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Abstract
Background: A variety of epigenetic clocks utilizing DNA methylation changes have
been developed; these clocks are either tissue-independent or designed to predict
chronological age based on blood or saliva samples. Whether discordant tick rates
between tissue-specific and general epigenetic clocks play a role in health and
disease has not yet been explored.
Results: Here we analyze 1941 cervical cytology samples, which contain a mixture of
hormone-sensitive cervical epithelial cells and immune cells, and develop the WID
general clock (Women’s IDentification of risk), an epigenetic clock that is shared by
epithelial and immune cells and optimized for cervical samples. We then develop the
WID epithelial clock and WID immune clock, which define epithelial- and immunespecific clocks, respectively. We find that the WID-relative-epithelial-age (WID-REA),
defined as the difference between the epithelial and general clocks, is significantly
reduced in cervical samples from pre-menopausal women with breast cancer (OR
2.7, 95% CI 1.28-5.72). We find the same effect in normal breast tissue samples from
pre-menopausal women at high risk of breast cancer and show that potential risk
reducing anti-progesterone drugs can reverse this. In post-menopausal women, this
directionality is reversed. Hormone replacement therapy consistently leads to a
significantly lower WID-REA in cancer-free women, but not in post-menopausal
women with breast or ovarian cancer.
Conclusions: Our findings imply that there are multiple epigenetic clocks, many of
which are tissue-specific, and that the differential tick rate between these clocks may
be an informative surrogate measure of disease risk.

Background
Age-associated DNA methylation alterations occur at numerous CpG sites across the
human genome and form the basis of epigenetic clocks. Specific sites like those regions
which, in stem cells, are occupied by the polycomb-repressor complex 2 become preferentially methylated with increasing age [1–3]. By taking a combination of multiple
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age-associated differentially methylated positions (aDMPs), these clocks offer remarkably accurate predictions of chronological age [4–8]. Epigenetic age acceleration, defined as the difference between epigenetic and chronological age, has been associated
with cancer risk, mortality, as well as several other diseases [4, 9–15].
Many age-related DNA methylation changes are common across most tissue types
[16], and one of the earliest epigenetic clocks was designed as a pan-tissue clock using
samples from multiple tissues [4]. Other aDMPs are highly tissue specific [17–19], and
alternative clocks have been developed using blood [5, 6] and saliva samples [7].
There are suggestions that the tick rate of epigenetic clocks allows for the prediction
of disease and mortality risk [20]. Both the number of cell divisions and replicationindependent factors determine the pace of epigenetic clocks; hence in order to utilize
an epigenetic clock as a surrogate marker to monitor disease risk, the cell-type and
conditions which impact on this cell type have to be considered. This is of particular
importance for multifactorial diseases like cancer where hormonal exposure is crucially
involved in cancer development and cell division is limited to cells that are hormone
receptor positive.
Here we analyzed cervical liquid-based cytology samples from 1941 women which,
due to the heterogeneous nature of the sample, provide direct access to both hormonesensitive epithelial cells from the cervix and non-epithelial cells. We have developed
epigenetic clocks which reflect the epithelial and immune specific age as well as a general tissue-independent clock. We aimed to assess whether these clocks, and any discordance between them, are associated with women’s cancers that do not have their
origin at the cervix, and how this depends on menopausal status and hormone
exposure.

Results
Development of a tissue-independent epigenetic clock

We analyzed cervical cytology samples from 869 healthy women (593 from the general
population and 276 from women attending hospital for benign women-specific conditions; Additional file 1: Fig. S1, Supplementary Table S1) as part of our training dataset.
Samples were processed on the Illumina EPIC array, which covers approximately
850,000 CpG sites. We used the EpiDISH algorithm to infer the relative proportion of
epithelial cells, fibroblasts, and seven subtypes of immune cells in each sample. Cervical
samples are highly heterogeneous, consisting of a mixture of cervical, epithelial, and
immune cells in which the immune cell (ic) proportion follows a roughly uniform distribution (Fig. 1a).
We used lasso regression to develop an epigenetic clock termed the WID general
clock (Women’s IDentification of risk). We trained the clock to predict chronological
age using beta values from 776,725 CpGs in our training dataset. The final clock consisted of a linear combination of 759 CpGs. We evaluated the performance of the clock
on an independent validation dataset (Additional file 1: Supplementary Table S2) of
225 cervical cytology samples from healthy women (Fig. 1b). The error (defined as the
median absolute difference between the true and predicted age) was 2.4 years and the
Pearson correlation was 0.95 (p < 10−16). We observed a slight underestimation of age
in older individuals, consistent with previous reports in the literature [21].
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Fig. 1 Overview of the WID general clock. a Cell-type composition of cervical samples in the training set. b
WID general clock versus chronological age in control samples from Validation set 1. c Distribution of
regression coefficients of either epithelial- or immune-specific aDMPs (x or y-axis, respectively) in the 759
age index CpGs. d Error (absolute difference between predicted and chronological age) in the WID general
clock compared to existing clocks in cervical samples. e, f Age- and ic-adjusted age-acceleration (Δ WIDgeneral clock and chronological age) in pre- (e) and post-menopausal (f) samples from healthy cancer-free
women and women with breast or ovarian cancer. P values for correlations were calculated using Pearson’s
product-moment correlation coefficient

In order to determine whether the CpGs used in the clock were specific to epithelial
or immune cells, or shared across both, we used a linear model to estimate epithelialand immune-specific age-associated changes. The majority of changes were shared
across both cell types (Fig. 1c). The clock accuracy was largely independent of cell-type
composition. In samples with an immune cell (ic) proportion < 0.5, the error was 2.61
years and the correlation was 0.95 (p < 10−16). In samples with ic ≥0.5, the error was
2.18 years and the correlation was 0.96 (p < 10−16). We found that in cervical samples
the WID general clock offered substantially superior performance in comparison to the
most frequently quoted clocks previously published by Horvath [4] and Hannum [5]
(Fig. 1d, Additional file 1: Fig. S2a, b). This was expected as our clock was optimized
for cervical cytology specimens. We evaluated the performance of all three clocks in
fat, blood, muscle, colon, saliva, breast, skin, brain, buccal, and bone tissue samples and
found that the WID general clock offers superior performance in all but buccal and
bone tissues (Additional file 1: Fig. S2c).

Age acceleration in breast, ovarian, and endometrial cancers

We observed that age-acceleration, defined as the difference between the WID general
clock and chronological age, was strongly dependent on chronological age (Additional
file 1: Fig. S2d) and largely independent of immune cell proportion (Additional file 1:
Fig. S2e). Epidemiological factors and cancer also did not influence immune cell proportion (Additional file 1: Fig. S2f-h). Nonetheless, in all subsequent analyses of ageacceleration, we used residuals after regressing on age and ic using the 225 control
samples from the validation set.
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We next analyzed cervical cytology samples from 442 women with breast cancer and
289 with ovarian cancer (all collected at the time of diagnosis). These samples had a
comparable cell type composition to the healthy control samples (Additional file 1: Fig.
S2i). Neither in pre- (Fig. 1e) nor in post-menopausal (Fig. 1f) women did we observe a
significant difference in age-acceleration (adjusted for age and ic) between sample
types.
We next examined healthy controls and cancers with respect to hormone replacement therapy (HRT), oral contraceptive pill (OCP) use, menopause, age at menopause,
age at menarche (previous studies found an association between age-acceleration and
age at menarche in blood [22] and age at menopause [23]), smoking, and obesity but
did not observe any significant associations (Additional file 1: Fig. S3).

Development of tissue-specific epigenetic clocks

The WID general clock was optimized for heterogeneous samples and as a consequence is largely based on CpGs that vary with age in both epithelial and immune cells.
We hypothesized that the WID general clock defines a shared tick rate that is present
across all cell types in cervical cytology samples. In order to develop tissue-specific
clocks, we applied a linear model to each of the 776,725 CpGs in our training set and
identified 168 epithelial-specific aDMPs (defined as CpGs with an absolute epithelialspecific coefficient > 10−3 and an absolute immune-specific coefficient < 10−5), and 56
immune-specific aDMPs (Fig. 2a).
We used ridge regression on these 168 epithelial- and 56 immune-specific aDMPs in
the training dataset in order to derive an epithelial clock termed the WID epithelial
clock, and an immune clock termed the WID immune clock. Both clocks are defined
as a linear combination of beta-values and beta-proportion interaction terms (to account for any dependence on immune cell proportion). Both the epithelial and immune
clocks had errors of 6.3 years (correlation 0.67, p < 10−16) and 7.6 years (correlation
0.58, p < 10−16) respectively, which was poorer performance than the tissueindependent clock (Fig. 2b, c).
Cervical epithelial cells are steroid hormone (i.e., estrogen and progesterone) sensitive; menopause (which occurs at around 50 years of age) leads to dramatically decreased levels of steroid hormones and we found a significant change in the general

Fig. 2 Description of the WID epithelial and immune clocks. a Distribution of the 168 epithelial- and 56
immune-specific aDMPs (x or y-axis, respectively) which were used to construct epithelial and immune
clocks. b WID epithelial clock and c WID immune clock versus chronological age in cervical samples from
healthy controls
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and epithelial clock after menopause (Additional file 1: Fig. S4a), suggesting that the
clocks can be influenced by hormonal changes occurring at menopause.
The general, epithelial and immune clocks are significantly, albeit weakly, correlated
with two mitotic clocks, the pcgtAge score based on promoter CpGs at polycomb
group target genes [24], and an alternative mitotic clock model recently developed
using “solo-WCGWs” [25], i.e. CpGs occurring in a WCGW sequence context that lose
methylation as a result of incomplete methylation maintenance during cell division
(Additional file 1: Fig. S4b-g). The weak correlation with mitotic clocks, despite excellent correlation with chronological age, implies that the WID clocks reflect ageassociated epigenetic changes that are to a large extent independent of mitotic age.

Relative epithelial age

The epithelial and immune clocks are derived from aDMPs that are specific to epithelial and immune cells respectively, but since they are simply a linear combination of
beta-values, they define epigenetic clocks in any cell. We can therefore interpret each
cell as possessing three separate epigenetic clocks (general, epithelial, and immune).
The tick rate of each clock is cell type specific; the general clock serves as a good predictor of age across all cell types whereas the epithelial clock acts as a better predictor
in epithelial cells and so forth.
When we examined the general, epithelial, and immune clocks in pre-menopausal
women, we observed a slightly increased general tick rate and a reduced epithelial tick
rate in those with breast and ovarian cancers although neither were significant (Fig. 3b).
This motivated us to define the WID-relative-epithelial-age (WID-REA) as the difference between the epithelial and general clocks. The WID-REA was strongly dependent
on age but not ic (Additional file 1: Fig. S5a, b). The WID-REA (adjusted for age and
ic proportion) in pre-menopausal women with breast cancers was significantly lower in
comparison to samples from healthy cancer-free controls (p = 0.013; Fig. 3a). Women
in the lowest quartile of WID-REA index values have a breast cancer odds ratio of 2.7
(95% CI: 1.28–5.72) (Additional file 1: Supplementary Table S3). Interestingly, this effect appeared to be driven by estrogen and particularly progesterone receptor positive
breast cancers (Additional file 1: Fig. S5e). A reduced WID-REA was also present in
women with pre-menopausal ovarian cancers but was not statistically significant.
We next evaluated the WID-REA in normal breast tissue samples from 36 healthy
cancer-free pre-menopausal women, 14 normal-adjacent breast tissue samples from
women with triple-negative breast cancer, and 30 BRCA mutation carriers (Additional
file 1: Supplementary Table S4). We aimed to assess whether samples at high risk of
breast cancer (i.e., normal breast tissue adjacent to breast cancer and normal breast
from BRCA mutation carriers) had a reduced WID-REA, similar to that observed in
cervical samples. We adjusted the WID-REA for age only because, unlike cervical samples, there is relatively little variability in the cell-type composition of breast tissue samples (Additional file 1: Fig. S5f). Consistent with our observations in cervical samples,
we found an increased general tick rate and a decreased epithelial tick rate in the
normal-adjacent and BRCA samples leading to a lower WID-REA (Fig. 3c, d).
Progesterone is a key player in the development of breast cancer [26–28]. Therefore,
we assessed whether potential anti-progesterone breast cancer preventive drugs,
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Fig. 3 A discordance between the general and epithelial clock indicates breast cancer risk in cervical samples
and tissue at risk in premenopausal women and can be rescued with progesterone antagonist treatment. a, b
WID-relative-epithelial-age (WID-REA; difference between general and epithelial clock, a), and visualization of
the general, epithelial, and immune clocks (after adjustment for age and ic, b) in cervical samples of premenopausal healthy controls and cancer cases in Validation set 1. c, d WID-REA, general, and epithelial clocks in
breast tissue: normal breast tissue, normal-adjacent breast tissue samples from women with triple-negative
breast cancer, normal breast tissue from BRCA mutation carriers, and samples before and after treatment with
the potential breast cancer preventive drugs ulipristal acetate or mifepristone. Ulipristal acetate treatment was
carried out in women at high risk of breast cancer (> 17% life-time breast cancer risk based on the Tyrer-Cuzick
model). Mifepristone treatment was carried out either in healthy controls or BRCA mutation carriers. Samples
before mifepristone treatment are a subset of the 36 normal breast tissue samples and 30 breast tissue samples
from BRCA mutation carriers. *p value 0.05; **p value 0.01 in one-way ANOVA with Tukey’s post test (a, b). *p
value 0.05 in Wilcoxon test (unpaired or paired, for top and bottom graph in c and d, respectively)

ulipristal acetate and mifepristone [29], are able to reverse these discordant tick rates.
We assessed the WID-REA in breast tissue samples from 9 healthy cancer-free women
before and after 3 months of ulipristal acetate treatment. These women had a high risk
of breast cancer (> 17% lifetime risk of developing breast cancer according to the
Tyrer-Cuzick risk model [30]) which was reflected in a reduced WID-REA. After treatment, the discordance was completely reversed and the median WID-REA increased
above zero (Fig. 3c, d).
We then analyzed 10 healthy women and 13 healthy BRCA mutation carriers before
and after a three-month treatment with mifepristone. In healthy women, the median
WID-REA significantly increased above zero, indicating a potential protective effect
(Fig. 3c, d). In BRCA carriers, a negative WID-REA was increased to values comparable
to healthy women.

Hormone replacement therapy

We next examined the WID-REA with respect to hormone replacement therapy
(HRT). Post-menopausal cancer-free control women who were ever on HRT
showed a significantly reduced WID-REA (p = 0.006; Fig. 4a). The reduced WIDREA in cancer-free controls increased with HRT duration, consistent with a retardation of the epithelial clock (relative to the general clock) that becomes more pronounced over time (Fig. 4b). Surprisingly, HRT had no effect at all on the WIDREA in post-menopausal women with breast or ovarian cancer (Fig. 4c, d). This
was surprising and indicated that the meaning of a negative WID-REA was
strongly dependent on menopausal status: in pre-menopausal women a negative
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Fig. 4 The WID relative epithelial age in post-menopausal women is influenced by hormone replacement
therapy. a WID-REA with respect to hormone replacement therapy (HRT) in cervical samples from postmenopausal cancer-free controls and cancers from Validation set 1. The general and epithelial clocks versus
HRT treatment duration in cervical samples post-menopausal b cancer-free controls, c breast, and d ovarian
cancer from Validation set 1. e WID-REA with respect to HRT in matched cervical, buccal, and whole blood in
post-menopausal samples from Validation set 2. The general and epithelial clocks in f cervical, g buccal, and h
whole blood in post-menopausal samples from Validation set 2. *p 0.05; **p 0.01 in paired Wilcoxon tests

WID-REA is associated with increased cancer risk, whereas in a post-menopausal
context this directionality is reversed.
To validate this observation further, we analyzed cervical, buccal, and blood samples
from an independent cohort of 116 healthy cancer-free women, of whom 13 were never
and 12 were on HRT (Additional file 1: Supplementary Table S5). We observed a similar reduction of the WID-REA in post-menopausal women ever on HRT in cervical
and buccal samples, although this did not reach significance (Fig. 4e). As expected, this
effect was absent in blood samples, consistent with the fact that the epithelial clock was
developed using epithelial-specific aDMPs. Examination of the general and epithelial
clocks in these samples confirms the effect is driven by a slower epithelial tick rate
(Fig. 4f–h).
Additionally, we analyzed the WID-REA with respect to OCP use, menopause, age at
menopause, age at menarche, smoking, and obesity but did not observe any significant
associations (Additional file 1: Fig. S6). We similarly defined the relative-immune-age
as the difference between the immune and general clocks. We noted minor, but non-
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significant, associations with cancers but otherwise did not observe any associations
with the above factors (Additional file 1: Fig. S7).

Discussion
Here, we have leveraged the heterogeneous nature of smear samples from the uterine
cervix in order to develop epithelial- and immune-specific epigenetic clocks, as well as
a general clock that acts as an accurate predictor of age in both cell types.
Although in the past many epigenetic clocks have been developed, not one of these
clocks has considered the relationship between cell subtype-specific (i.e., epithelial) and
general epigenetic clocks and whether the discordance between different clocks, particularly when assessed in surrogate tissue, reflects disease risk. The difference in tick
rates between the epithelial and general clocks, a quantity we termed the WID-relativeepithelial-age (WID-REA), captures an intrinsic cellular tension. When assessed in cervical smear samples it offers a highly informative measure of the cancer risk in noncervical hormone-dependent tissues (i.e., particularly for breast cancer, by far the most
common cancer) and is susceptible to hormonal modulation.
The relationship between the WID-REA and cancer (i.e., breast cancer) risk is
strongly dependent on menopausal status (Fig. 5). In pre-menopausal women, conditions which are associated with higher exposure to progesterone (e.g., a BRCA mutation) lead to a slower epithelial clock compared to the general clock and a higher
breast cancer risk. The potential breast cancer risk reducing drugs ulipristal acetate and
mifepristone rectify this discordance in breast tissue. In post-menopausal women, a
HRT-mediated selective “anti-aging effect” of epithelial cells (i.e., reduced WID-REA) is

Fig. 5 Menopause as a turning point for the WID-relative-epithelial-age: distinct impacts of hormonal exposure
or genetic factors on the WID-relative-epithelial age before or after menopause. Before menopause, factors
increasing breast cancer risk (e.g., BRCA mutations) result in a reduced WID-relative-epithelial-age, while antiprogestins (such as ulipristal acetate or mifepristone) increase the WID-relative-epithelial-age. After menopause,
this pattern is switched: HRT responders exhibit a reduced WID-relative-epithelial-age, but this effect is not
observed in HRT non-responders and may indicate an increased risk for breast cancer in these women.
Therefore, an acceleration or deceleration of the WID-relative-age (age discordance) has different effects before
and after menopause
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prevalent in women with no cancer but absent in women with breast and
ovarian cancer.
Overall, our data provide strong evidence that the WID-REA captures the concordance or discordance of the epithelial and general epigenetic clock. Importantly, the
WID-REA in cervical samples acts as a systemic surrogate indicating how individual
women respond to hormonal modulation and, depending on the menopausal status,
how this is associated with cancer predisposition.
Although we have been able to demonstrate in sequential normal breast tissue samples that anti-progestins are able to rectify discordant tick rates, future research will assess (i) whether breast cancer risk reduction utilizing anti-progestins can be monitored
using cervical samples and (ii) if individual post-menopausal women who decide to
commence HRT, and do not demonstrate a reduction of the WID-REA after a certain
time on HRT, should be advised against continuation of HRT and seek alternative measures. Cervical cytology samples are routinely collected as part of many national screening programs and self-collection kits allow women to collect samples at home. These
samples therefore provide a unique and promising opportunity for monitoring cancer
risk and response to HRT or preventive measures.

Conclusions
Our findings imply that there are multiple epigenetic clocks, many of which are tissuespecific, and that the differential tick rate between these clocks may be an informative
surrogate measure of disease risk.
Methods
Study design and epidemiological data acquisition

The study was conducted as part of a multi-center study involving several recruitment
sites in five European countries (i.e., the UK, Czech Republic, Italy, Norway, and
Germany). Women over the age of 18 years who had not undergone a previous hysterectomy, not received treatment (within 2 years of recruitment) for a non-gynecological
cancer, were not pregnant or menstruating at the time of recruitment, and had not
undergone a cervical smear in the last 12 weeks were eligible for this study. Women diagnosed with breast and ovarian cancer (case), or a non-malignant benign gynecological
condition (control), were approached during outpatient hospital clinics, while women
recruited as healthy volunteers from the general population (control) were approached
via outreach campaigns, public engagement, and as part of cervical screening programs.
After signing an informed consent, participants completed an epidemiological questionnaire as well as a feedback form after their participation. The study itself is a sub-study
of the FORECEE (4C) Program, which has ethical approval from the UK Health Research Authority (REC 14/LO/1633) and other contributing centers.
Cervical samples were taken at collaborating hospitals and recruitment centers using
the ThinPrep system (Hologic Inc., cat #70098-002), by rotating a Cervex brush (Rovers
Medical Devices, cat #70671-001) for 5 times through 360° while in contact with the cervix. The sample vial was sealed and stored locally at room temperature. Buccal cells were
collected using two Copan 4N6FLOQ Buccal Swabs (Copan Medical Diagnostics, cat
#4504C) by firmly brushing the swab head 5–6 times against the buccal mucosa of each
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cheek. The swabs were re-capped and left to dry out at room temperature within the sampling tube which contains a drying desiccant. 2.5 mL of venous whole blood were collected in PAX gene blood DNA tubes (BD Biosciences #761165) and stored locally at
4 °C. All samples were shipped to University College London (UCL) at ambient
temperature.
Biological samples were given an anonymous Participant ID Number, which was assigned
to the person’s name in a securely stored link file. Following sample taking, an email survey
was sent to participants, enabling them to feedback with respect to the recruitment process.
Women with a current diagnosis of (a) primary breast cancer with poor prognosis features
(Grade III and/or T2/3 and/or N1/2 and/or HR-ve) or (b) malignant invasive epithelial
ovarian cancer, and recruited prior to receiving any systemic treatment (chemo- or antihormonal or Herceptin, etc.) or surgery or radiotherapy, were eligible as breast or ovarian cancer cases respectively. Controls were initially matched one-to-one with cases based on
menopausal status, age (5 year age ranges where possible), and recruitment center/country.
However, due to an imbalance in recruitment of cases and controls at some centers, a number of cases were matched on age and menopausal status alone.

Breast tissue samples

Normal breast tissue samples (n = 36) included samples from 14 women who underwent
cosmetic breast operations and 22 samples from a clinical trial called “The Effect of a Progesterone Receptor Modulator on Breast Tissue in Women With BRCA-1 and -2 Mutations
- a Placebo Controlled RCT” (ClinicalTrials.gov Identifier: NCT01898312; regional ethical
review board at the Karolinska Institutet permit 2009/144-31/4) consisting of healthy premenopausal women aged 18–43 years before treatment with mifepristone (n = 10) or placebo (n = 12). Normal-adjacent breast tissue samples were acquired from 14 women who
had breast surgery due to a triple-negative breast cancer. Normal breast tissue samples from
BRCA mutation carriers (n = 30) were obtained from risk-reducing surgeries (n = 14, 10
BRCA1 and 4 BRCA2) and BRCA mutation carriers from the mifepristone clinical trial before treatment with placebo (n = 5) or mifepristone (n = 11). Ethical approval for collection
of control cosmetic surgery samples and samples from BRCA mutation carrier riskreducing surgeries was obtained from the NRES Committee East of England (reference
number 15/EE/0192). The ulipristal acetate dataset consisted of breast tissue samples obtained as part of the Breast cancer anti-progestin study 1 (BC-APPS1 (2014MayCR003); regional ethical review board at Greater Manchester – South, Research Ethics Committee
REC number 15/NW/0478) funded by Breast Cancer Now. The BC-APPS1 was a singlearm study designed to test the efficacy and safety of ulipristal acetate in breast cancer prevention and included 9 pre-menopausal women aged 38 years or below with a ≥ 1:6 lifetime
risk of breast cancer (assessed by Tyrer-Cuzick v8). Breast tissue samples were obtained by
vacuum-assisted biopsy at baseline and contralaterally 12 weeks following ulipristal acetate.
All samples were collected fresh from theater and samples processed within 1 h of surgical
excision. Fresh samples were frozen rapidly in Liquid Nitrogen and stored at −80 °C.

Tissue samples for comparison of epigenetic clocks

Twelve datasets were downloaded from the GEO (Additional file 1: Supplementary
Table S6) and the WID general clock, the Horvath clock, and the Hannum clock were
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computed for each sample. Only samples from healthy disease free individuals were
considered. The breast tissue samples consisted of the 36 normal samples from our
breast tissue validation set described above. The blood samples were a combination of
the 116 blood samples from our validation set 2 and five other blood GEO datasets.
The buccal samples were a combination of the 116 buccal samples from our validation
set 2 and one additional GEO dataset.
Sample processing and DNA extraction

When preparing for sample storage in the laboratory, cervical samples were poured
into 50 mL Falcon tubes and left to sediment at room temperature for 2 h. Onemilliliter wide bore tips were then used to transfer the enriched cellular sediment into a
2 mL vial. The cervical sediments were washed twice with PBS, lysed, and temporarily
stored at − 20 °C ahead of extraction. The Copan 4N6FLOQ Buccal Swabs were cut
and lysed sequentially in the same aliquot of lysis buffer prior to temporary storage at
− 20 °C ahead of extraction. Whole blood samples were simply held transiently at −
20 °C until DNA extraction. DNA was extracted from cervical and buccal tissue lysates
on a Hamilton Star liquid handling platform using the Nucleo-Mag Blood 200 μL kit
(Macherey Nagel, cat #744501.4) with prior modifications for optimal lysis of cervical
cell pellets and paired buccal swabs. DNA concentration and quality absorbance ratios
were measured using Nanodrop-8000, Thermoscientific Inc. Extracted DNA was stored
at − 80 °C until further analysis.
DNA methylation array analysis

Cervical and buccal tissue DNA was normalized to 25 ng/μL and 500 ng total DNA was
bisulfite modified using the EZ-96 DNA Methylation-Lightning kit (Zymo Research
Corp, cat #D5047) on the Hamilton Star Liquid handling platform. Eight microliters of
modified DNA was subjected to methylation analysis on the Illumina InfiniumMethylation EPIC BeadChip (Illumina, CA, USA) at UCL Genomics according to the manufacturer’s standard protocol.
Methylation analysis

All methylation microarray data were processed through the same standardized pipeline. Raw data was loaded using the R package minfi, version 1.40.0 [31]. Any samples
with median methylated and unmethylated intensities < 9.5 were removed. Any probes
with a detection p-value > 0.01 were regarded as failed. Any samples with > 10% failed
probes and any probes with > 10% failure rate were removed from the dataset. Beta
values from failed probes (approximately 0.001% of the dataset) were imputed using the
impute.knn function as part of the impute R package, version 1.68.0.
Non-CpG probes (2932), SNP-related probes as identified by Zhou et.al [32].
(82,108), and chrY probes were removed from the dataset. An additional 6102 previously identified probes that followed a trimodal methylation pattern characteristic of an
underlying SNP were removed. Beta values from a total of 776,725 remained after these
filtering steps.
Background intensity correction and dye bias correction was performed using the
minfi single sample preprocessNoob function. Probe bias correction was performed

Page 11 of 16

Barrett et al. Genome Biology

(2022) 23:52

using the beta mixture quantile normalization (BMIQ) algorithm in R package ChAMP,
version 2.24.0 [33].
The fraction of immune cell contamination, and the relative proportions of different
immune cell subtypes in each sample, was estimated using the EpiDISH algorithm
using the epithelial, fibroblast, and immune cell reference dataset described in Zheng
et al. [34]. Briefly, generic epithelial and fibroblast reference datasets were generated
from eleven distinct epithelial or seven distinct fibroblast cell lines, respectively,
assessed on the Illumina 450 k array as part of the ENCODE Project, while the immune
cell reference dataset was generated from 42 purified samples representing all major IC
types [35]. For breast tissue, the EpiDISH algorithm was run using epithelial, fibroblast,
immune, and a fat cell reference dataset [34]. The EpiDISH algorithm is wellestablished for cell type deconvolution [36]. The top 1000 most variable probes (ranked
by standard deviation) were used in a principal component analysis. Statistical tests
were performed in order to identify any anomalous associations between plate, sentrix
position, date of array processing, date of DNA creation, study center, immune contamination fraction, age, type (case versus control), and the top ten principal components.

Statistical development of epigenetic clocks

The R package glmnet, version 4.1.3, with alpha = 1 (lasso penalty) was used to train a
regression model to predict chronological age as the output. Beta-values from the
776,725 CpGs in the training set were used as inputs to the model. Ten-fold crossvalidation was utilized to determine the optimal value of the regularization parameter
lambda. The final model included non-zero weights for n = 759 CpG sites. Denoting
the beta values as β1, …, βn and the regression coefficients from the trained model as
P
w1, …, wn, then the WID general clock is given ni¼1 wi βi þ intercept, where the intercept term was also fitted during the model training phase.
In order to identify epithelial- and immune-specific age-associated changes at each
CpG site, we fitted the following linear model. At a given CpG site let β denote the
beta-value, ic and ec denote the immune and epithelial proportions, and age denote
chronological age. We linear regressed β on ic, ec, age, ic ∙ age, and ec ∙ age. Coefficients
corresponding to the interaction terms capture cell-type-specific associations between
beta values and chronological age. The linear regression model was applied to all
776,725 CpGs in the training set.
Epithelial-specific CpGs were identified by selecting CpGs with an absolute
epithelial-specific coefficient > 10−3 and an absolute immune-specific coefficient < 10−5
(168 in total). Similarly, immune-specific CpGs were identified by selecting CpGs with
an absolute immune-specific coefficient > 10−3 and an absolute epithelial-specific coefficient < 10−5 (56 in total). The WID epithelial clock was trained on the epithelialspecific CpGs by using ridge regression to predict chronological age using β and β ∙ ic
interaction terms as inputs. Interaction terms were included to accommodate any cellP168 1
2
type-specific dependencies. The final clock was defined as
i¼1 wi βi þ wi βi ici
P56 1
2
þintercept . Similarly the WID immune clock was defined as
i¼1 wi βi þ wi βi ici
þintercept . Coefficients for all WID clocks are available in Additional files 2, 3 and 4:
Supplementary Tables S7-9.
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Age-acceleration was defined as the difference between the WID general clock and
chronological age. Age-acceleration was adjusted for chronological age and ic by taking
residuals after regressing on age and ic in the 225 control samples from Validation set
1. When analyzing HRT and OCP, we took residuals based on control samples that
were never on HRT or OCP respectively. The WID-relative-epithelial-age (REA) was
defined as WID epithelial clock − WID general clock, and the WID-relative-immuneage was defined as WID immune clock − WID general clock. Where indicated, both of
these quantities were adjusted for age and ic based on control samples from Validation
set 1. In breast tissue samples, the WID-REA was adjusted for age using the n = 36 normal tissue samples. In the buccal samples from Validation set 2, the WID-REA was adjusted for age and ic using samples from healthy post-menopausal controls that were
never on HRT. The average immune cell composition of buccal samples was 33.9%
(16.8–49%). For blood samples, adjustment was made for age only.
The odds ratio associated with breast cancer was computed by dividing the 225 control samples into WID-REA quartiles and using the oddsratio function from the epitools R package, version 0.5.10.1.
The pcgtAge mitotic clock was computed using the mean methylation across 385
promoter CpGs at polycomb group target genes. The “solo-WCGWs” mitotic clock
was computed using the mean methylation across 34,276 “solo-WCGWs CpGs that are
available on the EPIC array.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/s13059-022-02603-3.
Additional file 1: Fig. S1. Datasets and experimental design. Fig. S2. Detailed comparison of the WID general
clock and other epigenetic clocks, and assessments of cell composition in response to menopause, hormone
replacement and cancer. Fig. S3. Detailed epidemiological assessment of the WID general clock age acceleration.
Fig. S4. Association of the WID general, epithelial and immune clocks with menopause, replicative age, and soloWCGW methylation. Fig. S5. Association of WID-relative-epithelial- and -immune-age with chronological age and
immune cell proportion and breast cancer subtype. Fig. S6. Epidemiological associations of the WID-relativeepithelial-age. Fig. S7. Epidemiological associations of the WID-relative-immune-age. Table S1. Epidemiological
and clinical characteristics of the training set. Table S2. Epidemiological and clinical characteristics of the validation
set 1. Table S3. WID-REA quantiles and pre-menopausal breast cancer risk. Table S4. Ages of individuals in the
breast tissue sets. Table S5. Epidemiological and clinical characteristics of Validation set 2. Table S6. List of samples used to assess the performance of age prediction.
Additional file 2: Table S7. WID general clock intercept and coefficients.
Additional file 3: Table S8. WID epithelial clock intercept and coefficients.
Additional file 4: Table S9. WID immune clock intercept and coefficients.
Additional file 5. Review history.
Acknowledgements
We are most grateful to the women who donated samples and the management team, research nurses, interviewers,
research assistants, and other staff who participated in gathering the data for this study. The authors also wish to
acknowledge support from UCL Genomics (Dr Mark Kristiansen and his team) as well as the Breast Cancer Now Tissue
Bank for provision of tissue samples and data, and Dr Sally Smith for sample preparation.
Peer review information
Andrew Cosgrove was the primary editor of this article and managed its editorial process and peer review in
collaboration with the rest of the editorial team.
Review history
The review history is available as Additional file 5.
Authors’ contributions
MW conceived, designed, and supervised the study; received funding; and drafted the manuscript. JEB, CH, Y-NK, and
TEB carried out the statistical analyses and helped drafting the manuscript. KG-D, AFR, and SJH were responsible for
the three clinical trials. AJ, IE, DC, MZ, LB, NH, and NC contributed to the experimental work and data and sample

Page 13 of 16

Barrett et al. Genome Biology

(2022) 23:52

acquisition. All authors contributed to data interpretation, critically reviewed the manuscript, and reviewed and approved the final manuscript.
Authors’ information
Twitter handle: @chiara_herzog (Chiara Herzog) @james_e_barrett (James E Barrett)
Funding
This study was funded by the European Union’s Horizon 2020 European Research Council Program, H2020 BRCA-ERC
under Grant Agreement No. 742432 and the European Union’s Horizon 2020 Research and Innovation Program, HEAP
under grant agreement No. 874662 as well as the charity The Eve Appeal (https://eveappeal.org.uk/).
Additional aspects of the study were also supported by the Swedish Research Council Grant # 2017-00932, 2012-02961, Region Stockholm and Karolinska Institutet (ALF), Cancerfonden (Grant no. CAN 2016/696), and Radiumhemmets Forskningsfonder (# 154143, 184033) as well as by the NIHR Manchester Biomedical Research Centre (IS-BRC-1215-20007).
Availability of data and materials
Individual datasets have been deposited in the EGA repository as part of study EGAS00001005055,EGAS00001005070 ,
EGAS00001005045, and EGAS00001005626. Data is available for research use only after completion of an access form
and subsequent approval through the data access committee. WID clock coefficients are available in Additional files 2,
3 and 4: Supplementary Tables S7-9. The R code for calculation of the WID general, epithelial, and immune clocks is
available in a github repository (https://github.com/chiaraherzog/WIDclocks) [37].

Declarations
Ethics approval and consent to participate
The FORECEE (4C) Program has ethical approval from the UK Health Research Authority (REC 14/LO/1633) and other
contributing centers. For assessing the breast tissue samples, we obtained ethical approval from the regional ethical
review board at the Karolinska Institutet (permit 2009/144-31/4) and from the NRES Committee East of England
(reference number 15/EE/0192) and from the regional ethical review board at Greater Manchester – South (Research
Ethics Committee REC number 15/NW/0478).
Competing interests
UCL Business Ltd (UCL’s commercialization company) has filed a patent on some aspects described in the paper—MW
and JEB are named as inventors on this patent.
Author details
1
European Translational Oncology Prevention and Screening (EUTOPS) Institute, Milser Str. 10, 6060 Hall in Tirol, Austria.
2
Research Institute for Biomedical Aging Research, Universität Innsbruck, 6020 Innsbruck, Austria. 3Department of
Statistical Science, University College London, WC1E 7HB, London, UK. 4Department of Women’s Cancer, UCL EGA
Institute for Women’s Health, University College London, Medical School Building, Room 340, 74 Huntley Street, WC1E
6AU London, UK. 5Gynaecologic Oncology Center, Department of Obstetrics and Gynecology, First Faculty of
Medicine, Charles University in Prague, General University Hospital in Prague, Prague, Czech Republic. 6Department of
Gynecology and Obstetrics, Charles University in Prague, First Faculty of Medicine and University Hospital Bulovka,
Prague, Czech Republic. 7Department of Obstetrics and Gynaecology, Haukeland University Hospital, Bergen, Norway.
8
Centre for Cancer Biomarkers CCBIO, Department of Clinical Science, University of Bergen, Bergen, Norway. 9Breast
Center, Department of Obstetrics and Gynecology, University of Munich (LMU), Munich, Germany. 10Istituto Europeo di
Oncologia IRCCS, Milan, Italy. 11University of Milano-Bicocca, Milan, Italy. 12Breast Biology Group, Manchester Breast
Centre, Division of Cancer Sciences, Faculty of Biology, Medicine and Health, University of Manchester, Manchester, UK.
13
Department of Women’s and Children’s Health, Karolinska Institutet and Karolinska University Hospital, Stockholm,
Sweden.
Received: 27 February 2021 Accepted: 5 January 2022

References
1. Maegawa S, Hinkal G, Kim HS, Shen L, Zhang L, Zhang J, et al. Widespread and tissue specific age-related DNA
methylation changes in mice. Genome Res. 2010;20:332–40. https://doi.org/10.1101/gr.096826.109.
2. Teschendorff AE, Menon U, Gentry-Maharaj A, Ramus SJ, Weisenberger DJ, Shen H, et al. Age-dependent DNA
methylation of genes that are suppressed in stem cells is a hallmark of cancer. Genome Res. 2010;20:440–6. https://doi.
org/10.1101/gr.103606.109.
3. Rakyan VK, Down TA, Maslau S, Andrew T, Yang TP, Beyan H, et al. Human aging-associated DNA hypermethylation
occurs preferentially at bivalent chromatin domains. Genome Res. 2010;20:434–9. https://doi.org/10.1101/gr.103101.109.
4. Horvath S. DNA methylation age of human tissues and cell types. Genome Biol. 2013;14:R115. https://doi.org/10.1186/
gb-2013-14-10-r115.
5. Hannum G, Guinney J, Zhao L, Zhang L, Hughes G, Sadda S, et al. Genome-wide methylation profiles reveal quantitative
views of human aging rates. Mol Cell. 2013;49:359–67. https://doi.org/10.1016/j.molcel.2012.10.016.
6. Weidner CI, Lin Q, Koch CM, Eisele L, Beier F, Ziegler P, et al. Aging of blood can be tracked by DNA methylation
changes at just three CpG sites. Genome Biol. 2014;15:R24. https://doi.org/10.1186/gb-2014-15-2-r24.
7. Bocklandt S, Lin W, Sehl ME, Sanchez FJ, Sinsheimer JS, Horvath S, et al. Epigenetic predictor of age. PLoS One. 2011;6:
e14821. https://doi.org/10.1371/journal.pone.0014821.

Page 14 of 16

Barrett et al. Genome Biology

8.

9.

10.
11.

12.
13.

14.

15.

16.

17.

18.

19.
20.
21.
22.
23.
24.

25.
26.

27.
28.

29.
30.
31.

32.
33.
34.

35.

(2022) 23:52

Florath I, Butterbach K, Muller H, Bewerunge-Hudler M, Brenner H. Cross-sectional and longitudinal changes in DNA
methylation with age: an epigenome-wide analysis revealing over 60 novel age-associated CpG sites. Hum Mol Genet.
2014;23:1186–201. https://doi.org/10.1093/hmg/ddt531.
Ambatipudi S, Horvath S, Perrier F, Cuenin C, Hernandez-Vargas H, Calvez-Kelm FL, et al. DNA methylome analysis
identifies accelerated epigenetic ageing associated with postmenopausal breast cancer susceptibility. Eur J Cancer.
2017;75:299–307. https://doi.org/10.1016/j.ejca.2017.01.014.
Christiansen L, Lenart A, Tan Q, Vaupel JW, Aviv A, McGue M, et al. DNA methylation age is associated with mortality in
a longitudinal Danish twin study. Aging Cell. 2016;15:149–54. https://doi.org/10.1111/acel.12421.
Perna L, Zhang Y, Mons U, Holleczek B, Saum KU, Brenner H. Epigenetic age acceleration predicts cancer,
cardiovascular, and all-cause mortality in a German case cohort. Clin Epigenetics. 2016;8:64. https://doi.org/10.11
86/s13148-016-0228-z.
Marioni RE, Shah S, McRae AF, Chen BH, Colicino E, Harris SE, et al. DNA methylation age of blood predicts all-cause
mortality in later life. Genome Biol. 2015;16:25. https://doi.org/10.1186/s13059-015-0584-6.
Marioni RE, Shah S, McRae AF, Ritchie SJ, Muniz-Terrera G, Harris SE, et al. The epigenetic clock is correlated with
physical and cognitive fitness in the Lothian Birth Cohort 1936. Int J Epidemiol. 2015;44:1388–96. https://doi.org/10.1
093/ije/dyu277.
Durso DF, Bacalini MG, Sala C, Pirazzini C, Marasco E, Bonafe M, et al. Acceleration of leukocytes’ epigenetic age as an
early tumor and sex-specific marker of breast and colorectal cancer. Oncotarget. 2017;8:23237–45. https://doi.org/10.1
8632/oncotarget.15573.
Gross AM, Jaeger PA, Kreisberg JF, Licon K, Jepsen KL, Khosroheidari M, et al. Methylome-wide analysis of chronic HIV
infection reveals five-year increase in biological age and epigenetic targeting of HLA. Mol Cell. 2016;62:157–68. https://
doi.org/10.1016/j.molcel.2016.03.019.
Day K, Waite LL, Thalacker-Mercer A, West A, Bamman MM, Brooks JD, et al. Differential DNA methylation with age
displays both common and dynamic features across human tissues that are influenced by CpG landscape. Genome Biol.
2013;14:R102. https://doi.org/10.1186/gb-2013-14-9-r102.
Slieker RC, Relton CL, Gaunt TR, Slagboom PE, Heijmans BT. Age-related DNA methylation changes are tissue-specific
with ELOVL2 promoter methylation as exception. Epigenetics Chromatin. 2018;11:25. https://doi.org/10.1186/s13072-0180191-3.
Christensen BC, Houseman EA, Marsit CJ, Zheng S, Wrensch MR, Wiemels JL, et al. Aging and environmental exposures
alter tissue-specific DNA methylation dependent upon CpG island context. PLoS Genet. 2009;5:e1000602. https://doi.
org/10.1371/journal.pgen.1000602.
Olsen KW, Castillo-Fernandez J, Zedeler A, Freiesleben NC, Bungum M, Chan AC, et al. A distinctive epigenetic ageing
profile in human granulosa cells. Hum Reprod. 2020;35:1332–45. https://doi.org/10.1093/humrep/deaa071.
Field AE, Robertson NA, Wang T, Havas A, Ideker T, Adams PD. DNA methylation clocks in aging: categories, causes, and
consequences. Mol Cell. 2018;71:882–95. https://doi.org/10.1016/j.molcel.2018.08.008.
Khoury LYE, Gorrie-Stone T, Smart M, Hughes A, Bao Y, Andrayas A, et al. Systematic underestimation of the epigenetic
clock and age acceleration in older subjects. Genome Biol. 2019;20:283. https://doi.org/10.1186/s13059-019-1810-4.
Binder AM, Corvalan C, Mericq V, Pereira A, Santos JL, Horvath S, et al. Faster ticking rate of the epigenetic clock is associated
with faster pubertal development in girls. Epigenetics. 2018;13:85–94. https://doi.org/10.1080/15592294.2017.1414127.
Levine ME, Lu AT, Chen BH, Hernandez DG, Singleton AB, Ferrucci L, et al. Menopause accelerates biological aging. Proc
Natl Acad Sci U S A. 2016;113:9327–32. https://doi.org/10.1073/pnas.1604558113.
Zhang C, He H, Hu X, Liu A, Huang D, Xu Y, et al. Development and validation of a metastasis-associated prognostic
signature based on single-cell RNA-seq in clear cell renal cell carcinoma. Aging (Albany NY). 2019;11:10183–202. https://
doi.org/10.18632/aging.102434.
Zhou W, Dinh HQ, Ramjan Z, Weisenberger DJ, Nicolet CM, Shen H, et al. DNA methylation loss in late-replicating
domains is linked to mitotic cell division. Nat Genet. 2018;50:591–602. https://doi.org/10.1038/s41588-018-0073-4.
Widschwendter M, Rosenthal AN, Philpott S, Rizzuto I, Fraser L, Hayward J, et al. The sex hormone system in
carriers of BRCA1/2 mutations: a case-control study. Lancet Oncol. 2013;14:1226–32. https://doi.org/10.1016/s14
70-2045(13)70448-0.
Schramek D, Leibbrandt A, Sigl V, Kenner L, Pospisilik JA, Lee HJ, et al. Osteoclast differentiation factor RANKL controls
development of progestin-driven mammary cancer. Nature. 2010;468:98–102. https://doi.org/10.1038/nature09387.
Chlebowski RT, Anderson GL, Aragaki AK, Manson JE, Stefanick ML, Pan K, et al. Association of menopausal hormone
therapy with breast cancer incidence and mortality during long-term follow-up of the women’s health initiative
randomized clinical trials. JAMA. 2020;324:369–80. https://doi.org/10.1001/jama.2020.9482.
Poole AJ, Li Y, Kim Y, Lin SC, Lee WH, Lee EY. Prevention of Brca1-mediated mammary tumorigenesis in mice by a
progesterone antagonist. Science. 2006;314:1467–70. https://doi.org/10.1126/science.1130471.
Tyrer J, Duffy SW, Cuzick J. A breast cancer prediction model incorporating familial and personal risk factors. Stat Med.
2004;23:1111–30. https://doi.org/10.1002/sim.1668.
Aryee MJ, Jaffe AE, Corrada-Bravo H, Ladd-Acosta C, Feinberg AP, Hansen KD, et al. Minfi: a flexible and comprehensive
Bioconductor package for the analysis of Infinium DNA methylation microarrays. Bioinformatics. 2014;30:1363–9. https://
doi.org/10.1093/bioinformatics/btu049.
Zhou W, Laird PW, Shen H. Comprehensive characterization, annotation and innovative use of Infinium DNA
methylation BeadChip probes. Nucleic Acids Res. 2017;45:e22. https://doi.org/10.1093/nar/gkw967.
Tian Y, Morris TJ, Webster AP, Yang Z, Beck S, Feber A, et al. ChAMP: updated methylation analysis pipeline for Illumina
BeadChips. Bioinformatics. 2017;33:3982–4. https://doi.org/10.1093/bioinformatics/btx513.
Zheng SC, Webster AP, Dong D, Feber A, Graham DG, Sullivan R, et al. A novel cell-type deconvolution algorithm
reveals substantial contamination by immune cells in saliva, buccal and cervix. Epigenomics. 2018;10:925–40. https://doi.
org/10.2217/epi-2018-0037.
Reinius LE, Acevedo N, Joerink M, Pershagen G, Dahlen SE, Greco D, et al. Differential DNA methylation in purified
human blood cells: implications for cell lineage and studies on disease susceptibility. PLoS One. 2012;7:e41361. https://
doi.org/10.1371/journal.pone.0041361.

Page 15 of 16

Barrett et al. Genome Biology

(2022) 23:52

36. Teschendorff AE, Breeze CE, Zheng SC, Beck S. A comparison of reference-based algorithms for correcting cell-type
heterogeneity in Epigenome-Wide Association Studies. BMC Bioinformatics. 2017;18:105. https://doi.org/10.1186/s12859017-1511-5.
37. Herzog C, Widschwendter M. WIDclocks: Calculation of epigenetic WID clocks. Github. 2021. https://doi.org/10.5281/
zenodo.5521015.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Page 16 of 16

