis < 50 were excluded. To explore the effects of excluding younger cases the analysis was
repeated on the 694 significant probes including all cases and controls (n=237), and to explore the effects of
including prospective cases in the EWAS the analysis was repeated in controls only (n=119). A. Comparison
of the estimates in the main EWAS (n=216) and including all cases and controls (n=237) B. Comparison of
the estimates in the main EWAS (n=216) and in controls only (n=119). After correction for multiple testing
(FDR Q < 0.05), all probes remained significant in the first sensitivity analysis (n=237) and 563 (81%) in the

second sensitivity analysis (n=119). Correlation coefficient () was calculated using Pearson’s correlation
coefficient.
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enhancers (Figure 2.6A-C). With longer ELEE the methylation levels were mostly increasing for
promoter regions, CpG islands and active or repressed promoters. A decrease in DNA methylation was
observed in gene bodies, intergenic regions, CpG shelves, open sea, and other promoters (Figure 2.6D-

F).

2.3.3.4  Top hits from the EWAS of ELEE

The significant CpG sites were further filtered on magnitude of change in DNA methylation
(regression coefficient from the mixed-effects linear model, denoted as estimate) and variation in DNA
methylation levels across individuals (standard deviation of beta-values for each probe). This was to
exclude possible false positives or hits with very small changes in DNA methylation that might be
biologically irrelevant or difficult to replicate in further validation studies. After this step a total of 212
probes with an absolute estimate above its mean value (0.12%) and with a standard deviation over its
mean value (2.39%) were left (Appendix 2). Out of these, the top 20 probes with largest estimates
(absolute estimate > 0.40%) and the top 20 probes with most significant P-values (P-values < 1.5x10)
are presented in Table 2.4 together with annotation data and gene function for the nearest gene. Three
CpG sites were selected from both criteria (cg03785646, cg05422360, and cgl13645651) and two CpG
sites were located in the pseudogene HLA-J and two CpG sites in the gene MC4R. For CpG sites
located far away from the nearest gene (>10K base pairs), gene function was not reported, leaving 31
genes in the table. At least a third of the genes were associated with cancer or cancer-related functions
and three genes have previously been associated with breast cancer (CHACI, FATI, GALNTY). The
genes FATI, HLA-J, IL6ST, SLCIA2 and TCLIB interact with oestradiol, and UNC454 binds the
progesterone receptor. Interestingly, the gene SMARCCI regulates transcription by altering the

chromatin structure around those genes and has been associated with various cancers.

2.3.4 There are few overlaps between the EWAS of hormonal risk factors

To explore if the combined ELEE model and the individual hormonal risk factors in the model had any
common associations with DNA methylation four different EWAS were conducted: for age at
menarche, age at menopause, number of pregnancies and breastfeeding duration (in years), with the
same adjustments as mentioned above in EPIC-Italy (Table 2.2). The number of significant CpG
probes (FDR Q < 0.05) were less in all four analyses compared to the EWAS of ELEE; 25 probes for

age at menarche, 393 for age at menopause, 18 for number of pregnancies and 69 for breastfeeding
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Figure 2.6. Functional genomic regions and histone modifications among EWAS of ELEE hits
Enrichment analysis for the 694 significant CpG probes was conducted by overlapping the CpG sites with
annotation data for functional genomic regions, CpG islands, and histone modifications using ChIP-seq data
in PBMNCs from the ENCODE project. A-C. Bar plots of the ORs and 95% CIs, OR > 1 indicates more
observed CpG sites than expected in that region. ORs, 95% ClIs and P-values (Fisher’s Exact Test for count
data) were estimated using the R function ‘oddsratios’ from the package ‘epitools’, a * indicates P < 0.05. D-
F. Bar plots of the direction of change (purple for decrease and blue for increase) in DNA methylation levels
with increasing ELEE; the percentage of increased and decreased CpG sites (among the 694 CpG sites
associated with ELEE) in each region is shown.
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Table 2.4. Top hits from the EWAS of ELEE
The table represents the top CpG sites based on magnitude of change in DNA methylation per year
increase in ELEE (estimate > 0.40%) and statistical significance (P-values < 1.5x10). Probes in the
table are sorted in genetic alphabetic order.

HM450K probe

Nearest gene

Gene function**

UCSC RefGene Group

Selection criteria

€g26252045 ABTB2 Protein heterodimerisation activity and hepatocyte growth Body P=1.36x10°
GTPase activity, membrane trafficking, cytoskeleton Estimate=-0.52
cg03785646 AGAPI dynamics. Associated with autism spectrum disorder, Body P= 62xld'7 ?
schizophrenia and cerebral palsy ’
cg01154254 ANKRDS53 Regulates chromosomes in mitosis TSS1500 P=4.66x10"
cg08601628 C8orf74 Uncharacterised protein Body P=4.51x107
Inhibits Notch signalling, regulation of glutathione levels and
cg21153102 CHACI oxidative balance in the cell. Associated with breast and Intergenic Estimate=-0.43%
ovarian cancer recurrence
207630274 COLI3AI Tissue connectivity. Assgmate W{th ml{scle weakness and Body P=222x107
non-alcoholic fatty liver disease
Cell-cell adhesion regulation, tumour suppressor. Associated
¢g06968859 CTNNA2 with bipolar disorder, diabetes type 2, mixed germ cell and Body P=2.52E-09
laryngeal cancer
¢g05566582 DNAJB6* NA Intergenic Estimate=-0.42%
Tumour suppressor gene, cell communication. Associated
¢g09438069 FATI with various cancer types (pancreatic, colon, breast, glioma, Body Estimate=0.44%
leukaemia etc.). Interacts with oestradiol.
Glycosylation in the Golgi apparatus, expressed in the brain,
cg03143347 GALNT9 oncogene. Associated with neuroblastoma, BMI, ovarian and Body P=6.36x10"
breast cancer
H —_ 0,
24838316 Tntergenic Estimate=-1.51%
Transcribed pseudogene derived from a histocompatibility
HLA-J complex that plays a central role in the immune system.
223681866 Interacts with oestradiol. Intergenic Estimate=-1.33%
Transcription factor required for the expression of several
203495030 HNFI1A liver-specific genes. Associated with maturity-onset diabetes Bod Estimate=-041%
g of the young type 3, diabetes, hepatic adenomas, and Y e
pancreatic and lung cancer.
¢g22968966 HS3ST2* NA Intergenic Estimate=-0.40%
Interleukin 6 signal transducer functions as a part of the
21950518 IL6ST cytoklp’e receptor complex. Associated with perlodontlt'ls, IstExon P=1.50x10"
Kaposi’s sarcoma, hepatocellular adenoma. Interacts with
oestradiol.
Melanoma Antigen Gene 1, may play a role in brain, muscle, . _ o
¢g05422360 MAGEEI and peripheral nerve. Associated with melanoma and 1stExon ESt;,Z?t;Z;(OI'gj %,
cognitive disability. ’
o — 0,
213645651 TSS1500 Es‘;fj"jl ol.g§ %
Encodes a membrane-bound receptor and member of the —halx
MC4R melanocortin receptor family. Associated with autosomal
dominant obesity. .
cg18233497 1stExon Estimate=-0.44%
24036523 PAPLN Associated with peptidase activity and serine-type Body Estimate=-0.45%

endopeptidase inhibitor activity
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Involved in glycerolipid metabolism and innate immune

i _ -7
©g00443797 PLPP4 system. Associated with lung cancer. SUTR P=2.47x10
cg22758104 RPH3AL* NA Intergenic P=4.62x10"

Non coding pseudo gene, may play a role in the immune . - o
cg19904058 SCART]I system Body Estimate=-0.52%
cg16733643 SCMHI DNA binding transcription factf)r activity, associated with Body Estimate=0.42%

body height
Glutamate transporter proteins involved in the central . _ o
cg13971030 SLC1A2 nervous system. Associated with neurological disorders, Body Estimate=-0.49%
schizophrenia and bipolar disorder. Interacts with oestradiol.
Mediates calcium and sodium levels in the cytoplasm. _ 7
©g03723715 SLC8A2 Associated with glioma and glioblastoma. Body P=1.35x10

Regulate transcription by altering the chromatin structure

cgl17567562 SMARCCI1 around those genes. Associated with various cancers Body Estimate=-0.48%
(prostate, colorectal, oral squamous cell carcinoma)
cg10298859 SPACAT* NA Intergenic P=2.26x10"
Prion-like protein that may modulate prion proteins.
cgl15472797 SPRN Associated with prion disease including Creutzfeldt-Jakob, Intergenic Estimate=-0.40%
paranoid personality disorder
Regulates actin filament dynamics. Associated with _ 7
©g21224380 SSHI polycystic kidney disease 3, porokeratosis, gastric cancer Body P=1.81x10
Serine/Threonine Kinase 40, may be a negative regulator of _ 7
cg25031061 STK40 NF-kappa-B and p53-mediated gene transcription Body P=4.24x10
Negatively regulates Ras, Rap and other receptors that
regulate synaptic plasticity and neuronal homeostasis. _ 3
cg26388941 SYNGAPI Associated with intellectual disability and autism spectrum Body P=5.77x10
disorder etc.
Enhances the phosphorylation and activation of AKT1 and
cg05402891 TCLIB AKT2. Associated with T-cell leukaemia and lymphoma. TSS200 Estimate=-0.47%
Interacts with oestradiol.
€g25936380 TMEMI185B Transmembrane protein TSS1500 P=2.22x10"

RNA-mediated gene silencing by microRNAs and short

204078118 TNRC6B _ interfering RNAs. Associated with TSS1500 P=3.11x107
uterine/prostatic/reproductive organ benign neoplasm,
prostate cancer.
cg12608727 UBE2U Ubiquitin protein ligase activity Intergenic P=1.69x107
cg08551047 UNC45A Cell proliferation, binds progesterone receptor and regulates SUTR Estimate=-058%
progesterone receptor chaperoning pathway
Kell blood group complex subunit-related family. Associated
¢g20858107 XKR6 with autoimmune diseases (such as systemic lupus Body Estimate=-0.45%

erythematosus).

* CpG site located far away from closest gene (>10K bp), treated as not gene-associated
** Gene function information from UCSC genome browser (https://genome-euro.ucsc.edu) and GeneCards
Human Gene Database website (https://www.genecards.org)
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duration. The overlaps between the five EWAS are presented in Figure 2.7. Between ELEE and age at
menopause 31 probes were overlapping, three probes were shared between ELEE and breastfeeding
duration, and one between the number of pregnancies and breastfeeding duration. Out of the 31 CpG
sites overlapping the EWAS of ELEE and age at menopause, nine CpG sites were left after filtering on
magnitude of change in DNA methylation and standard deviation. Out of these the CpG sites
cg25031061 (in gene body of STK40) and cgl19904058 (in gene body of SCARTI) can be found in

Table 2.4 with the top hits from the EWAS of ELEE.

2.3.5 Genome-wide DNA methylation and ELEE

Genome-wide DNA methylation levels varied from 51.89% to 54.21% across all subjects in EPIC-Italy
with complete information of ELEE (n=216). When stratifying all women in two groups split on the
median (Figure 2.8A), women with longer ELEE had significantly lower genome-wide DNA
methylation compared to women with shorter ELEE (52.96% and 53.05% respectively, P=0.009). The
analysis was repeated in controls only to exclude any confounding reverse causation of DNA
methylation and cancer diagnosis (Figure 2.8B). No significant difference was observed between the

groups in controls only (n=119, 53.07% and 53.10% respectively, P=0.940).
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Figure 2.7. EWAS of hormonal risk factors

Venn diagrams of significant (FDR Q < 0.05) CpG probes from the EWAS of the hormonal risk factors
included in the ELEE model (age at menarche, age at menopause, number of pregnancies and breastfeeding
duration) compared with the 694 significant CpG probes identified with the full ELEE model.

A. All women (n=216) B. Controls only (n=119)
~ ~
- — Shorter ELEE - — Shorter ELEE
o — Longer ELEE A — Longer ELEE
=3 < _|
> R _] > 2 _|
Eo o
8 g
al A S
< _| ~ ]
S o
N_| N _|
o o
< S
< I l I l I © I I I I I
52.0 52.5 53.0 535 54.0 52.0 52.5 53.0 53.5 54.0
Genome—wide DNA methylation Genome—wide DNA methylation

Figure 2.8. Genome-wide DNA methylation and ELEE

Genome-wide DNA methylation was calculated as the average beta-values across the HM450K array in all
women (A) and in controls only (B) in two groups split by median ELEE value. For all women there was a
significant decrease in genome-wide DNA methylation levels in the group with longer ELEE compared to
women in the group with shorter ELEE (52.96% and 53.05% respectively, P=0.009). In controls only there
was no significant difference in genome-wide levels between the groups (53.07% and 53.10% respectively,
P=0.940).
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2.4. DISCUSSION

In this chapter the association between lifetime endogenous oestrogen exposure and DNA methylation
measured in blood has been explored. An ELEE model was defined that showed a 5% increase in
breast cancer risk per one year increase in ELEE, and an EWAS of ELEE was conducted using
HM450K data in EPIC-Italy. DNA methylation levels at a total of 694 CpG sites were significantly
associated with ELEE and enriched in CpG islands and active promoters regions where often an
increase in DNA methylation was observed. The results suggest that DNA methylation is altered by the

lifetime exposure to oestrogens.

2.4.1 Hormonal risk factors and breast cancer

The associations between known hormonal risk factors and breast cancer were explored in more than
30,000 women in the EPIC-Italy study cohort (Table 2.1). Most of the results are consistent with
previous findings (Table 1.1), but there are a few deviations. No significant associations between
nulliparous women and parous women, or women who have been breastfeeding compared to parous
women who have not were observed in EPIC-Italy. Previously it has been estimated as a RR of 1.30 for
nulliparous women compared to parous women, and RR from 0.61 to 0.97 for women who have
breastfed compared to never breastfed [100, 117]. This apparent difference might be a power issue in
our dataset due to the low number of nulliparous women (10%) or few women who had never breastfed
(18%). A decrease in breast cancer risk was seen for both number of pregnancies and duration of

breastfeeding.

Increased BMI was not associated with an increase in breast cancer risk in premenopausal
women. It is clear that being overweight, obese, or gaining weight, is one of the biggest risk factors for
postmenopausal women since this will increase the aromatase expression and thereby the oestrogen
synthesis in the adipose tissue, which is the main source of oestrogen after menopause [42, 50]. There
is evidence of an inverse relationship between BMI and breast cancer risk in premenopausal women
[43, 44, 46, 55, 56]. The mechanisms are not fully understood, however, one explanation might be an
increased number of anovulatory menstrual cycles in obese women as a result from a negative
feedback switch from increasing oestrogen levels in adipose tissues, leading to a lower total exposure

to high levels of oestrogens and progesterones [48, 56, 330]. In contrast, BMI is associated with
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increased free bioavailable oestradiol levels in premenopausal women [55]. Further studies are needed

to explore a possible mechanism for this.

It was observed that postmenopausal smokers had decreased risk for breast cancer in EPIC-
Italy. This has been observed previously but reported results are inconsistent [73, 76, 331]. A
protective anti-oestrogenic effect from changes in the hepatic oestrogen metabolism has been seen for
smoking postmenopausal women, which might explain the decrease in risk [73, 81, 331]. Furthermore,
the association between smoking and breast cancer risk can be confounded by other exposures, for
example BMI and alcohol consumption [61, 331]. Indeed, when the analysis was adjusted for BMI in
postmenopausal women the association became weaker, but there was still a trend towards decrease in

risk for postmenopausal smokers in EPIC-Italy (HR=0.83, 95% CI: 0.68 - 1.01, P=0.057).

No significant association between the use of OC or HRT was seen in EPIC-Italy. Some
inconsistent associations could be seen for HRT duration: when dividing into groups of < 1 year, 1-3
years, or 4 years or more, with < 1 year as the reference group, the women who had used HRT for 1-3
years had significantly higher risk for breast cancer risk compared with the reference group (HR=1.25,
95% CI: 1.02 - 1.53, P=0.033, Appendix 1), however this was not significant for > 4 years (HR=0.90,
95% CI: 0.64 - 1.28, P=0.564, Appendix 1). This could be due to a small number of cases in the > 4
years group (only 33 cases). Furthermore, using the Student’s t-test at baseline, there are significantly
less OC users and more HRT users for cases compared to controls, which could be due to the slightly
older cases compared to controls. When age was adjusted for in the Cox regression model, this is no
longer significant. It is not clear weather OC and HRT use increase the risk for breast cancer in a long-
term perspective. An increase in risk is often observed for women while they are taking HRT, but the
risk levels are reduced back to normal levels after stopping [95, 121, 122, 126]. A similar trend might
be the case for OC use. Also, different combinations of oestrogens and progestins, doses, and

formulations affect the risk differently and this is not taken into account in this analysis [121, 136].

2.4.2 The ELEE model

Lifetime oestrogen exposure was estimated using a model including a woman’s reproductive time,
number of pregnancies and breastfeeding duration. The hormonal risk factors in the model (age at
menarche, age at menopause, number of pregnancies, breastfeeding duration) have shown consistent

results on breast cancer risk in previous epidemiological studies. It was hypothesised that the total
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cumulative exposure over time will cause DNA methylation changes in blood and which later on might

reflect a woman’s risk for breast cancer.

There are some limitations to this ELEE model; the model is missing some variables that will
affect oestrogen exposure, but whose contribution to ELEE is difficult to model. For example, as
already mentioned, BMI is associated with postmenopausal breast cancer risk, and will have a larger
impact on oestrogen levels in postmenopausal compared to premenopausal women. Variables such as
menstrual cycle length and regularity will affect the oestrogen exposure by defining the time a woman
is exposed to high levels of oestrogens, but this information is often missing in questionnaire data
(including in the data in EPIC-Italy) and was therefore not included in the model. Women using OC are
exposed to a constant dose of hormones that might affect oestrogen exposure differently in comparison
to the increase and decrease of hormone levels in the menstrual cycle. Also, the oestrogen levels are
increased during pregnancy but the long-term effect from have being pregnant is a decrease in
oestrogen levels [90, 96, 98]. Since a woman spends a longer time in the “decreased state” (several
years) compared to being pregnant (9 months), the long-term effect was only included this in the
model. The ELEE model was not compared to circulating oestrogen levels, due to small sample size of
subjects in EPIC-Italy with measured oestrogen levels (n=55 premenopausal women and 79
postmenopausal women) and difficulties in achieving reliable hormone-measurements (no information

on menstrual cycle phase in premenopausal women, low levels in postmenopausal women).

Another limitation is the difference in units between variables (for example kg/m* for BMI)
and how to combine these together. Smith ef al. 1999 [300] solved this by using z-scores for each
variable (difference between observed value and mean value, divided by standard deviation) before
combining all variables together, and Green et al. 2013 [305] tried a more complex mathematical
modelling approach. In this project, it was decided to only use time-dependent variables in the model
for easy interpretation of the model (years of exposure), and adjusted for other factors affecting

oestrogen exposure in the EWAS (age, BMI, alcohol consumption, and smoking).

24.3 EWAS of ELEE
The EWAS identified a total of 694 CpG sites that were significantly associated with ELEE.

Furthermore, factors that could affect the test statistics were analysed, sensitivity analyses were
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performed, genomic region enrichment of the significant CpG sites was explored, and the annotation

and gene information of some of the top hits were presented.

Beta regression was used to explore the associations between DNA methylation and ELEE.
This is a more statistically valid approach compared to linear regression and has been applied in some
of the recent EWAS [312-317]. Furthermore the R package ‘bacon’ was used to analyse inflation and
bias. Moderate inflation and bias was observed with lambda of 1.13 and a bias of -0.12. The inflation is
often decreased when adjusting for confounders in the analysis and it was expected that the inflation
should be higher in an unadjusted model. Higher bias was observed in the unadjusted model and when
not adjusting for WBC composition, however, a lower inflation. To note, QQ-plots, inflation factors
and bias have not been reported in previous studies using beta regression, so these values cannot be
compared with previous studies. The methods might not be suitable to use for beta regression test
statistics. However, unmeasured or unknown confounders cannot be excluded in the EWAS. There is a
risk for false positives, and in this thesis (i.e. Chapter 3) the focus has been on the CpG sites with

largest estimates and most statistical significance to avoid this.

Cases from EPIC-Italy in the EWAS were stratified on age at diagnosis > 50 to enrich for ER-
positive disease. The effects of excluding younger cases from the study was analysed and the results
correlated strongly indicating that this did not create any bias. In addition to this, it was analysed if the
inclusion of prospective cases affected the results by repeating the same analysis in controls only. Even
though this led to a reduction in the statistical power, with only 119 subjects in the analysis, the results
correlated very well with the main EWAS. This suggests that this did not affect the analysis
extensively. To note, all subjects were healthy at recruitment and blood draw, and the breast cancer

cases have been diagnosed years after recruitment.

2.4.4 Transcriptional mechanisms hypothesis

The mechanisms linking oestrogen exposure and breast cancer risk are not fully understood. Oestrogen
binds to the ERs that bind to enhancer elements and increase the gene expression of ER-target genes. If
this was the underlying mechanism by which oestrogen exposure affects DNA methylation, it should
be expected that the DNA methylation changes would occur at ER-binding sites or ER-target genes,
and a subsequent change in expression levels. To our knowledge, there is no data of ER-binding sites

measured in blood. However, ChIP-seq data was downloaded for ERs from MCF7s (ER binding events
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from Jason Carroll’s’ lab [332]) and overlapped with the 694 CpG sites associated with ELEE, but no
enrichment was found among the significant CpG sites (P=0.969). This might be due to tissue

specificity or could indicate another mechanism leading to DNA methylation changes in blood.

However, as hypothesised, if blood can be used as a surrogate tissue for breast, some up-
regulation of genes that increase cell proliferation would be expected. The genes in the top table did not
show any direct explanation to why they would be affected by oestrogen exposure or leading to breast
cancer; only five genes were reported as interacting with oestradiol and three have previously been
associated with breast cancer, and might be the ones increasing the breast cancer risk. The 694 CpG
sites significantly associated with ELEE were enriched for CpG islands and active promoters, where
DNA methylation levels were mostly increasing. This indicates that oestrogen exposure has an effect
on gene expression through inactivation of promoters. ER-target genes was expected to be expressed
more following oestrogen exposure, which would result in decreased DNA methylation at promoter
regions, but this was not observed in this study. The mechanisms of oestrogen-induced DNA

methylation are explored further in Chapter S.

2.4.5 EWAS of hormonal risk factors

Few overlaps between significant CpG sites were observed between the EWAS of ELEE and different
hormonal risk factors. As most, a total of 31 CpG sites were shared between the EWAS of ELEE and
age at menopause, and only two of the 31 CpG sites are in the top results from the EWAS (Table 2.4).
Age at menopause has the biggest contribution to the ELEE model with a range between 39-57 (18
years) in the EPIC-Italy data. In comparison, the range for age at menarche is 9-17 (8 years),
breastfeeding duration 0-4 years, and number of pregnancies is 0-5. So it is not surprising that age at
menopause and ELEE are sharing most CpG sites, however, more overlaps were expected. Either the
ELEE model captures oestrogen exposure better than the risk factors alone, or it is modelling additional
untested factors that also contribute to breast cancer risk. Also, the low statistical power might not be

enough to identify small significant changes in DNA methylation from each individual risk factor.

2.4.6 Genome-wide DNA methylation and ELEE
Lastly, the association between genome-wide DNA methylation and ELEE was explored. Previous

studies on breast cancer risk have shown hypomethylation in incident cases compared to controls,
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however results are inconsistent [197, 204, 206]. Genome-wide hypomethylation is also common in
other cancers. In EPIC-Italy some evidence of decreased DNA methylation levels was observed in
women with longer ELEE compared to women with shorter ELEE values between two groups split on
the median (52.96% and 53.05%). The previous findings showed a mixture of hypo- and
hypermethylated CpG sites with increasing ELEE, so it was not expected to observe any significant
difference in genome-wide levels. The analysis was repeated in controls only, to exclude any reverse
causation, and no significant difference in genome-wide DNA methylation levels were observed
between women with high ELEE or low ELEE. However, when excluding the cases the women with
highest ELEE are also excluded, which might affect the results. Furthermore, genome-wide
hypomethylation has been observed for cases in this dataset previously [197] and ELEE is associated

with breast cancer risk.

2.4.7 Conclusions

The results from this study suggest that ELEE alters DNA methylation in blood; however, replication
and validation steps are needed in larger study cohorts. If a methylation signature for oestrogen
exposure in blood can be identified this might be used as an easy screening method to identify women
at high risk for breast cancer. It can also be used to further explore exposures that can affect the
lifetime oestrogen exposure, such as environmental exposures that can mimic oestrogen, and to

understand the mechanisms between oestrogen exposure and DNA methylation.
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CHAPTER 3:
Methylation Index of ELEE and

Breast Cancer Risk
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3 CHAPTER 3: Methylation Index of ELEE and Breast Cancer

Risk

3.1. INTRODUCTION

In the previous chapter an EWAS of ELEE was performed and 694 CpG probes were identified as
significantly associated with ELEE in EPIC-Italy. In this chapter, this is explored further by developing
a Methylation Index (MI) of ELEE and testing its association with breast cancer risk. Furthermore, the
association is validated in a large independent study cohort, the Generations Study, using targeted

bisulphite sequencing.

3.1.1 Replication and validation in methylation studies

Replication and validation are the processes of repeated analysis in independent samples (and
preferable study cohort) using the same or a different methylation sequencing technique. In the
previous chapter the statistical challenges in EWAS were discussed as well as how the results might be
affected by bias and inflation from small sample sizes and unadjusted confounding factors. The cost of
a large genome-wide methylation study is still relatively high and the sample sizes for EWAS are often
small (< 1000 subjects), resulting in low statistical power [333]. Furthermore, in comparison to the
categorical genotyping in GWAS, DNA methylation levels are quantitative and will have more
technical variance depending on the bisulphite-conversion protocols, sequencing technique, and
statistical processing [334]. Therefore, replication and validation are needed to establish robust
associations between methylation markers, exposure and disease. This will identify false positive hits,
find the true biological variability, and determine the generalisation of the methylation signatures,
which all are important considerations for development of clinical biomarkers [208, 333, 335].
Replication steps have been included in a majority of the published EWAS and are important for the
quality and interpretability of the study [197, 214, 215, 219, 220, 229, 232, 289, 299, 336, 337].
Bisulphite pyrosequencing has often been used for validation in a number of EWAS [195, 203, 205,
232, 273, 334] and is a relatively easy, quick, high-throughput method for detection of methylation

levels at the genome-wide level or for a small number of loci for a reasonable cost [183].
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As already covered in Chapter 2, EWAS for breast cancer risk have so far not replicated any
strong methylation signatures, and combined meta-analyses or replication studies have often resulted in
smaller effect sizes and lower significance in comparison to the discovery dataset [197, 201, 205, 289].
Therefore, one should be cautious in drawing too strong conclusions from one single EWAS conducted
for one study cohort with small sample sizes, before the findings have been replicated and validated.
To increase the sample sizes in EWAS the need of larger consortia collaborations has been highlighted
and has resulted in recent large published methylation studies in for example BMI [213], alcohol

consumption [299], and tea and coffee consumption [338].

3.1.2 Model development in DNA methylation array data

A few EWAS have identified DNA methylation signatures of an exposure or trait of interest by
combining CpG sites into a predictive model, as example for the prediction of smoking status [223,
337], alcohol consumption, [299], and aging [214, 215]. The idea is similar to PRS computed from
GWAS, where small effects from individual risk-SNPs are combined into a predictive model with a

larger combined effect [41, 339].

Statistical modelling of microarray DNA methylation data can be challenging due to the
nature of the data, including collinearity (high correlation between groups of CpG sites) and that the
number of predictors (CpG sites) are often much larger than the number of observations (sample sizes).
Ridge regression is a technique that fits a model by minimising the residual sum of squares of the
coefficients using a penalty factor lambda that shrinks the coefficients. The lambda is often tuned using
repeated cross-validation in the development data. A lambda equal to zero corresponds to the ordinary
least squares estimation, which is not as good at handling highly correlated data and tends to over fit
the model [340]. A larger lambda leads to a greater amount of shrinkage, which can decrease the
prediction accuracy of the model [341]. Ridge regression is ideal when there are a larger number of

predictors and non-zero coefficients is desired, i.e. to keep all predictors in the model [342].

Lasso (least absolute shrinkage and selection operator), is the combination of ridge regression,
coefficient shrinkage and subset selection [340]. This method shrinks some coefficients to O that are
not included in the model. This might be desirable when the number of predictors is large and one
wants to identify a subset of the predictors that contributes the most to the model. However, lasso does

not handle collinearity very well and is therefore often replaced with the elastic net regression [343].
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The elastic net is a compromise between ridge regression and lasso, and encourages a grouping effect
where strongly correlated predictors tend to be in or out of the model together. Elastic net has been

shown to often outperform lasso in terms of accuracy prediction.

3.1.3  Aims of this chapter

It was hypothesised that lifetime oestrogen exposure leads to DNA methylation changes detectable in
blood that are associated with breast cancer risk. From the EWAS of ELEE, CpG sites associated with
ELEE were combined into a MI model using HM450K data and tested for association with ELEE and
breast cancer risk in case-control pairs in EPIC-Italy. Furthermore, the MI was validated using targeted

bisulphite sequencing in a large independent study cohort (the Generations Study, n=880).
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3.2. STUDY COHORTS

3.2.1 EPIC-Italy
The same HM450K array data from Chapter 2 has been used in this chapter. For the development of
the MI all women with complete information of ELEE were included (n=237, Table 3.1) and in the

evaluation of the MI and breast cancer risk, all matched cases and controls were included (n=324,

Table 3.2).

3.2.2 The Generations Study

The Generations Study cohort is an on-going prospective study from Breast Cancer Now and the
Institute of Cancer Research (ICR) and has collected epidemiological data and blood samples from
approximately 113,000 women in the UK from the start of recruitment in 2004 with the primary aim to
study breast cancer aetiology [344]. In this study three different datasets generated from the

Generations Study cohort have been used.

3.2.2.1  Pooled samples

For the test phase in this study, pooled samples for breast and ovarian cancer incident cases and
matched controls were included [197]. A total of 548 breast cancer case-control pairs were divided in
four pools stratified on breast cancer subtype: 123 cases diagnosed with DCIS, 66 cases with invasive
ER-negative disease, 179 cases with invasive ER-positive disease with age at diagnosis < 50 years, and
189 cases with invasive ER-positive disease with age at diagnosis > 50 years. Controls were
individually matched to cases on age, ethnicity, and date of recruitment. The average age at recruitment
was 52 for all cases and controls with an average time to diagnosis of 2.7 years. The pooled ovarian
cancer samples (unpublished data) included 78 women diagnosed with ovarian cancer with age at

recruitment of 57 and mean time to diagnosis of 3.1 years.

3.2.2.2 HMA450K array data

The Generations Study HM450K dataset included samples from 92 healthy women recruited in 2004
and with an additional blood sample taken in 2010 (5.5 to 6.5 years after first blood collection) with no
registered cancer at follow up [207]. For the development of the MI, samples from the first time point

were used including women with complete information of ELEE (n=65, Table 3.1).
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3.2.2.3  Samples for targeted bisulphite sequencing

For the targeted bisulphite sequencing 880 independent samples (440 matched case-control pairs) were
selected from the Generations Study (Table 3.3). Inclusion criteria for incident breast cancer cases,
with blood samples taken prior to diagnosis, were the following: invasive ER-positive breast cancer
with no previous history of (non-breast) cancer, white ethnicity and completeness of epidemiological

data. Controls were individually matched to cases on age at blood draw =+ 5 years.
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Table 3.1. Table of characteristics for EPIC-Italy and the Generations Study HM450K data

Subjects with complete information of ELEE included in the development of the MI.

EPIC-Italy Generations Study
(n=237) (n=65)
Incident cases n (%) 118 (49.8%) 0
Age mean (st.dev.), yrs 53.1(7.2) 518 (84)
Time to diagnosis mean (st.dev.), yrs 5.0(4.2) NA
Menopausal status n (%) Premenopausal 79 (33.3%) 32 (49.2%)
Postmenopausal 132 (55.7%) 33 (50.8%)
Age at menarche mean (st.dev.), yrs 12.7 (1.5) 12.8 (1.6)
Age at menopause mean (st.dev.), yrs 49.7 (3.6) 488 (5.7)
Parity n (%) Parous 198 (83.5%) 54 (83.1%)
Nulliparous 39 (16.5%) 11 (16.9%)
Number of pregnancies mean (st.dev.) 1.7 (1.1) 19(1.1)
Ever breastfed* n (%) 198 (100%) 47 (87.03%)
Breastfeeding duration* mean (st.dev.), yrs 0.7 (0.6) NA
OC ever n (%) 87 (36.7%) 50 (76.9%)
OC duration mean (st.dev.), yrs 5.0 (5.8) NA
HRT ever n (%) 36 (15.2%) 15 (23.1%)
HRT duration mean (st.dev.), yrs 2.0(2.9) NA
BMI mean (st.dev.), kg/m? 25.7 (4.3) 254 (3.9)
Alcohol consumption mean (st.dev.), average g/day 6.6 (8.7) 15.6 (12.9)
Smoking status n (%) Smoker 46 (19.4%) 2 (3.1%)
Former 48 (20.3%) 19 (29.2%)
Never 143 (60.3%) 44 (67.7%)
Smoking duration mean (st.dev.), yrs 9.2 (13.1) NA
Family BRCA history n (%) NA 13 (20.0%)
Benign disease history n (%) NA 14 (21.5%)

* Breastfeeding variables in parous women only
st.dev = standard deviation; yrs = years
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Table 3.2. Table of characteristics for case-control pairs in EPIC-Italy HM450K data
Matched case-control pairs in EPIC-Italy HM450K data used to test the association between the MI
and breast cancer risk.

EPIC-Italy
(n£3"24) (;::21152;) ((:,?2{231)3 Pvaluerx
Age mean (st.dev.), yrs 52.9(7.1) 52.9(7.2) 53(7.1) 0.543
Time to diagnosis mean (st.dev.), yrs NA 5.3(4.4) NA
Menopausal status n (%) Premenopausal 101 (31.2%) 52 (32.1%) 49 (30.2%) 0.838
Postmenopausal 172 (53.1%) 85 (52.5%) 87 (53.7%)
Age at menarche mean (st.dev.), yrs 12.7 (1.5) 12.7 (1.4) 12.7 (1.7) 0.971
Age at menopause mean (st.dev.), yrs 49.6 (3.8) 50.2 (3.7) 49.1 (3.8) 0.058
Parity n (%) Parous | 280 (86.4%) 137 (84.6%) 143 (88.3%) 0.589
Nulliparous 42 (13.0%) 23 (14.2%) 19 (11.7%)
Number of pregnancies mean (st.dev.) 1.7 (1.0) 1.6 (1.1) 1.7 (1.0) 0.181
Ever breastfed* n (%) 215 (76.8%) 103 (75.2%) 112 (78.3%) 1.000
Breastfeeding duration* mean (st.dev.), yrs 0.7 (0.6) 0.7 (0.6) 0.8 (0.7) 0.213
OC ever n (%) 126 (38.9%) 59 (36.4%) 67 (41.4%) 0.478
OC duration mean (st.dev.), yrs 4.9 (5.5) 4.1(5.1) 5.6(5.8) 0.283
HRT ever n (%) 51 (15.7%) 23 (14.2%) 28 (17.3%) 0.558
HRT duration mean (st.dev.), yrs 2.7(3.1) 2.8(2.7) 2.6(3.4) 0.311
BMI mean (st.dev.), kg/m? 25.6 (4.2) 25.8 (4.1) 25.3(4.3) 0.314
Alcohol consumption mean (st.dev.), average g/day 6.5 (8.6) 5.5(7.0) 7.4(9.9) 0.071
Smoking status n (%) Smoker 67 (20.7%) 31 (19.1%) 36 (22.2%) 0.021
Former 64 (19.8%) 23 (14.2%) 41 (25.3%)
Never| 191 (59.0%) 10 6(65.4%) 85 (52.5%)
Smoking duration mean (st.dev.), yrs 9.3 (13.1) 8.1 (12.6) 10.6 (13.4%) 0.075

st.dev = standard deviation; yrs = years

* Breastfeeding variables in parous women only

**P-values indicate differences between cases and controls. Student's paired t-test was used for continuous
variables and chi-squared test for categorical variables.
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3.3. METHODS

3.3.1 Targeted bisulphite sequencing using the Fluidigm 48.48 Access Array

3.3.1.1 Selection of target CpG sites

The target CpG sites were selected from the 694 CpG sites identified as significantly associated with
ELEE in the EWAS of ELEE based on magnitude of change in DNA methylation and significance
(Appendix 2). The selection was done in an iterative process; some CpG sites were not included in the
target panel due to difficulties with primer design or exclusion after quality control, as described

below.

3.3.1.2  WBC estimation in the targeted sequencing data

To estimate WBC composition for the sequenced samples, five CpG sites highly correlated with WBC
counts for B-cells, CD4+ T-cells, CD8+ T-cells, Monocytes and Natural Killer cells were included in
the target panel. The CpG sites were identified from the probes included in the Houseman method and
P-values were estimated using generalised linear regression models for WBC counts and methylation
levels. The CpG probes showing most significant association with the estimated WBC composition in
HM450K data from EPIC-Italy, and that replicated in the Generations Study HM450K data, were

included in the target panel.

3.3.1.3  Test phase

Since targeted bisulphite sequencing using the Fluidigm 48.48 Access Array had not been used
previously in our laboratory and only a few publications using this technique for methylation studies
had been published at the start of this study [345-347], the entire workflow was tested before
sequencing in the 880 Generations Study samples. This included primer design, bisulphite conversion,
target amplification using the Fluidigm 48.48 Access Array, library preparation and sequencing, and
data processing. Four pools of breast cancer cases (diagnosed with DCIS, ER-negative disease, ER-
positive disease with age at diagnosis < 50, and ER-positive disease with age at diagnosis > 50) with
matched controls [197] and one pool of ovarian cancer cases with matched controls from the
Generations Study cohort, as well as the breast cell lines MCF7, MCF10A and MCF12A were used as
samples in the test phase. Controls included 0% methylation DNA (generated from whole-genome

amplified DNA [348]), 100% methylated DNA (CpGenome Universal Methylated DNA from
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Millipore), and one non-template control. For all samples, 250ng of DNA was bisulphite converted,
except for one sample where 60, 125, 250 and 500ng of DNA were included. Quality control of
generated sequencing data included batch effects, specificity for alignment of reads in target regions,

and sequencing coverage for target CpG sites.

3.3.1.4  Target amplification using the Fluidigm 48.48 Access Array

Before target amplification the DNA was bisulphite converted using the Zymo Research EZ-96 DNA
Methylation kit (Cambridge Biosciences) and bisulphite conversion was verified using quantitative
PCR with primers specifically designed to only amplify bisulphite converted DNA. Target regions
were amplified using the Fluidigm 48.48 Access Array [349], which allows amplification of up to 48
target regions in 48 samples in one single run using integrated fluidic circuits and pooling of up to 384
samples before sequencing by the addition of specific barcode sequences. The Access Array (Juno LP
48.48), reagents for the Access Array and barcode library were ordered from Fluidigm and PCR
reagents were ordered from Roche (FastStart High Fidelity PCR System). Amplification of products
was confirmed by observing the size-distribution of the resulting 48 sample-pools (15 samples
randomly selected per batch) on the BioAnalyzer Agilent 2200 TapeStation using the Agilent High
Sensitivity D5000 ScreenTape and reagents (Agilent Technologies). All 48 samples in one batch with
48 PCR products were pooled together and cleaned up using homemade magnetic beads (similar to
Agencourt AMPure beads, Beckman Coulter) in a 1:1 ratio to remove unwanted products smaller than

100bp. Clean up was confirmed on the BioAnalyzer.

3.3.1.5  Primer design

Primers were designed using the recommended settings from Fluidigm (product size between 150 to
200 base pairs (bp), annealing temperature 59°C to 61°C) with MethPrimer (v 1.0,
http://www.urogene.org/methprimer) and Primer3 (v 4.0, http:/primer3.ut.ee) and ordered from
Sigma-Aldrich. If possible, overlap with common SNPs (frequency > 1%) or CpG sites were avoided
for the primer sequences. The ‘four-primer amplicon tagging’ protocol was used for target
amplification on the Fluidigm 48.48 Access Array platform [350]. Therefore, a common sequence tag
was added at the 5 end of each primer where specific sample barcodes and Illumina sequences can

bind, as provided by Fluidigm. For sequencing on the Illumina sequencing systems, sequencing
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primers were ordered from Exiqon. Prior to the targeted sequencing, primer specificity was validated

by PCR and gel electrophoresis in the test phase.

3.3.1.6  Targeted bisulphite sequencing in the Generations Study

Targeted bisulphite sequencing was conducted for the selected target CpG sites (passing quality control
in the test phase) in the Generations Study (n=880, Table 3.3) using the Fluidigm 48.48 Access Array.
A total of 250ng of DNA was bisulphite-converted before target amplification using the Fluidigm
48.48 Access Array. The 880 samples were divided in 20 batches in four sequencing pools (6, 5, 5 and
4 batches). Each Fluidigm-batch consisted of 44 samples (22 matched case-control pairs), two
duplicated pairs, one commercial DNA sample (Promega Human Genomic DNA) to analyse batch
effects, and one non-template control. The purified, pooled libraries were sequenced on the Illumina
MiSeq system (paired-end 150bp). The case-control status for the samples was blinded before data

analysing.

3.3.1.7  Alignment and extraction of DNA methylation levels

FastQ-files for each sample were provided from the sequencing facility. The reads were trimmed for
quality, with a Phred quality score of 20 as threshold, and adapter sequences using Trim galore and
Trimmomatic. Trim galore uses ‘cutadapt’ to trim adapter sequences and remove reads of poor quality
and reads of length less than 20bp [351]. Trimmomatic uses a sliding window and cut off sequences
with a low quality in that window [352]. Reads were paired and aligned using Bismark and Bowtie2
with the four bisulphite-converted DNA strands as template [353]. DNA methylation levels at each
CpG sites were extracted using the bismark methylation extractor tool and bedGraph-files were created
using the bismark2bedGraph tool. BedGraph-files with methylation levels and coverage were further

analysed in R Studio version 3.3.2.

3.3.2 MIof ELEE

Prior to the development of the MI, quality control of the target CpG sites was conducted in sequenced
samples from the Generations Study. For each batch and target CpG site the number of pairs with
coverage < 30 reads in at least one of the samples was calculated, and if an average of 30% of the pairs
had low coverage across the whole cohort the target CpG site was excluded prior to the MI analysis.

The duplicated samples were used to estimate variation in DNA methylation at each target CpG site, by
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calculating the mean difference in DNA methylation levels in each batch. Target CpG sites with a
mean difference of 20% or more between duplicated samples were also excluded. The CpG sites

passing these steps were included in the MI model.

3.3.2.1  Generation and pre-processing of the HM450K array data

The HM450K data generation and pre-processing for the Generations Study have been described
previously [207]. Briefly, DNA samples were bisulphite converted using the EZ-96 DNA Methylation
Gold kit (Zymo Research) and methylation data was generated using the Illumina HumanMethylation
450K BeadChip. The CpG probes with detection P-value > 0.05 in 20% of samples were excluded, and
samples with detection P-value > 0.05 in 1% of probes. The beta-values were pre-processed using
peak-based correction [324] and ‘ComBat’ to minimize batch effects [326]. The processing of the

HM450K data for EPIC-Italy was described in Chapter 2.

3.3.2.2  Model development

For model development of the MI, the available HM450K data from the Generations Study and EPIC-
Italy were merged together. Samples with missing data for ELEE were excluded (n=28 and n=87),
leaving 65 and 237 samples for the analysis (Table 3.1). Duration of breastfeeding was missing for the
Generations Study HM450K data subjects and not included in the ELEE-model for these subjects. A
MI of ELEE was developed on the CpG sites passing quality control in the targeted sequencing data.
For model development ridge regression (without subset selection, to include all CpG sites) was
conducted in a 10-fold cross-validation repeated a 100 times (R function ‘glmnet’ in ‘train’ in the R
package ‘caret’) to estimate parameters (penalty coefficient lambda for ridge regression and regression
coefficients for the model). The final MI model for the predicted ELEE was calculated as a linear

function, i.e. intercept plus the sum of the weighted DNA methylation levels at the CpG sites.

3.3.2.3  Model evaluation

The correlation between the MI and ELEE was evaluated in the Generations Study targeted sequencing
data using Pearson’s correlation coefficient. The association between the MI and risk for breast cancer
was evaluated using conditional logistic regression (R function ‘clogit’ in the package ‘survival’) in
matched case-control pairs in EPIC-Italy HM450K data (Table 3.2) and the Generations Study targeted
sequencing validation data (Table 3.3). The ORs were adjusted for age, BMI, alcohol consumption,

smoking duration (all variables were reported at the time of recruitment) and estimated WBC
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composition in a multivariable model. The association between the MI and breast cancer risk was
explored both as continuous variable and by control-quartiles. The discrimination between cases and
controls was assessed using the area under the receiver operating characteristic curve (AUC) by
bootstrapping 1000 times in the R function ‘pROC’. An AUC of 0.5 indicates that the discriminatory

accuracy of the model is no better then by chance, and 1.0 for perfect discrimination.

3.3.3 Individual CpG sites and breast cancer risk

For all CpG sites included in the target regions (n=274 CpGs) the individual association with breast
cancer risk was explored using conditional logistic regression in the Generations Study targeted
sequencing data. Furthermore, all CpG sites overlapping HM450K probes were also analysed for breast
cancer risk in matched case-control pairs EPIC-Italy HM450K data. For the analysis of associations
between individual sequenced CpG sites and breast cancer risk the DNA methylation levels were
converted to z-scores (methylation value minus the mean methylation value divided by standard
deviation) to determine ORs per one standard deviation (ORperSD) and allow direct comparison of
each site. The ORs were adjusted for age, BMI, alcohol consumption, smoking duration (all variables

were reported at the time of recruitment) and WBC composition.
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Figure 3.1. Workflow for targeted bisulphite sequencing and data analysis

Target CpG sites were selected in an iterative process after validation of primers and quality control in the
test phase. Targeted bisulphite sequencing was conducted for the final 42 target CpG sites in 880 samples in
the Generations Study, libraries of batch-pools were prepared and sequenced, and sequencing data was
processed before analysed in R. The MI was developed using HM450K data for 31 CpG sites passing quality
control in the targeted bisulphite sequencing. The association between the MI and breast cancer risk was
validated in the Generations Study targeted sequencing data (n=678 samples passing quality control).
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3.4. RESULTS

The workflow including validation of primers, the test phase, targeted bisulphite sequencing using the
Fluidigm 48.48 Access Array, library preparation, sequencing data processing and MI analysis, is

described in Figure 3.1.

3.4.1 Test phase

3.4.1.1 Primer validation and quality control of targeted sequencing data

The designed primers were validated by PCR on bisulphite converted Human Genomic DNA
(Promega) and gel electrophoresis on the PCR products. Primer pairs were excluded if no PCR product
was amplified or if more than one PCR product was visible. Targets were amplified in two batches
using the Fluidigm 48.48 Access Array for 46 primer-pairs in the first batch and 47 primer-pairs in the
second batch (after excluding some targets with not validated primers). This included five CpG sites
for WBC estimation that showed significant association with WBC estimation from the Houseman

method in HM450K data (Figure 3.2).

The specificity for alignment in target regions was high with 99.9% and 98.2% of the total
coverage observed inside target regions in the two batches. Furthermore, the non-template-control had
no mapped reads, the 0% methylated control samples had low methylation levels (median values of
0.42% and 0.55%) and the 100% methylated control samples were highly methylated (71.15% and

92.62%) in the two batches.

Samples that clearly failed the sequencing process (67% or more of the target CpG sites with
coverage < 500 reads) were excluded before additional analyses. This included two samples in the first
batch (88% and 94% CpG sites with coverage < 500 reads) and five samples in the second batch
(100%, 67%, 79%, 90% and 100% CpG sites with coverage < 500 reads). A threshold of 500 reads was
used for the coverage, estimated from that the coverage should decrease by approximately a factor of
18 (880/48) in the sequencing samples, and a threshold of 30 reads was to be used in the later analysis

including 880 samples.

The DNA methylation levels between batches correlated well. After removal of CpG sites
with low coverage (coverage < 500 in 20% of the samples) the correlation coefficient was > 0.99 for

the CpG sites inside target regions (Figure 3.3A). Different concentrations of DNA were tested for one
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Figure 3.3. Test phase: quality control for targeted bisulphite sequencing using the Fluidigm 48.48
Access Array

A. Analysis of batch effects by correlating methylation levels between the two batches. B. For one of the
samples four different concentrations of DNA were tested. The bar plots shows the average logl0 coverage
for 60, 125, 250 and 500ng DNA (before bisulphite conversion). C. Percentage of samples with coverage <
500 reads for all target CpG sites, including WBC CpG sites, in batch 1. D. Percentage of samples with
coverage < 500 reads for all target CpG sites, including WBC CpG sites, in batch 2. Red bars indicates values
above the threshold (red dotted lines).
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Table 3.4. The 42 CpG sites included in the targeted bisulphite sequencing
Annotated information and result from the EWAS of ELEE in EPIC-Italy for the 42 target CpG sites
(probes presented in alphabetic order for the nearest gene). The estimates correspond to regression
coefficients from the mixed-effects linear regression model (percentage change in DNA methylation
per unit longer ELEE), and P-values from the beta regression model, which have been corrected for

multiple testing using FDR (Q-values).

HM450K Chr Position Nearest gene Distance to - EWAS of ELEE
probe gene Estimate SE P value Q value
cg01893629 chr12 34494825 ALGI10 313588 -0.14 0.03 8.15E-05 0.050
cg08254089* chr20 36933189 BPI 0 -0.28 0.08 7.04E-05 0.048
cg21590238 chrl2 121454837 Cl12orf43 536 -0.29 0.08 2.67E-06 0.014
cg21153102 chrl5 41252147 CHACI1 3429 -0.43 0.14 6.16E-05 0.046
cg03340215* chrl5 83315615 CPEBI 0 -0.31 0.08 4.78E-05 0.042
cg06968859 chr2 80724209 CTNNA2 0 -0.26 0.05 2.52E-09 0.001
cgl2105860* chrl2 31742801 DENNDS5B 0 0.14 0.03 1.58E-06 0.012
cgl6840364* chr4 84539569 GPAT3 12541 -0.14 0.06 4.77E-05 0.042
cg08835688 chr7 50849931 GRBI10 0 -0.14 0.03 4.50E-05 0.041
cg08349826 chrl6 10346403 GRIN2A 69791 -0.11 0.04 4.19E-05 0.040
cg23681866 chr6 29895175 HLA-J 0 -1.33 0.31 2.17E-05 0.031
cg22968966 chrl6 22959875 HS3ST2 32215 -0.40 0.12 7.95E-05 0.049
cgl5127563 chr2 231729487 IT™M2C 132 0.36 0.09 1.77E-05 0.030
¢g20020161 chr2 231732669 IT™M2C 0 -0.14 0.04 4.49E-05 0.041
cg22097768 chrl7 61615913 KCNH6 0 -0.20 0.05 4.88E-05 0.043
cgl17969123 chr19 18745971 KLHL26 1865 -0.15 0.04 3.18E-05 0.037
cg05422360 chrX 75648455 MAGEEI 0 -0.44 0.12 1.72E-07 0.005
cg01768446 chrl6 89982419 MCIR 1866 -0.13 0.03 4.57E-05 0.041
¢g25372296 chrl 98510328 MIR137HG 0 0.33 0.09 3.83E-06 0.017
cg04519403* chr5 79298951 MTX3 11862 -0.24 0.05 7.51E-06 0.022
cgl2091786 chr20 61877942 NKAIN4 0 -0.37 0.1 2.07E-05 0.031
cg25279613* chr7 24956523 OSBPL3 0 0.20 0.06 4.95E-06 0.020
cg24536703 chrll 77183438 PAK1 0 -0.32 0.09 2.71E-05 0.034
cg24036523 chrl4 73712256 PAPLN 0 -0.45 0.11 3.05E-05 0.037
cgl6720405 chr3 122790178 PDIAS 0 -0.17 0.05 5.17E-05 0.043
cgl3674411 chrl 204232677 PLEKHAG6 0 0.11 0.03 3.50E-05 0.038
cg20684174 chrll 7541255 PPFIBP2 0 -0.13 0.03 1.23E-05 0.027
cg01430588* chrl?7 56769767 RADSIC 194 -0.32 0.09 6.04E-05 0.045
cg22273487 chr20 32580931 RALY 525 0.19 0.05 1.60E-05 0.028
cg22343083 chr8 54786401 RGS20 0 -0.30 0.07 1.92E-06 0.013
cg22758104 chrl7 50465 RPH3AL 11713 -0.23 0.06 4.62E-07 0.006
cgl6733643* chrl 41575522 SCMHI 0 -0.42 0.11 5.00E-05 0.043
cgl7588491 chr22 25198892 SGSM1 3242 -0.17 0.04 4.41E-05 0.041
cg13971030 chrll 35366721 SLC1A2 0 -0.49 0.14 9.19E-06 0.024
cgl7567562* chr3 47687980 SMARCCI1 0 -0.48 0.11 1.18E-05 0.027
cg10298859 chrl3 112883993 SPACA7 146656 -0.20 0.04 2.26E-07 0.005
cgl9216791 chrl9 5568216 TINCR 210 -0.25 0.07 4.13E-05 0.040
¢g25936380 chr2 120981591 | TMEMI185B 606 -0.29 0.07 2.22E-07 0.005
cg01824466* chr8 95959531 TP53INP1 0 -0.23 0.08 8.08E-05 0.050
cg26657235 chr6 150378972 ULBP3 4367 -0.12 0.03 1.32E-05 0.028
cg08551047 chrl5 91473569 UNC45A 0 -0.58 0.14 2.87E-06 0.015
¢g20394620* chrX 48541924 WAS 260 -0.20 0.05 3.02E-06 0.015

* marked CpG probes did not pass quality control in the targeted sequencing data and were not included in the

analysis of the MI
SE=Standard Error
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of the samples, using 60, 125, 250 and 500ng of DNA before bisulphite conversion, to evaluate how
much DNA was required to generate sufficient sequencing data. All concentrations resulted in
relatively high coverage, but with larger variations for 60 and 125ng (Figure 3.3B). Therefore 250ng

was used in the following experiments.

3.4.1.2 Excluded target CpG sites in the test phase

Target CpG sites with low coverage (< 500 reads) in more than 20% of the samples were excluded
from the target panel after the first batch (Figure 3.3C). Therefore, ten target CpG sites were excluded
in the first batch (the CpG sites nearest the genes ACACB, AGAPI, CYPIBI1-AS1, CYTH3, DENNDS5B,
GNG4, LINC01623, MC4R, PCCA, PLK4 and SOXI). New primers were designed for MC4R, but
better primers were difficult to design for the other assays. Instead new target CpG sites were included
in the second sequencing batch to replace the excluded ones. In the second batch the new assay for
MC4R again generated low-coverage sequencing data, as well as the CpG sites nearest the genes
GPAT3, OSBPL3, PCNXI, RAD51C and SSH1 (Figure 3.3D). To fill up the target panel, the target
CpG sites nearest the genes OSBPL3, GPAT3, RADS51C were included in the target panel (since these
assays worked fine in the first batch), as well as DENNDJ5B (since this assay had the lowest percentage
of samples with low coverage among the rest of the excluded assays). All target CpG sites for the
WBC estimation passed quality control. The sequences for all final primer pairs are found in Appendix

3 and annotation information for the 42 target CpG sites are found in Table 3.4.

3.4.2  Quality control of target sequencing data in the Generations Study

Targeted bisulphite sequencing of 42 target regions using the Fluidigm 48.48 Access Array was
conducted in 880 samples (440 matched case-control pairs) from the Generations Study (Table 3.3).
After quality control of the generated sequencing data, two batches were rerun (batch 12 and 19) due to
poor quality, likely a result of decreased performance of the barcodes used (the same barcodes were
used in both batches). In the analyses only the sequencing data from the new batches 12 and 19 are
used, referred to as sequencing pool 5. The targeted sequencing data was of high quality: high
bisulphite conversion efficacy was observed (> 99%), average sequencing depth per CpG site per
sample was 1740, more than 97% of the reads were assigned to a sample (i.e. included a barcode
sequence) and more than 99% of the paired reads were aligned to target regions (Table 3.5).

Furthermore, although some variation between DNA methylation levels was observed, a high
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Table 3.5. Summary of the targeted sequencing data in the Generations Study

Targeted bisulphite sequencing was conducted in 880 samples in the Generations Study, divided in 20
batches and four sequencing pools. Two batches were rerun due to insufficient data, in a fifth
sequencing pool. The table provides the total number of reads before pre-processing, reads to samples
(i.e. reads that included barcode sequences), undetermined reads (with no barcode sequence), coverage
observed in and outside target regions, and bisulphite conversion efficacy calculated as average

bisulphite-converted cytosines in a CHG and CHH context (where H= A, T or C).

SeqPooll (n=288)

SeqPool2 (n=240)

SeqPool3 (n=240)

SeqPool4 (n=192)

SeqPoolS (n=96)

Batches 1-6 Batches 7 - 11 Batches 12 - 16 Batches 17 - 20 | Batches 12 and 19
Total nr of reads 41,630,730 35,243,020 37,343,220 41,851,010 33,058,310
Undetermined reads | 733,686 (1.8%) 818,244 (2.3%) 838,572 (2.3%) 894,656 (2.1%) 646,478 (2.0%)
Reads to samples 40,897,040 (98.2%) | 34,424,770 (97.7%) | 36,504,650 (97.8%) | 40,956,350(98.9%) | 32,411,830 (98.0%)

Coverage in

1,254 (99.8%)

1,242 (99.8%)

1,311 (99.8%)

1,754 (99.7%)

3,137 (99.8%)

conversion efficacy

targets*®
g:g:trfge outside 2.8 (0.2%) 2.6 (0.2%) 2.7 (0.2%) 5.5 (0.3%) 5.1 (0.2%)
Bisulphite 99.70% 99.40% 99.30% 99.50% 99.10%

* Coverage inside and outside target regions was calculated by total coverage at each CpG site / frequency
(observation in number of samples) / total number of CpG sites
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Figure 3.4. Estimation of WBC composition in the Generations Study targeted sequencing data

Five CpQG sites from the Houseman method were included in the target panel for estimation of WBC counts
in the targeted bisulphite sequencing data for B-cells, CD4+ T-cells, CD8+ T-cells, monocytes and natural
killer (NK)-cells. The differences between cases and controls were analysed in 328 pairs with coverage > 30
reads for all five CpG sites.
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Figure 3.5. Excluded target CpG sites in the Generations Study targeted sequencing data prior to
development of the MI

A. Bar plots of the average percentage of pairs in each batch where at least one of the case or control had a
coverage < 30 reads. A threshold of 30% was used to filter out target CpG sites with low coverage (red line).
B. Bar plots of the mean differences in DNA methylation levels between duplicated samples. Target CpG
sites already excluded are in grey. A threshold of 20% was used as a threshold to filter out target CpG sites
before development of the MI (red line). Red bars correspond to excluded CpG sites.
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correlation in DNA methylation values was observed between the 20 batches (mean correlation

coefficient 7=0.88).

3.4.3 No observed differences in WBC composition between cases and controls

Five probes were selected from the Houseman method to estimate the WBC counts for B-cells, CD4+
T-cells, CD8+ T-cells, monocytes and natural killer cells (Figure 3.2). All five WBC target CpG sites
passed all quality control steps in the Generations Study samples with an average coverage of 230 to
2800 reads per CpG site per sample. A total of 328 pairs had coverage > 30 reads for at least one of the
samples in the pair for the five CpG sites and were used to analyse differences in WBC composition
between cases and controls. No significant difference (P > 0.05) in DNA methylation levels between

cases and controls were observed for any of the five WBC target CpG sites (Figure 3.4).

3.4.4 Exclusion of target CpG sites and samples in the Generations Study targeted
sequencing data prior to MI development
In the Generations Study targeted sequencing data, eleven out of the 42 target CpG sites were excluded
prior to the MI analysis due to either low coverage in > 30% of the pairs or large differences (> 20%)
in DNA methylation levels between duplicated pairs (Figure 3.5). Out of the 880 samples in the
Generations Study targeted sequencing data, one pair was excluded due to incorrect case-control status
and 100 pairs were excluded due low coverage (< 30 reads) in more than 10% of the remaining target
CpG sites of at least one sample in the pair, leaving a total of 678 samples for the analyses (339

matched case-control pairs, Table 3.3).

3.4.5 The Ml is correlated with ELEE in EPIC-Italy but not in the Generations Study
The MI to predict ELEE was developed on HM450K data from EPIC-Italy and the Generations Study
(n=237 and 65, Table 3.1) using ridge regression on the 31 target CpG sites passing quality control in
the targeted sequencing data (Table 3.4). As expected, the MI correlated well with ELEE in the
development data; a high correlation was observed in EPIC-Italy and a moderate correlation in the
Generations Study HM450K data (7=0.60, P=5.89x107 and r=0.27, P=0.027, respectively, Figure
3.6A). No association between the MI and ELEE was observed in the Generation Study targeted
sequencing data (n=678, r=-0.04, P=0.340, Figure 3.6B). Furthermore, no significant association

between the ELEE and breast cancer risk was observed in the sequenced Generations Study subjects
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Figure 3.6. The Methylation Index of ELEE
The MI was developed in combined HM450K data from EPIC-Italy (n=237) and the Generations Study
(n=65) using ridge regression on 31 target CpG sites that passed quality control. The correlation between the
MI and ELEE and the association between the MI and breast cancer risk were evaluated. A. The correlations
between the MI and ELEE in the development HM450K data were as following: r=0.60, P=5.89x10-%5 for
EPIC-Italy and r=0.27, P=0.027 for the Generations Study B. The MI and ELEE were not correlated in the
Generations Study targeted sequencing data (+=-0.04, P=0.340) C. Density plot of the MI values in matched
controls and cases in EPIC-Italy HM450K data (n=162 pairs). The MI was associated with breast cancer risk
in EPIC-Italy (OR=1.51, 95% CI: 1.26 — 1.82, P=1.07x10-). D. Density plot of the MI values in matched
controls and cases in the Generations Study targeted sequencing data (n=339 pairs). The MI was associated
with breast cancer risk in the Generations Study (OR=1.04, 95% CI: 1.01 — 1.08, P=0.022). ORs were
adjusted for age, BMI, alcohol consumption, smoking duration and WBC composition.
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Table 3.6. The MI by quartile and breast cancer risk

Analysis by control-quartiles of the MI and risk of breast cancer in matched case-controls pairs in
EPIC-Italy HM450K data, which the model partly was developed in (n=162 pairs), and in the
Generations Study targeted sequencing data for validation (n=339 pairs). The association with breast
cancer risk was analysed using conditional logistic regression adjusted for age, BMI, alcohol
consumption, smoking duration and WBC composition in the multivariable model.

Development data: EPIC-Italy (n=162 pairs)

Unadjusted model Multivariable model
Quartile Range Controls Cases
OR (95% CI) P value OR (95% CI) P value
Q1 27.6-31.3 41 11 Ref Ref Ref Ref

Q2 31.3-325 40 24 | 2.00(0.85-4.70)  0.111 1.87 (0.71 — 4.94) 0.203
Q3 32.5-33.8 40 46 | 3.37(1.54-7.40)  0.002 |4.14(1.66—10.33) 0.002
Q4 33.8-39.1 41 81 |5.88(2.72-12.68) 6x10° [545(2.17-13.67) 3x10*

Validation data: The Generations Study (n=339 pairs)

Unadjusted model Multivariable model
Quartile Range Controls Cases
OR (95% CI) P value OR (95% CI) P value
Ql 20.3-30.3 84 66 Ref Ref Ref Ref

Q2 30.3-33.8 85 88 [ 1.33(0.86—-2.05)  0.193 1.52 (0.95-2.42) 0.083
Q3 33.8-37.0 85 82 [ 1.26(0.80—-2.01) 0.320 | 1.60(0.96—2.64) 0.069
Q4 37.0-53.1 85 103 | 1.63(1.03-2.60)  0.038 | 1.77 (1.07-2.93) 0.027
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Figure 3.7. Receiver operating characteristic curves for the MI and breast cancer risk

The discrimination for the highest and lowest quartiles of the MI in EPIC-Italy and the Generations Study.
The estimated AUC values were 0.78 in EPIC-Italy (95% CI: 0.71 — 0.85) and 0.61 in the Generations
Study (95% CI: 0.55 — 0.67).
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(n=339 matched case-control pairs, OR=1.01, 95% CI: 0.98 — 1.04, P=0.562), in contrast to EPIC-Italy

subjects (n=162 matched case-control pairs, OR=1.10, 95% CI: 1.03 — 1.17, P=0.007).

3.4.6 The Ml is associated with breast cancer risk

The association between the MI and breast cancer risk was tested in matched case-control pairs in
EPIC-Italy HM450K data and the Generations Study targeted sequencing data (n=162 and 339 pairs
respectively, Table 3.2 and Table 3.3). The MI, ranging from 27.6 to 39.1, showed a 51% increase in
breast cancer risk per unit increase in MI in EPIC-Italy in a multivariable model (OR=1.51, 95% CI:
1.28 — 1.82, P=1.07x10”, Figure 3.6C). In the Generations Study a 4% increase in risk per unit
increase in MI, ranging from 20.3 to 53.1, was observed (OR=1.04, 95% CI: 1.01 — 1.08, P=0.022,
Figure 3.6D). To explore a non-linear association between the MI and breast cancer risk the MI was
divided into control-quartiles. A significantly higher breast cancer risk was observed for women in the
highest quartile compared to women in the lowest quartile in EPIC-Italy (OR o4 vs 01=5.45, 95% CI:
2.17 — 13.67, P:3x10'4) and the Generations Study (OR o4 vs 01=1.77, 95% CI: 1.07 — 2.93, P=0.027,
Table 3.6). The AUC values for the prediction between the highest and lowest quartiles were estimated
to 0.78 in EPIC-Italy (95% CI: 0.71 — 0.85) and 0.61 in the Generations Study (95% CI: 0.55 — 0.67)

(Figure 3.7).

To explore if the inclusion of incident breast cancer cases in the model development dataset
affected the results, the model development was also conducted in controls-only in the combined
EPIC-Italy and the Generations Study HM450K data (Table 3.1, total n=184). The control-only MI
model showed very similar results as previously and a significant association with breast cancer risk in
the Generations Study targeted sequencing data was observed (n=339 pairs, OR=1.04, 95% CI: 1.01 —

1.08, P=0.012, Figure 3.8).

The MI was calculated in the pooled breast- and ovarian cancer cases and control samples
included in the test phase. For all breast cancer pools, there was a 2.26% increase in the MI for pooled
cases compared to pooled controls (Table 3.7). Stratifying by subgroup, an increase in the MI was
observed for pooled cases diagnosed with DCIS, ER-negative disease, and ER-positive disease with

age at diagnosis over 50, but not for ER-positive cases with age at diagnosis before 50.
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Figure 3.8. Development of the MI in controls-only

To explore if including incident cases in the model development of the MI affected the results, model
development was conducted in controls only in the combined EPIC-Italy and the Generations Study
HM450K data (n=184 in total). A. The correlations between the controls-only-MI and ELEE in the
development data were as following: =0.62, P=3.98x10"'¢ for EPIC-Italy controls (n=119), r=0.44,
P=6.85x10" for EPIC-Italy cases (n=118), and r=0.43, P=3.84x10* for the Generations Study (n=65). B.
The controls-only-MI and ELEE were not correlated in the Generations Study controls or cases (=-0.08,
P=0.136 and =-0.07, P=0.063) C. Density plot of the controls-only-MI values in matched cases and controls
in the EPIC-Italy HM450K data (n=162 pairs). The controls-only-MI was associated with breast cancer risk
in EPIC-Italy (OR=1.42, 95% CI: 1.20 — 1.69, P=6.71x10-%). D. Density plot of the controls-only-MI values
in matched controls and cases in the Generations Study targeted sequencing data (n=339 pairs). The MI was
associated with breast cancer risk in the Generations Study (OR=1.04, 95% CI: 1.01 — 1.08, P=0.012). ORs
were adjusted for age, BMI, alcohol consumption, smoking duration and WBC composition.
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Table 3.7. The MI in pooled breast and ovarian cancer cases and controls
The MI was calculated in pooled cases and controls (included in the test phase), and compared between
the cases and controls.

MI value MI value
Group n pairs Difference
Cases Controls
All breast cancer pools 548 36.50 34.24 2.26
DCIS 123 35.32 32.52 2.80
ER-negative 66 39.28 36.63 2.66
ER-positive, age at diagnosis < 50 176 34.17 36.45 -2.29
ER-positive, age at diagnosis > 50 183 36.51 32.07 4.44
Ovarian cancer pools 78 37.89 35.52 2.38

Table 3.8. The MI, ELEE and breast cancer risk in pre- and postmenopausal women

The correlation between the MI and ELEE, and the association between the MI and breast cancer risk
in pre- and postmenopausal women. The ORs were adjusted for age, BMI, alcohol consumption,
smoking duration and WBC composition.

MI and ELEE MI and breast cancer risk
n ¢ Pvalue | " OR (95% cry [ value
subjects pairs

Premenopausal women
EPIC-Italy HM450K 79 0.53 7x107 45 1.61 (1.17-222)*  0.004*
The Generations Study HM450K 32 0.36 0.04
The Generations Study targeted 262 =006 0315 | 111 1.01(0.94-1.09 0713
sequencing
Postmenopausal women
EPIC-Italy HM450K 132 072 2x107* 76 1.91 (1.29 —2.82) 0.001
The Generations Study HM450K 33 0.20 0.270
The Generations Study targeted 416 -001 0840 | 188  1.07(1.02—1.12)  0.006
sequencing

* unadjusted model for EPIC-Italy premenopausal women due to too few pairs
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3.4.7 The MI in pre- and postmenopausal women

The association between the MI and ELEE and MI and breast cancer risk was stratified by menopausal
status. The correlations between the MI and ELEE were similar in both pre- and postmenopausal
women in the Generations Study targeted sequencing data, but stronger for postmenopausal women in
EPIC-Italy (5=0.72, P=2.34x10"%, Table 3.8). No heterogeneity was observed for the association
between MI and ELEE in pre- and postmenopausal in either EPIC-Italy (0=0.79, I’=0) or the
Generations Study (0=0.42, I’=0). The association between the MI and breast cancer risk appeared to
be stronger in postmenopausal women in both EPIC-Italy and the Generations Study (OR=1.91, 95%
CI: 1.29 — 2.82, P=0.001 and OR=1.07, 95% CI: 1.02 — 1.12, P=0.006, respectively, Table 3.8).
However, the test for heterogeneity between pre- and postmenopausal women in EPIC-Italy and
Generations Study suggested no significant heterogeneity (0=0.19, I’=43 and 0=0.24, ’=27,

respectively).

3.4.8 The association between the MI and breast cancer risk is stronger in cases with
longer time to diagnosis
In matched case-control pairs in EPIC-Italy HM450K data and the Generations Study targeted
sequencing data, the pairs were stratified into two groups split by median time to diagnosis (3.8 years
in EPIC-Italy and 4 years in Generations Study). In both study cohorts the association between the MI
and breast cancer risk appeared to be stronger for pairs with a longer time to diagnosis. In EPIC-Italy
the association between the MI and breast cancer risk was significant in both groups but with a higher
OR in pairs with a longer time to diagnosis (n=81 pairs in both groups, OR=1.35 vs 2.24, Figure 3.9A-
9B). In the Generations Study, for pairs with shorter time to diagnosis there was no significant
association with breast cancer risk (n=149 pairs, OR=1.03, 95% CI: 0.97 — 1.09, P=0.315, Figure
3.9C), however, the MI was significantly associated with breast cancer risk in pairs with time to

diagnosis above the median (n=190 pairs, OR=1.06, 95% CI: 1.01 — 1.12, P=0.024, Figure 3.9D).

3.4.9 Individual CpG sites and association with breast cancer
The association between each CpG sites included in the target regions (n=274) and breast cancer risk
was explored in the Generations Study targeted sequencing data (Appendix 4). A total of 14 CpG sites

showed association with breast cancer risk with a P-value < 0.05, but no CpG sites remained
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significant after correction for multiple testing (all FDR Q > 0.05). Out of these, four CpG sites were
targets in the sequencing (CpG sites nearest the genes CTNNA2, GRB10, RPH3AL and TINCR). The
four target CpG sites were associated with breast cancer risk in both the Generations Study and EPIC-
Italy (P < 0.05, Table 3.9). Hypomethylation was observed for all four CpG sites except for the CpG
site nearest GRBI(O where hypermethylation was observed in the Generations Study and

hypomethylation in EPIC-Italy.
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Figure 3.9. The MI, breast cancer risk and time to diagnosis

The association between the MI and breast cancer risk was analysed in two groups in matched case-control
pairs stratified on median time to diagnosis in EPIC-Italy HM450K data and the Generations Study targeted
sequencing data. A. The MI was associated with breast cancer risk in EPIC-Italy pairs with a shorter time to
diagnosis (n=81 pairs, OR=1.47, 95% CI: 1.12 — 1.93, P=0.005). B. The MI was associated with breast cancer
risk in EPIC-Italy pairs with a longer time to diagnosis (n=81 pairs, OR=1.84, 95% CI: 1.30 — 2.61, P=0.001).
C. In the Generations Study, the MI was not associated with breast cancer risk in the 149 pairs with shorter
time to diagnosis (OR=1.03, 95% CI: 0.97 — 1.09, P=0.315). D. The MI was associated with breast risk in the
190 pairs with a longer time to diagnosis (OR=1.06, 95% CI: 1.01 — 1.12, P=0.024). ORs were adjusted for
age, BMI, alcohol consumption, smoking duration and WBC composition.
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3.5. DISCUSSION

In this chapter it was aimed to further explore the associations between ELEE, DNA methylation in
blood, and breast cancer risk. Targeted bisulphite sequencing was performed on 42 CpG sites selected
from the results in the EWAS of ELEE (Chapter 2) in a large independent study cohort (the
Generations Study, n=880). A MI model of ELEE was developed using HM450K methylation levels at
31 CpG sites and tested for association with breast cancer risk, using the Generations Study targeted
sequencing data for validation. The observed association between the MI and breast cancer risk in
EPIC-Italy was validated in the Generations Study targeted sequencing data, but not the correlation
between the MI and ELEE. Women in the highest quartile of the MI in the Generations Study had 77%
higher risk for breast cancer compared with women in the lowest quartile and an estimated AUC of

0.61.

There are several explanations of why the correlation between the MI and ELEE was not seen
in the Generations Study. It is possible that the MI model is over-fitted in the EPIC-Italy data, and
additional study cohorts would be needed to assess this further. Alternatively, population specific
differences between the Italian and UK based cohorts or technical differences between the HM450K
and the targeted bisulphite sequencing data cannot be excluded. Importantly, the ELEE model itself is
not significantly associated with breast cancer risk in the Generations Study sub-cohort analysed in this
study, which is an important assumption in the analyses. Of the lifestyle factors, the Generations Study
had higher alcohol consumption, less smokers, more number of pregnancies, longer breastfeeding
duration, and considerably more reported users of OC and HRT, which may all significantly alter the
epigenome and oestrogen exposure. Also, different breast cancer screening procedure between Italy
and the UK might have affected how early the cancer was detected (time to diagnosis was longer in
EPIC-Italy with an average time to diagnosis of 8.5 years compared to 4.0 years in the Generations

Study).

There was a shorter average time to diagnosis for women in the Generations Study (mean
value 4 years compared with 5.3 years in EPIC-Italy). However, the distribution of time to diagnosis
was left-skewed (17% of the women in EPIC-Italy had a time to diagnosis < 2 years) and the
distribution in the Generations Study was mostly uniform. There was also a difference in follow-up

time in the both study cohorts (up to 16 years for EPIC-Italy, and 10 years for the Generations Study).
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A stronger association between the MI and breast cancer risk was observed for cases with a longer time
to diagnosis in both cohorts. Therefore, with a longer follow-up time, the association might be stronger
in the Generations Study overall. Why the association between the MI and breast cancer risk was
stronger in pairs where cases had a longer time to diagnosis needs to be explored further. One
possibility is that it might be due to changes in methylation signatures occurring during early stage
cancer development (leading up to diagnosis) that might be adversely affecting the methylation of CpG
sites that contribute to the MI. This would suggest that the increase in MI might not be due to the
reverse effect from early cancer development, but rather that early cancer development adversely

affects the MI.

Advantages in this study include the validation in a large independent study cohort using
targeted bisulphite sequencing and the inclusion of an extended test phase prior to the sequencing in the
Generations Study. Targeted bisulphite sequencing using the Fluidigm 48.48 Access Array gave the
opportunity to explore a larger number of CpG sites in comparison to bisulphite pyrosequencing.
Theoretically, 10-15 CpG sites could have been analysed at the same time using pyrosequencing. Since
the protocol and workflow had not been used in our laboratory previously, a test phase was included
before sequencing of the 880 samples in the Generations Study. This probably reduced errors and
mistakes in the procedure and improved the experimental design, by the opportunity to validate the
target assays before sequencing in the Generations Study. The targeted bisulphite sequencing generated
high-throughput data with high coverage for most of the target regions. Even so, 11 out of the 42 target
CpG sites did not yield sufficient sequencing data to be included in the MI analysis. This could be due
to pipetting error or bubbles in the wells when loading the Access Array, or other random events. In the

MI analysis, sufficient data was produced for 31 target CpG sites in 339 matched case-control pairs.

A total of 274 CpG sites were included in the target regions. Fourteen of these CpG sites
showed modest association with breast cancer risk in the Generations Study and six overlapped a
HM450K probe. Of these, four CpG sites showed association (P < 0 .05) with breast cancer risk in

EPIC-Italy as well. For future breast cancer risk studies, these would be the CpG sites to focus on.

Higher MI values in pooled breast cancer cases compared to controls were observed. When
the pools were stratified into subtypes, the largest differences between cases and controls were
observed for ER-positive cases with age at diagnosis > 50, but a decrease in the MI was observed for

ER-positive cases with age at diagnosis < 50. Hypothetically, there might be a shorter time to diagnosis
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from recruitment for younger cases than older cases, which would confirm the previous findings for
time to diagnosis and the association with breast cancer risk. However, this data is missing for these
pooled samples so it cannot be confirmed. Furthermore, a higher MI value for ovarian cancer cases
compared to controls was observed. ELEE as an exposure could be important in ovarian cancer as well

[354, 355], however, this is out of the scope for this study.

CpG sites to estimate WBC composition were included in the targeted bisulphite sequencing
data and no significant differences for any of the five WBC types included were observed. Even though
no strong difference between cases and controls was observed, it might be necessary to adjust for WBC

composition since this can be affected by other exposures and confound the results [329, 356-358].

3.5.1 Conclusions

In this chapter a DNA methylation signature in blood associated with breast cancer risk was identified
and validated in 339 matched case-control pairs in the Generations Study targeted sequencing data.
However, an association between the MI and ELEE was not observed in the Generations Study.
Further studies are needed to clarify this and to explore the association between the MI and breast

cancer risk in other study cohorts.
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CHAPTER 4:
Meta-analysis of the MI and ELEE
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4 CHAPTER 4: Meta-analysis of the MI and ELEE

4.1. INTRODUCTION

In the two previous chapters an EWAS of ELEE was conducted and DNA methylation levels at 694
CpG sites associated with ELEE were identified. From this, 42 CpG sites were selected for validation
using targeted bisulphite sequencing in 880 independent samples, whereof 31 CpG sites and 678
samples passed quality control. Using HM450K data, a MI of ELEE was developed including DNA
methylation levels at the 31 CpG sites. The MI was associated with breast cancer risk in matched case-
control pairs in the discovery study cohort EPIC-Italy (ORqs vs 1=5.45, 95% CI: 2.17 — 13.6,
P:3.00x10’4) and this was validated in the Generations Study (ORq4 vs 01=1.77, 95% CI: 1.07 — 2.93,
P=0.027). In this chapter a larger meta-analysis of ELEE, the MI, and breast cancer risk was performed

including three new datasets.

4.1.1 Meta-analysis

Meta-analysis is a systematic approach to combine effect estimates from observational studies of the
same exposure and outcome and obtain a summary estimate of the effect. This can be particularly
statistically challenging for methylation studies due to the often small sample sizes, study cohort bias,
study specific inflation and differences in study design [359]. Two main approaches are used for meta-
analysis: fixed- or random-effects models. Fixed-effects models assume that all studies are estimating
the same effect size, meaning that there is no heterogeneity in the true effect and that the observed
variances are only due to sampling error [360]. Random-effects models allow for true differences in
effects between studies, which can be due to true population differences, for example different age
distributions or other characteristics. Random-effects models are designed to handle this heterogeneity
between studies [360, 361]. Briefly, fixed-effects models test under the null hypothesis that all effect

sizes are equal to zero and random-effects model that the mean effect size is equal to zero [362].

Statistical heterogeneity in effects between studies can be estimated by a number of methods,
for example Cochran’s Q-statistics and the inter-study-variance (often denoted I) [361, 363]. The I?
statistic measures the percentage of variability in effect that is due to true heterogeneity between

studies and not by chance [360, 362, 363]. This has often been calculated by the commonly used
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DerSimonian & Laird estimator [364], but has recently been replaced by different likelihood
techniques, for example the restricted maximum likelihood method. This method has been shown to be
more efficient, with lower bias and good performance for both larger and smaller number of studies
included in the meta-analysis [361, 362, 365, 366]. When the heterogeneity estimator I” is equal to zero

the restricted maximum likelihood method behaves as a fixed-effects model [362].

4.1.2  Aims for this chapter

In this chapter it was aimed to perform a meta-analysis for the association between the MI (developed
in Chapter 3) and breast cancer risk, as well as explore the association between the MI and ELEE
model (from Chapter 2), in four different nested case-control study cohorts: the Generations Study,
EPIC-Italy, EPIC-IARC and the Melbourne Collaborative Cohort Study (MCCS). The study was
conducted by sharing the R-script for the analysis (Appendix 5) to each of the study co-ordinators, and

then compiling the results in a meta-analysis.
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4.2. STUDY COHORTS

4.2.1 The Generations Study
Targeted bisulphite sequencing including CpG sites in the MI was conducted on 880 samples from the
Generations Study, whereof 678 passed quality control (Table 4.1). The dataset has been described

previously in Chapter 3.

4.2.2 EPIC-Italy

EPIC-Italy has been described previously in Chapter 2 and Chapter 3. HM450K methylation data for
new breast cancer cases and controls have been generated and 236 (118 case-control pairs) subjects
that had not been used previously in this study were available for the meta-analysis (Table 4.1). Case-

control pairs were matched on age + 5 years and study centre.

4.2.3 EPIC-IARC

Participants from the EPIC cohort from IARC (International Agency for Research on Cancer) were
selected for a nested case-control study. This included subjects from Germany, Greece, Italy, Spain,
The Netherlands and UK [206]. Subjects overlapping with EPIC-Italy were excluded prior to the
analysis. Questionnaire data, anthropometric measurements and blood samples were collected for all
study participants at time at recruitment between 1993 and 1998, after ethical review by the TARC. The
cancer diagnosis was updated from cancer registries for Italy, Spain, the Netherlands and UK, and by
active follow-up for Germany and Greece. The case-control pairs were matched on centre, age = 2
years, time of blood collection, fasting status, menopausal status, current pill and hormone replacement
therapy use and menstrual cycle. A total of 840 (420 case-control pairs) subjects were included in the
meta-analysis (Table 4.1). The EPIC-IARC analysis was conducted by Dr Srikant Ambatipudi at

TIARC.

424 MCCS

Participants from the MCCS were selected for a nested case-control study. The MCCS is a prospective
cohort study including 24,469 women recruited between 1990 and 1994 [204]. Cancer incidences were
identified via the Victorian cancer registry (VCR) and the Australian Cancer Database, and a total of

680 cases (2.8%) were diagnosed with invasive breast cancer between enrolment and before 2008. In
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the meta-analysis, 310 cases-control pairs are included, matched on year of birth, year of baseline
attendance, and country of origin (Table 4.1). The DNA was extracted from dried blood spots. The

MCCS analysis was conducted by Dr Laura Baglietto at University of Pisa.
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4.3. METHODS

4.3.1 Pre-processing of the HM450K data

The following protocol was used for HM450K methylation data for the new EPIC-Italy data, EPIC-
IARC and MCCS. Pre-processing was conducted in the R package ‘minfi’ [367]. Raw intensity data
IDAT files were imported into R and background subtraction and normalisation were conducted using
the ‘preprocesslllumina’ function, followed by correction for type I and II probe bias by subset-
quantile within array normalisation using the ‘preprocessSSWAN’ function [368]. Samples with missing
information (P detection value > 0.01) for more than 5% of the CpG sites were excluded, as well as
CpG sites with missing information in 20% or more of the samples. Furthermore, CpG probes located
on the Y chromosome and cross-hybridising probes [328] were excluded using the R package

‘DMRcate’. WBC composition was estimated using the Houseman method [329].

4.3.2 Statistical analysis
The associations between the MI and breast cancer risk were individually analysed in the four studies
using conditional logistic regression (function ‘clogit’ in R package ‘survival”) for breast cancer case-
control status and the MI, adjusted by age, BMI, smoking duration, alcohol consumption (all variables
were reported at the time of recruitment) and WBC composition. Alcohol consumption was reported as
average units/week for the Generations Study, average self-reported intensity (numbers 1 to 9) at ages
20, 30, 40 and 50 for EPIC-Italy, and average gram per day for EPIC-IARC and MCCS. The
association was analysed for the MI as a continuous variable and also by control-quartiles in each study
cohort. In Chapter 3 a stronger association between the MI and breast cancer risk for pairs including
cases with a longer time to diagnosis was observed. Therefore, the pairs were stratified into two groups
on median time to diagnosis to explore differences in the risk association between a shorter or a longer
time between blood sampling and diagnosis. The correlation between the MI and ELEE was explored
using Pearson’s correlation coefficient.

The meta-analyses were conducted for log odds ratios and standard errors using weighted
random-effects model with the restricted-maximum likelihood method (function ‘rma.uni’ in the R

package ‘metafor’). The Cochran’s O statistics and I statistics were used to estimate heterogeneity
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between the studies; O < 0.05 and 1> > 50% were defined as heterogeneous estimations. If the

heterogeneity I* was equal to 0, the meta-analysis behaved as a fixed-effects model.
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4.4. RESULTS

4.4.1 Baseline characteristics

The analysis included 2374 women (1187 matched case-control pairs) from four prospective study
cohorts (The Generations Study, EPIC-Italy, EPIC-IARC and MCCS) with mean time to diagnosis of
4.0, 8.5, 7.5, and 7.9 years (Table 4.1). Women in EPIC-Italy were youngest at recruitment with a
mean age of 51.2 and women were oldest in MCCS with a mean age of 56.7. This was reflected in
lowest and highest percentage of postmenopausal women (52.1% and 61.4%), ELEE values (mean
values of 31.8 and 33.8) and MI values (mean values of 33.1 and 36.9) for the two study cohorts. In
relation to the ELEE model, women in the Generations Study and EPIC-Italy had slightly younger ages
at menarche (mean ages of 12.7 and 12.6) compared to EPIC-TARC and MCCS (13.1), and age at
menopause varied from 47.8 for EPIC-Italy and 50.2 in the Generations Study. MCCS had the highest
percentage of women who had reported that they have been breastfeeding (79.5%) as well as the most
number of pregnancies (mean 2.4 pregnancies per woman). EPIC-IARC had the lowest percentage of
women who had ever breastfed (68.2%) and number of pregnancies (1.6). Furthermore, there were
substantially more smokers in EPIC-Italy and EPIC-IARC (24.6% and 21.7%) compared to MCCS and
the Generations Study (6.8% and 7.1%), the highest percentage of OC and HRT users was in the
Generations Study (80.2% and 31.7%, respectively) and lowest percentage in EPIC-Italy (37.3% and

19.5%, respectively).

4.4.2 The Ml is associated with breast cancer risk

The association between the MI and breast cancer risk as continuous and categorical variable was
explored across the four study cohorts and combined in meta-analyses. All estimates were adjusted for
age, BMI, smoking duration, alcohol consumption, and WBC composition. Smoking duration was not
adjusted for in EPIC-IARC due to missing data for a majority of the subjects (n=5006).

The MI was significantly associated with breast cancer risk in the Generations Study
(OR=1.04, 95% CI: 1.01 — 1.08, P=0.022) but not individually in the other study cohorts, EPIC-Italy
(OR=1.13, 95% CI: 0.85 — 1.51, P=0.394), MCCS (OR=1.06, 95% CI: 0.96 — 1.17, P=0.225) and
EPIC-IARC (OR=0.98, 95% CI: 0.90 — 1.06, P=0.616). The combined meta-analysis, however,

showed low heterogeneity across study cohorts (0=0.45, I’=0%) and a significant association with
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Study cohort n pairs OR (95% CI)

The Generations Study 339 1.04 (1.01-1.08) —a—
EPIC-Italy * 118 1.13 (0.85-1.51) [ =
EPIC-IARC 420 0.98 (0.90-1.06) P
MCCS 310 1.06 (0.96-1.17) .
Meta—analysis 1187 1.04 (1.00-1.07) —
T T T T T T T 1
08 09 1 1.1 12 1.3 14 1.5

Figure 4.1. Forest plot of the MI and breast cancer risk

The association between the MI (as continuous variable) and risk for breast cancer was estimated in the
four studies using conditional logistic regression adjusted for age, BMI, alcohol consumption, smoking
duration, and WBC composition (all variables were reported at the time of recruitment). The log odds
ratios were combined in a meta-analysis using restricted-maximum likelihood model. The square boxes
represent the odds ratios (ORs) and the lines the 95% confidence intervals (CIs).

* EPIC-Italy corresponds to the new EPIC-Italy samples, not included in the development of the MI

Study cohort Q1 cases/ctrls Q4 cases/ctrls OR (95% CI)
The Generations Study 66/84 103/85 1.77 (1.07-2.93) k -
EPIC-Italy * 30/29 32/30 1.86 (0.54-6.38) t =
EPIC-TIARC 110/105 110/105 1.07 (0.68-1.68) i
MCCS 69/78 90/78 1.69 (0.91-3.12) [ L
Meta—analysis 1.45 (1.05-2.00) ———
— — T T T T T T T T

06 08 1 12 14 16 18 2 22 24 26 28 3

Figure 4.2. Forest plot of the MI by the quartile and breast cancer risk

The association between the MI (as categorical variable) and risk for breast cancer was estimated in the
four studies using conditional logistic regression adjusted for age, BMI, alcohol consumption, smoking
duration, and WBC composition (all variables were reported at the time of recruitment). The log odds
ratios were combined in a meta-analysis using restricted-maximum likelihood model. The square boxes
represent the Odds Ratios (ORs) between the highest and lowest quartile in each study and the lines the
95% Confidence Intervals (CIs).

* EPIC-Italy corresponds to the new EPIC-Italy samples, not included in the development of the MI
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Table 4.2. Meta-analysis of the MI and breast cancer risk
The association between MI (as continuous variable) and risk for breast cancer was estimated in the

four studies using conditional logistic regression adjusted for age, BMI, alcohol consumption, smoking
duration and WBC composition (at recruitment). The log odds ratios were combined in a meta-analysis
using restricted-maximum likelihood model.

Study cohort n pairs OR (95% CI) P value | Test for heterogeneity
The Generations Study 339 1.04 (1.01 - 1.08) 0.022

EPIC-Italy * 118 1.13 (0.85-1.51) 0.394

EPIC-IARC 420 0.98 (0.90 - 1.06) 0.616

MCCS 310 1.06 (0.96 - 1.17) 0.225

Meta-analysis 1187 1.04 (1.00-1.07) 0.024 0=0.45; I’=0%

* EPIC-Italy corresponds to the new EPIC-Italy samples, not included in the development of the MI

Table 4.3. Meta-analysis of the MI by the quartile and breast cancer risk

The MI was divided in four control-quartiles and the association between MI (as categorical variable)
and risk for breast cancer was estimated using conditional logistic regression adjusted for age, BMI,
alcohol consumption, smoking duration and WBC composition (at recruitment). The log odds ratios
were combined in a meta-analysis using restricted-maximum likelihood model.

min max ncases n controls OR (95% CI) P value Test for heterogeneity
The Generations Study Q1 203 303 66 84 Ref
Q2 303 338 88 85 1.52(0.95-2.42)  0.083
Q3 338 370 82 85 1.60 (0.96 - 2.64)  0.069
Q4 370 531 103 85 1.77 (1.07-2.93)  0.027
EPIC-Italy * Ql 247 319 30 29 Ref
Q2 319 33.0 30 30 1.86 (0.57-6.07)  0.303
Q3 33.0 341 26 29 0.83(0.22-3.08)  0.775
Q4 341 437 32 30 1.86 (0.54-6.38)  0.325
EPIC-IARC Ql 294 349 110 105 Ref
Q2 349 362 107 105 0.95(0.63-1.44)  0.816
Q3 362 375 93 105 0.86 (0.56 - 1.31)  0.476
Q4 375 440 110 105 1.07 (0.68 - 1.68)  0.767
MCCS Q1 305 351 69 78 Ref
Q2 351 365 63 77 1.04 (0.63-1.69)  0.891
Q3 365 382 88 77 1.58(0.95-2.63)  0.080
Q4 382 464 90 78 1.69 (0.91-3.12)  0.095
Meta-analysis Q1 275 296 Ref
Q2 288 297 1.16 (0.88-1.52)  0.290 0=0.40; >=9%
Q3 289 296 1.22(0.83-1.80)  0.303 (Q=0.17; ’=44%
Q4 335 298 1.45(1.05-2.00)  0.024 (0=0.44; *=16%

* EPIC-Italy corresponds to the new EPIC-Italy samples, not included in the development of the MI
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breast cancer risk with an OR of 1.04 per one unit increase in the MI (95% CI: 1.00 — 1.07, P=0.024).
The results are summarised in Table 4.2 and Figure 4.1.

Women in the highest quartile compared to the lowest quartile of MI had significantly higher
breast cancer risk in the Generations Study (ORqg4 vs 01=1.77, 95% CI: 1.07 — 2.93, P=0.027). The
combined meta-analysis showed low heterogeneity across study cohorts (0=0.44, 1’=16%) with a
combined OR of 1.45 between the highest and lowest quartile (ORq4 vs qi=1.45, 95% CI: 1.05 — 2.00,
P=0.024). The results are summarised in Table 4.3 and Figure 4.2.

There was no significant association between the MI and breast cancer risk in pairs with time
to diagnosis less than median in the combined meta-analysis (OR=1.03, 95% CI: 0.98 - 1.08, P=0.241),
but there was a significant association in pairs with time to diagnosis above the median (OR=1.05, 95%
CI: 1.01 - 1.10, P=0.021). Low heterogeneity was observed in the two meta-analyses (0=0.36, I’=13%

and 0=0.55, I’=0%, respectively). The results are summarised in Table 4.4 and Figure 4.3.

4.4.3 The Ml is not associated with ELEE

The association between the ELEE and MI was analysed in women with no missing information of the
variables included in the ELEE model (age at menarche, age at menopause, number of pregnancies and
breastfeeding duration), leaving 678 women in the Generations Study, 233 women in EPIC-Italy, 510
women in EPIC-IARC and 436 women in MCCS for the analysis. Breastfeeding duration was missing
for many of the women in EPIC-IARC (n=297) and therefore not included when calculating the ELEE.

Overall, the MI did not correlate with the ELEE in any of the four study cohorts (Table 4.5).
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A.

Study cohort npairs OR (95% CI) Time to diagnosis < median
The Generations Study 298 1.03 (0.97-1.09) =
EPIC-Italy * 58 1.70 (0.77-3.72) I
EPIC-IARC 210 0.97 (0.86-1.10) e
MCCS 155 1.10 (0.95-1.28) e
Meta—analysis 721 1.03 (0.98-1.08) ——
I T T T T T
0.6 0.8 1 12 14 1.6 18
B.
Study cohort n pairs OR (95% CI) Time to diagnosis > median
The Generations Study 380 1.06 (1.01-1.12) —=—1
EPIC-Italy * 59 1.57 (0.85-2.91) [
EPIC-IARC 210 1.02 (0.91-1.15) —T—
MCCS 155 1.02 (0.90-1.16) A
Meta—analysis 804 1.05 (1.01-1.10) ——
T T T T T T
0.6 0.8 1 12 14 1.6 1.8

Figure 4.3. Forest plot of the MI, breast cancer risk and time to diagnosis

The pairs in all four study cohorts were divided in two groups by the median time to diagnosis. The
association between the MI (as continuous variable) and risk for breast cancer was estimated using
conditional logistic regression adjusted for age, BMI, alcohol consumption, smoking duration and
WBC composition (all variables were reported at the time of recruitment). The log odds ratios for the
two groups were combined in two meta-analyses using restricted-maximum likelihood model. The
square boxes represent the odds ratios (ORs) and the lines the 95% confidence intervals (Cls). A. The
results in groups with shorter time to diagnosis B. The results in groups with longer time to diagnosis

* EPIC-Italy corresponds to the new EPIC-Italy samples, not included in the development of the MI

Table 4.5. Correlation between the MI and ELEE across study cohorts
The correlation between the MI and ELEE was analysed using Pearson's correlation coefficient.

n subjects Correlation coefficient P value
The Generations Study 678 -0.04 0.340
EPIC-Italy * 233 0.07 0.263
EPIC-IARC 510 0.06 0.154
MCCS 436 -0.04 0.449

* EPIC-Italy corresponds to the new EPIC-Italy samples, not included in the development of the MI
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4.5. DISCUSSION

In this chapter the association between the MI and breast cancer risk has been explored in a meta-
analysis across four different prospective study cohorts, excluding the original discovery dataset in
EPIC-Italy. A significant combined association between the MI and breast cancer risk was observed,
with an OR of 1.04 per one unit increase in the MI, and an OR of 1.45 between women in the highest
quartiles compared to the lowest quartiles. The association seemed to be strongest in case-control pairs
with a longer time to diagnosis. Furthermore, an association between the ELEE model and the MI was

not observed in any of the four studies.

Even though the combined analyses showed a significant association between the MI and
breast cancer risk, there are differences between the study cohorts. The association between the MI and
breast cancer risk was strongest in the Generations Study (ORq4 vs 0i=1.77, 95% CI: 1.07 - 2.93,
P=0.027) and weakest in EPIC-IARC (ORgq4 vs 1=1.07, 95% CI: 0.68 - 1.68, P=0.767). Step-wise
increase in the odds ratios in the MI by quartile analysis was observed in the Generations Study and
MCCS, as well as in the combined meta-analysis, but not for EPIC-IARC and EPIC-Italy (Table 4.3).
The associations might have been influenced by the range of MI values in the study cohorts with the

largest range in the Generations Study (20.3 to 53.1) and smallest range in EPIC-TARC (29.4 to 44.0).

Furthermore, EPIC-IARC has a shorter average time to diagnosis for cases, which might have
affected the results given the association was stronger with a longer time to diagnosis. This association
with a longer time to diagnosis might be due to changes in methylation signatures occurring at early
stage cancer development (before diagnosis) that might be adversely affecting the methylation of CpG
sites that contribute to the MI. This suggests that the increase in MI is not due to the reverse effect from
early cancer development, but rather that early cancer development adversely affects the MI, however,

this needs to be explored further.

The weights in the meta-analysis are by default calculated as the inverse of the standard
errors. Estimates with smaller standard errors will therefore contribute more to the meta-analysis in
comparison to estimates with larger standard errors, such as EPIC-Italy that had large confidence
intervals across all analyses due to the smallest sample size (n=236). The combined analyses are

therefore less influenced by the large odds ratios observed for EPIC-Italy in these analyses.
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Furthermore, differences between the sequencing techniques used cannot be excluded
(targeted bisulphite sequencing and the HM450K array). Also, differences in the study cohorts cannot
be excluded that might affect this association, including study design. For example there are more
smokers in the EPIC studies compared to the Generations Study and MCCS, which considerably
affects DNA methylation. Also, there are different patterns in breastfeeding, number of pregnancies,

and OC and HRT use across the studies, which will affect the total lifetime oestrogen exposure.

Unfortunately, not all 31 CpG sites included in the MI model are included in the new
HMS850K array, which meant that a fifth study cohort could not be included in the analysis (the
Prostate, Lung, Colorectal, and Ovarian Cancer Screening trial, PLCO). These are the CpG probes
cg08349826, cgl5127563, cg25372296, cg22273487 nearest the genes GRIN2A, ITM2C, MIRI37HG
and RALY. Further optimisation of the MI including only the 27 CpG sites located on the new array is

needed to include future HM850K array data sets.

In summary, a combined significant association between the MI and breast cancer risk was
observed, but there were differences between the study cohorts included in the meta-analysis. Also, no
association between the ELEE model and the MI was observed across any of the four studies. This
suggests that a signature for lifetime oestrogen exposure has not been identified, but a signature that is
associated with breast cancer risk. Further optimisation of the ELEE and the MI is needed to establish
the relationship and mechanisms between oestrogen exposure, DNA methylation and breast cancer

risk.
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5 CHAPTER 5: Molecular Mechanisms Between Oestrogen

Exposure and DNA Methylation

5.1. BACKGROUND

In the previous chapters the associations between lifetime oestrogen exposure, DNA methylation in
blood and breast cancer were explored, and a methylation signature associated with breast cancer risk
was identified. It is well established that oestrogens are involved in the development of breast cancer,
however, the mechanisms underlying the association between oestrogen exposure and breast cancer are
not fully understood [137]. In this chapter the mechanisms between oestrogen and DNA methylation in

blood will be further explored.

5.1.1 Molecular mechanisms for oestrogen-induced DNA methylation

The two main mechanisms described are a transcriptional response from oestradiol via the ERs and
genotoxic effects from other different oestrogen metabolites (Figure 1.2). Oestrogens bind to and
activate the ER-o and ER-f} [243, 244], which translocate to the nucleus and interact with the DNA at
ER-binding sites, which often function as enhancers [11]. This increases the gene expression of ER-
target genes, which often are involved in cell proliferation, particularly for the ER-a that is associated
with cancer development [11, 243-245]. Another outcome from oestrogen exposure is a genotoxic
effect. The catechols 2-OHE2, 4-OHE?2 that are formed in the oestrogen metabolism can oxidise to 2,3-
quinones and 3,4-quinones, which can bind to the DNA and form DNA adducts. The 3,4-quinones are
the most carcinogenic compounds, and can cause unstable, depurinating adducts leading to DSBs [249-
253]. Additionally, the formation of ROS in the oestrogen metabolism leads to oxidative damage of the
DNA [253, 255]. The error-prone DNA repair mechanisms following DNA damage can lead to
mutagenesis as well as changes in histone modifications and DNA methylation by the recruitment of
the maintenance DNMT1 and the de novo DNMT3B [256-260]. The increase in DNA methylation is

thought to act as a protection against replication of the damaged sites [257-260].
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Table 5.1. The expression of oestrogen receptors in blood
Summary of the referenced papers that have explored the expression of ER-o and ER-p and GPERI1 in
different blood cell types, the methods they have used, and the results.

Study

Cell type

Method(s)

Result

Pelekanou et al. 2016
[374]

Monocytes from healthy women and
men

Western blot and
qPCR

ER-a-36 isoform and GPER1

Pierdominici et al. 2010
[372]

Peripheral blood lymphocytes (CD4+
and CD8+ T lymphocytes, B
lymphocytes and NK cells) from
healthy men

Flow cytometry
and western blot

Intracellular expression of ER-o and ER-3
(ER-0-46 isoform most represented ER)

Zhang et al. 2009 [367]

T-lymphocytes from women

Western blot

ER-B>ER-a

Scariano et al. 2008

PBMNCs from healthy women and

Flow cytometry,

erythematosus patients

(373] men western blot, ER-o and ER-B expression in the nuclei
qPCR
. T-cells from systemic lupus
Rider et al. 2006 [366] . Western blot ER-B > ER-a
erythematosus patients

. + T- + T-

Shim et al. 2006 [368] | CP10* Treells and CD3+Tocells from |-y o0 ER-B only
healthy men and women
PBMNCs from myasthenia gravis Flow cytometry .
Nancy et al. 2005 [371] patients and qPCR ER-alpha and ER-beta expression
CD4+ T-cells, CD19+ B-cells, CD8+ ER-o > ER-p (CD4+ T-cells)

Phiel et al. 2005 [369] T-cell tes from health PCR ER-p > ER-o (CDI9F T-cells)

1t et at. “eets, $§;Ziyaisd rrrtl);ll catthy 4 low but detectable levels of ER-a and ER-

B (CD8+T-cells and monocytes)

Kassi et al. 2001 [370] PBMNCs from systemic lupus qPCR ER-alpha and ER-beta expression
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5.1.2 ER-o and ER-§ expression in blood

The oestrogen responsiveness is tissue-specific due to the expression of different ER subtypes, the
expression of different co-activators and repressors, and the expression of FOXA1 and GATA3 [11,
244]. In early breast cancer development, the expression of ER-a is increased and ER-f3 is decreased
[246, 248]. The expressions of ER-a and ER- have previously been observed in blood with some
inconsistent results [369-378]. The expression levels seem to differ between cell types, for example
relatively high expression levels were observed for CD4+ T-cells and B-cells, but low, yet still
detectable, levels in CD8+ T-cells and monocytes [373]. Higher levels of ER-a compared to ER-f3
were observed in CD4+ T-cells and higher levels of ER-f compared to ER-a in CD8+ T-cells and
monocytes. Another study found the GPER1 and ER-a-36 isoform to be expressed in monocytes [378].
The expressions of both the ER-a and the ER-p in PBMNCs have been confirmed in several studies
[374, 376, 377], but one study reported only ER-f} expression in CD19+ B-cells and CD3+ T-cells
[372], and two studies report higher levels of ER- compared to ER-a in T- and B-cells [370, 373].
Note that for some these studies, the blood samples were collected from healthy men only [376], or
patients with autoimmune diseases [370, 374, 375], which can affect the results. In summary, the
evidence for the expression of the ERs in blood is not entirely conclusive. The previous studies are

summarised in Table 5.1.

5.1.3 Aims of this chapter

In this chapter two hypotheses of oestrogen-induced DNA methylation were explored; a DNA repair
mechanism following DNA damage from oestrogens, and a transcriptional mechanism via the ERs
(Figure 1.2). As a model system a lymphocyte cell line (LCL) was used with three different mutation
phenotypes: wild-type samples (with no pathogenic BRCAI/2 mutations), samples with BRCAI
mutations, and samples with BRCA2 mutations. Following oestrogen treatment it was hypothesised that
different DNA methylation profiles would be observed between the three phenotypes, as a result from
different DNA repair-responses to the DNA damage. The genome-wide DNA methylation levels were
measured using the LINE-1 assay, and four CpG sites that showed association with breast cancer risk
in Chapter 3 were analysed (Table 3.9). Furthermore, a transcriptional mechanism was explored by

analysing the protein levels of ER-a and ER-f3 in LCLs.
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5.2. MATERIALS & METHODS

5.2.1 Cell culture

5.2.1.1 LCLs

All experiments were conducted in Epstein-Barr Virus (EBV)-transformed isolated B-cells (LCLs).
The EBV-transformation increases the proliferation of the cells, leads to immortalisation without
becoming tumorigenic, and affects minimal genetic changes, making them an excellent renewable
source of genetic material [379-381]. The LCLs have been used as a model system in a number of
studies, are relatively easy to grow and requires minimal maintenance [381]. The cells are non-adherent

and grow as clusters in clumps due to the expression of adhesion molecules (Figure 5.1).

Nine samples of EBV-transformed LCLs were provided by the Kathleen Cuningham
Foundation Consortium for research into Familial Breast Cancer (kConFab). Of these, three samples
were from women who have tested negative for pathogenic mutations in BRCAI or BRCA2 (wild-
type), three samples from women carrying a pathogenic mutation in BRCAI and three samples from
women carrying a pathogenic mutation in BRCA2 (Table 5.2). All women were premenopausal, had
not been diagnosed with cancer, and not used HRT or Tamoxifen (to reduce exogenous hormonal
exposure). The shipment from Australia took approximately three days and the cells were sent in
tightly packed T25 flasks. All cells were clear, yellow and with clumps of cells at the bottom of the
flasks. The cells were incubated overnight at 5% CO, at 37°C and split to new flasks on the second day
upon arrival. The LCLs were grown in RPMI-1640 (Sigma Life Science) supplemented with 10% Fetal
Calf Serum (FCS, First Link UK), 1% 2mM L-glutamine and 1% Penicillin-Streptomycin. When the
cell suspension turned yellow 2-5 ml of media was added to the samples and they were split to new
flasks every 3-5 day. The cells were regularly tested for Mycoplasma using the Lonza MycoAlert

Mycoplasma Detection kit.

5.2.1.2  ZR-75-1 and U20S-ER-f cell lines
The cell lines ZR-75-1 (breast epithelial cells) and U20S-ER-B (bone osteosarcoma epithelial cells)
were kindly provided from Professor Simak Ali’s laboratory, Hammersmith Campus. Both cell lines

were grown in T75 flasks in Dulbecco’s Modified Eagle Medium (DMEM, Sigma Life Science)
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Figure 5.1. EBV-transformed Lymphocyte Cell Lines (LCLs)

Picture A-C from Hui-Yuen et al. [376] shows the transformation of EBV-infected LCLs from
uninfected cells (A), one week after EBV-transformation (B) and after five weeks (C). Picture D is a
picture of cells from one LCL sample used in this study.
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Table 5.2. Summary of LCL samples from kConFab

All experiments in this chapter was conducted in EBV-transformed lymphocyte cell lines (LCLs) from
kConFab. This included three samples from women who have tested negative for pathogenic mutations
in BRCAI or BRCA?2 (wild-type), three samples from women carrying a pathogenic mutation in BRCA !
and three samples from women carrying a pathogenic mutation in BRCA2. All women were
premenopausal, had not been diagnosed with cancer, and not used HRT or Tamoxifen (to reduce
exogenous hormonal exposures).

Age at Age at Age at
Sample blood start OC 8 Mutation Mutation Information
. last OC use
sampling use
BRCAI (1) a4 20 20 BRCAI- del exon 20 | Copy number deletion vanz.int allele pfedlcted
ins G to encode a non-functional protein.
BRCA1 5382 5383 | Variant allele predicted to encode a truncated
BRCAL(2) 38 15 38 ins C (STOP 1829) non-functional protein.
BRCA1IVS 19-12 | IARC class based on posterior probability from
BRCAL() 38 20 2 G>A multifactorial likelihood analysis
BRCA2 IVS 16-2 ins | IARC class based on posterior probability from
BRCA2 (1) 38 17 20 AG multifactorial likelihood analysis
BRCA2 8216 A>T | IARC class based on posterior probability from
BRCA2(2) 28 17 27 (E2663V) multifactorial likelihood analysis
BRCA2 6633_6637 . .
BRCA2 (3) 2 17 2 del CTTAA (STOP Variant allele predlct.ed to enco@e a truncated
non-functional protein.
2137)
Wild-type (1) 49 21 22
Wild-type (2) 33 18 29
Wild-type (3) 44 18 41
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supplemented with 10% FCS, 1% 1mM L-glutamine and 1% Penicillin-Streptomycin. Cells were split

every 3-5 days and incubated in 5% CO; at 37°C.

The cell lines were used as positive and negative controls for the western blots of ER-a and
ER-B. ZR-75-1 expresses both ER-a and ER-, however stronger for ER-o [382-384]. The expression
of ER-B in the U20S cells were regulated via the T-Rex system (Invitrogen) that regulates the
expression of the gene of interest under the control of tetracycline-operator sequences. In the absence
of doxycycline the gene expression is silenced from the tetracycline repressor, and the addition of

doxycycline to the culture media released the tetracycline-repressor and allows expression [385].

5.2.1.3  Doxycycline treatment for the U20S-ER-f cells

The U20S-ER-B cells were plated on 6-well plates and incubated for 24 hours before the addition of
doxycycline to the growth media. Doxycycline (Doxycycline Hyclate > 98%, Sigma Aldrich) was
dissolved in 500 ml water to a final concentration of 2 mg/ml and filtered via 0.22 uM filter system.
Cells for ER-p positive control were treated with 100 ng/mg of doxycycline for 24 hours before protein

extraction.

5.2.1.4  Oestrogen treatment of the LCLs

Before oestrogen treatment of the LCLs, the growth media was changed to RPMI-1640 without
phenol-red (Sigma Life Science) supplemented with charcoal-stripped FCS (Thermo Fisher) to reduce
the hormonal background effects [386, 387]. The cells were washed with PBS twice before they were
re-suspended in the oestrogen-depleted media and incubated for 24 hours before the addition of 17-p-
oestradiol (E2, Sigma Life Science). Cells were treated with E2 in the concentrations of 0, 10 or
100nM for 6 hours before YH2AX immunofluorescence staining, and 48 hours before DNA extraction

and analysis of DNA methylation.

5.2.2 yH2AX immunofluorescence imaging

For analysis of DNA damage in the oestrogen treated cells, the phosphorylation of the histone H2AX at
serine 139 (YH2AX) was used as a marker of double strand breakages [388]. After 6 hours of E2
treatment, the cells were washed with PBS twice and re-suspended in ~200ml of PBS. Cells were dried
on cover slips and fixed by incubation in -20°C methanol for 5 minutes followed by -20°C acetone for

2 minutes, adapted from an earlier protocol for immunofluorescence staining [389]. The cells on the
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cover slips were blocked in a buffer of PBS with 5% FCS and 0.03% Triton-X for 15 minutes and
washed with PBS. The cells were incubated in 1:200 YH2AX primary antibody (Cell Signaling) for 30
minutes, washed with PBS three times for five minutes, and incubated in 1:400 secondary antibody
(Alexa Fluor 488 goat anti-rabbit, Invitrogen) for 30 minutes in the dark. The cover slips were washed
with PBS three times for five minutes and mounted on microscope slides using ProLong Gold antifade
regent with DAPI (Invitrogen). The cells were imaged using the Leica SP5 Confocal microscope with

40X oil objective at wavelengths 405 nm for DAPI and 488 nm for YH2AX at zoom factor 4.

5.2.2.1  Analysis of DNA damage

For analysis of the images of the YH2AX staining, CellProfiler 3.1.5 and their pipeline for Speckle
Counting was used, with a few modifications (Figure 5.2). In the first step the nuclei objects were
identified from the DAPI with sizes 50-200 pixels of diameter. An adaptive threshold method was used
to distinguish the nuclei, which adapts the threshold between the foreground and background intensities
across the images. For each pixel, the threshold was calculated based on the pixels within a given
window surrounding that pixel. Objects touching the border were discarded. The nuclei were
distinguished via their shape, separating two cells if they were clumped together. For analysis of the
images for YH2AX, the intensities were first enhanced and overlapped with the DAPI objects. The
YH2AX foci objects with sizes 2-35 pixels were identified by the use of an adaptive method with the
intensities divided in three classes instead of two, where the middle intensity was classified as
background. Also, the lower threshold was set to an intensity of 0.1 to filter out low-intensity staining.
This was due to the observation of background noise, or low-intensity non-specific cell staining of
YH2AX in the images. The foci were identified by intensity where one single peak of brightness was
assigned to one focus. The number of YH2AX foci per cell was used to determine the level of DNA
damage, and also the mean intensity level per foci per cell. The DNA damage was compared between

treatments using Student’s t-test.

5.2.3 Bisulphite pyrosequencing
Five DNA methylation assays were analysed by bisulphite pyrosequencing [183], including LINE-1 as
a surrogate measurement for genome-wide DNA methylation levels, and the four CpG sites that were

found to be associated with breast cancer risk in both the Generations Study targeted sequencing data

and EPIC-Italy 450K data (CpG sites near the genes CTNNA2, GRB10, RPH3AL and TINCR, Table
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3.9). Primers were designed using the PyroMark Assay Design 2.0 software including two PCR
primers (one biotinylated at the 5’ end to be able to bind to the streptavidin-coated beads in the
pyrosequencing process) and one sequencing primer, and ordered from Sigma-Aldrich (Appendix 6).
Validation of primers included annealing temperature optimisation by running a temperature gradient
PCR for 53 to 60°C and gel electrophoresis, and the temperature with the strongest PCR product was
selected for each assay. All nine LCL samples were treated with 0, 10 and 100nM E2 for 48 hours and
DNA was extracted using the Puregene Core Kit B (Qiagen) and quantified using the Nanodrop 1000.
A total of 300 ng DNA from each sample was bisulphite converted in triplicates using the Zymo
Research EZ-96 DNA Methylation kit (Cambridge Biosciences) and analysed on the PyroMark
sequencer (PyroMark Q96 MD, Qiagen). Controls for the pyrosequencing included sequencing primer
only, biotinylated primer only, PCR product without primers, 0% and 100% methylated DNA, and
non-template control. Comparison of the DNA methylation levels between untreated and treated cells
was analysed per dose (using all LCLs), per mutation phenotype, and per individual sample, using

Student’s t-test.

5.2.4 Western blot for ER-a and ER-§

Cell suspensions containing between 5x10° to 1x10” cells were harvested and lysed to break up the cell
membrane using a RIPA buffer including the protease and phosphatases-inhibitors Aprotinin and
Leupeptin. The cells were left to lyse for 30 minutes on ice and afterwards centrifuged at max speed for
15 min at 4°C. The supernatant containing the proteins were transferred to a new 1.5 ml tube and the
proteins were quantified using the Bradford protein assay dye reagent (Bio-Rad) measured on

wavelength 595nm.

For immunoblotting 10% and 5% acrylamide resolving and stacking gels were used for
sodium dodecyl sulphate-polyacrylamide gel electrophoresis (SDS-PAGE). For each sample 15-30pg
of protein was mixed with 3X Laemmli loading buffer (BioVision), boiled to unfold the proteins, and
loaded onto the gels. Gels were run at 80V for 15min followed by 110V for 1.5-2h. The proteins were
transferred to a PVDF membrane using the iBlot System (Invitrogen) and blocked in 5% milk for one
hour followed by primary antibody incubation overnight at 4°C. The membranes were washed with
TBST three times for 30 minutes and incubated in secondary antibody for one hour at room

temperature. The membranes were washed with TBST six times for five minutes and covered in Pierce
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ECL Western Blotting Substrate mix before detection using the Chemiluminescence Imager (GE
Healthcare ImageQuant LAS 4000). Membranes were stripped with Restore PLUS Western Blot
Stripping buffer (Thermo Scientific) and re-blotted with beta-actin for loading control. The antibodies
used included 6F11 for ER-o (monoclonal, Invitrogen) diluted 1:1000 in 5% milk, MC10 for ER-B
(monoclonal, Invitrogen) diluted 1:500 in 5% milk [390], and anti-mouse diluted 1:2000 and 1:500 in

5% milk as secondary antibody.
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Figure 5.2. Analysis of yH2AX immunofluorescence using CellProfiler

A. The image for DAPI is used as input for detection of nuclei objects. B. Nuclei objects are identified by
their shape. C. The image for yH2AX is used as input for foci (speckle) detection. D. The intensity are
enhanced. E. The enhanced intensities are overlapped with the image of the nuclei (B). F. The yH2AX foci
are identified by intensity thresholds. Number of foci (F) per cell (B) was analysed in this study, as well as

the mean intensity per foci per cell.
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5.3. RESULTS

5.3.1 DNA damage following oestrogen treatment in LCLs

One LCL (wild-type) was treated with 0, 10 and 100nM E2 for six hours and analysed for DNA
damage by YH2AX immunofluorescence imaging (Figure 5.3A). Five images were taken randomly for
each treatment. No significant difference in YH2AX foci per cell was observed between the three
different treatments (Figure 5.3B). However, low-intensity non-specific background binding of
YH2AX was observed for the images, making them difficult to analyse without stringent threshold
settings (described in methods), and omitting low intensity foci. Mean intensity levels of the identified
YH2AX objects were also analysed for each treatment and image, and a stepwise increase in the
intensity was observed, however, not significant (P-value > 0.05, Figure 5.3C). This might suggest

that DNA damage was higher for the LCLs with increased oestrogen treatment.

5.3.2 DNA methylation following oestrogen treatment in LCLs

All nine samples of LCLs were treated with 0, 10 and 100nM E2 for 48 hours and DNA methylation
levels of five assays were analysed using bisulphite pyrosequencing. The designed primers are listed in
Appendix 6. No significant (P-value > 0.05) difference was observed between untreated and treated
samples in any of the five assays (Figure 5.4), neither when stratifying the samples by their BRCA1/2
mutation phenotypes (Figure 5.5A-C). However, significant differences for CTNNA2, GRBI0,
RPH3AL and TINCR mean methylation values were observed when grouping all treated and untreated
samples between the mutation phenotypes (Figure 5.5D). For the CTNNAZ2 assay DNA methylation
levels were lowest for the wild-type samples; for the GRB0 assay the levels were highest for the wild-
type samples compared to the BRCA2-mutation samples; for the RPH3AL assay the levels were highest
for BRCAI-mutation samples, and for the TINCR assay the levels were highest for BRCA2-mutation

samples.

Sample-specific DNA methylation changes following E2 treatment were observed for some of
the individuals (Figure 5.6). Significant increase in DNA methylation following oestrogen treatment
was seen for LINE-1 for one of the BRCA2-mutated individuals and treatments (10nM), and two of the
individuals (wild-type and BRCAI) in one of the treatments (10nM and 100nM) in the CTNNA?2 assay.

Significant decrease in DNA methylation following oestrogen treatment was observed for both
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Figure 5.4. DNA methylation in LCLs following oestrogen treatment

Nine samples of LCLs were treated with 0 (vehicle), 10nM and 100nM 17-B-oestradiol (E2) for 48
hours, DNA was extracted and bisulphite converted, and pyrosequencing for five assays was conducted:
LINE-1 as a surrogate measurement for genome-wide DNA methylation levels and four CpG sites that
showed significant association with breast cancer risk in the Generations Study (Chapter 3, Table 10).
No significant (P-value > 0.05, Student’s t-test) difference in DNA methylation levels between treated
and untreated samples were observed for any of the five assays.
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Figure 5.5. DNA methylation in LCLs following oestrogen treatment, phenotype specific

The DNA methylation levels from pyrosequencing for treated and untreated cells in the five assays for (A)
wild-type samples from women with no pathogenic mutation in BRCAI or BRCA2, (B) samples from women
with pathogenic BRCAI mutation and (C) samples from women with pathogenic BRCA2 mutation. No
significant differences between the untreated or treated samples were observed. D. The DNA methylation
levels for the five assays were compared between the three mutation-phenotypes (grouping untreated and
treated samples together), using Student’s t-test and significant differences (P-value < 0.05, marked by *)

was observed for the CTNNA2, GRB10, RPH3AL and TINCR-assays.
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Figure 5.6. DNA methylation in LCLs following oestrogen treatment, per individual sample
Sample-specific DNA methylation levels for treated and untreated cells for the five pyrosequencing assays.
DNA methylation levels between treatments were compared using Student’s t-test with a P-value threshold
of 0.05. Significant differences between treated and untreated cells are marked by *.
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treatments in the RPH3AL assay for one of the BRCA2-mutated individuals, and for the TINCR assay
for two of the BRCAI- and one of the BRCA2-mutated individuals for untreated and 100nM E2-treated
cells, but an increase in another BRCA2-mutated individual. No significant difference was observed for
the LINE-1 assay for any of the samples, except for an increase in 10nM E2-treated samples for one of

the BRCA2-mutated individuals.

5.3.3 The ERs are not detectable in LCLs

The specificity for the ER-o antibody was high with a strong band at 66kDa only for the ER-a positive
control (proteins extracted from ZR-75-1 cells). The ER-o was not detected in any of the nine LCLs,
even when a total of 30pug of protein was loaded (Figure 5.7A). The specificity for the ER-B antibody
was however questionable with two strong bands for the ER-B positive control around 60 and 55kDa
(U20S-ER-f cells treated with doxycycline), one faint band around 60kDa for the ER-B negative
control, and two strong bands around 60 and 62kDa for the ER-o positive control (the ER-p was
expected to also be expressed in ZR-75-1, but not as strong as ER-a). A few faint bands were observed
on the blot for the nine LCLs, but not enough to conclude significant expression of ER-f (Figure

5.7B). A total of three blots per antibody were analysed, showing the same results.
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Figure 5.7. Western blot of ER-a and ER-f in LCLs
A. Western blot of ER-a in LCLs. Expected size for the antibody 6F11 was 66kDa. B. Western blot
of ER-B in LCLs. Expected size for the antibody MC10 was 59kDa. In both blots 30pg of protein

was loaded. Beta-actin was used as a loading control. Positive and negative controls were ZR-75-1
and U20S-ER-B +/- doxycycline. A total of three blots per antibody were analysed, showing the

same results.
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5.4. DISCUSSION

In this chapter the mechanisms of oestrogen-induced DNA methylation have been explored in
lymphocyte cell lines (LCLs). No expression of either ER-a or ER-B was observed in any of the
samples, suggesting that the proteins are not highly expressed in LCLs, which would exclude the
hypothesis of a transcriptional mechanism leading to DNA methylation changes. No significant
difference in YH2AX foci per cell was observed between untreated and E2 treated cells, however the
intensity of the marker seemed to be increasing with higher E2 doses, which might suggest an increase
in DNA damage following higher oestrogen exposure similar to previous reports [249]. Furthermore,
no significant difference in DNA methylation levels in untreated or E2 treated samples was observed
for any of the five analysed pyrosequencing assays, however, significant differences were observed for
some of the E2 treated samples in some individuals. Also, BRCAIl/2-mutation specific DNA
methylation levels were observed for the four assays previously shown to be associated with breast

cancer risk.

The expression of ER-o and ER- was explored in LCLs since previous studies have showed
somewhat inconsistent results of ER expression in blood (Table 5.1). Even though it was expected that
the results might differ depending on the cell type, experimental design, and antibody specificity [376],
the expression of the ERs in blood is not fully clear. The ERs might have been detectable in other
WBCs, and the result is expected to differ in different cell types. Unfortunately, the ER-B antibody in
this study did not bind specifically to its target, even though the antibody was selected from a recent
review of ER-B antibodies [390]. Even so, no high expression of the ERs was observed in any of the
LCLs, which suggests that the transcriptional mechanism hypothesis is not correct. There is still a
possibility of an ER-independent effect on the transcription, for example via the GPER1 that was not
been explored in this study. To further explore a transcriptional mechanism, it would be interesting to
perform ChIP-seq of ERs in blood to identify any ER-binding events and ER-target genes, which are
expected to be cell type specific. However, to do this the ERs need to be expressed at a higher level, so
it would not be suitable to use LCLs for this, and fresh blood samples with cell sorting may be

required.

Low-intensity background binding was observed in the images for yH2AX staining, and DNA

damage was observed even for untreated LCLs (ratio of YH2AX foci and nuclei was on average 7 for

162



untreated cells), which might have complicated this analysis. Even though LCLs have several
advantages and have been used in a number of published studies as a model system for blood [381],
there are some limitations. The increased proliferation rate increases chromosomal instability and DNA
damage events in the LCLs, particularly at early stages of EBV-transformation [391, 392]. Large inter-
experimental variability has been observed in LCLs following DNA damage experiments, including
the YH2AX assay [392, 393]. Furthermore, differences in DNA methylation between LCLs, whole
blood and peripheral blood cells including leukocytes have been observed, suggesting that LCLs
should be used with caution as a model system in DNA methylation experiments [394-397]. However,
it is not unexpected that DNA methylation will differ between LCLs and other cell types. These are
important considerations when designing experiments in LCLs, however, the purpose of this study was
not to compare with other blood cell types, but to explore changes in DNA methylation following
oestrogen treatment. To note, the mean DNA methylation levels in the LCLs at the four target CpG
sites differed greatly from the Generations Study targeted sequencing data (CTNNAZ2: 9% in the LCLs

vs 77% in the Generations Study, GRB10: 34% vs 79%, RPH3AL: 42% vs 86%, TINCR: 64% vs 49%).

No significant changes in DNA methylation were observed between untreated or treated LCLs
in the five assays, but significant individual-specific differences were observed for some of the samples
for the CTNNA2, RPH3AL and TINCR assays with mainly decrease in DNA methylation following
oestrogen treatment. This is in line with previous results where hypomethylation was observed in
incident breast cancer cases in the Generations Study targeted sequencing data in Table 3.9
Interestingly, BRCA1 and BRCAZ2-mutation phenotypic DNA methylation levels were observed for the
CTNNA2, RPH3AL and TINCR assays. This might suggest that the DNA methylation levels are

different in samples with an impaired DNA repair pathway, but will need further investigation.

There are several limitations to this study that should be acknowledged. Firstly, more samples
should be analysed for DNA damage induced changes, as this was only performed on one individual.
Further improvements of the experiments would involve optimisation of the right treatment dose and
treatment time of E2 for the LCLs, further optimisation of ER- western blotting, and optimisation of
the protocol for YH2AX immunofluorescence staining. Other further experiments could be to use whole
blood or PBMNC:s instead of LCLs, to analyse the expression of other ER isoforms and the GPERI,
and to analyse DNA methylation using a genome-wide array or other experimental technique to

explore a larger number of CpG sites following oestrogen treatment.
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5.4.1 Conclusions

In this chapter, two main mechanisms of oestrogen-induced DNA methylation were explored in LCLs.
The results might suggest a potential role for increased DNA damage response following oestrogen
treatment, and limited transcriptional response due to the non-detectable expression levels of the ERs.
However, no change in DNA methylation was observed after oestrogen-treatment at the five analysed
pyrosequencing assays, but modest individual specific changes were observed. These are preliminary

results and further optimisation and replication are needed to draw stronger conclusions.
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CHAPTER 6:
Discussion, Future Research

Directions, and Conclusions
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6 CHAPTER 6: Discussion, Future Research Directions and

Conclusions

6.1. GENERAL DISCUSSION

The hypothesis for this project was that lifetime oestrogen exposure accumulates DNA methylation
changes detectable in blood, which can be used for breast cancer risk assessment. The main research
question can be divided into three parts. Firstly: does lifetime oestrogen exposure affect DNA
methylation in blood? Secondly: can a blood DNA methylation signature be used to assess a woman’s
risk of developing breast cancer? And lastly, by combining the first two questions: can a DNA
methylation signature reflecting a woman’s lifetime oestrogen exposure be used to assess her breast
cancer risk? In addition to this, the mechanisms between oestrogen exposure and blood DNA

methylation have been explored.

6.1.1 Lifetime oestrogen exposure and DNA methylation

It was hypothesised that lifetime oestrogen exposure accumulated DNA methylation changes
detectable in blood. An EWAS of the Estimated Lifetime (o)Estrogen Exposure (ELEE) model was
conducted, and this is, to our knowledge, the first EWAS of lifetime oestrogen exposure. A total of 694
CpG sites were found to be associated with ELEE after correction for multiple testing (Figure 2.3A).
Somewhat unexpectedly, these CpG sites were enriched in active promoter regions and CpG islands
with mainly an increase in DNA methylation levels associated with longer ELEE (Figure 2.6), which
would mean that the outcome of longer ELEE is more repression of genes. This was partly unexpected
since it was thought that increasing ELEE would lead to higher expression of ER-target genes.
However, promoter hypermethylation is in line with previous observations in breast cancer [197, 204,
206], and might support the hypothesis of changes in DNA methylation following oestrogen-induced
DNA damage in blood (further discussed in section 6.1.3). Furthermore, the CpG sites associated with
ELEE were also enriched in CpG shelves (regions located 2-4K base pairs outside of CpG islands) with
mainly a decrease in DNA methylation levels (Figure 2.6). It is not clear what affect this will have on
the transcription or the genomic stability, especially since the opposite, hypermethylation, was found in

CpG islands. In the other genomic regions (gene body, intergenic, and open sea) the DNA methylation
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generally decreased with longer ELEE, and the DNA methylation levels for a majority of the 694 CpG
sites (61%) were decreasing with longer ELEE (Figure 2.3B). This is in accordance with the genome-
wide DNA hypomethylation that has been recognised in breast cancer, even though results are
inconsistent [195, 197, 204-206]. In summary, the results from the EWAS of ELEE are similar to what
has been found in the breast cancer epigenome, and might mean that DNA methylation following

lifetime oestrogen exposure can be used as a biomarker for breast cancer risk.

Little emphasis has been put on the interpretation of the genes identified in this project. This is
mostly relevant, and easier to interpret, if the methylation is located in gene promoters or enhancer
regions, where an increase in DNA methylation would lead to silencing of the target gene. The top hits
reported in Table 2.4, however, consisted of CpG sites in several different functional genomic regions,
and some CpG sites were located far away from the nearest gene, which makes it difficult to link to a

gene function.

As summarised in Chapter 2, the findings from previous EWAS for blood DNA methylation
and breast cancer risk have not replicated across study cohorts [197, 204, 205, 288]. It was
hypothesised that a different approach compared with the traditional case-control design might be more
successful in identifying blood DNA methylation changes associated with breast cancer [208].
Therefore, a risk factor focused EWAS was conducted with ELEE as the risk exposure and DNA
methylation as the outcome. The idea was to first identify CpG sites where DNA methylation levels
were associated with ELEE, and then link this with breast cancer risk in a second step. This has been
assessed previously with smoking as the exposure, where DNA methylation signatures can be used to
discriminate smokers from never-smokers with high accuracy, and can be used to predict and mediate
the risk for lung cancer [211, 220]. Furthermore, the DNA methylation signature could be used as an
intermediate molecular phenotype that might be more accurate in estimating the risk exposure,
compared with questionnaire-based data. This signature could be used in further experiments to test
whether other exposures contribute to the ELEE, such as xenoestrogens. Unfortunately, no DNA
methylation signature of lifetime oestrogen exposure that replicated across study cohorts was identified

in this project (Table 4.5), and further work is needed to replicate the analysis in larger datasets.

The risk factor analysed in the EWAS was a model for the estimated lifetime oestrogen
exposure (ELEE). Different hormonal factors, all known to affect oestrogen exposure, have been

strongly associated with breast cancer risk, as summarised in the introduction (Table 1.1) and
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replicated in the EPIC-Italy questionnaire data in this study (Figure 2.2 and Appendix 1). By
combining risk factors together, it was hypothesised that a woman’s cumulative oestrogen exposure up
to the time at blood draw could be estimated. The ELEE model in this study included a woman’s
reproductive time, from which was subtracted one year for each full-term pregnancy and total lifetime
breastfeeding duration (in years). This will roughly estimate a woman’s total lifetime oestrogen
exposure, given that parous women have decreased oestrogen levels in older ages compared to
nulliparous women, and thereby a shorter ELEE value (Figure 6.1). Women with more pregnancies

and longer breastfeeding duration will have a shorter ELEE, compared with nulliparous women.

The ELEE-model in this project is not a perfect model, and does not include all factors that
affect a woman’s exposure to oestrogens. However, even though it is well established that all risk
factors contribute to breast cancer risk, it is not clear how all the different hormonal risk factors would
contribute to the total oestrogen exposure. For example, only current or former use of HRT or OC at
time of blood drawn might add into the total measured exposure, but not in a long-term perspective if
the exposure was several years ago. Increase in breast cancer risk is only seen for current use and up to
10 years after cessation, while the oestrogen exposure would only be temporarily increased [95, 121,
126, 132, 133]. Relevant to this project, it is also possible that the DNA methylation changes following
OC and HRT use are reversible as well after cessation. Also, as already discussed, BMI should be
modelled differently in pre- and postmenopausal women [43, 46], and the oestrogen exposure is further
affected by menstrual cycle regularity, length, and this is often changed after FFTP [110, 111]. During
pregnancy the oestrogen levels are increased dramatically, but the long-term effect is a decrease in
oestrogen levels compared to nulliparous women [110, 111]. It is not clear what the total effect in
oestrogen exposure from have being pregnant will be, and the ELEE model in this project only

included the long-term decrease.

In conclusion, lifetime oestrogen exposure is complex to model, and there are yet many
unanswered questions in the mechanisms for different hormonal risk factors. The perfect ELEE model
might include age at menarche, regularity and length of menstrual cycles before and after FFTP,
number of pregnancies, duration breastfeeding, current or recent OC and HRT use, premenopausal
BMI, postmenopausal BMI, and adult weight gain (Figure 6.1). Furthermore, lifestyle factors such as
average lifetime alcohol consumption, average lifetime physical activity, and postmenopausal smoking

will contribute to the exposure. How much each factor should be weighted to contribute to the ELEE
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model is, however, also not known. While the ELEE model used in this project might not be perfect, it
captures the most important life events to estimate differences in lifetime oestrogen exposure between
women, and includes the hormonal risk factors with the strongest knowledge about how they contribute

to the lifetime oestrogen exposure.

6.1.2 Blood DNA methylation and breast cancer risk

It was hypothesised that a blood DNA methylation signature could be used to estimate a
woman’s risk for developing breast cancer. The Methylation Index (MI) for breast cancer risk in this
study was validated in a large independent study cohort using targeted bisulphite sequencing, and was
replicated in a meta-analysis including four different prospective study cohorts. This is one of the few
DNA methylation signatures for breast cancer risk that has validated and replicated, although modestly,

across several study cohorts.

The idea of using blood DNA methylation as a biomarker for breast cancer risk is becoming
more accepted [187, 208, 334]. It is well established that alterations in DNA methylation is an early
event in breast cancer [178, 179, 187, 188, 195, 267], and prospective studies have been able to
identify changes in blood DNA methylation years before breast cancer diagnosis, supporting the use of
a DNA methylation biomarker in blood [195, 197, 199, 204-208, 288, 289]. DNA methylation is
modified by endogenous and exogenous exposures, and would in theory capture the exposure to
different risk factors and thereby be able to quantitatively reflect the breast cancer risk. Also, DNA
methylation is a relatively stable marker over time [207]. For example, it has been shown that DNA
methylation signatures associated with smoking can remain up to 20-40 years after cessation [76, 221].
Furthermore, blood sampling is an accessible, less-invasive and relatively easy method to add into a

population-screening programme, if a validated biomarker can be identified.

If a blood-based DNA methylation biomarker should be incorporated in population risk
screening, it needs to be strongly and independently associated with breast cancer risk, validated and
replicated across populations, and vary sufficiently between individuals to accurately stratify women
into low and high-risk groups. Even though the association between the MI and breast cancer risk was
both validated and significant in the meta-analysis in this project, the association was modest, which
might not be sufficient to be used for risk screening, and further improvements of the model is needed.

An increase in risk by 4% per one unit increase in the MI was observed in the meta-analysis, but a 45%
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increase between the highest and lowest quartiles (Figure 4.1 and 4.2). This might indicate that the MI
is better at estimating the risk for the women with lowest and highest risk, but will also not differentiate
women in the middle-risk groups. Further studies are needed to show how efficiently this can be done
and what thresholds should be used. Alone, the MI could classify women into lowest and highest
quartile risk groups in the Generations Study with an estimated AUC of 0.61 (95% CI: 0.55 — 0.67,
Figure 3.7), which is around the lower range reported for the Gail or Tyrer-Cuzick models [141].
Further studies are needed to determine if the MI can add valuable information to the risk models, in

combination with other risk estimations such as polygenic risk scores.

In summary, a methylation signature in blood DNA has high potential to improve breast
cancer risk assessment. A blood DNA methylation signature for breast cancer risk was identified in this
project, but further optimisation and validation of the signature is needed before it can be assessed if it
might add valuable information to breast cancer risk models, and improve risk-stratification for

women.

6.1.3 Lifetime oestrogen exposure, blood DNA methylation, and breast cancer risk

It was hypothesised that the lifetime oestrogen exposure accumulates changes in DNA methylation,
which can be detectable in blood and are associated with breast cancer risk. It is well established that
oestrogens are involved in breast cancer development, and there is evidence that oestrogen exposure
can affect DNA methylation [262-268]. A methylation signature for breast cancer risk was identified,
however, the signature did not correlate with ELEE in other study cohorts examined, except in the
EPIC-Italy HM450K data in which the signature was developed. This result was unexpected and is
difficult to interpret. It is possible that the association between the MI and ELEE is a false positive and
that the MI was over fitted in the EPIC-Italy data. Another suggestion might be that the MI captures the
biological effects of lifetime oestrogen exposure more accurately than the ELEE model developed from
questionnaire data itself, including any confounders that might affect ELEE. This could explain why an
association between the MI and breast cancer risk was observed but no correlation between the MI and
ELEE. Furthermore, differences between the study cohorts (or sub-cohorts for EPIC-Italy) that might
affect both DNA methylation and lifetime oestrogen exposure cannot be excluded, including smoking,

which is well established to affect DNA methylation, and other lifestyle and reproductive factors.
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Furthermore, the combination of risk factors in the ELEE-model might be capturing something else

other than lifetime oestrogen exposure or be confounded by other factors.

The mechanisms between oestrogen exposure and DNA methylation in blood were explored
in this project. Two main mechanisms were hypothesised: either that DNA methylation is altered
through a transcriptional, ER-dependent mechanism, or by DNA damage from different oestrogen
metabolites. The expression levels of the ERs and DNA damaging response following oestrogen
treatment were explored in LCLs, as a model system for blood DNA. No expression of either ER-a or
ER-p was detected (Figure 5.7), however, some indication of DNA damage following increasing
concentrations of oestrogen treatment was observed (Figure 5.3), but no change in DNA methylation
levels was found in the five analysed assays (Figure 5.4). Interestingly, variation between individual
samples and mutation-phenotypic DNA methylation profiles was observed for some of the methylation
assays (Figure 5.5D and 5.6). Therefore, these studies in LCLs did not provide evidence to conclude
which mechanism is most relevant to the methylation changes observed in blood DNA. It is
acknowledged that different results for ER-expression or DNA damage response might have been

observed in other blood cell types.

The EWAS of ELEE identified mainly an increase of DNA methylation levels in active
promoter regions. This may be in line with the indications that higher oestrogen exposure increases
DNA damage. Active promoters have low methylation and open chromatin for accessibility for the
transcriptional machinery [177, 178], which makes them more prone for DNA damaging agents. It was
hypothesised that DNA repair following DNA damage introduced by oestrogens would result in
increased methylation at the damaged site, as a protective mechanism [261]. In BRCAI or BRCA2-
mutation carriers the DNA repair-responses are impaired, which would result in less hypermethylation.
This was, however, not observed in the five assays analysed in this project, but more evidence is
needed to conclude this. It is more likely that there is interplay between different mechanisms for
oestrogen-induced DNA methylation changes in different blood cell types, which can also vary
between individuals. For example, alterations in the oestrogen metabolism with more production of 4-
OHE2 might lead to more DNA damage than transcriptional response, which has been observed in

breast cancer cases [251, 254].

From these experiments and previous studies, the conclusion would be that oestrogen causes

changes in DNA methylation in blood through a number of different mechanisms, including change in
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transcription and through DNA repair mechanisms following DNA damage. This has been suggested
previously in breast cancer [398]. However, our results might indicate a stronger effect from DNA
damage in blood that result in DNA methylation alterations, rather than transcriptional changes, due to

the absence of ER expression.
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6.2. STRENGTHS AND LIMITATIONS

All analyses in this study were conducted in prospective study cohorts, with blood samples taken years
before diagnosis. This is important when exploring risk biomarkers, where retrospective data can be
confounded by reverse causation, i.e. that the cancer itself is causing changes in DNA methylation. The
results in this project did not find any signs of a reverse causation, but potentially the opposite: the
association with breast cancer risk was reduced when date at diagnosis was closer to when the blood
samples were taken, suggesting that the cancer progression might influence the methylation signature

by increasing variability.

The initial EWAS of ELEE was limited by the small sample size in EPIC-Italy (n=216),
which can influence the P-values and give biased results. To avoid focusing on potentially false
positives, the rest of the analyses were focused on the CpG sites with largest changes in DNA
methylation per year increase in ELEE, and with the most statistically significant P-values. The 694
CpG sites were filtered down to 212 CpG sites (Appendix 2). However, the P-values were still
relatively large (maximum P-value was 9x107), in comparison to a genome-wide significance of P <
1x107 that is often used. Only four CpG sites would pass this stringent threshold. Similar P-value
thresholds have been observed in other EWAS: Xu ef al. [288] reported a significance level of
approximately -log;o(3.2) = 6x10™ for a sample size of 910, and Joo et al. [289] used a threshold of
5x10” with a sample size of 210. The low statistical power seems to be a common problem for

EWAS, and therefore, future larger collaborations are recommended.

Importantly, the EWAS was limited by the HM450K array that only includes less than 2% of
all CpG sites in the genome. Even though the array was designed to cover CpG islands, gene bodies,
and regulatory elements, and it was assumed that CpG sites located close to each other were correlated,
much important information is missing. However, for now, prior to the release of the Illumina
HumanMethylation850K (HMS850K) array, the HM450K array was the most cost-effective alternative

for large DNA methylation studies.

A strength in this study was the use of newly recommended statistical methods in the EWAS.
Recent publications have argued that linear regression on M-values might not be appropriate, however,
there is yet no standardised method for EWAS. Statistical methods to use in EWAS are still under

discussion and in process [307, 308, 318]. This includes also the pre-processing and normalisation
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steps of the array data, which are also under development [399, 400]. Technical variation will be
introduced from the laboratory and data analysis steps, including bisulphite conversion efficacy,
variation in PCR amplification, batch effects, differences in normalisation of the data, WBC
composition adjustments, and statistical methods in the association analysis. I believe future EWAS
will benefit from having a more standardised pipeline to follow, to allow easier replication in future

studies.

Another limitation was the inclusion of incident cases in the EWAS of ELEE. Since ELEE is
associated with breast cancer risk in EPIC-Italy, the inclusion of cases, even though prospective data
was used with blood samples collected prior to diagnosis, might affect the results. However, not
including cases would have reduced the statistical power considerably. Sensitivity analyses of both the
EWAS and development of MI were conducted. This showed that the results from the EWAS
correlated well in controls-only EWAS (Figure 2.5), and that the MI developed in controls only
showed similar association with breast cancer in the Generations Study (Figure 3.8). This suggests that

the inclusion of cases in the initial EWAS did not affect the final results substantially.

Another strength of this work was the validation of the MI in a large independent study cohort
using an independent method, and the meta-analysis including one additional sub-cohort from EPIC-
Italy and two additional, independent study cohorts. For the validation step, the Fluidigm 48.48 Access
Array was used, which let us include a total of 48 CpG sites in this step. This is still a small number of
CpG sites compared with the 694 CpG hits, but many more than if bisulphite pyrosequencing would
have been used. Five CpG sites to estimate WBC composition in the sequencing data were also
included, which is important to consider when working in a mixture of cell types. Also, a test phase
prior to sequencing in the Generations Study was performed, which meant I was familiar with the
procedure and could analyse the quality for each assay, which probably resulted in the generation of
high-quality data of 31 CpG sites that were included in the MI. However, the model had to be
developed after the targeted sequencing, since it was dependent on the quality of the assays in the

sequencing data.

Furthermore, this project also included exploratory analyses of the mechanisms between
oestrogen exposure and DNA methylation. While these experiments were limited in scope, they gave
indications that oestrogens might affect DNA methylation in a number of different ways, which needs

to be take in into account in future studies.
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Taking these limitations and strengths into account, how would the project have been
conducted if it was started over today? Firstly, if sufficient data was available, the EWAS would have
been conducted in healthy controls (not diagnosed with breast cancer) only, and the MI model would
have been developed in controls only. If possible, replication steps of the ELEE model and association
between the MI and ELEE would have been conducted before exploring the association with breast
cancer. [ would have considered including more variables in the ELEE model, if all information were
available from the questionnaire data. After this, the association between the MI and breast cancer risk

would have been assessed in case-control studies, including the validation step and meta-analysis.
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6.3. FUTURE DIRECTIONS

The EWAS of ELEE needs further replication in larger study cohorts, to identify potential false
positive CpG sites from this project, or new CpG sites that were not detected due to insufficient
statistical power. This will provide further insights into where in the genome changes in DNA
methylation levels occur in association with lifetime oestrogen exposure. The replication would
preferably be conducted in controls only that have remained cancer-free several years after blood
drawn, to exclude the possibility of any confounding factors from prospective breast cancer cases.
Also, combinations of other hormonal risk factors not included in the ELEE model in this project might

be explored, such as current or recent HRT use in postmenopausal women.

Large collaborations are needed for EWAS to gain sufficient statistical power, similar to the
studies on DNA methylation and BMI by Wahl et al. [213] and alcohol consumption by Liu et al. [299]
with 10,000 and 7,000 subjects respectively. During this project I had the opportunity to participate in a
meta-analysis of EWAS for breast cancer risk (Bodelon ef al., manuscript under review) including
approximately 3,500 samples in total. However, compared to large GWAS with several 100,000

samples [37, 401, 402], this is still a relatively small number of samples.

Further replication of the EWAS of ELEE might give indications of other CpG sites that could
be included in the MI model. In addition to this, further replication and validation are needed to
improve and calibrate the MI model in large population study cohorts to identify a strong breast cancer
risk biomarker. This could be combined with longitudinal studies, to determine the stability of the
DNA methylation changes for the CpG sites included in the MI. For example, it could be explored if
the DNA methylation levels are stable in the transition from pre- to postmenopausal status. Also, it
could be explored if different lifestyle changes, such as weight loss, reduction in alcohol drinking,

increased physical activity or quitting smoking alter the MI and thereby result in lower risk estimation.

Furthermore, it needs to be explored how the MI can be incorporated into population
screening for breast cancer risk, and how to combine the MI in addition to different existing risk
models, polygenic risk scores, breast density measurements, and other reproductive and lifestyle
factors for better breast cancer risk prediction. Finally, the thresholds to stratify women into low or

high-risk groups need to be determined.
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To further explore the changes in transcription following longer ELEE, the EWAS of ELEE
could be combined with gene expression data, to explore which genes are affected with longer ELEE.
Also, ChIP-seq data for the ERs in blood might add useful information to explore if the CpG sites
associated with ELEE are enriched in ER-binding sites or ER-target genes. The expression levels of the
ERs limit the generation of high-quality ChIP-seq data, so it might be recommended to first determine
the levels of ER expression in different blood cell types. For this, another ER-f antibody than the one

used in this project and to include the analysis of the expression of GPER1 could be considered.

The experiments to analyse the mechanisms between oestrogen exposure and DNA
methylation in this project needs further optimisation. Since DNA methylation changes following
oestrogen treatment varied between individuals, a larger number of samples for each phenotype might
be needed to identify significant differences between wild-type, BRCAI, and BRCA2 mutation carriers.
The doses and time of the oestrogen treatment for the LCLs might need to be optimised, especially how
long to treat the cells to first be able to see changes in DNA damage (which is expected to be short) and
afterwards DNA methylation changes following that DNA repair mechanisms have been activated. The
DNA damage quantification protocol using the YH2AX-assay needs further optimisation to reduce the
background noise. This might be a matter of the treatment time for the cells, but also other DNA
damage assays (such as the comet assay [403]) might be more appropriate in LCLs. Additionally, with
further optimisation of the MI, DNA methylation levels following DNA damage could be explored at

other CpG sites in the pyrosequencing assays.

In this project the focus has been on lifetime oestrogen exposure as a risk factor for breast
cancer, but similar analyses could be conducted for other risk factors. For example, methylation
signatures that have been identified for alcohol consumption, BMI (potentially different signatures for
pre- and postmenopausal women), epigenetic age acceleration, and smoking could be used [213-215,
299]. The risk factor methylation signatures could then be tested in case-control studies for prediction

of breast cancer, and might add further information for risk assessment.
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6.4. BREAST CANCER RISK AND PREVENTION

The incidence rate for breast cancer is increasing, and new approaches to reduce the economical and
emotional burden of the disease need to be explored. For now, it is expected that 1 in 7 women will be
diagnosed with breast cancer [164] (this was increased from 1 of 8 women at the start of this project).
If women of high risk for breast cancer can be identified, they can be targeted with chemoprevention to
efficiently reduce the number of breast cancer cases [156, 157, 159, 160], or lifestyle changes.
However, as proven in the introduction, the risk models are for now not able to stratify women into low
and high-risk groups efficiently, and will always miss some cases that will be grouped in the low-risk
group. The recently updated BOADICEA model has the potential to improve risk stratification, but
needs further validation [147]. Therefore, lifestyle changes, or guidelines, should be relevant for the
entire population to additionally reduce the number of cases that cannot be identified in the risk
models. Risk assessment and risk information may be efficiently included in screening occasions,
including a blood sample for genetic and epigenetic testing. Risk assessment needs to be simple and
economical. Nevertheless, the estimation of risk for an individual woman is complex. The interplay
between family history, breast density, risk-SNPs and BRCA1 and BRCA2 mutations, reproductive and
lifestyle factors, and other unknown environmental exposures will contribute to the risk picture. Future
research including evidence for intervention strategies, biological mechanisms leading to breast cancer
progression, and analysis of biomarkers are needed to improve risk models. To be able to prevent and
reduce the breast cancer incidences in the population, research needs to be embedded in health

guidelines and communicated to the public.
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6.5. FINAL CONCLUSIONS

In this project, the association between lifetime oestrogen exposure, DNA methylation in blood and
breast cancer risk has been assessed. Evidence that lifetime oestrogen exposure accumulates DNA
methylation in blood has been generated, and potential mechanisms for this have been proposed.
Importantly, a blood DNA methylation signature for breast cancer risk that validated and replicated
across studies has been developed. This might add valuable information to breast cancer risk
assessment, and thereby prevent the number of breast cancer cases. The results from this project will
hopefully add new clues, perspectives, and data that can be used in future studies to further understand

the biological mechanisms of breast cancer development.
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Appendix 2: The 212 top hits from the EWAS of ELEE

HM450K Chrom Position Nearest gene Distance RIifCGsefle ]:: lét:g . e SJ:::_V
probe osome to gene Group Island “E::le SE P-value | Q-value | values
¢g23051559 chrll 119015827 ABCG4 3921 Intergenic | N_Shelf |-0.15| 0.04 | 2.96E-05 | 0.036 3.65
€g26252045 chrll 34256703 ABTB2 0 Body OpenSea |-0.12 | 0.04 | 1.36E-06 | 0.011 3.08
cg08335389 chrl2 | 109554302 ACACB 96 Intergenic | OpenSea | -0.24 | 0.07 | 4.73E-05 | 0.042 4.26
cg03785646 chr2 236774164 AGAP1 0 Body S_Shore |-0.52 | 0.12 | 1.62E-07 | 0.005 7.74
cgl15981851 chr2 236773924 AGAP1 0 Body Island | -0.31 | 0.09 | 7.18E-05 | 0.048 5.89
cgl19761110 chr2 236774071 AGAP1 0 Body Island | -0.29 | 0.10 | 4.98E-05 | 0.043 5.94
¢g00811930 chr14 96861856 AK7 0 Body S_Shelf |-0.27 | 0.07 | 1.17E-05 | 0.027 4.89
¢g00643897 chr2 30142677 ALK 0 Body N_Shore |-0.28 | 0.09 | 6.74E-05 | 0.047 5.55
cg01154254 chr2 71205159 ANKRDS53 414 TSS1500 | N_Shore |-0.23 [ 0.05 | 4.66E-07 | 0.006 3.47
¢g18994049 chrll 69813825 ANOI 110581 | Intergenic | S_Shore |-0.13 | 0.04 | 1.02E-05 | 0.025 2.50
¢g00740803 chr4 113143664 AP1AR 9229 Intergenic | OpenSea | 0.21 | 0.07 | 1.76E-05 | 0.029 4.26
cg03768916 chr10 49813307 ARHGAP22 0 TSS200 Island | -0.13 | 0.04 | 6.32E-05 | 0.046 2.92
¢g24549608 chrX 101854372 ARMCX5 0 5'UTR Island | -0.20 | 0.06 | 2.19E-05 | 0.031 3.55
cg17396404 chr6 32086878 ATF6B 0 Body OpenSea |-0.16 | 0.05 | 7.35E-05 | 0.048 3.23
¢g09705798 chr5 160048394 ATP10B 0 Body OpenSea |-0.21 | 0.06 | 1.25E-05 | 0.027 4.19
cg13941987 chrX 129118022 BCORLI1 21140 5'UTR Island | -0.15 | 0.04 | 1.89E-05 | 0.030 2.49
cg25517187 chr10 88626981 BMPRIA 0 5'UTR OpenSea | -0.17 | 0.05 | 6.69E-06 | 0.021 3.35
¢g08254089 chr20 36933189 BPI 0 Body OpenSea | -0.28 | 0.08 | 7.04E-05 | 0.048 5.19
¢g25063710 chrX 80064750 BRWD3 0 Body N_Shore |-0.39 | 0.10 | 3.92E-05 | 0.039 6.56
cg21590238 chrl2 | 121454837 C12o0rf43 536 TSS1500 | S_Shore |-0.29 [ 0.08 | 2.67E-06 | 0.014 5.01
cg26143719 chr22 37584227 CIQTNF6 0 IstExon | OpenSea |-0.23 | 0.06 | 1.07E-05 | 0.025 4.18
¢g09562331 chr3 50596116 C3orfl18 0 3'UTR OpenSea | -0.15| 0.04 | 3.25E-06 | 0.015 3.27
¢g06537801 chrl 57315465 C8A 4976 Intergenic | OpenSea | -0.17 | 0.04 | 3.35E-06 | 0.015 2.82
¢g08601628 chr8 10555466 C8orf74 0 Body OpenSea |-0.23 | 0.07 | 4.51E-07 | 0.006 4.09
cg24658867 chr7 134626923 CALDI1 0 Body OpenSea | -0.18 | 0.05 | 5.55E-05 | 0.044 3.05
cg19964454 chrll 69458595 CCNDI 0 Body Island | -0.19 | 0.04 | 6.90E-06 | 0.021 2.92
cg27317813 chrl12 4398508 CCND2 0 Body OpenSea | 0.15 | 0.05 | 5.64E-06 | 0.021 6.71
¢g08969925 chr3 33015641 CCR4 19237 | Intergenic | OpenSea | -0.16 | 0.06 | 4.95E-05 | 0.043 4.30
cgl6075139 chrll 2406923 CDg8l 0 Body Island | -0.14 | 0.03 | 2.75E-06 | 0.014 3.60
¢g09313587 chr19 3295021 CELF5 0 3'UTR S_Shore |-0.17 | 0.06 | 5.07E-05 | 0.043 3.50
cg21153102 chrl5 41252147 CHACI 3429 Intergenic | OpenSea | -0.43 | 0.14 | 6.16E-05 | 0.046 9.42
¢g05308645 chr3 184107534 CHRD 0 3'UTR S_Shelf |-0.18 | 0.04 | 1.76E-05 | 0.029 2.86
¢g23100671 chrl0 | 125733991 CHSTI5 33189 | Intergenic | S_Shore |-0.14| 0.05 | 8.39E-05 | 0.050 2.86
¢g16922039 chrl8 12287385 CIDEA 9790 Intergenic | Island | -0.18 | 0.04 | 1.04E-05 | 0.025 3.59
cg01895740 chr19 7852739 CLEC4GP1 0 Body N_Shore |-0.29 | 0.08 | 1.70E-05 | 0.029 4.93
cg23501228 chr6 75917468 COLI12A1 1844 Intergenic | S_Shore |-0.25| 0.07 | 3.63E-05 | 0.038 4.57
cg07630274 chr10 71583235 COL13A1l 0 Body OpenSea | -0.15| 0.05 | 2.22E-07 | 0.005 3.71
©g22232704 chrl3 110961606 COL4A2 0 Body S_Shore |-0.40 | 0.12 | 6.90E-05 | 0.048 7.51
cg08772752 chr3 48632672 COL7A1 78 TSS200 Island | -0.13 | 0.05 | 4.23E-05 | 0.040 2.84
cg03340215 chrl5 83315615 CPEBI 0 Body Island | -0.31 | 0.08 | 4.78E-05 | 0.042 4.90
cg08686879 chr5 131409634 CSF2 0 IstExon | OpenSea |-0.12 | 0.03 | 6.97E-05 | 0.048 3.12
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cg06968859 chr2 80724209 CTNNA2 0 Body OpenSea | -0.26 | 0.05 | 2.52E-09 | 0.001 4.70
cgl14503537 chrl5 75044351 CYPI1A2 0 Body OpenSea | -0.16 | 0.03 | 1.82E-05 | 0.029 2.71
cg07904073 chr10 74017122 DDIT4 16553 Intergenic | N_Shelf | 0.14 | 0.06 | 5.53E-05 | 0.044 5.94
cg05566582 chr7 157257942 DNAJB6 47808 Intergenic | N_Shelf |-0.42 | 0.10 | 1.53E-05 | 0.028 6.60
cg05771997 chrl 205175985 DSTYK 0 Body N_Shelf |-0.17 | 0.05 | 5.01E-05 | 0.043 3.28
cgl6571825 chr8 49648297 EFCABI 426 TSS1500 | S_Shore |-0.22 [ 0.06 | 6.93E-05 | 0.048 4.26
cgl16076328 chr2 47597118 EPCAM 0 Body Island | -0.26 | 0.07 | 7.97E-05 | 0.049 4.93
cg01337514 chrl 6511026 ESPN 0 Body N_Shore |-0.18 | 0.05 | 3.36E-05 | 0.037 322
cg13408086 chr9 140221397 EXD3 0 Body S_Shelf | 0.21 | 0.07 | 3.48E-05 | 0.038 6.02
cg07462256 chrX 68725088 FAMI155B 0 IstExon Island | -0.26 | 0.08 | 6.51E-05 | 0.047 4.89
cg09438069 chr4 187581093 FATI 0 Body OpenSea | -1.60 | 0.44 | 4.76E-05 | 0.042 27.00
€g22243439 chr4 187580694 FATI 0 Body OpenSea | -0.16 | 0.04 | 1.07E-05 | 0.025 2.49
cg10290724 chr19 50312544 FUZ 0 Body Island | -0.20 | 0.06 | 1.80E-05 | 0.029 4.41
¢g25085950 chr21 27108830 GABPA 0 TSS1500 | S_Shore | 0.12 | 0.04 | 3.19E-05 | 0.037 3.06
cgl19005707 chrl5 27111541 GABRB3 0 TSS1500 | N_Shore | 0.24 | 0.08 | 6.50E-05 | 0.047 5.38
cg03143347 chrl2 132893664 GALNT9 0 Body N_Shelf |-0.18 | 0.04 | 6.36E-07 | 0.007 2.85
cg03975235 chr22 38220611 GALR3 0 Body Island | -0.14 | 0.04 | 6.23E-05 | 0.046 2.90
cg27211198 chr2 121776456 GLI2 26226 | Intergenic | OpenSea |-0.31| 0.08 | 2.06E-05 | 0.031 4.98
¢g02780849 chrl 235814163 GNG4 108 TSS1500 | N_Shore |-0.20 [ 0.05 | 1.75E-05 | 0.029 4.16
cgl17345569 chr6 42928274 GNMT 224 TSS1500 Island 0.16 | 0.04 | 2.62E-05 | 0.034 3.30
cgl16840364 chr4 84539569 GPAT3 12541 Intergenic | OpenSea | -0.14 | 0.06 | 4.77E-05 | 0.042 3.50
cg07799395 chr5 125577565 GRAMD3 118221 | Intergenic | OpenSea |-0.17 | 0.05 | 2.10E-06 | 0.013 3.64
cg08058213 chr4 156715823 GUCY1B3 0 Body OpenSea | -0.15| 0.04 | 1.82E-05 | 0.029 2.99
¢g00231966 chrl7 80377299 HEXDC 0 TSS1500 | S_Shore | 0.29 | 0.10 | 7.04E-05 | 0.048 6.78
cg24838316 chr6 29895260 HLA-J 0 Intergenic | S_Shore |-1.51| 0.34 | 7.10E-06 | 0.022 20.87
cg23681866 chr6 29895175 HLA-J 0 Intergenic | S_Shore |-1.33| 0.31 | 2.17E-05 | 0.031 19.24
¢g03495030 chrl2 121437256 HNF1A 0 Body OpenSea |-0.41| 0.11 | 4.36E-05 | 0.041 7.03
¢g22968966 chrl6 22959875 HS3ST2 32215 Intergenic Island | -0.40 | 0.12 | 7.95E-05 | 0.049 7.88
cg03210314 chrl6 22959594 HS3ST2 31934 | Intergenic Island | -0.26 | 0.08 | 6.15E-05 | 0.046 5.29
cg09740468 chr6 3025325 HTATSF1P2 319 Intergenic | OpenSea | -0.18 | 0.04 | 2.70E-05 | 0.034 5.21
¢g26367719 chr19 55875605 IL11 143 TSS1500 | S_Shore |-0.20 [ 0.05 | 1.68E-05 | 0.029 3.94
¢g00239353 chrl6 3115133 1L32 178 TSS1500 | OpenSea | -0.16 | 0.05 | 1.44E-05 | 0.028 5.00
cg21950518 chr5 55290746 IL6ST 0 IstExon Island | -0.20 | 0.06 | 1.50E-06 | 0.012 3.65
cgl1264584 chrll 15135663 INSC 0 Body N_Shore |-0.22 | 0.07 | 1.35E-05 | 0.028 4.20
cgl5127563 chr2 231729487 IT™M2C 132 TSS200 | N_Shore | 0.36 | 0.09 | 1.77E-05 | 0.029 5.97
¢g20020161 chr2 231732669 IT™M2C 0 Body S_Shore | -0.14 | 0.04 | 4.49E-05 | 0.041 2.65
cg23597162 chr7 28102341 JAZF1 0 Body OpenSea | -0.18 | 0.05 | 7.34E-05 | 0.048 5.21
cgl6773814 chrl6 87644704 JPH3 0 Body N_Shelf |-0.19 | 0.05 | 8.22E-05 | 0.050 3.80
¢g24394097 chr3 155860792 KCNABI 0 IstExon | OpenSea | -0.16 | 0.05 | 6.50E-05 | 0.047 3.07
¢g22097768 chrl7 61615913 KCNH6 0 Body Island | -0.20 | 0.05 | 4.88E-05 | 0.042 3.26
cg19937056 chr3 178275698 KCNMB2 0 TSS1500 | OpenSea | -0.15] 0.06 | 2.62E-05 | 0.034 4.37
cgl18587984 chr8 136473366 KHDRBS3 0 Body S_Shelf |-0.16 | 0.05 | 5.21E-05 | 0.043 3.97
cg15509065 chr19 36346314 KIRREL2 1494 TSS1500 | N_Shore | -0.18 [ 0.05 | 8.20E-06 | 0.023 3.30
¢g27066295 chrl6 87778903 KLHDC4 0 Body OpenSea | -0.15| 0.04 | 3.18E-05 | 0.037 2.69
cgl17969123 chr19 18745971 KLHL26 1865 Intergenic | OpenSea | -0.15 | 0.04 | 3.18E-05 | 0.037 2.64
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cgl18190861 chrl2 52689098 KRT86 0 Intergenic | S_Shelf |-0.32| 0.09 | 4.74E-05 | 0.042 6.33
cgl13136556 chr21 46424880 LINC00162 237 TSS1500 | S_Shelf |-0.30 [ 0.08 | 1.21E-05 | 0.027 5.03
cg27511206 chrl3 107314819 LINC00443 0 Intergenic | OpenSea | -0.15 | 0.05 | 1.98E-05 | 0.030 3.23
¢g22306038 chrl7 48845758 LINC00483 881 TSS1500 | OpenSea |-0.12 | 0.03 | 3.94E-05 | 0.039 3.38
cg20187049 chr3 28982939 LINC00693 183110 | Intergenic | OpenSea | -0.23 | 0.07 | 4.07E-05 | 0.040 5.44
cg07195851 chr5 3517522 LINCO01019 0 Intergenic | OpenSea | -0.38 | 0.12 | 6.54E-05 | 0.047 7.69
cgl4018513 chrl0 | 134789814 LINCO1168 0 Intergenic | N_Shore |-0.18 | 0.06 | 1.06E-05 | 0.025 3.70
cg25104872 chr6 28828977 LINCO01623 0 Intergenic | N_Shelf | 0.26 | 0.07 | 6.61E-05 | 0.047 4.41
¢g04635069 chr7 156636277 LMBRI1 0 Body OpenSea | -0.20 | 0.07 | 3.32E-05 | 0.037 4.03
cgl17269733 chr5 43041146 LOC153684 529 TSS1500 Island 0.16 | 0.05 | 8.57E-05 | 0.050 3.15
¢g06682039 chr6 170536047 LOC154449 27373 Intergenic | OpenSea |-0.27 | 0.08 | 7.52E-05 | 0.048 791
cg01802043 chr5 172903876 LOC285593 102768 | Intergenic | OpenSea | -0.14 | 0.05 | 8.23E-05 | 0.050 3.02
cg00471141 chr8 19796299 LPL 281 TSS1500 | N_Shore |-0.34 [ 0.10 | 8.48E-05 | 0.050 6.50
cg06667968 chr7 2107380 MADILI1 0 Body Island | -0.14 | 0.04 | 2.05E-05 | 0.031 2.89
¢g05422360 chrX 75648455 MAGEEI1 0 IstExon | N_Shore |-0.44 | 0.12 | 1.72E-07 | 0.005 7.29
cgl14448104 chr20 43933556 MATN4 0 Body N_Shore |-0.27 | 0.09 | 6.02E-05 | 0.045 5.47
cg01768446 chrl6 89982419 MCIR 1866 Intergenic | N_Shelf |-0.13 | 0.03 | 4.57E-05 | 0.041 2.47
cgl13645651 chrl18 58040213 MC4R 211 TSS1500 | OpenSea |-0.48 | 0.11 | 1.41E-07 | 0.005 6.86
cg18233497 chrl18 58039968 MC4R 0 IstExon | OpenSea | -0.44 | 0.11 | 2.07E-05 | 0.031 6.66
cgl10097150 chrl18 58040021 MC4R 19 TSS200 | OpenSea | -0.32 | 0.07 | 3.06E-05 | 0.036 4.56
cgl17443388 chrl3 113632624 MCF2L 0 Body N_Shore |-0.15| 0.03 | 1.68E-06 | 0.013 2.40
cg27170816 chrll 12352225 MICALCL 0 Body OpenSea | -0.17 | 0.05 | 2.96E-06 | 0.015 2.94
cgl2673377 chr7 1388271 MICALL2 85722 Intergenic | OpenSea |-0.23 | 0.07 | 7.68E-05 | 0.049 4.40
cg13098800 chrl4 | 101509144 MIR1185-1 168 TSS1500 | OpenSea |-0.22 | 0.05 | 1.96E-05 | 0.030 3.35
¢g25372296 chrl 98510328 MIR137HG 0 Intergenic | N_Shore | 0.33 | 0.09 | 3.83E-06 | 0.017 5.51
cgl9112977 chrX 133678716 MIR503HG 0 Body Island 0.27 | 0.10 | 5.42E-06 | 0.020 6.58
cgl11820605 chrll 68519066 MTLS 77 TSS200 | S_Shore | 0.16 | 0.06 | 6.66E-05 | 0.047 3.58
cgl18810376 chrl3 29913935 MTUS2 0 Body Island | -0.15 | 0.04 | 6.35E-05 | 0.046 2.59
cg04519403 chr5 79298951 MTX3 11862 Intergenic | OpenSea |-0.24 | 0.05 | 7.51E-06 | 0.022 3.50
¢g22109675 chrl 1297567 MXRAS 409 Intergenic | OpenSea |-0.29 | 0.08 | 3.08E-05 | 0.036 5.62
¢g22885000 chr2 192223280 MYOIB 0 Body OpenSea | -0.14| 0.05 | 3.29E-05 | 0.037 2.84
cg10660253 chrl2 7940546 NANOG 1447 TSS1500 | OpenSea | -0.13 | 0.05 | 5.84E-05 | 0.045 4.28
cgl18596139 chrl 145389393 NBPF20 0 Intergenic | S_Shelf |-0.30 | 0.09 | 5.46E-05 | 0.044 5.44
cgl12091786 chr20 61877942 NKAIN4 0 Body Island | -0.37 | 0.10 | 2.07E-05 | 0.031 6.04
cg01798261 chr20 21378495 NKX2-4 447 TSS1500 | S_Shore |-0.24 | 0.07 | 3.17E-05 | 0.037 4.68
cg00426855 chr4 56496836 NMU 0 Body OpenSea | -0.19 | 0.06 | 4.74E-05 | 0.042 4.75
cg07997737 chr19 5822630 NRTN 1186 TSS1500 | N_Shore |-0.24 | 0.07 | 5.62E-05 | 0.044 4.70
cg06609051 chr2 51231649 NRXNI 0 Body OpenSea | -0.25| 0.07 | 5.22E-05 | 0.043 4.54
cg06604589 chrl7 800512 NXN 0 Body OpenSea | 0.19 | 0.07 | 5.24E-05 | 0.043 4.54
cg07037019 chrl 159506621 OR10J5 823 TSS1500 | OpenSea | -0.16 | 0.05 | 7.73E-05 | 0.049 2.94
cg25279613 chr7 24956523 OSBPL3 0 5'UTR OpenSea | 0.20 | 0.06 | 4.95E-06 | 0.020 4.34
€g25235958 chrl7 79797058 P4HB 3974 Intergenic | N_Shelf |-0.14 | 0.06 | 1.85E-05 | 0.029 3.76
¢g25670061 chr6 163612896 PACRG 0 Body OpenSea | -0.14 | 0.05 | 7.94E-05 | 0.049 2.98
cgl14524955 chrl 17531661 PADI1 0 5'UTR OpenSea | -0.15| 0.04 | 1.47E-05 | 0.028 3.86
¢g24536703 chrll 77183438 PAKI1 0 5'UTR N_Shore |-0.32| 0.09 | 2.71E-05 | 0.034 5.73
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¢g24036523 chr14 73712256 PAPLN 0 Body N_Shore |-0.45| 0.11 | 3.05E-05 | 0.036 7.25
cg15593298 chr3 142681996 PAQR9 0 IstExon Island 0.16 | 0.06 | 5.70E-05 | 0.044 4.41
cgl12436019 chrl3 101174364 PCCA 0 Body OpenSea |-0.33 | 0.11 | 5.83E-05 | 0.045 6.86
cg08985968 chrl3 101174096 PCCA 0 Body OpenSea | -0.24 | 0.08 | 1.99E-05 | 0.030 4.78
cg14009504 chr14 71555837 PCNX1 0 Body OpenSea |-0.33 | 0.09 | 2.10E-05 | 0.031 5.64
cg21688288 chr21 44181258 PDEYA 0 Body OpenSea | -0.17 | 0.04 | 1.97E-05 | 0.030 3.08
cg22139555 chr8 17434123 PDGFRL 0 TSS1500 | N_Shore | 0.16 | 0.04 | 1.11E-05 | 0.026 2.80
cgl16720405 chr3 122790178 PDIAS 0 Body S_Shelf |-0.17 | 0.05 | 5.17E-05 | 0.043 3.08
cg24384195 chr7 106505370 PIK3CG 351 TSS1500 | N_Shelf | 0.12 | 0.04 | 4.64E-05 | 0.042 2.46
¢g02898019 chr4 128800215 PLK4 1799 Intergenic | N_Shore |-0.37 | 0.09 | 4.04E-05 | 0.040 6.01
cg25697727 chr19 291986 PLPP2 550 TSS1500 Island | -0.37 | 0.12 | 8.33E-05 | 0.050 7.67
cg00443797 chrl0 | 122349232 PLPP4 0 3'UTR OpenSea | -0.27 | 0.07 | 2.47E-07 | 0.005 4.81
cg06196145 chrll 818752 PNPLA2 147 TSS200 | N_Shore |-0.24 | 0.06 | 1.42E-05 | 0.028 5.07
cg06430061 chr5 75013592 POC5 278 TSS1500 | S_Shore |-0.39 [ 0.09 | 1.88E-06 | 0.013 6.54
¢g25320496 chr2 130876007 POTEF 0 Body N_Shelf |-0.24| 0.07 | 1.99E-05 | 0.030 4.16
cg23350744 chr5 122422098 PRDM6 2741 Intergenic | N_Shelf |-0.13 | 0.04 | 1.95E-05 | 0.030 2.47
cgl18642720 chr7 142493865 PRSS3P2 11465 Intergenic | N_Shore |-0.17 | 0.05 | 3.16E-05 | 0.037 5.28
cgl14774290 chr8 141934252 PTK2 0 5'UTR OpenSea | -0.20 | 0.06 | 4.39E-05 | 0.041 4.80
cgl3551137 chr14 88946380 PTPN21 0 Body Island | -0.19 | 0.06 | 8.57E-05 | 0.050 3.85
cgl11688093 chrl3 111178359 RAB20 0 Body OpenSea | -0.14 | 0.06 | 5.56E-05 | 0.044 4.81
cg01430588 chrl7 56769767 RADSIC 194 TSS1500 | N_Shore |-0.32 | 0.09 | 6.04E-05 | 0.045 5.75
©g22273487 chr20 32580931 RALY 525 TSS1500 Island 0.19 | 0.05 [ 1.60E-05 | 0.028 3.13
cg05740325 chrl2 113537933 RASALLI 0 Body N_Shelf |-0.14| 0.04 | 4.26E-05 | 0.040 3.06
cg09152136 chrl 178464723 RASAL2 16074 | Intergenic | OpenSea |-0.12 | 0.04 | 2.40E-05 | 0.033 3.94
¢g20936321 chrl 8408752 RERE 3710 Intergenic | OpenSea |-0.20 | 0.05 | 1.23E-05 | 0.027 3.23
cg02105458 chrl5 93653048 RGMA 20604 | Intergenic Island | -0.36 | 0.09 | 2.03E-05 | 0.031 5.45
¢g22343083 chr8 54786401 RGS20 0 Body N_Shelf |-0.30| 0.07 | 1.92E-06 | 0.013 5.15
cg24186774 chr14 63757917 RHOJ 0 3'UTR OpenSea | -0.17 | 0.05 | 6.90E-05 | 0.048 3.30
cg05488279 chrl7 1819770 RPAI1 16921 Intergenic | OpenSea | -0.17 | 0.05 | 1.54E-05 | 0.028 3.20
cg22758104 chrl7 50465 RPH3AL 11713 Intergenic | OpenSea | -0.23 | 0.06 | 4.62E-07 | 0.006 3.65
¢g02623471 chr8 27850313 SCARAS 0 TSS200 | OpenSea | 0.13 | 0.04 | 6.59E-05 | 0.047 2.75
¢g19904058 chrl0 | 135279010 SCART]I 0 Body Island | -0.52 | 0.13 | 1.45E-05 | 0.028 8.69
¢g25965776 chr4 53823843 SCFD2 0 Body OpenSea | -0.14| 0.04 | 1.79E-06 | 0.013 3.38
cgl6733643 chrl 41575522 SCMHI 0 Body OpenSea |-0.42| 0.11 | 5.00E-05 | 0.043 7.76
cg01474424 chr5 155754231 SGCD 0 IstExon | OpenSea | -0.38 | 0.12 | 4.26E-05 | 0.040 7.67
cgl17588491 chr22 25198892 SGSM1 3242 Intergenic | N_Shelf |-0.17 | 0.04 | 4.41E-05 | 0.041 2.86
€g25799433 chr20 1600623 SIRPB1 0 5'UTR OpenSea | 0.13 | 0.04 | 7.15E-06 | 0.022 3.71
cgl13971030 chrll 35366721 SLC1A2 0 Body OpenSea | -0.49 | 0.14 | 9.19E-06 | 0.024 9.26
¢g02043000 chr5 1228081 SLC6A18 0 Body S_Shore |-0.32 | 0.12 | 6.41E-05 | 0.046 7.47
cg03723715 chr19 47937352 SLC8A2 0 Body S_Shore | -0.18 | 0.04 | 1.35E-07 | 0.005 2.71
cgl7567562 chr3 47687980 SMARCC1 0 Body OpenSea |-0.48| 0.11 | 1.18E-05 | 0.027 10.62
cg12442902 chr4 7427446 SORCS2 0 Body OpenSea |-0.32 | 0.11 | 5.53E-05 | 0.044 6.60
cg06481800 chrl3 112763963 SOX1 37942 Intergenic | S_Shelf | 0.27 | 0.08 | 4.33E-05 | 0.041 5.05
cg10298859 chrl3 112883993 SPACA7 146656 | Intergenic | OpenSea | -0.20 | 0.04 | 2.26E-07 | 0.005 2.85
cgl5472797 chrl0 | 135243109 SPRN 4987 Intergenic | N_Shelf |-0.40 | 0.12 | 9.72E-06 | 0.025 7.56
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cg08814772 chrX 153046246 SRPK3 0 TSS1500 | N_Shore | -0.16 [ 0.05 | 6.76E-05 | 0.047 3.29
cgl9701531 chr7 76026560 SSC4D 0 Body N_Shore |-0.16 | 0.04 | 1.04E-05 | 0.025 295
cg21224380 chrl2 109240533 SSH1 0 Body OpenSea | -0.23 | 0.06 | 1.81E-07 | 0.005 7.66
¢g25031061 chrl 36809495 STK40 0 Body S_Shore |-0.17 | 0.04 | 4.24E-07 | 0.006 3.09
cg18640660 chrl5 74495657 STRA6 0 5'UTR OpenSea | -0.14| 0.04 | 3.36E-06 | 0.015 2.48
¢g20663219 chr7 73130521 STXI1A 0 Body N_Shelf |-0.18 | 0.05 | 5.62E-06 | 0.021 4.39
cg26888941 chr6 33398522 SYNGAPI 0 Body S_Shelf | 0.14 | 0.04 | 5.77E-08 | 0.005 2.71
cg00987370 chr4 141680259 TBCI1D9 2787 Intergenic | S_Shelf |-0.17 | 0.05 | 8.47E-05 | 0.050 3.27
¢g05402891 chr14 96152661 TCL1B 0 TSS200 | OpenSea | -0.47 | 0.12 | 2.19E-05 | 0.031 7.58
cgl19216791 chr19 5568216 TINCR 210 TSS1500 | S_Shore |-0.25| 0.07 | 4.13E-05 | 0.040 4.18
cgl18180056 chrl12 130344375 | TMEMI132D 0 Body S_Shore | -0.18 | 0.05 | 9.13E-06 | 0.024 3.09
cg05825596 chr2 62756405 TMEM17 0 Intergenic | OpenSea | -0.16 | 0.05 | 3.87E-05 | 0.039 4.09
€g26528484 chr2 103387474 TMEM182 0 Body OpenSea | -0.15] 0.05 | 2.23E-05 | 0.031 3.29
¢g25936380 chr2 120981591 TMEMI185B 606 TSS1500 | S_Shore |-0.29 [ 0.07 | 2.22E-07 | 0.005 4.38
cg04078118 chr22 40439969 TNRC6B 850 TSS1500 | N_Shore |-0.16 [ 0.04 | 3.11E-07 | 0.006 2.53
cg26648818 chrl6 52581719 TOX3 4 TSS200 | S_Shore |-0.18 | 0.06 | 7.68E-05 | 0.049 4.15
cg01824466 chr8 95959531 TP53INP1 0 5'UTR N_Shore |-0.23 | 0.08 | 8.08E-05 | 0.050 5.68
cg16953966 chrX 106962264 TSC22D3 0 Body S_Shelf | 0.21 | 0.13 | 3.71E-05 | 0.039 7.54
cg03712798 chrl 156548584 TTC24 933 TSS1500 | OpenSea |-0.14| 0.04 | 1.88E-05 | 0.030 2.50
cgl12608727 chrl 64711033 UBE2U 1005 Intergenic | OpenSea | -0.21 | 0.05 | 1.69E-07 | 0.005 3.35
cgl17295666 chr20 3140861 UBOX5 304 TSS1500 | S_Shore |-0.35| 0.09 | 2.68E-06 | 0.014 5.80
cg08551047 chrl5 91473569 UNC45A 0 5'UTR Island | -0.58 | 0.14 | 2.87E-06 | 0.015 8.64
¢g03291024 chrl5 91473291 UNC45A 117 TSS200 | N_Shore |-0.31| 0.08 | 2.45E-05 | 0.033 5.22
cgl18472881 chrl5 91473103 UNC45A 305 TSS1500 | N_Shore |-0.30 [ 0.07 | 2.93E-06 | 0.015 4.53
cg08267442 chrl5 91473386 UNC45A 22 TSS200 Island | -0.26 | 0.08 | 3.92E-05 | 0.039 4.84
cg08939371 chrl5 91473059 UNC45A 349 TSS1500 | N_Shore |-0.25 | 0.07 | 4.87E-05 | 0.042 4.22
cg13860281 chr7 55638724 VOPPI 0 Body N_Shore |-0.17 | 0.05 | 1.01E-05 | 0.025 6.11
¢g24053992 chrl 119554564 WARS2 19273 Intergenic | S_Shelf |-0.15| 0.05 | 3.77E-05 | 0.039 3.18
¢g20394620 chrX 48541924 WAS 260 TSS1500 | OpenSea | -0.20 | 0.05 | 3.02E-06 | 0.015 3.40
¢g20858107 chr8 10823238 XKR6 0 Body OpenSea |-0.45]| 0.14 | 3.17E-05 | 0.037 8.92
cg08674227 chrX 100186995 XKRX 3096 Intergenic | S_Shelf |-0.27 | 0.07 | 3.07E-05 | 0.036 4.50
cg08527226 chr19 36191758 ZBTB32 12070 | Intergenic | N_Shore |-0.13 | 0.04 | 7.09E-06 | 0.022 2.65
¢g00219626 chr6 28983835 ZNF311 10741 Intergenic | N_Shore |-0.38 | 0.11 | 3.60E-05 | 0.038 6.92
cgl18074165 chr3 48315011 ZNF589 0 Intergenic | OpenSea |-0.32 | 0.08 | 4.17E-05 | 0.040 5.06
cg06849504 chrl 91301484 ZNF644 79371 Intergenic Island | -0.12 | 0.04 | 6.54E-05 | 0.047 3.53
¢g20693190 chr19 56741019 ZSCANSA 0 TSS1500 | S_Shore |-0.13 | 0.04 | 5.77E-05 | 0.044 2.72
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Appendix 3: List of primer sequences for targeted bisulphite sequencing
In the targeted bisulphite sequencing 42 target CpG sites and five CpG sites for WBC estimation were

included. The difference between amplicon and product length is the added common sequence at the 5’
end and barcode sequence for the Fluidigm 48.48 Access Array.

HMA450K probe Nearest gene Forward primer Reverse primer Strand A::s:tc}:) n P];(::t’]ft
¢g01893629 ALG10 A aoaT | CCCTACCTCTTTAAACA F 186 289
| TORGRETRT | e | | | e
221590238 Claorfaz | TTTOAIACCTOOAATIT | COT A et A€ F 193 296
cg21153102 CHACI OGO AR R IGAGT | AAAACAAL T TACCT F 164 267
¢g03340215 CPEBI OGO A A MAGG | AAACCASATACCTAAA F 174 277
oy |crows | BT PR | |
cg12105860 DENNDSB GTGTAGT;(TGTT(}%TTC}TTAGT AATC%’E};TC’ETTTCTCCTCCC R 189 292
e 7T 1l s 5l I O
08835688 GRBI0 A oAy G | GACCIACRCAAACTAC F 154 257
08349826 GRIN2A OTGAG AR I JGAT | CTAATAAT T L acocA R 195 298
cg23681866 HLA-J A AT T AAA F 158 261
22968966 HS3ST2 A T | A o A F 199 302
cgl5127563 IT™M2C A IR JOAT | AAACCCRCAATAACCC F 202 305
220020161 IT™2C o GaBIATE | AAARTARAARCASCTA R 191 294
22097768 KCNH6 vy Sl I Uit R 172 275
cg17969123 KiHLas | GTTOATITAGOATAGGT | CTC AT F 172 275
205422360 MaGEEI | OTTTOAGGTTITAGAGA | AAATACAAACCCCTAR N 5 o
sorawe | won | P | e BOGee T | |
25372296 MIRI37THG | TAGHOACO AT A A ey F 151 254
o | o | THAATTT | Tt | | w |
12091786 NKAIN4 TGgZ}T\TT%ﬁETgTTZgTA cAvAcE ::CATTTACACACCT F 179 282
cg25279613 OSBPL3 T e AT | T e CTAC F 199 302
24536703 PAKI COGTIAATOTIITAMA | ACTARLCTCCATCCTAT F 190 293
e NN T o e IR I B
cg16720405 PDIAS TAGGOACOIAASGEAT | A Ay MAAA F 171 274
cg13674411 PLEKHAG | TOOUIAAGOCTIATAG | CTAACACAC R CCTECA F 164 267
g20684174 PPFIBP2 O g | A e A F 195 298
01430588 RADSIC e e JOTT || ACCATICXCTLTTAATT R 161 264
ce22273487 ALY TGGYGTITAAATTTGA | CTCCRCCCAATCCCAAA N o )
s | o | TGt | MIRGATIR || |
222758104 RPH3AL | GOAGEOOCT O AGAAT A ¢ F 155 258
e | vom | G | e | |
cg17588491 SGSMI SO B Ve F 198 301
cg13971030 sLciaz | GOTTOOGTT TG IAAAAG | A AT e R 188 291
N I I o i N N
¢210298859 SPACA7 A e OAG | A e F 183 286
cg19216791 TINCR TTTAGAGCYCGACTGE | CACTAYOC T CEAACCTA F 159 262
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25936380 TMEMISSB | AT OGO AT A AR ACTE 176 279
01824466 es3iNpr | TOAT G st 182 285
08551047 UNC45A GTTTGAicT}\T(ggTGGGGA CCA?\T\’ZCT’;CATCC&{XCTT 176 279
| v | S | R
¢g04642300 (WBC) armcz | GTOOT T AT T AT AC 150 253
cg13917614 (WBC) CNP AGTAA LT ASTIOTAG | CCTTCICCIATCUCAAA 156 259
26692003 (WBC) IQSECI A OIGTAGTIT | COCCACAACATELCTAA 159 262
cg11429292 (WBC) LAG3 TG A I TA ARG | A e (T 161 264
226872907 (WBC) PARK2 GGTTTTTT%’:&(;TTTTQTTTGTTT TCCTC’}’;%SZ’C\:%CAA 153 256
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Appendix 4: All CpG sites included in the target regions and breast cancer risk

in the Generations Study

The association between all CpG sites included in the target regions (n=274) and breast cancer risk in
matched case-control pairs in the Generations Study targeted sequencing data. The association between
methylation levels and breast cancer risk was explored using conditional logistic regression adjusted
for age, BMI, alcohol consumption, smoking duration and WBC composition. Methylation levels were
converted to z-scores for each CpG sites, giving OR per 1 standard deviation (ORperSD) The P-values
were corrected for using FDR. Pairs with coverage > 30 reads were used in the analysis.

:ee::est chr position Target | n pairs | Meth cases | Meth ctrls | ORperSD (95 % CI) | P-value | O-value
ALGI0 chr12 | 34494825 | TARGET | 401 94.22 93.44 1.06 (0.89 - 1.27) 0.490 0.837
ALGI0 chrl2 | 34494852 NA 401 94.95 94.85 1.05 (0.88 - 1.24) 0.610 0.871
ALGI0 chr12 | 34494855 NA 401 76.18 75.55 1.06 (0.89 - 1.27) 0.503 0.837
ALGI0 chr12 | 34494893 NA 401 95.90 95.56 1.09 (0.94 - 1.28) 0.264 0.805
ALGI0 chrl2 | 34494904 NA 401 92.58 93.13 0.88 (0.74 - 1.03) 0.107 0.775
ALGI0 chr12 | 34494915 NA 401 81.72 81.43 1.09 (0.92 - 1.30) 0.323 0.828
ALGI0 chr12 | 34494923 NA 401 70.79 69.14 1.06 (0.89 - 1.26) 0.539 0.842
ALGI0 chrl2 | 34494938 NA 401 77.21 77.25 0.99 (0.83-1.17) 0.876 0.958
ALGI0 chrl2 | 34494942 NA 401 53.64 53.21 1.09 (0.92 - 1.29) 0.338 0.831
ALGI0 chrl2 | 34494955 NA 401 83.08 83.11 1.01 (0.85-1.18) 0.941 0.972
BPI chr20 | 36933163 NA 328 20.11 18.04 1.07 (0.90 - 1.27) 0.447 0.831
BPI chr20 | 36933189 | TARGET | 328 41.91 38.08 1.10(0.92 - 1.32) 0.296 0.826
Cl120rf43 chrl2 | 121454808 NA 411 33.14 35.85 0.77 (0.64 - 0.93) 0.007 0.513
Cl120rf43 chr12 | 121454837 | TARGET | 411 81.19 80.01 0.93 (0.77 - 1.12) 0.425 0.831
Cl120rf43 chrl2 | 121454847 NA 411 88.70 87.93 1.09 (0.90 - 1.31) 0.380 0.831
CHACI1 chrl5 | 41252097 NA 418 55.81 55.69 1.00 (0.84 - 1.19) 0.991 0.991
CHACI1 chrl5 | 41252147 | TARGET | 418 39.42 39.90 1.01 (0.85 - 1.20) 0.906 0.959
CHACI1 chrl5 | 41252179 NA 418 22.74 22.90 0.98 (0.82-1.18) 0.863 0.957
CHACI1 chrl5 | 41252199 NA 418 10.81 10.53 1.05 (0.88 - 1.24) 0.596 0.871
CHACI1 chrl5 | 41252202 SNP 418 5.39 5.39 1.02 (0.87 - 1.20) 0.793 0.932
CHACI1 chrl5 | 41252213 NA 418 13.90 13.38 1.11 (0.93 - 1.32) 0.261 0.803
CHACI1 chrl5 | 41252223 NA 418 11.36 11.24 0.99 (0.84 - 1.18) 0.948 0.972
CPEBI chrl5 | 83315615 | TARGET | 321 25.87 24.77 0.99 (0.83-1.19) 0.954 0.973
CPEBI chrl5 | 83315627 NA 321 17.75 18.55 0.96 (0.81 - 1.14) 0.665 0.897
CPEBI chrl5 | 83315635 NA 321 20.38 22.32 0.92 (0.76 - 1.10) 0.359 0.831
CPEBI chrl5 | 83315639 NA 321 17.10 17.02 1.01 (0.85 - 1.20) 0.916 0.959
CPEBI chrl5 | 83315647 NA 321 31.22 31.05 0.94 (0.77 - 1.14) 0.533 0.842
CPEBI chrl5 | 83315654 NA 320 38.49 41.64 0.88 (0.74 - 1.05) 0.147 0.775
CPEBI chrl5 | 83315659 NA 321 21.68 28.24 0.78 (0.66 - 0.94) 0.008 0.513
CPEBI chrl5 | 83315675 NA 321 46.25 46.86 0.98 (0.82-1.16) 0.791 0.932
CPEBI chrl5 | 83315683 NA 321 76.78 79.51 0.90 (0.76 - 1.08) 0.255 0.803
CPEBI chrl5 | 83315698 NA 321 66.65 66.94 0.94 (0.79 - 1.12) 0.495 0.837
CTNNA2 chr2 | 80724117 NA 360 90.90 91.68 0.96 (0.81 - 1.13) 0.606 0.871
CTNNA2 chr2 | 80724122 NA 360 91.77 91.59 1.02 (0.86 - 1.20) 0.852 0.957
CTNNA2 chr2 | 80724209 | TARGET | 360 74.53 78.90 0.80 (0.67 - 0.95) 0.012 0.562
DENNDS5B | chrl2 | 31742762 NA 151 98.23 98.18 1.14 (0.82 - 1.59) 0.436 0.831
DENNDS5B | chrl2 | 31742773 NA 151 1.69 3.95 0.85(0.64 - 1.12) 0.257 0.803
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DENNDSB | chrl2 | 31742781 NA 151 6.10 4.73 1.11 (0.86 - 1.42) 0.422 0.831
DENNDSB | chrl2 | 31742788 NA 151 4.83 3.59 1.09 (0.82 - 1.44) 0.559 0.854
DENNDSB | chrl2 | 31742802 | TARGET | 151 1.84 1.22 1.07 (0.83 - 1.36) 0.611 0.871
DENNDSB | chrl2 | 31742809 NA 151 1.18 1.88 0.93 (0.71 - 1.23) 0.607 0.871
DENNDSB | chrl2 | 31742819 NA 151 0.60 3.10 0.59(0.30 - 1.15) 0.122 0.775
DENNDSB | chrl2 | 31742832 NA 151 0.51 1.13 0.87 (0.55 - 1.38) 0.566 0.857
DENNDSB | chrl2 | 31742835 NA 151 0.57 1.09 0.92 (0.67 - 1.28) 0.632 0.883
DENNDSB | chrl2 | 31742838 NA 151 0.34 0.28 1.09 (0.84 - 1.42) 0.521 0.842
DENNDSB | chrl2 | 31742857 NA 151 0.99 1.01 1.05 (0.83 - 1.34) 0.685 0.906
DENNDSB | chrl2 | 31742864 NA 151 0.92 0.40 1.73 (0.89 - 3.36) 0.107 0.775
DENNDSB | chrl2 | 31742883 NA 150 3.67 1.32 1.37 (0.99 - 1.90) 0.060 0.775
DENNDSB | chrl2 | 31742892 NA 151 0.44 0.43 1.01 (0.80 - 1.27) 0.950 0.972
DENNDSB | chrl2 | 31742903 NA 150 0.21 0.18 1.08 (0.82 - 1.41) 0.588 0.871
DENNDSB | chrl2 | 31742926 NA 151 14.01 12.82 1.16 (0.90 - 1.49) 0.258 0.803
GPAT3 chrd4 | 84539569 | TARGET 85 84.89 90.27 0.81 (0.55 - 1.20) 0.297 0.826
GRB10 chr7 | 50849910 NA 409 72.01 71.18 1.17 (0.94 - 1.45) 0.163 0.775
GRB10 chr7 | 50849916 NA 409 69.42 68.66 1.18 (0.96 - 1.46) 0.112 0.775
GRB10 chr7 | 50849923 NA 409 79.01 71.53 1.19 (0.98 - 1.44) 0.081 0.775
GRB10 chr7 | 50849931 | TARGET | 409 80.43 78.07 1.23 (1.02 - 1.49) 0.033 0.764
GRB10 chr7 | 50849941 NA 409 82.66 80.83 1.20 (0.98 - 1.47) 0.082 0.775
GRB10 chr7 | 50849947 NA 409 82.96 82.06 1.07 (0.87 - 1.30) 0.528 0.842
GRB10 chr7 | 50849949 NA 409 83.29 81.82 1.14 (0.93 - 1.39) 0.218 0.782
GRB10 chr7 | 50849956 NA 409 82.62 80.86 1.17 (0.95 - 1.44) 0.150 0.775
GRB10 chr7 | 50849968 NA 409 83.12 80.72 1.24 (1.02 - 1.53) 0.035 0.764
GRB10 chr7 | 50849970 NA 409 82.92 81.91 1.08 (0.88 - 1.33) 0.451 0.831
GRB10 chr7 | 50849972 NA 409 82.65 82.05 1.03 (0.85 - 1.26) 0.742 0.927
GRB10 chr7 | 50849986 NA 409 81.50 79.66 1.18 (0.97 - 1.44) 0.098 0.775
GRB10 chr7 | 50849997 NA 409 79.99 79.08 1.17 (0.96 - 1.43) 0.120 0.775
GRB10 chr7 | 50850008 NA 409 82.25 81.03 1.10 (0.90 - 1.35) 0.366 0.831
GRB10 chr7 | 50850011 NA 409 83.06 81.25 1.19 (0.97 - 1.47) 0.099 0.775
GRB10 chr7 | 50850013 NA 409 82.71 81.02 1.19 (0.97 - 1.46) 0.095 0.775
GRB10 chr7 | 50850017 NA 409 83.16 81.07 1.25(1.02 - 1.53) 0.033 0.764
GRB10 chr7 | 50850035 NA 409 80.01 79.33 1.13 (0.94 - 1.35) 0.201 0.775
GRB10 chr7 | 50850042 NA 409 99.89 99.87 1.07 (0.91 - 1.25) 0.437 0.831
GRIN2A chrl6 | 10346379 NA 413 99.76 99.78 0.91 (0.75 - 1.09) 0.291 0.826
GRIN2A chrl6 | 10346404 | TARGET | 413 92.74 92.99 0.90 (0.77 - 1.05) 0.190 0.775
GRIN2A chrl6 | 10346414 NA 413 92.44 92.19 1.08 (0.90 - 1.30) 0.418 0.831
GRIN2A chrl6 | 10346423 NA 413 93.72 93.60 1.03 (0.88 - 1.20) 0.723 0913
GRIN2A chrl6 | 10346433 NA 413 69.89 71.07 0.90 (0.77 - 1.05) 0.176 0.775
GRIN2A chrl6 | 10346473 NA 413 96.34 96.38 0.99 (0.83 - 1.19) 0.909 0.959
GRIN2A chrl6 | 10346491 SNP 413 74.54 77.08 0.88 (0.75 - 1.03) 0.109 0.775
GRIN2A chrl6 | 10346511 NA 413 79.45 80.30 0.97 (0.81 - 1.16) 0.702 0.908
HLA-J chr6 | 29895171 NA 402 19.49 17.75 1.09 (0.91 - 1.29) 0.355 0.831
HLA-J chr6 | 29895175 | TARGET | 402 33.29 31.26 1.07 (0.91 - 1.27) 0.414 0.831
HLA-J chr6 | 29895187 NA 402 26.04 25.48 1.02 (0.86 - 1.20) 0.850 0.957
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HLA-J chr6 | 29895204 NA 402 19.98 19.04 1.05 (0.89 - 1.25) 0.560 0.854
HLA-J chr6 | 29895215 SNP 402 431 4.16 1.12 (0.94 - 1.34) 0.221 0.782
HLA-J chr6 | 29895227 SNP 402 14.21 13.21 1.08 (0.9 - 1.28) 0.409 0.831
HLA-J chr6 | 29895248 NA 402 14.04 15.04 1.01 (0.85 - 1.20) 0.914 0.959
HLA-J chr6 | 29895260 NA 402 30.23 30.21 1.02 (0.86 - 1.20) 0.861 0.957
HS3ST2 chrl6 | 22959799 NA 406 9.43 8.47 1.10 (0.91 - 1.31) 0.322 0.828
HS3ST2 chrl6 | 22959808 NA 406 13.45 13.68 1.01 (0.85 - 1.20) 0.876 0.958
HS3ST2 chrl6 | 22959819 NA 405 6.75 5.51 1.07 (0.91 - 1.26) 0.408 0.831
HS3ST2 chrl6 | 22959821 NA 405 8.03 8.64 0.91 (0.77 - 1.07) 0.257 0.803
HS3ST2 chrl6 | 22959823 NA 406 13.23 13.18 1.03 (0.87 - 1.22) 0.726 0913
HS3ST2 chrl6 | 22959833 NA 406 19.83 19.86 1.04 (0.89 - 1.22) 0.632 0.883
HS3ST2 chrl6 | 22959852 NA 406 16.30 16.42 1.04 (0.87 - 1.25) 0.654 0.894
HS3ST2 chrl6 | 22959868 NA 406 19.71 19.67 1.09 (0.92 - 1.30) 0.312 0.828
HS3ST2 chrl6 | 22959875 | TARGET | 406 15.85 16.34 0.99 (0.84 - 1.18) 0.927 0.964
HS3ST2 chrl6 | 22959925 NA 406 19.58 21.38 0.98 (0.83 - 1.15) 0.774 0.932
HS3ST2 chrl6 | 22959941 NA 406 26.30 27.44 1.01 (0.85-1.19) 0.913 0.959
ITM2C_1 chr2 | 231729362 NA 370 2.42 2.68 0.92 (0.77 - 1.09) 0.328 0.828
ITM2C_1 chr2 | 231729378 NA 370 2.73 3.16 0.92 (0.77 - 1.09) 0.324 0.828
ITM2C_1 chr2 | 231729385 NA 370 1.21 1.02 1.06 (0.90 - 1.24) 0.474 0.837
ITM2C_1 chr2 | 231729391 NA 370 1.08 0.76 1.10 (0.93 - 1.30) 0.273 0.817
ITM2C_1 chr2 | 231729395 NA 370 1.33 0.81 1.09 (0.88 - 1.36) 0.428 0.831
ITM2C_1 chr2 | 231729400 NA 370 1.24 0.93 1.03 (0.89 - 1.20) 0.680 0.905
ITM2C_1 chr2 | 231729420 NA 370 22.14 20.99 0.96 (0.81 - 1.14) 0.668 0.897
ITM2C_1 chr2 | 231729444 NA 370 45.19 39.71 1.17 (0.95 - 1.45) 0.140 0.775
ITM2C_1 chr2 | 231729448 SNP 370 19.67 19.74 0.94 (0.79 - 1.12) 0.504 0.837
ITM2C_1 chr2 | 231729464 NA 370 7.59 8.16 0.94 (0.80 - 1.12) 0.511 0.842
ITM2C_1 chr2 | 231729468 NA 370 8.11 9.30 0.91 (0.76 - 1.09) 0.317 0.828
ITM2C_1 chr2 | 231729472 NA 370 7.51 8.38 0.94 (0.79 - 1.12) 0.501 0.837
ITM2C_1 chr2 | 231729487 | TARGET | 370 0.28 0.29 0.95(0.81 - 1.11) 0.526 0.842
ITM2C_1 chr2 | 231729492 NA 370 0.34 0.35 1.03 (0.88 - 1.20) 0.725 0913
ITM2C_1 chr2 | 231729503 NA 370 0.51 0.33 1.32(0.96 - 1.82) 0.090 0.775
ITM2C_1 chr2 | 231729508 NA 370 0.34 0.36 0.87(0.71 - 1.07) 0.194 0.775
ITM2C_1 chr2 | 231729511 NA 370 0.37 0.44 0.90 (0.72 - 1.13) 0.369 0.831
ITM2C_1 chr2 | 231729513 NA 370 0.37 0.35 1.05 (0.90 - 1.23) 0.528 0.842
ITM2C_1 chr2 | 231729517 NA 370 0.47 0.51 1.02 (0.87 - 1.19) 0.782 0.932
ITM2C_1 chr2 | 231729532 NA 370 35.46 35.16 1.16 (0.97 - 1.40) 0.105 0.775
ITM2C_2 chr2 | 231732535 NA 327 74.29 75.42 0.91 (0.77 - 1.08) 0.305 0.827
ITM2C_2 chr2 | 231732670 | TARGET | 327 88.58 87.43 1.04 (0.87 - 1.24) 0.671 0.897
KCNH6 chrl7 | 61615826 NA 407 96.73 96.20 1.15(0.97 - 1.38) 0.116 0.775
KCNH6 chrl7 | 61615828 NA 407 7.06 7.76 0.91 (0.76 - 1.09) 0.304 0.827
KCNH6 chrl7 | 61615858 NA 407 8.84 8.98 0.97 (0.82 - 1.14) 0.688 0.906
KCNH6 chrl7 | 61615861 NA 407 5.62 6.08 0.84 (0.70 - 1.01) 0.059 0.775
KCNH6 chrl7 | 61615864 NA 407 8.40 8.52 0.91 (0.76 - 1.09) 0.300 0.827
KCNH6 chrl7 | 61615880 NA 407 15.34 16.60 0.82(0.69 - 0.98) 0.030 0.764
KCNH6 chrl7 | 61615882 NA 407 11.94 12.19 0.92 (0.78 - 1.09) 0.325 0.828
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KCNH6 chrl7 | 61615884 NA 407 14.73 16.83 0.85(0.71 - 1.01) 0.060 0.775
KCNH6 chrl7 | 61615891 NA 407 9.37 9.03 0.88 (0.75 - 1.05) 0.152 0.775
KCNH6 chrl7 | 61615912 NA 407 2.68 2.65 0.99 (0.84 - 1.16) 0.856 0.957
KCNH6 chrl7 | 61615914 | TARGET | 407 7.03 7.73 0.97 (0.81 - 1.17) 0.781 0.932
KCNH6 chrl7 | 61615917 NA 407 7.92 7.06 1.06 (0.90 - 1.26) 0.487 0.837
KCNH6 chrl7 | 61615929 NA 407 2.53 2.23 1.15(0.94 - 1.39) 0.173 0.775
KCNH6 chrl7 | 61615942 NA 407 2.37 1.76 1.09 (0.92 - 1.28) 0.314 0.828
KCNH6 chrl7 | 61615945 NA 407 4.21 3.58 1.04 (0.88 - 1.24) 0.648 0.891
KCNH6 chrl7 | 61615948 NA 407 1.42 1.54 0.94 (0.80 - 1.10) 0.429 0.831
KLHL26 chrl9 | 18745966 NA 405 70.81 72.10 0.92(0.77 - 1.11) 0.389 0.831
KLHL26 chrl9 | 18745971 | TARGET | 405 44.51 43.69 0.98 (0.82 - 1.18) 0.867 0.958
KLHL26 chrl9 | 18745988 NA 405 69.90 69.70 0.97 (0.82 - 1.16) 0.756 0.932
KLHL26 chrl9 | 18745990 NA 405 70.56 71.62 0.90 (0.75 - 1.07) 0.238 0.803
MAGEEI chrX | 75648426 NA 416 47.99 45.48 1.45(1.18-1.78) | 4.13E-04 | 0.131
MAGEEI chrX | 75648435 NA 416 27.09 26.64 1.01 (0.84 - 1.20) 0.944 0.972
MAGEEI chrX | 75648456 | TARGET | 416 26.08 26.46 1.00 (0.84 - 1.19) 0.978 0.984
MAGEEI chrX | 75648474 NA 416 36.49 34.44 1.22 (1.02 - 1.46) 0.031 0.764
MAGEEI chrX | 75648501 NA 416 39.13 37.85 1.19 (0.99 - 1.42) 0.058 0.775
MAGEEI chrX | 75648525 NA 416 31.12 29.97 1.21 (1.01 - 1.45) 0.042 0.775
MAGEEI chrX | 75648540 NA 416 34.22 33.77 0.99 (0.82 - 1.18) 0.888 0.959
MAGEEI chrX | 75648566 NA 416 42.98 41.63 1.16 (0.96 - 1.40) 0.122 0.775
MCIR chrl6 | 89982419 | TARGET | 385 91.61 92.87 0.90 (0.77 - 1.07) 0.238 0.803
MCIR chrl6 | 89982437 SNP 385 90.56 90.49 1.02 (0.88 - 1.19) 0.800 0.932
MCIR chrl6 | 89982456 NA 385 90.88 91.27 0.97 (0.82 - 1.14) 0.707 0911
MCIR chrl6 | 89982462 NA 385 94.39 94.35 1.01 (0.86 - 1.20) 0.884 0.959
MCIR chrl6 | 89982491 NA 385 88.74 85.61 1.13 (0.96 - 1.34) 0.150 0.775
MCIR chrl6 | 89982504 NA 385 93.03 93.58 1.01 (0.85-1.19) 0.951 0.972
MCIR chrl6 | 89982507 NA 385 93.99 93.48 1.03 (0.88 - 1.20) 0.711 0913
MCIR chrl6 | 89982518 NA 385 90.55 89.39 1.09 (0.93 - 1.28) 0.289 0.826
MCIR chrl6 | 89982532 NA 385 90.68 92.09 0.96 (0.82 - 1.13) 0.615 0.871
MCIR chrl6 | 89982545 SNP 385 92.00 92.93 0.93(0.78 - 1.11) 0.421 0.831
MCIR chrl6 | 89982554 NA 385 95.25 95.20 0.98 (0.84 - 1.16) 0.831 0.954
MIR137HG | chrl | 98510328 | TARGET | 330 19.52 18.30 1.07 (0.91 - 1.26) 0.390 0.831
MIR137HG | chrl | 98510330 NA 330 16.76 15.36 1.08 (0.91 - 1.28) 0.398 0.831
MIR137HG | chrl | 98510350 NA 330 19.34 18.76 1.02 (0.85-1.21) 0.850 0.957
MIR137HG | chrl | 98510359 NA 330 16.42 14.41 1.11 (0.94 - 1.31) 0.211 0.776
MIR137HG | chrl | 98510398 NA 330 21.04 21.13 0.97 (0.81 - 1.16) 0.723 0913
MIR137HG | chrl | 98510411 NA 330 11.05 10.18 1.07 (0.91 - 1.26) 0.396 0.831
MTX3 chr5 | 79298951 | TARGET | 226 84.16 88.38 0.84 (0.68 - 1.05) 0.128 0.775
NKAIN4 chr20 | 61877855 NA 275 72.13 67.23 1.12 (0.93 - 1.34) 0.253 0.803
NKAIN4 chr20 | 61877865 NA 275 5791 54.14 1.12 (0.93 - 1.36) 0.232 0.803
NKAIN4 chr20 | 61877875 SNP 275 57.37 54.09 1.13(0.93 - 1.36) 0.222 0.782
NKAIN4 chr20 | 61877880 NA 275 76.39 75.02 1.08 (0.90 - 1.29) 0.396 0.831
NKAIN4 chr20 | 61877885 NA 275 56.31 58.25 0.93 (0.77 - 1.13) 0.479 0.837
NKAIN4 chr20 | 61877900 NA 275 66.83 70.07 0.88 (0.73 - 1.07) 0.206 0.775
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NKAIN4 chr20 | 61877932 NA 275 89.62 89.31 1.06 (0.88 - 1.28) 0.538 0.842
NKAIN4 chr20 | 61877939 SNP 275 65.39 60.83 1.13 (0.94 - 1.37) 0.200 0.775
NKAIN4 chr20 | 61877942 | TARGET | 275 79.62 83.38 0.93(0.77 - 1.11) 0.422 0.831
NKAIN4 chr20 | 61877956 SNP 275 60.26 56.43 1.16 (0.95 - 1.41) 0.140 0.775
OSBPL3 chr7 | 24956523 | TARGET 62 73.94 70.70 1.08 (0.65 - 1.80) 0.763 0.932
PAK1 chrll | 77183438 | TARGET | 417 77.23 78.58 0.90 (0.76 - 1.05) 0.187 0.775
PAPLN chrl4 | 73712152 NA 398 56.53 56.28 0.98 (0.83 - 1.16) 0.823 0.948
PAPLN chrl4 | 73712178 NA 398 74.74 73.51 1.07 (0.90 - 1.26) 0.446 0.831
PAPLN chrl4 | 73712203 NA 399 56.33 54.80 1.13 (0.94 - 1.35) 0.208 0.775
PAPLN chrl4 | 73712214 NA 399 38.74 38.50 0.94 (0.80 - 1.11) 0.491 0.837
PAPLN chrl4 | 73712256 | TARGET | 399 51.71 51.52 0.96 (0.81 - 1.14) 0.665 0.897
PDIAS chr3 | 122790152 NA 352 67.28 67.58 0.96 (0.82 - 1.13) 0.649 0.891
PDIAS chr3 | 122790178 | TARGET | 352 80.91 82.46 0.88 (0.74 - 1.04) 0.121 0.775
PDIAS chr3 | 122790209 NA 352 59.37 60.78 0.91 (0.77 - 1.08) 0.292 0.826
PLEKHAG6 chrl | 204232640 NA 400 77.58 71.25 1.03 (0.86 - 1.23) 0.768 0.932
PLEKHAG6 chrl |204232677 | TARGET | 400 89.27 88.06 1.14 (0.96 - 1.37) 0.135 0.775
PLEKHAG6 chrl | 204232697 NA 400 80.11 79.46 1.07 (0.89 - 1.28) 0.472 0.837
PPFIBP2 chrll | 7541255 | TARGET| 395 92.39 93.08 0.91 (0.76 - 1.08) 0.260 0.803
PPFIBP2 chrll | 7541270 SNP 395 79.98 81.92 0.93 (0.79 - 1.09) 0.370 0.831
PPFIBP2 chrll | 7541288 NA 395 94.06 93.88 0.93 (0.78 - 1.10) 0.390 0.831
PPFIBP2 chrll | 7541332 NA 395 94.86 95.58 0.91(0.74 - 1.11) 0.352 0.831
PPFIBP2 chrll | 7541349 NA 395 77.34 78.03 0.94 (0.80 - 1.10) 0.422 0.831
PPFIBP2 chrll | 7541354 NA 395 96.47 96.67 0.90 (0.76 - 1.06) 0.204 0.775
PPFIBP2 chrll | 7541362 NA 395 95.99 96.83 0.83 (0.67 - 1.01) 0.064 0.775
PPFIBP2 chrll | 7541384 NA 395 91.88 91.44 1.05 (0.88 - 1.24) 0.594 0.871
RADS1C chrl7 | 56769696 NA 90 63.55 65.65 0.86 (0.62 - 1.20) 0.379 0.831
RADS1C chrl7 | 56769718 NA 90 96.47 94.04 1.15 (0.84 - 1.56) 0.393 0.831
RADS1C chrl7 | 56769746 NA 89 89.63 83.64 1.39 (0.94 - 2.06) 0.101 0.775
RADS1C chrl7 | 56769760 NA 89 83.43 84.21 0.97 (0.71 - 1.33) 0.860 0.957
RADSI1C chrl7 | 56769767 | TARGET 89 69.42 65.70 1.11 (0.81 - 1.51) 0.525 0.842
RADS1C chrl7 | 56769830 NA 90 97.84 98.40 0.97 (0.71 - 1.32) 0.855 0.957
RALY chr20 | 32580828 NA 385 40.04 40.88 0.90 (0.75 - 1.08) 0.250 0.803
RALY chr20 | 32580850 NA 385 0.41 0.32 1.14 (0.95 - 1.35) 0.151 0.775
RALY chr20 | 32580857 NA 384 0.32 0.31 1.04 (0.90 - 1.21) 0.608 0.871
RALY chr20 | 32580882 NA 384 0.32 0.31 1.04 (0.85 - 1.28) 0.701 0.908
RALY chr20 | 32580895 NA 384 0.36 0.32 0.88 (0.63 - 1.24) 0.472 0.837
RALY chr20 | 32580923 NA 384 0.30 0.25 0.84 (0.58 - 1.20) 0.335 0.831
RALY chr20 | 32580932 | TARGET | 384 0.26 0.26 0.98 (0.82 - 1.16) 0.787 0.932
RALY chr20 | 32580948 NA 384 0.70 0.58 1.06 (0.91 - 1.25) 0.440 0.831
RALY chr20 | 32580971 NA 385 19.56 19.88 0.94 (0.77 - 1.13) 0.491 0.837
RGS20 chr8 | 54786401 | TARGET | 417 76.85 71.77 0.86 (0.72 - 1.02) 0.082 0.775
RGS20 chr8 | 54786475 SNP 417 83.39 83.39 0.97 (0.83 - 1.14) 0.716 0913
RPH3AL chrl7 50438 NA 417 83.14 83.79 0.95(0.80 - 1.13) 0.559 0.854
RPH3AL chrl7 50465 TARGET | 417 85.66 86.65 0.83(0.69 - 0.99) 0.036 0.764
SCMHI1 chrl | 41575522 | TARGET| 309 54.02 54.01 1.01 (0.85 - 1.20) 0.875 0.958
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SGSM1 chr22 | 25198798 SNP 394 66.16 65.96 0.93(0.78 - 1.11) 0.410 0.831
SGSM1 chr22 | 25198822 SNP 394 95.30 95.48 1.01 (0.85-1.21) 0.894 0.959
SGSM1 chr22 | 25198840 NA 394 95.51 95.91 0.96 (0.78 - 1.17) 0.668 0.897
SGSM1 chr22 | 25198849 NA 394 94.28 94.70 0.88 (0.74 - 1.05) 0.165 0.775
SGSM1 chr22 | 25198854 NA 394 86.62 85.72 1.15(0.97 - 1.37) 0.106 0.775
SGSM1 chr22 | 25198892 | TARGET | 394 83.44 82.77 1.00 (0.85 - 1.17) 0.970 0.980
SGSM1 chr22 | 25198894 NA 394 66.40 65.51 1.05 (0.89 - 1.24) 0.539 0.842
SGSM1 chr22 | 25198898 NA 394 84.04 83.14 1.11 (0.94 - 1.30) 0.213 0.776
SGSM1 chr22 | 25198934 NA 394 93.22 92.54 1.11 (0.95 - 1.30) 0.193 0.775
SGSM1 chr22 | 25198969 NA 394 90.20 90.11 0.98 (0.82 - 1.18) 0.854 0.957
SLC1A2 chrll | 35366722 | TARGET | 374 76.61 75.62 1.07 (0.92 - 1.25) 0.383 0.831
SLC1A2 chrll | 35366734 SNP 374 32.98 33.86 1.00 (0.86 - 1.17) 0.965 0.978
SLC1A2 chrll | 35366819 NA 374 19.69 19.23 0.98 (0.83 - 1.15) 0.790 0.932
SMARCCI1 chr3 | 47687921 NA 260 81.66 81.97 0.96 (0.80 - 1.16) 0.694 0.907
SMARCCI1 chr3 | 47687939 SNP 257 84.38 83.72 1.12 (0.93 - 1.35) 0.247 0.803
SMARCCI1 chr3 | 47687980 | TARGET | 260 47.00 51.87 0.84 (0.70 - 1.01) 0.068 0.775
SPACA7 chrl3 | 112883974 NA 355 78.62 76.69 1.10(0.92 - 1.32) 0.279 0.826
SPACA7 chrl3 | 112883990 NA 355 84.63 84.72 0.99 (0.84 - 1.16) 0.908 0.959
SPACA7 chr13 | 112883993 | TARGET | 355 86.73 86.48 0.97 (0.83 - 1.15) 0.751 0.929
SPACA7 chrl3 | 112884003 NA 355 80.40 79.50 1.07 (0.89 - 1.27) 0.482 0.837
SPACA7 chrl3 | 112884032 NA 355 71.23 69.72 1.04 (0.88 - 1.24) 0.611 0.871
SPACA7 chrl3 | 112884039 NA 355 79.13 79.67 1.03 (0.86 - 1.22) 0.750 0.929
SPACA7 chrl3 | 112884075 NA 355 76.10 74.34 1.13 (0.95 - 1.35) 0.161 0.775
SPACA7 chrl3 | 112884080 NA 355 62.78 61.47 1.12 (0.94 - 1.32) 0.203 0.775
SPACA7 chrl3 | 112884102 NA 354 82.14 78.12 1.25 (1.05 - 1.49) 0.012 0.562
TINCR chrl9 | 5568163 NA 413 41.26 39.71 1.01 (0.85 - 1.20) 0.881 0.959
TINCR chrl9 | 5568193 NA 413 25.72 25.94 0.94 (0.80-1.11) 0.457 0.833
TINCR chrl9 | 5568216 | TARGET | 413 47.64 50.08 0.77 (0.64 - 0.93) 0.006 0.513
TINCR chrl9 | 5568218 NA 413 26.46 28.59 0.75 (0.63 - 0.90) 0.002 0.370
TINCR chrl9 | 5568220 NA 413 59.11 59.31 0.94 (0.80 - 1.10) 0.426 0.831
TINCR chrl9 | 5568307 NA 413 99.78 99.76 1.08 (0.92 - 1.28) 0.349 0.831
TMEMIS5B | chr2 | 120981515 NA 405 1.27 1.73 0.98 (0.83 - 1.15) 0.792 0.932
TMEMI85B | chr2 | 120981571 NA 407 44.68 44.85 0.89 (0.75 - 1.05) 0.163 0.775
TMEMIS5B | chr2 | 120981590 NA 407 68.52 68.73 0.94 (0.79 - 1.11) 0.453 0.831
TMEMIS5B | chr2 | 120981592 | TARGET | 407 52.96 52.67 0.99 (0.85 - 1.16) 0.927 0.964
TMEMIS5B | chr2 | 120981595 NA 407 66.86 65.07 1.06 (0.90 - 1.26) 0.494 0.837
TP53INP1 chr8 | 95959449 NA 260 30.17 31.33 0.95(0.79 - 1.13) 0.552 0.853
TP53INP1 chr8 | 95959497 NA 259 19.56 21.98 0.92(0.76 - 1.12) 0.431 0.831
TP53INP1 chr8 | 95959532 | TARGET | 261 27.38 29.55 0.89 (0.74 - 1.08) 0.249 0.803
ULBP3 chr6 | 150378973 | TARGET | 370 92.34 92.28 1.02 (0.88 - 1.18) 0.806 0.936
ULBP3 chr6 | 150378977 NA 370 87.14 88.97 0.90 (0.77 - 1.05) 0.188 0.775
ULBP3 chr6 | 150379004 NA 370 84.89 84.46 1.05 (0.89 - 1.22) 0.573 0.861
ULBP3 chr6 | 150379009 NA 370 86.21 84.80 1.13 (0.95 - 1.34) 0.157 0.775
ULBP3 chr6 | 150379028 NA 369 79.10 79.03 1.05 (0.89 - 1.23) 0.568 0.857
ULBP3 chr6 | 150379045 NA 369 93.50 94.13 0.93 (0.80 - 1.09) 0.388 0.831
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ULBP3 chr6 | 150379048 NA 369 83.30 85.56 0.94 (0.80 - 1.10) 0.438 0.831
ULBP3 chr6 | 150379077 NA 370 93.74 94.36 0.96 (0.80 - 1.14) 0.637 0.886
UNC45A chrl5 | 91473498 NA 358 22.32 22.46 0.98 (0.82-1.17) 0.800 0.932
UNC45A chrl5 | 91473511 NA 358 4.92 4.83 1.02 (0.86 - 1.22) 0.777 0.932
UNC45A chrl5 | 91473542 NA 358 5.05 4.66 1.07 (0.90 - 1.27) 0.452 0.831
UNC45A chrl5 | 91473569 | TARGET | 358 5.42 5.13 1.05 (0.89 - 1.24) 0.589 0.871
UNC45A chrl5 | 91473573 NA 358 5.28 5.14 1.03 (0.87 - 1.22) 0.695 0.907
UNC45A chrl5 | 91473586 NA 358 5.21 5.49 1.00 (0.85 - 1.19) 0.963 0.978
UNC45A chrl5 | 91473591 NA 358 5.24 5.25 1.03 (0.87 - 1.21) 0.765 0.932
UNC45A chrl5 | 91473617 NA 358 6.40 5.87 1.07 (0.90 - 1.27) 0.462 0.837
UNC45A chrl5 | 91473625 NA 358 5.67 5.69 1.02 (0.86 - 1.21) 0.813 0.940
WAS chrX | 48541924 | TARGET | 385 40.56 42.49 0.92 (0.78 - 1.10) 0.368 0.831
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Appendix 5. Script for the meta-analysis

library(glmnet)
library(survival)

# Load probes and model for MI
load("MI_of_ELEE.RData") #load 'model' and 'probes'

e L e e T T
# FIRST PART: MI AND BREAST CANCER RISK ANALYSIS #
e L e s e s

#load pd, betas, WBC counts from Houseman method
load("™)

pd <- pd[, c("caco", "match", "age", "age_menarche", "age_menopause", "nr_preg",
"bf_dur", "alcohol", "smoking", "bmi", "time")]

#HM450K beta-values with probes as rows and samples as columns, keep only probes used
in the MI model
betas <- betas[probes, rownames(pd)]

#WBC data from the Houseman method, with samples as rows and WBCs as columns
wbc <- wbc[rownames(pd),]

#Exclude samples with missing data

samples.na <- apply(cbind.data.frame(pd$match, pd$age, pd$bmi, pd$smoking, pd$alcohol,
wbc$Bcell, wbc$CD4T, wbc$CD8T, wbc$Mono, wbc$Gran, wbc$NK), 1, function(x) {
any(is.na(x)) })

ifCany(samples.na==TRUE)){
remove <- which(samples.na==TRUE)
pd <- pd[-remove,]
wbc <- wbc[-remove,]
betas<-betas[,-remove]

}

#Make sure there are no NA:s in 450K methylation data
ifCany(is.na(betas))){
samples.na <- apply(betas, 1, function(x){ any(is.na(x)) })
remove <- which(samples.na==TRUE)
pd <- pd[-remove,]
wbc <- wbc[-remove,]
betas<-betas[,-remove]

}

#Remove unmatched pairs

pd$match <- as.character(pd$match)
keep.id.match <- pd$match[duplicated(pd$match)]
keep <- which(pd$match %in% keep.id.match)

pd <- pd[keep,]

wbc <- wbc[keep,]

betas <- betas[,keep]

identical(rownames(pd), rownames(wbc))
identical(rownames(pd), colnames(betas))

RSB R

# Association MI and Breast Cancer Risk #

HHHHH R

MI <- predict(model$finalModel, newx=t(as.data.frame(betas)), s=model$bestTune$lambda,
type="response", standardize=FALSE)

MI<-MI[,1]
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#Variables

caco <- pd$caco

match <- pd$match

age <- pd$age

alcohol <- pd$alcohol
smoking <- pd$smoking
bmi <- pd$bmi

bcells <-wbc$Bcell
CDAT <- wbc$CD4AT

CD8T <- wbc$CD8T

mon <- wbc$Mono

gran <- wbc$Gran

NK <- wbc$NK

#Association MI and Breast Cancer - unadjusted model
fit <- clogit(caco ~ MI + strata(match))

OR <- summary(fit)$conf.int["MI", 1]

1 <- summary(fit)$conf.int["MI", 3]

u <- summary(fit)$conf.int["MI", 4]

P.OR <- summary(fit)$coefficients["MI", 5]

#Association MI and Breast Cancer - multivariate model

fit <- clogit(caco ~ MI + age + bmi + smoking + alcohol + bcells + CD4T + CD8T + mon +
gran + NK + strata(match))

OR.multi <- summary(fit)$conf.int["MI", 1]

1.multi <- summary(fit)$conf.int["MI", 3]

u.multi <- summary(fit)$conf.int["MI", 4]

P.OR.multi <- summary(fit)$coefficients["MI", 5]

#Save result

n <- nrow(pd)/2

brca.res <- c(n, OR, 1, u, P.OR, OR.multi, 1l.multi, u.multi, P.OR.multi)
names(brca.res) <- c("n", "OR", "1", "u", "P", "OR_multi", "l_multi", "u_multi",
"P_multi™)

HHHHH R

# Quartile analysis #

RSB R

ctrls <- which(pd$caco==0)

Q1 <- summary(MI[ctrls])[2]

M <- summary(MI[ctrls])[3]

Q3 <- summary(MI[ctrls])[5]

MI.cat <- cut(MI, breaks=c(®, Q1, M, Q3, 1000), labels=c("A", "B", "C", "D"),
dig.lab=7)

summary(MI.cat[ctrls])

#### Make sure equal number of controls in each group ###

#Quartile analysis - unadjusted model

fit <- clogit(caco ~ MI.cat + strata(match))

OR <- summary(fit)$coefficients[,2]

ci.B <- exp(confint(fit, parm="MI.catB"))

ci.C <- exp(confint(fit, parm="MI.catC"))

ci.D <- exp(confint(fit, parm="MI.catD"))

1 <- c(Cci.B[1],ci.C[1],ci.D[1])

u <- c(Cci.B[2],ci.C[2],ci.D[2])

p <- summary(fit)$coefficients[,5]

min <- c(min(MI), Q1, M, Q3)

max <- c(Ql, M, Q3, max(MI))

n.ctrls <- c(summary(MI.cat[(which(pd$caco==0))1))
n.cases <- c(summary(MI.cat[(which(pd$caco==1))1))

brca.res.quartiles <- cbind.data.frame(min, max, n.cases, n.ctrls, c("NA",0R),
c("NA",1), c("NA",u), c("NA",p))
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#Quartile analysis - multivariate model

fit <- clogit(caco ~ MI.cat + age + bmi + alcohol + smoking + alcohol + bcells + CD4T +
CD8T + mon + gran + NK + strata(match))

OR <- summary(fit)$coefficients[c(1:3), 2]

ci.B <- exp(confint(fit, parm="MI.catB"))

ci.C <- exp(confint(fit, parm="MI.catC"))

ci.D <- exp(confint(fit, parm="MI.catD"))

1 <- c(Cci.B[1],ci.C[1],ci.D[1])

u <- c(ci.B[2],ci.C[2],ci.D[2])

p <- summary(fit)$coefficients[c(1:3),5]

brca.res.quartiles <- cbind.data.frame(brca.res.quartiles, c("NA",0R), c("NA",1),
c("NA",u), c("NA",p))

colnhames(brca.res.quartiles) <- c("min", "max", "n_cases", "n_ctrls", "OR", "1", "u",
"P", "OR_multi", "l_multi", "u_multi", "P_multi")
rownames(brca.res.quartiles)<-c("Q1", "Q2", "Q3", "Q4")

HHHHH R
# Time to diagnosis #
HHHHH R
time <- pd$time

time[which(pd$caco==0)] <- NA
time[which(is.na(pd$match))] <- NA

m <- median(time, na.rm=T)

#Pairs with time to diagnosis < median
keep.match <- pd$match[which(time < m)]
keep.short <- which(pd$match %in% keep.match)

#Association MI and Breast Cancer - unadjusted model

fit <- clogit(caco[keep.short] ~ MI[keep.short] + strata(match[keep.short]))
OR <- summary(fit)$conf.int[1]

1 <- summary(fit)$conf.int[3]

u <- summary(fit)$conf.int[4]

P.OR <- summary(fit)$coefficients[5]

#Association MI and Breast Cancer - multivariate model

fit <- clogit(caco[keep.short] ~ MI[keep.short] + age[keep.short] + bmi[keep.short] +
smoking[keep.short] + alcohol[keep.short] + bcells[keep.short] + C(D4T[keep.short] +
CD8T[keep.short] + mon[keep.short] + gran[keep.short] +  NK[keep.short] +
strata(match[keep.short]))

OR.multi <- summary(fit)$conf.int["MI[keep.short]", 1]

1.multi <- summary(fit)$conf.int["MI[keep.short]", 3]

u.multi <- summary(fit)$conf.int["MI[keep.short]", 4]

P.OR.multi <- summary(fit)$coefficients["MI[keep.short]", 5]

brca.res.time <- c(length(keep.short/2), OR, 1, u, P.OR, OR.multi, 1.multi, u.multi,
P.OR.multi)

#Pairs with time to diagnosis >= median
keep.match <- pd$match[which(time >= m)]
keep.long <- which(pd$match %in% keep.match)

#Association MI and Breast Cancer - unadjusted model

fit <- clogit(caco[keep.long] ~ MI[keep.long] + strata(match[keep.long]))
OR <- summary(fit)$conf.int[1]

1 <- summary(fit)$conf.int[3]

u <- summary(fit)$conf.int[4]

P.OR <- summary(fit)$coefficients[5]

#Association MI and Breast Cancer - multivariate model

fit <- clogit(caco[keep.long] ~ MI[keep.long] + age[keep.long] + bmi[keep.long] +
smoking[keep.long] + alcohol[keep.long] + bcells[keep.long] + C(D4T[keep.long] +
CD8T[keep.long] + mon[keep.long] + gran[keep.long] + NK[keep.long] +
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strata(match[keep.long]))

OR.multi <- summary(fit)$conf.int["MI[keep.long]", 1]
1.multi <- summary(fit)$conf.int["MI[keep.long]", 3]
u.multi <- summary(fit)$conf.int["MI[keep.long]", 4]
P.OR.multi <- summary(fit)$coefficients["MI[keep.long]", 5]

brca.res.time <- rbind.data.frame(brca.res.time, c(length(keep.long/2), OR, 1, u, P.OR,
OR.multi, 1l.multi, u.multi, P.OR.multi))

colnames(brca.res.time) <- c("n", "OR", "1", "u", "P", "OR_multi", "l_multi",
"u_multi", "P_multi")
rownames(brca.res.time) <- c("short", "long")

# Save results
save(brca.res, brca.res.quartiles, brca.res.time, file="MI_ELEE_PART1.RData") res,
brca.res.quartiles, brca.res.time, file="MI_ELEE_PART1.RData")

sl s e s e s
# SECOND PART: MI AND ELEE ANALYSIS #
B e

#Calculate reproductive time

age <- pd$age

age_menarche <- pd$age_menarche

age_menopause <- pd$age_menopause

repr_time <- rep(NA, nrow(pd))

prem <- which(is.na(age_menopause))

postm <- which(!(is.na(Cage_menopause)))

repr_time[prem] <- age[prem] - age_menarche[prem]
repr_time[postm] <- age_menopause[postm] - age_menarche[postm]

#Calculate ELEE

age <- pd$age

nr_preg <- pd$nr_preg

bf_dur <- pd$bf_dur

ELEE <- repr_time - nr_preg - bf_dur

#Exclude samples with missing information of ELEE
ifCany(is.naCELEE))){

r <- which(is.na(ELEE))

ELEE <- ELEE[-r]

pd <- pd[-r,]

betas <- betas[,-r]
3

identical(rownames(pd), colnames(betas))

RSB R

# Association MI and ELEE #

RSB R

MI <- predict(model$finalModel, newx=t(as.data.frame(betas)), s=model$bestTune$lambda,
type="response", standardize=FALSE)

MI<-MI[,1]

r <- cor(ELEE, MI)

P.corr <- cor.test(ELEE, MI)$p.value

res.ELEE <- c(r, P.corr)

names(res.ELEE) <- c("corr", "P_corr™)

# Save results
save(res.ELEE, file="MI_ELEE_PART2.RData")
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Appendix 6: Primer sequences for the bisulphite pyrosequencing assays

In this study the DNA methylation levels for five assays were analysed using bisulphite sequencing.
The primers were designed in PyroMark Assay Design 2.0 Software, and include two PCR primers
(forward and reverse) where one is biotinylated at the 5' end (marked by [Btn]), and one sequencing
primer.

Assay Primer Sequence

LINE-1 Forward GGATTTTTTGAGTTAGGTGTGGG
Reverse CAAAAAATCAAAAAATTCCCTTTCC [Btn]
Sequencing AGGTGTGGGATATAGT

CTNNA2 Forward GGATGAAGGAGGAGTATTTGTATTTAT [Btn]
Reverse AACACCCTTATACCTCACACAATAAC
Sequencing ATCTTTTCTTCAACAAAACTT

GRB10 Forward GGGTTTTAGTGGGTATAGTTATTAT
Reverse CCCCCTCTCCAAATACTCAAATAAACT [Btn]
Sequencing ATGGTTATATAATATTGTTTTATGG

RPH3AL Forward AGAGGGGTTTGTGTGATGAA
Reverse AACCCTCTCTACATTCCTACCAATAC [Btn]
Sequencing GGGTGGTAGAGGGTTAT

TINCR Forward AGGAGGAGTGGTTATTTAGTATAGAGTT
Reverse CTCCCTAAAACCTCCACCATATA [Btn]
Sequencing GAGGTTATTTTAGTTAAGGAGA
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