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Abstract
Background  Breast Cancer (BrCa) remains a devastating disease presenting emerging needs for effective 
management. Recently, epigenetic biomarkers are assessed in liquid biopsy for diagnostic and prognostic 
applications. This study applies a 3-step data-driven biomarker discovery pipeline to identify robust methylation 
biomarkers and generate high-performance biosignatures specific for clinically significant BrCa end-points, followed 
by laboratory validation in patient cell-free DNA (cfDNA).

Methods  Publicly available genome-wide methylomes from 520 BrCa and 185 non-diseased breast tissues (discovery 
dataset) were analyzed via Automated Machine Learning (AutoML, JADBio) to identify BrCa-specifically methylated 
promoters. Bioinformatic search revealed any BrCa biological relevance. Next, the methylation of identified promoters 
was experimentally validated in plasma cfDNA from 195 BrCa patients and 135 healthy individuals by Methylation 
Specific qPCR (qMSP) (validation cohort). Finally, autoML analyzed experimental and clinical data to develop 
optimized classifying biosignatures for diagnosis, prognosis, and prediction.

Results  AutoML identified 3 BrCa-specific methylated promoters in CLDN15, MRGPRD and ZNF430. Pathway analysis 
revealed implications with biological processes such as signaling and transcription. Laboratory validation using clinical 
cfDNA samples confirmed elevated methylation levels in BrCa patients for all 3 promoters, which were correlated 
with poor prognostic and predictive parameters. Classification analysis by autoML of experimental methylation 
measurements and patients’ clinical data built 5 specific models: a diagnostic biosignature distinguishing BrCa from 
health (AUC 0.79, CI: 0.75–0.84), a classification biosignature differentiating BrCa disease status (adjuvant, neoadjuvant, 
and metastatic group) (AUC 0.68, CI: 0.62–0.72), a prognostic biosignature predicting relapse (AUC 0.79, CI: 0.74–0.83), 
a biosignature predicting treatment response in metastatic patients (AUC 0.86, CI: 0.67–1.00), and a biosignature 
differentiating distinct molecular subtypes (AUC of 0.71, CI: 0.64–0.77), underscoring their possible clinical utility.

Conclusion  Our data-driven approach successfully identified 3 BrCa-specifically methylated promoters in genes 
not previously implicated in BrCa. Their role in pathology needs further attention as they could also represent novel 
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Background
One of the most commonly diagnosed cancers in women 
worldwide is Breast Cancer (BrCa), with more than 2 
million new cases and 660,000 new deaths each year [1]. 
The main risk factors are genetics, hormones, lifestyle, 
and age [2]. As BrCa is a heterogenous disease, hor-
monal receptor status, Human Epidermal growth fac-
tor Receptor 2 (HER2), tumor size, stage, and in some 
cases, genetic tests are used to guide clinical decisions, 
prognosis, and treatment choice. However, resistance to 
therapy and relapse are the main reasons for BrCa mor-
tality [3]. Emerging personalized choices can address 
these unmet clinical needs by tailoring treatment to an 
individual’s genetic, molecular, and tumor profile. The 
precision approach enables the selection of targeted ther-
apies that bypass resistance mechanisms, reduce toxicity, 
and improve efficacy, and clinicians can adapt treatment 
in real time, preventing relapse and ensuring sustained 
response. Personalized medicine promises to fill gaps 
left by traditional, one-size-fits-all protocols. This shift 
enhances outcomes and quality of life for diverse patient 
populations.

DNA methylation of gene promoters is an epigenetic 
mechanism that affects gene expression [4]. In cancer, 
methylation of specific genes such as tumor suppressors 
leads to transcriptional silencing promoting tumori-
genesis [5, 6]. DNA methylation is a common event 
in BrCa and it is well established that it occurs early in 
the carcinogenic process until the last stages [7–10]. 
Thus, it is considered a suitable biomarker for multiple 
clinically important end-points related to prognosis and 
treatment [8, 11]. Gene promoter methylation can be 
assessed in liquid biopsy biomaterial, such as cell-free 
DNA (cfDNA), and multiple efforts have adopted this 
approach to develop suitable solutions [12]. cfDNA is a 
biomaterial consisting of extracellular DNA fragments of 
different sizes, mainly originating from apoptosis, necro-
sis, and active release [13]. It has been proved that it is 
an emerging minimally invasive biomaterial in oncology 
as it is enriched with tumorous DNA that enters the 
bloodstream during tumor lifespan [12]. Thus, it could be 
exploited for cancer early diagnosis, prognosis, and mon-
itoring through single or repetitive blood tests.

It has become increasingly apparent that a single 
biomarker is impossible to offer great sensitivity and 
specificity to meet the needs for personalized patient 
management. Recently, high-throughput genome-wide 

methylation methodologies such as next-generation 
sequencing or microarrays have revolutionized the 
acquisition of methylomics readings providing a large 
source of information regarding biological events and 
functions. Machine Learning (ML) has opened a new 
opportunity in interpreting and exploiting these vast 
omics datasets. ML involves a variety of algorithms and 
performs intelligent prediction and feature selection [14]. 
Machine learning offers significant advantages over tra-
ditional statistics in analyzing omics data for biomarker 
discovery. Unlike traditional methods, which often rely 
on predefined models and assumptions, machine learn-
ing can handle high-dimensional, noisy, and non-linear 
data typical of omics. It autonomously detects complex 
patterns and interactions among thousands of variables, 
uncovering subtle biomarkers that might be missed oth-
erwise. Machine learning also enables feature selection, 
classification, and prediction with greater accuracy and 
scalability. By learning directly from data, it continuously 
improves with new inputs, making it highly adaptable for 
personalized medicine and real-time clinical decision-
making based on evolving biological insights. Recently, 
Automated Machine Learning (AutoML), democratizes 
its use among non-experts as it automatizes the whole 
process task by task (e.g. data preprocessing, algorithm 
selection, feature selection, model training, hyperpa-
rameter tuning, model evaluation, analysis visualization, 
model output) [15]. Our team has previously employed a 
commercially available AutoML tool, ad-hoc for life sci-
ence research (jadbio.com), that builds predictive mod-
els to develop efficient novel biomarkers with promising 
results in various clinical settings [8, 11, 16, 17]. Here, we 
applied a three-step data-driven pipeline (Fig. 1) analyz-
ing by the same JADBio AutoML tool publicly available 
breast cancer and normal breast methylomes to identify 
cancer-specific biomarkers, which we then validated clin-
ically in cfDNA from BrCa patients from two different 
oncology clinics. Further machine learning in our experi-
mental data builds classification biosignatures with diag-
nostic and prognostic value.

Step 1—In silico analysis: At first, TCGA and GEO 
databases were searched to retrieve methylome datas-
ets from BrCa tumor tissues and healthy breast adjacent 
tissues. AutoML was employed to build classification 
models of differentially methylated genes. Selected genes 
were also investigated for their biological relevance 
to BrCa, including gene ontology, pathway analysis, 

targets. Moreover, the laboratory validation in clinical BrCa cfDNA samples led to the development of 5 biosignatures, 
some demonstrating strong predictive performance. The low number of features and the minimally invasive nature of 
liquid biopsy highlight the potential for clinical implementation of great value.
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protein–protein interaction and functional relationships. 
Step 2 – Clinical study: The quantity of cfDNA and the 
methylation status of the selected genes were measured 
in cfDNA of 195 BrCa patients compared to 135 healthy 
individuals, followed by standard statistical analysis. Step 
3—AutoML Analysis: Finally, AutoML optimized fur-
ther the biosignatures against clinically important end-
points, based on our experimental patient methylation 
measurements combined with clinical and demographic 
data. Abbreviations: TCGA: The Cancer Genome Atlas, 
GEO Gene Expression Omnibus, BrCa: Breast Cancer, 
cfDNA: cell-free DNA, AutoML Automated Machine 
Learning. The figure was designed using Biorender soft-
ware (https:// app.biorender. com/gallery).

Methods
In-silico analysis
Data sources
Raw DNA methylome data from BrCa and non-dis-
eased breast tissues along with corresponding clinical 
data, were obtained from TCGA (www.cancer.gov/tcga, 
accessed on 5 February 2020) and GEO (www.ncbi.nlm.
nih.gov/geo, accessed on 10 February 2020) [18] data-
bases. Notably, the term non-diseased breast tissue refers 
to the following types of samples: In the TCGA-BRCA 
project, these tissues are designated as “Solid Tissue Nor-
mal,” meaning non-tumor breast tissue resected from the 
same patient at the time of surgery, typically adjacent to 
the tumor. In the two GEO studies, non-diseased breast 
tissue biopsy specimens were obtained from cancer-free 
women, as specified in their descriptions. The BrCa tis-
sues and non-diseased breast tissue groups exhibited the 
same median age, and all normal breast tissues from the 

Fig. 1  Workflow of the study. Our pipeline uses a three-step approach to identify, develop and validate highly performing methylation biosignatures of 
clinical value in BrCa assessed in liquid biopsies
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TCGA project were matched for age and ethnicity, as 
they were derived from the same individual TCGA case 
inclusion criteria were: 1. Platform: Infinium Human 
Methylation 450  K bead-chip 2. Primary site: breast; 3. 
Project: TCGA-BRCA; 4. Gender: female; 5. Age at diag-
nosis: 26–80 years; 6. Race: white, black or African Amer-
ican and Asian. A total of 730 cases were downloaded. 
The GEO database was searched using ‘Breast cancer’ 
and ‘Metastatic Breast cancer’ as keywords and ‘Meth-
ylation profiling by array’ as study type: 84 and 10 stud-
ies were found, respectively. Those using the Infinium 
Human Methylation 450  K bead-chip array and provid-
ing adequate raw IDAT files along with clinical annota-
tions, including age, disease status, and information on 
metastasis, were selected for further analysis. In addi-
tion, all GEO cohorts included samples deriving from 
female patients, and those with diagnosis between the 
ages of 26 and 80 years were selected for further analy-
sis. Subsequently, the following five studies were selected, 
namely GSE72245 [19], GSE72251 [19], GSE88883 [20], 
GSE108576 [21], and GSE74214 [20].

Data preprocessing and DNA methylation analysis
To ensure that all samples underwent identical quality 
control and normalization, thereby harmonizing signal 
intensities and batch effect across studies, downloaded 
raw DNA methylation data (IDAT files) and sample 
annotation files were subjected to the Bioconductor R 
package RnBeads v2.0 [22] for DNA methylation analy-
sis as described in our previous work [8]. Samples with 
adequate clinical and IDAT files were further processed 
using the RnBeads pipeline. During quality control, sam-
ples with polymorphic probes or probes outside of the 
CpG context, as well as probes on sex chromosomes, and 
probes/samples with the highest fraction of unreliable 
measurements were automatically excluded by RnBeads. 
After filtering and normalization, 705 high-quality sam-
ples including 520 breast cancer tissues and 185 non-dis-
eased breast tissues were used for downstream analysis.

In our workflow, promoters (1500  bp upstream to 
500 bp downstream of the transcription start site (TSS)) 
were chosen as the genomic region of interest and analy-
sis was made to distinguish between BrCa tissues and 
non-diseased breast tissues. Normalized methylation 
beta-values for each gene promoter were generated, 
representing the average methylated probe intensity 
divided by the overall intensity (the sum of methylated 
and unmethylated probe intensities), plus an offset of 100 
[23]. Methylation values are expressed as decimal val-
ues between 0.0 (no methylation) and 1.0 (full methyla-
tion). Also, Differentially Methylated Promoters (DMPs) 
between the two groups were automatically ranked by 
RnBeads, and the 300 top-ranking promoters were cho-
sen for further functional analysis. We apply this cut-off, 

as the top 300 DMPs presented strong statistically signifi-
cant scores based on FDR (between 2.49E-148 and 8,07E-
66) and correspond to a sufficiently large and manageable 
number of genes for a meaningful functional enrichment 
analysis. Gene ontology (GO) analysis of the 300 DMPs 
was carried out using the DAVID tool [24]. The GO 
annotation covers three domains: molecular function, 
the activities of a gene product at the molecular level; 
cellular component, the location of a gene in parts of a 
cell or its extracellular environment; biological process, 
chemical reactions that a gene is participating or other 
events that are involved and are pertinent to the func-
tioning of an organism. The Protein–Protein Interaction 
(PPI) network of the 300 DMPs was constructed using 
the STRING database (version 12.0) [25]. Finally, the 
REACTOME database was used for pathway analysis of 
the 300 DMPs [26].

Identification of BrCa-specific methylation biomarkers
To identify methylation biomarkers, we performed fea-
ture selection on the whole 28,591 normalized meth-
ylation beta-values of the promoters via the AutoML 
platform JADBio (version 1.2.8.) [27] that identifies a 
minimum set of biomarkers bearing the maximal classi-
fying ability. JADBio applies to low or high-sample data, 
and high or low-scale omics data, and produces accurate 
predictive models estimating the out-of-sample model’s 
performance after bootstrap correction and cross-vali-
dation. JADBio preprocesses data, including mean and 
mode imputation, constant removal, and standardization. 
There is no need for selecting appropriate algorithms, 
nor tuning their hyperparameter values. The available 
classification algorithms are random forest classification, 
support vector machine (SVM) and ridge logistic regres-
sion and classification decision trees. JADBio is also suit-
able for small sample size datasets through a stratified, 
K-fold, repeated cross-validation BBC-CV algorithm 
protocol [28]. The predictive performance of the models 
was primarily evaluated using the Area Under the Curve 
(AUC), with values > 0.5 considered better than random 
guessing. To provide a more comprehensive assessment 
of model performance, we also report additional metrics 
including precision, accuracy, balanced accuracy, speci-
ficity, sensitivity (recall), and positive and negative pre-
dictive values.

Biological interpretation
Auto ML-identified biomarkers were further studied by 
bioinformatic tools to reveal their biological role and rel-
evance to BrCa carcinogenesis. Gene Ontology (GO) and 
pathway data for each respective gene were retrieved via 
the GeneCards Suite [29]. Then, we employed the mul-
tiple UniReD tool [30] to identify any functional relation-
ships of respective proteins. Multiple UniReD is a mining 
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tool of published biomedical literature that associates 
the proteins of interest (query list) to a list of reference 
proteins that are known and verified to be involved in 
the disease under investigation (reference list). An IA 
score for each protein of interest is produced that signi-
fies its relatedness to the proteins in the reference list. 
The higher the score the higher the functional association 
of the proteins of interest to the reference list proteins. 
Finally, the STRING database was used to reveal pro-
tein interactions between emerging biomarkers and their 
neighboring genes.

Clinical validation study
Clinical samples
Blood samples were collected from two different Oncol-
ogy clinics: The Department of Medical Oncology of the 
University General Hospital of Alexandroupoli (UGHA) 
(Onco1 group) and the Department of Medical Oncol-
ogy of the University Hospital of Heraklion (UHH) 
(Onco2 group). Patients who visited the clinics between 
2011–2020 and 2013–2016, respectively, were included 
in the study. Follow-up data until 2023 were also avail-
able. Blood samples were collected following diagno-
sis from a total of 195 BrCa patients, all Caucasian, and 
allocated in distinct groups according to patient status, 
as follows: 1) 131 patients having undergone surgery for 
primary breast cancer a month before sampling and not 
yet initiated adjuvant therapy (adjuvant group), (b) 21 
patients upon diagnosis of breast cancer, having no pre-
vious surgery, before the initiation of neo-adjuvant ther-
apy (neo-adjuvant group), (c) 43 patients upon diagnosis 
for metastatic disease before the initiation of first-line 
chemotherapy (metastatic group). Treatment protocols 
included chemotherapy (taxanes and/or anthracyclines) 
and/or targeted therapy (such as hormonal or other 
monoclonal antibodies). The Response Evaluation Crite-
ria in Solid Tumors (RESIST) criteria version 1.1 [31] was 
used to evaluate the treatment response of patients with 
metastatic disease at the first clinical check after first-line 
treatment and categorized into four groups: Compete 
Response (CR), Partial Response (PR), Stable Disease 
(SD), Progression Disease (PD).

The clinicopathological features for all patient groups 
for both clinics are presented in Table  1. Inclusion cri-
teria were: 1) Age at diagnosis: 20–80, 2) Drug-naïve 
patients, 3) Primary cancer site: Breast, 4) Not previously 
diagnosed with another type of cancer or had a second 
primary cancer, 5) female sex. Information on PAM50 
molecular subtypes was not available for the studied 
patients. However, data on estrogen receptor (ER), pro-
gesterone receptor (PR), and Human Epidermal Growth 
Factor Receptor 2 (HER2) status were available and 
used to categorize tumors according to molecular sub-
types. Approvals were obtained by the Scientific Board of 

UGHA and UHH, following an assessment by the Ethics 
Committee (decision 14/895/28.11.11 and 9286/15-01-
2013) and were conducted according to the ethical prin-
ciples of the 1964 Declaration of Helsinki and its later 
amendments. In parallel, blood samples were also col-
lected from 132 healthy control women recruited from 
the blood donation unit of the UGHA (Table  1). Inclu-
sion criteria for controls were: (1) age-matched with 
breast cancer patients, (2) female sex, (3) Caucasian, and 
(4) no history of cancer or other major disease. Regarding 
ethnicity, all participants were Europeans of Greek origin. 
All participants signed a voluntary informed consent.

Pre-analytical procedures and qualitative assessment of 
cfDNA
Plasma was isolated within 2  h from blood sampling in 
EDTA-coated tubes following each clinic's different 
protocol. In the Onco1 group blood samples were cen-
trifuged at 2000 × g for 10  min and an additional high-
speed centrifugation step at 14,000 × g for 10  min was 
performed to remove cellular debris and contaminants. 
In the Onco2 group blood samples were centrifuged at 
2500 × rpm for 15 min at 4 °C. The supernatant was then 
collected and subjected to a second centrifugation at 
2000 × g for 15 min at 4 °C.

Plasma samples were stored at − 80  °C until further 
identical analysis for both Onco1 and Onco2 groups. 
CfDNA was quantified directly in unpurified plasma 
using a Qubit fluorometer 3.0 (Invitrogen Ltd., Life 
Technologies, UK) as previously described [7]. Then, 
cfDNA was extracted automatically from 1200 μL of 
plasma using the MagCore Plasma DNA Extraction kit 
in the MagCore system (RBRCA Bioscience, New Taipei 
City, Taiwan) according to the manufacturer’s instruc-
tions, and its quantity was estimated by Qubit. Extracted 
cfDNA samples were stored at − 20  °C until further pro-
cessing. The extracted DNA quality was assessed by 
a Taqman probe-based qPCR assay using the nuclear 
Glyceraldehyd-3-phosphat-dehydrogenase (GAPDH) 
reference gene, as previously described [16]. Primers and 
probe of the GAPDH assay are presented in Supplemen-
tary Table 1. Samples with a quantification cycle (Ct) > 35 
were excluded from further analysis, this applied to only 
3–4 samples, that not included in the total samples used 
in the study.

Bisulfite conversion was performed by EZ DNA Meth-
ylation-Gold™ Kit (ZYMO Research Co., Orange, CA) 
as described by the manufacturer. Specifically, 40  μl 
of extracted cfDNA was subjected to conversion, and 
cfDNA was then eluted to a 20 μl volume and stored at 
-80°c. A fixed volume of 40 µl of extracted cfDNA for each 
sample was used for bisulfite conversion to maximize 
sensitivity, particularly given the relatively low abundance 
of cfDNA. After conversion, a methylation-independent 
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Healthy (n = 132) Total BrCa patients (n = 195) Onco1 group (n = 137) Onco2 group (n = 58)
Age
Mean (± SD) 57.32(± 14.66) 58.17(± 13.28) 57.69(± 13.30) 60.16(± 13.17)
Median (range)  57(26–80) 58.50(30–80) 58(30–80) 61(33–80)
Patient status
Adjuvant – 131 95 36
Metastatic 43 21 22
Neoadjuvant 21 21 –
Menopause
Yes 113 78 35
No 77 54 23
Not available 5 5 –
Type
Ductal – 152 103 49
Others 25 16 9
Not available 18 18 –
Stage
Ι – 27 20 7
ΙΙ 57 40 17
ΙΙΙ 59 47 12
IV 43 21 22
Not available 8 8 –
Grade
1 – 4 4
2 91 58 33
3 88 67 21
Not available 12 8 4
Sites of metastasis
Lung – 22 12 10
lymph nodes 12 4 8
Bone 20 10 10
Liver 13 2 11
Skin 2 0 2
Locally 7 1 6
Brain 1 0 1
Other 5 2 3
Visceral 31 13 18
Non-Visceral 30 12 18
Not available 2 1 1
Hormone Receptor subtypes
ER/PR +  – 90 57 33
HER2 +  65 53 12
TNBC 21 20 1
Not available 19 7 12
ER status
Positive – 131 94 37
Negative 43 36 7
Not available 21 7 14
PR status
Positive – 113 81 32
Negative 61 49 12
Not available 21 7 14
Her2 status
Positive – 65 53 12

Table 1  Demographic and clinicopathological characteristics of BrCa patients and Healthy women volunteers
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Taqman probe-based dual-qPCR assay with non-CpG 
including primers for the β-actin (ACTB) and colla-
gen type II alpha 1 chain (COL2A1) genes was used to 
account for variability in input DNA, to verify DNA qual-
ity after conversion, and to normalize results. Primers 
and probes were designed using the Oligo Primer Anal-
ysis Software v. 7 [32] and are presented in Supplemen-
tary Table 1. Each qPCR was carried out in 20 μL of total 
reaction volume containing 10.9 μL H2O, 4 μL 5X Plati-
num II buffer, 1.2 μL Mg, 0.5 μL dNTPs mix, 0.4 μL of 
each ACTB and COL2A1 primer mix (10 μM), 0.2 μL of a 
10 μM CY5-labeled ACTB-probe, and 0.2 μL of a 10 μΜ 
HEX-labeled COL2A1-probe. For each reaction, 2 μL of 
cfDNA was added. All qPCR reactions were performed 
using the Rotor-Gene 6000 Series (Qiagen, Darmstadt, 
Germany). The results were calculated using Rotor-Gene 
Software 1.7 (Qiagen). The analysis was performed using 
the RQsample (Relative Quantification) = 2−ΔΔCT method 
for each gene [33]. The mean RQsample value of ACTB and 
COL2A1 genes for each sample was used to normalize 
methylation results.

Methylation analysis in cfDNA
Methylation levels of identified gene promoters were 
analyzed using quantitative SYBR Green-based methyla-
tion-specific PCR (qMSP) assays. Primers specific for the 
methylated sequence of each gene promoter were newly 
designed using the MethPrimer software [34]. Primer 
sequences are provided in Supplementary Table 1. Each 
qPCR was carried out in 20 μL of total reaction volume 
containing 4 μL 5X Platinum II buffer, 0.8 μL to 0.4 μL 
Mg, 0.5 μL dNTPs mix, 0.6 μL to 0.4μL of each primer 
mix (10 μM) for the methylated sequence of the CLDN15, 
MRGPRD and ZNF430 promoters, 0.6 μL 1:10,000 
diluted SYBR® Green I dye (Molecular Probes, Inc., Invi-
trogen Ltd) and RNAse-free water till the total volume 
of 19  μl. For each reaction, 1 μL of cfDNA was added. 
Extensive optimization was performed to develop robust 
qMSP assays. The specificity and cross-reactivity of prim-
ers were evaluated using unconverted gDNA and con-
verted methylated and non-methylated DNA standards. 
The analytical specificity of qMSP assays was assessed 
using mixes of converted methylated and non-meth-
ylated DNA standards (100%, 50%, 10%, 1%, 0%). The 
analytical sensitivity of assays was evaluated using serial 
dilutions of converted methylated DNA controls in H2O. 
The reproducibility (calculated as coefficients of varia-
tion, CVs), efficiency, and linearity were also evaluated 

to complete the validation file of the established assays. 
The results were calculated using the Rotor-Gene 6000 
Series Software 1.7 (Qiagen). Relative methylation levels 
were analyzed using the RQ sample (Relative Quantifi-
cation) = 2−ΔΔCT method [33]. Specifically, ΔΔCT values 
were generated for each target after normalization by the 
mean RQsample value of ACTB and COL2A1 and using 
1% methylated control as a calibrator. An amplification 
signal > 40 cycles was considered negative (RQ = 0). For 
statistical comparisons, RQ values were analyzed as con-
tinuous variables. For categorical variables analyses, a 
positivity cut-off was applied, and samples with Ct ≤ 40 
were considered positive and methylated (methylated 
value = 1), while at Ct > 40 they were considered unmeth-
ylated (methylated value = 0).

Statistical analysis
The Kolmogorov–Smirnov test was used to check for 
normality in the distribution. A Kruskal–Wallis test was 
applied to compare continuous variables between sub-
groups and Mann–Whitney U test was also applied to 
compare continuous binary variables. In the case of cat-
egorical variables, the chi-square test was applied. The 
Spearman(r) correlation was used to compare two con-
tinuous variables. Survival curves were calculated using 
the Kaplan–Meier, and comparisons were performed 
using the log-rank test. We used overall survival (OS), 
progression-free survival (PFS), and disease-free survival 
(DFI) as end-points. Cox proportional hazards regres-
sion was applied to investigate the relationship between 
OS or DFI and independent variables like age or can-
cer stage. All statistical tests employed in our analysis 
were two-sided. Statistical significance was placed at a 
p-value < 5 × 10−2. No correction for multiple testing was 
applied, as the analyses were based on a limited number 
of predefined, hypothesis-driven comparisons. Continu-
ous variables are expressed as median (minimum–max-
imum) or mean ± standard deviation. Categorical 
variables are shown as absolute frequencies. Statistical 
analysis was conducted with the IBM SPSS 19.0 statistical 
software (IBM Corp. 2010. IBM SPSS Statistics for Win-
dows, Version 19.0., Armonk, NY, USA).

Biosignature development
To develop optimal BrCa-specific biosignatures of clini-
cal importance, we created datasets with patients’ meth-
ylation measurements and clinical, and demographic 
data. Methylation values were expressed as continuous 

Healthy (n = 132) Total BrCa patients (n = 195) Onco1 group (n = 137) Onco2 group (n = 58)
Negative 111 77 34
Not available 19 7 12
ER Estrogen receptor; PR Progesterone receptor; Her2 Human epidermal growth factor 2 receptor; TNB Triple negative breast cancer

Table 1  (continued) 
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variables using the RQ values and as categorical variables 
(methylation positives and negatives) as described above. 
Then, we further analyzed them by the AutoML technol-
ogy JADBio [27]. For the analysis, we used an extensive 
model tuning effort, and we chose the AUC metric for 
performance optimization and report additional met-
rics, including precision, accuracy, balanced accuracy, 
specificity, sensitivity (recall), and positive and nega-
tive predictive values, to provide a more comprehensive 
assessment of model performance. To ensure that biosig-
natures are robust and well-performing on unseen data, 
we divided the data into the training (70% of samples) 
and the validation (30%) sets.

Results
Differential promoter methylation in silico analysis 
between BrCa and healthy tissues
Differential Rnbeads analysis of raw genome-wide meth-
ylomes of 28,591 gene promoters from 520 breast cancer 
tissues and 185 non-diseased breast tissues revealed Dif-
ferentially Methylated Promoters (DMPs), and the 300 
top-ranking were further analyzed as per gene ontol-
ogy and pathway analysis. The complete list of the 300 
DMPs is presented in Supplementary Table  2. All these 
DMPs were hypermethylated in BrCa in relation to nor-
mal tissues. Gene ontology analysis by DAVID tool is 
provided in Supplementary Fig.  1. Molecular function 
analysis showed enrichment mostly in DNA-binding 
transcription factor activity and in RNA polymerase II 
cis-regulatory region DNA binding. For biological pro-
cess enrichment analysis, DMPs were found to mainly 
regulate RNA polymerase II transcription and neuro-
blast proliferation. Finally, the cellular component analy-
sis showed mainly chromatin and nucleus enrichment. 
The Protein–Protein Interaction (PPI) network was con-
structed using the STRING database (version 12.0) and 
showed statistically significant interactions between the 
respective 300 DMPs as demonstrated in Supplemen-
tary Fig. 2. REACTOME database showed enrichment of 
DMPs in developmental biology, transcription, neuronal 
system, and signal transduction pathways (Supplemen-
tary Fig. 3).

In silico identification of BrCa-specific methylation 
biomarkers
The promoter methylomes from the breast cancer tissues 
and the non-diseased breast tissues were also analyzed 
using the AutoML platform JADBio to build BrCa-spe-
cific methylation models and identify novel biomarkers. 
The whole normalized methylation beta-values dataset 
that corresponded to 28,581 promoters was uploaded to 
the platform rather than the top DMPs in order to per-
form an unbiased feature selection. Analysis was con-
ducted automatically using various machine-learning 

algorithms. The workflow also included the training of 
the model, the optimization of the hyperparameters, as 
well as the post-analysis of the output model. The origi-
nal dataset (520 primary and metastatic BrCa and 185 
normal tissues) was automatically and randomly split 
into a training dataset of 364 BrCa and 130 normal tis-
sues and a validation dataset of 156 BrCa and 55 normal 
tissues. Analysis of the training dataset delivered a bio-
signature comprising the minimal set of features with the 
highest classification ability between BrCa and health. 
Specifically, a biosignature was built via Ridge Logistic 
Regression, containing three feature protein-coding gene 
promoters, namely CLDN15, MRGPRD, and ZNF430 
(Fig.  2A). JADBio trained 3017 different model types. 
Each one was employed many times during cross-vali-
dation (a repeated tenfold CV without dropping, max. 
repeats = 20), leading to fitting 30,170 model instances. 
In discriminating BrCa from healthy tissues, this signa-
ture reached an AUC of 0.994 (Confidence Interval (CI): 
0.985–0.999). The overall model performance, along with 
detailed metrics including precision, accuracy, balanced 
accuracy, specificity, sensitivity (recall), and positive and 
negative predictive values, are available at the follow-
ing links: (​h​t​t​p​​s​:​/​​/​a​p​p​​.​j​​a​d​b​​i​o​.​​c​o​m​/​​s​h​​a​r​e​​/​e​b​​d​a​6​6​​8​0​​-​6​d​​0​6​
-​​4​5​8​0​​-​a​​4​6​d​-​c​5​5​c​a​b​2​1​7​9​d​c). Upon validation, the model 
showed an AUC of 0.99), verifying the stability and accu-
racy of the model’s performance. The model’s perfor-
mance and validation results are depicted in Fig. 2B and 
D.

The biological role of the respective genes of DMPs 
included in the model, i.e. Claudin 15 (CLDN15), MAS 
Related GPR Family Member D (MRGPRD), Zinc Fin-
ger Protein 430 (ZNF430), was further studied. Accord-
ing to Gene Card, they participate in transcription, cell 
junction, and adhesion and are plasma membrane and 
nucleus components. A detailed description of the bio-
logical role of each gene is presented in Table  2. To 
examine the potential role of their protein products 
in BrCa carcinogenesis, we used the literature mining 
tool multiple UniReD to assess functional associations 
between proteins according to published data, as previ-
ously applied [11]. A reference list of proteins known to 
be involved in breast cancer pathophysiology was used 
as a reference list in UniReD. This list included 10 pro-
teins (Supplementary Table  3) selected through manual 
curation of literature reporting functional or genetic 
involvement in BrCa. Each entry includes UniProt ID, 
gene/protein name, and citation to the original studies. 
This curated list served as the validated “reference pro-
tein list” against which UniReD identified known func-
tional associations with the novel proteins. CLDN15 had 
a moderate association with BrCa, reaching a score of 
4 out of 10, while MRGPRD reached a score of 2.5 out 
of 10, indicating a less known association with BrCa 

https://app.jadbio.com/share/ebda6680-6d06-4580-a46d-c55cab2179dc
https://app.jadbio.com/share/ebda6680-6d06-4580-a46d-c55cab2179dc
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according to published literature. Multiple UniReD did 
not include records for ZNF430. STRING database was 
used to reveal protein interactions between products of 
these and neighboring genes (Supplementary Fig.  4). 

CLDN15 was found to interact with proteins of the Clau-
din family, all participating in tight junction integrity. 
Transcription factor ZNF430 was shown to interact with 
the still uncharacterized C19orf44 and MRGPRD with 

Table 2  Genes with DMPs selected by AutoML in the classifying model discriminating BrCa from healthy breast tissues: bioinformatic 
search of their biological characteristics and functions of their respective proteins
Gene Description Gene type Pathway GO-Molecular function GO-Cellular 

component
GO-Biological process

CLDN15 Claudin 15 Protein 
coding

Cell junction 
organization, 
Blood–Brain Bar-
rier, Immune Cell 
Transmigration

Protein binding and structural 
molecule activity

Plasma mem-
brane, Nucleus

Cell adhesion, monoatomic 
ion transport, bicellular tight 
junction

MRGPRD MAS Related 
GPR Family 
Member D

Protein 
coding

Signaling Functions as a specific mem-
brane receptor

Cell membrane G protein-coupled receptor 
signaling pathway

ZNF430 Zinc Finger 
Protein 430

Protein 
coding

Transcription DNA-binding transcription 
factor activity, RNA polymerase 
II-specific DNA binding

Nucleus Regulation of transcription 
by RNA polymerase II and 
DNA-templated transcription

GO Gene ontology; Gene Ontology was carried out using the GeneCards database and covers three domains: molecular function, the elemental activities of a gene 
product at the molecular level; cellular component, the parts of a cell or its extracellular environment; biological process, chemical reactions, or other events that 
are involved and are pertinent to the functioning of integrated living units

Fig. 2  BrCa-specific promoter methylation biosignature built on in-silico genome-wide methylation data. A PCA plot shows the separation between BrCa 
patients (green) and healthy individuals (blue), B Probability density plot depicting distinct distributions among BrCa patients and healthy individuals, C 
Feature Importance plot of the features of the model. Feature importance is defined as the percentage drop in predictive performance when the feature 
is removed from the model. D ROC curves of training (blue line) and external validation (green line) models. Abbreviations: ROC: Receiver Operating 
Characteristic; PCA: Principal Component Analysis; TPR: True Positive Rate; FPR: False Positive Rate
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the MRGPRE, also bearing G protein-coupled receptor 
activity and the NPFF neuropeptide. The above results 
showed that the emerged methylation biomarkers are 
located in genes quite novel and barely studied in BrCa.

Clinical validation of novel methylation biomarkers
Quantification of cfDNA in BrCa patients and healthy 
individuals
The concentration of cfDNA was measured directly in 
plasma samples using the Qubit fluorometer. Levels of 
cfDNA in cancer patients were significantly higher in 

relation to the healthy volunteer control group (U = 3135, 
Z = − 4.92, p < 0.001, Fig.  3Α). In specific, the adjuvant 
group, the metastatic group, and the neo-adjuvant group 
all presented higher cfDNA levels in relation to the 
healthy group (U = 2207, Z = − 4.47, p < 0.001, U = 438.5, 
Z = − 3.20, p = 0.001 and U = 489.5, Z = − 2.76, p = 0.006, 
respectively) (Fig.  3Β). Extracted cfDNA levels in the 
adjuvant group above or equal to 0.25  ng/μl correlated 
with shorter OS (p = 0.003) and DFI (p = 0.005) (Fig. 3C, 
3). Cox proportional hazards regression analysis showed 
that the covariates of age and stage were not significantly 

Fig. 3  Mean cfDNA concentration as quantified directly in the plasma of healthy individuals and BrCa patients (A); and in BrCa subgroups (B). Kaplan–
Meiers depicts OS (C) and DFI (D) in relation to the median value of extracted cfDNA concentration (0.25 ng/μl) in the adjuvant group of patients. Ab-
breviations: OS: Overall Survival, DFI: Disease-Free Interval
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associated with the OS (p = 0.858), (Bstage = 0.18, Hazard 
ratio (HR) = 1.20, CI: 0.17–8.60), (Bage = − 0.11, HR = 0.90, 
CI: 0.27–2.99) or DFI (p = 0.055), (Bstage = 0.72, HR = 2.05, 
CI: 0.98–4.29), (Bage = − 0.37, HR = 0.69, CI: 0.47–1.01) 
(Supplementary Fig.  5). No other correlation of cfDNA 
quantity with patient clinicopathological characteristics 
like stage or with demographic data like age has emerged 
(Supplementary Fig. 5).

Quantification of DMPs methylation biomarkers in BrCa 
patients and healthy individuals
At first, the analytical sensitivity and efficiency of all 
qMSP assays developed were evaluated. All assays could 
detect down to 0.01  ng of methylated DNA. Efficiency 
was 100% (R2 = 0.99, slope =  − 3.32) for MRGPRD, 110% 
(R2 = 0.98, slope =  − 3.10) for CLDN15 and 101% for 
ZNF430(R2 = 0.97, slope =  − 3.30) and 1% of methyl-
ated alleles among 99% of unmethylated alleles could be 
detected (Supplementary Fig. 6).

Promoter methylation of CLDN15, MRGPRD, and 
ZNF430 was investigated in the converted cfDNA of all 
195 BrCa patients and 132 healthy individuals. Meth-
ylation levels were higher in cancer in relation to the 
healthy group for all studied gene promoters (CLDN15 
U = 10,614, Z = − 3.02, p = 0.002, MRGPRD U = 9460, 
Z = − 4.14, p < 0.001, ZNF430 U = 11,968, Z = − 2.12, 
p = 0.034) (Fig.  4A, C, E). In specific, adjuvant and 
metastatic groups of patients had higher methylation 
compared to the healthy group for MRGPRD (adju-
vant U = 6429, Z = − 3.70, p < 0.001, metastatic U = 1840, 
Z = − 3.47, p < 0.001, Fig.  4D) and ZNF430 (adjuvant 
U = 7128, Z = − 4.03, p < 0.001, metastatic U = 2371, 
Z = − 3.00, p < 0.001, Fig.  4F) promoters. Additionally, 
the metastatic and neoadjuvant groups showed higher 
methylation levels in relation to the healthy group 
for CLDN15 (U = 1826, Z = − 3.85, p < 0.001; U = 855, 
Z = − 3.14, p = 0.003, respectively; Fig. 4B). Between BrCa 
patients, higher methylation levels of CLDN15 and MRG-
PRD promoters were noticed in stage III BrCa in rela-
tion to stage II (U = 946, Z = − 2.86, p = 0.004) and stage 
I (U = 375, Z = − 2.49, p = 0.013), respectively (Fig.  5A, 
5). Median relative methylation values, along with their 
minimum and maximum values, for different patient 
statuses and stages are presented in Table 3. Statistically 
significant correlations also emerged when methyla-
tion was considered binary as methylation positives and 
negatives. Specifically, all genes were more often methyl-
ated in the metastatic group as compared to the healthy 
group (CLDN15:Chi-square = 8.28, p = 0.006, MRGPRD: 
Chi-square = 5.40, p = 0.013, ZNF430:Chi-square = 7.68, 
p = 0.015). Furthermore, positive methylation of at least 
two genes was more often present in the metastatic and 
neo-adjuvant groups of patients (Chi-square = 12.54, 
p < 0.001, Chi-square = 5.81, p = 0.017, respectively) in 

relation to the healthy group of patients. Additionally, 
positive methylation of all three genes was observed 
more frequently in the metastatic group of patients com-
pared to the healthy group (Chi-square = 16.12, p < 0.001).

Analysis of 131 adjuvant women showed that those 
who relapsed more often presented higher levels of 
CLDN15 promoter methylation (U = 1451, Z = − 2.09, 
p = 0.037) (Fig.  5C). Also, liver metastasis was associ-
ated with higher methylation levels of ZNF430 promoter 
(U = 358, Z = − 2.45, p = 0.014) (Fig.  5D). Similarly, in the 
group of metastatic patients, higher levels of CLDN15 
methylation were associated with the recurrence of the 
disease (U = 107, Z = − 2.06, p = 0.044), especially with 
liver metastasis (U = 120, Z = − 2.02, p = 0.048) (Fig. 6A, 6). 
Also, survival analysis showed that frequent methylation 
of MRGPRD promoter in the metastatic group of patients 
was associated with shorter PFS (Chi-square = 4.79, 
p = 0.029) (Fig.  6C), and positive ZNF430 methylation 
was associated with absence of response in the 1st-line 
treatment at the first check (Fig. 6D) (Chi-square = 5.86, 
p = 0.043). Additionally, MRGPD methylation in all BrCa 
patients was correlated with age, showing higher levels 
in patients > 58y (median value of age) as compared to 
younger patients (U = 2882, Z = − 2.81, p = 0.05) (Supple-
mentary Fig. 5). No other correlation was shown between 
gene methylation and grade, histological cancer subtype, 
tumor size, nodal, or vascular infiltration. Furthermore, 
no statistically significant correlations emerged in the 21 
patients of the neo-adjuvant group, obviously limited by 
the small group size. These results demonstrate the rele-
vance of the identified methylation biomarkers to impor-
tant clinical parameters in BrCa.

Methylation-based BrCa biosignature development
The experimental methylation data combined with 
clinical and demographic patient data were analyzed by 
AutoML to build optimized BrCa biosignatures of clini-
cal value for implementation in liquid biopsies. In the 
first classification analysis, the task was the discrimina-
tion betweenBrCa and health. In this AutoML analysis, 
JADBio trained 3481 different machine learning pipelines 
(also called configurations), corresponding to different 
model types. Each one was employed many times during 
cross-validation (a repeated tenfold CV without drop-
ping, max. repeats = 20), leading to fitting 104,430 model 
instances. Using data from 132 healthy and 195 BrCa 
patients, autoML produced a best-performing biosig-
nature via the Classification Random Forests algorithm, 
consisting of six features including gene methylation and 
cfDNA concentration measurements (Fig.  7). AUC was 
0.79 (CI: 0.75–0.84) and average precision was 0.81 (CI: 
0.77, 0.85). The overall model performance and detailed 
metrics are available in the following link:
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(​h​t​t​p​​s​:​/​​/​a​p​p​​.​j​​a​d​b​​i​o​.​​c​o​m​/​​s​h​​a​r​e​​/​e​1​​c​7​8​f​​2​e​​-​5​3​​8​f​-​​4​7​5​4​​-​a​​0​3​
1​-​2​e​4​2​6​7​9​f​2​1​4​9).

AutoML at JADBio is specifically designed to prevent 
overfitting and to perform automatic internal validation, 

ensuring that no samples are overlooked during the vali-
dation process [27, 28]. Still, it order to further confirm 
the robustness of our results, we applied an additional 
conventional validation strategy by randomly splitting 

Fig. 4  Methylation levels of CLDN15, MRGPRD, ZNF430 gene promoters as detected by qMSP in cfDNA: comparisons between the healthy and BrCa 
groups (A, B, C) and the BrCa subgroups (adjuvant, metastatic, neoadjuvant) (D, E, F). RQCLD: Relative Quantification of methylation for CLDN15, RQZNF: 
Relative Quantification of methylation for ZNF430, RQMRGPRD: Relative Quantification of methylation for MRGPRD

 

https://app.jadbio.com/share/e1c78f2e-538f-4754-a031-2e42679f2149
https://app.jadbio.com/share/e1c78f2e-538f-4754-a031-2e42679f2149
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the dataset into a training set (141 BrCa and 89 healthy 
participants; 70%) and a validation set (55 BrCa and 43 
healthy participants; 30%). Using this approach on the 
same classification task, the training dataset generated 
a biosignature of seven features through Classification 
Random Forest, including the same features identi-
fied previously, along with the methylation of CLDN15, 
achieving a comparable AUC of 0.79 (CI: 0.74–0.84) and 
an average precision of 0.82 (CI: 0.77–0.85). (​h​t​t​p​​s​:​/​​/​a​p​p​​.​
j​​a​d​b​​i​o​.​​c​o​m​/​​s​h​​a​r​e​​/​3​0​​4​e​c​4​​6​f​​-​a​4​​b​1​-​​4​8​7​9​​-​b​​0​2​3​-​9​0​4​b​7​3​5​6​8​5​
b​e). Validation showed an AUC of 0.76, confirming stable 
performance of the model (Supplementary Fig. 7).

The next task was a classification analysis distinguish-
ing between healthy individuals and patients across 
different clinical statuses: adjuvant, metastatic, and neo-
adjuvant. JADBio trained 3481 different model types. 
Each one was employed many times during cross-vali-
dation (a repeated tenfold CV without dropping, max. 

repeats = 20), leading to fitting 174,050 model instances. 
The analysis of 132 healthy individuals, 131 adjuvant, 43 
metastatic and 21 neoadjuvant patients generated a best-
performing biosignature using the Classification Ran-
dom Forest algorithm, including gene methylation and 
cfDNA concentration measurements, with an AUC of 
0.68 (CI: 0.62–0.72) and an average precision of 0.74 (CI: 
0.69–0.77) (Fig.  8). The overall model performance and 
detailed metrics are available in the following link: (​h​t​t​p​​
s​:​/​​/​a​p​p​​.​j​​a​d​b​​i​o​.​​c​o​m​/​​s​h​​a​r​e​​/​d​d​​b​a​0​c​​0​4​​-​c​2​​5​3​-​​4​b​7​8​​-​b​​3​c​2​-​3​1​f​
1​a​c​e​e​9​d​f​e). To further validate the model, we randomly 
split the same dataset into training (70%) (comprising 
93 healthy, 95 adjuvant, 31 metastatic, and 11 neoadju-
vant patients) and a validation set (30%) (comprising 39 
healthy, 36 adjuvant, 12 metastatic, and 10 neoadjuvant 
patients). The training dataset produced a biosignature 
via Classification Random Forest using the same fea-
tures, with an AUC of 0.71 (CI: 0.66–0.75) and an average 

Fig. 5  Promoter methylation levels as detected by qMSP in cfDNA: among different BrCa stages of all BrCa patients for CLDN15 (A), MRGPRD (B), and in 
relation to relapse and liver relapse in the adjuvant group of patients for CLDN15 (C) and ZNF430 (D) genes

 

https://app.jadbio.com/share/304ec46f-a4b1-4879-b023-904b735685be
https://app.jadbio.com/share/304ec46f-a4b1-4879-b023-904b735685be
https://app.jadbio.com/share/304ec46f-a4b1-4879-b023-904b735685be
https://app.jadbio.com/share/ddba0c04-c253-4b78-b3c2-31f1acee9dfe
https://app.jadbio.com/share/ddba0c04-c253-4b78-b3c2-31f1acee9dfe
https://app.jadbio.com/share/ddba0c04-c253-4b78-b3c2-31f1acee9dfe
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precision of 0.77 (CI: 0.74–0.81) ​h​t​t​p​​s​:​/​​/​a​p​p​​.​j​​a​d​b​​i​o​.​​c​o​m​/​​s​
h​​a​r​e​​/​d​3​​d​e​7​a​​a​3​​-​6​6​​e​1​-​​4​5​3​f​​-​8​​8​8​f​-​d​e​1​e​2​d​c​7​0​0​7​1). ​V​a​l​i​d​a​t​i​o​
n confirmed consistent performance, yielding an AUC of 
0.72 (Supplementary Fig. 8).

Next classification analysis was performed on all BrCa 
patients to develop a predictive model for relapse. JADBio 
trained 3,481 machine learning pipelines. Each one was 
employed many times during cross-validation (a repeated 
tenfold CV without dropping, max. repeats = 20), result-
ing in the fitting of 278,480 model instances. The analysis 
of 174 BrCa patients yielded a best-performing biosigna-
ture using the Classification Random Forests algorithm. 
This biosignature included as features the methylation 
of all genes, disease stage, vessel infiltration, HER2 sta-
tus, and hormonal therapy as a maintenance treatment. 
It achieved an AUC of 0.78 (95% CI: 0.74–0.83) and an 
average precision of 0.82 (95% CI: 0.78–0.85). (  ​h​t​t​p​​s​:​/​​/​a​
p​p​​.​j​​a​d​b​​i​o​.​​c​o​m​/​​s​h​​a​r​e​​/​e​8​​2​a​c​b​​6​1​​-​9​b​​c​2​-​​4​7​f​2​​-​8​​e​0​c​-​e​8​7​2​4​0​1​
7​0​5​b​0) (Fig. 9). When the dataset was split (training: 121 
BrCa patients, validation: 53 patients), the training set 
yielded a four-feature biosignature with the same features 
except HER2 status. This model achieved an AUC of 0.79 
(95% CI: 0.74–0.86) and an average precision of 0.89 (95% 
CI: 0.79–0.88) (​h​t​t​p​​s​:​/​​/​a​p​p​​.​j​​a​d​b​​i​o​.​​c​o​m​/​​s​h​​a​r​e​​/​7​8​​4​7​9​6​​6​6​​-​1​
2​​0​c​-​​4​0​7​c​​-​b​​3​0​e​-​a​3​b​a​0​6​a​6​8​e​d​f ). In validation, the model 
reached an AUC of 0.71 (Supplementary Fig. 9).

In the metastatic patient cohort, a classification task 
was set to identify patients unlikely to respond to 1st 
line treatment and who will develop PD. JADBio trained 

3481 machine learning pipelines, each one was employed 
many times during cross-validation (a repeated tenfold 
CV without dropping, max. repeats = 20) resulting in 
the fitting of 111,392 model instances. From the analy-
sis of 43 metastatic patients, a best-performing model 
was produced using the Support Vector Machine (SVM) 
algorithm, with 5 features: methylation of CLDN15 
and ZNF430, presence of bone metastasis at diagno-
sis, presence of liver metastasis at diagnosis, and type 
of first-line treatment. It achieved an AUC of 0.86 (95% 
CI: 0.67–1.00) and an average precision of 0.89 (95% CI: 
0.79–1.00). (Fig.  10) (​h​t​t​p​​s​:​/​​/​a​p​p​​.​j​​a​d​b​​i​o​.​​c​o​m​/​​s​h​​a​r​e​​/​4​3​​b​9​
6​1​​f​c​​-​5​2​​2​9​-​​4​9​1​4​​-​9​​6​2​7​-​f​e​a​7​6​0​e​d​e​8​9​5). When the dataset 
was split into a training set (24 patients) and a validation 
set (19 patients), a 4-feature biosignature comprising the 
methylation of CLDN15, MRGPRD, ZNF430, and ER sta-
tus was built, with an AUC of 0.97 (95% CI: 0.87–1.00) 
in the training cohort (  ​h​t​t​p​​s​:​/​​/​a​p​p​​.​j​​a​d​b​​i​o​.​​c​o​m​/​​s​h​​a​r​e​​/​4​6​​
d​0​2​5​​a​2​​-​2​9​​f​e​-​​4​5​9​e​​-​a​​7​6​9​-​2​a​3​6​9​6​d​3​2​9​f​5). However, its ​p​e​r​
f​o​r​m​a​n​c​e did not generalize well, as in the validation set 
AUC was 0.44 (Supplementary Fig. 10).

Finally, in the adjuvant group of patients, a classifica-
tion task was set to differentiate between distinct molec-
ular subtypes (ER/PR + , HER2 + , TNBC). The analysis 
of 131 patients of the adjuvant group resulted in a best-
performing model via a Classification Random For-
est algorithm that contained the following five features: 
methylation of MRGPRD and ZNF430, the quantity of 
extracted cfDNA, overall survival, and disease-free inter-
val. AUC was 0.71 (95% CI: 0.64–0.77) and average preci-
sion of 0.79 (95% CI: 0.75–0.84). (​h​t​t​p​​s​:​/​​/​a​p​p​​.​j​​a​d​b​​i​o​.​​c​o​m​
/​​s​h​​a​r​e​​/​4​4​​a​c​a​8​​e​e​​-​4​1​​1​d​-​​4​2​0​4​​-​8​​a​c​9​-​f​1​2​b​4​a​3​f​7​1​3​6) (Supple-
mentary Fig. 11).

Discussion
Our study’s ambition is to provide new liquid biopsy 
solutions in the diagnosis and management of BrCa. So 
far, there are few available FDA-approved blood-based 
tests. For example, the CellSearch® System is used in the 
prognosis of metastatic BrCa by enumerating circulating 
tumor cells (CTCs) [35]. While the Guardant360 CDx 
is appropriate for driving treatment choice in advanced 
ESR1 or PIK3CA-mutated BrCa [36], this is an option for 
a limited percentage of patients. Thus, there is an urgent 
need to discover new, reliable, minimally invasive tests in 
BrCa.

To this end, we introduce an AutoML-based pipeline 
that can identify BrCa-specific methylation biomarkers 
through feature selection and, upon laboratory valida-
tion in liquid biopsy, delivers diagnostic and prognostic 
biosignatures with clinical value. In total, we developed 
5 sufficiently performing methylation-based biosigna-
tures:1) A diagnostic biosignature of BrCA with AUC of 
0.79 discriminating BrCa from health, 2) A biosignature 

Table 3  Median relative methylation values, along with their 
minimum and maximum values, for different patient statuses 
and stages
Status Healthy Adjuvant Metastatic Neoadjuvant
RQCLDN15 
Median(min–
max)

0.001 
(0.000–
20.252)

0.020 
(0.000–
23.344)

0.058 
(0.000–
4.055)

0.043 
(0.000–4.839)

RQMRGPRD 
Median(min–
max)

0.054 
(0.000–
17.569)

0.445(0.000–
56.297)

0.648 
(0.000–
16.679)

0.170 
(0.000–9.221)

RQZNF430 
Median(min–
max)

0.000(0.000–
3.410)

0.001(0.000–
15.779)

0.648 
(0.000–
16.679)

0.000(0.000–
22.238)

BrCa patient 
stages

Stage I Stage II Stage III Stage IV

RQCLDN15 
Median(min–
max)

0.001(0.000–
4.873)

0.001(0.000–
23.344)

0.077(0.000–
5.856)

0.065(0.000–
4.055)

RQMRGPRD 
Median(min–
max)

0.158 
(0.000–
49.694)

0.298 
(0.000–
56.297)

1.094 
(0.000–
29.242)

0.712 
(0.000–
16.679)

RQZNF430 
Median(min–
max)

0.000(0.000–
5.115)

0.000(0.000–
5.876)

0.000(0.000–
15.779)

0.001(0.000–
3.768)

RQCLDN15 Relative Quantification of methylation for CLDN15; RQZNF430 Relative 
Quantification of methylation for ZNF430; RQMRGPRD Relative Quantification of 
methylation for MRGPRD

https://app.jadbio.com/share/d3de7aa3-66e1-453f-888f-de1e2dc70071
https://app.jadbio.com/share/d3de7aa3-66e1-453f-888f-de1e2dc70071
https://app.jadbio.com/share/e82acb61-9bc2-47f2-8e0c-e872401705b0
https://app.jadbio.com/share/e82acb61-9bc2-47f2-8e0c-e872401705b0
https://app.jadbio.com/share/e82acb61-9bc2-47f2-8e0c-e872401705b0
https://app.jadbio.com/share/78479666-120c-407c-b30e-a3ba06a68edf
https://app.jadbio.com/share/78479666-120c-407c-b30e-a3ba06a68edf
https://app.jadbio.com/share/43b961fc-5229-4914-9627-fea760ede895
https://app.jadbio.com/share/43b961fc-5229-4914-9627-fea760ede895
https://app.jadbio.com/share/46d025a2-29fe-459e-a769-2a3696d329f5
https://app.jadbio.com/share/46d025a2-29fe-459e-a769-2a3696d329f5
https://app.jadbio.com/share/44aca8ee-411d-4204-8ac9-f12b4a3f7136
https://app.jadbio.com/share/44aca8ee-411d-4204-8ac9-f12b4a3f7136
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classifying BrCa subgroups with an AUC of 0.68, 3) A 
prognostic biosignature for predicting relapse, with an 
AUC of 0.79, 4) A predictive biosignature for treatment 
response in the metastatic group with an AUC of 0.86 
and 5) A biosignature classifying BrCa distinct molecular 
subtypes with an AUC of 0.71.

In the first place, in silico bioinformatics analysis of 
28,591 gene promoters from 520 BrCa tissues and 185 
non-diseased breast tissues led to the 300 top-ranking 
DMPs between BrCa and normal tissues. There was a 
great level of heterogeneity between the BrCa tissue sam-
ples, due to different disease stages, molecular subtypes, 
and race; however, this was necessary to increase the pre-
dictive power of the features identified at this discovery 

stage and the robustness of the output. We chose to ana-
lyze gene promoters to identify candidate biomarkers 
as promoters are key regulators of gene expression, and 
their epigenetic silencing by DNA methylation is a well-
established hallmark of cancer initiation and progres-
sion. In contrast, analyzing the methylation CpG-by-CpG 
in the whole gene or gene body is more often associated 
with alternative splicing and genomic instability, and 
therefore less suitable for biomarker development. All 
of these genes were hypermethylated in tumors in rela-
tion to healthy tissue. Indeed, it is well-established that 
methylation is a key event in cancer [37], leading to gene 
silencing and is strongly correlated with other cancer-
associated events such as mutations, inflammation, and 

Fig. 6  Promoter methylation levels assessed by qMSP in cfDNA of the group of BrCa metastatic patients for CLDN15 in relation to new relapse (A) or me-
tastasis in the liver (B), and ZNF430 in relation to response in the 1st line treatment (D). Kaplan–Meiers depicts PFS (C) in relation to MRGPRD methylation. 
Abbreviations: CR: Complete Response, PR: Progressive Disease, SD: Stable Disease
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hypoxia [38]. Gene ontology analysis of those 300 DMPs 
and respective genes showed mostly a regulatory role of 
gene expression e.g. DNA-binding transcription factor 
activity and RNA polymerase II cis-regulatory region 
DNA binding, indicating that they could be tumor sup-
pressors. Alterations in these genes, like abnormal 
methylation, can disrupt cellular functions and contrib-
ute to carcinogenesis [39]. In addition, pathway analysis 
revealed enrichment of these genes in cancer-affected 
pathways like transcription and signal transduction [40].

Next, AutoML analysis by JADBio of 28,591 gene pro-
moters delivered a biosignature comprising three DMPs 
(CLDN15, MRGPRD and ZNF430) showing the high-
est classification performance in the training dataset 
(AUC:0.994, CI: 0.985–0.999) and validation (AUC of 
0.995). The emerged biomarkers belong to protein-cod-
ing genes. CLDN15 participates in cell junction organi-
zation with other Claudin family proteins. It has been 
shown that tight junction disruption is a hallmark of 
Epithelial-to-Mesenchymal Transition (EMT), a critical 

step in cancer progression and metastasis [41]. Accord-
ing to the literature, CLDN15 was a positive marker in 
malignant mesothelioma [42] and lung adenocarcinoma 
[43]. On the other hand, downregulation of its expression 
was noticed in BrCa [44], colon cancer [45], and ovarian 
cancer, where low expression was associated with short 
OS [46]. MRGPRD and ZNF430 are transcription fac-
tors and have a regulatory role in gene expression, which, 
upon distraction, could lead to cancer progression. Both 
of them were found to interact with almost unknown 
proteins: MRGPRD with MRGPRE, which has no previ-
ous records in relation to cancer or other pathology, and 
the NPFF, which was recently correlated with the pro-
gression of Ovarian Cancer [47], and ZNF430 with the 
also understudied C19orf44. In a relevant study, MRG-
PRD promoted tumorigenesis in lung cancer and was 
highly expressed [48]. In contrast, a recent study showed 
that ZNF430 was expressed at significantly lower levels 
in another hormone-dependent adenocarcinoma of the 
endometrium and was associated with OS [49]. Previous 

Fig. 7  BrCa diagnostic biosignature. A PCA plot shows the separation performance between BrCa patients (green) and healthy individuals (blue), B Prob-
ability density plot depicts distinct distributions among BrCa patients and healthy individuals, C Feature Importance plot of the features included in the 
model. (D) ROC curve of the model. Abbreviations: ROC: Receiver Operating Characteristic; PCA: Principal Component Analysis; TPR: True Positive Rate; 
FPR: False Positive Rate
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studies have shown that many members of the Claudin 
family are methylated in promoter regions in BrCa and 
other cancers, leading to the downregulation of their 
expression [50]. Unfortunately, there are no available 
data for the CLDN15. On the other hand, methylation 
of MRGPRD in the blood of pregnant women was asso-
ciated with exercise [51]. The above findings show that 
methylation is a mechanism that regulates the studied 
genes and could stand as a possible biomarker or thera-
peutic target upon investigation. To our knowledge, no 
other information is available for these genes in cancer, as 
also indicated by the multiUnired tool. For a glimpse into 
the expression of these proteins in breast and breast can-
cer, we analysed expression of the three identified genes 

in the human atlas expression data and found detectable 
expression in breast, especially for CLDN15 and ZNF430, 
in a non-tissue specific manner. In addition, we analysed 
strand-specific RNA sequencing data from 22 primary 
invasive breast cancer carcinoma expressing estrogen 
receptors and their paired adjacent mammary healthy tis-
sues (GSE103001) and found no statistically significant 
differences (non-presented observation). We believe that 
larger studies and most importantly functional in vitro 
and in vivo experiments would be very useful for unravel-
ing their role and contribution to biological processes in 
this setting. Our study is the first to demonstrate aber-
rant methylation of CLDN15, MRGPRD, and ZNF430 
promoters in BrCa. Beyond the potential significance 

Fig. 8  BrCa classifying biosignature between healthy, adjuvant, metastatic, and neoadjuvant groups. A PCA plot, B Box-plot predicted probability be-
tween healthy and all BrCa groups C Feature Importance plot of the model. D ROC curve. Abbreviations: ROC: Receiver Operating Characteristic; PCA: 
Principal Component Analysis; TPR: True Positive Rate; FPR: False Positive Rate
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of these methylation sites as biomarkers, the respective 
proteins could present new targets for therapeutic inter-
ventions, and this is worthy of further study. Moreover, 
we need to recognize how powerful this data-driven 
approach has been in unfolding novel genes of interest.

We pursued these results through an experimental 
pilot clinical validation in BrCa patient liquid biopsies. 
We first measured the quantity of cfDNA, finding it 
higher in BrCa patients than in healthy individuals, con-
firming previous results of our group [7] and others [12, 
52]. This is a common finding among other types of can-
cers [53]. Measurement of plasma cfDNA concentration 
was effective in detecting lung cancer (AUC:0.94) and 
high-risk individuals [54]. Frattini et al. suggested cfDNA 
concentration as a diagnostic and monitoring tool in 
colon cancer [55]. Similar findings were also described 
in gastric cancer [56]. In our study, cfDNA levels were 
correlated with shorter OS and DFI in the adjuvant BrCa 
group, supporting some prognostic value. Whereas, we 
have previously shown that higher cfDNA levels were 
associated with shorter PFS in metastatic BrCa patients 

[7]. As with other cancer types, it has been shown that 
increased plasma cfDNA was associated with poorer 
5-year survival in lung cancer [57]. Similarly, the cfDNA 
fraction was a strong predictor of OS, PFS, and treatment 
response in advanced prostate cancer [58].

Interestingly, when the promoter methylation of the 
ML-identified genes was studied in the BrCa cfDNA 
significant differences emerged between BrCa patients 
and healthy individuals. Specifically, methylation levels 
were elevated in BrCa patients across all studied gene 
promoters, consistent with our in silico results as well 
as the established role of aberrant methylation in can-
cer [59]. Specifically, adjuvant and metastatic groups of 
patients had higher MRGPRD and ZNF430 promoter 
methylation as compared to the healthy group. Also, the 
metastatic and neoadjuvant groups presented higher 
CLDN15 methylation in relation to the healthy group. 
These results corroborate previous studies showing that 
promoter methylation of tumor suppressor and cancer-
related genes is elevated in cancer in relation to health 
[5, 60–62] and could lead to gene silencing and cancer 

Fig. 9  BrCa prognostic methylation biosignature predicting relapse. A UMAP plot, B Box-plot predicted probability between those patients who relapsed 
and those who did not relapse C Feature Importance plot of the model. D ROC curve. Abbreviations: ROC: Receiver Operating Characteristic; TPR: True 
Positive Rate; FPR: False Positive Rate; UMAP: Uniform Manifold Approximation and Projection
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progression [63]. A quick search in GEO και Human Pro-
tein Atlas revealed expression of mRNA of CLDN15 and 
ZNF430 in both benign and cancer breast tissue, less so 
that of MRGPRD, and it would be interesting to study dif-
ferences in mRNA and protein levels between groups and 
their correlation to gene promoter methylation. Of great 
clinical implication is that the gene methylation profile of 
tumor tissue can be traced in liquid biopsy and can be a 
valuable tool for cancer diagnosis [64, 65] and monitor-
ing [66].

To further support this, our experimental analy-
sis revealed significant correlations between promoter 
methylation levels and clinical parameters of BrCa. Spe-
cifically, elevated methylation of CLDN15 and MRG-
PRD was observed in stage III samples as compared to 
earlier stages, showing a possible connection of methyl-
ation with cancer progression. Similarly, stratified analy-
sis within each group showed that increased CLDN15 

methylation levels were associated with frequent recur-
rence both in the adjuvant and the metastatic group. We 
also found that all genes were more often methylated in 
the metastatic group as compared to the healthy group. 
Our findings align with previous research indicating 
that higher DNA methylation of cancer-related genes is 
associated with cancer progression and aggressiveness 
[67, 68]. The observed increase in CLDN15 methylation 
in advanced BrCa stage agrees with previous findings 
for other claudin members, showing that loss of mRNA 
and protein expression is associated with advanced-stage 
colorectal cancer and other adverse clinical characteris-
tics [69]. Similarly, the frequent methylation of the MRG-
PRD promoter in older patients highlights the potential 
role of age-related epigenetic changes, as previously 
reported [70]. In the metastatic group, frequent methyla-
tion of MRGPRD was associated with shorter PFS, and 
higher levels of ZNF430 were associated with an absence 

Fig. 10  BrCa prognostic biosignature of progressive disease in metastatic patients. A PCA plot, B Box-plot predicted probability between those patients 
who had PD and those who had not C Feature Importance plot of the model. D ROC curve. Abbreviations: ROC: Receiver Operating Characteristic; PCA: 
Principal Component Analysis; TPR: True Positive Rate; FPR: False Positive Rate; PD: Progression Disease
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of response in the 1st-line treatment at the first check, 
showing their role in aggressive cancer phenotype and 
highlighting the potential of using methylation markers 
to predict treatment response. Functional studies inves-
tigating the downstream effects of promoter methyla-
tion of these genes could provide further insights into the 
pathogenic role in BrCa.

As a final step, we performed multi-parametric analy-
ses by machine learning to maximize the exploitation of 
our data. A total of four highly-performing biosignatures 
were produced. The first biosignature classified between 
BrCa and health, achieving a high AUC of 0.789. The sec-
ond discriminated subgroups of the study, achieving a 
lower AUC of 0.678, possibly due to the low number of 
patients in the metastatic and adjuvant groups and the 
nature of the analysis (discrimination of cancer patients’ 
groups that share common methylation patterns). Both 
signatures contained the methylation of studied genes 
and the quantity of cfDNA as features, and no other 
parameters like demographic characteristics, show-
ing that methylation and cfDNA bear high diagnostic 
power as previously reported [71, 72]. Even though the 
used autoML platform, JADBio has been shown to shield 
against typical methodological pitfalls in data analysis 
that lead to overfitting and overestimating performance, 
our original datasets were also analyzed after splitting 
the dataset into training and validation datasets. In our 
first two classification analyses between BrCa and health 
and between subgroups, training, and validation analyses 
achieved similar AUCs with those of the original datas-
ets, showing stable performance of the model and prov-
ing no overfitting.

A prognostic biosignature was also built to predict 
cancer recurrence and included the methylation of all 
studied genes, stage, vessel infiltration, HER2 status, 
and hormonal therapy as maintenance treatment. The 
biosignature showed high performance, which was also 
confirmed by validation. Cancer stage, HER2, Vascu-
lar infiltration, and hormonal therapy are all known and 
well-established major prognostic factors [73–78]. Thus, 
it was expected to be included in the biosignature, the 
performance of which, however, is strengthened by the 
cfDNA methylation features. Our analysis was made 
in all BrCa patients without considering the molecu-
lar subtype, like Luminal A or HER2 + enriched, due to 
the restricted number of samples, presenting a study 
limitation.

The last biosignature predicts PD after 1st line treat-
ment and includes as features the methylation of 
CLDN15 and ZNF430, along with bone and liver metas-
tasis at diagnosis. Although performance was high at 
training, it dropped at validation, possibly due to the low 
number of metastatic patients and the very few cases 
having PD. Previous studies have shown that the first 

metastatic sites strongly influence future prognosis [79, 
80]. Furthermore, it has been shown that gene-specific 
methylation biomarkers are associated with treatment 
response and are reliable for treatment monitoring [81]. 
In a relevant study, researchers found 9 significantly dif-
ferentially methylation regions that are associated with 
neoadjuvant treatment response in the triple-negative 
BrCa [82]. Upon validation in a larger cohort of patients 
in sequential time points during treatment, this approach 
could enhance decision-making for treatment options in 
metastatic BrCa.

Other researchers have developed in silico machine-
learning models in BrCa employing data-driven 
approaches. Wang et al. [83] used TCGA and GEO BrCa 
methylation data to build models with 99% accuracy in 
predicting BrCa invasiveness. Similarly, Zhu et al. [84] 
used a data-driven approach to build methylation-based 
models for the prognosis of BrCa with an AUC of 0.740. 
Gomes et al. [85] used TCGA data and deep learning to 
construct predictive models of BrCa with an accuracy 
of almost 99%. However, none of these studies validated 
their results in tissues or in the liquid biopsy of cancer 
patients. We have previously analyzed with autoML our 
experimental BrCa methylation data to build diagnostic 
and prognostic biosignatures of high performance [8], 
however, the genes studied were selected based on exist-
ing biological evidence. To the best of our knowledge, 
the present study is the first to employ machine learn-
ing models to identify biomarkers through a data-driven 
pipeline, as well as validate them in clinical liquid biopsy 
samples and develop optimized models with clinical 
significance.

Our study has certain limitations. The small sample 
size of the neoadjuvant and metastatic groups restricted 
the robustness of model validation in these subgroups. 
Additionally, some of our analyses were performed on 
the combined set of BrCa samples across stages I to IV. 
While this approach may introduce heterogeneity, it was 
chosen to enhance the diagnostic power of our analysis. 
Also, some of the developed biosignatures, like the BrCa-
specific diagnostic biosignature, achieved sufficient AUC, 
precision, and CIs, but exhibited a performance imbal-
ance in metrics such as True Positives and True Nega-
tives. These findings highlight the need for validation in 
larger BrCa cohorts to refine these metrics and confirm 
the biosignatures’ performance before translation into 
clinical practice.

The choice to collect samples a month after surgery 
and before initiation of adjuvant therapy in the ‘adju-
vant’ group was based on previous findings showing that 
after surgery and during treatment, clearance of cfDNA 
can create a bias [86]. To date, it is still not clear which 
is the best time point to collect cfDNA for these stud-
ies and the ideal study design should include multiple 
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timepoints [12]. Also, clinical samples were collected 
from two different oncology clinics and were processed 
with slightly different centrifugation protocols. While 
such variations can influence biomarker sensitivity detec-
tion, cfDNA yield, and integrity, we did not observe 
systematic differences [87, 88]. Therefore, we are not 
capable of estimating the exact influence on biosignature 
performance. Nevertheless, we acknowledge centrifuga-
tion parameters as a potential source of pre-analytical 
variability, which could have introduced some heteroge-
neity between samples and affected biosignature perfor-
mance. On the other hand, it strengthens the validity of 
the results as validation included two different medical 
settings and pre-analytical protocols. Future studies will 
evaluate the developed biosignatures in a larger patient 
cohort to confirm their clinical utility in independent set-
tings. Moreover, advanced machine learning will allow 
the integration of multiple biological entity datasets like 
genomics, epigenomics, transcriptomics, proteomics, 
and others to provide a more comprehensive and holistic 
understanding of BrCa pathogenesis, accurately identify 
distinct molecular fingerprints, with applications in early 
detection, personalized pharmacotherapy, and novel 
treatment targets.

Conclusion
Collectively, our data further support the value of cfDNA 
as a minimally invasive tool for BrCa management. For 
the first time, the methylation of CLDN15, MRGPRD, 
and ZNF430 emerged as potential biomarkers in BrCa. 
Our data-driven, machine-learning pipeline produced 
five biosignatures: three diagnostic, one prognostic, and 
one predictive, validated in the laboratory, and combined 
with clinical data, demonstrated great performance. 
Additionally, the models’ low number of features, the 
minimally invasive approach of liquid biopsy, and the 
use of relatively simple qPCR technology present signifi-
cant advantages for potential clinical implementation. 
We believe that the adopted AutoML-based pipeline can 
be applied to the majority of cancer types and provide 
mature, clinically relevant solutions in the era of person-
alized medicine.
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