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Abstract

The elucidation and role of the occurrence of somatic copy number alterations
(CNAs) in healthy human tissues is of great importance for understanding their
role in aging, cancer, and related diseases. The occurrence of somatic single
nucleotide variants (SNVs) and small insertions and deletions (INDELS) in var-
ious healthy tissues has been systematically studied. However, this is not the
case for somatic CNAs, as they are largely private to individual cells in healthy
tissues, their investigation remains challenging. We leverage single-cell RNA
sequencing (scRNA-seq) data for the detection of rare CNAs as it addition-
ally facilitates cell type-specific profiling, enabling exploration of their functional
effects in different tissues and cell types.

Here, we present RNA2CNA, the first method for identifying somatic CNAs in
single cells from healthy tissue using scRNA-seq data. We validate RNA2CNA
utilizing large reference datasets and demonstrate that it outperforms existing
CNA calling methods in the identification of CNAs in healthy tissue. By ap-
plying RNA2CNA to large human datasets we provide the first comprehensive
mutational map of CNAs in different human tissues and cell types. We unveil
an age-related increase in somatic CNA events, suggesting that CNA events
may significantly contribute to age-related phenotypes. Notably, our analysis
reveals prevalent somatic CNAs in healthy tissues, including amplifications of
pro-oncogenes and deletions of tumor suppressor genes. This suggests the
existence of selective pressures in healthy cells and hints at the potential for
early oncogenic event detection. Furthermore, we identify a protective state
against cancer within a subset of endothelial cells in healthy tissue, hypoth-
esizing that mutations in cancer driver genes may confer a "protective" effect
on normal tissue. By examining the downstream effects of CNAs on functional
processes in healthy human cells, we propose a hypothesis positing that so-
matic CNAs disrupt the stoichiometry of ribosomal components, resulting in
increased translational stress. This stress may induce a subsequent reduction
in translation as an adaptive response to conserve energy.

RNA2CNA represents a significant advancement in characterizing somatic
CNAs in healthy tissues and understanding their functional consequences. Our
study offers insight into the role of somatic mutations in healthy human cells
and sheds light on normal tissue development, maintenance, and potential
neoplastic transformation.



Zusammenfassung

Die Aufklarung des Vorkommens von somatischen CNAs in gesundem men-
schlichem Gewebe ist von groBer Bedeutung flr das Verstéandnis ihrer Rolle
bei Alterung, Krebs und verwandten Krankheiten. Das Vorkommen von so-
matischen SNVs und INDELs in verschiedenen gesunden Geweben ist sys-
tematisch untersucht worden. Dies qilt jedoch nicht flir somatische CNAs,
da sie in gesunden Geweben zumeist auf einzelne Zellen beschrankt sind
und ihre Untersuchung eine Herausforderung darstellt. Wir nutzen single-cell
RNA-Sequenzierungsdaten (scRNA-seq) fur den Nachweis seltener CNAs, da
sie zusatzlich eine zelltypspezifische Analyse ermoéglichen. Dadurch kénnen
ihre funktionellen Auswirkungen in verschiedenen Geweben und Zelltypen un-
tersucht werden. Im Folgenden wird RNA2CNA vorgestellt, eine neue Meth-
ode zur Identifizierung somatischer CNAs in einzelnen Zellen aus gesundem
Gewebe anhand von scRNA-seq-Daten. Wir validieren RNA2CNA anhand
groBBer Referenzdatensatze und zeigen, dass es die bestehenden Methoden
zur ldentifizierung von CNAs in gesundem Gewebe Ubertrifft. Durch die An-
wendung von RNA2CNA auf groBe Humandatensatze liefern wir die erste um-
fassende Mutationskarte von CNAs in verschiedenen menschlichen Geweben
und Zelltypen. Dabei zeigt sich eine altersbedingte Zunahme von somatischen
CNAs, was darauf hindeutet, dass CNAs wesentlich zu altersbedingten Phéno-
typen beitragen kénnen. Unsere Analyse zeigt insbesondere, dass somatis-
che CNAs in gesundem Gewebe weit verbreitet sind, einschlieBlich Ampli-
fikationen von Onkogenen und Deletionen von Tumorsuppressorgenen. Dies
deutet darauf hin, dass Selektionsdruck in gesunden Zellen vorhanden ist
und ist ein Hinweis auf das Potenzial zur friihzeitigen Erkennung onkogener
Ereignisse. Des Weiteren konnte bei Endothelzellen in gesundem Gewebe
ein Schutzzustand gegen Krebs festgestellt werden. Es wird die Hypothese
aufgestellt, dass Mutationen in Krebstreibergenen eine "schitzende" Wirkung
auf normales Gewebe haben kénnten. Durch die Untersuchung der Effekte
von CNAs auf funktionelle Prozesse in gesunden menschlichen Zellen stellen
wir die Hypothese auf, dass somatische CNAs die Stéchiometrie der riboso-
malen Komponenten stéren, was zu einem erh6hten Translationsstress fahrt.
Dieser Stress kann eine anschlieBende Reduzierung der Translation als adap-
tive Reaktion zur Energieeinsparung bewirken. RNA2CNA stellt einen bedeu-
tenden Fortschritt bei der Charakterisierung somatischer CNAs in gesundem
Gewebe und dem Verstandnis ihrer funktionellen Konsequenzen dar. Unsere
Studie bietet Einblicke in die Rolle somatischer Mutationen in gesunden men-
schlichen Zellen und beleuchtet die Entwicklung und Erhaltung von gesundem
Gewebe sowie mdgliche neoplastische Veranderungen.
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1 INTRODUCTION

1 Introduction

1.1 DNA is the blueprint of life

DNA is the foundational blueprint that provides the instructions for develop-
ment, functioning, and reproduction of all living organisms. The information
encoded in the DNA is transferred to mRNA and subsequently translated into
proteins that are crucial for cellular functions, as outlined in the central dogma
of biology (Crick, 1958). Moreover, during reproduction, DNA is passed on to
the offspring and ensures the inheritance of genetic information. Therefore,
DNA serves as the foundation for the evolutionary process that has given rise
to the vast array of life-forms (Campbell, 1993; Edition, 1994).

Despite its critical importance for the cell, DNA is subject tens of thousands
DNA damage events daily (De Bont & van Larebeke, 2004; Ou & Schumacher,
2018). The sources of DNA damage are exogenous factors like chemicals
and endogenous factors such as reactive oxygen species. Different types of
DNA damage exist. The most frequent types of DNA damage are oxidative
modi cations, single-strand breaks (SSBs) (Bauer, Corbett, & Doetsch, 2015)
and helix-distorting lesions. DNA damage like double-strand breaks (DSBs)
and interstrand crosslinks occur less often but still on a daily basis (Ou &
Schumacher, 2018). DNA repair mechanisms are essential for maintaining
genetic stability in cells. At least ve major DNA repair mechanisms exist for
the different types of damage and are active during different cell cycle stages.
Oxidative modi cations are repaired by base excision repair (BER), whereas
single-strand breaks (SSBs) are repaired by DNA ligases (Bauer et al., 2015;
Caldecott, 2008; Ou & Schumacher, 2018). Nucleotide excision repair (NER)
removes helix-distorting lesions (Edi zi & Schumacher, 2015). Two major DNA
repair mechanisms exists to repair DSBs: non-homologous end joining (NHEJ)
and homologous recombination (HR).

When DNA damage is not repaired, it can lead to permanent alterations of the
DNA sequence, resulting in mutations that affect protein function.

1.2 Copy number changes

Unrepaired mutations arising from DSBs are called copy number changes
(CNCs). CNCs are chromosomal rearrangements in which a speci ¢c genomic
region larger than 1 kilobase pair (kbp) is present in varying numbers of copies.
CNCs can range in size from kilobase pair to megabase pair (Mbp) (Feuk
Larsand Carson, 2006; Redon et al., 2006). The gain or loss of several nu-
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cleotide bases are referred to as insertions/deletions or small insertions and
deletions (INDELSs), while CNCs larger than 1 megabase pair (Mbp) are re-
ferred to as deletions, in case of loss of DNA, and ampli cations, in case
of gain of DNA. If the whole chromosome is affected, it is called aneuploidy
(Nord, Salipante, & Pritchard, 2015). Thus, studying CNCs is crucial for un-
derstanding the genetic basis of diseases. CNCs affect more nucleotides in
the genome than other types of mutations (Conrad et al., 2010), as they can
be several megabase pair in length. In humans, 4.8-9.7% of the genome is
affected by CNCs (Zarrei Mehdiand MacDonald, 2015). While CNCs are an
important source of genetic variation (lafrate A. Johnand Feuk, 2004; Sebat
et al., 2004), they are also associated with various human diseases (Girirajan,
Campbell, & Eichler, 2011; lonita-Laza, Rogers, Lange, Raby, & Lee, 2009;
Shelling & Ferguson, 2007). Depending on the context, CNCs may be referred
to as copy number alterations (CNAS), copy humber variations (CNVSs), or copy
number polymorphisms (CNPs). CNAs are acquired in somatic cells and refer
to changes in copy number within a single cell or group of cells. In contrast,
CNVs and CNPs are inherited in the germline and refer to changes in the copy
number of a genomic region within one individual (Li, Lee, & Gregersen, 2009).
CNAs play a crucial role in intra-individual difference, which are differences that
occur within an individual. Conversely, CNVs and CNPs are signi cant when
examining inter-individual differences that occur between individuals. CNVs
and CNPs vary in frequency. CNPs are germline copy number changes which
occur in more than 1% of the population, whereas CNVs occur less frequently
(Feuk, Marshall, Wintle, & Scherer, 2006).

1.2.1 Molecular mechanisms of CNC formation

Multiple molecular mechanisms are known to cause CNCs: (1) non-allelic ho-
mologous recombination (nonallelic homologous recombination (NAHR)), (2)
non-homologous end joining (non-homologous end joining (NHEJ)), and (3)
fork stalling and template switching/ microhomology-mediated break-induced
replication (Fork Stalling and Template Switching (FoSteS)/microhomology-
mediated break-induced replication (MM-BIR)) (Hastings, Lupski, Rosenberg,
& Ira, 2009). NAHR is a recombination event that occurs between non-allelic
but homologous DNA sequences, resulting in chromosomal crossing-over and
the exchange of segments of genetic material. This process can occur during
meiosis, mitosis, or DNA repair. Errors or misalignments in this recombina-
tion process can lead to the formation of CNCs (Lupski, 1998; Nord et al.,
2015; Stankiewicz & Lupski, 2002) (see Figure 1a). NHEJ is a cellular pro-
cess that repairs DSBs by annealing non-homologous DNA. A small repair-
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scar results from this, meaning a small deletion arises leading to a local CNC.
(Weischenfeldt, Symmons, Spitz, & Korbel, 2013) (see Figure 1d). The last
known mechanism, which can result in CNCs is based on DNA-replication-
associated template-switching events. FoSteS/MM-BIR mechanism occur dur-
ing DNA replication. When the DNA replication fork collapses, a single-ended
DSB emerges and the lagging strand disengages from its original DNA tem-
plate. Due to the presence of microhomology the lagging switches to another
nearby replication fork. Then, the lagging strand reinitiate DNA synthesis us-
ing the nearby DNA template. (Burssed, Zamariolli de Souza, Bellucco, &
Melaragno, 2022; Lee, Carvalho, & Lupski, 2007; Ottaviani, LeCain, & Sheer,
2014) (see Figure 1c).

Figure 1. Molecular mechanisms of CNC formation (Weischenfeldt et al., 2013)
(modi ed).

1.2.2 Functional consequences of CNCs

Changes in the copy number of a gene can lead to various functional conse-
quences in the cell and also the organism.

1.2.21 Cell

First, CNCs can cause alterations in gene dosage and subsequent changes in
protein expression (see Figure 3 second panel). This is observed in 85%-95%
of CNCs in both humans and mice, resulting in changes in the gene expression
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levels of the affected genes (Henrichsen Charlotte N.and Vinckenbosch, 2009;
Stranger et al., 2007). In detail, gene ampli cations may lead to higher gene
expression, while deletions may lead to lower gene expression (see Figure 2).
This can be caused not only by an alteration in gene dosage or a disruption
of the coding sequence, known as cis-effect (Feuk Larsand Carson, 2006),
but also by changes in the chromatin structure of the genome that alter the
physical distance of genes and regulatory elements (trans-effect) (Gamazon &
Stranger, 2015).

Figure 2. Relative CNCs (a) and mRNA expression (b) pro les of chromo-
somes 1 and 11 in 14 variants of the HelLa cell line variants (Liu et al., 2022).
Up-regulation of gene expression and ampli cation is indicated in red, and
down-regulation and deletions are indicated in green.

A second potential consequence of CNC is the emergence of new alleles (see
Figure 3 third panel). Deletions or ampli cations within parts of the coding
sequences can result in the generation of different alleles, which may lead
to the loss or gain of protein function. Additionally, fusion proteins may arise
when two coding regions are partially fused together. This occurs when the
breakpoints of a deletion are between two separate genes.

Lastly, regulatory elements can be deleted or repositioned, leading to a position
effect where a regulatory element of one gene is placed in proximity to another
gene, resulting in abnormal gene expression (see Figure 3 bottom panel) (Nord
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et al., 2015).

Figure 3: Functional consequences of CNCs (Nord et al., 2015). The top panel
shows a schematic representation of two genes. The panels below demon-
strate the functional consequences of CNCs: dosage effect, new alleles and
position effect.

1.2.2.2 Organism

CNCs in individuals can occur in either germline or somatic tissue. Germline
CNCs happen in reproductive cells and can thereby be passed on to off-
spring. In contrast, somatic CNCs arise during an individual's lifetime in non-
reproductive somatic tissue and are not inherited (Milholland et al., 2017). Both
CNCs can result in a range of functional effects and disease phenotypes (Nord
et al., 2015) . They may emerge as a consequence of selection, as observed
in various instances in mammals (Mishra & Whetstine, 2016).

One notable example of germline CNCs is the human salivary amylase gene
AMY1, responsible for starch hydrolysis. Populations with higher starch con-
sumption exhibit gene ampli cation in AMY1, indicating a selective advantage
(Perry George H.and Dominy, 2007).

However, germline CNCs can also predispose individuals to certain diseases,
such as HIV/AIDS infections (Gonzalez et al., 2005), psoriasis (Hollox et al.,
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2008), pancreatitis (Le Maréchal et al., 2006), Crohn's disease (Fellermann et
al., 2006), and schizophrenia (Walsh et al., 2008).

Additionally, both germline and somatic CNCs are frequently observed in can-
cer (Beroukhim et al., 2010). Ampli cations of oncogenes and deletions of
tumor suppressor genes are major drivers of tumor development. The CNCs
can be tumor-speci c such as ampli cations of EGFR in gliomas (Wong et
al., 1987) and MYCN in neuroblastoma (Schwab, 1990), or they can occur in
a variety of tumors, including ampli cations of ERBB2 in breast (Slamon et
al., 1989), ovarian (Berger et al., 1988), and lung cancers (Hynes, 1993) and
deletions of PTEN (Hollander, Blumenthal, & Dennis, 2011), TP53 (Levine, Mo-
mand, & Finlay, 1991), and VHL (Linehan, Lerman, & Zbar, 1995), observed
across various tumor types (Mishra & Whetstine, 2016).

1.3 Somatic mutations

Somatic mutations are genetic alterations that arise in somatic tissue and
thereby are not inherited by offspring (Miles & Tadi, 2022). Various types of
somatic mutations exist, including single nucleotide variants (SNVs), small
insertions and deletions (INDELS), and structural variations (SVs), such as
CNAs, inversions, and translocations, and complex chromosomal rearrange-
ments (Ren, Dong, & Vijg, 2022). SNVs are single-base substitutions, which
are the most frequent type of DNA sequence change (Spencer, Zhang, &
Pfeifer, 2015). INDELs refer to the insertion or deletion of nucleotides that
span less than 1 kilobase pair (kbp) (Sehn, 2015). SVs include balanced re-
arrangements such as CNAs, unbalanced rearrangements such as inversions
and translocations, and more complex chromosomal rearrangements such as
chromothripsis. CNAs refers to CNCs, which are gains or losses of DNA re-
gions ranging between 1 kbp and 1 Mbp (Redon et al., 2006). These chromo-
somal alterations affect a larger fraction of the human genome (4.8 — 9.7%)
than other types of somatic mutations (Zarrei Mehdiand MacDonald, 2015).
Inversions occur when a DNA strand breaks and is reinserted in reverse or-
der, while translocations result in insertion into another chromosome. Chro-
mothripsis involves complex chromosomal rearrangements with at least two
types of SVs occurring in one mutation event (Collins et al., 2020). Somatic
mutations contribute to many diseases, particularly in tumorigenesis (Stratton,
Campbell, & Futreal, 2009), and are also hypothesized to contribute to aging
(Morley, 1995). Therefore, the National Institute for Health founded a Somatic
Mosaicism across Human Tissues (SMaHT) Consortium (Somatic Mosaicism
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across Human Tissues (SMaHT) | NIH Common Fund, n.d.) to understand the
impact of somatic mutations in human health.

1.3.1 Diseases

The role and impact of somatic mutations are not completely characterized.
It is known that somatic mutations are associated with many diseases (Con-
rad et al., 2010; Sudmant et al., 2015), such as cancer, chronic liver disease
(Ng et al., 2021), autoimmune diseases (Goodnow, 2007; Somatic Variants:
New Kids on the Block in Human Immunogenetics - ScienceDirect, n.d.), and
degenerative diseases (Lodato et al., 2015; Mustjoki & Young, 2021; Poduri,
Evrony, Cai, & Walsh, 2013). In addition, there is evidence that somatic muta-
tions play a causative role in many diseases (Mustjoki & Young, 2021; Poduri
et al.,, 2013). This is certainly the case for cancer (Vijg, 2014). The risk of
cancer increases exponentially with age and therefore the accumulation of so-
matic mutations during aging may explain the higher tumor incidence in aged
individuals (Ren et al., 2022). In addition, cancer risk is correlated with the
proliferation rate (Tomasetti & Vogelstein, 2015) which is in line with the fact
that somatic mutation rates are in uenced by endogenous factors like tissue
proliferation rate (Yoshida et al., 2020).

However, recent studies have shown that somatic mutations are not only rele-
vant to disease, but also occur in healthy tissue (Brunner et al., 2019; Cooper
et al., 2015; Enge et al., 2017; Lawson et al., 2020; Martincorena et al., 2015a;
Moore, Leongamornlert, et al., 2020; Yoshida et al., 2020; Zhu et al., 2019)
and are a driving force of aging (Ou & Schumacher, 2018).

1.3.2 Aging and healthy tissue

Persistent DNA damage is a driving force behind the aging process. This de-
cline in genome integrity maintenance occurs not only in genetic diseases re-
sulting from mutations in genome stability factors, but also as a natural conse-
quence of aging. The link between DNA damage and aging is underscored by
numerous congenital progeroid syndromes resulting from mutations in genome
maintenance pathways. This often leads to a higher susceptibility to cancer
and accelerated aging. For instance, de ciencies in nucleotide excision repair
(NER) pathways are Cockayne syndrome and Xeroderma pigmentosum (Ou &
Schumacher, 2018). Cockayne syndrome patients suffer from neurological de-
fects and display premature aging (Karikkineth, Scheibye-Knudsen, Fivenson,
Croteau, & Bohr, 2017; Paccosi, Balajee, & Proietti-De-Santis, 2022), while
Xeroderma pigmentosum exhibit atrophic skin and an increased susceptibility
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to skin cancer (DiGiovanna & Kraemer, 2012).

Since DNA damage plays an important role in the aging process, many stud-
ies are investigating the occurrence of somatic mutations in healthy tissue.
Healthy tissues harbor SNVs in cancer genes (Brunner et al., 2019; Cooper et
al., 2015; Enge et al., 2017; Lawson et al., 2020; Martincorena et al., 2015a;
Moore, Leongamornlert, et al., 2020; Yoshida et al., 2020; Zhu et al., 2019)
which has blurred the genomic boundary between cancer and healthy tissue
(Mustjoki & Young, 2021). In addition, clonality of SNVs also occurs in healthy
tissues. Several studies found macroscopic clones in normal tissues across
many organs: bladder (Lawson et al., 2020), bronchial epithelium (Yoshida et
al., 2020), cirrhotic liver (Brunner et al., 2019; Zhu et al., 2019), endometrium
(Moore, Leongamornlert, et al., 2020), pancreas (Enge et al., 2017), prostate
(Cooper et al., 2015), and as well as skin (Martincorena et al., 2015a). More-
over, somatic mutation burden, including SNVs and INDELS, increases with
age and is in uenced by exogenous factors such as sun, tobacco and endoge-
nous factors such as tissue-speci c proliferation rate (Yoshida et al., 2020).
The highest mutation rate is found in the skin, lungs, and esophagus and lower
rates in bladder, uterine cervix, stomach, and kidney (Yizhak et al., 2019).
Despite the high prevalence of cancer-mutations, including SNVs and INDELSs,
in healthy tissue, tumor formation remains rare (Colom et al., 2021). Surpris-
ingly, some SNVs cancer-gene mutations occur even more often in healthy
tissue than cancer tissue. For example, in normal esophageal epithelium
SNVs NOTCH1 mutations, in comparison to esophageal cancer, are over rep-
resented (Yokoyama et al., 2019). The question arises as to what effects mu-
tations of cancer genes have in normal tissue. Venkatachalam, Pikarsky, and
Ben-Neriah (2022) state that cancer driver mutations in healthy tissue have a
putative homeostatic role. For example mice with gain-of-function mutations
in the tumor suppressor gene TP53 are protected against carcinoma in the
small bowel. In addition, they highlighted that the functional effect of a mu-
tation depends on the microenvironment (Kadosh et al., 2020). Colom et al.
(2021) demonstrated that mutant clones have anti-tumorigenic activity in the
normal esophageal epithelium in mice. They found that mutant clones harbor-
ing NOTCHZ1-inactivating-mutations compete with early tumors in normal ep-
ithelium and thereby removing them. Furthermore, the somatic mutation rate
varies across different species and is negatively correlated with the species
lifespan (Cagan et al., 2022).
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1.3.2.1 Impact of somatic mutations in healthy tissue

1.3.2.1.1 SNVs and INDELs

Despite the different strategies to detect somatic mutations, all studies come
to similar ndings. First, the somatic mutation burden of SNVs and INDELs
accumulates with age. Second, the somatic mutation burden varies between
cell types and tissues (Ren et al., 2022).

The accumulation of SNVs and INDELSs through human life was shown in sev-
eral tissues: blood (Lee-Six et al.,, 2018; Watson et al., 2020; Williams et
al., 2022; Yegorov et al.,, 2022; L. Zhang et al., 2019), bladder (Lawson et
al., 2020), brain (Lodato et al., 2018, 2015; Miller et al., 2022; Villela et al.,
2018), colon (Cagan et al., 2022; Elias et al., 2021; Lee-Six et al., 2019), en-
dometrium (Moore, Leongamornlert, et al., 2020), esophagus (Colom et al.,
2020), liver (Brazhnik et al., 2020; Brunner et al., 2019), lung (Z. Huang et al.,
2022; Yoshida et al., 2020), prostate (Grossmann et al., 2021), skeletal muscle
satellite cells (Franco et al., 2018), skin (Martincorena et al., 2015a; Saini et al.,
2021), human hematopoietic stem and progenitor cells (Osorio et al., 2018). In
addition, some studies investigated multiple tissues (Garcia-Nieto, Morrison, &
Fraser, 2019; Moore et al., 2021; Yizhak et al., 2019).

Despite the consensus that the number of SNVs and INDELs accumulate with
age, the somatic mutation burden itself and the accumulation rate varies be-
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tween cell types and tissues (see Figure 4).

Figure 4: Somatic mutation rate per tissue and cell type (Ren et al., 2022).

Moore et al. (2021) and Abascal et al. (2021) both found, using independent
detection methods, that spermatogonia had the lowest accumulation rate with
2.38 SNVs per year and colonic crypt the highest with 49-56 SNVs per year. As
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expected, the mutation rate in the germline is lower than the mutation rate in the
soma. Moore et al. (2021) found different somatic mutation accumulation rates
between cell types from the same donors: gastric gland (~25 SNVs/cell/year),
prostatic gland (~19 SNVs/cell/year), pancreatic acini (~15 SNVs/cell/year) and
bile ductule (~9 SNVs/cell/lyear). Many studies investigated the somatic muta-
tion rate in brain tissue. In neurons from prefrontal cortex and hippocampus
the mutation rate is 16-21 SNVs/cell/lyear (Lodato et al., 2018; Luquette et al.,
2022) and 2.5-3 INDELSs/cell/lyear respectively (Abascal et al., 2021; Luquette
et al., 2022). Human hematopoietic stem and progenitor cells accumulate with
a mutation rate of 14-16 SNVs/cell/lyear (Machado et al., 2022; Osorio et al.,
2018). Similar mutation rates are found in memory T lymphocytes, naive T
lymphocytes, memory B lymphocytes and naive B lymphocytes with accumu-
lation rates of ~25, ~22, ~17 and ~15 SNVs/cell/year respectively (Machado
et al., 2022). In lungs from non-smokers the mutation burden was higher with
accumulation rates of ~29 and ~22 SNVs/cell/year for proximal bronchial basal
cells and bronchial epithelial cells respectively (Yoshida et al., 2020). To sum
up, different somatic mutation burdens are found in somatic cell types from
different tissues.

The factors that lead to the differences in accumulation rate are not charac-
terized. Ren et al. (2022) suggested three factors that might in uence the
accumulation rate. First, mutation rates could depend on cell or tissues func-
tion, which would explain the low mutation rate in spermatogonia and the high
rate in colonic crypts. Second, another important factor could be the tissue
proliferative rate leading to higher mutation rates in mitotically active tissues or
cell types. Third, the exposition to exogenous genotoxicity like sun or tobacco
smoke may explain high mutation burden in sun-exposed skin, esophagus and
lung (Yizhak et al., 2019).

Sun, Wang, Maslov, Dong, and Vijg (2022) collected the detected somatic mu-
tations including SNVs and INDELSs and generated the database SomatMutDB.
However, the occurrence of SVs including CNAs in healthy tissue is under-
studied due to a lack of methods and technical limitations to detect rare CNAs
in normal cells (Liu et al., 2022). Somatic mutations in healthy tissue are ex-
pected to be infrequent.

1.3.2.1.2 CNAs and SVs

As described in the paragraph above, the prevalence, characteristics, and func-
tional impact of SNVs and INDELSs in healthy tissue are well understood. How-
ever, the occurrence of SVs including CNAs in healthy tissues is understud-
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iled due to a lack of methods and technical limitations to detect rare CNAs
in normal cells (Liu et al., 2022), as somatic mutations in healthy tissue are
expected to be rare. The largest challenge of rare CNA detection from single-
cell DNA sequencing (scDNA-seq) is the ampli cation bias that occurs during
whole genome ampli cation (WGA) (Liu et al., 2022). To date, the prevalence
and characteristics of CNAs were studied in brain (Cai et al., 2014; Chronis-
ter et al., 2019; Knouse, Wu, & Amon, 2016; McConnell et al., 2013; van den
Bos et al., 2016), skin (Knouse et al., 2016) and blood cells (Liu et al., 2022).
However, the majority of research in this eld has been done on neurons of
the brain (Cai et al., 2014; Chronister et al., 2019; Knouse et al., 2016; Mc-
Connell et al., 2013; van den Bos et al., 2016). These studies focused on the
question whether CNAs contribute to the functional diversity of the brain. To
tackle this question they rst needed to investigate the occurrence of CNAs in
neurons. Due to the technical limitations of not being able to ensure uniform
whole genome ampli cation (WGA) in scDNA-seq, many studies focused on
large genomic regions greater than the ampli cation bias to be sure that CNA
calling was not affected by the bias. The inferred CNAs are greater than 10
Mbp and called megabase-scale CNAs.

Prevalence and characteristics of CNAs

In healthy tissue, CNAs are most studied in neurons. The percentage of neu-
rons harboring at least one megabase-scale CNA varied considerably within
and across studies ranging between 2% and 40%. McConnell et al. (2013)
found that 13-41% of neurons have at least one megabase-scale CNA. The
high range is due to different thresholds for sensitivity. Cai et al. (2014) studied
19 neurons and in 68% at least one megabase-scale CNA was detected. In
more recent studies, Knouse et al. (2016) and McConnell et al. (2013) found
that 9% and 13.1% respectively, of neurons harbor at least one megabase-
scale CNA. Reasons for the differences in studies might be the lack of robust
methods to generate scDNA-seq data and detection methods to call CNAs. In
addition to neurons, skin tissue and blood cells were investigated.

In both skin (Knouse et al., 2016) and lymphocytes (Liu et al., 2022), respec-
tively, 8% and 7.5% of cells harbor at least one megabase-scale CNA. Further-
more, McConnell et al. (2013) compared CNA frequencies between neurons
and non-neuronal cells from the brain and found that a higher frequency of
CNAs was found in neurons (4%-23.1%) in comparison to non-neuronal (4.7%-
8.7%) cells from the same individual. Additionally, CNAs in neurons tend to be
larger and affect more of the genome than non-neuronal cells. Despite the
differences in analytical methods, all studies conclude that CNAs are prevalent
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in healthy tissues. Most of the studies conclude that deletions are more com-
mon than ampli cations (Knouse et al., 2016; Liu et al., 2022; McConnell et al.,
2013), whereas ampli cations are often larger than deletions (Liu et al., 2022).
Moreover, the prevalence and size of CNAs are inversely correlated with small
CNAs (<10 Mbp) occurring more often than large CNAs (>10 Mbp) (Knouse
et al., 2016; Liu et al., 2022). Erickson et al. (2022) studied the occurrence
of CNAs in benign adjacent tissues from tumor samples. CNAs were found
in benign prostate and skin cells, whereas cells from lymph nodes were copy
number neutral.

Enrichment of CNAs and CNA boundaries

Most of these studies explored whether CNAs or their boundaries contain en-
riched DNA properties such as repetitive sequences, telomeres, or segmental
duplications. Two studies found an enrichment of CNAs in telomeres (Knouse
et al., 2016; McConnell et al., 2013). Additionally, Knouse et al. (2016) ob-
served that in neurons and skin cells 35% of the CNAs and 54% of the CNA
boundaries are enriched in repetitive sequences, such as SINEs, LINEs, DNA
repeat elements or noncoding RNAs. Furthermore, 17% of CNAs boundaries
were found to be enriched for segmental duplications.

In contrast, Chronister et al. (2019) found no enrichment of CNAs or CNAs
boundaries in LINE1 sequences in neurons. However, they detected an en-
richment of a subset of long genes affected by CNAs in the aged brain which
might contribute to neuronal diversity (Weissman & Gage, 2016). According
to Liu et al. (2022), somatic CNAs in lymphocytes are scattered across the
genome, with the exception of Chromosome 21 and X, where higher frequen-
cies of CNAs are observed.

Clonality of CNAs

Another interesting investigation is whether there are CNAs that are not pri-
vate to a cell, but rather occur recurrently. Recurrent CNAs were rarely found
in neurons, skin and lymphocytes. Knouse et al. (2016) found two recurrent
deletions in neurons and skin cells. One deletion was detected in two brain
cells on Chromosome 5. The other deletion on Chromosome 8 occurred in
two brain cells and one skin cells and was also identi ed in population-based
copy number studies. McConnell et al. (2013) found only one recurrent CNA,
a 3-Mb size deletion on Chromosome 16 in two neurons. Cai et al. (2014) de-
tected a deletion on Chromosome 8, that is shared across two neurons from
one individual. Otherwise, the CNAs in neurons are distributed throughout the

13



1 INTRODUCTION
1.3 Somatic mutations

genome.
Liu et al. (2022) observed recurrent aneuploidies on Chromosome 21 and X in
lymphocytes. Chromosome X is predominantly deleted and the loss of Chro-
mosome X was more prevalent in aged females and affected the X Chromo-
some that was inactivated. Chromosome 21, however, is predominantly am-
plied and is the autosome that is most often affected by aneuploids in lym-
phocytes. This is consistent with the fact that trisomy 21 is the most prevalent
aneuploidy in humans (Richardson, Morell, & Faulkner, 2014; Sanchez-Luque
et al., 2019). Additionally, the largest clone Liu et al. (2022) captured, is a 35
Mbp size deletion on Chromosome 6 in 11 cells of a single individual.

Relationship of CNA prevalence with aging

Indeed, there is a notable scarcity of studies exploring the accumulation of
somatic CNAs with age. So far, Enge et al. (2017) considers it possible that
the accumulation of rare CNAs contributes to the age-related increase in intra-
individual heterogeneity. Moore, Leongamornlert, et al. (2020) showed that
the mean CNA and SVs burden per individual in normal human endometrial
glands derived from clonal cell populations is associated with the age of the
individual. However, the role of CNAs during aging has not yet fully character-
ized on a single-cell level. To our knowledge, only a few studies have explored
the accumulation of CNAs or cells with CNAs across different ages at single-
cell level. Liu et al. (2022) identi ed a relatively weak correlation between the
percentage of lymphocytes with CNAs and the age of individuals. Addition-
ally, Grimes et al. (2023) observed an overall increase in structural variants
in healthy human blood with age. Contrary, Chronister et al. (2019) revealed
a negative correlation between individual age and the percentage of neurons
with CNAs. In detail, the number of neurons with CNAs decline in aging brain,
suggesting that these neurons are selectively vulnerable to aging-associated
atrophy. However, they found higher numbers of CNAs per neuron and more
complex karyotypes in aged neurons. Except of Chronister et al. (2019) who
studied brain, collectively, these studies point to an increase of somatic CNAs
with age. This highlights that the relationship between age and cells carrying
CNAs differ between cell types, but are mostly positively correlated.

1.3.3 Strategies to detect somatic mutations in healthy tissue

Detecting somatic mutations in healthy tissue poses a challenge because most
of the mutations are unique to each cell (Ren et al., 2022). Distinguishing so-
matic mutations from sequencing errors or background noise becomes more
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dif cult. However, various methods have been developed to address this chal-
lenge and enable the detection of somatic mutations in healthy tissues.

The most intuitive and direct method to study somatic mutations is to sequence
the genome of individual cells. Nonetheless, detecting somatic mutations from
single-cell DNA sequencing (DNA-seq) is challenging due to various technical
biases, such as the ampli cation bias during sequencing (Gundry, Li, Magbool,
& Vijg, 2012; Zong, Lu, Chapman, & Xie, 2012). Several techniques, includ-
ing bioinformatic methods, are available to address this issue (Bohrson et al.,
2019; Dong et al., 2017), enabling the detection of somatic mutations in single
cells (Lodato et al., 2018).

Compared to scDNA-seq, bulk DNA sequencing (DNA-seq) has reduced tech-
nical biases such as ampli cation bias, making it a preferred method for detect-
ing somatic mutations in many studies. However, bulk DNA-seq only captures
clonal somatic mutations that are present in multiple cells. In healthy tissue, so-
matic mutations are mostly unique to a cell, and therefore, they are missed with
bulk DNA-seq. Different strategies are utilized to detect mutations in healthy
tissues using bulk DNA-seq.

One approach involves sequencing of in-vitro-cultured cell clones derived from
single cells of normal tissue (Blokzijl et al., 2016; Franco et al., 2018; Lee-Six
et al., 2018). These clones contain all mutations present in the single cell. The
advantage is that sequencing errors are reduced by avoiding whole genome
ampli cation. The disadvantage of clonal growth lies in the time-consuming
procedure and its limited applicability to cells that have the ability to expand in
vitro (Ren et al., 2022).

Another approach capitalizes on the ability of somatic mutations to provide a
proliferative advantage to cells, leading to the clonal expansion of cells harbor-
ing those mutations. Subsequent sequencing of small biopsies that carry these
microscopic clones can be performed through bulk DNA-seq (Martincorena et
al., 2018, 2015b; Yokoyama et al., 2019; Zhu et al., 2019).

A similar approach involves using laser-capture microdissection (LCM) to iso-
late microscopically distinguishable tissue structures consisting of clonal units
derived from a subset of individual cells. These tissue structures can subse-
quently be sequenced using bulk DNA-seq (Brunner et al., 2019; Lee-Six et
al., 2019; Martincorena, 2019; Moore et al., 2021; Moore, Leongamornlert, et
al., 2020; Suda et al., 2018). However, these strategies have limitations in de-
tecting only clonal mutations and mutations with low abundance. As a result,
they miss most somatic mutations present in healthy tissue. To overcome this
limitation, highly error-corrected bulk DNA-seq approaches have been devel-
oped (Hoang et al., 2016; Maslov et al., 2022; Schmitt et al., 2012). These ap-

15



1 INTRODUCTION
1.4 Single-cell RNA sequencing

proaches involve sequencing of single-molecules, which offers the advantage
of low-depth sequencing. One highly error-corrected bulk DNA-seq method
is referred to as duplex-sequencing (Duplex-Seq) (Schmitt et al., 2012). This
technique involves tagging and sequencing the two strands of DNA indepen-
dently to conduct a comparative analysis of the complementary DNA strands.
In other words, both DNA strands are utilized to differentiate rare mutations
from sequencing errors.

A more recently developed method, called single-molecule mutation sequenc-
ing (SMM-seq) (Maslov et al., 2022), uses unique molecular identi er (UMI) to
tag the opposite strands of DNA fragments.

The nal approach outlined here does not rely on DNA-seq; instead it employs
RNA sequencing to leverage the genomic information from transcriptomes to
detect somatic mutations. This method has been applied to both bulk RNA
sequencing data from the GTEx database (Garcia-Nieto et al., 2019; Yizhak et
al., 2019) and single-cell RNA sequencing (scRNA-seq) (Enge et al., 2017).

1.4 Single-cell RNA sequencing

RNA sequencing can be categorized into two different approaches: bulk RNA
sequencing (bulk RNA-seq) and single-cell RNA sequencing (scRNA-seq). In
bulk RNA-seq a mixture of cells is sequenced resulting in an average expres-
sion level for each gene across a population of cells. Whereas in single-cell
RNA sequencing (scRNA-seq) expression levels for each gene in a single cell
is measured (F. Tang et al.,, 2009). Bulk RNA-seq gives you a global view
of the average gene expression in one sample or tissue and is suf cient to
answer many biological questions (Stegle, Teichmann, & Marioni, 2015). In
addition, bulk RNA-seq has the advantage that it is cheaper and easier to an-
alyze, whereby complex information stays hidden. Therefore, sScRNA-seq has
become an important method that can be used to address biological questions
that can not be answered with bulk RNA-seq. For example, scRNA-seq can
reveal transcriptional heterogeneity of cell types within tissues (Haque, Engel,
Teichmann, & Lonnberg, 2017), identify rare cell populations (Miyamoto et al.,
2015) and provide characteristics of gene expression like transcriptional burst
(Munsky, Neuert, & van Oudenaarden, 2012; Raj & van Oudenaarden, 2008) .

1.4.1 scRNA-seq technologies

In scRNA-seq individual cells are isolated and the transcriptome is sequenced.
Despite the existence of different single-cell sequencing protocols, all methods
follow the same four steps: (1) cell isolation, (2) cell lysis and barcoding, (3)
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reverse transcription and ampli cation, and (4) sequencing (Ziegenhain et al.,
2017). First, the single cells must be isolated and physically separated into
reaction chambers. Second, the cells are lysed in the reaction chambers to
release the transcripts, which are then barcoded to be able to reassign the
transcripts back to the cells after sequencing. After poly(A) tail enrichment,
the mRNA is then transcribed into cDNA during reverse transcription. The
cDNA molecules are then ampli ed through PCR to ensure high abundance,
which is necessary for sequencing. Finally, sequencing libraries are generated
by randomly cutting the ampli ed cDNA molecules and attaching sequencing
adaptors (Heumos, 2022). Three different types of single-cell sequencing pro-
tocols exist: (1) micro uidic device based protocols, (2) plate based protocols,
and (3) Fluidigm C1 (Heumos, 2022). Most of the single-cell sequencing pro-
tocols vary in the initial steps of single cell isolation and barcoding. Protocols
based on micro uidic devices isolate single cells in single hydrogel droplets
by joining a ow of single cells in suspension and a ow of microbeads in cell

lysis buffer (Figure 5) (Macosko et al., 2015). As a result each droplet contains
one cell and one microbead. The microbeads are loaded with PCR-primers, a
unique cell barcode, a unique molecular identi er (UMI) and a poly-T tail. After
cell lysis, the transcripts of each cell are not only barcoded with the unique cell
barcode, but each transcript is also tagged with a molecular barcode called
UML. It is important to note that quanti cation of transcripts with UMIs only al-
lows detection of the 5' or 3' ends. However, the bene t of UMIs is to reduce
ampli cation bias by quantifying the abundance of the original transcript (Kiv-
ioja et al., 2011). Popular methods that are based on this protocol are inDrop
(Klein Allon M.and Mazutis, 2015), Drop-seq (Macosko et al., 2015) and 10x
Genomics Chromium (Zheng et al., 2017). The advantages of these methods
are the high throughput of cells and the use of UMIs. However, they have limi-
tations, including capturing only 10% of the transcripts in a cell (Islam Saifuland
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Zeisel, 2013) and sequencing only the 3' end of the transcript (Heumos, 2022).

Figure 5: Isolation of single cells based on a micro uidic device (Macosko et
al., 2015).

The second type of single-cell sequencing protocols are plate based protocols.
Cells are sorted using uorescent-activated cell sorting (FACS) and separated
into microwell plates. Within each well, cells are lysed and prepared for se-
qguencing. The plate based protocols use a different approach for transcript
quanti cation called full-length quanti cation. Here, the whole transcript is cov-

ered uniformly and allows for the identi cation of different isoforms (Picelli et
al., 2013). Methods that are based on this protocol are for example SMART-
seq2, MARS-seq, QUARTZ-seq and SRCB-seq. The main advantages are
that between 5000 to 10000 genes can be captured and the whole transcript
is covered (full-length quanti cation). The methods are limited to only several
hundreds of cells that can be analyzed and many pipetting steps are required
(Heumos, 2022). However, newly developed plate based protocols, such as
SMART-seg3 (Hagemann-Jensen et al., 2020), integrate full-length quanti ca-
tion and UMI barcoding to provide advantages in allele and isoform resolution,
as well as depth, necessary for large-scale cell applications.

The third type of single-cell sequencing protocol is the Fluidigm C1 system
which is a micro uidic chip that separates cells into reaction chambers. This
system is used in CEL-seq2 and SMARTseq. Cell lysis and sequencing library
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generation are carried out in individual wells. The transcripts are quanti ed
using full-length quanti cation allowing for the detection of splicing variants.
However, this system is expensive and limited to the detection of only 800 cells
(Single-Cell Analysis with Micro uidics , n.d.). Furthermore, only cells of a cer-
tain size can be analyzed (Heumos, 2022).

In summary, all of the above mentioned single-cell sequencing protocols have
their own strengths and limitations. They differ mainly in the number of tran-
scripts that can be captured and the number of cells that can be analyzed.
Therefore, the choice of the single-cell sequencing protocols should be based
on the aim of the study.

1.4.2 Challenges and limitations of sScRNA-seq data

In scRNA-seq data several challenges exist. Since there are many different
ScRNA-seq protocols, each protocol brings its own challenges. Nevertheless,
all resulting datasets exhibit sparsity, leading to a signi cant proportion of ob-
served zeros (Vallejos Catalina A.and Risso, 2017). In other words, for each
cell, a signi cant proportion of genes lack UMIs or reads mapped to them, re-
sulting in zero expression measurements. In scRNA-seq data, the proportion
of observed zeros can be as high as 90% (Ding et al., 2020). The observed
zeros in sScCRNA-seq data are often referred to as “dropouts” (Kharchenko Peter
V.and Silberstein, 2014). However, the term “dropout” is inconsistently used in
the literature, and there is no clear de nition (Jiang, Sun, Song, & Li, 2022;
Sarkar & Stephens, 2021). Thus, this term will not be used in this study.
The observed zeros can have different sources, and two different types of ze-
ros are distinguished: biological zeros and non-biological zeros (Jiang et al.,
2022). Biological zeros refer to missing values caused by the biologically-true
absence of a transcript in a cell. Therefore, they hold biological signi cance.
In contrast, non-biological zeros arise in the process of generating the sScCRNA-
seq data, resulting in a loss of information regarding actual gene expression.
Non-biological zeros can be separated into technical zeros and sampling ze-
ros. Technical zeros originate from lack of reverse transcription (RT) ef ciency
which can differ between transcripts. Sampling zeros result from a limited se-
quencing depth. Since the cDNA is randomly sampled during sequencing,
transcripts with fewer cDNA copies are more likely to be missed. One reason
why there are not enough cDNA copies from a transcript is due to the ampli ca-
tion step in library preparation. Ampli cation ef ciency varies from transcript to

transcript, as it depends on the structure and sequence of the cDNA (Fu, Wu,
Beane, Zamore, & Weng, 2018; Tung et al., 2017). Therefore, transcripts that
are not suf ciently ampli ed have low levels of cDNA and are more likely to be
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missed during sequencing, resulting in sampling zeros (Jiang et al., 2022). In
addition to the high prevalence of observed zeros, numerous challenges exist
in scCRNA-seq data that are common to all scRNA-seq protocols. Two exam-
ples are the variable sequencing depth among cells and the variance in gene
expression that depends on gene abundance (Hafemeister & Satija, 2019).

1.4.3 Normalization of scRNA-seq data

Due to the distinct challenges posed by single-cell data, normalization methods
based on bulk samples are not appropriate for scRNA-seq data. Therefore,
various normalization methods exist for scRNA-seq data to overcome chal-
lenges described above, such as a high count of observed zero value, variety
of sequencing depth, and variable gene expression variance between highly
and lowly expressed genes. Several normalization methods exist, including, for
example, global-scaling approaches such as scran (L. Lun Aaron T.and Bach,
2016) and non-linear normalization methods such as scTransform (Hafemeis-
ter & Satija, 2019) and ZINB-WaVE (Risso, Perraudeau, Gribkova, Dudoit, &
Vert, 2018). Global-scaling approaches eliminate systematic biases specic
to a cell by scaling expression measures within each cell using a constant
factor (Vallejos Catalina A.and Risso, 2017). An example of this approach is
scran, which calculates size factors using linear regression across genes and
is based on the assumption that less than 50% of genes are differentially ex-
pressed between cells (L. Lun Aaron T.and Bach, 2016). To cope with the high
proportion of observed zeros, expression values are pooled across cells. Then,
the pool-based size factors are deconvolved to obtain cell-based size factors.
Non-linear normalization methods can be divided into methods that use zero-
in ated models and methods that use non-zero-in ated models. Zero-in ated
models are probabilistic two component models with a point mass at zero and
a Poisson or negative binomial (NB) distribution. Non-zero-in ated models,
however, include only a common distribution, such as a Poisson or NB distri-
bution. A non-linear normalization approach that use non-zero-in ated models
is scTransform. It ts a regularized negative binomial (NB) regression for each
gene, while accounting for covariates such as sequencing depth. Since an un-
constrained NB regression leads to over tting, they regularize the model pa-
rameters by pooling information across genes with similar expressions (Hafe-
meister & Satija, 2019). A non-linear normalization approach that use zero-
in ated models is ZINB-WaVE. This method models the read counts following
a zero-in ated negative binomial (ZINB) distribution. Here, cell-speci ¢ covari-
ates can also be implemented into the model (Risso et al., 2018).

There is no one normalization method that is superior in all instances (Luecken
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& Theis, 2019). Therefore, the choice of normalization method should depend
on the scRNA-seq protocol used to generate the data. According to Cole et al.
(2019), global-scaling methods are inadequate at accounting for complex batch
effects. Therefore, non-linear normalization methods are preferable in such
scenarios. Recent studies have shown that scRNA-seq data based on UMIs
are not zero in ated (Kim, Zhou, & Chen, 2020; Salomon et al., 2019; Sarkar
& Stephens, 2021; Silverman, Roche, Mukherjee, & David, 2020; Svensson,
2020; Townes, Hicks, Aryee, & Irizarry, 2019) and NB distribution or even Pois-
son distribution can be used to model the data (Kim et al., 2020). Therefore, for
UMI-based scRNA-seq datasets, non-zero-in ated models such as scTrans-
form are suitable. However, scRNA-seq data based on full-length protocols
need zero-in ated models such as ZINB-WaVE (Jiang et al., 2022).

1.5 Detection of CNAS

In the past, CNAs were detected using three different approaches: (1) array
Comparative Genomic Hybridization (aCGH), (2) bulk RNA sequencing, and
(3) single-cell RNA sequencing (Li & Olivier, 2013; Mallory, Edrisi, Navin, &
Nakhleh, 2020).

Array Comparative Genomic Hybridization (CGH) uses uorescence intensi-
ties that are emitted from an array of probes. The probes are DNA sequences
of regions you want to analyze. Test and reference samples with different u-
orescent dyes are mixed together and hybridize to the target probe. A variety
of computational methods (Ha et al., 2012; Olshen, Venkatraman, Lucito, &
Wigler, 2004; Shah et al., 2006) have been developed that take the ratio of
the uorescence intensities to infer relative CNAs (Mallory et al., 2020). How-
ever, array CGH has limitations in resolution and throughput (Czyz, Hoffmann,
Schlimok, Polzer, & Klein, 2014).

Next-Generation Sequencing (NGS) technology overcomes these limitations.
The entire genome of multiple samples can be analyzed in parallel at the nu-
cleotide level. Reads are aligned to a reference genome, and at each position,
the number of assigned reads can be counted, which is called read depth (Mal-
lory et al., 2020). Many computational methods (Boeva et al., 2012; Chiang
et al., 2009; Ivakhno et al., 2010; Mosen-Ansorena et al., 2014) were devel-
oped to compare the read depth between different regions and infer CNAs.
Furthermore, paired-end NGS data gives an additional layer of information to
identify CNAs (Abyzov, Urban, Snyder, & Gerstein, 2011; Malekpour, Pezeshk,
& Sadeghi, 2018; Medvedev, Fiume, Dzamba, Smith, & Brudno, 2010). Lim-
itations are the high false positive rate due to GC bias and repetitive regions
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(Jang & Lee, 2019; Mosen-Ansorena et al., 2014).

In the past years, single-cell DNA sequencing (sScDNA-seq) became a popular
technology to detect CNAs at the single-cell resolution. The CNA detection is
similar to the detection from bulk RNA sequencing data. However, limitations
are the high rate of false positives due to uneven coverage and allelic dropout
(N. E. Navin, 2014). Therefore, different laboratory protocols and computa-
tional methods are needed. For example, different PCR ampli cation tech-
niques are used such as MALBAC (Zong et al., 2012) and LIANTI (C. Chen et
al., 2017). Moreover, computational methods to detect CNAs from scDNA-seq
are for example AneuFinder (Bakker et al., 2016; van den Bos et al., 2016),
CopyNumber (Nilsen et al., 2012), and Ginkgo (Garvin et al., 2015).

1.5.1 Detection of CNAs in single cells

There are many tools available that detect changes in copy number using bulk
whole genome sequencing data (Krumm et al., 2012). However, the detec-
tion of CNAs in single cells has several advantages in comparison to bulk ap-
proaches. First, rare CNAs can be identi ed that would remain hidden if a bulk
of cells is analyzed and the signal to detect the CNAs is averaged across the
cells. In addition, since the detected mutations are in the same genome, the
interaction between the different mutations can be analyzed (Ren et al., 2022).
However, the detection of CNAs in single cells remains challenging. Several
methods are developed to detect CNAs in single cells from sequencing data.
The most direct method to infer CNAs is sScDNA-seq, since CNAs affect primar-
ily the genome of a cell (De, 2011). However, detecting CNAs from scRNA-seq
data has become a popular approach. In the following sections, both detection
strategies are addressed.

1.5.1.1 Inference of CNAs from scDNA-seq data

The major limitation of scDNA-seq is the limited amount of DNA, requiring
WGA during the preparation of the sequencing library (Mallory et al., 2020).
Nonetheless, WGA leads to ampli cation bias and a non-uniformly coverage
of reads across the genome. CNA detection requires a uniformly sequenced
genome to ensure that the read-count uctuations re ect the changes in copy

number (N. E. Navin, 2014). Otherwise, the true CNA signal cannot be distin-
guished from the ampli cation bias resulting in false-positive CNA calls (Mal-
lory et al., 2020). To overcome this issue, different WGA protocols exist that
ensure uniformity including DOP-PCR (Arneson, Hughes, Houlston, & Done,
2008), LIANTI (C. Chen et al., 2017), TnBC (Xi et al., 2017), and multiple an-
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nealing and looping-based ampli cation cycles (MALBAC) (Zong et al., 2012).
In addition, several computational methods exist that detect CNAs from scDNA-
seq data such as AneuFinder (Bakker et al., 2016; van den Bos et al., 2016),
CopyNumber (Nilsen et al., 2012), Ginkgo (Garvin et al., 2015), CHISEL (Za-
ccaria & Raphael, 2021), SCOPE (R. Wang, Lin, & Jiang, 2020), SCICoNE
(Kuipers, Tuncel, Ferreira, Jahn, & Beerenwinkel, 2020), HMMcopy (Shah et
al., 2006), and SCNV (X. Wang, Chen, & Zhang, 2018). Detection of CNAs
from scDNA-seq data includes the following seven steps which occur in almost
all methods: (1) Binning, (2) GC correction, (3) Mappability correction, (4) Re-
moval of outlier bins, (5) Removal of outlier cells, (6) Segmentation and, (7)
Calling the absolute copy numbers (Mallory et al., 2020).

First, the genome is divided into bins of xed or variable bin size so that reads
within a bin can be aggregated to reduce noise (Figure 6a). A variable bin size
was introduced to reduce false positive calls of deletions in repetitive regions
(N. Navin et al., 2011).

Second, the read counts are corrected for GC bias (Figure 6b). GC bias refers
to the phenomenon where regions with extremely low and very high GC con-
tent exhibit lower read coverage (Bentley et al., 2008; Yoon, Xuan, Makarov,
Ye, & Sebat, 2009). To remove this bias, for each bin the read counts are
modeled with respect to the GC content and the read counts in each bin are
corrected.

Third, the read counts are corrected for the mappability of a region (Figure 6c).
Regions with repetitive sequences have lower mappability and therefore lower
read coverage. The read counts are modeled with respect to the mappability
and the read counts are normalized to remove the learned effect.

Next, outlier bins and cells are removed (Figure 6d and e). Outlier bins are
bins with extreme CG content or very high read counts and are often located
near the centromere and telomere. Outlier cells are identi ed by their low
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sequencing coverage or high Gini index indicating noisy read counts.

Figure 6: Detection of CNAs from scDNA-seq data includes seven steps: a)
Binning, b) GC correction, c) Mappability correction, d) Removal of outlier bins,
e) Removal of outlier cells, f) Segmentation and, g) Calling the absolute copy
numbers (Mallory et al., 2020).

The last two steps for CNA detection are segmentation to identify the CNA
boundaries (Figure 6f) and calling the absolute copy numbers for each seg-
ment (Figure 6g). Three different approaches exist to identify the boundaries:
(1) sliding-window approach, (2) objective function-based approach, and (3)
Hidden Markov Model (HMM) based approach. The sliding-window approach
uses a statistical test to identify regions having different read counts than other
regions (Figure 7a). The objective function-based approach models the read
count using a piecewise constant function that best ts the data and has the
fewest changes (Figure 7b). The Hidden Markov Model (HMM)-based ap-
proach combines segmentation and absolute copy number calling in a single
step (Figure 7c). The HMM states represent the various possible absolute copy
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numbers, and the transitions indicate a change in segment, indicating a CNA
boundary. Finally, a non-negative integer copy number is determined for each
segment. The ploidy is determined by nding a multiplier that leads to a nal
copy number that is closest to an integer number (Mallory et al., 2020).

Figure 7: Different segmentation approaches (Mallory et al., 2020). a) Slid-
ing window approach, b) objective function approach, and ¢) HMM-based ap-
proach.

1.5.1.1.1 Circular Binary Segmentation

Circular Binary Segmentation (CBS) is a segmentation algorithm that detects
changepoints in sequential data described in Olshen et al. (2004). It was origi-
nally developed to identify copy number changes in array CGH data. However,
it is currently extensively employed used for the purposes of analyzing copy
number in genome sequencing data, including bulk DNA-seq and scDNA-seq.
It is implemented in the R package DNAcopy (VE & A, 2020) and is used, for
example, in the R packages CNVkit (Talevich, Shain, Botton, & Bastian, 2016)
and Ginkgo (Garvin et al., 2015) for CNA detection. Circular Binary Segmen-
tation (CBS) recursively divides the genome in segments that have different
probe or count distributions than their neighboring segments (BioDiscovery,
2023). The main idea is based on a changepoint detection method from Sen
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and Srivastava (1975). Here, a changepoint is inferred by nding the maximum
difference between the means of two segments. A t-test is then performed to
test whether the difference is signi cant. If this is not the case, the changepoint
is removed (Figure 8). The original approach tests for only one change-point
at a time (Olshen et al., 2004). Therefore, changepoints of small segments
within a large segment cannot be detected (Venkatraman, Stanford, & 94305,
1992). CBS overcomes this issue and extends the approach by testing for no
change against two changepoints. They imagine that the data is wrapped into
a circle and divides the circle into arcs. Here, changepoints are determined
to maximize the differences in the means between all three segments. If the
difference is signi cant, then, the algorithm is recursively applied to all three
segments. Note that CBS allows for both a single change and two changes
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(BioDiscovery, 2023; Olshen et al., 2004).

Figure 8: Basics of CNA calling using the CBS algorithm (BioDiscovery, 2023).
a) Datapoints that are used as input for segmentation. Numbers on the right
corresponds to the CNA state. 2/2 is copynumber neutral , b) c)

1.5.1.2 Inference of CNAs from scRNA-seq data

There are several advantages of CNA inference from scRNA-seq data. First,
RNA sequencing provides information about the transcriptional state of a cell
and can be used to infer the cell type (Chung Woosungand Eum, 2017; Patel
et al., 2014; Tirosh et al., 2016). Hence, the genomic landscape can be eas-
ily compared between cell types. Moreover, by combining the genomic and
transcriptomic landscape, the functional effects of CNAs on gene expression
and their dysregulation can be deciphered (Fan et al., 2018). One way to com-
bine the genomic and transcriptomic information is to simultaneously sequence
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DNA and RNA from the same single cell to obtain both molecular layers. How-
ever, the simultaneous sequencing of DNA and RNA from the same single cell
is technically challenging (Bian et al., 2018; Macaulay et al., 2015; Zachariadis
et al., 2020). Therefore, there is a need for algorithms to derive CNAs di-
rectly from scRNA-seq data. Additionally, an advantage of CNA inference from
scRNA-seq data is the continually evolving scRNA-seq protocols, resulting in
a growing number of sScRNA-seq datasets (Svensson, da Veiga Beltrame, &
Pachter, 2020). Furthermore, RNA sequencing is less expensive than whole-
genome or whole exome sequencing (Sboner, Mu, Greenbaum, Auerbach, &
Gerstein, 2011). Therefore, several methods have been developed to infer
CNAs from scRNA-seq data: InferCNV (Tickle, Tirosh, & Haas, 2017), Hon-
eyBADGER (Fan et al., 2018), CaSpER (Serin Harmanci, Harmanci, & Zhou,
2020) CopyKAT (Gao et al., 2021) and XClone (R. Huang et al., 2023). All
methods are based on the assumption that gene expression is correlated with
gene copy number. Genes affected by an ampli cation have a higher expres-
sion, while genes affected by a deletion have lower gene expression. In addi-
tion, the methods need to remove natural uctuations in gene expression, to
suppress gene-speci ¢ expression patterns and emphasize the copy number
signal (Boen, Wagner, & Di Nanni, 2021; Chung Woosungand Eum, 2017; Pa-
tel et al., 2014; Tirosh et al., 2016). InferCNV takes the average of the relative
expression levels of a large number of genomically adjacent genes; CaSpER
uses a multiscale signal processing framework; HoneyBADGER combines an
iterative HMM and Bayesian hierarchical model; CopyKAT uses a Bayesian
segmentation approach; and XClone emphasizes the signals of read depth
and allelic imbalance by smoothing the signals across neighboring cells. A
main difference between the methods lies in the required inputs. InferCNV
and CopyKAT use only the gene expression matrix as input. However, Hon-
eyBADGER, CaSpER and XClone use two types of signals to infer the CNAS:
gene expression pro les and allelic-imbalance. Thus additionally to the gene
expression matrix the aligned RNA-seq BAM les are needed to create allele
frequency pro les. Since this study focuses on the inference of CNAs from
gene expression matrices, HoneyBADGER, CaSpER and XClone are not fur-
ther discussed.

1.5.1.2.2 InferCNV

InferCNV uses a sliding window approach to infer CNAs from scRNA-seq data
in cancer cells. First, genes are sorted based on their chromosomal location.
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Second, a sliding window is applied where the average expression of genomi-
cally adjacent genes is computed. This removes gene-speci ¢ expression pat-
terns and emphasizes the gene copy number signal. Third, a reference CNA
pro le based on normal cells is created. Finally, the normal reference CNA
pro le is subtracted from the CNA pro le of the cancer cells to determine the

nal cancer CNA pro les (Boen et al., 2021; Tickle et al., 2017).

Additionally, de-noising lIters can be activated to reduce noise. Cutoffs are
based on the standard deviation of the residual normal expression values. Fur-
ther, inferCNV includes a HMM to infer CNA breakpoints and predict six CNA
levels, namely: complete loss, loss of one copy, neutral, addition of one copy,
addition of two copies and more than two copies.

1.5.1.2.3 CopyKAT

CopyKAT is specially developed for very sparse data from single cell proto-
cols that sequence only the 3' or 5' end (Gao et al., 2021). The purpose of
the method development is to distinguish healthy cells from tumor cells in the
tumor microenvironment. CopyKAT combines a Bayesian approach with hier-
archical clustering. First, expression levels variance is stabilized using Free-
man-Tukey transformation and expression levels are smoothed using a poly-
nomial dynamic linear modeling. Second, hierarchical clustering is used to
detect a subset of diploid cells which then can be used as a baseline CNA
pro le. After pooling the cells into clusters based on the hierarchical clustering
approach, a Gaussian mixture model (GMM) is used to estimate the variance
of each cluster. The cluster with the least variance is classi ed as diploid cells.
The CNA pro le of these diploid cells is used as a normal reference to ob-
tain relative expression pro les for the tumor cells. Third, breakpoints where
the copy number changes are detected using a Bayesian method. CopyKat
calculates posterior means per gene window using a Poisson-gamma model
and Markov chain Monte Carlo (MCMC). Finally, Kolmogorov—Smirnov (KS)
tests are applied to combine adjacent windows. The nal CNA scores are
determined by calculating the posterior means for all genes in one combined
window (Boen et al., 2021; Gao et al., 2021).

1.5.1.2.4 CNA inference from spatial transcriptomics data

Additionally, several methods exist that infer CNAs from spatial transcriptomics
and can study the spatial heterogeneity of the CNAs in a tissue, such as
STARCH (Elyanow, Zeira, Land, & Raphael, 2021), STmut (L. Chen et al.,
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2023) and SlideCNA (D. K. Zhang et al., 2022). Both STARCH and SlideCNA
infer CNAs from spatial transcriptomics and are based on the assumption that
neighboring cells are likely to have similar CNA pro les. STARCH assigns
each spot containing neighboring cells to a clone and infers the CNA pro le
for each clone. To do this, they take advantage of the spatial dependencies
between clones for neighboring spots and the regional dependencies between
copy number across neighboring genes (Elyanow et al., 2021). SlideCNA is an
expansion of the InferCNV algorithm that combines neighboring cells using a
spatial binning step to enhance the signal. STmut uses CNVKkit-RNA (Talevich
& Shain, 2018) which infers CNAs from bulk RNA sequencing data. Since this
study focuses on the inference of CNAs from scRNA-seq data, these methods
are not further discussed.

2 Aims of the study

Understanding the role of somatic mutations in healthy tissue over time is im-
portant to gain more insights into the development of normal tissues (Coorens
et al., 2020). The quanti cation of the mutational landscape in healthy human
tissue can help to better understand how they contribute to aging, cancer and
other diseases.

More and more studies show the accumulation of somatic mutations in different
healthy tissues. However, they still have limitations. Within these studies small
pieces of tissue (Martincorena et al., 2018, 2015a; Yokoyama et al., 2019) or
microscopically visible structures derived from a subset of single cells (Brunner
et al., 2019; Lee-Six et al., 2019; Martincorena, 2019; Moore, Cagan, et al.,
2020; Moore, Leongamornlert, et al., 2020) are sequenced. Bulk cells are
sequenced instead of single cells. This limits the studies to a limited number of
spatial regions that can be collected, to a limited selection of tissues and to the
study of clonal mutations. Additionally, since clonal CNAs are rare in healthy
tissues, these studies are limited only to study the role of somatic SNVs in
aging and tumor development.

This project overcomes this limitation by not only introducing an approach to
retrieve somatic CNAs from individual cells in healthy tissue, but also by in-
vestigating the role of CNAs in healthy tissues and the neoplastic transition to
cancer. Thus, this study has three aims: (1) develop and validate a CNA call-
ing method that infers CNAs from scRNA-seq data in healthy cells, (2) quantify
CNA mutation rates in different healthy tissues and cell types and different
ages and (3) investigate the functional consequences of CNAs in healthy hu-
man cells.
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3 Methods

3.1 Processing of the scRNA-seq datasets

3.1.1 Download

The datasets were downloaded from the Gene Expression Omnibus (GEO),
ArrayExpress and the Genome Sequence Archive (GSA). All accession num-
bers are deposited in the Supplementary tables 1, 2 and 3. Gene annota-
tion was obtained from GENCODE (https://www.gencodegenes.org/human/
releases.html ) where release 19 was used for the genome assembly version
GRCh37.p13 (hg19) and release 43 was used for version GRCh38.p13.

3.1.2 Filtering

All datasets were lItered for low quality cells and doublets. Within each cell
type, cells with library sizes greater than 3 median absolute deviations above
or below the median were removed.

3.2 RNAZ2CNA: Inference of CNAs in healthy scRNA-seq data

For inference of CNAs in healthy single cell RNA-sequencing (scRNA-seq)
data, raw read counts from scRNA-seq data with cells in columns and genes
in rows are required as input to get a relative CNA pro le per cell as output.
The inference of CNAs in healthy scRNA-seq data consists of four steps. First,
the cells and genes in the dataset were ltered and normalized. Second, an
xed moving window smoothed the gene expression across the genome. This
step is based on the idea that averaging the gene expression across a large
genomic region suppresses individual gene-speci ¢ signals and emphasizes
the CNA signal. Third, the gene-speci c CNA states were smoothed and CNA
boundaries were inferred to get CNA segments. Finally, adjusted p-values
(FDR) for ampli cations and deletions that are based on a background CNA
pro le were computed to get the nal CNA pro les.

The work ow is described in more detail in the following section.

3.2.1 Step 1: Pre-processing and Normalization

Filtering

First, we lter out low quality cells, by removing cells with less than 2.000
detected genes and we remove lowly expressed genes that are present in less
than 10% of the cells.
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Normalization with  scTransform

scTransform is a sScCRNA-seq normalization method that aims to remove the
cell-to-cell variation in scRNA-seq datasets due to technical factors, e.g. se-
quencing depth, while maintaining the biological heterogeneity (Hafemeister &
Satija, 2019). The normalization work ow is implemented in the R package
scTransform and Seurat.

A regularized negative binomial regression (NB) is tted for each gene that
includes the sequencing depth, donor and cell type information as covariates.
Since an unconstrained NB leads to over tting, they regularize the model pa-
rameters by pooling information across genes with similar expressions (Hafe-
meister & Satija, 2019). The pearson residuals where the covariates are re-
gressed out were used for the subsequent steps. Note, that adding donor and
cell type information as covariates removes germline CNAs, but also accounts
for cell type expression patterns to avoid that a CNA is called only because the
expression of genes are upregulated in a speci c cell type.

3.2.2 Step 2: Fixed moving window

First, the normalized expression values of each cell are centered by subtracting
the mean expression across all genes. Subsequently, a xed moving window
with the size of 150 genes is applied to average the gene expression across
neighboring genes. To do this, the gene expression pro les were smoothed
with respect to the chromosome boundaries by taking the mean CNA score of
150 neighboring genes:

. i+}§0=2 Ci .
rCN (i) . 150+ 1
where rCN (i) is the relative CNA score of genei in cell k and ¢ is the normal-
ized expression value of gene i in cell k. Individual gene-speci ¢ expression
is suppressed and the CNA signal emphasized. Genes which are not at least
half a window size away from the chromosome boundary were excluded.

3.2.3 Step 3: CBS - Inference of CNA breakpoints

The Circular Binary Segmentation (CBS) algorithm Olshen et al. (2004) imple-
mented in the package DNAcopy VE and A (2020) was applied to nd CNA
boundaries to infer CNA segments from gene-level CNAs. First, outliers are
detected based on the standard deviation of the entire data and smoothed
using the function smooth.CNA with default parameters. Subsequently, the
function segment was used to apply the CBS algorithm to segment the relative
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copy number scores per gene into regions of estimated equal copy number.
The minimum number of genes for a changed segment was set to 5 (min.width
= 5) and splits between two CNA segments were undone if the means were
not at least 20 standard deviations (SDs) apart (undo.SD = 20).

3.2.4 Step 4: P-value calculation

3.2.4.1 CNA noise background distribution

Permutation

The normalized expression values were permuted for each cell between genes
to capture the sequence depth per cell. The following CNA calling work ow
(Step 2-3) including the sliding window and CNA breakpoint detection was also
applied on the permuted data to get a CNA background distribution.

P-value calculation and FDR correction

P-values for detecting ampli cations and deletions were calculated based on
the background CNA distribution. The p-values were corrected for multiple test-
ing by calculating the false discovery rate (FDR) for each CNA call (Benjamini
& Hochberg, 1995). The inferred CNAs with a FDR above a certain threshold
(0.05, 0.1, 0.2, 0.3) were set to normal CNA state.

3.3 Method Development

3.3.1 Normalization

A major issue in sScRNA-seq data is cell-to-cell variation due to technical fac-
tors, e.g. sequencing depth. Therefore, normalization is required to correct for
this while maintaining the biological heterogeneity. For this reason, RNA2CNA
was further improved by normalizing the scRNA-seq data that is used as an
input. Two normalization methods were compared: scTransform (Hafemeister
& Satija, 2019) and ZINB-WaVe (Risso et al., 2018).

3.3.1.1 ZINB-WaVE

Since scRNA-seq data is zero-in ated, we chose a normalization method that
models the read counts following a zero-in ated negative binomial (ZINB) dis-
tribution implemented in the R package zinbwave (Risso et al., 2018). We tted
a zero-in ated negative binomial distribution to account for donor and celltype
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information using the parameter K=0. Subsequently, the normalized values
were extracted using the parameter normalizedValues.

3.3.1.2 scTransform

scTransform is a scRNA-seq normalization method that aim to remove the
cell-to-cell variation in scRNA-seq datasets due to technical factors, e.g. se-
quencing depth, while maintaining the biological heterogeneity. Hafemeister
and Satija (2019) addressed this by using a regularized negative binomial re-
gression (NB) for each gene that includes the sequencing depth per cell as
a covariate. Since an unconstrained NB leads to over tting, it regularizes the
model parameters by pooling information across genes with similar expres-
sions. The method is based on the assumption that most genes do not have
biological variation in the dataset (similar to DESeq2) (Hafemeister & Satija,
2019). The pearson residuals of the generalized linear model which corrects
for covariates such as sequencing depth were extracted and used as normal-
ized expression values.

The normalization work ow is implemented in the R package scTransform and
Seurat.

3.3.2 Moving Window

3.3.2.1 Adaptive moving window

The size of the adaptive moving window is cell-speci ¢ to account for the large
variance in sequencing quality of the cells and to deal with the dropouts. The
adaptive window size is adjusted based on the number of detected genes we
have in a cell, so that on average either 50 or 75 non-zero genes are in a
window. For high quality cells with many detected genes, the window can be
made smaller to increase the resolution. If a cell has low number of detected
genes, the window is larger to make sure to have enough non-zero expression
values in a window.

The (cell-speci c) size of the moving window my is based on the number of
detected genes d, the total number of genes that are included in the analysis
g and the variable n which de nes the average number of detected genes in
every smoothing window.

n
mg = —g

dy
Based on the quality of the dataset, n is set to 50 or 75 for low quality or high-
quality respectively.
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3.3.2.1.1 Derivation of the formula

The probability that a gene is measured is given by d—g']‘ and the average number

of detected genes n in the window my is given by,
d
n= Ek mg.

The window size my is set to contain on average n measured genes in the
window. Solve for my which results in the following equation:

3.3.2.2 Fixed moving window

The xed moving window was set to 150 based on a literature review.

3.4 Validation of RNA2CNA

3.4.1 Cancer tissue

The dataset from Bian et al. (2018) contains UMI and nonUMI scRNA-seq data
derived from colon cancer and the dataset from Zachariadis et al. (2020) con-
tains nonUMI scRNA-seq data derived from a of human colorectal carcinoma
cell line HCT116.

Bian et al. (2018) provided the CNA pro les inferred from single-cell bisul te
sequencing (scBS-seq). The CNA pro les from Zachariadis et al. (2020) were
inferred from scDNA-seq using Ginkgo Version 3.0.0 (Garvin et al., 2015) with
default parameters, with assistance from a student, Lunas Hahn.

3.4.2 Healthy tissue

CNA pro les were inferred from scBS-seq using Ginkgo Version 3.0.0 (Garvin
et al., 2015) using default parameters except for bin size of 10 Mbp and read
size of 101.

3.5 Oncogenic CNAs Download

Known oncogenes and tumor suppressor genes were downloaded from On-
cokB (https://www.oncokb.org/cancerGenes ). To de ne tissue-speci ¢ onco-
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genes and tumor suppressor genes, genes that were affected by CNAs in
that speci c tissue were downloaded from cBioPortal for Cancer Genomics
(https://www.cbioportal.org ). In other words, genes that were classi ed
as oncogenes and observed to be ampli ed in that tissue were classi ed as
tissue-speci ¢ oncogenes, and genes that are classi ed as tumor suppressor
genes and observed to be deleted in that tissue were classi ed as tissue-
speci ¢ tumor suppressor genes. This was done for pancreas tissue.

3.6 Comparison to existing methods

3.6.1 inferCNV

inferCNV (https://github.com/broadinstitute/infercnv ), version v1.3.3, was
applied to the datasets from Bian et al. (2018), Zachariadis et al. (2020) and

Bonder et al. (2023) using the default parameters (cutoff=1 and no normal cells
provided). The gene annotation input le was generated using the gtf to_position_ le.py
script provided by inferCNV. The output "preliminaryobservations" were used
because no further thresholds were applied on that output.

3.6.2 CopyKAT

CopyKAT (https://github.com/navinlabcode/copykat ), version v1.1.0, was
applied to the datasets from Bian et al. (2018), Zachariadis et al. (2020) and
Bonder et al. (2023) using the default parameters without providing normal
cells.

3.7 GO Enrichment

Gene Ontology (GO) enrichment was performed using the R package topGO
(version 2.54.0) using default parameters and the elimFisher method. Gene
Ontology (GO) terms were Itered based on signi cance, specically elim-
Fisher p-values less than 0.05. Additionally, we required at least 10 signi cant
annotated genes and an enrichment score of at least 1. Enrichment scores
were computed as the log2 ratio of observed signi cant genes to expected
genes.
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4 Results

4.1 CNA inference from scRNA-seq data using RNA2CNA

First, we developed and optimized an approach to infer CNAs from scRNA-seq
data in healthy cells. CNA calling from RNA level rather than DNA level has
three advantages: (1) more scRNA-seq datasets are publicly available, (2) cell
type information can directly be inferred, and (3) functional effects of CNAs on
the gene expression in the same cells can be investigated. The underlying
assumption of our approach is that CNAs lead to changes in gene expression
levels and by averaging the gene expression across a large genomic region
individual gene-speci c expression patterns are averaged out and the CNA
signal of a large region is emphasized (Patel et al., 2014; Tirosh et al., 2016).
This is achieved by using a moving window that smooths the gene expression
across the genome.

The method, called RNA2CNA, was previously developed in collaboration with
Luise Nagel and has been further optimized by two features: (1) tailored nor-
malization of the scRNA-seq data that is used as an input and (2) improving
the moving window approach.

4.1.1 Optimization of RNA2CNA approach

4.1.1.1 Identifying a tting normalization approach for the input data
given to RNA2CNA

When working with single-cell data, normalization is necessary to correct for
cell-to-cell variation in scRNA-seq datasets due to technical factors, e.g. se-
quencing depth, while maintaining biological heterogeneity. To optimize the
CNA calling approach, two normalization methods were tested and compared
to each other: scTransform (Hafemeister & Satija, 2019) and ZINB-WaVe (Risso
et al., 2018). ZINB-WaVe models the read counts for each gene following a
zero-in ated negative binomial (ZINB) distribution, whereas scTransform uses

a regularized negative binomial regression (NB), in which parameters are reg-
ularized by pooling information across genes with similar expression levels to
avoid over tting. Both approaches normalize the raw expression read counts

using a linear model where the effect covariates such as sequencing depth are
removed. The resulting pearson residuals from the model were then used as
normalizes expression values.

To compare how well RNA2CNA performs on data normalized with these dif-
ferent normalization approaches, a scRNA-seq dataset containing RNA and
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DNA information from the exact same cells (Zachariadis et al., 2020) was uti-
lized. The dataset from Zachariadis et al. (2020) contains non-UMI scRNA-seq
data derived from a human colorectal carcinoma cell line, HCT116. CNA call-
ing was performed on the scRNA-seq data using RNA2CNA and subsequently,
the inferred CNAs were compared with the CNA pro le, which had previously
been estimated based on the scDNA-seq data (see methods 3.4.1).

Figure 9: ROC curves depict CNA pro les derived from the dataset of Zachari-
adis et al. (2020), employing two different normalization methods scTrans-
form (red) and ZINB-WaVe (orange). The true positive rate (TPR) was plot-
ted against the false positive rate (FPR) across varying thresholds using
scDNAseq-called CNA pro les as the benchmark. The area under the curve
(AUC) was reported. Deletions (A) and ampli cations (B) were analyzed sep-
arately.

In the dataset from Zachariadis et al. (2020), RNA2CNA performs similarly
on scRNA-seq data normalized with either of the normalization approaches
introduced above (scTransform and ZINB-WaVE). For data normalized with
scTransform, the area under the curve (AUC) for the inferred deletions and
ampli cations are 0.739 and 0.691. Similarly, for ZINB-WaVe normalized data,
the AUC of the estimated deletions and ampli cations is 0.731 and 0.686.

Inferred deletions show a higher AUC when using the DNA-based CNA pro les
as ground truth, therefore, RNA2CNA shows a slightly better performance in
calling deletions compared to ampli cations independent of the applied nor-
malization approach. Finally, scTransform was chosen as the normalization
method for the CNA calling process in this study because of its widespread
use in the scRNA-seq eld (Germain, Sonrel, & Robinson, 2020). However,
no signi cant differences in performance were observed when using various
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scRNA-seqg normalization approaches, suggesting the robustness of the CNA
calling method RNA2CNA.

4.1.1.2 Optimizing the moving window step of RNA2CNA

A crucial step in CNA calling from scRNA-seq data is smoothing. This is im-
portant to ensure that the inferred CNAs re ect large CNA alterations and are
not in uenced by individual outliers. For instance, as scRNA-seq data are
zero-in ated and if a gene is not expressed, this does not necessarily have to
re ect a deletion. However, if genes over a large region of a chromosome are
not or only lowly expressed, the overall pattern is likely to re ect a deletion in
this chromosomal region.

In RNA2CNA, the smoothing is achieved with a moving window that slides
gene by gene across the genome. At each gene position, the average ex-
pression of all neighboring genes is calculated, providing a gene-speci c CNA
score. Note that genes that are not at least half a window size away from the
chromosome boundary were excluded. However, the size of the moving win-
dow, which represents how many neighboring genes are used for averaging,
needs to be set.

We used two different approaches: (1) an adaptive moving window, which is
based on the number of detected genes, and (2) a xed moving window. In
the case of the adaptive moving window, the window size changes for each
cell (see method section 3.3.2.1), for the xed moving window approach the
window size is set to always include 150 genes (see method section 3.3.2.2).

Figure 10: ROC curves of called CNA pro les inferred from the validation
dataset from Zachariadis et al. (2020) using an adaptive moving window (or-
ange) and a xed moving window (purple).
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The xed moving window slightly outperforms the adaptive moving window.
Here, the xed moving window achieves AUCs of 0.739 for deletions and 0.691
for ampli cations, whereas the adaptive moving window scores AUCs of 0.729
for deletions and 0.655 for ampli cations.

Selecting the optimal moving window approach presents a challenge when
both exhibit similar performance. However, the adaptive moving window com-
plicates cell-to-cell comparisons of the inferred CNA pro les. When employing
the adaptive moving window, the window size decreases in cells with a higher
number of detected genes. Consequently, fewer genes are needed in a win-
dow, making it possible to call CNAs on smaller chromosomes. Hence, on
small chromosomes, CNAs can only be identi ed in cells with a higher num-
ber of detected genes. As cells featuring a higher number of detected genes
possess smaller window sizes, they get higher CNA scores, consequently re-
vealing higher CNA scores on smaller chromosomes. This issue is not present
when using the xed moving window. Given the minor performance differences
between the adaptive and xed moving window and to alleviate challenges in
comparing cells, we will use the xed moving window approach for subsequent
analyses.

To sum up, both the adaptive and xed moving window techniques perform sim-
ilarly well. However, the xed moving window was selected for further analysis

because it allows for comparison between individual cells, across cell groups
and therefore facilitates our downstream analysis.

4.1.1.3 Graphical overview of the RNA2CNA pipeline
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Figure 11: Overview of the CNA calling work ow RNA2CNA described in the method section 3.2.
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4.1.2 Validation of the optimized RNA2CNA pipeline

After optimizing our method, we aimed to validate the performance of RNA2CNA
in both cancer and healthy tissue.

4.1.2.1 RNA2CNA successfully infers CNA pro les in cancer tissue

The validation of the CNA calling method RNA2CNA in cancer tissue involved
the use of two scRNA-seq datasets that provided RNA and DNA information
from the exact same cell (Bian et al., 2018). One dataset, obtained from Bian
et al. (2018), includes UMI and non-UMI scRNA-seq data (for further details
see introduction section 1.4.1) from colon cancer. The other, obtained from
Zachariadis et al. (2020), includes non-UMI scRNA-seq data from the human
colorectal carcinoma cell line HCT116 and was previously used for optimiza-
tion of RNA2CNA in section 4.1.1. For all three datasets, RNA2CNA was used
to infer RNA-level CNAs from scRNA-seq data and for validation the DNA-level
CNAs pro les were used as reference (see section 3.4.1 and Supplement Fig-
ure 51, 52 and 53).

Receiver operating characteristic curve (ROC curve) curves were utilized to
evaluate RNA2CNA's performance in identifying ampli cations and deletions.
The CNA segments resulting from RNA2CNA were transformed into gene-level
CNA scores. These scores represent relative CNA values per gene and are
centered around 0. A score of zero represents no CNAs, positive values in-
dicate ampli cations, and negative values deletions. The absolute magnitude
of the CNA score holds no signi cance; rather, the focus lies in assessing the
method's ability to classify gene ampli cations or deletions. For this, the rel-
ative magnitude of a gene compared to all other genes in the same cells or
dataset is relevant. The CNA scores were not subjected to false discovery rate
(FDR) ltering, as in ROC curve curves various thresholds are applied to the
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classi er.

Figure 12: ROC curves of called CNA pro les inferred from the validation
datasets from Bian et al. (2018) (UMI: purple; nonUMI: orange) and Zachari-
adis et al. (2020) (green) using scTransform. The TPR was plotted against
the FPR using different thresholds. CNA pro les called from the scDNAseq
reported by Bian et al. (2018) and Zachariadis et al. (2020) were used as ref-
erence. The area under the curve (AUC) was reported. Deletions (A) and
ampli cations (B) were analyzed separately.

For UMI data from Bian et al. (2018), RNA2CNA achieved AUCs of 0.803 for
deletions and 0.755 for ampli cations. In contrast, for non-UMI data from both
Bian et al. (2018) and Zachariadis et al. (2020), the AUCs are 0.681 and 0.739
for deletions, and 0.64 and 0.691 for ampli cations, respectively. This sug-
gests that RNA2CNA performs better on UMI data. However, under stringent
thresholds (visualized in the bottom-left of the plot), RNA2CNA exhibits slightly
improved performance on the non-UMI data from Zachariadis et al. (2020).

In summary, RNA2CNA effectively detects CNAs from both UMI and non-UMI
scRNA-seq data in cancer tissue, yet its performance is marginally better on
UMI data than on non-UMI data.

4.1.2.1.1 Inference of biologically relevant CNAs in pancreatic cancer
cells

Ideally, validation of the novel CNA calling method RNA2CNA requires a dataset
where RNA and DNA information is available from the same cells from healthy

43



4 RESULTS
4.1 CNA inference from scRNA-seq data using RNA2CNA

human tissue. As this kind of data is to our knowledge currently not publicly
available for healthy human tissue, the knowledge about CNA events in cancer
cells was exploited to further validate the CNA calling method. Thus, a pan-
creas cancer dataset from Peng et al. (2019), where benign and cancer cells
from different patients with pancreatic ductal adenocarcinoma (PDAC) were
available, were used. RNA2CNA was developed for the purpose of identify-
ing CNAs in healthy cells. In order to prevent false positive CNA from being
called due to cell-type-speci c expression patterns, the expression values in
RNA2CNA were normalized per cell type. However, this approach also elimi-
nates clonal CNAs that occur in all cells or most cells from one cell type. Given
that cancer cells often exhibit these clonal CNAs, the cancer cells were down-
sampled and only a small fraction of them were analyzed together with the
majority of benign cells. This ensures that the CNA events present in the can-
cer cells do not occur in all cells of one cell type. Consequently, RNA2CNA
can detect the CNAs in the downsampled cancer cells, which can then be
used for further validation. The use of the downsampled cancer cells for vali-
dation allows us to take advantage of the fact that we know which CNAs more
commonly occur in them.

The origin of PDAC, the most common type of pancreatic cancer, is ductal
cells. Therefore, for subsequent analysis, only the ductal cancer cells were in-
cluded, as this is the cell type from which we expect to identify clonal CNAs that
are speci c for PDAC. It is expected that within a cancer patient, the majority
of ductal cancer cells share the same CNAs, as they are likely to have orig-
inated from the same original founder cell. A catalog of known copy number
alterations in PDAC was generated (for details see section 3.5). This catalog
is based on bulk sequencing of many cells from the same patient. For pur-
poses of comparison, we consider only those clonal CNAs that are frequently
observed in all ductal tumor cells from a patient. First, the fraction of common
CNAs within a patient was calculated and CNAs present in at least 50% of
the cells within a patient were categorized as clonal. This resulted in a sub-
set of high-con dence clonal CNAs per patient. Second, for each patient, the
percentage of clonal CNAs affecting an oncogene and tumor suppressor gene
were calculated. In other words, if an oncogene is ampli ed or a tumor sup-
pressor gene is deleted in at least 50% of the cells of a patient, this CNA was
interpreted as biologically relevant and categorized as a true CNA call. The
healthy donors serve as negative controls since, in non-cancer cells, we do not
expect to nd clonal CNAs affecting an oncogene or tumor suppressor gene.
This is because there is no high selective pressure for oncogenic mutations in

44



4 RESULTS
4.1 CNA inference from scRNA-seq data using RNA2CNA

healthy cells.

Finally, the percentage of clonal ampli cations (red) and clonal deletions (blue)
affecting an oncogene and tumor suppressor genes, respectively, was visual-
ized for each healthy donor and cancer patient.

Figure 13: Detection of biologically relevant clonal oncogenic CNAs in cancer
cells. The percentage of clonal ampli cations (red) and deletions (blue) affect-
ing an oncogene are visualized for each healthy donor (H1-H11) and cancer
patient (C1-C24).

As expected, clonal CNAs affecting an oncogene or tumor suppressor gene
were identi ed in cancer cells from 14 cancer patients. In ten cancer patients
(C2, C4-C6, C8, C10, C16, C17, C22, and C24), no clonal CNAs were de-
tected, as the percentage of cells carrying the same CNA was just below the
threshold of 50% (see Figure 54). A clonal CNA was de ned as a CNA present
in more than 50% of the cells within a single patient in the same gene. In
healthy donors, no clonal CNAs were observed affecting an oncogene or tu-
mor suppressor gene. This was expected and serves as a negative control.

In conclusion, this study validates the CNA calling method and indicates that
the method is able to detect true CNA calls in cancer cells.

4.1.2.2 Applying RNA2CNA with strict FDR thresholds in healthy tissue

To validate the performance of RNA2CNA in healthy tissue, the dataset from
Bonder et al. (2023) was used as it contains scCRNA-seq and matchedsingle-
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cell bisul te sequencing (scBS-seq) data from healthy mouse peripheral blood
samples. In scBS-seq sodium bisul te treatment of genomic DNA leads to the
conversion of unmethylated cytosines to uracil, while methylated cytosines re-
main unchanged, resulting in an unbiased sequencing of the whole genome.
Thereby, the whole genome sequencing information from scBS-seq can be
used to infer CNAs from the DNA-level in a single cell.

The dataset consists of two batches with 9 healthy mice and 11 annotated
cell types. scBS-seq data were Itered for cells containing at least 2e+5 reads
and scRNA-seq data were ltered for cells containing at least 2000 detected
genes to remove low quality cells. This results in a total of 384 cells containing
high-quality measurements for both the scBS-seq and scRNA-seq data.
Subsequently CNA calling was performed for both datasets separately. CNA
pro les were inferred from the scBS-seq using Ginkgo (Garvin et al., 2015)
(see details in section 3.4.2 and Supplement Figure 59), while for the sScCRNA-
seq data RNA2CNA was utilized (see details in section 3.2 and Supplement
Figure 60). The CNA pro les inferred from the scBS-seq were then used as
the ground truth to validate the CNA calls from RNA2CNA using ROC curves.
The FDR value provided by RNA2CNA is used to classify which genes are
ampli ed and which are deleted.

Figure 14: ROC curves of called CNA pro les inferred from the validation
datasets from Bonder et al. (2023). The TPR was plotted against the FPR
using different thresholds. CNA pro les called from scBS-seq using Ginkgo
(Garvin et al., 2015) were used as the true reference. The area under the
curve (AUC) was reported. Ampli cations (A) and deletions (B) were analyzed
separately.

Figure 14 demonstrates that for the here tested cells RNA2CNA performs well
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for ampli cation calling with an AUC of 0.75 for batch 1 and 0.978 for batch 2.
Additionally, for very strict thresholds (left corner) the false positive rate (FPR)
is close to zero and the true positive rate (TPR) increases sharply. For dele-
tions, RNA2CNA achieves an AUC of 0.584 for batch 1, whereas for batch 2 no
deletions were found in the reference set. It is important to note that for very
strict thresholds, the true positive rate (TPR) increases sharply.

In summary, RNA2CNA infers ampli cations and deletions in healthy mouse
blood samples when applying realistic thresholds.

4.1.3 RNA2CNA outperforms other existing CNA calling methods

Several methods exist to infer CNAs from scRNA-seq data: InferCNV (Tickle
et al., 2017), HoneyBADGER (Fan et al., 2018), CaSpER (Serin Harmanci et
al., 2020) and CopyKAT (Gao et al., 2021). They differ in the required inputs.
InferCNV and CopyKAT utilize gene expression data as their only input. In con-
trast, HoneyBADGER and CaSpER require both gene expression and aligned
RNA-seq BAM les in order to leverage allelic-imbalance signals. This study
focuses on methods that only use gene expression data. Therefore, the per-
formance of RNA2CNA is compared to that of InferCNV (Tickle et al., 2017)
and CopyKAT (Gao et al., 2021). InferCNV calculates the average of relative
expression levels across a large number of genomically adjacent genes, while
CopyKAT utilizes a Bayesian segmentation approach. Both methods are de-
scribed in more detail in the introduction section 1.5.1.2. It should be noted
that while RNA2CNA has been developed for the speci ¢ purpose of analyzing
healthy tissue, CopyKAT and InferCNV have been designed for the analysis of
cancerous tissue.

4.1.3.1 Cancer tissue and cell line

To assess the performances of different CNA calling methods, CNA pro les
from the datasets Bian et al. (2018) and Zachariadis et al. (2020) were inferred
using the three approaches mentioned above (see details in section 3.2, 3.6
and Supplement Figure 52, 51, 53, 55, 56). Note that the CNA scores outputs
on gene level with no thresholds applied are used to compute ROC curves.
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Figure 15: Performance comparison in cancer tissue of three CNA calling
methods: RNA2CNA, InferCNV and CopyKAT. ROC curves of called CNA pro-
les inferred from the cancer validation datasets from (A) Bian et al. (2018)
UMI, (B) Bian et al. (2018) nonUMI, and (C) Zachariadis et al. (2020) using the
CNA calling methods RNA2CNA (pink), InferCNV (blue) and CopyKAT (yel-
low). The TPR was plotted against the FPR using different thresholds. CNA
pro les called from the scDNAseq reported by Bian et al. (2018) and Zachari-
adis et al. (2020) were used as reference. The area under the curve (AUC)
was reported. Deletions and ampli cations were analyzed separately.
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In the dataset from Bian et al. (2018), RNA2CNA overall exhibits a slight per-
formance advantage over InferCNV and CopyKAT. For UMI data, RNA2CNA
achieves AUCs of 0.803 for deletions (compared to 0.781 and 0.736 for Infer-
CNV and CopyKAT, respectively) and 0.755 for ampli cations (versus 0.737
for InferCNV and 0.714 for CopyKAT). In the non-UMI data, the differences
are more narrow, with RNA2CNA obtaining AUCs of 0.681 for deletions (com-
pared to 0.637 for InferCNV and 0.644 for CopyKAT) and 0.64 for ampli ca-
tions (versus 0.625 for InferCNV and 0.643 for CopyKAT). In contrast, for the
dataset from Zachariadis et al. (2020), InferCNV performs best for deletions,
while CopyKAT achieved the highest AUC of 0.702. However, for strict thresh-
olds (displayed in the lower-left of the ROC curve), RNA2CNA performs best
for ampli cations. Speci cally, RNA2CNA achieves AUCs of 0.739 for dele-

tions (InferCNV: 0.88; CopyKAT: 0.755) and 0.691 for ampli cations (InferCNV:
0.65; CopyKAT: 0.702). Yet, under realistic thresholds, RNA2CNA slightly out-
performs CopyKAT for both deletions and ampli cations. When dividing the
dataset by chromosomes based on clonal and non-clonal CNA events (see
Supplement Figure 52 and 53)), RNA2CNA outperforms all three methods for
calling non clonal CNAs (see Supplement Figure 57and 58).

4.1.3.2 Healthy tissue

In this analysis, we compare the performance of the three CNA calling ap-
proaches, RNA2CNA, InferCNV (Tickle et al., 2017), and CopyKAT (Gao et
al., 2021) in healthy mice tissue. Bonder et al. (2023) provided scRNA-seq
and scBS-seq from the same cells in healthy mouse peripheral blood samples.
We inferred RNA-based CNAs from the scRNA-seq data using the three ap-
proaches mentioned above (see details in section 3.2, 3.6 and Supplement Fig-
ures 62, 60, 61) and DNA-based CNAs from the scBS-seq data using Ginkgo
(Garvin et al., 2015) (see details in section 3.4.2 and 4.1.2.2 and Supplement
Figures 59).
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Figure 16: Performance comparison in healthy tissue of three CNA call-
ing methods: RNA2CNA, InferCNV (preliminary results) and CopyKAT. ROC
curves of called CNA pro les inferred from the healthy validation datasets from
Bonder et al. (2023) using the CNA calling methods RNA2CNA (pink), Infer-
CNV (blue) and CopyKAT (yellow). The TPR was plotted against the FPR
using different thresholds. CNA pro les called from scBS-seq from Bonder et
al. (2023) using Ginkgo (Garvin et al., 2015) were used as reference. The area
under the curve (AUC) was reported. Deletions and ampli cations were ana-
lyzed separately.

In healthy tissue, RNA2CNA clearly outperforms CopyKAT and InferCNV in
calling ampli cations, with an AUC of 0.797 compared to 0.682 and 0.704 for
CopyKAT and InferCNV, respectively. For deletions, RNA2CNA achieves an
AUC of 0.591, CopyKAT 0.586 and InferCNV 0.643. For realistic FPRs thresh-
olds, however, all three methods perform similarly.

In summary, for cancer tissue under stringent thresholds with low FPRs, RNA2CNA
either exhibits superior performance or performs comparably to other methods
for detecting ampli cations across all datasets. Regarding deletions, RNA2CNA
outperforms other methods for the Bian et al. (2018) dataset, while InferCNV
performs better for the Zachariadis et al. (2020) dataset. However, it is essen-
tial to note that RNA2CNA was designed for use in healthy tissue and is not
speci cally intended to identify clonal CNAs. In contrast, InferCNV and Copy-
KAT were developed for use in identifying clonal CNAs from cancerous tissues.
Given that the dataset used in this study consists of cancerous samples, which
exhibit a high prevalence of clonal CNAs, it is essential to consider this when
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evaluating the performance of these CNA calling approaches.

In healthy tissue, RNA2CNA outperforms CopyKAT and InferCNV in calling am-
pli cations. For deletions, under stringent thresholds with low FPRs all three
methods perform similarly.
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4.2 Explorative analysis of tissue and cell-type-speci c CNA
mutation rates

Next, we aim to quantify baseline CNA mutation rates in different tissues and
cell types of healthy individuals. This study for the rst time establishes a muta-
tional map of human CNAs across multiple tissues and cell types. RNA2CNA
(FDR threshold of 0.1) was used to infer CNA segments for 11 tissues and 74
cell types from four different datasets (Baron et al., 2016; Muraro et al., 2016;
Peng et al., 2019; The Tabula Sapiens Consortium, 2022). We then assessed
the frequency and size of CNAs for various types of tissue and cell types. Fur-
thermore, we investigated the distribution of CNAs across the genome.

Figure 17: Number of detected genes per tissue from the The Tabula Sapiens
Consortium (2022) dataset. Dashed lines represent the 50% and 75% quan-
tiles of the number of detected genes across all tissues.

Investigating the number of detected genes in different tissues shows that this
can vary signi cantly (see Figure 17). As this affects the number of CNAs
that are inferred (see Figure 30), the 50% and 75% quantile of the number
of detected genes across all tissues were calculated. These were used as a
threshold, and only cells that lay between the 50% and 75% quantiles were
used for further analysis. Therefore, only cells depicting a similar number of
detected genes are utilized in the following comparison.
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4.2.1 The number of CNASs inferred varies between tissues

Given the observed differences in somatic mutation burden across different
tissues and cell types for SNVs and INDELs (Ren et al., 2022; Yizhak et al.,
2019), our study aims to investigate whether similar discrepancies exist in the
prevalence of CNAs between tissues.

Figure 18: Number of CNAs per cell from the The Tabula Sapiens Consortium
(2022) dataset. Comparison between A) ampli cations (red) and deletions
(blue) and B) between tissues.

Across all datasets and cell types, RNA2CNA inferred signi cantly more am-
pli cations than deletions (Figure 18 A, Wilcoxon test: p-value = 7.809e-12).
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Figure 19: Comparison of number of CNAs between tissue from the The Tabula
Sapiens Consortium (2022) dataset. Differences in the mean number of CNA
between tissue are visualized as color where blue indicates a lower and red a
higher mean number of CNAs. The comparison is made between the tissue
in the column and the tissue in the row. Pairwise Wilcoxon test, *: adjusted
p-value < 0.05.

Differences in the number of inferred ampli cations and deletions between all
tissues were assessed via a Kruskal-Wallis test (p-value < 2e-16). Then, a
post-hoc pairwise Wilcoxon test between each tissue pair was performed. A
higher mean number of CNA between the tissue in the column and the tissue
in the row is visualized in red, and vice versa, with signi cant differences indi-
cated by an asterisk (see Figure 19). Bone marrow tissue has signi cantly
more CNAs compared to all other tissues. Spleen tissue has signi cantly
more CNAs compared to all tissues expect bone marrow. Tongue, pancreas,
lymph node, thymus, and skin tissue have signi cantly more CNAs compared
to blood, large intestine, muscle, and prostate, and signi cantly fewer CNAs
compared to spleen and bone marrow. Prostate and muscle tissue have signif-
icantly fewer CNAs compared to skin, thymus, lymph node, pancreas, tongue,
spleen, and bone marrow, and signi cantly more CNAs compared to blood.

54



4 RESULTS
4.2 Explorative analysis of tissue and cell-type-speci c CNA mutation rates

Large intestine has signi cantly fewer CNAs compared to skin, thymus, lymph
node, pancreas, tongue, spleen, and bone marrow. Blood tissue has signi -
cantly fewer CNAs compared to all other tissues.

The differences in the number of CNAs may be related to differences in the
heterogeneity of the tissues. The Tabula Sapiens Consortium (2022) classi-
ed the cells into epithelial, endothelial, immune, and stromal compartments
based on morphology using conventional histology. Each tissue is composed
of varying amounts of these compartments. Thus, we conducted a compara-
tive analysis of CNAs across these four compartments.

Figure 20: Number of CNAs per tissue from the The Tabula Sapiens Consor-
tium (2022) dataset. Ampli cations (red) and deletions (blue) are visualized
separately.
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Figure 21: Comparison of number of CNAs between tissue from the The Tabula
Sapiens Consortium (2022) dataset. Differences in the mean number of CNA
between tissue are visualized as color where blue indicates a lower and red a
higher mean number of CNAs. The comparison is made between the tissue
in the column and the tissue in the row. Pairwise Wilcoxon test, *: adjusted
p-value < 0.05.

Figure 21 shows that immune and endothelial cells have signi cantly more
number of CNA compared to epithelial and stromal cells. Stromal cells have
signi cantly more number of CNA compared to epithelial cells and epithelial
cells have signi cantly fewer number of CNA compared to all other compart-
ments.

DSBs, which serve as the source of CNAs, are likely to occur during DNA repli-
cation. Hence, the proliferation rate of a cell may in uence the prevalence of
CNAs in that cell. However, the amount of CNAs in a cell may not only be af-
fected by its proliferation rate, but also by its function. Stem cells, for instance,
are known to proliferate extensively but maintain their genome integrity to per-
form their functions. Therefore, we categorized the cells into stem cells and
other cell types and compared the amount of CNAs between them.
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Figure 22: Number of CNAs of stem cells and all other cell types from the The
Tabula Sapiens Consortium (2022) dataset. Ampli cations (red) and deletions
(blue) are visualized separately.

Interestingly, Figure 22 shows signi cantly fewer CNAs in stem cells (Wilcoxon
test, p-value < 2.2e-16). This indicates a lower susceptibility to mutations which
is consistent with their role in tissue regeneration and their need to maintain
genetic integrity.

4.2.2 Inferred CNA sizes vary between tissues

In addition to the number of CNAs characterized in each cell, the size of the
CNAs in base pairs is also analyzed to see if CNAs sizes differ between tis-
sues.
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Figure 23: CNA size in base pairs per tissue from the The Tabula Sapiens
Consortium (2022) dataset. A) Comparison between ampli cations (red) and
deletions (blue) and B) between tissues.

Differences in size between ampli cations and deletions can be observed as
inferred deletions are signi cant larger than ampli cations (Wilcoxon test, p-
value < 2.2e-16) (see Figure 23 A).
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Figure 24: Comparison of CNA size in base pairs per tissue from the The
Tabula Sapiens Consortium (2022) dataset. Differences in the mean size of
CNA between tissue are visualized by color, blue indicates a lower and red a
higher mean size of CNAs. The comparison is made between the tissue in the
column and the tissue in the row. Pairwise Wilcoxon test, *: adjusted p-value <
0.05.

In addition, we overall detect that the sizes signi cantly differ between tissues
(see Figure 23 B, 24). The largest CNA sizes were found in muscle and skin
tissue, while the smallest CNA sizes were found in bone marrow. Overall, the
size differences may be observed due to technical biases. A possible expla-
nation could be that ampli cations generate multiple gene copies, providing
a stronger expression signal compared to deletions, which are restricted in
number. Therefore, deletions need to be larger in size to be reliably detected
compared to ampli cations.

4.2.3 CNA frequency across the genome differ between tissues

We further investigated the location of the inferred CNAs in the genome, aiming
to unveil whether there are tissue-dependent differences in the location where
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CNAs commonly occur. For this the frequency for ampli cations and deletions
at every gene position was calculated across all cells of each individual tissue.

Figure 25: Frequency of ampli cations across the genome for various types of
tissues from the The Tabula Sapiens Consortium (2022) dataset.

Figure 25 demonstrates different frequencies of ampli cations in different tis-
sues. In blood tissue 5%-10% of cells have ampli cations on Chromosome 4,
14, and 19. For the large intestine, ampli cation hotspots were observed on
the p-arm of Chromosome 4, the g-arm of Chromosome 8, Chromosome 9, the
g-arm of Chromosome 11, Chromosome 16, and the g arm of Chromosome
19. In bone marrow Chromosome 11 and 16 is often ampli ed. In muscle,
the lymph node, and the pancreas, no ampli cation hotspots were found. In
prostate tissue 5% of cells have ampli cations on Chromosome 2, 5, and the g-
arm of Chromosome 16 and Chromosome 19. For skin, ampli cation hotspots
were observed on the p-arm of Chromosome 1 and the g-arm of Chromosome
7. In the spleen, 10% of cells have ampli cations on parts of Chromosome
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1, Chromosome 4, and 14 For thymus 25% of the cells have hotspots on the
g-arm of Chromosome 16. Finally, in the tongue, 40% of the cells have ampli-
cations on part of Chromosome 1, 10% on Chromosome 4, and 20% on the
g-arm of Chromosome 19.

Figure 26: Frequency of deletions across the genome for various types of
tissues from the The Tabula Sapiens Consortium (2022) dataset.

Figure 26 shows deletion hotspots in different tissues. In blood tissue 5% of
cells have deletions on Chromosome 1 and 5 and 10% on Chromosome 19.
For Large intestine deletion hotspots were observed on parts of the g-arm of
Chromosome 1 and Chromosome 9. In bone marrow Chromosome 1 and 19 is
often ampli ed. In muscle, deletion hotspots on Chromosome 1, 4 and 19 were
found. In lymph node and pancreas tissue deletions were found on Chromo-
some 1 and 19. In prostate tissue 5% of cells have deletions on Chromosome
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1 and 10 and 10% of cells on Chromosome 10. For skin deletion hotspots were
observed on Chromosome 4 and 19. In Spleen 25% of cells have deletions on
parts of Chromosome 1 and 5% of cells on Chromosome 4 and 19. For thymus
5% of the cells have hotspots on the g-arm of Chromosome 16 and 19. Finally,
in tongue deletions were found on Chromosome 16 and 19.

In summary, there are differences in the number, size and location of CNAs
between tissues. This is expected because endogenous factors, such as pro-
liferation rates and tissue functions, and exogenous factors, such as exposure
to certain chemicals that affect the characteristics of CNAs, differ between tis-
sues.

In this dataset, more ampli cations than deletions were found. This might be
a technical bias due to different sensitivities of ampli cation and deletion de-
tection. In addition, bone marrow is the tissue with the most CNAs, and blood
is the tissue with the fewest CNAs compared to all other tissues. Notably, im-
mune and endothelial cells have more CNAs than epithelial and stromal cells,
indicating that the proliferation rate of a cell may in uence the prevalence of
CNAs in that cell. In contrast, epithelial cells have fewer CNAs than all other
compartments. Moreover, stem cells exhibit fewer CNAs compared to all other
cells, suggesting that the amount of CNAs in a cell may be affected not only by
its proliferation rate but also by its function.

When comparing the size of the CNAs, deletions are larger in size than ampli -
cations. This might be due to a technical bias, as deletions need to be larger in
size to be reliably detected compared to ampli cations. Skin and muscle have
larger CNAs, whereas in bone marrow smaller CNAs were found.

Although the frequencies of ampli cations and deletions vary across the genome
in different tissues, certain regions, including Chromosomes 1, 4, 5, 16, and
19, are commonly affected by CNAs.
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4.3 Exploring hematopoietic cell differentiation through phy-
logenetic analysis using CNAs

The bone marrow dataset from Tabula sapiens (The Tabula Sapiens Consor-
tium, 2022) was used to investigate the feasibility of using CNA pro les from
RNA2CNA to construct phylogenetic trees. This was exempli ed using data
from hematopoietic stem cells, aiming to compute phylogenetic trees that re-
ect the differentiation of different blood cells. The dataset included samples
from three different donors (TSP2, TSP11, TSP14) and consists of ten different
cell types: hematopoietic stem cell, myeloid progenitor, erythroid progenitor,
granulocyte, monocyte, macrophage, NK cell, CD8-positive alpha-beta T cell,
CD4-positive alpha-beta T cell, and plasma cell.

MEDICC2 (https://bitbucket.org/schwarzlab/medicc2/src ) published by
Kaufmann et al. (2021) was utilized to compute phylogenetic trees based on
CNAs. MEDICC2 is a method for inferring phylogenetic trees and identifying
whole genome doubling events using somatic CNAs from single-cell or bulk
data. The method is based on the Minimum-Event Distance between a pair of
copy number pro les. This is de ned as the minimum number of deletions and
ampli cations required to transform one genome into another (Kaufmann etal.,
2021). As suggested by Kaufmann et al. (2021), cells with zero CNAs (diploid
cells) were removed to reduce runtime. Since the input required consistent
segmentation across all cells, gene-level segments were used. The default pa-
rameters with the ag —total-copy-numbers were used since no allele-speci c
copy numbers were available. The phylogenetic tree was initially constructed
for all donors together to ascertain the plausibility of the phylogenetic relation-
ships.
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Figure 27: Phylogenetic tree based on the CNAs pro les for all donors com-
bined inferred by MEDICC2 (Kaufmann et al., 2021). Each dot represents a
single cell, which is colored based on its donor origin. The branch length rep-
resents the number of CNAs.

Figure 27 depicts the phylogenetic tree calculated based on the CNAs pro-
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les for all donors combined. Each dot represents a single cell, which is col-
ored based on its donor origin and the branch length represents the number
of CNAs. When all donors are combined, separation of the donor TSP2 and
TSP14 can be observed, suggesting that the phylogenetic tree derived from
the CNA pro les is meaningful. Cells from donor TSP11 do not cluster to-
gether. However, the cells from TSP11 have fewer CNAs.

Our observations indicated that phylogenetic trees based on CNAs pro les
can differentiate cells based on their origin when CNAs are available. Con-
sequently, phylogenetic trees were constructed for each donor individually to
further assess whether the phylogenetic tree represents the differentiation of
different blood cells from hematopoietic stem cells.
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Figure 28: Phylogenetic tree based on the CNAs pro les for each donor TSP2,
TSP11 and TSP14 inferred by MEDICC2 (Kaufmann et al., 2021). Each dot
represents a single cell, which is colored by cell type. The branch length rep-
resents the number of CNAs.
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Figure 28 illustrates that the two branches representing the common myeloid
progenitors and their descendants, colored in blue, and the cell types related
to the common lymphoid progenitors, colored in red, are well separated in
all three donors: TSP2, TSP11, and TSP14. This supports the notion that
the phylogenetic tree derived from CNAs re ects the differentiation process of
various blood cells from hematopoietic stem cells. Furthermore, it provides
evidence for the accuracy of the CNA calls.

It is anticipated that hematopoietic stem cells, which give rise to other cell
types, would exhibit fewer CNAs than differentiated cells, placing them closer
to the root of the phylogenetic tree. However, this expectation is not fully met in
our analysis. One potential reason for this discrepancy is the exclusion of cells
with zero CNAs from the analysis.

The cells from donors TPS2 and TSP14 exhibit a more distinct separation be-
tween the myeloid and the lymphoid cell lineages than those from TSP11. This
can be explained by the fact that a greater number of CNAs inferred for these
cells, which made it more straightforward to infer a phylogeny. In the absence
of CNAs, it is not possible to infer a phylogeny.

It can be concluded that the CNAs inferred by RNA2CNA can be used to infer

phylogenetic trees that illustrate the differentiation of different blood cells from
hematopoietic stem cells.
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4.4 Accumulation of CNAs in cells of healthy pancreas dur-
Ing aging

While the accumulation of somatic mutations during aging is well documented
in the context of SNVs and INDELs (Moore, Cagan, et al., 2020), to our knowl-
edge, the accumulation of CNAs with age has not been fully investigated. This
study aims to delineate how the mutational landscape of CNAs in healthy hu-
man tissues changes with aging by investigating whether CNAs accumulate
during aging. As the aim is to establish the aging pattern of CNAs indepen-
dent of a cancer signature, this analysis was performed on healthy cells. Given
the successful implementation of the CNA calling work ow, CNA calling with
RNA2CNA (FDR=0.1) was performed in three different pancreas scRNA-seq
datasets containing samples from healthy donors (Baron et al., 2016; Muraro
et al., 2016) and benign cells from cancer patients (Peng et al., 2019). Cell
types with at least 100 cells in at least two datasets were included.

Figure 29: Number of detected genes increases with age.

The datasets contain a total of 19 human donors, covering an age range from
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