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ABSTRACT 
Tumors are complex ecosystems composed of billions of cells that constantly evolve over 

time. Intra-tumor heterogeneity (ITH) represents the diversity of this complex environment 

quantifiable both at the genetic and phenotypic level. Recently, next-generation sequencing 

(NGS) costs have dropped and NGS has become the standard tool for studying ITH. 

Moreover, advances in single-cell sequencing technologies allow studying tumor 

composition, evolution, and alterations at unprecedented scale and resolution. 

Besides the extreme importance of NGS technologies in cancer biology, their versatility 

has also played a pivotal role in the SARS-CoV-2 pandemic that started at the end of 2019. 

Indeed, thanks to NGS technologies, thousands of SARS-CoV-2 genomes have been 

sequenced worldwide enabling phylogenetic reconstruction of the spread and evolution of the 

virus. Furthermore, NGS techniques are currently used for genomic surveillance of the virus, 

which includes tracing the emergence of new viral variants that can potentially reduce the 

susceptibility to the newly developed vaccines. 

In paper I, we developed CUTseq, a reduced representation genome sequencing method 

that can be used to tag and amplify low-input genomic deoxyribonucleic acid (gDNA) 

samples to generate multiplexed NGS libraries. The method enables reproducible calling of 

copy number alterations (CNAs) gDNA extracted from cell lines and formalin-fixed paraffin-

embedded (FFPE) tissue specimens. We used CUTseq to assess genetic ITH by profiling 

multiple regions of individual FFPE sections of primary and metastatic breast cancer lesions. 

Finally, we developed a rapid and cost-effective version of CUTseq that allows high-

throughput preparation of NGS libraries using a contactless liquid-dispensing robot. 

In paper II, we developed single-cell CUTseq (scCUTseq), an NGS method that builds 

on the design of CUTseq from paper I and includes a whole-genome amplification (WGA) 

step upfront to amplify gDNA from single cells. We leveraged on the nanodispensing device 

used in paper I to reduce the volume of reactions to nanoliters, which lowers reagent costs 

and scales up the number of cells that can be processed in parallel. The scalability of 

scCUTseq was demonstrated on cell lines, showing no difference between live and fixed 

samples. To assess the sensitivity of the method, we detected a 7 megabase (Mb) deletion 

induced by CRISPR/Cas9 occurring at low frequency (4.5%) in human TK6 lymphoblastoid 

cells. Finally, we applied the method to build a spatially resolved single-cell ITH atlas of 

CNAs in two prostate cancers. 

 



In paper III, we developed COVseq, a versatile and cost-effective NGS method that can 

be used to prepare multiplexed libraries from dozens of SARS-CoV-2 ribonucleic acid 

(RNA) samples in parallel using the approaches described in paper I and II. The method was 

first benchmarked with a commercial kit showing high correlation of breadth of coverage and 

single-nucleotide variants (SNVs) detection. To demonstrate the reproducibility of the 

method, COVseq was applied to 274 diagnostic samples enabling the detection of the UK 

variant of concern B.1.1.7. Finally, a comparative cost analysis showed that COVseq can 

reduce the preparation and sequencing costs to ~$20 per sample. 
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1 INTRODUCTION 
 

Part 1: Developing methods to study tumor evolution and 

heterogeneity 

 

1.1 Tumor heterogeneity 

 
1.1.1 Introduction 

Tumors are complex ecosystems characterized by physical and functional interactions 

between millions of tumor cells and non-cancerous cells. The exact process that leads to the 

formation of tumoral masses remains still unclear but, over the years, there have been many 

attempts to find key events that transform a normal cell into a malignant one. It is now a 

common understanding that tumorigenesis is a multistep process where genetic changes 

cause mutations that in turn confer advantages to cells. A crucial milestone in the field of 

tumor biology was the introduction of the concept of hallmarks of cancer by Hanahan and 

Weinberg 1. According to this framework, the process of cancer formation depends on six 

critical changes (Figure 1).  

  
                   Figure 1. The hallmarks of cancer. Image from Hanahan D. & Weinberg R., Cell, 2011 2 

 

Due to these alterations neoplastic cells gain the ability to survive, proliferate, 

disseminate, and form metastases. In 2011, two so-called enabling characteristics were added 
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to this model: genome instability and mutation and tumor-promoting inflammation. 

Moreover, two new emerging hallmarks were introduced: deregulation of cellular energetics 

and the ability of cancer cells to avoid immune destruction 2. These mechanisms and traits 

create differences among tumor cells and lead to what is now known as “tumor 

heterogeneity”. Notably, heterogeneity is not an exclusive property of tumor cells, as cell-to-

cell variability can also be observed between cells that compose the tumor microenvironment 

(TME) 3. TME cells, including host cells, fibroblasts and immune cells, play a pivotal role in 

the evolution and progression of a tumor mass and make tumors an extremely dynamic 

environment in which cells interact and benefit from each other 4.  

The history of tumor heterogeneity dates back to 1863 when the German pathologist 

Rudolf Virchow published an article in which he described the connection between tumors 

and inflammation for the first time 5, 6. The morphological complexity of tumors was then 

confirmed in 1889 by the British surgeon Stephen Paget 7. In 1958, tumor heterogeneity 

started being theorized at the genomic level as well. A substantial contribution was appointed 

by the evolutionary biologist Julian Huxley who, in his book “Biological Aspects of Cancer”, 

emphasized the concept that a tumor is not a single entity, but a composition of many 

different diseases 8. It is then thanks to several cytogenetic techniques developed in the 1960s 

and the 1970s that it is was possible to observe heterogeneity in amplifications and deletions 

of relevant cancer genes 9. Indeed, karyotypic analysis can be used to track the complexity 

and cell-to-cell variability of cancer cells using deoxyribonucleic acid (DNA) multicolor 

fluorescence in situ hybridization (FISH) with chromosome-specific probes 10. 

 

1.1.2 Types of tumor heterogeneity 

The advent of more advanced microscopy and next-generation sequencing (NGS) techniques 

in the past two decades has drastically expanded our knowledge of tumor heterogeneity, 

providing for the first time single-cell resolution in a high-throughput manner. Tumor 

heterogeneity comprises: (1) Inter-tumor heterogeneity and (2) Intra-tumor heterogeneity 

(ITH) (Figure 2). The former refers to variations among tumors of the same type but of 

different individuals, whereas the latter indicates dissimilarities within the same tumor. From 

now on, the present work will focus on ITH since it represents a key factor that contributes to 

lethality and resistance to drug treatments of cancer. 

Normal cells/tissues display phenotypic heterogeneity, both deterministically –

representing the complexity of a tissue with multiple cellular phenotypes and hierarchies –

and stochastically – reflecting the cell-to-cell variability within the same phenotype in a cell 

population 11. Tumor cells are characterized by increased differences of the normal 
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phenotype. The causes of ITH can be divided in genetic and non-genetic and will be reviewed 

in the following paragraph. 

 

                   Figure 2. Tumor heterogeneity. Image from Marusyk A. et al., Nature Reviews Cancer, 2012 11 

 

1.1.3 Drivers of ITH 

Genetic instability 

In the classic view, cancer originates from an oncogenic mutation occurring in a cell. 

However, the reality is more complicated than this; indeed, the initiation and progression of 

cancer is connected to genomic instability that leads to the accumulation of multiple 

mutations in cells. This key process is a prerequisite for tumor development and evolution 12 

and has been shown to increase the risk of carcinogenesis 13. Causes of instability can be 

endogenous (internal) and exogenous (external) and lead to alterations that range from single-

nucleotide point mutations to structural changes of entire chromosomes 14. Truncal mutations 

at the beginning (trunk) of the evolutionary tree of a tumor play a pivotal role in the 

progression of the disease, selecting the successive mutations and influencing their order of 

appearance 15. Mutations can also be functionally classified as drivers or passengers. 

Particularly, tumor progression is dependent on the acquisition of multiple driver mutations 

that can confer an advantage to cells, defined as fitness gain. Driver mutations lead to genetic 

variability, which makes tumors a heterogeneous ecosystem in which groups of cells that 
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express different genetic patterns are called clones. Simultaneously, within the same tumor, 

many different cell clones can coexist. However, cancer cells are not only subject to driver 

mutations, as not all the genetic changes that occur within an aberrant cell confer a selective 

fitness. This other type of mutations is called passenger and these are more abundant than the 

driver ones 16. Passenger mutations can help distinguishing among different tumor clones and 

are a measure of cancer evolution 17. Since the beginning of The Cancer Genome Atlas 

(TCGA) project in 2005 and the International Cancer Genome Consortium (ICGC) in 2008, 

genomic instability has become the focus of many large studies that tried to create an atlas of 

cancer-related genes and mutations 18, 19.  

Genomic instability can be contributed to by various mechanisms that have been 

extensively reviewed by Burrell and colleagues 20. One mechanism depends on defects in 

base and nucleotide excision repair (NER) pathways that normally replace abnormal bases or 

patches of nucleotides in the genome 21, 22, 23. Deficiency in NER has been linked to breast 

cancer pathogenesis 24. Another mechanism is through alterations in genes involved in 

mismatch repair, a process that occurs during DNA replication to correct insertions and 

deletions at repetitive sequences. Deleterious alterations to specific genes of mismatch repair, 

such as MSH2, MSH6 or MLH1, have been detected in circulating tumor DNA of metastatic 

prostate cancer suggesting a role in tumor progression 25. 

A third mechanism that can lead to genomic instability, is a defect in telomerase 

maintenance mechanisms. Physiologically, to control fundamental processes such as cell 

proliferation in somatic cells, telomerase activity is repressed mostly by inactivation of the 

human telomerase reverse transcriptase (hTERT) gene. However, in cancers, TERT promoter 

mutations and focal amplifications or rearrangements, are associated with TERT activation 

and therefore linked to progression of the disease and the overcoming of the senescence 

barrier 26, 27. Chromosomal instability (CIN), a condition in which cells lose their diploid state 

and are characterized by changes in their chromosome numbers (i.e., aneuploidy) 28, can be 

caused by deficit in telomerase maintenance 29. CIN in tumors is usually associated with poor 

prognosis 30 and results in alterations such as translocations, inversions, deletions and 

amplifications. However, the association between CIN and poor prognosis is not always clear 

and elevated levels of CIN might be poorly tolerable by cancer cells and negatively impact 

their fitness. Indeed, intriguingly, Birkbak and colleagues showed that tumors harboring 

extreme levels of CIN were associated with good prognosis 31.  

Alterations to mechanisms that monitor the response to DNA damage and therefore 

control the integrity of the genome might also lead to instability. Double-strand breaks 

(DSBs) are an hazardous type of DNA damage that can be caused by exogenous or 
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endogenous agents 32. Two pathways are involved in the repair of DSBs: homologous 

recombination and non-homologous end joining. It has been shown that alterations in DSB 

detection or repair pathways can result in CIN and are linked to the development of cancer 33,    
34, 35. Deregulation of DNA replication, which can be caused by several factors such as 

oncogene activation or loss of tumor suppressors, can also cause DSBs and lead to genomic 

instability. For example, replication stress induces accumulation of DSBs at common fragile 

sites – specific regions more prone to break upon disturbed DNA synthesis – causing 

chromosome fragility and formation of copy number alterations (CNAs) 36. 

Lastly, defects in chromosome segregation, originating for instance from alterations in 

mitotic checkpoints, can lead to numerical aneuploidy and unbalanced translocations 37, 

formation of micronuclei, and promotion of cellular invasion and metastasis 38. Notably, 

besides all the mechanisms described above, also cancer therapies might also contribute to 

the development of genome instability for example by inactivating mismatch repair pathways 

or by activating pathways that inhibit apoptosis (e.g., Akt-mTOR) 39, 40. 

 

Epigenomic and transcriptomic alterations 

Alterations to the cancer epigenome are typically linked to the transcriptome and can lead to 

variations in gene expression programs. Epigenomic changes as a driver of cancer 

development and ITH were observed in a pan-cancer analysis of enhancer expression 

performed by Chen and colleagues 41. Here, activation of enhancers – non-coding DNA 

elements involved in gene regulation – was found to positively correlate with aneuploidy. 

Mutations in genes encoding histones, fundamental components of chromatin, are another 

class of epigenetic alterations frequently encountered in human cancers 42, which have been 

associated with poor prognosis in estrogen receptor positive breast cancer patients 43. 

Moreover, epigenomic changes can also be linked to genome instability. Related to this, an 

association between epigenetic markers, such as DNA methylation, and point mutations and 

CNAs has been shown in lung adenocarcinoma and papillary renal cell carcinoma 

contributing to ITH in these tumors 44, 45. 

In addition to epigenomic changes, modifications to the transcriptome itself have been 

associated with ITH as well 46, 47. The transcriptome of cancer cells can be altered as a result 

of mechanisms such as alternative splicing 48 or usage of alternative promoters 49. Moreover,  

CIN can also be inferred from transcriptomic data and, aberrations in the expression of 

specific genes involved for example in chromosomes segregation, have been linked to 

aneuploidy in many cancer types correlating with poor clinical outcome 50.  
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Microenvironmental ITH and cell plasticity 

The TME represents another source of ITH and has an impact on how a tumor evolves. A 

fundamental concept linked to microenvironmental ITH is cell plasticity, which is defined as 

the capacity of cancer cells to modify their identity pathways and adapt to environmental 

conditions to proliferate 51. Cell plasticity has an impact on two of the main conditions that 

make cancer so lethal: metastasis formation and resistance to clinical treatments 52, 53, 54. 

Moreover, cell plasticity is one of the causes of histological transformation leading to 

microenvironmental ITH. An example is the transformation that occurs in lung and prostate 

from adenocarcinoma to high-grade neuroendocrine tumors 51.  

Microenvironmental ITH also includes immune cell infiltration. Heterogeneity in the 

organization and spatial distribution of immune cells can impact the response to immuno-

therapy, one of the current treatments pillars against cancer. Recently, many studies on 

pathological images have tried to find links between the immune cell landscape/patterns – for 

example visualized using deep learning approaches – and therapeutic and prognostic 

implications (e.g., overall survival) 55, 56. Moreover, the frequency and spatial organization of 

T cells – a type of immune cells that fights and eliminates cancer cells – has been found to be 

directly linked to subclonal heterogeneity in cancer 57.  

Aging represents another key factor shaping the TME and influencing tumor progression, 

leading to ITH. For instance, aging affects both stromal cells – such as fibroblasts, endothelial 

cells, adipocytes – and immune cells, by creating a chronic inflammation and 

immunosuppressed condition, impacting the environment of the tumor and promoting 

progression and metastases 58. Finally, heterogeneity can also be seen at the level of gross 

structures such as blood vessels 59 and lymphatic vessels in a tumor 60.  

 

1.1.4 Origin of tumor evolution and the cancer stem cell model 

The origin of tumors and ITH remains unclear and there are currently two models to describe 

it. The first model, called the genetic model, is based on Peter Nowell’s theory of somatic 

tumor evolution 61. According to this model, cancer originates from a single cell that, after 

acquiring mutations that confer fitness, leads to the formation of clones that will expand and 

compete. During the progression of the tumor new genetic and epigenetic changes will induce 

the formation of more clones and, therefore, lead to changes in tumor composition and 

heterogeneity. The second model, called the non-genetic model, sees cancer stem cells 

(CSCs) as the engine of a tumor. According to this model, CSCs are cells endowed with self-

renewal ability that can differentiate into multiple cell types and oversee the generation, 

growth and progression of the disease 62, 63. This theory originated during the 70s and 80s 
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with the first observation of mammary stem cells in murine models of breast tumors 64, 65. 

More recently, CSCs have been observed in human colorectal adenomas where they are 

residing and actively dividing in crypts and are responsible for the formation of clonal 

expansion, even if in moderate levels 66. A study in a murine model of breast cancer showed 

that CSCs are fundamental for the formation of metastases to the lungs 67. CSCs have also 

been observed in human breast cancers 68, osteosarcomas 69, liver cancers 70, lung cancers 71, 

bladder cancers 72 and cervical carcinomas 73, representing a possible target for therapies. 

Importantly, the genetic and non-genetic models are not mutually exclusive and CSCs have a 

pivotal role in tumor evolution 74. 

 

1.1.5 Models of tumor evolution 

As mentioned above, the evolution and progression of a tumor is mostly characterized by 

positive selection. However, negative forces are also important in cancer to eliminate clones 

with decreased fitness. In particular, Zapata and colleagues found a set of 25 genes essential 

for negative selection of cancer cells, based on the analysis of 26 tumor types included in 

TCGA, whose expression and mutation status was linked to patient survival 75. In general, the 

evolution of a tumor can proceed following four different models regardless of how it 

originated, as described in the following paragraphs (Figure 3) 76, 17.  

 
          Figure 3. Models of tumor evolution. Image from Davis et al., Biochimica et Biophysica Acta, 2017 76 
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Model 1: Linear evolution  

This model is characterized by only one predominant lineage that, after having acquired a 

driver mutation with a strong selective fitness, outcompetes all the other clones and survives 

over time. This model of evolution was first proposed for colorectal cancer 77. However, it is 

supported by only a few studies, and it can be easily misguided by errors in sampling (e.g., 

when limited number of samples is collected). 

 

Model 2: Branching evolution 

This model is characterized by clones that differ from a common ancestor and evolve in 

parallel, resulting in multiple lineages that coexist. Branching evolution lacks one of the main 

factors that controls ITH: clonal sweep, a process that allows reduction in diversity due to the 

fixation of a variant with a strong positive selection. Therefore, branching evolution is 

characterized by high levels of ITH that will change over time and space, and by the constant 

presence of multiple clones. This model of evolution was observed in many different cancer 

types such as leukemia 78, liver cancers 79, colorectal cancers 80, prostate cancers 81, renal cell 

carcinomas 82, melanomas 83, breast cancers 84 and glioblastomas 85. Another important 

feature of this model is the continuous accumulation of new driver mutations leading to 

further subclonal expansion impacting the speed of growth of tumors and the generation of 

metastases 86. 

 

Model 3: Neutral evolution 

This model is called neutral because it occurs between selective events or in the absence of 

them. According to this model all the cancer cells grow at the same rate and do not have any 

fitness advantage 87. Neutral evolution is characterized by an elevated number of passenger 

mutations leading to high levels of ITH and a highly branched structure in the phylogenetic 

tree. It was hypothesized that tumors following this model might be affected by cellular 

architecture of the tissue and microenvironmental constraints that limit their growth 88. 

Moreover, neutral evolution can be seen as the model to explain adaptation driven by cell 

plasticity and phenotypic changes instead of clonal selection 88. 

 

Model 4: Punctuated evolution 

This model differs from the three described above in which evolution occurs gradually. 

Conversely, punctuated evolution is characterized by genomic alterations that occur in bursts, 

conferring a strong fitness advantage. ITH is a key feature of this model, but it is concentrated 

in the early stage of the evolution and then remains mostly stable during tumor progression. 
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Moreover, this model is characterized by the concept of stasis, which derives from the theory 

of punctuated equilibrium 89 and refers to a stable clonal expansion for a long period of time. 

According to this model, mutations can generate a large-scale alteration of the genome 

leading to an adaptive clone named ‘hopeful monster’, a term that was first used in evolution 

and later applied to cancer 90, 91. An example of a large-scale alteration is chromothripsis, a 

massive mutational process where tens to hundreds structural rearrangements occur in 

specific regions of a single or multiple chromosomes. Using NGS, chromothripsis was 

detected in 2-3% of all cancers and 25% of bone cancers 92. However, this analysis was 

performed using single-nucleotide polymorphism (SNP) arrays, which have relatively low 

resolution. A more recent and complete study performed using whole-genome (WGS) and 

whole-exome sequencing (WES) showed that the phenomenon has a much higher prevalence 

of 49% across all major adult cancers analyzed 93. 

Besides these classical four models, the concept of tumor multi-tasking evolution was 

recently introduced. According to this new framework, tumors can be classified as specialists, 

i.e., focused on a specific task, such as a hallmark of cancer, or as generalists, i.e., tumors that 

can perform several tasks simultaneously 94. 

 

1.1.6 Tumors from an ecological perspective 

Despite the established knowledge of cellular heterogeneity, the dynamics of cell interaction 

and competition in tumors have become clearer only recently thanks to the development of 

new NGS approaches with single-cell resolution. A vast group of interactions are classified as 

neutral, i.e., they do not lead to any advantage or disadvantage for a specific cell population. 

Conversely, interactions that lead to a change can be classified as positive, when they are 

characterized by cooperation between tumor subclones and high levels of ITH, or as negative, 

when the clones compete with each other leading to a partial resolution of ITH. These 

interactions are not mutually exclusive but can be present simultaneously. The most 

important mechanisms underlying positive and negative interactions, as described by 

Tabassum and Polyak 95, are summarized in Table 1 below: 

 

Table 1. Principal mechanisms of positive and negative interactions 

Positive interactions  

Commensalism One cell population helps another one directly, without receiving 

help itself. An interesting concept is the “free-rider” subclone 

that takes advantage of the resources to proliferate and survive, 

without bringing any positive effect to the tumor. 
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Synergism This interaction happens when, after cooperation, two or more 

cell populations acquire new traits and capabilities.  

Mutualism This is the most complete form of positive interaction where two 

populations cooperate and both gain fitness advantage. 

Negative interactions  

Competition This is the most common kind of negative interaction where one 

population kills or suppresses the competitor affecting also itself.  

Amensalism This is similar to competition but without effect on the cell 

population that suppresses the other and remains favored. 

Predation and parasitism These two mechanisms of negative interaction are usually not 

present in the context of cancer. They occur when one population 

benefits from the resources (e.g., nutrients) of another, and 

thereby negatively affects the other. 

 

Recently, an ecological index, named ”Eco-index” was introduced to evaluate the 

heterogeneity and progression of tumors 96. The Eco-index links two important 

characteristics: hazards and resources. Hazards are what can kill a malignant cell, such as the 

immune system, drugs, and accumulation of waste products. In ecology, when a population is 

subject to many hazards the evolution tends to be fast to overcome these difficulties. On the 

other hand, if a population faces low levels of hazards, it will evolve much slower and use all 

the possible resources of the environment. These two concepts can also be applied to 

oncology to explain the evolution of tumors from an ecological perspective 97. Resources are 

represented by what is important for the tumor to grow and progress, such as nutrients, space, 

and oxygen levels. Studying them can help predict the evolution of a tumor and design new 

treatments. 
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1.2 Somatic copy number alterations (SCNAs) in cancer 
 

1.2.1 Some terminology 

As described in the previous sections, cancer is driven by multiple types of genetic alterations 

that originate mostly from genomic instability. Mutations in tumors range from single-

nucleotide variants (SNVs), also known as point mutations, to gains or losses of entire 

chromosomes. The latter has been historically known as aneuploidy, a definition that was 

expanded to include gains or losses of individual chromosome arms 98. In contrast, the term 

CNA has been used to indicate gains or losses affecting subchromosomal regions larger than 

10 kilobases (kb). The term indels can be then used for alterations smaller than 10 kb 99. 

CNAs forming in somatic cells are called somatic copy number alterations (SCNAs). More 

complex chromosomal alterations, including inversions, translocations and duplications 

affecting one or more chromosomes are known as structural variants (SVs) 100. 

 

1.2.2 The landscape of SCNAs in human cancer 

Since the beginning of the TCGA and ICGC projects, a large catalogue of SCNAs across 

human cancers has become available. Most of the studies have used SNP array technology to 

map SCNAs. However, more recently, thanks to the improvement in NGS high-throughput 

approaches and the consequent reduction of sequencing costs, WGS has become the state-of-

the-art approach for profiling SCNAs at high resolution. 

SCNA profiling by TCGA was initially conducted on relatively small sets of samples in 

glioblastomas 101, high-grade serous ovarian adenocarcinomas 102, breast cancers 103, lung 

squamous cell carcinomas 104, lung adenocarcinomas 105 and clear cell renal carcinomas 106. 

More recently, SCNAs have been profiled by TCGA in thousands of tumors of different 

origin 99. A pan-cancer analysis performed on more than 10,522 cancer genomes from TCGA 
107 showed that 88% of samples exhibited aneuploidy with varying frequency depending on 

the tumor type. For example, only 26% of thyroid carcinomas showed signs of aneuploidy, 

whereas 99% of glioblastomas and testicular germ cell tumors had at least one aneuploidy 

event. Moreover, thanks to the Pan-Cancer Analysis of Whole Genomes (PCAWG) 

Consortium, many studies involving WGS are now available. For example, Li and colleagues 

described complex SV patterns 108, whereas Cortés-Ciriano and colleagues characterized the 

landscape of chromothripsis 109. In addition to primary tumors, pan-cancer WGS analyses 

have also recently examined metastatic cancers and observed that these tend to be genetically 

similar to primary tumors and are characterized by low levels of ITH. However, it was still 
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possible to find events, such as whole genome duplication that might affect the response to 

therapies 110.  

Over the years many attempts have been made to detect genes driving SCNAs. However 

an interesting question is if there are tissue-specific patterns. Related to this, Bianchi and 

colleagues showed that aneuploidy varies widely across tumor types but have a well-defined 

tissue specificity 111.  This phenomenon was first described by Hoadley and colleagues 112 and 

then confirmed in a larger study, showing that tumors originating from the same tissue co-

clustered together 113. Finally, Sack and colleagues identified SCNA-associated driver genes 

of cell proliferation, both amplified or deleted, with preferences for certain tumors such as 

breast carcinoma or pancreatic adenocarcinoma, that can be used to elucidate the tissue-

specific patterns of aneuploidy. 114. 

 

1.2.3 Effects of SCNAs 

CIN is one of the main processes that causes aneuploidy by promoting genomic instability 115 

that can lead to changes in the copy number of specific genes and may result in increased 

fitness of tumor cells. Genomic instability is not the only factor that causes aneuploidy, as the 

interaction of cancer cells with the TME also plays an important role. For example, a 

chronically inflammated microenvironment might also be linked to CIN 116. The effect of 

aneuploidy on malignant cells has been long debated. Overall, aneuploidy is thought to be 

disadvantageous and an elevated number of chromosomal gains has been shown to slow 

down proliferation and confer a fitness disadvantage 117. However, in specific conditions 

aneuploidy might confer fitness. For example, whole-genome doubling (WGD), one of the 

most common genetic alterations in cancer cells 118, together with a prior somatic event, 

seems to increase the tolerance of malignant cells to genome instability and promote tumor 

evolution 119. Furthermore, SCNAs can result in transcriptional upregulation of cell cycle 

genes and drive increased proliferation 120. Lastly, besides tumor cell proliferation, immune 

evasion – another hallmark of cancer – was found to be correlated with aneuploidy and 

SCNAs as well 121.  

A key open question is whether aneuploidy originates and has an impact in the early 

phases of tumor formation or whether it acts as a late-stage prognostic marker. The former 

was shown by Teixeira and colleagues, who observed the presence of CIN and aneuploidy in 

pre-invasive lesions 122. Conversely, Laubert and colleagues reported aneuploidy in the late 

stage of tumor progression, perhaps having a role in metastatic formation 123.  

Another fascinating question is whether primary and metastatic tumors share the same 

mutations and SCNAs. Of note, heterogeneity of driver genes in metastasis is difficult to 
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evaluate because human specimens are usually collected after treatment, which may have 

changed the landscape of alterations. Reiter and colleagues showed no heterogeneity in 

mutations of putative cancer driver genes in untreated metastases, suggesting that these might 

be clonal 124. Moreover, genomic profiling has shown that metastases tend to be distinct (i.e., 

genetically different) from primary tumors and might originate from undetected primary 

tumor subclones 125. 

 

1.2.4 Clinical impact and prognostic value of SCNAs 

Quantitative measurements of tumor mutational burden or specific SCNA patterns have 

highlighted the prognostic value of aneuploidy in many different cancer types. High levels of 

genomic instability are usually associated with worse prognosis, whereas low or intermediate 

levels seem to be associated with good prognosis and better response to adjuvant chemo and 

radiotherapy 126. It is not clear how a high degree of aneuploidy is mechanistically related to 

worse clinical outcomes, but it has been shown in cell lines that genetically unstable cells 

were characterized by multidrug resistance 127. A high degree of aneuploidy was found to be 

associated with poor and short overall patient survival in ovarian cancer 128, 129 and breast 

cancer 130. SCNA burden, i.e., the percentage of the genome altered (amplified or deleted), 

can be a prognostic marker associated with risk of death, recurrence of the disease and overall 

survival 131. This was also observed in breast cancer samples belonging to the METABRIC 

cohort 103 where specific regions, such as chromosomes 1, 8 and 16, showed the highest 

frequency of SCNAs.  

In addition to SCNA burden, the size of the alterations is also important. For example, 

focal SCNAs (alterations ≤ 3Mb) were associated with worse clinical outcomes compared to 

larger alterations and it has been speculated that large alterations might represent a 

disadvantage and slow down the growth of tumors 132. Therefore, quantification of SCNA 

burden and pattern in tumors represents an important added measure in the diagnostic and 

prognostic assessment of cancer patients. 
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1.3 Methods to study genetic ITH 

 

1.3.1 Introduction to the different approaches to study ITH 

To assess ITH from morphological to genetic levels, various techniques and approaches have 

been developed. Digital pathology represents a new field that is currently blooming and 

allows researchers to study phenotypic ITH. Importantly, it tries to overcome the fact that 

most of the morphological characteristics of malignant cells/tissues critical to establish tumor 

grading in prostate 133 and breast cancer 134 are assessed by eye by pathologists, posing a 

problem for the standardization of the evaluations. A solution might be represented by 

artificial intelligence (AI) and machine learning approaches trained by experts to 

automatically recognize cells or features of interest, which could be used to improve 

diagnosis, classify patients and find patterns in clinical samples 135, 136, 137, 56, 138. 

Besides approaches to investigate morphological ITH, genetic heterogeneity can be 

studied by using microscopy or sequencing methods. Microscopy methods have several 

advantages such as spatial and single-cell resolution, reduced costs, and preservation of the 

original architecture of tissues. However, the biggest limitation of these tools is the low-

throughput and generation of a limited amount of information in a single experiment. 

Conversely, sequencing methods allow examination and quantification of a high number of 

genes/transcripts simultaneously. Moreover, thanks to a new generation of sequencing tools, 

(i.e., in situ sequencing) it is now possible to preserve spatial information and reach single-

cell resolution. In the next paragraphs, the available approaches to study ITH will be 

described. 

 

1.3.2 Microscopy methods to study ITH 

FISH methods represent a powerful and versatile tool that enables the visualization of 

specific molecules in cells/tissues fixed on a microscopy slide and can be used both for DNA 

and ribonucleic acid (RNA). Oligo FISH uses a pool of single-stranded oligonucleotides 

coupled to a fluorophore that hybridizes to a complementary target. The pool of 

oligonucleotides is referred to as a probe and it is used to reveal the cellular location of the 

sequence of interest. FISH methods have several advantages, such as specificity, versatility, 

and quantifiable results. Over the years, DNA FISH has been used in clinical settings to 

detect recurrent prognostic gene fusions in cancer patients 139, 140 and to predict cancer 

progression by studying clonal heterogeneity 141. Moreover, the versatility of the method 

allows it to be coupled to immunofluorescence 142. In addition to DNA FISH, also single-

molecule RNA-FISH (smFISH) 143, 144, 145 has been used to detect novel fusions 146 and to 
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map cell types and tissue organization in combination with RNA-seq and the in situ 

sequencing (ISS) approach 147, 148. Moreover, we developed an smFISH protocol for 

formalin-fixed paraffin-embedded (FFPE) tissue sections to spatially study ITH of selected 

breast cancer biomarkers used as drug targets 149. 

Besides the advantages, there are two main limitations of FISH: first, only a few targets 

can be visualized at the same time due to the limited number of fluorophores that can be used. 

Second, the method is still characterized by low signal-to-noise ratio requiring high 

magnification imaging to visualize the signal. 

To overcome the first limitation several methods have been developed. Sequential FISH 

(seqFISH) and seqFISH+ allow visualization of several messanger RNA (mRNA) transcripts 

after sequential rounds of hybridization, imaging and stripping (e.g., by using DNase I) 150, 

151. This strategy was used to map spatial organization of tissues and heterogeneity of gene 

expression 152, 153, 154. In addition to seqFISH, another method worth mentioning here is 

MERFISH 155, 156. MERFISH targets each RNA transcript of interest with a specific 

combination of sequences, providing a unique color signature and allowing identification of 

hundreds of targets. The method was applied to resolve tissue heterogeneity and cell cycle 

gene expression patterns 157, 158. Moreover, by coupling it with expansion microscopy 159, 160 it 

was possible to resolve optical crowding and separate individual RNA molecules 161. Lastly, 

Codeluppi and colleagues developed osmFISH, a non-barcoded approach for which the 

number of targets scales with the number of hybridization rounds 162. 

Related to the second limitation, increasing the signal-to-noise ratio is a priority when 

working with tissue samples where high levels of autofluorescence represent a problem. 

Overcoming this issue is possible thanks to techniques like single-molecule hybridization 

chain reaction (smHCR) 163, 164, in which the probe readout is amplified with orthogonal 

amplification. A similar branched method applied to FFPE is represented by the commercial 

RNAscope Assay 165. Lastly, besides FISH techniques, padlock probes can be seen as an 

alternative to enhance the signal-to-noise ratio. Circularized probes can be amplified by 

rolling circle amplification (RCA) to detect both DNA and RNA transcripts 166, 167, 168. We 

combined this approach with the sensitivity and specificity of smFISH to detect ITH of 

selected biomarkers in FFPE tissue sections of breast cancer 169. 

 

1.3.3 Bulk sequencing approaches for mapping genetic ITH 

NGS techniques allow the acquisition of fundamental information, such as purity – the 

percentage of malignant cells composing the tumor – ploidy – the amount of DNA contained 

by tumor cells – and SCNA/mutational burden 170.  Prior to NGS, ITH has been reported in 
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karyotype analysis in breast cancer 171, 172 and more recently in comparative genomic 

hybridization microarray studies 173, where tumors were classified as monogenomic, i.e., 

containing an homogeneous population of cells, or polygenomic, i.e., composed of multiple 

populations 174. The advent of WGS has allowed the discovery of specific SCNAs reaching 

single-nucleotide resolution 175, 176, 177. Moreover, techniques such as WES and WGS, provide 

different read depth and variant allele frequences, described as the ratio between reads 

mapping to a specific DNA variant and the coverage reached in that region 178. 

The first studies on multiple patients with the same cancer type attempted to reconstruct 

the evolution and progression of the tumor by only sampling one specimen 179. More recently, 

multiple cancer types were studied with a single-sample approach determining the 

evolutionary history of the disease 180. However, analyses like these have many limitations. 

For example, when designing single-sample evolutionary studies, it is really important to 

select a cohort with a large sample size to create an average of each tumor type and to reach 

enough sequencing depth to properly call mutations at specific loci of the genome. Moreover, 

a single-sample approach represents only a snapshot of the disease and morphological 

structures in solid tumors might limit somatic evolution 180. Therefore, analysis of a single 

sample can lead to confounding results, misinterpretation and biases since it might not be 

representative of the whole tumor.  

A solution to better identify and classify subclones, and therefore improve understanding 

of the complexity of a tumor, is multi-sampling. This approach can be divided into multi-

sampling in time or space. Sampling in time can be used to study the effect of anti-cancer 

therapy in shaping the clonal evolution 181 and to detect resistance mechanisms 182. For 

example, in chronic lymphocytic leukemia (CLL) two different genetic patterns were 

observed, a more stable one characterized by equilibrium, and a dynamic one where some 

subclones become dominant 183.  

Conversely, sampling in space is useful for assessing the degree of ITH. For example, 

studies showed variable levels of ITH in lung adenocarcinoma 184, breast cancer 185, and 

hepatocellular carcinoma 186. Sottoriva and colleagues introduced a Big Bang model in 

human colorectal cancer, according to which tumors grow predominantly in the first stages of 

the disease and then ITH remains uniform 80. On the other hand, clear cell carcinoma showed 

high levels of ITH 82, 187 with 25% of multi-region samples identified to be genetically more 

similar to unrelated samples than to the ones belonging to the same tumor 188. High degrees of 

ITH have been also found in non-small-cell lung cancer 189. Finally, NGS methods have been 

used to study the mutational landscape of primary vs. metastatic tumors 190, 191, 192, 193 and to 

characterize metastatic cancer at the molecular level 194. 
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1.3.4 DNA single-cell sequencing approaches for mapping genetic ITH 

Although the resolution of bulk sequencing methods drastically improved over the years, 

especially thanks to multi-sampling strategies, single-cell technologies are required to 

precisely reconstruct tumor composition, evolution and ITH. This paragraph will touch upon 

the progress made in this field and the developed methods. 

 

Traditional single-cell methods 

Traditional single-cell methods require whole-genome amplification (WGA) as a first step. 

Several WGA strategies have been developed over the years as summarized in Table 2 

below: 

 

Table 2. WGA methods 

(1)DOP-PCR 
195, 196 

Degenerate Oligonucleotide-Primed Polymerase Chain Reaction (DOP-

PCR) works with two cycling stages, the first one with low stringency, 

where annealing and extension occur at many binding sites of the 

genome, and a second one with high stringency that results in 

amplification of the tagged sequences. Applications: (1) breast cancer 

with single-nucleus sequencing (SNS) 197, 198, 199; (2) problematic samples 

such as FFPE 200. 

(2)MDA 201 Multiple Displacement Amplification (MDA) is a polymerase chain 

reaction (PCR) free method that uses random primers to first target the 

entire DNA template followed by isothermal amplification using φ29 

DNA polymerase, which is known for its high processivity and strong 

displacing activity. A recent version of the method, named Single-Cell 

Multiple Displacement Amplification (SCMDA) was successfully used to 

identify SNVs 202. 

(3)MALBAC 203 Multiple Annealing and Looping-Based Amplification Cycles 

(MALBAC) is a combination of the PCR-based and MDA WGA 

methods, since it uses a quasilinear pre-amplification as a first step to 

generate DNA fragments that will serve as templates for the following 

amplification. 

(4)LIANTI 204 LInear AmplificatioN via Transposon Insertion (LIANTI) combines 

random fragmentation of genomic DNA (gDNA) from a single cell, 

mediated by custom transposomes containing the T7 promoter, followed 

by amplification via In Vitro Transcription (IVT). Prior to standard library 
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preparation, the generated RNA is reverse transcribed and second-strand 

synthesis is performed. 

 

WGA strategies have many limitations, both from the technical side, e.g., low throughput, 

and from the analysis side such as allelic dropout, non uniform coverage, PCR errors, and 

false-positive and false-negative rates 205, 206. To overcome these problems, several methods 

have been developed as summarized in Table 3 and 4 below. 

 

Table 3. High-throughput traditional WGA methods 

(1)Microfluidic 

MALBAC 207 

The approach uses a device made of polydimethylsiloxane in which 8 

single cells are processed in parallel. It has several advantages over the 

traditional MALBAC: (1) costs are reduced by scaling down the reaction 

volumes 30 fold; (2) low volumes significantly reduce the risk of 

exogenous contamination; (3) single-cell selection can be monitored with 

a microscope; (4) the amplification step is more reproducible. Finally, the 

device can be easily modified for other functions such as cell staining and 

sorting. 

 (2)Microfluidic 

MDA 208 

The approach uses a device where multiple cells can be processed at the 

same time ensuring parallelization of the reactions and improvement of 

the amplification performance. Reaction volumes are reduced by 

approximately 1,000 fold, leading also to reduced possibility of 

exogenous contaminations. Moreover, the method reduces the error rate 

compared to traditional MDA. Application: genome-wide analysis of 

more than 100 human sperm single cells. 

(3)MIDAS 209 MIcrowell Displacement Amplification System (MIDAS) drastically 

reduces the amplification bias by using a device made of 

polydimethylsiloxane where single cells are randomly separated into 

microwells and reaction volumes are reduced approximately 1,000 fold 

increasing amplification uniformity and reducing contamination risk. 

Application: first to E. coli and then for CNA detection and analysis of 

single human neuronal nuclei. 

(4)eWGA 210 Emulsion WGA (eWGA) performs MDA amplification in picoliter 

aqueous droplets in oil reducing the differences in the amplification gain 

and enabling a more uniform MDA outcome. After lysis, single-cell 

gDNA is distributed in oil droplets (few DNA fragments per droplet). 
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Application: detection of CNAs and SNVs in HT-29, a colon 

adenocarcinoma cell line (of note: the study was limited by the small 

number of cells used for the analysis). 

(5)Droplet 

MDA 211 

The method uses a commercially available non-contact liquid dispensing 

instrument to distribute single cells in droplets (success rate of 22%) with 

the aim of checking the efficiency of amplification across a large number 

of reactions. The method increased the number of single cells that can be 

processed simultaneously and resulted in excellent SNV calling. 

Application: detection of CNAs from an ovarian cancer cell line reaching 

a resolution of 30 kb. 

(6)µcMDA 212 Micro-Channel Multiple Displacement Amplification (µcMDA) performs 

all standard MDA steps in a one-dimensional slender tube (inner diameter 

320 µm) that reduces the diffusion of small particles. The method has 

several improvements over standard MDA, including better breadth of 

coverage, increased amplification uniformity and higher accuracy in SNV 

detection. 

(7)MiCA-

eMDA 213 

The method combines a one-step micro-capillary (MiCA)-based 

centrifugal droplet generation 214 with emulsion MDA (eMDA). The 

swing bucket used for high-throughput centrifugation was re-designed, 

bringing the number of samples that can be analyzed in a single run to 24. 

The method showed high uniformity and CNA/SNV detection with high 

accuracy. 

 

Table 4. WGA-free approaches 

(1)Strand-Seq 
215, 216 

The technique generates directional genomic libraries by taking advantage 

of the directionality of single-stranded DNA (5’à 3’) and enables 

sequencing of only one strand of DNA. Thanks to a liquid-handling 

platform, the method can be used to generate NGS libraries of 96 single 

cells simultaneously. The drawback of the technique is the low coverage, 

but it offers the possibility of detecting long-range structural alterations 

such as inversions, translocations, CNAs and SVs. 

(2)DLP 217 The method uses direct tagmentation (Tn5 transposition) to fragment 

single-cell gDNA followed by PCR to add sequencing adaptors. Several 

NGS libraries can be pooled together by simply using different index 

barcodes during the PCR step. DLP uses a 192-chamber microfluidic 
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device in which all the library preparation reactions are carried out 

reducing the costs. A high-throughtput version of the method 218 will be 

discussed later. Application: detection of CNA subpopulations in cell 

lines and breast xenograft cells.  

(3)scKaryoseq 
219 

The method uses fragmentation of gDNA with the NlaIII restriction 

enzyme and ligation with double-stranded NlaIII adapters at the cut site. 

A similar approach, named CUTseq, was developed in our lab, for 

multiplexing bulk sequencing NGS libraries 220. Application: 

quantification of CNAs (maximum resolution of 1Mb) in frozen human 

colon tissue showing that 3 out of 4 tumors could be characterized by 

cells displaying gains or losses of fragments/whole chromosomes. 

 

Multi-omic DNA-RNA approaches  

One of the main advantages of single-cell technologies is their versatility. Different multi-

omics approaches have been developed to simultaneously obtain genomic and transcriptomic 

information. Below, Table 5 shows some examples: 

 

Table 5. Multi-omic DNA-RNA approaches 

(1)Nuc-seq 221 The method,  applied to G2/M nuclei,  combines WGS and exome 

sequencing. The number of copies of each single-cell genome used as 

input are increased to four or more and, the amplification time, is reduced 

to limit the drawbacks of the MDA. Immediately after amplification, the 

DNA is fragmented using Tn5 transposase, sequencing adapters are 

ligated, and final libraries are pooled for exome capture. Application: 

detection of clonal diversity and tumor evolution of two breast cancer 

patients. 

(2)DR-seq 222 Both gDNA and mRNA from the same cell can be sequenced without 

physically separating them. Quasilinear amplification produces a variety 

of short amplicons that allow gDNA amplification by PCR, and RNA, 

recognized by a specific adapter, amplification by IVT. Finally, NGS 

library preparation is carried out for both. 

(3)G&Tseq 223 Here the genome and transcriptome of the same cell are sequenced after 

physical separation. The method can be easily implemented on a liquid 

handling robot, increasing the number of single cells that can be analyzed 

simultaneously. Magnetic beads containing oligo-dT primers are added to 
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capture mRNA and then the sample is mixed and precipitated and gDNA 

is collected from the supernatant. Whole-transcriptome amplification is 

performed for mRNA, while WGA (e.g., MALBAC, MDA) is used for 

gDNA. Finally, standard NGS libraries are prepared using an Illumina 

Nextera XT kit.  

(4)Simul-seq 224 The method requires only one library preparation for both DNA and RNA 

and is used to profile small quantities of cells/tissues. It retains 

nonpolyadenylated RNA transcripts and reduces 3’ bias. After 

DNA/RNA extraction, ribosomal RNA is depleted, and gDNA and RNA 

are fragmented (using Tn5 transposase) and amplified with differential 

PCR adapters. Application: mapping ITH on laser-capture-microdissected 

material of metastatic esophageal adenocarcinoma. 

 

Multi-omics DNA-epigenome approaches 

In addition to multi-omic DNA and RNA sequencing methods, several multi-omic single-cell 

methods have been developed to study the epigenome. Below, Table 6 shows some 

examples: 

 

Table 6. Multi-omic DNA-epigenome approaches 

(1)scTrio-Seq 
225 

The method allows simultaneous analysis of genome (e.g., CNAs), 

methylome and transcriptome of single cells. Thanks to a mild lysis step 

mRNA is released from the cytoplasm and collected after centrifugation. 

Standard RNAseq is then performed and the preserved intact cell nuclei 

are processed with the Reduced Representation Bisulfite Sequencing 

(scRRBS method) 226 to obtain DNA methylome information and CNAs. 

Application: identification of subpopulations of a human hepatocellular 

carcinoma tissue sample. 

(2)single-cell 

COOL-seq 227 

Chromatin Overall Omic-scale Landscape sequencing (COOL-seq) 

allows analysis of chromatin state, nucleosome, DNA methylation, CNAs 

and ploidy of the same single cell. It is a combination of the previously 

developed methods, Nucleosome Occupancy and Methylome sequencing 

(NOMe-seq) 228 and Post-Bisulfite Adaptor Tagging sequencing (PBAT-

seq) 229 and it was adapted to reach single-cell resolution. Application: 

mouse preimplantation embryos at different developmental stages. 

(3)DARE 230 DNA Analysis by Restriction Enzyme (DARE) allows CNA (at 500kb 



 

22 

resolution) and DNA methylation analysis simultaneously on single cells. 

Methylation-specific sensitive CCGG sites are tagged using the HpaII 

enzyme followed by adapter ligation. Insensitive sites are digested using 

the MspI enzyme and gDNA is fragmented using NlaIII, after which 

enzyme-specific linkers are added and PCR with linker-specific primers is 

carried out.  

 

High-throughput methods 

In the last couple of years high-throughput methods capable of processing thousands of cells 

simultaneously have been developed as summarized in Table 7 below: 

 

Table 7. High-throughput single-cell methods 

(1)sci-L3-WGS 
231 

The method uses a single-cell combinatorial indexing strategy with three 

rounds of barcoding and linear amplification performed using indexed 

Tn5 transposase. The approach has a great potential throughput with low 

costs and can be used for both WGS and targeted sequencing. Moreover, 

sci-L3-WGS can be optimized to analyze DNA and RNA at the same 

time. The main limitation is the low genome coverage. Application: 

profiling of the genome of  > 10,000 mouse germ cells. 

(2)DLP+ 218 The method represents an improved version of the DLP method described 

before. It uses a commercial contactless piezoelectric dispenser and open 

nanowell arrays. Single cells are isolated and lysed followed by standard 

DNA library preparation using the Illumina Nextera kit in nanoliter 

volumes. Advantages of the method are the possibility of imaging cells 

prior to library preparation and the exclusion of problematic wells, such 

as empty ones or those containing doublets. Application: sequencing of 

51,926 single cells from cell lines and human/mouse tissues. 

(3)DNTR-seq 
232 

Direct Nuclear Tagmentation and RNA sequencing (DNTR-seq) 

represents a multi-omics high-throughput strategy based on physical 

separation of molecules. The protocol starts with sorting cells into 384w 

plates followed by a gentle lysis step and centrifugation to separate the 

nuclear and the cytosolic fractions. RNAseq is then performed using the 

Smart-Seq2 protocol 233 and WGS by using the Tn5 transposase library 

preparation strategy. Application: cells from two pediatric acute 

lymphoblastic leukemia, human colon adenocarcinoma and a melanoma 
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cell line. 

(4)ACT 234 Acoustic Cell Tagmentation (ACT) couples tagmentation with acoustic 

liquid transfer. Nuclei are fragmented with Tn5 transposase, universal 

adapters are added, and a PCR step integrates specific barcodes tagging 

each cell and allowing library multiplexing. By using acoustic liquid 

transfer, it is possible to scale down reactions to nanoliter volumes and 

scale up the number of single cells that can be analyzed. Application: 

detection of subclonal populations on human triple negative breast cancer 

samples. 

 

1.3.5 In Situ Sequencing and Capturing methods to study ITH  

As observed, the major drawback of sequencing technologies is the loss of spatial 

information of the cells. Over the years, it has become clear how crucially important 

preserving physical location is, since this can impact how cells behave, altering for example 

their gene expression patterns. To overcome this issue, many in situ sequencing and capturing 

technologies have been developed.  

 

In Situ Sequencing methods 

The aim of in situ sequencing methods is to perform sequencing directly on the sample (e.g., 

tissue section) without altering the spatial location of the cells.  

The first published method was named ISS, developed in 2013 235. Upon RNA 

conversion to complementary DNA (cDNA), padlock probes are used to bind to target genes. 

The approach can be used to identify the real RNA sequence of the transcript or to visualize 

the spatial location and sequence an already known target. After hybridization and 

amplification via RCA, sequencing-by-ligation is performed. ISS was applied to breast 

cancer tissue sections 235 and mouse brain sections 236. An update of the method includes the 

automatization with a microfluidic platform 237 and the switch to sequencing-by-

hybridization, resulting in the new method named HybISS 238. 

An approach similar to ISS is BaristaSeq 239. In contrast, it uses sequencing-by-synthesis 

reaching a sequencing accuracy of 97%. Moreover, another advantage of the method is the 

read-length of 15 bases, whereas ISS can read a maximum of 4 bases. However, besides the 

aforementioned advantages, BaristaSeq has not been tested in tissue sections but only on 

cultured cells. 

STARmap 240 is another in situ sequencing approach that uses padlock probes and does 

not require the reverse transcription (RT) step. Moreover, it uses a tissue-hydrogel complex 
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that incorporates the RCA products. An additional advantage is the possibility of working on 

3D tissue samples. 

All the methods described so far required a priori knowledge of the target. Conversely, 

FISSEQ 241 overcomes this limitation. Moreover, in this technology sequencing-by-ligation 

reaches a read-length of 30 bases. In 2020, the method was further improved by adding the 

possibility of simultaneously detecting RNA, DNA and proteins. Furthermore, another 

improvement of the method is INSTA-seq 242, which uses sequencing in situ to first map 

regions and another downstream sequencing step performed after the extraction to obtain full 

length information. Lastly, the method was recently combined with expansion microscopy 
243, to increase the number of targets that can be sequenced 244. 

 

In Situ capturing methods 

In parallel to the in situ sequencing methods described above, also in situ capturing 

technologies have been developed. Here, as the name suggests, targets are captured in situ, 

but the sequencing step is performed ex situ. 

 In 2016, this approach was taken on by Ståhl and colleagues, who developed Spatial 

Transcriptomics 245. In short, tissue sections are placed on top of glass slides composed of 

barcoded RT primers, mRNA molecules captured are converted to cDNA and extracted to 

perform library preparation for NGS. The method allows detection of an extremely high 

number of transcripts, but it has a limited resolution of about 10-40 cells. Additionally, a 

strong advantage of the method is the possibility of combining imaging to retain 

morphological information from the same slide as the one used for sequencing.  

 SlideSeq 246 is a similar technique where RNA is captured using DNA-barcoded beads, 

whose position is determined using sequencing by ligation prior to the beginning of the 

workflow. The advantage of SlideSeq is the resolution of the beads of 10µm, which enables 

reaching approximately single-cell resolution. However, imaging information can only be 

acquired from adjacent sections. To decode and reconstruct the complexity of all cell types in 

a tissue with precision, SlideSeq was coupled to standard scRNAseq. An improvement of this 

technology is a method called High-Definition Spatial Transcriptomics (HDST) in which 

the size of the barcoded beads was reduced to 2µm 247. 

 

 Lastly, two recent in situ sequencing multi-omics methods that allow studying RNA and 

proteins were published in 2020. The first one, called Digital Spatial Profiling (DSP) 248, 

works by assigning barcoded oligos coupled with antibodies (for protein detection) or probes 

(for mRNA) to the target of interest. The oligos contain a UV-photocleavable linker that, 
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upon UV excitation, liberates the barcoded tags for NGS counting to be performed. A strong 

advantage of the method is that it works on FFPE material. The second multi-omics in situ 

technology is called Deterministic Barcoding in Tissue (DBiT-seq) 249. It uses a 

microfluidics chip composed of channels and placed on top of a tissue section through which 

oligo-dT (for mRNA) and antibody tagged barcodes (for protein) run. After this step, a 

second chip, turned in a 90° angle, is placed on the tissue and the process is repeated adding 

an additional set of barcodes. Thanks to the presence of a PCR handle, it is possible to 

capture the targets and perform NGS library preparation. 

 

1.3.6 Inferring ITH from bulk and single-cell DNA sequencing data 

Bulk sequencing data 

As sequencing costs dropped in the last years, an enormous amount of data is continuously 

being generated. To trace tumor evolution, quantify alterations and infer ITH from NGS data, 

a vast variety of computational methods have been developed. Recently, due to the high 

number of software available, qualitative standards and performance were evaluated by the 

DREAM Somatic Mutation Calling Heterogeneity Challenge 250. Below, in Table 8, some 

examples are summarized: 

 

Table 8. Software for the analysis of bulk sequencing data 

(1)ABSOLUTE 251 First computational software developed to infer purity and tumor 

cell ploidy from SCNAs. The software takes in account subclonal 

CNAs trying to deconvolve ITH complexity.  

(2)PyClone 252 The software represents one of the most important computational 

methods for estimating the frequency of mutations in tumor cells 

and to reconstruct clonal composition.  

(3)SciClone 253 The software represents a faster complementary approach to 

PyClone to identify and estimate the number of subclones (even at 

low frequency) in one or multiple tumor samples. It is mainly used 

(but not only) for SNVs. 

(4)CITUP 254 The software is used to infer tumor clonality using phylogeny from 

multiple samples of a patient and providing trees of evolution. A 

major downside of the method is the high sequence coverage 

required as input (500-1000x) to detect low frequency subclones. 

(5)ParTI 255 The software is used to study tumor tasks. It stands for Pareto Task 

Inference method and works by navigating through high 
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dimensional data (e.g., gene expression data) and inferring key 

cancer features. It can also be used with single-cell data. 

(6)Canopy 256 The software can identify all the cell populations that compose a 

tumor and can determine the mutational landscape and the 

phylogenetic evolution. The performance of the method depends on 

how many samples are taken and, above all, on the sequencing 

depth. 

(7)FACETS 257 The software allows identification of allele-specific CNA from 

NGS data. It can precisely detect homozygous and heterozygous 

deletions, loss-of-heterozygosity events and allele-specific 

alterations. Furthermore, it can be used to detect tumor purity, 

ploidy and clonality. 

(8)AmpliconArchitect 
258 

The software allows the identification of extrachromosomal DNA 

amplicons, a set of non-overlapping amplified genomic segments. 

The input for the software is short-read paired-end WGS while the 

output is the identified CNAs and SVs.  

(9)FastClone 259 It represents the top ranked software in the DREAM Challenge 250. 

Compared to the previously developed methods it shows a faster 

inference process. The approach is used to identify SNVs of each 

subclone and reconstruction of phylogenetic tree.  

 

Single-cell sequencing data 

So far only computational methods developed to infer ITH from bulk sequencing data were 

described. However, in the last years, single-cell sequencing became the state-of-the-art 

approach to study the complexity of tumors, reaching an unprecedented resolution. Several 

issues need to be addressed when performing analysis on single-cell sequencing data such as 

non-uniformity of genomic coverage and read depths. Moreover, most of the methods 

involve predefined steps prior to CNA calling (binning, GC correction, mappability 

correction, removal of outlier bins and cells) 260. Several computational tools have been 

developed for this. Below,  Table 9 shows some examples: 

 

Table 9. Software for the analysis of single-cell sequencing data 

(1)Ginkgo 261 The software is used to cluster cells, create phylogenetic trees and 

identify CNAs. It can be used as a web-based platform or locally 

and provides an interactive way of visualizing the data. 
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(2)Single Cell 

Genotyper 262 

The software tries to solve the experimental noise problem that 

arises with single-cell approaches (e.g., allelic dropout, doublets). It 

is used to cluster single cell in clonal populations sharing similar 

genotype landscapes. 

(3)SCNV 263 The software is used to identify normal cells and use them as a 

reference (it requires at least 20-30 normal cells with paired tumor 

cells). This approach showed great reduction in false-positive calls. 

(4)SCICoNE 264 The advantage of this newly developed tool is the simultaneous 

identification of CNAs with the creation of phylogenetic trees on 

shallow WGS data. 

(5)MEDICC2 265 The software represents a new computational algorithm that can be 

applied to single-sample approaches to identify events, such as 

WGD and quantify SCNAs. It is also used to build phylogenetic 

trees of single-cells in multi-sample cohorts.  

(6)Alleloscope 266 The software allows allele-specific copy number estimation and can 

be applied to single-cell DNA and ATAC-seq data. 
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Part 2: My own scientific contribution to the fight against 

the COVID-19 pandemic 

 

1.4 Introduction to the SARS-CoV-2 virus and the 

pandemic 

 
1.4.1 Human Coronaviruses 

At the end of 2019, the Wuhan Municipal Health Commission in China announced the spread 

of a virus identified as a novel coronavirus and named it severe acute respiratory syndrome 

coronavirus 2 (SARS-CoV-2). This virus, which later spread all over the globe causing a still 

ongoing pandemic, is the cause of the contagious coronavirus disease 2019 (COVID-19).  

Coronaviruses are classified under the family of Coronaviridae that is divided into: 

Alphacoronavirus, Betacoronavirus, Gammacoronavirus and Deltacoronavirus. 

Betacoronaviruses, which includes SARS-CoV-2, are divided into four lineages: A, B, C and 

D; SARS-CoV-2 belongs to lineage B. Prior to its spread, already six human coronaviruses 

(HCoVs) were known to infect human hosts causing respiratory diseases 267. One of them 

was SARS-CoV, a zoonotic betacoronavirus that appeared in China in November 2002 

originating in horseshoe bats and later infecting humans with flu-like symptoms and 

pneumonia. The virus caused an epidemic that lasted until June 2003 and led to more than 

8,000 cases with a mortality rate of 9.6% 267. Zoonotic coronaviruses usually originate in bats 

(e.g., SARS-CoV and MERS-CoV), undergo mutations to adapt to an intermediate host, and 

lastly infect human hosts 268. 

 

1.4.2 SARS-CoV-2 structure 

The SARS-CoV-2 genome is a non-segmented positive-oriented RNA with a size of ≈ 30 kb 

and a diameter of approximately 100 nm 269, 270. Structurally, the virus is composed of 4 main 

proteins. On its surface, the trimeric spike (S) glycoprotein is composed of two subunits: S1 

(bulb) important for the receptor binding and S2 (stalk) critical for membrane fusion. The 

receptor-binding domain (RDB) of the S protein mediates the attachment and the entry of the 

virus into the host cells by binding to the cell receptor angiotensin converting enzyme 2 

(ACE2) and the TM protease serine 2 (TMPRSS2) 271, 272. The envelope of the virus is 

composed of the membrane (M) structural glycoprotein and the envelope (E) protein 
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important for the infectivity of the virus. Internally, it contains the nucleocapside (N) protein 

that binds to the RNA genome 267 (Figure 4). 

 
Figure 4. Structural proteins of SARS-CoV-2. Image from de Andrade Santos et al., Frontiers in Microbiology, 

2020 273 
 

Moreover, the SARS-CoV-2 genome contains 11 open reading frames (ORFs) that 

encode 27 different proteins 274. In particular, ORF1a and ORF1b, which occupy two-thirds 

of the genome, are fundamental for the replication of the virus 274, 275. At the 5’ and 3’ ends of 

the single-stranded RNA sequence, the genome of the virus contains two untranslated regions 

(UTRs) (Figure 5).   

 

 Figure 5. Genome organization of SARS-CoV-2. Image from Helmy et al., Journal of Clinical Medicine, 2020 
274 
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1.4.3 SARS-CoV-2 pandemic and variants of concern (VOC) 

Since December 2019, with the first cases linked to a local seafood market in Wuhan (China), 

COVID-19 has caused 236,132,082 confirmed cases and 4,822,472 deaths as reported by the 

World Health Organization (WHO) (as of 8th of October 2021) (https://covid19.who.int/). 

There are two main theories regarding the origin of the SARS-CoV-2 virus: in the first, 

natural selection occured in an animal host, probably bat or malayan pangolin, before 

zoonotic transfer. In the second theory, SARS-CoV-2 acquired genomic features during 

human-to-human transmission 276.  

COVID-19 is similar to diseases caused by other coronaviruses and is characterized by 

flu-like symptoms such as fever, cough, sore throat and headache. The infection is mild or 

remains asymptomatic in about 80-90% of the cases while the rest, mostly individuals with 

coexisting medical conditions, present severe dyspnea, pneumonia and multiorgan 

dysfunction. In most of the cases the transmission of the virus happens via aerosols, with 

symptoms developing 2-14 days after exposure (mostly within 5 days) 277. It was shown that 

the transmission of the disease is possible even by asymptomatic individuals, making the 

spread of SARS-CoV-2 difficult to control 278, 279. 

The development of effective vaccines has been almost as rapid as the spread of the 

disease. Most of the developed vaccination strategies use a recombinant spike glycoprotein to 

mediate immunization. Example of vaccines are the mRNA-based Moderna and Pfizer-

BioNTech and the adenovirus vector-based Oxford-AstraZeneca and Johnson & Johnson 

vaccines. Thanks to researchers around the globe it has been possible to sequence thousands 

of SARS-CoV-2 genomes, enabling phylogenetic reconstruction of the spread and evolution 

and the identification of variants of concern (VOC). Particular attention has been directed to 

the S protein of the virus. Indeed, the length of the spike protein used in the vaccination 

strategies is relatively short (around 1270 amino acids) and mutations occurring in its coding 

sequence might reduce susceptibility to current vaccines 280. The UK variant, known as 

B.1.1.7 and reclassified to Alpha by the WHO, is an example of a VOC shown to provide 

fitness advantages to the virus. This variant is characterized by a large number of changes to 

the spike protein with 3 of them having a potential biological effect: the mutation N501Y, the 

spike deletion 69-70del, and the mutation P681H 281. Other examples of VOC are the South 

African 282, the Brazilian 283, and the Indian 284 VOC reclassified by the WHO as Beta, 

Gamma and Delta. 
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1.5 Methods for Diagnostics and Investigation of SARS-

CoV-2 
 

1.5.1 Nucleic acids testing  

Since COVID-19 is characterized by unspecific symptoms such as fever, cough and fatigue, 

which might be mistaken for other flu-like diseases, an accurate molecular diagnosis is 

required to confirm suspected cases. Reverse transcription PCR (RT-PCR) represents the 

most common method used for the detection of the SARS-CoV-2 virus. It involves the RT of 

the viral RNA into cDNA as a first step and subsequent amplification of specific sequences 

of the cDNA named amplicons. In the RT-PCR test, which can be performed in either one or 

two steps, three genes among the following are detected (i.e., depending on the kit used): 

ORF1ab, RdRP, E, N and S 285, 286. RT-PCR is normally performed on RNA extracted from 

samples obtained from upper respiratory tracts, such as nasopharyngeal swabs, oropharyngeal 

swabs and nasal aspirate. Less common are samples collected from lower respiratory tracts, 

such as sputum, bronchoalveolar lavale fluid and tracheal aspirates 285. 

Besides RT-PCR, isothermal amplification techniques represent another type of nucleic 

acid testing. For example, in the loop-mediated isothermal amplification (LAMP) techniques, 

with similar analytic sensitivity as RT-PCR, amplified DNA originating from patient samples 

is detected by turbidity, color or fluorescence 285. In the context of SARS-CoV-2 detection, 

several reverse transcription LAMP (RT-LAMP) methods have been developed, having as a 

major advantage over RT-PCR that only a constant and low temperature (e.g., 65°C) is 

required 287, 288, 289, 290, 291. Moreover, the RT-LAMP approach can be combined with 

microfluidic stategies 292. An example of an RT-LAMP technique is iLACO (Isothermal 

LAMP based method for COVID-19) 293, in which positive signals can become visible to the 

naked eye thanks to a colorimetric pH indicator. The method was applied to a total of 248 

positive samples and detected 89.9% of the positive signals.   

A complementary detection strategy is the SHERLOCK (Specific High Sensitivity 

Enzymatic Reported Unlocking) 294 technique, which uses Cas13a ribonuclease for RNA 

testing. Upon binding to a specific target via CRISPR RNA, Cas13 (or alternatively Cas12) 

shows nonspecific endonuclease activity. The strategy of the method relies on combining 

Cas13 with a reporter molecule that is activated after the recognition of the target. The 

workflow starts with RT of the viral RNA followed by isothermal pre-amplification. The 

product is then transcribed back into RNA via IVT using the T7 promoter (if using Cas12, the 

T7 transcription step is not required). Cas13a-CRISPR RNA complexes then activate and 
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cleave fluorescent RNA reporters producing a visual readout. This strategy has been applied 

for detection of SARS-CoV-2 and provides results in 40 minutes, with a lower limit of 

detection of 100 copies of the viral genome 295. 

 

1.5.2 NGS methods for genomic surveillance 

In addition to methods used to correctly diagnose the COVID-19 disease, genomic 

sequencing of SARS-CoV-2 has proven to be fundamental to keep track of the virus spread 

and its evolution. Since the start of the pandemic, researchers around the world have 

sequenced thousands of genomes and results were made publicly available thanks to the 

Global Initiative on Sharing All Influenza Data (GISAID) 296. The goal of the initiative is to 

promote the sharing of all SARS-CoV-2 data (https://www.gisaid.org/), enabling 

phylogenetic reconstruction of the viral spread and the identification of new VOC. Several 

commercial kits can be used for the genomic surveillance of SARS-CoV-2 297 based on 

different NGS strategies 298. 

The first strategy is shotgun metatranscriptomics and allows untargeted sequencing of 

microbial genomes in a sample without any prior knowledge 299. Most of the metagenomics 

methods have been developed for sequencing on the Illumina Platform, however, also Oxford 

Nanopore Technology can be used 300. Major limitations of this approach are the high viral 

load and sequencing depth required 298. Metagenomic RNA enrichment viral sequencing 

(MINERVA) 301 represents an example of a shotgun metagenomic method developed to 

identify signatures of the SARS-CoV-2 virus. Upon RNA extraction from clinical samples, 

possible contaminants such as ribosomal RNA and DNA are removed. RT is then performed 

followed by tagmentation with the Tn5 transposase and library preparation. The advantage of 

this approach is the elimination of the double-strand DNA ligation step that was used in 

previous methods 302, reducing costs and hands-on-time and achieving better SARS-CoV-2 

genome coverage. 

The second strategy is amplicon-based sequencing, a highly specific approach used to 

amplify low amounts of RNA that, however, requires a priori knowledge of the target 

sequences 298. The approach starts with first-strand synthesis to obtain cDNA followed by 

multiplexed PCR. During the COVID-19 pandemic, the ARTIC network 

(https://artic.network/) developed several amplicon-based protocols for processing samples 

that were used for genomic surveillance of the viral spread in the United Kingdom 303. Our 

newly developed COVseq method 304, a versatile and cost-effective NGS strategy for 

preparing multiplexed libraries from many positive RNA SARS-CoV-2 samples in parallel, 

can also work with amplicon pools designed by the ARTIC Network, decreasing costs and 
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hands-on-time. Moreover, ARTIC protocol improvements are still ongoing, showing their 

versatility and cost-effectiveness 305. 

Another NGS strategy used for SARS-CoV-2 is hybrid capture-enrichment, which works 

by using specific biotinylated probes to hybridize to the target genome 298. This strategy, 

thanks to the large number of probes, provides higher coverage of the genome compared to 

amplicon-based methods. However, as shown by Xiao and colleagues, the approach seems to 

be less sensitive and it is not recommended for samples with low viral input 302. 

Lastly, also direct RNA sequencing can be performed, omitting the need for the RT step 

and therefore reducing the risk of loosing precious information (e.g., post-transcriptional 

modifications). An example is DNA nanoball sequencing performed by Kim and colleagues, 

which uses direct RNA sequencing with the Oxford Nanopore platform to examine the 

transcriptomic and epitranscriptomic architecture of SARS-CoV-2 306. 

NGS approaches can also be used for mass-scale testing. An example is the SwabSeq 

method 307, a high-throughput testing platform where thousands of samples can be analyzed 

together thanks to specific barcodes introduced in the RT-PCR step. The sequencing output 

does not provide full genome coverage but it is sufficient to detect the presence of SARS-

CoV-2, even directly in clinical samples (e.g., nasal swabs) without the extraction of RNA, 

thus removing a time-consuming step. An application of this cost-effective method could be 

large-scale asymptomatic screening. 
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2 DOCTORAL THESIS 
 

2.1 Research aims 
The aim of the thesis was to establish NGS methods for investigating ITH in clinical samples 

from bulk to single-cell resolution. In parallel, to fight the ongoing SARS-CoV-2 pandemic, 

these methods were modified and applied to develop a strategy that would allow mass-scale 

genomic surveillance of the virus. The specific aim of the constituent papers were the 

following: 

 

Paper I (CUTseq): 

- To establish a novel NGS method, named CUTseq, for reduced representation genome 

sequencing to map ITH and CNAs in clinical samples.  

 

Paper II (scCUTseq – manuscript): 

- To establish a novel single-cell NGS method, named single-cell CUTseq (scCUTseq), built 

on the CUTseq method (Paper I), to create a high-resolution 3D atlas of subclonal 

architecture and CNA heterogeneity in clinical samples. 

 

Paper III (COVseq): 

- To establish a novel NGS method, named COVseq, to prepare, in a cost-effective manner, 

multiplexed libraries of SARS-CoV-2 samples for genomic surveillance of the virus. 
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2.2 Material and methods 

 
2.2.1 Cells/tissues and RNA samples 

For CUTseq 

We purchased all the cells from ATCC. We used the following culturing conditions: (1) 

IMR90 (Cat. no. CCL-186) in MEM (Gibco, Cat. no. 10370021) supplemented with 10% 

non-heat-inactivated fetal bovine serum (FBS) (Gibco, catalog number 16000044), 2 mM L-

glutamine (Sigma, Cat. no. 59202C), and 1% non-essential amino acids (Gibco, Cat. no. 

11140035); (2) A549 (Cat. no. CCL-185) in RPMI 1640 (Sigma, catalog number R8758) 

supplemented with 10% heat-inactivated FBS (Sigma, catalog number F9665); (3) BT474 

(Cat. no. HTB-20), MCF7 (Cat. no. HTB-22), HeLa (Cat. no. CCL-2), and Caov3 (Cat. no. 

HTB-75) in Dulbecco’s modified Eagle’s medium (Sigma, Cat. no number D6429) 

supplemented with 10% heat-inactivated FBS (Sigma, Cat. no. F9665). (4) SKBR3 (Cat. no. 

HTB-30) in McCoy’s 5A (Sigma, Cat. no. M9309) supplemented with 10% heat-inactivated 

FBS (Sigma, Cat. no. F9665). We incubated all the cell lines at 37 °C in 5% CO2 air and 

tested for mycoplasma contamination using the MycoAlert Mycoplasma Detection Kit 

(Lonza, Cat. no. LT07-118). 

We used 31 FFPE tissue samples (TRN samples) of different origin, gastrointestinal 

stromal tumor (GIST), colon adenocarcinoma (COAD), breast cancer (BRCA) and melanoma 

(MELA) that were collected at the Pathology Unit of IRCC Candiolo (ethical permission 

“Profiling” # 001-IRCC-00IIS-10). 

We used 14 female breast cancer patients FFPE tissue sections that were collected at 

Karolinska Institutet (KI samples). In detail, one tissue section (4 µm-thick) from both the 

primary tumor and from one or more distant metastases. The study was approved by the local 

ethical committee at Karolinska Institutet under permission number 2013/1273-31/4 with 

amendments 2013/1739-32 and 2014/ 707-32. 

 

For scCUTseq 

We purchased IMR90, SKBR3 and MCF10A from ATCC. We used the following culturing 

conditions: (1) IMR90 (Cat. no. CCL-186) in Eagle’s Minimum Essential medium (Sigma, 

Cat. no. M5650) supplemented with 10% heat-inactivated FBS (Sigma, Cat. no. F9665), 2 

mM L-glutamine (Sigma, cat. no. 59202C), and 1% non-essential amino acids (Gibco, Cat. 

no. 11140035); (2) SKBR3 (Cat. no. HTB-30) in McCoy’s 5A medium (Sigma, Cat. no. 

M9309) supplemented with 10% heat inactivated FBS (Sigma, Cat. no. F9665); (3) MCF10A 
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(Cat. no. CRL-10317) in mammary epithelial cell growth medium (Lonza, Cat. no. CC-3150) 

supplemented with 100 ng/ml cholera toxin (Sigma, Cat. no. C8052). We purchased 

Drosophila S2 cells from Gibco (Cat. no. R69007) and cultured them in Schneider’s medium 

(Gibco, Cat. no.  21720024) supplemented with 10% heat inactivated FBS (Sigma, Cat. no. 

F9665). TK6 cells, as previously described 308, were cultured in Roswell Park Memorial 

Institute Medium (GIBCO, Cat. no. 11875093) supplemented with 5% horse serum (GIBCO, 

Cat. no. 11510516), 1 mM sodium pyruvate (GIBCO, Cat. no. 11360070),100 U/mL 

penicillin-streptomycin (GIBCO, Cat. no. 15140122) and 2 mM L-glutamine (GIBCO, Cat. 

no. 25030081). We grew all the cell lines at 37 °C in 5% CO2 air, except for S2 cells, which 

were grown at 28 °C in a non-humidified, ambient air-regulated incubator. 

We used n=2 frozen breast cancer specimens that were collected at the Pathology Unit of 

the Candiolo Cancer Institute (Italy). The study was approved by the local Ethical Committee 

(“Profiling”, 001-IRCC-00IIS-10). After surgery, the samples were immediately placed in 

vacuum and stored at + 4 °C until sampling. ~1×1×0.5 cm3 tissue blocks were embedded in 

Tissue-Tek OCT compound (VWR, Cat. no. 00411243), snap-frozen in isopentane, and 

stored at –80 °C. 

We collected n=7 prostatectomy samples from patients operated for localized prostate 

cancer by endoscopic surgery at the Södersjukhuset hospital in Stockholm, Sweden. The 

study was approved by the regional Ethical Committee (Dnr: 2018/1003-31). For each 

prostate tumor sample, we obtained a ~0.5 cm thick transversal mid-section and sectioned it 

into multiple ~0.4×0.4×0.4 cm3 tissue blocks. We embedded each block in Tissue-Tek OCT 

compound (VWR, Cat. no. 00411243), snap-froze it in isopentane, and stored at –80 °C. We 

scanned the Hematoxylin and Eosin (H&E) stained sections (one from the top and one from 

the bottom of each block) with the Hamamatsu Nano Zoomer-XR Digital slide scanner and 

sent the images for morphological evaluation assessed by two board-certified pathologists. 

 

For COVseq 

We used 274 fully anonymous SARS-CoV-2-positive RNA samples that were collected 

during Phases 1 (March to April 2020), 2 (October to November 2020), and 3 (February to 

March 2021) of the pandemic at the Ospedale Amedeo di Savoia (OAS) and Candiolo Cancer 

Institute (CCI) in Turin, Italy. The study was approved by the Ethical Committee of the CCI 

(permit no. 57/2021) and by the Swedish Ethical Review Authority (permit no. 2020-06694). 

For the implementation of the method we used RNA extracted from the supernatant of a 

SARS-CoV-2 human viral culture on Vero E6 cells provided by OAS. 
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2.2.2 Sample preparation 

For CUTseq 

We deparaffinized the FFPE tissue sections in xylene (Honeywell, Cat. no. 534056), followed 

by rehydration using an alcohol scale gradient and stained with H&E. 

We extracted gDNA from cultured cells from the obtained pellet after trypsinization and 

washes in 1xPBS (Ambion, Cat. no. AM9625). We lysed the pellet using a buffer containing 

10 mM Tris-HCl/100 mM NaCl/50 mM EDTA/1% SDS/19 mg/ml Proteinase K (NEB, Cat. 

no. P8107S), pH 7.5, and incubated overnight at 55 °C on a thermomixer, shaking at 800 rpm 

We then performed extraction using a standard phenol–chloroform protocol and quantified 

gDNA using the Qubit 2.0 Fluorimeter and the High Sensitivity DNA Kit (Agilent, Cat. no. 

5067–4626). 

From the TRN samples we extracted 200 ng of gDNA after manual dissection from five 

representative 10 µm-thick sections having > 50% tumor cells, using the QIAamp DNA 

FFPE Tissue Kit (Qiagen, Cat. no. 56404). We quantified gDNA as described before.  

From the KI samples we extracted gDNA using PinPoint Slide DNA Isolation System™ 

(ZymoResearch, Cat. no. D3001) from multiple regions within individual FFPE sections. 

PinPoint solution acts as a glue and, once air-dried, we transferred the regions to a DNA 

LoBind tube (Sigma, Cat. no. Z666548). We collected the remaining tissue, using the same 

system, in a separate DNA LoBind tube. We performed the lysis, extraction and 

quantification as for cell lines. 

 

For scCUTseq 

We washed cultured cells in 1xPBS/5 mM EDTA at room temperature and resuspended them 

in the same buffer at a density of 106/mL. If fixation was performed, we added an equal 

volume of 1xPBS/5 mM EDTA/8% methanol-free paraformaldehyde (PFA) (Thermo Fisher 

Scientific, Cat. no. 28908) to the cell suspension and pipetted the solution up and down 

multiple times. We incubated the suspension for 10 min in darkness and then added glycine 

(Sigma, Cat. no. 50046) for a final concentration of 125 mM to quench any residual 

unreacted PFA. We finally washed the cells in 1xPBS/5 mM EDTA at room temperature, 

resuspended them at a density of 106/mL in the same buffer, and stored them at +4 °C in 

1xPBS/5 mM EDTA/0.05% NaN3. 

For tumor samples, we prepared single nuclei suspensions following the Tapestri frozen 

tissue nuclei extraction protocol (https://missionbio.com). 

For sorting we transferred cells/nuclei into FACS-compatible tubes, stained with 2.46 

ng/mL Hoechst 33342 (Thermo Fisher Scientific, Cat. no. 62249) and incubated for 40 min at 
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37 °C in the dark, while rotating. Before sorting we manually dispensed 5 µl of Vapor-Lock 

(Qiagen, Cat. no. 981611) into each well in the targeted region of a 96- or 384-well plate. We 

sorted single cells/nuclei into the wells (one cell per well in 10 nL sorting volume) with or 

without the WGA MALBAC (Yikon Genomics, Cat. no. KT110700150) lysis mix using the 

BD FACSJazz Cell Sorter (BD Biosciences) based on forward and side scatter properties. 

 

For COVseq 

The RNA from the samples was extracted using different kits: (1) for the OAS-29 samples 

we used the EasyMag extraction kit (Biomérieux, Cat. no. 280133-280134-200292-280130-

280131-280132-280135-280146) on the NUCLISENS easyMAG instrument (Biomérieux); 

(2) for the OAS-95 samples we used the Viral RNA Isolation Kit (Liferiver, Cat. no. ME-

0044/ ME-0045); (3) for the CCI-55 samples we used the MagMax Viral/ Pathogen Nucleic 

Acid Extraction kit (Applied Biosystems, Cat. no. A42352) on the KingFisher instrument 

(Thermo Fisher Scientific) or (4) on the Elitech InGenius instrument (ELITechGroup) for the 

CCI-95 samples. In all cases, no DNase treatment step was performed during the RNA 

extraction procedure.  

After RNA extraction, Real-Time PCR was performed using different kits following the 

manufacturer’s instructions, and according to the institution/phase of the pandemic: (1) For 

the supernatant and OAS-29 samples we used the Liferiver Novel Coronavirus (2019-nCoV) 

Real-Time Multiplex RT-PCR kit (Shanghai ZJ Bio-Tech CO. ltd. Liferiver, Cat. No. RR-

0479- 02-ZJ); (2) For the CCI-55 and OAS-95 samples we used the TaqPath COVID-19 CE-

IVD RT-PCR kit (Thermo Fisher Applied Biosystems, Cat. no. A48067). (3) For the CCI-95 

samples we used the TaqPath COVID-19 CE-IVD RT-PCR kit (Thermo Fisher Applied 

Biosystems, Cat. no. A48067) or the SARS-CoV-2 ELITe MGB kit (ELITechGroup, Cat. no. 

RTS170ING). 

 

2.2.3 Tissue imaging and automated cell counting for CUTseq 

We scanned the FFPE tissue sections stained with H&E using an Eclipse Ti inverted wide-

field fluorescence microscope (Nikon, Japan) in phase-contrast mode with a 10x objective. 

To count the number of cells in tissue regions of size comparable to the regions from which 

we captured gDNA, we used an independent set of 16 FFPE breast cancer tissue sections. We 

stained the sections with 1 ng/µl Hoechst 33342 in 1xPBS, for 15 min at 30 °C. We scanned a 

1 x 1 cm region in each section using an Eclipse Ti2 inverted epifluorescence microscope 

(Nikon, Japan) at 40x magnification. We automatically segmented the cell nuclei using Ilastik 
309, an open-source  pixel classifier software that was trained on a single scan. After several 
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filtering steps (e.g., to remove isolated pixels), we counted the nuclei in five 1.7 x 1.5 mm  

regions in each tissue section, overlapping with tumor dense areas annotated by a certified 

pathologist. 

 

2.2.4 Workflow of the methods 

For CUTseq 

A step-by-step protocol is available in Nature Protocol Exchange 

(https://doi.org/10.21203/rs.2.1742/v1).  

Briefly, for the standard version, we digested the purified gDNA with either HindIII 

(NEB, Cat. no R3104) or NlaIII enzyme (NEB, Cat. no R0125) by incubating for 14 h at 37 

°C. Afterwards, we ligated the HindIII or NlaIII cut sites with CUTseq adapters at 0.33 µM 

carrying the complementary staggered end by incubating for 18 h at 16 °C. We purified the 

ligated gDNA, perform sonication and then IVT using the MEGAscript® T7 Transcription 

kit (Thermo Fisher Scientific, Cat. no. AM1334-5) for 14 h at 37 °C. After IVT, we purified 

RNA with Agencourt RNAClean XP beads (Beckman Coulter, Cat. no. A63987) and 

prepared NGS libraries using the TruSeq Small RNA Library Preparation kit (Illumina, Cat. 

no. RS-200-0012/RS-200-0024). We checked the fragment size distribution on a Bioanalyzer 

2100 (Agilent Technologies, Cat. no. G2943CA) using the High Sensitivity DNA kit (Agilent 

Technologies, Cat. no. 5067–4626) 

For the high-throughput version we adapted the standard CUTseq workflow to perform 

the digestion and ligation steps in multi-well plates using a low-volume non-contact liquid-

dispensing system (I.DOT, Dispendix GmbH). Briefly, after having manually dispensed 5 µl 

of Vapor-Lock (Qiagen, Cat. no. 981611) per well in 96 wells of a 384-well plate, we used 

the I.DOT system to dispense 5 ng of gDNA extracted from HeLa cells diluted in 350 nl. We 

performed digestion in nanoliter volumes using HindIII (NEB, Cat. no R3104) by incubating 

the plate at 37 °C for 30 min. We used again I.DOT to dispense the CUTseq adapter at 33 nM 

using a differently barcoded adapter for each well, followed by ligation mix. We incubated 

the plates at 25 °C for 30 min and then pooled the contents of the 96 wells into a DNA 

LoBind tube, before proceeding to purification, sonication, IVT and library preparation 

following the standard CUTseq protocol. 

 

For scCUTseq 

We performed standard WGA with MALBAC as a control following the manufacturer’s 

instructions (Yikon Genomics, Cat. no. KT110700150). We selected 200 ng of DNA and 

sonicated it using Covaris ME220 Focused-ultrasonicator with a target peak set at 200 base 



 

 41 

pairs (bp). We performed library preparation using the NEBNext Ultra II DNA Library Prep 

Kit for Illumina (NEB, Cat. No. E7645S).  

For scCUTseq after sorting we spun the plates at 300 g for 5 min and kept them on ice. 

We performed the following steps using the I.DOT system to dispense nanoliter volumes. We 

scaled-down the volumes of the MALBAC kit reactions 1:200. In detail, we prepared a lysis 

mix containing 30 nL of cell lysis buffer and 0.6 nL of cell lysis enzyme and dispensed 30 nL 

per well. For the pre-amplification step we prepared a mix containing 150 nL of pre-

amplification buffer and 5 nL of pre-amplification enzyme mix and dispensed 150 nL per 

well. Lastly, we prepared an amplification mix containing 150 nL of amplification buffer, 4 

nL of amplification enzyme mix and 11 nL of 4x SYBR Green (Thermo Fisher Scientific, 

Cat. no. S7563) and dispensed 160 nL per well. We followed manufacturer’s instructions for 

the conditions/incubation for the lysis, pre-amplification and amplification steps. We then 

performed CUTseq following the high-throughput protocol previously described with the 

following minor modifications: (1) Digestion was performed in nanoliter volumes using 

NlaIII (NEB, Cat. no. R0125L); (2) After ligation we performed inactivation at 70 °C for 5 

min. Inactivation was completed by manually dispensing 5 µL of Nuclease-Free Water/33 

mM EDTA (for a final concentration of 25 mM) into each well; (3) We performed pooling by 

centrifuging the plate upside down at 117 g for 1 min; (4) We enlarged the PCR volume to 

200 or 400 µL and split the solution in PCR tubes (50 µL each). We performed sonication, 

IVT and library preparation as described before. 

After dispensing for each step in the protocol we briefly vortexed the plate in a 

thermomixer (Eppendorf) at 1000 rpm for 1 min and then centrifuged at 3220 g for 5 min 

before each incubation. 

 

For COVseq 

A detailed step-by-step COVseq protocol is available in Nature Protocol Exchange 

(https://doi.org/ 10.21203/rs.3.pex-1338/v2) 

First, we performed RT on the RNA samples using the SSIV reverse-transcriptase 

enzyme (Thermo Fisher Scientific, Cat. no. 18090050) followed by multiplexed PCR using 

either the U.S. Centers for Disease Control and Prevention (CDC) (https://github.com/ 

CDCgov/SARS-CoV-2_Sequencing/tree/master/protocols) or the ARTIC network 

(https://www.protocols.io/view/ncov-2019-sequencing-protocol-v3-locost-bh42j8ye) method. 

For the CDC approach, we prepared forward (F) and reverse (R) primers by mixing equal 

volumes at 50 µM. We then prepared the final six primer pools by mixing an equal volume of 

each F+R primer pair in a pool. We performed multiplexed PCR by aliquoting cDNA in six 
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separate PCR tubes/plates prefilled with reaction mix. We ran the following program in a 

thermocycler (Biometra GmBH): (i) 98 °C for 30 s, (ii) 40 cycles of 98 °C for 15 s and 65 °C 

for 5 min, (iii) hold at 4 °C. We collected an equal volume of each of the six amplicon pools 

and performed purification using Ampure XP (Beckman Coulter, Cat. no. A63881) beads. 

We assessed the concentration using the Qubit 2.0 Fluorimeter. For the ARTIC approach we 

first diluted the two IDT ARTIC nCoV-2019 V3 panel pools of 100 µM (IDT, Cat. no. 

10006788) to a final concentration of 10 µM. We performed multiplexed PCR by aliquoting 

cDNA in two separate PCR tubes/plates prefilled with reaction mix. We ran the following 

program in a thermocycler (Biometra GmBH): (i) 98 °C for 30 s, (ii) 35 cycles of 98 °C for 

15 s and 63 °C for 5 min, (iii) hold at 4 °C. We performed purification and quantification as 

for the CDC approach. 

We performed the following COVseq protocol on the amplified amplicons in single tubes 

(when < 10 samples were processed) or with a high-throughput approach (when > 10 samples 

were processed) scaled down to nanoliter volumes in multi-well plates using the I.DOT 

system.  

For the standard COVseq workflow, we performed CUTseq digestion using a 

combination of NlaIII (NEB, Cat. no. R0125L) and MseI (NEB, Cat. no. R0525L), for 3 h at 

37 °C followed by inactivation for 20 min at 65 °C. Afterwards, we ligated NlaIII and MseI 

cut sites with CUTseq adapters carrying the complementary staggered end, both at 0.33 µM, 

by incubating for 16 h at 16 °C followed by inactivation for 10 min at 65 °C. We then 

purified the ligated gDNA and performed IVT using the MEGAscript® T7 Transcription kit 

(Thermo Fisher Scientific, Cat. no. AM1334) for 14 h at 37 °C. After IVT, we followed the 

standard CUTseq protocol for purification of the RNA and NGS library preparation. 

In the high-throughput version we manually dispensed 5 µl of Vapor-Lock (Qiagen, 

catalog number 981611) per well in a 384-well plate and used the I.DOT system to dispense 

from 10 to 50 nL of purified pooled PCR amplicons, depending on the Ct values of the 

samples diluted in 350 nL. After dispensing for each step we briefly vortexed the plate in a 

thermomixer (Eppendorf) at 1000 rpm for 1 min and then centrifuged at 3220 g for 5 min 

before each incubation. We performed digestion in nanoliter volumes using a combination of 

NlaIII (NEB, Cat. no. R0125L) and MseI (NEB, Cat. no. R0525L) by incubating the plate at 

37 °C for 30 min. We used again I.DOT to dispense the CUTseq adapters at 33 nM using a 

differently barcoded adapter for each well, followed by ligation mix. We incubated the plates 

at 25 °C for 30 min when using rapid ligase or 1 h for standard ligase, followed by 

inactivation at 70 °C for 5 min. We completed the inactivation by manually dispensing 5 µL 

of Nuclease-Free Water/33 mM EDTA (for a final concentration of 25 mM) into each well. 
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We pooled the contents of multiple wells in a single tube either manually or by centrifuging 

the plate upside down at 117 g for 1 min before proceeding to purification, IVT and NGS 

library preparation following the standard CUTseq protocol.  

Of note, in COVseq, in both the standard and high-throughput protocol, sonication was 

not performed. 

 

2.2.5 Preparation of the adapters  

For CUTseq, scCUTseq and COVseq  

To prepare adapters, we purchased the oligonucleotides as standard desalted oligos from 

Integrated DNA Technologies at 100 µM. Unique molecular identifier (UMI) sequences were 

generated by random incorporation of the four standard dNTPs using the “Machine mixing” 

option. We first diluted forward oligos at 10 µM in Nuclease-Free Water (Thermo Fisher 

Scientific, Cat. no., 4387936),  and phosphorylated using T4 Polynucleotide Kinase (NEB, 

Cat. no.,  M0201) by incubating for 1 h at 37 °C followed by inactivation of the enzyme for 

20 min at 65 °C. Afterwards, we added the corresponding reverse oligos and incubated the 

solution for 5 min at 95 °C, followed by cooling down to 25 °C over a period of 45 min in a 

PCR thermocycler. 

 

2.2.6 Sequencing  

For CUTseq, scCUTseq and COVseq  

We performed the sequencing on different Illumina platforms accordingly to the read number 

and length desired. On the NextSeq 500 system we used the High Output Kit v2.5 (75 

Cycles) (Illumina, Cat. no. 20024906), the High Output Kit v2.5 150 Cycles (Illumina, Cat. 

no. 20024907), the Mid Output Kit v2.5 300 Cycles (Illumina, Cat. No. 20024905) and the 

High Output Kit v2.5 300 Cycles (Illumina, Cat. no. 20024908). On the MiSeq system we 

used the Reagent Kit v3 600 Cycles (Illumina, Cat. no. MS-102-3003). We used the NovaSeq 

6000 platform (Illumina) at the National Genomics Infrastructure in Stockholm for scaled-up 

experiments when multiple libraries were sequenced together. 

 

2.2.7 Data pre-processing 

For CUTseq, scCUTseq and COVseq 

We demultiplexed raw sequence reads obtained after the sequencing to FASTQ files using 

the BaseSpace® Sequence Hub cloud service of Illumina that uses bcl2fastq (v.2.18). We 

used a custom-built pipeline written in Python to retain reads containing the proper prefix 

consisting of UMI_barcode 8nt or 11nt (allowing at most two mismatches in the barcode). 
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We aligned the trimmed reads to the hg19 human reference genome. Additionally, for 

COVseq, we aligned the reads to the SARS-CoV-2 reference genome NC_045512.2 and for 

scCUTseq to the dm6 Drosophila melanogaster reference genome for the S2 cells. We 

applied an additional filter step to remove PCR duplicates using umi-tools (version 1.1.1) 310. 

We used the generated BAM file for the following downstream analysis (e.g., CNA calling, 

variant calling, phylogenetic analysis) using custom R and python scripts. 
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2.3 Summary of research papers 

 
2.3.1 Paper I: CUTseq is a versatile method for preparing multiplexed DNA sequencing 

libraries from low-input samples 

 

Background 

As discussed in the earlier sections, cancer is a heterogeneous disease strongly associated 

with genomic instability leading to alterations of various size (e.g., CNAs) that, when they 

occur in somatic cells, are called SCNAs. Genomic instability is one of the leading cause of 

ITH, since several distinct genetic clones of cells might co-exist simultaneously in a tumor. 

SCNAs have a crucial impact in cancer treatments and represent a prognostic factor that has 

been studied deeply over the years. NGS is the state-of-the-art approach used to understand 

the complex genetic architecture and heterogeneity of tumors. Although sequencing costs 

dropped in recent years and the approach became widely used in diagnostic and research 

settings, preparation of DNA libraries from multiple samples in parallel remains still costly. 

The main reason for this is that NGS libraries most of the time must be prepared separately 

from individual samples and, when performing multi-region sequencing for example, this 

would quickly increase the costs. 

Our goal was to develop a method that would enable the construction of highly 

multiplexed DNA libraries to analyze multiple samples in parallel and that could be 

applicable to low-input material. Additionally, we wanted to establish a method that could 

work on FFPE tissues, routinely prepared in diagnostics, and that could combine imaging 

with sequencing to open up the possibility of analyzing both morphological and genetic ITH. 

Hence, we developed CUTseq, a reduced representation genome sequencing method that 

barcodes each sample upfront, instead of at the end of the library preparation, allowing 

pooling of multiple samples together, including gDNA extracted from both fixed and non-

fixed cell lines and tissue samples. 

 

CUTseq workflow 

CUTseq works with gDNA extracted from multiple sources (e.g., cell lines, tissue sections). 

For multi-region sequencing we used the PinPoint Slide DNA Isolation System™ that allows 

the collection of multiple small regions within a tissue section from which gDNA will be 

extracted separately. After extraction, gDNA is digested with a restriction enzyme that leaves 

staggered ends. In our case we used either a 4-base cutter (NlaIII) or a 6-base cutter (HindIII) 
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but the method is highly versatile and different enzymes can be used depending on the final 

desired genome coverage. Digestion of gDNA is followed by ligation with specific double-

stranded adapters compatible with the staggered ends of the restricted sites.  Each adapter 

contains: (1) a sample-specific barcode sequence to enable multiplex library preparation and 

sequencing from multiple samples; (2) a UMI to quantify unique reads; (3) the RA5 Illumina 

sequencing adapter; (4) the T7 promoter sequence needed for the T7 driven-IVT that will 

amplify digested fragments reducing PCR amplification biases. After adapter ligation 

multiple samples are pooled together and amplified with IVT by T7 RNA polymerase. A 

final NGS library is prepared using the TruSeq Small RNA Library Preparation kit (Illumina, 

Cat. no. RS-200-0012/RS-200-0024) (Fig. 6). 

 

Figure 6. Workflow of CUTseq. Briefly, (1) gDNA is extracted from multiple sources and loaded into a multi-

well plate to process several samples simultaneously; (2) samples are digested using a restriction enzyme (RE); 

(3) cut sites are ligated using custom adapters containing a sample-specific barcode (SB), a UMI sequence, the 

RA5 Illumina sequencing adapter and the T7 promoter sequence. Tagged gDNA is amplified via IVT (4) 

followed by RT (5) and PCR amplification (6) to incorporate Illumina sequencing adapters. 

 

Application of CUTseq in cell lines 

We first applied CUTseq to five cancer cell lines and IMR90 primary human fibroblasts in 

which CNAs were mapped using either NlaIII or HindIII to assess reproducibility and 

sensitivity. By comparing the obtained CNA profiles (from 1 Mb up to 30 kb resolution) we 

found high correlation between NlaIII and HindIII digested samples. Moreover, each cell line 

showed a specific CNA pattern different from the others. When analyzing the IMR90 data, 

the obtained DNA copy number profile was flat, suggesting normal copy numbers, as 

expected in normal fibroblasts. We confirmed the specificity of CUTseq by checking the 

amplification status of the ERBB2/HER2 oncogene located on chromosome 17, which is 

amplified in BT474 and SKBR3 cells but not in MCF7 cells. Therefore, we confirmed that 

CUTseq correctly detected the cell-type specific amplification status independently of the 

restriction enzyme used (i.e., NlaIII or HindIII). 
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Application of CUTseq in FFPE samples 
We then applied CUTseq to gDNA extracted from FFPE tissue sections. We prepared two 

replicate libraries from five tumor samples: two COAD and three MELA (Fig. 7a). We 

observed that the CNA profiles obtained at different resolutions (from 1 Mb up to 10 kb) 

were highly similar. Moreover, we also found similarities in the fraction of the altered 

genome (i.e., amplified or deleted) and in the distribution of the length of the altered genomic 

segments (Fig. 7b,c). 

 
Figure 7. Reproducibility of CUTseq in gDNA extracted from FFPE tissue sections. (A) CNA profiles obtained 

with NlaIII (at 100 kb resolution) in two replicates of five tumor samples. COAD, colon adenocarcinoma. 

MELA, melanoma. ρ, Pearson’s correlation. The numbers below each box indicate chromosomes from chr1 

(leftmost) to chr22 (rightmost) while TRN refers to the ID of the Turin samples. (B) Pearson’s correlation (ρ) of 

the fraction of the genome at 100 kb either amplified (AMP) or deleted (DEL) in the two replicates from the five 

samples. Each dot represents one pair of replicates. Dashed line: linear regression. (C) Length of the amplified 

(AMP) or deleted (DEL) genomic segments in the two replicates (Rep 1 – left, Rep 2 – right) at different 

resolutions.  
 

Finally, when zooming in on individual chromosome at 10 kb resolution we still 

observed high reproducibility between the two replicates. Moreover, we detected new 

features, such as focal alterations, which were not visualized at lower resolution. 

 

Sensitivity of CUTseq 

To assess the sensitivity of CUTseq we prepared multiplexed libraries from the gDNA 

extracted from one BRCA FFPE tissue section and pooled it into the same IVT reaction with 

decreasing amounts of gDNA (1, 0.5, 0.25 and 0.125 ng). Our aim was to prove that CUTseq 

can be used to generate reliable data from extremely low inputs of gDNA which most of 
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commercial kits are not able to achieve. Moreover, to exclude the possibility of amplification 

biases due to PCR, we prepared libraries using different cycle numbers (12, 14 or 16). 

Segmented CNA profiles obtained from all the input and independently of the PCR cycles 

used showed high correlation between each other. Therefore, we proved that CUTseq is a 

sensitive and reproducible method for robust CNA detection in low-input gDNA material 

obtained from various sources (e.g., cell lines and FFPE tissue sections)  

 

Benchmarking of CUTseq and its compatibility with exome capture 

After having assessed the reproducibility and the sensitivity of the method we aimed at 

benchmarking CUTseq against a standard method used to prepare NGS libraries: NEBNext 

Ultra II  (NEB, Cat. no E7645/E7103). We used gDNA extracted from 10 FFPE samples of 

four different tumor types: four breast adenocarcinomas (BRCA), four COAD, two GIST, 

and two MELA samples. For each sample we generated two libraries, one using CUTseq and 

the other using NEBNext. We observed strong correlation between the libraries generated 

with the two methods independently of the resolution used to generate the CNA profiles. 

Moreover, we also observed high correlation of the fraction of the alterated genome. Finally, 

by preparing two replicates libraries from SKBR3 gDNA using CUTseq or the SureSelect XT 

HS kit (Agilent Technologies, Cat. no G9704A) and performing capture with the SureSelect 

XT HS Target Enrichment kit and SureSelect Human All Exon v6 baits (Agilent 

Technologies, Cat. no G9704K) we observed high-confidence and genomic distribution of 

SNVs between the different approaches. The compatibility of CUTseq with exome capture 

was also confirmed on gDNA obtained from two different FFPE tissues sections. 

 

CUTseq allows multi-region sequencing in FFPE tissue sections 

To show the main application of CUTseq, multi-region tumor sequencing to assess ITH, we 

used 35 archival FFPE tissues sections from 14 patients (age of specimens: 9-27 years) that 

included both primary tumors and one or more matched metastases. Each tumor was first 

stained with H&E and a ~7 mm in diameter region, labelled as L, was used for extraction of 

gDNA. Each region was split into half to generate two technical replicates (L1 and L2). In 

two cases gDNA was extracted from small regions, named S, with a diameter of ~3 mm. Cell 

counting on regions of similar size revealed that typically such regions contain between 5000 

and 25,000 cells. Finally, gDNA was extracted from the whole section and named F (Fig. 

8a). In total we prepared libraries from 133 regions and sequenced them to generate at least 

200,000 reads per region, enough to accurately identify CNAs at 100 kb resolution (Fig. 8b). 

We observed that the CNA profiles of L1 and L2 were very similar and the fraction of the 



 

 49 

genome that was alterated correlated highly between replicates (Fig. 8c). In line with this, 

matched L1 and L2 regions always clustered together in hierarchical clustering analysis. 

Moreover, in general matched small regions and the same whole section (F) clustered 

together indicating that tumor cells within a section harbour the same CNA landscape. 

However, patient KI2 represented an exception; here, we detected a ~900 kb amplification on 

chr14q24 of the metastasis-b, which was reproducibly detected in both L1 and L2 replicates, 

but not in the full section. Another exception was patient KI14 in which two S regions in the 

primary tumor clustered apart from all the other regions and showed different CNA profiles. 

Finally, we observed that metastatic regions from the same tumor typically clustered together, 

and separated from the regions of the matched primary lesion (Fig. 8d,e). 

Figure 8. CUTseq allows multi-region sequencing from FFPE tissue sections. (A) Scheme of regions within 

individual FFPE breast cancer sections from which gDNA was extracted. S, small regions, L, large regions (L1 

and L2 represents the two technical replicates), F, remaining tissue in the section. (B) Scans (10x magnification) 

of 35 H&E-stained tissue sections from primary (T) and metastatic (M) breast cancers, and corresponding CNA 

profiles (at 100 kb resolution), for F, L, and S regions. Black circles: L region from which L1 and L2 replicates 

were obtained. Black arrowheads: amplification of the RAD51B gene in patient KI2 and of the HER2 gene in 

patient KI7. In all the profiles, chr1 is on the left and chr22 on the right. (C) Pearson’s correlation (ρ) between 

the fraction of the genome altered in all the L1–L2 replicates shown in B. (D) Hierarchical clustering of patient 

KI13 of the CNA profiles obtained for F, L, and R regions. (E)  Same as D but for patient KI14. 
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Implementation of a high-throughput version of CUTseq 

Our final aim was to implement a high-throughput version of the method that would allow 

the preparation of highly multiplexed libraries reducing costs and turnaround time. We 

therefore developed a protocol that would take only ~8 h from DNA digestion to ready-to-

sequence libraries (Fig. 9a). We prepared a multiplexed library from gDNA extracted from 

HeLa cells and dispensed it in a 96 well plate (5 ng per well). To reduce all volumes we used 

the nanodispensing device I.DOT, allowing CUTseq reactions to be performed in nanoliter 

volumes. We obtained at least 100,000 usable reads from 91.7% of the samples with a really 

low sequencing error rate (Fig. 9b,c). In the 88 replicates CNA profiles appeared highly 

similar and strongly correlated between each other (Fig. 9d,e). Moreover the fraction of 

genome altered was homogenous across replicates (Fig. 9f). Therefore, we showed how high-

throughput CUTseq represents a cost-effective method for mapping CNAs from multiple 

samples in parallel. 

 
Figure 9. High-throughput CUTseq. (A) Timeline for the CUTseq high-throughput protocol and a front picture 

of the I.DOT dispensing robot. (B) Number of usable reads (after alignment and PCR duplicates removal) per 

sample included in one multiplexed CUTseq library including 96 replicate samples (n) of HeLa cells gDNA (5 

ng), using I.DOT. (C) Sequencing error rate distribution in the 96 replicate samples. (D) CNA profiles (at 1 Mb 

resolution) of the 88 replicate samples which received at least 100K usable reads. (E) Distribution of Pearson’s 

correlations (ρ) between the CNA profiles of the 88 replicate samples. (F) Fractions of the genome either 

amplified (AMP) or deleted (DEL) in the 88 replicate samples. Each dot represents one sample. Error bars 

indicate the median and interquartile range. 
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2.3.2 Paper II: High clonal diversity and spatial genetic admixture in early prostate 

cancer and surrounding normal tissue 

 

Background 

As discussed in the earlier sections, bulk NGS methods have become the standard approach 

to study the genomic landscape of cancer and the degree of ITH. Over the years strategies 

like multi-sampling have helped to reconstruct the complexity of tumors and investigate the 

spatial distribution of CNAs. These approaches have also been applied to prostate cancers 

describing the possibility of a polyclonal origin. However, a limitation of bulk sequencing 

methods is the lack of single-cell resolution.  

Our goal was to enable the CUTseq method (paper I), developed for multiplexed CNA 

profiling of multiple bulk tumor samples in parallel, to be applied on single cells. Moreover, 

current single-cell DNA sequencing methods have as a major drawback the loss of spatial 

resolution and the fact that they are characterized by cumbersome protocols. Therefore, we 

wanted to develop a versatile and agile protocol that would enable spatially resolved CNA 

profiling at single-cell resolution. Hence, we developed scCUTseq and we applied it to build 

an atlas of genomic alterations in patients with early prostate tumors and describe the 

different populations of cells. 

 

Development of the method 

The main difference in the scCUTseq protocol compared to regular CUTseq is the 

introduction of a WGA step, carried out with the MALBAC strategy, to amplify the genome 

and increase the library complexity. This step is performed before the application of the high-

throughput version of CUTseq. Also, to reduce the costs of scCUTseq, we developed the 

protocol using the nanodispensing device I.DOT that allowed us to scale-down the volume of 

the MALBAC step 1:200, while still preserving CNA profiles and genome coverage (Fig. 

10a). Moreover, our method was able to produce high-quality libraries from fixed and non-

fixed cells and discriminate between different cell lines (i.e., SKBR3, IMR90 and MCF10A) 

(Fig. 10b). 
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Figure 10. Development of scCUTseq. (A) Workflow of scCUTseq. Briefly, fixed single cells or nuclei are 

FACS sorted into a multi-well plate and WGA is carried out using MALBAC in three steps: lysis, pre-

amplification and amplification. Digestion, ligation and library preparation are then performed following the 

high-throughput version of CUTseq (paper I). (B) Hierarchically clustered copy number profiles obtained with 

scCUTseq on SKBR3 live and fixed, IMR90 and MCF10A cells. n, number of single cells sequenced. 

 

Validation of scCUTseq 

To validate the method, we used CRISPR-Cas9 to induce a 7 megabase deletion on 

chromosome 11, between the gene loci KMT2A and HYLS1 in TK6 cells. By FISH it was 

confirmed that only ~4.5% of cells developed the deletion on one copy of the chromosome. 

scCUTseq was able to detect the presence of the deletion in 22 out of 666 cells sequenced 

(3.3%).  

 

Application of scCUTseq to reconstruct the clonal architecture of breast cancer 

Breast cancer is characterized by a highly branched clonal structure. To demonstrate that 

scCUTseq can be used to map the CNA landscape in fixed tumor samples and reconstruct the 

clonal architecture, we applied it to nuclei suspensions obtained from two frozen breast 

cancer surgical biopsies. In both samples we performed Uniform Manifold Approximation 

and Projection (UMAP) observing multiple distinct clones and a branched phylogenetic tree 

structure in line with a possible punctuated evolution model (Fig. 11a,b). We have also 

applied standard CUTseq on gDNA extracted from the leftovers nuclei and observed that the 
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single-cell data matched the profiles obtained with the bulk assessment. However, more 

interestingly, our single-cell approach detected differences between clones that were not 

visible with bulk CUTseq (Fig. 11c). 

 
Figure 11. Application of scCUTseq to detect clonal architecture of breast cancers. (A) UMAP approach applied 

to the CNA profiles obtained from the nuclei suspension of one breast cancer surgical biopsy. Colored dot 

groups represent clones. Colored outlines represent so-called superclones. Within each clone dots represent 

single cells. n, number of single cells. (B) Phylogenetic tree of the clones visualized in A. (C) Median CNA 

profile of each clone visualized in the phylogenetic tree. The bulk CNA profile obtained with standard CUTseq 

is shown at the bottom. 

 

Building an atlas of CNAs in early prostate cancers  

After having implemented and validated the method, our aim was to characterize the 

landscape of CNAs in two early prostate cancers (PC3 and PC6) at single-cell level, 

preserving the spatial information. After prostatectomy, we collected a transversal section of 

the organ and sectioned it into multiple ~25 mm3 cubes. We performed H&E staining on a 

section from each cube and a certified pathologist performed morphological examination. We 

observed CNAs mostly in cubes classified as cancer. We applied scCUTseq to the nuclei 

extracted from each cube and obtained high-quality CNA profiles from 10,007 nuclei. Thanks 

to scCUTseq we identified three major groups of cells: (1) diploid cells; (2) “pseudo-diploid”, 

with abnormal CNA profiles characterized by mostly deletions; (3) “monster”, cells 

presenting genome-wide alterations, in particular whole-chromosome amplifications 

alternating with deletions. 
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Spatial distribution of “pseudo-diploid” clones in early prostate cancers 

Our next goal was to observe the presence of distinct “pseudo-diploid” clones and their 

spatial distribution. Hence, we performed UMAP analysis and identified numerous clones 

(Fig. 12a). In detail, we identified 51 distinct clones in PC3 and 48 in PC6 with unbranched 

structure and specific CNA profiles (Fig. 12b,c). A clonality index helped us to observe the 

spatial distribution of the clones and to notice that some were highly dominating a single 

location, while others were present all over the sample (Fig. 12d,e). Notably, the most 

localized clones were located in regions classified morphologically as cancer. 

Figure 12. Atlas of CNAs of “pseudo-diploid” cells in PC3. (A) UMAP approach applied to the CNA profiles of 

“pseudo-diploid” cells. n, number of single cells (B) Phylogenetic tree of the clones visualized in A. (C) Median 

CNA profile of each clone visualized in the phylogenetic tree. (D) Distribution of the locality index. C8 

represents the most focal clone, C2 the most spread. (E) Spatial distribution of the clones C8 and C2. The four 

arrows on the right represent the anatomical orientation: A, anterior. P, posterior. L, left. R, right. 

 

Relation between the chromosomal deletion size and the diffusion of clones 

By checking the size of the alterations, we observed that highly localized clones were 

characterized by smaller events (in most cases deletions). Conversely, clones that were 

diffused in all the blocks were subject to bigger events (i.e., chromosome-wide). Moreover, 
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by checking tumor suppressors genes, we found that several were deleted in one or more 

clones (e.g., RB1, APC, CDKN1B, FOXO1, FOXO3 and FOXP1). 

 

Spatial distribution of “monster” cells 

Lastly, we focused on assessing the spatial distribution of the “monster” cells, a fraction of 

cells (5.8% in PC3 and 7.5% in PC6) harboring genome-wide alterations. After having 

performed UMAP analysis we identified several different clusters of cells (Fig. 13a). By 

performing spatial analysis, we observed that “monster” cells were spread all over the 

prostate, demonstrating high levels of genome instability (Fig. 13b). When looking in detail 

at the CNA profiles of PC3 we observed interesting differences. For example, cluster #1 was 

characterized by large chromosome-wide amplifications (Fig. 13c), conversely, cluster #6 

showed chromosome-wide amplifications alternated with smaller deletions. Finally, we were 

not able to identify distinct clones, suggesting that cells harbouring these complex karyotypes 

are likely to fail proliferation. In conclusion, we showed that scCUTseq can be used for 

spatially resolved CNA profiling at single-cell resolution in clinical samples. 

 
Figure 13. Analysis of the “monster” cells of PC3. (A) UMAP approach applied to the CNA profiles of 

“monster” cells. Dots of different colours represent the six identified clusters (B) Spatial distribution of the cells 

belonging to the six different clusters. The four arrows on the right represent the anatomical orientation: A, 

anterior. P, posterior. L, left. R, right. (C) CNA profiles of the cells belonging to cluster #1.  
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2.3.3 Paper III: COVseq is a cost-effective workflow for mass-scale SARS-CoV-2 

genomic surveillance 

 

Background 

Since the beginning of the SARS-CoV-2 pandemic, NGS became the state-of-the-art 

approach used to phylogenetically reconstruct the evolution and spread of the virus around 

the globe. NGS has been useful to track the emergence of new VOC that might increase the 

pathogenicity of SARS-CoV-2 and reduce susceptibility to the current vaccines. Particular 

attention needs to be directed to mutations affecting the S protein of the virus used as a target 

by the current vaccination strategies. Many NGS approaches have been developed in a record 

time allowing the sequences of the virus to be publicly available thanks to the GISAID 

initiative 296 (https://www.gisaid.org/). However, current commercial NGS kits have different 

drawbacks, for example high costs and difficulties in scaling up to process multiple samples 

in parallel. Indeed, multiple libraries must be prepared separately from individual samples 

leading also to an increase of the turnaround time.  

Our aim was to use the high-throughput CUTseq approach (paper I), which allows the 

preparation of multiplexed libraries in a cost and time-effective way, to sequence multiple 

SARS-CoV-2 RNA samples in parallel. However, since the restriction enzymes used in 

CUTseq to digest DNA could not be directly used on RNA, we thought about expanding our 

standard workflow to include an initial RT step followed by multiplexed PCR to generate 

amplicons. Moreover, to reach near-complete coverage of the SARS-CoV-2 genome, with 

the aim of detecting as many as SNVs possible, we used a combination of two different 

restriction enzymes (instead of only one as used in the standard CUTseq protocol).  

 

COVseq workflow 

The protocol starts with extracted RNA from SARS-CoV-2 that undergoes RT to generate 

cDNA. This step is followed by a multiplexed PCR assay with primers designed by the U.S. 

CDC (which requires six amplicon pools) or by the ARTIC network (https://artic.network/) 

(which only requires two amplicon pools). The multiplexed PCR assay is required to directly 

amplify the whole SARS-CoV-2 genome. The generated amplicons are purified and CUTseq 

is performed starting with digestion combining two 4-base cutters, MseI and NlaIII. As in the 

standard protocol, digestion is followed by ligation with specific double-stranded adapters 

compatible with staggered ends to the restricted sites. In this case we used two different 

adapters (designed as in CUTseq) with modifications at the level of the restriction cut sites. 

After ligation, multiple samples are pooled together and IVT and NGS library preparation is 
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prepared as in CUTseq (of note, in COVseq the sonication step is not performed). COVseq 

can be implemented using the I.DOT system, scaling down the volume of reagents to 

nanoliter and, therefore, decreasing costs and turnaround time (Fig. 14a,b). 

 
Figure 14. COVseq workflow. (A) MseI and NlaIII recognition sites (vertical black bars) along the SARS-CoV-

2 genome (top) and the CDC multiplexed PCR assay amplicon pools (colored rectangles). Gene names (top) are 

according to the reference SARS-CoV-2 sequence NC_045512.2. (B) Workflow of the method. Extracted RNA 

is subjected to RT and then dispensed in six 96-well plates and amplified using six different PCR primer pools 

(one pool per plate) designed by CDC. After amplification the amplicons are purified, digested and ligated using 

standard high-throughput CUTseq protocol. Afterwards, all the samples can be pooled together into a single 

NGS library preparation. 

 

Feasibility of COVseq 

To test the feasibility of the approach, we applied COVseq to RNA extracted from the 

supernatant of a SARS-CoV-2 culture. We tested both MseI and NlaIII either alone or in 

combination to digest the amplicons. As predicted by an in silico analysis, double digestion 

followed by SE150 sequencing resulted in ~95% coverage of the whole SARS-CoV-2 

genome and the S region with 10x sequencing depth. At 1x depth the coverage reached 

~99%. Therefore, we assessed that COVseq enables near-complete coverage of the virus 

genome. 

 

Benchmarking of COVseq and its implementation 

Next, we aimed to benchmarking COVseq by comparing it to a standard kit to prepare NGS 

libraries. The experiment was performed on 29 RNA samples (OAS-29) extracted from 

SARS-CoV-2 positive nasopharyngeal swabs. We performed digestion and ligation using the 

high-throughput protocol. In parallel to COVseq, as control, we prepared individual NGS 

libraries from the 29 samples using the commercial kit NEBNext Ultra II FS DNA Library 

Prep Kit (NEB, Cat. no. E7805L). We observed that with both approaches the number of 

reads scaled inversely with the Ct value determined by RT-PCR. Moreover, we observed 

high correlation between the two methods in the breadth of coverage (at 10x) of the SARS-
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CoV-2 genome. Of interest is the fact that, both for COVseq and NEBNext, the samples with 

high Ct value (>35), had a consistent fraction of reads that aligned to the human genome. 

This might be related to the fact that the extracted RNA was not subjected to any DNAse 

treatment and might carry contaminants of DNA from patients. Finally, in the 20 samples 

with low Ct value (≤ 35), we compared the identification of SNVs and observed that the 

detected number per sample was highly correlated between COVseq and NEBNext. In detail, 

205 out of 217 SNVs (95.4%) were detected by both methods. Moreover, COVseq would 

have been able to detect the UK, South African, and Brazilian VOC (if present). 

 

COVseq allows identification of SNVs in a reproducible way 

Next, we aimed to assess the reproducibility and sensitivity of COVseq by preparing three 

replicate libraries from 95 samples (OAS-95). Of note, 7 samples of this group were 

suspected of containing the UK variant. The breadth of coverage of the SARS-CoV-2 

genome (at 10x) between the three replicates was highly correlating (Fig. 15a,b), and 

moreover, most of the SNVs detected were found in all the replicates in a reproducible way 

(Fig. 15c,d). Related to the 7 samples suspected of containing the UK variant, COVseq was 

able to correctly assign them to the B.1.1.7 Pangolin lineage (i.e., representing the UK 

variant) (Fig. 15e).  
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Figure 15. COVseq reproducibility and VOC detection in the OAS-95 samples. (A) Breadth of coverage at 10x 

sequencing depth for three replicate. (B) Matrix showing the Pearson’s correlation coefficient (PCC) of the 

breadth of coverage at 10x sequencing depth between the three replicates (Rep). (C) Same correlation matrix of 

B but showing SNVs per sample. (D) Number (n) of SNVs shared by two or all the replicate (Rep) libraries. (E) 

List displayed as a matrix of all SNVs detected in one, two, or all of the replicate libraries. The Pangolin lineage 

assigned to each sample is shown at the bottom. The 7 samples suspected of UK variant are showed on the left 

part of the matrix (in red). 

 

COVseq data allows phylogenetic reconstruction of the virus 

After having proven the reproducibility and sensitivity of COVseq, we aimed at assessing the 

ability of the method to perform phylogenetic reconstruction of SARS-CoV-2. For this we 

used Nextstrain 311 and mixed our 179 samples sequenced with COVseq with a random 

selection of SARS-CoV-2 genomes obtained from GISAID 296 (https://www.gisaid.org/). We 
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noticed the formation of distinct clusters in the tree based on the different time and origin of 

the samples. Moreover, as expected, the 7 samples (belonging to OAS-95) assigned to the 

B.1.1.7 lineage (UK) clustered together with samples of the 20I operational taxonomic unit 

clade classified as UK variant. Finally, an interesting observation was done on 87 samples 

belonging to the OAS-95. COVseq was able to reconstruct that the outbreak in this hospital 

probably originated in one ward (i.e., internal medicine) and then spread to the other two 

(orthopedics and cardiology). Hence, we showed how COVseq can be used for phylogenetic 

analyses of SARS-CoV-2 samples.  

 

COVseq is suitable for mass-scale genomic surveillance 

To show that COVseq could be used for mass-scale genomic surveillance we performed a 

comparative cost analysis considering the cost of one library preparation on 96 samples with 

COVseq and scaling this up to 1,000, 10,000 and 100,000 samples. We observed that, 

respectively, the costs per sample would be ~$37, $22, and $20. Commerical kits, such as 

CleanPlex, NEBNext and Nextera, were on average five times more expensive. Lastly, we 

showed that a further reduction of the COVseq costs (e.i., down to ~$14 per sample) could be 

obtained by performing the workflow using the multiplexed PCR amplicons developed by the 

ARTIC network (Fig. 16a-d). For this reason, we have applied COVseq with the ARTIC 

multiplexed PCR strategy in the SARS-CoV-2 genomic surveillance program conducted by 

the Piemonte Region in Italy.  

Figure 16. Comparative cost analysis between COVseq and available commercial kits for SARS-CoV-2 

genomic surveillance. (A) Cumulative costs for preparing sequencing libraries from up to 10,000 samples 

comparing COVseq, both using the CDC (CDC-COVseq) or ARTIC (ARTIC-COVseq) multiplexed PCR 

strategy vs. three different commercial kits (CleanPlex, NEBNext, and Nextera). (B) Same as in A but for up to 

1,000 samples. (C) Average cost per sample up to 1,000. (D) Average cost per sample up to 10,000. 
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3 DISCUSSION AND CONCLUSIONS 
 

The constituent papers included in this thesis describe the development of three novel NGS 

methods: (1) CUTseq, to map CNA heterogeneity in bulk clinical samples (paper I); (2) 

scCUTseq, a single-cell version of CUTseq used to build a spatially resolved atlas of CNA 

heterogeneity and reconstruct subclonal architecture of clinical samples (paper II); (3) 

COVseq, which allows genomic surveillance of SARS-CoV-2 by analyzing thousands of 

samples in parallel (paper III). 

 

CUTseq was developed with the aim of mapping CNA heterogeneity in clinical samples. 

Currently, with most of the available commercial kits, NGS library preparation is carried out 

separately for different samples. Therefore, to process multiple samples in parallel, a novel 

strategy was needed. CUTseq uses a frequently cutting restriction enzyme to fragment the 

genome in specific locations and IVT to construct multiplexed NGS libraries, providing a 

reduced representation of the genome. The possibility of multiplexing, applicability to low-

input samples and reduced sequencing costs, are the most important advantages of CUTseq 

over the standard WGS approaches. Moreover, the approach is extremely versatile for 

example by changing the restriction enzyme of choice, and therefore the cutting frequency, 

different resolutions along the genome can be achieved. Conversely, one limitation of the 

method is the possibility of detecting SNVs at any position in the genome. However, the 

method showed the ability of detecting SNVs in reproducible and comparable levels to 

standard exome sequencing, opening up the possibility of combining CNA and SNV analysis.  

One of the main applications of CUTseq is multi-region sequencing of multiple small 

regions in a FFPE tissue section, which is needed to assess genetic ITH and phylogenetic 

evolution of a tumor. Thanks to CUTseq, we were able to identify CNAs that would be 

missed with standard library preparation from whole tissue sections. Finally, thanks to the 

fact that CUTseq works on FFPE tissue sections stained with H&E, a conventional 

histological staining, our method can be routinely applied to map CNAs on tissue sections 

used in diagnostic. 

Another application of CUTseq, especially when using its high-throughput set up, would 

be genetic screening, for example for authentication of cell lines. Moreover, CUTseq could 

also be used to monitor the off-target genome editing caused by CRISPR-Cas9, that might 

results in unwanted alterations 312, 313. 
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A crucial aspect to consider is that, although CUTseq can be used on very small tissue 

regions, it does not provide single-cell resolution. Usually, DNA single-cell sequencing is 

performed using a WGA step prior the library preparation, which makes the approach costly. 

Combining WGA with the multiplex power and cost-effectiveness of CUTseq might 

represent a solution to profile thousands of single cells assessing CNA heterogeneity 

(scCUTseq, paper II). Lastly, in CUTseq, we have only used one restriction enzyme (either 

HindIII or NlaIII), however, implementing a version of the protocol using multiple restriction 

enzymes (COVseq, paper III), will increase the breadth of coverage of the target genome. 

 

scCUTseq was developed with the aim of mapping CNAs at single-cell resolution. 

Standard single-cell sequencing methods developed in recent years cannot work with fixed 

samples that are routinely used in clinical settings to prevent degradation of DNA and allow 

long storage of specimens. In the past, only one method showed the possibility of working 

with FFPE tissues to profile CNAs in invasive breast cancer 200, however, its major limitation, 

is the fact that a NGS library needs to be prepared for each single cell which makes the large-

scale mapping of CNAs highly costly and time-consuming. Another drawback of most of the 

standard methods is that they only work with a limited number of cells. To overcome this 

limitation several new high-throughput approaches have been developed, such as, sci-L3 231, 

DLP+ 218, DNTR-seq 232 and ACT 234, but none of them was shown to be applicable on fixed 

material. 

Firstly, standard CUTseq was applied to single cells extracted from cell lines resulting in 

high duplicate read fractions. To overcome this limitation, the method was combined with 

MALBAC, a WGA strategy to amplify gDNA from single cells prior to CUTseq and library 

preparation. Thanks to the I.DOT system, that was already used in the high-throughput 

version of CUTseq, we were able to optimize the scCUTseq workflow and scale down the 

MALBAC volumes 1:200, thereby drastically reducing the reagents used and therefore costs. 

The reproducibility of the method was shown on thousands of single cells, both non-fixed 

and fixed. 

To assess the sensitivity of the method we applied it to human TK6 lymphoblastoid cells 

where a deletion was induced in a small fraction of cells using two small guide RNAs and 

CRISPR/Cas9. scCUTseq was able to reliably detect the induced deletion at the same rate. 

Thus, one of the application of the method, could be the profiling of CRISPR/Cas9 efficiency 

and off-target alterations with single-cell resolution. 

However, the main application of the method is the subclonal architecture reconstruction 

of tumors that, by using standard single-cell sequencing techniques, would be highly costly. 
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Our method, applied to fixed nuclei extracted from breast cancer biopsies, was indeed 

capable of detecting multiple subclones. Finally, thanks to its high-throughput and scalability 

power, we used scCUTseq to build a single-cell atlas of CNAs in two prostate cancer 

samples. We have discovered an abundant population of “pseudo-diploid” cells, characterized 

by chromosome deletions, and the presence of “monster” cells, with massive karyotypic 

changes. Moreover, thanks to the method, we were able to map the spatial distribution of the 

different clones of cells.  

As for CUTseq, a limitation of the approach is the low genome coverage due to the 

restriction enzyme strategy used. However, by using a combination of two restriction 

enzymes, or another barcoding strategy (e.g., tagmentation), a higher breadth of coverage of 

the target genome can be achieved.  In conclusion, scCUTseq represent a versatile method 

available for future improvements and several applications in cancer biology.  

 

Ultimately, NGS techniques developed in our lab can also be used outside of the 

oncologic field. The SARS-CoV-2 pandemic that started in December 2019 forced scientists 

around the world to develop methods and treatments in a record time. NGS became the 

approach of choice for the genomic surveillance of the virus, tracking the emergence of new 

VOC that might reduce susceptibility to the current vaccination strategies. COVseq, an 

updated version of CUTseq, was developed with the aim of preparing multiplexed NGS 

libraries from several SARS-CoV-2 RNA samples in a cost-effective way. Several 

commercial kits can be used to prepare NGS libraries but have as a major drawback that a 

separate library must be prepared for each individual sample making these approaches costly 

when applied on thousands of samples in parallel. Conversely, thanks to the I.DOT system 

used in paper I and paper II, we were able to reduce the reaction volumes down to the 

nanoliter, making COVseq a cost-effective method that can be used for genomic surveillance 

of the pandemic. For the first time, by using a combination of two restriction enzymes (MseI 

and NlaIII) we were able to achieve nearly complete coverage of the target genome. 

 The COVseq workflow, which combines a first RT-PCR step to generate amplicons 

and then applies CUTseq on them, was first optimized on a small number of RNA samples 

positive for SARS-CoV-2, where it showed comparable results in terms of breadth of 

coverage and number of SNVs detected to a commercial kit from New England Biolabs 

(NEBNext). Moreover, when we applied COVseq to a large cohort of positive samples, it 

showed great reproducibility. 

 A crucial aspect of the ongoing pandemic is the emergence of new VOC that might 

increase the pathogenicity of the virus. Therefore, one of the applications of COVseq would 
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be the identification of new VOC in thousands of samples. For example, we were able to 

identify all the UK variant samples (B.1.1.7) present in our cohort. Furthermore, with our 

method, the primers used in the first RT-PCR step, both for the CDC and ARTIC strategy, 

can be ordered separately, allowing targeting of only specific regions of the virus to decrease 

the costs further and increase the number of samples that can be processed in parallel. Lastly, 

COVseq can be easily adapted to other viruses by simply changing the combination of 

restriction enzymes and primers used depending on the target pathogen. 

 

In conclusion, in this PhD study, I developed, together with my colleagues, NGS 

sequencing methods to study ITH and map CNAs in problematic clinical samples, both 

at bulk level (CUTseq) and with single-cell resolution (scCUTseq). Furthermore, we 

have shown how our strategies are highly versatile and we modified them to establish 

COVseq, a new NGS approach that can be used for genomic surveillance of the SARS-

CoV-2 pandemic. 
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