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Systems epigenetic approach towards non-
invasive breast cancer detection

Chiara M. S. Herzog 1,2, Bente Theeuwes1,2, Allison Jones3, Iona Evans 3,
Line Bjørge 4,5, Michal Zikan6, David Cibula 7, Nadia Harbeck 8,
Nicoletta Colombo9,10, Nora Pashayan11 & Martin Widschwendter 1,2,3,12

No study has systematically compared the suitability of DNA methylation
(DNAme) profiles in non-invasive samples for the detection of breast cancer
(BC). We assess non-tumour DNAme in 1,100 cervical, buccal, and blood
samples from BC cases and controls and find that cervical samples exhibit the
largest nuber of differentiallymethylated sites, followedbybuccal samples. No
sites were significant in blood after FDR adjustment. Deriving DNAme-based
classifiers for BC detection in each sample type (WID-buccal-, cervical-, or
blood-BC), we achieve validation AUCs of 0.75, 0.66, and 0.51, respectively.
Buccal and cervical BC-associated DNAme alterations distinguish between BC
cases and controls in both surrogate and breast tissue (AUC>0.88), yet indi-
vidual sites and the directionality of methylation changes are not identical
between these two sample types, and buccal sample DNAme aligns with breast
methylation changes more closely. Pending additional validation, these
insights may have the potential to improve non-invasive personalized BC
prevention.

Breast cancer (BC) is the most common and second most fatal cancer
affecting women, emphasizing the demand for effective detection
methods1. Current screening or detection approaches predominantly
revolve around imaging techniques, primarily mammography. While
mammography screening has been proven to reduce breast cancer
mortality2, it can lead to overdiagnosis and not insignificant false
positive rates. Therefore, the combination of existing screening and
early detection approaches with molecular biomarkers has been
named a key priority in a recent consensus statement for breast cancer
prevention3.

In addition to polygenic risk scores4 that aim to stratify the
population based on heritable risk, various other tools are being pro-
posed for screening and early detection. The majority of these utilize
blood-basedmeasurements of circulating cell-free tumor nucleic acids
(DNAorRNA)or theirmodification (e.g., DNAmethylation5,6), proteins,
and carcinoma antigens (CAs)7. The emphasis on blood for cancer
biomarkers is likely based on multiple factors, including but not lim-
ited to practicality (blood samples are routinely collected and are also
often stored in biobanks, facilitating biomarker development) and the
fact that tumors shed material into the bloodstream that can be

Received: 12 February 2024

Accepted: 15 October 2024

Check for updates

1European Translational Oncology Prevention and Screening Institute, Universität Innsbruck, Innsbruck, Austria. 2Institute for Biomedical Aging Research,
Universität Innsbruck, Innsbruck, Austria. 3Department of Women’s Cancer, UCL EGA Institute for Women’s Health, University College London, London, UK.
4Centre for Cancer Biomarkers CCBIO, Department of Clinical Science, University of Bergen, Bergen, Norway. 5Department of Obstetrics and Gynecology,
Haukeland University Hospital, Bergen, Norway. 6Department of Gynecology and Obstetrics, Charles University in Prague, First Faculty of Medicine and
Hospital Na Bulovce, Prague, Czech Republic. 7Department of Gynaecology, Obstetrics and Neonatology, General University Hospital in Prague, First Faculty
of Medicine, Charles University, Prague, Czech Republic. 8Breast Center, Department of Obstetrics and Gynecology and CCC Munich, LMU University
Hospital, Munich, Germany. 9Gynecologic Oncology Program, European Institute of Oncology IRCCS, Milan, Italy. 10Department of Medicine and Surgery,
University of Milano-Bicocca,Milan, Italy. 11Centre for Cancer Genetic Epidemiology, Department of Public Health and Primary Care, University of Cambridge,
Cambridge, UK. 12Department of Women’s and Children’s Health, Karolinska Institutet and Karolinska University Hospital, Stockholm, Sweden.

e-mail: martin.widschwendter@uibk.ac.at

Nature Communications |         (2025) 16:3082 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://orcid.org/0000-0002-1572-498X
http://orcid.org/0000-0002-1572-498X
http://orcid.org/0000-0002-1572-498X
http://orcid.org/0000-0002-1572-498X
http://orcid.org/0000-0002-1572-498X
http://orcid.org/0000-0002-0225-3154
http://orcid.org/0000-0002-0225-3154
http://orcid.org/0000-0002-0225-3154
http://orcid.org/0000-0002-0225-3154
http://orcid.org/0000-0002-0225-3154
http://orcid.org/0000-0002-0240-2770
http://orcid.org/0000-0002-0240-2770
http://orcid.org/0000-0002-0240-2770
http://orcid.org/0000-0002-0240-2770
http://orcid.org/0000-0002-0240-2770
http://orcid.org/0000-0001-6387-9356
http://orcid.org/0000-0001-6387-9356
http://orcid.org/0000-0001-6387-9356
http://orcid.org/0000-0001-6387-9356
http://orcid.org/0000-0001-6387-9356
http://orcid.org/0000-0002-9744-7372
http://orcid.org/0000-0002-9744-7372
http://orcid.org/0000-0002-9744-7372
http://orcid.org/0000-0002-9744-7372
http://orcid.org/0000-0002-9744-7372
http://orcid.org/0000-0002-7778-8380
http://orcid.org/0000-0002-7778-8380
http://orcid.org/0000-0002-7778-8380
http://orcid.org/0000-0002-7778-8380
http://orcid.org/0000-0002-7778-8380
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-53696-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-53696-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-53696-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-53696-2&domain=pdf
mailto:martin.widschwendter@uibk.ac.at
www.nature.com/naturecommunications


detected using “liquid biopsies”. However, the use of other biospeci-
mens may also offer specific advantages and provide further insights
into systemic effects causing, or caused by, cancer. For instance, in
previous work, we identified that DNA methylation (DNAme) in cervi-
cal samples that are routinely collected for cervical cancer screening
could be leveraged to assess the risk of being diagnosed with BC. The
cervical methylation classifier, called Women’s cancer risk identifier—
Breast Cancer (WID-BC) achieved an area under the curve (AUC) of
0.81 in a validation set derived from cervical samples of women with
breast cancer or healthy age-matched controls8. DNAme is a relatively
stable epigenetic modification that plays a crucial role in regulating
gene and protein expression without altering the DNA sequence, and
can be modified by external exposures. Thus, the epigenome is
hypothesized to capture environmental changes, serving as an
important link between genes and the environment. In the absence of
cancer tissue present in anatomically distant cervical samples, our
prior work indicated that the observed DNAme changes may be indi-
cative of systemic lifetimeexposure thatmaydrive cancer in one tissue
(breast), but can be read out in a non-invasively collected ‘surrogate’
sample (cervix), rendering it suitable for detection and screening.

No study has systematically compared different surrogate tis-
sues in their potential to detect epigenetic field defects associated
with BC, although this investigation could yield further insights into
whether, in addition to blood and cervical samples, buccal samples
could, for instance, be used to detect BC. Buccal samples may
represent an underappreciated but promising surrogate sample for
DNAme-based cancer detection due to their relative ease of collec-
tion and high suitability for self-sampling that has already been
employed for other purposes, such as diagnosing celiac disease in
children9 and detecting COVID-19 viral proteins10. Aligned with the
fact that both buccal and breast epithelial cells originate from the
ectoderm, previous work indicated that buccal samples shared
higher variability at breast-variable sites than peripheral blood cells,
suggesting that buccal sample DNAme might be a better proxy
indicative of breast field cancerization11. The level of physical activity
in women has previously been associated with BC risk12, and previous
research has provided preliminary evidence of a relationship
between exercise behavior, cardiovascular fitness, and methylation
on CpG sites linked to breast cancer in buccal cells. These effects
seemed specific to genes associated with breast cancer, rather than
affecting the general level of methylation of CpG sites across the
methylome13. This early evidence indicates that the epigenome of
buccal cells might at least in part mirror the risk of being diagnosed
with breast cancer.

To further investigate potential epigenetic alterations associated
with breast cancer in three easy-to-access surrogate tissues, here we
conduct a comparative analysis of the suitability of cervical, buccal,
and blood samples (Fig. 1a). We initially perform an epigenome-wide
association study (EWAS) for breast cancer in cervical, buccal, and
blood samples from women recently diagnosed with BC and cancer-
free age-matched controls. We next investigate whether differentially
methylated positions (or regions) we identified in cervical, buccal, and
blood samples are shared or whether the different surrogate samples
have distinct features associated with breast cancer. We, moreover,
derive and validate an epigenetic classifier for BC detection in each
tissue, comparing their diagnostic accuracy in validation sets and
breast tissue itself to assess their potential to reflect epigenetic chan-
ges in a different tissue, and evaluate their association with
genetic risk.

Results
DNAme changes associated with breast cancer in buccal, cervi-
cal, and blood samples
We initially performed an epigenome-wide analysis of DNAmechanges
associated with breast cancer in the three surrogate tissues (buccal,

cervical, and blood; Fig. 1a), looking at both individually differentially
methylated positions (DMPs) and differentially methylated regions
(DMRs), accounting for age and cellular heterogeneity (immune or
neutrophil proportion in buccal/cervical and blood samples, respec-
tively). A full overview of sample composition in each dataset is shown
in Supplementary Fig. 1, and principal component plots of the top 20%
variable CpGs and their association with immune cell proportion is
shown in Supplementary Fig. 2d, j, g, revealing a strong dependence of
the most variable methylation sites on cellular composition. Overall,
sample type and composition were the strongest drivers of variability
in the first principal components, as expected (Supplementary
Fig. 2a–c). The epigenome-wide study within each surrogate sample
type revealed 79,030, 143,986, and 52,147 DMPs significantly asso-
ciated with breast cancer in buccal, cervical, and blood samples
(p < 0.05) of which 585, 21,614, and 0 remained significant after
Benjamini–Hochberg correction, respectively (Supplementary Fig. 3;
full EWAS results are provided in Supplementary Data 1–3). An over-
view of the genetic location and region of these sites is shown in
Supplementary Fig. 4 and revealed an approximately similar distribu-
tion of genomic contexts for differentially methylated sites in buccal
and cervical samples, with the majority of CpGs located in Open Sea
regions.

For buccal and cervical samples, for whommatched samples were
available (Table 1), we assessed overlaps of differentially methylated
positions that were shared by both tissues at p <0.05 and their direc-
tionality (Fig. 1e). We found that the directionality was not always
shared. Specifically, we observed an underenrichment of shared
hypermethylated sites (OR =0.48 [95% CI: 0.43–0.54]). We also
observed that a larger-than-expected proportion of shared significant
sites was hypomethylated in cervical cells but hypermethylated in
buccal cells (OR = 2.55 [2.50–2.59]). To improve our understanding of
the potential functionalities of the shared sites in each quadrant of
Fig. 1e (common or opposing directionalities), we applied the eFORGE
tool, which aids in the interpretation of groups of CpGs via regulatory
elements in specific tissues, specifically DNase I hypersensitive sites
(DHS)14 (Fig. 1b, f, h). We also queried the mean methylation of the
CpGs in each quadrant in normal breast tissue, normal breast tissue
adjacent to a cancer, or breast tumor tissue (Fig. 1c, d, g, i). Specifically,
we found that CpGs hypomethylated in buccal cells of breast cancer
cases but hypermethylated in cervical sites were enriched for DHS in
mammary epithelial cells (Fig. 1b) and exhibited hypomethylation in
tumor tissue compared to both normal or normal-adjacent tissue
(Fig. 1c). No DHS enrichment was found for sites that shared hyper-
methylation in both cervical and buccal samples, although these sites
exhibited significant hypermethylation in breast tumor tissue com-
pared to normal breast (Fig. 1d). Sites that were hypomethylated in
both buccal and cervical samples were enriched for stem cell DHS
(Fig. 1f) whereas sites with buccal hypermethylation and cervical
hypomethylation were enriched for fetal tissue DHS (Fig. 1h). Inter-
estingly, breast tissue methylation generally followed methylation
changes in buccal cells, both when comparing normal tissue versus
tumor but also normal tissue versus healthy tissue adjacent to a cancer
(“normal-adjacent”; Fig. 1c, d, g, i). Asmethylation differences could be
driven by cellular heterogeneity, we also investigated inferred delta-
beta in epithelial or immune cell fractions of buccal and cervical cells,
respectively (Supplementary Fig. 5a, b), which revealed that epithelial
cell changes (Supplementary Fig. 5a) followed the overall trend of
Fig. 1e - revealing a lack of correlation - whereas immune cell changes
correlated moderately across the two tissues (Supplementary Fig. 5b;
R = 0.4, p < 2.2e−16 for delta-beta immune versus R = −0.047, p = 7 × 1e−10

for delta-beta epithelial).
We identified differentially methylated regions (DMRs), which

consist of several CpGs in genomic proximity, using the DMRcate
method15. This method fits DNAme measurements spatially across the
genome, ranking the most differentially methylated regions based on
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tunable kernel smoothing of the differential methylation (DM) signal.
Again, cervical samples exhibited more pronounced changes than
buccal samples, with 1992 and 145 DMRs significantly associated with
breast cancer in cervical and buccal samples, respectively. The
majority of alterations in cervical samples were associated with a loss
of methylation (hypomethylation). We investigated the directionality
of differentialmethylation across regions, and again assessedpotential

overlaps betweenbuccal and cervical samples (Supplementary Fig. 5c).
Twenty-four DMRs were shared by cervical and buccal samples (Sup-
plementary Data 4), e.g., spanning genes LTBP4, RP11-551L14.1, NCK1,
and CCDC88C. These included both sites with the same directionality
(e.g., RP11-551L14.1, LTBP4) and opposing directionality of differential
methylation (e.g., NCK1, CCDC88C) between BC cases and controls,
with some examples shown in Supplementary Fig. 5d.
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Subsequently, to aid in the interpretation of significantly enriched
sites (CpGs) in each surrogate sample, we conducted gene ontology
enrichment analysis on the loci that remained significant after
Benjamini–Hochberg correction (hence only in buccal and cervical
samples). The top 10 significant gene ontology enrichments of biolo-
gical processes, molecular functions, and cellular functions in buccal
and cervical samples are illustrated in Supplementary Figs. 6, 7,
respectively. Notably, several enriched biological and molecular pro-
cesses in buccal and cervical samples were associated with GTPase
activity. GTPases are known to regulate cytoskeletal dynamics, which
play a crucial role in oncogenic processes such as cellular migration
and cell cycle progression16. Aberrant GTPase activity has been estab-
lished across all subtypes of breast cancer17. In addition, buccal sam-
ples exhibited enrichment in Wnt signaling (Supplementary Fig. 6).
Dysregulated Wnt signaling has been linked to BC, and expression of
Wnt genes has been linked to BC cancer aggressiveness18. Additionally,
cervical samples also showed an enrichment for CpGs located in genes
associated with developmental pathways, such as gland development
(Supplementary Fig. 7).

Development and validation of DNA methylation-based classi-
fiers for breast cancer based on buccal, cervical, and blood
samples
We next aimed to compare the performance of buccal, cervical, and
blood samples for detecting breast cancer based on DNAme. We
trained classifiers using ridge or lasso regression, applying several
approaches for feature (pre)selection, including ranking the top
30,000 sites by p value in the original EWAS, by top epithelial or
immunedelta-beta values aspreviously described in ref. 8, or inputting
the entire betamethylation valuematrix (the latter using lasso only). In
the internal validation set, we evaluated model fit parameters,
including internal validation and out-of-bag estimates of the area
under the curve and the calibration intercept and slope. The final
models for each sample type were selected based on the number of
input CpGs with the optimum number of slope (closest to 1), intercept
(closest to 0), and highest out-of-bag AUC estimates; for all surrogate
samples, the optimum fit was found to be for ridge regression,
inputting the top 30,000 CpGs ranked by p value (lowest to highest)
(Supplementary Fig. 8). The final model for each surrogate sample was
subsequently trained on the entire discovery set (training and internal
validation), and index coefficients and values in the discovery set were
saved for computation of the index and scaling in validation datasets.

Following hyperparameter optimization, the final WID indices for
each sample type were validated on validation sets (Fig. 2; population
characteristics shown in Table 2). Notably, as for the discovery set,
within the validation set, matched buccal and cervical samples were
available from the same individuals. The WID-buccal-BC index exhib-
ited a slight to moderate dependence on immune cell proportion

overall (Fig. 2a), and performance was slightly higher in samples with
higher than median immune cell proportion (Fig. 2d and Supplemen-
tary Fig. 9a). There was no significant correlation with age (Fig. 2b) or
menopausal status, although the performance appeared slightly
higher in pre- compared to post-menopausal women (Supplementary
Figs. 9b, 10). The WID-buccal-BC index performed significantly better
in women with an early age at menarche (defined by median age at
menarche (13 years) in the validation set; AUC=0.81 for early age
versus AUC=0.59 for high age at menarche, respectively; Supple-
mentary Fig. 9c; DeLong’s test for two ROC curves: p =0.01446).
Overall, theWID-buccal-BC index was significantly higher in cases than
controls (Fig. 2c, p = 2.179e-09) and after accounting for age and
immune cell differences achieved an area under the curve of 0.75 (95%
CI: 0.68–0.82) (Fig. 2d). Interestingly the WID-cervical-BC index also
exhibited a slightly better performance in samples with higher than
median immune cell proportion and post-menopausal women com-
pared to pre-menopausal women (Fig. 2e, d and Supplementary
Fig. 9d, e), but in contrast to theWID-buccal-BC, it performed better in
womenwith later age atmenarche (>13) thanwomenwith earlier age at
menarche (Supplementary Fig. 9f; AUCs of 0.72 and 0.63, respec-
tively). The WID-cervical-BC was significantly elevated in cases com-
pared to controls (p = 1.92e-04) and achieved an area under the curve
of 0.66 (95% CI: 0.58–0.74) (Fig. 2g, h), lower than the buccal index in
the same group of women (Fig. 2d; DeLong’s test for two ROC curves:
p =0.06). The blood validation set comprised DNAme data derived
from peripheral blood mononuclear cells (PBMCs). This dataset was
obtained from a previous report of BC cases and controls with limited
phenotypic information (e.g., no information on age or menopausal
status)19. The WID-blood-BC exhibited a strong overall dependence on
the proportion of neutrophils, although the discriminative potential
was not influenced by neutrophil proportion (Supplementary Fig. 9g),
and overall exhibited limited discriminative performance AUC: 0.51,
95% CI: 0.38–0.64) (Fig. 2i–k) relative to WID-buccal-BC and WID-
cervical-BC.

Association of the classifier with epidemiological and genetic
characteristics
To evaluate factors associated with the WID indices in each tissue, we
assessed its relationship with various epidemiological, genetic, and
sample characteristics (Fig. 3 and Supplementary Fig. 10). As we pre-
viously identified a dependence of the index on immune cell propor-
tion and to balance for differences in age, we evaluated residuals after
fitting models for age and immune cell proportion in controls
(“adjusted indices”, see methods). The WID-buccal-BC index was not
significantly different in T1 versus T2 or T3 stages and distinguished
across cancer cases from controls regardless of grade, ER, PR, or
HER2 status (Fig. 3a–e). HER2 positive (HER2+) cases appeared to
exhibit slightly higher values thanHER2 negative (HER2-) cancer cases,

Fig. 1 | Studyoverview and epigenome-wide association study for breast cancer
in buccal, cervical, and blood samples. a Overview of the study and datasets.
b eFORGE results of significant enrichments of tissue or cell type-specific signals in
the subset differentially methylated positions (DMPs) with hypomethylation in
buccal samples and hypermethylation in cervical samples. cMeanmethylation of a
subset of DMPs with hypomethylation in buccal samples and hypermethylation in
cervical samples in breast tissue (GSE22584521) by disease status (blue = normal
[n = 231], orange = normal-adjacent [n = 140], red = cancer tissue [n = 224]). dMean
methylation of a subset of DMPs with hypermethylation in buccal samples and
hypermethylation in cervical samples in breast tissue (GSE22584521). eMean delta-
beta values between BC cases and controls for overlapping DMPs within the buccal
and cervical discovery sets, prior to implementing multiple testing correction.
n numbers to derive differentially methylated sites in buccal and cervical samples
are as follows: buccal sample (cases): n = 200; buccal sample (controls): n = 202;
cervical sample (cases): n = 199; cervical sample (controls): n = 199. Annotated is the
corresponding odds ratio [95% confidence interval]. f eFORGE results of significant

enrichments of tissue or cell type-specific signals in the subset DMPs with hypo-
methylation in buccal samples and hypomethylation in cervical samples. g Mean
methylation of a subset of DMPs with hypomethylation in buccal samples and
hypomethylation in cervical samples in breast tissue (GSE22584521). h eFORGE
results of significant enrichments of tissue or cell type-specific signals in the subset
DMPs with hypermethylation in buccal samples and hypomethylation in cervical
samples. iMeanmethylation of a subset of DMPs with hypermethylation in buccal
samples and hypomethylation in cervical samples in breast tissue (GSE22584521).
p values in c, d, g, i are derived from two-sided Wilcoxon tests. No multiple testing
correction was applied. Box plots correspond to standard Tukey representation,
with boxes indicating mean and interquartile range, and lines indicating smallest
and largest values within 1.5 times of the 25th and 75th percentile, respectively.
Individual data points are overlaid. BC breast cancer, WID women’s cancer risk
identification, Δ β difference in methylation β value (e.g., between cases and con-
trols). Source data are provided as a Source Data file.
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in line with HER2+ typically corresponding to more aggressive cancer
subtypes, but this did not reach significance. Surprisingly, the WID-
buccal-BC index did not show any association with a polygenic risk
score (PRS313) for breast cancer4 obtained from the same women
(Fig. 3f). Likewise, women with increased risk for breast cancer due to
BRCA1/2 mutations did not exhibit elevated WID-buccal-BC values
(Fig. 3g, h). Similar findings were obtained for cervical samples
(Fig. 3i–p), where the indexwas not strongly dependent on differences
in cancer characteristics or genetic risk factors. The WID-buccal-BC,
but not WID-cervical-BC, was associated with nodal status, but this
association was not linear with increasing nodal stage (Supplementary
Fig. 10f, l), requiring further investigation. The WID-blood-BC index
was slightly elevated in BRCA1 but not BRCA2 mutation carriers com-
pared to controls, but this did not reach significance (Fig. 3q, r).

Application of buccal and cervical indices in blood samples
We were intrigued by the finding that buccal and cervical indices
consistently tended to exhibit higher AUCs in sampleswith higher than
median immune cell proportion, which indicated that information

about BC status was contained in immune cells (Fig. 2d, h, respec-
tively), yet the blood-specific index performed poorly (Fig. 2k). We
applied the buccal and cervical indices to blood samples and found
that AUCs were low but significantly higher than 0.5 in the FORECEE
study, but not in the GSE237036 validation set (Supplementary Fig. 11).

Validation in breast cancer tissue
Lastly, we were curious as to whether indices trained in the three
surrogate tissues (buccal, cervical, blood) could distinguish between
normal breast tissue fromcancer-freewomen and normal breast tissue
from women with breast cancer (i.e., normal-adjacent breast tissue)
and actual breast cancer tissue, and might perhaps be indicative of
factors driving cancer progression in the “tissue at risk”. We identified
three relevant datasets using the EPIC or 450k array and evaluated
values of the WID-buccal-, cervical-, and blood-BC indices. Across all
three datasets, the WID-buccal-BC was consistently higher in breast
cancer tissue compared to normal control tissue (Fig. 4a–f) and
exhibited AUCs of 0.94, 0.9, and 0.88 respectively. Conversely, the
WID-cervical-BC index exhibited significantly lower values in cancer

Table 1 | Discovery setsnumbers andcharacteristics forbuccal, cervical, andbloodDNAmethylationdataused for epigenome-
wide analysis and training the WID indices

Characteristic Buccal discovery set Cervical discovery set Blood discovery set

BC n = 200 CO n = 202 BC n = 199 CO n = 199 BC n = 102 CO n = 208

Age at sample taken, Mean (SD) 54 (11) 54 (11) 54 (11) 54 (11) 53 (12) 54 (13)

Body mass index, Mean (SD) 24.7 (4.5) 26.5 (6.0) 24.7 (4.5) 26.4 (5.8) 24.6 (4.8) 26.1 (5.9)

Menopausal status, n (%)

Post 102 (51) 100 (50) 101 (51) 99 (50) 48 (47) 133 (64)

Pre 98 (49) 102 (50) 98 (49) 100 (50) 54 (53) 75 (36)

Current smoker, n (%)

No 176 (88) 180 (89) 175 (88) 177 (89) 89 (87) 174 (84)

Yes 24 (12) 19 (9.4) 24 (12) 19 (9.5) 13 (13) 33 (16)

Unknown - 3 (1.5) - 3 (1.5) - 1 (0.5)

Stage (T), n (%)

T1 89 (45) - 88 (44) - 47 (46) -

T2 92 (46) - 92 (46) - 44 (43) -

T3 16 (8.0) - 16 (8.0) - 9 (8.8) -

T4 2 (1.0) - 2 (1.0) - 1 (1.0) -

Tis 1 (0.5) - 1 (0.5) - 1 (1.0) -

Stage (N), n (%)

N0 95 (48) - 94 (47) - 46 (45) -

N1 72 (36) - 72 (36) - 38 (37) -

N2 19 (9.5) - 19 (9.5) - 13 (13) -

N3 11 (5.5) - 11 (5.5) - 4 (3.9) -

Unknown 3 (1.5) - 3 (1.5) - 1 (1.0) -

Grade, n (%)

Grade I 18 (9.0) - 18 (9.0) - 8 (7.8) -

Grade II 83 (42) - 83 (42) - 44 (43) -

Grade III 98 (49) - 97 (49) - 50 (49) -

Unknown 1 (0.5) - 1 (0.5) - - -

ER, n (%)

Neg 26 (13) - 26 (13) - 16 (16) -

Pos 174 (87) - 173 (87) - 84 (82) -

Unknown - - - - 2 (2.0) -

PR, n (%)

Neg 45 (23) - 45 (23) - 25 (25) -

Pos 155 (78) - 154 (77) - 74 (73) -

Unknown - - - - 3 (2.9) -

Note that individuals in the buccal and cervical training sets are overlapping.
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Fig. 2 | Validation of theWID-buccal-, -cervical, and -blood-BC indices. a Scatter
plot of the WID-buccal-BC index and immune cell proportion or b subject age by
disease status (blue = control [n = 93], red = BC case [n = 94]) in the validation set.
c Box plot of WID-buccal-BC index residuals after accounting for age and immune
cell proportion in the validation set. d ROC curves of the WID-buccal-BC index
residuals (after adjusting for age and immune cell proportion) overall and strati-
fying samplesbymedian immunecell proportion in the validation set. e Scatterplot
of the WID-cervical index and immune cell proportion or f subject age by disease
status (blue= control [n = 93], red =BCcase [n = 91]) in the validation set.gBoxplot
of the WID-cervical-BC index residuals after accounting for age and immune cell
proportion in the validation set. h ROC curves of the WID-cervical-BC index resi-
duals (after adjusting for age and immune cell proportion) overall and stratifying
samples by median immune cell proportion in the validation set. i Scatter plot of
the WID-blood-BC index with and estimated neutrophil proportion by disease

status (blue = control [n = 30], red = BC case [n = 50]), in GSE23703619. j Box plot of
the WID-blood-BC index residuals, adjusted for neutrophil proportion in
GSE23703619; p =0.8854. k ROC curves of the WID-blood-BC index residuals,
adjusted for neutrophil proportion, overall, and stratifying samples by median
neutrophil proportion in GSE23703619. p values in c, g, j are derived from a two-
sided Wilcoxon test. Shaded error regions in a, b, e, f, i correspond to 95% con-
fidence intervals for predictions from linear models. Box plots correspond to
standard Tukey representation, with boxes indicating mean and interquartile
range, and lines indicating smallest and largest values within 1.5 times of the 25th
and 75th percentile, respectively. Individual data points are overlaid. No correc-
tions for multiple testing were carried out. BC breast cancer, WID women’s cancer
risk identification, AUC area under the (receiver operating characteristic) curve.
Source data are provided as a Source Data file.
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tissue compared to control tissue (i.e., an inverted behavior compared
to performance in cervical samples, where cancer cases would exhibit
higher values), resulting in AUCs of 0.13, 0.04, and 0.12. The behavior
of the WID-blood-BC was not consistent across datasets, although
breast cancer tissue tended to exhibit significantly lower values than
control tissue (Fig. 4a–d), also exhibiting an inverted directionality
compared to the surrogate tissue. Normal tissue adjacent to a breast

cancer occasionally exhibited significantly higher (or lower) values
compared to controls, but this was not consistent across all datasets
(Fig. 4a, e). Lastly, normal breast tissue from BRCA1/2mutation carriers
exhibited a significantly lower WID-buccal-BC than control tissue, and
significantly higher WID-cervical-BC, indicating it exhibited the
opposing directionality compared to breast cancer (Fig. 4a), although
sample numbers were small.

�
�
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Discussion
Studies on the identification andoptimization of biomarkers for earlier
cancer detection and stratification of risk of being diagnosed with
cancer are a key area of research, and currently often focus on blood
samples due to their routine implementation in clinical workflows and
availability in many biobanks. Approaches utilizing cell-free DNA
methylation for BC detection have so far shown limited success: for
instance, in the recent PATHFINDER study, no primary BC was
detected20. Our previouswork indicated that samples other thanblood
could provide valuable information for the detection of women’s
cancers, importantly cervical samples that contain (hormone-sensi-
tive) epithelial cells with the potential to mirror epigenetic changes in
breast tissue8. Additionally, our previous work comparing blood, cer-
vical, and buccal samples as three different types of ‘surrogate’ sam-
ples suggested that these tissues share varying levels of information
with breast tissue11. Here, we systematically investigated DNAme
changes in three surrogate sample types derived from breast cancer
cases and controls, and developed and compared DNAm-based clas-
sifiers for breast cancer detection. Importantly, in contrast to other
approaches, the current study did not investigate cell-free DNA
derived from tumormaterial but intended to identify DNAme changes
in surrogate samples (containing limited or no tumor material) that
mirror changes in the “at-risk” tissue purportedly due to cumulative
clinical/lifetime effects.

To allow for comparability of findings across different sample
types, we utilized similar sample numbers across discovery/training
sets and, where available, leveraged datasets that consisted of mat-
ched surrogate samples from the same individual (i.e., buccal and
cervical samples from the same individual). Regrettably, the blood
discovery dataset was slightly smaller, and no matched DNAme data
for blood samples from the same individuals for buccal and cervical
samples were available. However, we were able to leverage a publicly
available blood methylation dataset (GSE237036)19 to perform valida-
tion of our index. Although fewer CpGs reached formal significance in
an epigenome-wide discovery following Benjamini–Hochberg correc-
tion in buccal than cervical samples, our results indicated that given
similar training sizes, buccal samples exhibited a higher area under the
curve in validation (0.75 [95% CI: 0.68–0.82]) than cervical samples
(0.66 [95% CI: 0.58–0.74]) (Fig. 2d, h). No CpGs were significantly
associated with breast cancer in DNAme from blood samples, and
although during index training, out-of-bag estimates of the AUC of up
to 0.9 were achieved, the WID-blood-BC was not able to distinguish
breast cancer cases from controls in the validation dataset (AUC: 0.46
[95% CI: 0.33–0.6]) (Fig. 2k). It is worth noting that the discovery set
was slightly smaller for blood samples compared with buccal and
cervical samples (n = 310 for blood, n = 402 for buccal/cervical sam-
ples), and the validation set was derived from peripheralmononuclear
blood cells (PBMCs) rather than whole blood, which may also have

influenced discovery and performance, and it is possible that larger
training sizes could lead to slightly improved performance. For
instance, the discriminative power of the cervical-BC classifier repor-
ted in the current work, trained on 402 samples, exhibits amuch lower
AUC than a previously reported index trained on 1198 samples8 (AUC:
0.66 versus 0.81, respectively), not surprisingly indicating that per-
formance is linked to training size. It is worth noting that cervical
samples typically show high variability in the proportion of immune
cells (Supplementary Fig. 1). The pronounced heterogeneity in cell
type composition and other factors influencingmethylation in cervical
samples, in contrast to the less variable immune cell proportion and
possibly more homogeneous buccal samples, could make training a
classifier in cervical samples more challenging and may therefore
necessitate an even larger training set (as previously described by
ref. 8, n = 1198 samples for training) compared to that required for
buccal samples. However, the relatively lower performance of blood
compared to buccal and cervical samples is in line with our previous
report that cervical and buccal samples share more variability with
breast cancer tissue11 and, for instance, hormone-sensitive epithelial
cells in cervical samples may be able to reflect cumulative exposure
such as to progesterone8.

Interestingly, while we previously found that buccal and cervical
samples with higher inferred epithelial cell proportions share more
information (variability) with breast tissue compared to samples with
lower epithelial cell proportions, our current and previous8 analysis
indicate that detection of BC may be slightly better in samples with
higher than median immune cell content (i.e., lower epithelial con-
tents; Fig. 2d, h). This stands in contrast with the finding that blood
samples, consisting entirely of immune cells, have generally lower
potential for detection (noting certain limitations of the current study
design above; Fig. 2k). This could be for several reasons, including a
discrepancy of peripheral (blood) and resident (buccal/cervical)
immune cells in their relative DNAme information content with rela-
tion to breast cancer, or the association of immune content with other
unobserved features that can help to detect BC. Future work should
more thoroughly assess the potential of purified epithelial, immune, or
mixed sample types to detect cancers to better understand the biology
of surrogate sample-based cancer detection and potential risk
prediction.

Intriguingly, the buccal classifier was consistently elevated in
several breast tissue datasets, generated using both the EPIC and 450K
methylation array platforms, whereas the WID-cervical-BC exhibited a
significant reduction, i.e., an inverteddirectionality. This indicated that
although both surrogate tissues reflect changes associated with can-
cer, they do so in different ways and by focusing on different features.
The potential for opposing directionality in changes between the
surrogate tissues was already hinted at during the initial assessment of
differentially methylated regions: Supplementary Fig. 5c highlighted

Fig. 3 | Association of the WID-buccal-, -cervical-, and -blood-BC indices with
clinical and epidemiological parameters and genetic risk factors. All indices
shown in this figure represent residuals after adjusting for age and immune cell
proportion (WID-buccal- and -cervical-BC) or age and neutrophil proportion (WID-
blood-BC). a Box plot of the WID-buccal-BC index grouped by cancer stage,
b grade, c estrogen receptor (ER) status, d progesterone receptor (PR) status, and
e HER2 status, split by case status (blue = control [n = 93], red = BC case [n = 94]).
f Scatter plot of theWID-buccal-BC index and the PRS313 polygenic risk score. g Box
plot of the WID-buccal-BC index in buccal samples from cancer-free BRCA1 or
BRCA2mutation carriers and controls. h ROC curves of the WID-buccal-BC index
comparing cancer-free BRCA1 or BRCA2mutation carriers to controls. i Box plot of
theWID-cervical-BC grouped cancer stage, j cancer grade, k estrogen receptor (ER)
status, lprogesterone receptor (PR) status, andmHER2 status agebydisease status
(blue = control [n = 93], red = BCcase [n = 91]).n Scatter plot of theWID-cervical-BC
indexand the PRS313polygenic risk score.oBoxplotof theWID-cervical-BC index in
cervical samples from cancer-free BRCA1 or BRCA2mutation carriers and controls.

p ROC curves of theWID-cervical-BC index comparing cancer-free BRCA1 or BRCA2
mutation carriers to controls. q Box plot of the WID-blood-BC index in blood
samples from cancer-free BRCA1 or BRCA2 mutation carriers (green, n = 58 for
BRCA1 and n = 53 for BRCA2), and controls (blue, n = 114). r ROC curves of the WID-
blood-BC index comparing cancer-free BRCA1 or BRCA2 mutation carriers to con-
trols. p values in a–e, g, i–m, o, q are derived from two-sided Wilcoxon tests.
Shaded error regions in f and n correspond to 95% confidence intervals for pre-
dictions from linear models. Box plots correspond to standard Tukey representa-
tion, with boxes indicating mean and interquartile range, and lines indicating
smallest and largest values within 1.5 times of the 25th and 75th percentile,
respectively. Individual data points are overlaid. No corrections for multiple tests
were carried out. BC breast cancer, WID women’s cancer risk identification, AUC
area under the (receiver operating characteristic) curve. T1, T2, T3, cancer stages; I,
II, III, cancer grades; ER estrogen receptor, PR progesterone receptor. Source data
are provided as a Source Data file.
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prominent hypomethylation in cervical, but more balanced methyla-
tion changes in buccal samples.Notably, among sharedDMRsbetween
buccal and cervical samples, these unexpectedly did not always share
the same directionality in buccal and cervical samples (Supplementary
Fig. 5c). This was particularly intriguing as buccal and cervical samples
for discoveryoriginated from the same individuals (matched samples),
and provided further evidence for tissue-dependent epigenomic
alterations in cancer.

The surrogate-specific classifiers developed in the current
manuscript were not elevated in samples from cancer-free women at
increased genetic risk, such as due to a BRCA1/2 mutation, or asso-
ciated with a previously described polygenic risk score for breast
cancer (Fig. 3). This suggested that the current classifiers are not
strongly associatedwith genetic features but insteadpotentially reflect

either cumulative risk due to lifetime (including potential in-utero) risk
factors,mirrored in the epigenome, or systemic changes elicitedby the
presence of cancer. In the absence of large-scale DNAme validation
datasets derived from buccal or cervical samples collected at or pre-
ceding diagnosis, it is challenging to investigate the cause or temporal
relationship of the DNAme alterations with BC diagnosis. Our current
findings indicate that the WID-BC-buccal index is not elevated in
individuals with genetic risk (BRCA1/2 mutation carriers), but at what
time in relation to a BC diagnosis, the indices would become elevated
remains unclear and will need to be investigated in the future.

While the purpose of the current study was to compare surrogate
tissues and not develop optimized classifiers in any given tissue, our
findings moreover suggest that there is considerable potential for
buccal DNAme-based detection of BC that should be investigated in
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Fig. 4 | Evaluation of WID-buccal-, -cervical-, and -blood-BC indices in breast
tissue. a Box plot of WID indices in the tissue at risk set. b ROC curves of the WID
indices in the tissue at risk set, normal-adjacent breast tissue (n = 14) versus triple-
negative breast cancer tissue (n = 14). c Box plot of theWID indices in the TCGA set.
d ROC curves of the WID indices in the TCGA set (n = 97 controls, n = 792 cancer
cases). e Assessment of the WID indices in GSE225845. f ROC curves of the WID
indices in GSE22584521, normal-adjacent breast tissue versus tumor tissue. p values
in a, c, ederived from two-sidedWilcoxon tests; pairedWilcoxon testswere used in

(c). Box plots correspond to standard Tukey representation, with boxes indicating
mean and interquartile range, and lines indicating smallest and largest valueswithin
1.5 times of the 25th and 75th percentile, respectively. Individual data points are
overlaid. No corrections for multiple testing were carried out. BC breast cancer,
WID women’s cancer risk identification, AUC area under the (receiver operating
characteristic) curve, TCGA the cancer genome atlas. Source data are provided as a
Source Data file.

Article https://doi.org/10.1038/s41467-024-53696-2

Nature Communications |         (2025) 16:3082 9

www.nature.com/naturecommunications


future studies with larger andmore diverse populations. Buccal sample
collection is non-invasive, making it a promising tool for simpler
detection or risk stratification for breast cancer with the potential for
self-collection of samples. Although the sample size in the validation set
was limited and our dataset focused on BC cases with at least one poor
prognostic feature, the lack of dependence on stage or grade observed
in our analysis (Fig. 3a, b) indicates that such an approach may be
suitable for early detection and/or screening using buccal samples.
Future optimization could also include the addition of epidemiological
variables, or other molecular or imaging features into algorithms. A
positive test result could have the consequence of earlier, intensified,
and/or more sensitive (i.e., magnetic resonance imaging) breast cancer
screening measures, although the clinical utility and impact on stage
shifts andmortality will need to be further confirmed in clinical studies.

Our study has several limitations, including those inherent to
case-control design, and a modest sample size for epigenome-wide
discovery, given the practical constraints, outlined above. None-
theless, we independently validate our buccal and cervical-BC classi-
fiers with AUCs of 0.75 and 0.66, respectively, and demonstrate that
classifiers also validate in breast cancer tissue. Our breast tissue eva-
luation included datasets generated using both the EPIC array (fea-
turing all sites) and the 450K methylation array (The Cancer Genome
Atlas, TCGA; featuring only a subset of all sites). The lower coverage of
the 450K array represents a limitation, howeverweobserve consistent
behavior of the WID-buccal-BC and WID-cervical-BC across three
independent breast tissue datasets, providing confidence in the
observed findings. Our study also has several notable strengths,
including a comparative analysis of three non-invasive samples for
breast cancer detection and cross-tissue validation. We describe for
that cancer-associated differential methylation derived from the same
individuals is tissue-specific, identifying potentially opposing differ-
ential methylation in buccal and cervical samples of breast cancer
cases compared to controls. Future studies of large-scale collections of
buccal or cervical samples from diverse and representative popula-
tions will be required to further investigate and optimize non-invasive
cancer detectors/risk predictors to serve as reliable biomarkers for
breast cancer early detection and/or risk stratification. Pending further
validation, WID-buccal- or -cervical-BC indices could be applied for
regular screening in at-risk populations, and risk monitoring may be
combined with (pharmacological) preventive measures in those
deemed high risk to either prevent cancers or capture cancers earlier
at the point when they become detectable. Thresholds for ‘high risk’
populations will need to be set in large population-based studies with
several years follow-up to identify the proportion at highest risk of
cancer with appropriate sensitivity and specificity.

Methods
Ethics statement
The multicentre FORECEE study, during which buccal, blood, and
cervical samples were collected, received ethical approval from UK
Health Research Authority (REC 14/LO/1633) and all contributing
centers, including the NRES Committee London (UK), Ethics Com-
mittee of the General University Hospital, Prague (Czech Republic),
Comitato Etico degli IRCSS Instituto Europeo di Oncologia e Centro
Cardiologico Monzino (Itality), Regionale Komiteer for Medisinsk og
Helsefaglig Forskningsetikk (Norway), and Ethikkommission bei der
LMU München (Germany). All participants were aged >18 years and
provided written informed consent. Each prospective study volunteer
was given a Participant Information Sheet, as well as a Consent Form,
and the rationale for the study was explained.

Study design and data acquisition
Astudyoutline is shown in Fig. 1a, and sample numbers andpopulation
characteristics of our discovery and validation sets are reported in
Tables 1, 2. Our study population consisted of a case-control study

including women with primary BC with at least one poor prognostic
feature (defined as >2 cm cancers and/or lymph-node positive and/or
hormone-receptor negative and/or grade 3), and age-matched healthy
controls (Table 1). We utilized cervical, buccal, and blood sample
DNAme data from BC cases and controls collected as part of the
multicentre “FORECEE” study in a case-control setting, involving 15
recruitment sites across Europe as previously described8, and publicly
available datasets (GSE237036)19. In the FORECEE study, women with
symptoms indicative of BC, subsequently confirmed through diag-
nosis (referred to as “cases”), were approached during outpatient
hospital clinics. Healthy volunteers from the general population
(referred to as “controls”) were engaged through outreach campaigns,
public engagement initiatives, and participation in cervical screening
programs. During the FORECEE sample collection, two sets of samples
(discovery and validation set, respectively) were collected. Samples
within the validation set were exclusively reserved for the validation of
the index, i.e., there was no overlap between individuals in the dis-
covery/training and those in the validation phase. However, within the
discovery/training and validation sets, matched buccal and cervical
samples were available from the same individuals. This allowed us to
assess whether, when the two sample types are directly compared
from the same individuals, classifiers derived from buccal or cervical
samples exhibit better performance. Blood samples were not from
matched individuals.

All cervical, buccal, and blood samples were collected at the point
of diagnosis and prior to the initiation of any treatment.

A separate sample collection as part of the FORECEE study
involved recruitment of cancer-free BRCA1 and BRCA2 mutation car-
riers, as well as from healthy age-matched controls (BRCA Mutation
Carrier Set: Supplementary Table 1), andmatched samples for cervical,
buccal, and blood samples were available and have been previously
described in ref. 11. For blood validation, we utilized a publicly avail-
able dataset of peripheral blood-derived mononuclear cell (PBMC)
methylation from BC cases and controls (GSE237036), described
previously19. A cross-tissue validation was conducted using several
independent breast methylation datasets described below.

Buccal, cervical, and blood sample collection
Buccal cells were collected using two Copan 4N6FLOQ Buccal Swabs
(CopanMedical Diagnostics, cat #4504C) by firmly brushing the swab
head 5–6 times against the buccal mucosa of each cheek. The swabs
were re-capped and left to dry out at room temperature within the
sampling tube, which contains a drying desiccant. Cervical and blood
sample collections have been described previously in refs. 8,11. Briefly,
2.5ml of venous whole blood was collected in PAX gene blood DNA
tubes (BD Biosciences #761165) and stored locally at 4 ˚C. Cervical
sample collection was conducted by trained staff using the ThinPrep
system (Hologic Inc, cat #70098-002). A description of blood col-
lected as part of GSE237036 (Blood validation dataset) has been pub-
lished previously19.

Breast DNA methylation datasets for cross-tissue validation
The current study uses three breast tissue DNA methylation datasets
for cross-tissue validation: the “tissue at risk set” (EGAS00001005055,
n = 56, previously described in ref. 8, consisting of cancer tissue,
matchednormal-adjacent tissue, normalbreast tissue fromcancer-free
women without a BRCA1/2 mutation and normal breast tissue from
women with a BRCA1/2mutation; data from The Cancer Genome Atlas
(TCGA) (n = 889, IlluminaMethylation450k), consisting of matched
cancer tissue and normal-adjacent tissue; and dataset GSE22584521

(n = 595, IlluminaMethylationEPIC), consisting of cancer tissue and
matched normal-adjacent samples and data from health controls
(reduction mammoplasty) from the NCI-Maryland Breast Cancer
Cohort. Details of breast methylation datasets are described in Sup-
plementary Table 2.
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DNA methylation array profiling
Cervical and blood sample preprocessing have been described in
previous publications8,11. Buccal sample DNAme was specifically gen-
erated for the purposeof this study and followedprevious procedures.
Briefly, buccal sample DNA was normalized to 25 ng/µL, and 500ng
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 sub-
jected to methylation analysis on the Illumina InfiniumMethylation
EPIC BeadChip (Illumina, CA, USA) at UCL Genomics according to the
manufacturer’s standard protocol. Buccal discovery and validation
sets were processed on different occasions (discovery set: January
2019; validation set: March 2021). For additional data, all data from
GEO (GSE237036 and GSE225845) were obtained via the GEOquery
package, whereas TCGA data were accessed using TCGAbiolinks.

DNA methylation data preprocessing and analysis
With the exceptionof data fromTCGA, allmethylationmicroarray data
was processed through the same standardized pipeline that has pre-
viously been described in refs. 8,11, packaged as eutopsQC (https://

github.com/chiaraherzog/eutopsQC). In brief, raw.idat files are loaded
using theRpackageminfi (current version 1.43.1), sampleswithmedian
methylated or unmethylated intensity below 9.5 or more than 10%
failed probes (detection p value >0.01) are removed, and single sample
background intensity- and dye bias correction is carried out using the
ssNOOB function (minfi). BetaMixture Quantile Normalization (BMIQ)
is applied to correct for probe type bias (ChAMP, version 2.30.0), and
beta values from failed probes are imputed using the impute.knn
function function (impute, version 1.72.3). Furthermore, non-CpG
probes (n = 2932), SNP-related probes as identified by ref. 22
(n = 82,108), and any probes that map to the Y-chromosome are
removed from the dataset. As a result, ~10% of the probes on the EPIC
array are removed as part of the quality control (QC) process by
default. Beta distributions for each sample are visualized and inspec-
ted to identify any samples that exhibit obvious abnormalities. Addi-
tionally, principal component analysis (PCA) plots are examined to
investigate potential associations with technical or biological factors
which emphasized that the major drivers of variability were sample
type and composition, and indicated no obvious batch effects (Sup-
plementary Fig. 2). Cell type proportions fromprocessedbetamatrices

Table 2 | Validation sets numbers and characteristics for buccal, cervical, and blood DNAmethylation data used in validating
the developed WID indices

Characteristic Buccal validation set Cervical validation set Blood GSE237036

BC n = 94 CO n = 93 BC n = 91 CO n = 93 BC n = 50 CO n = 30

Age at sample taken, Mean (SD) 53 (12) 54 (12) 53 (12) 54 (12) - -

Body mass index, Mean (SD) 25.2 (6.1) 26.5 (4.9) 25.2 (6.1) 26.5 (4.9) - -

Menopausal status, n (%)

Post 50 (53) 51 (55) 49 (54) 51 (55) - -

Pre 44 (47) 42 (45) 42 (46) 42 (45) - -

Current smoker, n (%)

No 84 (89) 83 (89) 84 (92) 83 (89) - -

Yes 7 (7.4) 9 (9.7) 7 (7.7) 9 (9.7) - -

Unknown 3 (3.2) 1 (1.1) - 1 (1.1) - -

Stage (T), n (%)

T1 38 (40) - 36 (40) - - -

T2 51 (54) - 50 (55) - - -

T3 4 (4.3) - 4 (4.4) - - -

Unknown 1 (1.1) - 1 (1.1) - - -

Stage (N), n (%)

N0 39 (41) - 38 (42) - - -

N1 35 (37) - 33 (36) - - -

N2 9 (9.6) - 9 (9.9) - - -

N3 8 (8.5) - 8 (8.8) - - -

Unknown 3 (3.2) - 3 (3.3) - - -

Grade, n (%)

Grade I 2 (2.1) - 2 (2.2) - - -

Grade II 40 (43) - 38 (42) - - -

Grade III 51 (54) - 50 (55) - - -

Unknown 1 (1.1) - 1 (1.1) - - -

ER, n (%)

Neg 12 (13) - 12 (13) - - -

Pos 81 (86) - 78 (86) - - -

Unknown 1 (1.1) - 1 (1.1) - - -

PR, n (%)

Neg 23 (24) - 23 (25) - - -

Pos 68 (72) - 65 (71) - - -

Unknown 3 (3.2) - 3 (3.3) - - -

Note that individuals in the buccal and cervical validation sets are overlapping.

Article https://doi.org/10.1038/s41467-024-53696-2

Nature Communications |         (2025) 16:3082 11

https://github.com/chiaraherzog/eutopsQC
https://github.com/chiaraherzog/eutopsQC
www.nature.com/naturecommunications


were inferredusing the epithelial,fibroblast and immune cell reference
dataset in EpiDISH version 2.14.1 (ref.m = centEpiFibIC.m, method =
“RPC”). Immune cell subtypes were inferred using the hierarchical
EpiDISH function (ref2.m = centBloodSub.m,maxit = 500, h.CT.idx = 3,
method = “RPC”).

Epigenome-wide association study (EWAS)
Previous studies have highlighted the importance of accounting for
cellular heterogeneity in epigenome-wide studies, and the merit of
inferringmethylation differences in ‘pure’ immune or epithelial cells of
a given sample8,23. We conducted our epigenome-wide association
study with breast cancer adjusting for age and the major variable cell
type in each tissue (immune cell proportion (ic) in cervical and buccal
samples; neutrophil proportion in blood samples) by including them
as covariates in linear models. Additionally, we inferred differential
methylation, i.e., delta-beta, in pure epithelial cell samples (ic = 0) or
pure immune cell samples (ic = 1) by fitting linear regression models
separately for cases and controls, and computing the differences of
intercepts at ic = 0 and ic = 1, as previously described8,23. To ensure
compatibility with future DNAme studies, we restricted our further
analysis to probes shared between IlluminaMethylationEPIC version 1
(v1) and the more recent version 2 (v2). Differentially methylated
positions (DMPs) were defined as significant sites after false discovery
rate (FDR) correction using the Benjamini–Hochberg correction
method, with adjusted p value <0.05.

Differentially methylated regions (DMR) were identified using the
DMRcate method15 (R package, version 2.14.1), accounting for age and
cell heterogeneity [model.matrix(~type + age + ic), where ic is the
immune cell proportion in buccal or cervical samples and neutrophil
proportion in blood samples]. Briefly, we set the parameter types to
use the EPIC array annotation, perform “differential” methylation
analysis, and kept default parameters for lambda. No significant DMRs
were found for blood samples, even when increasing the false FDR
threshold up to 0.2.

Comparison of directionality in buccal and cervical samples and
overrepresentation analysis
Differentially methylated CpGs associated with breast cancer at
p <0.05 in buccal and cervical samples were visualized according to
delta-beta in the respective sample, either overall or inferred epithelial-
or immune-specific differential methylation. Hypo- or hypermethy-
lated CpGs were defined as a delta-beta of below or above 0, respec-
tively. Subsequently, four quadrants were defined: hypomethylated in
both, hypermethylated in both, hypomethylated in buccal and
hypermethylated in cervical, or hypermethylated in buccal and hypo-
methylated in cervical. Overrepresentation analysis of shared or
opposing hyper- and hypomethylated CpGs was conducted via cross-
tabulation of expected and observed overlaps, with the assumption
that at random distribution, each quadrant would contain 25% of the
total shared significant sites. The odds ratio was computed as follows:
[p/(1-p)]/[p0/(1-p0)], where p is the number of CpGs in the quadrant
divided by the total number of shared significantly in CpGs, and
p0 is 0.25.

eFORGE and gene ontology analysis
For the interpretation of groups of CpGs via regulatory elements
(DNase I hypersensitive sites), we used the online implementation of
eFORGE 2.014 (https://eforge.altiusinstitute.org/). Where more than
1000 sites were present in one quadrant, the top 1000 sites were
selected and analyzed using eFORGE. Gene ontology analysis was
conducted only on sites significant after multiple testing correction
using the Benjamini–Hochberg method (except for blood where no
sites remained after multiple testing correction, and all sites with
p <0.05 were used). Genes within the DMPs were extracted and ana-
lyzed using the clusterProfiler R package24, with the background list

representing all genes represented on the Illumina Methylation EPIC
array. Gene sets with a q value of <0.05 were considered significant.

Classifier training
To train classifiers for breast cancer, we used the R package glmnet
(version 4.1.8) with parameter values alpha =0 (ridge penalty),
alpha =0.5 (elastic net), and alpha = 1 (lasso penalty) with binomial
response type, as previously described in ref. 8. Two-thirds of the dis-
covery set (Table 1) were used as training data (buccal: n = 267;
ncases = 134, ncontrols = 133. Cervical: n = 263; ncases = 133, ncontrols = 130.
Blood: n = 208; ncases = 72, ncontrols = 136). For each tissue type, four
ranked lists of CpGs were generated and selected as inputs for the
classifier. The ranking of CpGs was determined by delta-beta estimates
in epithelial cells (1) and immune cells (2), as well as their combination,
each time taking theCpGwith the largest epithelial delta-beta, followed
by the CpG with the largest immune delta-beta, followed by the next
largest epithelial delta-beta and so forth (anyduplicateswere removed)
(3). Finally, a ranked list based on p values, regardless of cell type, was
used (4). Tenfold cross-validation was used inside the training set by
the cv.glmnet function in order to determine the optimal value of the
regularization parameter lambda. Classifier performance was eval-
uated on an internal validation dataset using the AUC metric versus n,
the number of ranked candidate CpGs used as inputs during training.
The optimal classifierwas selected basedon the highest AUCs obtained
in the internal validation set (buccal: n = 135; ncases = 66, ncontrols = 69;
cervical: n = 135; ncases = 66, ncontrols = 69; blood: n = 102; ncases = 30,
ncontrols = 72); part of the discovery set, Table 1), out-of-bagestimates of
the AUC as well as calibration slope and intercept obtained from the
rms R package (https://hbiostat.org/r/rms/). Training AUC values are
shown in Supplementary Fig. 8. Subsequently, the training and internal
validation datasets were combined and the classifier was retrained
using the entire discovery dataset with alpha and lambda fixed to their
optimal values, using the optimal number of ranked input CpGs. In the
final index, the top n CpGs are represented as β1,…,βn and the regres-
sion coefficients from the trained classifier as w1,…,wn. The WID-BC-
index in each tissue is calculated as

Pn
i= 1ðwiβi � μÞ=σ, where μ and σ

refer to themean and standard deviation of
Pn

i = 1 wiβi in the respective
training dataset, ensuring that the index is normalized to have a zero
mean and unit standard deviation within the training dataset. To
ensure comparability across different age ranges and cellular compo-
sitions, indices are adjusted after fitting linear models to age (and
immune cell proportion in buccal and cervical samples, and the neu-
trophil proportion in blood samples) in control samples (i.e., adjusted
indices are residuals).

Statistical analyses
Statistical analysis was carried out in R version 4.2.3. Areas under the
curve of the receiver operating characteristic (AUROCs) and corre-
sponding 95% confidence intervals were calculated using the pROC R
package 1.18.4. Code to reproduce the analysis and figures is provided
under https://www.github.com/eutops/systems.BC25.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The TCGA used in this study (TCGA-BRCA project [https://portal.gdc.
cancer.gov/projects/TCGA-BRCA] are publicly available from the
TCGA data portal. The validation set for blood used in this study is
available from NCBI Gene Expression Omnibus (GEO) under the
accession code GSE23703619. A publicly available breast DNA methy-
lation dataset used in this study is publicly available from NCBI Gene
Expression Omnibus (GEO) under the accession number GSE22584521.
RawDNAmeand SNPdata generated in this study have beendeposited
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in the European Genome-phenome Archive (EGA) database under the
study accession codes EGAS00001005055 (breast cancer cervical and
buccal discoverymethylation data), EGAS00001005070 (breast tissue
methylation), EGAS00001005626 (matched methylation data from
cervical, buccal, and blood samples from controls and BRCA1/2
mutation carriers), and EGAS00001007658 (buccal validation set
methylation data). These data are protected and are not openly
available due to data privacy laws. Access can be requested via the EGA
portal and raw data may be shared with researchers within EU GDPR-
compliant countries while summary statistics may be provided to
researchers in other countries. We aim to process requests within 6–8
weeks, and once approved, data will be released within 2–4 weeks and
available for the duration of the project, with an annual review. The
remaining data were available within the Article, Supplementary
Information, or Source Data file. Source data are provided with
this paper.

Code availability
Code to reproduce the analysis and figures is provided under https://
www.github.com/eutops/systems.BC, and on Zenodo under https://
doi.org/10.5281/zenodo.1388525025.
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