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Abstract
 

Technological advancements, in the form of SNPs arrays and whole genome sequencing provided high-

throughput capability in investigating both the quantity and the sequence of cellular DNA. Throughout

their extensive applications, several types of variants have been identified to generate mosaicism, the

phenomenon characterized by the presence of cells with genetic differences within an organism. In

humans,  mosaicism  has  been  found  to  be  highly  pervasive  in  both  healthy  and  impaired  brains,

although its roles and its potential pathological effects are not yet fully understood. Among all the types

of  somatic  variants  found  to  concur  in  mosaicism,  single  nucleotide  variants  and  insertions  of

retrotransposons are of particular interest. Single nucleotide variants (SNVs) are mutations that affect

single positions of the genome, and although are predominantly physiological, due to the intrinsic error

rate of the DNA replication process [McCulloch and Kunkel, 2008], have been found to cause several

brain-related diseases, such as malformations of the brain  [Gleeson et al., 2000; Rivière et al., 2012]

and  severe  epileptic  brain  malformation  [Lee  et  al.,  2012;  Poduri  et  al.,  2012].  Retrotransposons

instead, are a class of repetitive elements which can mobilize within the genome and increase, as a

consequence of the process, their copy number. Through this, retrotransposons can shape the human

genome by generating structural variants and possibly lead to gene function alterations. Among all the

retrotransposons, the LINE-1 family (L1) is the only thought to be still active in humans, and therefore

able to concur to mosaicism. 

In Alzheimer’s disease (AD), which is the most common neurodegenerative disorder characterized by

the accumulation of plaques composed of amyloid β, neurofibrillary tangles containing Tau, synaptic

loss  and  neuronal  death,  mosaicism  has  been  detected.  A recent  publication  demonstrated  that  a

pathogenic SNVs in PIN1 gene, that result in the loss-of-function mutation of the protein, can lead to

tau  phosphorylation  and  aggregation,  suggesting  therefore  a  possible  link  between  SNVs  and  the

appearance of tau pathology in AD brains  [Park et al., 2019]. Moreover, multiple observation linked

AD-key proteins (such as Tau and TDP-43) with the reactivation of retrotransposons [Krug et al., 2017;

Saleh et al., 2019]. However, the real impact of SNVs and retrotransposons in AD still remain largely

unknown.
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Motivated by this lack of knowledge, I decided to investigate SNVs abundance and retrotransposon

copy  number  (CNV),  mainly  L1’s,  using  AD  post-mortem  tissue  samples.  Giving  the  current

technological  limitations  that  affect  mosaicism detection,  the  dataset  was  studied  by coupling  two

different strategies and by developing a new targeted sequencing approach. In order to call the highest

number of SNVs with the highest quality possible, the most dense SNP array available to date (i.e. with

the highest number of different SNP probes) was applied upon cerebellum, frontal cortex and kidney

samples that belonged to the same individuals. Despite arrays were also used to assess retrotransposon

CNV content, they are ineffective in the detection of new retrotransposition events. For this reason, and

to further expand SNVs detection to the whole genome, it was applied, as a second strategy, short-reads

high coverage  (~100x)  whole  genome sequencing additionally  extending  the  analyses  to  temporal

cortex and hippocampus tissues. Thanks to this approach, it was also unveiled, for the first time to my

knowledge, the presence of multi-nucleotide somatic variants in brain (MNVs), a class of variants

characterized by two nearby SNVs within the same haplotype.

Finally,  although  whole  genome  sequencing  strategies  were  proven  to  be  successfully  in

retrotransposition  genotyping,  being  able  to  uniquely  map  short  reads  originated  from  repetitive

elements to specific genomic regions is currently problematic. Therefore, CNVs, polymorphism and

structural variants in overlap with repetitive elements may remain undetected, an aspect that would be

even  more  exacerbated  for  somatic  variants.  To  improve  mapping  specificity  and  resolution,  we

developed a  targeted sequencing approach designed to  specifically  amplify  and sequence  both  the

genomic upstream and the 5’ region of a subset of ~3000 full-length L1. We named this technology

LIFE-seq from LINE-1 Five prime End sequencing. I contributed by developed an analysis pipeline

able to genotype sequenced loci, testing it upon a subset of the AD dataset.
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Chapter I: General introduction

Genomic mosaicism and its implications in diseases

It has been estimated that the human body contains 37.2 trillion of cells [Bianconi et al., 2013]. From

the earliest studies on the genetic material in 1952, it was erroneously assumed that all the somatic cells

of  an  individual  shared  the  very  same  DNA sequence.  Some  dermatological  disorders,  however,

historically provided the very first evidences that, within an individual, genomes can be different from

cell to cell. Color variegation that follows the lines of Blaschko (lines of normal cell development in the

skin) or heterochromia irides (a condition in which an individual has two iris with different colors), for

example, were indeed readily recognized as representing genetic differences  [Biesecker and Spinner,

2013].

The condition of having two or more population of cells with distinct genotypes is called Mosaicism

and takes its names from the intricate images created by craftsmen from small pieces of colored tiles, or

glass [Strachan and Read, 2018]. Depending on which parts of the body harbor the variant cells, and

the  potential  for  transmission  to  offspring,  mosaicism  can  be  classified  as  germinal,  somatic  or

gonosomal (a combination of germinal and somatic) [Biesecker and Spinner, 2013].

With the advent of cytogenetics in the 70’, researchers started to have the tools to study mosaicism in

more details,  by directly  assessing the DNA of cells  both quantitatively and qualitatively.  At first,

mosaicism was strictly observed in the context of pathologies, which were mainly tumors. It was found

that  mosaicism  was  primarily  imputed  to  chromosomal  aberration,  as  aneuploidy  and  segmental

aneuploidy.  However,  subsequent  technological  improvements  such  as  molecular  cytogenetics,

microarray-based and sequencing-based strategies, deeply increased the resolution limits and permitted

the  discovery  of  other  types  of  variants  implied  in  mosaicism.  These  were  copy number  variants

(CNVs) and single nucleotide variants (SNVs). On the other hand, the massive application of these new

technologies clarified that mosaicism is not only present in defective cells, but that it is also the natural

condition of all somatic tissues [Behjati et al., 2014; Frumkin et al., 2005; Lynch, 2010].
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1.1 Somatic single nucleotide variants are a physiological phenomenon 
that may lead to pathologies

Mosaicism can be generated by two main types of events: constitutive limitations to the fidelity of the

genetic  material  inheritance,  such  as  the  intrinsic  error  rate  of  DNA replication  [McCulloch  and

Kunkel,  2008],  and  contingent  alterations  of  the  genetic  material  [Lynch,  2010] promoted  by

environmental factors. Single nucleotides variants, which are mutation that affect one single nucleotide,

have  been  discovered  to  be  a  consistent  source  of  mosaicism  mainly  thanks  to  technological

advancement that allow researchers to reach single nucleotide resolutions. SNVs generation is highly

physiological, and mainly occurs during replication, with an  in vivo  estimated frequency of 10-9 per

replicative cycle  [Lynch, 2010; McCulloch and Kunkel,  2008].  Therefore,  three new mutations are

generated in the daughters of any dividing human cell. Considering only base substitutions in coding

regions, it has been estimated that each of the ~40 trillion cells of the human body would accumulate

100-1,000 de novo mutations during the first 15 years of life [Lynch, 2010], and this rate can be higher

taking into account other sources of variants generation, such as the effect of mutagens. 

This high level of point mutations per single cell led to the hypothesis that SNVs may be associated to

diseases while next generation sequencing (NGS) technologies allowed their identifications on a large

scale  of  samples.  Among  them,  non-overgrowth  mosaic  disorders  include  benign  keratinocytic

epidermal nevi, which have been demonstrated to be caused by mutations in fibroblast growth factor

receptor 3 (FGFR3), phosphatidylinositol-4,5-bisphosphate 3-kinase, catalytic subunit alpha (PIK3CA)

and different RAS family members  [Hafner et al., 2006, 2007, 2012]. A series of mosaic overgrowth

disorders was molecularly delineated, beginning with Proteus syndrome, which was shown to be due to

AKT1 mutations  [Lindhurst  et  al.,  2011],  and  followed  by  several  other  disorders.  These  include

asymmetrical  neuronal  migration  abnormalities  and  hemimegencephaly  caused  by  mutations  in

PIK3CA, AKT3, mammalian target of rapamycin (MTOR) and phosphoinositide-3-kinase, regulatory

subunit  2  (PIK3R2)  [Lee  et  al.,  2012;  Poduri  et  al.,  2012;  Rivière  et  al.,  2012],  and  non-CNS

fibroadipose overgrowth and CLOVES syndrome, which are both caused by PIK3CA mutations [Kurek

et al., 2012; Lindhurst et al., 2012]. 
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Different  types of nevus sebaceous syndromes are caused by mosaic HRAS and KRAS mutations

[Groesser et al., 2012], and Waldenström macroglobulinaemia are caused by a mutation in myeloid

differentiation primary response gene 88 (MYD88) [Treon et al., 2012].

Most of these overgrowth disorders are caused by mutations that are lethal in a constitutional state and,

in  addition,  are  found in tumors.  These phenotypes  have in  common that  they are hyperplastic  or

hypertrophic abnormalities that are related to the growth-promoting effects of these mutations, which

can thus manifest macroscopically even when occurring late in development. It is hypothesized that

these mutations  are  lethal  when constitutional,  because the  aberration of  growth regulation  should

severely disrupt early embryonic development. 

However, some growth-promoting mutations, such as activating mutations in FGFR3 associated with

achondroplasia, are compatible with viability and can be inherited in an autosomal dominant pattern

[Shiang et al., 1994; Rousseau et al., 1994]. Furthermore, prezygotic de novo FGFR3 mutations confer

a  substantial  survival  advantage  to  the  male  germ  line,  thus  increasing  the  degree  of  germline

mosaicism and also the frequency of transmission to affected offspring [Goriely and Wilkie, 2012].

While being extensively studied in tumors, SNVs were also found in neuronal tissues. Human brain is

composed by about 86 billion neurons in postmitotic states  [Azevedo et al.,  2009] and it has been

estimated that each of these continues to accumulate about 23 SNVs per year, approximately linearly

with age  [Lodato et al.,  2018]. Although roles and effects of SNVs in neurons are currently under

investigation, some findings, better elucidated in chapter 1.3, suggest mosaicism as a potential source

of brain-related disease.
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1.1.1 Multi-nucleotides variants are an underestimated source of variations

Multi-nucleotides  variants  (MNVs),  defined as  two or  more  nearby variants  existing  on  the  same

haplotype in an individual, are a clinically and biologically important class of genetic variation (figure

1-A).  The  analyses  of  genome data  from the  1000  Genomes  Project  [Auton  et  al.,  2015] (2,504

individuals)  and exome data  from the  Exome Aggregation  Consortium  [Lek  et  al.,  2016] (60,706

individuals)  led  to  the  identification  of  over  10,000  germinal  MNVs  altering  protein  sequences,

demonstrating the pervasive nature of MNV [Wang et al., 2020]. Studies of newly occurring (de novo)

MNVs have also  been performed  using  trio  data  sets.  As  part  of  the  Deciphering  Developmental

Disorders (DDD) study [The Deciphering Developmental Disorders Study et al., 2015], Kaplanis and

colleagues analyzed exome-sequencing data from over 6000 trios to quantify the pathogenic impact of

MNVs in  developmental  disorders,  showing that  such variants  are  substantially  more  likely  to  be

deleterious than SNVs. Moreover, they further clarified the mutational mechanisms at the bases of their

generation,  indicating  that  MNVs  signatures  can  be  ascribed  to  polymerase  zeta,  an  error  prone

translesion polymerase, and APOBEC DNA deaminases proteins [Kaplanis et al., 2019]. Overall, these

analyses  have  also  provided  estimates  of  the  germline  MNV rate  per  generation,  falling  into  a

consistent range of 1–3% of the SNV rate. Although these studies have provided valuable information

about the mutational origins and functional impact of MNVs, to date there has been few analyses that

investigated MNVs across  the entire  genome (including noncoding regions) in  many thousands of

deeply sequenced individuals,  limiting our understanding of the genome-wide profile and complete

frequency distribution of this class of variation.

Additionally,  despite their  potentially high impact on protein functions, it  must be noted that most

existing variant callers softwares still fail to correctly annotate MNVs. MNVs are usually reported as

multiple adjacent SNVs which often results in incorrect amino acid predictions [Wei et al., 2015]. This

software limitation is particularly affecting our understanding of somatic MNVs, which started to be

described only recently and only from tumor samples  [Srinivasan et al., 2020]. Notably, MNVs mis-

annotations has been observed to lead to incorrect conclusions on variants effects  [Srinivasan et al.,

2020]. This is easily understandable when a MNVs hit a single codon, where the overall impact may

differ from the functional consequences of the individual variants (figure 1-B) [Lek et al., 2016]. Taken

together, all these aspects make MNVs a clinically underestimated source of variations.
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Figure  1. A) Example of MNVs. MNVs are defined as multiple and nearby variants that exist on the same
haplotype and are thus present within the same read (right panel vs left panel); B) Example of MNVs impact in
coding regions with respect to MNVs mis-annotations. Mis-annotated SNVs (left table) may result in missense
and/or synonymous variants that hide the real functional impact of the correct MNV annotation (right table).
Taken from [Wang et al., 2020].

1.1.2 Mutational signature analyses

Nucleotide  variants  are  a  consequence  of  multiple  mutational  processes  that  can  have  both

physiological and pathogenic origin. Each single mutagen process creates a single and specific pattern

of nucleotide substitutions, termed as “mutational signature”, that historically was classified using a

six-class spectrum. The six classes are generally represented as couples of complementary nucleotides

(i.e. C∙G,  one nucleotide for each DNA strand),  followed by their  mutated form (i.e. > A∙T),  and

comprise:  C∙G > A∙T,  C∙G > G∙C,  C∙G > T∙A,  T∙A > A∙T,  T∙A > C∙G,  and  T∙A > G∙C.  However,

pioneering works of Alexandrov L.B. from Stratton’s group  [Alexandrov et al., 2013], changed this

classification by combining the six possible SNV classes together with their trinucleotide contexts (i.e.

the  triplet  of  nucleotides  that  is  generated  when  considering  also  the  upstream  and  downstream

nucleotides with respect to the SNVs), thus increasing the number of possible substitutions to 96. This

classification resulted in precise nucleotides substitution matrices that, through a non-negative matrix

factorization  (NNMF)  approach,  can  be  converted  into  specific  mutational  signatures.  Ultimately,

signatures can be also associated with known mutagen processes. In this regard, the identification of
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tobacco smoking signature from cancer samples can be a valid explanatory example. It was known for

almost 60 years that smoking tobacco was one of the most avoidable risk factors for cancer. However,

the detailed mechanisms by which tobacco smoke damages the genome and creates the mutations that

ultimately cause cancer were still not fully understood. Alexandrov and colleagues in 2016 examined

mutational signatures in over 5000 genome sequences from 17 different cancer types linked to smoking

[Alexandrov et al., 2016]. By applying a NNMF approach to the trinucleotide substitution matrices,

they found a complex pattern of mutational signatures.  One of these signatures,  called signature 4

(SBS4) and characterized by C∙G > A∙T mutations, was mainly found in cancers derived from tissues

directly exposed to tobacco smoke. Moreover, SBS4 was found to be very similar to the mutational

signature induced in vitro by exposing cells to benzo[a]pyrene (cosine similarity = 0.94), a tobacco

smoke carcinogen. With this, authors were able to assign SBS4 to the direct mutational consequence of

misreplication of DNA damage induced by tobacco carcinogens.

Besides  tobacco’s  signature,  the  NNMF  approach  has  been  widely  used,  and  resulted  in  the

identification  of  more  than  30  different  driver  mutational  signatures

(http://cancer.sanger.ac.uk/cosmic/signatures)  [Nik-Zainal  et  al.,  2016] at  the  origin  of  SNVs

generation. Some of theme, were associated to exogenous (e.g., tobacco smoking and UV-exposure) or

endogenous  processes  (e.g.,  APOBEC over-activity,  deficiency  in  double  strand  break  repair,  and

polymerase slippage), while others still remain with unknown origin.

In the last 15 years, the identification of the known mutational signatures, became important in both

research and clinical approaches to cancer. However, this method is poorly exploited in other contexts.

The reasons behind this must be searched in the requirements and in the limitations of this technique.

The firsts de-novo mutational signature analyses would not be possible without a large series of whole

genome sequencing and whole exome sequencing (WES) studies that comprised prevalently cancer

studies, such as The Cancer Genome Atlas (TCGA) [Cancer Genome Atlas Research Network, 2008],

Welcome Trust Sanger Institutes's Cancer Genome Project [Pleasance et al., 2010] and the International

Cancer  Genome  Consortium  (ICGC)  [International  Cancer  Genome  Consortium  et  al.,  2010].

Therefore,  current  deposited  signatures  came  mostly  from  tumor  samples.  Moreover,  even  when

focusing  on  cancer,  obtaining  evidence  that  the  proposed  etiology  of  a  signatures  is  a  specific

mutational process, is not straightforward. This is complicated by the lack of complete catalogs of true

pathogenic  driver  variants  and  missing  information  on  the  environmental  exposure  history  of  the

patient cohort. Additional complexities can be found then in the heterogeneous landscape of mutational
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processes that is typically identified in individual cancers. Furthermore, the detected somatic mutations

are the result of a balance between mutation-inducing and DNA repair processes, which are not fully

independent, and mechanisms may vary between tissues. Last but not least, in tumors the detection of

somatic  SNVs  is  facilitated  by  clonal  expansion  of  cells,  a  feature  that  is  lacking  in  i.e.

neurodegenerative diseases or in physiological conditions.

Despite the above-mentioned limitations, mutational signature analyses have the potential to provide

information regarding the ethology of various diseases. Fortunately, whole genome sequencing (WGS)

and whole exome sequencing (WES) are currently starting to be largely applied to growing cohorts of

different diseases, facilitating future applications of mutational signature analyses and thus the de-novo

discovery of signatures related to the most diverse disease not limited to cancer. 
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1.2 Copy Number Variants concur in the generation of mosaicism and
diseases

Another important source of mosaicism consists in copy number variants (CNVs). They are defined as

a  difference  in  the  dosage  of  genomic  segments,  ranging  in  size  from  one  kilobase  to  several

megabases,  when compared to  a  reference  human genome  [Shaikh,  2017].  CNVs can result  from

structural  variations  within  the  genome  including  deletions,  duplications,  insertions,  unbalanced

translocations and inversions, which can lead to either a loss or gain of genomic segments. Overall,

they account for more of the inter-individual variability between genomes in terms of total number of

bases  involved  that  all  the  single  nucleotide  variations  and  small  insertion-deletions  combined

[Sudmant et al., 2015; Lupski, 2015]. The ability to detect CNVs strictly depends on the dimension of

the  variant  and  on  the  resolution  of  the  adopted  technology.  These  aspects  are  exacerbated  in

mosaicism, since not all cells manifest the same variant. It is therefore not surprising that solid pieces

of evidences started to accumulate only with the advent of high throughput approaches (more details on

mosaicism detection can be found in chapter 1.4). 

Firstly, evidences of somatic CNVs were found from disease studies and in particular were made with

earlier chromosomal microarray experiments that relied on aCGH technologies. Briefly, these consist in

arrays coated in nucleotide probes that span the entire human genome and that can bind to normal DNA

sequences  by  complementarity.  Differentially  labeled  test  DNA and  normal  reference  DNA are

hybridized  simultaneously  on  the  chip  and  the  hybridization  is  detected  with  two  different

fluorochromes.  Regions  of  gain  or  loss  of  DNA sequences,  such  as  deletions,  duplications  or

amplifications, are therefore seen as changes in the ratio of the intensities of the two fluorochromes

along the target chromosomes [Pinkel et al., 1998]. Ballif and colleagues, for example, in 2006 found

that mosaic CNVs represented 8% of the results from a diagnostic laboratory focused on developmental

abnormalities  [Ballif  et  al.,  2006].  Interestingly,  this  estimation  has  increased  with  technological

advancements.  The  advent  of  SNP  arrays,  which  represented  an  improvement  respect  aCGH

technologies, that consist in arrays able to genotype millions of SNPs and CNVs across the genome

(further details in paragraph 1.4.2), led to the discovery of several types of mosaicism. These included:

1. monosomies and trisomies, as shown by the characteristic changes in probe intensity in combination

with the altered genotype frequencies across a whole chromosome; 2. mosaicism for some types of
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biparental and uniparental chromosomal regions, for the characteristic changes in genotype frequencies

without an accompanying change in intensity, indicating a copy-number neutral change, such as loss of

heterozygosity (LOH) [Conlin et al., 2010; Rodríguez-Santiago et al., 2010]. 

In  the  cytogenomics  laboratory  at  the  Children’s  Hospital  of  Philadelphia,  analysis  of  pediatric

individuals  referred  for  genomic  copy  number  analysis  for  various  congenital  and  developmental

anomalies has revealed a potentially pathogenic genomic variant in 22% of patients; 17% of which

were  mosaic  [Conlin  et  al.,  2010].  Other  studies  have  reported  that  in  individuals  with  pediatric

disorders that warrant cytogenomic testing, mosaic abnormalities occured in ~0.5–2.0% of the cases

[Conlin et al., 2010; Ballif et al., 2006; Cheung et al., 2007]. In addition to individuals with pediatric

presentation of clinical abnormalities,  mosaicism originated from CNVs has also been observed in

adults who were under diagnosis of various diseases, most commonly cancer. The frequency of mosaic

abnormalities was found to increase with age in a study of >50,000 individuals enrolled in the Gene–

Environment Association Studies (GENEVA) consortium. The diagnoses under study included several

types of cancer (including melanoma, lung and prostate) as well as other lung disease, cleft lip and

palate,  addiction,  blood  disorders,  dental  caries  and  glaucoma.  The  frequency  of  individuals  with

detectable clonal mosaicism for genomic anomalies larger than 50 kb was less than 0.5% from birth to

50 years  of  age but  rose  quickly  after  age  50 to  2–3%  [Laurie  et  al.,  2012;  Jacobs et  al.,  2012].

However,  an  independent  study  of  1,991  individuals  with  bladder  cancer,  found  mosaic  genomic

abnormalities in 1.7% of samples, which were present in both the blood and bladder tissue, suggesting

that somatic CNVs can also have early origin [Rodríguez-Santiago et al., 2010]. Evidences of somatic

CNVs are not restricted to disease cohorts. As an example, induced pluripotent stem cells derived from

skin fibroblasts were found to contain an average of two CNVs [Abyzov et al., 2012]. Although these

CNVs were not  initially  detected in  the parental  fibroblasts,  a subsequent  more sensitive genomic

analyses  confirmed  that  at  least  half  of  these  CNVs preexisted  at  a  low frequency  in  those  cells

[Abyzov et al., 2012]. These data suggest that the extreme heterogeneity of the tissue and technical

difficulties  in  assessing  single-cell  genomes  severely  limit  the  detection  of  somatic  CNVs  thus

suggesting their  frequency is  much higher  than current estimates.  Therefore,  the mosaicism that is

routinely detected is probably the tip of the iceberg and our understanding of its true extension is still

biased by current technical limitation. Copy number variation has also been analyzed across tissues

from the same individual,  confirming substantial  variation across  tissues  [Piotrowski et  al.,  2008].

These findings have clear relevance for disorders that might be caused by tissue-specific alterations.
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Mutations limited to the affected tissue pose technical challenges for diagnosis since they will not be

identified  from tests  on  other,  more  accessible  tissues.  Finally,  variation  has  also  been  identified

between identical twins and may explain discordant phenotypes in monozygotic twins  [Bruder et al.,

2008; Breckpot et al., 2012].

1.2.1 Retrotransposons activity results in mosaicism

The human genome is abundantly composed by repetitive elements (REs), DNA sequences that exist in

multiple copies. Reports estimate that REs represent about 45% of the human genome [Lander et al.,

2001]. These sequences are highly heterogeneous and can be classified in two main categories: tandem

repeats and interspersed repeats. In humans, interspersed repeats, also known as transposable elements

or mobile elements, account for about 40% of the genome. Their peculiarity relies on the ability to

amplify the number of their copies and/or change their position within the genome. Depending on the

nature of the intermediate used in their mobilization, they can be classified in class I (as for RNA) and

class  II  (as  for  DNA) transposons.  However,  the  majority  of  mobile  elements  are  believed  to  be

inactive in humans, whit the exception of some class I transposons [Ostertag and Kazazian Jr, 2001].

Class  I  transposons,  also  called  retrotransposons, mobilize  throughout  a  strategy  called

retrotransposition, or copy-and-paste mechanism. The final effect of this process, as the name may

suggest, is the generation, and insertion, of a newly synthesized copy at a different genomic location.

Given their ability to mobilize, they increase their copy number through insertions and therefore they

can be a source of mosaicism within the human genome. Moreover, it has been recently found that

some of these elements can undergo somatic deletions, expanding therefore the known mechanisms

through which they can account for somatic variants generation [Erwin et al., 2016].

Depending on the presence or absence of long terminal repeats (LTRs) at the edges of the element, class

I transposons can be further divided in LTR and non-LTR. 
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Figure  2:  Class  I  transposons.  A) LTR  retrotransposons  structure.  Gag,  specific  group  gene;  Pol,  RNA-
dependent  DNA polymerase with a reverse transcriptase  (RT) domain and an integrase (INT) domain;  Env
envelope; LTR, long terminal repeats;  B) Non-LTR retrotransposons structure. L1, Alu and SVA elements are
represented. TSD, target-site duplication; LINE: EN, endonuclease domain; RT, reverse transcriptase domain; C,
zinc knuckle domain; An, poly(A). SINE: A/B, Box A and Box B Pol III promoters. Taken from  [Kazazian,
2011].
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1.2.1.1 LTR retrotransposons

LTR elements are composed by two LTR regions,  which are identical repeat sequences containing

promoters  and termination  signals  that  flank the  coding region (figure  2-A).  Between  these,  LTR

retrotransposons  contain  different  enzymatic  and  structural  genes  that  are  required  for  their

mobilization:  the  specific  group  antigen (GAG)  that  encodes  for  the  monomers  required  to  the

generation of the virus-like particle (VLP); a polymerase (POL) required for the replication; a reverse

transcriptase (RT) used to generate a complementary DNA (cDNA) from a RNA template; a Rnase H

that cleaves the RNA in RNA/DNA hybrids and an integrase (INT) that serves for the target DNA

cleavage [Burke et al., 2002; Prak and Kazazian, 2000]. Much of what is known about the mechanism

of LTR retrotransposition (figure 3-A) comes from works on yeast retrotransposons [Voytas and Boeke,

2002; Sandmeyer et al., 2002]. The RNA transcript of LTR retrotransposons contains a region repeated

at either end (R), a 5′ unique segment (U5) and a segment only included at the 3′ end (U3). The 3′ end

of a cellular tRNAs serves as primer for the reverse transcription by hybridizing to the primer binding

site (PBS) few nucleotides after the end of the 5′ LTR. After the LTR at 5′ has been copied into first-

strand cDNA, the Rnase H activity of reverse transcriptase (RT) degrades the complementary RNA,

and the elongating cDNA is transferred to the 3′ end of the retrotransposon transcript hybridizing to the

R region. The remaining RNA is partially degraded by Rnase H, leaving behind primers for the second-

strand  cDNA synthesis.  After  a  second  transfer  event,  first-  and  second-strand  synthesis  can  be

completed to result in a full-length, double-stranded retroviral DNA that can be integrated into a new

genomic position by the integrase (figure 3-B) [Schorn et al., 2017].
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Figure 3: A) LTR-retrotransposons life cycle. IN, integrase; PR, protease; RT, reverse transcriptase; VLP, virus
like particle, Black triangles represent the LTRs. Adapted from [Havecker et al., 2004];  B) Synthesis of LTR-
retrotransposons. Adapted from [Schorn et al., 2017]

Endogenous retroviruses (ERVs) are believed to derive from LTR retrotransposons. Although a clear

boundary between ERVs and LTRs has not been yet drawn, the main characterizing feature of LTR

retrotransposon, in contrast to ERVs, is the lack in the envelope (ENV) gene or the presence of a non-

functional copy, which do not allow the generation of infectious particles therefore limiting their life

cycle. 

LTR retrotransposons have been proposed as fundamental for the evolution of mammals and for the

acquisition of the viviparity traits, by providing a plethora of LTR retrotransposons-derived genes. In

humans it has been found that at least 30 genes derive from LTR retrotransposons, like the sushi-ichi

retrotransposon  homologue  (SIRH)  genes,  which  play  essential  roles  in  placenta  formation  and

maturation [Kaneko-Ishino et al., 2017]. Despite being extremely important for human evolution, it is

not yet fully understood whereas there are still active copies in the genome and thus whether they may

account for mosaicism. Massive sequencing programs are relatively recent, therefore covering a very

little  percentage  of  the  human  population,  and  studies  that  focus  on  several  tissues  of  the  same
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individuals are rare. What is known mainly derives from mouse, in which it has been observed that an

Etn/MusD family of LTR elements remains insertionally active  [Zhang et al., 2008]. Among all the

thousands of human ERVs (HERVs) sequences that populates the human genome, the HERV-K family

is the only one that has been active since the divergence of humans and chimpanzees. Furthermore, the

number of polymorphic elements of this family is not significantly different from that predicted by a

standard population genetic model that assumes constant activity until present. Active elements are

likely to have inserted in the genome very recently, thus implying a very low allele frequency [Belshaw

et al., 2005]. Very recently, several unfixed HERV-K elements were identified across human genomes

including  an  intact  insertion  that  maintains  its  infectivity  and  it  is  prone  to  generate  mosaicism

[Wildschutte et al., 2016]. Several hypothesis are involving HERVs activity in diseases, particularly of

the nervous system, but their causative effects are still missing [Christensen, 2016]. 

1.2.1.2 Non-LTR retrotransposons

Contrary to LTR retrotransposons, Non-LTR retrotransposons do not present flanking LTR sequences.

They contain the only classes of retrotransposons proved to be currently active in the human genome

and represent an important source of mosaicism both through insertions and deletions. Depending on

their length, Non-LTR retrotransposons are divided in: Long interspersed nuclear elements (LINEs) and

Short interspersed nuclear elements (SINEs). LINEs are considered autonomous elements because they

encode for the retrotransposition machinery required for their own mobilization. SINEs instead, are

non-autonomous elements  that  thus  depend  on  other  retrotransposons  machinery  for  their  own

spreading.
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1.2.1.2.1 Autonomous retrotransposons: LINEs

LINE elements are a family of autonomous non-LTR retrotransposons. Among these, the LINE-1 (L1)

subclass contains the only autonomous elements currently active in the human genome. At present,

there are ~ 500.000 L1 copies, that represent 17% of the human genome. Despite their high numbers,

L1 sequences are mostly inactive due to point mutations and/or truncations. However, there is still a set

of  about  80-100  full-length  L1  copies  that,  to  date,  are  potentially  active  in  the  human  genome

[Ostertag and Kazazian Jr, 2001; Brouha et al., 2003; Sassaman et al., 1997]. 

Intact, active L1 elements are 6 Kb in length and their transcripts are composed by both 5′ and 3′

untranslated regions (UTRs) and three open reading frames (ORFs) (figure  2-B).  The 5′  UTRs of

functional LINEs contains a primate-specific antisense promoter which gives birth to a transcript with a

small ORF named ORF0 transcribed in antisense to the sense of canonical L1 retrotransposons and do

not codify for any known protein. ORF0 as two splice donor sites, which permit the formation of fusion

proteins with downstream exons [Nigumann et al., 2002; Speek, 2001] and that has been proposed to

have been at the basis of the generation of some novel human specific non-coding genes [Uesaka et al.,

2014]. The canonical L1 is transcribed by a sense promoter always within the 5′ UTR of the element

[Becker  et  al.,  1993;  Wong  and  Choo,  2004].  From  this  promoter  a  polycistronic  transcript  is

transcribed and formed by two ORFs named ORF1 and ORF2. ORF1 protein (ORF1p) is thought to

have RNA binding activity [Dawson et al., 1997; Hohjoh and Singer, 1997; Kolosha and Martin, 2003]

and nucleic acid chaperone activity [Martin and Bushman, 2001] while ORF2 encodes for a 150 kDa

protein  (ORF2p)  presenting  endonuclease  (EN)  [Feng et  al.,  1996] and reverse  transcriptase  (RT)

activity [Mathias et al., 1991] indispensable for the retrotransposition [Feng et al., 1996; Moran et al.,

1996]. The N-terminal may also contain a cysteine-rich domain that can function as a zinc-knuckle

domain [Fanning and Singer, 1987], however their exact function needs to be elucidated. In addition,

the 3′ UTRs of L1 elements contains a weak polyadenylation signal that can be bypassed by the RNA

polymerase II. This sometimes can cause the continuing of the transcription outside the L1 element,

resulting in  the inclusion,  within the polycistronic transcript,  of  a  part  of the adjacent  3′  genomic

region, which will therefore be copied and inserted in a new genomic location. This phenomenon is

named transduction [Moran et al., 1999]. 
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As previously mentioned,  retrotransposons rely  on the  copy and paste  mechanism,  also known as

target-site  primed  reverse  transcription  (TPRT)  [Luan  et  al.,  1993],  for  their  replication  cycle.

Retrotransposition starts  with the transcription  of  an active  full-length copy of  the  element  whose

mRNA is exported from the nucleus to the cytoplasm. In the cytosol ORF1 and ORF2 are translated

and the produced proteins bound to their  mRNA and other ribonucleoprotein (RNPs)  [Hohjoh and

Singer, 1996; Martin, 1991; del Carmen Seleme et al., 2005] (figure 4-A). The poly(A) stretch located

at the 3′ end of L1 RNA acts as a substrate for poly(A) binding proteins (PABPs) containing RNA

recognition motifs (RRMs). These proteins, in particular the poly(A) binding protein C1 (PABPC1),

mediate  the interaction with the proteins produced by the translation of  the LINE mRNA and are

required for an efficient retrotransposition [Dai et al., 2012]. This step is crucial since it can be predated

from non-autonomous retrotransposons transcripts to transpose themselves  [Kramerov and Vassetzky,

2011]. The RNP protein-mRNA complex is transported into the nucleus, where the ORF2p EN domain

generates  a  nick  into  the  insertion  target  site  [Kinsey,  1990;  Kubo  et  al.,  2006].  The  exposed  3′

hydroxyl DNA, which is protruding from the nick, binds to the mRNA polyA tract, acting then as

primer for the ORF2p RT domain [Cost et al., 2002; Feng et al., 1996]. The next steps are currently not

completely known but it is thought that a second strand cleavage creates a primer for the second strand

DNA synthesis. This process results in the integration of a new L1 copy at a new genomic location site.

Moreover, because the action of the endonuclease can lead to staggered DNA break, the integrated

element is flanked by target site duplications (TSDs) that measure, on average, 7-20 bp in length [Han,

2010] (figure  4-B).  Since  RT lacks  proofreading (3′  to  5′  endonuclease)  activity,  it  can  introduce

mutation into the new copy with a rate of ~1 each 6,500 bases  [Gilbert  et  al.,  2005]. RT is often

incapable to complete first strand synthesis, resulting in 5′ truncation of the newly formed copy [Szak

et al., 2002] and it has been estimated that only ~30% of the transpositions events result in an inserted

full-length element [Myers et al., 2002; Richardson et al., 2015]
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Figure  4: A) L1 life cycle. Taken from  [Han et al., 2005].  B) L1 target primed reverse transcription (TPRT)
mechanism. Taken from [Ding et al., 2006].

NGS technologies have fostered the accumulation of experimental evidences that somaticism due to L1

insertions  may be  more  common than previously  appreciated  [Kano et  al.,  2009;  Kazazian,  2011;

Muotri et al., 2005]. Of particular interest, L1 mosaicism has been proposed to be pervasive in brain

including the hippocampus and caudate nucleus [Baillie et al., 2011; Upton et al., 2015; Evrony et al.,

2012]. However, the rate of new insertions per single neuron is currently subject of strong debate.

Estimates range from less than 0.04 to 13.7 L1 insertions per cell  [Erwin et al., 2016; Evrony et al.,

2016].  Furthermore,  the  effects  and  functions  (if  any)  of  somatic  retrotransposition  in  the  human

neurons  are  largely  unknown.  It  has  been  suggested  that  retrotransposon  reactivation  during

neurogenesis  might  have  been  positively  selected  by  contributing  to  functional  neuronal  diversity

[Kuwabara et al., 2009; Kurnosov et al., 2015] and being related to cognitive capabilities [Baillie et al.,

2011]. However, it was also shown that depending on onset time, L1 mosaicism may lead to different

neurodevelopmental and/or neurodegenerative disorders, such as epileptic brain malformation [Poduri

et al., 2012] and schizophrenia [Bundo et al., 2014], better elucidated in chapter 1.2.1.4. L1 mosaicism

is  not  restricted  to  only  retrotransposition.  Somatic  deletions  caused  by  L1  endonuclease  cutting
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activity were also recently observed [Erwin et al., 2016] further expanding the way in which L1s may

shape neuronal genomes. These discoveries have contributed to position genomic mosaicism among

the most interesting biological question in current research. 

1.2.1.2.2 Non-autonomous retrotransposons: SINEs and SVA

SINEs are a large family of fragments long from 75 to 700 bp that are generally composed by a 5′ head,

a middle body specific of each SINE family and a 3′ terminal tail [Kramerov and Vassetzky, 2011]. In

the human genome they rely on the L1 retrotransposition protein machinery for their own spreading

through the genome [Deininger et al., 2003]. In more details, SINEs retrotransposition starts with the

displacement of L1 mRNA from the L1 ORF2 protein just translated in the cytoplasm. Indeed, the

poly(A) tail of SINEs can compete with the poly(A) tail of LINEs for the binding to L1 proteins. When

the  SINEs  mRNA binds  to  the  retrotransposition  protein  machinery,  the  SINE element  is  reverse

transcribed and transposed instead of the L1s [Kramerov and Vassetzky, 2011].

Alus, the most abundant family of SINEs in human, account for about 11% of the human genome with

more than 1 million copies and represent the most abundant non-autonomous element in humans. Alus

are derived from the 7SL RNA component of the signal recognition particle [Ullu and Tschudi, 1984]

and are constituted of two similar monomers: left and right (figure 2-B). The left monomer contains the

sequences required for the transcription [Chu et al., 1995], as the Box A and Box B Pol III promoters,

whereas the right contains the sequence deputed for the binding with the retrotransposition machinery

and the poly(A) tail, which in some elements can act as the recognized sequence  [Dewannieux and

Heidmann, 2005; Roy-Engel et al., 2002]. In contrast to L1s, most Alus are full-length. However, 5′-

truncated Alu elements have been identified in human genomes [Wildschutte et al., 2015] as de novo

insertions resulting in disease [Hancks and Kazazian, 2016]. In this regard, it has been proposed that

Alu  retrotransposition  within  mitochondrial  genes  may  be  also  implicated  in  neurodegenerative

diseases wherein mitochondrial dysfunction has been identified, including Alzheimer’s, Parkinson’s,

Huntington’s diseases and myotrophic lateral  sclerosis  [Larsen et  al.,  2017].  Despite their  potential

implications in diseases, Alu elements have directly influenced human evolution by facilitating genome

innovation through novel gene formation, elevated transcriptional diversity, long non-coding RNA and

microRNA evolution  (including  circular  RNAs),  transcriptional  regulation,  and  creation  of  novel
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response elements [Chen and Yang, 2017; Jeck et al., 2013; Lehnert et al., 2009]. Moreover, Alus are

known to alter the three-dimensional architecture and spatial organization of genomes by defining the

boundaries of chromatin interaction domains (i.e., topologically associating domains (TADs)) [Dixon et

al., 2012]. Genome architecture has a direct influence on biological function, and the observation that

Alus are enriched within both TADs and super-enhancer domains (SEDs) supports the hypothesis that

Alus  directly  influence a  wide range of  critically  important  processes across multiple  levels,  from

overall  genome stability  to  tissue-specific  gene  regulation  [Huda et  al.,  2009;  Dixon et  al.,  2012;

Glinsky,  2018].  Interestingly,  Alu  elements  are  also  involved  in  neurogenesis  and  in  the  proper

formation and function of the brain connectome [Oliver and Greene, 2011; Li and Church, 2013; Bitar

and Barry, 2018]. In brain, it was also discovered that Alus serve as primary target for adenosine-to-

inosine (A-to-I) RNA editing, which plays a significant role in mediating neuronal gene expression

pathways  [Tariq  and  Jantsch,  2012;  Behm and  Öhman,  2016].  Beyond RNA editing  mechanisms,

human neuronal gene pathways are also regulated by non-coding RNAs originating from Alu elements

(e.g., BC200 and NDM29) and specific Alu subfamilies contain retinoic acid response elements which

help to regulate neural patterning, differentiation, and axon outgrowth  [Vansant and Reynolds, 1995;

Maden, 2007; Castelnuovo et al., 2010; Smalheiser, 2014]. There is a deep connection between Alus

and the formation and function of neurological networks, and this has led to the hypothesis that Alu

elements were essential for development of the transcriptional diversity and regulation required for the

genesis of human cognitive functions [Oliver and Greene, 2011; Li and Church, 2013]. 

SINE-VNTR-Alu (SVA) elements represent the youngest active human retrotransposon. They are 2 Kb

in length, hominid-specific, non-coding composite sequences [Ostertag et al., 2003; Han et al., 2007;

Wang et al., 2005]. Generally, SVA structure is composed, from its 5′ to its 3′ end, by a CCCTCT repeat

that ranges from a few copies up to a hundred, an Alu-like domain derived from two Alu antisense

fragments, a variable number of very GC-rich tandem repeats (VNTR), a SINE-R domain that shares

sequence homology to the ENV gene of a HERV-K and a polyA tail similar to L1s [Shen et al., 1994;

Damert, 2015; Hancks and Kazazian, 2010] (figure 2-B). The VNTR region accounts for most of the

element-to-element sequence variation, which is higher than L1s and Alu [Damert, 2015; Hancks and

Kazazian,  2010; Damert et  al.,  2009].  There are  approximately 2,700 SVA elements in the human

genome reference sequence [Wang et al., 2005]. However, due to its more recent discovery relative to

L1 and Alu elements, less is known about their biology.
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SVAs requires L1 ORF2p for retrotranposition [Ostertag et al., 2003; Hancks et al., 2011; Raiz et al.,

2012] whereas  it  is  currently  unclear  the  requirement  of  L1  ORF1p.  Although  being  recently

discovered,  SVA elements  were  also  associated  to  diseases.  For  instance,  it  is  known that  a  SVA

element insertion in the fukutin (FKTN) gene cause Fukuyama muscular dystrophy [Kobayashi et al.,

1998; Taniguchi-Ikeda et al., 2011]. 

Finally, through improvement in sequencing technology it was possible to observe that, in addition to

L1, also Alu and SVA generates genomic mosaicism in hippocampus and caudate nucleus [Baillie et al.,

2011].
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1.2.1.3 Retrotransposons effects on the host genome

Retrotransposon can shape the host genome structure and modify gene expression in various ways. The

vast majority of evidences were collected from L1, Alu and SVA elements, which alone contributed

with  ~750  million  bases  (Mb)  to  the  human  genome  sequence  [Lander  et  al.,  2001].  Structural

alterations of the genome can originate by:

1- Insertional mutagenesis.

The most straightforward way in which a retrotransposon can impact genome function is by inserting

into protein-coding gene or regulatory regions, resulting in direct phenotypic consequences (figure 5-

A). Due to this immediate effect in many human genetic disorders, insertional mutagenesis was the first

retrotransposon structural effect to  be detected  [Kazazian et  al.,  1988].  In addition to L1 elements

themselves,  other  protein  coding  mRNA can  also  be  integrated  into  the  genome through  the  L1-

mediated  retrotransposition,  leading  to  the  formation  of  processed  pseudogenes  (PPs).  PPs  are

characterized  by  the  lack  of  introns  and  the  presence  of  a  3′ polyA tract  flanking  direct  repeats.

Moreover, PPs are unable to encode a functional protein and have accumulated frameshift mutations

and premature stop codons during evolution, but few of them are transcriptionally active [Ding et al.,

2006].

2- Insertion-mediated deletions.

Insertional events can result in the concomitant deletion of the adjacent genomic sequences, ranging in

size from 1 bp to possibly > 130Kb [Gilbert et al., 2002]. Their mechanism, apparently relies on both

endonuclease-dependent  and  endonuclease-independent  processes,  which  are  involved  in  repairing

dsDNA nicks generated by L1 during its integration (figure 5-B) [Gilbert et al., 2005]. 

3- Non-allelic homologous recombinations.

Due to their extremely high copy numbers, L1 and Alu elements can create structural genomic variation

at the post-insertion stage, through recombination between non-allelic homologous (NAHR) elements.

This process can result in various types of genomic rearrangements such as deletion, duplication and

invertions  (figure  5-C).  The  amount  of  structural  variations  caused  by  NAHR  is  significant  and

accounts for more than 0.3% of human genetic diseases [Belancio et al., 2008]
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4- 3′ and 5′ transduction.

During  the  retrotransposition  process,  L1s  and  SVA elements  can  carry  with  them  upstream  or

downstream flanking genomic sequences (termed as 5′ and 3′ transduction, respectively) (figure 5-D).

In 3′ transduction, the RNA transcription machinery skips the weak retrotransposon polyadenylation

signal and terminates transcription by using an alternative signal located in the 3′ downstream flanking

sequence.  Similarly,  5′  transduction  occurs  when  the  promoter  of  a  transcript  upstream  to  a

retrotransposon is used to transcribe the mobile element sequence. 3′  transduction has been shown to

occur frequently in the human genome, in about 10% of L1s and SVA insertions [Cordaux and Batzer,

2009],  while  5′  transduction appears to be much less common.  However,  5′  transduction could be

underestimated  giving  that  it  can  be  observed  by  only  examining  the  full-length  retrotransposon

sequence [Beck et al., 2011].

5- Heterochromization.

Retrotransposition of L1 elements was observed to alter chromatin states. First speculations were made

by Lyon in 1998, which suggested how L1 could act as a booster element to promote the spreading of

heterochromatin formation during chromosome X inactivation  [Lyon, 1998]. The mechanism, which

was validated with experiments performed on embryonic stem cells, first implies that silent L1s tightly

packaged in heterochromatin, facilitate nucleation of a silent heterochromatic compartment into which

genes are recruited. Then, a subset of active L1s, expressed during X-chromosome inactivation (XCI),

participate in local propagation of XCI to genes that otherwise would be prone to escape [Chow et al.,

2010].

6- Transposition-mediated toxicity.

Retrotransposon expression, L1s in particular,  can have direct and fatal consequences on cells. For

instance, they can induce apoptosis and promote cell cycle arrest [Gasior et al., 2006; Belgnaoui et al.,

2006]. The endonuclease activity of L1s ORF2p was speculated to be related to this deleterious effect

by creating large excess of DNA double strand brakes,  which are known to lead to apoptosis  and

senescence [Gire et al., 2004; Wallace et al., 2008]. On support to this hypothesis, there is evidence that

lack  of  DNA double  strand break repairing  enzymes causes  defective  neurogenesis  manifested  by

extensive apoptotic death of newly generated postmitotic neuronal cells in mice [Gao et al., 1998].
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Figure  5: retrotransposons effect on the host  genome. Retrotransposons are represented with red boxes.  A)
Insertional  mutagenesis;  B) Insertion-mediated  deletions.  The  insertion  of  the  mobile  element  result  in  the
deletion of a genomic flanking region (light grey box); C) Non-allelic homologous recombinations. NAHR may
result in the generation of structural variants (deletions or duplications) at the post-insertion site;  D) 3′ and 5′
transduction. Genomic regions flanking the 3′ or the 5′ extremity of the mobile element can be carried during the
integration process. Adapted from [Cordaux and Batzer, 2009].

The direct consequence of the aforementioned genome alterations is the modulation of cellular gene

expression and transcription. L1 element, for instance, can be a source of promoters, alternative splice

sites and polyadenilation signals, that depending on the integration site can generate new reorganized

transcription units [Faulkner et al., 2009]. Similarly, the impact of retrotransposons on gene expression

is dictated by their insertion site. Intergenic or intronic insertions can often have no detectable effects

on genes. However, it is known that intronic insertions of L1s can induce exon skipping or exonization,

both  able  to  provoke  alternative  splicing  of  protein  coding  genes.  Exon  skipping  occurs  when  a

functional  acceptor  splice  site  is  disrupted  by  an  L1  insertion.  The  acceptor  site  situated  on  the

following intron is then used for correct splicing, leading to the skipping of the exon included between

the  two  spliced  introns.  Exonization  instead,  is  determined  whenever  the  retrotransposon  element

contains both functional donor and acceptor splice sites, resulting in the recruitment of the element as

an exon, with its integration in the gene.  The presence of multiple donor and acceptor splice sites

within  L1s  sequences,  combined  with  the  potential  generation  of  new ones  through their  activity,

enhance the complexity of the combinatorial usage of alternative splicing sites within cells [Zemojtel et

al., 2007]. Finally, insertions in exons or regulatory sequences have the potential to profoundly alter

gene expression and function, by disrupting coding- or cis-regulating sequences [Viollet et al., 2014].
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The potential treat represented by uncontrolled retrotransposition is balanced by the presence of several

cellular  mechanisms deputed to  its  restriction.  Many of these mechanisms act  in  the cytoplasm to

degrade retroelement RNA or inhibit its translation while other factors act in the nucleus and involve

DNA repair enzymes or epigenetic processes of DNA methylation and histone modification [Goodier,

2016].  For  example,  one  of  the  firsts  anti-retrotransposon  restriction  factors  identified  were  the

Apolipoprotein  B  editing  complex  enzymes  (APOBEC).  These  are  an  evolutionarily  conserved,

vertebrate-specific family of cytidine deaminases, originally identified as enzymes that edits mRNA

species by deaminating cytosine to uracil. From later studies, it has been shown that the APOBEC

family has members able to act also on cytosines in DNA [Koito and Ikeda, 2013]. Some members are

represented by the APOBEC3 proteins, which have been shown to “lethally edit” the reverse transcripts

of retroviral  DNA [Mangeat et  al.,  2003] and human papillomavirus DNA [Vartanian et  al.,  2008]

suggesting  important  roles  in  intrinsic  response  to  viral  infections.  Most  important,  all  APOBEC3

proteins has been observed to inhibit LINE-1 retrotransposition to varying degrees, with APOBEC3A

and APOBEC3B being most effective [Lovšin and Peterlin, 2009]. Unexpectedly, catalytically inactive

APOBEC3s still  inhibit  non-LTR retrotransposons,  and several  investigations found scant  genomic

evidence  for  L1  editing  by  cytidine  deamination  [Stenglein  and  Harris,  2006].  Deamination-

independent  mechanisms  of  APOBEC  action  were  therefore  proposed,  including  sequestration  of

retrotransposon RNPs in high molecular weight cytoplasmic complexes and their targeting to SGs and

PBs for possible degradation by RNAi silencing [Bogerd et al., 2006; Chiu et al., 2006].
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1.2.1.4 The role of L1 in neurological diseases

A plethora of human diseases was found to be caused by the direct effect of L1 retrotransposition

[Hancks and Kazazian, 2016]. Neurological diseases, such as Rett syndrome, Ataxia telangiectasia,

Schizophrenia  and  Huntington’s  disease  among  others,  have  been  recently  observed  to  have  mis-

regulation of L1 retrotransposition, which could contribute to some pathological aspects.

Rett syndrome (RTT) is a neurodevelopmental disorder caused by mutations in the MeCP2 gene [Amir

et al., 1999] which is characterized by autism, loss of speech, hand-wringing, anxiety, and eventual

motor  deterioration.  Although  MeCP2  role  in  neurons  and  how  its  mutations  contribute  to  RTT

pathology  are  still  under  investigation,  its  protein  product  was  shown  to  negatively  regulate  L1

elements [Muotri et al., 2010]. MeCP2 is known to be involved in global DNA methylation [Skene et

al.,  2010] and  particularly,  in  neural  stem cells,  it  has  been  found  in  association  with  the  CpG-

methylated  promoter  of  L1,  where  it  forms  a  repressive  complex  with  HDAC1  that  inhibit  L1

expression [Muotri et al., 2010; Coufal et al., 2009]. RTT patients, carrying MeCP2 mutations, show

hypomethylation of  L1 promoter,  support  2.5-fold higher  retrotransposition and display greater  L1

genomic  DNA copies  compared  with  age-matched  controls  [Muotri  et  al.,  2010].  However,  the

functional  impact  of  L1  overexpression  and  its  increased  retrotransposition  on  Rett  syndrome  is

unknown and may be a consequence, rather than a cause of the disease. 

Ataxia telangiectasia (AT) is a rare, hereditary neurodegenerative disorder caused by mutations in the

Ataxia Telangiectasia Mutated (ATM) gene. Individuals affected by AT are characterized by loss of

motor  function,  dilation of their  capillaries and severe complications  that  result  in  their  premature

death. ATM is a serine/threonine protein kinase able to senses and responds to DNA damage. It detects

DNA double-strand breaks initiating a signaling cascade by phosphorylating its multiple substrates that

result in activating a DNA-damage checkpoint, leading to the arrests of the cell cycle, until the damage

is repaired  [Bar-Shira et al., 2002]. In cells deficient in ATM function, double-strand breaks in DNA

can go unnoticed, leading to an increase in DNA mutagenesis at each cell cycle. Coufal and colleagues,

in  2011  demonstrated  that  the  brain  of  both  ATM  knock-out  mice  and  patients  with  AT display

significantly greater levels of L1 retrotransposition and longer L1 insertions compared to the controls.

These results  led to  the hypothesis  that  ATM normally participates  in  the detection of the reverse

transcription activity of L1 ORF2 protein and signal to inhibit the insertion step, while the lack of
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functional  ATM  could  delay  the  DNA damage  response  during  L1  integration,  finally  leading  to

neurodegeneration [Coufal et al., 2011].

L1 retrotransposition was found also in schizophrenia. In 2014, Bundo and colleague demonstrated the

presence of an increased L1 copy number in neurons from the prefrontal cortex of affected patients and

in induced pluripotent stem cells-derived neurons containing 22q11 deletion (one of the highest risk

factors for schizophrenia). Whole genome sequencing revealed brain-specific L1 insertion, localized

preferentially  in  synapse-  and  schizophrenia-related  genes.  Further  experiments  on  animal  models

aimed  at  identifying  the  causes  of  this  L1  copy  number  alteration,  suggested  that  hyperactive

retrotransposition  of  L1  in  neurons  triggered  by  environmental  and/or  genetic  risk  factors  may

contribute to the susceptibility and pathophysiology of schizophrenia [Bundo et al., 2014].

Finally, mobilization of L1 elements was observed to promote neuron apoptosis in Huntington’s disease

(HD) mouse models but not in wild-type mice, suggesting a possible link between retrotransposon and

HD progression. Defective autophagy pathways have been shown to facilitate HD progression, while

activation of AMPK alpha, a critical regulator of autophagy, can ameliorate HD disease conditions in

cells  [Walter et al., 2016; Vázquez-Manrique et al., 2016]. In 2018,  Tan and colleagues, elucidated a

possible link between L1s and AMPK alpha. First,  they found increased L1 copy numbers and L1

transcripts in HD mouse brain tissue as opposed to the control mouse brain tissue. Importantly, similar

genomic alterations were not found in matched liver tissues, indicating that changes were limited to

brain tissues. Second, they showed that increased expression of L1 ORF transcripts decreased AMPK

alpha expression. Finally, through in vivo experiments they further demonstrated that overexpressed L1

ORF2 transcripts can decrease phosphorylation of at least 13 different AKT target proteins, widely

indicated as pro-survival proteins, overall suggesting that L1 transposition, AMPK alpha and autophagy

all function in a common pathway [Tan et al., 2018].
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1.3  Mosaicism  in  neurodegenerative  diseases,  a  focus  on  Alzheimer’s
disease

The  best-known  clinical  implication  of  mosaicism  is  cancer.  The  accumulation  of  hundreds  to

thousands  of  somatic  alterations  combined  with  the  developmental  timing  and  cell  lineage  can

potentially convert a cell from normal into malignant. However, it  has been pointed out by several

studies that, given the long lifespan of neurons and their central role in neural circuits and behavior,

somatic mosaicism could represents a potential mechanism that may contribute to neuronal diversity

and the etiology of numerous brain-related diseases  [Bushman and Chun, 2013]. Lots of efforts has

been made to unveil these hypothetical links and, as a result, somatic mutations and retrotranspositions

have been found both in healthy and dysfunctional brains  [Gleeson et al., 2000; Rivière et al., 2012;

Lee et al., 2012; Poduri et al., 2012]. These findings led the way to more studies in the field, most of

which started recently and/or are still ongoing. The Brain Somatic Mosaicism Network, for instance,

was established in 2017 to investigate the effects of mosaicism in Neuropsychiatric disorders, such as

schizophrenia,  autism  spectrum  disorders,  bipolar  disorder,  Tourette  syndrome  and  epilepsy

[McConnell et al., 2017]. Neurodegenerative disorders are also under investigation giving that their

molecular etiologies are largely unknown.

Within  the  plethora  of  neurodegenerative  diseases,  Alzheimer’s  disease  (AD)  represents  the  most

common dementia, impacting an estimated 5.4 million people in the United States alone (1 in 10 people

over  the  age  of  65)  and  50  million  people  worldwide  [Bright  Focus  Foundation,  2019].  AD

neuropathology includes the accumulation of plaques composed of amyloid β (Aβ),  neurofibrillary

tangles  containing  Tau,  synaptic  loss  and  neuronal  death  in  several  brain  regions,  including  the

hippocampus, and frontal and entorhinal cortices, leading to progressive cognitive decline. Familial AD

makes up ~5% of all  cases,  with early onset  (<60 years) caused by inherited autosomal dominant

mutations  or  CNVs  that  affect  predominantly  3  genes:  Amyloid  precursor  protein  (APP)  on

chromosome 21, which is cleaved by ɣ-secretase to form the  Aβ peptide found in amyloid plaques;

presenilin-1  (PSEN1)  on  chromosome  14,  and  presenilin-2  (PSEN2)  on  chromosome  1,  which

contribute to the catalytic activity of the Aβ-cleaving enzyme. γ-Secretase can produce different lengths

of Aβ. Most of the Aβ produced is the variant of 40 residues (Aβ40), even though a longer form of 42
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residues (Aβ42) can also be produced. This last variant is more hydrophobic than the shorter one and

form aggregates easier than the Aβ40 form [Cavallucci et al., 2012].

Late-onset  (>60  years)  sporadic  AD arises  from a  less  understood  set  of  genetic,  epigenetic,  and

environmental risk factors [Kingsbury et al., 2006; Gatz et al., 2006; Bertram et al., 2010], but shares

the same neuropathology with familial cases.

1.3.1 Genetics of early-onset Alzheimer’s disease

As mentioned above, mutations in three different genes are known to cause early-onset Alzheimer’s

disease (EO-AD): amyloid beta precursor protein, presenilin 1, and presenilin 2. Clinical features and

pathology vary depending on the mutation’s locus and position within each gene [Ridge et al., 2013].

In the case of APP gene, duplications (as in Down’s syndrome patients) are sufficient in many cases to

cause  early-onset  familiar  Alzheimer’s  disease  (EO-FAD),  due  to  increased  Aβ42 production  and

deposition.  Nonetheless, mutations in this gene were found to account for 13–16% of all EO-FAD

cases [Raux et al., 2005; Sleegers et al., 2006].

More than 180 AD causing mutations were found in PSEN1 gene  [Cruts and Broeckhoven, 1998].

Different PSEN1 mutations lead to EO-FAD forms with substantial variation in age at onset (mean 45.5

years old),  rate of progression,  and severity of disease (average survival after  diagnosis 8.4 years)

[Heckmann et al., 2004]. Since PSEN1 is a component of γ-secretase, its mutations can change the

secretase  activity  and increase  the  ratio  of  Aβ42 to  Aβ40 leading to  more  aggregates.  In  general,

mutations in this gene can be divided into two groups: before protein position 200 and after. Pathology

resulting from mutations before position 200 resembles the pathology found in sporadic AD cases,

whereas mutations at subsequent positions in the protein result in more severe amyloid deposits in the

arteries of the brain that can lead to strokes [Ryan and Rossor, 2010]. 

EO-FAD causing mutations in PSEN2 are relatively rare compared to PSEN1. They appear to have a

more variable penetrance, higher age of onset (53.7 years old) and patients live longer after diagnosis.

To date, 38 PSEN2 mutations are known and only 17 are predicted to be disease-causing mutations

[Cai et al.,  2015]. While the exact function of PSEN2 is unknown, it is believed to have a similar
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function to PSEN1, and to cause AD pathology by increasing Aβ42 levels [Ridge et al., 2013]. Besides

APP, PSEN1 and PSEN2, mutations in other three genes have been identified as possible causes of EO-

FAD. A missense mutation in the tau gene was reported to be tightly linked to AD in a Belgian family

[Rademakers et al., 3]. EO-FAD in a Dutch family was also linked to polymorphisms present in the

chromosome  7  [Rademakers  et  al.,  2005].  Finally,  the  gene  for  PEN2,  encoding  the  γ-secretase

component, pen-2, was reported to harbor a missense mutation in an AD family [Sala Frigerio* et al.,

2005]. Clearly, all three of these additional EO-FAD candidate genes will require further investigations

[Tanzi, 2012].

1.3.2 Genetics of late-onset Alzheimer’s disease

Family history is the second strongest risk factor for AD, following advanced age. Twin and family

studies indicate that genetic factors are estimated to play a role in at least 80% of AD cases  [Tanzi,

2012]. For many years, only one genetic risk factor, the APOE ε4 allele, was firmly implicated in late-

onset and early-onset AD, but technological advances, such as large-scale genome-wide association

studies (GWAS), that allow to analyze millions of polymorphisms in thousands of subjects, revealed

new genes associated to late-onset AD (LOAD) risk [Bettens et al., 2013]. Apolipoprotein E (APOE) is

the strongest risk factor for LOAD. APOE gene is located on chromosome 19 and encodes three alleles

(ε2, ε3, ε4). APOEε4 is associated to an increased AD risk, in particular: one APOEε4 allele increases

AD risk 3-fold, and two APOEε4 alleles increase AD risk by 12-fold, with a decrease in age at onset.

Conversely, APOEε2 is associated with decreased risk for AD and later age at onset  [Karch et al.,

2014]. APOE is a regulator of lipoprotein metabolism and plays several important roles in the central

nervous system, such as cholesterol transport, neuroplasticity, and inflammation [Kim et al., 2009a]. In

particular,  APOE is  able  to  bind  Aβ,  influencing the clearance  of  soluble Aβ and Aβ aggregation

[Verghese et al., 2013]. Neuropathologic and neuroimaging studies demonstrated that APOEε4 carriers

exhibit accelerated and more abundant Aβ deposition than APOEε4-negative individuals [Morris et al.,

2010]. Since 2009, European and international genome-wide association collaborations allowed the

discovery of at least nine new risk loci for AD, involved in lipid metabolism, inflammatory response

and endocytosis [Karch and Goate, 2015]. 
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Besides  APOE,  variants  of  other  two genes  involved in  cholesterol  metabolism were  found to be

associated to AD: clusterin (CLU) and the ATP binding cassette subfamily A member 7 (ABCA7). 

Clusterin  (CLU),  an  apolipoprotein,  is  located  on  chromosome  8,  and  encodes  three  alternative

transcripts [Rizzi et al., 2009]. Several SNPs have been identified in CLU that confer protection against

LOAD  [Schrijvers  et  al.,  2011].  Clusterin  likely  influences  Aβ clearance,  amyloid  deposition,  and

neuritic  toxicity  and  it  seems  to  modulate  the  membrane  attack  complex,  where  it  inhibits  the

inflammatory response associated with complement activation [DeMattos et al., 2004].

ABCA7 is  located  on  chromosome 19 and  alternative  splicing  can  generate  two  transcripts,  both

expressed  in  the  brain  [Kim et  al.,  2008].  Several  SNPs  near  and  inside  the  ABCA7 gene  were

identified by GWAS in LOAD as risk alleles [Vasquez et al., 2013]. ABCA7 functions in the efflux of

lipids from cells into lipoprotein particles. In vitro, ABCA7 stimulates cholesterol efflux and inhibits

Aβ  secretion,  and  its  increased  expression  has  been  demonstrated  to  also  increase  microglial

phagocytosis of apoptotic cells, synthetic substrates, and Aβ [Kim et al., 2006]. APP transgenic mice

that are ABCA7-deficient have increased Aβ deposition compared with singly transgenic animals [Kim

et al., 2013].

GWAS  studies  allowed  the  identification  of  gene  variants  associated  to  LOAD,  involved  also  in

neuroinflammation  and  dysregulation  of  the  immune  response,  which  are  central  features  of  AD

[Holtzman et al., 2011]. Complement receptor 1 (CR1) encodes for a protein that is involved in the

complement response. Several SNPs in this gene are strongly associated with AD risk  [Liu and Niu,

2009].  Moreover,  CR1  encodes  high-expression  and  low-expression  alleles:  individuals  who  are

homozygous for the low-expression CR1 allele have <200 copies of CR1 per cell, whereas individuals

who  are  homozygous  for  the  high-expression  allele  express  nearly  1400  copies  per  cell  [Krych-

Goldberg et al., 2002]. Higher CR1 protein expression is associated with a higher clearance rate of

immune complexes and this dampening of the complement response is associated to a lower risk of

developing AD pathology [Rogers et al., 2006]. SNPs identified near to CD33, encoding for a member

of the sialic acid-binding Ig-like lectin family of receptors, seem to reduce LOAD risk [Malik et al.,

2013].  Since CD33 expression is  specifically  increased in  microglia,  and Aβ fagocytosis  has  been

demonstrated to be inhibited in immortalized microglial cells expressing CD33, genetic variations of

this gene may play an important role in Aβ clearance and other neuroinflammatory pathways mediated

by microglia in the brain [Griciuc et al., 2013]. MS4A is a locus that contains several genes associated
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with the inflammatory response:  MS4A4A, MS4A4E, and MS4A6E. SNPs localized near  to  these

genes have been associated to both an increase and a decrease in LOAD risk  [Karch et al., 2012].

Finally,  TREM2 is  a  receptor  expressed  in  microglia  that  stimulates  phagocytosis  and  suppresses

inflammation. Rare, missense mutations in TREM2 have been reported to increase LOAD risk [Reitz

and Mayeux, 2013]. 

Genes associated with endocytosis and synaptic function were identified in several GWAS of LOAD

risk. Bridging integrator 1 (BIN1) for example, is involved in regulating endocytosis and trafficking,

immune response, calcium homeostasis, and apoptosis [Ren et al., 2006]. Specific SNPs in BIN1 gene

have been linked to increased risk for LOAD  [Chapuis et al.,  2013]. SNPs 5′ to another gene, the

phosphatidylinositol binding clathrin assembly protein (PICALM) predominantly expressed in neurons

and involved in APP trafficking in vitro and in vivo, have been associate to a reduced LOAD risk,

while  few  SNPs  found  in  the  gene  coding  for  the  CD2-associated  protein  (CD2AP),  that  is  a

scaffolding protein involved in cytoskeletal reorganization and intracellular trafficking, are associated

to an increased LOAD risk [Karch et al., 2014]. Also SNPs located near to the gene EPH Receptor A1

(EPHA1)  and sortilin-related  receptor  L1 (SORL1),  involved in  intercellular  signaling  and vesicle

trafficking respectively, have been associated to reduced LOAD risk [Martínez et al., 2005; Rogaeva et

al., 2007]. Even if through an unknown mechanism, rare coding variants in the phospholipase D3 gene

(PLD3)  seem  to  confer  risk  for  LOAD  [Cruchaga  et  al.,  2014].  The  GWAS  approach  involves

genotyping common ancestral polymorphisms that usually occur in >5% of the general population. 

The risk effects exerted by the GWAS-derived genes discussed above are tiny, that is they confer only a

0.10- to 0.15-fold increase or decrease in AD risk in carriers versus non-carriers of the associated∼

alleles, as compared with a four- to 15-fold increase in AD risk owing to the inheritance of APOEε4.

This  means  that  probably  a  substantial  proportion  of  the  genetic  variance  of  LOAD  remains

unexplained by the currently known susceptibility genes  [Tanzi, 2012]. With regard to rare variants

conferring large effects on risk for LOAD, two rare  mutations in the ADAM10 gene were recently

reported, that caused AD at an average age of 70 years in seven of 1000 LOAD families tested [Kim et

al., 2009b]. ADAM10 encodes for the major α-secretase in the brain, that cleaves within the Aβ domain

of APP to preclude the formation of β-amyloid. The two novel ADAM10 LOAD mutations, are located

in the prodomain region,  and dramatically  impair  the ability  of ADAM10 to carry out α-secretase

cleavage of APP. Thus, the two mutations in ADAM10 would appear to be strong candidates for the

first rare, highly penetrant pathogenic mutations genetically associated with LOAD [Kim et al., 2009b].
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1.3.3 Mosaicism in Alzheimer’s disease

Even if the very first observation that linked mosaicism to sporadic early-onset AD dates to 2004 [Beck

et al., 2004], evidences that suggest  mosaicism as a potential AD trigger started to accumulate only

recently,  when  technological  improvement  allowed  the  study  of  single  neuron  genomes  and  the

identification of somatic CNVs and SNVs. Bushman and colleagues, in 2015, found that neurons from

Alzheimer's disease post-mortem brains contained more DNA (on average, hundreds of millions of

DNA base pairs more) and more copies of the APP gene, with some neurons containing up to 12 copies

[Bushman et  al.,  2015].  Furthermore,  Parcerisas  and colleagues  in  2014 showed  that  38  genes  in

overlap with hippocampus-specific SNVs (hs-SNVs) were present in more than 6 AD individuals out of

17. Interestingly, some of these hs-SNVs were in genes previously related to AD (e.g., CSMD1, LRP2).

The most frequent genes with hs-SNVs were associated with neurotransmission,  DNA metabolism,

neuronal transport, and muscular function. Interestingly, 19 recurrent hs-SNVs were common to 3 AD

patients [Parcerisas et al., 2014]. More significantly, in 2019, applying whole exome-sequencing (at ~

584x coverage) to hippocampal formations, Jun and colleagues showed that SNVs accumulates with

increasing age in AD [Park et al., 2019]. SNVs were found in PI3K-AKT, MAPK, and AMPK pathway

genes, known to contribute to hyperphosphorylation of the tau protein. Furthermore, a pathogenic brain

somatic mutation in PIN1 gene was observed to lead to a loss-of-function (LOF) mutation. It is known

through in vitro mimicking that haploinsufficiency of PIN1 aberrantly increases tau phosphorylation

and aggregation. Therefore, authors demonstrated for the first time that SNVs can be implicated in the

appearance of tau pathology in AD brains [Park et al., 2019]. In addition to SNVs and CNVs, the role

of mobile  elements somaticism in AD is under intense investigation.  As discussed in the previous

paragraph, somaticism generated by mobile elements activity is pervasive in human brain, even if its

role is not yet fully understood. Recently, multiple observation linked AD-key proteins (Tau, TDP-43)

with the reactivation of retrotransposons and brain inflammation [Guo et al., 2018; Krug et al., 2017;

Saleh  et  al.,  2019].  For  instance,  by  analyzing  human  brain  transcriptomes,  Guo  and  colleagues

identified differential retrotransposon expression signatures in association with neurofibrillary tangle

burden along with evidence for widespread activation of selected TE clades, including L1s. To establish

specificity,  they turned to Drosophila transgenic models, revealing that Tau is sufficient to activate
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numerous TEs. Moreover, this activation was found to be further enhanced by aging and with a mutant

form of Tau associated with increased neurotoxicity.  Finally,  they proposed a model in  which Tau

modulates transcriptional activity at TE loci, possibly via chromatin remodeling, leading to neuronal

dysfunction and/or loss [Guo et al., 2018]. 

New insertions could also impact the normal translocation of proteins between the outer and inner

mitochondrial membrane, by affecting the structure of TOMM40 β-barrels  [Larsen et al., 2017]. The

disruption of mitochondrial protein trafficking across TOMM40 is known to be implicated in several

neurodegenerative  diseases,  such  as  Alzheimer's  disease,  Parkinson's  disease  and  Huntington’s

[Richards et al., 2016]. Interestingly, it has been reported that at least one primate-specific Alu insertion

in antisense orientation within TOMM40 intron 6 is associated with late-onset Alzheimer’s disease,

further  suggesting  a  role  for  retrotransposons  elements  that  requires  further  studies  [Larsen  et  al.,

2017].

Overall, from the initial associations with tumors, mosaicism has been found to be associated to several

pathologies,  most  importantly  brain-related  diseases,  which  affect  a  consistent  fraction  of  the

population. These findings are relatively recent and still  have many open questions that need to be

addressed. In particular, in Alzheimer’s disease there are currently no sufficient evidences to state that

mosaicism is one of the major phenomenon that acts as a trigger for the pathology and therefore more

studies are required to support these observations.
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1.4 Technological  advancements  and current  limitations  in  mosaicism
detection

The detection of mosaicism in human disease has been historically challenging both because it requires

analysis of single cells within a given tissue and because mosaicism may be tissue-specific or tissue-

limited.  Moreover,  the  detection  of  mosaicism  requires  analysis  of  multiple  tissues  within  an

individual. In some cases, the choice of tissues is suggested by the diagnosis of a specific disease or

phenotype, such as in the case of the detection of patchy pigmentation. In the absence of phenotypic

clues to trigger the search for mosaicism, its detection relies on using sensitive genotyping techniques,

such  as  single-nucleotide  polymorphism  (SNP)  microarrays  or  next-generation  sequencing  (NGS)

[Conlin et al., 2010; Gottlieb et al., 2010]. In some cases, a vigilant clinician will request analysis of

multiple tissues to rule out low-level mosaicism: blood, skin, saliva and any particular affected tissues

being  the  most  common.  We  can  list  three  major  class  of  technologies  that  permit  mosaicism

investigation  at  different  level  of  resolution.  These  are  cytogenetic  analysis,  microarrays  and next

generation sequencing. 

1.4.1 Cytogenetic techniques

Cytogenetic  techniques  were  the  first  methods  developed  to  study  structural  and  numerical

abnormalities of chromosomes. These mainly include banding and molecular cytogenetics techniques.

Banding techniques, such as the analysis of G-banded chromosomes, were developed starting from the

70’ [Caspersson et al., 1970], and consist in staining chromosomes with a fluorochrome and examining

them with fluorescence microscopy. These staining have a very limited resolution that also depends on

the type of microscope. In optimal conditions, banding can detect only large chromosomal aberrations

in the range of 5-10 Megabases [Cui et al., 2016]. Molecular cytogenetics, such as fluorescent in situ

hybridization (FISH) [Pinkel et al., 1986] and comparative genomic hybridization (CGH) [Kallioniemi

et al., 1992], started to be available only at the end of the 80’. They rely on fluorescent-labelled probes

that  can  pair  with  specific  nucleic  acid  sequences  in  morphologically  normal  chromosomes.  They

brought an improvement in the resolution limits which is now in the range of 100-200 Kilobases [Cui
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et al., 2016].  Mosaicism has been detected since the earliest usage of cytogenetic techniques in the

sixties, when cells within an individual were found to have divergent chromosome contents, such as

monosomic or trisomic chromosomes in the karyotype of one cell and a normal karyotype in another

[Hirschhorn et  al.,  1960]. Although mosaic aneuploidy was traditionally the most detected form of

mosaicism  due  to  the  low  resolution  of  the  banding  techniques,  the  development  of  molecular

cytogenetics and with an increase in resolution, led to the discovery of a wide variety of chromosome

abnormalities implied in mosaicism, such as insertions, deletions and duplications  [Erickson, 2010].

However, cytogenetic detection of low-level mosaicism is challenging, as a sufficient number of cells

must be analyzed [Hook, 1977]. Moreover, current resolution is limited to Kilobase scale variants that

therefore do not permit SNVs detection.

1.4.2 Microarrays

Beginning  in  2005,  microarray-based  techniques  began  to  replace  cytogenetic  testing,  with  the

introduction  first  of  array-based  comparative  genomic  hybridization  (aCGH),  which  can  analyze

genomic  copy  number  variants,  followed  by genome-wide  single  nucleotide  polymorphism (SNP)

arrays.  SNPs  arrays  are  a  particular  type  of  chip  platform originally  developed to  simultaneously

genotype human DNA at thousands of SNPs across the genome. A SNP is defined as a single DNA

nucleotide variation with respect to the reference genome within individuals of a population, wherein it

has an abundance of 1% or higher. SNPs arrays rely on the biochemical principle that nucleotide bases

bind to their complementary partners in Watson–Crick base pairs. Current arrays contain hundreds to

millions of unique nucleotide probe sequences, also known as markers, designed to bind to a target

DNA sequence (figure 6-A and 6-B). Hybridization is detected through specialized equipment that can

measure  the  intensity  signal  associated  with  each  probe  and  its  target  after  pairing.  Extensive

processing  and  analysis  of  these  raw  intensity  measures  yield  SNP genotype  inferences  with  an

accuracy that has been estimated to be over 99% [Affymetrix Genome-Wide Human SNP Array 6.0

data sheet, 2007] (figure 6-C). Since intensity signals depends upon target DNA quantity, as well as the

affinity  between  target  and  probe,  they  can  then  be  used  to  infer  CNVs,  such  as  deletions  and

duplications, and loss of heterozygosity (LOH) [Zhao et al., 2004]. As mentioned, recent platforms can

provide even millions of different markers, thus allowing an extensive sample genotyping at SNPs loci.
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However, probe number alone is not sufficient to yield good CNV calls. Increasing probe densities in

known CNV regions of the genome, in combination with a sufficient genome-wide backbone of probes,

generally leads to more detection power. However, if the backbone coverage is not sufficient or regions

such as gene deserts are devoid of probes, the design may not detect even some relatively large CNVs.

Large CNVs in gene deserts may still be biologically relevant, for example they may be potentially

associated with molecular and phenotypic effects that could be transmitted by changes in chromatin

conformation and/or regulatory regions. Haraksingh and colleagues demonstrated this concept in 2017

by comparing high-density chips enriched for additional exome content with the same base array types.

Moreover,  they  showed  that  the  additional  exome content  present  in  ultra  high-density  chips  (for

instance on Illumina Omni arrays) had no clear benefit for CNV discovery. In fact, when comparing the

exome-enriched arrays with their relative standard types, they observed a dramatic increase in non-

validated CNV calls without a corresponding gain in validated ones [Haraksingh et al., 2017]. Overall,

SNPs arrays provided an unprecedented genotyping power, which is only currently overpowered by

next generation sequencing technologies. However, CNV detection, especially with ultra high-density

arrays, has still limitations. Nevertheless, by using more than one CNV calling algorithm during data

analysis, coupled with appropriate extensive experimental validation with orthogonal techniques, the

validity of CNV detection could be maximized.

A) B)             C)

Figure  6: SNPs array technology.  A) SNPs probes (identified with the “rs” ids) are physicaly attached to the
chip.  Test  DNA sequences  (in  blue)  pairs  to  the  SNPs  probes  by  Watson–Crick  base  complementary;  B)
Depending on the nucleotide complementarity, one of four labeled bases is inserted;  C) Labeled nucleotides
excited by laser emits signals that are detected through scanners and converted into precise intensity signals. The
interpretation of intensity signals yield genotyping calls. When two signals are similarly detected from a single
locus,  heterozygosity  can  be  called  (yellow  background).  On  contrary,  when  a  single  signal  is  detected
homozygosity can be called instead (green and red backgrounds).
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The advantages of array-based testing (which typically analyses DNA extracted from whole blood) for

mosaicism detection mainly consist in its high throughput conferred by the thousands to millions of

genomic sites that can be tested at the same time. Furthermore, many cells and different cell types are

analyzed simultaneously while samples do not require culturing, which might itself cause mutations.

Several  studies  using aCGH tested the ability  of  this  technique  to  identify mosaicism,  and it  was

demonstrated that mosaicism could be identified when variant cells constituted >10% of the total cell

population. SNP arrays are much more sensitive than aCGH for mosaicism detection, and mosaicism

involving <5% of cells has been detected using these arrays [Conlin et al., 2010; Rodríguez-Santiago et

al., 2010]. In addition to detecting mosaicism at lower levels, SNP arrays are also able to genotype the

SNPs, thus aiding the analysis of the genetic mechanism by which the mosaicism has occurred, (see

below) [Conlin et al., 2010]. However, microarray-based techniques have intrinsic limitations mainly

due to probes design. Resolution strictly depends on the number and on the mapping position of the

different  probes  available  on the  chip,  which  directly  affect  the  size  of  the  potential  CNVs to  be

detected.  Moreover,  SNVs can be identified only if  there is  a specific  probe designed for.  Unique

probes design is challenging as a consistent fraction of the genome is composed by repetitive elements,

therefore this restricts CNVs calling for transposable elements to only large variants or unique regions

in the genome. Other limitations then consist in the type of CNVs that may be detected. Insertions can

remain undetected or be confused with duplications,  depending on the absence or the presence of

probes within the inserted sequence. Moreover, not all individuals with uniparental disomy (UPD) can

be identified by the SNP arrays. In patients who have constitutional heterodisomy, a normal genotype

pattern is indeed detected, and the fact that the two chromosomes are inherited from one parent can be

detected only if parental samples are analyzed in conjunction with their child (trios). 
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1.4.3 Next Generation Sequencing

The  massive  parallel  sequencing  technology  known  as  next  generation  sequencing  (NGS)  has

revolutionized the biological sciences, outperforming previous Sanger-based sequencing strategies. The

term “massive  parallel”  mostly  derives  from the  NGS instruments  capability  to  perform both  the

enzymology and data acquisition in an orchestrated and stepwise fashion, enabling sequence data to be

generated from tens to thousands to billions of DNA template molecules simultaneously. To date, NGS

has the highest level of resolution in both SNVs and CNVs detection potentially being able to detect

also de-novo sequence variants [Bras et al., 2012; Mardis, 2008]. Within the NGS technologies there

are  two  major  paradigms:  short-read  sequencing  and long-read  sequencing.  Short-read  sequencing

approaches provide lower-cost, higher-accuracy data that are useful for population-level research and

clinical variant discovery. By contrast, long-read approaches provide read lengths that are well suited

for de-novo genome assembly applications and full-length isoform sequencing [Goodwin et al., 2016].

The most applied NGS technology is currently represented by the short-reads Illumina sequencing,

which is based on the concept of sequencing by synthesis (SBS). This method is characterized by 1)

chemical or physical fragmentation of the genome or other DNA/RNA sample to be sequenced, 2) the

generation of a sequencing “library” that results from the attachment of universal adaptors (synthesized

oligonucleotides of known sequence) at each end of the template fragments to be sequenced, and 3) on-

surface template amplification. This is made possible by virtue of library fragment hybridization to

covalently attached oligonucleotides that  have sequence complementarity to the synthetic  adaptors.

Every oligonucleotide provides a free 3′ OH for enzymatic extension on the templates which is coupled

with on-instrument data detection (figure 7). Amplification is made on-surface establishing a fixed X–

Y coordinate for each template that, in turn, permits data from nucleotide incorporation steps to be

assigned to  a  specific template.  Because SBS method is  detecting nucleotide incorporation from a

population of amplified template molecules at each X–Y coordinate, and because of the increasing

noise over  sequential  incorporation  and imaging cycles,  SBS is  ultimately  limited in  its  length of

sequence  read  (“read  length”)  that  currently  can  reach  300  nucleotides  in  length.  Although

improvements on the enzymology and nucleotide chemistry or synthesis, as well  as more sensitive

detectors, have yielded improved signal-to-noise over time permitting increased read lengths, SBS read

lengths remain shorter than Sanger and alternative “long-reads” strategies should be put in place to

obtain reads longer than 800 nucleotides [McCombie et al., 2019].
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Finally,  SBS methods  can  provide  both  single-end or  paired-end reading (figure  8).  In  single-end

reading, the sequencer reads a fragment from only one end to the other, generating the sequence of base

pairs. In paired-end reading instead, it starts at one read, finishes this direction at the specified read

length, and then starts another round of reading from the opposite end of the fragment. Paired-end

reading improves the ability to identify the relative positions of various reads in the genome during the

downstream  bioinformatic  analyses,  making  it  much  more  effective  than  single-end  reading  in

resolving structural rearrangements such as gene insertions, deletions, or inversions.

Figure  7: Illumina single-reads sequencing schema.  After  template  fragmentation,  adapter-modified,  single-
stranded DNA is added and immobilized by hybridization on physical supports. Bridge amplification generates
clonally amplified clusters. Clusters are denatured and cleaved; sequencing is initiated with addition of primer,
polymerase (POL) and 4 reversible dye terminators. Postincorporation fluorescence is recorded. The fluor and
block are removed before the next synthesis cycle. Taken from [Voelkerding et al., 2009].

50



Figure 8: Single-end vs Paired-end reading. Paired-end reads can provide more precise alignments when reads
are mapped to the reference genome, in particular within repetitive elements.

When applied to mosaicism detection, NGS approaches show considerable  strength with respect to

Sanger-based and SNPs array technologies. This consists in their high processivity and quantitative

nature, based on reporting reads counts (a quantitative measure) for each allele as integer counts on the

sequences of multiple different molecules for every nucleotide in the genome. These data are amenable

to  statistical  analysis,  which  can  distinguish  mosaicism  from  sequencing  errors,  and  that  are

continuously improved through software and protocol developments. 

The massive throughput of NGS has another benefit, since it does not require genetic mapping data to

identify causative genetic variants. For this reason, subtractive informatic approaches (in which two

samples are informatically processed to identify only those positions in the genome that differ) can be

coupled to NGS to identify mosaic alterations. Trio sequencing (see above) has been used to identify

de-novo alterations  as  a  cause  of  non-mosaic  heritable  disorders  [Veltman  and  Brunner,  2012].

Furthermore, intra-patient subtraction can be used to identify mosaic disorders, as it has been done in

cancer genomics,  by comparing DNA samples from affected and unaffected tissues from the same
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patient. This approach has a measurable false-positive rate, which is due to a combination of molecular

and informatics  errors,  yet it  has been successfully  used to  identify numerous mosaic disorders as

reported by Conlin and colleagues in 2010, and cited in chapter 1.2. NGS recently started to be applied

also at single cells, pushing the limits of mosaicism detection to intra-tissue levels  [Cai et al., 2014;

Lodato et al., 2018]. 

Next generation sequencing technologies are not exempt from limitations. Current sequencing costs are

forcing  the  majority  of  scientists  to  adopt  short  reads  approaches  on  bulk  tissues  and  to  use

low/medium  depth  of  coverages  (at  about  30x)  when  sequencing  whole  genomes.  The  depth  of

coverage is defined as the number of times a nucleotide is read during sequencing. The ability to detect

somaticism depends on the frequency of cells affected within a sample and on the depth of coverage.

For instance, low frequency mosaicism would be difficult to be observed with low/medium coverages

from bulk tissues and this is explained by the combination of the small number of sequenced cells (low

coverage)  with  their  low  probability  of  including  the  somatic  variant  (low  frequency).  Although

decreasing in sequencing costs may overcome this issue making high coverage analyses a common

practice, further limitations would still affect mosaicism detection. Short-reads sequencing approaches

have  intrinsic  mapping  limitations,  that  particularly  affect  repetitive  regions  (more  details  in  the

following  chapter).  An  alternative  strategy  can  rely  on  long  reads  sequencing  approaches.  These

technologies are more expensive,  but they allow the mapping of longer fragments to the reference

genome, improving therefore CNVs discovery. However, they have higher error rate with respect to

short-reads sequencing approaches (estimated to be 15% and 0.1% respectively) which make them less

suitable  for  reliable  SNVs calling.  To overcome costs,  exome sequencing and targeted sequencing

approaches can be a valid alternative to whole genome sequencing. The latter consists in sequencing

only portions of the genome through capture by customizable probes [Pagnamenta et al., 2012; Jamuar

et al.,  2014].  However,  although very high coverages can be achieved with relatively little efforts,

mapping issues may still arise depending on the targeted regions posing the limiting factor to the probe

design. 

These aspects clearly shed light on the fact that a single technology, hardly would result in detecting all

sources of mosaicism at once, thus leaving the decision to which scan first to researchers considering

the tissue and disease of interest.
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1.4.3.1 Retrotransposons detection through sequencing approaches

It has been almost 20 years since the publication of the first human genome reference gave researchers

a genome-wide view of human transposable element content [Lander et al., 2001]. From that point, the

identification  of  transposable element,  and in  particular  retrotransposons,  mainly  resulted  from the

available high-throughput methods coupled with bioinformatics strategies. 

The majority of the WGS data nowadays comes from Illumina platforms and generally consists of

millions to billions of 100-150 bp reads in pairs, where each read in a pair represents the end of a

longer fragment generally of the length of about 500 bp. Small variants are detected through accurate

alignment  to  the  reference  genome followed  by examination  of  the  deviations  from the  reference

sequence.  However,  structural  variants  are  much  more  complex  to  call,  principally  because  the

presence of rearrangements must be inferred from short reads that generally do not span the entire

interval affected by the variants. Retrotransposition events are even more difficult to detect, since the

repetitive  nature  of  the  sequences  can  result  in  reads  that  not  map  in  unique  regions  within  the

reference human genome. To detect structural variants and retrotransposon insertions by short-reads

sequencing techniques, two approaches result useful: inference from discordant read-pair mappings and

clustering of ‘split’ reads that shares common alignment junctions.

Discordant reads-pair mapping approaches relies on the information yielded by discordant read pairs. A

discordant read-pair is one pair of reads whose mapping is inconsistent with the sequencing library

preparation parameters. During library preparation, genomic DNA is sheared physically or chemically,

and fragments of a specific size are selected. Given an expected fragment size distribution, anything

significantly outside of that range may be considered discordant. What is significantly outside of the

expected  range  of  fragment  sizes  can  be  determined  only  after  sequencing  and  mapping  on  the

reference genome, based on the distribution of distances between the mapping of the two reads in a

pair. Additionally, given the library preparation method and/or sequencing platform used, the expected

orientation of the ends of the read-pair may be known. For instance, Illumina read pairs are ‘forward-

reverse’ meaning that two reads in a pair must have opposite orientation with respect to the reference

genome.  Reads  inconsistent  with  this  pattern  may  be  considered  discordant.  Finally,  reads  pairs

mapping in which the two reads do not map in the same chromosome are clearly also considered

discordant. When using discordant read pairs to inform structural retrotransposon discovery, typically
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one end will be ‘anchored’ to an unique sequence of the genome while the other may map to multiple

distal locations located within various copies of a repeat element throughout the genome. Once ‘one-

end-repeat’ reads have been identified, the non-repeat ends of the read pairs are clustered by genomic

coordinates, and possibly filtered by various criteria concerning mapping quality, consistency in read

orientations, underlying genomic features, and others (figure 9). Discordant reads mapping alone does

not yield exact junctions between the insertion and the reference sequence, therefore sites localized by

discordant read mapping are typically refined through local sequence assembly or most commonly

through split-read mapping, which,  as the name may suggest,  relies  on split  reads.  Split  reads are

defined as reads that contains one segment mapping to a location of the reference genome, while the

remaining segment to one or more locations distal from the first. In analogy with discordant reads-

pairs, retrotransposons discovery relies on reads segments ‘anchored’ in unique sequences while the

other segment may, on may not, map in the repetitive regions of the genome (figure 9). The ability to

map the segment to a repetitive region, in fact, mainly depends on the length of the fragment, which

confers mapping specificity. Split reads approaches are powerful. They can identify the exact insertion

location at base-pair resolution. However, the application of such approaches required specific aligner

that  can provide alternative mapping locations.  Moreover,  current  reads  length may limit  mapping

quality  and provide  lower  sensitivity  and  specificity  with  respect  to  discordant  read-pair  mapping

[Ewing, 2015]. Several softwares have been designed to detect retrotransposition events. They usually

rely on one of the two aforementioned strategies or on combinations of the two. However, it has been

demonstrated that most of the available methods still do not produce highly concordant results [Ewing,

2015] requiring  further  developments  in  both  mobile  elements  detection  methods  and  sequencing

technologies.  Finally,  in 2017, the Mobile Element Locator Tool (MELT) was released,  a software

specifically developed as part of the 1000 Genomes Project, able to perform mobile element insertions

(MEIs)  discovery  on  a  population  scale  [Gardner  et  al.,  2017].  It  was  designed  to  rely  on  both

discordant reads pairs as well as split reads, from Illumina WGS data, to identify precise breakpoints

and target site duplication at candidate MEI sites. It also performs genotyping across samples for both

novel and reference mobile element copies to provide a comprehensive map of polymorphic MEIs in a

given genome.  MELT was proven to  outperform existing  MEI discovery  tools  in  terms  of  speed,

scalability,  specificity,  and  sensitivity,  while  also  detecting  a  broader  spectrum of  MEI-associated

features such as 5′ inversions and 3′ transductions. Thus, it is becoming common practice to implement
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its  application  in  several  pipelines  and  studies  aimed  to  investigate  mobile  elements  from whole

genome sequencing data.

Figure 9. Discordant read pairs and split reads strategies in retrotransposon detection. The picture represent a L1
integration within the genome. Mapped reads are shown as colored arrows under the coverage curve (grey top
curve). Discordant read pairs (in red and green), unlike split reads (in blue), cannot provide nucleotide breaking
point resolution. Adapted from [Gardner et al., 2017].
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1.5 Research aims and objectives

Mosaicism has been proven to be a crucial phenomenon in cancer while its role in other diseases,

especially  those  of  the  nervous  system,  is  under  evaluation.  So  far,  findings  have  been  strictly

associated to technological advancements, due to the improvements in the capability of investigating

both the quantity and the sequence of the cellular DNA. High throughput approaches, such as SNPs

arrays  and sequencing,  have been elected  as  one of  the most  powerful  technologies  in  mosaicism

detection, primarily thanks to the high level of achievable resolution. Interestingly, in both healthy and

impaired brains, it was recently demonstrated that the pervasive activity of retrotransposons act as a

source of mosaicism, while their pathogenic role remain unclear. 

Inspired by this lack of knowledge, I investigated SNVs abundance and retrotransposon copy number,

mainly L1’s, in an AD post-mortem tissues cohort. This is composed by five different tissues belonging

to the same donors, from both post-mortem control individuals and AD patients. Tissues consisted in

cerebellum, frontal cortex, temporal cortex, hippocampus and kidney, which allowed us to investigate

mosaicism in different human brain regions. Giving the current technological limitations that affect

mosaicism detection, the dataset was studied by coupling two different strategies and by developing a

new targeted sequencing approach. 

In order to call the highest number of SNVs with the highest quality possible, the most dense SNP array

available to date (i.e. with the highest number of different SNP probes) was applied upon cerebellum,

frontal  cortex  and kidney tissues.  Despite  arrays  were  also  used to  assess  CNV content,  they  are

ineffective in the detection of new retrotransposition events. Therefore, a second strategy was applied

taking  advantage  of  whole  genome sequencing  with  short-reads  high  and  high  coverage  (~100x),

further extending the analyses to temporal cortex and hippocampus tissues. This approach was also

aimed to further expand SNVs detection to the whole genome.

The recent discovery of somatic deletions mediated by L1 elements expanded the way in which such

class of retrotransposons may generate mosaicism. Whole genome sequencing strategies were proven

to be successfully in retrotransposition detection. However, uniquely mapped short reads that belongs

to repetitive elements into specific genomic regions remains problematic. Therefore, for instance, low

levels of somatic deletions that only span repetitive sequences may remain undetected. To improve

mapping  specificity  and  resolution,  we  developed  a  targeted  sequencing approach  designed  to
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specifically amplify and sequence a genomic region upstream and spanning the 5’ end of a subset of ~

3000 full-length L1. We named this technology LIFE-seq from LINE-1 Five prime End sequencing. As

part of my contribution, I’ve developed and applied an analysis pipeline to genotype sequenced loci in

a subset of the AD dataset.

Finally, by taking advantage of both SNPs array and WGS data, I’ve also started to investigate the

potential presence of variants within a subset of genes known to be associated with AD.

1.5.1 The AD cohorts composition

The  human  genomic  DNA samples  used  in  both  SNPs  arrays  and  sequencing  experiments  were

extracted from tissues of two different cohorts of patients.

The Spanish cohort, received from Prof. Isidro Ferrer (Bellvitge Neuropathology Institute, Barcelona),

comprised samples of frontal cortex (FC) from 15 AD patients at the final Braak stages V-VI (severe

AD), 9 patients at Braak stages I-II (mild AD), and 9 healthy controls.

The Brazilian cohort, provided by Prof. Lea Grinberg (Brain Bank of Sao Paulo), comprised samples of

frontal  cortex,  temporal  cortex  (TC),  hippocampus  (HIP),  cerebellum (CER) and an  extra-nervous

tissue: the kidney (KID), taken from 8 AD patients at Braak stages IV-VI and 9 healthy patients.

1.5.2 Reference retrotransposons databases

Depending on the experiment, different sources of retrotransposon annotations were used in this study.

In order to test genomic CNVs for L1 content, L1 sequences were at first retrieved from three L1base

databases in genome build hg38 (Full-length L1: FLI-L1, L1 with intact ORF2: ORF2-L1 and non-

intact L1 longer than 4,500 bp: FlnI-L1). I’ve converted their coordinates by aligning the sequences to

genome build hg19 and then, from the results we kept only coordinates that presented full coverage and

100% of sequence identity with the reference genome. Additionally, from UCSC table, RepeatMasker
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annotation were retrieved in genome build hg19. Finally, I’ve generated a subset composed by only L1

sequences longer than 4,500 bps from the RepeatMasker annotations.

During sequencing experiments instead, I’ve relied on Alu, L1 and SVA consensus sequences obtained

from the  1000 Genomes  project  [Sudmant  et  al.,  2015].  Finally,  retrotransposon annotations  were

collected from the RepeatMasker tracks provided by the MELT software [Gardner et al., 2017].
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Chapter II

SNP array suggest increased mosaicism due to SNVs in AD brain
tissues

2.1 Introduction

Recent evidences suggested a potential involvement of somatic SNVs and retrotransposon mobilization

in Alzheimer’s disease  [Park et al.,  2019; Guo et al.,  2018]. Here, I aim to further investigate this

hypothesis  by  taking  advantage  of  post-mortem tissues  of  two  AD  cohorts.  The  Brazilian  cohort

comprises cerebellum, frontal cortex, and kidney tissues of the same individual for 8 AD and 9 CTRs.

The Spanish cohort  is  composed by frontal  cortex tissues obtained from 24 AD individuals and 9

CTRs. SNPs array experiment were performed on these cohorts, taking advantage of the most dense

platform available on the market. This resulted in the highest possible resolution in both SNPs and

genomic CNVs calling. I’ve first investigated the genomic CNVs properties, such as the total number

and the total lengths of CNVs per sample, to test for the presence of differences between AD and CTRs

samples. I then evaluated the effects of genomic CNVs in impacting L1 copy number by relying on

several repositories of L1 annotations. Next, I focused my attention on somatic SNVs. In particular,

studying  the  Brazilian  cohort,  I  investigated  the  presence  of  intra-individual  genotype  differences

among tissues that can be ascribed to early onset somatic variants. Somatic SNVs were specifically

defined as early onset (in opposition to late onset) when they could be defined as germline variants

when investigated in a single tissue, meaning that they were present in the majority of the cells of the

given tissue. Subsequently, I aimed to decipher the mutagen processes behind somatic SNVs formation

by applying mutational signature analyses.
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2.2 Materials and Methods

2.2.1 Sample collection

Samples used in the SNPs array experiments were selected from the whole Spanish cohort composed

by 9 CTRs and 24 AD and from a set of the Brazilian cohort. This comprised only frontal cortex,

cerebellum and kidney tissues of 9 CTRs and 8 AD samples (Table 1).

2.2.2 The Illumina Infinium ultra high-density chip assay

Illumina® Infinium OMNI 5 arrays, composed by more than 4.3x106 SNPs probes, were chosen to

carry out an SNPs array experiment upon genomic DNA extracted from our collection of samples.

Assays were conducted according to manufacturer’s protocols (Illumina Infinium LCG Quad Assay).

Intensity  signals were converted into CNVs calls  using the  PennCNV tool  (version 2014 May 07,

parameters: ‘-confidence’) [Wang et al., 2007]. The PFB file (Population Frequency of B allele), which

contains the population frequencies, the genomic coordinates of all the markers of the array and is

required  to  reconstruct  SNPs  genotypes,  was  downloaded  from  the  PennCNV site

(http://penncnv.openbioinformatics.org/en/latest/user-guide/download/YALE_Merged_PFB_hg19.pfb

on April 2017, v. 2014 Aug 18 from Szatkiewicz  et al., 2015). By strictly following the  PennCNV

workflow,  91,193 markers  that  lacked  in  PFB  informations  and  two  low  quality  samples

(C01_S005_A_FC  and  C09_S018_A)  were  discarded.  Plink1.9 (version  1.90b3.31,  subcommands

--neighbor , --check-sex)  [Purcell et al., 2007] and  SNPhylo (version 20180901, default parameters)

[Lee et al., 2014] were used to reconstruct sample’s relationship and to check for the correctness of the

gender metadata. 

CNVs with confidence scores below 30 where then discarded. Finally, CNVs that were probably split

during  the  calling  process  were  joined  using  the  PennCNV’s  clean.pl script  (default  parameters)

resulting in the identification of a total of 5,170 CNVs.
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SAMPLE ID QUALITY GENDER AGE COHORT SAMPLE TYPE TISSUE BRAAK NTF
C01_S001_A_CER PASS M 72 Brazilian AD CER 6
C01_S001_A_FC PASS M 72 Brazilian AD FC 6
C01_S001_A_K PASS M 72 Brazilian AD KID 6
C01_S002_A_CER PASS M 80 Brazilian AD CER 3
C01_S002_A_FC PASS M 80 Brazilian AD FC 3
C01_S002_A_K PASS M 80 Brazilian AD KID 3
C01_S003_A_CER PASS M 82 Brazilian AD CER 6
C01_S003_A_FC PASS M 82 Brazilian AD FC 6
C01_S003_A_K PASS M 82 Brazilian AD KID 6
C01_S004_A_CER PASS M 87 Brazilian AD CER 4
C01_S004_A_FC PASS M 87 Brazilian AD FC 4
C01_S004_A_K PASS M 87 Brazilian AD KID 4
C01_S005_A_CER PASS F 80 Brazilian AD CER 4
C01_S005_A_FC LOW_QUALITY F 80 Brazilian AD FC 4
C01_S005_A_K PASS F 80 Brazilian AD KID 4
C01_S006_A_CER PASS F 83 Brazilian AD CER 6
C01_S006_A_FC PASS F 83 Brazilian AD FC 6
C01_S006_A_K GENDER_ERROR F 83 Brazilian AD KID 6
C01_S007_A_CER PASS F 90 Brazilian AD CER 4
C01_S007_A_FC PASS F 90 Brazilian AD FC 4
C01_S007_A_K PASS F 90 Brazilian AD KID 4
C01_S008_A_CER PASS F 92 Brazilian AD CER 4
C01_S008_A_FC PASS F 92 Brazilian AD FC 4
C01_S008_A_K PASS F 92 Brazilian AD KID 4
C01_S001_C_CER PASS M 75 Brazilian CTR CER 2
C01_S001_C_FC PASS M 75 Brazilian CTR FC 2
C01_S001_C_K PASS M 75 Brazilian CTR KID 2
C01_S002_C_CER PASS M 79 Brazilian CTR CER 0
C01_S002_C_FC PASS M 79 Brazilian CTR FC 0
C01_S002_C_K PASS M 79 Brazilian CTR KID 0
C01_S004_C_CER PASS M 85 Brazilian CTR CER 2
C01_S004_C_FC PASS M 85 Brazilian CTR FC 2
C01_S004_C_K PASS M 85 Brazilian CTR KID 2
C01_S005_C_CER PASS F 61 Brazilian CTR CER 0
C01_S005_C_FC PASS F 61 Brazilian CTR FC 0
C01_S005_C_K PASS F 61 Brazilian CTR KID 0
C01_S006_C_CER PASS F 75 Brazilian CTR CER 2
C01_S006_C_FC PASS F 75 Brazilian CTR FC 2
C01_S006_C_K PASS F 75 Brazilian CTR KID 2
C01_S007_C_CER PASS F 76 Brazilian CTR CER 1
C01_S007_C_FC PASS F 76 Brazilian CTR FC 1
C01_S007_C_K PASS F 76 Brazilian CTR KID 1



Table 1: Cohorts composition with metadata information. Samples discarded are highlighted in red.
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SAMPLE ID QUALITY GENDER AGE COHORT SAMPLE TYPE TISSUE BRAAK NTF
A08_00153 PASS F 74 Spanish AD FC 5
C04_S004_A PASS M 79 Spanish AD FC 5
C04_S006_A PASS M 78 Spanish AD FC 5
C04_S009_A PASS F 85 Spanish AD FC 5
C04_S012_A PASS F 81 Spanish AD FC 5
C04_S013_A PASS M 87 Spanish AD FC 5
C04_S014_A PASS M 84 Spanish AD FC 5
C04_S018_A PASS F 77 Spanish AD FC 6
C09_S001_A PASS M 84 Spanish AD FC 4
C09_S002_A PASS M 75 Spanish AD FC 6
C09_S003_A PASS F 75 Spanish AD FC 4
C09_S004_A PASS F 79 Spanish AD FC 4
C09_S005_A PASS F 96 Spanish AD FC 5
C09_S006_A PASS M 84 Spanish AD FC 4
C09_S007_A PASS M 75 Spanish AD FC 5
C09_S008_A PASS F 83 Spanish AD FC 4
C09_S009_A PASS F 81 Spanish AD FC 4
C09_S011_A PASS M 77 Spanish AD FC 5
C09_S013_A PASS F 86 Spanish AD FC 6
C09_S015_A PASS F 81 Spanish AD FC 5
C09_S017_A PASS F 81 Spanish AD FC 4
C09_S018_A LOW_QUALITY M 79 Spanish AD FC 4
C09_S019_A PASS M 89 Spanish AD FC 4
C09_S020_A PASS M 86 Spanish AD FC 5
C02_S001_C PASS F 65 Spanish CTR FC 0
C02_S002_C PASS M 67 Spanish CTR FC 0
C02_S003_C PASS F 69 Spanish CTR FC 0
C02_S004_C PASS M 85 Spanish CTR FC 0
C02_S006_C PASS M 66 Spanish CTR FC 0
C02_S005_C PASS M 78 Spanish CTR FC 0
C02_S007_C PASS M 61 Spanish CTR FC 0
C09_S020_C PASS F 66 Spanish CTR FC 0
C09_S036_C PASS M 75 Spanish CTR FC 0



2.2.3 CNVs annotation and bioinformatics analyses

Genomic CNVs were grouped by sample, tissue and type of CNV. Dissimilarities in the distributions of

CNVs lengths and CNVs counts were evaluated for each of the CNV group using the R statistical

software  (version  3.3.2;  2016-Oct-31)  [R Development  Core  Team,  2008].  L1  collections  used  in

assessing L1 content in genomic CNVs were generated from different sources. L1 annotations were

retrieved from the three L1base databases in genome build hg38 (L1 Full-length: FLI-L1 , L1 with

intact ORF2: ORF2-L1 and non-intact L1 longer than 4500 bp: FLnI-L1; Downloaded on April 2017,

latest  update:  2016-07-09)  [Penzkofer  et  al.,  2017] and  then  converted  to  genome build  hg19  by

aligning them using a local  megablast (version 2.4.0, 2016-Aug-5, parameters: ‘-perc_identity 100’).

From the results only coordinates that presented full coverage and 100% of sequence identity with the

reference genome were kept.  From UCSC table  [Karolchik et  al.,  2004], RepeatMasker annotation

were retrieved in genome build hg19 (downloaded on April 2017). Finally, a subset composed by only

L1 sequences longer than 4,500 bps was generated from the RepeatMasker annotations.

BEDtools suit (version 2.25)  [Quinlan and Hall,  2010] was used to calculate the coverage and the

number of  overlaps  between each CNV and L1 from the  different  collections  (bedtools  coverage:

default parameters, bedtools intersect: “-wa” and “-loj”). Coverage was intended as the percentage of

nucleotides  in  a  CNV covered  by an  L1 element  over  its  total  length.  For  each sample,  we also

calculated a total coverage by using the sum of the CNV lengths and the sum of the L1 fragments in

overlap with them, and we used these values to draw the boxplots and perform the statistical analyses.

All  statistical  differences  were  evaluated  by  performing  T-tests  with  FDR correction  using  the  R

statistical software.
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2.2.4 SNVs calling and signature analyses

SNPs from the Brazilian samples were converted to the forward strand of the reference genome build

GRCh37 (version GCA_000001405.1) with Plink1.9 (option --keep-allele-order --a2-allele nucleodite

annotation  file).  Nucleotide  annotation  file  was  obtained from the  Illumina  Infinium Omni5 array

(version 1.3) from https://www.well.ox.ac.uk/~wrayner/strand/RefAlt.html. Converted SNPs were then

filtered with  Plink1.9 (options --geno 0.1, --mind 0.01, --maf 0.05) to select only high-quality SNPs

calls. Genotypes of tissues belonging to the same individuals were next compared in pairs (CER vs FC,

FC vs KID, CER vs KID). Loci for which pairs of tissues shown different genotypes (SNVs) were

selected and counted. Subsequent mutational signature analysis was performed using SNVs called after

having  set  KID as  reference  tissue  (after  Plink1.9  filtering).  Helmsmann software  (version  1.4.2)

[Carlson et al., 2018] was applied for the matrix generation (parameters --length 3, –decomp nfm),

while  DesonstructSign R package (version 1.8.0)  [Rosenthal et al., 2016] was used for the signature

assignation. COSMIC signatures database (version 3) was selected as reference repository of signatures

(http://cancer.sanger.ac.uk/cosmic/signatures).  Prior  to  assignation,  matrix  normalization  was

performed with the number of times that each trinucleotide context was observed in the genome (option

tri.counts.method = 'genome’).

All statistical differences were evaluated by performing Student T-tests with FDR correction using the

R statistical software.
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2.3 Results

2.3.1 SNP array experiments

Illumina® Infinium OMNI 5 arrays were applied on the Brazilian and Spanish cohorts (Table 1) due to

their exceptional SNPs probes density and ultra-high coverage of the whole Human genome (> 4.3x106

probes). A total of 24 samples from 8 individuals with AD and 27 samples from 9 individuals from

controls were analyzed from the Brazilian cohort while 24 AD samples and 9 control samples were

studied  from the  Spanish cohort.  2 samples  showed bad quality  during  intensity  signals  detection

(C01_S005_A_FC and  C09_S018_A)  and  were  thus  discarded.  The  remaining  sample’s  intensity

signals were converted into SNPs calls, which were further used to check sample’s relationship and

genders with  Plink1.9 analyses. My investigations indicated that the Brazilian sample C01_S006_K

was not related to the other two tissues collected from the same individual, that means its gender was

not coherent with its metadata, and was therefore discarded. SNPs data were additionally used to test

clustering of samples through a SNPhylo analysis. A good clustering of samples that belonged to the

same individuals was observed, confirming previous quality checks. Moreover, it was observed that

Brazilian and Spanish samples did not generate two separated groups (figure 10).
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Figure 10: SNPhylo tree representation of SNPs array data relationships. AD samples are highlighted in green
while CTRs in black. Brazilian samples are characterized by the presence of a suffix that refers to the tissue, see
Table 1 for further ID info. Bootstraps values are represented with different color scales.
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2.3.2 CNV analyses on the whole AD cohort

Intensity signals of the SNPs array experiment performed on both Brazilian and Spanish cohorts were

used to call a total of 5,170 genomic CNVs with respect to the reference genome build hg19. These

consisted in: 138 homozygous deletions (homo-del), 4,290 heterozygous deletions (hetero-del) and 742

duplications  (dupl).  CNVs  Intrinsic  properties,  as  total  CNVs  counts  and  total  CNVs  lengths  per

sample were then investigated. No significant differences between AD and CTRs were found (figure

11). 

Genomic CNVs were next investigated for their content in L1 elements. I could not find any overlap

between the identified CNVs and the 146 full-length intact forms of L1s elements (FLI-L1) nor the

Full-length L1s with non-intact ORF2 (ORF2-L1) annotated in L1base database. Analysis was further

extended  to  the  entire  non-intact  full-length  L1s  group (FLnI-L1)  consisting  of  ~11,000  elements

mapped on hg19 from the 13,418 L1s longer than 4,500 bp from L1base annotation of the hg38. Taking

into account heterozygous deletions, results indicated that, on average, there is a higher content of

FLnI-L1 in deletions of AD patients with respect to CTRs. This is just a tendency for the 3 tissues of

the small Brazilian cohort (CER, FC and KID), while the difference reaches a significant value for the

larger Spanish cohort (p = 8.5x10-3) (figure 12). The same analysis performed using all L1 fragments of

any length annotated in the human genome did not show any significant difference.
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Figure  11:  CNVs  intrinsic  properties.  A) Distribution  of  CNVs  counts  per  sample  grouped  by  tissue;  B)
Distribution of CNVs total length per sample grouped by tissue. AD samples in green and CTR in black.
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Figure  12:  FlnI-L1 coverage distributions.  A) FlnI-L1 coverage distributions grouped by tissue;  B) FlnI-L1
coverage distributions in FC of Spanish and Brazilian samples. A significant difference in FlnI-L1 coverage
within heterozygous deletions was identified between the FC of Spanish AD and CTRs. AD samples in green
and CTR in black.
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2.3.3 SNVs exploration on the Brazilian cohort 

I then focused my attention on the Brazilian cohort of samples to investigate the possible presence of

variants among tissues belonging to the same individuals. I started from the genotyping calls made with

SNPs array experiments. Several quality filters (see methods) were applied to focus on a high quality

subset of variants, which comprised 1,804,067 different loci per sample. I identified more than 900,000

loci in homozygosity for the reference allele, ~500,000 loci in heterozygosity and more than 300,000

loci in homozygosity for the alternative allele in each sample (table 2). 

Genotyping data of tissues belonging to the same individuals were next compared in pairs (CER vs

KID, CER vs FC and FC vs KID), and differences that appeared at the same locus, defined as early

onset somatic SNVs, were counted (table  3). I found a total of 17,014 redundant SNVs loci: 12,707

from CER vs KID, 10,194 from FC vs CER and 14,802 from FC vs KID. Between FC and CER of

single individuals, I observed higher counts of SNVs in AD samples, that reach a statistical significance

of  0.022,  while  no dissimilarities  were shown from the  comparison of  other  tissues  (figure  13).  I

noticed that both FC vs CER and CER vs KID AD distributions were bimodal, indicating the potential

presence of two subgroups of patients. However, this observation could not be associated to differences

in genders, ages or to the pathology grade and needs the analysis of additional clinical data. 
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Table 2: SNP array genotyping data. 0/0 : Homozygous calls for reference alleles; 0/1 : heterozygous calls; 1/1 :
homozygous calls for alternative alleles; ./. : ungenotyped loci per sample.
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SAMPLE TISSUE COHORT TYPE 0/0 0/1 ‘1/1’ ./.
C01_S001_A_CER CER Brazilian AD 924554 559582 319359 572
C01_S001_A_FC FC Brazilian AD 924107 559305 319405 1250
C01_S001_A_KID KID Brazilian AD 924651 559664 319353 399
C01_S002_A_CER CER Brazilian AD 922377 559318 321914 458
C01_S002_A_FC FC Brazilian AD 922443 559077 321778 769
C01_S002_A_KID KID Brazilian AD 922478 559324 321831 434
C01_S003_A_CER CER Brazilian AD 922785 559439 321053 790
C01_S003_A_FC FC Brazilian AD 923072 559044 321094 857
C01_S003_A_KID KID Brazilian AD 922763 559387 320910 1007
C01_S004_A_CER CER Brazilian AD 940992 520176 341915 984
C01_S004_A_FC FC Brazilian AD 941315 520336 341820 596
C01_S004_A_KID KID Brazilian AD 941334 520285 341752 696
C01_S005_A_CER CER Brazilian AD 928334 554943 319801 989
C01_S005_A_KID KID Brazilian AD 928365 555142 319742 818
C01_S006_A_CER CER Brazilian AD 905555 593112 304447 953
C01_S006_A_FC FC Brazilian AD 905558 593131 304433 945
C01_S007_A_CER CER Brazilian AD 910505 579084 313539 939
C01_S007_A_FC FC Brazilian AD 910560 579105 313495 907
C01_S007_A_KID KID Brazilian AD 910489 578933 313572 1073
C01_S008_A_CER CER Brazilian AD 908827 577772 316551 917
C01_S008_A_FC FC Brazilian AD 908890 577828 316567 782
C01_S008_A_KID KID Brazilian AD 908946 577540 316669 912
C01_S001_C_CER CER Brazilian CTR 914674 568385 320264 744
C01_S001_C_FC FC Brazilian CTR 914408 568378 320320 961
C01_S001_C_KID KID Brazilian CTR 914746 568020 320524 777
C01_S002_C_CER CER Brazilian CTR 912976 575965 314733 393
C01_S002_C_FC FC Brazilian CTR 912968 575901 314644 554
C01_S002_C_KID KID Brazilian CTR 912967 575834 314781 485
C01_S004_C_CER CER Brazilian CTR 960223 478218 364979 647
C01_S004_C_FC FC Brazilian CTR 960367 478223 364958 519
C01_S004_C_KID KID Brazilian CTR 960287 478118 365027 635
C01_S005_C_CER CER Brazilian CTR 904666 591504 306923 974
C01_S005_C_FC FC Brazilian CTR 904760 591541 306918 848
C01_S005_C_KID KID Brazilian CTR 904523 591518 306957 1069
C01_S006_C_CER CER Brazilian CTR 901056 600033 301994 984
C01_S006_C_FC FC Brazilian CTR 901124 600034 301977 932
C01_S006_C_KID KID Brazilian CTR 900876 599918 302078 1195
C01_S007_C_CER CER Brazilian CTR 909143 582242 311863 819
C01_S007_C_FC FC Brazilian CTR 909214 582222 311801 830
C01_S007_C_KID KID Brazilian CTR 909254 582217 311768 828
C01_S008_C_CER CER Brazilian CTR 916267 571326 315582 892
C01_S008_C_FC FC Brazilian CTR 916355 571366 315598 748
C01_S008_C_KID KID Brazilian CTR 916432 571288 315558 789
C01_S009_C_CER CER Brazilian CTR 911747 575712 315637 971
C01_S009_C_FC FC Brazilian CTR 911901 575744 315660 762
C01_S009_C_KID KID Brazilian CTR 911895 575556 315567 1049
C01_S010_C_CER CER Brazilian CTR 912395 577097 313816 759
C01_S010_C_FC FC Brazilian CTR 912359 577125 313809 774
C01_S010_C_KID KID Brazilian CTR 912264 576771 313825 1207



Table 3: Counts of somatic SNVs per individual and tissue comparison.

Figure 13: Early onset somatic SNVs distributions grouped by tissue comparisons. AD in green and CTRs in
black.
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INDIVIDUAL COHORT TYPE CER vs FC CER vs KID FC vs KID
C01_S001_A Brazilian AD 2466 645 2419
C01_S002_A Brazilian AD 2097 702 2006
C01_S003_A Brazilian AD 2359 824 2242
C01_S004_A Brazilian AD 2181 1964 1723
C01_S005_A Brazilian AD NA 1769 NA
C01_S006_A Brazilian AD 589 NA NA
C01_S007_A Brazilian AD 668 1987 1896
C01_S008_A Brazilian AD 737 1942 1852
C01_S001_C Brazilian CTR 669 1975 2173
C01_S002_C Brazilian CTR 489 1786 1690
C01_S004_C Brazilian CTR 629 1826 1712
C01_S005_C Brazilian CTR 636 1907 1846
C01_S006_C Brazilian CTR 626 2092 2055
C01_S007_C Brazilian CTR 608 1802 1774
C01_S008_C Brazilian CTR 688 1810 1771
C01_S009_C Brazilian CTR 737 1837 1800
C01_S010_C Brazilian CTR 629 1939 1938

Cohort:Comparison

Early SNVs counts
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In order to decipher the molecular process behind the origin of the identified SNVs, I carried out a

mutational  signature  analysis  following  the  pioneering  work  of  Alexandrov  and  colleagues

[Alexandrov et al., 2013]. To gain signatures of both brain tissues, I used the KID tissue as reference.

Next, I selected only early onset SNVs with respect to the KID tissues, finding that about 50% of SNVs

were substitution of the Cytosine residues, in favor to Thymines (C>T), and vice versa (T>C) (figure

14). Next, I searched for already deposited signatures on the COSMIC database. Signature analyses

showed the  presence  of  multiple  single  base  signatures  (SBS)  (figure  15).  SBS6,  SBS11,  SBS15,

SBS16, SBS23, SBS29, SBS32 and SBS 46 showed to be present in a limited set of samples and to

present extremely low frequencies (< 0.05), suggesting to be false positive calls due to the limited set

of variants used as input. From the results, SBS1, SBS24, SBS39 and an unknown signature were also

observed. SBS1 (figure  16) was found to describe about the 40% of the pattern of mutations being

equally present in AD and CTRs. SBS24 instead (figure  16), showed a higher trend in AD FC with

respect to the CTRs and was not observed from the CER. Then, SBS39 (figure  16) was found to

present higher trends in CTR, in both CER and FC. Finally,  signature analysis was not capable to

classify about 30% of variants per sample, that were called as SBS unknown. This was reconnected to

our approach, that relying on already deposited SBSs within the COSMIC database, impeded us to gain

the mutational pattern relative to unknown signatures.

Figure 14: Nucleotides substitutions frequencies for CER vs KID early onset SNVs (left plot) and FC vs KID
early onset SNVs (right plot). Frequencies were obtained by normalizing the counts of each type of nucleotide
substitutions (C>A,C>G,C>T,T>A,T>C,T>G) with the total counts of early onset SNVs per sample and then
displayed as cumulative percentages.
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Figure 15: Signature analyses results. Frequencies distributions are reported for each signature identified across
tissues with respect to KID.
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Figure 16: Signature profiles for SBS1, SBS24 and SBS39. Obtained from the COSMIC v.3 database.
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2.4 Discussion and Conclusion

Here I presented the first study that, to my knowledge, investigated early onset somatic SNVs and L1

content in genomic CNVs from an AD cohort using ultra high-density Illumina SNP array. 

Results  indicated that  quantitatively,  genomic CNVs of ADs were not  dissimilar  from CTRs ones.

Nevertheless,  I  found that  the  full-length form of  L1 elements  were enriched in  the heterozygous

deletions of FC of AD samples. This data may indicate alterations in L1 copy number between AD and

CTRs. SNPs arrays are limited in the size of the CNVs to be called, especially in repetitive regions, for

which specific markers are difficult to generate. Moreover, since repetitive elements are depleted in

SNPs probes (more details in chapter  VI), the presence of additional CNVs that are not yet detected

may  represent  a  current  limitation  of  the  reported  study.  Finally,  retrotransposon  CNVs  is  highly

dictated by active retrotransposition, which was demonstrated to be potentially pervasive in human

brain tissues and to concur to the generation of mosaicism. SNPs arrays lack in the ability to detect

retrotransposon insertions, thus providing only a part of the retrotransposons CNV informations. 

Furthermore, I investigated potential early onset somatic SNVs in different tissues belonging to the

same individuals. In this regard I found that CER and FC of AD patients harbored higher SNVs with

respect to CTRs suggesting possible alterations in biological processes. To unveil the mutagen actors

behind SNVs, I set KID genotypes as reference, identified SNVs with respect to the other tissues and

performed molecular signature analyses relying on already known signatures, despite being aware that

the low amounts of variants and the small sample size would possibly represent a limitation. From my

analyses, SBS1 was found to compose about 40% of the mutational spectra without being differentially

present between AD and CTRs. This signature is proposed to be caused by the endogenous mutational

process initiated by spontaneous DNA deamination of 5-methylcytosine, a process that hit the genome

at constant rate, and that results in accumulation of mutations that are proportional to the chronological

age of the sample (also known as clock-like  signature). Furthermore, also evidences of SBS39 were

found. These were noted prevalently in FC and CER of CTRs and observed at lower rates in the same

tissues of AD. However, SBS39 aetiology is currently unknown. Interestingly, although not statistically

significant, higher frequencies of SBS24 were observed in FC of AD samples, but not in the remaining

samples. SBS24 is associated with aflatoxins, a family of fungal toxins mostly produced by Aspergillus

flavus and Aspergillus parasiticus. The same species are found on agricultural crops, such as maize and
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peanuts, which can lead people to be exposed to aflatoxins by eating contaminated plant products or by

consuming meat  or dairy products from animals that  ate  contaminated feed.  Interestingly,  they are

capable  of  trespassing  the  brain  blood  barrier,  possibly  damaging  its  endothelial  cells  in  a  time

dependent  manner  [Qureshi  et  al.,  2015].  Additionally,  chronic  exposure  to  aflatoxins  results  in

neuroblastoma and potentially to encephalopathy causing cerebral edema with neuronal degeneration

(Reye’s syndrome) [Ryan et al., 1979]. Most notably, in rats it was recently demonstrated that chronic

exposure to aflatoxins led to neurodegeneration. The proposed mechanism relies on ROS release from

macrophages and astrocytes in response to the toxin, which then result in cell’s apoptosis [Alsayyah et

al., 2019], which resembled what observed in neurodegeneration. Taken together, these observations

may  suggest  the  presence  of  a  potential  link  between  aflatoxins  and  Alzheimer’s  disease,  which

requires further investigations. However, it is known that such toxins can also damage the kidney tissue

through oxidative stress, leading cells to apoptosis [Li et al., 2018]. Therefore, one could assume that

aflatoxins  are  present  in  both  kidney  and  brain  tissues  of  the  same  individual  at  the  same  time.

However, since signature analyses were performed using kidney genotypes as reference, it is not clear

why  and  how  aflatoxins  signatures  may  emerge  from  these  tissues  comparisons.  A  simplistic

explanation  could  be that,  in  our  case,  all  tissues  belonging to  AD may present  mutations  due to

aflatoxins.  However,  FC (in  this  particular  case)  may be  more  prone  to  accumulate  variants  with

respect to kidney and cerebellum, leading to the identification of the signature. Nonetheless, ew should

not discard the possibility that due to the low amount of variants used, signature analyses may be

leading to false signature assignations. 

Finally, we noted that about 30% of variants were ascribed to an undetermined signature. The approach

was not a  de-novo signature discovery, therefore did not provided additional information that would

allow  me  to  better  characterize  the  undetermined  signature  observed.  Nonetheless,  undetermined

signatures may arise in two conditions: when there is a limited mutational signature analysis power

(i.e. small  variants  dataset)  that  results  in  a  not  correct  reconstruction  of  the  mutational  signature

patterns by the softwares, or when there is the identification of a newly reported signature. Despite the

limited variants dataset, it must be noted that signature analyses has not yet been extensively applied in

non-cancer samples,  thus current signature databases are limited and biased towards mutagens that

represent driver processes in cancer. With current information, it is therefore not clear whether these

results  indicate  softwares  limitations  or  the  presence  of  an  unidentified  AD-related  signature.

77



Additional  de-novo  signature analyses and a  general  increase in signature analyses power are  thus

required.

For the aforementioned observations, it was decided to extend our investigations on both SNVs and

retrotransposon CNV by performing high coverage whole genome sequencing of the Brazilian samples

set. This would result in whole genome SNVs investigation and therefore to a substantial increase in

signature analyses power. Moreover, whole genome data will give me the opportunity to better evaluate

retrotransposons  CNVs  by  assessing  the  impact  of  insertions  being  able  to  specifically  identify

insertions and integration sites.
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Chapter III

Genome-wide analyses of SNVs and retrotransposon CNVs with
WGS 

3.1 Introduction

Evidences from SNPs array experiments have opened to the possibility that early onset SNVs and full-

length L1 content may be linked with AD. However, as discussed, there were several limitations that

affected my approach keeping many questions open. For instance, SNPs arrays, lacking the ability to

detect L1 insertions, cannot be used to provide a full overview on the CNVs due to retrotransposition

processes, reducing the understanding of the impact of L1 copy number in AD. Moreover, although

millions of markers were used, the dataset of variants was potentially biased towards already annotated

and well-known polymorphic loci (i.e. SNPs), which could have affected the signature analyses. A

high-coverage whole genome sequencing was therefore  performed on the Brazilian  cohort,  further

expanding it with two additional tissues (hippocampus – HIP and temporal cortex – TC) and samples.

By using a parallel high-throughput approach, we aimed at validating previously identified early onset

SNVs. Furthermore, sequencing at high-depth of coverage would ultimately expand early onset SNVs

detection to the whole genome, thus including SNVs not associated to known polymorphisms, as well

as saturate the detection of high-frequency variants (i.e. present in the majority of the cells of the given

tissue).  Finally,  WGS data  were used to  assess  the  contribution  of  mobile  element  integrations  to

retrotransposons CNVs, and to precisely genotype both reference and non-reference retrotransposons

annotations.
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3.2 Materials and Methods

3.2.1 Whole genome sequencing of the Brazilian cohort

The  Brazilian  cohort  of  samples,  that  consisted  in  5  different  tissues  (cerebellum,  frontal  cortex,

hippocampus, temporal cortex and kidney) from 8 AD patients and 10 CTRs samples (Table  4), was

sequenced at high coverage (theoretical 100x depth of coverage) following the Nextera® Flex protocol

(https://support.illumina.com/content/dam/illumina-

support/documents/documentation/chemistry_documentation/samplepreps_nextera/nextera_dna_flex/n

extera-dna-flex-library-prep-reference-guide-1000000025416-07.pdf)  using  the  Illumina®  NovaSeq

6000 System PE150X2 and S4 flow-cells with pair-end reads strategy. Reads quality was evaluated

with a sequential combination of the fastQC (version 0.11.8) [Babraham Bioinformatics] and MultiQC

(version 1.7)  [Ewels et  al.,  2016] softwares (both with default  parameters). Coverage metrics were

obtained by applying the  BBtools pileup.sh  script (version 38.22) [sourceforge.net/projects/bbmap/].

Raw  fastq.gz  files  were  aligned  versus  the  reference  genome  build  GRCh37  (version

GCA_000001405.1) with the  BWA  software (version  0.7.17-r1194-dirty;  subcommand  mem; default

options) [Li and Durbin, 2010]. SAM files were sorted, compressed into BAM files and then indexed

with the SAMtools suit of tools (version: 1.9; commands: samtools sort; samtools view -hb; samtools

index respectively) [Li et al., 2009]. 

GATK  4 best  practices  (https://gatk.broadinstitute.org/hc/en-us/articles/360035535912-Data-pre-

processing-for-variant-discovery)  [Van der Auwera et al., 2013] were strictly followed in order to 1)

mark  PCR  duplicates  using  Picard (version:  2.18.20)  [http://broadinstitute.github.io/picard];  2)

recalibrate  reads  base  quality  with  GATK  4 (version  4.0.11.0;  subcommands  BaseRacall  and

ApplyBQSR). Metrics for BAM files (as total reads and total mapped reads counts) were obtained using

the samtools stats command.
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ID1 ID2 G. AGE COHORT TYPE TISSUE B. NTF EXPERIMENT COV.

929 C01_S005_C_CER F 61 Brazilian CTR CER 0 SNP array; WGS PASS 2,502,163,048 2,496,981,549 99.79 118.01
929 C01_S005_C_FC F 61 Brazilian CTR FC 0 SNP array; WGS PASS 2,362,527,316 2,357,820,268 99.8 111.1
929 C01_S005_C_KID F 61 Brazilian CTR KID 0 SNP array; WGS PASS 2,379,115,104 2,373,937,044 99.78 111.66
929 NA F 61 Brazilian CTR HIP 0 WGS PASS 2,315,411,092 2,310,206,988 99.78 109.04
929 NA F 61 Brazilian CTR TC 0 WGS PASS 2,193,835,371 2,190,243,543 99.84 103.59
1282 C01_S002_C_CER M 79 Brazilian CTR CER 0 SNP array; WGS PASS 2,566,157,901 2,560,266,320 99.77 120.88
1282 C01_S002_C_FC M 79 Brazilian CTR FC 0 SNP array; WGS PASS 2,237,880,004 2,233,633,336 99.81 105.41
1282 C01_S002_C_KID M 79 Brazilian CTR KID 0 SNP array; WGS PASS 2,093,128,674 2,088,852,301 99.8 98.53
1282 NA M 79 Brazilian CTR HIP 0 WGS PASS 1,989,666,769 1,985,463,883 99.79 93.8
1282 NA M 79 Brazilian CTR TC 0 WGS PASS 2,258,214,798 2,253,579,303 99.79 106.48
2149 C01_S007_C_CER F 76 Brazilian CTR CER 1 SNP array; WGS PASS 2,373,905,335 2,370,009,011 99.84 111.91
2149 C01_S007_C_FC F 76 Brazilian CTR FC 1 SNP array; WGS PASS 2,487,959,302 2,483,983,185 99.84 117.04
2149 C01_S007_C_KID F 76 Brazilian CTR KID 1 SNP array; WGS PASS 2,171,763,201 2,168,338,636 99.84 102.53
2149 NA F 76 Brazilian CTR HIP 1 WGS PASS 2,280,258,764 2,276,576,942 99.84 106.71
2149 NA F 76 Brazilian CTR TC 1 WGS PASS 2,296,706,506 2,292,850,254 99.83 108.25
2434 C01_S001_C_CER M 75 Brazilian CTR CER 2 SNP array; WGS PASS 2,287,374,606 2,280,935,090 99.72 107.72
2434 C01_S001_C_FC M 75 Brazilian CTR FC 2 SNP array; WGS PASS 2,361,583,907 2,356,835,301 99.8 110.5
2434 C01_S001_C_KID M 75 Brazilian CTR KID 2 SNP array; WGS PASS 2,148,216,112 2,142,265,381 99.72 101.23
2434 NA M 75 Brazilian CTR HIP 2 WGS PASS 2,390,650,836 2,383,940,260 99.72 112.77
2434 NA M 75 Brazilian CTR TC 2 WGS PASS 2,445,845,538 2,440,283,031 99.77 115.35
6868 C01_S009_C_CER F 89 Brazilian CTR CER 2 SNP array; WGS PASS 3,461,645,703 3,443,205,205 99.47 162.58
6868 C01_S009_C_FC F 89 Brazilian CTR FC 2 SNP array; WGS PASS 3,149,325,421 3,138,245,183 99.65 147.89
6868 C01_S009_C_KID F 89 Brazilian CTR KID 2 SNP array; WGS PASS 2,916,388,207 2,911,696,202 99.84 137.53
6868 NA F 89 Brazilian CTR HIP 2 WGS PASS 2,801,009,322 2,794,862,766 99.78 132
6868 NA F 89 Brazilian CTR TC 2 WGS PASS 2,329,493,453 2,315,888,840 99.42 109.41
7106 C01_S006_C_CER F 75 Brazilian CTR CER 2 SNP array; WGS PASS 3,327,929,766 3,322,640,576 99.84 156.93
7106 C01_S006_C_FC F 75 Brazilian CTR FC 2 SNP array; WGS PASS 2,413,699,851 2,409,259,076 99.82 113.77
7106 C01_S006_C_KID F 75 Brazilian CTR KID 2 SNP array; WGS PASS 2,718,472,229 2,713,148,597 99.8 128.04
7106 NA F 75 Brazilian CTR HIP 2 WGS PASS 2,368,491,175 2,363,277,053 99.78 111.88
7106 NA F 75 Brazilian CTR TC 2 WGS PASS 2,352,129,530 2,348,714,693 99.85 110.94
7711 C01_S004_C_CER M 85 Brazilian CTR CER 2 SNP array; WGS PASS 2,424,763,648 2,330,631,014 96.12 109.65
7711 C01_S004_C_FC M 85 Brazilian CTR FC 2 SNP array; WGS PASS 2,414,427,691 2,409,139,925 99.78 114.04
7711 C01_S004_C_KID M 85 Brazilian CTR KID 2 SNP array; WGS PASS 3,203,923,834 3,197,168,030 99.79 150.95
7711 NA M 85 Brazilian CTR HIP 2 WGS PASS 2,495,602,444 2,490,003,168 99.78 117.84
7711 NA M 85 Brazilian CTR TC 2 WGS PASS 2,589,859,229 2,582,532,493 99.72 121.73
9173 NA M 83 Brazilian CTR FC 2 WGS PASS 2,253,804,144 2,249,308,653 99.8 106.41
9173 NA M 83 Brazilian CTR CER 2 WGS PASS 2,272,293,709 2,265,306,916 99.69 107.24
9173 NA M 83 Brazilian CTR KID 2 WGS PASS 2,299,323,155 2,294,478,717 99.79 108.54
9173 NA M 83 Brazilian CTR HIP 2 WGS PASS 2,292,988,418 2,288,707,374 99.81 108.1
9173 NA M 83 Brazilian CTR TC 2 WGS PASS 2,062,332,146 2,056,898,365 99.74 97
9269 C01_S008_C_CER F 88 Brazilian CTR CER 3 SNP array; WGS PASS 2,343,574,912 2,339,703,462 99.83 110.32
9269 C01_S008_C_FC F 88 Brazilian CTR FC 3 SNP array; WGS PASS 2,160,023,666 2,155,572,713 99.79 101.9
9269 C01_S008_C_KID F 88 Brazilian CTR KID 3 SNP array; WGS PASS 2,439,377,634 2,433,143,035 99.74 114.84
9269 NA F 88 Brazilian CTR HIP 3 WGS PASS 3,320,536,891 3,311,635,948 99.73 156.86
9269 NA F 88 Brazilian CTR TC 3 WGS PASS 3,724,442,885 3,713,889,010 99.72 175.47
9810 C01_S010_C_CER F 92 Brazilian CTR CER 3 SNP array; WGS PASS 2,462,958,128 2,456,528,333 99.74 116.07
9810 C01_S010_C_FC F 92 Brazilian CTR FC 3 SNP array; WGS PASS 2,422,689,150 2,416,857,635 99.76 114.04
9810 C01_S010_C_KID F 92 Brazilian CTR KID 3 SNP array; WGS PASS 2,484,739,860 2,479,833,595 99.8 116.98
9810 NA F 92 Brazilian CTR HIP 3 WGS PASS 2,596,160,333 2,589,794,127 99.75 122.24
9810 NA F 92 Brazilian CTR TC 3 WGS PASS 2,175,914,768 2,171,696,534 99.81 102.6
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Table 4: WGS sample metadata. ID1: WGS sample ID; ID2: SNPs array sample ID; G.: gender; B.NTF: braak
ntf, WGS QUAL: WGS quality; TOT. T. COUNTs: total reads counts; TOT. M.R. COUNTS: total mapped reads
counts;  M.R.:  mapped reads percentage;  COV: coverage.  “Experiment”  column reports  the  high-throughput
technology applied. The discarded sample is highlighted in red.
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ID1 ID2 G. AGE COHORT TYPE TISSUE B. NTF EXPERIMENT COV.

1345 C01_S006_A_CER F 83 Brazilian AD CER 6 SNP array; WGS PASS 2,281,470,966 2,266,855,416 99.36 107.14
1345 C01_S006_A_FC F 83 Brazilian AD FC 6 SNP array; WGS PASS 2,446,860,466 2,442,778,181 99.83 115.04

1345 C01_S006_A_KID F 83 Brazilian AD KID 6 SNP array; WGS 2,191,926,351 2,188,958,511 99.86 102.94

1345 NA F 83 Brazilian AD HIP 6 WGS PASS 2,496,531,237 2,491,393,953 99.79 116.08
1345 NA F 83 Brazilian AD TC 6 WGS PASS 2,294,422,380 2,273,888,547 99.11 106.98
2682 C01_S003_A_CER M 82 Brazilian AD CER 6 SNP array; WGS PASS 2,461,721,460 2,456,403,618 99.78 115.97
2682 C01_S003_A_FC M 82 Brazilian AD FC 6 SNP array; WGS PASS 2,292,449,524 2,287,741,120 99.79 108.04
2682 C01_S003_A_KID M 82 Brazilian AD KID 6 SNP array; WGS PASS 2,594,833,788 2,589,384,759 99.79 121.54
2682 NA M 82 Brazilian AD HIP 6 WGS PASS 2,845,295,093 2,838,841,584 99.77 133.9
2682 NA M 82 Brazilian AD TC 6 WGS PASS 2,439,642,569 2,434,597,251 99.79 115.02
6275 C01_S008_A_CER F 92 Brazilian AD CER 4 SNP array; WGS PASS 2,287,673,868 2,283,976,349 99.84 106.98
6275 C01_S008_A_FC F 92 Brazilian AD FC 4 SNP array; WGS PASS 2,140,478,293 2,136,893,554 99.83 100.79
6275 C01_S008_A_KID F 92 Brazilian AD KID 4 SNP array; WGS PASS 2,157,912,616 2,153,456,156 99.79 101.56
6275 NA F 92 Brazilian AD HIP 4 WGS PASS 2,849,195,741 2,841,883,943 99.74 134.58
6275 NA F 92 Brazilian AD TC 4 WGS PASS 2,900,766,113 2,882,020,591 99.35 136.67
7466 C01_S004_A_CER M 87 Brazilian AD CER 4 SNP array; WGS PASS 2,487,493,151 2,474,948,619 99.5 117.26
7466 C01_S004_A_FC M 87 Brazilian AD FC 4 SNP array; WGS PASS 2,525,518,691 2,519,467,919 99.76 119.24
7466 C01_S004_A_KID M 87 Brazilian AD KID 4 SNP array; WGS PASS 2,290,823,883 2,275,154,159 99.32 107.07
7466 NA M 87 Brazilian AD HIP 4 WGS PASS 2,279,232,853 2,271,856,148 99.68 107.72
7466 NA M 87 Brazilian AD TC 4 WGS PASS 2,541,809,663 2,536,541,122 99.79 119.84
7660 C01_S001_A_CER M 72 Brazilian AD CER 6 SNP array; WGS PASS 2,580,285,129 2,574,276,263 99.77 121.52
7660 C01_S001_A_FC M 72 Brazilian AD FC 6 SNP array; WGS PASS 2,873,261,120 2,867,462,162 99.8 135.26
7660 C01_S001_A_KID M 72 Brazilian AD KID 6 SNP array; WGS PASS 2,352,110,775 2,347,207,519 99.79 110.2
7660 NA M 72 Brazilian AD HIP 6 WGS PASS 2,622,573,896 2,614,953,716 99.71 123.19
7660 NA M 72 Brazilian AD TC 6 WGS PASS 2,173,374,613 2,167,332,582 99.72 102.13
8805 C01_S005_A_CER F 80 Brazilian AD CER 4 SNP array; WGS PASS 2,223,299,096 2,211,873,361 99.49 104.7
8805 C01_S005_A_FC F 80 Brazilian AD FC 4 SNP array; WGS PASS 2,449,017,175 2,414,134,223 98.58 114.1
8805 C01_S005_A_KID F 80 Brazilian AD KID 4 SNP array; WGS PASS 2,318,678,185 2,264,833,751 97.68 107.04
8805 NA F 80 Brazilian AD HIP 4 WGS PASS 2,258,322,724 2,234,354,778 98.94 105.67
8805 NA F 80 Brazilian AD TC 4 WGS PASS 2,295,045,867 2,277,285,378 99.23 107.84
9345 C01_S007_A_CER F 90 Brazilian AD CER 4 SNP array; WGS PASS 2,351,736,180 2,347,624,281 99.83 110.49
9345 C01_S007_A_FC F 90 Brazilian AD FC 4 SNP array; WGS PASS 2,606,614,945 2,601,184,827 99.79 122.7
9345 C01_S007_A_KID F 90 Brazilian AD KID 4 SNP array; WGS PASS 3,255,253,363 3,248,797,090 99.8 153.33
9345 NA F 90 Brazilian AD HIP 4 WGS PASS 2,195,026,294 2,189,635,294 99.75 103.49
9345 NA F 90 Brazilian AD TC 4 WGS PASS 2,225,113,835 2,220,269,944 99.78 105
10643 C01_S002_A_CER M 80 Brazilian AD CER 3 SNP array; WGS PASS 2,248,748,210 2,244,479,588 99.81 106.14
10643 C01_S002_A_FC M 80 Brazilian AD FC 3 SNP array; WGS PASS 2,243,022,083 2,238,549,898 99.8 105.59
10643 C01_S002_A_KID M 80 Brazilian AD KID 3 SNP array; WGS PASS 2,552,083,339 2,546,947,799 99.8 120.08
10643 NA M 80 Brazilian AD HIP 3 WGS PASS 2,473,799,144 2,467,430,385 99.74 116.36
10643 NA M 80 Brazilian AD TC 3 WGS PASS 2,401,172,768 2,397,175,854 99.83 113.33
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3.2.2 Single Nucleotide Variants analyses

Variants at 16,437,462 single nucleotide loci with respect to the reference genome were called using the

GATK  4 germline  short  variant  discovery  (SNPs  +  Indels)  pipeline

(https://gatk.broadinstitute.org/hc/en-us/articles/360035535932-Germline-short-variant-discovery-

SNPs-Indels-). Final calls were made by maintaining only SNVs with respect to the reference genome

using  BCFtools  (version 1.9 ; subcommand  view; parameters -v snps)  [Li, 2011] and resulted in the

identification of 10,862,657 SNVs per sample. Plink1.9 (version 1.90b3.31, parameters --neighbor and

–check-sex)  [Purcell  et  al.,  2007] and  SNPhylo (version 20180901, default  parameters)  [Lee et  al.,

2014] were used to reconstruct sample’s relationship and to check for the correctness of the gender

metadata.

3.2.2.1 Validation of SNPs array observations

Counts of positional overlaps between array markers and WGS calls were obtained by intersecting the

markers coordinates and the WGS variants set with BEDtools (version 2.27.1, subcommand intersect,

parameter  -wa)  [Quinlan  and  Hall,  2010].  Genotypes  obtained  through  SNPs  arrays  and  WGS

approaches were compared with a custom Perl  script  after  having tested reference alleles for their

concordance  with the  reference  genome with  BCFtools (version  1.9;  subcommand fixref).  Further

controls were made by hand checking intensity signals and VCF files of both datasets on a subset of

randomly selected SNVs. Integrative genomics viewer (IGV, version 2.8.0) [Robinson et al., 2011] was

used to manually check random WGS SNVs calls that were in disagreement with SNPs array calls. 

3.2.2.2 Discordant genotypes calling and signature analyses

A high quality subset of 7,882,025 variants, was generated by filtering SNVs with Plink1.9 (parameters

--geno 0.1 --maf 0.05). Genotypes data were compared in pairs of tissues, exploiting all the possible

combinations (CER vs FC, CER vs HIP, CER vs TC, CER vs KID, FC vs HIP, FC vs TC, FC vs KID,

HIP vs TC, HIP vs KID, TC vs KID) for each individual. Two signature analyses were performed. The
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first one was performed upon the whole set of calls resulted from the application of the GATK 4 SNP

germline  short  variant  discovery  pipeline.  Second  signature  analyses  instead,  relied  on  the  SNVs

resulted from the comparison of pairs of tissues (see above). We used the Helmsmann software (version

1.4.2) [Carlson et al., 2018] to generate the nucleotide substitution matrix, followed by the application

of the DeconstructSign R package (version 1.8.0) [Rosenthal et al., 2016] for the signature assignation,

imposing the COSMIC version 3 signatures as database (http://cancer.sanger.ac.uk/cosmic/signatures).

Substitution matrix was normalized using the DeconstructSign option tri.counts.method = ‘genome’, in

order to take into account the number of times that each  trinucleotide context was observed in the

genome. 

Plots and statistical analyses (Student’s t-tests with FDR corrections) were made with the R statistical

analysis software (version 4). 

3.2.3 Retrotransposons copy number variants analyses

3.2.3.1 Supporting reads analyses

Raw  fastq  files  obtained  from sequencing  were  mapped  versus  three  retrotransposon’s  consensus

sequences  (elements:  Alu,  L1 and SVA)  [Sudmant  et  al.,  2015] using  the  BWA software  (version

0.7.17-r1194-dirty; subcommand mem, default parameters). SAM files were sorted, mapped reads were

filtered by mapping quality (greater or equal to 60) and finally compressed into BAM files using the

SAMtools toolkit (version 1.9; subcommands and parameters: samtools sort; samtools view -F 4 -Q 60

-hb;  samtools  index).  Counts  of  mapped  reads  were  extracted  with  the  samtools  view command

(parameter -c). Raw counts normalization was performed using the total mapped reads counts obtained

from the whole genome alignments.

3.2.3.2 Mobile element locator tool (MELT) analyses

MELT software (version 2.2.0) [Gardner et al., 2017] was applied to WGS alignment data. BAM files

were  preprocessed  following  the  MELT user  guide

(https://melt.igs.umaryland.edu/manual.php#_Preprocessing_.bam_Files_for_MELT). Sub-sequentially
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analyses  consisted  in  the  usage  of  MELT Deletion,  to  genotype  reference  genome retrotransposon

annotations (https://melt.igs.umaryland.edu/manual.php#_MELT-Deletion) and MELT Single, to detect

and  genotype  newly  retrotransposition  events

(https://melt.igs.umaryland.edu/manual.php#_Running_MELT_Using_MELT-SINGLE). We tested the

same three retrotransposons consensus sequences used during the supporting reads analyses (Alu, L1

and SVA). Outputs of both analyses were parsed to obtain reference and alternative allele counts for

each sample.  While no filters  were used for the  MELT Deletion results,  quality  “PASS” filter  and

supporting reads thresholds “LP >=1 & RP >= 1” (Discordant reads pairs that support the Left or the

Right breaking Point) were imposed for the MELT Single results. Allele counts were next normalized

using the total mapped reads counts from the whole genome alignments. Within single individuals,

coordinates  of  alternative  loci  obtained  from different  tissues  were  intersected  with  the  intervene

software  (version  0.6.4;  subcommand  venn)  [Khan  and Mathelier,  2017].  L1 alternative  loci  from

MELT Deletion analyses were considered to be somatic or germinal depending on the number of tissues

that displayed the variant call. Alternative loci were called as germinal when all 5 tissues of a single

individual reported the same variant call. Somatic loci, instead, where called when variants were found

in only one tissue. L1  MELT Single  alternative loci were considered to be germinal or somatic by

combining two approaches. First,  MELT Deletion  intersection strategy was applied to  MELT Single

results, thus integrations were divided in variants private of single tissues or shared among them. Next,

distributions of LP, RP and SR (Split Reads that supports both breaking points) supporting reads counts

for private  and shared variants were compared. A discriminant  threshold centered to 15 reads was

identified (figure 31) and thus applied to discriminate L1 integrations in germinal (variants with more

than 15 LR, 15 RP and 15 SR supporting reads) and somatic sets (variants with less than 15 LR, 15 RP

and 15 SR supporting reads). Estimations on net allele counts were obtained for each of the three

retrotransposons  sequences  by  summing  the  reference  allele  counts  from  MELT  Deletion  to  the

alternative allele counts resulted from MELT Single analyses. Raw net allele counts were normalized

with total mapped reads from whole genome sequencing alignment data. 

Plots and statistical analyses (Student’s t-tests with FDR corrections) were made with the R statistical

analysis software (version 3.6). 
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3.2.4 Genomic CNVs analyses

Lumpyexpress  command from Lumpy  (version 0.2.13)  [Layer et al., 2014] was used to call breaking

points from WGS data. Option -P was selected to add variants probabilities. Output VCFs files were

next submitted to the SVTyper tool (version 0.7.1) [Chiang et al., 2015] to both infer CNVs type and

genotype.  Overlaps between SNPs array CNVs and WGS data were performed with the  intervene

software (version 0.6.4; subcommand venn) testing different combination of parameters (option -f from

0.1 to 0.9 in combination with option  -r). Final overlaps were made requiring a 70% of reciprocal

overlap (parameters -f 0.7, -r).

Overlaps between WGS CNVs and Illumina Infinium Omni 5 (version 1.3) probe panel were tested

with the BEDtools suit of tools (version 2.27.1, subcommand intersect).

Plots and statistical analyses (Student’s t-tests with FDR corrections) were made with the R statistical

analysis software (version 4). 
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3.3 Results

To extend the observations made with SNPs arrays analyses, high-coverage (>100x) WGS upon the

same Brazilian samples  was performed.  A total  of 40 samples  from 8 individual  with AD and 50

samples from 10 individuals from controls were analyzed from the Brasilian cohort. The cohort was

further extended with additional tissues (hippocampus – HIP and temporal cortex - TC) and individuals

(table 4). On one hand, this allowed to extend SNVs identification to the whole genome, increasing the

set of variants and thus signature analyses power.  On the other hand, this led me to perform deep

retrotransposon’s CNVs analyses by assessing both reference alleles and newly integrated ones. 

3.3.1 SNVs analyses

By applying a state-of-art SNP calling pipeline (see methods), I was able to genotype more than 16

millions of single nucleotide loci per sample with respect to the reference genome. A set of 7,882,025

loci  passed  stringent  Plink1.9 quality  controls  (see  methods)  and  was  used  for  all  the  following

analyses.  In  each  sample,  we  identified  ~4,000,000  loci  homozygous  for  the  reference  allele,  ~

2,500,000 loci in heterozygosity and ~ 1,100,000 loci homozygous for the alternative allele (figure 17).

WGS data were next used to reconstruct sample’s relationships, allowing me to validate all but one

gender  metadata,  in  agreement  with  the  observations  made  with  the  previously  described  array

technology (figure 18). 
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Figure 17: Representation of genotypes counts per sample. Genotype 0/0: homozygous for the reference allele;
1/1 homozygous for the alternative allele; 0/1 heterozygous.
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Figure  18: SNPhylo tree  representation  of  samples  relationships.  AD  in  green,  CTRs  in  black.  Sample
1345_KID (in red) showed to not be related with the other 4 tissues of the same individual.
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As already mentioned,  WGS allowed me to extremely  extend the  number  of  genotyped loci  with

respect  of  SNPs array.  Nonetheless,  by merging both datasets  together,  I  reached a  total  of  about

8,000,000 loci per sample. I then observed that about 6,150,000 (77%) loci were genotyped by WGS

alone, 1,700,000 (~22%) loci were observed with both technologies and only 88,000 (~1%) loci were

found only by SNPs arrays methods (figure 19). 

Figure 19: Counts of genotyped loci according to the technology applied. SNP: loci genotyped with SNP array
only; WGS: loci genotyped with whole genome sequencing only, BOTH: loci genotyped with both technologies.

I then proceeded to determine the level of concordance between SNPs arrays and WGS variants calls

by considering the only set of variants callable by both technologies. From this, I observed that a mean

of 1,711,598 SNVs per sample (99.85%) was in agreement for the genotyping data while a mean of

2,670 SNVs per sample was not. 

Next, I tested the ability of WGS technology in genotyping the location of the subset of somatic early

onset SNVs, the ones that showed different genotypes between neural tissues and kidney from the same

individuals, with the Illumina chip assays. From 50 to 80% of early onset SNVs loci (depending on the

sample) were genotyped with WGS (figure  20). However, when checking the concordance for these

genotypes calls between the SNPs array and the WGS, none of them were in agreement (figure 21). 
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Figure 20: Frequency of early onset somatic SNVs identified with SNPs arrays and genotyped also with WGS.

Figure 21: Counts of somatic SNVs genotyped with WGS. SNVs were grouped in 4 classes: Error_1: counts of
SNVs for which the genotypes of the first tissue were validated with WGS that however presented different
genotypes  within  the  second  tissue  between  SNP and  WGS.  Error_2:  the  opposite  of  error_1,  first  tissue
genotypes that were not  validated while second tissue genotyped yes; Error_3:  both tissues genotypes were
different between SNP and WGS datasets; Validated: validated genotypes.
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Further manual checks on some random selected loci were not conclusive since both whole genome

calls and SNP array calls were highly supported, thus requiring additional experimental validations

(Table 5; figure 22). 

Table 5: Example of information used in manual checks on SNPs array and WGS SNV overlapping call. REF:
reference nucleotide; ALT: alternative nucleotide; GENO: Genotype call; B_ALLELE_FREQ: Alternative allele
frequency, observed from SNPs arrays and evaluated for WGS from supporting reads counts (*); Supporting
reads: Counts of reads that supported the reference nucleotide, with the relative frequency with respect to the
total reads mapped on the locus. Supporting reads were available for only WGS data. WGS data are represented
with IGV screen shots in figure 22.

Figure  22:  IGV screenshot representing table  5 variant with WGS data (highlighted by a red box). In both
6868_CER and 6868_FC samples  (top and bottom track,  respectively)  no reads were found to support  the
alternative allele (nucleotide C) as indicated by the absence of colored tiles.
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SAMPLE_ID TISSUE PLATFORM COORDINATE SNP_ID REF ALT GENO B_ALLELE_FREQ SUPPORTING_READS
6868 CER SNP_array chr1:159527480 rs2275674 T C 0/0 0 NA
6868 FC SNP_array chr1:159527480 rs2275674 T C 0/1 0.5751 NA
6868 CER WGS chr1:159527480 rs2275674 T C 0/0 0* 161 (100%)
6868 FC WGS chr1:159527480 rs2275674 T C 0/0 0* 133 (100%)



Since I was not able to validate SNPs array evidences, I decided to focus my attention on the whole

WGS variants set,  which was composed by more that 3 millions of single nucleotide variants per

sample with respect to the reference genome (figure 17). Therefore, I first investigated the nucleotide

substitutions, identifying, as for SNPs array, that C>T and T>C were the major types of events (figure

23). Next, I performed signature analyses in order to both gain information about the frequencies of

nucleotide substitutions normalized by the trinucleotide genome context and to collect data regarding

the  origin  of  such  variants.  Results  indicated  that  the  nucleotides  differences  with  respect  to  the

reference genome are predominantly composed by C>T nucleotide substitutions, and assigned to SBS1,

the clock-like signature associated with spontaneous deammination of 5-methylcytosine, and hallmark

of aging (figure 24). Next, I seek to identify early onset somatic variants using WGS data. Similarly to

SNPs  array  analyses,  I  compared  the  genotyping  calls  of  pairs  of  tissues  belonging  to  the  same

individual and I defined loci in which genotypes were not concordant as early onset SNVs. From my

WGS  analyses,  I  identified  a  mean  of  ~95,000  early  onset  SNVs  per  sample  comparison,which

consisted in a 40 times increase with respect to SNPs arrays data. Nonetheless, no differences between

AD and CTRs cohorts were observed (figure 25).

Figure 23: Nucleotide substitutions frequencies for early onset SNVs identified with NGS approach. 
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Figure  24:  Signature  analyses  for  sample  9810_TC  with  whole  WGS  variants  set.  From  top  to  bottom:
Mutational pattern observed with frequencies of nucleotides substitutions; Mutational pattern reconstructed with
known signatures;  Error rates in signatures reconstructions.  Signature.1 was found to reconstruct  the whole
pattern of nucleotide substitutions with relative small error rates. 

Figure 25: Early onset SNVs counts distributions. AD are displayed in green while CTRs in black.
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Next, to identify mutagens processes acting in brain, I focused on only early onset SNVs called from

the comparison between brains and KID tissues, collected from the same individuals, and performed

additional signature analyses upon this subset. The results demonstrated that, within early onset SNVs

with respect to KID, the major source of brain variants were imputable to SBS1, responsible of about

27% of the nucleotide substitution pattern observed (figure  26).  Interestingly,  the analyses did not

confirmed previous SNPs array observations. In particular, SBS24 was not identified, neither at low

frequencies, while SBS39 trends were not found (figure 27-A). On the contrary, I was able to unveil the

presence of additional signatures: SBS5, SBS6 and SBS10b (figure  27-B), that, however,  were not

differentially represented in frequencies between AD and CTRs, nor according to tissue classifications.

Nonetheless,  I  found that  more than 20% of variants  cannot  be ascribed to  any known signatures

(Unknown signature) in agreement with SNPs array results.

Figure 26: Signature analyses for sample 9810_TC with early onset SNVs called with respect to the KID. From
top to bottom: Mutational pattern observed with frequencies of nucleotides substitutions;  Mutational pattern
reconstructed with known signatures. Frequencies for SBSs are reported within the title; Error rates in signatures
reconstructions.  Signature.1  was  found  to  reconstruct  about  0.29%  of  the  whole  pattern  of  nucleotide
substitutions. 
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Figure  27:  Mutational  Signature  analyses  on  WGS  early  onset  SNVs  data.  A) Distributions  of  identified
mutational signatures. AD samples in green; CTRs in black. B) Signature spectra from COSMIC v.3 database for
SBS5, SBS6 and SBS10b.
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3.3.2 Retrotransposons CNV evaluation

3.3.2.1 Supporting reads analyses

To obtain a fast comparison of CNVs associated to retrotransposons, supporting reads analysis was

performed. Briefly, this consisted in mapping the raw reads data versus the consensus sequence of a

mobile element, followed by a measurement of the number of mapped reads (see methods for further

details). This approach relies on the fact that retrotransposon CNVs could impact the number of reads

that originate from the selected retrotransposon sequences, modifying its coverage. When comparing

two  samples  with  different  CNVs,  the  one  with  higher  CNVs  content  (i.e.  more  retrotransposon

sequences) will present more reads generated from the relative element (higher coverage). Vice-versa,

the sample with lower CNVs content will present less reads ascribable to that mobile element (lower

coverage). We applied this rationale to the three human non-LTR different retrotransposons elements,

Alu, L1 and SVA, and imposed several filters before measuring the number of mapped reads. We

discarded all duplicated reads that could be generated by PCR amplification, to avoid biases in the

calculation of coverages, and reads with mapping quality lower than 60 (the maximum mapping quality

for Illumina technology). Although fast and relatively simple, this approach has some limitations. For

instance, due their repetitive nature, repetitive elements suffer major mapping problems that can affect

the  mapped  reads  counts  and  that  can  be  only  partially  resolved  by  applying  mapping  quality

thresholds. Furthermore, it represents a summary of all the possible CNVs effects, not discriminating

between  the  extent  of  the  de-novo  integrations  and  deletions.  Although  no  differences  can  be

extrapolated from the cohorts comparison (figure 28), it cannot be excluded the presence of alterations

in the rate of integrations nor in the levels of mobile elements interested by genomic deletions, as

observed during the SNPs array experiments (figure 12, chapter 2), or other type of genomic CNVs. 
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Figure 28: Supporting reads analyses results. From left to right, data reports counts distributions of Alu, L1 and
SVA elements, respectively, normalized using the number of mapped reads. 

3.3.2.2 MELT analyses

To improve retrotransposons CNVs estimation I then took advantage of  MELT analyses to genotype

both reference retrotransposons annotations as newly integration events with respect to the reference

genome. These were composed by MELT Deletion  and by MELT Single  analyses.  MELT Deletion is

able  to genotype reference annotations  of  transposable elements,  while  MELT Single is  capable to

detect and genotype newly integration events with respect  to the reference genome.  Both analyses

resulted  in  the  identification  of  alternative  loci,  which  represent  genomic  regions  that  presented

differences with respect to the reference genome. These loci that I will call “alternative loci” indicate

the absence of the transposable element reference sequences (in MELT Deletion results or novel

insertion in MELT Single results. From the alternative loci, alternative allele counts (normalized by

total mapped reads) per sample were obtained and used as unity of measurement of retrotransposon

CNVs.
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3.3.2.2.1 MELT Deletion analyses

From  the  analyses  of  the  reference  annotations  (performed  with  MELT  Deletion),  no  statistical

significant differences in the levels of alternative alleles for L1 and Alu elements were found (figure

29-A). On the contrary, an higher alternative allele counts for SVA sequences was evident in AD, that

reached statistical significance (AD vs CTR p value: 0.002) when not stratifying according to the tissue

(figure 29-B). Alternative L1-containing loci were next classified in germinal and somatic depending

on the number of tissues that harbored the variant calls. Loci were called as germinal when all 5 tissues

supported an alternative locus while loci were defined as somatic when variants were found exclusively

in one tissue. Although alternative alleles counts from  germinal alternative loci were not dissimilar

between the two cohorts, we found that CER of AD samples presented higher somatic alternative allele

counts with respect to the CTRs (figure 29-C).
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Figure 29: MELT Deletion results. A) Representation of Alu, L1 and SVA alternative allele counts normalized
with total mapped reads. Results are pooled by cohort (left) and then stratified by cohort and gender (right). B)
Distributions of Alu, L1 and SVA alternative allele counts normalized by total mapped reads and grouped by
sample. C) distributions of germinal and somatic alternative alleles.
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3.3.2.2.2 MELT Single analyses

I next focused on the analysis of retrotransposon integrations. While distributions grouped by cohort

and tissue did not display any significant trend (figure 30-B), Alu alternative alleles were found to be

higher  in  males  CTRs with respect  to males AD (p value 0.0043) and L1 alternative alleles were

observed to be enriched in females AD samples (p value 0.029) (figure 30-A). To determine the impact

of the genetic background on the results, I focused my attention to L1 data and classified alternative

loci in germinal and somatic. I started by following a strategy similar to the one applied with the MELT

Deletion results. Loci were called as “shared” when all 5 tissues supported an alternative locus while

loci were defined as “private” when variants were found exclusively in one tissue. For both classes, the

distributions of the  reads that supported the evidences were displayed (see methods and figure  31),

which lead to the identification of a threshold at 15 reads. According to the number of supporting reads,

L1 data were then classified in  germinal  (with more than 15 reads) and  somatic (with less than 15

reads) regardless of being “private” or “shared”. Although no differences were observed when focusing

on somatic loci,  germinal sites showed a general trend shared by all tissues, in which AD presented

higher alternative allele counts with respect to CTRs, which was in partial agreement with previous

results (figure  30-C). Without grouping samples by gender and tissue, this evidence almost reached

statistical significance suggesting that current sample size may be a limiting factor of our analyses (p

value 0.059). 
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Figure 30: MELT Single results. A) Representation of Alu, L1 and SVA alternative allele counts normalized with
total  mapped reads.  Results  are pooled by cohort  (left)  and then stratified by cohort and gender (right).  B)
Distributions of Alu, L1 and SVA alternative allele counts normalized by total mapped reads grouped by sample.
C) Distributions of germinal and somatic alternative alleles. 
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Figure 31: MELT Single, distributions of breakpoints supporting reads. LP: Discordant reads pairs that support
Left breakpoints; RP: Discordant reads pairs that support Right breakpoints; SR: Split reads that support LINE-1
integrations.
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3.3.2.2.3 MELT net alleles

Finally, both  MELT analyses were integrated in order to estimate an overall retrotranposons CNVs.

MELT deletion  analyses, additionally resulted in the identification of loci in which the presence of

mobile  elements  was  not  dissimilar  from the  condition  observed  in  the  reference  genome.  These

reference  loci  were  thus  used  to  extract  reference  allele  counts,  which  were  next  added  to  the

retrotransposon integrated alleles counts,  obtained with  MELT Single analyses instead.  The final

count represented a good estimation of the overall retrotransposon CNVs.

From the analyses, no significant differences between the two cohorts were found, in agreement with

the previous supporting reads analyses (figure 32).

Figure 32: Distributions of Alu, L1 and SVA net allele counts normalized with total mapped reads per sample.
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3.3.3 Exploratory analyses of genomic CNVs

Lastly, with the ultimate goal of validating SNPs array results, I started investigating genomic CNVs

from WGS data. Through the application of a robust pipeline (see methods), I was able to call 59,924

total deletions (DEL),  1,256 total  duplications (DUP) and 244 total inversion (INV) (figure  33-A).

Distribution of CNV counts showed no statistical significant differences when grouped by type, tissue

and cohort (figure 33-B). 

Subsequently, to validate SNPs arrays CNVs, I started performing positional overlaps using DEL and

DUP called with both SNPs arrays and WGS data. From the results, it was found that 552 out of 1,122

chip CNVs were identified with the parallel technology. Moreover, counts of overlaps were not affected

by the parameters used during the analyses, as changing the options did not increase the number of

validated  CNVs.  First  parallel  validations  were  encouraging,  having  found  about  50%  of

correspondence between SNPs array and WGS data. However, CNV counts from WGS were at least

one order of magnitude higher than CNVs counts from SNPs arrays. A potential explanation could be

represented  by  the  fact  that  CNV calling  from  SNPs  arrays  requires  signals  from  at  least  three

consecutive probes. Therefore, to test this possibility, I investigated whether WGS CNVs were actually

in overlap with the SNPs arrays probe panel. Data showed that 56,585 CNVs (55,920 DEL and 665

DUP) were in overlap with less than 3 chip probes, and thus, not being callable though SNPs arrays

technology (figure 33-D).
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Figure  33:  Genomic WGS CNVs exploratory analyses.  A)  Counts of  CNVs per sample;B)  Distribution of
counts of CNVs grouped by tissues and cohorts. C) IGV screenshot showing a putative genomic heterozygous
deletion identified with WGS from sample 7660_FC. Green dot lines mark the locus. From the coverage curve
(top track) it can be appreciated the drop in coverage within the deletion. Mapping reads also supported the
evidence as both split and discordant reads can be found at the breaking point levels. An additional supporting
evidence is represented by the absence of heterozygous variants within the putative heterozygous deletion, which
instead are abundant in the outside regions; D) Frequencies of WGS CNVs in overlap with the SNP array probe
panel. Ref vertical lines mark the 3 probes cutoff. 

109

Sequence

RefSeq Genes

[0 - 184]

7660_FC...overage

7660_FC.chr4:1575
0487-15778352.hap
lo.bam

15.758 kb 15.760 kb 15.762 kb 15.764 kb 15.766 kb 15.768 kb 15.770 kb

14 kb

chr4

p16.3 p16.1 p15.33 p15.31 p15.2 p15.1 p14 p13 p12 p11 q12 q13.1 q13.2 q13.3 q21.1 q21.22 q21.3 q22.1 q22.2 q23 q24 q25 q26 q27 q28.1 q28.2 q28.3 q31.1 q31.22 q31.3 q32.1 q32.2 q32.3 q33 q34.1 q34.3 q35.1 q35.2

7660_FC
Coverage

7660_FC
Reads

C)

D)



3.4 Discussion and Conclusions

Here I provided a preliminary investigation of genome-wide SNVs and retrotransposons CNVs for a

cohort of Alzheimer’s disease individuals across 5 different tissues. WGS did not validate previous

evidences of alteration in somatic SNVs quantity between AD and CTRs cohorts, as obtained with

SNP-arrays. Instead, no quantitative differences in the numbers of early onset SNVs were found by

comparing pair of tissues. I reconnected this discrepancy to intrinsic errors of the SNP array platforms

that will require further experimental tests. However, it cannot be yet excluded that CNVs, in terms of

genomic deletions and duplications, may have affected whole genome variant calling. In fact, it should

be noted that  whole genome variant calling approach was based on the  HaplotypeCaller GATK 4

software, which is able to detect only germline variants by assuming a diploid state of the genome.

Therefore, CNVs data from WGS, which also started to be explored, will be further used to investigate

the possible bias inserted by genomic CNVs. 

Although early onset SNVs were not quantitatively different within our cohorts, through mutational

signature  analyses  we  were  able  to  track  down  the  observed  nucleotide  substitutions  to  several

mutagenics  processes.  Among  them,  SBS.1  is  related  to  the  endogenous  and  spontaneous

deammination  of  5-methylcytosine  and  it  is  linked  to  normal  aging  (clock-like  Signature).  It  was

expected since samples derived from old aged individuals. However, analyses showed that only about

25% of SNVs could be tracked to SBS1. In addition to SBS1, also SBS5, SBS6, SBS10b and SBS39

were detected in both AD and CTRs, although with no different frequencies ascribable to particular

tissues or cohorts. SBS5, as SBS1, is a  clock-like signature which to date is not associated with a

known mutagen process. SBS6 instead, is related to defective DNA mismatch repair and was found to

account  for  about  10% of  the SNVs detected.  Furthermore,  also  SBS10b was identified,  which  is

associated  to  the  effect  of  polymerase  epsilon  exonuclease  domain. Overall,  I  did  not  found

dissimilarities when focusing on particular tissues or cohorts, which, altogether to the identification of

two clock-like signatures, could suggest that these may be a natural consequence of brain aging. With

respect to SNPs array signatures, SBS5, SBS6 and SBS10b were a novelty. Moreover, with WGS we

were not  able  to  replicate  and validate  the discovery  of  SBS24 and the  trend observed in  SBS39

through SNPs arrays (although being able to call it with WGS data). These aspects could lead to several

speculations. For instance, SNPs array analyses were focused on loci known to be polymorphic in the
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human  population,  while  NGS  variants  were  the  results  of  a  genome-wide  analyses  that  highly

increased the number of tested loci. It could be hypothesized that this increase in variants identification

may have improved signature assignation, and thus provided a different, and potentially more reliable,

signature pattern. Nonetheless, both SNPs array and NGS signatures analyses evidenced how about

20% of variants cannot be ascribed to known signatures, underlying the current lack of knowledge

regarding mutagens processes acting in non-cancer tissues, and potentially affecting the reliability to

signature assignations. 

With this study, I showed how the application of mutational signature analyses to other tissues and

diseases than cancer, may further expand our understanding on the etiology of different pathologies.

Importantly, the lack of non-cancer derived signature may have limited the ability to identify new AD-

associated  patterns  of  somatic  variations  which  may  remain  hidden  under  the  unknown signature

results. 

In this chapter I also investigated retrotransposons content in AD post-mortem tissues using WGS data,

aiming to explore the significance of SNPs array results which suggested a loss of L1 elements due to

genomic CNVs. By applying several bioinformatic analyses upon WGS data, I obtained two types of

estimates of CNVs for L1, Alu and SVA. My approaches consisted in the analysis of supporting reads

and in the net retrotransposon alleles counts (from the combination of MELT analyses). Both of them,

did not show clear differences between the AD retrotransposons content and the CTRs ones. However,

deeper investigation of the results provided by MELT (both MELT-deletion and MELT-single) pointed

out  that  AD  samples  present  higher  SVA  alternative  alleles  counts  and,  within  non-reference

annotations (i.e. integrations), higher L1 germinal alternative alleles. Although statistical significance

was not always reached, concordance was found when comparing the trends from all the five tissues,

suggesting that the extension of the analyses to a larger cohort of samples as well as to different than-

L1 elements (i.e. SVA) could clarify whether the enrichments might truly be associated to the disease

status. These exploratory analyses stresses the need of additional study of SNVs and retrotransposon

CNVs in neurodegeneration diseases. To this purpose, I started to  perform additional investigations

upon the WGS dataset, focusing on genomic CNVs. Early exploratory analyses, which were mostly

related on CNVs counts, were ineffective in showing significant differences between the two cohort.

Nonetheless, I plan to further extend the analyses of CNVs by assessing L1 content in CNVs, trying to

validate SNPs array results. Additionally, CNVs data might be also used to detect the existence of early
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onset CNVs (i.e. CNVs  present in the majority of the cells of the given tissue) which may provide

further pieces of information.

In the next chapter, I will exhibit additional SNVs data, resulted from the application of a complete

different algorithm, known as MUTECT2, which is specifically designed to unveil the presence of

somatic SNVs, in particular late onset SNVs (i.e. variants present in a small numbers of cells from the

given tissue), by comparing pairs of tissues collected from the same individual.
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Chapter IV

Identification  of  Multi-nucleotide  somatic  variants  from next-
generation sequencing data

4.1 Introduction

Potential early onset somatic variants, discussed in the previous chapter, were identified by applying a

germline variant caller upon different tissues of a single individual, followed by genotype comparisons.

A limitation of such approach was the impossibility to unveil all the late onset somatic variants, that

cannot be called as germinal events as their low allele frequencies would have impeded their detection.

Therefore, I next applied a different variant caller algorithm, known as MUTECT2, upon the same

Brazilian next-generation sequencing data. This tool is specifically designed to detect somatic SNVs

with low allele frequencies from a “tumor” sample, by comparing it to a “normal” one from the same

individual. I selected each individual’s KID as normal tissue and I called somatic SNVs for all the brain

tissues available. By applying several stringent filtering steps, I was able to identify 15,646 total SNVs.

Surprisingly, about 40% of them were in phase with another SNV locus at less than 10bps, which

define  them  as  multi-nucleotide  variants  (MNVs).  To  my  knowledge  this  is  one  of  the  first

identification of somatic MNVs, and the first one to came from brain tissues. Although MNVs were not

tracked down to particular brain tissues and to the AD pathology, they were enriched in repetitive

element annotations, and, more interesting, within Alu’s Pol III Box A and Box B. Finally, as candidate

source for MNVs origin, I provided evidences that the observed pattern of nucleotide substitution is in

agreement with a potential APOBEC involvement while excluding both polymerase zeta activity and

CpG island modifications.
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4.2 Materials and Methods

4.2.1 Somatic Variant calling

Somatic single nucleotide variants were called by comparing single brain WGS samples with respect to

the relative kidney using the pair mode of GATK 4 MUTECT2 (version 4.1.7.0) [Cibulskis et al., 2013].

The  required  panel  of  normals  (PoN),  used  to  filter  our  germinal  contaminants,  was  previously

generated according to GATK4 guidelines, by pooling together all the kidney samples available. Since

sample 1345_KID was previously found to not be consistent with the other 1345 brain tissues, we

discarded it from all the SNVs analyses. Raw VCF files with putative somatic SNVs were next filtered

with the GATK 4 FilterMutectCalls command. Subsequently, resulting calls without the PASS value,

calls with DP score lower than 100 and with reads showing to support the alternative alleles in the

kidney were discarded. Pileup information used to assess reads support were retrieved with the bam-

readcounts  tool (version  0.8.0)  [genome/bam-readcount,  2020] Final  variants  were  called  after  a

manual  curation  that  was  performed  by  directly  observing  mapping  data,  through  the  Integrative

Genomic Viewer (IGV, version 2.8.0) [Robinson et al., 2011].

MAC (version 1.2) [Wei et al., 2015] was applied to identify the presence of mis-annotated MNVs from

the final set of SNVs with a maximum search distance imposed to 10bps.

4.2.2 Variants characterization

4.2.2.1 Variants annotations

Annotations of somatic variants were performed using the ENSEMBL variant effect predictor (VEP,

version 99.2)  [McLaren et  al.,  2016],  while  pathogenic  scores  were estimated  for  both SNVs and

MNVs with the Combined Annotation Dependent Depletion tool (CADD) (version 1.6)  [Rentzsch et

al., 2019]. Variants were next displayed with the  genVisR (version 1.20.0)  [Skidmore et al., 2016] R

package. Genomic features were annotated using the annotatR R package (version 1.14.0) [Cavalcante
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and Sartor, 2017] while repeats were annotated using the RepeatMasker UCSC track (version of 2020-

02-20) [Smit et al., 2013-2015]. 

Statistical  analyses  on  feature  distributions  were  performed  with  Z  scores  methods.  Random

distribution was generated by randomly selecting the same amount of repeats from the repeat masker

annotation 100 times, followed by the evaluation of variants overlaps counts.

4.2.2.2 Nucleotide substitutions analyses

The analysis of SNVs nucleotide substitutions were conducted with  the maftools R package (version

2.4.05)  [Mayakonda et  al.,  2018].  MNVs analyses  were  performed with  a  custom perl  script  that

grouped variants according to the repeat annotation in overlap. Classes were: MNVs in Alu, MNVs in

L1s, MNVs in other repeats and MNVs not in overlap with repeats. Assignation of 5’ and 3’ variants

were made according to the forward strand of the reference genome, or when available, according on

the plus strand orientation of the overlapping repeat element. Counts for MNVs in repeats were next

normalized using the sum of all the possible combinations of random MNVs that can be generated

within the observed elements, with a maximum of 10 bps distance.

4.2.2.3 Signature analyses

Mutational signature analysis was performed using the set of somatic SNVs. The Helmsmann software

(version  1.4.2)  [Carlson  et  al.,  2018] was  applied  for  matrix  generation  (parameters  --length  3,  –

decomp nfm), while the DesonstructSign R package (version 1.9.0) [Rosenthal et al., 2016] was used

for  the  signature  assignation.  COSMIC signatures  database  (version  3)  was  selected  as  reference

repository  of  signatures  (http://cancer.sanger.ac.uk/cosmic/signatures).  Prior  to  assignation,  matrix

normalization was performed with the number of times that each trinucleotide context was observed in

the genome (option tri.counts.method = 'genome’).

4.2.2.4 Assessment of MNVs generation

Pileup analyses required for the assessment of alternative allele frequencies were performed with the

bam-readcount software  (version  0.8.0)  [genome/bam-readcount,  2020].  Frequency  of  alternative

alleles was then evaluated and ratios between pairs of variants within MNVs estimated. Statistical Z

score method was used to evaluate ratios significance.
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4.2.2.5 CpG island analyses

CpG islands coordinates were obtained from the UCSC track table (version of 2020-02-20) [Smit et al.,

2013-2015] while  L1 putative CpG island was identified with the  EMBOSS Cpgplot tool  (version

6.6.0.0) [Rice et al., 2000] from the L1.3 consensus sequence (GenBank accession: L19088.1).

4.2.2.6 MEME analyses

MNVs coordinates were extended in both directions by 10 nucleotides. Genomic sequences were next

obtained with the samtools faidx command (version 1.9). MEME from MEME Suit (version 5.1.1)

[Bailey et al.,  2009] was then applied (options: -dna, -nostatus, -mod zoops, -minw 4, -maxw 10 ,

-objfun classic, -revcomp, -markov_order 0). Finally, the most probable sequences of each meme was

submitted to  the  FootPrintDNA online database (version of  23/01/2020)  [Sebastian and Contreras-

Moreira, 2014].

4.2.2.7 Alu box analyses

Consensus sequences of Box A (TGGCTCACGCC) and Box B (GWTCGAGAC) of Alu elements

[Conti et al., 2015] were searched in the genome with the EMBOSS fuzznuc tool (6.6.0.0) [Rice et al.,

2000]. Genomic occurrences in overlap with Alu annotations were intersected with the set of MNVs

with  the  bedtools intersect command  (version  2.28.0)  [Quinlan  and  Hall,  2010].  Enrichment  was

statistically tested with Z score method. The random distribution was generated by shuffling 100x each

box sequence followed by the evaluation of the overlaps with Alu’s MNVs. 
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4.3 Results

4.3.1 Identification of SNVs and MNVs from WGS data

To unveil the presence of low frequency somatic variants, defined as “late onset” SNVs, within the

brain samples I performed a MUTECT2 analyses. By comparing single brain tissues (called also as

“tumor”  tissue)  with  respect  to  the  kidney  (called  as  “normal”  tissue)  of  the  same  individual,  I

identified a total of 27,106 raw single nucleotides variants (SNVs). To test the correctness of the calls I

started by observing the distribution of the reads depth (DP) scores and the raw number of reads that

supported the alternative alleles, for both brain tissues and kidney (figure 34). From the distributions of

the DP scores I found a peak centered at value ~200, which was coherent with the definition of DP

score from MUTECT2 (i.e the sum of reads depth from “tumor” and “normal” tissues at a single locus)

considering an average sample coverage of~100x (figure 34-A). Next, I focused on the distributions of

the alternative alleles supporting reads. Within brain, I noted that alternative alleles were supported by

a mean of 4 reads (figure  34-B), indicating an extremely low alternative allele frequency (~ 4%). In

kidney instead, I observed that the vast majority of SNVs loci were supported by 0 reads, possibly

hinting to true positive calls (figure 34-B). However, I also identified SNVs loci with alternative alleles

supported  by  more  than  1  reads  which  may  represent  instead  false  positive  calls  (figure  35-A).

Therefore, to reduce the amount of potential false positive calls, conservative filters were imposed, and

in particular only SNVs with DP >= 100 and without sign of support in the kidney were kept (16,139 /

27,106 SNVs). Furthermore, to remove potential germline contaminations and/or “early onset” SNVs,

SNVs that were in overlap with the results of a GATK 4 Haplotypecaller analyses were also removed.

As a result of these filters, I identified a total of 15,646 high-confidence SNVs. A manual inspection

was then performed upon some random loci (figure 35-B), which often evidenced couples of SNVs in

close proximity to each others (figure 35-C).
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A)

B)

Figure 34: A) Distribution of SNVs DP scores. A peak at value ~200 was expected since DP is the result of the
sum  of  both  “tumor”  tissue  and  “normal”  tissue  read  depth;  B) Distributions  of  Alternative  (ALT)  allele
supporting reads for both brain tissues and kidney. The red vertical line indicates the reads threshold imposed.
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Figure 35: IGV screen-shots of MUTECT2 results. The screen-shots are composed by three tracks. From top to
bottom: MUTECT2 realigned reads; raw alignment data of brain tissues; raw alignment data of kidney. A) IGV
screen-shot of a potential false positive call from sample 9810_TC at chr4:190976916. Alternative allele was
found to be supported also in KID; B) IGV screen-shot of a putative late onset somatic SNV found in sample
8805_CER  at  chr19:9950957;  C) IGV screen-shot  of  putative  late  onset  somatic  SNVs  found  in  sample
7466_HIP, at loci chr19:1032098 & chr19:1032100. SNVs were highlighted within red vertical lines. 

Therefore, I proceed by inspecting the SNVs distances, observing a bimodal distribution (figure 36-A).

A more precise investigation led me determinate that about 50% of SNVs per sample showed distances

below 10 bps (figure  36-B). From the manual inspections, I also noted that close SNVs were also

supported by the same read (figure 35-C), indicating that they were within the same haplotype phase.

SNVs located within the same haplotype and in close proximity to each other, are defined as multi-

nucleotide variants (MNVs). 

It was then noticed that GATK is not able to distinguish between MNVs and SNVs. Therefore, I used

the MAC software to correctly classify MNVs within the set of high-confidence SNVs. Notably, as a

result, I observed 3,064 MNVs with a maximum distance of 10 bps and 9,518 SNVs.
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A)

B)

Figure  36: Late onset SNVs distances.  A) Distribution of late onset SNVs distances for single samples;  B)
Zoom-in of SNVs distances distribution. A peak at distance equal to 2 bps is show.
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4.3.2 Single nucleotide somatic variants exploration

After the MAC analyses, I counted 2,947, 1,704, 2,943 and 1,924 late onset somatic SNVs, for a total of

9,518 SNVs, from CER, FC, HIP and TC tissues,  respectively (figure  37-A).  No differences were

observed  when  sample  counts  were  grouped  according  to  their  respective  cohort  (figure  37-B).

However, it was noted that particular samples displayed extreme high counts of SNVs (> 300) that

deviated from the mean value of ~140 SNVs per sample. It is known that the rate of somatic SNVs

accumulation in brain strictly increase during age. Therefore, I investigated the correlation between

SNVs  counts  and  the  age  of  our  samples  (figure  37-C).  No  significant  correlations  were  found,

however it cannot be excluded that this result was due to the limited sample size. Nonetheless, high-

SNVs-counts outliers samples had generally more than 80 years old. I next determined that SNVs were

mostly characterized by C>T (3,493/9,518) and T>C (2,888/9,518) nucleotide substitutions (figure 37-

D). Considering all the possible types of nucleotide substitutions, transitions made up about 67% of the

total set of SNVs while transversions represented only the 33%, on average.

I next proceeded by performing functional annotations, which evidenced that the vast majority of SNVs

felt within intergenic (4,465 SNVs) and intronic regions (4,273 SNVs) (figure 38-A). Despite the low

abundance of somatic SNVs within coding regions, the presence of potential pathogenic variants was

tested by performing Combined Annotation-Dependent Depletion analyses (CADD analyses).  From

these,  12  potentially  pathogenic  SNVs (defined  as  having CADD score  >= 20)  were  found,  that,

however, were not associated to the aetiology of the Alzheimer’s disease and that were identified from

both AD and CTR samples. Potential pathogenic SNVs were found to be related with transcription

factors (VAX2, PHF3, NRF1), a transcriptional regulator (ZFAT), a host factor (HCFC1), enzymes

(TDO2, PIP5K1C, GAL3ST3, ENDOU), a RNA binding proteins (NUFIP1) and protein coding genes

(TTN, FRAS1) (figure 38-B). 

I further annotated SNVs with repeats annotations, founding that 7,971 SNVs (83.75%) were in overlap

with a mobile element sequence, with Alu and L1s as the most represented class of elements (5,474 and

1,190 SNVs, respectively).
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Finally,  I  sought to decipher the molecular processes behind SNVs origin by performing signature

analyses. To increase the strength of the analysis, and to possibly highlight signatures private of the AD

cohort, SNVs were pooled together according to their cohort metadata (4,754 SNVs for AD and 4,764

SNVs for CTRs). From the analyses, I identified five signatures: SBS1, SBS6, SBS10b, SBS12 and

SBS39  from  both  AD  and  CTRs,  suggesting  that  no  differences  in  molecular  processes  can  be

associated specifically to only one of the two cohorts (figure 39). 
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Figure 37: Late onset SNVs exploratory analyses.  A) Late onset SNVs counts per sample;  B) Distribution of
late onset SNVs counts grouped by cohort and tissue. AD in green and CTRs in black; C) Correlation between
sample’s ages and late onset SNVs counts. Linear models are shown as colored lines;  D)  Late onset  SNVs
nucleotide substitutions analyses. Top left plot: Percentage of mutations per class of nucleotide substitution; Top
right plot: Percentage of Transitions (Ti) and Tranversions (Ts); Bottom plot: Percentage of mutations per class
of nucleotide substitutions displayed for each sample.
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Figure 38: Features and CADD analyses. A) Features in overlap with late onset SNVs loci; B) Waterfall plot for
potential pathogenic (CADD >= 20) late onset SNVs. Left plot: Gene feature and frequency of samples affected
(calculated from a total of 11 samples); Center plot: Type of mutation; Bottom scheme: Clinical data. TDO2,
PHF3, HCFC1 genes are of particular interest. TDO2 gene encodes for a heme enzyme that plays a critical role
in tryptophan metabolism. Single nucleotide polymorphisms in this gene may be associated with autism [Nabi et
al., 2004]. PHF3 gene is supposed to encode for a transcription factor and to be related with the development of
glioblastoma  [Fischer et al., 2001]. HCFC1 gene is a member of the host cell factor family. Interestingly, the
protein  encoded by this  gene is  involved in  cell  cycle  control  and  transcriptional  regulation during herpes
simplex virus infection [Vogel and Kristie, 2013].
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Figure 39: Signature analyses for AD and CTR late onset SNVs.
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4.3.3 Multi-nucleotide somatic variants

4.3.3.1 MNVs exploration

As a major  result  of  the MAC annotations,  I  observed 6,128 SNVs forming 3,064 MNVs,  which

represented a consistent fraction of the overall somatic variants identified by MUTECT2 (6,128 out of

15,646 SNVs, ~39%). In particular, were annotated 955, 648, 921 and 540 somatic MNVs from CER,

FC, HIP and TC, respectively (figure 40-A). As for SNVs, it was found that MNVs were not enriched

in  particular  tissues  nor  cohorts  (figure  40-B).  Additionally,  it  was  also  observed that  the  same 7

samples that shown increased levels in SNVs, potentially due to their older age, presented also higher

counts of MNVs (> 100) (figure  40-C). To understand whether variants in a MNVs were generated

simultaneously or by multiple consecutive events, I next investigated the alternative allele frequencies

of both variants within a MNVs. The results dictated that the vast majority of MNVs can be associated

to a simultaneous origin, since a little number of MNVs (53 out 3064) showed significant differences in

the alternative allele frequencies (figures  40-D and  40-E).  Analyses of distances  then,  evidences a

minimum value of 2 bps, indicating that no consecutive variants were present within the set of MNVs.

Distance of 2 bps was also the most prevalent score (1,192 MNVs, 38.90%) (figure 40-F), which could

lead to severe codon alteration that would have been undetected without a MNV-annotation step.
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Figure 40: MNVs exploratory analyses. A) MNVs counts per sample; B) Distribution of MNVs counts grouped
by cohort and tissue. AD in green and CTRs in black; C) Correlation between sample’s ages and MNVs counts.
Linear models are shown as colored lines; D) Alternative allele frequency ratios for SNVs within a MNVs call;
E) Z scores for MNVs Alternative Allele ratios. Red horizontal lines were drawn at +3 and -3 standard deviation
from the mean score to separate potential simultaneous from consecutive MNVs;  F) Distribution of variants
distances within a MNVs.

4.3.3.2 MNVs pathogenic scores and feature analyses

As  several  studies  pointed  out,  the  mis-annotation  of  MNVs  may  highly  impact  the  functional

annotation  and,  most  important,  the  actual  clinical  effect  of  such class  of  variants.  To appreciate

whether the MNVs annotation step was valuable in providing potential pathogenic variants, possibly

linked with the disease, I evaluated and compared the CADD scores for both MNVs and for their mis-

annotated form (i.e. using the single SNVs that composed a MNVs). Although no appreciable increase

in pathogenic variants (CADD > 20) was observed (figure 41-A), I speculated that this absence was an

effect of the MNVs abundance in intronic and intergenic regions (only 21 MNVs in exonic regions)

(figure 41). I next further annotated MNVs with repeats annotation, observing that 2,724 MNVs were

found to be in overlap with a repeat element (88.90%). Alu was the most prevalent family of repeats

(2,052 MNVs, 66.97% of MNVs), followed by L1s (422 MNVs, 13.78% of MNVs) (figure 42).
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Figure 41: Features and CADD analyses. A) CADD scores distributions. CADD score was evaluated for both
single  variants  from  MNVs  pairs  and  from  the  MNVs;  Two  potential  pathogenic  MNVs  were  identified.
Chr18:30264933-30264938 GAGATC>AAGATT (CADD 20.4) was found from both 2682_HIP and 8805_HIP
samples, within intron number 5 of the KLHL14 gene. The protein encoded by this gene is a member of the
Kelch-like  gene  family,  and  associated  with  dystonia  [Zhang  et  al.,  2017].  Chr12:50475399-50475403
GGCCC>AGCCT (CADD 36) was found in sample 8805_CER, within exon 12 of the ASIC1 gene. This gene
encodes a member of the acid-sensing ion channel (ASIC) family of proteins which functions in learning, pain
transduction, touch sensation, development of memory and fear. B) Counts of features in overlap with MNVs. 
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Figure  42:  Analyses of repeat  annotations.  A) Counts of  MNVs in overlap with repeats;  B) Frequencies of
MNVs in overlap with repeats.  RPMK: Repeat  Masker  annotations;  NoRPMK: MNVs not  in  overlap with
RPMK annotations; OtherRepeats: MNVs in overlap with different than Alu and L1 repeats.
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4.3.3.3 Investigation of MNVs origin

After having observed that MNVs were highly abundant in repeats, MNVs were classified according to

a 4 group classification: MNVs in Alu, MNVs in L1s, MNVs in other repeats and MNVs not in repeats.

Next, to gain information regarding MNVs origin, dedicated analyses of nucleotide substitutions were

performed.  MNVs nucleotides substitutions will  be represented in  the following form: AB>XY, in

which A>X and B>Y represent the first and the second variation, respectively. For the analyses, the

orientation of the paired variants (i.e. assigning which variant was at the 5` and which was at the 3`)

was defined according to the transcriptional direction of the repeat (or to the forward strand of the

reference genome). As a result, in Alu we observed several peaks at: AC>GT, CC>TT, CT>TC, TC>CT

substitution classes (Figure 43-A). On the contrary, in L1s we identified a single major peak at CC>TT

(figure 43-B). MNVs not in repeats displayed a pattern similar to L1s, presenting a major peak at

CC>TT. However, also AC>GT classes showed to be strongly supported, as in Alus (figure 43-C).

Interestingly, MNVs not in repeats did not evidenced similar peaks (figure 43-D).

CC>TT substitutions are known to be the result of both APOBEC activity and CpG islands mutations. I

therefore  investigated  how  many  MNVs  felt  within  annotated  CpG  islands,  finding  no  overlaps.

Additionally, I further extended CpG islands annotations by identifying a putative CpG island between

bp 49 and 419 of the L1 consensus sequence. Although 14 MNVs were found to be in overlap with this

putative CpG island, no appreciable changes in the nucleotide substitutions peaks were noted upon

removal of these MNVs. Germinal MNVs are also speculated to be originated also by the effects of

polymerase zeta. However, the absence of consecutive SNVs (MNVs with 0 bps of distance, figure 40-

F) and the lack of TC>AA and GC>AA (and their reverse complement) substitution patterns, which are

two distinctive markers of pol-zeta activity, are not supporting this hypothesis. This, in combination

with the CC>TT peaks, led me to speculate that a direct involvement of APOBEC proteins is at the

base of somatic MNVs origin in brain 
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Finally, I investigate the presence of consensus sequences within the genomic regions of MNVs (figure

44-A). The most supported consensus sequence identified, named as MEME-1, was further identified

as  a  potential  binding site  for  two Zinc fingers  proteins  (ZFN135 and ZFN460) linked to  Herpes

simplex virus type I infections (figure  44-B). This, in combination with the APOBEC-like signature

observed, led me to speculate that a link between virus infections and somatic MNVs origin may be

present, although further investigation are required.

A)

B)

Figure  44: MEME analyses  results:  A) List  of  discovered  consensus  sequences,  coupled  with numbers  of
supporting  evidences;  B)  FootPrintDNA positive  matches  for  the  most  probable  MEME-1  sequence
(GGAGTCCGAG).
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4.3.3.4 MNVs enrichment in Alu boxes

From MNVs annotations, it was evidenced that a consistent fraction of variants felt within Alu repeats.

I therefore tried to determinate whether MNVs cluster within particular Alu regions or were randomly

dispersed throughout the consensus sequence. I identified two major peaks within the Left derived arm

that were consistent with the position of Alu’s Pol III Box A and Box B (figure  45). Genome-wide

analysis was then performed, aiming at verifying whether MNVs were enriched in Box A/B consensus.

After having derived Box A and Box B consensus sequences from literature, I identified 211,622 Box A

and 251,572 Box B consensus with 0 mismatches within the reference genome. Next, I found that 56

and 103 MNVs were in overlap with the set of Box A and Box B consensus, respectively, mostly within

AluY and AluS elements, which represent the youngest Alu families. Finally, by performing Z score

analysis, I found that these overlaps were extremely significant (Z scores of 4.6 and 7.2 for Box A and

Box B, respectively) (figure 46).
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Figure 45: Normalized counts of MNVs within Alu’s consensus sequence. Data are displayed according to Alu
families. Total counts of MNVs per Alu family in reported in the title of each plot.
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Figure  46: Z scores for 202 box sequences. The 2 original Box A and Box B are colored in red. Randomly
shuffled regions (100 for Box A and 100 for Box B) are displayed in black. Z score threshold at 3 standard
deviation is represented as a red horizontal line.
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4.4 Discussion and Conclusion

Here I provided a deep investigation of somatic late-onset variants in brain tissues. From an initial set

of  27,106  SNVs,  by  applying  several  filtering  steps,  a  high-quality  set  of  15,646  variations  was

retained.  During  the  variant  calling  step,  I  found  software  limitations  that  had  the  effect  of  mis-

annotating 6,128 SNVs. By applying a correction step, I was able to fix the SNVs annotations. This led

me to identify a total of 15,646 SNV of which 3,064 were MNVs and 9,518 were actual SNVs. SNVs

were not  observed to  be  enriched in  particular  tissues,  nor  to  be  prevalent  in  a  particular  cohort.

Additionally, I evidenced that they did not provide greater pathogenic effects potentially due to their

enrichment in non-coding regions. Finally, through signature analyses, SNVs origin was tracked down

to  SBS1,  SBS6,  SBS10b,  SBS12  and  SBS39.  While  SBS12  and  SBS39  are  currently  without  a

proposed aetiology, the remaining 3 SBSs, which explained almost 80% of variants, are well known

documented. Among them SBS.1 is related to the endogenous and spontaneous deammination of 5-

methylcytosine and it is linked to the normal age progression (clock-like Signature). It was expected

since samples derived from old aged individuals. SBS6 instead, is related to defective DNA mismatch

repair while SBS10b is associated to the effect of polymerase epsilon exonuclease domain.

Most notably, the survey of WGS data led to the identification of somatic multi-nucleotide variants

from brain. To my knowledge, this is the second documented observation of somatic MNVs (the first

from samples not originating from tumors) and the first one from brain tissues. As for SNVs, I was

unable to reconnect MNVs to particular tissues or to a single cohort. Moreover, I found that MNVs

were not increasing the levels of pathogenicity, expressed in CADD scores, with respect to their mis-

annotated forms. However, I speculate that this is due to the MNVs enrichment in non-coding regions.

It was also noted that the vast majority of MNVs felt within repetitive elements, mostly Alu and L1s,

and most notably, that MNVs were enriched within Alus Pol III boxes, which may interfere with the

physiological levels of transcription. 

MNVs were next demonstrated to be originated simultaneously through alternative allele frequency

analyses.  Additionally,  with  nucleotide  substitution  analyses,  evidences  of  CC>TT  variations

enrichments were provided, which I hypothesize being the result of APOBEC activity.  To support

our  hypothesis,  I  found  no  CpG  islands  involvement,  and  excluded  the  potential  implication  of

Polymerase zeta as no consecutive MNVs were present in our set of variants. Interestingly, sequences
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containing MNVs were found to contain consensus motifs for zinc fingers bindings. In particular, I

observed that the most supported zinc fingers were linked to  Herpex simplex virus type I (HSV-1)

infections. This is interesting since HSV-1 infections were previously linked to Alzheimer’s disease. In

this regard, Moir and colleagues in 2018 proposed the antimicrobial protection hypothesis [Moir et al.,

2018], for which Amyloid-β oligomerization is not intrinsically pathological as it emerges as an innate

immune pathway. However, chronic infection would have led to neuroinflammation. Therefore, one

could  hypothesize  a  model  in  which  HSV-1  brain  chronical  infections  trigger  APOBEC  immune

activity, resulting in MNVs accumulations in brain. Although intriguing, this model needs to be verified

under  several  aspects,  starting  from  the  experimental  validation  of  MNVs  observations  to  the

assessment of HSV-1 infections.

With these analyses I provided valuable data in support of somatic MNVs characterization stressing

also the needs of integrating MNV annotations steps in current NGS pipelines. 
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Chapter V

Preliminary investigation of variants within AD-associated genes

5.1 Introduction 

Despite LOAD arises from a less understood set of genetic, epigenetic, and environmental risk factors

[Kingsbury et al., 2006; Gatz et al., 2006; Bertram et al., 2010], several studies have demonstrated a

direct  involvement  of  different  genes  and  polymorphisms.  Large-scale  genome-wide  association

experiments, in this sense, provided valuable data regarding millions of polymorphisms from thousands

of subjects [Bettens et al., 2013]. These collections can then be interrogated by researchers, potentially

becoming fundamental  in  the understanding of  the rise  and progression of  the disease.  I  therefore

started to perform qualitative analyses, aimed to interrogate whether our variants collections, from both

SNPs arrays and WGS experiments, may involve AD-associated genes and be therefore related with the

etiology of the disease.
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5.2 Materials and Methods

5.2.1 The AD-associated genes set

To test  the  presence  of  AD-associated  variants  within  the  available  datasets,  I  selected  genes  and

variants  known to be correlated with AD. 10 genes associated with both EOAD and LOAD were

selected. These are: ABCA7 [Vasquez et al., 2013], ADAM10 [Kim et al., 2009b], APOE [Karch et al.,

2014], APP [Sleegers et al., 2006], BIN1 [Chapuis et al., 2013], PIN1 [Park et al., 2019], PSEN1 [Cruts

and Broeckhoven, 1998], PSEN2 [Cai et al., 2015], SORL1 [Rogaeva et al., 2007] and TREM2 [Reitz

and Mayeux, 2013]. Gene coordinates, were obtained form Gencode database (version 19) [Frankish et

al., 2019] and extended by 10Kb both upstream and downstream (Table  6) with BEDtools (version

2.27.1, subcommand slop, parameter -b 10,000).

Then, I collected 11,180 single nucleotide variants associated to AD from the gwasDB version 2 [Li et

al., 2016].

Table  6:  Set  of  AD-associated genes  selected for  this  study.  Gencode original  coordinates,  reported in  the
GENCODE  ORIGINAL  column  were  extended  in  both  direction  by  10,000  nucleotides  (GENCODE
EXTENDED column).
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GENE SIMBOL GENE STRAND GENCODE ORIGINAL GENCODE EXTENDED LENGTH (bp)
ABCA7 + chr19:1040102-1065571 chr19:1030102-1075571 45469

ADAM10 - chr15:58887403-59042177 chr15:58877403-59052177 174774
APOE + chr19:45409011-45412650 chr19:45399011-45422650 23639
APP - chr21:27252861-27543446 chr21:27242861-27553446 310585
BIN1 - chr2:127805603-127864931 chr2:127795603-127874931 79328
PIN1 + chr19:9945933-9960358 chr19:9935933-9970358 34425

PSEN1 + chr14:73603126-73690399 chr14:73593126-73700399 107273
PSEN2 + chr1:227057885-227083806 chr1:227047885-227093806 45921
SORL1 + chr11:121322912-121504402 chr11:121312912-121514402 201490
TREM2 - chr6:41126244-41130924 chr6:41116244-41140924 24680



5.2.2 Analyses of overlaps

Collections of AD-associated genes and variants in BED formats were intersected with SNPs arrays

and WGS datasets by using BEDtools (version 2.27.1, subcommand intersect). Counts were obtained

by parsing the intersection with R (version 3.6).

5.2.3 Feature analyses

VCF files were annotated with the Variant Effect Predictor (VEP, version 99.2) [McLaren et al., 2016]

and then converted to MAF formats with the vcf2maf software (https://github.com/mskcc/vcf2maf).

Feature analyses were performed with the annotatR R package (version 1.14.0) [Cavalcante and Sartor,

2017] with  default  genome libraries  and waterfall  plots  were  drawn with  the  GenVisR R package

(version 1.20.0) [Skidmore et al., 2016].
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5.3 Results

5.3.1 CNVs in overlap with AD associated genes

I started a preliminary analysis aimed to test whether germline CNVs called from SNPs array data were

in overlap with a set of known AD-associated genes and variants (Table  6). I found 3 heterozygous

deletions in overlap with APP, ABCA7, and APOE annotations (Table 7). 

First, a high confidence (> 400) heterozygous deletion in the APP gene was identified from the CTR

sample C_02_S001_C. The deletion, of 67,674 nucleotides in length, affected the genomic upstream

region of the gene, without involving its protein coding region. Similarly, an heterozygous deletion was

found in the ABCA7 locus. This CNV was observed in C02_S007_C CTR sample, and similarly to the

APP deletion,  it  was  in  overlap  with  the  upstream  region  of  the  gene.  Finally.  within  the  same

C02_S007_C sample, I identified a small heterozygous deletion of 4,543 bps in length, located in the

APOE region. This variation resulted in the loss of exon2, exon3 and exon4 (figure  47), therefore

potentially resulting in an aberrant form of the protein product.

From the  analysis,  overlaps  between  CNVs  and  AD associated  genes  were  observed  in  only  two

Spanish CTRs.  Interestingly,  this  may indicate  that  CNVs do not  represent  a  major  factor  for  the

aetiology of the disease in our samples.

Table 7: CNVs in overlap with AD-associated gene coordinates. CNV lengths are displayed in bps.
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GENCODE EXTENDED GENE ID CNV POS CNV LENGTH CNV_TYPE CONFIDENCE SUPPORTING SNPs SAMPLE
Chr19:1030102-1075571 ABCA7 Chr19:988934-1032740 43807 Hetero. Del. 166.792 127 C02_S007_C
Chr19:45399011-45422650 APOE Chr19:45409857-45414399 4543 Hetero. Del. 46.297 19 C02_S007_C
Chr21:27242861-27553446 APP Chr21:27181483-27249156 67674 Hetero. Del. 404.81 130 C02_S001_C



Figure  47: UCSC  genome  browser  screen  shot  for  the  APOE  heterozygous  deletion.  Deleted  region  is
represented as a black rectangle at the C02_S007_C sample’s track.

5.3.2 Single nucleotide variants from SNPs arrays

I  next  interrogated  the  SNPs array  dataset  of  nucleotide  variants.  I  observed the  presence  of  572

different  SNPs loci  in overlap with the selected AD-associated genes.  443 of these were found in

intronic regions, while 70 were observed within exonic annotations. Additionally, 59 SNPs were called

from the intergenic regions flanking the target genes. Among the selection of AD genes, APP showed

the highest SNPs counts, with 188 variants. However, only 2 APP variants were observed in the exonic

regions. Interestingly, 11 out of 572 SNPs were also identified as AD associated variants from GWAS

studies (Table 8).

Table 8: Counts of SNPs in overlap with AD associated genes. 
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GENE SIMBOL TOTAL SNPs EXONIC SNPs INTRONIC SNPs INTERGENIC SNPs SNPs in GWAS
ABCA7 36 10 22 4 1

ADAM10 78 6 66 6 0
APOE 12 2 4 6 4
APP 188 2 179 7 0
BIN1 65 6 41 18 4
PIN1 19 6 7 6 0

PSEN1 32 9 21 2 0
PSEN2 40 11 25 4 0
SORL1 96 18 77 1 2
TREM2 6 0 1 5 0
TOTAL 572 70 443 59 11



Next, to gain information on the potential impact of the variants and to provide a better overview of the

features  in  overlap,  I  functionally  annotated the set  of variants  in AD associated genes.  The most

damaging variants per gene and samples were displayed with waterfall form, from which we observed

a high abundance for 3′ and 5′ UTRs and flanking regions. No gain in stop codons nor alteration in the

protein sequences were noted (figure 48).

Figure 48: Waterfall plot of SNPs data. Center figure: Most damaging mutation type per sample and gene, left
figure: gene names and frequency of samples with mutations; bottom figure: metadata information (Age, Tissue,
Gender and Cohort) per sample.
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Additionally, we seek to determinate the presence of SNPs in overlap with AD-associated variants. We

found 11 positive results associated to the genomic loci of SORL1, ABCA7, APOE and BIN1. 2 SNPs

associated to APOE locus were actually in overlap with the TOMM40 gene annotations. Out of 1,111

SNPs, 10 were observed in intragenic regions: 7 in introns and 3 in exons (Table 9) without altering the

protein sequence or the splice sites.

Table  9: SNPs identified within AD-associated genes and GWAS studies. SNP POS: SNP annotation; REF:
reference nucleotide; ALT: alternative nucleotide; GWAS: Overlapping gene from GWAS studies.
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SNP POS SNP ID REF ALT FEATURE GWAS
chr11:121423552 rs11604897 G A intron SORL1
chr11:121452354 rs7120354 G A intron SORL1
chr19:1056492 rs3752246 G C exon ABCA7
chr19:45401666 rs8106922 C A intron TOMM40
chr19:45403412 rs1160985 C A intron TOMM40
chr19:45407788 rs7259620 C A intergene APOE
chr19:45410002 rs769449 G A exon APOE
chr2:127826533 rs1060743 A G exon BIN1
chr2:127839781 rs10194375 C A intron BIN1
chr2:127841769 rs10200967 C A intron BIN1
chr2:127859418 rs873270 A G intron BIN1



5.3.3 Germinal Single nucleotide variants from WGS

Then, I interrogated the WGS set of germinal variants. 4,405 loci were observed to be in overlap with

the set of AD genes. In particular, 369, 3,522 and 514 variants were identified within exonic, intronic

and  intergenic  regions,  respectively.  Additionally,  similarly  to  what  observed  with  the  SNP array

dataset, the APP gene arbored the highest amount of variants (1,411), while TREM2 the lowest (38).

Interestingly, 31 sites were also found within the gwasDB set of AD-associated variants (Table 10).

Table  10: Counts  of  WGS SNPs in  overlap with AD associated genes.  Counts  were evaluated for  several
features: exons, introns, intergenic regions and GWAS variants.

The  set  of  4,405  variants  was  next  annotated  with  the  variant  effect  predictor,  from  which  no

potentially  pathogenic  variants  were  evidenced  in  AD  associated  genes.  However,  the  functional

annotation led us extend the observation of variants within both 3′ and 5′ UTRs and gene flanking

regions of AD associated genes (figure 49) with respect to the SNPs array.
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GENE SIMBOL TOTAL SNPs EXONIC SNPs INTRONIC SNPs INTERGENIC SNPs SNPs in GWAS
ABCA7 419 110 295 14 3

ADAM10 631 25 543 63 0
APOE 102 21 45 36 13
APP 1411 29 1321 61 0
BIN1 436 38 292 106 8
PIN1 121 27 55 39 0

PSEN1 451 34 343 74 0
PSEN2 189 29 129 31 0
SORL1 607 53 486 68 7
TREM2 38 3 13 22 0
TOTAL 4405 369 3522 514 31



Figure  49: Waterfall  plot  of  WGS germline variants data. Center figure:  Most  damaging mutation type per
sample and gene, left figure: gene names and frequency of samples with mutations; bottom figure: metadata
information (Age, Tissue, Gender and Cohort) per sample.

The set of 31 gwasDB variants contained all 11 loci detected through SNP arrays, which were thus

validated. Interestingly, 8 out of 31 variants were discovered within exonic regions while only 5 where

annotated as intergenic. Variants were observed within SORL1, ABCA7, TOMM40, APOE and BIN1

genes (Table 11).
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Table  11: SNPs identified within AD-associated genes and GWAS studies. SNP POS: SNP annotation; REF:
reference nucleotide; ALT: alternative nucleotide; GWAS: Overlapping gene from GWAS studies. Loci in red
were also observed with SNPs array data.
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SNP POS SNP ID REF ALT FEATURE GWAS
chr11:121382172 rs6589884 A T intron SORL1
chr11:121423552 rs11604897 C T intron SORL1
chr11:121435587 rs11218343 T C intron SORL1
chr11:121452354 rs7120354 G A intron SORL1
chr11:121453779 rs58698151 A T intron SORL1
chr11:121473391 rs11218360 T C intron SORL1
chr11:121474025 rs12287339 T C intron SORL1
chr19:1046520 rs3764650 T G intron ABCA7
chr19:1056492 rs3752246 G C exon ABCA7
chr19:1063443 rs4147929 A G intron ABCA7
chr19:45401666 rs8106922 A G intron TOMM40
chr19:45403412 rs1160985 C T intron TOMM40
chr19:45403858 rs760136 A G intron TOMM40
chr19:45404431 rs741780 T C intron TOMM40
chr19:45404691 rs405697 A G exon TOMM40
chr19:45404972 rs1038025 T C exon TOMM40
chr19:45405062 rs1038026 A G exon TOMM40
chr19:45406673 rs10119 G A exon TOMM40
chr19:45407788 rs7259620 G A intergene APOE
chr19:45408836 rs405509 T G intergene APOE
chr19:45410002 rs769449 G A exon APOE
chr19:45411941 rs429358 T C exon APOE
chr19:45414451 rs439401 T C intergene APOE
chr2:127826533 rs1060743 A G exon BIN1
chr2:127839781 rs10194375 C A intron BIN1
chr2:127841769 rs10200967 C T intron BIN1
chr2:127852021 rs10207628 G C intron BIN1
chr2:127859418 rs873270 T C intron BIN1
chr2:127860830 rs754107 C G intron BIN1
chr2:127872347 rs3856378 G C intergene BIN1
chr2:127873035 rs4663098 T C intergene BIN1



5.3.4 Somatic variants from WGS

I finally investigated the presence of somatic variants within the AD associated gene loci. 6 late onset

somatic  SNVs and 2 somatic  MNVs (table  12)  were identified.  Variants  were mostly  localized  in

introns (6/8) with an additional SNV within the 5′ flanking region of the PSEN1 gene and one SNV in

intergenic region (figure 50). No somatic variants were found in overlap with the set of AD associated

variants.

Table 12: Somatic nucleotide variants in AD associated genes

Figure  50: Waterfall  plot  of  WGS somatic  variants  data.  Center  figure:  Most  damaging mutation type per
sample and gene, left figure: gene names and frequency of samples with mutations; bottom figure: metadata
information (Age, Tissue, Gender and Cohort) per sample.
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CHR START END REF ALT SAMPLE GENE VARIANT TYPE
chr14 73601106 73601116 GATTACAGGCA AATTACAGGCG 929_HIP PSEN1 MNV
chr14 73632210 73632211 T C 9345_TC PSEN1 SNV
chr15 58972581 58972582 T C 8805_HIP ADAM10 SNV
chr19 1032098 1032100 GCA TCG 7466_HIP ABCA7 MNV
chr19 1061194 1061195 G A 7711_CER ABCA7 SNV
chr19 9950957 9950958 C T 8805_CER PIN1 SNV
chr21 27244708 27244709 T C 7711_TC APP SNV
chr21 27282525 27282526 C T 1282_FC APP SNV
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5.4 Discussion and conclusion

Here I provided a preliminary qualitative analysis aimed to test a selection of 10 AD-associated genes

for the presence of variants called with both SNPs arrays and WGS technologies. From the chip assay,

three heterozygous deletions were detected. Two were in overlap with the genomic upstream regions of

ABCA7 and APP and one with exons 2, 3 and 4 of APOE gene. Despite the potential pathological

effect  that  deletions,  in  particular  of  exons,  may  confer,  CNVs  were  found  in  only  two  CTRs.

Therefore, I hypothesize that germline CNVs may not play a major role in the aetiology of AD in this

particular cohort of samples. Nonetheless, further investigations based on WGS CNVs data would be

still required to strengthen the results as well as to extend the analyses on smal CNVs. Additionally,

572 SNPs were found within our selection of AD related genes, 9 of which already annotated as AD

associated variants with GWAS studies. Interestingly, three were observed in exonic regions. Then, by

interrogating the WGS dataset, I further extend these observations. The number of SNPs in AD-related

genes increased to 4,405, whereas 31 of them were also found to be already correlated to the disease

from GWAS studies. Interestingly, a subset of 8 variants was also validated with SNPs experiments.

Variants in overlap with GWAS studies were found from the ABCA7, APOE, BIN1, TOMM40 and

SORL1 genes annotations and despite SORL1, at least one exonic mutation was observed for each

gene.  Finally,  I  also  observed  the  presence  of  6  single  nucleotide  somatic  variants  and  2  multi-

nucleotide somatic variants in AD associated genes. To my knowledge, this is the first observation of

multi-nucleotide somatic variants from hippocampal formations.

Overall,  feature  analyses  showed  that  the  vast  majority  of  variants  felt  in  intronic  and  intergenic

regions. Nonetheless, I also observed high number of variants within the 3′ and 5′ UTRs and gene

flanking regions. 

While  this  preliminary  analysis  did  not  highlight  the  presence  of  variants  that  may  have  directly

triggered the development of the pathology, UTRs and gene flanking regions are highly abundant in

regulatory features. Therefore it cannot be excluded that potential modification of the gene function

may contribute to the disease, requiring therefore further and deeper investigations. In this direction I

plan to i) Extend the list of AD-associated genes; ii) Explore the effects of both germline and somatic

CNVs from WGS data; iii) Interrogate variants in UTR and flanking regions to assess their effect of the

gene function. 
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Chapter VI

Life-seq: a new targeted sequencing approach aimed at 
addressing current WGS limitations at LINE-1 regions

6.1 Introduction

As discussed in the main introduction, current whole genome short-reads sequencing methods have

limitations  that  mostly  affect  structural  variants  discovery  in  repetitive  regions.  This  is  especially

important when L1-dependent events lead to mosaicism that occur in a small number of cells in an

heterogeneous tissue.

To confront these biological and technical complexities, Erwin and collaborators  [Erwin et al., 2016]

developed a machine learning-based,  single-cell  targeted sequencing approach,  named somatic  L1-

associated  variants  (SLAV)-seq,  to  increase  detection sensitivity  in  L1 regions.  L1 specificity  was

conferred by a single L1-specific oligo able to pair within the 3′ of the retrotransposon element, that

during sequencing generates L1-flanking genome split reads. Although providing a terrific level of

resolution, even this state-of-art method has limitations conferred by its probe design. Since there is a

single L1-specific oligo that pairs within the 3′ end of the L1 element sequence, SLAV-seq can indeed

be used to detect new integration events, as deletions that involve downstream L1-proximal genomic

regions.  However,  it  lacks  the  ability  to  detect  i) L1  polymorphic  regions  in  the  absence  of  the

integrations; ii) L1-associated deletions that involve the whole repetitive sequence as these would not

permit probe pairing;  iii) structural variants that affect only the 5′ extremity as these would not be

sequenced. To my knowledge, there are no reported targeted sequencing approaches able to detect all

the  aforementioned  structural  variants  at  once.  Furthermore,  after  having  performed  SNPs  array

experiments, it was noticed that such technologies are generally depleted in markers within repetitive

region, which was highly significant for L1 elements (figure 51). Following what stated in chapter II,

this depletion may have limited CNV detection in retrotransposon regions and thus the initial study.
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Figure 51: Overlaps between array markers and L1 annotations (from RPMK database) and 100 times randomly
selected regions and L1 annotations. Z score = - 330. Counts of randomly selected regions match array markers
numbers.

In the laboratories of Prof. Sanges and Gustincich, a new technology named LIne-1 Five prime End

SEQuencing (LIFE-seq), was developed to address these complexities.  LIFE-seq is a high-coverage,

paired-end targeted-sequencing technology based on a capturing strategy. It consists in 2,783 probes of

80 bps in length, which are able to perfectly bind to the genomic region proximal to the 5′ end of just as

many full-length L1 sequences. By designing probes on single sequences regions close to, but outside

of the 5′ L1 annotations we aimed to assess the presence of L1 polymorphisms, L1 CNVs and L1-

associated  deletions,  which  would  not  be  achievable  with  probes  embedded  within  the  element.

Importantly, sequencing should be carried out at extremely high-coverage (ideally higher than 1000x

per locus) to identify rare somatic events. In this context, I have developed the bioinformatic pipeline to

process and analyze LIFE-seq data, from the raw sequencing data to the genotyping of the targeted

sites.
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6.2 Materials and Methods

6.2.1 The LIFE-seq techniques

Full-length L1 sequences were retrieved from L1base databases in genome build hg38 (L1 Full-length:

FLI-L1, L1 with intact ORF2: ORF2-L1 and non-intact L1 longer than 4500 bp: FLnI-L1; Downloaded

on April 2017, latest update: 2016-07-09)  [Penzkofer et al., 2017]. I converted their coordinates by

aligning the sequences to genome build GRCh37 (version GCA_000001405.1) using  MEGABLAST

(version 2.4.0, 2016-Aug-5, parameters:  -perc_identity 100). From the results only coordinates that

presented  full  coverage  and  100%  of  sequence  identity  with  the  reference  genome  were  kept.

Sequences  were  next  submitted  to  the  Illumina  DesignStudioTM tool  to  obtain  custom  probes

(https://designstudio.illumina.com/). Design constrains were: 1) when aligned to the reference genome,

probes  sequences  must  not  show  multimapping  properties;  2)  probes  must  align  in  the  upstream

genomic region of target L1 elements, at a maximum distance of 100 bps. A set of 2,783 different

custom probes was then obtained. Downstream checks consisted in further assessing the presence of

potential multimapping events. These were conducted by mapping probes versus the reference human

genome build GRCh37 (version GCA_000001405.1) with  BLAST+ (version 2.2.31+, blastn analysis

using probes sequences as queries and reference genome build as database; parameters -perc_identity

100 -qcov_hsp_perc 100) [Camacho et al., 2009]. Mapping data were also combined with the targeted

L1 annotations  sites  to  obtain  metrics  on the distances  between probes  and related  L1 sequences.

Samples were selected from the Brazilian Alzheimer disease cohort and consisted in two male AD (ids:

2682, 7466) and two female controls (ids: 6868, 9269) (Table 4). LIFE-seq library preparation strictly

followed  the  Nextera®  Rapid  Capture  Enrichment  Reference  Guide

(https://support.illumina.com/content/dam/illumina-

support/documents/documentation/chemistry_documentation/samplepreps_nextera/nexterarapidcapture

/nextera-rapid-capture-enrichment-guide-15037436-01.pdf).  Pilot  phase  library  preparation  was

optimized by lowering the  tagment enzyme quantity from 15 uL to 5 uL. Average insert length was

observed to be equal to 460 bps by measurements carried out using the 2100 Bioanalyzer Instrument

(Agilent Technologies, Inc) with Agilent DNA 1000 Kit. A second library was prepared with further

protocol optimizations in order to achieve higher insert sizes. The process specifically involved the
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modification of the post-tagmentation clean-up, with the retention of the supernatant. Final average

insert size was observed to be 750 bps.

Libraries were next sequenced in paired-end strategy with the Hiseq1500 Illumina platform. Binary

Base Calls (BCL) files were finally processed through the LIFE-seq bioinformatic pipeline. Library

preparations and sequencing were carried out by Dr. Diego Vozzi (IIT).
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6.2.2 Bioinformatic analyses

6.2.2.1 LIFE-seq pipeline

LIFE-seq sequencing protocol was developed in the research group of Prof. Sanges and Gustincich and

I  developed a  specific  bioinformatic  pipeline  for  the analyses  of  the data.  The analysis  consist  of

several  serials  steps  that,  starting  from the  base  call  files  (BCL)  produced  by  the  sequencer,  can

provide: 1) Demultiplexed fastq.gz files from BCL files; 2) Fastq quality assessment; 3) Removal of

PCR-duplicated reads; 4) Mapping of the reads on the reference genome; 5) Distributions of inserts

lengths; 6) Genotyping data; 7) Frequency of split and discordant reads within single loci (figure 52).

To allow fast analyses of high coverage data and/or high number of samples, most of the steps were

designed to support multi-threading options. LIFE-seq pipeline is written in Perl (version 5.22.1) and R

languages (version 3.4.3), and it  is meant to work in  unix environments. The pipeline requires the

presence of additional third-parts, freely available software and additional Perl libraries. The required

software  are:  bcl2fastq  [Illumina,

https://emea.support.illumina.com/sequencing/sequencing_software/bcl2fastq-conversion-

software.html?langsel=/it/],  fastQC [Babraham  Bioinformatics],  multiQC [Ewels  et  al.,  2016],

PRINSEQ  [Schmieder  and  Edwards,  2011],  BWA  [Li  and  Durbin,  2010],  Picard

[http://broadinstitute.github.io/picard],  java (version >= 1.8)  [http://www.java.com],  SAMtools [Li et

al.,  2009],  R [R  Core  Team,  2012],  while  Perl  libraries  and  modules  are:  IO::Tee  [Neil  B.

https://metacpan.org/pod/IO::Tee],  Statistics::PCA  [Daniel  S.T.H.,

https://metacpan.org/pod/Statistics::PCA], Cairo [Brian M.,  https://metacpan.org/release/Cairo], JSON

[Kenichi  I.,  https://metacpan.org/pod/JSON].  Additional  software  must  be  executable  within  the

environmental  $PATH variable,  otherwise  absolute  paths  must  be inserted  by the  user  at  the  very

beginning of the pipeline. This last option was meant to give to the user the possibility to keep track of

the softwares versions, providing a better reproducibility of the results. Pipeline was tested with a 64-

bit Unix-system provided with Intel Xeon E5-2690 v3 2.6GHz chip set and 128 GB of memory. Here it

follows a step-by-step description of the pipeline.
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Figure  52: Representation  of  LIFE-seq  pipeline  workflow.  1-  Conversion  from  BCL to  Fastq.gz  files;  2-
PRINSEQ deduplication step; 3- Mapping step; 4- Genotyping and 5- Split/Discordant reads analyses.
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BCL files are converted into fastq gzip compressed files (fastq.gz) using the bcl2fastq software. Reads

quality is then determined with the fastQC tool. Both processes can be speed-up using multi-threading

options. To facilitate sample’s quality comparisons, multiQC software is used to generate a single run

report. 

I then focused my attention to select the best software to identify and remove PCR duplicates from raw

fastq.gz  files.  PCR-duplicates  are  multiple  and  identical  PCR  products  generated  from  the  same

template  molecule.  They can  lead to  false  positive variant  call  and/or  affect  the  coverage  data  by

providing a distorted perception of the real quantity of the template molecule. Therefore, their removal

is a crucial step for genotyping and mosaicism detection,  where precise quantification is needed. I

tested the following softwares: PRINSEQ, FastUniq [Xu et al., 2012] and super deduper [Petersen et

al., 2015]. Percentages of duplicated reads were observed prior and after deduplication relying on the

fastqc software. PRINSEQ showed two main disadvantages which primarily affected its speed: it does

not support multi-threading options and it is unable to use paired-end fastq.gz files as inputs, thus

requiring a decompressing preprocessing step. However, its deduplication performances were the best

among all the tested software (data not shown) due to its duplicate read call strategy that relies on both

pair-reads  nucleotide  sequences. We  therefore  selected  PRINSEQ despite  its  slowness.  Further

enhancement in PCR-duplicates removal software may led us to reconsider this choice. 

Deduplicated reads  quality  is  assessed with the combination of  fastQC and  multiQC softwares,  as

previously reported. Deduplicated fastq.gz files are next mapped using  BWA  (version  0.7.17-r1194-

dirty;  subcommand  mem;  default  score  parameters) versus  the  reference  genome  build  GRCh37

(version GCA_000001405.1). SAMtools (version 1.9) is then applied to sort (subcommand sort) and to

compress  (subcommand  view;  parameters  -S,-b,-h)  the  SAM  files.  Quality  assessment,  mapping,

sorting and compression steps are optimized for multi-threading options. Inserts size analyses are next

preformed with  Picard CollectInsertSizeMetrics  tool (version 2.18.20; default parameters). Although

Picard doesn’t support multi-threading options, Perl threads module is used to generate single forks for

each sample. This allows the parallel analysis of single samples using different threads. 

The next  genotyping step is  aimed at  providing information about  the presence or absence of the

targeted L1 sequences at the level of single locus. It is performed through a separated R script, called

by the main LIFE-seq pipeline, that is parallelized using the same strategy aforementioned for Picard.

Genotyping is based on the assumption that each locus consists in two alleles and it relies on coverage
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analyses performed at  three different regions per locus.  These are the 5′  genomic upstream region

(named  5′ EXT),  the 5′ region (named  5′ INT) and the 3′ genomic downstream region (named  3′

EXT), all relatively to the targeted L1 element sequence (figure 53). Windows sizes (imposed to 500

bps as default setting) can be modified by users depending on their needs. Coverage information at

nucleotides levels are extracted for all three regions with samtools depth (option -a). Distributions of

coverages  per  region are  produced,  normalized using the  total  mapped reads  per  sample  and then

compared  in  the  form  of  mapped  reads  per  million.  In  the  presence  of  both  targeted  L1  alleles

(genotype 0/0), current LIFE-seq insert size library protocol does not produce reads relatively to the 3′

EXT region, thus its coverage results to be 0. On the contrary, in the total absence of the L1 alleles

(genotype 1/1), we can obtain coverage data for the 3′ EXT without observing reads mapping on the 5′

INT region. Finally, in the case of a locus heterozygous for the presence of the L1 (genotype 0/1),

coverage must be different from 0 in all the three regions (figure  53). To improve genotyping calls,

poorly covered loci (< 400x) at the level of the probe regions are set as ungenotyped (genotype “./.”)

with a specific option.

Finally, to identify variants within L1 sequences, and in particular potential somatic SVs, I designed a

novel split-reads/discordant-reads frequency analysis. Loci genotyped as 0/0 were selected and mapped

read pairs were divided in 4 groups depending on their insert length calculated based on the mapping

locations for each pair. The first class comprises pairs with insert length shorter than 1 Kb. The second

cluster comprises pairs with insert length greater than 1 Kb but shorter than 15 Kbs, while the third

group comprised pairs with insert length greater than 15 Kbs. Finally, pairs displaying reads mapped to

different chromosomes, were clustered into a fourth group. By selecting loci genotyped as 0/0, in the

absence of genotyping errors, different-than-class 1 reads should support somatic structural variants. In

particular, class 2 reads were searched in order to detect potential somatic deletions. Filtered loci were

manual checked with the Integrative Genomic Viewer (version 2.8.0).

Result obtained with the bioinformatic pipeline are stored within an organized hierarchy of directories

rooted on the output folder, which is imposed by the user. Finally, as major output, the pipeline creates

a  probe-locus-oriented  tabular-separated  table  in  which  genotyping  and  reads  frequency  data  are

associated with annotations regarding the targeted repeat element.
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Figure 53: LIFE-seq genotyping rationale. 5′ EXT region: Genomic region flanking the L1 5′ UTR sequence; 5′
INT region: First portion of the L1 5′ UTR region; 3′ EXT : Genomic region flanking the L1 3′ UTR sequence.
Depending on the presence (in green), or on the absence (in grey), of the targeted L1 sequence, reads can maps
to only 5′ EXT and 5′ INT regions (genotype 0/0), to only 5′ EXT and 3′ EXT regions (genotype 1/1) or in all
three regions (genotype 0/1).
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6.2.2.2 Coverage analyses

TarSeqQC (version 1.8.0, november 2017) coverage analyses were performed with the pilot-phase data

only.  Coverage  metrics  were  extracted  for  all  samples  following  the  TarSeqQC documentation

(https://bioconductor.org/packages/release/bioc/vignettes/TarSeqQC/inst/doc/TarSeqQC-vignette.pdf). I

modified coverage threshold, minimum base quality and minimum mapping quality parameters to 50,

15 and 60, respectively. 

Putative CNVs were called relying on coverage analyses. Coverages of probe regions were obtained for

all loci and samples with  SAMtools (command depth -a). Values were normalized with total mapped

reads per sample and reported with the per million annotation. Putative CNVs were next called from

loci  in which there was at  least  one individual  with coverage between 150 and 250 and one with

coverage outside this range.

Coordinates of LIFE-seq alternative loci were intersected with BEDtools (version 2.27.1, subcommand

intersect, parameters -wa) with known L1 polymorphism annotations. These were retrieved from dbRIP

database (version of 04/26/2018) [Wang et al., 2006] and from euL1 database (version 1.0) [Mir et al.,

2015].
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6.3 Results

6.3.1 Pilot phase

The correct functionalities of the LIFE-seq sequencing protocol and probe design were tested in a pilot

phase  experiment.  This  consisted  in  the  application  of  the  LIFE-seq  technology  to  4  cerebellum

samples in technical triplicate (from AD 2682, AD 7466, CTR 6868 and CTR 9269 individuals, Table

4), for a total of 12 samples. With the pilot experiment, we aimed to: 1) confirm the robustness of

probes design; 2) test LIFE-seq reproducibility and the need for technical replicates; 3) evaluate the

ability to call L1 loci genotypes correctly.

Before sequencing, all 2783 probes designed with the Illumina DesignStudio tool were validated for

their unique mapping position within the genome using a Blastn analysis. Furthermore, I confirmed that

probes were all mapped outside of the target L1 element, at an average distance of 22 nucleotides. After

sequencing, data were processed by applying a beta version of the LIFE-seq bioinformatic pipeline in

combination with a TarSeqQC coverage analyses. Demultiplexing of BCL files allowed me to correctly

assign 263.8 million reads to their respective samples (90.45% of the total reads produced). Reads

quality was assessed prior and after a PRINSEQ PCR-duplicates removal step and was always higher

than 35 on average, for each sample. Using the PRINSEQ PCR-duplicates removal tool, duplicates has

been  decreased  by  an  8% on  average,  while  reads  counts  decreased  by  almost  50% (figure  54).

Moreover, average reads length increased, from 212 bp to 222 bp. Outliers were tracked to the reads

that were not assigned to specific samples (named as undetermined reads) during the demultiplexing

process. 

162



Figure  54: Comparison between pre-PRINSEQ and post-PRINSEQ data. From Left to Right: Distributions of
duplicated reads percentages, average reads lengths and reads counts. 

More than 99.9% of deduplicated reads were then mapped to the reference genome as described in the

method section. Mapping data were further used to test whether there were nonfunctional probes. The

TarSeqQC R  package  [Merino  et  al.,  2017] was  applied  to  assess  probes  coverages,  revealing  an

average value higher than 3000x per locus,  with peaks of more than 8000x. Moreover,  TarSeqQC

analysis  showed that  less than 5% of loci per sample had no coverage data,  potentially  indicating

difficulties in probes pairing due to SNVs, or deletions of the genomic sequences required for their

binding. Overall, the design was very robust since 75% of the targeted loci were sequenced with a

coverage higher than 2000x and only 10% with coverage below 500x (figure 55).
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Figure 55: TarSeqQC coverage metrics. A) Coverage distributions for each sample and replicate. B) Amplicone
performance. Percentages of probes were reported according to their coverage values. 
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Insert size (figure 56-A) was next estimated with the  Picard tool, and found to be close to the reads

lengths (~ 220 bps, figure 56-B). Further checks on the TLEN field of the SAM files (that reports the

number of bases from the leftmost mapped base to the rightmost mapped base of a read pair) led me

discovered that about 30% of reads showed sequence lengths equal to TLEN field values. This meant

that  about  a  third  of  the  total  paired  reads  consisted  in  the  bidirectional  sequencing  of  the  same

nucleotide sequence. This was most likely due to the small fragment length achieved with the pilot

library preparation protocol, which on average was 460 bps. To obtain higher fragment sizes, the LIFE-

seq library preparation protocol was modified in the next runs, as reported in the Methods section.

Despite the small average insert size, and because the fragment size is predicted after the mapping on

the reference genome, I also found a small peak centered at ~6,500 bps (figure 56-B), coherent with

full-length L1 element lengths, supporting the existence of L1 polymorphisms visible as L1-specific

deletions  after  mapping  on  the  reference  human  genome  and  therefore  resulting  in  a  such  long

estimated length. 

A)    B)

Figure  56: A) Overview on fragment nomenclature. Picture shows a single fragment composed by two read
adapter flanking an insert; B) Insert size distribution. Counts of fragments (on y axis) are displayed according to
their insert size (x axis) in base pairs. A very small peak is appreciable at insert size equal to ~6,500 (bps).
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The analyses genotyped ~ 90% of the loci for which probes were designed. Genotyping concordance

between replicates of the same sample was then tested (Table  13). 28 loci (15 unique) out of 11,172

(2,793 loci x 4 samples) loci were found to be discordant between replicates due to small coverages

fluctuation across replicates. They had passed the imposed threshold by a very small number of reads.

By checking these 15 loci, I observed a mean minimal coverage of 209 and a mean maximum coverage

of 998 within all replicates. To remove possible errors due to low coverage, I set as “ungenotyped”

these 28 loci for all the samples (Table 14).

Samples /
Genotypes

./. 0/0 0/1 1/1

AD2682_1 248 2493 23 19

AD2682_2 250 2491 23 19

AD2682_3 249 2492 23 19

AD7466_1 249 2495 17 22

AD7466_2 250 2494 17 22

AD7466_3 248 2496 17 22

CTR6868_1 290 2456 19 18

CTR6868_2 289 2457 19 18

CTR6868_3 291 2455 19 18

CTR9269_1 291 2457 11 24

CTR9269_2 289 2459 11 24

CTR9269_3 290 2456 11 24

Table  13: Raw genotyping data from pilot phase. Data are displayed for all replicates. Genotypes as follows:
“./.”:  ungenotyped locus;  “0/0”:  loci  homozygous  for  the  presence  of  the  targeted  L1 element;  “1/1”:  loci
homozygous for the absence of the targeted L1 element; “0/1”: heterozygous loci.
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I next focused on ungenotyped regions (genotype “./.”). These were found to be a) loci with coverage

equal to 0; b) loci presenting coverages values below our internal quality threshold, fixed to 400x. To

test whether ungenotyped loci were potentially due to genomic deletions, I took advantage of CNV data

from WGS, finding only  a  single  overlap.  Moreover,  I  next  compared the  counts  of  ungenotyped

regions between the 4 different samples. It was noted that there were ~40 more sites in CTRs (about

290 loci) with respect to the AD samples (about 250 loci) (Table 14). The discrepancy originates from

the differences in genders between samples (CTRs are females while AD are males) and by the fact that

both chromosome X and Y were included in the probe design. (with 66 probes in chrY). Importantly,

this feature makes LIFE-seq able to discriminate between genders. Random manual checks were then

performed with the Integrative genomics viewer, which confirmed the genotyping of all the alternative

loci calls and 20 random reference calls per sample.

Genotyping,  in  combination  with  TarSeqQC coverage  analyses,  provided  solid,  reliable  and

reproducible data in support of the use of LIFE-seq protocol without the need of technical triplicates.

Samples / Genotypes ./. 0/0 0/1 1/1

AD2682 252 2489 23 19

AD7466 252 2492 17 22

CTR6868 291 2455 19 18

CTR9269 292 2456 11 24

Table 14: Refined genotyping data of pilot phase. Genotypes as follows: “./.”: ungenotyped locus; “0/0”: loci
homozygous for the presence of the targeted L1 element; “1/1”: loci homozygous for the absence of the targeted
L1 element; “0/1”: heterozygous loci.
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6.3.2 Second test run

A second LIFE-seq experiment was performed after having improved the library preparation protocol

and LIFE-seq analysis pipeline. With this new run I primarily seek to: 1) examine the ability to call

CNVs associated to L1 elements which were not detected through SNPs array experiments; 2) further

test the LINE-1 genotyping strategy; 3) explore a novel reads frequency approach aimed to detect L1-

associated structural variants (in particular somatic deletions).

Sequencing was performed upon 5 different tissues (CER, FC, TC, HIP and KID) of the same pilot

phase individuals. Sequencing raw data were then processed with the LIFE-seq analysis pipeline. 661.6

millions reads were generated, with an average of 15.5 millions reads per sample. Demultiplexing step

resulted  in  the  correct  assignment  of  95%  of  total  reads  produced  to  the  relative  samples,  an

improvement of 5% respect to the pilot phase. Demultiplexing step decreased duplicate reads fraction

by a ~ 8%, increased average reads lengths and reduced total reads counts by a ~50%, in agreement

with the observations made during the pilot phase (figure 57). 

Figure  57: Comparison between pre-PRINSEQ and post-PRINSEQ data from the LIFE-seq second run test.
From Left  to Right:  Distributions of duplicated reads percentages,  average reads lengths and average reads
counts. 
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Insert length distribution was observed to be, on average, of 750 bps. This increase of over 44%, with

respect to the pilot phase, was coupled to a general increase in reads length between the two sequencing

reactions. These data proved that modifications of the library preparation protocol were effective. As

for the pilot phase, it was tested the ability to call individuals genders with LIFE-seq data. Instead of

relying on genotyping results, I decided to rely on probe regions coverage, which cannot be biased by

L1 polymorphisms.  By assessing the probe coverage of sexual  chromosomes loci,  I  found perfect

agreement with the gender metadata (figure 58-A). 

By applying the same coverage strategy at autosomal loci, I then seek to detect genomic CNVs. I

focused on loci that had all five tissues of at least one individual with probe region coverage between

~150 and ~250 and all five tissues of at least one individual with coverage outside this range. 29 loci

were thus identified (Table  15). They were supposed to be in overlap with CNVs but none of them

resulted from our SNPs array CNV calling (figure 58-B). 

Table  15:  Putative CNVs loci. Copy number at the probe regions are reported for single individuals since no
inter-individual CNVs were detected. Coverage for the  chr2:35991404-35991483 locus (highlighted in red) is
displayed in figure 58-C
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Probe coordinates
Putative Copy Number

AD-2682 AD-7466 CTR-6868 CTR-9269
chr1:112703457-112703536 1 2 2 1
chr1:169226879-169226958 0 0 2 2
chr1:196756110-196756189 2 2 1 2

chr10:9561736-9561815 2 2 2 1
chr10:117347320-117347399 1 2 2 1

chr11:49746730-49746809 2 2 2 1
chr11:55453011-55453090 2 2 1 2

chr11:107243383-107243462 2 2 1 1
chr12:127585201-127585280 1 2 2 2

chr13:52849819-52849898 4 3 2 3
chr13:72845787-72845866 1 1 0 1
chr15:53976291-53976370 2 2 1 2

chr2:4205293-4205372 2 3 2 3
chr2:35991404-35991483 0 2 2 1
chr2:79338847-79338926 2 2 4 3
chr2:98141778-98141857 0 1 0 1
chr3:26432283-26432362 2 0 2 2
chr3:75538778-75538857 1 2 1 2

chr3:137379310-137379389 2 2 1 2
chr3:145645450-145645529 2 1 2 1

chr4:16944294-16944373 1 2 2 1
chr4:69381563-69381642 2 2 2 0

chr4:144586418-144586497 2 2 2 1
chr4:190058134-190058213 1 0 1 1
chr5:177199131-177199210 1 1 1 0
chr7:150302580-150302659 2 2 1 2

chr9:70199604-70199683 1 0 0 0
chrX:103287490-103287569 2 1 2 2
chrX:108356432-108356511 1 1 2 1



Figure  58:  Coverages  distributions.  A) Coverage data  for  a  chromosome X locus;  B) Coverage data for a
chromosome Y locus. C) Coverage data at a putative CNV locus. Differences in genders can be appreciated from
A) and B). Females have about double of the normalized coverage with respect of Males in A), while they shown
coverage equal to 0 in B). Copy number relative to two alleles was identified at coverage ~ 200 (yellow box).
Heterozygous calls and Homozygous calls were proposed for coverage ~ 100 and 0 (green and red boxes),
respectively. Samples in black displayed coverage equal to 0.

Next I focused my attention on genotyping. The method was improved with respect to the pilot phase

by  imposing  fixed  windows  lengths  for  the  coverage  analyses  of  particular  loci  that  presented

consequent targeted L1s. Without this modification, I observed 3 loci in which 3′ EXT regions and 5′

EXT regions of consecutive L1 elements were in overlap, impeding the correct coverage evaluation and

therefore resulting in  ungenotyped calls.  Consequently,  genotyping step led to  a  refinement  of the

genotyping  call  as  carried  out  in  the  pilot  phase,  decreasing  the  number  of  ungenotyped  calls.

Moreover, the improvements in sequencing library preparation led to longer fragments, that ultimately

resulted in an increase of coverage at the 3′ EXT regions of alternative loci. This led us to improve

sensitivity for alternative allele loci calls with respect to the pilot experiment. Alternative calls between

tissues belonging to the same individuals were found to be equal, and further manually validated by

displaying their coverage profile with the IGV software (Table 16). 
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Finally, I was able to validate some sites as L1 polymorphisms by scanning public databases of variants

(DGVs,  dbRIP).  L1  polymorphic  regions  were  loci  for  which  there  were  no  evidences  of  L1

annotations in the reference genome but known to arbor L1 insertions in the human population. I found

that the vast majority of L1 polymorphisms were shared within different individuals, while only a small

fraction of them was private and specific of single individuals (figure 59). 

AD-2682 AD-7466 CTR-6868 CTR-9269

Genotypes /
Tissues CER FC HIP TC  KID CER FC HIP TC KID CER FC HIP TC KID CER FC HIP TC KID

./. 245 234 247 245 241 263 242 239 239 234 308 274 278 278 276 281 276 275 275 275

0/0 2493 2504 2491 2493 2497 2478 2499 2502 2502 2507 2436 2470 2466 2466 2468 2465 2470 2471 2471 2471

0/1 25 25 25 25 25 19 19 19 19 19 21 21 21 21 21 12 12 12 12 12

1/1 20 20 20 20 20 23 23 23 23 23 18 18 18 18 18 25 25 25 25 25

Table  16:  Genotyping results of the LIFE-seq second run test. Counts of loci are reported according to their
genotype data for each individual and tissue.

Figure  59: Overlaps  between LIFE-seq L1 polymorphic  loci  from different  samples. To note  that  the  vast
majority of L1 polymorphisms are shared between samples.
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To further validate these results, I compared LIFE-seq genotyping data with the MELT deletions results

from  WGS  of  the  very  same  samples.  By  focusing  on  LIFE-seq  polymorphic  loci,  I  found  low

genotyping correspondence with the MELT calls, which was less than 50% on average (Table 17).

I then compared the coverage profiling of random concordant and discordant genotyping calls finding

LIFE-seq results more robust with respect to MELT deletion, probably due to the higher mappings

errors that affects WGS (figure 60). 

I further focus on non-polymorphic LIFE-seq calls (loci genotyped as 0/0), observing that all but 1

were in agreement with MELT deletion results. The exception case was linked to a complex structural

variant locus, which presented a deletion coupled with an inversion found to be in overlap with LIFE-

seq probe region, thus affecting the mapping step of the bioinformatic pipeline.

Sample
LIFE-seq 

polymorphic loci
(counts)

MELT deletion
concordance

(counts)

Frequency of
concordance 

(%)

2682 45 31 69

6868 39 14 36

7466 36 17 47

9269 37 11 30

Table 17: Genotyping concordance between LIFE-seq and MELT deletion calls. Counts of L1 polymorphic loci
obtained with LIFE-seq approach are displayed in the second column. The same loci  were genotyped with
MELT-deletion. Counts of genotyping concordances between the two approaches is reported in the third column,
while frequencies on the fourth.
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A)

B)

Figure 60: LIFE-seq vs MELT deletion genotyping. On both IGV representations, first coverage track refers to
WGS data while second coverage track refers to LIFE-seq data. The same sample (id: 6868_KID) is displayed
on both tracks. Targeted L1 is showed with a blue bar on the bottom track, while L1 breakpoints are reported
with two red vertical lines. A) Concordant call locus. It is genotyped as 0/1 with both MELT Deletion and LIFE-
seq approaches;  B) Discordant call locus. It is genotyped as 0/0 with  MELT Deletion and 1/1 with LIFE-seq
approaches. 
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To my knowledge there are no available tools to detect somatic variants embedded in L1 elements and

only a few that can call germinal variants from targeted sequencing approaches. Therefore, to reach this

goal, I took advantage of sequencing data to design and test a novel split/discordant-reads strategy

based on genotyping calls. My rationale was based on the fact that loci genotyped as 0/0 would not

present reads mapping to the 3′ EXT region unless L1-associated somatic variants are present (figure

61). Thus, my approach consisted in focusing on loci genotyped as 0/0 and in extracting split  and

discordant reads frequencies directly from the mapping data. Split and discordant reads frequencies

were grouped depending on the mapping distance. For split reads, mapping distance is defined as the

number of nucleotides that divide the reads from their split-fragments. For discordant reads instead,

mapping distance consists in the inner distance of paired-reads. Groups were: split1/discordant1: with

distance  below  1  Kb;  split.1.15/discordant.1.15:  with  distances  between  1  and  15  Kb;

split.15/discordant.15:  with  distances  higher  than  15  Kb;  split.chr/discordant.chr:  whit  fragments

mapping into two different chromosomes. I then discovered 12 loci presenting fragments classified as

split.1.15 and discordant.1.15 and hand-checked them with the IGV tool. All 12 loci were in overlap

with LIFE-seq polymorphic loci. Moreover, I observed the presence of SNPs that were not supported

by other reads in the same sample. On the contrary, the same SNPs were found in samples from a

different  individual  that  harbored  the  L1  polymorphism  suggesting  potential  inter-sample

contaminations (figure 62).

Figure  61: Rationale of split and discordant reads frequency approach. In loci genotyped as 0/0, somatic L1-
associated structural variants would present a little amount of split and discordant reads mapped at the 3′ EXT
region which are also anchored in the 5′ EXT region. 
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Figure 62: Candidate somatic locus represented with the IGV software. A) Overview on the locus; B) Zoom-in
at the probe region. For both pictures, top track displays the sample in which the somatic call has been made
(AD-2682 CER).  Bottom track  shows the  same locus  for  a  different  sample  (AD-7466 CER).  In  this  last
individual,  locus was polymorphic for the presence of the targeted L1 element, thus no reads can be found
mapping the targeted L1 sequence. Targeted L1 breaking points are shown with a vertical red dash line. Probe
region and L1 annotations  are  displayed in  red and green,  respectively,  on the bottom tracks part.  Vertical
colored bars within reads and coverage curves refers to substitutions with respect to the reference nucleotides.
The absence of colored vertical bars within the coverage curves (see blue rectangle) strongly supports reference
nucleotides.

175



6.4 Discussion and Conclusions

In  confronting  the  needs  for  a  technology  able  to  asses  structural  variants  within  retrotransposon

sequences, in particular L1 elements, the laboratories of Prof. Sanges and Gustincich developed a novel

targeted sequencing technology called LIne 1 Five prime End sequencing (LIFE-seq). LIFE-seq was

designed to sequence the genomic proximal 5′ region of about 3000 different full-length L1 loci at

ultra-high depth of coverage. With a pilot phase, I demonstrated the robustness of the approach and

probes design, being able to correctly sequence and genotype more than 90% of loci. This was possible

after having designed and tested a comprehensive bioinformatic pipeline able to handle and to process

raw targeted sequencing data till a genotyping step. Importantly, the technology was so robust that no

technical triplicates were necessary to provide solid genotyping data. We then, successfully improved

LIFE-seq library preparation and tested this new protocol in a second experiment were a 40% increase

in  insert  dimension  was  observed.  Coverage  analyses  on  the  probe  regions  discriminated  samples

according to their gender. Furthermore, when applied to CNVs discovery, coverage analyses pointed

out the potential presence of 29 putative CNVs not detected through SNPs array technology. Although

not yet validated with WGS CNVs data, I was successful in identifying about 30 CNVs out of ~ 3000

loci from the comparison of only 4 individuals. These numbers let me hypothesize that further increase

in sample size would result in a much higher rate of CNV calls. However, the major strength of the

bioinformatic pipeline was the capability to genotype loci for the presence of the targeted L1 sequence.

In this regard, my strategy demonstrated to be reliable by using both different replicates and different

tissues  within  the  same  individuals.  LIFE-seq  was  effective  in  discovery  previously  known  L1

polymorphisms. Finally, LIFE-seq genotyping was compared with WGS genotyping data, proving to be

more robust and trustworthy. This can be explained by its extreme coverage and by the high quality of

the probes design that make LIFE-seq less affected by mapping errors with respect to WGS. Altogether,

coverage analyses and genotyping results proved that LIFE-seq is a valid technology to detect genomic

CNVs as well as L1. Lastly, I started the design of a novel split/discordant reads frequency approach

aimed to unveil the presence of structural variants embedded within L1 sequences, focusing so far on

somatic L1 deletions. Although 12 putative somatic loci were identified with the approach, I observed

that within some site, supporting reads were marked with SNPs that were tracked to belong to different

samples,  hinting  to  inter-sample  contaminations.  The  level  of  inter-sample  contaminations  was
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nonetheless found to be extremely low (less than 0.5% of the total mapped reads per putative somatic

locus) and most importantly, have not affected the correctness of the coverage analyses and genotyping.

Preliminary data from WGS CNVs excluded the possibility that ungenotyped loci were due to genomic

CNVs. Therefore, in the future work, I will clarify whether ungenotyped loci might be caused by errors

in probes design which will result in the definition of a second more robust LIFE-seq probe panel.

Additionally, I also plan to use WGS CNVs data to validate LIFE-seq CNV discoveries.
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General conclusions and future directions

As a result of the recent technological advancements, mosaicism has been found to represent a major

phenomenon acting in the human brain. Several observations opened to the possibility that somatic

variations might be associated to  the development  of different  brain-related disorders;  nonetheless,

current knowledge is not yet sufficient to define a clear correlation between them, requiring therefore

additional  studies.  Motivated  by  this  lack  of  knowledge,  I  decided  to  focus  my  attention  on  the

characterization  of  two  different  sources  of  mosaicism,  somatic  nucleotide  variants and

retrotransposon copy number variations, in a particular form of neurodegeneration: the Alzheimer’s

disease. To approach mosaicism investigation, I analyzed brain data from different high-throughput

technologies and contributed to the development of a new targeted sequencing approach. Additionally,

to  fulfill  my  goals,  I  tested  the  potential  usage  of  uncommon  strategies,  as  signature  analyses,

supporting  reads  analyses  and  multi-nucleotide  variants  annotations,  highlighting  their  potential

benefits and limitations. Through the exploitation of the different approaches described in this work,

major  results  were obtained. Shortly,  these  can  be  summarized  in  i)  the identification of  known

signatures from non-cancer brain data;  ii) The first identification of somatic multi-nucleotide

variants from brain tissues; iii) The development of a reliable targeted sequencing approach able

to genotype ~3,000 L1 loci. 

However, despite the novelties reported in this dissertation, inconsistencies between SNPs array and

WGS data were identified, which prevented the clarification of two main biological questions: i) Are

early onset SNVs differentially represented in AD?; ii) Are retrotransposons contents altered within

genomic CNVs in AD? To find the answers to these problems I here propose two additional analyses.

First, to verify once and for all the correctness of the early onset SNVs calls, extended validations of

the SNPs array data, with dedicated allele-specific PCRs analyses, should be performed. Second, to

collect additional estimations of the retrotransposon contents in genomic CNVs, the already started

WGS genomic  CNVs exploratory  analyses  must  be further  expanded by taking into  consideration

mobile elements annotations. Indeed, by following the same workflow applied with SNPs arrays, it

would be possible to observe whether genomic CNVs concur to retrotransposon CNVs alterations. 
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Moreover, several analyses are still ongoing to expand the results of my work. For instance, regarding

the LIFE-seq technology, I’m testing the possibility of correctly genotyping L1 elements starting from

medium coverages  data  (i.e.  30x  per  sample  instead  of  3000x).  Whether  true,  this  would  highly

increase the number of loadable samples within a single sequencing run (ideally 100 times more), thus

allowing LIFE-seq to be extremely affordable for populational studies, where the analysis of hundreds

of samples is required.

Further investigations could be conducted upon genomic WGS CNVs. On one hand, they might be

used to validate LIFE-seq L1 genotyping data, since the comparison of LIFE-seq and MELT deletion

results suggested that the latter was not strongly reliable. On the other hand, genomic CNVs from WGS

data might also be used to validate the novel LIFE-seq CNV calling strategy, potentially providing an

additional skill to this newly developed targeted sequencing approach.

Additionally, much of the future work will be focused on the observation of somatic MNVs, which

experimental validation is currently undergoing in collaboration with Fabrizio Ecca from the IIT of

Genova.  Whether  validated,  MNVs  discovery  would  strongly  impact  the  current  state  of  the  art,

demonstrating the presence of an additional type of somatic variants as well as stressing the need for

further implementations to both available protocols for SNVs annotations and caller tools. The newly

research field will include major biological open questions. Some examples of these questions are:  i)

Are somatic  MNVs restricted  to  brain  tissues?  ii) Is  APOBEC the  actual  source  of  brain-specific

somatic MNVs? but most importantly, iii) Are somatic MNVs potentially related with the development

of diseases, in particular neurodegenerative disorders?

Once again, the application of high-throughput technologies provided additional pieces of information

in our understanding of the human biology, particularly regarding somaticism as in this case. Like in a

mosaic,  the data reported in this  work represent just  small  tiles,  which however will  be extremely

important to create the final picture.
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