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Abstract 

In cancer patients, a substantial fraction of cell-free DNA (cfDNA), derived from tumor cells,  

offers a non-invasive opportunity to interrogate tumor biology. This study aimed to extract, 

profile and identify unique fragmentation and methylation patterns in four different breast 

cancer subtypes (HER2+, Luminal B, Triple Negative Breast Cancer, Triple Positive Breast 

Cancer) compared to healthy controls. Furthermore, it utilizes the fragmentation feature 

profiles along with epigenetic analysis to evaluate their potential for subtype -specific 

detection. Public cfDNA sequencing datasets from healthy controls and four types of breast 

cancer subtypes cases were retrieved from the NCBI SRA repository. Fragmentation features 

including Fragment Size Distribution (FSD), Fragmentation Size Ratio (FSR), Fragmentation 

Size Coverage (FSC), BreakPoint Motif (BPM), End Motif (EDM), Copy Number Variation 

(CNV) and epigenetics profiles like methylation profiles were searched using a python based 

workflow and downstream analyzed in R. Our findings indicated subtype specific distinctions 

in TNBC and TPBC, where notable differences in fragmentation and methylation patterns 

were observed when compared with controls and other subtypes. Among the fragmentomic 

features evaluated, Fragment Size Ratio showed noticeable difference for TPBC and TNBC 

but did not demonstrate the same level of distinction for LB or HER2+. In methylation, end 

motif and breakpoint motif analyses, observable patterns were also more prominent in TNBC 

and TPBC, while clear differentiation was not consistently evident for LB and HER2+ within 

this dataset. The integrated analysis of cfDNA hypermethylation and fragmentomic features 

reveal distinct fragmentation signatures in TPBC and TNBC, emphasizing the potential of 

cfDNA-based assays for precise, non-invasive molecular subtyping and the development of 

liquid biopsy strategies for early detection and disease monitoring. 

Keywords: cfDNA, Fragmentomics, Methylation, Breast Cancer, Molecular Subtypes
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1.1 Introduction 

Breast cancer is the most common cancer that women are diagnosed with worldwide, with 

millions of cases being reported each year [1, 2, 3]. While women are mainly affected by the 

disease, in the world ranking it holds the second highest position for cancer diagnosis in both 

male and female populations. In fact, among all cancer-related deaths in women, breast cancer 

ranks the highest [4]. Furthermore, hundreds of thousands of breast cancer-related deaths are 

reported globally each year.   

Current diagnostic approaches for breast cancer mainly rely on imaging techniques and tissue 

biopsy. Although widely used, these methods have limitations, including invasiveness, patient 

discomfort and the risk of sampling errors due to tumor heterogeneity, as  a single biopsy may 

not fully represent the entire tumor. These challenges highlight the need for alternative 

methods that are less invasive and capable of capturing real-time tumor dynamics more 

accurately. In response to these challenges in diagnosis and disease monitoring, researchers 

have increasingly explored non-invasive biomarkers. One such promising source is cell-free 

DNA (cfDNA), which refers to small DNA fragments released into the bloodstream from 

normal and tumor cells. When a tumor grows or breaks down, it sheds DNA into blood, which 

can be detected without any surgical procedure. This forms the basis of liquid biopsy, where 

blood samples are used instead of tissue biopsy to study cancer-related changes. cfDNA can 

carry tumor-specific mutations, methylation changes, and other molecular features that reflect 

the condition of the cancer. Because it is non-invasive, it offers a safer and easier method for 

repeated testing, early monitoring, and tracking treatment response. Research has shown that 

cfDNA levels often decrease after surgery or chemotherapy, and rising levels may indicate 

progression or lack of treatment response. Clinical trials have reported promising results, 

showing cfDNA as a potential tool for early detection, prognosis, therapy selection, and 

follow-up. Although more standardization is still needed before routine use, cfDNA analysis 

2 
​  



has emerged as a strong candidate for improving cancer diagnosis and patient management. [5, 

6].  

Among the molecular alterations detectable through cfDNA, DNA methylation has become a 

major focus in recent research. DNA methylation is one of the main epigenetic processes that 

directly alters DNA chemically especially in CpG island [7]. CpG Island (CGI) 

hypermethylation in gene promoters is an early and progressive event in breast cancer. In 

normal cells, CGIs remain unmethylated to permit gene expression, but in cancer they become 

aberrantly hypemethylated, silencing critical genes. This epigenetic inactivation contributes 

directly to carcinogenesis by promoting uncontrolled growth and genetic instability [8,9,10]. 

cfDNA methylation is essential for the management of breast cancer as it is emerging as a 

critical non-invasive biomarker [11]. 

Building on these developments, this study focuses on understanding whether cfDNA can 

reflect subtype specific characteristics in breast cancer. Since each subtype shows differences 

in biology and clinical behavior, the work explores if cfDNA methylation patterns along with 

fragmentomic features such as BreakPoint Motif (BPM), End Motif (EDM), Fragment Size 

Distribution (FSD), Fragment Size Coverage (FSC), Fragment Size Ratio (FSR), and Copy 

Number Variation (CNV) show measurable variation among four subtypes. By examining 

these features from blood derived cfDNA, this study observes whether distinct patterns are 

present that support better subtype differentiation and contribute to early and non-invasive 

assessment in clinical settings. Understanding these differences may provide useful 

information for improving patient classification and disease monitoring without repeated 

invasive procedures. 
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1.2 Aim of the Study 

1.​ Extraction of breast cancer cfDNA fragmentation and methylation profiles. 

2.​ Identification of unique fragmentation and methylation patterns in four different 

subtypes of breast cancer, including HER2+, Luminal B, Triple Negative Breast 

Cancer, and Triple Positive Breast Cancer. 

3.​ Utilizing fragmentation feature profiles along with epigenetic analysis and motif 

patterns to distinguish between various subtypes of breast cancer and healthy controls. 

4.​ Evaluate the potential of the extracted features to act as a prognostic biomarker. 

 

.  
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2.1 Epidemiology 

Globally, breast cancer is the most frequently diagnosed malignant tumour among the female 

population, an estimated 2.3 million incidences being reported among women by the World 

Health Organization in 2022 [1, 2, 3]. Although primarily affecting women, it ranks second for 

being the most commonly diagnosed cancer across both sexes and is the leading cause of 

cancer-related deaths in females [4]. In fact, it was responsible for approximately 670,000 

deaths in women worldwide for the year 2022 [2, 3].   

While incidences of breast cancer are higher in high-HDI countries, low-HDI countries 

shoulder the burden of higher mortality rates, possibly due to limited access to early detection 

and treatment options. A distinct trend can be observed where the mortality: incidence (M:I) 

ratio increases with decreasing HDI levels [3]. The number of new cases were highest in 

Australia and New Zealand followed by nations in the Northern ends of America and Europe 

but lowest in South-central Asia, Middle Africa and Eastern Africa. On the contrary, the 

highest number of deaths were recorded in some regions of Africa and Oceania whereas the 

lowest were observed in East Asia and some regions of America. Major causes of this 

discrepancy in incidence and mortality rates include differences in socio-economic structure 

and lifestyle choices, as shown in Table 2.1.  
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Figure 2.1 : Absolute number of incidence and mortality in females in different 

continents.  (A) Incidence (B) Mortality [5]. 
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KEY CONTRIBUTORS TO INCIDENCE AND MORTALITY 

HIGH INCIDENCE RATES HIGH MORTALITY RATES 

Hormonal Contraception Lower Rates of Early Screening 

Higher Alcohol Consumption Limited Number of Medical Professionals 

Little to No Pregnancies Limited Access to Therapeutic Treatments 

Late Pregnancy Short Supply of Life-Saving Medicine 

Less Breastfeeding Low Awareness 

Sedentary Lifestyle Financial Hardships 

Table 2.1: Factors contributing to higher breast cancer incidences in high-HDI countries 

and higher mortality rates in low-HDI countries. 

 

2.2 Tumour Progression  

Breast cancer develops as the accumulation of several processes involving genetics, 

epigenetics and tumour microenvironment (TME) formation, resulting in neoplasia and 

eventually, cancer [13, 14]. Genomic changes initiate the carcinogenesis process, influenced 

by several risk factors such as changes in environment or sex hormones, leading to the 

formation and proliferation of abnormal cells [15]. As lesions develop further, they 

accumulate the ability to evade immune cells through activation of immunosuppressor genes 

[16]. 

 

 

 

8 
​  



Lesion Type 
Frequency 

(%) 

Invasive 

Nature 
Origin Prognosis Ref. 

DCIS 15-25 No Milk Ducts 

Good outcome 

with local 

treatment and 

high survival 

chance. 

17,18 

LCIS 3 No 
Milk Glands 

(Lobules) 

Good outcome. 

Acts only as a 

risk marker but 

not malignant 

itself. 

19,20 

IDC 80 Yes Milk Ducts 

Varies depending 

on the molecular 

subtype 

21,22 

ILC 10-15 Yes 
Milk Glands 

(Lobules) 

Good prognosis 

with favourable 

outcomes in a 

decade of 

follow-up 

23,24 

Table 2.2 : Histopathological Classification of Breast Lesions  

Classification of cancer cells based on their histopathological and molecular characteristics is 

an important first step in determining their identity, prognosis, and treatment plans. The 

change from in situ carcinoma, where abnormal cells are contained within the basement 

9 
​  



membrane, to acquiring invasive properties, where they break out and move into the 

surrounding tissue, marks an increase in cancer aggressiveness and metastatic properties 

[25,26]. Non-invasive breast cancer is divided into two types which are DCIS (ductal 

carcinoma in situ) and LCIS (lobular carcinoma in situ). While there are numerous types of 

invasive breast cancer, the most common types are IDC (invasive ductal carcinoma) and ILC 

(invasive lobular carcinoma) [27,28].  

2.3 Subtypes of Breast Cancer   

Based on the expression levels of specific hormone receptors, molecular subtypes of breast 

cancer can be divided into 5 categories; Luminal A, Luminal B, HER2-positive (Human 

epidermal growth factor receptor 2 positive), TNBC (Triple Negative Breast Cancer) and 

TPBC (Triple Positive Breast Cancer a.k.a. Luminal B HER2-positive) [29]. These subtypes 

are categorized according to the absence or presence of estrogen receptor (ER+/-), 

progesterone receptor (PR+/-) and human epidermal growth factor receptor (HER2+/-). About 

7–75% of invasive breast carcinomas have overexpression of ER while 50% of all ER+ 

tumour cells show increased expression of PR. Additionally, in about 15-30% of breast cancer, 

HER-2 gene is overexpressed [30].  

Luminal A starts off at the inner lining of the mammary glands. The cells in this type tend to 

be ER+ and/or PR+ and HER2-. They usually have a low grade and have the best prognosis 

among the 4 subtypes with less chances of relapse and higher survival rates [29]. Similar to 

Luminal A, Luminal B originates at the inner lining of the mammary glands. However, it may 

be PR-negative and either HER2-positive or HER2-negative. Moreover, although ER 

expression is evident in Luminal B, it is usually low. It has a higher grade of tumour compared 

to Luminal A and thus a worse prognosis, higher recurrence rate and lower chance of survival. 

In a study conducted in 2018 it was found that Luminal B subtypes showed heightened risks 
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of bone metastasis compared to luminal A. Moreover, both types showed higher rates of liver, 

brain, and lung metastasis [31].  

Subtype Frequency (%) ER PR HER2 ki67 Prognosis Reference 

Luminal 

A 
30-40 + + - Low Favourable 

32-36 

Luminal 

B 
20-30 + +/- +/- High Moderate 

HER2 10-15 - - + High Poor 

TNBC 10 - - - High Poor 

TPBC 5-10 + + + Moderate Moderate 

Table 2.3: Characteristics of Different Subtypes of Breast Cancer 

 

HER2-positive, as its name entails, has an amplified expression of the HER2 gene. Compared 

to luminal subtypes, they are fast growing and therefore more aggressive with worse 

prognosis. Lastly, TNBC subtype is negative for all 3 receptors and the tumours are more 

aggressive than other subtypes. It is mostly common in women below 40 years of age and of 

African-American descent. Due to its aggressive nature, it has poor prognosis and early 

relapse after treatment, showing increased rates of progressing into higher stages of cancer. 

Likewise, HER2+ and TNBC present the worst survival rates among the subtypes with local 

and regional recurrence being 7.5 and 3.4% for HER2+ and 7.6 and 3.3% for TNBC [37]. 
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2.4 Stages of Breast Cancer 

In breast cancer, the stage of the tumour determines the treatment plan and prognosis. Initially, 

stage is determined for breast cancer diagnosis which can be done through several methods 

such as physical examination, mammography, ultrasound and tissue biopsy. It is an indicator 

of the size of the tumour and whether it has spread to other parts of the body from the primary 

location [72]. The stages are determined through TNM staging, tumour grade and the presence 

or absence of specific biomarkers.  

Stage Subtage Tumour Size Spread to 
Lymph Node Metastasis Invasive 

0 - - No No No 

I 
IA - No No Yes 

IB Less than 2cm 
(T0/T1/T2/T3) Yes No Yes 

II 

IIA 
Less than 2cm Yes (1-2 lymph 

nodes affected) No Yes 

2-5 cm No No Yes 

IIB 
2-5 cm Yes (1-3 lymph 

nodes affected) No Yes 

Larger than 
5cm No No Yes 

III 

IIIA 
Any Size Yes (4-9 lymph 

nodes affected) No Yes 

Larger than 
5cm 

Yes (1-3 lymph 
nodes affected) No Yes 

IIIB Any Size 
Yes (Up to 9 
lymph nodes 

affected) 
No Yes (Swelling of 

chest walls) 

IIIC Any Size 
Yes (10 or 

more lymph 
nodes affected) 

No Yes 

IV - Any Size Yes (Spread to 
other organs) Yes Yes 

Table 2.4 : Stages of Breast Cancer  
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The stages of breast cancer are classified as Stages 0, I, II, III and IV. The factors considered 

in the TNM staging process are T (Tumour Size), N - (Number of nearby lymph nodes where 

the cancer has spread), M (Metastasis state of the tumour). The grading is determined by the 

size and shape of the nuclei of cells in and around the tumour and the rate at which the cells 

are diving. Finally, the presence of the biomarkers ER, PR and HER2 are tested. [38, 39]. 

2.5 Historical Background and Discovery of cfDNA: 

The existence of cell-free DNA(cfDNA) in our blood was first discovered by Mandel and 

Metais in 1948. Almost two decades later, it was hypothesized by Bendich and his colleagues 

that tumor-derived cfDNA may have a role in metastasis. Finally, in 1966, Tan and colleagues 

discovered the first link of circulating cell-free DNA to disease. Eleven years later, in 1977, 

Leon and colleagues utilized radioimmunochemistry to establish that for at least half of cancer 

patients the level of cfDNA in their bloodstream was much higher than in normal control 

subjects. They further noted that patients with metastatic cancer exhibited significantly higher 

cfDNA in blood. It took additional 12 years for the first experimental proof to support that 

cfDNA in cancer patients contain  tumor DNA based on temperature stability measurements. 

[40]  

2.6  Structural Characteristics of cfDNA 

Cell-free DNA in the bloodstream mainly originates from normal cellular turnover, 

particularly apoptosis and necrosis. In healthy individuals, cfDNA fragments are typically 

short, double-stranded pieces of about 150–170 bp. This reflects the underlying chromatin 

organization inside the nucleus, where ~147 bp of DNA wrap around a histone octamer to 

form a nucleosome, and adjacent nucleosomes are joined by short linker DNA segments [41].  
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Figure 2.2 : Plasma cfDNA concentrations in healthy individuals and cancer patients, 

showing markedly higher cfDNA levels in the cancer group  

During apoptosis, endonucleases cleave DNA precisely at these linker regions, generating 

fragments that correspond to one or more nucleosomal units. As a result, cfDNA exhibits 

characteristic fragment-size peaks at approximately ~167 bp (mononucleosomal), ~320 bp 

(dinucleosomal), and ~480 bp (trinucleosomal) [42].   

 

Figure 2.3: Major cfDNA fragment length categories, including ultra-short, short, and 

mononucleosomal fragments 
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2.7 ctDNA as a Tumor-Derived Subfraction 

In cancer patients, a significant fraction of the total cfDNA originates from tumor cells, known 

as circulating tumor DNA (ctDNA), making them a subgroup of the total cfDNA. One of the 

key factors that sets apart the ctDNA from the normal cfDNA is the unique fragmentation 

pattern, revealing the condition of the biological origin of the ctDNA. This subgroup carries 

tumor-specific genetic and epigenetic alterations and shows distinct fragmentation behavior. 

One key difference is that ctDNA fragments tend to be shorter than cfDNA released from 

healthy cells, likely due to more chaotic and irregular DNA cleavage occurring within the 

tumor microenvironment [43].  

In general cases, cfDNA arising from apoptosis mimics the usual length of DNA inside the 

healthy cells, consisting of a nucleosome along with some linker DNA to connect with the 

next nucleosome. These fragments are similar to the normal cells both in size and shape, 

demonstrating a regular chromatin structure throughout the body, reflecting non-malignancy. 

In contrast, ctDNA in cancer patients tends to be shorter.  

 

Biological characteristics of cfDNA in healthy vs cancer individuals:  

Feature Healthy individuals Cancer patients 

Fragmentation Origin Mainly apoptosis of blood 

and normal cells 

Mix of apoptosis + necrosis; 

tumor necrosis produces 

longer, degraded fragments 

cfDNA integrity High integrity Decreased cfDNA integrity 

Fragment Length ~150 bp Often shorter than 150 bp; 

irregular and more 
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heterogeneous fragments 

Genomic Content No tumor specific genomic 

alterations 

Contains tumor-derived 

ctDNA 

Proportion of 

low-molecular-weight DNA 

Low; most fragments cluster 

around ~150–180 bp 

Very high; up to 90–95% of 

cfDNA can be 

low-molecular-weight (<150 

bp) 

 

Table 2.5: Biological characteristics of cfDNA in healthy vs cancer individuals 

2.8 Clinical Applications of cfDNA 

Optimizing treatment for cancer requires molecular profiling of tumors. In recent years, 

next-generation sequencing (NGS) techniques have been used to determine treatments based 

on the exact genomic profile of a particular tumor. Existing clinical approaches generally 

involve sequencing previous primary tumor tissues collected through surgery or biopsy. 

However, this is an invasive procedure and might not provide sufficient samples for several 

metastatic diseases and all organs. Additionally, single-site tissue samples do not take genetic 

heterogeneity into account, which is a significant drawback because primary tumors and 

metastases frequently have different genetic profiles.  
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Figure 2.4 : Clinical applications of genome-wide cfDNA fragmentation in cancer 

patients 

Tumor cells also develop genetic modifications related to resistance during therapy because of 

clonal evolution. To overcome these issues, liquid biopsy, specifically circulating tumor DNA 

(ctDNA) analysis, has been extensively investigated. It was discovered in the 1990s that 

"cell-free DNA" (cfDNA) circulating in the plasma of patients with malignant tumors included 

tumor-derived genetic changes. Circulating nucleic acids can be detected in the blood, urine, 

and cerebrospinal fluid, and their diagnostic assessment in liquid specimens is commonly 

referred to as liquid biopsy. Furthermore, the cfDNA-based liquid biopsy assay has been 

utilized in clinical practice to detect genetic modifications for targeted therapy [5] and for 

possible clinical uses in cancer screening, diagnosis, detection of minimal residual disease 

(MRD), and real-time tracking of tumor evolution and resistance [44]. 

2.9 Epigenetic Regulation Through DNA Methylation in CpG-rich Regions 

Alterations in the chromosomes in the gene expression rather than in the DNA sequence that 

focus on the heritable and stable changes are known as epigenetics [45]. Virtually all cells in 
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an organism contain the same genetic information, but all cells are not expressed 

simultaneously. In a wider perspective, different gene expression profiles in different cells and 

organs within multicellular organisms are mediated by epigenetic processes [46.]  

DNA methylation is one of the main epigenetic processes that directly alters DNA chemically.  

A substance called a methyl group is added to DNA in order for DNA methylation to occur.  

Demethylation is another method of removing this chemical from DNA.  Genes are often 

turned "off" by methylation and "on" by demethylation.  One method the body uses to regulate 

gene expression is DNA methylation.  Methylation and demethylation aid in determining the 

amount of protein produced, but they do not alter the DNA code, or the base sequence [47]. 

Most DNA methylation is essential for normal development, and it plays a very important role 

in a number of key processes including genomic imprinting, X-chromosome inactivation, and 

suppression of repetitive element transcription and transposition and, when dysregulated, 

contributes to diseases like cancer [48,49]  

A CpG island is a stretch of DNA with a high frequency of the "CpG" dinucleotide (a cytosine 

followed by a guanine), typically found in the regulatory regions of genes, such as promoter. 

[50]. As methylcytosine is mutagenic, vertebrate genomes are mostly methylated at the 

dinucleotide CpG, making them CpG-deficien.[51]. However, CpG islands (CGIs), which are 

typically 1000 base pairs (bp) long and exhibit an enhanced G+C base composition, limited 

CpG depletion, and frequent lack of DNA methylation, punctuate the globally methylated, 

CpG-poor genomic landscape. Despite the diversity of their individual nucleotide sequences, 

CGIs have been separated as a rather uniform section of the genome because of their 

fundamental characteristics (52,53,54).  
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Figure 2.5 : DNA methylation and CpG island regulation. (A) DNA methylation involves 

the transfer of a methyl group (-CH₃) from S-adenosylmethionine (SAM) to the 5th carbon of 

cytosine within CpG dinucleotides, catalyzed by DNA methyltransferases (DNMTs), 

producing 5-methylcytosine (5-mC) and S-adenosylhomocysteine (SAH). (B) CpG island 

methylation regulates gene expression by silencing transcription. Unmethylated CpG islands 

allow active transcription, while methylated CpG islands block transcription by preventing 

access of transcriptional machinery. [55] 

2.10  Significance of  CpG islands in cancer 

Methylation changes in CpG islands (CGI) affect gene expression. In addition to such local 

changes, global hypomethylation and chromosomal instabilities have been found in cancers 

[7]. Altered methylation is thought to be an early event in breast cancer and the number of 

genes affected increases with progression. CpG islands (CGIs) are typically located in the 

promoter regions of genes and are usually unmethylated in normal cells to allow gene 
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expression. However, in cancer, these islands frequently undergo aberrant hypermethylation, 

particularly in tumor suppressor gene promoters, leading to transcriptional silencing without 

altering the underlying DNA sequence. This epigenetic inactivation represents a key 

mechanism in carcinogenesis, contributing to uncontrolled cellular proliferation, loss of 

apoptosis, and genomic instability. Several studies have demonstrated the significance of CpG 

island hypermethylation in breast cancer [8,9,10]  

2.11 Aberrant Methylation in Breast Cancer 

Epigenetic deregulation is a hallmark of breast cancer and among these alterations, abnormal 

DNA methylation, both global hypomethylation and promoter-specific hypermethylation plays 

a central role in tumour development, progression and molecular subtype differentiation. 

Indeed it is well established that two kinds of changes in the DNA methylation pattern occur 

in breast cancer, regional hypermethylation of certain genes [57] and global hypomethylation 

[58] 

 

Figure 2.6 : Hypermethylation and hypomethylation in breast cancer. In normal epithelial 

breast cells tumor suppressor genes are active (transcription indicated by horizontal arrow) 

and unmethylated (open circles indicate unmethylated CGs). Metastatic genes are methylated 

and inactive (closed circles). Activation of oncogenic pathways leads to interaction of specific 

repressors with certain tumor suppressors leading to chromatin inactivation and DNA 

methylation (closed circles). At a more advanced stage the same or additional oncogenic 
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pathways lead to induction of demethylase activity resulting in global demethylation as well as 

demethylation and activation of genes required for metastasis leading to a highly metastatic 

phenotype. Tumor suppressor genes are protected from demethylation by regional repressors 

maintaining an inactive chromatin structure [59]. 

Feature DNA Hypomethylation DNA Hypermethylation 

Definition A significant decrease in the level of 

methyl groups CH3 attached to 

DNA, relative to a normal cell. 

An abnormal increase in the level of 

methyl groups CH3 attached to specific 

DNA regions. 

Genomic 

Location 

Primarily occurs at global regions of 

the genome, such as highly 

repetitive sequences (e.g., LINE-1 

and Alu elements). 

Primarily occurs at locus-specific 

regions, specifically at CpG islands 

located in gene promoter regions. 

Effect on 

Gene 

Leads to the 

re-activation/overexpression of 

genes and DNA sequences that 

should be silent. 

Leads to gene silencing (turning off) 

and the suppression of transcription. 

Result in 

Cancer 

Contributes to genomic instability, 

chromosomal abnormalities, and the 

activation of oncogenes or 

transposable elements. 

Silences tumor suppressor genes (e.g., 

p16, BRCA1), removing key brakes on 

cell growth and DNA repair. 

Table 2.6 : Brief difference between DNA hypomethylation and DNA hypermethylation 
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2.12 Global Methylation Changes in Breast Cancer 

Global methylation changes refer to the overall, genome-wide level of DNA methylation, an 

epigenetic process that adds methyl groups CH3 to DNA bases, typically cytosines in CpG 

dinucleotides. These changes are crucial because they affect genomic stability and are a 

hallmark of various diseases. For instance, in aging and carcinogenesis, a consistent and 

widespread change is global hypomethylation (an overall decrease in methylation), which 

destabilizes the genome by activating normally silent repetitive elements (like LINE-1), often 

occurring alongside specific promoter hypermethylation (increased methylation) that silences 

critical tumor suppressor genes and drives malignancy [60]. 

2.13 Subtype-specific Methylation 

Different types of subtypes such as HER2+, luminal A, Luminal B, TPBC, TNBC exhibit a 

wide range of patterns in methylation. Studies have identified DNA methylation signatures are 

linked to different breast cancer subtypes such as luminal A and B tumors demonstrating 

increased promoter CpG island hypermethylation [61]. When compared to other forms of 

breast cancer, epigenetic changes in TNBC show unique methylation patterns that can inhibit 

the expression of tumor suppressor genes and encourage the development and spread of cancer 

[61,62]. In contrast to other breast cancer subclasses where promoter hypermethylation events 

were less common, methylation analysis of primary breast cancers revealed widespread 

promoter hyper-methylation of epigenetic biomarker genes among triple-negative breast 

cancers. Triple-negative breast tumors frequently exhibit aberrant DNA hypermethylation [63] 

Overall, methylation-based subtyping could serve as a valuable prognostic and therapeutic 

tool in breast cancer management.  
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2.14 Role of cfDNA Methylation 

cfDNA methylation is essential for the management of breast cancer as it is emerging as a 

critical non-invasive biomarker. It provides significant potential in liquid biopsy as it can be 

easily obtained from a minimal blood draw and this also mitigates the possibility of radiation 

exposure [64]. Moreover, aberrant DNA methylation patterns often occur early in 

tumorigenesis which makes them excellent candidates for early cancer detection and most 

treatable stages [64]. In case of prognosis and recurrence monitoring, the methylation status of 

certain genes in cfDNA has been associated with poor overall survival and may help predict 

the likelihood of cancer metastasis or recurring after the treatment [65]. Different methylation 

signatures are depicted among different breast cancer subtypes and identifying these specific 

patterns in cfDNA can help stratify patients and guide the selection of the most effective 

therapeutic treatments [64]. Hence DNA methylation proves to be one of the most effective 

and promising tools for improving the early detection system and treatment for breast cancer 

patients.  
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Rationale of the Study 

Current breast cancer diagnosis relies mostly on invasive tissue biopsies, which have few 

limitations such as patient discomfort and sampling errors due to tumor heterogeneity. This 

makes non-invasive alternatives essential. In particular, liquid biopsy has shown promising 

results in addressing these issues by analyzing cell-free DNA (cfDNA). Tumor derived cfDNA 

carries a broad spectrum of tumor specific alterations such as fragmentation patterns, copy 

number variations and epigenetic modifications such as DNA methylation. Among these 

aberrant CpG island hypermethylation is a hallmark of breast tumorigenesis and holds strong 

potential as a sensitive biomarker. In parallel, fragmentomic features such as breakpoint motif, 

end motif, fragment size distribution, fragment size coverage, fragment size ratio provides 

additional layers of biological information reflecting chromatin structure, nucleosome 

positioning and genomic instability. Despite rapid advances, there is still limited 

understanding of how cfDNA methylation and fragmentation vary across different molecular 

subtypes of breast cancer. Finding subtype-specific cfDNA signatures could greatly enhance 

early identification, risk stratification and individualized monitoring because each subtype - 

HER2-positive, Luminal B, Triple Negative, and Triple Positive has unique biological traits 

and clinical outcomes. A non-invasive method capable of detecting these subtypes would 

reduce reliance on repeated biopsies, improve patient comfort and support real time clinical 

decision making.  

This study is therefore grounded in the necessity to investigate cfDNA as a complete 

prognostic biomarker source by integrating both methylation and fragmentation profiles in 

order to ascertain whether these characteristics can distinguish between breast cancer 

subtypes. Determining such subtype-specific cfDNA patterns may improve individualized 

treatment of breast cancer patients and lead to more accurate, minimally invasive diagnostic 

techniques.  
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4.1 Workflow Overview  

 

Figure 4.1: Computational and Analytical Workflow of the Study 
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4.2 Sample Selection 

A total of 80 cfDNA whole-genome bisulfite sequencing samples were used in this study. 

Among them, 40 samples were obtained from healthy individuals, while the remaining 40 

were breast cancer cases. The case samples were selected based on clinical criteria, including 

an age range of 40–60 years and a confirmed cancer stage of II–III. These 40 breast cancer 

samples were further divided into four molecular subtypes: Luminal B (n = 10), HER2+ (n = 

10), TNBC (n = 10), and TPBC (n = 10). 

4.3 Data Acquisition  

Raw sequencing data (SRA format) of cfDNA were obtained from the Sequence Read Archive 

(SRA) repository in NCBI using SRA Toolkit and corresponding FASTQ files were generated. 

Genome alignment was carried out between cfDNA sequences and reference genome (hg38) 

retrieved from the Ensembl database.  

4.4 Processing and Alignment  

Following data acquisition, the FASTQ files were aligned to the hg38 reference genome using 

Bismark, a bisulfite-aware aligner designed for whole-genome bisulfite sequencing data. The 

bisulfite-treated cfDNA reads underwent alignment, deduplication, and indexing to ensure 

high-quality mapping. Processed alignment files were prepared according to the input 

specifications required for cfDNAFE, the toolkit used for multi-omics fragmentation feature 

extraction. 

4.5 Fragmentation Analysis  

Further multi-omics feature extraction was conducted using cfDNAFE, a python-based toolkit. 

These features include FSD (Fragment Size Distribution), FSR (Fragment Size Ratio), FSC 
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(Fragment Size Coverage), CNV (Copy Number Variation), BPM (Breakpoint Motif), EDM 

(End Motif) and Methylation.  

4.5.1 Fragment Size Ratio (FSR) 

cfDNA fragments are divided into three categories based on their size: short (65-150bp), 

intermediate (151-260bp), and long (261-400bp). The genome is divided into 5MB bins, and 

the ratio of each type of fragment, short, intermediate, and long, present in each bin is 

calculated. The corresponding ratios are then plotted on graphs that display comparisons 

between genomic regions and fragment lengths. 

4.5.2 Fragment Size Coverage (FSC) 

FSC quantifies the abundance of short, intermediate, long, and total DNA fragments within 

contiguous 5MB genomic bins. Prior to normalization, fragment counts within each bin are 

corrected for GC content biases. The final output is a Z-score plot, which indicates the 

deviation of the fragment number in a specific bin from the genomic mean, providing a 

standardized measure of fragment abundance relative to the rest of the genome. 

4.5.3 Fragment Size Distribution (FSD) 

FSD provides a fragment distribution profile across 41 chromosome arms and each 

chromosome arm is divided into 5bp segments. The number of cfDNA fragments present in 

each segment is divided by the total number of fragments in the chromosome arm to calculate 

the ratio, which is then plotted in the fragment size distribution graph. The size of all the 

fragments that are used in the calculation is between 65bp to 400bp. 
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4.5.4 Copy Number Variation (CNV) 

CNV was assessed by estimating fragment count differences across the genome using a 1 

megabase (1 MB) binning method. The aligned cfDNA reads were grouped into consecutive 1 

MB genomic windows, and the number of fragments in each bin was compared to the baseline 

average to determine whether the region showed relative gain or loss. Bins with higher than 

expected fragment counts suggest possible amplification, whereas bins with reduced counts 

may indicate deletion-type signals. This fragment depth based method enables the detection of 

broad copy number changes in plasma-derived cfDNA at a chromosomal scale. 

4.6 Motif Profiling  

Motif profiling in this study consisted of two complementary analyses: Breakpoint Motif 

(BPM) profiling and End Motif (EDM) profiling.  

4.6.1 BreakPoint Motif (BPM) 

BPM refers to the short sequence patterns surrounding the exact location where the DNA 

strand breaks. When cfDNA is released into the bloodstream, the genomic DNA is cleaved by 

different enzymes or degradation processes, leaving characteristic sequence motifs at and 

around the breakpoint. BPM profiles examine the nucleotides immediately upstream and 

downstream of the cleavage site, allowing the detection of sequence preferences at 

breakpoints. These preferences can differ depending on the biological source of cfDNA, the 

type of tissue, and the dominant cell death mechanism. Certain cancers are known to have 

distinct breakpoint motif patterns, which may reflect altered nuclease activity, chromatin 

accessibility, or tumor-specific degradation pathways. 
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4.6.2 End Motif (EDM) 

EDM refers to the short sequence of bases found at the exposed end of each cfDNA fragment. 

Instead of examining the region around the break, EDM looks specifically at the first few 

nucleotides that appear at the fragment’s terminal end after cleavage. These end motifs are 

produced by the way DNA is cut, and certain patterns tend to appear more frequently in 

specific biological conditions. Differences in these end motif profiles between healthy and 

cancer samples may reflect changes in nuclease activity or chromatin processing in disease. 

Variations in end motif patterns can indicate which tissue the cfDNA came from and may help 

distinguish tumor-derived cfDNA. 

4.7 Methylation Profiling  

The methylation analysis was conducted using a fragment based approach from whole genome 

bisulfite sequencing data, applying the UXM methodology. UXM provides extraction of a 

methylation profile that contains three types of fragments with minimum 4 CpGs. This 

classification also includes U reads that are less than or equal to 25% methylated CpGs. In a 

M read, it accounts for more than or equal to 75% methylated CpGs. In a X read, the 

percentage of methylated CpGs is above 25% and less than 75%. In this study, only the 

methylated (M) fragments were used for analysis. This focused selection isolates fragments 

characteristic of high methylation density. These M-read proportions were calculated across a 

pre-defined set of 1246 cell-type specific markers.  

4.8 Statistical Analysis 

Statistical analyses were performed to compare multi-omics cfDNA features across healthy 

controls and the four breast cancer subtypes. Data were normalized using Z-scores and 
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ratio-based metrics, and p-value–based testing was applied to identify the top ten or thirty 

motifs with significant differences. 

4.9 Visualization 

Finally, downstream analysis and visualization was performed through the generation of 

graphs and heatmaps using the R packages ggplot2 and pheatmap. Fragmentation-derived 

features and methylation-based outputs were visualized using comparative plots, genome-wide 

profiles, and clustered heatmaps to highlight differences between healthy controls and the four 

breast cancer subtypes. 
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5.1 Analysis of fragmentation feature profiles 

5.1.1 Fragment Size Ratio (FSR) 

 

Figure 5.1 : Fragment Size Ratio Profiles of Breast Cancer Subtypes and Control 

The FSR profiles across the autosomal genome showed distinct fragmentation patterns, 

particularly for TNBC and TPBC, which demonstrated opposite trends compared to each other 

and to the other groups. In contrast, healthy controls, LB and HER2+ displayed a narrower 

and more comparable range, with short fragments remaining around 0.15, intermediate 

fragments near 0.8 and long fragments around 0.02–0.03 across most autosomes. In the short 

fragment panel, TNBC exhibited the highest ratio ( > 0.15), whereas TPBC showed the 

lowest. HER2+, Luminal B, and healthy controls displayed intermediate values relative to 

those 2 cancer subtypes. The intermediate fragments formed most of the cfDNA, with values 

close to 0.80 across the genome, consistent with the usual ~167 bp nucleosome-protected 

length. For long fragments, TPBC displayed the highest ratio (0.03–0.05), while TNBC 

demonstrated the lowest (around 0.01), with the remaining groups positioned between these 

two.  
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Overall, TNBC and TPBC presented opposite patterns in both short and long fragment ratios, 

indicating subtype-specific fragmentation characteristics [66] 

5.1.2 Fragment Size Coverage (FSC) 

 

Figure 5.2 : Fragment Size Coverage Profiles of Breast Cancer Subtypes and Control 

Fragment size coverage (FSC) was measured for short, intermediate, long, and total cfDNA 

fragments across chromosomes 1–22 using 5 Mb genomic bins. The overall pattern of 

coverage was largely similar in healthy controls and in the four breast cancer subtypes 

(HER2+, Luminal B, TNBC and TPBC). The same sharp drops in coverage appeared at 
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specific chromosomal points in every group, which are known regions containing highly 

repetitive DNA such as telomeres and centromeres where reads cannot be uniquely aligned. 

Intermediate fragments made up the biggest share of total coverage, which fits the expected 

167 bp nucleosomal structure of cfDNA. Long fragments showed more fluctuation but did not 

show a distinct trend for any subtype. Based on these findings, FSC did not show a noticeable 

difference between the breast cancer subtypes at this genomic scale. 

5.1.3 Fragment Size Distribution (FSD) 

Similar peaks are visible in each chromosome arm except chromosome number 17, where no 

fragmentation event is observed. The peaks in healthy controls, TNBC, HER2+, and LB are of 

similar height, with frequencies ranging from 0.130 to 0.140 observed in the same region for 

each chromosomal segment. The bulk of the fragments are derived from one size, notably 

around the beginning of each segment. Small, negligible points are also observed for HER2+, 

TPBC, and healthy control in the middle of each chromosomal segment, which corresponds to 

the range of long fragment length (261-400bp).  

 

The overall FSD profile is similar across all groups, including the four subtypes and healthy 

controls. However, TNBC exhibits the highest fragment distribution among all other subtypes 

for 17 of the 41 chromosome arms analysed. The highest frequency, at just above 0.14, is also 

observed from TNBC samples. On the other hand, TPBC has the lowest fragment distribution 

along its chromosomes, with frequencies primarily ranging from 0.120 to 0.125.  
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Figure 5.3 : Fragment Size Distribution Profiles of Breast Cancer Subtypes and Control 
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5.1.4 Copy Number Variation (CNV) 

 

Figure 5.4 : Copy Number Variation Profiles of Breast Cancer Subtypes and Control 
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The CNV profiles across the autosomal genome were largely stable and remained close to the 

baseline for all groups, including healthy controls and the four breast cancer subtypes. HER2+ 

and TPBC showed minor fluctuations around the baseline without a consistent upward or 

downward shift across chromosomes. The Luminal B group displayed a slight downward 

trend, suggesting a small increase in deletion-type signals, though not uniform across the 

genome. TNBC exhibited moderate fluctuations with a clearer downward shift in certain 

chromosomal regions; however, the pattern was not continuous or subtype-defining. No group 

demonstrated prominent amplification or deletion events that persisted across multiple 

contiguous chromosomal segments. Overall, none of the subtypes displayed a distinctive CNV 

signature that clearly separated them from each other or from healthy controls. 
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5.2 Analysis of Motif Patterns 

5.2.1 BreakPoint Motif  (BPM) 

Figure 5.5 : The Heat Map of 6-mer Motif Profiles of 40 Healthy cfDNA Samples and 

Breast Cancer Subtypes (LB, HER2+, TPBC, TNBC) Samples 

Breakpoint motif profiling was performed to characterize sequence-specific DNA cleavage 

preferences across breast cancer subtypes. Using the limma package, we identified the top ten 

most significantly dysregulated breakpoint motifs among the five groups. Z-score heatmap 

visualization revealed a subtype-specific fragmentation pattern. Notably, TNBC samples 

demonstrate an enrichment of G-rich motifs GGGGGG, GGGAGG, GGGGCA) in the top 

cluster and and strong depletion of A-rich motifs (AGAACC, GAACTT, GAAAGA) in the 

bottom cluster. To compare the control samples exhibits the opposite pattern in both clusters. 

However, TPBC, LB and HER2+ subtypes showed more balanced enrichment and depletion 

patterns, similar to the control group.  

40 
​  



5.2.2 End Motif (EDM) 

 

Figure 5.6 : The Heat Map of 6-mer End Motif Profiles of 40 Healthy cfDNA Samples 

and Breast Cancer Subtypes (LB, HER2+, TPBC, TNBC) Samples 

Each cfDNA sample initially contained a comprehensive profile of thousands of possible 

6-mer breakpoint motif frequencies. Our analysis used statistical filtering to identify the top 

ten most subtype differentiating motifs, which are the only one represented in the final 

heatmap visualization.  

The two of the resulting subtypes revealed highly subtype-specific EDM signatures. The 

resulting heatmap revealed distinct subtype-specific fragmentation signatures. Control samples 

show balanced motif enrichment and depletion. In contrast, the TNBC sample shows strong 

and consistent depletion of multiple motifs, forming a blue pattern across most rows. 

Conversely, TPBC samples demonstrate an enriched pattern across the motifs. However, 

HER2+ and LB demonstrate a mixed pattern with moderate enrichment and depletion.  
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5.3 Analysis of Epigenetic Feature Profiles 

5.3.1 Methylation 

 

Figure 5.7 : Observed Methylation Pattern for Top Most Significant Markers (≥ 75% 

Methylated CpG island) 

Significant differences in blue and red regions can be observed from the methylation heatmap 

comparing four subtypes of breast cancer and healthy controls. In healthy samples, marker 

regions are overwhelmingly blue, whereas a much higher amount of red is visible in the 

cancer segment. Out of all the subtypes, TNBC and TPBC show a larger number of markers 

with a high M-value of 0.8-1.0 (shown as red squares). HER2+ exhibits the lowest number of 

markers with high M-value among all the subtypes, largely mimicking the healthy controls’ 

pattern. Interestingly, the first row exhibits a high M-value consistently across healthy control 

and the subtypes TNBC, TPBC, and LB. However, for HER2+, it mostly shows a low 

M-value. 
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Among all the subtypes studied, it was possible to clearly distinguish and differentiate 

between TPBC and TNBC from other groups using the feature profiles FSR, FSD, BPM, 

EDM and Methylation. While CNV and FSC did not prove to be good parameters for subtype 

identification, increasing the sample size may deliver more conclusive results, not only from 

these features but also for better differentiation between all four subtypes analysed.  

The Fragment Size Ratio (FSR) profiles demonstrated clear subtype-specific distinctions, 

particularly for TNBC and TPBC, which displayed opposite trends across short and long 

fragment categories. The x axis here represents consecutive 5 Mb genomic bins across 

chromosomes 1 to 22 and the y axis demonstrates the proportion of cfDNA fragments 

belonging to each size category. From the graph, TNBC showed a higher proportion of short 

fragments, whereas TPBC exhibited a higher ratio of long fragments. Short cfDNA fragments 

are typically linked to increased nuclease activity and apoptotic fragmentation. Therefore, the 

elevated short-fragment ratio in TNBC may indicate increased cellular turnover and more 

active fragmentation dynamics. Conversely, the comparatively higher proportion of long 

fragments in TPBC suggests fewer fragmentation events, which may be influenced by 

differences in tumour biology and cfDNA release mechanisms. Healthy controls, HER2+, and 

Luminal B presented a narrower and more consistent range around 0.15 for short fragments, 

0.8 for intermediate fragments, and 0.02–0.03 for long fragments. Most circulating DNA 

fragments belonged to the intermediate range, consistent with the 167 bp 

nucleosome-protected size typically produced during normal apoptotic processes. This pattern 

indicates that the majority of cfDNA across all groups originates through canonical apoptotic 

release. In the graph, sharp declines were observed near most of the centromeric and telomeric 

regions. These genomic regions consist of highly repetitive DNA, which limits accurate 

mapping because identical sequences occur across multiple sites. As a result, sequencing reads 

cannot be confidently assigned to a single genomic position. Consequently, these regions show 
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reduced fragment counts not due to biological absence of cfDNA, but due to alignment 

constraints. The contrasting trends between TNBC and TPBC suggest that FSR provides 

valuable insights into subtype-related fragmentation behaviour. With TNBC showing 

distinctly higher short-fragment representation and TPBC showing higher long-fragment 

ratios, FSR demonstrated strong potential for distinguishing between these two breast cancer 

subtypes. With an increased sample size, it may be possible to identify clearer patterns among 

the remaining subtypes, which could strengthen the utility of FSR as a supportive 

non-invasive measure for subtype differentiation. 

The Fragment Size Coverage (FSC) analysis did not show distinct patterns that differentiate 

the four breast cancer subtypes from each other or from healthy controls. Across the 

autosomal chromosomes, the coverage values for short, intermediate, and long fragments 

followed a very similar trend in all groups, indicating that coverage distribution remains 

generally consistent regardless of subtype. The intermediate fragment category contributed the 

highest overall coverage, which is consistent with the known nucleosomal size of ~167 bp 

generated during controlled apoptotic fragmentation. This pattern appearing across both 

cancer subtypes and healthy individuals suggests that the dominant process producing cfDNA 

fragments is shared, even though the biological context may differ. Sharp drops in coverage 

were visible at specific chromosomal locations in all groups and were noticeable in short, 

intermediate, and long fragment categories. These points correspond to regions rich in 

repetitive DNA, including centromeres and telomeres, where sequencing reads cannot be 

confidently aligned to a single genomic position. As a result, the coverage decline most likely 

reflects a technical limitation of short-read alignment rather than a biological fragmentation 

difference. Long fragment coverage showed more noticeable fluctuation from chromosome to 

chromosome; however, the change did not follow a consistent pattern that could be linked to a 

specific subtype. Although long fragment coverage fluctuated across the chromosomes in all 
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subtypes, these changes did not represent a subtype-specific difference. With the current 

dataset, FSC did not demonstrate strong potential for separating breast cancer subtypes at this 

level of analysis. A larger dataset may help determine whether small differences exist that are 

not visible with the present sample number. Future work with more samples may show its 

significance when assessed alongside other cfDNA features such as fragment size ratio, 

breakpoint motifs or methylation-based measures. 

Fragment distribution is observed to be the highest for a single specific fragment size in all the 

graphs. The peaks correspond to a region approximately between short and intermediate 

fragment size ranges. Given the nature of cfDNA from healthy cells, it can be safely assumed 

that the fragments are normal cfDNA with a size of about 167bp. As TPBC shows an overall 

lower fragment distribution compared to other groups, it can be easily identified and separated 

for subtype detection. The occurrence of a lower fraction is likely due to fragmentation events 

being comparatively less frequent in TPBC cancer cells compared to other types of neoplastic 

and non-neoplastic cells. Additionally, a small but significant fraction of long fragments 

visible within HER2+, TPBC, and control samples makes HER2+ indistinguishable from 

other groups analysed. The CNV analysis did not identify consistent chromosomal gains or 

losses that could be linked specifically to any of the breast cancer subtypes included in this 

study. Although TNBC showed slightly stronger downward shifts, and Luminal B displayed a 

mild overall decrease, these changes were scattered and did not form a stable or continuous 

pattern along the genome. The largely baseline-aligned CNV profiles suggest that copy 

number changes in plasma cfDNA were not strong enough within this cohort to distinguish 

subtypes reliably. The absence of clear separation may be influenced by the small sample size, 

which limits the ability to detect subtle CNV differences. Unlike tissue-based CNV profiling, 

cfDNA contains a mixture of tumor-derived and normal DNA, which may reduce the visibility 

of detectable changes. Based on these findings, CNV alone does not appear to provide 
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subtype-specific information in this dataset. However, future work with more samples may 

clarify whether CNV gains or losses contribute useful information when combined with other 

cfDNA features. 

Break point motif profiling demonstrates subtype specific fragmentation signatures that 

anticipate biological insight into the underlying cleavage mechanisms in breast cancer. In 

TNBC a strong enrichment of G-rich motifs and depletion of A-rich motifs are specifically 

observed showing that in TNBC, DNA frequently breaks next to G-rich sequences whereas it 

avoids breaking at A-rich sequences. This indicates elevated oxidative stress and altered 

nuclease activity [67]. In contrast, in TPBC, HER2+, LB subtypes a more balanced 

enrichment and depletion pattern was noticed that closely resembled healthy controls. This 

distinction highlights that tumor derived cfDNA fragmentation is not uniform across breast 

cancer subtypes rather , it demonstrates a molecular landscape unique to each subtype. 

Overall, break point motif analysis adds an additional dimension to cfDNA fragmentation 

profiling by representing subtype-specific cleavage preferences, with TNBC standing out as 

the most epigenetically and structurally disrupted groups. These findings support the potential 

of breakpoint motifs as non-invasive biomarkers for subtype differentiation and disease 

aggressiveness.  

The end motif fragmentation signatures in this study provides an important understanding of 

chromatin structure and nuclease activity across breast cancer subtypes. The strong and 

widespread depletion of end-motifs in TNBC indicates highly disordered and unpredictable 

DNA fragmentation, which is consistent with the aggressive biology and genomic instability 

characteristic of this subtype [68]. On the contrary, in TPBC the enriched end motif patterns 

reflect a more organized fragmentation profile suggesting lower genomic instability, preserved 

nuclease fidelity and more consistent cleavage behavior. This aligns with the molecular 

characteristics of TPBC [69]. Meanwhile in LB and HER2+ the mixed and variable patterns 
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suggest that these subtypes retain some sequence specific fragmentation signals while also 

exhibiting cancer-associated disruptions. Overall, these findings demonstrate that cfDNA 

fragmentation is not uniform across breast cancer subtypes. Instead, it reflects the distinct 

biological landscapes of each subtype and highlights the potential of end-motif profiling as a 

non-invasive tool for capturing distinct tumor behaviors.  

The top 30 markers are largely unmethylated in healthy samples, as evident from the low 

M-scores throughout the segment. Compared to the control, cancer samples exhibit elevated 

methylation regions. TNBC and TPBC contain the most markers with hypermethylation, 

followed by LB. Among all the subtypes, methylation of CpG islands occurred the least in 

HER2+ samples. For the location chr1:28855995-28856510, all groups show 

hypermethylation except HER2+, which mostly contains an average rate of CpG methylation. 

Overall, due to the high variations shown by TPBC and TNBC compared to control samples, 

epigenetic patterns prove to be an excellent candidate for identifying these two subtypes 

during breast cancer diagnostic applications. Furthermore, due to its differential nature from 

the rest of the subtypes, chr1:28855995-28856510 proves to be a reliable biomarker to 

distinguish between HER2+ and other subtypes of breast cancer, making it a favorable 

candidate for HER2+ detection from liquid biopsy. 

One limitation of this work is the size of the cohort, as a greater number of samples may help 

determine whether similar patterns exist in subtypes that did not show separation here. The 

analysis was carried out computationally using secondary data and without laboratory 

generated samples, which limits the extent to which these observations can be confirmed at 

this stage. 

Looking forward, cfDNA holds strong future potential as a minimally invasive biomarker for 

early detection, subtype classification and treatment monitoring in breast cancer. Because 
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cfDNA can be obtained from a simple blood sample, it may reduce dependence on repeated 

tissue biopsies and allow more frequent assessment of disease changes over time. Expanding 

this work with larger cohorts, inclusion of clinical and treatment response data and direct 

laboratory validation could support the development of cfDNA based approaches that 

contribute more confidently to patient management [70,71]. 
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This study explored whether cfDNA can reflect subtype specific characteristics in breast 

cancer by examining fragmentation-based measures such as BreakPoint Motif (BPM), End 

Motif (EDM), Fragment Size Distribution, Fragment Size Coverage, Fragment Size Ratio and 

Copy Number Variation together with methylation related features across four subtypes and 

healthy controls. Our findings indicated subtype specific distinctions in TNBC and TPBC, 

where notable differences in fragmentation and methylation patterns were observed when 

compared with controls and other subtypes. Among the fragmentomic features evaluated, 

Fragment Size Ratio showed noticeable difference for TPBC and TNBC but did not 

demonstrate the same level of distinction for LB or HER2+. In methylation, end motif and 

breakpoint motif analyses, observable patterns were also more prominent in TNBC and TPBC, 

while clear differentiation was not consistently evident for LB and HER2+ within this dataset. 

Overall, this study supports the prospect that cfDNA contains measurable signals related to 

subtype specific characteristics and highlights the importance of further research to translate 

these findings into practical tools that support early diagnosis and better informed clinical 

decisions in breast cancer care. 
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Supplement  ​  

Supplement Table A : List of cfDNA samples analyzed in this study, including SRA 

accession numbers, sample group, subtype, age range, cancer stage.  

SRA Accession Sample Group Subtype Age Range Cancer Stage 
SRR23280258 Healthy control NA 42 NA 
SRR23279984 Healthy control NA 40 NA 
SRR23279966 Healthy control NA 44 NA 
SRR23280232 Healthy control NA 42 NA 
SRR23279959 Healthy control NA 40 NA 
SRR23279816 Healthy control NA 47 NA 
SRR23280079 Healthy control NA 41 NA 
SRR23279796 Healthy control NA 41 NA 
SRR23279795 Healthy control NA 45 NA 
SRR23279794 Healthy control NA 45 NA 
SRR23279793 Healthy control NA 52 NA 
SRR23279791 Healthy control NA 60 NA 
SRR23280184 Healthy control NA 54 NA 
SRR23280178 Healthy control NA 56 NA 
SRR23280177 Healthy control NA 58 NA 
SRR23279799 Healthy control NA 53 NA 
SRR23280245 Healthy control NA 52 NA 
SRR23280012 Healthy control NA 56 NA 
SRR23280001 Healthy control NA 56 NA 
SRR23280020 Healthy control NA 54 NA 
SRR23280007 Healthy control NA 50 NA 
SRR23280006 Healthy control NA 54 NA 
SRR23280005 Healthy control NA 40 NA 
SRR23279800 Healthy control NA 58 NA 
SRR23280003 Healthy control NA 41 NA 
SRR23279992 Healthy control NA 53 NA 
SRR23279991 Healthy control NA 54 NA 
SRR23279989 Healthy control NA 52 NA 
SRR23279998 Healthy control NA 50 NA 
SRR23279996 Healthy control NA 50 NA 
SRR23279994 Healthy control NA 54 NA 
SRR23279839 Healthy control NA 41 NA 
SRR23279838 Healthy control NA 44 NA 
SRR23279833 Healthy control NA 46 NA 
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SRA Accession Sample Group Subtype Age Range Cancer Stage 
SRR23280231 Healthy control NA 46 NA 
SRR23279783 Healthy control NA 42 NA 
SRR23280060 Healthy control NA 43 NA 
SRR23280228 Healthy control NA 42 NA 
SRR23280227 Healthy control NA 40 NA 
SRR23280226 Healthy control NA 50 NA 

SRR23280119 Case  HER2 48 II 

SRR23280195 Case  HER2 48 II 

SRR23280193 Case  HER2 55 II 

SRR23280077 Case HER2 47 II 

SRR23280076 Case  HER2 44 II 

SRR23280074 Case  HER2 41 II 

SRR23280066 Case  HER2 61 II 

SRR23279926 Case  HER2 52 II 

SRR23280051 Case HER2 50 II 

SRR23280050 Case  HER2 41 II 

SRR23280067 Case  TNBC 56 I 

SRR23279896 Case  TNBC 60 I 

SRR23279885 Case TNBC 39 I 

SRR23280201 Case  TNBC 50 II 

SRR23279916 Case  TNBC 37 II 

SRR23280186 Case  TNBC 68 II 

SRR23280150 Case  TNBC 45 II 

SRR23280175 Case TNBC 43 III 

SRR23280127 Case  TNBC 44 III 

SRR23280052 Case  TNBC 47 IIIA 

SRR23280205 Case  Luminal B - HER2 55 II 

SRR23280203 Case Luminal B - HER2 47 II 
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SRA Accession Sample Group Subtype Age Range Cancer Stage 

SRR23280196 Case  Luminal B - HER2 54 II 

SRR23280063 Case  Luminal B - HER2 38 II 

SRR23279785 Case  Luminal B - HER2 62 II 

SRR23279778 Case  Luminal B - HER2 56 II 

SRR23280055 Case Luminal B - HER2 67 II 

SRR23280046 Case  Luminal B - HER2 41 II 

SRR23280240 Case  Luminal B - HER2 57 II 

SRR23279969 Case  Luminal B - HER2 62 II 

SRR23279761 Case Luminal B 58 II 

SRR23280138 Case  Luminal B 51 II 

SRR23280109 Case  Luminal B 45 II 

SRR23280204 Case  Luminal B 57 II 

SRR23280199 Case  Luminal B 64 II 

SRR23280197 Case Luminal B 39 II 

SRR23280191 Case  Luminal B 77 II 

SRR23280075 Case  Luminal B 48 II 

SRR23279931 Case Luminal B 66 II 

SRR23279930 Case Luminal B 44 II 

 

Supplementary Tools / Software Availability 

The following tools were used for data acquisition, processing, and analysis in this study: The 

cfDNAFE toolkit used for multi-omics cfDNA feature extraction is publicly available on 

GitHub: https://github.com/Cuiwanxin1998/cfDNAFE  

Other tools used in this study include: 
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https://github.com/Cuiwanxin1998/cfDNAFE


●​ SRA Toolkit – for downloading and converting raw cfDNA sequencing data from the 

NCBI Sequence Read Archive (SRA). Available at: https://github.com/ncbi/sra-tools  

●​ Bismark – for alignment of bisulfite-treated cfDNA reads to the reference genome. 

Available at: https://www.bioinformatics.babraham.ac.uk/projects/bismark/  

●​ cfDNAFE – for multi-omics feature extraction from cfDNA. Available at:  

https://github.com/Cuiwanxin1998/cfDNAFE  

●​ R packages for downstream analysis:  

ggplot2: https://ggplot2.tidyverse.org  

pheatmap: https://CRAN.R-project.org/package=pheatmap  

limma: https://bioconductor.org/packages/release/bioc/html/limma.html 
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