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ABBREVIATIONS 

 

ABC  activated B-cell 

BAF  B-allele frequency 

CAPP-Seq cancer personalized profiling by deep sequencing 

cf-RRBS cell-free RRBS 

cfDNA  cell-free DNA 

cffDNA cell-free fetal DNA 

CGI  CpG island 

CISH  chromogenic in situ hybridization 

CNA  copy number alteration 

COO  cell of origin 

CT  computed tomography 

ctDNA  circulating tumor DNA 

DLBCL diffuse large B-cell lymphoma 

DMR  differentially methylated region 

DNMT  DNA methyltransferase 

EBV  Epstein-Barr virus 

FFPE  formalin-fixed paraffin-embedded 

FISH  fluorescence in situ hybridization 

GCB  germinal center B-cell 

HAT  histone acetyltransferase 

HDAC  histone deacetylase 

HHV-8 human herpesvirus 8 

HL  Hodgkin lymphoma 

HRS  Hodgkin/Reed-Sternberg 

IHC  immunohistochemistry 

LUAD  lung adenocarcinoma 

LUSC  lung squamous cell carcinoma 

MBD  methyl-CpG binding domain 

MLPA  multiplex ligation-dependent probe amplification 

nHL  non-Hodgkin lymphoma 

NIPT  non-invasive prenatal test/testing 
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NOS  not otherwise specified 

NSCLC non-small cell lung cancer 

PCR  polymerase chain reaction 

PET  positron emission tomography 

RRBS  reduced-representation bisulfite sequencing 

SCLC  small cell lung cancer 

SNP  single nucleotide polymorphism 

sWGS  shallow whole-genome sequencing 

UMI  unique molecular identifier 

V(D)J  variable, diversity and joining segments 

WHO  World Health Organization 

  

Note: Abbreviations in ‘Part III – Results’ are introduced separately at first occurrence per 

chapter, in accordance with the guidelines of the publishing journals. 
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PART I – INTRODUCTION 
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PROLOGUE 

Every living cell holds a genetic storage room, which it inherited from its parental 

predecessor(s), and which is copied and transferred to its descendants. In 1958, Francis Crick 

first described the ‘central dogma theorem’, explaining how this genetic information, stored as 

DNA—a stable molecular sequence of four recurring nucleotides, structured in pairs along a 

double helix sugar-phosphate backbone—can be translated into phenotypic traits through 

‘transcription’ to conceive RNA, and subsequent ‘translation’ to produce proteins. Recently, 

high-throughput sequencing, a process to determine the nucleotide order in DNA/RNA, 

became available at reasonable cost, and ever since, research is being conducted at unrivaled 

pace to further unravel the mechanisms and their implications that play along Crick’s central 

dogma of molecular biology. 

 This dissertation, submitted to obtain a degree of Doctor in Health Sciences, is devoted 

to human (epi)genomics. Human development initiates from a single zygote, causing all of our 

cells to have near-identical DNA. These sequences, distributed over 23 chromosome pairs, are 

however not permanent, as somatic changes accumulate naturally over time. Nonetheless, our 

species shows more than 99% sequence similarity between individuals. This property allows 

researchers to make associations between trend deviations and phenotype. Similar studies have 

revealed diverse spectra of mutation sites which serve as transformation triggers, stimulating 

tumor growth as cells lose the ability to proliferate in a controlled manner. This collection of 

knowledge is gradually altering (and improving) clinical practices, as sequencing assists (and 

frequently enables) detection and precise diagnosis of various diseases and disorders. 

 Past four years, our research focused predominantly on DNA extracted from blood 

plasma. In 1948, French scientists wrote about the presence of nucleic acids in a male’s 

cardiovascular system, a discovery that at the time did not gain much attention. After pioneers 

explored the key processes in which DNA is involved and how these relate to human health, 

‘cell-free DNA’ eventually got the consideration it deserved. Researchers realized that in 

cancer patients, a fraction of all plasmatic biomolecules has a tumoral origin; and in pregnant 

women, maternal blood contains DNA that is derived from the placenta and fetus. 

Consequently, molecular information on tumors or fetuses could likely be obtained in a risk-

free and minimally invasive manner by use of classic blood samples, achieving a ‘liquid 

biopsy’. Today, the most familiar product of this research is non-invasive prenatal testing, 

originally developed to predict Down, Patau and Edwards syndrome in fetuses at 12 weeks 

pregnancy without the increased risk of miscarriage, as is the case for, e.g., amniocentesis. 
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Cell-free DNA research is however still in its infancy and its potential remains underexplored, 

promoting this doctoral study. 

I’ve reviewed some quotes from my favorite movie characters, I superficially studied 

Greek mythology and ancient philosophy, and even considered ‘borrowing’ preface ideas from 

recently published doctoral theses, but I regret—as shown above—the absence of an eye-

catching prologue. This dissertation is merely a modest contribution towards the ever-

increasing pool of genomic knowledge in order to, ultimately, improve quality of living. 

Ironically, this not necessarily applies to the author of the work, given the current monotonous 

non-stop writing (during which I replay ‘Time is the enemy’ of Quantic for the xth time). But 

as Gandalf the Grey puts it (a little too harsh), in Greek, ‘μερικές φορές πρέπει να σπάσεις κάτι 

για να χτίσεις κάτι καλύτερο’, which translates to ‘sometimes you have to break something to 

build something better’, that shouldn’t bother any of you.  
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CHAPTER 1: MOLECULAR DIAGNOSTICS – AN ONGOING 

TREND 

Health care quality is vitally dependent upon accurate diagnostics, pursued by various assays 

that ideally provide insight at every phase along disease prevention, detection, diagnosis and 

monitoring. Currently, technological advancements are transforming diagnostic tools into 

genomic, transcriptomic and proteomic biomarker detection devices, which are revolutionizing 

care across multiple clinical disciplines following extensive research, validation and 

implementation. 

Given the broad nature of this dissertation, its most relevant diseases and disorders, 

with special emphasis on molecular diagnostics and its future perspectives, are shortly 

introduced below. 

1. Selected malignancies and disorders 

1.1. Lung cancer 

As of today, lung cancer remains the most dominant cause of cancer-related deaths worldwide, 

accounting for more than 12% of all malignancies, killing more than half of victims within one 

year of diagnosis (1). These unfavorable statistics are mainly the result of late disease 

interception, as symptoms are rare in the early stages of lung tumor development. By the time 

of diagnosis, the disease is no longer localized in ~80% of patients, often affecting distant 

organs by metastasis (1). 

Improving lung cancer care is being pursued at several levels. First and foremost, 

discouraging cigarette smoking is crucial in terms of prevention (2). Second, it has been shown 

that early detection is possible through screening by low-dose computed tomography (CT) 

scans, showing a 20% reduction in ‘mortality by lung cancer’ in high risk subgroups (3). And 

finally, the expanding pool of diverse therapies, prioritized in accordance to tumor 

characteristics, is steadily improving survival rate (4). 

In order to administer the most appropriate treatment, accurate disease classification is 

essential. Conforming the most recent World Health Organization (WHO) guidelines, an 

estimated 85% of all lung epithelial tumors can be classified as non-small cell lung carcinoma 

(NSCLC), whereas the remaining ~15% are small cell lung carcinoma (SCLC). 

1.1.1. Small cell lung cancer 

SCLC is an aggressive malignancy (overall 5-year survival rate of ~8% (4)) derived from 

neuroendocrine cells, strongly associated with smoking. Its diagnosis is feasible based on 
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exclusively morphological features, by use of classic hematoxylin and eosin staining of 

formalin-fixed paraffin-embedded (FFPE) tumor tissue, since SCLC is typified by distinctive 

small and highly mitotic tumor cells without prominent nucleoli. Immunohistochemistry (IHC) 

can assist differential diagnosis when required (e.g., when dealing with small or crushed 

biopsies; or cytological specimens): neuroendocrine cells express synaptofysin, chromogranin, 

and the cell-cell adhesion molecule CD56, targetable by IHC during pathology investigation 

(5). 

There currently exist no targeted method to treat SCLC, nor are there specific 

biomarkers available for immunotherapy stratification, which renders additional molecular 

classification unnecessary. This implies the need for nearly always chemotherapy (Figure 1) 

and sometimes radiotherapy. Clinical trials are evaluating non-targeted immunotherapies (6), 

but these are not yet implemented in routine. Nonetheless, recent studies are focusing on 

molecular SCLC subtyping and have exposed distinct patterns of differential gene expression 

across key transcriptional regulators (7). This research is essential to enable focused therapeutic 

clinical trials, as there is a high need for novel (targeted) treatments. To illustrate the latter, 

after initial chemotherapy, most patients are often rapidly confronted with relapse, at which 

point few second-line drugs are effective: e.g., topotecan is linked to an overall survival of 26 

weeks versus 14 weeks when patients are managed with exclusively supportive care, causing 

a median overall survival of 10 months for SCLC patients (8). 

1.1.2. Non-small cell lung cancer 

The most common subtypes of NSCLC are lung adenocarcinoma (LUAD) (9) and lung 

squamous cell carcinoma (LUSC) (10). These fundamentally differ from SCLC by cell 

morphology (small versus non-small cell) and cell behavior (high versus lower proliferation 

rate). The generally lower proliferation rate of NSCLC implies a better prognosis, especially 

when diagnosed at an early stage. In most favorable conditions, LUAD patients with localized 

pure lepidic (in situ) growth have near-100% 5-year disease-free survival (11) after surgical 

resection. Nonetheless, since most NSCLC diseases are diagnosed at an advanced stage, the 

overall 5-year survival rate is roughly only ~25% (4). 

Both LUAD and LUSC are often recognizable by exclusively light microscopy 

following hematoxylin and eosin staining of tumor tissue, yet this is not consistently the case: 

Yu and colleagues (12), e.g., implemented various classifiers to distinguish LUAD from LUSC 

by deep learning on microscopic whole-slide images, achieving areas under the receiver 

operating characteristic curve of ‘only’ 0.63-0.85. Therefore, to improve routine classification, 
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several reliable IHC targets, such as TTF-1, napsin A, p63 and CK5/6, are recommended (13–

15). An important implication of diagnosing LUAD rather than LUSC, is inter alia 

responsiveness to the chemotherapy drug pemetrexed, which is exclusively recommended for 

treating non-squamous histologies (16). Vice versa, the monoclonal antibody bevacizumab 

should not be administered in LUSC patients, given it might promote life-threatening 

hemorrhage (17). 

Other than general therapies, in contrast to SCLC, specific treatments for molecularly 

characterized NSCLCs exist. These have the advantage of a lower toxicity and mostly an 

increased response rate. All LUAD tumors and NSCLC, ‘not otherwise specified’ (NOS) 

tumors, should be tested for EGFR mutations (18) as their presence is predictive of 

responsiveness to tyrosine kinase inhibitors (Figure 1). In routine, this is often accomplished 

by a real-time polymerase chain reaction (PCR) assay or targeted sequencing. Similarly, 

approximately 3-5% and 1% of LUADs are driven by an oncogenic ALK or ROS1 

rearrangement, respectively, detectable by fluorescence in situ hybridization (FISH) or targeted 

RNA sequencing. These entities can be treated with crizotinib (19), an inhibitor of ALK/ROS1 

kinase domains (Figure 1). Finally, IHC enables the detection of PD-L1 overexpression (20) in 

NSCLC. In this case, immunotherapy with checkpoint inhibitors can bind to PD-1 receptors on 

the T-cell surface or PD-L1, facilitating T-cell-mediated tumor cell destruction (Figure 1). 

 

 

Figure 1. Simplified flowchart of lung cancer treatment selection based on histological and molecular 

classification. Combinations of treatments, including radiotherapy, according to tumor localization and disease 

stage, are possible. Dotted lines represent less frequent scenarios. 

 

Survival rates for NSCLC have been improving and this trend is expected to accelerate with 

novel treatment discoveries (4). Considerable advances have been made within NSCLC, some 

of which are introduced below. The most common gain of function alteration in LUAD (~30%) 

is located in KRAS (21). Current options to target KRAS are limited, therefore, several phase I 

and II studies are actively evaluating (novel) compounds (22). Recently, an encouraging 

immunotherapy phase III study evaluating pembrolizumab showed to double long-term 
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survival rate in PD-L1-positive NSCLCs (23). As NSCLC demonstrates remarkable molecular 

diversity, multi-omics-based approaches (24) are being used to uncover more molecular 

subtypes enabling novel stratification. 

1.2. Aggressive B-cell lymphoma 

Lymphomas are a heterogeneous group of tumors with partially overlapping pathological and 

molecular features (25), emerging from the complex lymphocyte maturation pathways, from 

which different cell types can transform into tumors causing diverse diseases, scattered across 

a spectrum of prognoses. Lymphoma symptoms are often non-specific, matching a broad range 

of diverse afflictions, including auto-immune, immunodeficiency and systemic diseases; 

infections; and other malignancies. Therefore, detection and tumor classification are only 

possible following a series of examinations, including positron emission tomography/CT 

(PET/CT) or magnetic resonance imaging; blood tests revealing leukocyte, thrombocyte, 

kidney and liver values; a lymph node and/or bone marrow biopsy; subsequent 

immunohistochemical and other molecular tissue-based assays; etc. 

Before providing background on key classification flows, prominent steps in the B-

lymphocyte maturation pathway and most significant tumor entities for this dissertation, are 

shortly introduced below. 

1.2.1. B-cell maturation and transformation to lymphoma 

B-lymphocyte maturation commences in the bone marrow, where the immature B-cells’ DNA 

is subjected to ‘V(D)J’ (V, variable; D, diversity; J, joining gene segments) recombination (26), 

such that light and subsequently heavy chains of immunoglobin genes are somatically 

recombined to form surface antibodies with a unique structure. Next, immature B-cells migrate 

to lymph nodes where they can be activated by T-helper cells if their surface antibodies express 

low-level affinity to (presented) antigens (27)—the ‘dark zone’ of the germinal center, located 

in the lymph nodes, thereby remodels these naive B-cells into centroblasts (Figure 2A). 

Centroblasts undergo clonal expansion whilst being subject to somatic hypermutation in the 

variable part of their antibody genes by the AID enzyme (28), founding a pool of cells with 

diverse B-cell receptors (29). While these cells move towards the ‘light zone’ of a germinal 

center, they become centrocytes (Figure 2B). Introduced mutations can either increase or 

decrease affinity to antigens presented by follicular dendritic cells, where an increased affinity 

will trigger a survival signal from nearby T-cells. Finally, non-apoptotic centrocytes mature 

through immunoglobin class switching (type M to A, E or G) into antibody secreting precursors 

(30), called plasmablasts; or memory cells, to boost adaptive immunity (Figure 2C). 
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Figure 2. Simplified B-lymphocyte maturation pathway and the origin of malignancies. B-cell maturation 

largely situates in the germinal centers of secondary lymphoid organs, including lymph nodes and the spleen. 

Thymic B-cells also give rise to frequent lymphoma subtypes. Dotted arrows travel from the cells of origin to the 

resulting lymphoma subtypes. 

 

The thymus is the primary site of T-cell development; nonetheless, B-cells are present (Figure 

2D). Thymic B-cells are thought to play a role in negative T-cell selection (31)—additional 

functionalities have been proposed (31), but generally, their activity remains unknown. 

 Somatic hypermutations in centroblasts and immunoglobin class switches in non-

apoptotic centrocytes, as described above, render B-cells particularly susceptible to genetic 

damage. Predominantly, transformation into malignant cells occurs by specific chromosomal 

translocations and/or genetic point mutations. The tumors that emerge from these events are 

classified in Hodgkin lymphoma (HL) and diverse non-Hodgkin lymphoma (nHL) varieties, 

with diffuse large B-cell lymphoma (DLBCL) as the most common aggressive nHL. Note 

that the WHO frequently reclassifies B-cell lymphoma hierarchy and introduces novel subtypes 

at new releases; below, the most recent guidelines for lymphoma (WHO, 2016) are adopted. 

1.2.2. Diffuse large B-cell lymphoma 

By definition, DLBCLs are a diverse group of tumor subtypes, typified by two main 

morphological features on biopsy: neoplastic cells are large and spread diffusely. IHC can 

assist differential diagnosis by targeting proteins of the CD-family—e.g., CD20 is exclusively 

expressed in B-lymphocytes. The bulk of diagnoses (~80%) are DLBCL, NOS (32), yet 

‘better’-defined subtypes exist (see below). The heterogeneity within the NOS group has been 

studied by gene expression profiling (33), demonstrating molecular profiles matched either 

those of germinal center B-cells (GCB) or activated B-cells (ABC) (Figure 2). Remarkably, 

patients with the GCB genotype have a significantly better overall survival (5-year survival of 
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~85% for GCB versus ~45% for ABC (34, 35)), indicating treating ABC diseases require more 

aggressive regimes (33). From 2016 on, cell of origin (COO) detection for DLBCL, NOS 

became mandatory (36), either by expression arrays (ABC versus GCB) or by means of the 

Hans algorithm (GCB versus non-GCB), which provides an IHC-based alternative to more 

expensive gene chips, requiring analyses of the CD10, BCL6 and MUM1 proteins (37). A 

recent attempt to reclassify DLBCL, NOS integrated exome, transcriptome and targeted 

sequencing; and array copy number analysis, to identify genes that are recurrently co-altered 

(38). The four resulting patient clusters had distinct clinical characteristics, providing a 

potential platform for future trials, however, this novel classification is yet to be standardized 

in clinical practices. 

As introduced, well-defined DLBCL subtypes exist. High-grade B-cell lymphoma 

(39) is an aggressive variant with features similar to Burkitt lymphoma (40) (Figure 2). Here, 

the presence of MYC and BCL2 and/or BCL6 rearrangements, detectable by FISH analyses, 

worsen prognosis and are part of a default pathology report. Primary mediastinal large B-

cell lymphoma (Figure 2) and grey zone lymphoma, also separate WHO entities sensu stricto, 

are DLBCL-derived and express molecular traits similar to classical HL (discussed below) (41, 

42). 

DLBCL patients are treated with mixtures of chemotherapeutic/immunotherapeutic 

agents. During first-line treatment, this is nearly always performed using R-CHOP (Figure 3), 

which includes rituximab, an anti-CD20 monoclonal antibody; cyclophosphamide and 

hydroxydaunorubicin, DNA damaging agents; Oncovin/vincristine, which binds to tubulin 

preventing proliferation; and prednisone, which is a corticosteroid to suppress the immune 

system. The exact composition, number of cycles and interval time depends on mostly Ann 

Arbor stage and the related ‘international prognostic index’ (43). Radiotherapy is used only for 

specific indications. Relapsed or refractory patients are treated with high-dose therapy prior to 

stem cell transplantation in chemosensitive patients (44). General third-line treatment options 

are scarce, matching poor prognoses. To conclude, the dose adjusted EPOCH-R (Figure 3) 

regimen (includes etoposide, a topoisomerase II inhibitor, in addition) as an alternative to R-

CHOP (45, 46), has enlarged the spectrum of available treatments. 

In contrast to lung cancer, molecular profiling within subtypes and subsequent clinical 

trials for targeted therapies as first-line treatment have mostly led to disappointing results (47–

49). For refractory and relapsed patients, however, preliminary research with different types of 

anti-CD19 therapy shows potential long-term remission when no other treatment options are 

possible (50). 
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1.2.3. Hodgkin lymphoma 

Compared to DLBCL, HL has a lower incidence and an improved treatment response rate, 

matching a more favorable 5-year survival of ~80% (51). HL most commonly arises in the 

lymph nodes of young adults, where neoplastic cells are typically multinucleated, large and 

embedded in an inflammatory background (52). Other than mononuclear ‘Hodgkin’ tumor 

cells, multinucleated ‘Reed-Sternberg’ cells, which are particularly big, present a distinct 

morphological characteristic (53). On a molecular level, Hodgkin/Reed-Sternberg (HRS) cells 

are ‘crippled’ and lost B-lymphocyte-specific markers such as CD20. Paradoxically, they are 

therefore seen as ‘senescent’ which functions in an antiproliferative manner; withal, senescent 

cells stimulate their inflammatory microenvironment causing tumor growth (54). 

With regard to COO, HRS cells have undergone both V(D)J recombination and somatic 

hypermutation (53), indicating a (likely) post-germinal center origin (Figure 2). The pattern of 

immunoglobulin rearrangements further suggests that they are derived from pre-apoptotic B-

cells (53, 55) that have acquired survival signals through somatic mutations impeding 

apoptosis. Other research has stressed that (some forms of) HL might originate from the 

thymus, where conditions such as inflammation can cause proliferation and germinal center 

formation (56) (Figure 2). Other than classical HL, including the nodular sclerosis, mixed 

cellularity, lymphocyte-rich and lymphocyte-depleted subtypes, a small fraction are ‘non-

classical’ nodular lymphocyte-predominant HL, typified by HRS cells that are 

morphologically ‘lymphocytic’ or ‘histiocytic’ (often referred to as ‘popcorn’ cells), which are 

CD20-positive (57). Expression profiling within this subgroup hinted towards an origin at the 

transition to memory B-cells (Figure 2). 

 As for DLBCLs, classical HLs are treated with mostly chemotherapy, followed by 

radiotherapy depending on stage—major decisions, such as the number of cycles, are based on 

subtype, disease stage and interim PET/CT response (58). First-line treatment is mostly 

conducted using ABVD (Figure 3), including Adriamycin/doxorubicin, a topoisomerase II 

inhibitor; bleomycin, which inhibits thymidine DNA incorporation; vinblastine, a microtubule 

interacting agent; and dacarbazine, which methylates guanine such that DNA replication fails 

(59). A dose intensive BEACOPP regimen (includes additional etoposide; cyclophosphamide; 

Oncovin/vincristine, in place of vinblastine; procarbazine; and prednisone) is suggested for 

high-risk patients (Figure 3), comprising poor prognosis early stage patients and, generally, 

advanced stage patients (59). Treatment of nodular lymphocyte-predominant HL depends on 
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stage. Since it is CD20-positive, R-CHOP treatment is recommended for advanced stage 

disease (Figure 3). 

 

 

Figure 3. Simplified pathological classification scheme and first-line treatment regimens. Dotted lines 

indicate separate entities, sensu stricto, rather than true subtypes. Grey zone lymphoma has overlapping features 

with both classical HL and primary mediastinal B-cell lymphoma. 

 

Despite the relatively good response rates to front-line chemotherapies, there is a considerable 

need for novel therapies to better treat advanced stage and refractory/relapsed HL patients. A 

hallmark of classic HRS cells is CD30 expression, a receptor which affects survival, 

proliferation and apoptosis (60). Efforts have been made to target CD30, where especially 

immunotherapy with the antibody-drug conjugate brentuximab vedotin has resulted in 

promising outcomes (61). Also, HRS cells often harbor copy number gains on chromosomal 

band 9p24.1, leading to overexpression of PD-L1 and PD-L2, with demonstrated efficacy of 

checkpoint inhibitors in the relapsed or refractory setting (62). 

1.2.4. Relation to viruses 

Epstein-Barr virus (EBV) and human herpesvirus 8 (HHV-8), both gamma herpesviruses, have 

been tightly connected to B-cell lymphoma pathogenesis. Latent infections by these viruses in 

healthy individuals are ubiquitous, with a serological prevalence of ~95% for EBV (63); and, 

depending on geographical region, 5-50% for HHV-8 (64). Here, the expression of viral 

proteins is usually kept to a minimum by normal immune processes (65). In patients with 

immunodeficiency, as well as in immunocompetent subjects—albeit more rarely—infections 

can however directly drive lymphoma development. Most other viral entities linked to B-cell 

lymphoma are not detected in neoplastic cells and therefore most probably act by eliciting 

immunosuppression (65), including, amongst others, human immunodeficiency virus and 
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hepatitis C virus. Up to ~40% of HL (66) and ~15% of DLBCL (67) are thought to be EBV-

driven, whereas HHV-8 acts as a less prevalent lymphoma trigger; therefore, the discussion 

below is restricted to EBV. 

EBV establishes latency in mostly (memory) B-cells. Latency can take multiple forms 

(type 0, I, II or III), characterized by specific viral gene expression patterns, giving rise to 

distinct lymphoid and epithelial malignancies: e.g., type II is linked to HL, whereas type III is 

associated to mainly DLBCL (68) and post-transplant B-lymphoproliferative disease (69)—a 

common EBV-positive lymphoma which arises in patients following organ or bone marrow 

transplantation. A fundamental viral protein for tumor transformation is LMP-1 (70), which 

mimics TNF receptors (such as CD40) in a ligand-independent manner, thereby stably 

obstructing apoptosis and upregulating proliferation (71). Tumors arise once the immune 

system fails to further suppress these latent cells, caused by, e.g., an altered immune response 

due to mutations, other infections, immunosuppressive medication, etc. 

EBV-positive DLBCL is mostly seen in older patients and used to be named ‘EBV-

positive DLBCL of the elderly’ (72). However, since the disease was demonstrated not to be 

restricted to a certain age group, it is currently referred to as EBV-positive DLBCL (67) 

(Figure 3). Generally, EBV-positivity is associated with a worse outcome, regardless the age 

(73). Within HL, EBV is more common, and a separate entity is therefore not defined. 

Moreover, there is no morphologic difference with non-EBV-driven HRS cells (74), and 

prognostically, survival rate differences are small (75). 

In routine practices, LMP1-based IHC techniques have been used to reveal tissue EBV 

presence, yet, the current standard is chromogenic in situ hybridization (CISH) targeting EBV-

encoded RNA fragments (76). In terms of treatment selection, the clinical value of this 

information remains limited. This is however expected to change in the future, as multiple 

clinical trials for treating EBV-positive DLBCL and post-transplant B-lymphoproliferative 

disease are ongoing (77), using T-cell therapy (78), immune checkpoint inhibitors (79) and 

other targeted methods (80). 

1.3. Birth defects by aneuploidies 

Several severe congenital afflictions are caused by chromosomal aneuploidies. The term 

constitutional aneuploidy refers to the presence of an aberrant number of copies of a 

chromosome caused by a flawed cell meiosis during gamete formation. Most aneuploidies are 

not viable and result in spontaneous abortion; however, specific monosomies (one copy) and 

trisomies (three copies) result in birth defects, including three severe autosomal trisomies, 
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named Patau (trisomy 13), Edwards (trisomy 18) and Down syndrome (trisomy 21); and 

several sex chromosomal aneuploidies, such as Turner (monosomy X), triple-X (XXX), 

Klinefelter (XXY) and XYY syndrome, of which the severity varies (81). Worth mentioning, 

about 64% of tumors are also aneuploid (82). 

1.3.1. Molecular mechanisms of aneuploidies 

Constitutional aneuploidies result from erroneous chromosome segregation during meiosis to 

form haploid gametes. The spindle apparatus, a microtubular cytoskeletal structure that forms 

during the prophase of the cell division cycle, aims to separate aligned chromosome pairs 

during meiosis I, or sister chromatids during meiosis II. A non-disjunction (83) of 

chromosome/chromatid alignment occurs when the meiotic spindle incorrectly connects with 

the centromeres (Figure 4A). When the misalignment transpires during meiosis I, two 24-

chromosome and two 22-chromosome gametes are formed (Figure 4A, top); if on the other 

hand the chromatid segregation of meiosis II is subject to a non-disjunction, two rather than 

four aberrant gametes are brought into existence (Figure 4A, bottom). 

1.3.2. Prenatal detection of aneuploidies 

Congenital malformations in general are present in 1 in 150 live births (84) and remain the 

leading cause of infant death (85). Prenatal testing of fetal disorders therefore routinely 

emerged during clinical follow-up, preferably at an early gestational age, providing couples the 

choice of pregnancy termination. Up until ~2010, routine prenatal diagnosis of fetal 

aneuploidies has been largely subject to a ‘safety-accuracy’ tradeoff (Figure 4B), limiting 

accurate screening to high-risk subgroups. The primary screening/testing assays are discussed 

below, with respect to this balance. 

 Less accurate but safe prenatal screening options are serum screening and classic 

ultrasound imaging (Figure 4B), often used in combination at the end of the first trimester or 

the start of the second. The first method aims at detecting hormones/proteins such as alpha-

fetoprotein, human chorionic gonadotropin and pregnancy-associated plasma protein A in 

maternal plasma (86), which are overexpressed by aneuploid pregnancies. By ultrasound 

imaging, an increased nuchal translucency (subcutaneous fluid-filled space at the back of the 

fetal neck) can be observed, considered to be a sign of a fetal abnormality (87). Combining 

these tests with other risk factors, such as maternal age, an overall detection rate of 

approximately 85% at a 5% false-discovery level can be achieved for trisomy 21 screening 

(88). These tests thus provide ‘a chance of abnormality’ rather than an actual karyotypic result. 
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Figure 4. Aneuploidy formation and prenatal detection techniques. A Aneuploid gametes are formed by a non-

disjunction during meiosis I (top) or II (bottom). For simplicity, only two chromosomes are displayed instead of 

23. In the anaphase cells, outer left- and right-hand curved black lines represent the spindle apparatus that pulls 

the chromosomes, connected at the centromeres, towards the centrosomes. B The accuracy-safety tradeoff of 

prenatal testing. C Fetal cells can be interrogated for aneuploidies by classic metaphase karyotyping following 

cell culturing. Alternatively, targeted molecular approaches are directly applicable. Finally, general prenatal 

testing as of today is based on cell-free DNA, evaluated by whole-genome profiling, which are both extensively 

discussed later. 

 

In contrast, fetal karyotyping allows accurate gender determination and provides genotypic 

results by pinpointing specific aberrations; unfortunately, it is subject to risks such as 

miscarriage, as obtaining fetal cells requires invasive amniocentesis or chorionic villus 

sampling (Figure 4B). With amniocentesis, amniotic fluid is sampled from the amniotic sac 

which surrounds the developing fetus, assumed to contain fetal cells. This procedure is usually 

performed at 17-23 weeks pregnancy (89) using transabdominal ultrasound-guided needle 

aspiration. The term ‘early amniocentesis’ (90) describes the same procedure at 10-12 weeks 

pregnancy yet is related with a higher risk of miscarriage and developmental complications, 

such as fetal talipes equinovarus (91). Alternatively, chorionic villus sampling at a similar 

gestational age is believed to result in fewer complications (92), performed by sampling 

‘chorionic villi’ from the placenta by a transcervical or transabdominal (93) ultrasound-guided 

catheter or needle, respectively. 
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Chorionic villus sampling is related to a higher rate of pregnancy loss from any cause 

(~1.9%) than second trimester amniocentesis (~1.4%) (94), yet contrasting risk is often difficult 

as the considered procedures are executed at different gestational periods. In addition, risk 

assessment, not only in relation to miscarriage, but also regarding pregnancy complications 

and fetal developmental issues, has yielded heterogeneous results (91). Importantly, from 

~2010 on, the safety-accuracy tradeoff for prenatal screening became irrelevant with the 

development of the non-invasive prenatal test (NIPT), discussed later at ‘Chapter 2: Non-

invasive characterization and monitoring – an emerging opportunity’. 

 After fetal cell collection, several microscopic and/or molecular tools have been used 

to detect aneuploidies (95). In the late 1960s, this was first accomplished by karyotyping (96), 

which remained the standard diagnostic approach for nearly 40 years. Due to its manual 

essence, FISH (97), real-time PCR (98) and multiplex ligation-dependent probe amplification 

(MLPA) (99) have later been adopted by several hospitals as an alternative. In comparison to 

karyotyping, the latter methods evidently do not require metaphase cultured cells (Figure 4C), 

which decreases the turnover time to 2-3 days (95). However, targeting specific loci might be 

problematic when family history nor ultrasound imaging imply the presence of a precise 

disorder. Whole-genome profiling by array-comparative genomic hybridization (discussed at 

‘2.1.3. Whole-genome probe-based detection’) (100) or sequencing (discussed at ‘2.1.4. 

Whole-genome sequencing-based detection’) (101) is therefore preferably used (Figure 4C). 

2. Principles of selected whole-genome profiling approaches 

Several targeted tools to investigate or quantify DNA, RNA and proteins have been mentioned, 

including IHC, real-time PCR, FISH, CISH and MLPA. Considering current technological 

advances, whole-genome approaches are becoming increasingly feasible in a clinical context. 

Indeed, mutation (genomics) and expression (transcriptomics) platforms are progressively 

adopted, but for this work, copy number (genomics) and methylation (epigenomics) methods 

are most relevant. 

When exploring omics studies from the past decade, the shift from array-based 

detection to sequencing-based alternatives is remarkable. Especially the latter require a 

substantial number of in silico processing steps prior to obtaining interpretable results. 

Bioinformatic workflows commonly commence by demultiplexing (assigning sequencing 

reads to samples) and read mapping (searching read positions in a given reference genome). 

These universal steps are considered general knowledge for the target readership of this 
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dissertation and will not be discussed below, enabling a more thorough overview of specific 

copy number and methylation profiling processes. 

2.1. Copy number variation 

2.1.1. Biological relevance of copy number variation 

Genomes express structural variation with respect to a current or historic consensus sequence, 

taking (combinations of) following well-defined forms: deletions, insertions, duplications, 

inversions, translocations and amplifications (Figure 5). The focus below will be on copy 

number alterations (CNAs), including deletions, duplications and amplifications. 

 

 

Figure 5. Schematic overview of forms of structural variation. Black arrows indicate chromosomal stretches. 

Identical sequences are indicated by color. Inversions and translocations are copy neutral types of structural 

variation, whereas the types indicated in bold are not. Insertions (italic) can be both, depending on whether they 

originate from interspersed duplications or not. 

 

An introductory discussion on structural variation can be held from three (A C) different 

angles: an evolutionary perspective, a germline perspective and a somatic perspective. 

(A) Structural variation is seen as a major driving force in evolution (102–104): changes 

in copy number can alter gene expression (105); additional gene copies provide redundancy 

allowing accumulation of point mutations under minimal selective pressure, promoting 

evolution by modifying gene functions (106, 107); and translocations, deletions and insertions 

can create new combinations of exons yielding proteins with novel domains (108, 109). The 

size of CNAs in the context of evolution varies from small indels (although by definition, 

CNAs are at least 1kb in size) to whole-genome duplications. 

(B) As for single nucleotide polymorphisms (SNPs), copy number variation amongst 

individuals fuels phenotypic differences (110). One of the best-described examples is the AMY1 

gene, which codes for the salivary amylase protein, an enzyme active in starch degradation. 

The number of AMY1 copies is directly proportional to the amount of salivary amylase, which 
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has been shown to correlate with the diet of cultures according to starch intake (111). Other 

than polymorphisms, which represent the bulk of CNAs, specific structural alterations seem 

mostly disadvantageous, as germline variants can cause disorders, often linked to intellectual 

disability and developmental delay (112). Examples of such congenital diseases include the 

Prader-Willi and Angelman syndromes (deletion in 15q11-q13) (113); and Williams-Beuren 

syndrome (deletion in 7q11.23) (114). The size of a germline CNA is mostly no longer than 

several megabases (115), with the exception of non-lethal aneuploidies such as Down, Patau, 

Edwards and Klinefelter syndrome, described previously. 

(C) Somatic structural variation is ubiquitous within every individual. An example of 

controlled somatic editing has already been mentioned: class switching during B-cell 

maturation is a process mediated by several proteins which guide specific insertions, deletions 

and translocations along immunoglobin genes (30). Uncontrolled structural mutations can 

however be oncogenic: several driver CNAs have already been described, such as CDKN2A 

gains in SCLC (116) and PD-L1 gains in lymphoma (62). Other than true drivers, nearly all 

cancer entities carry (larger) irregular CNAs (i.e., on average ~4 arm-level and ~20 focal 

CNAs), possibly following whole-genome duplication events (117), heavily disrupting 

genomes. These CNAs are not completely random and their overall pattern often represents 

tumor type and even histological subtype (117), as Darwinian selection promotes gains and 

losses in tumor-specific oncogenes and tumor suppressors, respectively. Notwithstanding most 

tumors are diploid (118), a frequent early tumorigenesis event is thus whole-genome doubling, 

which occurs due to cell cycle checkpoint errors, referred to as cytokinesis defects (119). Cells 

that experience this type of CNA become tetraploid and are highly unstable, aiding tumor 

transformation (120), as focal deletions or whole-chromosome losses no longer cause direct 

cell death because of the acquired buffer. 

2.1.2. Molecular mechanisms of copy number variation 

Other than aneuploidies (discussed in ‘1.3. Birth defects by aneuploidies’), there are several 

mechanisms which drive (intra-chromosomal) structural alterations. Note that well-described 

translocation inducing mechanisms such as non-homologous end joining (121) are not 

discussed, as the focus is on CNAs (122). 

Primarily, homology-based repair systems (Figure 6), which exist to ligate breaks and 

nicks, give rise to CNAs. Best described in this category is non-allelic homologous 

recombination, which is a consequence of two-ended double-stranded break repair (Figure 

6A). Here, repair is executed by polymerase extension according to an independent DNA 
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molecule, positioned by homology. If there is misalignment due to, e.g., direct repeats, unequal 

cross-over gives rise to a duplication in one molecule and a deletion in the other (123). One-

ended double-stranded break repair or break induced replication is required to rescue 

unfinished strands following a replication stop caused by, e.g., a nick in the template strand 

(Figure 6B). These unfinished strands can invade a homologous DNA molecule, and by 

processive replication, polymerase extension can be completed. Again, if the latter process is 

preceded by misalignment, deletions and duplications can be formed, but not simultaneously 

(123, 124). 

 

 

Figure 6. Selection of CNA generating mechanisms (homology-based). A Two-ended double-stranded break 

repair by non-allelic homologous recombination can form duplications and deletions. Each arrow represents a 

DNA strand, indicating polarity; lines in proximity are part of a double-stranded DNA molecule. This mechanism 

can be ‘flawed’ when there is misalignment, yielding a duplication in one strand and a deletion in another. Letters 

indicate genomic coordinates; grey boxes represent loci of sequence similarity. B One-ended double-stranded 

break repair or break induced replication can form duplications and deletions, depending on the position of the 

misalignment. Molecules are drawn as in A. C Single-strand annealing naturally results in deletions. Molecules 

are drawn as in A. 
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Finally, double-stranded breaks can be repaired by single-strand annealing (Figure 6C). In 

this process, resection of the 5’-end continues until either side of the double-stranded break 

invades the other resected end by homology. These sequences can anneal, naturally generating 

deletions (125). 

Other CNA generating mechanisms are non- or microhomology-based (Figure 7). 

With replication slippage (Figure 7A), a secondary structure in the template strand results in 

deletions, which are permanently installed following a new round of replication (126). 

 

 

Figure 7. Selection of CNA generating mechanisms (non-/microhomology-based). A Replication slippage 

caused by a secondary structure in the template strand as a result of microhomology. Molecules are drawn as in 

Figure 6A; thin parallel lines indicate zones sharing similar sequences. B Template switching caused by a 

secondary structure or a nick in the template strand. Molecules are drawn as in A. C The breakage-fusion-bridge 

cycle can form duplications and amplifications. Thick lines represent chromosomes; circles are telomeres; squares 

are centromeres. 

 

Fork staling and template switching (Figure 7B) can create any type of structural variation. 

Here, secondary structures or single-stranded nicks block the progress of a replication fork. 

The freed 3’-end may thereby align to another single-stranded template sequence that shares 

microhomology (Figure 7B; black fork). This fork is thought to be of ‘low processivity’ as it 

has to extend two strands using only one template; therefore, the invading strand will be 

released and will likely reinvade its original replication fork (Figure 7B; green fork), as it 

presents an exposed strand: depending on the relative position of the two replication forks, a 

duplication, deletion, inversion or translocation is created (127, 128). Finally, the breakage-

fusion-bridge cycle (Figure 7C) is a non-homology-based process which creates duplications 

and amplifications. Double-stranded breaks that are not recognized and repaired, which are 

seen in stressed cells such as tumor cells, can enter a replication process (122). Resulting 
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replicated chromosomes will therefore each miss one of two telomeres—these ends are thought 

to fuse by a process such as single-strand annealing (Figure 6C). As a consequence, the formed 

dicentric chromosome (i.e., two centromeres are present) will break during anaphase 

separation, creating an inverted duplication. Note that the created molecule still lacks one 

telomere, and thus, this process can repeat itself, forming an amplification, until the 

chromosome acquires a novel telomere from another type of structural variation (122). 

2.1.3. Whole-genome probe-based detection 

The earliest whole-genome copy number detection tools were developed for the analysis of 

solid tumors, through a process of comparative genomic hybridization (129). Here, test and 

reference DNA (i.e., extracted from normal tissue sample(s)) are isolated, differentially labeled 

by fluorophores (usually red and green), mixed in a 1:1 ratio, hybridized to a normal metaphase 

spread of chromosomes, and observed by fluorescence microscopy. Optionally, subsequent 

computational analysis could then identify chromosomes and relative CNAs based on 

processed signal intensities at a resolution of >20Mb (130). 

In the late nineties, with the rise of microchips, the same principles were adopted to 

create array-comparative genomic hybridization (130, 131), where metaphase chromosome 

targets were substituted with a scannable matrix of immobilized nucleic acids of known 

chromosomal location (Figure 8A). Automated readings of the ‘green-to-red’ ratio and 

subsequent mapping to chromosomal coordinates provides directly interpretable ‘copy number 

profiles’ (Figure 8A, bottom)—note that these ratios are log2-transformed as copy number 

count data follows a negative binomial distribution, to maximally approximate normality. 

Further optimization increased the array cell density and thereby the resolution up to 100kb 

(132). 

 SNP arrays, developed and improved during the first decade of the 21st century (133, 

134), work in a similar way, but do not require reference DNA. Here, the immobilized nucleic 

acids include alleles of the same locus, thereby enabling profiling of B-allele frequencies 

(BAFs) and detection of SNP genotypes through fluorophore intensity measurements (134). In 

the context of copy number profiling, the signal intensities directly enable the calculating of a 

ratio, relative to the median signal intensity (Figure 8B). In addition, BAF patterns support 

CNA calling through mathematical (often Bayesian) models: copy neutral zones are expected 

to show BAFs of 0% (AA genotype), 50% (AB) and 100% (BB); deleted regions 0% (A) and 

100% (B); and duplicated loci 0% (AAA), ~33% (AAB), ~66% (ABB) and 100% (BBB) 

(Figure 8B, bottom). The biggest advantage of SNP arrays over array-comparative genomic 
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hybridization is their ability to detect copy neutral loss of heterozygosity events (e.g., 

uniparental disomy), captured by the BAF profiles. The lowest detectable CNA size by SNP 

arrays typically amounts 10-100kb, following computational optimization (135, 136). 

 

 

Figure 8. Array-based copy number detection approaches. A With array-genomic comparative hybridization, 

case and reference DNA are differentially labelled. Next, a 1:1 DNA mixture is subjected to microchip 

hybridization by immobilized nucleic acids. Reading of green-to-red ratios allows copy number profiling. Here, 

dots represent bins for which copy number is inferred. B SNP arrays contain cells with nucleic acids matching 

specific alleles. By comparing intensities (central box; dotted lines indicate immobilized nucleic acids), BAF and 

copy number profiling is performed. Copy number profiles are visualized as in A; dots of BAF profiles represent 

single nucleotides. Alternative SNP array approaches, using multiple dyes, exist. 

  

Array-based copy number detection suffers several pitfalls: it is rather labor-intensive; requires 

specific hardware; noise levels highly depend on the chip cell density; and mostly, it relies on 

high-quality DNA. Hybridization is little forgiving when it comes to single base differences, a 

feature that is required to enable SNP typing. Notwithstanding, with tumor DNA, somatic point 

mutations are present in abundance, potentially resulting in poor hybridization performance. 

Especially FFPE specimens are affected, because formalin fixation induces molecular 

crosslinking, nucleotide changes and DNA degradation (137). Therefore, the generally high 

noise levels of array-based copy number profiles render microchips insufficiently accurate for 

analyzing samples of low purity (reported lower detection limits are up to 50% purity) (138, 

139), a concept discussed in greater detail below. 

2.1.4. Whole-genome sequencing-based detection 

Next-generation sequencing has been progressively adopted as copy number detection method 

par excellence to cope with previous difficulties. By long read or deep short read sequencing 
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(Figure 9A), all sorts of structural variation can be detected through in silico split-read and de 

novo assembly approaches (140, 141). Long reads have the additional advantage of potentially 

spanning highly repetitive regions, which remain dark zones following short read sequencing, 

as for the latter, at repeats, both accurate read mapping and contig assembly is essentially 

impossible (140). 

 

 

Figure 9. Sequencing-based strategies to detect structural variation. A Long read or deep short read 

sequencing enables the detection of all types of structural variation. Split-read methods (1) use specific mapper 

wrappers to iteratively detect reads with ends that map consistently at different/distant genomic locations. With 

de novo assembly (2), a larger contig, imitating a long read, can be assembled to detect, e.g., inversions. Thin 

dotted lines represent mapping locations of reads to a reference genome or assembled contig. B Regular short read 

sequencing can work in a similar way as split-read methods when paired-end reads are used (3). The most cost-

effective methods are depth-of-coverage (4) tools at low sequencing depth. Here, mapped reads are counted in 

bins across the reference genome, where the number of reads is proportional to the copy number state. 

 

Because of technical limitations of long read sequencing, such as higher error rates and the 

requirement of specialized hardware (140), in combination with the high cost of deep 

sequencing, traditional short read sequencing (Figure 9B) currently remains the industry 

standard for copy number profiling. By using paired-end reads, information on copy number, 

and even rearrangements, can be obtained in a similar but more computational effective way 

compared to split-read methods (142, 143)—note that this approach still requires decent 

coverage (~10x) to obtain sufficient support for reliable CNA calling. Finally, the—by far—

most popular method, especially for clinical diagnostics, are based on the depth-of-coverage. 

Here, mapped reads are counted across (mostly equally sized) windows across a reference 
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genome, where the number of reads is proportional to the copy number state. For a coverage 

of 0.25x, referred to as shallow whole-genome sequencing (sWGS) (144), a resolution down 

to 50kb is typically achievable, at low cost. Evidently, depth-of-coverage tools do not enable 

rearrangement detection. Combinatorial approaches of any of the above exist (145, 146). 

 

 

Figure 10. Steps and principles of depth-of-coverage copy number analysis. A After bin-wise read counting, 

vectors are normalized to reduce systematic bias. This can be executed by either a sample reference-free method, 

using tracks of known bias; or sample reference-based methods, which use (paired) normal samples. Line graphs 

represent a simplified smoothened histogram-like alternative to visualize bin-wise read count vectors. B Next, 

profiles are segmented after which alterations can be called. Here, dots represent bins for which copy number is 

inferred and horizontal lines indicate segments of equal copy number, where color marks deviation significance. 

C The purity/coverage balance explains the relation between the expected purity of a sample and the required 

sequencing depth. Copy number profiles, which aim to detect a duplication, are visualized as in B; segments are 

not shown. Top profiles are high-purity samples; bottom profiles low-purity samples; left-hand profiles result 

from high coverage; right-hand profiles result from lower coverage. At the left-hand profiles, expected CNA 

values are marked. For constitutional duplications, three copies are detected where two are expected, resulting in 

a log2 ratio of 0.58; for constitutional deletions, only one copy is observed, theoretically yielding -1. For mixed 

DNA samples, the expected CNA value depends on the purity of the DNA of interest. D The bin size/coverage 

balance plays in a similar way. Profiles are visualized as in C. 

 

Depth-of-coverage profiles do not directly represent copy number because of sequence-related 

bias. Computational normalization to obtain accurate copy number profiles is therefore 

required. First, the human genome harbors lots of problematic repeats such as satellites, 

centromeres and telomeres which impede short read mapping. In addition, highly variable 
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loci, including alternative haplotypes, e.g., overrepresented at chromosome 19, complicate 

copy number profiling. The copy number state of these regions is not predictable by sWGS, 

and thus, variable bins are masked (Figure 10A). Second, read count distributions are heavily 

influenced by GC content (147), as PCR amplification and sequencing intrinsically favor GC-

rich fragments, naturally resulting in an enrichment of GC-rich reads. The GC content of the 

reference genome is however calculable in a bin-wise manner, allowing linear normalization 

(Figure 10A). Finally, one more source of correctable bias is present: genomic regions can be 

described according to their uniqueness, where read mapping at a unique locus is more accurate 

and trustworthy versus a ubiquitous stretch of nucleotides. This phenomenon is referred to as 

mappability (148) (Figure 10A). Mappability tracks are to be used according to the selected 

read length (i.e., tracks can be completely different for 50 nucleotide reads compared to 100 

nucleotide reads). 

Tools that apply the above steps are named sample reference-free tools, performing 

these strategies in succession (149) or simultaneously through, e.g., loess fitting (150). Sample 

reference-based tools, on the other hand, enable masking and normalization according to a 

paired normal sample (151) or a pool of unpaired normal samples (152) (Figure 10A). When 

controls are available, reference-based tools are favored as they account for more sources of 

(unknown) bias. An additional advantage is found with paired reference samples, since these 

distinguish germline from somatic variants with certainty. 

Following read count normalization, bin-wise log2 ratios are calculated by dividing the 

former with their median value. The resulting variable is subject to Gaussian noise (i.e., vertical 

stretch of bins; Figure 10B), where stretches of equal copy number are defined by 

segmentation, often performed using ‘circular binary segmentation’ (153), though other 

algorithms exist (154–156) (Figure 10B). Finally, a statistical recipe is followed to infer which 

segments are aberrant, a process referred to as CNA calling (Figure 10B). For unpaired 

diagnostic assays such as NIPT, this is preferably accomplished using a pool of normals to 

measure locus-specific healthy variability, enabling calculation of Z-scores. Note that the latter 

steps—segmentation and CNA calling—are also required in processing array-based copy 

number profiles. 

 The purity/coverage balance (Figure 10C) in the context of copy number profiling is 

an important consideration. The amount of Gaussian noise, introduced in previous paragraph, 

increases and decreases with lowering and increasing sequencing depth, respectively (143). 

This implies that for constitutional aberrations or samples with high purity (Figure 10C, top 

two profiles), CNAs can be appreciable by ultra-low-pass (<0.1x coverage) whole-genome 
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sequencing (157); however, this is often no longer the case when only a fraction of the studied 

DNA is of interest (Figure 10C, bottom two profiles), as corresponding CNAs might no longer 

transcend the background noise. The bin size/coverage balance (Figure 10D) plays in a similar 

way: the smaller the bin size (e.g., down to 10kb, required in the context of congenital 

diagnostics), the higher the required sequencing depth for sufficiently ‘filling’ the bins as 

compensation to obtain similar levels of Gaussian noise. In summary, a cost-optimized 

coverage should thus be selected in function of the expected purity and alteration size, which 

relates to the type of diagnostic analysis. 

2.2. DNA methylation 

The field of epigenomics studies reversible modifications of DNA and DNA structure 

determining proteins, such as histones, which don’t alter the actual coding sequence but impact 

phenotype nonetheless. The most studied aspect of epigenomics is DNA methylation, which 

involves a post-replicative modification of the 5’ position of cytosine, resulting in 5-

methylcytosine. In multicellular organisms, cytosine methylation is found in three specific 

sequence contexts, CG, CHG and CHH (where H = A, T or C); however, in mammals, it is 

nearly exclusively detected at CG sequences, referred to as ‘CpG dinucleotides’, where ‘p’ 

stands for the connecting phosphate group. 

 An estimated ~70% of mammal CpGs are methylated, but CpG density nor its spatial 

distribution are random (158): overall, CpG sites are greatly underrepresented (the ratio 

observed/expected is ~.25), with the exception of smaller regions (~300-3kb base pairs), 

termed ‘CpG islands’ (CGIs), which are clusters of CpGs with a density closer to what is 

expected (ratio of ~.75) by random sampling (159, 160). Notably, CGIs account for only 15% 

of all CpGs, yet hold over half of unmethylated cytosines (161). Aberrantly methylated CGIs 

are termed differentially methylated regions (DMRs). 

2.2.1. Biological relevance of CpG methylation 

Primarily, DNA methylation highly impacts chromatin density, as unmethylated DNA is 

associated with euchromatin (‘open’ DNA), whereas methylated DNA is found in combination 

with heterochromatin (‘closed’ DNA). Three fundamental functions (A C) of DNA 

methylation exist mainly because of this principle. 

(A) CGIs are enriched in promoter and enhancer regions, where DNA density highly 

hinders accessibility of transcription factors and other DNA binding proteins, thereby 

regulating gene expression (Figure 11A): unmethylated promoter regions are associated with 

householding genes, whereas methylated promoters silence expression (162, 163). X 
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chromosome inactivation, a process which essentially represses one of two X chromosomes, 

naturally occurring in all female mammals through CpG methylation, forms heterochromatin 

in an identical way (164). However, DNA methylation in the context of gene expression goes 

beyond repression. Several transcription factors have been discovered with methyl-CpG 

binding domains (MBDs), specifically activating methylated promoters (165). In addition, 

differential methylation at CTCF binding sites can physically position enhancers in relation to 

promoters (not visualized), thereby, again, regulating transcription (166, 167). 

(B) CpGs that don’t reside in CGIs, which are predominantly methylated, function in 

structural integrity and genome defense (Figure 11A): most of these dinucleotides are 

located in mobile elements and genome-embedded parasitic DNA, including 

retrotransposons—it has been proposed the increased DNA density limits transposition of 

mobile elements by impeding recombination (168). The rate of the previously mentioned V(D)J 

recombination in lymphocytes (see ‘1.2.1. B-cell maturation and transformation to 

lymphoma’), e.g., is reduced with a >100-fold when the homologous substrate is methylated 

(169). 

(C) Some CpG methylation patterns appear extremely conserved within the body of 

genes (170). Their function remains largely unknown, yet research has suggested a role in 

alternative gene splicing (Figure 11A) (171, 172), by altering the elongation rate of RNA 

polymerase or by direct recruitment of splicing factors (171). 

The above principles are pivotal for several human cellular processes, both in health 

and disease. Intriguing examples are found during embryonic development and cell fate. 

Mammal blastocyst cells divide without detectable methylation; however, once differentiation 

begins, methylation seems essential for individual cell differentiation and survival (173, 174). 

During embryo implantation, most CpGs not located in CGIs become methylated, resulting in 

a global repression, enabling housekeeping genes to be universally expressed. After 

implantation, CGIs are differentially methylated, with changes specific for cell type: this 

epigenomic imprinting remains largely stable over time, enabling cell type detection based on 

solely methylation profiles (175). 

Relevant for this work, primary mediastinal large B-cell lymphoma has been shown to 

be more related to classical HL than DLBCL by methylation profiling (42). Given methylation 

dynamics are pivotal during B-cell differentiation (176, 177), profiles additionally suggest the 

COO of lymphoma subtypes. With cancer generally, tumor cells are typically hypomethylated 

on a global level, thereby activating transposons and adding to the tumor’s genomic instability 

(162). In contrast, focal hypermethylation at specific CGIs (162) has been widely described for 
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its role not only in carcinogenesis by inactivating tumor suppressor genes, but also in relation 

to therapeutic sensitivity, relapse and metastasis (178). Methylation further plays a driving role 

in several neurodevelopmental syndromes, such as fragile X, immunodeficiency-centromeric 

instability-facial anomalies syndrome and Rett syndrome (162), often indirectly by loss of CpG 

sites; and even allergies (179), asthma (180) and depression (181). 

 

 

Figure 11. Biological relevance and molecular mechanisms of CpG methylation. A DNA methylation 

regulates expression by primarily altering the density of nucleosomes at promoter regions, directly allowing or 

disallowing transcription factor binding. Alternative repression can be achieved by binding of specific proteins 

that compete with activators. Likewise, specific transcription factors with an MBD can bind methylated CpG sites 

to activate genes. Genome defense and alternative splicing are guided by CpGs that are less densely distributed. 

B The 5’ position of cytosine is methylated and demethylated by DNMTs and TETs, respectively. DNA 

methylation regulates chromatin density, as specific HDAC activators have MBDs. Histone acetylation, on the 

other hand, is executed by diverse HATs. 

 

2.2.2. Molecular mechanisms of CpG methylation 

Conversion of cytosine to 5-methylcytosine is catalyzed by DNA methyltransferases 

(DNMTs), of which three have been extensively described in mammals: DNMT1, DNMT3A 

and DNMT3B (Figure 11B). DNMT1 was first discovered (182) and is often referred to as 

‘maintenance’ DNMT, as it copies methylation patterns from template to newly synthesized 

DNA strands during replication (183). In contrast, DNMT3A/B enzymes have an equal 

preference for hemi- and unmethylated DNA substrates and are therefore termed ‘de novo’ 

DNMTs (184). Note that these are tendencies, since all three enzymes have been observed to 

possess both de novo and maintenance functions (185–187). The reverse reaction—

demethylation—is executed by the TET1/2/3 enzymes (Figure 11B), which are able to 

compensate for each other’s loss, at least during embryonic development (188), meaning they 

act more alike than DNMTs. 
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Chromatin is assembled from nucleosomes, which each wrap 180-200 base pairs of a 

DNA molecule around histones. The tightness of these histones is related to their acetylation 

state, as acetylated histones are associated with euchromatin (189, 190). The balance in 

acetylation results from a complex interplay of several histone acetyltransferases (HATs) and 

histone deacetylases (HDACs) (191). General HDACs or HDAC-recruiting proteins are 

assisted by MBDs, explaining how methylated loci are related to heterochromatin (Figure 

11B). With tumor cells, e.g., euchromatin is partly reached by directly down-regulating HDAC-

recruiting proteins (192). 

2.2.3. Whole-genome bisulfite conversion-free detection 

While most popular methylation detection methods are based on bisulfite conversion 

(explained in ‘2.2.4. Whole-genome bisulfite conversion-based detection’), several (often 

older) ‘conversion-free’ methods exist, which were originally conceived for global (i.e., one 

value per genome) and targeted detection (193, 194). Some of these approaches have also been 

adopted by whole-genome profiling methods, including restriction enzyme-based techniques. 

Using methylation-sensitive (195) or combinations of both methylation-sensitive and  

-insensitive CpG cutters (196), blotting provides a methylation fingerprint; however, 

deciphering the genomic coordinates of a specific band requires DNA extraction, cloning and 

sequencing. Improvements were made by extrapolating this concept to microarrays (197), 

where (paired) samples are treated by methylation sensitive restriction enzymes following 

amplification and competitive hybridization (Figure 12A) (or sequencing (198)). 

Unfortunately, this way, only a small portion of the methylome, depending on the used 

enzymes, can be investigated (194). Another method is based on methylcytosine affinity 

enrichment: variations exist (such as for paired samples), but key steps including random 

fragment shearing, enrichment of methylated fragments (e.g., by immunoprecipitation (199)) 

and array-comparative genomic hybridization (Figure 12B) (or sequencing (200, 201)) are 

almost consequently performed. Most of these methods, with the exception of more recently 

developed varieties, do not provide single-base resolution. 

 Recent approaches, permitting, e.g., the detection of oxidated methylcytosine, are 

beyond the scope of this dissertation and are reviewed by Bhattacharjee et al. (202). Finally, it 

must be noted that long read platforms such as PacBio and Nanopore sequencing can detect 

methylated cytosine residues as if they are separate nucleotides. However, the accuracy of these 

approaches and availability of hardware currently limit their application, albeit this might 

change in the future (203). 
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Figure 12. Bisulfite conversion-free detection by competitive hybridization. A Restriction enzyme-based 

detection. Both case and reference (i.e., control) DNA are treated by MseI, a frequent cutter that avoids CpG-rich 

regions. Next, fragments are ligated to linker primers, following restriction treatment with methylation-sensitive 

enzymes. Since digested fragments fail to amplify, array-comparative genomic hybridization reflects the presence 

of methylated cytosines. B Methylcytosine affinity enrichment-based detection. Following random fragment 

shearing, methylated fragments can be enriched by immunoprecipitation. By competitive comparison to a non-

enriched fraction of the same sample, methylation calls are made. Variations on both approaches are common. 

 

2.2.4. Whole-genome bisulfite conversion-based detection 

In 1992, Frommer et al. (204) first described the bisulfite conversion reaction, a discovery 

which eventually, following optimization (205, 206), enabled the current most popular 

approach to methylome profiling. Sodium bisulfite treatment transforms cytosine to uracil by 

deamination, without interfering with other DNA residues, including 5-methylcytosine (Figure 

13A). Remained cytosine units, detected post-bisulfite treatment, thus indicate the presence of 

a methyl group (Figure 13B). Various detection methods have been utilized, including real-

time PCR (207) and mass spectrometry (208) (for targeted detection); methylation arrays that 

work in a similar way as classic SNP arrays (Figure 8B), with immobilized nucleic acids that 

focus on promoter regions or other (disease-related) functional elements (209, 210); and 

sequencing (211) combined with specialized in silico mapping techniques (212). All of these 

methods allow detection at a single CpG site resolution. 

 Given the current preference for detection by sequencing, whole-genome bisulfite 

profiling is expensive as it requires whole-genome sequencing at a coverage of at least 25x 

(213) in order to infer reliable methylation calls. In response, Meissner et al. (214) developed 

a more feasible alternative with reduced-representation bisulfite sequencing (RRBS), which 
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aims at analyzing exclusively the most variable and biologically relevant part of the 

methylome: CGIs. During this procedure, the isolated DNA is treated by a methylation-

insensitive enzyme that cuts at CpG-rich stretches (e.g., MspI, cutting ‘CCGG’). Next, shorter 

fragments are isolated by size selection, following bisulfite conversion, amplification and 

sequencing (Figure 13C). Hereby, instead of sequencing a complete genome, only the most 

relevant fraction (~1%) at high coverage is analyzed, drastically reducing cost. 

 

 

Figure 13. The basics of bisulfite-based methylation detection. A Sodium bisulfite deaminates cytosine to create 

uracil, but not 5-methylcytosine. B After bisulfite conversion, PCR transforms uracil to thymine. Remained 

cytosine residues indicate the presence of a methyl group. C With RRBS, CpG-rich regions are digested by a 

restriction enzyme, following size selection, bisulfite conversion, amplification and sequencing. 

 

Conventional mapping of sequencing reads deduced from sodium bisulfite converted DNA 

fragments is not possible, as nucleotide changes cause reference mismatches. Therefore, 

multiple specific ‘bisulfite mappers’ (212, 215, 216) have been developed, which most rely on 

following key steps. First, reads are computationally converted to two separate three-

nucleotide coding systems: cytosines are substituted by thymines, imitating bisulfite 
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conversion of all cytosine units; and, guanines are converted to adenosines, representing the 

same conversion for the complementary strand (Figure 14A, top). Next, this conversion is 

applied to the reference genome, creating two three-nucleotide references (Figure 14A, center). 

Finally, the best of four possible alignments (two reads * two references) is determined by 

traditional mapping, by which the genomic location of the original read is revealed. The 

nucleotides of the original non-converted read enable cytosine methylation inferences (Figure 

14A, bottom). 

 

 

Figure 14. Fundamental in silico principles following bisulfite sequencing. A Mapping of a bisulfite read 

requires computational bisulfite conversion of both the read and the reference genome. The best of four alignments 

predicts the most likely x and y genomic coordinates. The methylation state of reference cytosine residues is 

subsequently inferred by reviewing the original non-converted read. B Methylation is expressed as a beta value, 

representing the fraction of reads that supports methylation over the corresponding coverage. C Robustness and 

biological relevance of features can be increased by positional clustering of CpG sites to obtain CGIs. D Given 

the methylation profiles of individual cell types are known (right), their relative contribution to a mixture of cell 

types can be predicted by deconvolution. Here, graph lines are simplified representations of CpG or CGI beta 

value vectors. 

 

Using a three- rather than four-nucleotide coding system generally lowers the mapping 

accuracy. In addition, the sodium bisulfite reaction incompletely converts DNA fragments 

(217). Because of these issues, other general sequencing complications and biological 

heterogeneity, sufficient coverage is required to reliably infer methylation: CpG site 

methylation is thus expressed as the fraction of reads that support methylation over the total 
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number of covering reads, referred to as the beta value (Figure 14B). Further increasing 

robustness can be achieved by considering CGIs instead of individual CpG sites—which is 

especially recommended when performing a reduced-representation sequencing variant—by 

positional clustering of CpG sites (Figure 14C). Furthermore, CGIs are often more 

functionally relevant than CpGs, and operating exclusively CGIs lowers computational 

complexness. 

Worth mentioning, for methylation profiling in general, an often-used downstream 

statistical technique is non-negative least squares, more generally referred to as, in the context 

of methylation, deconvolution. As noted above, each cell type’s DNA has a specific 

methylation profile. This biological feature can be exploited to predict the composition of a 

mixture of cells, given the profile of each individual cell type is known (i.e., given by the 

training set), by fitting a least squares model (Figure 14D). 

3. The pitfalls of invasive procedures 

Accurate diagnosis in the fields of oncology and medical genetics is essentially only possible 

through the collection of cells (e.g., lymphocytes, amniotic fetal cells, etc.) or tissue (e.g., a 

tumor biopsy), following histological and/or molecular analyses, as extensively demonstrated 

above. This is subject to several pitfalls (A C). 

(A) Most procedures to obtain cellular material coexist with major disadvantages, most 

of which are inherent to their invasive nature. Lung tumor tissue can be obtained by 

bronchoscopy, sometimes combined with endobronchial ultrasound fine-needle aspiration. 

Especially for peripheral lung tumors, a tissue diagnosis is only possible after more invasive 

procedures, like CT-guided core needle biopsies (often complicated by pneumothorax) or even 

thoracoscopic segmentectomy or lobectomy. For lymphoma, similar methods exist to biopsy 

lymph nodes, bone marrow (by aspiration into the hip- or breastbone) or visceral locations (by 

e.g., laparotomy or splenectomy). All of these complex procedures require exceptional 

operation skills from practitioners; however, inevitably, patients are subject to serious risks, 

including injury to nearby organs, bleeding, formation of blood clots, infections, etc. For 

patients with inaccessible lesions or substantial comorbidity, tissue examination might be 

delayed or simply not possible (218). Also, remember that in prenatal diagnostics, chorionic 

villus sampling and amniocentesis are associated with an increased risk of miscarriage and fetal 

developmental complications. 

(B) Conceptionally, establishing diagnosis through tissue analysis introduces another 

inconvenience: since tumors are heterogenic in essence, solely a portion of the cancer 
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complexity is examined. This bias underestimates both intratumoral and intermetastatic 

heterogeneity. Similar reasoning applies to fetuses, as copy number abnormalities are often 

confined to placental tissue as mosaicisms (219). 

(C) Finally, because of the above difficulties, disease monitoring is mostly based on 

imaging (and quantifying plasmatic protein biomarkers), as sequential tissue biopsies during 

treatment, which would enable molecular tracking, are not feasible. This is problematic as 

cancer genomes are not static, especially during treatment, and can transform (e.g., EGFR-

mutated LUAD sometimes transforms to SCLC as a mechanism of resistance (220)); symptoms 

(of relapse) are often non-specific (e.g., autoimmune, immunodeficiency, systemic diseases, 

infections, etc., cause similar symptoms as lymphoma); and, imaging is sometimes ambiguous 

(especially for intravascular lymphoma or lymphoma localized in the central nervous system, 

which appear metabolically active on PET/CT, whether malignant cells are present or not). 
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CHAPTER 2: NON-INVASIVE CHARACTERIZATION AND 

MONITORING – AN EMERGING OPPORTUNITY 

Fast-growing cells, such as fetal and most tumor cells, release biomolecules during cell death 

into the peripheral circulation, representing an attribute that might be exploited to obtain a 

‘liquid biopsy’, by use of classic blood samples, assuming that a fraction of the isolated 

circulating molecules is derived from the cells of interest. This appealing strategy is less subject 

to sampling bias and copes with the invasiveness and associated risks of tissue collection 

procedures, ultimately attempting convenient genomic screening and genomic longitudinal 

disease monitoring. 

1. Blood is filled with molecular information 

Blood has been shown to hold a wide spectrum of potential biomarkers, of which numerous, 

mostly proteins (Figure 15A), have proven to be diagnostically valuable (221–224). Unlike 

proteins, more recent biomarker types—which are introduced below—are yet to be adopted by 

diagnostic laboratories and often remain to be validated. An ubiquitous exception on the latter 

is NIPT, previously introduced at ‘Prenatal detection of aneuploidies’: in 2020, >5000 NIPTs 

were analyzed at Ghent University Hospital by copy number profiling of maternal cell-free 

DNA (cfDNA) at ~12 weeks pregnancy, allowing reliable fetal aneuploidy calling (225) whilst 

omitting the risks and patient discomfort associated with amniocentesis and chorionic villus 

sampling. 

 

 

Figure 15. Introductory concepts to non-invasive diagnostics. A Blood is filled with molecular information as 

circulating cells; free-floating ‘cell-free’ DNA, RNA and proteins; vesicles (containing all types of biomolecules) 

and tumor-educated platelets (carrying RNA) are present. A fraction of these is believed to be derived from the 

cells of interest (e.g., tumor cells). B The clinical value of a liquid biopsy is limited by its purity. 

 

Circulating tumor cells (Figure 15A), causing metastases, can be detected in a relatively early 

stage (226). When of interest, these cells are most frequently isolated based on biophysical 



 38 

properties such as size or antigen expression (227), yielding—depending on the tumor load—

0-to-10 cells per 10mL (228). Applications range from simple cell counting (229); to IHC 

(230); PCR and/or sequencing-based mutation analysis (231); and even the generation of stable 

cell lines, after which a multitude of additional assays can be executed, including ex vivo 

treatment response evaluation (232). 

Of the presented circulating biomarkers, extracellular RNA (Figure 15A) is likely the 

least studied, because of the nature of the molecule: RNA is unstable and fragments are short. 

Therefore, the molecular yield is often low. In addition, circulating RNA comes in several 

forms, which are often difficult to isolate or computationally classify: microRNA, messenger 

RNA, long non-coding RNA, circular RNA, transfer RNA, ribosomal RNA, etc.—some of 

these are contaminants, whereas others are of interest, depending on the objective. In contrast 

to ‘free-floating’ RNA, circulating RNA can be stable when it is present in extracellular 

vesicles (Figure 15A), which protect nucleic acid chains with a double lipid layer from RNase 

enzymes (233). Finally, platelets, known for their function in blood clotting, are thought to 

‘educate’ themselves by both direct tumor cell interaction and uptake of tumor biomolecules 

(234), such are RNA, referred to as ‘tumor-educated platelets’ (Figure 15A). Research on 

extracellular RNA is ongoing in order the infer the most valuable sources of RNA; the most 

interesting applications; and how biomarkers could be optimally interrogated in routine 

practice (235). 

Finally, the best studied plasmatic biomolecule and the focus of this dissertation, is 

cfDNA (Figure 15A). In 1977, it was reported that cfDNA concentrations were elevated in 

cancer patients (236), hinting towards the presence of circulating tumor DNA (ctDNA). 

Similarly, in 1997, cell-free fetal DNA (cffDNA) was discovered in maternal plasma by 

monitoring Y chromosome fragments during pregnancies of male fetuses (237). In healthy non-

pregnant individuals however, most cfDNA fragments are derived from normal blood-related 

cells, including granulocytes (~32%), erythrocyte progenitors (~30%), lymphocytes (~12%), 

monocytes (~11%) and endothelial cells (~9%) (161). Typically, these fragments are sized 

~166 base pairs, analogous to the number of pairs wrapped around a nucleosome (~146) plus 

linker (~20) (238), following caspase-dependent cleavage (239). The overall half-life of 

cfDNA was assumed to be ~15 minutes (240), yet estimates currently vary from 10 minutes to 

2 hours (241). Although cfDNA is mainly double-stranded, degradation is actively carried out 

by circulating enzymes, including DNase I, plasma factor VII-activating protease, and factor 

H (241). Elimination is completed by mostly the liver, but also the kidney and the spleen (242). 

Applications of cfDNA are typically similar to those from tissue-extracted DNA, including 
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mutation, copy number and methylation profiling. The remainder of the introduction will focus 

on cfDNA. 

2. The clinical value of a liquid biopsy is limited by its purity 

The total amount of extracted cfDNA is heavily influenced by the presence of cffDNA or 

ctDNA. Especially the latter is subject to a large inter-patient variability, where the tumor DNA 

fraction is thought to linearly increase with the proliferation rate (tumor type), the amount of 

tumor cells (tumor load) and the tumor surroundings (tumor vascularity) (243). Because of 

the first two, the total cfDNA concentration is thus often prognostically relevant (244). This 

also implies that the actual clinical value of a liquid biopsy is limited to its ct- or cffDNA 

fraction, whereas with tissue, a targeted biopsy mostly contains sufficient tumor material. 

When the ct/cffDNA fraction falls below the limit of detection, only healthy DNA is analyzed 

and no inferences on the cells of interest can be made. This limit of detection can however be 

lowered by technical optimizations (Figure 15B), of which some are discussed in ‘3. Coping 

with a cell-free environment’. 

For most applications, the ‘purity/coverage balance’, previously discussed in relation 

to copy number profiling (Figure 10C), plays a pivotal role in optimally extracting molecular 

information from liquid biopsies. However, unlimited sequencing depth does not suggest 

unlimited sensitivity, given technical PCR and base-calling errors cannot be eradicated 

completely; and, unrelated mosaicisms are always present. In the context of mosaicisms, 

especially ‘clonal hematopoiesis’ is worth mentioning. As stated, somatic variants accumulate 

in function of time. Unfortunately, this process also occurs in hematopoietic stem cells (245), 

yielding, following differentiation, distinct populations of blood cells, which significantly 

contribute to the composition of cfDNA, potentially resulting in higher-frequency variants 

which might be falsely associated to ctDNA. 

3. Coping with a cell-free environment 

Protocol adaptations to improve cfDNA sequencing outcome are highly recommend in order 

to preserve the cfDNA quality after collection; to optimize or enable technologies, required 

since cfDNA fragments are much shorter than tissue-isolated equivalents; or to deal with the 

low ct/cffDNA fractions, by attempting to increase the ct/cffDNA portion or by improving 

sensitivity. Examples relevant to this work are outlined below. 
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3.1. Preserving and assessing cfDNA quality 

The two most important factors in preserving cfDNA quality are storage conditions and 

processing time. Importantly, collection tubes with anticoagulants such as EDTA are always 

used to prevent clot formation (246). In addition, white blood cells tend to burst and release 

genomic DNA, thereby lowering the fraction of cf/ct/cffDNA-derived fragments. Blood 

samples stored at room temperature are thus preferably processed to isolate plasma within 24 

hours of collection (247). When required, this interval can be extended by use of (more 

expensive) ‘preservation tubes’, which contain agents that aim at the stabilization of white 

blood cells (e.g., Roche cfDNA collection tube, Qiagen PAXgene tube, Streck cfDNA BCT 

tube, etc.) (247, 248). Once processed, plasma can be stored indefinitely by freezing. 

 Pre-sequencing cfDNA quality can be assessed by measuring DNA concentration 

(should be at least 1 ng/mL for most applications) and performing fragment length analysis 

(should show a narrow cfDNA peak at ~166 and no overlap with higher molecular weight 

fragments should be observed). After sequencing, both general (number of reads, Phred scores, 

mapping quality, etc.) and analysis-specific (e.g., copy number profile noise (249)) metrics 

provide additional insight on sample quality. 

3.2. Fragment and insert size filtering to increase the ct/cffDNA fraction 

As previously stated, normal cfDNA is remarkably enriched by fragments sized ~166 base 

pairs, as a result of nucleosome properties. In contrast, studies using maternal blood have 

shown cffDNA expresses an additional size peak at ~143 (238), thought to result from 

differential nucleosome packaging in fetuses (250), which is in turn related to CpG 

hypomethylation (see ‘Biological relevance of CpG methylation’). Similar reasoning applies 

to ctDNA, which is also hypomethylated and represented by shorter fragments. 

Mouliere and colleagues (251) recently demonstrated how this attribute can be used to 

‘artificially’ increase the ct/cffDNA fraction by selecting shorter fragments: when filtering for 

DNA sized exclusively 90-150 base pairs, at least 95% of liquid biopsies is expected to have a 

twofold increase in ct/cffDNA fraction. In addition, potential genomic DNA contamination is 

minimized. Size selection can be accomplished both experimentally, by e.g., magnetic bead-

based filtering; and/or computationally, by excluding paired mapped reads with an insert size 

outside the optimal range (Figure 16A). Note that the latter approach is more accurate but thus 

requires paired-end sequencing and a higher sequencing depth (more costly) to compensate for 

the disregarded reads. 
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Figure 16. Strategies to cope with a cell-free environment. A Histograms of three hypothetical liquid biopsies 

are given, containing different ct/cffDNA fractions, according to color. The ct/cffDNA fraction can be artificially 

enriched by installing a fragment/insert size filter. B cf-RRBS. Horizontal lines represent double-stranded cfDNA 

fragments. With RRBS, fragments cannot be selected based on size (left), as cfDNA is naturally fragmented. 

Therefore, adaptations have been made to remove MspI-uncut fragments by exonuclease treatment rather than 

filtering according to size. C Key principles to duplex sequencing. Horizontal lines represent single-stranded 

(cfDNA) fragments. A strand consensus can be made based on a family that shares genomic position, insert 

barcode and index barcode, thereby correcting asymmetric errors (i.e., base pair mismatches, which arise by, e.g., 

deamination), and amplification and sequencing errors. Finally, a molecular consensus is reached when combining 

both strand consensus sequences. 

 

3.3. Cell-free RRBS 

During RRBS (Figure 13C), isolating enzyme-cut CpG-rich fragments from uncut larger CpG-

poor sequences by size selection is key. Since cfDNA is naturally fragmented, adopting the 

same procedure would not yield a valuable library (Figure 16B, left box). Very recently, De 

Koker et. al (252) have however developed a (yet-to-be published) workaround, labeled cell-

free RRBS (cf-RRBS). 

With cf-RRBS, prior to enzyme digestion, original fragment ends are ‘labeled’ by 

dephosphorylation of the 5’ ends (Figure 16B). After MspI cutting, 5’-phosphate ends indicate 

restriction sites rather than natural fragment ends (Figure 16B). Next, by dA-tailing, hairpin 

adaptors can be ligated to specifically 5’-phosphate ends, leaving dephosphorylated ends 
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nicked and sensitive to degradation by exonucleases (Figure 16B). Obtaining CpG-rich 

fragments is thus not achieved by filtering, but by exonuclease treatment of fragments lacking 

protective hairpins at either end, after which bisulfite treatment, amplification and sequencing 

steps are similar to regular RRBS, allowing 30x sequencing at ~$250 per sample. 

3.4. Unique molecular identifiers 

Adding unique molecular identifiers (UMIs)—adaptors with a fixed size (5-to-20 base pairs) 

and random sequence—prior to amplification and sequencing significantly reduces base calling 

errors, thereby increasing sensitivity at low ct/cffDNA purity levels. This approach is often 

referred to as ‘duplex sequencing’ (253). UMIs can be used in combination with higher (>25x)-

coverage sequencing, such as cf-RRBS. 

 Numerous methodological UMI approaches exist. Below, the key principles are 

explained according the popular ‘cancer personalized profiling by deep sequencing’ (CAPP-

Seq) for targeted variant detection (254, 255), since these concepts can be applied to cf-RRBS 

in a similar way. 

First, double-stranded DNA fragments are labeled at both sides by constructs 

containing randomly generated UMIs, named ‘insert barcodes’, and strand-specific defined 

sequences, dubbed ‘index barcodes’ (Figure 16C). After initial denaturation, amplification 

multiplies strands independently. When using, e.g., Taq DNA polymerase I, this process is 

characterized by ~10−4 ‘errors per base per doubling’ (256). Because of UMIs however, these 

can be corrected: after sequencing and mapping, in silico ‘families’ of reads that originate from 

one specific DNA fragment can be defined according to mapping locus and insert barcode. 

Next, each family is classified in two strand-specific groups following evaluation of the index 

barcode, allowing the definition of ‘consensus strands’, which corrects amplification and 

sequencing errors (Figure 16C). Finally, when desired, both consensus strands from the same 

family can be merged to mask asymmetric errors, obtaining a ‘molecular consensus’, which 

theoretically directly represents (parts of) a single fragment (Figure 16C). Therefore, this 

process not only corrects single-nucleotide errors, but also PCR amplification bias, which 

improves the accuracy of BAFs during SNP profiling, or beta values during methylation 

profiling. Both consensus strands might also be studied separately when, e.g., strand-specific 

‘hemi’methylation (257) is of interest. 

4. Cell-free DNA’s diagnostic potential is still to be explored 

Only recently, within the first decade of this century (258), cfDNA started to attract attention 

from the general research community. This was triggered by mainly the ongoing revolution 
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towards molecular diagnostics and the need for a practical method that allows (repeatable) 

DNA sampling. The current greatest challenge in this kind of research is dealing with low 

fractions of ctDNA. New techniques are periodically released and gradually lower the limit of 

detection and/or increase the genomic search space. The most defining inventions in the context 

of liquid biopsies are arguably—ordered chronologically—PCR, microarrays, panel 

sequencing and duplex sequencing. Following each milestone improvement, the liquid biopsy 

potential is to be reestablished, leaving room for impactful research, which promotes this 

doctoral work. 

We chose to focus on two malignancies (aggressive B-cell lymphoma and lung cancer) 

and two selected novel sequencing approaches (sWGS and cf-RRBS) to perform whole-

genome profiling at reasonable cost (~$200 per sample), studying the ‘current economically 

feasible diagnostic potential’ of liquid biopsies. 
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Given my background in bioinformatics, the objectives of this dissertation are associated with 

post-laboratory computational analyses, categorized in technical goals (1 3) and goals related 

to clinical validation (A C). 

 

 The implementation of an accurate copy number analysis tool (1) 

Several tools exist to predict CNAs in sequencing data, yet most are optimized for research and 

often fail to redeem paramount needs in a clinical setting. Optimally, a copy number detection 

software should be able to deal with single-end and low-coverage data—this to lower 

sequencing cost. Other important factors include runtime, applicability to a variety of analyses 

(including NIPT; cancer diagnostics, practiced on e.g., liquid biopsies, effusion fluids, fresh 

frozen tumor tissue and FFPE; preimplantation genetic testing; and in the context of intellectual 

disability and congenital disorders, the study of germline aberrations, which is often exercised 

on genomic DNA extracted from lymphocytes) and, evidently, overall performance. The 

overall goal is to evaluate existing copy number analysis tools and assemble their positive 

aspects into a novel all-in-one software. 

 

 The development of an accurate cffDNA fraction determining software for routine 

NIPT (2) 

The cffDNA fraction informs geneticists whether a NIPT assay is conclusive: when it is too 

low, claims on fetal aneuploidies cannot be made accurately. This limit has often been debated 

to be 4%, though lower cutoffs are alleged. Several techniques to deduce the cffDNA fraction 

(e.g., by use of BAFs) exist, but the far most require additional experimental procedures (i.e., 

other than sWGS), which impede routine execution. Accurate computational approaches, based 

on sWGS, are however possible. For male feti, the fraction of aligned reads to chromosome Y 

enables proper quantification; however, for females, advanced predictive procedures are 

required. As stated before, breaks between cfDNA fragments predominately occur in linker 

DNA between two nucleosomes. Realizing that cffDNA is less density packed than maternal 

DNA, cell-free fetal and maternal mapped reads are not uniformly distributed. This results in 

subtle read count differences across several loci, making copy number profiles, albeit not 

visible by eye, predictive for cffDNA fraction. Currently, only one software exploits these 

principles, yet it exclusively runs a pretrained model, thereby introducing substantial between-

laboratory bias. The overall goal is to develop a new software which allows custom training 

and performance evaluation. 
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 The validation of a sWGS pipeline for FFPE tissue-based copy number detection (3) 

In the clinical validation studies (A C), liquid biopsies are compared with their tissue 

equivalent to confirm whether the former represent their anticipated solid origin. Regarding 

copy number detection, default sWGS is optimized for NIPT, making it unfit for FFPE 

material, which accommodates degraded poor-quality DNA. Enabling sWGS for FFPE is not 

only important in following clinical studies but would also ‘activate’ a large biobank of archival 

FFPE tissue for future research. Important unanswered questions that should be investigated 

concern sequencing depth requirements, noise levels in comparison to fresh frozen-extracted 

DNA and array-comparative genomic hybridization, and the detection limit in terms of tumor 

fraction. 

 

 Evaluation of liquid biopsy-derived CNAs in lung cancer (A) 

From 2016 to 2019, 51 advanced stage lung cancer patients diagnosed with LUAD, LUSC or 

SCLC were recruited. Patient liquid biopsies, paired tissue biopsies, and negative control liquid 

and solid biopsies have been collected. By analyzing sWGS data, this study aims at establishing 

the clinical potential of liquid biopsy-derived CNAs in lung cancer diagnostics, which includes 

tumor detection sensitivity, tumor subtyping performance, portraying tumor heterogeneity (by 

comparing liquid-solid pairs), etc. 

 

 Evaluation of baseline and serial liquid biopsies in aggressive B-cell lymphoma (B) 

From 2016 to 2019, 123 lymphoma patients diagnosed with HL, DLBCL and grey zone 

lymphoma were recruited. Other than baseline liquid and solid biopsies, longitudinal liquid 

biopsies were collected to study ctDNA and CNA dynamics over time. As before, through 

sWGS data analysis, by evaluating copy number data and viral read fractions, we aim at 

establishing the potential of this approach for its clinical useability. 

 

 Evaluation of liquid biopsy-derived methylation profiles in lung cancer (and a general 

validation of cf-RRBS) (C) 

This study utilizes the lung cancer cohort from (A), reanalyzed by cf-RRBS. In contrast to large 

CNAs, DMRs detected in cfDNA do not necessarily originate from lung tumor cells, as, e.g., 

healthy apoptotic lung cells or immune response processes might also trigger DMRs: an 

additional control set, including non-tumoral pulmonary conditions such as pneumonia, 

amyloidosis, vasculitis, silicosis and pleuritis, was therefore included to verify the specificity 

of lung cancer DMRs. Once more, in general, we aim at establishing the potential of this 
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approach for its clinical useability. In addition, given the novelty of cf-RRBS, liver (n=12) and 

pediatric (n=2) cancer patients were included to perform an independent general cf-RRBS 

validation study by comparison to platform alternatives, such as whole-genome bisulfite 

sequencing.  
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Abstract 

Shallow whole-genome sequencing to infer copy number alterations (CNAs) in the human 

genome is rapidly becoming the method par excellence for routine diagnostic use. Numerous 

tools exist to deduce aberrations from massive parallel sequencing data, yet most are optimized 

for research and often fail to redeem paramount needs in a clinical setting. Optimally, a copy 

number detection software should be able to deal with single-end and low-coverage data—this 

to lower sequencing cost. Other important factors include runtime, applicability to a variety of 

analyses and overall performance. We compared the most important aspect, being 

normalization, across six different CNA tools, selected for their assumed ability to satisfy the 

latter needs. In conclusion, WISECONDOR, which uses a within-sample normalization 

technique, undoubtedly produced the best results concerning variance, distributional 

assumptions and basic ability to detect true variations. Nonetheless, as is the case with every 

tool, WISECONDOR has limitations, which arise through its exclusiveness for non-invasive 

prenatal testing. Therefore, this work presents WisecondorX in addition, an improved 

WISECONDOR that enables its use for varying types of applications. WisecondorX is freely 

available at https://github.com/CenterForMedicalGeneticsGhent/WisecondorX. 

Introduction 

Recently, due to dropping sequencing costs, the analysis of copy number alterations using 

shallow-depth whole-genome sequencing (sWGS) data (coverage 0.1x to 1x) has grown into a 

rising practice for many genetic centers (1, 2). This is not surprising: in contrast to almost-

outmoded array-comparative genomic hybridization (aCGH), sWGS is cheaper, faster and has 

the ability to yield results at—depending on the attained sequencing depth—unrivaled levels 

of accuracy (3, 4). The current most important applications of sWGS include non-invasive 

prenatal testing (NIPT) (5); cancer diagnostics, practiced on e.g., liquid biopsies (LQBs) (6), 

effusion fluids (7), fresh frozen tumor tissue (FFT) (8) or formalin-fixed paraffin-embedded 
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material (FFPE) (9); preimplantation genetic testing (PGT) (10); and in the context of 

intellectual disability and congenital abnormalities, the study of congenital aberrations, which 

is often exercised on genomic DNA extracted from lymphocytes (gDNA) (11). 

Due to its broad field of application, an abundance of data-analysis software has been 

developed for sWGS (Table S1). These are commonly referred to as depth-of-coverage (DOC) 

methods. Other categories, enclosing assembly-based, split-read or read-pair methods, can 

additionally reveal chromosomal rearrangements (12). Nevertheless, these require higher 

coverage which is generally not (yet) achievable in a diagnostic context. DOC tools usually 

comprise three basic steps in which they vary: data normalization, segmentation and aberration 

calling. While mostly subtle differences between approaches are present in the latter two 

phases, normalization seems to be the fundamental pillar for obtaining reliable results (13). 

Indeed, without normalization, predicted variations would not only reflect copy number state, 

but also repetitive sequences, GC content, mappability, polymorphisms, sample quality, false 

computational assumptions, etc. (14–17). Moreover, normalization directly impacts the 

performance of the following phases. Below, some of the steps executed by the majority of 

these software, and some alternative approaches, largely focused on normalization, are 

discussed. 

DOC tools partition the genome in windows 

All coverage-based CNA tools start by determining the number of reads at certain loci. 

Naturally, these numbers can be interpreted as measures for copy number. As sWGS never 

covers the genome entirely, a reference sequence is divided in larger (often non-overlapping 

and equally sized) windows or bins, which do exhibit the property of whole-genome coverage. 

An important consideration is the size of these bins: the larger they are, the more reads they 

will hold and the less ‘noise’ that will be displayed by the overall output. However, using larger 

bins comes at a price, namely a resulting lower resolution. Since read counts follow a binomial 

distribution, the level of Gaussian noise can be calculated in function of the coverage and bin 

size (18). An optimal bin size, which intrinsically depends on the interest and type of analysis, 

should thus be selected according to the sequencing depth. 

A large collection of normalization techniques has previously been described 

Normalization techniques can be subcategorized in three main groups. The most basic 

methodology uses a set of healthy reference samples that were subject to the same experimental 

procedures. Bins from this set operate as the normal diploid state, which can be exploited for 

normalization. Its main disadvantage is the need for a (generally large) set of (validated) normal 

reference samples. The latter can be omitted by using one of many reference-free approaches. 
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These procedures tend to normalize by using known features (such as GC content, mappability, 

etc.) of a human reference genome. Nevertheless, reference-free recipes are often described as 

less performant. Finally, matched case-control methods enable discrimination between a 

constitutional and e.g., a tumor-derived variation (19). Moreover, minor-allele frequencies can 

aid in predicting the true source of such a deviation (20). Other than the fact that multiple high-

coverage samples per patient result in complications (i.e., cost, analysis time, …), these 

procedures are simply not possible for e.g., NIPT and other cell-free strategies. 

In this study, six techniques, selected for their diagnostic ability, popularity and distinct 

properties (Table S1), are extensively compared. A basic form of reference-free normalization 

can be found with FREEC (21). Here, a polynomial fit is created between bin-wise read counts 

and their GC content, which serves as a normalization track. Next, mappability information is 

used to either filter or additionally normalize the bins. QDNAseq (22), however, aims at 

simultaneously correcting GC and mappability bias utilizing a loess fit between counts at bins 

with the same combinations of GC and mappability features. BIC-seq2 (23) states that bin size 

is a particularly important parameter during normalization. Here, copy numbers are quasi-

Poisson distributed, where a generalized additive model is used to describe their dependence 

on local genomic features. BIC-seq2 does not use mappability information to normalize equally 

sized bins, but instead normalizes uniquely mappable windows—which makes sense, since 

equally sized bins naturally contain varying mappable positions. Hereafter, results for larger-

sized windows, and thus a desired resolution, can still be obtained by merging normalized ones 

to a close-to desired width. 

Regarding tools that necessitate pooled healthy reference samples, cn.MOPS (24) uses 

a mixture of Poisson distributions, where each locus is represented by a separate generative 

probabilistic model created using reference and case samples. Although this tool is actually 

described for dealing with higher than shallow sequencing depths, we still desired to evaluate 

it for its use of interesting concepts. Another tool contained in this category is CNVkit (25). In 

contrast to cn.MOPS, the set of normals is used directly to normalize corresponding bins. On 

top of this, some basic within-sample normalization is performed, meaning that CNVkit intends 

to correct for variation introduced by ‘untraceable sources’, such as varying sample quality 

which impacts the effect of GC bias, without the necessity to resequence control samples. A 

rolling median technique is adopted to normalize bins with similar GC content, repetitiveness 

and target density—the latter describing an effect where reads are present to a fewer extent at 

the edges of targeted sites, exclusively affecting whole-exome sequencing data. Finally, 

WISECONDOR (26) specifically addresses untraceable between-sample variation. Here, a 
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reference set is required to both normalize bins directly, using the first three components of a 

principal component analysis (PCA) (27), and for defining sets of within-sample reference 

bins, each of which represent another window that is thought to behave the same. The search 

for sets of within-sample reference bins is executed by the Euclidean distance, which scans all 

samples of the pooled reference. These collections of within-sample loci handle a second round 

of normalization. Doing this, if all healthy reference samples were subject to the same 

experimental and computational conditions as the cases, the need to fully understand the 

mechanism behind the origin of any bias is eliminated. 

A blacklist of chromosomal regions is used to mask uninformative loci 

The human genome harbors lots of problematic repeats such as satellites, centromeres and 

telomeres which impede short-read mapping. In addition, highly variable regions, including 

among others alternative haplotypes, e.g., overrepresented on chromosome 19, all complicate 

normalization. That is why every CNA tool borrows the concept of a ‘blacklist’, holding 

chromosomal positions of indeterminable copy number. For reference-free methods, this list is 

frequently pre-defined (e.g., QDNAseq), whilst others often derive it from a reference set (e.g., 

WISECONDOR). 

Segmentation and aberration calling result in an easy-to-interpret output 

Arriving at the final steps, the normalized and blacklisted profiles are divided into segments, 

defining loci of equal copy number. Ideally, each chromosome forms one segment at diploid 

level—at least for autosomes—with the exception of (sub)chromosomal true aberrations. The 

most embraced algorithm to realize segmentation, is circular binary segmentation (CBS) (28). 

It is inter alia adopted by QDNAseq, cn.MOPS and CNVkit. Finally, a statistical method tries 

to separate significant segments from regions classified as normal. Most tools offer a parameter 

argument that allows to be optimally tweaked for a particular type of analysis to maximize the 

number of true positives, whilst keeping the false positives and negatives at a minimum. 

This study analyzes two distinct types of diagnostic tests 

Using 40 validation samples, each of which processed by all tools of interest, two disparate 

types of diagnostic tests were evaluated. First, larger (sub)chromosomal aberrations can be 

detected in cell-free DNA (cfDNA) by NIPT at very low coverage (0.2-0.3x). Second, gDNA 

extracted from lymphocytes at higher coverage (1x) allows the discovery of smaller 

subchromosomal events. In contrast to NIPT, non-mosaic congenital variations in gDNA are 

expected to be seen at discrete constitutional copy number levels other than diploid, whereas 

with NIPT, the peak of a true event is fetal fraction dependent. We reasoned that, if a software 

supplies good results on both of these types of analyses, it seems justified to refer to it as 
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‘generally applicable’, as for malignancies, deviations are typically expected to be positioned 

somewhere between NIPT and constitutional deviations. 

Methods 

Sample and bin size selection 

As half of the six tools of interest require a pooled reference set, 100 exclusive healthy 

reference samples were selected (Table S1). Concerning test cases, twenty healthy samples and 

another twenty with (validated) aberrations, annotated during routine testing, were included 

(Table S2). The analyses were performed using a bin size of 30 kb, which should enable 

capturing the 50-to-450 kb confirmed events for the gDNA group, whereas the NIPT group is 

evaluated with 100 kb bins, as all included NIPT aberrations have larger widths (at least 5 Mb). 

Using these bin sizes in combination with the acquired sequencing depths (Table S2), similar 

levels of noise for all profiles should be obtained. 

DNA isolation 

For NIPT, maternal blood samples were centrifuged within 24 hours of collection at 1600g for 

10 minutes at 4°C to separate the plasma from the blood cells. Plasma was subsequently 

centrifuged at 16000g for 10 minutes at 4°C. The supernatant was transferred to a new 

microcentrifuge tube and stored at −80°C or −20°C until further processing. Finally, cfDNA 

was extracted from 3.5 mL of plasma using the Maxwell® RSC ccfDNA Plasma Kit (Promega) 

following the manufacturer's instructions. For gDNA analysis, DNA was extracted from 

peripheral blood lymphocytes of the patients, following standard protocols. 

Library preparation and sequencing 

Shallow whole-genome sequencing of cfDNA and gDNA samples was performed using a 

Hiseq3000 sequencer (Illumina Inc.), starting from 5 ng input of cfDNA, or 200 ng of gDNA. 

For library construction of cfDNA samples, the NEXTflex® Cell Free DNA-Seq kit (Bioo 

Scientific) was used according to manufacturer's instructions. For gDNA samples the 

NEXTflex® Rapid DNA Sequencing kit (Bioo Scientific) was adopted. All pipetting steps 

were automated on a Hamilton Star robot (Hamilton). Library concentrations were measured 

by the Qubit High-Sensitivity kit (Thermo Fisher Scientific), and equimolar concentrations 

were pooled before sequencing. The minimal number of reads per sample was set at 10 million 

for cfDNA samples and 50 million for gDNA samples. 

Mapping 

Although GRCh38 mapping would be recommended, our comparative study used Bowtie2 (29) 

(with fast-local flag) to map sequencing reads to human reference genome 19, as pregenerated 
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files for the majority of CNA tools were solely available for GRCh37. Bamsormadup 

(https://github.com/gt1/biobambam2) was deployed to generate sorted BAM files with marked 

duplicates. 

Validation of aberrations 

Different confirmation strategies were adopted to validate the samples of interest (Table S3). 

NIPT validation was mostly performed by amniocentesis and chorionic villus sampling. Five 

of these aberrations could not be confirmed in the fetus: these were assumed to be mosaic and 

from placental origin, mostly because the aneuploidies were not viable, or they were supported 

by unmatched fetal fractions. Fetal fractions were measured by seqFF (30). For gDNA, 

aberrations were detected by trio analysis. Note that for this set, we could not exclude the 

presence of de novo aberrations that didn’t match any of the parents, unless they were supported 

by phenotype. 

Study approach 

A simple pipeline was employed where every tool evaluated the same set of 40 test samples 

(Figure S1). Our comparisons are comprehensively based on bin-wise log2-transformed ratios 

between normalized observed and expected read counts, a measure that is calculated by the 

vast majority of CNA tools. Unfortunately, some algorithms blacklist these observations 

extremely conservative, whilst others do this rather liberal. A priori, a conservative algorithm 

has a higher chance to return clean data. To avoid bias at any level, a combined mask, created 

by inferring the union of all reviewed blacklists, was applied to the resulting ratios of the 

tools—this post-normalization blacklisting ensured that there was no interference with the 

actual algorithms. At last, CBS was executed on all profiles in order to obtain bias-free 

segments. Since not all of the reviewed tools analyze sex chromosomes, only autosomes were 

considered. 

Tool settings, post-processing and blacklist extraction 

Post-tool parsing and the actual comparative analysis were executed by custom scripting in 

Python and R, respectively. Prior to this, every tool was applied to a set of 40 test cases. Below 

some of the parameter arguments and post-processing procedures are shortly discussed. 

FREEC. Using control-FREEC (v11), the read counts were normalized by the provided 

GEM mappability file (http://boevalab.com/FREEC/tutorial.html) and hg19 chromosomal 

sequences (and lengths). Other arguments, with the exception of bin size, remained untouched. 

Ratios of -1 were interpreted as blacklisted loci, others were log2-transformed to obtain the 

desired measure. 
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QDNAseq. For QDNAseq, its manual (v1.14.0) was strictly followed: simultaneous 

correction for GC content and mappability was applied, followed by outlier smoothening. Final 

uncovered bins were seen as blacklisted regions. 

BIC-seq2. Seq files were generated using a custom script based on the author’s 

descriptions (http://compbio.med.harvard.edu/BIC-seq/). Once again, provided chromosome-

wise mappability documents were donated to the default bicseq2-norm (v0.2.4) script. Note 

that BIC-seq2 does not separate the genome in equally sized bins: whenever an observed bin 

size exceeded the specified desired size by a factor 2 or more, this was interpreted as an 

alternative way of blacklisting. Ratios were obtained by dividing the observed with the 

expected read counts, followed by log2 transformation. 

cn.MOPS. cn.MOPS (v1.24.0) was executed according to its R manual, using the 

default settings. The function .makeLogRatios finally donated log2 scores, where blacklisted 

bins were defined for having an extrapolated median ratio—these were deduced as such. 

CNVkit. The batch function and -m wgs flag enable CNVkit (v0.9.3) for whole-genome 

sequencing use. Since no equally sized bins are used, the same blacklisting principles as 

adopted for BIC-seq2 were applied. 

WISECONDOR. All settings, with the exception of -binsize at the convert and newref 

functions, remained default. Blacklisted positions are characterized by a ratio of exactly zero. 

According to WISECONDOR’s code, the true ratio minus one results in a default output. After 

adding one, ratios were log2-transformed. 

Circular binary segmentation 

Autosomal CBS was executed by the DNAcopy (v1.50.1) R package. The alpha parameter, 

defining a p-value cut-off between consecutive bins for breakpoint calling, was set to 1e-5. 

Segments should contain at least two bins. Finally, the mean value of corresponding bins was 

interpolated as the ratio of a segment. 

The median segment variance 

The observed median segment variance (MSVo), a sample-wise measure for noise, is defined 

as the median of a set of variances, where each variance corresponds to the variance of a 

segment. Although not truly calculated, the expected median segment variance (MSVe) is 

inversely proportional to the bin size and the read depth, as both define noise, for which MSVo 

is a measure. 

𝑀𝑆𝑉0 ≈ 𝑀𝑆𝑉𝑒~
1

𝑟𝑒𝑎𝑑 𝑑𝑒𝑝𝑡ℎ ∗ 𝑏𝑖𝑛 𝑠𝑖𝑧𝑒
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Constitutional aberration calling 

The ‘default heights’ for constitutional autosomal aberrations in log2 dimension are given 

below. 

𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛 = 𝑙𝑜𝑔2 (
𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑐𝑜𝑝𝑦 𝑛𝑢𝑚𝑏𝑒𝑟

𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑐𝑜𝑝𝑦 𝑛𝑢𝑚𝑏𝑒𝑟
) = 𝑙𝑜𝑔2 (

1

2
) = −1 

𝐷𝑢𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛 = 𝑙𝑜𝑔2 (
𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑐𝑜𝑝𝑦 𝑛𝑢𝑚𝑏𝑒𝑟

𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑐𝑜𝑝𝑦 𝑛𝑢𝑚𝑏𝑒𝑟
) = 𝑙𝑜𝑔2 (

3

2
) ≈ 0.58 

 

The boundary for constitutional aberration calling was chosen at an arbitrary 1/3 copy number 

deviation from diploid—this to capture most true positives, whilst being sufficiently liberal to 

obtain an abundance of false positives. 

𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛 𝑐𝑢𝑡𝑜𝑓𝑓 = 𝑙𝑜𝑔2 (
2 − 1/3

2
) ≈ −0.26 

𝐺𝑎𝑖𝑛 𝑐𝑢𝑡𝑜𝑓𝑓 = 𝑙𝑜𝑔2 (
2 + 1/3

2
) ≈ 0.22 

Results 

Obtaining bias-free ratios using a unified blacklist 

Comparing the blacklists employed by the CNA tools illustrates large differences in masking 

stringency, supporting the use of a unified blacklist to sideline this origin of bias (Figure S2; 

Figure S3). For 100 kb windows, the conservative QDNAseq noteworthy masks 14% of the 

human genome, whilst the more liberal CNVkit and cn.MOPS account for only 6% each. In 

total, the inferred unified blacklist covers 16% of the human genome. After applying this mask 

to all bin-wise log2 ratios, healthy cases, thought to have none or few large variations, are 

ideally expected to match profiles with flat log2 patterns across all autosomes (typical 

autosome-wide profiles in Figure S4 for NIPT and Figure S5 for gDNA). In samples with 

aberrations however, the true deviations ideally transcend the background noise (typical 

autosome-wide profiles in Figure S6 for NIPT and Figure S7 for gDNA). 

Noise and normality 

Variance highly depends on sequencing depth. Other than coverage, normalization algorithms 

might overlook main sources of bias which could thus negatively impact desired overall flat, 

normally distributed and limited noisy profiles in healthy cases. Overall flatness and normality 

can be measured by deploying the profile-wide variance and the Lilliefors normality test, 

respectively (Figure 1). Since both should be as low as possible, WISECONDOR, closely 

followed by CNVkit, score best. 
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Figure 1. The profile-wide variance versus the Lilliefors normality statistic. The means across log-transformed 

variances and Lilliefors statistics are shown. The lower left-hand corner is expected to contain the best tools 

according to these measures. One observation (gDNA/cn.MOPS), seems to desert the otherwise apparent linear 

relationship between both measures, mostly caused by sample gDNA-3 (Figure S8). 

 

Concerning a sample-wise noise measure, overall variance could be biased by subtle 

deviations. That is why we described a novel robust measure, named the (observed) median 

segment variance (MSVo). This measure should reflect its expected equivalent, the MSVe, 

which is proportional to read depth and selected bin size (Figure 2) (Materials and methods). 

Here, it’s notable that the set of superior tools comprise the ones that use reference samples. 

Again, WISECONDOR’s pole position is firmly followed by runner-up CNVkit. One 

observation however, gDNA-3, escapes this trend (Figure S8): exclusively WISECONDOR 

appears to normalize this sample correct. Note that this implies an unverified assumption 

stating that for this sample, WISECONDOR’s profile utmost approximates reality. 

Nonetheless, a second similar observation, this time with confirmed aberrations (discussed 

later), will strengthen this hypothesis. 

Amplitude 

A superior normalization strategy should not arise at the expense of inferior amplitudes 

(defined as the absolute value of the corresponding segment’s log2 ratio) at true deviations. The 

amplitude measure exhibits no large differences between the reviewed tools, with the exception 

of cn.MOPS (Figure 3). WISECONDOR does not display the largest amplitudes, yet it seems 

superior compared to its current closest rival, CNVkit. Note that the highest peaks do not 

necessarily present the most correct ones—indeed, it is essential that an amplitude not only 

indicates an aberration but also reflects its true copy number. Nevertheless, non-mosaic 

congenital gDNA deletions are constitutional and are thus expected at log2 ratios of -1, whereas 

duplications are to be seen at 0.58 (the ‘default heights’ of aberrations, Materials and methods). 
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Our observations seem to consequently exhibit lower amplitudes, probably due to segments 

with outer bins that merely cover the matching loss or gain, an effect greatly affecting these 

narrow events. 

 

 

Figure 2. The median segment variance. Scattered dots represent sample-wise observations of median segment 

variances (MSVo). The default boxplots clarify the underlying distributions. A solid line represents the median, 

whereas a dotted line indicates the mean. Note that the means are consistently higher than the medians, caused by 

outlier sample gDNA-3 (Figure S8), which is additionally marked by arrows. The colors of the dots represent the 

MSVe, a measure that depends on bin size and sequencing depth. According to the outlier sample, the lowest 

mean and median MSVo and a generally smooth blue-to-yellow (MSVe) transition, WISECONDOR scores best. 

 

Performance 

Without replicating a true statistical algorithm, gDNA samples allow for a hard ratio cut-off as 

aberrations from non-mosaic origin, which are not subject to tumor or fetal fraction, are 

expected to appear at ‘default heights’. This boundary was chosen at 1/3 copy number deviation 

from diploid (Materials and methods)—this to capture most true positives, whilst being 

sufficiently liberal to obtain an abundance of false positives, supporting algorithm-wise 

comparison. 

Using this approach, solely CNVkit and WISECONDOR realize a sensitivity of 100%, 

where WISECONDOR returns 6 false positives, whilst CNVkit claims 10. Remark that these 

false observations could involve non-annotated true events as well: de novo gains and losses 

cannot be excluded during trio-analysis. Notably, according to the reciprocity of dots across 

the tools of interest, WISECONDOR’s false positives probably belong to this group of 

unannotated narrow events (Figure S9). 

 



  75 

 

Figure 3. The amplitude of aberrations. Traveling left-to-right lines symbolize specific confirmed events (Table 

S3) and their interpretation by the tools. The default boxplots clarify the underlying distributions. Solid lines (both 

for boxplots and observations) represent NIPT, whereas gDNA is depicted by dotted lines. For NIPT, one sample 

appears with elevated amplitudes, which concerns a mosaic maternal variation (NIPT-22). The narrowest event 

(in gDNA-11) is exclusively captured by cn.MOPS, CNVkit and WISECONDOR. 

 

gDNA-12, a second problematic sample that seems to suffer from unaccounted bias, provoked 

multiple false positive results across all tools except one (Figure S10). In e.g., chromosome 5, 

true events exclusively transcend the noise in WISECONDOR (Figure 4). 

Finally, receiver operating characteristic (ROC) curves enable us to truly study bin-

wise performance without a potentially biased predefined aberration cut-off. Again, 

WISECONDOR performs best, with differences in gDNA expressed to the greatest extent 

(Figure 5). Remember that these curves do not represent the true performance of the tools 

(which is underestimated), yet they do reflect the most important aspect, being bin-wise 

normalization. 

WISECONDOR’s limitations 

Although WISECONDOR certainly normalizes copy number data in the most consistent way, 

a CNA tool comprises more than a normalization phase. WISECONDOR was originally 

introduced as a NIPT-specific data analysis software. Suitable for debate, this implies that sex 

chromosomes are of less interest. Moreover, due to complications, such as a gender-dependent 

presence or absence of fetal Y-reads and a variable number of X-reads, gonosomes were 

excluded from the analysis. WISECONDOR implements a Stouffer's Z-score sliding window 

approach to simultaneously segment and score possible aberrations. This algorithm is 
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unfortunately extremely slow for small bin sizes: we observed a mean runtime of 24 hours for 

a realistic resolution of 15 kb. Even more important, the algorithm is error-prone when dealing 

with large amounts of deviations. Particularly aberrations-within-aberrations cannot be dealt 

with and are not segmented correctly. In conclusion, WISECONDOR lacks basic necessities 

to suffice for a generally applicable sWGS tool. 

 

 

Figure 4. Chromosome 5 profile comparison of problematic sample gDNA-12. Although exclusively 

cn.MOPS depicts false positives in chromosome 5, scattered segments in all but WISECONDOR’s profile indicate 

mosaic deviations, which are not the case. It appears that solely WISECONDOR accounts for a particular type of 

bias, highly present in this sample. 

 

WisecondorX 

In response to previous limitations, we present WisecondorX. This novel freely available 

software package, written in Python and R, contains the same normalization principles, yet 

combined with fundamental custom code. To improve user-experience, we made WisecondorX 

installable through Bioconda (31). Below, some of the main adaptations are shortly introduced. 

Gonosomal copy number detection. WisecondorX internally separates male from 

female samples, using a Gaussian mixture model with two expected components, trained on 
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the Y-read fraction during reference creation. This technique appears to work extremely well 

across different types of analyses. Whilst all samples are still used to generate an autosomal 

reference, both gender groups are treated separately to generate two additional gonosomal 

references. This process does not compromise with usability: only one reference file is 

generated. When evaluating a new sample, the gender is automatically predicted and the correct 

gonosomal reference is selected for normalization. 

 

 

Figure 5. The performance capabilities of normalization techniques. The gDNA plot (left) represents the 

performance on all gDNA cases, the NIPT plot (right) on the remaining NIPTs. The false positive rate for gDNA 

is shown in log-scale. These ROC curves do not represent the true performance of the tools, yet they do indicate 

the most important aspect: normalization. We can thus conclude that, for both gDNA and NIPT, WISECONDOR 

performs best. Note that the WisecondorX curves are highly similar to the ones from WISECONDOR, as very 

few modifications to the actual normalization algorithm have been made. 

 

Segmentation. CBS substitutes the original iterative Stouffer’s Z-score technique. This results 

in both significantly lower computing times (Figure 6) and more correct segments for analyses 

beyond NIPT (Figure S11). Both CBS and segmental Z-score calculations (discussed below) 

are weighted using variability information extracted from the reference set in WisecondorX, a 

methodology based on similar key steps in CNVkit. This way, bins with statistics that are less 

likely to be accurate are downweighed. 

Bin-wise, segmental and chromosomal Z-scores. Bin-wise Z-scores are calculated by 

treating the within-sample reference sets as null distributions, as is default in WISECONDOR. 

However, we believe that segmental and chromosomal Z-scores should not be influenced by 

other aberrations. That is why, during reference creation, bin-wise values from 100 healthy 

samples (or less, depending on how many are provided) are normalized and saved in a large 

‘reference matrix’. During z-scoring, naturally occurring variance at any loci, irrespective of 

the size, can be measured by this matrix. 
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𝑍𝑠𝑒𝑔𝑚𝑒𝑛𝑡(𝑛→𝑚) =
𝜇𝑤(𝑅𝑛, 𝑅…, 𝑅𝑚) − 𝜇(𝜇𝑤(𝑟1,𝑛, 𝑟1,…, 𝑟1,𝑚), … , 𝜇𝑤(𝑟𝑝,𝑛, 𝑟𝑝,…, 𝑟𝑝,𝑚))

𝑠𝑡𝑑(𝜇𝑤(𝑟1,𝑛, 𝑟1,…, 𝑟1,𝑚), … , 𝜇𝑤(𝑟𝑝,𝑛, 𝑟𝑝,…, 𝑟𝑝,𝑚))
 

 

In the above formula, 𝑍𝑠𝑒𝑔𝑚𝑒𝑛𝑡(𝑛→𝑚) represents the Z-score corresponding to a segment (or 

chromosome) ranging from bin n until m. 𝜇𝑤() calculates the average of the provided sequence 

weighted by bin-wise variability calculated during reference creation. The functions 𝜇() and 

𝑠𝑡𝑑() calculate a default mean and standard deviation, respectively. 𝑅𝑛 represents the ratio of 

the studied sample at bin 𝑛, whilst e.g., 𝑟2,𝑛 holds the ratio for the same locus in null case 2. 

There are 𝑝 healthy null cases in the reference matrix (𝑝𝑚𝑎𝑥 = 100). 

 

 

Figure 6. Runtime comparison between WISECONDOR and WisecondorX. Minutes are presented in 

logarithmic scale. Timing covered the ‘bam to result’ principle (meaning the combination of the convert and test 

(WISECONDOR) or predict (WisecondorX) functions). Despite not being analyzed by this validation set, 

WISECONDOR exceeds a mean runtime of 24 hours for resolutions of 15 kb (supposed exponential complexity 

for the test function), whereas WisecondorX barely increased with 2 minutes (supposed linear complexity for the 

predict function). The increased runtime in WISECONDOR is caused by the iterative Stouffer’s z-score 

procedure. 

 

𝑍𝑠𝑒𝑔𝑚𝑒𝑛𝑡(𝑛→𝑚) represents a score that is directly proportional to the ‘healthy variability’ of the 

corresponding locus. Moreover, the length of a segment/chromosome is considered: the means 

of longer segments express less natural variability, therefore yielding higher scores for equal 

ratios. We retrospectively applied this score to 5000 NIPT samples, missing not one confirmed 

aneuploidy, whilst retrieving only few false positives, most of which concerned maternal 

aberrations. 

Aberration calling. Notwithstanding Z-scores are thus calculated, a user-definable cut-

off for aberration calling, associated to log2 ratios, is used to separate aberrant segments from 
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normal ones—this to preserve the general character of WisecondorX, where significance is 

unrelated to type of analysis and interest. A key principle in diagnostics further supports this 

methodology: if a small deviation from the healthy state is observed, it should be studied, 

irrespective of its statistical significance. This parameter argument is named --beta and 

represents the linear trade-off between assigning aberrant to every segment (--beta 0) and to 

exclusively expected non-mosaic variants from samples with 100% constitutional purity (--

beta 1). When the tumor or fetal fraction is known, this parameter should be optimally close to 

this measure. 

Output. On top of what’s listed above, numerous smaller yet important changes in terms 

of interpretability and usability were made. These e.g., include the user’s capability to output 

various tables, which can easily be processed by any automatic in-house diagnostic pipeline, 

and a basic plotter, which intends to visualize results during stand-alone use. 

For validation purposes, WisecondorX was also subjected to ROC comparison (Figure 

5). One test case that was not yet reviewed involved a gonosomal aneuploidy (NIPT-21; Table 

S3), where previous comparative study exclusively considered autosomes. A genome-wide 

overview of this sample, inter alia resulting from WisecondorX’s output, is shown in Figure 

S12. As anticipated, the deviation is captured. 

Discussion 

Shallow whole-genome sequencing is rapidly becoming the method of choice to infer copy 

number alterations (>10 kb) in a diagnostic environment. This study compares the most 

important aspect of computational data analysis during this process, which is normalization, 

across six different CNA tools (FREEC, QDNAseq, BIC-seq2, CNVkit, cn.MOPS and 

WISECONDOR) and two types of disparate material (cell-free DNA obtained during routine 

NIPT and gDNA extracted from lymphocytes). 

A unified blacklist was derived to generally mask problematic regions in the test cases, 

as this results in the fairest comparison. An important consideration is that mostly reference-

free methods (FREEC, QDNAseq and BIC-seq2) will benefit from this procedure. Indeed, the 

other tools (CNVkit, cn.MOPS and WISECONDOR) partly compile a blacklist based on the 

type of analysis and laboratory steps, as they exploit healthy reference samples of identical 

material that were subject to the same experimental procedures as the test cases. The union of 

all blacklists consequently introduces this mask to the reference-free methods. Nonetheless, 

this procedure seems justified as our interest lies with comparing normalization, which is 

independent from blacklisting. In short, we noticed that without this supplementary mask, the 
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differences between WISECONDOR and the other tools are pronounced to an even greater 

extent, even compared to QDNAseq, which uses a more conservative blacklist, meaning 

WISECONDOR selects its blacklist in a well-balanced and an apparent correct way. 

A tool’s necessity for a pooled reference set might introduce complications, yet these 

compensate beyond doubt for the improved results. Especially in a diagnostic setting, the focus 

of this paper, acquiring a set of healthy pre-analyzed samples should not form an obstacle. 

Moreover, most tools, including WISECONDOR, provide code to transform a reference set 

into a compressed and directly interpretable format, a process that should only be executed 

once, meaning testing does generally not increase runtime in comparison to reference-free 

methods. 

Two striking observations (gDNA-3 and gDNA-12) suffered from unknown bias that 

remained uncorrected in all tools but WISECONDOR. Our institution retrospectively reported 

numerous other such cases, at the time concluding that, for unknown reasons, these samples 

could not be normalized efficiently. Notwithstanding that the true source of this bias remains 

unknown, WISECONDOR appears to accurately normalize these data. To interpret this 

finding, remember that both CNVkit and WISECONDOR implement the idea of within-sample 

normalization. For CNVkit, bin associations within a genome are based on genomic features 

such as GC content, whereas in WISECONDOR links arise from the Euclidean distance 

measure which scans all pooled reference genomes. The latter technique circumvents the need 

to fully understand the mechanism behind any source of potential bias. We hypothesize that, 

as CNVkit fails in correctly normalizing both gDNA-3 and gDNA-12, in contrast to 

WISECONDOR, the bias in these samples originates from another than typical source. 

Concluding a comprehensive comparative study concerning three pillars of 

normalization, WISECONDOR returned the best results. In healthy cases, normally 

distributed, overall flat and non-noisy profiles were obtained. Concerning performance 

capabilities, WISECONDOR realized afresh superior outcome. These positives were not 

compromised with inferior amplitudes at validated aberrations. 

Although WISECONDOR’s approach certainly outperforms the other normalization 

algorithms, as just described, several limitations make it unfit for routine diagnostic use. We 

concluded our paper by releasing an adapted version of WISECONDOR, named WisecondorX, 

which supports a similar normalization procedure, yet the algorithm is enabled for genome-

wide and general use beyond NIPT. 

In contrast to most other established tools, WisecondorX does not base it aberration 

calls on a true underlying statistical procedure. We believe these procedures can only work 
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reliable when they are optimized for a specific type of analysis. Indeed, a statistical approach 

should be optimized to expectance: in theory, for NIPT, as we expect none or sometimes one 

large deviation with a small amplitude, an algorithm could measure the deviation of a segment 

in comparison to the others, yet this reasoning does not apply for a highly aberrant tumor 

sample. Furthermore, when constitutional aberrations are of interest, higher amplitudes at 

variations are typically expected compared to cases subjected to DNA purity/fraction such as 

NIPT: it’s virtually impossible to optimize a statistical recipe for all of the latter. Finally note 

that in a diagnostic setting, significance levels seem less important: an apparent variant should 

still be reported, even if it didn’t reach a user-defined significance level. Nevertheless, Z-scores 

are still calculated by WisecondorX and have been shown to work reliably for NIPT. 

To conclude, WisecondorX has been adopted by the ViVar structural genomic variation 

platform (32), where it replaced the reference-free QDNAseq software. 

Data availability 

WisecondorX is an open-source tool. User-manual and software are freely available at 

https://github.com/CenterForMedicalGeneticsGhent/WisecondorX. 
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Abstract 

Objective. During routine non-invasive prenatal testing (NIPT), cell-free fetal DNA fraction is 

ideally derived from shallow-depth whole-genome sequencing data, preventing the need for 

additional experimental assays. The fraction of aligned reads to chromosome Y enables proper 

quantification for male fetuses, unlike for females, where advanced predictive procedures are 

required. This study introduces PREFACE (PREdict FetAl ComponEnt), a novel 

bioinformatics pipeline to establish fetal fraction in a gender-independent manner. 

Methods. PREFACE combines the strengths of principal component analysis and neural 

networks to model copy number profiles. 

Results. For sets of roughly 1100 male NIPT samples, a cross-validated Pearson correlation of 

0.9 between predictions and fetal fractions according to Y chromosomal read counts was noted. 

PREFACE enables training with both male and unlabeled female fetuses. Using our complete 

cohort (nfemale=2468, nmale=2723), the correlation metric reached 0.94. 

Conclusions. Allowing individual institutions to generate optimized models sidelines between-

laboratory bias, as PREFACE enables user-friendly training with a limited amount of 

retrospective data. In addition, our software provides the fetal fraction based on the copy 

number state of chromosome X. We show that these measures can predict mixed multiple 

pregnancies, sex chromosomal aneuploidies and the source of observed aberrations. 

Introduction 

Non-invasive prenatal testing (NIPT) has evolved into an important routine clinical practice. 

Numerous variations on experimental and in silico procedures have been shown to reliably 

detect fetal chromosomal aneuploidies, mostly concerning trisomy 13, 18 and 21 (1–5). The 

accuracy of NIPT seems high, however, as fetal fragments are scattered throughout a more 

abundant maternal background in blood plasma, individual performance highly depends on the 
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fraction of fetal-derived cell-free DNA (FF). Indeed, the minimal FF for reporting unilateral 

conclusions has often been debated to be 4%, though lower limits are alleged (6–8). 

Several fetal gender-independent methodologies have been described to assess FF. 

Prior parental genomic information often facilitates some of these procedures, as e.g., paternal 

or maternal homozygous loci that are determined to be partly heterozygous in maternal blood 

during pregnancy form a precise platform to quantify FF (9–11). Nonetheless, parental priors 

are not always obliged: using binomial mixture modeling, fetal and maternal clusters of single 

nucleotide polymorphisms also reflect FF, yet a higher sequencing depth is required (12). 

Likewise, different inputs, such as molecule size (cell-free fetal DNA fragments are often 

shorter) and methylation patterns (some fetal sites are hypermethylated), enable FF prediction 

(13–16). 

Routine NIPT is converging towards a cost-effective recipe, with back-end automated 

computational pipelines expecting mostly single-end shallow-depth whole-genome sequencing 

data (sWGS; 0.1-1x coverage) to determine copy number alterations (17). Previously discussed 

FF determining techniques imply the need for additional laboratory steps and/or (currently) 

non-feasible deep sequencing. Therefore, a handful tools have been developed to predict FF 

based on exclusively sWGS data. The copy number state of the X chromosome, and especially 

the number of observed Y chromosomal reads, form popular foundations to calculate FF—

here, these are referred to as FFX and FFY, respectively (18,19). Unfortunately, they are only 

informative for male fetuses. Accordingly, two other approaches have been described to predict 

FF, without relying on the gonosomes. One of these exploits nucleosome positions, 

hypothesizing that shorter fetal fragments are caused by differential nucleosome packaging 

(20). The spatial distribution of mapped reads should represent FF; however, the reported 

performance of the predictive model seems rather unsatisfactory (19). Finally, SeqFF, which 

uses a model designed directly on bin-wise copy number features of more than 25,000 pregnant 

women, reports accurate FF determination, with a Pearson correlation between predictions and 

FFY of 0.932 (21). The inventors state that cell-free fetal and maternal fragments are not 

uniformly distributed across the human reference genome: small differences in local read 

counts are predictive for FF. Aside from the seemingly excessive number of required male 

training samples, the software does not provide a training option. Therefore, users are restricted 

to a pre-trained alternative. Due to inevitable differences in laboratory and computational 

procedures between training and test cases, the correlation is expected to be lower than what is 

claimed. 
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Applying similar biological principles as used by SeqFF, we set out to develop 

PREFACE (PREdict FetAl ComponEnt), a software that enables model training, utilizing a 

limited amount of data, which includes unlabeled female samples to maximize the input. The 

semi-supervised pipeline operates an initial unsupervised phase, in the form of a principal 

component analysis (PCA), and a subsequent supervised step, where a neural network (NN) 

weighs the computed principal components (PCs) to model fetal-induced variance. 

Methods 

Library preparation and sequencing 

Blood samples were collected in 10 mL Cell-Free DNA BCT tubes (Streck) or PAXgene Blood 

DNA Tubes (Qiagen). Within 24 hours after collection, plasma isolation was executed by 

centrifugation (4°C; 10 min at 1600g; 10 min at 16000g, or 15 min at 1900g, respectively). The 

supernatant was transferred to a new tube and cfDNA was extracted from 3.5 mL plasma using 

the Maxwell RSC ccfDNA Plasma Kit (Promega), following the manufacturer's instructions. 

Using 25μL of cfDNA, library preparation was executed on a Hamilton Star liquid 

handler using the NEXTflex Cell Free DNA-Seq Library Prep Kit (Bioo Scientific) and 

NEXTflex DNA Barcodes (Bioo Scientific). After pooling, cluster generation and sequencing 

were completed by respectively a cBot 2 and HiSeq 3000 system (Illumina). The minimal 

number of reads (single-read; 50-cycle mode) per sample was set to 15 million. 

Copy number profiling 

Raw reads were mapped by Bowtie 2 onto human reference genome GRCh38 (and GRCh37, 

for SeqFF compliance), using the fast-local flag (22). Biobambam’s bamsormadup was used 

to mark duplicate reads and to sort resulting bam files (23). Indexing was executed by 

SAMtools (24). To reliably deduce normalized bin-wise log2 ratios from sWGS data, we 

preferred WisecondorX, considering it yields superior copy number profiles, as shown by our 

group in earlier work (25). These ratios represent the relation between the observed (numerator) 

and expected (denominator) number of reads, the latter matching the diploid state. Since these 

values are subject to Gaussian noise, a resolution of 100 kb was selected to yield reasonable 

noise levels in function of the obtained number of reads (20,534,289 ± 5,662,927). Regions 

without resulting information were interpreted as loci of undeterminable copy number, as 

defined by WisecondorX. 

NIPT cohort 

From December 2017 until September 2018, 5629 NIPT experiments were routinely executed 

at the Center for Medical Genetics Ghent, of which 5572 passed quality filtering, including 177 
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echographically confirmed twins, 1 triplet and 14 fetuses with confirmed trisomies for 

chromosome 13, 18 or 21 by chorionic villus sampling or amniocentesis. All analyses were 

applied to this set, with the exception of the actual model training and subsequent cross-

validation. For these parts, we defined a second set (nfemale=2468, nmale=2723) after applying 

an additional filter: exclusively gender-annotated single and same-gender multiple pregnancies 

were allowed, where five more male samples, suspected of having sex aberrations according 

to differences in FFY and SeqFF computations, were excluded. 

Response variable FFY 

For male fetuses, the FF is linearly proportional to the read depth-corrected mean number of 

observed Y reads (𝑌𝑁𝐼𝑃𝑇,𝑚𝑎𝑙𝑒). In the formula below, the prior or naive FFY is interpreted as a 

𝑌𝑁𝐼𝑃𝑇,𝑚𝑎𝑙𝑒 observation between the median of a set of male liquid biopsies (LBs) 𝒀𝐿𝐵,𝑚𝑎𝑙𝑒
̃  

(FFY=100%) and female background noise 𝒀𝑁𝐼𝑃𝑇,𝑓𝑒𝑚𝑎𝑙𝑒
̃  (FFY=0%). For female fetuses, the 

prior FFY is set to 0. 

𝐹𝐹𝑌𝑝𝑟𝑖𝑜𝑟,𝑚𝑎𝑙𝑒 =
𝑌𝑁𝐼𝑃𝑇,𝑚𝑎𝑙𝑒 − 𝒀𝑁𝐼𝑃𝑇,𝑓𝑒𝑚𝑎𝑙𝑒

̃

𝒀𝐿𝐵,𝑚𝑎𝑙𝑒
̃ − 𝒀𝑁𝐼𝑃𝑇,𝑓𝑒𝑚𝑎𝑙𝑒

̃
 

 

𝐹𝐹𝑌𝑝𝑟𝑖𝑜𝑟,𝑓𝑒𝑚𝑎𝑙𝑒 = 0 

 

As previously reported, masking the Y chromosome prior to calculating FFY increases the 

precision (18,19). We took this concept one step further by creating a model that provides a 

weighted selection of the most appropriate set of Y windows. This way, a large increase in 

power to separate males from females was noted. We believe hypervariable FF-unrelated bins 

are down-weighted, forming a supposed overall more accurate FFY. A general linear model 

with lasso regularization (λ=1e-4) was selected, using the read depth-normalized number of 

reads at 5 kb Y bins as explanatory parameters, and the prior FFY as a response variable (Figure 

S1). The fitted model parameters were retrieved to infer a final FFY, as shown below. 

 

𝐹𝐹𝑌𝑓𝑖𝑛𝑎𝑙 = 𝛽0 + 𝛽1𝑦1 + ⋯ + 𝛽𝑛𝑦𝑛  

 

Above, 𝛽0 is the intercept, 𝛽𝑘 indicates the beta estimate for bin 𝑘, whereas 𝑦𝑘 represents the 

observed normalized number of reads at the same locus. Chromosome Y has 𝑛 bins (𝑛=11447). 

Note that 𝐹𝐹𝑌𝑓𝑖𝑛𝑎𝑙  was calculated using a cross-validation strategy: different models were 

trained to circumvent overlap between train and test cases. An overall model determined that 

10.76% of chromosome Y remained available for FFY determination (𝛽𝑘≠0). The Pearson 

correlation between the prior and final FFY was 0.985 for male fetuses. 
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PREFACE method 

To maximize training input, PREFACE uses a combination of unsupervised (applicable to all 

NIPT samples) and supervised learning (applicable to samples with known FF, being all male 

fetuses in our case). The explanatory variables comprise all autosomal bins for which a log2 

ratio could be derived. Note that an exception holds: loci at chromosome 13, 18 and 21 are 

excluded—this because these chromosomes might be wrongly estimated as highly related to 

FF due to the presence of fetal aneuploidies in the training set. 

Unsupervised learning. Between observations (samples), some explanatory variables 

(bins) are expected to be codependent as a result of inter alia differing FFs. In other words, 

non-random variance, linked to FF, is thought to be present. PCA is a technique to model the 

observed variance by orthogonal transformation: the original explanatory variables are 

converted to new linearly uncorrelated parameters, named PCs (26). PCs are ranked in order 

of importance, meaning each PC explains less variance than its predecessor. The first set of 

PCs (ndefault=50) models a large portion of the non-random variance, thus including FF-induced 

variance, whereas the remaining PCs mostly map naturally occurring Gaussian noise, as a result 

of the original binomial read count distribution (27). The computed PCA rotations, based on 

all NIPT samples, enable us to calculate the most important PCs for exclusively cases with 

known FF. This latter set is further processed in the supervised phase. 

Supervised learning. As stated, PCA presumably separates Gaussian noise from other 

sources of variance. Consequently, a supervised classifier is required to model exclusively FF-

induced variance. We preferred an artificial NN with two hidden layers, using resilient 

backpropagation with weight backtracking, and the sum of squared errors as a loss function. 

This black box method weighs parameters (PCs) in function of the response variable (FFY). 

As machine learning often tends to find the best solution for most cases, rather than for all, 

predictions and FFY values are slightly ‘slanted’ relative to each other. A default slope and 

intercept extracted from a linear model corrects for this tendency. 

PREFACE software 

The PREFACE software (https://github.com/CenterForMedicalGeneticsGhent/PREFACE), 

written in R, is divided in two large components: one for training and one for predicting (Figure 

1). 

Training. When feeding the train module copy number profiles in combination with 

FFY measurements from male fetuses, a model is created as described above. Since NNs can 

experience convergence problems, and as they were noted to be less performant on small 

training sets, an ordinary linear model (OLM) can alternatively be selected as a classifier. 
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Performance statistics are derived from a 10-fold cross-validation technique: 10% of male 

samples are iteratively ignored during training, followed by evaluating the correlation and 

mean absolute error between FFY and predictions in the left-out test set. In addition, PREFACE 

fits a robust linear model (RLM) between the overall ratio (observed/expected number of reads) 

of chromosome X and FFY, enabling FFX calculations. A robust technique was favored to 

sideline (mosaic) (sub)chromosomal maternal deviations during training. 

 

 

Figure 1. Schematic representation of the PREFACE software. The ‘train’ component (dark grey) accepts 

NIPT copy number profiles from both male and female fetuses. A predictive model is generated using all provided 

samples. To gain insight in the performance of this model, 10-fold cross-validation is executed in addition. The 

‘predict’ component (light grey) makes predictions by applying the trained model to a supplied copy number 

profile. Abbreviations: S=Set; FFY=fetal fraction based on chromosome Y; FFX=fetal fraction based on 

chromosome X; CNP=copy number profile; PCA=principal component analysis; OLM=ordinary linear model; 

RLM=robust linear model; NN=neural network; MAE=mean absolute error. 

 

Predicting. The predict component accepts a trained model and a NIPT copy number profile. 

Bins without information are replaced by interpolated mean training values. PREFACE 

transforms bin-wise values to PCs using the PCA rotations, and subsequently outputs the FF 

according to the NN. The robust least squares fit is applied to chromosome X’s ratio to retrieve 

FFX. 



  91 

Results 

The PREFACE modeling strategy proves to be powerful 

Two important aspects should be evaluated to assess the competence of our approach: the 

tightness of a relation is given by the Pearson correlation (r), whereas the agreement between 

two methods can be explored by both visual interpretation—by use of a least squares fit and an 

identity line—and the mean absolute error (MAE) (28). 

The PREFACE software was executed four times across pairwise combinations 

between two data sets (male-only NIPT samples; all NIPT samples) and two classifiers (OLM; 

NN). In comparison, a state-of-the-art supervised elastic net was optimized in accordance with 

Friedman et al., therefore exclusively trained with male fetuses (29). 

Males. Cross-validation indicates that PREFACE is superior to a traditional elastic net 

(Table 1). The NN, default in PREFACE, performs generally better than the optional OLM. 

Although the classifiers are trained with male fetuses only, the inclusion of females during the 

unsupervised phase significantly improves performance: the correlation between predictions 

and FFY rises from 0.926 to 0.94, while the MAE drops 0.18 units—statistics emerging from 

the NN (Figure 2a and Figure 2b). Indeed, adding female samples (or in general, adding more 

samples) enables the PCA algorithm to explain a larger proportion of (non-random) variance 

in its most important PCs (Figure S2). Although NNs perform generally better, users can opt 

for an OLM instead, as these tend to be more reliable on smaller data sets (Figure S3). For sets 

of roughly 1100 male samples, a correlation of 0.9 is reached. 

 

 Approach Performance 

PCA Classifier 
Training set 

size 

Pearson 

correlation 
MAE (%) 

MAE <10% 

(%) 

Training 

time (sec) 

No Elastic net nmale=2451 0.870 1.90 ± 1.57 1.72 ± 1.37 915 

P 

R 

E 

F 

A 

C 

E 

Yes Ordinary linear model nmale=2451 0.913 1.56 ± 1.32 1.47 ± 1.17 619 

Yes Ordinary linear model 
nmale=2451 

nfemale=2468 
0.927 1.42 ± 1.23 1.31 ± 1.04 1776 

Yes Neural network nmale=2451 0.926 1.44 ± 1.23 1.22 ± 1.05 627 

Yes Neural network 
nmale=2451 

nfemale=2468 
0.940 1.26 ± 1.10 1.09 ± 0.91 1988 

Table 1. Cross-validation to compare combinations of classifiers and training sets. Next to four setups 

applicable to the PREFACE software, a traditional elastic net was optimized to support comparison. A model 

initialized with default arguments, trained using NIPT samples from both male and female fetuses, enables the 

most accurate predictions, measured by Pearson correlation and mean absolute error (MAE). The MAE for the 

lowest FFs (<10%) is shown separately. Although multi-core processing is optional, timing was performed on a 

system equipped with a 2.3 GHz Intel Core i5 processor using only a single thread. 
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Females. Since NIPT samples from female fetuses lack independent FF measurements, 

PREFACE values were compared to SeqFF predictions, an approach proven to be applicable 

to female cases. Two major conclusions could be drawn. First, for males, the correlation 

between FFY and SeqFF predictions is ‘only’ 0.887, lower than the reported 0.932, thus 

presumably caused by experimental differences between the pre-trained SeqFF model and FFY 

(Figure S4a) (21). Moreover, the least squares fit is considerably less steep than the identity 

line, showing that SeqFF claims mostly higher FFs. Second, applying the female samples to a 

male-only PREFACE model yields a correlation with SeqFF of 0.895 (Figure S4b). As 

expected, a similar yet inverse inconsistency with the identity relation is retrieved, validating 

PREFACE’s applicability to female fetuses. 

 

 

Figure 2. Performance evaluation of the PREFACE method. (a) A scatter plot reveals highly correlated (r) 

FFY and PREFACE predictions. Moreover, the ordinary least squares (OLS) fit largely covers the identity line. 

(b) A histogram visualizes normally distributed errors centered around 0 and a low mean absolute error (MAE) 

between predictions and FFY. (c) Scattered symbols indicate reported NIPT samples with aneuploidies. The 

dotted line represents an OLS fit between the PREFACE values and the mean log2 ratio of the corresponding 

structural validated events. Where confirmed aberrations are highly concordant to fetal fraction (FF) predictions, 

non-confirmed aneuploidies are randomly scattered. 

 

FFX. The relation between FFX and FFY seems trivial. Therefore, the PREFACE software 

solely fits an RLM to the provided male fetuses without executing cross-validation. A weighted 

correlation as high as 0.971 supports this approach (Figure S5) (30). Extreme outliers are 

caused by (mosaic) (sub)chromosomal maternal rearrangements, illustrating the need for a 

robust model. 

There is a strong correlation between FF predictions and confirmed aneuploidies 

Throughout the NIPT cohort, 14 fetuses were reported with confirmed aneuploidies. These 

involve two cases with Patau syndrome (trisomy 13), one with Edward’s syndrome (trisomy 

18) and eleven with Down syndrome (trisomy 21). Unconfirmed aneuploidies (after 
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amniocentesis) include e.g., non-viable trisomies 7, 14 and 20, representing aberrations that are 

likely mosaicisms confined to the placenta. Another reported abnormality, concerning trisomy 

21, was shown to be unrelated to the fetus by amniocentesis. 

Fetal-derived non-mosaic aberrations are expected to have an amplitude proportional 

to the FF (1,6,7). Hence, prior to the execution of an invasive assay, predictions on FF suggest 

the source of a potential aneuploidy. This is shown by a compelling concordance between the 

mean log2 ratio of confirmed whole-chromosome duplications and predictions of r=0.959, 

additionally indicating PREFACE’s accuracy (Figure 2c). Where the amplitudes of fetal 

abnormalities are positioned to expectation, defined as in Adalsteinsson et al., non-fetal 

observations are randomly scattered (Figure S6 and Figure S7) (31). Here, the difference 

between the expected FF (based on confirmed aberrations) and predicted FF (according to 

PREFACE), is characterized by a standard deviation of 1.92%. 

PREFACE empowers gender prediction in multiple pregnancies 

Besides single pregnancies, the NIPT cohort includes 177 twins, established through 

ultrasonography. The ratio between FFY and true FF naturally provides information about the 

gender of each fetus: two males are theoretically characterized by a ratio of 1; whilst with 

female twins, this measure amounts to 0; whereas for mixed pregnancies, a close-to 0.5 ratio 

is expected. 

 

 

Figure 3. Gender prediction in twins. (a) Including twins without confirmed genders, a Gaussian mixture model, 

expecting three components, fits the FFY/PREFACE density distribution well. The expected local minima (at ¼ 

and ¾) represent cutoffs to predict fetal gender. (b) A scatter visualization plots the PREFACE predictions in 

function of FFY. Colors are defined by previous cutoffs. Thick dotted lines represent the theoretical expectation. 

(c) Evaluation of this method using confirmed (by birth) twin genders. Thick dotted lines represent the cutoffs 

from (a). Colors are defined by actual gender. 

 

Our cohort contains both confirmed (by birth) and unconfirmed twin genders. The density 

distribution of the ratio between FFY and FF intrinsically represents the ability to distinguish 
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different combinations of genders. Using Gaussian mixture modeling, three distinct peaks are 

retrieved across twins lacking gender confirmation (Figure 3a). This suggests that female twins 

can be categorized with high accuracy, yet, discriminating male-male from male-female twins 

remains difficult for pregnancies with low FF (Figure 3b). Finally, a similar visualization, 

holding validated genders, does confirm the reliability of this technique (Figure 3c). 

 

 

Figure 4. Modeling of FFY, FFX and PREFACE measures to predict mixed twins and sex aneuploidies. (a) 

Density Gaussian mixture modeling to map fetal gender. The color gradient is linearly assigned in accordance to 

the component’s means. Outliers are shown in grey. (b) A Gaussian distribution is fitted to appoint outliers, where 

the latter is defined as such once it deviates with more than 3 standard deviation units from the mean. (c) FFY-

FFX-PREFACE viewpoint 1. Colors are defined by (a); dots and squares represent confirmed single and twin 

pregnancies, respectively; plusses over-rule previous symbols, as determined by (b). As expected, it’s notable that 

red symbols are highly enriched with twins, especially for higher fetal fractions (FFs). (d) FFY-FFX-PREFACE 

viewpoint 2. Colors and symbols are defined in analogy to (c). Outliers likely correspond to maternal events or 

fetal sex aneuploidies. 

 

PREFACE indirectly hints towards potential sex aneuploidies 

With PREFACE, FFY and FFX, three methods have been presented to establish FF. A 

consequence of adopting these estimates—next to what has already been discussed—is the 

inherent information on sex aneuploidies they potentially reveal. Sex aneuploidies were until 

now not reported by our institution; therefore, none are confirmed, meaning this final section 

is purely indicative and further experimental validation is warranted. 
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A dual modeling strategy was developed. First, by simultaneously comparing both FFX 

and FFY to PREFACE predictions, the power to distinguish genders increases. 

 

𝐷𝑒𝑛𝑠𝑖𝑡𝑦 1𝑖 = ∑ (
𝐹𝐹𝑌𝑗 + 𝐹𝐹𝑋𝑗

𝑃𝑅𝐸𝐹𝐴𝐶𝐸𝑗 ∗ 2
)

𝑖

𝑗=0
 

 

Second, most frequent sex aneuploidies, including Turner (X), triple-X (XXX), Klinefelter 

(XXY) and XYY syndrome, are theoretically captured by directly subtracting FFY with FFX, 

independent from gender. 

𝐷𝑒𝑛𝑠𝑖𝑡𝑦 2𝑖 = ∑ (𝐹𝐹𝑌𝑗 − 𝐹𝐹𝑋𝑗)
𝑖

𝑗=0
 

 

Eight FFX outliers (<-40%; >40%), caused by maternal aberrations, were removed prior to 

fitting Gaussian (mixture) models to analytically describe the density distributions, expecting 

three (males, females and mixed twins) and one component(s), respectively (Figure 4a and 

Figure 4b). Optimally, the results are presented in a three-dimensional all-inclusive figure, 

plotting FFY, FFX and PREFACE values along its axes (File S1). Here, we opted to visualize 

the results in accordance with two preferred viewpoints (Figure 4c and Figure 4d). 

It’s notable that confirmed twins are highly enriched in the middle Gaussian component 

of 𝐷𝑒𝑛𝑠𝑖𝑡𝑦 1: these are mixed twin pregnancies. In total, 39 (0.71%) cases significantly deviate 

from the healthy FFY-FFX trend. The majority of these likely concern (mosaic) maternal 

events and a few suspected subchromosomal aberrations. However, four XXY, two XYY, one 

XXX and no X fetuses seem to be present when evaluating the FFX-FFY outliers in function 

of the PREFACE predictions (Figure S8). Worth saying, these numbers largely correspond to 

reported incidence (32-35). 

Discussion 

Recent technological advancements improved genetic testing dramatically. Whilst the 

economic feasibility of whole-genome sequencing keeps progressing, the accuracy of fetal 

aneuploidy detection is at an ever-high: sWGS studies commonly report near 0.99 

sensitivity/specificity for Patau, Edward’s and Down syndrome detection (8,36). As a 

consequence, non-invasive screening is no longer confined to high-risk groups, but is gradually 

more generally executed. 

Large NIPT turnovers produce an abundance of retrospective useful data. One 

interesting application enabled by these quantities is machine learning, as e.g., FF, a 

particularly important figure during testing, can be estimated based on copy number data. 
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Predictive models are ideally trained with in-house profiles to suppress between-laboratory 

procedural bias. Notwithstanding sufficient data is frequently present at these institutions, to 

date, an accurate automated learning software does not exist. Therefore, we developed 

PREFACE, a user-friendly tool to model and predict FF without the necessity of prior 

mathematical know-how on predictive modeling. The inclusion of unlabeled samples for 

training, which significantly contributes to an increased overall performance, introduces 

another novelty to this field. 

Using less than 5000 training samples, predictions made by PREFACE were highly 

concordant to FFY, indicated by a Pearson correlation of 0.94. To our knowledge, starting from 

sWGS data only, no software has been reported to perform better. Next to traditional cross-

validation, PREFACE was evaluated by SeqFF comparison (for female fetuses); by density 

Gaussian mixture modeling across twins; and by aneuploid fetuses, where the log2 ratio of 

confirmed events was found to be highly concordant with FF (r=0.959). 

Since the SeqFF trend was not in satisfying agreement with FFY (SeqFF claims mostly 

higher FFs), one could wonder which of both variables is truly biased. Accordingly, not 

presented in the results, we computed FFY and FFX for six liquid biopsies and six lymphocyte-

extracted genomic DNA samples, obtaining percentage estimations ranging within {98, 103} 

and {-1, 1} for males and females, respectively. Moreover, PREFACE’s model, trained on 

FFY, yields predictions that are conform with confirmed trisomies (Figure S6 and Figure S7). 

The pre-trained SeqFF model is therefore more likely to be biased rather than FFY. 

The success of the modeling approach is thought to involve three main pillars. First, we 

believe that the FFY measure, although hard to prove, is accurate. Masking parts of 

chromosome Y prior to predicting FF has been cited to increase correctness (18,19). Due to 

sequence similarities with other chromosomes (e.g., the pseudo-autosomal region) and 

technological limitations of short-read mapping (repeats, variable regions of mappability, GC 

content, etc.), numerous Y loci are indeed ambiguous (37,38). Instead of solely categorizing 

bins as informative and non-informative, we reasoned that the informative bins also differ in 

their ‘level of male specificity’, thereby encouraging the idea of a bin-wise weighted 

contribution to FFY. Second, read count normalization was executed by WisecondorX, a 

sophisticated within-sample normalization procedure which supposedly delivers superior 

profiles (25). And last but not least, the nature of the modeling strategy maximizes training 

input by allowing unlabeled samples. 

Gonosomal aberrations are theoretically exposed during NIPT in a similar way as any 

other aneuploidy. Nevertheless, the specificity is reported to be much lower in comparison to 
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traditional screening of chromosomes 13, 18 and 21, especially for monosomy X (39–41). 

Ethical issues on reporting these sometimes-non-severe abnormalities aside, the incorporation 

of FF in statistical outcome—which is generally not done with e.g., the popular z-score 

approach—does improve performance (42,43). Indeed, our study was concluded by revealing 

that 0.71% of all NIPT samples significantly differed from the healthy gonosomal trend, 

however, when evaluating these outliers in relation to predicted FF, only a few truly met the 

requirements to suffice as being potentially sex aneuploid. 

The convenience by which PREFACE could be implemented in existing NIPT 

pipelines seems undeniable: a copy number profile, the fundamental base of an assay, is singly 

requisite as input. This paper extensively demonstrates the practical value of accurate FF 

estimations on real data collected over the course of nine months. We believe PREFACE and 

the elaborated FF methodologies could be useful to many NIPT laboratories, evidentially 

motivating this work. 

Data availability 

The data that support the findings of this study are available on request from the corresponding 

author. 

Supplemental data 

Supplementary files are deposited in Zenodo (https://doi.org/10.5281/zenodo.4750923). 
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Abstract 

Context. In routine clinical practice, tumor tissue is stored in formalin-fixed paraffin-embedded 

blocks. However, the use of formalin-fixed paraffin-embedded tissue for genome analysis is 

challenged by poorer DNA quality and quantity. Whilst several studies have reported genome-

wide massive parallel sequencing applied on formalin-fixed paraffin-embedded samples for 

mutation analysis, copy number analysis is not yet commonly performed. 

Objective. To evaluate the use of formalin-fixed paraffin-embedded tissue for copy number 

alteration detection using shallow whole-genome sequencing, more generally referred to as 

copy number variation sequencing. 

Design. We selected samples from 21 patients, covering a range of different tumor entities. The 

performance of copy number detection was compared across three setups: array comparative 

genomic hybridization in combination with fresh material; copy number variation sequencing 

on fresh material; and copy number variation sequencing on formalin-fixed paraffin-embedded 

material. 

Results. Very similar copy number profiles between paired samples were obtained. Although 

formalin-fixed paraffin-embedded profiles often displayed more noise, detected copy numbers 

seemed equally reliable if the tumor fraction is at least 20%. 

Conclusions. Copy number variation sequencing of formalin-fixed paraffin-embedded material 

represents a trustworthy method. It is very likely that copy number variation sequencing of 

routinely obtained biopsy material will become important for individual patient care and 

research. Moreover, the basic technology needed for copy number variation sequencing is 

present in most molecular diagnostics laboratories. 
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Introduction 

The preparation of formalin-fixed paraffin-embedded (FFPE) tissue is routine clinical practice 

in every laboratory for surgical pathology. This process ensures preservation of cell and tissue 

structures and proteins important for microscopic examination. As a consequence, a large 

archive of FFPE tissue is available at every pathology laboratory (1,2). 

Most malignancies are characterized by chromosomal alterations, like copy number 

alterations (CNAs), whereby whole or parts of chromosomes are deleted or gained/amplified. 

Therefore, the morphological (macroscopic and microscopic) examination is often 

complemented with additional molecular cytogenetic tests for further tumor subtyping, which 

is important for determining a patient’s diagnosis, prognosis and refinement of further 

treatment (1–3). 

 Until recently, the golden standard for CNA detection was array-based (4). Array 

comparative genomic hybridization (aCGH) makes use of oligonucleotide probes, attached to 

a slide, and compares the hybridization intensities of a mixture of a DNA sample from a patient 

and a matched reference DNA sample (1,4). While aCGH for CNA detection on fresh-frozen 

(FF) tumor tissue is generally accepted, the use of FFPE tissue is limited because this method 

requires high quality input DNA (1,4,5). The DNA integrity of FFPE tissue is affected because 

formalin fixation induces molecular crosslinking, nucleotide changes and DNA degradation 

(6). The use of low-quality DNA can result in increased background noise and subsequently 

hinders the interpretation of results (5,7). Studies comparing aCGH on paired FF and FFPE 

DNA samples for CNA detection are limited and results are inconsistent (1,7). The study of 

Mc Sherry et al. (1), included three paired FF/FFPE tissue samples. Using aCGH, important 

discordances were revealed, with more CNAs detected in FFPE-derived DNA. This 

discordance was not seen by Hostetter et al. (7), but FFPE-derived profiles showed more 

background signal. In the latter study, aCGH was performed on six FF/FFPE paired tissue 

samples. In order to counter the input quality requirements of aCGH, the OncoScan CNV 

Assay (ThermoFischer, Waltham, MA, USA) was designed to work with low quality DNA 

from FFPE material and uses the Molecular Inversion Probe (MIP) technology, originally 

developed for single nucleotide polymorphism genotyping. In brief, a MIP panel binds regions 

of interest and gap filling leads to amplification. Using a tag sequence, unique for a region of 

interest, array hybridization is visualized and compared to reference intensity data (8,9). 

However, using arrays, sample throughput is relatively low while costs are rather high (8–10).  
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A more recent technique for CNA detection is shallow whole-genome sequencing, 

more generally referred to as copy number variation sequencing (CNVseq). This approach 

requires a genome coverage of only 0.1x to 1x and is based on counting the number of aligned 

reads within chromosomal windows or bins (5). As CNVseq makes use of short-read 

sequencing, it opens up the possibility to analyze tissue samples which have been collected 

during routine clinical practice and hence have been fixed with formalin (5,10). CNVseq of 

FFPE-derived DNA is however underexplored: only a few studies have reported on its 

feasibility (2,5,10–13). Analysis of 356 FFPE tissue samples by Chin et al. (2) showed good 

quality data. Moreover, others showed that CNAs were comparable between FF and FFPE 

tissue samples (10–12). However, these studies comprised only one (10) to seven (11,12) 

paired cases. 

In this study, we evaluated CNVseq for CNA detection performed on 21 paired fresh 

and FFPE tumor tissue DNA samples, covering a range of different tumor entities. Moreover, 

aCGH profiles from most fresh tumor sample were available for comparison. 

Methods 

Retrospective cohort 

Patients qualified for inclusion if both FFPE (non-decalcified; fixation time between six and 

48 hours) and fresh material were available for sequencing. Notwithstanding selection was 

random, we aimed at combining a variety of disease entities, including tumor types routinely 

tested by clinical laboratories. In total, 21 patients (Table 1) were included, whereof 17 with 

available aCGH (60K array, Agilent Technologies, Santa Clara, CA, USA) profiles (generated 

in accordance with Kumps and colleagues (14)) (Table S1 and Table S2). 

 

Table 1. Sample diagnoses. 

patient diagnosis patient diagnosis 

case 1 high grade sarcoma case 12 diffuse large B-cell lymphoma 

case 2 glioblastoma case 13 glioblastoma 

case 3 alveolar rhabdomyosarcoma case 14 small cell neuroendocrine carcinoma 

case 4 angiosarcoma case 15 follicular lymphoma (grade 1) 

case 5 high grade myxoid liposarcoma case 16 ependymoma 

case 6 glioblastoma case 17 nodal marginal zone lymphoma 

case 7 follicular lymphoma (grade 3A) case 18 squamous cell carcinoma of lung 

case 8 hibernoma case 19 adenocarcinoma of lung 

case 9 neurofibroma case 20 adenocarcinoma of lung 

case 10 atypical lipomatous tumor case 21 adenocarcinoma of colon 

case 11 myxofibrosarcoma   
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Nine more non-tumoral FFPE samples, assumed to contain no CNAs, were sequenced as 

negative controls. These samples comprised lymph node, colon, appendix, ureter, tonsil, skin, 

stomach, lung and brain tissue. 

This study was conducted according to the guidelines of the institutional ethics 

committee at Ghent University Hospital (Ghent, Belgium), project number: 2004/094. 

FFPE DNA extraction 

Whilst DNA from fresh material was directly available for shearing through routine clinical 

practice, seven sections were taken from the paraffin blocks to initiate FFPE DNA extraction. 

The first and last section (1.5-2µm) were stained with hematoxylin and eosin and served as 

references to guide dissection and to determine tumor cell percentage, whereas the other 

sections (10µm) were dissected and deparaffinized by deparaffinization solution (Qiagen, 

Hilden, Germany). Extraction was executed using the QIAamp DNA FFPE tissue kit (Qiagen), 

according to the manufacturer’s instructions, followed by quantification using a Qubit 

fluorometer and the Qubit dsDNA BR assay kit (Life Technologies, Bleiswijk, The 

Netherlands). 

Fragment analysis and shearing 

Size distribution of the FFPE-derived DNA was determined using the Fragment Analyzer, the 

high sensitivity small DNA fragment analysis kit and PROSize data analysis software, 

according to the manufacturer’s instructions (Agilent Technologies). 

DNA shearing to 200bp fragments was completed by Covaris’ adaptive focused 

acoustics shearing process and a M220 focused-ultrasonicator (Covaris, Woburn, MA, USA). 

Different shearing treatment times were evaluated. Using 200ng/50µL DNA as input, 

following treatment parameters were set: peak incident power=50W; duty factor=20%; cycles 

per burst=200; treatment time=160s for fresh DNA, 100s for FFPE-derived DNA; and 

temperature=20°C. The fragments’ size distributions were evaluated using the Fragment 

Analyzer, the dsDNA 910 reagent kit, and PROSize data analysis software (Agilent 

Technologies). 

Library construction and sequencing 

DNA libraries were prepared using the NEXTflex rapid DNA-seq kit and NEXTflex DNA 

barcodes (PerkinElmer, Austin, TX, USA), starting from 128ng of DNA. Libraries were 

examined using the Fragment Analyzer, the dsDNA 910 reagent kit (fresh DNA) or the high 

sensitivity small DNA fragment analysis kit (FFPE DNA) and PROSize data analysis software 

(Agilent Technologies); and by qPCR using the KAPA library quantification kit (Roche, 

Pleasanton, CA, USA). 
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Libraries were finally equimolarly pooled (4-6nM). Cluster generation was completed 

using a cBot 2 system. Sequencing was performed by Illumina’s HiSeq 3000 (Illumina, San 

Diego, CA, USA) in a single-read 50-cycle run mode. The minimal number of reads per sample 

was set at 15 million (mean coverage of 0.25x). 

Copy number profiling 

Demultiplexing was executed by the bcl2fastq software (v2.19.1) (Illumina). To allow fair 

comparison, paired fresh and FFPE sample data were read normalized by randomly removing 

reads from the highest coverage sample until equal read depths were obtained. Raw reads were 

mapped by Bowtie 2 (v2.2.8) onto human reference genome GRCh37, using the fast-local flag 

(15), where the resulting bam files were indexed by SAMtools (v1.5) (16). Reads with a 

mapping quality lower than 40 were removed. To deduce normalized bin-wise log2 ratios 

between the observed and expected copy number, the reference-free QDNAseq (v1.18.0) was 

favored (5). A bin size of 50kb was selected, resembling the resolution of the aCGH 60K arrays 

(Agilent Technologies). Profile segmentation was executed by circular binary segmentation, 

implemented in the R package DNAcopy (v1.56.0) (17). At some loci, copy number is 

undeterminable by short read shallow whole-genome sequencing (e.g., at centromeres): 

QDNAseq masks these regions by applying a blacklist. Therefore, a unified blacklist, defined 

as the union of all obtained blacklists, was applied to all resulting profiles (including aCGH), 

enabling unbiased concordance analyses. 

FFPE lower tumor fraction (TF) detection limit estimation 

Assuming our negative control DNA has no structural aberrations, the variance across these 

‘flat’ FFPE-derived profiles illustrated the minimal required TF to significantly call 

aberrations. These profiles were sequentially divided in segments of length 100kb (2 bins) until 

10Mb (200 bins), where their log2 ratio equals the interpolated average of its bins’. For each 

segmental locus, the standard deviation (𝑠𝑑) and mean (𝑥) of the log2 ratio across non-tumoral 

profiles was derived—this for every evaluated segment length. Since genomic loci differ in 

their level of ‘normal variance’, the median segmental locus was used to calculate the required 

log2 ratio (𝑟) to reach significance (𝑧 > 3.29 for gains, 𝑧 < −3.29 for losses, corresponding to 

the Bonferroni corrected 5% significance level, assuming 100 segments), using 𝑟 = ± (3.29 ∗

𝑠𝑑 − 𝑥). This value corresponds to duplications (3n) and heterozygous deletions (1n) for 

samples with a TF of ± (2𝑟 ∗  2) − 2. These formulas allow us, given an aberration size lower 

detection limit (1Mb in this study), to calculate the minimal required TF. 
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TF approximation and aberration calling 

The TF was estimated by ichorCNA (git’s master branch, 1 February 2019), a software that 

predicts the portion of tumor fragments based on observed structural aberrations (18). Although 

benchmarked on cell-free DNA, the authors ensured its applicability to FF and FFPE material. 

The tool generates elementary copy number profiles (bin size 500kb), which were normalized 

using the provided GC content and mappability tracks. Five different starting values, 

representing the non-tumoral contamination, were passed to the optimization algorithm: 10%, 

25%, 50%, 75% and 90%. The obtained tumor content corresponding to the highest likelihood 

was interpreted as the final TF. 

Aberrations were called once the log2 ratio of profile segments surpassed a gain or loss 

cutoff valued log2 (
2±(𝑡𝑢𝑚𝑜𝑟 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛/2)

2
). If the TF did not exceed the previously established 

lower detection limit, no copy number states were called. 

Statistical comparative analyses 

All comparative analyses were executed by custom scripting in R (v3.5.1). The median 

segment variance (MSV), a measure that reflects the overall vertical spread of log2 ratios within 

segments, was adopted to perform profile noise comparison (19). 

Profile concordance was visualized by hierarchical clustering, using the unweighted 

pair group method with arithmetic mean as an agglomerative clustering procedure, and the 

Pearson correlation as a concordance measure. The latter was applied to a predefined set of 

1000 equally sized windows, obtained by merging segment-interpolated bin-wise log2 ratios—

this to reduce computational complexness and to increase robustness. 

Finally, performance was established in the form of a receiver operating characteristic 

(ROC) analysis. The CNVseq/FFPE combination was compared to the CNVseq/fresh and 

aCGH/fresh setups, using aCGH/fresh and CNVseq/fresh as gold standards, respectively. 

Patients without aCGH test or insufficient TF (according to the lower detection limit), were 

excluded. Specificity and sensitivity were measured whilst sliding the aberration cutoff from 

liberal (ratio of 1) to conservative (0.5 for deletions; 1.5 for gains). The mean area under the 

curve (AUC) defined the overall performance. 

Results 

Different DNA quality outcomes between fresh and FFPE tumor tissue 

FFPE DNA extraction yielded on average 4.56µg DNA (4.56µg ± 0.71, Table S2). Fragment 

analysis of this DNA showed a wide size distribution with both highly and less degraded 
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fragments (Figure S1-3). Four FFPE-samples needed no further fragmentation (case 5, case 12, 

case 14 and case 17). After DNA shearing, fragmented FFPE-derived DNA showed an overall 

wider size distribution when compared with fragmented fresh tumor tissue DNA (Figure S4-

7). The DNA quality number (DQN), a quality metric provided by the PROSize data analysis 

software, gives an indication of the fraction of fragments that sizes above a specified threshold, 

set at 200bp. The average DQN was 5.9 (5.9 ± 0.1, Table S3) for fresh DNA and 6.4 (6.4 ± 0.1, 

Table S3) for FFPE-derived DNA, supporting different size distributions (paired t-test; 

p<0.0001). 

Library construction resulted in on average 39.90nM libraries (39.90nM ± 4.79), 

starting from fresh samples (Table S1), and 9.18nM libraries (9.18nM ± 2.32), starting from 

FFPE samples (Table S2). Library validation showed different traces for FFPE-derived 

libraries compared to fresh DNA libraries. Fresh samples showed a peak around the expected 

library size of 300bp but knew a right-skewed distribution. FFPE samples displayed two peaks, 

one around 300bp and one of higher molecular weight (Figure S8-12). 

FFPE copy number profiles display more noise 

Very similar copy number profiles were obtained across paired fresh and FFPE samples (Figure 

S13-18), as e.g., illustrated by case 14 (Figure 1 and Figure S16n). Here, copy number 

predictions correspond to each other, with the exception of chromosome 5 and 11, presumably 

caused by tumor heterogeneity. 

 

 

Figure 1. Copy number profiles between paired fresh and formalin-fixed paraffin-embedded (FFPE) 

samples were similar. Array comparative genomic hybridization (aCGH) in combination with fresh material 

(top), and copy number variation sequencing (CNVseq) applied to both fresh (middle) and FFPE (bottom) 

samples, resulted in comparable copy number profiles for case 14. Each dot (bin) represents an autosomal locus 

for which copy number is derived, expressed as a log2 ratio between the observed and expected diploid status. 

Bins are subject to Gaussian noise, therefore horizontal lines (segments) predict regions of equal copy number. 

Lighter colors represent aberrant segments. The conflicting copy number states at chromosomes 5 and 11 were 

presumably caused by tumor heterogeneity. 



 108 

Measuring copy number profile noise for CNVseq, FFPE material showed more variance in 

comparison to fresh material, measured by means of MSV (paired t-test; p=0.001; Figure 2a). 

The mean MSV for aCGH was 0.025 ± 0.003, where for CNVseq this measure amounted to 

0.019 ± 0.001 for fresh material and 0.026 ± 0.002 for FFPE-derived DNA (Table S3). For two 

cases, the aCGH profile (e.g., case 16; arrow; Figure S16p) displayed an abundance of false 

outlier bins. 

 

 

Figure 2. Formalin-fixed paraffin-embedded (FFPE) copy number profiles exhibited more noise. (a) Paired 

samples are connected with lines. Default boxplots indicate the underlying distribution. The median segment 

variance (MSV) is a sample-wise measure for copy number profile noise. Considering copy number variation 

sequencing (CNVseq), FFPE samples expressed a higher MSV than fresh samples (paired t-test; p=0.001). For 

two cases, the array comparative genomic hybridization (aCGH) profile (e.g., case 16; arrow; Figure S16p), 

displayed an abundance of false outlier bins. (b) The elevated variance levels in FFPE-derived copy number 

profiles were partly caused by the number of available reads for CNVseq, which is expected to be inversely 

proportional to noise: whilst both FFPE and fresh sample read files were sampled towards the same number of 

raw reads, mapping and quality filtering resulted in fewer final reads for FFPE material (paired t-test; p=0.003). 

(c) The inverse relation between noise and number of mapped reads is visualized using linear regression modeling. 

The FFPE fit traveled at higher MSV levels. (d) Previous observations imply the need for a higher FFPE 

sequencing depth to obtain the same level of noise as with fresh material. The used color gradient, representing 

MSV, is linear. 

 

The increased noise levels observed in FFPE is partly caused by the number of reads that were 

available for CNVseq (Figure 2b). Whilst both FFPE and fresh read files were sampled towards 

the same number of raw reads, mapping and quality filtering resulted in less final reads for 

FFPE material (paired t-test; p=0.003). The percentage of mapped reads was approximately 
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70% for fresh samples (13.7 million reads mapped of 19.4 million raw reads) (Table S1) and 

65% for FFPE samples (12.4 million reads mapped of 19.3 million raw reads) (Table S2), 

resulting in a mean coverage of 0.21x (0.21x ± 0.07) for fresh DNA and 0.19x (0.19x ± 0.06) 

for FFPE-derived DNA. As expected, there was an inverse relation between the MSV and 

number of mapped reads (Figure 2c): MSV levels were higher for FFPE samples, with the 

exception of three cases (case 1, case 18 and case 19; Table S3). These observations were not 

related to DQN (r=0.11, p=0.54). The use of FFPE tissue for CNA detection by CNVseq would 

theoretically require more sequencing reads compared to fresh material when aiming at 

obtaining equal noise levels (Figure 2d). 

Concordance was supported by unsupervised clustering applied to the fresh and FFPE-

derived CNVseq profiles, which resulted in an almost perfectly paired pattern (Figure 3). 

Matched samples clustered together for all but two cases, which showed no detectable CNAs 

(case 7 and case 9; Figure S14g and Figure S15i). 

 

 

Figure 3. Clustering fresh and formalin-fixed paraffin-embedded (FFPE) samples resulted in a paired 

pattern. Rows contain samples, whereas columns correspond to equally sized genomic windows. The dendrogram 

(left) represents clusters based on to the Pearson distance between the samples, which clustered according to 

expectation, with the exception of case 7 and case 9 (Figure S14g and Figure S15i), resembling flat profiles. 

Legend: *fresh, **FFPE. 
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CNVseq of FFPE material is a trustworthy method 

In this study, we aimed at detecting CNAs of at least 1Mb (3,20,21). Assuming a coverage of 

0.25x (the negative control samples had a mean coverage of 0.25x ± 0.01, where coverage 

impacts noise) and 100 segments (the case samples had on average 96 ± 13 segments, where 

the number of segments impacts Bonferroni correction), the minimal required TF to detect 

CNAs of at least 1Mb was measured to be 20% (Figure 4a). Three cases (case 4, case 7 and 

case 9) had a TF below the lower detection limit (Table S1 and Table S2). This explains why 

matched samples don’t cluster for case 7 and case 9 (Figure 3). 

 

 

Figure 4. The minimum tumor fraction (TF) necessary for reliable CNVseq of formalin-fixed paraffin-

embedded (FFPE) material was determined to be 20%. (a) Assuming a coverage of 0.25x and 100 segments, 

FFPE-derived DNA from negative controls enabled the calculation of a TF lower detection limit in function of 

the aberration size. Dots indicate measures for discrete sizes, whereas lines represent LOESS fits. In this study, 

we aimed at capturing aberrations of at least 1Mb, requiring tumor tissue with a purity of at least ~20%. (b) 

Receiver operating characteristic (ROC) analysis performed using array comparative genomic hybridization 

(aCGH) as a gold standard. Samples with insufficient TF were excluded (<20%; case 4, 7 and 9). Thin dotted 

lines represent separate samples, whereas thick lines indicate the mean relation. The area under the curve (AUC) 

quantifies the latter. (c) Similar to (b), yet the gold standard is given by copy number variation sequencing 

(CNVseq) in combination with fresh material. 

 

Although the variance in the profiles of FFPE material was often higher, this had little impact 

on the performance of aberration calling (Figure 4b and Figure 4c). ROC analysis using aCGH 

as a gold standard showed a mean AUC of 0.960 for CNVseq of fresh material and 0.949 for 

CNVseq of FFPE material (Figure 4b). Using CNVseq in combination with fresh material as 

the gold standard, the mean AUC for FFPE material amounted to 0.973 (Figure 4c). 

In one case (case 12), a 6.2Mb gain on the short arm of chromosome 2 

(amp(2)(2p16.1p14)) could be detected in both fresh and FFPE-derived DNA samples, using 

aCGH or/and CNVseq (Figure S15l), illustrating small CNAs could be detected using FFPE 
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tumor tissue. In this region, the REL gene is located: amplification of this gene is a recurrent 

event in B-cell lymphomas. 

Discussion 

In this study, we demonstrate the feasibility of CNA detection by CNVseq using FFPE-derived 

DNA. In total, 21 patients were selected during a recent time frame (2016 for cases with aCGH 

data)—this to minimize the effects of fixation and storage time (6,10). Non-decalcified FFPE 

material was chosen as decalcification introduces additional DNA damage (22). We observed 

that the DNA integrity of FFPE tissue was less affected than expected. Like Hostetter et al. (7) 

and Munchel et al. (12), but different from Mc Sherry et al. (1), we saw a wide size distribution 

of FFPE-derived DNA, indicating only partial DNA degradation. Higher molecular weight 

DNA was more present than expected. 

Very similar CNA profiles were obtained across paired fresh and FFPE samples. 

Differences are possibly caused by sampling errors or result from tumor heterogeneity, as 

previously cited by Little et al. (23). 

Although we observed less degradation, poorer DNA quality from FFPE samples was 

obvious. The higher variance seen in our FFPE-derived copy number profiles is partly caused 

by the lower quality FFPE-derived DNA or higher error-load in FFPE-derived sequencing data. 

This was reflected mostly during the mapping phase of sequencing. In contrast to Schweiger 

et al. (10), who saw variations in read mappability independent of the DNA source, we 

observed that FFPE samples had a lower percentage of mapped reads, thus probably due to 

DNA quality.  

Using non-tumoral FFPE samples, we determined that the minimum TF necessary for 

accurate aberrations calling on FFPE material is 20%. This is similar to the sensitivity of aCGH, 

debated to be 20% as well (7), whilst with targeted sequencing, where coverage is regionally 

increased, a lower detection limit is possible (24). 

Besides detection of large chromosomal alterations, the determination of single gene 

copy number status is also important in cancer diagnosis, prognosis and treatment. We showed 

that detection of even small CNAs, such as the gain at 2p (containing the REL gene) that we 

could readily detect in our study, is possible using CNVseq on FFPE material. Classical 

techniques, such as conventional karyotyping, are limited to a resolution of 5-10Mb, due to 

chromosome banding (25). 

We showed the higher variance seen in FFPE-derived profiles has little impact on the 

performance of statistically calling an aberration if the TF is at least 20%. 
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Whilst several studies have reported massive parallel sequencing applied on FFPE 

samples, especially in the context of mutation detection, CNA detection on FFPE material is 

not yet commonly executed. Although our study is limited to recently archived samples, it 

shows the possibility to perform CNA detection on routinely collected FFPE material. The use 

of FFPE material for DNA analysis has several important advantages. Formalin fixation and 

paraffin embedding is the standard procedure for examination of surgical biopsies, as it 

provides optimal morphology. Handling and storage of FFPE material is much easier and 

cheaper than that of FF or unfixed material. In addition, selection of tissue blocks or dissection 

of areas with a maximal tumor cell percentage makes the process of tumor tissue selection for 

DNA analysis much more controlled. 

Compared to aCGH, CNVseq can be easily implemented as routine clinical practice, 

because a very similar workflow as for non-invasive prenatal testing (NIPT) is often already 

implemented in numerous genetic laboratories. Moreover, pooling enables CNVseq for 

multiple types of analyses at once (e.g., in combination with NIPT), resulting in overall 

turnaround times of less than 10 days. In addition, using low-coverage sequencing, this test can 

be performed at a relatively low cost of 170 USD. When aiming at detecting smaller insertions 

or deletions, the sequencing depth can be easily increased, evidently resulting in an increase of 

the price tag. 

In contrast to targeted sequencing, shallow whole-genome sequencing cannot be used 

for single nucleotide variant detection, as it is low coverage, but does not need predefined 

targets. 

We believe that CNVseq for CNA detection is likely to become important for diagnosis, 

prognosis, and therapy response prediction for a wide range of different solid tumor entities. 

CNVseq can be used for detection of losses or gains at single loci, like HER2 amplification in 

breast cancer (26), but is especially interesting for tumor types with complex CNA profiles. 

For instance, bladder carcinoma and melanoma harbor tumor-specific CNAs (27–29). The 

current standard diagnostic procedure to detect these CNAs is via fluorescent in situ 

hybridization (FISH) using different probes. However, this technique is labor-intensive and 

highly dependent on the quality of the samples. The advantage of CNVseq over FISH is that it 

is less observer-dependent and it is cheaper when multiple probes are needed. Even more 

important, CNVseq is genome-wide, thus can be used without prior knowledge of the target 

region and can be applied on every tumor type. A time-consuming FISH test that is currently 

offered by many molecular pathology centers detects for 1p/19q co-deletion in gliomas. Co-

deletion of 1p and 19q is characteristic for oligodendroglioma, a glioma subtype associated 
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with better prognosis and response to chemotherapy (30). FISH testing for oligodendrogliomas 

requires evaluation of four signals in many tumor cells (at least 50 to 100). Moreover, 

interpretation of this test is difficult, exemplified by the many different cutoffs and varying 

guidelines that are used by different labs and in clinical studies (31,32). We believe that FISH 

will, in time, be replaced by CNVseq on FFPE tumor biopsies. CNVseq on FFPE material has 

also great potential for the diagnosis of high-grade serous ovarian carcinoma (a tumor with an 

exceptionally high CNA burden (33)), the evaluation of BRCAness in breast carcinoma, the 

detection of CNAs in neuroblastoma (34), and the study of CNAs in many other benign and 

malignant tumor entities. 

Conclusion 

FFPE tissue enables harvesting of tumor material in a more controlled manner. The higher 

variance seen in FFPE-derived copy number profiles has little impact on the performance of 

statistically calling an aberration, if the TF exceeds the established lower detection limit of 

20%. Importantly, archival FFPE tissue is available for many tumor entities in laboratories for 

surgical pathology and thus represents a large biobank for future clinical research. 
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The data that support the findings of this study are available on request from the corresponding 

author. 
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Abstract 

Background. Accurate lung cancer classification is crucial to guide therapeutic decisions. 

However, histological subtyping by pathologists requires tumor tissue—a necessity that is 

often intrinsically associated with procedural difficulties. The analysis of circulating tumor 

DNA present in minimal-invasive blood samples, referred to as liquid biopsies, could therefore 

emerge as an attractive alternative. 

Methods. Concerning adenocarcinoma, squamous cell carcinoma and small cell carcinoma, our 

proof-of-concept study investigates the potential of liquid biopsy-derived copy number 

alterations, derived from single-end shallow whole-genome sequencing (coverage 0.1-0.5x), 

across 51 advanced stage lung cancer patients. 

Results. Genomic abnormality testing reveals anomalies in 86.3% of the liquid biopsies (16/20 

for adenocarcinoma, 13/16 for squamous cell and 15/15 for small cell carcinoma). We 

demonstrate that copy number profiles from formalin-fixed paraffin-embedded tumor biopsies 

are well-represented by their liquid equivalent. This is especially valid within the small cell 

carcinoma group, where paired profiles have an average Pearson correlation of 0.86 (0.79-0.93; 

95% CI). A predictive model trained with public data, derived from 843 tissue biopsies, shows 

that liquid biopsies exhibit multiple deviations that reflect histological classification. Most 

notably, distinguishing small from non-small cell lung cancer is characterized by an area under 

the curve of 0.98 during receiver operating characteristic analysis. Additionally, we 

investigated how deeper paired-end sequencing, which will eventually become feasible for 

routine diagnosis, empowers tumor read enrichment by insert size filtering: for all of the 29 

resequenced liquid biopsies, the tumor fraction could be increased in silico, thereby ‘rescuing’ 

three out of five cases with previously undetectable alterations. 
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Conclusions. Copy number profiling of cell-free DNA enables histological classification. Since 

shallow whole-genome sequencing is inexpensive, and often fully operational at routine 

molecular laboratories, this finding has current diagnostic potential, especially for patients with 

lesions that are difficult to reach. 

Introduction 

Despite research and development at unrivaled pace, lung cancer remains the most dominant 

cause of cancer-related deaths worldwide (1). With time, the disease’s overall five-year 

survival rate did however increase, mainly due to the expanding pool of diverse treatment (2). 

In order to administer the most appropriate therapy, accurate histological classification is 

essential to guide individual decisions. 

The subcategorization of non-small cell lung cancer (NSCLC), representing 

approximately 85% of all lung cancers, in inter alia adenocarcinoma (LUAD) and squamous 

cell carcinoma (LUSC), has long been clinically relevant, especially for targeted therapy (3). 

For chemotherapy, likewise, the therapeutic agent pemetrexed, e.g., proves to be effective in 

patients with non-squamous histology, thus it is not recommended for treating LUSC (4). In 

contrast, further subclassifying small cell lung cancer (SCLC) has fewer diagnostic 

consequence, as it is sufficient to correctly determine the small cell histology in order to initiate 

chemotherapeutic treatment (5). Ongoing clinical trials are evaluating targeted and 

immunotherapies for molecularly characterized SCLCs, yet none of these are routinely 

implemented at present (6). 

Current favored histological subtyping approaches are based on hematoxylin and eosin 

staining, and morphologic tissue examination, often in combination with 

immunohistochemistry. Notwithstanding these methodologies are rapid and affordable, they 

coexist with major disadvantages, inherent to the requirement of tumor biopsies. These 

drawbacks mainly emerge from the invasive nature of the used procedures, such as 

bronchoscopy; endobronchial ultrasound with transbronchial needle aspiration; or 

percutaneous computed tomography-guided transthoracic lung biopsy—techniques that 

require expertise and operator skills, and importantly, always coincide with considerable 

patient discomfort and sometimes serious complications. For lung cancer patients with 

inaccessible lesions or substantial comorbidity, tissue examination might be delayed or simply 

not possible (7). 

Conceptionally, establishing diagnosis through tissue analysis introduces another 

inconvenience: since tumors are heterogenic in essence, solely a portion of the cancer 
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complexity is examined (8). This bias underestimates both intratumoral and intermetastatic 

heterogeneity. 

With the above intrinsic limitations of current methods in mind, the idea of liquid 

biopsies (LBs), which are classic blood samples, is rapidly emerging as an interesting 

alternative. Cell-free plasma DNA (cfDNA), likely to contain a share of tumor-derived 

fragments in cancer patients, forms an attractive novel source of diagnostic information (9). 

The most profound advantage of LBs is undeniably the convenience by which tumor DNA is 

collected, which could enable molecular pathologists to genetically track tumor evolution over 

time in a personalized manner. 

Several specialized high-throughput techniques to analyze cfDNA have been 

developed. Especially ultra-deep duplex sequencing for mutation calling appears to be a 

promising approach, however, it remains expensive, requires targeted panels, and is yet to be 

extensively validated for its clinical use (10). Shallow (coverage 0.1-0.5x) whole-genome 

sequencing (sWGS), on the other hand, has been shown to reliably detect copy number 

alterations (CNAs) in cfDNA (11–13). As for single nucleotide polymorphisms (SNPs), 

specific CNAs are widely described to correlate with diagnosis in lung cancer (14). 

Since approximately 70-75% of all lung cancer cases are diagnosed as advanced stage 

diseases (stage III and IV), and plasma genomic abnormality increases with tumor stage, we 

focused on patients with advanced stage tumors during recruitment (10, 15). For this proof-of-

concept study, 51 LBs (20 LUADs, 16 LUSCs and 15 SCLCs) and 39 matched formalin-fixed 

paraffin-embedded (FFPE) solid biopsies (SBs) have been analyzed. 

Methods 

Study population 

Between January 2016 and June 2019, 51 patients diagnosed with LUAD, LUSC or SCLC, 

were enrolled (Additional file 1: Table S1). Classification was executed according to the 2016 

World Health Organization’s guidelines. When available, results were compared with FFPE 

tissue (n=39). SBs were mostly taken at primary diagnosis, whilst LBs were sometimes drawn 

shortly before starting second-line treatment (Additional file 1: Table S2). Negative controls 

included LBs from healthy subjects (females from routine non-invasive prenatal testing (NIPT) 

and healthy males; n=60) and FFPE samples from benign tissue (n=9). Other than these in-

house cases, public segmental copy number data, derived from SNP array 6.0 (Affymetrix, 

Santa Clara, California) experiments, complemented with clinical information and a list of 

significantly aberrant loci per histological subtype, were collected from the supplement of the 
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study of Seidel et al, which presents the collective effort from the consortia ‘Clinical Lung 

Cancer Genome Project’ (CLCGP) and ‘Network Genomic Medicine’ (NGM) (16). This 

dataset was filtered on histology (exclusively LUAD, LUSC and SCLC; n=843). 

Formalin-fixed paraffin-embedded DNA sequencing 

Seven sections were cut from the FFPE tumor blocks. The middle five were subjected to DNA 

extraction whilst section one and seven, stained with hematoxylin and eosin, served as 

references to locate regions with high tumor cell concentrations. After macrodissection, DNA 

extraction was performed with the QIAamp DNA FFPE Tissue Kit (Qiagen, Hilden, Germany), 

according to the manufacturer’s instructions. DNA shearing to 200 bp fragments was executed 

by Covaris’ Adaptive Focused Acoustics technology using an M220 Focused-ultrasonicator 

(Covaris, Woburn, Massachusetts). Using 200 ng of starting material, library construction was 

completed by use of the NEXTflex Rapid DNA-Seq Kit and NEXTflex DNA Barcodes (Bioo 

Scientific, Austin, Texas). After pooling, cluster generation and sequencing were executed by 

respectively a cBot 2 and HiSeq 3000 system (Illumina, Essex, UK). The minimal number of 

reads (single-end (SE); 50-cycle mode) per sample was intended to be at least 15 million (mean 

coverage of 0.25x). 

Cell-free DNA sequencing 

Blood samples were collected in Cell-Free DNA BCT tubes (10 mL) (Streck, La Vista, 

Nebraska) or PAXgene Blood ccfDNA tubes (10 mL) (PreAnalytiX, Hombrechtikon, 

Switzerland). Within 24 hours of collection, plasma isolation was executed by one (PAXgene) 

or two consecutive (BCT) centrifugation steps, according to the manufacturer’s protocol. 

cfDNA extraction from 3.5 mL of plasma was performed using the Maxwell RSC ccfDNA 

Plasma Kit (Promega, Madison, Wisconsin), following the manufacturer’s instructions. 

Using 25 µL (~12 ng) of cfDNA, library preparation was executed by a Hamilton Star 

liquid handler using the NEXTflex Cell Free DNA-Seq Library Prep Kit and protocol (Bioo 

Scientific) and NEXTflex DNA Barcodes (Bioo Scientific), initiated by magnetic bead-based 

size selection to enrich for 100-170 bp fragments (17). Pooling, cluster generation, and 

sequencing were performed in correspondence to the SBs. 

A selection of 29 LBs (Additional file 1: Table S2) was reanalyzed by paired-end (PE) 

sequencing, using similar steps as described above, to computationally enrich for tumor-

derived reads by insert size (IS) filtering (17,18). We aimed at obtaining at least 80 million 

reads per sample, employing the Illumina NovaSeq 6000 (Illumina, Essex, UK). 
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Copy number profiling 

Raw reads were mapped by Bowtie 2 (v2.3.2) onto human reference genome GRCh38, using 

the fast-local flag (19). Biobambam’s bamsormadup (v2.0.87) was used to mark duplicate 

reads and to sort the resulting bam files (20). No additional quality filtering was applied. The 

latter files were indexed by SAMtools (v1.4.1) (21). The novel WisecondorX (v1.1.2) was 

deployed to reliably deduce normalized genome-wide bin-wise (100 kb) log2 ratios, 

representing copy number (22). Normalization was performed using two healthy reference sets: 

one for cfDNA (n=333) and one for FFPE samples (n=181). Note that these sets exclude the 

60 liquid and nine solid controls used for comparative analyses in this study, to avoid 

normalization bias. Stretches of expected equal copy number were defined by circular binary 

segmentation segments (23). Regions without information were interpreted as loci of 

undeterminable copy number (e.g., at centromeres). 

Aberration calling 

Losses and gains were called once segments had an absolute Z-score of 3 or more. These scores 

are calculated as shown below (22). 

 

𝑍𝑠𝑒𝑔𝑚𝑒𝑛𝑡(𝑛→𝑚) =
𝜇𝑤(𝑅𝑛, 𝑅…, 𝑅𝑚) − 𝜇(𝜇𝑤(𝑟1,𝑛, 𝑟1,…, 𝑟1,𝑚), … , 𝜇𝑤(𝑟𝑝,𝑛, 𝑟𝑝,…, 𝑟𝑝,𝑚))

𝑠𝑡𝑑(𝜇𝑤(𝑟1,𝑛, 𝑟1,…, 𝑟1,𝑚), … , 𝜇𝑤(𝑟𝑝,𝑛, 𝑟𝑝,…, 𝑟𝑝,𝑚))
 

 

𝑍𝑠𝑒𝑔𝑚𝑒𝑛𝑡(𝑛→𝑚) represents the Z-score of a segment ranging from bin n until m. 𝜇𝑤() calculates 

the average of a sequence of bins weighted by normal variability derived during reference 

creation in WisecondorX (22). The functions 𝜇() and 𝑠𝑡𝑑() calculate a default mean and 

standard deviation, respectively. 𝑅𝑛 represents the ratio between the observed and expected 

number of reads of the studied sample at bin 𝑛, whilst e.g., 𝑟1,𝑛 holds the ratio of the same locus 

in the first reference ‘control sample’. There are 𝑝 controls in the reference. 

Defining copy number tumor burden 

The ‘plasma genomic abnormality (PGA) score’ has previously been shown to correlate to 

clinical outcome across different cancer types (25,26); whereas ichorCNA calculates the most 

likely circulating tumor DNA (ctDNA) fraction according to copy number profiles (27). In 

accordance with their intention—quantifying copy number tumor burden—we developed a 

novel, more robust score, which enables control-case comparison in a manner that is less 

subject to variable Gaussian variance resulting from coverage bias, and less subject to variable 

sample quality: the copy number profile abnormality (CPA) score. This score quantifies the 
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deviation of segments from the normal diploid state, using segmental Z-scores, as shown 

below. 

𝐶𝑃𝐴 = ∑(|𝑍𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑖
| ∗ 𝑙𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑖

)

𝑛

𝑖=1

𝑛⁄  

 

In this equation, 𝑍𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑖
 represents the Z-score of 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑖. The length of this segment is 

given by 𝑙𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑖
. Copy number profiles are defined by 𝑛 segments. The CPA score is 

expressed per 100 Mb. More details covering this formula (Additional file 2), and a thorough 

comparison between CPA, PGA and ichorCNA values (Additional file 3: Figure S1), can be 

found in supplement. 

Abnormality calling 

In order to detect cancerous profiles, the theoretical cumulative distribution function of the 

controls’ CPA scores, which is assumed to be normally distributed, was calculated. The 

abnormality cutoff was chosen at P(x) = 0.99, delineating a type-1 error cutoff: samples that 

cross this limit are abnormal at the 1% false discovery rate (‘FDR) level. This process was 

repeated for the SBs separately, as FFPE-derived profiles tends to be subject to increased levels 

of noise, which generally lowers Z-scores, and thereby CPA values (28). 

Predictive modeling 

The used public training set contains copy number data complemented with relevant clinical 

information (16). This set holds LUAD (n=424), LUSC (n=351) and SCLC (n=68) patients, 

each of which were released alongside segmental continuous copy number states derived from 

array experiments on tumor tissue. This dataset is sufficiently large to train a robust model, 

which served as an evaluation platform for our in-house SBs and LBs. For all samples (public 

and in-house), whilst aiming at partly sidelining variable tumor fraction as a source of 

variability, loci (100 kb bins) were given three states to serve as model features: loss (-1), copy 

neutral (0) and gain (+1). 

Five different classifiers (random forest; support vector machine; logistic regression 

with ridge, elastic net and lasso regularization) were evaluated using leave-one-out cross-

validation (LOOV) on a class-balanced training set (n=204), sampled from the public data. The 

most accurate model, according to the mean area under the curve (mAUC), preceded by a one-

versus-all receiver operating characteristic (ROC) analysis, was passed to the newly sequenced 

SBs and LBs. Details on all machine learning steps can be found in supplement (Additional 

file 2). 
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Tumor enrichment by insert size filtering 

As mentioned before, 29 LBs were reanalyzed by PE sequencing. Three parallel computational 

pipelines were implemented to derive copy number profiles: the first uses all raw PE reads; the 

second uses exclusively properly paired reads with an IS between 90 and 135 bp; and the third 

uses randomly sampled PE reads, such that the same number of reads as in the second pipeline 

is obtained—this to assure novel CNAs do not result from increased levels of noise caused by 

down-sampling. Raw IS statistics were derived by Picard (v2.21.1; 

broadinstitute.github.io/picard/), using the CollectInsertSizeMetrics functionality. 

 

 

Figure 1. Copy number profile comparison between the liquid (LB) and solid biopsy (SB) of patient 17. a 

Copy number profile of the LB (top) and SB (bottom). Dots represent bins, whereas horizontal white lines indicate 

segments, covering bins of expected equal copy number. b Overlap plot derived from a smoothing sliding window, 

which interpolates the average of 100 enclosed bins to its central position. c Correlation scatter plot, using previous 

smoothened values. The solid line indicates identity (y=x), whereas the dotted line results from a total least squares 

analysis. A steeper dotted than solid line shows that the tumor fraction is higher in the SB. The Pearson correlation 

coefficient (r) is given. 

 

Results 

Following sample collection, sequencing and read mapping, CNAs were inferred from 51 LBs 

and 39 SBs (Methods). A copy number profile, a major concept throughout our study, tries to 

visualize the copy number state across the genome in a predefined number of bins (Figure 1). 

Every dot in such a profile represents a bin for which copy number is inferred. Each bin is 

expressed as a log2 ratio between the observed and the expected number of reads, the latter 

matching the healthy diploid state. As bin-wise values are subject to Gaussian noise, segments 

are typically inferred, covering bins of equal copy number. It is paramount to comprehend that 
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e.g., not every gain has the same log2 ratio value. This is caused by three main effects: the copy 

number state of the gain (3n, 4n, …), tumor heterogeneity (when not all tumor cells express 

the gain) and tumor fraction (samples always contain germline DNA). With these concepts in 

mind, following outcome could be described. 

LUAD displays less plasmatic abnormalities in comparison to LUSC and SCLC 

To gain insight in the level of plasmatic abnormality, we developed a novel statistic, named 

the ‘CPA score’ (Methods). In practice, this measure can range from zero, representing a ‘flat’ 

profile, to e.g., 10, matching a highly aberrant sample. This approach was found to outperform 

previously published methods in terms of tumor detection accuracy, such as ichorCNA and the 

PGA score (Additional file 3: Figure S1) (25, 27). 

 

 

Figure 2. Copy number abnormality and concordance analyses across histological subtypes. a Dots represent 

the copy number profile abnormality (CPA) score for liquid biopsies (LBs). Boxplots indicate distributions. The 

grey box (bottom) shows the 1% false discovery rate (FDR) cutoff. Dot colors (positive/negative) clarify their 

position with respect to this box. The fractions on top summarize the latter. b Identical to a, yet dots represent 

solid biopsies (SBs). c Scatter plot evaluating the SB/LB Pearson correlation (r; defined as in Fig. 1) in relation 

to the CPA score of LBs. Dot size indicates days between biopsies and is quadratically scaled. The dense grey 

box (left) represents the 1% FDR cutoff. The horizontal solid lines are means, embedded within non-dense boxes, 

showing their uncertainty (95% CI). Boxplots (right) indicate the underlying distributions per histological subtype. 

Means, standard errors and boxplots are weighted by dot size. 
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The CPA score across LBs was found to significantly differ (P<.001; Welch’s t-test) between 

lung cancer patients and healthy controls. More specifically, LUAD and LUSC were noticed 

with a lower plasmatic abnormality than SCLC (P<.001 and P=.014, respectively; Welch’s t-

test). Assuming normality (Lilliefors test returns P=.372 in control group), 99% of control LBs 

are expected to have a CPA lower than 0.623 (Methods), suggesting aberrations can be detected 

in 86.3% (44/51) of advanced stage lung cancer LBs (80% of LUADs, 81.3% of LUSCs and 

100% SCLCs) at the 1% FDR level (Figure 2a). For the SBs, this was the case for 92.3% 

(36/39) of the samples (Figure 2b). Here, a similar increase in abnormality along the sequence 

LUAD-LUSC-SCLC is present. 

Two possible effects explain the observed differences in plasmatic abnormality 

between the histological subtypes. First, LUAD tumors tend to contain tumor cells with less 

structural aberrations, which is, as anticipated, illustrated by the CPA across SBs (Figure 2b) 

(14). Second, since a higher portion of SBs have detectable aberrations, a prominent flat profile 

cause must be an insufficient plasmatic ctDNA fraction, noticeable in LUAD and LUSC. 

SCLCs, on the other hand, are known for having excessive cell turnovers (a high proliferation 

rate in combination with extensive apoptosis and necrosis), which consequently affects the 

plasmatic tumor fraction (29). Interesting to note in this context: circulating tumor cells have 

been described to be excessively present in SCLC patients (30). 

Concordance between solid and liquid biopsies highly depends on plasmatic tumor 

fraction 

When comparing the copy number profiles between paired SBs and LBs, mostly well-

correlating cases were encountered. In general, LBs with a high tumor fraction often exhibit 

identical aberrations compared to their solid counterpart (e.g., patient 17; Figure 1). Here, 

deletions and gains are positioned in the same loci, whereas their amplitudes—a concept 

defined as the absolute value of a segment’s log2 ratio—is mostly tumor fraction dependent. 

Concerning less concordant cases, three main factors explain their presence. First, 

disregarding constitutional events, a LB without observable aberrations, presumably caused by 

insufficient ctDNA, cannot show agreement (e.g., patient 5; Additional file 4). Second, as SBs 

represent a distinct part of the total tumor, whereas LBs study all sources of cfDNA 

simultaneously, tumor heterogeneity introduces additional disconcordance (e.g., patient 37; at 

5p and chromosome X; Additional file 4). Third, since paired SBs and LBs were sometimes 

taken at independent moments, another source of potential divergence is present, considering 

time and treatment both contribute to tumor evolution, as e.g., tumor cells resistant to first-line 

treatment can evolve or clonally expand to alter genomic composition. These dissimilarities 
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were thus possibly seen when dealing with large time gaps (e.g., patient 22; at 6p; this patient 

was treated with concomitant chemoradiotherapy, after which progression was observed seven 

months later, when palliative treatment was initiated, indicating chemoresistance; Additional 

file 4), however, whether these were caused by either heterogeneity or evolution could not be 

confirmed. Revisiting tumor heterogeneity, 19 patients were represented by aberrant LBs and 

SBs taken within the same period of time. Of these, four showed clear evidence of 

heterogeneity, whereas three others solely suggested heterogeneity (Additional file 3: Figure 

S2). 

 

 

Figure 3. Overview of aberrations detected using liquid biopsies (LBs) in comparison to public data. Colored 

waves represent fractions of aberrant LBs per histological subtype. Patterns above the x-axes indicate gains, whilst 

opposite contours represent losses. The dendrogram (left) results from agglomerative complete-linkage clustering 

applied to the Pearson distances (i.e., 𝑑 = (1 − 𝑟)/2) between these waves (vectors defined as %gains-%losses). 

Line graphs represent smoothened mean log2 ratios for LBs (thick solid) and the used large public dataset (thin 

dotted) (16). The Pearson correlation (r) between these lines is given. Horizontal grey bars below and above each 

profile hold subtype specific aberrant loci according to public data (16). 

 

Notwithstanding the potential consequence of the above confounders, LBs with detectable 

tumor DNA (CPA>0.623) represent their paired SB well, as indicated by a mean Pearson 

correlation of 0.767 (0.706-0.827; 95% CI) (Figure 2c). For specifically SCLC, this measure 

amounted to 0.861 (0.790-0.931; 95% CI). Although often large interval times are present (e.g., 

patient 15 and 22, with intervals of 504 and 345 days, respectively), the correlation metric 

(close to 0.9) implies that tumor characteristics, according to the observed CNAs, largely 

remain the same at progression, confirming ineffective first-line treatment. Remark that for 

LBs to operate as a diagnostic tool, the described effect of interval time is evidently not 

relevant. 
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Liquid biopsy copy number profiles correlate with public solid biopsy data 

When summarizing all gains and losses per histological subtype, both lung cancer (e.g., gains 

at 5p) and distinct subtype specific fingerprints are detected (Figure 3). The overall correlation 

between the mean log2 ratios of the LBs and public SB data amounts to 0.840, 0.756 and 0.869 

for LUAD, LUSC and SCLC, respectively. In addition, non-supervised clustering applied to 

these resumptive profiles reflects histological hierarchy: NSCLC and SCLC are depicted as 

two separate entities. A sample-wise alternative cluster is shown in supplement (Additional file 

3: Figure S3). 

To assess whether the high concordance with public data can be translated into a clinical 

application, the performance of a predictive model was assessed. 

A predictive model trained with public data performs well on liquid biopsies 

Machine learning based on LBs to predict subtype is non-trivial as there are no conform 

training sets available at present. Nonetheless, the consortia CLCGP and NGM released data 

from large-scale genome-wide microarray experiments (16). Although these data are thus 

array-derived, in contrast to our study, superior training sets are currently not available. Five 

different multiclass classifiers were compared, followed by evaluating the in-house SBs and 

LBs using the former most performant model (Methods). 

Logistic regression with ridge regularization produced the best outcome according to 

an mAUC of 0.936, resulting from an iterative one-vs-all ROC analysis following training set 

LOOV (Figure 4a). Where other learning strategies were discarded, previous model was 

enforced on the newly sequenced SBs, establishing an mAUC of 0.959 and an accuracy of 

89.7% (Figure 4b). The LBs however were predicted less precisely (mAUC of 0.885; accuracy 

of 80.4%), mainly because seven samples had no detectable aberrations in plasma: these were 

all predicted as LUAD, yet pathologists claimed three were LUSC. When dismissing cases 

without detectable aberrations, performance increased (mAUC of 0.927; accuracy of 84.1%). 

This was repeated across a range of possible CPA cutoffs (Additional file 3: Figure S4), 

showing that, once the previously established 0.623 is reached, a more conservative cutoff does 

not necessary produce more accurate results. Finally, the ability to differentially diagnose 

SCLC from NSCLC employing LBs is given by an AUC of 0.983 and an accuracy of 96.1% 

(Figure 4c). In comparison, during training set LOOV, this AUC amounted to 0.969. 
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Figure 4. Multiclass predictive modeling for liquid biopsy (LB)-based histological classification. a One-vs-

all receiver operating characteristic (ROC) analysis was executed in combination with leave-one-out cross-

validation (LOOV) using the public training set for classifier selection (16). Evaluated classifiers include random 

forest (RF); support vector machine (SVM); logistic regression (LR) with ridge, elastic net (enet) and lasso 

regularization. Lines represent average ROC curves. Performance is quantified by the mean area under the curve 

(mAUC). b Solid (SBs) and LBs were evaluated with the best model (LR with ridge penalty) from a, using one-

vs-all ROC analysis (dotted line). Abnormal (abn) LBs, defined by copy number profile abnormality 

(CPA>0.623), are shown separately in addition (solid line). c LBs evaluated using default ROC analysis. d β 

coefficients from the best model (LR with ridge penalty) from a. For perceptibility, the most prominent regions 

are colored (absolute value > 1), where the six most important loci to distinguish non-small cell lung cancer from 

small cell lung cancer (SCLC), according to the model, are emphasized by arrows. Coefficients were multiplied 

by 100. e Scatter plot of the relation between the CPA score and the prediction probability for LBs. The grey box 

(left) shows the 1% false discovery rate (FDR) cutoff. Colors indicate histology according to pathologists. The 

dotted line represents an ordinary least squares fit with corresponding Pearson correlation (r). f Custom 

performance plot, where numbers represent patient IDs. Paired LBs (top) and SBs (bottom) are connected. Colors 

represent predicted type, grid positions type according to pathologists (adenocarcinomas (LUADs) left, squamous 

cell carcinomsa (LUSCs) central, SCLCs right). The prediction probability linearly sets character size. Position 

within grid squares is random. 

 



  129 

It is not surprising that the prediction probability highly depends on the tumor fraction, and 

thus the CPA score, as measured by a correlation of 0.496 (P<.001) (Figure 4e). Therefore, 

because of the apparent inherent variability between the ctDNA fractions across the 

histological subgroups, SCLCs are favored for correct classification. Furthermore, SCLC is 

characterized by more distinct features in comparison to both NSCLC subtypes. Discriminating 

LUAD from LUSC was indeed expected to be intrinsically more ambitious, as previously 

demonstrated by cluster analysis (Figure 3). 

Amongst all wrongly predicted LBs (Figure 4f), two (patient 10 and 20) were 

identically falsely classified based on their solid equivalent; three (patient 5, 14 and 35) 

resemble flat profiles due to an insufficient tumor fraction; three (patient 1, 20, 33; Additional 

file 1: Table S1) were marked by pathologists for having an ambiguous histology prior to any 

in silico examination; and one (patient 50) concerned a patient with liver metastases identified 

with excessive heterogeneity (Additional file 3: Figure S2), possibly affecting the diagnostic 

classification. 

Copy number detection sensitivity can be improved by paired-end sequencing 

PE sequencing at greater depths (1-1.5x) is expected to become increasingly feasible. 

Therefore, this section is dedicated to the latter technique as a ‘future prospect’: PE approaches 

could be favored over SE alternatives, since the acquired IS (i.e., cfDNA fragment size) 

information can be employed to enrich for tumor reads, as shorter DNA fragments are more 

likely to be tumor-derived (17,18). We selected 29 LBs (especially wrong predictions and 

samples with insufficient ctDNA) for resequencing, after which copy numbers profiles were 

derived for raw PE data; IS filtered PE data; and randomly sampled PE data (as a ‘negative’ 

control for IS filtered PE data) (Methods). 

Following IS filtering (range 90-135 bp), on average 4.31 million mapped reads (2.40-

6.22; 95% CI) remained. Sample-wise and histologically averaged IS distributions again signal 

that SCLCs release an abundance of ctDNA (Figure 5a; Figure 5b). As expected, segmental 

log2 ratios of copy number profiles differ little between SE and PE sequenced LBs (Figure 5c). 

After IS filtering however, the segmental amplitudes increased with an average of 0.050 

(0.035-0.065, 95% CI) in comparison to SE sequencing (Figure 5c; Additional file 5). Similar 

observations were made for the LB/SB Pearson correlations, especially for patients with an 

originally low concordance (Figure 5d). 

The increase in absolute log2 ratio was most prominent for LBs with detectable tumor 

fraction, such as the SCLC samples (Figure 5c)—patient 41, a representative SCLC case, 

demonstrates this effect elegantly (Figure 5e). For ‘flat’ SE profiles, this raise was less 
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pronounced: although the correlation with the paired SB doubled, clear CNAs remain difficult 

to discriminate for patient 35 (Figure 5f; Additional file 5). 

 

 

Figure 5. Paired-end (PE) sequencing and insert size (IS) filtering to increase sensitivity. a Sample-wise IS 

histograms of liquid biopsies (LBs). b Histology-wise mean IS histograms of LBs, with transparent background 

waves, which indicate the 95% CI. The grey box delineates the applied IS filter. c Comparison between three 

types of PE data: raw; randomly sampled; sampled according to IS. The distance to the single-end (SE) profiles 

is shown for each instance. Thicker black line and grey background show mean and 95% CI interval, respectively. 

d Identical to c, yet for the Pearson correlation (r) with paired solid biopsies (SBs). e Copy number profiles of 

patient 41. The grey background dots represent the SB; line graphs on top are smoothened LB profiles, derived 

from SE data; PE data; and PE data, followed by IS filtering. f Identical to e, yet for patient 35. 

 

In total, five LBs without detectable CNAs (CPA<0.623) were resequenced, where three 

expressed significantly aberrant segments after IS filtering. Two of these concerned LUSC 

cases, previously misclassified as LUAD, yet now correctly classified following tumor read 

enrichment (patient 5 and 35; Additional file 5). To conclude, after substituting the original 

profiles with the tumor enriched profiles, the overall mAUC raised from 0.885 to 0.912 

(Additional file 3: Figure S5). 

Discussion 

Molecular profiling was long challenged by instrumental bottlenecks and economic feasibility, 

yet recent technological advancements have largely overcome these obstacles. Tumor 

classification by next-generation sequencing is now expected to mature into the most informed 

avenue to direct therapeutic decisions, however, with the necessity of tumor tissue, associated 

intrinsic complications remain. In reaction, LBs could emerge as a complementary source—

and, ultimately, an alternate practice—to obtain genomic information on tumors minimally 

invasive. 
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In this proof-of-concept study, we set out to examine 51 advanced stage lung cancer 

patients, using sWGS and copy number profiling. In 44 liquid samples, genomic aberrations 

could be identified. Plasmatic abnormality analysis revealed a significant difference between 

NSCLCs and SCLCs. Next, we noticed a high correlation in a subsequent concordance study 

between matched SBs and LBs once genomic aberrations were identifiable, despite the long 

interval times for several patients between pairs. Four patients did however express clear 

evidence of tumor heterogeneity, which could bias diagnosis using tissue-based methodologies. 

Our work further shows that LB-derived copy numbers can accurately differentiate SCLC from 

NSCLC, partly because SCLC ctDNA seems to be detectable with high sensitivity; and, SCLCs 

are represented by distinct copy number profiles. This is highly relevant, as to date, correctly 

diagnosing SCLC is necessary and sufficient, due to the absence of effective targeted SCLC 

therapies. Differentiating LUAD versus LUSC, equally important to direct therapy, seems less 

accurate. Similar reasoning applies: profiles are less specific and ctDNA fractions are lower. 

The latter shortcoming, however, can be partly minimized by deeper PE sequencing: 

computational tumor enrichment based on IS statistics, manages to increase the overall model 

performance. 

Whilst some lung cancer studies have recently investigated LBs, currently none have 

truly examined their use for histological subtyping (26,31–35). To evaluate the adopted 

modeling approach, we therefore compared ours to other published tissue-based alternatives. 

The CLCGP and NGM study reports binary classification accuracies of 71.3%, 77.1% and 

91.7% for LUAD, LUSC and SCLC, respectively (n=637; including only samples with at least 

one genetic alteration) (14). Using our strategy in combination with cross-validation, binary 

accuracies of respectively 86.8%, 84.8% and 92.2% were settled on a class-balanced subset of 

the same public dataset (n=204; no additional filtering). Two more large studies performed 

(binary) classification using copy numbers between LUAD and LUSC: the work of Li et al 

claims an accuracy of 86.1% (n=301), whilst Qiu and colleagues report 84.0% (n=986) (36–

37). Likewise, the in-house SBs (89.7%, 92.3% and 97.4%, respectively) and LB (SE 

sequenced; 80.4%, 84.3% and 96.1%, respectively) sets returned similar statistics. 

Adopting discrete states (loss; copy neutral; gain) as model features (Methods), which 

was favored to disregard variable tumor fractions, downweighs the presence of amplifications, 

indicated by e.g., patient 32: a 7p11.2 (EGFR) amplification, indicative for NSCLC, is clearly 

present (Additional file 4), yet the overall signal (wrongly) pushed classification towards SCLC 

(14). Interesting in this context, small cell transformation of EGFR mutated LUAD is 

sometimes seen as a mechanism of resistance (38). Transformation possibly occurred in patient 
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26, who was included at progressive stage, and was subsequently correctly classified by the 

model as SCLC. A baseline SB was sequenced in addition to main cohort, exposing initial 

LUAD-specific aberrations (Additional file 3: Figure S6). 

To mimic a clinically realistic cohort, diagnostically challenging cases were not 

excluded. Moreover, the set comprised small biopsies and eight cytological specimens 

(Additional file 1: Table S2). Central pathology review identified five cases with divergent 

immunohistochemical results: these were therefore annotated with a genuine uncertainty 

(Additional file 1: Table S1). The most interesting case, patient 20, was the sole wrong 

prediction amongst the SCLCs. Its SB, representing a brain metastasis that was originally 

morphologically classified as SCLC, showed atypical small cell features on review: cell nuclei 

were rather large with sometimes prominent nucleoli, suggesting large cell neuroendocrine 

carcinoma (39). Using additional immunohistochemistry analyses, RB1 seemed copy neutral 

and p53 resulted in a wild-type pattern (unfortunately, no information on mutations could be 

obtained, as TP53 sequencing failed due to coverage issues). However, as described for small 

cell-like large cell neuroendocrine carcinoma, a high proliferation index of 80% was 

documented by Ki67 staining. Therefore, based on morphology and immunohistochemistry, 

patient 20 remained difficult to categorize and could thus concern either SCLC or large cell 

neuroendocrine carcinoma. 

A considerable advantage of sWGS is the convenience by which LBs for copy number 

profiling could be implemented as routine practice in molecular diagnostic laboratories. To 

clarify, NIPT has evolved into a daily executed application, and in essence, it concerns the 

same technological and laboratory steps. A turnaround time of less than four days and a total 

(i.e., including processing costs) price tag of roughly $200 could be expected. 

Classification according to morphology and immunohistochemistry is sometimes 

subjective, as it is not consistently a black-and-white story. Therefore, a computationally 

processed copy number profile could be of considerable help as an addition to current 

traditional diagnostic methods. However, our conclusions should be confirmed on larger 

independent datasets. 

To conclude, this work reveals the presence of rather surprisingly large amounts of 

aberrant ctDNA, especially for SCLC. This realization offers opportunities in future research: 

introducing single nucleotide variants, obtained from targeted sequencing, to current 

classification model, seems largely feasible. It is likely that, in the near future, combinations 

of these sequencing methods could tackle molecular complexity beyond histology: given a 

patient with a clinical picture suspicious for advanced stage lung cancer, a diagnostic LB could 
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offer both accurate classification and all necessary sequencing information to direct precision 

medicine. 

Conclusion 

We demonstrate, as a proof of principle, that copy number profiling of cell-free DNA can be 

used to differentiate NSCLC from SCLC. The central technique, sWGS, is inexpensive and 

often fully operational at routine molecular laboratories. These concepts therefore have 

relevant diagnostic potential, especially for patients with lesions that are difficult to reach—all 

the more since correctly diagnosing SCLC is sufficient to initiate therapy. 

Data availability 

Copy number data generated and analyzed for this study are available in Additional files 6 until 

9. Public data can be downloaded from the supplement of the CLCGP and NGM study (16). 
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Abstract 

Shallow-depth sequencing of cell-free DNA, a cheap and standardized approach to obtain 

molecular information on tumors non-invasively, is insufficiently explored for lymphoma 

diagnosis and disease follow-up. This study collected 318 samples, including longitudinal 

liquid and paired solid biopsies, from a prospectively recruited cohort of 38 Hodgkin 

lymphoma (HL) and 85 aggressive B-cell non-HL patients, represented by 81 diffuse large B-

cell lymphoma (DLBCL) cases. Following sequencing, copy number alterations and viral read 

fractions were derived and analyzed. 

At diagnosis, liquid biopsies showed detectable copy number alterations in 84.2% of 

HL (88.6% for classical HL) and 74.1% of DLBCL patients. Copy number profiles between 

liquid-solid pairs were highly concordant within DLBCL (r=0.815±0.043); and, compared to 

tissue, HL liquid biopsies had abnormalities with higher amplitudes (P=.010), implying that 

tumor DNA is more abundant in plasma. Additionally, 39.5% of HL and 13.6% of DLBCL 

cases had a significantly elevated number of plasmatic Epstein-Barr virus DNA fragments, 

achieving a sensitivity of 100% compared to current standard. 

Longitudinal analysis determined that, when detectable, copy number patterns were 

similar across (re)staging moments in refractory/relapsed patients. Moreover, the overall 

profile anomaly highly correlated with the total metabolic tumor volume (P<.001). Finally, as 

a proof of principle, we demonstrate that liquid biopsy-derived copy numbers can aid 
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diagnosis: e.g., differentiating HL from DLBCL by random forest modeling is represented by 

an area under the receiver operating characteristic curve of 0.967. This application is potentially 

useful when tissue is difficult to obtain, or when biopsies are small and inconclusive. 

Introduction 

B-cell-derived lymphomas can develop at different stages along the B-lymphocyte 

differentiation pathways, thereby founding a diverse pool of tumor entities (1). These comprise 

Hodgkin lymphoma (HL) and diverse non-HL (nHL) varieties, with diffuse large B-cell 

lymphoma (DLBCL) as the most common nHL. 

Both HL and DLBCL are systematically typified by distinct morphological, 

immunohistochemical and (epi)genetic features (2–5). Their high cell turnover makes them 

excellent candidates for ‘liquid biopsy’-based research. Necrotic and apoptotic tumor cells 

have shown to shed DNA (6) into the peripheral circulation, which is informative with regard 

to diagnosis, prognosis and therapy (7). In theory, this enables real-time (serial) sampling of 

the entire (often heterogeneous (8)) genomic lymphoma architecture in a convenient non-

invasive manner by use of classic blood samples. 

Recent studies (9 – 11) focused on plasmatic cell-free DNA (cfDNA) analysis using 

ultra-deep targeted sequencing (12) for single nucleotide variant (SNV) and translocation 

detection. Overall, these studies provided two main insights: variant allele frequencies often 

correlate with disease status; and, surveilling circulating tumor DNA (ctDNA) might 

outperform 18F-fluoro-2-deoxyglucose positron emission tomography/computed tomography 

(PET/CT) scans in terms of sensitivity—a finding which holds great potential for relapse risk 

assessment, by quantifying minimal residual disease. 

 Despite their potential, ultra-deep sequencing techniques remain expensive and require 

targeted panels. In contrast, shallow (coverage ~0.25x) whole-genome sequencing (sWGS) for 

primarily copy number detection is cheaper and fully operative in hospitals that offer non-

invasive prenatal testing (13). One of the hallmarks of sWGS is its high specificity for 

identifying malignant cells: in comparison to SNVs, large (i.e., >5 Mb) somatic copy number 

alterations are rarely detected in unaffected subjects (14), whereas the former accumulate in 

function of time—this also occurs in hematopoietic stem cells, a phenomenon referred to as 

clonal hematopoiesis (15), potentially resulting in incorrect driver identifications. 

sWGS of cfDNA may therefore have clinical potential, especially for patients with 

lesions that are difficult to biopsy (e.g., brain; deep lymph nodes in the thoracic cavity or 

abdomen); or when dealing with ambiguous PET/CT scans, as both imaging and clinical 
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symptoms of lymphoma are often non-specific. Nevertheless, this approach has only been 

superficially investigated (16). Our study hence evaluates whether sWGS can serve as a 

molecular test in addition to established diagnostic methods, using a diverse set of 123 

prospectively recruited lymphoma patients, comprising baseline and longitudinal blood 

samples, supplemented with paired formalin-fixed paraffin-embedded (FFPE) biopsies. 

Methods 

Ethics statement 

This study was approved by the institutional ethics committee at Ghent University Hospital 

(EC/2016/0307). Written informed consent was obtained from all patients. 

Study population 

Between January 2016 and November 2019, 123 lymphoma patients were recruited at Ghent 

University Hospital and AZ Delta Roeselare. Subtypes include 38 HLs (three nodular 

lymphocyte-predominant HLs; 23 nodular sclerosis classical HLs (cHLs); five mixed 

cellularity cHLs; five lymphocyte-rich cHLs; one lymphocyte-depleted cHLs; and one not 

otherwise specified (NOS)), 81 DLBCLs (61 NOS; four Epstein-Barr virus (EBV)-positive; 

ten primary mediastinal large B-cell lymphomas (PMBCLs); two high-grade B-cell 

lymphomas; two T-cell/histiocyte-rich large B-cell lymphomas; one intravascular large B-cell 

lymphoma; and one plasmablastic lymphoma) and four grey zone lymphomas (GZLs) 

(Supplemental file 2: Table S1 and S2). Patients were included at the start (referred to as 

‘baseline’) of (a new line of) therapy (baseline represents initial diagnosis for 115 cases; after 

ineffective treatment for six cases; and at relapse for two cases). Although patient recruitment 

was random, the final cohort was enriched for HL patients. 

Sample series 

Liquid biopsies were collected at baseline for all patients (n=123); whereas a selection of paired 

FFPE tissue was made randomly (n=33), obtained from 15 HL and 18 DLBCL patients. 

Longitudinal liquid biopsies were taken following milestones in treatment and 93 were 

sequenced for 31 patients, intentionally enriched for refractory/relapsed diseases: interim 

evaluations after two and four cycles of ABVD in HL; interim evaluations after four cycles of 

R-CHOP in nHL; at restaging after ineffective treatment or relapse; at the end of successful 

treatment; and every six months for patients in maintained complete remission (CR). For HL 

(n=9), six patients had obtained CR within a year of inclusion, whereas three were refractory. 

For nHL (n=22), 11 patients reached CR within a year; six were refractory; and five relapsed. 
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 Negative liquid biopsies were included from non-invasive prenatal assays (n=60), 

supplemented with benign FFPE tissue (n=9) as a control for the solid biopsies. In total, 318 

samples were thus analyzed. 

Clinical and pathological characteristics 

Patient demographics and clinical variables were available through routine clinical practice. 

The total metabolic tumor volume (MTV) was measured by PET/CT using the semi-automated 

segmentation software AW workstation (GE medical systems, Waukesha, USA), with a 

standard uptake value cutoff of 2.5. 

Pathology diagnosis included standard histological examination of FFPE biopsy 

material in combination with immunohistochemistry (IHC). Double/triple hit (MYC, BCL2 

and/or BCL6) and double expressor (MYC and BCL2) samples were detected using 

fluorescence in situ hybridization and IHC, respectively. The germinal center B-cell (GCB) 

cell of origin (COO) status was assigned by means of the Hans algorithm (17). 

Using chromogenic in situ hybridization (CISH), the presence of EBV-encoded RNA 

(EBER) was evaluated using INFORM EBER probes (Ventana Medical Systems, Tucson, 

Arizona). Selected liquid biopsies were additionally tested using quantitative EBV-polymerase 

chain reaction (PCR), according to Bordon et al. (18). 

Sequencing and bioinformatic analysis 

All laboratory steps and subsequent computational analyses, such as copy number profiling 

(19); defining tumor burden using the copy number profile abnormality (CPA) score (20) and 

estimated tumor fraction (21); methods used to derive viral read fractions of HIV-1, HIV-2, 

EBV, JC polyomavirus, Human T-lymphotropic virus 1, Human herpesvirus 8 and Hepatitis C 

virus; random forest modeling (22) of copy number profiles to predict tumor subtype; detection 

of copy number driver peaks (23); and general statistical testing, can be found in Supplemental 

file 1: Supplemental methods. 

Results 

sWGS of cfDNA enables accurate copy number profiling in lymphoma 

For healthy individuals, copy number profiles are assumed to be approximately ‘flat’, implying 

that large alterations are absent. We developed a score in previous work (20), which increases 

with rising deviance from the naturally occurring healthy background variance, in order to 

statistically distinguish cancerous from control profiles: the CPA score. Based on this variable, 

95/123 baseline liquid biopsies were detected as cancerous (Figure 1A; Supplemental file 2: 

Table S3). As expected, the score reached significantly higher (P<0.001; Welch’s test) values 
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in the lymphoma group compared to the control group. There was no significant difference 

(P=.250; Fisher’s exact test) in the fraction of abnormal observations between HL (32/38; 

84.2%) and DLBCL (60/81; 74.1%), nor when specifically considering cHL (31/35; 88.6%; 

P=.091). At Ann Arbor stage I, only 1/6 liquid biopsies showed deviations, whereas stage II 

until IV present comparable detection rates (Supplemental file 1: Figure S1). 

 

 

Figure 1. Feasibility of copy number profiling through sWGS of cfDNA. (A) CPA score comparison between 

common HL and DLBCL subtypes. Dots represent blood samples at baseline; default box plots indicate 

underlying distributions. The bottom grey box delineates the abnormality cutoff defined by the controls. 

According to this limit, the numbers on top define which samples have abnormal copy number profiles. The 

overlapping histograms at the left additionally display the overall CPA distribution. (B) Copy number profile 

comparison between the liquid and solid biopsy of patient 59. Dots are bins for which copy number is inferred, 

whereas graph lines represent smoothened profiles. The ‘ratio’ equals the observed over the expected number of 

reads. (C) Scatter plot comparison of bins (grey dots) and smoothened values (black solid graph line) between the 

liquid and solid biopsy of patient 59. Identity line (black dotted) and least squares fit (red dotted), with 

corresponding Pearson correlation coefficient (r), are shown. (D) Scatter plot of all Pearson correlations between 

solid and liquid biopsy pairs, defined as in C, in relation to the CPA of the liquid biopsy. The grey box at the left 

matches the abnormality cutoff from A. Horizontal colored lines embedded in colored boxes represent means and 

their uncertainty (95% confidence interval), respectively. (E) Control-normalized amplitude comparison between 

the liquid and solid biopsies of HL and DLBCL patients. Samples are represented by dots; same-patient biopsies 

are connected; the underlying distribution is clarified by violin plots. P-values result from paired t-tests. 

Abbreviations: sWGS, shallow whole-genome sequencing; cfDNA, cell-free DNA; CPA, copy number profile 

abnormality; HL, Hodgkin lymphoma; nHL, non-HL; DLBCL, diffuse large B-cell lymphoma; cHL, classical 

HL; ncHL, non-cHL; NLPHL, nodular lymphocyte-predominant HL; NSCHL, nodular sclerosis cHL; MCCHL, 

mixed cellularity cHL; LRCHL, lymphocyte-rich cHL; GZL, grey zone lymphoma; NOS, not otherwise specified; 

GCB, germinal center B-cell; unc, unclassified; EBV, Epstein-Barr virus; PMBCL, primary mediastinal large B-

cell lymphoma; HGBCL, high-grade B-cell lymphoma; THRLBCL, T-cell/histiocyte-rich large B-cell lymphoma; 

c, control. 
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In order to confirm whether copy number profiles derived from blood samples represent those 

from tissue biopsies, we executed a concordance analysis using 33 liquid-solid pairs 

(Supplemental file 1: Liquid-solid pairs). Patient 59, a representative DLBCL case, 

demonstrates very similar deviations in both samples (Figure 1B), and the Pearson correlation 

between their smoothened profiles amounted 0.916. From left to right, four clusters can be 

distinguished in a corresponding scatter plot (Figure 1C): deletions, copy neutral bins, 

duplications and amplifications. Note that the amplitudes of alterations, a concept defined as 

the absolute value of a segment’s log2 ratio (19), are more extreme in liquid than tissue biopsies 

(Figure 1B)—also indicated by a steeper identity line than least squares fit in the scatter plot 

(Figure 1C)—caused by a greater ctDNA fraction in patient 59’s liquid biopsy. Overall, when 

the CPA score in the liquid biopsy was abnormal, DLBCL pairs showed high concordance 

(r=0.815±0.043; 95% confidence interval), whereas this was not the case for HL 

(r=0.260±0.055; 95% confidence interval) patients (Figure 1D). 

Next, the amplitudes were compared between paired liquid and solid biopsies (Figure 

1E). These numbers were averaged per sample and additionally normalized by subtracting the 

mean across the control samples (0.005 for liquid; 0.026 for solid), which results in a fairer 

comparison, as FFPE material tends to produce profiles with higher levels of noise (24), 

naturally increasing the overall deviance. This variable was found to be higher in liquid than 

solid biopsies for HL (P=.010; paired t-test), but not for DLBCL (P=.316; paired t-test). 

Noteworthy, within HL, the mean of the solid biopsies barely differed from zero, meaning that 

most of these profiles are hard to differentiate from normal controls, and therefore, the low 

solid-liquid correlation observed in HL patients (Figure 1D), seems to be caused by a scarcity 

of tumor cells in the FFPE samples, rather than a low ctDNA fraction. From a biological 

perspective, this is reasonable: neoplastic Hodgkin and Reed-Sternberg cells are always 

embedded in an inflammatory background of non-affected cells (25), causing healthy 

resemblance. 

sWGS of cfDNA enables sensitive EBV detection in lymphoma 

Sequencing reads were mapped to seven different lymphoma-associated viruses. Amongst 

lymphoma liquid biopsies, 39/216 had abnormally elevated EBV read fractions in comparison 

to the negative controls (Supplemental file 2: Table S3); whereas one patient tested positive for 

JC polyomavirus (13 reads) at surveillance (patient 79). In accordance with clinical records, no 

other viruses were detected. Within control samples, no or exclusively low amounts of EBV 

reads were seen. The latter was the case for 15/60 liquid (read fraction range 0.032-0.059 parts 

per million (ppm)) and 6/9 solid controls (0.029-0.08 ppm). 
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Figure 2. Feasibility of EBV detection through sWGS of cfDNA. (A) EBV read fraction comparison between 

common HL and DLBCL subtypes. Dots represent blood samples at baseline. The bottom grey box delineates the 

abnormality cutoff defined by the controls. According to this limit, the numbers on top define which samples have 

abnormally elevated EBV fractions. The overlapping histograms at the left additionally display the overall EBV 

read fraction distribution. (B) Scatter plot between the CPA score and the EBV read fraction. Symbols represent 

blood samples at baseline; color shows whether CPA is abnormal; the + or – symbol is assigned in accordance to 

A, thereby specifying EBV positivity or negativity, respectively. Pie charts visualize contingency table; the P-

value results from Fisher’s exact test. Swarm and box plots at the right-hand side indicate the EBV read fraction, 

grouped by CISH for EBER detection outcome. Dots represent blood samples; numbers on top are assigned as in 

A. Colored dots are additionally tested by PCR in blood samples. (C) Control-normalized EBV comparison 

between the liquid and solid biopsies. Samples are represented by dots; same-patient biopsies are connected. 

Patients without elevated EBV levels in both their solid and liquid biopsy were omitted. The P-value results from 

a paired Wilcoxon rank-sum test. (D) ROC analyses executed using ranked viral read fractions and three different 

gold standards: CISH, overridden by PCR; CISH only; solid biopsy EBV read fraction. Abbreviations: EBV, 

Epstein-Barr virus; sWGS, shallow whole-genome sequencing; cfDNA, cell-free DNA; HL, Hodgkin lymphoma; 

nHL, non-HL; DLBCL, diffuse large B-cell lymphoma; CPA, copy number profile abnormality; CISH, 

chromogenic in situ hybridization; EBER, EBV-encoded RNA; PCR, polymerase chain reaction; cHL, classical 

HL; ncHL, non-cHL; ROC, receiver operating characteristic; AUC, area under the curve; NLPHL, nodular 

lymphocyte-predominant HL; NSCHL, nodular sclerosis cHL; MCCHL, mixed cellularity cHL; LRCHL, 

lymphocyte-rich cHL; GZL, grey zone lymphoma; NOS, not otherwise specified; GCB, germinal center B-cell; 

unc, unclassified; PMBCL, primary mediastinal large B-cell lymphoma; HGBCL, high-grade B-cell lymphoma; 

THRLBCL, T-cell/histiocyte-rich large B-cell lymphoma; c, control. 

 

The EBV read fraction was evaluated for all baseline liquid biopsies, where 28/123 patients 

tested positive (Figure 2A). For GZL, 2/4 patients were positive; and, as expected, more 

(P=.004; Fisher’s exact test) HL samples (15/38; 39.5%) were EBV-positive than DLBCL 
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samples (11/81; 13.6%). All but one EBV-positive sample had an abnormal CPA score in 

addition (Figure 2B), which significantly associates the latter categorical variables (P=.004; 

Fisher’s exact test). 

The sensitivity and specificity of EBV detection through sWGS of cfDNA was 

established by comparison to routine CISH for EBER detection results, performed on FFPE 

tissue. All 18 samples that tested positive for EBER, and 8/46 EBER-negative samples, had 

abnormally increased EBV levels in plasma, achieving a sensitivity and specificity of 100% 

and 82.6%, respectively (Figure 2B; Supplemental file 2: Tables S3 and S4). The liquid 

biopsies with the most elevated viral read fractions amongst EBER negative cases did however 

accommodate increased levels of EBV fragments in blood, as confirmed by a subsequent PCR 

analysis (Figure 2B). Therefore, routine CISH might have inadequate sensitivity, or viral 

fragments were absent in the studied tumor cells. When considering the latter five as true 

positives, the specificity climbs to 93.5%. 

As for the copy number alteration amplitudes, liquid biopsies had higher (P=.039; 

paired Wilcoxon signed-rank test) EBV read fractions than solid biopsies (Figure 2C). Finally, 

three receiver operating characteristic (ROC) analyses (Figure 2D) were included to further 

demonstrate the performance of this EBV detection approach, using ranked plasmatic EBV 

viral read fractions and three different gold standards: CISH overridden by PCR (area under 

the curve (AUC)=0.994); CISH only (AUC=0.948); and solid biopsy reads (AUC=0.868). 

Copy numbers derived from liquid biopsies can aid histological classification 

When visualizing fractions of aberrant samples across genomic loci per histological subtype, 

both general (e.g., gains at 2p, holding REL) and subtype-specific fingerprints can be 

distinguished (Figure 3). Unsupervised clustering (26) applied to these summarizing profiles 

results in the anticipated histological hierarchy. Indeed, nHL and HL are separated as two 

definite entities, with the exception of GZL and PMBCL, which cluster alongside the HL 

group. Notwithstanding their non-Hodgkin histology, these have both been described to be 

molecularly related to HL (27,28), hence the structure of the dendrogram. GZL in particular 

demonstrates overlapping features between cHL and PMBCL (28). 

 To mimic how this translates as a potential clinical application for samples that are 

difficult to classify morphologically, or in case obtaining tumor tissue is complicated, random 

forest predictive modeling in combination with cross-validation was applied to four situations 

of differential diagnosis (Figure 4A): HL vs DLBCL; cHL vs PMBCL; DLBCL, NOS vs 

PMBCL; and within DLBCL, NOS, GCB vs non-GCB. For these analyses, evidently only 

baseline liquid biopsies were employed. Two ROC AUCs can be discussed: one for all samples, 
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and one disregarding flat copy number profiles. The latter statistic is considered in the next 

paragraph, as it represents the performance of a rational application: profiles without 

aberrations will never be subjected to machine learning algorithms, since predictions would be 

random. 

 

 

Figure 3. Overview of aberrations detected using liquid biopsies across lymphoma subtypes. Colored waves 

represent fractions of aberrant samples across genomic loci. Patterns above the y=0 lines indicate gains, whilst 

opposite contours represent losses (e.g., when the top of the wave is at 50%, 50% of samples have a gain at the 

corresponding locus; when the bottom of the wave is at 10%, 10% of samples have a loss at the corresponding 

locus). The dendrogram (left) results from hierarchical clustering applied to the Pearson distances (i.e., d = (1 – 

r)/2) between the means of these waves. Graph lines represent smoothened mean log2 ratios. The number of used 

baseline samples (n) is indicated at the right-hand side. Subtypes represented by less than three patients were 

excluded. Abbreviations: DLBCL, diffuse large B-cell lymphoma; GCB, germinal center B-cell; unc, unclassified; 

EBV, Epstein-Barr virus; GZL, grey zone lymphoma; PMBCL, primary mediastinal large B-cell lymphoma; HL, 

Hodgkin lymphoma; cHL, classical HL; ncHL, non-cHL; NSCHL, nodular sclerosis cHL; MCCHL, mixed 

cellularity cHL; LRCHL, lymphocyte-rich cHL; NLPHL, nodular lymphocyte-predominant HL. 

 

Differentially diagnosing HL from DLBCL using computationally processed copy number 

profiles was found to be accurate (AUC of 0.967). Out of bag principles (i.e., cross-validation 

for bootstrapping methods, to circumvent train/test bias) were applied to a set of 119 samples, 

thereby, at each iteration, sufficient data were available for model training; and, biologically, 

HL and DLBCL express divergent profiles (Figure 3). PMBCL has features that are 
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intermediate between cHL and DLBCL (27). Nonetheless, copy number profiles can aid 

differential diagnoses, indicated by AUCs of 0.931 and 0.981, respectively. Finally, the GCB 

vs non-GCB COO status does not seem to trigger specific copy number alterations, as shown 

by the resulting AUC of 0.450. Whether the activated B-cell vs GCB distinction by gene 

expression profiling (29) would perform better, could not be tested and should be explored in 

future work. 

 

 

Figure 4. Feasibility of copy number profiles as a clinical lymphoma subtyping tool. (A) ROC analysis 

following out of bag random forest modeling to differentially diagnose HL vs DLBCL; cHL vs PMBCL; DLBCL, 

NOS vs PMBCL; and within DLBCL, NOS, GCB vs non-GCB. Exclusively blood samples at baseline were 

included. ROC curves when omitting flat profiles (i.e., only CPA abnormal cases) are shown in addition. (B) The 

top plot is generated as in Figure 3. The black graph line shows the mean absolute difference between these 

profiles. The four horizontal grey bars are colored at significantly enriched aberration peaks, assumed to hold 

driver genes, detected by GISTIC (gains on top, losses below; yellow for DLBCL, green for HL; emphasized by 

(inverted) ‘V’ symbols). The plot below visualizes the importance of regions for the differential diagnosis 

according to a HL vs DLBCL random forest. (C) Similar to B but for the cHL vs PMBCL and DLBCL, NOS vs 

PMBCL classification problems. Abbreviations: ROC, receiver operating characteristic; AUC, area under the 

curve; CPA, copy number profile abnormality; HL, Hodgkin lymphoma; cHL, classical HL; DLBCL, diffuse 

large B-cell lymphoma; PMBCL, primary mediastinal large B-cell lymphoma; NOS, not otherwise specified; 

GCB, germinal center B-cell. 

 

During training, learning algorithms assign higher weights to features that improve 

classification. For the HL vs DLBCL problem, the top three discriminative features—or loci, 

in our case—are located at 2p, 9p and 11q (Figure 4B, bottom). In addition, the GISTIC 

software aims at defining driver genes in pattern peaks across a set of samples. Amongst others, 

three interesting peaks were significantly enriched in these same regions (Figure 4B, top), 
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matching several anticipated genes: in both HL and DLBCL, 2p16.1 (REL) gains (30,31); 

9p24.1 (JAK2 and PD-L1) gains in HL (32); 9p21.3 (CDKN2A) losses in DLBCL (33); and 

finally, 11q23.3 (CEP164) gains in DLBCL (34) (Supplemental file 2: Table S5). Although 

2p16.1 is thus found to be amplified or duplicated in both HL and DLBCL, the model attaches 

importance to the 2p arm, as these aberrations are more frequently detected in HL compared to 

DLBCL (Figure 4B, top) (35). 

Finally, loci importance was examined for the two other well-performing models: to a 

certain extent, 5p, 9q, and chromosomes 14 and 19, allow cHL/PMBCL separation; whilst more 

specific 7p and again 9p24.1 (JAK2 and PD-L1) (32) cytobands are decisive in 

DLBCL/PMBCL differentiation (Figure 4C). 

Longitudinal liquid biopsies correlate with overall disease status 

Serial blood samples were analyzed to uncover copy number alteration dynamics over time; 

and to study longitudinal changes in CPA and EBV read fraction. A representative intra-patient 

evolution is demonstrated using patient 32, a refractory DLBCL patient (Figure 5A). Here, 

during treatment, alterations vanished (MTV on PET/CT lowered from 915 cm3 at baseline to 

4 cm3 between both interim moments), and reappeared after 212 days, when progression was 

diagnosed (MTV rose to 79 cm3). The smoothened profiles at initial staging and subsequent 

restaging at progression were considerable similar (r= 0.946; Figure 5B), notwithstanding the 

presence of a large time interval, thus suggesting that a portion of ‘remnant’ tumor was never 

completely eliminated, and minimal residual disease caused recidivism. Despite the significant 

correlation, evidence of tumor evolution is present, as indicated by several changes along the 

copy number alteration pattern, e.g., at chromosome arms 2q and 6p; and chromosome 14 

(Figure 5A)—zones represented by irregularities from the scatter plot trend between these 

profiles (Figure 5B). 

Overall, observations were consistent for refractory and relapsed patients: when 

detectable, copy number patterns were very similar across different longitudinal staging 

moments (Figure 5C). One exception was found with patient 73 (rightmost patient in Figure 

5C), who appeared to relapse with a divergent copy number profile (Supplemental file 1: 

Longitudinal samples). This case concerned an aggressive EBV-positive plasmablastic 

lymphoma, known for its complex karyotypic abnormalities and presumably instable genome 

(36). 
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Figure 5. Copy number profile dynamics and EBV read fractions across serial liquid biopsies. (A) Four 

smoothened profiles corresponding to longitudinal samples of refractory patient 32, colored in—ordered 

chronologically—black (diagnosis), green (response), yellow (response) and brown (progression). Arrow on top 

indicates relative point in time of each sample collection moment. The grey background represents the 95% 

confidence interval of healthy controls. (B) Scatter plot of smoothened copy number profiles between sample one 

and four from A. Scatter symbols are tiny characters, representing chromosome; for perceptibility, each 

chromosome character is uniquely colored. (C) Dot plot of pairwise Pearson correlations between copy number 

profiles at longitudinal staging moment. Patients are represented by solid (refractory) or dotted lines (relapsed). 

Each dot shows the correlation between two staging moments. Horizontal lines indicate means. (D) Swarm plot 

CPA score comparison of the most recent follow-up liquid biopsy between patients in CR and patients that are 

not. The grey box shows the abnormality cutoff. (E) Longitudinal EBV read fraction evaluation. Exclusively 

EBV-positive patients, according to sWGS data, are included. Same-patient samples are connected with lines. 

The timescale is relative, where 0 corresponds to baseline. The grey box shows the abnormality cutoff. Colors 

represent a patient’s current disease status. Thicker trend lines result from loess fitting. (F) Same as E but evaluates 

CPA score rather than EBV read fraction. All HL patients with follow-up are included. Swarm and box plots at 

the right-hand side additionally indicate the CPA score distribution, grouped according to whether the samples 

were drawn at staging, interim or surveillance. (G) Same as F, yet for nHL patients. Abbreviations: EBV, Epstein-

Barr virus; CPA, copy number profile abnormality; CR; complete remission; sWGS, shallow whole-genome 

sequencing; HL, Hodgkin lymphoma; nHL, non-HL. 

 

The most recent follow-up of all 17 patients in CR showed none had remaining copy number 

alterations; in contrast, this was only the case for 5/14 cases where CR was thought to be not 

reached (Figure 5D). In total, five EBV-positive patients, according to sWGS of cfDNA, were 

detected at diagnosis amongst the 31 with follow-up. Of these, three went into CR and 

consequently no longer had abnormally elevated EBV levels; one refractory patient (patient 6) 

was recurrently noted with a high EBV quantity; and one relapsed patient (patient 73) was 

finally detected with an unusually high EBV read fraction, after an earlier drop to 0 ppm at first 

response evaluation (Figure 5E). Note that for this patient, there was no tumor detected with 

PET/CT at the fourth time point (Supplemental file 2: Table S4), however, the steadily 

increasing EBV fraction anticipated actual relapse at time point five, after which the MTV rises 
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rapidly along with the plasmatic concentration of viral fragments (Supplemental file 1: 

Longitudinal samples). 

A similar analysis, now concerning the CPA score, was performed for all HL (Figure 

5F) and nHL (Figure 5G) patients with follow-up. Similar conclusions were made according 

to the trend lines, which largely summarize the longitudinal analyses: a prompt drop for patients 

in CR; varying values for refractory patients; and a drop, followed by a newly triggered rise, 

for patients confronted with relapse. Notice how the CPA decreases rapidly when treatment is 

initiated: interim samples have normal CPA scores, unless they represent a refractory patient. 

Finally, 6/31 patients never transcend the CPA abnormality cutoff, meaning these probably 

have insufficient ctDNA. With two cases however (patient 66 and 71), the MTV reaches 

extreme measures (>1000 cm3) while the CPA score remains low (Supplemental file 1: 

Longitudinal samples), making it likely that here, copy number alterations are truly absent. 

Amongst the above cases, additionally clinical information of four interesting patients 

further illustrates the potential of shallow-depth sequencing for disease monitoring—e.g., when 

dealing with ambiguous PET/CT images or tumor and viral entities beyond initial suspicion—

and are therefore described as short case reports in Supplemental file 1: Case reports. 

Copy number anomalies detected in liquid biopsies correlate with clinical parameters 

Five lymphoma-related clinical variables were included in an extensive concordance analysis 

amongst baseline and longitudinal liquid biopsies: Ann Arbor stage; International Prognostic 

Index/Score; lactate dehydrogenase concentration; beta-2 microglobulin concentration; and 

MTV (Supplemental file 1: Figure S2). The estimated tumor fraction, according to copy 

number profiles, positively and significantly correlates with all of these clinical variables, 

rendering the former estimate relevant. The CPA score is intrinsically correlated to the tumor 

fraction; therefore, similar associations as for the tumor fraction arise. Since all these variables 

are naturally cross-related, the derived relations are evidently not claimed to be independently 

significant. 

Discussion 

To date, molecular profiling of lymphoma is largely focused on the characterization of 

actionable targets, such as point mutations and translocations. This requires panel sequencing, 

currently using tissue biopsies as DNA source, targeting a substantial number of genes. 

However, until now, the availability of this precision information has contributed little to actual 

progress in patient care, despite its tempting rationale (37). In addition, applying these concepts 
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in a minimally invasive manner requires ultra-deep sequencing (~2000x) (38), of which the 

implementation in routine practices remains challenging. 

In this study, we evaluated sWGS of cfDNA for diagnosis, differential diagnosis, and 

disease monitoring of HL and DLBCL. In contrast to targeted sequencing, this approach 

provides genomic insight by copy number profiling in an accessible and standardized manner. 

Indeed, non-invasive prenatal testing, which concerns the same laboratory and computational 

steps, has evolved into a daily-executed application in molecular diagnostic laboratories. The 

short turnaround time (~four days) and low-price tag (~$200, including processing costs) 

renders sWGS a fortiori feasible. 

Copy number profiling presents no surrogate for targeted sequencing, nor does it enable 

the characterization of phenotypic traits, such as CD20 expression. However, to a limited 

extent, it does enable prediction of targetable genes, such as JAK2, PD-L1 and REL. Also, 

regarding tumor fraction and specificity, it has the advantage of an easier and more stable 

interpretation: once a copy number alteration is visible, the presence of sufficient ctDNA is 

most likely ascertained, as large somatic copy number alterations are rarely detected in 

unaffected subjects (14).  

For DLBCL, the sensitivity of copy number profiling is a shortcoming: only 74.1% of 

baseline liquid biopsies were identified with detectable aberrations, which is inferior to reports 

from targeted ultra-deep duplex sequencing studies (e.g., 98% in Kurtz et al. (39)). On the other 

hand, for HL, the sensitivity is surprisingly high (84.2% for HL overall and 88.6% for cHL in 

this work; 88.9% in a smaller proof of concept study (16)) and compares to SNV-based studies 

(e.g., 81.2% in Spina et al. (11)). Note that the lower limit of detection for CNAs is often 

debated to be 3% tumor fraction (21). Worth mentioning, this could be lowered, as paired-end 

sequencing at greater depths (1x-1.5x) is expected to become available for routine diagnosis at 

similar cost, empowering computational tumor read enrichment by insert size filtering, as 

shorter cfDNA fragments are more likely be tumor-derived, increasing sensitivity (20,40,41). 

Aggressive lymphoma signs and symptoms are often non-specific, matching a broad 

range of diverse afflictions, including autoimmune, immunodeficiency and systemic diseases; 

infections; and other malignancies. Therefore, accurate lymphoma diagnosis is currently 

essentially only possible through an invasive tissue biopsy. However, affected sites are 

sometimes difficult to reach; and, tissue-based subtyping might be complicated when dealing 

with inconclusive or small biopsies, or partially involved lymph nodes. Since several cases of 

differential diagnosis by computationally processed copy number profiles were found to be 

accurate, copy number profiling of cfDNA might enter clinical practice as a test for patients 
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with: suspicion of lymphoma with mediastinal mass (to guide the need of a mediastinoscopy); 

deep seated pathologic lymph nodes in the abdomen, especially after previous surgery; 

remained lymphoma suspicion after a negative biopsy, caused by ambiguous PET/CT images; 

probable CNS lymphoma localization (to avoid radical surgery); probable intravascular 

localization (42); and generally, lymphoma in children (to avoid unnecessary surgery). For 

these indications, the presented approach could be an adequate technique, easily integrable with 

other tests, to guide whether invasive procedures are still demanded. 

EBV detection through sWGS of cfDNA was found to be 100% sensitive. One 

argument could nonetheless preclude its application, declaring that all possible causes of 

elevated EBV levels (e.g., ongoing infectious mononucleosis) are detected simultaneously 

through blood samples, irrespective of whether these are related to lymphoma—a shortcoming 

that is not suffered by CISH, where neoplastic association can be assessed. However, the 

combination of an increased EBV level and typical HL or DLBCL alterations, highly suggests 

EBV-driven lymphoma. This is especially relevant for the diagnosis of post-transplant or 

immunodeficiency-associated lymphoma (43,44). sWGS could be employed, in part, to detect 

EBV prior to performing a CISH test (~$140), when demanded. The latter should only be 

executed when the former indicates positivity. 

Future in-house research will focus on the inclusion of other (rarer) lymphoma 

subtypes, including T-cell lymphomas, to obtain a broader image of the alterations’ specificity 

with respect to subtype; and novel methods to study cfDNA (epi)genetics, including cell-free 

reduced-representation bisulfite sequencing for methylation detection, likely improving 

specificity. Ever since this work concluded, new liquid biopsies are frequently analyzed by 

sWGS at our institutions, including mostly cases of ambiguity. While negative results currently 

never exclude the presence of malignancies, positive results ascertain disease. 

Data availability 

Copy number profiles and viral reads counts of all sequenced samples are included in 

Supplemental file 2: Table S6 and S7, respectively. 
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Abstract 

The methylation profile of circulating cell-free DNA is of great interest for the detection and 

monitoring of cancer. With this work, we introduce ‘cell-free reduced representation bisulfite 

sequencing’ (cf-RRBS), enabling specific enrichment of CpG dense regions in fragmented 

plasmatic DNA. The presented two-day laboratory protocol is cost-effective, robust and 

implementable on a liquid-handling station for high-throughput sample preparation. We 

demonstrate that cf-RRBS yields results similar to those obtained by previous methods and 

conclude by exemplifying its use for non-invasive histological subtyping of lung cancer. 

Introduction 

Altered DNA methylation is an almost universal hallmark of oncogenic transformation and, in 

a broader sense, of tissue pathology (1). The most popular methylation profiling approaches 

are based on the array technology of Illumina (Infinium 450K or EPIC BeadChip) (2,3), which 

fail to perform on low input DNA, causing cell-free DNA (cfDNA)-based investigations to 

redirect towards amplification- and/or sequencing-based alternatives. 

At present, whole-genome bisulfite sequencing (WGBS) on cfDNA can be used, but 

remains too costly for routine application, mainly because of its non-targeted nature, requiring 

substantial sequencing demands in order to enable robust quantitation (4). In reaction, methods 

to capture CpG-rich regions—assumed to hold the most relevant loci for DNA methylation, 

like gene promoters (5)—were developed, using expensive reagents such as capture probes in 

SeqCap Epi (SCE) (6), or methylated DNA-binding antibodies in cfMeDIP-seq (7). Reduced 

representation bisulfite sequencing (RRBS) (8), in contrast, performs a genomic subsampling 
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by digesting high molecular weight genomic DNA (gDNA) with a restriction enzyme (typically 

MspI) that cuts CpG-rich sequences (i.e., ‘CpG islands’), followed by size-based enrichment 

of MspI/MspI-fragments, empowering high coverage with a limited budget. However, RRBS 

does not allow molecular separation of digested cfDNA, as the minute amounts of cell-free 

input come naturally (highly) fragmented. 

We set out to develop cell-free RRBS (cf-RRBS), which incorporates key RRBS 

protocol adaptations to fit a cell-free environment. Recent studies (9–12) have demonstrated 

that methylation profiles derived from cfDNA not only enable the detection of tumor, but also 

reveal the tissue of origin for various cancer entities. We conclude by attempting an analogous 

non-invasive lung cancer diagnosis by histology inference according to cf-RRBS data. 

Methods 

Datasets 

Technical validation cohort. The dataset ‘technical validation cohort’ (details in Supplement; 

Table S1) refers to mainly adult liver pathology patients (n=14) and pediatric neuroblastoma 

patients (n=2). Selected combinations between sequencing technique (WGBS, RRBS, SCE or 

cf-RRBS) and type of DNA source (cfDNA or gDNA extracted from white blood cells), are 

best summarized by Table S1. One liver patient was analyzed in triplicate to study technical 

variation. An additional 15th liver patient was included to compare the default cf-RRBS 

protocol with one that misses the dephosphorylation step, the exonuclease step, or both (see 

below). Finally, publicly available RRBS data (13) on cfDNA collected from healthy 

individuals (n=22) were added. Every technique/DNA source combination was evaluated 

where appropriate. 

Clinical proof-of-principle cohort. The dataset ‘clinical proof-of-principle cohort’ (details in 

Supplement; Table S1) refers to liquid biopsy data from 47 advanced stage lung cancer patients 

diagnosed with LUAD (n=20), LUSC (n=14) or SCLC (n=13); and, negative controls, 

including patients with a suspicious lung lesion on imaging that appeared non-tumoral after 

pathology examination (n=9), healthy individuals (n=46), and publicly available WGBS data 

(14) from additional healthy subjects (n=24). Other than these cfDNA samples, public tissue 

data was collected to enable model training: methylation profiles derived from Infinium 

HumanMethylation450 BeadChip arrays (Illumina, Essex) were retrieved from The Cancer 

Genome Atlas (LUAD, n=437; LUSC, n=370) and from the work of Iorio and colleagues (15) 

(SCLC, n=64). 
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The cf-RRBS method 

Substantial adaptations were made to the existing RRBS protocol (8,16) to conceive a method 

that performs on nanogram quantities of input cfDNA, which typify liquid biopsies. Other 

important parameters during the creation of cf-RRBS included runtime and cost. A step-by-

step protocol can be consulted in Supplement, including adjustments to automate cf-RRBS on 

a TECAN EVO200 platform. 

 

 

Figure 1. cf-RRBS is technically less complex than SCE and cfMeDIPSeq. a, A simplified cf-RRBS workflow, 

where thick lines indicate DNA fragment strands. Fragments are subject to dephosphorylation, MspI digestion, 

dA-tailing, and ligation of hairpin-shaped adapters. Only MspI/MspI-fragments yield unnicked DNA molecules 

without free ends, providing protection against exonucleases. b, A simplified protocol comparison between 

(mostly single-tube) cf-RRBS, SCE and cfMeDIPSeq in function of time. Both SCE and cfMeDIPSeq take longer 

than cf-RRBS: additional steps include sample transfers (dots), solid-phase reversible immobilization magnetic 

bead purifications (triangles), vacuum concentration steps (rectangles) and temperature-sensitive steps (45°C or 

slush ice/solid ice baths; fire and ice symbols, respectively). 
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In short (Figure 1A), input DNA is first dephosphorylated by recombinant Shrimp Alkaline 

Phosphatase (rSAP). Fragments are subsequently digested by MspI, resulting in novel 

phosphorylated 5’-ends, marking MspI cuts. Upon 5’ overhang filling, dA-tailing and hairpin-

shaped adapter ligation, exclusively MspI/MspI-fragments are typified by unnicked ends. Next, 

a specific mixture of nucleases is added, characterized by single- and double-stranded 3’>5’ 

and/or 5’>3’ exonuclease activity. The ‘circular’ (i.e., with hairpins at both ends) MspI/MspI-

fragments are uniquely resistant to this mixture, whereas all other DNA is degraded. Finally, 

following adapter opening and bisulfite conversion, fragments are amplified, and a sequencing 

library is obtained. 

Excessive sample loss that would occur during tube transfers and purification steps was 

avoided by carefully designing these aforementioned enzymatic steps in such way that they 

could all be performed in a single tube by sequential reagent additions. This required the 

reagent concentrations to be precisely tuned to avoid interference with subsequent enzymatic 

reactions: e.g., dATP is used by Klenow for dA-tailing, but an excessive amount inhibits T4 

DNA ligase during hairpin ligation (17). Similarly, heat-denaturable variants of selected 

enzymes were preferred so enzyme inactivation can be achieved by heating, including rSAP 

and Antarctic thermolabile Uracil-DNA Glycosylase (used for adapter opening). 

Other methylation profiling methods and bioinformatic analyses 

cf-RRBS was validated by comparison to established methylation profiling methods: the 

classic RRBS protocol was adopted from Gu et al. (16); WGBS was performed by the genome 

analysis service facility NXTGNT (Ghent); and SCE was executed according to manufacturer’s 

instructions (Swift Biosciences, Ann Arbor; Roche, Basel). Finally, shallow whole-genome 

sequencing data was included for independent tumor fraction validation purposes, analyzed 

according to Raman et al. (18). Protocol details can be found in Supplement, where all 

computational methods are discussed as well. 

Results 

cf-RRBS outperforms alternatives in terms of runtime and automatability 

This work reports cf-RRBS, a novel laboratory protocol (Methods) developed to infer cfDNA 

methylation profiles (Figure 1a). To our knowledge, only two ‘whole-genome’ approaches 

have been published which similarly target CpG-rich regions in highly fragmented cfDNA: 

SCE and cfMeDIPSeq. Close inspection of associated protocols indicates longer hands-on and 

total runtimes in comparison to cf-RRBS (Figure 1b). Moreover, in stark contrast to the latter’s 

mostly single-tube workflow, SCE and cfMeDIPSeq incorporate additional steps, including 
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sample transfers, solid-phase reversible immobilization magnetic bead purifications, vacuum 

concentrator drying stages, and temperature-sensitive steps (Figure 1b)—all of these 

additionally impede laboratory automation. Worth mentioning, cf-RRBS does not depend on 

validated capture probes or antibodies and does therefore not rely on particular suppliers. 

 

 

Figure 2. cf-RRBS solves the target enrichment problem of classic RRBS on cfDNA. a, A digital gel image 

of gDNA and cfDNA, either undigested or MspI-digested. In classic RRBS, MspI/MspI-fragments ranging from 

20 to 200 bp (indicated with a green rectangle; ‘the target’) are to be extracted from the gel. The undigested gDNA 

runs above the upper marker (UM) and is not observed. After MspI digestion, three (indicated with asterisks) 

characteristic satellite DNA bands appear near the lower maker (LM). With cfDNA, target extraction includes 

undigested DNA, since cell-free fragments are naturally highly fragmented. b, While a similar target fold 

enrichment is observed between classic RRBS and cf-RRBS on gDNA (n=4), RRBS demonstrates poor 

enrichment when executed on cfDNA (n=22), which can be restored by using cf-RRBS (n=16). Same-sample dots 

are connected. c, A histogram of the mapped reads in function of the target length shows that cf-RRBS reads map 

the target at a higher frequency than classic RRBS. The target is indicated as in a. d, The per base fold enrichment 

of a representative chromosomal stretch of 5 kb is visualized across eight samples, annotated by cf-RRBS protocol 

deviations at the right-hand side, including missing steps concerning rSAP dephosphorylation, exonuclease (exo) 

degradation, both or none. Both cfDNA (top) and gDNA (bottom) has been sequenced. The top track presents in 

silico predicted MspI digestion sites and MspI/MspI-fragments (sized 20-200 bp). Pie charts clarify on- and off-

target fractions of the visualized genomic stretch. e, Similar to d but the overall genome-wide target fold 

enrichment is shown. 

 

Adapting classic RRBS to a cell-free environment 

RRBS-based methods critically depend on size selection of enzymatically digested DNA 

fragments and are therefore not appropriate for cfDNA, which is typified by a natural low 

molecular weight, causing a considerable size overlap between MspI-digested and undigested 

fragments, as seen by digital gel imaging (Figure 2a). The enrichment routine of cf-RRBS is 
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not based on molecule size yet enables a specific selection at comparable levels of target fold 

enrichment for gDNA, defining ‘the target’ as all in silico selected MspI/MspI-fragments sized 

20-200 (Figure 2b, left). When analyzing cfDNA, the fold enrichment is, as expected, 

significantly worse for classic RRBS, which can be restored by using cf-RRBS instead (Figure 

2b, right). This effect is demonstrated intuitively by reanalyzing a liquid biopsy: the fraction 

of on-target sequencing reads increased from 15.5% for RRBS to 93.45% for cf-RRBS (Figure 

2c). 

Two key steps in the cf-RRBS protocol enable specific MspI/MspI-fragment 

enrichment without relying on molecular weight: marking of natural fragment ends through 

dephosphorylation by rSAP; and degrading unprotected fragments—which arise as a 

downstream result of the prior dephosphorylation procedure—by a mixture of exonucleases 

(Figure 1a). The effect of omitting one or both of these steps was evaluated by resequencing 

gDNA and cfDNA of a selected case. As shown by a 5 kb genomic stretch, neither of these 

protocol deviations has a large effect on gDNA target enrichment (Figure 2d, bottom), as in 

comparison to MspI cuts, original fragment ends are rare, causing ligated sequencing adapters 

to yield read distributions that are mostly limited to the target. With cfDNA however, 

analogously disrupting the protocol visually disturbs precise enrichment of MspI/MspI-

fragments (Figure 2d, top). These observations were confirmed at genome-wide scale (Figure 

2e). 

Methylation profiling by cf-RRBS is accurate 

The methylation profiling accuracy of cf-RRBS was evaluated by pairwise concordance 

analyses using cfDNA samples resequenced by SCE. Both CpG site- and island-level ‘beta 

values’ (i.e., the number of reads that support methylation over the total number of reads) were 

considered, measuring agreement by Pearson correlation (~the ‘tightness’ of a relation) and 

mean absolute error (~the average ‘disagreement’), as demonstrated by a representative sample 

(Figure 3a). Overall, correlations were consistently higher than 0.90 (average of ~0.96 and 

~0.98 for sites and islands, respectively), and errors were mostly below 6% (Figure 3b). Worth 

mentioning, this is better or within the range of expected concordance, measured by 

comparisons between SCE and WGBS on cfDNA; and between SCE and RRBS on gDNA 

(Figure S1). cfMeDIPSeq was not involved as it does not produce CpG site-level 

measurements. 

A selected cfDNA sample was analyzed in triplicate to estimate technical variation. 

Pairwise concordance measures implied a lower variance for cf-RRBS (Figure 3c, left and 

middle), likely because of its more robust protocol (Figure 1). The CpG site call ‘overlap’ 
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between technical replicates appeared largely similar across approaches (Figure 3c, right). 

These analyses were repeated for gDNA, involving classic RRBS in addition, producing 

analogous outcome (Figure S2). 

 

 

Figure 3. Methylation profiling with cf-RRBS is accurate. a, Methylation profile scatter plot comparison 

between cf-RRBS and SCE of representative patient LP10’s cfDNA, at CpG site-level (left) and at CpG island-

level (right). A least squares fit (dotted line), corresponding Pearson correlation (r), and the mean absolute error 

(MAE), are given for both comparisons. b, Swarm/boxplot combinations of the Pearson correlation (left) and 

mean absolute error (right) between cfDNA samples analyzed by cf-RRBS and SCE. c, Pairwise comparisons 

between cfDNA samples analyzed in triplicate by cf-RRBS and SCE. Paired relations are connected. Analyses 

include the Pearson correlation between CpG site beta values (left); the mean absolute error between CpG site 

beta values (middle); and the positional overlap in CpG calls (right), calculated as the number of recurrent CpGs 

over the total number of CpGs in the sample with the lowest sequencing depth. d, Methylation profiles of 

representative patient LP10’s cfDNA derived by cf-RRBS (black) and SCE (green) of a genomic stretch sized 25 

kb. Frequency histograms of CpG beta values are shown, one for each technique (right). Similarly, the spatial 

distribution of CpG calls is clarified by positional frequency histograms below. The bottom two bars contain 

tracks of CpG islands and regulatory elements, of which the legend is provided by g. e, the number of raw cfDNA 

sequencing reads is shown in relation to the total number of CpG calls for three technical cf-RRBS replicates, 

randomly sampled to 1, 2, 4, 8, 12 and 16 million reads. A log regression fit, with 95% confidence interval (given 

by shading), indicates three million CpG calls are obtained with less than 20 million reads. f, Swarm/boxplot 

combinations of the number of CpG calls located in CpG islands compared between cfDNA samples analyzed by 

cf-RRBS and SCE. The scatter plot at the right-hand side provides the relation with the total number of CpG calls 

for each technique, given by least squares fits. cf-RRBS provides relatively more calls located in CpG islands. g, 

Pie charts indicate the average fractions of CpGs that cover regulatory elements per cfDNA methylation profiling 

method. The far-left pie demonstrates the genomic background. Included regulatory elements are unannotated 

transcription factor binding sites (TFBSs) and open chromatin regions (OCRs); (parts of) CTCF binding sites 

(BSs) that do not travel across other elements; enhancers; promotor flanking regions (FRs); and promoters. 
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cf-RRBS predominantly targets gene promoters 

The functional genomic coverage of cf-RRBS was compared to alternatives by mapping 

individual CpG calls to CpG islands and publicly available tracks of regulatory elements (i.e., 

promoters; promoter flanking regions; enhancers; CTCF binding sites; and remaining 

unannotated transcription factor binding sites and open chromatin regions). A representative 

25 kb chunk of two methylation profiles of the same cfDNA sample, obtained by cf-RRBS and 

SCE, visually demonstrates that the spatial distribution of CpG calls is, as expected, highly 

enriched in CpG islands and regulatory elements (Figure 3d). 

The number of CpG calls is highly related to sequencing depth. At 20 million reads, cf-

RRBS provides methylation information on more than 3 million CpG sites (Figure 3e). Since 

SCE requires deeper sequencing, according to protocol guidelines, the absolute number of CpG 

calls located in islands is conformably higher compared to cf-RRBS (Figure 3f, left). However, 

the fraction of CpGs calls in islands is, on average, greater for cf-RRBS (61.2%) than for SCE 

(44.5%) (Figure 3f, right). A similar conclusion is made when evaluating regulatory elements 

(Figure 3g). Notably, 53.4% of CpG calls made by cf-RRBS cover promoters, whilst 

promoters, as defined, only embody ~2.5% of the human genome. 

Non-invasive methylation profiling allows specific histological lung cancer subtyping 

We conclude by performing a proof-of-principle study on lung cancer. Lung cancer is 

fundamentally subdivided in small cell lung cancer (SCLC) and non-SCLC. Approximately 

85% of diagnoses are non-SCLC and can be further classified as inter alia adenocarcinoma 

(LUAD) or squamous cell carcinoma (LUSC), serving as most common subtypes. These 

distinctions have long been therapeutically relevant, especially for targeted approaches (19) 

and even for chemotherapy selection (20,21). Most importantly, diagnosing SCLC currently 

suffices to initiate (chemo)therapy, as currently, no targeted treatments exist, rendering further 

molecular characterization unnecessary. Also, transformation to SCLC is often seen as a 

mechanism of resistance (22), which might be intercepted using liquid biopsy-based disease 

monitoring. Below, we analyzed an additional 102 liquid biopsies by cf-RRBS and collected 

publicly available methylation data from 730 individuals to achieve a non-invasive 

methylation-based diagnosis. 

On average, the methylation state of ~3.8 million CpG sites per sample was uncovered 

by cf-RRBS. The genome-wide beta value for controls averaged 42.9% (range 40.7%-44.8%), 

whereas a skewed range towards hypomethylation was observed in patient liquid biopsies 

(range 32.4-43.2%). The latter significantly and inversely correlated to tumor fraction 

predictions (23) according to copy number profiling (24) by shallow whole-genome sequencing 
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(r=-0.44; P=0.002), indicating cancer triggers genome-wide hypomethylation, as previously 

demonstrated on various tumor entities (25). 

 

 

Figure 4. Methylation profiles obtained by cf-RRBS enable non-invasive lung cancer subtyping at high 

specificity. a, Predictive modeling workflow. Prior to modeling, CpG clusters according to spatial distribution 

optimized for cf-RRBS were defined in order to reduce data complexity with minimal data loss. Control liquid 

biopsies (n=46); and LUAD, LUSC and SCLC tissue samples (n=706), served as a training set. Based on these, 

CpG clusters for modeling were selected using a two-step procedure: first, variable clusters in controls were 

removed based on the standard deviation (stdev); second, per lung cancer subtype, the most divergent clusters in 

comparison to controls were kept (cluster overlap between subtypes is indicated by Venn diagram). The training 

set is visualized by t-SNE analysis, based on previously selected clusters. Finally, following modeling by 

deconvolution, validation was executed using patient (n=47) and control liquid biopsies (n=79). Main validation 

results are indicated by receiver operating characteristic analysis for each case of differential diagnosis, 

summarized by AUROCs. b, Predicted cfDNA fractions of each lung cancer subtype. Samples are grouped per 

type (curly bracket ‘pathology’). For controls, exclusively the highest fraction is visualized. For patients, every 

fraction is shown (curly bracket ‘prediction’), where same-sample dots are connected. The dotted line at 2.5% 

represent a ‘noise’ cutoff: control liquid biopsies are consistently below this limit; the subtyping accuracy is near-

perfect when ignoring lung cancer samples below this limit. c, Subtype radial visualization indicating predicted 

lung cancer subtype cfDNA fractions. Dots represent samples, colored according to subtype, which are ‘pulled’ 

from the center towards the black ‘LUAD’, ‘LUSC’ and ‘SCLC’ text annotation. The amount of attraction is 

linearly proportional to the corresponding fractions. A zoom-in of the 5% region is shown on top, indicated by an 

arrow. Dot size relates to the total predicted lung cancer cfDNA fraction. Univocal and equivocal annotations are 

indicated as in b. Figure as a whole indicates high levels of specificity. d, Swarm plot comparison of the maximum 

tumor subtype fraction between controls and cases. The ‘noise’ cutoff from b can be interpreted as a sensitivity 

cutoff, allowing cancer detection (and accurate subtyping) in 36/47 lung cancer patients. e, The accuracy of the 

lung cancer cfDNA fraction predicted by methylation data is confirmed by sWGS, which allows tumor fraction 

determination based on copy number profiling. The solid vertical line indicates identity (y=x); the dotted line a 

least squares fit (with given Pearson correlation, r). 
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We developed a simple modeling procedure which results in four cfDNA subfractions, 

represented by healthy cfDNA; and LUAD, LUSC and SCLC-derived DNA (Figure 4a). First, 

novel CpG clusters were defined according to spatial distribution optimized for cf-RRBS in 

order to reduce data complexity with minimal data loss and obtain a set of beta values with 

fixed location, thereby defining ~half a million clusters (Methods; Table S2). Using a two-step 

procedure, relevant CpG clusters (Table S3) were selected in the training set such that they 

were ‘non-variable’ in the control population; yet aberrant in lung cancer tissue, compared to 

healthy patterns (Methods). Training set t-SNE analysis, using the selected loci, generates a 

satisfying visual grouping (Figure 4a). The prioritized set of CpG clusters was finally used to 

train a default deconvolution model (12). 

Using this model, classifying by liquid biopsies was found to be accurate: the areas 

under the receiver operating characteristic curves (AUROCs) for the differential diagnosis of 

LUAD, LUSC, SCLC and control individuals, are given by 0.903, 0.848, 0.972 and 0.925, 

respectively (Figure 4a). When lung cancer is confirmed, the AUROCs become 0.941, 0.821 

and 0.989 for differentiating LUAD, LUSC and SCLC, respectively (Figure S3). Closer 

inspection demonstrates a remarkable specificity: no control plasma is predicted with a lung 

cancer fraction higher than 2.5% (Figure 4b); and, using the latter cutoff to disregard uncertain 

predictions caused by insufficient circulating tumor DNA in patients, the subtyping accuracy 

becomes near-perfect. One clear false prediction remains (Figure 4b-c; red ‘x’ symbol), which 

was however annotated by expert pathologists with a genuine uncertainty, and likely concerned 

large cell neuroendocrine carcinoma rather than SCLC (26). Our data suggests ~75% (36/47; 

Figure 4d) of patients have sufficient circulating tumor DNA to allow non-invasive histological 

subtyping by methylation profiling. Worth mentioning, this measure reaches ~90% (12/13) for 

SCLC specifically. 

Finally, the overall tumor fraction according to methylation profiles was confirmed by 

copy number profiles (23), indicated by a Pearson correlation of 0.767 between both 

approaches (Figure 4e). 

Discussion 

cf-RRBS is the first RRBS method that is applicable to cfDNA by effectively overcoming the 

challenges associated with low abundant and highly fragmented input material. MspI digestion 

and subsequent size-based (20-200 bp) fragment selection results in capturing the majority of 

promoters and CpG islands (16), uncovering most of the methylation-determined information 

on cellular (patho)physiology (27). With cf-RRBS, the same representative section of the 
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epigenome is obtained, achieving a similar cost-benefit balance (i.e., ~$200 per sample (28)) 

as provided by classic RRBS, rendering our method feasible for large-scale studies and routine 

diagnostics, all the more given its design accounts for automatability. 

cf-RRBS is performed using a series of ordinary enzymatic reagents, which should 

allow straightforward implementation in clinics without complex laboratory platform changes 

that often frustrate the translation of ‘omics’ studies into clinical practice. Moreover, other than 

human DNA, species with similar characteristics concerning methylation and spatial CpG 

distribution, such as mouse models, represent excellent cf-RRBS candidates, requiring no 

protocol adaptations. Also, preliminary results indicate its capability to analyze fragmented 

formalin-fixed paraffin-embedded DNA, potentially activating a large biobank of archival 

material for retrospective research. 

The method’s application is illustrated on a relevant problem related to lung cancer 

diagnosis. Here, for patients with inaccessible lesions or substantial comorbidity, tissue 

examination might be delayed or simply not possible (34). Moreover, SCLC transformation, 

seen as a mechanism of therapy resistance (22), is difficult to intercept by classic disease 

monitoring standards (i.e., no serial biopsies possible; mostly imaging-based). Our cohort 

included one such case, correctly subtyped as SCLC according to its cfDNA methylation 

profile. Overall, we show that accurate histological subtyping of lung cancer is feasible when 

sufficient circulating tumor DNA is present. The latter is especially the case for SCLCs, which 

feature excessive cell turnovers, consequently affecting the plasmatic tumor DNA fraction 

(18,35). This becomes increasingly relevant given SCLC diagnosis is currently sufficient to 

initiate therapy. 

Beyond an already-published pediatric oncology study (9) and the above-presented 

proof-of-principle analysis on lung cancer, clinical efforts to further explore cf-RRBS’s range 

of application are in process. Building on ongoing rapid developments in epigenomic 

sequencing of tumors and non-cancerous pathologies, such as immune/inflammatory diseases 

(29), degenerative diseases (30), infectious diseases (31), substance abuse (32) and prenatal 

complications (33), cf-RRBS is poised for broad clinical utility. 
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Throughout section ‘Part III – Results’, six discussions, each related to one of the given 

objectives, are presented. I’ll therefore try not to repeat too many specific topics that were 

already discussed, allowing a broader assessment of the overall impact of our work and the 

remaining challenges, as well as discussing the general current standings and future prospects 

in liquid biopsies. 

 

CHAPTER 1: RESEARCH DESIGN 

1. The gradual formation of a multi-cohort study and its potential impact 

In a clinical research setting, the end products of engineering, laboratory optimization, and 

computational advancements, are applied clinical validations. Pioneer work to conceive the 

techniques we adopted—sWGS and, more recently, cf-RRBS—were evidently no part of my 

personal trajectory. Notwithstanding, several technical aspects appeared to have left room for 

improvement. The most rational path towards optimal clinical validations thus commenced 

with technical optimizations, which might have (had) some impact of their own (A E). 

 (A) The authors of the WISECONDOR paper (1) developed an algorithm that 

normalizes copy number profiles using a within-sample reference procedure, assuming that 

several loci across the human genome ‘act alike’, allowing relative normalization of one locus 

according to several other distant regions. Whilst the method was shown to perform well, the 

inventors did not demonstrate its actual strength. In contrast, our first paper emphasizes the 

presence of a particular type of coverage bias, uncorrectable by GC content or mappability 

tracks; nor by direct utilization of (a pool of) control samples. Although the true source of this 

bias remained unknown, the WISECONDOR algorithm, adopted by WisecondorX, did 

accurately normalize this type of bias. We believe this finding might/should impact the design 

of future depth-of-coverage tools. Also, WisecondorX seemed to have had some impact as a 

standalone tool, as it was employed in routine diagnostics at Ghent University Hospital, AZ 

Delta Roeselare, Karolinska Institutet (Sweden), and others. 

 (B) By allowing individual institutions to train models for cffDNA fraction prediction 

through PREFACE, between-laboratory train/test bias is omitted, yielding significantly more 

accurate results. The biggest challenge in model training using the PREFACE framework is 

obtaining sufficient data (i.e., >1000 samples), required to yield a performant model. Whilst 

training seems intrinsically only possible using labeled samples (i.e., the fetal fraction is 

known—mostly only the case for male feti), we allowed modeling by both labeled and 
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unlabeled (i.e., the fetal fraction is not known—mostly the case for all female feti) samples, 

thereby maximizing training input. PREFACE proved to be more accurate than the widely 

popular SeqFF (2), therefore it might be gradually adopted by other institutes other than Ghent 

University Hospital. If not, the concepts used by PREFACE’s semi-supervised approach 

might at least partly shape similar future designs. 

(C) Gonosomal aberrations are theoretically exposed during NIPT in a similar way as 

any other aneuploidy. Nevertheless, the specificity is reported to be much lower in comparison 

to traditional screening of chromosomes 13, 18 and 21; especially for monosomy X (3–5). The 

PREFACE paper provides an ad-hoc strategy to evaluate whether sex CNAs should be treated 

as potentially fetal-derived by regarding the altitudes of aberrations in relation to the cffDNA 

fraction. The given basic Gaussian mixture models will likely have little impact yet do indicate 

that ~85% of sex CNAs is not of fetal origin—these are triggered by, e.g., (mosaic) maternal 

aberrations, vanishing twin syndrome, technical limitations, etc. Algorithms that call fetal sex 

CNAs should thus not quantify deviance but must provide significance in relation to the 

expected value (i.e., the fetal fraction). 

(D) We provided a transparent recipe for FFPE-based copy number profiling by 

sWGS. Although several aspects of the approach are not completely novel, as copy number 

sequencing of FFPE material was already being performed, it is the first study that provides an 

extensive validation in terms of tumor fraction lower detection limit, sequencing depth 

requirement, and accuracy in comparison to fresh material and array-comparative genomic 

hybridization. Routine FFPE-based copy number profiling at Ghent University Hospital is 

currently based on these (mostly laboratory) efforts. A to-date unpublished first-authored study, 

which seemed too out-of-context to include in this liquid biopsy-centered dissertation, 

demonstrates how sWGS renders FFPE FISH-based copy number detection—the current 

diagnostic standard in pathology laboratories—redundant: sWGS is not more expensive, seems 

less labor-intensive, allows a unified protocol independent of genomic target, provides 

information other than the primary interest, and is generally less biased. 

(E) Although not planned in advance, we extensively validated cf-RRBS by comparison 

to other established techniques, indicating cf-RRBS’s cost-effective protocol does not 

compromise with methylation profiling accuracy. Building on ongoing rapid developments in 

epigenomic sequencing of tumors and non-cancerous pathologies, cf-RRBS is poised for 

broad clinical utility, aided by a transparent technical validation accompanying its main 

publication. 
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 Assessing the impact of the clinical validations is more challenging as the modest 

cohort sizes mostly designate these efforts as ‘proof-of-concept’ studies. Whether these 

concepts will prove impactful depends on ‘to which level’ the conclusions can be extrapolated 

on larger and more diverse data sets, which in turn relates to clinical useability. Two methods 

however, developed during these studies, can be confidently embraced by diagnostics and 

future research: the copy number profile abnormality score and the normalized viral read 

fraction are useful to identify cancerous copy number profiles and viral infections, 

respectively, accounting that the first is specific but less sensitive, in contrast to the second, 

which is sensitive but less specific (i.e., tumor association cannot be established with certainty). 

The specificity of copy number profiles for cancer detection has been somewhat exploited in 

lymphoma diagnostics at Ghent University Hospital based on our study: liquid biopsies are 

frequently analyzed by sWGS, including mostly cases of ambiguity (e.g., intravascular 

lymphoma). Whereas negative results currently never exclude the presence of malignancies, 

positive results ascertain disease. To conclude, for cf-RRBS, computational methods 

concerning CpG clustering, CGI prioritization and deconvolution, might impact future 

studies. Given the cf-RRBS approach and the corresponding clinical validations are still in their 

infancy, most impactful research is yet to be executed. 

2. Why sWGS and cf-RRBS? 

The potential of liquid biopsies goes beyond to what is presented, as our studies should be 

interpreted in a context related to sWGS and/or cf-RRBS and are not be extrapolated to liquid 

biopsies in general. At present, most cfDNA-based studies focus on ultra-deep targeted 

(duplex) sequencing (and to a lesser extent, whole-genome sequencing, which remains 

financially challenging) for single nucleotide variant and indel detection, often attempting 

characterization of actionable targets for precision medicine. Our prime interest in whole-

genome profiling of copy number and CpG methylation is thus not self-evident; however, its 

driven by more than originality. 

First, sWGS is optimized and standardized in molecular diagnostic laboratories that 

offer NIPT. Analyzing liquid biopsies by sWGS concerns, in essence, the same laboratory and 

computational steps. In combination with price (~$200, including processing costs) and 

turnaround time (~4 days), sWGS might have current (i.e., not as a future prospect) diagnostic 

relevance. In contrast, these aspects are different for ultra-deep sequencing, complicating its 

routine execution. 
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One of the hallmarks of sWGS is its high specificity for identifying malignant cells: 

large (i.e., >5 Mb) somatic CNAs are rarely detected in unaffected subjects (6), whereas single 

nucleotide variants accumulate in function of time, potentially resulting in incorrect driver 

identifications (often caused by clonal hematopoiesis, discussed in ‘Part I – Introduction’). 

Unfortunately, the specificity of CNAs for tumor subtyping seems limited: whilst we obtained 

some excellent results for differentially diagnosing ‘distant’ histologies (e.g., SCLC versus 

NSCLC; HL versus DLBCL), differentiating more related histologies (e.g., LUAD versus 

LUSC), and generally, classifying cancers of unknown primary (which would transform the 

used two- and three-way classifiers to multiclass problems), is/will be more/too ambitious. 

To cope with the limited tumor specificity of CNAs, we introduced cf-RRBS, which 

has a similar price and turnaround time as sWGS. Raw methylation profiles provide genomic 

information at single-base level, which substantially differs from copy number profiles. This 

resolution, and the biological effect of differential CpG methylation in general, renders 

methylation profiles highly specific for cell and tumor type, as shown multiple times, by both 

our institution and other groups (7–11). This is further emphasized by the final study on cf-

RRBS and lung cancer, which essentially utilizes a four-way/multiclass classifier, 

demonstrating satisfactory performance. In comparison to the copy number model, the average 

subtyping accuracy increased from 81.2% to 100% for unambiguous histologies with 

detectable alterations. 

Targeted sequencing outperforms our techniques in terms of tumor detection 

sensitivity. We successfully minimized this issue for sWGS by fragment size filtering; 

however, some promising improvements are yet to be implemented—e.g., research is 

currently being conducted on how UMIs could be most optimally added to the cf-RRBS 

protocol, which is expected to reduce beta value noise and increase sensitivity. 

Finally, the whole-genome essence of these approaches allows the identification of 

various viral entities and tumor types beyond initial suspicion, as established by our lymphoma 

paper. 

3. Why lung cancer and lymphoma? 

In correspondence to previous section, findings presented by the lung cancer and lymphoma 

liquid biopsy studies may not be generalized to all types of cancer. The selection of these 

diseases was made following a trade-off appraisal between originality, clinical relevance and 

chances of success. Especially the latter two require some clarification. 
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 For lung cancer, an advanced stage cohort of LUAD, LUSC and SCLC patients was 

analyzed. These subtypes represent the bulk of diagnoses, from which ~70-80% are identified 

as advanced stage diseases (12). The cohort thus not only represents actual clinical practice, it 

involves patients with a high tumor load, which are expected to have high ctDNA fractions. In 

addition, given the pitfalls of (lung) tissue collection procedures and the importance of lung 

cancer subtyping, both extensively debated in ‘Part I – Introduction’, lung cancer is an excellent 

candidate for liquid biopsy-based research. 

 For lymphoma, the studied cohort does not contain exclusively high-stage patients, 

since this would not reflect clinical practice. Still, as HL and DLBCL are characterized by 

excessive proliferation, sufficient ctDNA is expected. Worth repeating, aggressive lymphoma 

signs and symptoms are often non-specific, matching a broad range of diverse non-malignant 

afflictions. This becomes exceedingly problematic when dealing with central nervous system 

or intravascular localized lymphoma, which are challenging to detect by classic PET/CT scans 

and tissue biopsies, delaying diagnosis and granting an additional incentive to study 

lymphomas by liquid biopsies. 

 

CHAPTER 2: TACKLING UNANSWERED QUESTIONS BY 

ONGOING STUDIES 

1. Filling the gap in liquid biopsy research 

The bulk of liquid biopsy papers is represented by technical optimizations and clinical 

validations, whereas cell-free in vivo properties (e.g., kinetics, dynamics, etc.) are, to me, 

insufficiently investigated. How heavily are liquid biopsies impacted by the exact location of 

a tumor, in relation to vascularity and venipuncture site? Can we suppress in vivo cf/ctDNA 

degradation or stimulate ctDNA release? How does cf/ctDNA behave during therapy? A basic 

understanding of these interplays could be used to our advantage, by increasing cfDNA yield 

and even ctDNA fraction. 

 We played with the idea of administering ‘a pinch’ of treatment, which could 

momentary increase the ctDNA fraction, following blood sampling and genomics-based 

diagnosis, after which the most appropriate treatment could be selected. In theory, this seems 

reasonable, but some restrictions apply. With chemotherapy and immunotherapy, this approach 

is likely not appropriate, not only because of ethical considerations, but particularly since a 

diagnosis is required to select the type of therapy. This is different for radiotherapy, but 
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unfortunately, such an approach has fewer clinical relevance, given radiated zones are often 

reachable for tissue biopsy, and, in case of doubt whether the zone is truly malignant, radiation 

is never recommended (if the interest is however solely on ctDNA kinetics such as half-life, 

irrespective of clinical usability, radiation is an excellent candidate). 

 With this in mind, the study we recently initiated is dubbed the ‘corticosteroid 

challenge’: corticosteroids cause lymphocyte death and are often administered to patients with 

symptoms of lymphoma, inflammation and autoimmune disease, as a ‘first-line medicine’, 

prior to the actual diagnosis. Blood sampling moments after corticosteroid treatment is feasible 

and might improve ctDNA yield. In our pilot experiments, during treatment, patients were 

monitored for 48 hours by periodic blood sampling. Through cfDNA concentration 

determination, and sWGS to determine the ctDNA fraction, we wish to answer the following 

questions. Is there a peak in cfDNA concentration? If yes, how long after administering 

treatment can we expect this peak? Is there a simultaneous peak in ctDNA fraction? Currently, 

preliminary results are heterogenous and based on too few patients to draw conclusions. In a 

later phase, we wish to reanalyze the cohort by cf-RRBS to project the cell type cfDNA 

contribution dynamics during steroid treatment, by deconvolution. 

2. cf-RRBS: a unique opportunity towards impactful research 

The sWGS aspect of our project seems to have reached its summum: the potential of copy 

number profiles is substantial, yet it remains limited with regard to sensitivity and subtyping 

specificity. The latter is now being countered by shifting the focus towards cf-RRBS. In 

comparison to its competitors, cf-RRBS has the best credentials regarding the balance between 

genome coverage, reproducibility, automatability and affordability (13). The combination of 

its novelty and its current exclusive availability (because of the association with the VIB Ghent 

laboratory of Prof. Nico Callewaert), presents both a unique opportunity and an interesting 

challenge. Two main cf-RRBS studies have been put into motion. 

First, pre-eclampsia is a pregnancy disorder typified by a sudden onset of high blood 

pressure, which, if left untreated, may result in seizures, dangerous for both mother and fetus. 

The cause of pre-eclampsia is unknown, though an important factor appears to be an abnormal 

placentation (14). Changes in methylation have been described as a main biomarker for pre-

eclampsia (15), which leaves the question whether the disorder can be predicted using liquid 

biopsies, preferably at 12 weeks pregnancy, through a redefined all-inclusive NIPT procedure. 

Currently, >100 samples have been analyzed by cf-RRBS from both control and symptomatic 

pre-eclampsia pregnancies. The results are promising, but not yet conclusive. In the final phase, 
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the detected biomarkers are to be evaluated in ‘pre-pre-eclampsia’ samples, to confirm whether 

it can be detected before its actual onset (or at least, provide a statistic informative for how 

closely a pregnancy should be monitored). 

Second, newly recruited patients are continuously being added to the lymphoma cohort 

presented in ‘Part III – Results’. There are currently more than 250 patients involved, of which 

several have donated serial liquid biopsies, all to be investigated by cf-RRBS. This ambitious 

project, of which >100 samples have recently been sequenced, is particularly interesting given 

methylation highly relates to COO, a paramount concept during lymphoma diagnosis and 

subsequent treatment selection (16–18). The large cohort size and the novelty of the technique 

suggests that conclusions might not only relate to clinical validation but could also reveal novel 

biological awareness. This is especially the case for HL: their substantial inflammatory 

background in tissue biopsies has made it challenging to confidently study methylation 

patterns. 

Finally, worth mentioning, one of the obstacles in this type of research is the nature of 

methylation profiles. In contrast to copy number profiles, a ‘flat’ pattern does not represent the 

healthy state. Moreover, healthy methylation is much more subject to variability, because of 

the multitude of influential covariables. Therefore, plenty healthy individuals are to be 

recruited to enable the definition of a ‘normal methylation profile’, and to measure every locus’ 

natural variation. 

 

CHAPTER 3: LIQUID BIOPSY STANDINGS AND PROSPECTS 

BEYOND THIS WORK 

Ongoing research on liquid biopsies is motivated by the plenty of positives their routine use 

could introduce. Non-invasive blood sampling implies that no prior knowledge is required on 

where the tumor is located, or even if there is any tumor present; there is minimal patient 

discomfort, nor any procedural risk associated to blood sampling; sampling bias is 

minimized, since likely, the largest and/or most aggressive portion of a heterogeneous tumor 

is predominantly captured, representing the most relevant fraction for treatment selection; and, 

finally, it enables convenient longitudinal genomic tracking. However, liquid biopsies are 

not yet widely adopted as an addition or alternative to tissue biopsies, since there are several 

associated intrinsic and remaining technical challenges, which are put in context below. 
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1. Current liquid biopsy applications in diagnostics 

Clinics have embraced liquid biopsies as the new standard for the detection of fetal 

chromosomal aneuploidies. In contrast, in cancer diagnostics, their use remains mainly limited 

to research. There are however a few exceptions for the detection of actionable targets in 

ctDNA. 

In 2016, the Cobas kit (Roche) became the first FDA/EMA approved liquid biopsy test 

(19). It evaluates 42 mutation sites in the EGFR gene (including the T790M therapy resistance 

mutation) by digital PCR and is described as a ‘companion test’ (20), ought to be used in 

NSCLC patients when tissue cannot be obtained. The producer also states that when a mutation 

is present, the disease status can be monitored by repeating sampling procedures. In case of a 

negative liquid biopsy, agencies advice that tissue is still to be analyzed, since the mutation 

might be present below the limit of detection. Similar tests have been approved, such as the 

Therascreen EGFR and Therascreen KRAS (Qiagen) assays for NSCLC and colorectal cancer 

characterization (20), respectively. 

More recently, in August 2020, two kits were approved for targeted sequencing of 

multi-gene panels: the FoundationOne Liquid CDx (21) and the Guardant360 CDx (22) 

(Foundation Medicine). These approvals represent a significant leap towards the common use 

of liquid biopsies in tumor diagnostics, as they were approved for ‘general tumor profiling’. 

The Guardant360 panel includes 73 genes (22), including ALK, BRCA1/2, CDKN2A, EGFR, 

KRAS, MAPK3, MYC, PTEN, RB1, ROS1, TERT, TP53, indicating its pan-cancer 

employability. However, at ~$4250 per sample, it is not implemented by default. 

In conclusion, apart from detecting actionable targets in diagnosed cancer patients, the 

future of the liquid biopsy remains somewhat uncertain. Therefore, the remainder of this 

chapter comments on its future prospects. 

2. Prospects in screening by liquid biopsies 

Early diagnosis of aggressive tumors has a significantly positive impact on survival rates. 

However, it is not possible to regularly perform full body scans because of technical/time 

restraints and the carcinogenic nature of most imaging technology. Liquid biopsies enable an 

alternate ‘full body scan’ at a molecular level, theoretically providing more information 

compared to traditional medical check-ups. Enrolling such a strategy could start with periodic 

screening to intercept relapse, followed by a gradual expansion to high-risk subgroups with no 

history of cancer, and ultimately, the general population. 
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 Whether such a scenario will ever unfold, remains controversial. Early diagnosis of 

cancer by screening implies the need for extraordinary detection sensitivity (at a reasonable 

positive predictive value), which is somewhat paradoxical in the context of liquid biopsies, as 

their main disadvantage is arguably the lack of sensitivity, for now. Noise-reducing 

advancements, which are most impactful when they transpire in the field of engineering, will 

undoubtedly increase sensitivity and allow cancer detection at low ctDNA fractions. However, 

lowering the detection limit has its own limit. From the early stages of human development on, 

cells accumulate somatic mutations, most of which harmless, causing significant within-subject 

heterogeneity at elderhood, right when cancer screening becomes most appropriate. With 

general screening (i.e., not for one specific type of disease), the predefined pool of biomarkers 

and potentially related alterations becomes so substantial, that hypothetically, the biological 

sensitivity is limited by the most frequent natural mosaicism. In other words, a screening test 

may only be positive if the frequency of a biomarker mutation transcends the background noise 

caused by mosaicisms. One could therefore wonder whether technological improvements will 

suffice to empower liquid biopsies as a general cancer screening tool. 

 This reasoning is based/supported by pilot experiments we conducted, of which the 

results are not (yet) published. Liquid biopsies of eleven early-stage operable lung cancer 

patients were analyzed by sWGS, where no CNAs could be detected in any of the cases. The 

ctDNA fraction detection limit for both sWGS and cf-RRBS has been demonstrated to be ~3%; 

this cohort, in addition to newly recruited patients, was therefore reanalyzed by targeted ultra-

deep duplex sequencing for single nucleotide variant calling, using a panel optimized for lung 

cancer, of which the developer claims a 0.1% detection limit. In ~60% (28/44) of early-stage 

patients, at least one lung cancer ‘biomarker’ could be detected, of which ~half were confirmed 

in paired tissue biopsies. However, when analyzing liquid biopsies from control subjects of 

similar age, a remarkable ~50% (6/11) were found to be ‘positive’. Whether the latter are 

caused by artefacts or true mosaicisms, is up for debate—a unilateral answer, which will 

provide valuable insight with respect to screening potential, can (only) be given when 

improvements further reduce technical noise. 

 At Ghent University Hospital and other institutions (23–25), albeit not frequently, 

pregnant women have been unfortunately diagnosed with cancer following a suspicious 

prenatal screening result, even with an ‘insensitive’ method like sWGS. The focus above has 

been on low ctDNA fractions which typify the early stages of cancer, but evidently, larger 

fractions and corresponding tumor loads do not always result in recognizable symptoms and a 
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subsequent diagnosis. By any means, liquid biopsy-based screening could be valuable, 

depending on whether the false negative rate can be suppressed to a level that justifies the cost. 

 Which brings us to prenatal screening, where this discussion is vastly more conclusive. 

At ~12 weeks pregnancy, maternal cfDNA is represented by, on average, ~11% (cf., Part III – 

Results, chapter 2) cffDNA. More importantly, 90% of NIPTs have a cffDNA fraction of at 

least 5%, and, when a sample is predicted with insufficient cffDNA (i.e., <4%), a new one is 

requested which often does exceed the lower detection limit. At these purity levels, NIPT 

barely generates any false negatives whilst reported specificities are at ~99% for the detection 

of trisomy 13, 18 and 21, which renders it impeccable for screening purposes (26, 27). 

Detection of other aneuploidies, subchromosomal aberrations and specific single-gene 

disorders have been offered in clinics (28). To me, the base cffDNA fraction present in the 

majority of tests likely enables prospects similar to postnatal screening, in the future, when the 

inherent limiting factors will be our understanding of multifactorial disorders and ethical 

considerations associated with less severe encounters. 

3. Prospects in tumor characterization by liquid biopsies 

Following a non-negative screening test, in whatever form; suspicious symptoms (e.g., night 

sweats, chest pain, etc.); and/or a suspicious imaging result (e.g., an enlarged lymph node, a 

region of increased metabolic activity, etc.), clinicians first attempt to establish if the associated 

cells are malignant. If this proves to be the case, the classification problem narrows towards 

the type of tumor (lymphoma, melanoma, carcinoma, etc.), the identification of the primary 

tumor in case of metastases (e.g., lung), and finally, the histological (e.g., LUAD vs LUSC) 

and molecular subtype (e.g., EGFR mutant). 

This stepwise classification puzzle is currently predominantly approached by clinical 

input and microscopic inspection of collected tissue, during which dyes and molecular tests 

such as IHC, FISH, CISH, sequencing, etc., aid or enable diagnosis. As extensively 

demonstrated, molecular characterization continues to gain importance, but currently, cell 

morphology remains the most important aspect of this process. Whether automated processing 

of liquid biopsies can substitute pathologists, is therefore not only a question of sensitivity, but 

also of possibility: can we capture all required information through proteomics, transcriptomics 

and (epi)genomics, or are morphologic traits indispensable to an accurate diagnosis? One could 

argue that every feature of a cell is encoded in its DNA, but naturally, the practical value of 

this argument will always be limited by our current knowledge on these complex biological 

interplays. In addition, the tumor microenvironment can provide information when solving a 
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pathological problem (which is possibly lost in liquid biopsies), not only morphologically, but 

also on a molecular level (e.g., stromal PD-L1 expression (29)). Realistically, this question will 

(and already does) relate to tumor type and tumor stage, which in turn relate to technical 

sensitivity, indicating the answer will likely be: ‘it depends’. 

To top these rather hypothetical sections, I tempt to philosophize about two 

fundamental changes in cancer research and diagnostics that should transpire, other than 

technical optimization, in order to maximize the liquid biopsy range of application and the 

performance of these applications. 

First, there should ultimately be no intention to polish one specific approach, as 

neoplasms are never linked to one single type of alteration. Transformed cells express, inter 

alia, single-base differences; indels; translocations; and divergent transcription, copy number 

and methylation patterns. The integration of these sources, by analysis of circulating tumor 

cells, cell-free RNA and ctDNA, demonstrates a synergistic effect to tumor detection and 

subtyping performance. Moreover, by general screening of all circulating cells and cfDNA, the 

circulating microenvironment and immune cells could be monitored. To date, such an effort 

seems unattainable, because of time and price restraints; however, with the ongoing 

development of new (long read) sequencing platforms, a first attempt might be closer than 

anticipated: here, whole-genome sequencing enables the detection of copy number and some 

other structural variants; single-nucleotide variants; and, because of the nature of the 

technology, methylation state, all in one practical sequencing run. Defining these algorithms 

and making this information available to clinicians will however require a substantial amount 

of effort (and some bright brains). 

Second, I’ve learned that, fundamentally, every tumor is unique. Nonetheless, 

classification separates tumors in discrete classes, each linked to a currently optimal treatment, 

as a result of historic discoveries related to morphology, protein expression, etc., and associated 

clinical trials. Since molecular characterization is gaining importance, a complete rethinking 

of this approach might therefore be beneficial. The abundance of molecular knowledge, which 

is about to be unleashed, allows tumors to be placed on a multidimensional continuous 

spectrum of different (epi)genomic and transcriptomic traits, eventually predicting optimal 

treatment by computational inference. Such a model, if ever possible, would circumvent the 

need for morphologic information, and in conclusion, benefit liquid biopsies. 
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4. Prospects in disease monitoring by liquid biopsies 

A discussion about disease monitoring during and after treatment (including screening for 

relapse) largely boils down to what was introduced in ‘2. Prospects in screening by liquid 

biopsies’, with the exception that tumor-specific ‘baseline biomarkers’ can be defined, obtained 

by liquid or solid biopsy at initial diagnosis. The availability of this information significantly 

reduces the complexity of the screening problem, as only a few specific regions (i.e., mutations) 

need to be supervised, which drastically increases the performance. Studies have already shown 

that this type of monitoring outperforms PET/CT scanning in terms of sensitivity and safety 

(30–32). This type of analysis will, without a doubt, find its way into clinical practice. 

 Finally, broader monitoring (i.e., comprising relevant regions other than the baseline 

biomarkers; or whole-genome coverage) would also empower, at least to some level, the 

detection of genomic changes during treatment (or metastases or intratumoral heterogeneities 

that increase their relatively contribution), which might foresee therapy resistance. To 

illustrate, our lung cancer cohort included an EGFR-mutated LUAD patient—these entities are 

known for transforming to SCLC as a mechanism of resistance (33). A liquid biopsy, taken at 

relapse and analyzed by sWGS, showed SCLC-specific CNAs, whereas a matched solid biopsy 

at diagnosis, however, was typified by CNAs specific for LUAD. This genomic tracking, 

impossible by current imaging-based follow-up standards, is only permitted by use of liquid 

biopsies. 
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SUMMARY 

 

Health care quality is vitally dependent upon accurate diagnostics, pursued by various assays 

that ideally provide insight at every phase along disease prevention, detection, diagnosis and 

monitoring. Currently, technological advancements are transforming diagnostic tools into 

genomic, transcriptomic and proteomic biomarker detection devices, thereby progressively 

promoting precise disease characterization at a molecular level. However, in non-constitutional 

conditions, such as cancer diagnostics, molecular profiling can be intrinsically challenged by 

the need for tissue, as the cells of interest might be difficult (or subject to risk) to localize and/or 

reach. Classic blood samples, referred to as liquid biopsies, are anticipated to hold 

biomolecules released from the patient’s cells of interest, and could provide sufficient 

information to, ultimately, render invasive tissue collection procedures redundant, as has 

largely transpired for prenatal diagnostics with the rise of non-invasive prenatal testing. 

Our focus during the past four years has been on cell-free DNA and two main analysis 

approaches: shallow whole-genome sequencing for copy number profiling; and, to a lesser 

extent, cell-free reduced-representation bisulfite sequencing for methylation profiling. 

Both of these techniques enable genome-wide interrogation in an economically feasible 

manner, possibly stimulating clinical implementation. Given my background in bioinformatics, 

this dissertation discusses associated post-laboratory computational concepts and realizations, 

of which the most prominent are presented below (1 3: technical studies; A C: clinical 

validations). 

(1) In order to accurately derive copy number state from shallow whole-genome 

sequencing data, we developed the WisecondorX software. In comparison to most alternatives, 

WisecondorX is not limited to non-invasive prenatal testing data, but also runs liquid biopsies, 

preimplantation embryos, formalin-fixed paraffin-embedded tissue samples, etc. 

(2) To predict the fetal cell-free DNA fraction during non-invasive prenatal testing, we 

developed PREFACE. Its machine learning algorithm circumvents the need (and cost) for 

additional experimental assays. By allowing individual centers to train their own optimized 

models, between-laboratory train/test bias is omitted. 

(3) Next, we optimized and statistically validated a shallow whole-genome sequencing-

based formalin-fixed paraffin-embedded copy number detection protocol to verify whether 

liquid biopsy-derived copy number alterations represent their solid origin. 
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(A) Our first proof-of-concept study investigated liquid biopsy-derived copy number 

alterations for their subtyping potential in advanced-stage lung cancer patients. Most notably, 

we show that distinguishing small from non-small cell lung carcinoma is feasible at 98% 

accuracy. 

(B) Our second proof-of-concept study investigated Hodgkin and aggressive B-cell 

non-Hodgkin lymphoma patients. Roughly 80% of liquid biopsies expressed tumoral copy 

number alterations at diagnosis; and, all Epstein-Barr virus-positive patients had a significantly 

elevated number of plasmatic viral DNA fragments, achieving a sensitivity of 100% compared 

to current standard. We also demonstrate that our approach allows an accurate differential 

diagnosis between Hodgkin and diffuse large B-cell lymphoma. 

(C) Finally, methylation profiles of lung cancer liquid biopsies were evaluated. We 

illustrate how lung cancer can be histologically classified at near-100% specificity based on 

~500 CpG islands. The specificity of these islands was further emphasized by testing patients 

with other lung-related diseases, including organizing pneumonia, amyloidosis, vasculitis, 

silicosis and pleuritis.  
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SAMENVATTING 

 

De kwaliteit van de gezondheidszorg is in hoge mate afhankelijk van correcte diagnoses. Deze 

worden vandaag steeds meer op moleculair niveau gesteld, wat veelal de precisie ten goede 

komt. Voor niet-constitutionele ziekten, zoals kanker, wordt deze evolutie evenwel bemoeilijkt 

door de nood aan tumorweefsel, omdat tumorcellen vaak moeilijk te lokaliseren en/of te 

bereiken zijn. Bloedstalen bij kankerpatiënten, ook wel liquid biopsies genoemd, worden 

verondersteld biomoleculen afkomstig van tumorcellen te bevatten, zoals DNA. Deze zouden 

voldoende informatie kunnen verschaffen om invasieve weefselbiopten op termijn overbodig 

te maken, net zoals bij de niet-invasieve prenatale test, waar gezocht wordt naar foetale 

afwijkingen via maternaal bloed. 

 De voorbije vier jaar gebruikten we hoofdzakelijk twee technieken om het ‘celvrije’ 

DNA in de liquid biopsies te onderzoeken: shallow whole-genome sequencing voor 

kopijnummerprofilering, en cell-free reduced-representation bisulfite sequencing voor 

methylatieprofilering. Beide technieken laten een genoomwijde DNA-karakterisering toe aan 

een relatief lage kost, wat de klinische implementatie kan stimuleren. Gezien mijn achtergrond 

in de bio-informatica beperkt deze thesis zich vooral tot computationele concepten en 

realisaties, waarvan de voornaamste hieronder zijn samengevat (1 3: technische studies; 

A C: klinische validatiestudies). 

(1) Om shallow whole-genome sequencing data accuraat te kunnen analyseren 

ontwikkelden we WisecondorX – een statistisch programma voor het normaliseren van 

kopijnummerdata – door zijn voorganger, WISECONDOR, te herimplementeren. De methode, 

die oorspronkelijk werd ontworpen voor gebruik uitsluitend in combinatie met de niet-

invasieve prenatale test, is nu algemeen toepasbaar (zoals bijvoorbeeld in de 

kankerdiagnostiek). 

(2) Om de foetale DNA-fractie in maternaal bloed te voorspellen hebben we 

PREFACE ontworpen. Deze zuiver computationele methode vermijdt dat er extra 

laboratoriumexperimenten moeten worden uitgevoerd in de routine prenatale diagnostiek. 

(3) Om te verifiëren of kopijnummervarianten in liquid biopsies die van weefselbiopten 

vertegenwoordigen (belangrijk in onder andere onderstaande klinische onderzoeken) hebben 

we een protocol geoptimaliseerd om shallow whole-genome sequencing toepasbaar te maken 

op formalin-fixed paraffin-embedded tumorweefsel. 
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(A) Onze eerste klinische studie tracht histologie te voorspellen in 

longkankerpatiënten aan de hand van kopijnummervarianten bekomen via liquid biopsies. 

Een voorspellend model getraind met publieke data toont dat dit mogelijk is. Meest opvallend, 

een kleincellig longcarcinoom kan worden gedetecteerd aan 98% accuraatheid. 

(B) Onze tweede studie analyseert agressieve B-cel lymfomen, opnieuw door middel 

van shallow whole-genome sequencing. Ongeveer 80% van de liquid biopsies bij diagnose 

werden getypeerd door kopijnummervarianten van tumorale oorsprong. Verder hadden alle 

Epstein-Barr virus-positieve patiënten virale DNA-fragmenten in hun bloed, wat overeenstemt 

met een detectiesensitiviteit van 100% ten opzichte van de huidige standaard. Ook hier toonden 

we aan dat kopijnummervarianten een differentiële diagnose mogelijk maken, bijvoorbeeld 

tussen een Hodgkin en een diffuus grootcellig B-cel lymfoom. 

(C) Tot slot analyseerden we methylatieprofielen van longkankerpatiënten aan de 

hand van cell-free reduced-representation bisulfite sequencing. Een model getraind met 

publieke data staat hier toe histologie te voorspellen aan bijna 100% specificiteit op basis van 

~500 CpG-eilanden. De longkankerspecificiteit van deze CpG-eilanden werd verder benadrukt 

door patiënten te testen met andere longaandoeningen: deze worden consequent geclassificeerd 

in de controlegroep. 
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