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ABSTRACT

Transcriptional landscape of ncRNA and Repeat elements in
somatic cells
Yanal Ghosheh
The advancement of Nucleic acids (DNA and RNA) sequencing technology has
enabled many projects targeted towards the identification of genome structure and
transcriptome complexity of organisms. The first conclusions of the human and
mouse projects have underscored two important, yet unexpected, findings. First,
while almost the entire genome is transcribed, only 5% of it encodes for proteins.
Thereby, most transcripts are noncoding RNA. This includes both short RNA (<200
nucleotides (nt)) comprising piRNAs; microRNAs (miRNAs); endogenous Short Interfering RNAs (siRNAs) among others, and includes lncRNA (>200nt). Second,
a significant portion of the mammalian genome (45%) is composed of Repeat Elements (REs). RE are mostly relics of ancestral viruses that during evolution have
invaded the host genome by producing thousands of copies. Their roles within their
host genomes have yet to be fully explored considering that they sometimes produce
lncRNA, and have been shown to influence expression at the transcriptional and
post-transcriptional levels. Moreover, because some REs can still mobilize within
host genomes, host genomes have evolved mechanisms, mainly epigenetic, to maintain REs under tight control. Recent reports indicate that REs activity is regulated
in somatic cells, particularily in the brain, suggesting a physiological role of RE mobilization during normal development.
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In this thesis, I focus on the analysis of ncRNAs, specifically REs; piRNAs; lncRNAs in human and mouse post-mitotic somatic cells. The main aspects of this analysis
are:
Using sRNA-Seq, I show that piRNAs, a class of ncRNAs responsible for the
silencing of Transposable elements (TEs) in testes, are present also in adult
mouse brain. Furthermore, their regulation shows only a subset of testes piRNAs are expressed in the brain and may be controlled by known neurogenesis
factors.
To investigate the dynamics of the transcriptome during cellular diﬀerentiation, I examined deep RNA-Seq and Cap Analysis of Gene Expression (CAGE)
data from time-course progression program of primary human skeletal muscle
cell diﬀerentiation. I contrasted this program with Duchenne Muscular Dystrophy (DMD) donors. I identified novel candidates, protein-coding genes and
lncRNAs, that may be involved in myogenesis and reaﬃrmed known myogenic
players.
Using RNA-Seq data, I designed a novel pipeline to identify possible de novo
insertion sites during muscular diﬀerentiation, which I have also tested on embryonic mouse cerebral cortex.
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Chapter 1
Synopsis

With the advent of high-throughput sequencing technologies, consortiums around
the world have begun large-scale projects aimed towards the identification and annotation of the functional elements in the genome. Among these consortiums, the
Functional Annotation of Mammalian Genomes (FANTOM) revealed that at least
69% of the genome undergoes transcription (Carninci et al., 2005). Considering that
protein-coding genes constitute approximately 1% of the human genome (Rands et al.,
2014), their result suggests that a significant portion of the transcriptome is actually
ncRNAs.
Although the vast majority of transcribed ncRNAs is lncRNAs (Carninci et al.,
2005). Other categories of ncRNAs are also transcribed, e.g. piRNAs and miRNAs.
Interestingly, approximately 80% of human lncRNAs include, or are nearby to, REs
and these elements are important for the function of the lncRNAs (Kapusta et al.,
2013). Through the use of CAGE, REs have been shown to be transcriptionally active
in human in mouse (Faulkner et al., 2009).
RE can be found in nearly all living organisms’ DNA, but the proportion they
constitute varies widely. From only 3% in Saccharomyces cerevisiae (Kim et al., 1998)
to over 80% in maize (SanMiguel et al., 1998). In humans, RE account for nearly 45%
of genomic DNA (Lander et al., 2001). Although their existence has been known for
decades (Schmid and Deininger, 1975), the involvement of RE in biological processes
are yet to be fully discovered.
RE are generally seen as parasitic DNA elements whose activity in the host
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genome, while sometimes has been involved in the evolution of genes and organisms
(Jurka et al., 2007), is often negatively aﬀecting the host (Callinan and Batzer, 2006).
Unsurprisingly, host genomes have also developed mechanisms to combat the activity
of RE. These mechanisms are largely epigenetic, including DNA methylation; histone
modification and small RNA pathways (Obbard et al., 2009; Kuramochi-Miyagawa
et al., 2008; Lisch, 2009).
In my thesis work I focused on the analysis of ncRNAs, specifically REs; piRNAs; lncRNAs in post-mitotic somatic cells in human and mouse. The scientific
contributions which I present in this thesis:
Using sRNA-Seq, I showed the piRNAs, the principal small RNA involved in
the silencing of RE during spermatogenesis, were present in adult mouse brain.
I also predicted their putative targets as well as candidate regulators of their
transcription.
By integrating RNA-Seq and CAGE, We examined the time-course progression
program of myogenesis in healthy donors. We contrasted this program to that
of DMD donors. Focusing on lncRNAs, I identified candidates involved in the
normal progression of myogenesis as well as candidates dysregulated in DMD
donors with respect to healthy donors.
Using RNA-Seq data, I design a novel method to identify possible de novo
insertion sites in healthy and DMD donors across time-course of myogenesis.
These putative sites were highly reproducible among donors and timepoints.
Using CAGE, I characterized the expression of these de novo sites throughout
myogenesis. In addition, I showed that many of these de novo sites were highly
conserved.
Applying the novel method to identify de novo insertion sites in embryonic
mouse cerebral cortex, I identified a reproducible set of sites and investigated
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several epigenetic markers surrounding these sites
In addition to self-contained chapters (Chapter 4; Chapter 5; and Chapter 6) that
describe the above mentioned contributions, the thesis includes: a short background
chapter (Chapter 2) that introduces concepts related to aforementioned chapters; a
short chapter which outlines the contributions I have made to bioinformatics (Chapter
3); a conclusion chapter (Chapter 7); and appendices that include supplemental data
related to Chapters 4 and 6.
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Chapter 2
Background

This chapter contains excerpts from the following publication:
Yanal Ghosheh, Loqmane Seridi, Taewoo Ryu, Hazuki Takahashi, Valerio Orlando, Piero Carninci, and
Timothy Ravasi. Characterization of piRNAs across postnatal development in mouse brain. Scientific
Reports

2.1

Ghosheh et al 2016.

ncRNA

The genomes of all cells are encoded in extensively structured Deoxyribonucleic Acid
(DNA) molecules containing the information to produce all structural and functional
cell components. Its duplication associated with cell division (Replication) and integrity makes it well suited to safeguard genetic information. For protein synthesis,
Ribonucleic acid (RNA) specifically copies the information required from the DNA, in
a process termed transcription, and then proceeds to synthesize the encoded protein,
in a process termed translation. However, not all RNA encode for protein. In fact,
most of the transcribed RNA cells does not code for protein at all, i.e., it is non-coding
RNA (ncRNA) (Liu et al., 2013). Amongst the most well-known examples for these
are perhaps Ribosomal RNA (rRNA) and Transfer RNA (tRNA). Both of which were
discovered in the 1950s and shown to be critical for protein synthesis (Cech and Steitz,
2014). Although ncRNAs were hailed as the ”answer” to the C-value paradox, which
is the apparent lack of correlation between genome size and organism complexity
(Kung et al., 2013), ncRNAs were still viewed as ”DNA” simply because it consisted
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of a lot of transposons, simple repeats, and pseudogenes, among others (Comings,
1972; Ohno, 1972). Since 1970s, ncRNAs have begun to increasingly garner more
attention due to the observation that most of the genome is transcribed, much more
than can be explained by protein-coding genes, rRNA, and tRNA. This observation
was made clearer with the coming of whole-genome technologies. Indeed, recent advancements in genome-wide technologies have been instrumental in identifying novel
ncRNAs. Even the addition of the many ncRNAs that have been identified, the ubiquitous transcription that is reported in several studies (Carninci et al., 2005; Djebali
et al., 2012; Kapranov et al., 2010) cannot be explained (Kung et al., 2013). Although
the identification of ncRNAs has been a significant step towards understanding the
players involved in the various biological processes, the function of most of these
ncRNAs remains unexplored (Mattick and Makunin, 2006). This lack of reported
functionality for most of these ncRNAs encouraged the hypothesis that some ncRNAs are simply transcriptional noise (Huttenhofer et al., 2005). Another hypothesis
raised the possibility that it is the act of transcription of ncRNA itself, rather than
the transcript, which is important (Schmitt and Paro, 2004). ncRNAs are immensely
diverse in terms of their sequence, structure and function. Broadly, ncRNAs can be
divided in terms of length into two major classes; sncRNAs, which are typically less
than 200 nucleotides (nt) in length, and otherwise lncRNAs.

2.1.1

sncRNA

sncRNAs can be further divided into three main classes which are miRNAs, siRNAs,
and piRNAs (Ghildiyal and Zamore, 2009; Kim et al., 2009; Malone and Hannon,
2009) in addition to Small nucleolar RNAs (snoRNAs) (Mattick and Makunin, 2006).
snoRNAs, which are roughly 60 − 300 bases have also been considered as sncRNA
(Mattick and Makunin, 2006). Although originally snoRNAs have been associated
with site-specific modification of RNA, and specifically rRNA, recently they have also
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been shown to target also mRNA (Bachellerie et al., 2002). As for miRNAs, siRNAs,
and piRNAs, besides the need to associate with a protein of the AGO family, these
three subclasses are generally distinct from each other.

miRNA
miRNAs are small ncRNAs. In animals, they are roughly 22 nucleotides in length.
miRNAs are produced by Drosha and Dicer (Ha and Kim, 2014) from Primary miRNA
(pri-miRNA) which has a stem-loop structure (Lee et al., 2003). miRNAs may be
derived from exons as well as introns of both protein-coding and non-coding transcripts (Mattick and Makunin, 2005). After processing, they form complexes with
AGO family proteins to silence protein-coding genes post-transcriptionally. miRNAs
are estimated to target one third of the human protein-coding genes (Du and Zamore,
2005). Due to their critical roles in gene regulation of a multitude of biological processes, miRNAs themselves are tightly regulated at multiple levels (Kim et al., 2009;
Krol et al., 2010; Siomi and Siomi, 2010).

siRNA
siRNAs are short ncRNAs molecules, typically 21-23 nucleotides in length. siRNAs
are generated from completely Double-Stranded RNA (dsRNA) as opposed to miRNAs which are derived from incompletely complementary dsRNA. Despite this distinction, miRNAs and siRNAs are both reliant on Dicer for their biogenesis and
form complexes with AGO family proteins. siRNA serve as guides for their associated AGO-family protein to the intended target to induce silencing (Meister and
Tuschl, 2004; Tomari and Zamore, 2005). Previously siRNAs were thought to protect
against exogenous and foreign dsRNA such as virus, transposon or transgenes. Recently however, Endogenous short interfering RNAs (endo-siRNAs) were discovered
and characterized (Carthew and Sontheimer, 2009; Golden et al., 2008)
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piRNA
piRNAs are short ncRNAs that protect the genome integrity by silencing TEs (Aravin et al., 2006; Betel et al., 2007; Brennecke et al., 2007; Girard et al., 2006; Grivna
et al., 2006; Watanabe et al., 2006). They are scattered in genomic clusters that
can span up to hundreds of kilo bases, and sometimes overlap (Siomi et al., 2011).
These piRNA clusters are transcribed as long single-stranded transcripts (piRNA
precursors) by RNA POL II (Li et al., 2013b). In postnatal testes, these precursors
undergo primary processing (Beyret et al., 2012) in which they are exported from
the nucleus into the cytoplasm where they are finally made into mature piRNAs with
Uracil predominantly at their 5’ end (Siomi et al., 2011; Yamamoto et al., 2013).
Mature piRNAs then associate in a length-dependent manner with PIWI-like family
proteins, such as MILI, MIWI and MIWI2 to create a mature piRNA-Induced Silencing Complex (piRISC) (Siomi et al., 2011). Guided by the piRNA, piRISC seeks out
complementary target sequences and eﬀectively silences them through either posttranscriptional gene silencing (De Fazio et al., 2011; Lim et al., 2009; Reuter et al.,
2011) or by inducing DNA methylation (Watanabe et al., 2011). In mouse, piRNAs
can be subdivided into two groups according to the time of their peak expression;
pre-pachytene and pachytene piRNAs. Pre-pachytene piRNAs are most abundant
prior to the pachytene stage in meiosis but maintain a basal expression level even
during later stages (Li et al., 2013b). They are known to target TEs and cleave
them using the slicer activity of the PIWI domain (Guo and Wu, 2013). Whereas
pachytene piRNAs reach their peak expression during the pachytene stage of meiosis
and are more abundant (Li et al., 2013b). They are primarily derived from intergenic
regions and are reported to control expression of protein-coding genes (Gou et al.,
2014). However, their functions are yet to be fully determined. Although piRNAs
were previously thought to be exclusively found in germ cells, recent studies reported
them in somatic cells such as follicle cells in fruit fly ovaries, principal/basal cells
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in macaque epididymis and tissues such as sea slug central nervous system, and rat
cerebral cortex (Dharap et al., 2011; Li et al., 2009a; Malone et al., 2009; Yan et al.,
2011). Since the discovery of piRNAs in the germline, several attempts have been
made to unravel their function and mode of action, which culminated in strong evidence that piRNAs were indeed involved in gene regulation in a manner similar to
miRNAs (Goh et al., 2015). Despite their mode of action being similar to miRNAs,
piRNAs are quite distinct from miRNAs. Among others, piRNAs are longer 26 − 31,
they have a significant bias towards uridine at their first base, and they are 2’-Omethylated at their 3’ end (Kirino and Mourelatos, 2007; Saito et al., 2007; Vagin
et al., 2006). Although both piRNAs and miRNAs form a complex with members
of the Argonaute protein family to create a RNA-induced silencing complex (RISC)
eﬀector complex, piRNAs form this complex only with PIWI subfamily of Argonaute
protein family. This subfamily is tissue-specific and highly abundant in the gonads
(Grimson et al., 2008). Considering this tissue specificity, it remains to be seen how
piRNAs perform their function in the somatic tissues and cell types in which they
have been identified as well as investigate their function within those tissues and cell
types.

2.1.2

lncRNA

lncRNAs, although longer than 200 nt, are devoid of mature open reading frames
(Derrien et al., 2012). Furthermore, their expression is highly cell type-specific (Djebali et al., 2012; Cabili et al., 2011). In addition, many lncRNAs, like mRNA of
protein-coding genes, are 5’ capped and may be polyadenylated and may be multiexonic (Guttman et al., 2009; Mercer and Mattick, 2013). Moreover, they sometimes
form secondary structures (Neguembor et al., 2014). In terms of their function, lncRNAs are implicated in a wide range of cellular processes (Sauvageau et al., 2013).
Broadly, lncRNAs can be classified according to several major criteria (Ma et al.,
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2013). In terms of their genomic context, they can be intronic, anti-sense, sense,
or Long Intergenic Non-Coding RNAs (lincRNAs). Some common traits have been
identified for some of these classes. For example, lincRNAs have high sequence conservation across mammals (Maamar et al., 2013). Furthermore, lncRNAs can also
be classified based on their cellular localization into nuclear and cytoplasmic lncRNA
(Neguembor et al., 2014). Most of the lncRNAs is nuclear (Maamar et al., 2013).
Within the nuclear subdivision, lncRNAs can be further subdivided into cis-acting
lncRNAs which aﬀect genes in close genomic proximity to the lncRNAs itself, and
trans-acting lncRNAs which aﬀect distal genomic elements (Neguembor et al., 2014).
Both cis- and trans-acting lncRNAs can regulate the transcription of genes either
epigenetically by altering the chromatin landscape via the recruitment of chromatin
modifiers such as PRC2 (Penny et al., 1996; Pandey et al., 2008; Chu et al., 2011;
Plath et al., 2003; Bertani et al., 2011), or by directly controlling the transcription
of genes (Maamar et al., 2013; Martianov et al., 2007; Ng et al., 2013; Feng et al.,
2006; Li et al., 2013a; Mousavi et al., 2013; De Santa et al., 2010; ?rom et al., 2010).
In regards to their functions, besides transcriptional regulation, nuclear lncRNAs can
act post-transcriptionally to regulate splicing (Tripathi et al., 2010; Barry et al., 2014;
Yin et al., 2012). On the other hand, cytoplasmic lncRNAs can regulate the translational machinery through controlling the rate of translation (Beltran et al., 2008;
Carrieri et al., 2012; Yoon et al., 2012). Furthermore, cytoplasmic lncRNAs can also
control gene expression through mRNA decay (Gong and Maquat, 2011; Kretz et al.,
2013). Interestingly, a particular class of cytoplasmic lncRNAs termed Competing Endogenous RNAs (ceRNAs) acts as miRNA sponges which relieves miRNA-mediated
repression oﬀ the miRNA target genes (Poliseno et al., 2010; Hansen et al., 2011;
Li et al., 2013b; Memczak et al., 2013). For example, linc-MD1 regulates myogenic
diﬀerentiation by sequestering miRNA away from key myogenic proliferation factors
(Cesana et al., 2011). Finally, lncRNAs can be classified based on their targeting
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mechanism into three main categories; as a signal in which the lncRNAs responds
to stimuli and its expression is cell type-specific such as Xist (Maenner et al., 2010);
or as a decoy in which the lncRNA binds and gradually degrades the target protein,
but does not do anything else such as PANDA (Hung et al., 2011); or as a guide in
which the lncRNA binds to a protein complex and guides it to the target loci such
as Xist (Maenner et al., 2010); or a scaﬀold in which the lncRNA acts as platform
upon which ribonucleoprotein complexes bind such as HOTAIR and TERC (Rinn
et al., 2007; Tsai et al., 2010; Zappulla and Cech, 2006); or the transcripts of the
lncRNAs can encode for enhancer such as HOTTIP (Wang et al., 2011; ?rom et al.,
2010). Considering the heterogeneity of lncRNAs (Derrien et al., 2012), there are
other criteria by which to classify lncRNAs. Moreover, for some criteria, lncRNAs
may belong to more than one group.
Recent technological advances have ushered in a new era of transcriptomic research. Collectively, this research has concluded that most of the genome is transcribed (Carninci et al., 2005; Djebali et al., 2012; Kapranov et al., 2010). This ubiquitous transcription led several eﬀorts towards comprehensively annotating lncRNAs,
e.g. GENCODE (Harrow et al., 2012); LNCipedia (Volders et al., 2015); and MiTranscriptome (Iyer et al., 2015). In 2011, the analysis of RNA-Seq data from 24
human tissues and cell types identified 8, 195 lncRNAs that are expressed in highly
tissue specific manner (Cabili et al., 2011). Although eﬀorts toward assigning functional roles for the increasing repertoire of lncRNAs have begun relatively recently,
a plethora of studies showed that lncRNAs contribute to several cellular functions
either in homeostasis or disease. For example, the well-known and best characterized
lncRNA Xist and its partner Jpx are essential for X chromosome inactivation (Engreitz et al., 2013; Tian et al., 2010). Moreover, several lncRNAs have been shown to
be developmentally regulated such as Braveheart and Gomafu lncRNAs, which are
essential for cardiovascular and neural lineage commitment, respectively (Klattenhoﬀ
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et al., 2013; Barry et al., 2014). In addition; H19, MUNC, and linc-MD1 are also developmentally regulated and essential for optimal myogenic diﬀerentiation (Gabory
et al., 2010; Mueller et al., 2015; Legnini et al., 2014). As in homeostasis, several
lncRNAs have been linked directly or indirectly to disease. For example, HOTAIR
lncRNA is used as a biomarker for breast and colorectal cancer (Bhan and Mandal,
2015); HOTTIP lncRNA is linked to leukemia and hepatocellular carcinoma, MIAT
lncRNA has been associated with increased risk to myocardial infarction (Ishii et al.,
2006), PINK1-AS lncRNA has been linked to type 2 diabetes (Scheele et al., 2007),
lin-31 and linc-MD1 are dysregulated in skeletal muscle of DMD patients (Cesana
et al., 2011; Ballarino et al., 2015). Despite the large, and growing, number of studies
that support the importance of lncRNAs in gene regulation and despite the growing
awareness of their importance in development and disease, the molecular functions
as well as the mechanisms by which most lncRNAs exert their eﬀect on their target gene(s) is not well understood. Moreover, the regulation of lncRNAs expression
needs to be revealed for better understanding of the underlying system, whether
development or disease progression. Although several attempts aimed to computationally predict the function of lncRNAs (Zhao et al., 2014; Boerner and McGinnis,
2012; Glazko et al., 2012), the preferred, and more reliable, method remains through
knockdown experiments.

2.2

REs

REs refer to DNA sequences that are similar to other sequences in the genome (Treangen and Salzberg, 2011). REs exist in many eukaryotic genomes (Huang et al.,
2012). Although the existence of REs was known for several decades, its abundance
was better appreciated with the conclusion of the human genome project (Schmid
and Deininger, 1975; Batzer and Deininger, 2002). Remarkably, Most of the human
genome does not code for proteins. Instead, REs constitute a significant amount, de-
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pending on the organism, ranging from 3% in Saccharomyces cerevisiae (Kim et al.,
1998) to over 80% in maize (SanMiguel et al., 1998). Historically, the scientific community has shifted view with regards to the fundamental role of REs. Upon their
discovery by Barbara McClintock in maize (McCLINTOCK, 1951), REs have been
dubbed “Controlling Elements” which is a testament to their critical function of host
genome regulation but does not exclude harmful side eﬀects (Britten and Davidson,
1969; McCLINTOCK, 1951). Afterwards, the view shifted towards a parasitic, selfish
nature to their expansion within host genomes, which does not exclude beneficial side
eﬀects (Doolittle and Sapienza, 1980; Orgel and Crick, 1980). A more recent view,
the latent hypothesis, adopts a common ground approach in which REs may be disadvantageous at the individual level, but beneficial at the population level (Kidwell
and Lisch, 2001). Indeed, REs can be beneficial to the population by providing phenotypic diversity and genomic dynamism. It does so by driving change in the coding,
regulatory, splicing and structural properties of the genome (TE-thrust hypothesis,
(Oliver and Greene, 2011))
REs have long been believed to be only active in the germline, where novel transposition events may be passed to following generations and contribute to evolution
(Levin and Moran, 2011). However, over the past several years the role of REs in
somatic tissues become increasingly evident, with several studies showing that REs
can alter the cellular phenotype of somatic cells in health and disease (Faulkner,
2011; Hancks and Kazazian, 2012). For example, several studies showed that REs
activity in the Central Nervous System (CNS) change the individual neuronal transcriptome which leads to genetic mosaicism and perhaps mediates neuronal plasticity
(Richardson et al., 2014; Muotri, 2016). Nonetheless, in several studies, the activity
of REs in soma was proven to exhibit great mutagenic potential leading to a variety
of tumor types (Lee et al., 2012; Shukla et al., 2013; Qian et al., 2016; Tubio et al.,
2014). The mechanisms in which these transposition events aﬀect the host genome
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are quite diverse, e.g. gene disruption (Kazazian et al., 1988); creation of new regulatory regions for nearby genes (Conley et al., 2008; Faulkner et al., 2009); Staufenmediated decay (Gong and Maquat, 2011). These clear examples of RE-exaptation
reinforce the potential of REs in aﬀecting gene and genome evolution. Nonetheless, it is likely that there are many more examples of such exaptations. Thus, a
more comprehensive method of identifying such exaptations as well as studying their
potential role in driving evolution and phenotypic change is needed. Waddington theory of canalization and assimilation assumes that environmental cues, e.g. biotic and
abiotic stresses, change developmental pathways and induce phenotypical variations
(WADDINGTON, 1959). Nowadays we know that such variations can results from
de novo RE insertions and transcription in response to said environmental cues. The
study of polymorphic RE insertions may be key towards understanding some of these
phenotypic diﬀerences and driving personalized medicine and molecular therapy. For
example, transposon insertion site profiling has already proven essential in patients
with retinitis pigmentosa proband (Tucker et al., 2011). In those patients, RE insertion in male germ cell-associated kinase gene disrupted the developmental switch in
a splice variant which caused the disease. In addition, the growing interest in epigenetics is leading the scientists to explore the function of epigenetic markers on disease
initiation and progression which can have implication in personalized medicine (Yan
et al., 2016; Hunter, 2011). As stated previously, epigenetic markers can be altered
by RE insertions, thus it will be vital to understand the roles which these de novo
RE insertions exert. Most REs have not been associated with a specific function
(Hua-Van et al., 2011; Jurka et al., 2007; Britten, 2010; Kim et al., 2008). Nonetheless, The potential of REs in gene regulation, for example by providing alternative
Transcription Start Sites (TSSs) (Faulkner et al., 2009; Polavarapu et al., 2008; Sundaram et al., 2014; Xie et al., 2013), alternative promoters (Cohen et al., 2009; Dunn
et al., 2006; Barn and Das, 2016; Dunn et al., 2005), alternative exons (Shen et al.,
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2011), enhancers (Jjingo et al., 2014; Chuong et al., 2013; Bejerano et al., 2006; Xie
et al., 2013; Fort et al., 2015) is well-documented. Moreover, several studies showed
that REs harbor tissue-specific hypomethylated sequences that play role in epigenetic
modification (Xie et al., 2013). This potential is facilitated by the diversity of the sequences of the diﬀerent REs classes and families as well as the various ways in which
REs aﬀect the host genome (Cordaux and Batzer, 2009). For example, REs may
aﬀect the host genome through transduction, a process in which REs carry flanking
genomic sequences when they mobilize within the host genome (Moran et al., 1999).

2.2.1

Classification of REs

REs vary significantly in size, from several bases up to millions of bases (Treangen and
Salzberg, 2011). Repeat families, unlike multigene families, are grouped based on their
sequence rather than biological function. In general, REs can be classified into short
tandem repeats and long interspersed repeats. These long interspersed repeats are
generated through the insertion of mostly truncated copies of TEs. TEs themselves
are DNA elements that have the capacity to duplicate themselves, completely or
otherwise, inside the host genome. This process may involve an RNA intermediate,
in which case the TE is classified as a retrotransposon, or it may involve moving the
entire DNA element elsewhere on the genome, in which case it is classified as a DNA
transposon (Jurka et al., 2007).Throughout this thesis, I focus on retrotransposons,
and specifically Long Interspersed Nucleotide Elements (LINEs); Short Interspersed
Nucleotide Elements (SINEs); SINE-VNTR-Alu (SVA); and Long Terminal Repeats
(LTRs).

DNA transposons
DNA transposons, which comprise roughly 3% of the human genome, do not require
an RNA intermediate (Goodier and Kazazian, 2008). Instead, the DNA transposons is
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excised from its original location and inserted into a new location in the genome. This
cut-and-paste mode of duplication is often accompanied by long Terminal Inverted
Repeats (TIRs) 10-400 bases in length on both sides of the insertion site. This process
if facilitated by a transposase that binds the termini at both the original location and
the insertion site (Jurka et al., 2007). In mammals, they are currently no active DNA
transposons (Goodier and Kazazian, 2008).

Retrotransposons
Retrotransposons rely on an RNA intermediate to aﬀect the host genome. There are
three major groups within retrotransposons; Penelope-like elements which have not
been studied extensively; LTR retrotransposons which are believed to be vestiges of
viral infection of germ-line in ancient times; non- LTR elements include LINEs and
SINEs (Goodier and Kazazian, 2008).
SINEs SINEs are one of the two major non- LTR retrotransposons in mammalian
genomes. SINEs are non-autonomous retrotransposons, i.e., they are not able to propagate by themselves inside the host genome. Instead, they rely on proteins encoded
in LINEs for their propagation (Goodier and Kazazian, 2008). Despite their inability
to mobilize themselves, SINEs have been very successful in proliferation within host
genomes. Indeed Alu elements, a predominant SINE retrotransposon family, alone
constitute roughly 10% of the human genome (Schmid, 1996). Although most Alu
elements have inserted before the human and ape lineage divergence, approximately
1200 are very recent and are bimorphic within human genomes (Batzer and Deininger,
2002). Alus are approximately 280 bases in length and are derived from 7SL RNA,
which is a signal transduction particle. Alu structure comprise of A box sequence, B
box sequence, an A-rich linker between a left and right monomers and a poly(A) tail.
Since Alus lack a Pol III termination signal, transcription is continued until one has

31
been reached (Erwin et al., 2014)
LINEs LINEs are the second major non- LTR retrotransposons in mammalian
genomes (Goodier and Kazazian, 2008). LINEs are autonomous elements which encode the proteins necessary for their mobilization. In human, the only currently active
family of LINEs is L1 family. There are more than 500, 000 copies of L1 elements in
the human genome which constitute approximately 17% of the human genome (Lander et al., 2001). However, only full length elements may be able to mobilize within
the human genome. These full length L1s, which are less than 100 in total (Brouha
et al., 2003), are approximately 6 kilo bases in length and comprises of a 5’ Untranslated Region (UTR); two Open Reading Frames (ORFs) a 3’ UTR and a poly(A)
tail. ORF1 encodes an RNA-binding protein whereas ORF2 encodes a protein with
endonuclease and reverse-transcriptase capabilities (Cordaux and Batzer, 2009).
LTRs LTR retrotransposons are among the most successful retrotransposons in
eukaryotic genome. LTR retrotransposons were named so because of long direct
repeats flanking the internal coding genes. The gag gene encodes a structural protein
that creates a Virus-Like Particle (VLP) where RNA is reverse transcribed. The pol
gene encodes several enzymatic protein, among which is the reverse-transcriptase for
reverse trascription of RNA into cDNA and integrase for inserting the cDNA into the
genome (Havecker et al., 2004). LTR retrotransposons are roughly 5-7 kb in length
(Finnegan, 2012). In humans, LTR retrotransposons represent approximately 9% of
the human genome and are mostly inactive (Crichton et al., 2014; Mills et al., 2007).
Whereas in mouse, although LTR retrotransposons also represent approximately 9%,
they are still active (Crichton et al., 2014).
SVAs SVA retrotransposons are an active, homonid-specific, composite, non-autonomous
type of retrotransposons that is composed of SINE; VNTR; Alu; from which it is
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named. There are approximately 2, 700 copies of SVA retrotransposons (Wang et al.,
2005; Shen et al., 1994; Ostertag et al., 2003). Although relatively little is known
about SVA elements, they have been shown to be associated with human disease.
Similarly to SINEs, the mobilization of SVAs is likely mediated by the machinery
encoded in the LINE retrotransposons (Ostertag et al., 2003).

2.3

Open Questions Attempted In The Present Thesis
Due to the activity of RE in creating somatic mosaicism in the brain, are piRNAs
also present in the brain? And if so, are they diﬀerent than their counterparts
in the germline in terms of their regulation and their targets?
Are there any novel lncRNAs which are involved in myogenesis, and what is the
contribution of lncRNAs in the DMD phenotype?
Are REs active during myogenic diﬀerentiation in healthy and DMD patients?
If so, where are their sites of their activity, and what potential roles do they
play in cellular processes?
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Chapter 3
Contribution to Bioinformatics and Computer Science

3.1

Overview

Throughout my PhD I have applied many computer science methods, specifically for
unsupervised machine learning and graph theory, to analyze, integrate, and visualize
heterogeneous biological datasets with the purpose of contributing to biological knowledge. Furthermore, I have designed a few frameworks which re-utilize transcriptomic
data to investigate lesser-known aspects of biological processes. Specifically:
I co-designed a framework for the illustration of the trajectory of cellular differentiation using bulk transcriptome data.
I designed a framework for the identification of de novo insertion sites using
transcriptome data, which I have tested on mouse embryonic cerebral cortex
and applied on skeletal muscle diﬀerentiation data.

3.2

Some Applications of Computer Science throughout My
Research

3.2.1

Sequence Logo

Sequence logo (Schneider and Stephens, 1990), in the case of RNA sequences, is an
illustration of the sequence conservation of the bases at each position along the length
of multiply-aligned RNA sequences. The sequence conservation is usually calculated
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using the diﬀerence between the maximum entropy and the entropy of the observed
base frequency and are measured in terms of bits. Formally:
⎛

Rseq = log2 N − ⎝−

N
#
n=1

⎞

pn log2 pn ⎠

where Rseq represents the sequence conservation at a certain position in the
multiply-aligned sequences, pn represents the observed frequency of base n at a certain position, and N represents the number of unique bases at a certain position,
which is 4 for RNA sequences, thereby the maximum entropy equals 2.
For the purposes of determing whether piRNAs exhibit any significant bias for
uridine at the first position, I sought to visualize their sequence logo. Since only
fixed length sequences can generate sequence logos and I had previsouly discarded
sequences shorter than 25 bases, I used Weblogo (Crooks et al., 2004) to generate
the sequence logos of the first 25 bases of the sequences aligned within annotated
piRNA clusters for each of the three timepoints in brain and testes which was then
cut to highlight the sequence conservation only at the first base, which is relevant for
piRNAs.

3.2.2

Clustering of the dynamic genes throughout skeletal
muscle diﬀerentiation

Clustering is an unsupervised machine learning approach in which the observations
are grouped together based on similarities in their features. Clustering is a general
method of data mining, especially for big data. The features of the observations can
be categorical or numerical. While this may not aﬀect the clustering methodology in
general, care must be taken because clustering depends on calculating the distance
between observations based on their corresponding features. Therefore, the type of
features is critical. Usually in longitudinal studies of biological systems, as is the
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case here, genes are considered as observation and their expression values throughout
time represent the features. Since many cellular processes involve the coordinated
activation of groups of genes, it is expected to have natural clusters within the data.
In order to determine whether the longitudinal data of the dynamic genes we have is
inherently cluster-able, I used the Hopkins statistics from the R package ”factoextra”.
The Hopkins statistic determines the probability that the data comes from a uniform
data distribution. The closer the statistic to zero, the higher the probability that the
data did not originate from a uniform data distribution and is, therefore, inherently
cluster-able. The Hopkins statistic for the longitudinal expression data of the dynamic
genes is 0.1757447. Another clustering tendency measure is the Visual Assemssment
of cluster Tendency (VAT) (Bezdek and Hathaway, 2002), which also shows that the
longitudinal expression data is inherently cluster-able (Fig 3.1).

Figure 3.1: Visual Assessment of Cluster Tendency The scaled longitudinal expression data
of the dynamic genes is inherently cluster-able as evidenced by the Visual Assessment of Cluster
Tendency, in conjunction with Hopkins statistic
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Many cluster algorithms require a parameter which, either directly or indirectly,
determines the number of cluster. This parameter is crucial and needs to be carefully chosen. Therefore, we used Non-negative Matrix Factorization (NMF) (Lee and
Seung, 1999) to determine the number of clusters. NMF is an unsupervised learning
technique in which a matrix V is decomposed into the multiplicative result of two
non-negative matrices V ∼ WH. Formally NMF tries to approximate V such that:

min∥V − W H∥F
W,H

where

W ≥ 0, H ≥ 0
Since NMF is non-deterministic, I repeated the clustering 50 times. Using the
resulting connectivity matrix of the 50 runs, I used Markov Cluster Algorithm (MCL)
(Dongen, 2008) to cluster the connectivity matrix. MCL is an unsupervised clustering
technique for graphs based on two assumptions; clusters in graphs are characterized
by many edges between the members of the cluster; and distance between nodes
belonging to diﬀerent clusters is large. Based on these assumptions, this technique
simulates random walks between the nodes of a graph. A single parameter, inflation,
controls the granularity of the resulting clustering. This multi-level clustering process
is quite expensive in terms of time and resources. Therefore, we used Kmeans (Forgy,
1965), with the aforementioned number of clusters and euclidean distance to cluster
the longitudinal data of the dynamic genes. Kmeans is an unsupervised machine
learning technique to cluster observations with the goal to minimize the ”withincluster sum of squares”. More formally,

arg min
S

k #
#

i=1 x∈Si

∥x − µi ∥2

37
where k represents the number of clusters, S = {Si , 1 ≤ i ≤ k} represents the
clusters, and µi represents the arithmetic mean of the observations belonging to Si
This minimization occurs through the repetition of two steps; observations are
assigned to the nearest cluster centroid; Each cluster centroid is updated based on
the arithmetic mean of the observations belonging to that cluster at that specific
iteration. Noting that we scaled the rows, rather than the columns, of the longitudinal
expression matrix of the dynamic genes before using kmeans. This decision was due
to two factors. First, we had already used the normalized expression values. Second,
we wanted to capture the expression profiles of the genes, regardless of their relative
abundance. Both approaches yielded similar results as shown in (Fig 3.2).
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Figure 3.2: Clustering of Dynamic genes using Kmeans and using NMF coupled with
MCL A Expression profiles of the dynamic genes using Kmeans on scaled longitudinal data. B
Clustering using NMF coupled with MCL. Clustering using NMF coupled with MCL is a very
powerful method which separates the genes based on very distinctive expression profiles. These
expression profile match almost exactly to the ones obtained through kmeans on scaled data. The
advantage of Kmeans on scaled data is the decrease in the resources and time required for clustering

Additionally since these genes are dynamically regulated throughout myogenesis,
we expect them to be enriched for myogenesis-related gene ontology terms. Therefore,
we used GOstats v1.7.4 (Falcon and Gentleman, 2007). Not only do these genes
exhibit distinct expression profiles, but also are enriched in distinct gene ontology
terms.
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3.3
3.3.1

Detailed Framework Design
Trajectory Analysis of bulk time-course transcriptomic
data

Diﬀerentiation is a time-regulated process, in which the time- and dosage-dependent
transcription of genes moves the cell from one state into another (Bendall et al.,
2014; Trapnell et al., 2014; Buettner et al., 2015; Moignard et al., 2015). Thus,
in order to accurately capture the trajectory of this movement, a suitable distance
between the diﬀerent cell states is required. Several methods have been used to detect
diﬀerentiation and disease trajectories, albeit for single-cell transcriptome data; for
example monocle (Trapnell et al., 2014), Mpath (Chen et al., 2016), SLICER (Welch
et al., 2016). Unable to use these methods directly because our RNA-Seq data is not
single-cell and inspired by these methods, we wanted to describe the progression of
the cells throughout time, and determine the starting point at which the myogenic
program in healthy and DMD donors diverges. In order to outline the trajectory
of the cells, a suitable distance is required. This distance must reflect the natural
observation regarding diﬀerentiation; in that it is sequential, i.e., the state of the cell
is determined by its previous state(s). A convenient measure that reflects this natural
observation is Mutual Information (MI). However, MI is not a metric, and does not
satisfy the triangle inequality, therefore, we used Information content Variation (IV),
which is a metric based on MI. Formally IV is given by the following formula:
IV (X, Y ) = H(X) + H(Y )−2 I(X, Y )
where H denotes entropy and I denotes mutual information
Using IV, we computed the distance between each time-point for both phenotypes.
Using these distances, we constructed an undirected, fully-connected, weighted graph
in which edge weight represents the IV distance. We then sought to extract the
Minimum-Spanning Tree (MST) of the graph since each timepoint for each phenotype
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must be traversed exactly once during diﬀerentiation. MST is the subset of edges of
a graph, such that the sum of these edges’ weights is the least possible. Furthermore,
these edges connect all the vertices of the original graph, without cycles. Having
found the MST, we proceeded to project these distances on two dimensions using
metric Multi-Dimensional Scaling (MDS). MDS is an algorithm for the visualization
of distance matrices. The purpose of MDS is to optimize the location of objects in
lower dimensional space such that the N dimensional distance between the objects
are relatively preserved. MDS minimizes Stress, which is given by:
⎛'

⎜
⎜
StressD (x1 , x2 , ..., xN ) = ⎜
⎝

( )
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, ⎞(1/2)
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( 2
⎟
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ij dij

where D represents the original distance matrix and X represents the coordinate
matrix. A simple schematic of the framework is show in Figure (3.3)
RNA-Seq
Preprocessing

Discard

No

DEG at any time in
healthy or DMD?
Yes
Dynamic
genes

Information variation (IV) distance between
any time-point in healthy or DMD donors to
any other time-point

Minimum Spanning Tree (MST) on the
weighted undirected symmetric graph of the
distances

Multi-Dimensional Scaling (MDS) using two
dimensions

Figure 3.3: Schematic of the Time-dependent Trajectory Framework. Following diﬀerental
gene analysis, the trajectory framework proceeds sequentially. Using two dimensions for MDS is not
required but useful for the visualization of the trajectory

Although we have used RNA-Seq for the illustration of the framework, essentially
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any sequencing technique for the quantification of the transcriptome is viable and
follows the exact same framework.

3.3.2

Identification of de novo insertion sites through transcriptomic data

Transposition events can cause advantageous or disadvantageous conditions for the
host genome depending on the target site of the transposition event (Cordaux and
Batzer, 2009; Deininger et al., 2003; Kazazian et al., 1988; Abrusan, 2012). Therefore,
several tools have been developed to identify and investigate these sites (Iskow et al.,
2010; Baillie et al., 2011). To our knowledge, all of these tools depend on genomic
data to identify the insertion sites. Although this dependence on genomic data is
well-founded, it may not be the only way to identify de novo insertion sites. My
idea stems from the fact that genome changes caused by transposition events are also
copied on the transcriptome as illustrated below (Figure 3.4)
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Figure 3.4: Schematic depicting the basic idea behind the pipeline to identify putative
de novo insertion sites. Somatic transposition occurs when a REs integrates itself within the
host genome after creating a nick in the DNA. After the DNA is altered, transcription arising from
the genome should include the newly inserted sequence which would then reflect in some of the
sequencing reads. Double lines represent the two strands of the genome. Spline represents the
transposed RE

Although this framework utilizes the previously untapped power of transcriptomic
data to identify putative de novo insertion sites, it is not without shortcomings. First
and foremost, its reliance on the transcription of the loci in which the transposition
event occurred prevents the identification of most de novo insertion sites due to two
reasons:
transposition events are not common and very transient
The identification of putative de novo insertion sites utilizes reads which span
the junction between the de novo insertion and the flanking genome, termed
”split reads”, which are highly dependent on the sequencing depth
Nonetheless, I proceeded to develop a framework which relies on ”split-reads” to
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identify the putative de novo insertion sites. An advantage of this framework is its
speed and simplicity, which allow for tweaking of the internal parameters and reruns within reasonable time depending on the volume of the data and the choice of
the mapper. Indeed, the main engine, and the most time-consuming step, of this
framework is the alignment of the read segments to the genome. The specific details
of this framework are outlined below (Figure 3.5)
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Preprocessing of
RNA-Seq reads

Ideniﬁcaion of
putaive inserion
site reads

Determine
putaive inserion
site boundary

Examinaion of
putaive inserion
sites

ïTrim adapters and low quality bases
ïMap ﬁltered reads to genome using Tophat
ïDiscard mapped reads and retain only unmpapped reads

ïExtract a right and a let segment of each unmapped read
ïMap reads using Bowie and retain reads in which one segment is uniquely mapped to the
genome, whereas the other segment is mapped either:
ïNon-uniquely
ïinside an annotated repeat
ïDoes not map

ïMerge nearby reads into potenial inserion site juncions
ïRetain juncions containing at least 5 reads
ïOf the retained juncions, keep only paired closeby juncions

ïRetain only sites which are not covered by any Tophat mapped reads

Figure 3.5: Tentative description of the pipeline to identify putative de novo insertion
sites. The tentative description is composed of four sequential steps. It relies on unmapped reads
as potential “insertion junction-spanning” reads. The size of the left and right fragments may be
set to the desired size. However, very small fragments may result in false positive candidates and
very large fragments may remain unmapped and escape detection. Exclusion of putative de novo
insertion sites which are overlapped by previously mapped reads reduces false positive candidates
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Chapter 4
Characterization of piRNAs across postnatal development in
mouse brain

This chapter was published as:
Yanal Ghosheh, Loqmane Seridi, Taewoo Ryu, Hazuki Takahashi, Valerio Orlando, Piero Carninci and
Timothy Ravasi. Characterization of piRNAs across postnatal development in mouse brain. Scientific
Reports 2016.

4.1

Ghosheya et al. 2016

Introduction

Piwi-Interacting RNAs (piRNAs) are short non-coding RNAs that protect the genome
integrity by silencing Transposable elements (TEs) (Aravin et al., 2006; Betel et al.,
2007; Brennecke et al., 2007; Girard et al., 2006; Grivna et al., 2006; Watanabe
et al., 2006). They are scattered in genomic clusters that can span up to hundreds
of kilo bases, and sometimes overlap (Siomi et al., 2011). These piRNA clusters are
transcribed as long single-stranded transcripts (piRNA precursors) by RNA POL II
(Li et al., 2013b). In postnatal testes, these precursors undergo primary processing
(Beyret et al., 2012) in which they are exported from the nucleus into the cytoplasm
where they are finally made into mature piRNAs with Uracil predominantly at their
5’ end (Siomi et al., 2011; Yamamoto et al., 2013). Mature piRNAs then associate in
a length-dependent manner with PIWI-like family proteins, such as MILI, MIWI and
MIWI2 to create a mature piRNA-induced silencing complex (piRISC) (Siomi et al.,
2011). Guided by the piRNA, piRISC seeks out complementary target sequences and
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eﬀectively silences them through either post-transcriptional gene silencing (De Fazio
et al., 2011; Lim et al., 2009; Reuter et al., 2011) or by inducing DNA methylation
(Watanabe et al., 2011). In mouse, piRNAs can be subdivided into two groups according to the time of their peak expression; pre-pachytene and pachytene piRNAs.
Pre-pachytene piRNAs are most abundant prior to the pachytene stage in meiosis but
maintain a basal expression level even during later stages (Li et al., 2013b). They are
known to target TEs and cleave them using the slicer activity of the PIWI domain
(Guo and Wu, 2013). Whereas pachytene piRNAs reach their peak expression during the pachytene stage of meiosis and are more abundant (Li et al., 2013b). They
are primarily derived from intergenic regions and are reported to control expression
of protein-coding genes (Gou et al., 2014). However, their functions are yet to be
fully determined. Although piRNAs were previously thought to be exclusively found
in germ cells, recent studies reported them in somatic cells such as follicle cells in
fruit fly ovaries, principal/basal cells in macaque epididymis and tissues such as sea
slug central nervous system, and rat cerebral cortex (Dharap et al., 2011; Li et al.,
2009a; Malone et al., 2009; Yan et al., 2011). A recent eﬀort to identify piRNAs in
the mouse brain fell short when the reported sequences were compared with known
gene annotation. It has been revealed that snoRNAs and other abundant RNAs were
misclassified as piRNAs (Lee et al., 2011; Rajasethupathy et al., 2012). Saxena and
colleagues observed a 1.9 increase in total piRNA of Mecp2 knockout mouse cerebellum when compared to wild type mouse. It also suggested that this increase might
cause gene-specific mis-regulation in Rett syndrome, which is often associated with
mutations in Mecp2 gene. However, the authors admitted that more in-depth analysis was required to corroborate their preliminary results (Saxena et al., 2012). Here
we identified piRNAs in adult mouse brain that exhibit the hallmarks of piRNAsuch
as length (24-31 bp) and 1U bias. Moreover, we demonstrate that these piRNAs are
similar to MILI-bound piRNAs with regards to their length. Finally, we predicted
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novel candidate regulators and potential targets of piRNAs in adult mouse brain.

4.2
4.2.1

Materials and Methods
RNA Extraction

Total RNA was extracted using RNA-Bee (AMS Biotechnology) according to the
manufacturer’s instructions, from pools of whole brain and pools of testis of male
C57Bl/6 mice, sacrificed through cervical displacement, at 10 dpp, 14 dpp and adult,
in accordance with the approved guidelines. All experimental protocols were approved
by the Roslin Institute. Quality and quantity of the total RNA was measured by
Nanodrop spectrophotometer and Bioanalyzer RNA chips (Agilent). For sequencing
library preparation, low molecular weight RNA ( <40 nucleotides long) was isolated
from the total RNA using a FlashPAGE fractionator (Life Technologies).

4.2.2

Preparation of RNA-Seq library

50 ng of fractionated small RNA from brain and testes at 10 dpp, 14 dpp and adult
was tagged and used to generate cDNA libraries according to Kawano et al (Kawano
et al., 2010). Briefly, adenylated 3’ adapters were ligated to 3’ end of small RNAs using
a truncated RNA ligase enzyme followed by 5’ adaptor ligation to 5’-monophosphate
ends using RNA ligase enzyme, ensuring specific ligation of non-degraded small RNAs.
cDNA was prepared using a primer specific to the 3’ adaptor in the presence of
dimer eliminator and amplified for 14 PCR cycles using a special forward primer
targeting the 5’ adaptor containing additional sequence for sequencing and a reverse
primer targeting the 3’ adaptor. The amplified libraries which contained piRNA and
sequencing linkers were run on a 6% polyacrylamide gel and then the 80-84 bp bands
(which correspond to inserts of 26-32 nucleotides Complementary DNAs (cDNAs))
were extracted by gel extraction protocols (QIAGEN). Libraries were sequenced after

47
quality check on a Bioanalyzer DNA 1, 000 chip (Agilent).

4.2.3

Preprocessing of RNA-Seq tags

Multiplexed barcode sequencing for three pools during three postnatal developmental
stages from two tissues was performed on RNA-Seq tags using Illumina GA-IIX (40
bp single end tags), where the barcode and the adapter were ligated to the 5’ end
and 3’ end, respectively. In order to retain high quality RNA-Seq reads, we trimmed
all bases, including bases for barcode and 3’ adapter, which had a quality score <15
as well as all subsequent bases for each read. In order to extract the endogenous
sequences from the RNA-Seq reads, we stripped the four base 5’ barcodes as well as
at least one base of 3’ adapter. Any read, which was not stripped, was discarded,
resulting in endogenous sequences with a maximum length of 35 bases. Since piRNA
size ranges from 26 to 31 bases (Aravin et al., 2006), we discarded all sequences whose
length was <24 bases. Finally, for each developmental stage in each tissue we created
a single dataset by concatenating all the sequences from the three pools together. We
retained duplicate reads. Subsequently, we aligned the sequences on the non-repeatmasked UCSC release 9 of the mouse genome (MM9) (Waterston et al., 2002) using
bowtie2 v2.2.5 (Langmead and Salzberg, 2012) using the sensitive preset option and
allowed a maximum 100 alignments. All the reads that aligned to the genome were
retained and used for subsequent analysis.

4.2.4

Comparison against non-coding RNA

We compared adult brain reads that mapped within annotated piRNA clusters to
known non-coding RNAs. These non-coding RNAs include NONCODE v3.0 snoRNA
(Bu et al., 2012), UCSC tRNA (Karolchik et al., 2004), miRBase v21 miRNA (Kozomara and Griﬃths-Jones, 2014) and the NCBI complete ribosomal DNA unit. The
comparison was performed using NCBI BLASTN v2.2.31+ (Altschul et al., 1990).
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Except for ”-task blastn”, Default parameters were used.

4.2.5

piRNA Cluster expression

The expression of each piRNA cluster was based on the number of reads mapped
within the piRNA cluster keeping multi-mapping reads. We used Reads Per Kilobase
per Million mapped reads (RPKM) for normalization. In order to distinguish between
expressed and non-expressed piRNA clusters, we observe the following criteria: a
piRNA cluster must have at least 100 mapped reads; the RPKM expression level
of piRNA cluster must be at least 10; the reads must map within the entire piRNA
cluster and not concentrated in a small region, to reduce the eﬀect of PCR duplicates,
this was done by requiring that the maximum depth of the reads divided by the total
number of mapped reads per piRNA cluster be less than 0.9. Based on these criteria,
we designate clusters as expressed or not for each developmental stage in each tissue
independently (Appendix A.1).

4.2.6

Preparation of CAGEscan library

CAGEscan is an enhancement upon CAGE which uses paired-end sequencing approach to sequence an additional random block in the 3’ direction of the same transcript. The preparation of the CAGEscan library was adapted from published protocol (Salimullah et al., 2011) and modified to work with Illumina GA-IIX 36 cycles
paired end CAGEscan read sequencer. The first-strand cDNAs were created using 500
µg brain and testes RNA of male C57Bl/6 mice, sacrificed through cervical displacement, with 2 µl of 0.66 M D-threalose, 3.3 M D-sorbitol (Carninci et al., 2002), 100 µM
template switching oligonucleotide (5’- TAGTCGAACTGAAGGTCTCCAGCArGrGrG), 10 µM random reverse-transcription primer with a random pentadecamer tail
(5’- GTACCAGCAGTAGTCGAACTGAAGGTCTCCTCTN15). The mixed solution was reduced in volume to 2 µl in a centrifugal evaporator at room temperature
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then heated for denaturizing at 65

for 10 min and transferred quickly on an ice-water

mix. Reverse transcription was accomplished in a volume of 10 µl with the following
components: 1.25× first-strand buﬀer, 650 µM dNTPs, 1.3 mM DTT, 925 mM betain and 200 units SuperScript II, and the reaction was incubated at 22
50

for 30 min, 75

for 10 min,

for 15 min. Synthesized cDNAs were purified with Agencourt

RNAClean XP kit following the manufacturer’s instructions. The purified cDNAs
were eluted to 40 µl water then synthesized the second strand cDNA and the resulting product by semisuppressive PCR (Plessy et al., 2010). The determination of the
optimal PCR cycle number in pilot reactions was used quantitative PCR: 0.15× purified cDNA, 1× SYBR Premix Ex Taq (TaKaRa), 100 mM semisuppressive forward
primer (5’- TAGTCGAACTGAAGGTCTCCAGC) and 100 mM semisuppressive reverse primer (5’-TGACGTCGTCTAGTCGAACTGAAGGTCTCCGAACC) with a
StepOne Real-Time PCR system. The thermal cycling program was: 5 min 95
40× (15 s at 95

, 10 s at 65

, 2 min at 68

and

). After determination, PCR was

performed on a large-scale hot-start PCR with 3 µl of purified first-strand cDNA
as template in a final volume of 50 µl using a reaction mixture containing 1.25 U
TaKaRa Ex Taq HS (TaKaRa), 200 µM each dNTP mixture (TaKaRa), 1× Ex Taq
buﬀer (TaKaRa), 100 mM semisuppressive forward primer and 100 mM semisuppressive reverse primer with the following thermal cycling program: 5 min 95
cycles × (15 s at 95

, 10 s at 65

, 2 min at 68

and 17-19

). The amplified DNA was purified

with Agencourt AMPure XP kit then measured the concentration by NanoDrop 1000.
To create adaptor sequences for Illumina GA-IIX sequencer, semisuppressive PCR
cDNA was amplified using 2.00 × 101 ng DNA in a final volume of 50 µl with a mixture
containing 1.25 U Ex Taq HS (TaKaRa), 200 µM each dNTP mixture (TaKaRa), 1×

Ex Taq buﬀer (TaKaRa), 200 mM forward primer (5’-AATGATACGGCGACCACCGAGATCTACA
and 200 mM reverse primer (5’-CAAGCAGAAGACGGCATACGAGATCGGTCTCGG
CATTCCTGCTGAACCGCTCTTCCGATCT) following thermal cycling program: 1
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min 95

, 15 s at 95

, 10 s at 65

, 10 s at 55

, 2 min at 68

, 2 min at 68

and 6 cycles × (15 s at 95

). The amplified DNA was purified with Agen-

court AMPure XP kit then measured the concentration by Agilent High Sensitivity
DNA kit and adjusted 1.60 × 101 pM final concentration (from 200 bp - 700 bp)
on GAIIx. CAGEscan tags were amplified with Cluster generation kit with modified sequence primer (5’-TAGTCGAACTGAAGGTCTCCAGCA) following Cluster
generation protocol (Illumina) then generated clusters were sequenced with 36 cycle
paired end CAGEscan read sequencing kit by Illumina GA-IIX.

4.2.7

Preprocessing of CAGEscan tags

Multiplexed barcode sequencing for three pools during three postnatal developmental
stages from two tissues was performed in CAGEscan tags using Illumina GA-IIX (105
bp paired end tags), where the adapter followed by six bases of barcode and three
consecutive guanine bases were ligated to the 5’ end of the forward mate while only
the adapter was ligated to the 5’ end of the reverse mate. After removing any partial
5’ and 3’ adapters for both mates, we trimmed all bases which had a quality score ≤
15 as well as all subsequent bases. Afterwards, we removed the nine bases comprising
the barcode and the three guanine bases from the 5’ end of the forward mate. We then
discarded any read whose length was ≤ 15 bases. We mapped the remaining pairedend sequences onto MM9 using bowtie2 v2.2.5 (Langmead and Salzberg, 2012), using
the sensitive preset option, in addition to Phred64 quality scores. We considered
dove-tail sequences to be discordant pairs and we retained non-discordant sequences.

4.2.8

Gene expression analysis

We used the R package CAGEr v1.4.1 (Haberle et al., 2015), allowing any mapping
quality, to retrieve CAGE-defined Transcriptional Start Sites (CTSSs). Then we normalized the expression of each of the CTSS according to power-law normalization
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(Balwierz et al., 2009) in Transcripts Per Million (TPM). To obtain expression value
for each gene, we summed the TPM for each unique CTSS within the one Kb upstream and 0.5 Kb downstream of all its transcription starting sites. Any gene whose
normalized expression value was ≥ 0.5 was designated as expressed. Diﬀerential gene
expression was performed using GFOLD (Feng et al., 2012) v1.1.2 using 0.01 as cutoﬀ
for the False Discovery Rate (FDR).

4.2.9

Prediction of discriminatory regulatory TFs

In order to investigate the TFs that may be regulating the intergenic piRNA clusters expressed in adult brain, we used DREME v4.10.1 (Bailey, 2011), using default
parameters, to find significantly overrepresented (E-value ≥ 0.05) discriminatory motifs that are unique to piRNA clusters expressed in adult brain and motifs that are
unique to piRNA clusters expressed in adult testes excluding those expressed in adult
brain. Then we compared the motifs against mouse UniPROBE (Newburger and Bulyk, 2009) and JASPAR (Mathelier et al., 2014) vertebrate using TOMTOM (Gupta
et al., 2007), with default parameters, to identify the TFs with binding sites most
similar to those specific motifs. Using a normalized expression cutoﬀ of 0.5 TPM, we
required that all Transcription Factors (TFs) be higher than this threshold in adult
brain. Furthermore, TFs whose binding sites were overrepresented in promoters of
adult brain piRNA clusters were required to be expressed above this threshold for all
testes developmental stages. Whereas, TFs whose binding sites are overrepresented
in the subset of piRNA clusters expressed in adult testes but not in adult brain were
required to be expressed no more than that threshold on all testes developmental
stages. Finally, we retained only mouse TFs whose expression patterns are consistent with the two proposed scenarios as mentioned above. Finally, we used UniProt
(Apweiler et al., 2014) to determine whether a TF was an activator or a repressor.
We used GeneMANIA (Warde-Farley et al., 2010) database to visualize co-expression
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between the candidate TFs.

4.2.10

piRNA Target Prediction

In order to determine whether piRNAs in adult brain were involved in mRNA deadenylation as shown previously in testes, we adopted a similar methodology to that
described by Gou et al (Gou et al., 2014). Briefly, we considered all genes with
nonzero expression at either 14 dpp or adult stages in brain as potential gene targets of any adult brain piRNA. Using miRanda (Enright et al., 2003) v3.3a to match
piRNAs to their targets, we set a more stringent score threshold, 160, for reporting
hits in contrast to 150 used originally by Gou et al (Gou et al., 2014). Then for each
piRNA, we considered only the top-scoring gene target. The Diﬀerential expression
was obtained from the generalized fold change as given by GFOLD (Feng et al., 2012)
for each gene between 14 dpp and adult stages in brain. To determine whether predicted target genes were more likely to be down-regulated than non-target genes, we
selected all the genes that exhibited any diﬀerential expression, up or down. The
distribution of non-zero GFOLD values of target genes was then compared to the distribution of non-zero GFOLD values of non-target genes using Mann-Whitney test.
Alternatively, we also used the method introduced by Goh et. al (Goh et al., 2015)
that takes advantage of unique signatures of piRNA targeting. This signature relies
on the divergent partial complementarity of sense piRNAs and guide piRNAs. Sense
piRNAs were aligned to the genome using bowtie v1.1.1 (Langmead et al., 2009) with
parameters ”-a -v 0”. Guide piRNAs were mapped also using bowtie v1.1.1 (Langmead et al., 2009) with parameters ”-a -n 0 -l 10 -e 160”. We used SAMtools (Li
et al., 2009b) to ensure partial complementarity. Since this method applies to both
mRNA and repeats, we also investigated any transposable element, whose length was
75% of the consensus length as determined by HOMER (Heinz et al., 2010). Using
BEDTools (Quinlan and Hall, 2010), any mRNA or repeat element which overlapped
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the piRNA targeting signature was designated as potential target of piRNAs.

4.2.11

Coverage of piRNA along the length of piRNA clusters

Each expressed piRNA cluster was divided into non-overlapping windows of 100 bases.
Coverage was determined based on the percentage of total reads that mapped within
each window for each piRNA cluster to the total reads that mapped within the entire
piRNA cluster. This was done for all expressed piRNA clusters in each developmental
stage for each tissue independently. We then tested the Pearson correlation of the
coverage, as previously defined, of the same expressed piRNA cluster across two
samples for each of the expressed piRNA clusters common to both samples. For the
correlation distribution, we only retained significant (p-value ≤ 0.001) correlations.

4.3
4.3.1

Applications of Computer Science within chapter
Sequence Logo

Sequence logo, in the case of RNA sequences, is an illustration of the sequence conservation of the bases at each position along the length of multiply-aligned RNA
sequences. The sequence conservation is usually calculated using the diﬀerence between the maximum entropy, which is 2 in the case of RNA sequences, and the entropy
of the observed base frequency and are measured in terms of bits. For the purposes
of determing whether piRNAs exhibit any significant bias for uridine at the first position, I sought to visualize their sequence logo. Since only fixed length sequences
can generate sequence logos and I had previsouly discarded sequences shorter than
25 bases, I used Weblogo (Crooks et al., 2004) to generate the sequence logos of the
first 25 bases of the sequences aligned within annotated piRNA clusters for each of
the three timepoints in brain and testes which was then cut to highlight the sequence
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conservation only at the first base, which is relevant for piRNAs.

4.3.2
4.4
4.4.1

Diﬀerential Motif Finding
Results
piRNAs are expressed in mouse brain

To investigate whether piRNAs were present in mouse brain, we deep-sequenced
small RNAs (enriching for piRNAs based on their size) from brain and testes tissues. The samples were taken at 10 days post-partum (dpp), 14 dpp, and adult
stages. We obtained 199, 003; 457, 461; 529, 081 and 223, 341; 1, 177, 846; 8, 359, 064
reads for 10 dpp; 14 dpp; adult stages in brain and testes, respectively. Of these reads
161, 869 (81%); 390, 929 (85%); 453, 456 (86%) and 213, 740 (96%); 1, 132, 436 (96%);
8, 302, 184 (99%) mapped to the UCSC mouse genome release 9 (mm9) for brain and
testes, respectively (Figure 4.1a). We focused on previously defined 214 piRNA clusters (Li et al., 2013b). Out of the mapped reads, 741 (0.46%) and 1, 106 (0.28%)
reads mapped within piRNA clusters at 10 dpp and 14 dpp in brain, respectively,
in contrast to 31, 398 (7%) reads in adult brain (Figure 4.1). As for testes samples,
58, 835 (28%); 340, 181 (30%) and 8, 234, 258 (99%) mapped within piRNA clusters
for 10 dpp; 14 dpp and adult stages, respectively. This suggests that piRNAs are
unlikely to be present at 10 and 14 dpp in brain. In fact, only reads from these two
stages lack significant 1U bias characteristic of primary piRNAs (Figure 4.1b).
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Figure 4.1: Sequencing of piRNA in brain and testes. A. Bar plot shows the number of
sequenced reads; reads that mapped to genome; and reads mapped within annotated piRNA clusters.
B. Sequence bias of reads obtained in each stage and tissue; unlike reads at adult stage in brain,
reads at 10 dpp and 14 dpp lack significant 1U bias, all reads from testes samples showed significant
1U bias. Sequence logo was obtained using Weblogo (Crooks et al., 2004).

The expression of piRNAs in the central nervous system of adult mouse has been
reported by Lee and colleagues (Lee et al., 2011). However, other reports noted
that those piRNAs were partial snoRNA (Rajasethupathy et al., 2012). Saxena and
colleagues (Saxena et al., 2012) also identified piRNAs in mouse cerebellum. However,
many of their most abundant piRNAs were previously reported by Lee et al (Lee
et al., 2011). To avoid such a misclassification, we compared adult brain reads that
mapped within piRNA clusters against annotated ncRNAs (Bu et al., 2012; Karolchik
et al., 2004; Kozomara and Griﬃths-Jones, 2014) using BLAST (Altschul et al., 1990).
Only 1.1% of the reads had perfect matches. This result, coupled with the facts that
adult brain reads map within annotated piRNA clusters and show significant 1U bias,
suggests that those reads are bona fide piRNAs.
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4.4.2

piRNA clusters expressed in brain are not tissue specific

piRNA clusters exhibit distinct expression profiles across developmental stages in
both tissues (Figure 4.2a). For instance, 47 piRNA clusters were expressed (see
Materials and Methods and Appendix A.1) in the adult stage in brain and 139, 154,
and 115 piRNA clusters were expressed in testes at 10 dpp, 14 dpp and adult stages,
respectively.

Figure 4.2: Expression profile of piRNA clusters in brain and testes. A. heatmap showing
expression profiles of piRNA clusters (rows); brain adult sample cluster with testes adult sample
(based on Pearson correlation), suggesting they share expressed piRNA clusters; annotation at
the left of heatmap shows that most piRNA clusters expressed in adult brain (BT clusters) are
intergenic. B. Boxplot showing distributions of coverage correlation that was computed along the
length of expressed piRNA between all samples; high correlation indicate that piRNA production
along the length of piRNAS clusters is similar across all conditions.

Adult brain piRNAs were mostly produced by intergenic piRNA clusters (p-value
<0.002, one tailed fisher exact test) which dominate piRNA production in pachytene
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stage of spermatogenesis (Li et al., 2013b) (Figure 4.2a). Since all piRNA clusters expressed in adult brain (henceforth denoted as BT clusters) were expressed in
adult testes, we sought to determine whether there were any tissue-specific piRNAproducing regions within the clusters. We examined the coverage of piRNAs along the
length of BT clusters in both tissues at adult stage and did not find tissue-specific
piRNA-producing regions (median Pearson correlation 0.87; Figure 4.2b). Therefore, we expected BT clusters to produce similar piRNA populations in both tissues.
Indeed, out of 14, 978 unique piRNA sequences mapped within BT clusters 13, 253
(88.5%) were also present in adult testes (exact sequence match). Whereas only 2, 692
(18.0%) and 6, 417 (42.8%) were present in testes at 10 dpp and 14 dpp. Overall, this
suggests that BT clusters produce a subpopulation of adult testes piRNAs.

4.4.3

piRNAs in adult brain are similar to MILI-bound piRNAs

Adult testes piRNAs are composed of both MIWI- and MILI-bound piRNAs (Vourekas
et al., 2012), each of those proteins binds to a distinct sequence length of piRNAs
(Siomi et al., 2011). Since adult brain piRNAs are a subpopulation of adult testes
piRNAs, we sought to determine which of those two proteins might bind adult brain
piRNAs. The length distribution of adult brain piRNAs peaks at 26 27 bps, which
is the nominal length for MILI-bound piRNAs (Siomi et al., 2011). Similarly to the
length distribution of piRNAs in the adult brain, the length distribution of testes
piRNAs at 14 dpp also peaks at 26 27 bps. This has been attributed to the presence
of MILI-bound piRNAs (Zhao et al., 2013). Whereas, in adult testes, the distribution
peaks at 26 27 and 29 30 bps; the first peak corresponds to MILI-bound piRNAs and
the second peak corresponds to MIWI-bound piRNAs (Siomi et al., 2011) (Figure
4.3). These peaks and their associations to PIWI-like proteins are consistent with
publicly available Immuno-Precipitation (IP) data (Appendix A.2). Although adult
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brain piRNAs are similar to MILI-bound piRNAs with regards to their length, we
could not detect an appreciable Mili expression (normalized expression ≥ 0.5) in adult
brain based on our CAGE expression data nor through independent sources (Sunkin
et al., 2013; Xu et al., 2011).

Figure 4.3: piRNAs in adult brain are similar to MILI-bound piRNAs. Length distribution of piRNAs at adult brain reveals a peak at 262̃7 bases which is commonly associated with
MILI-binding. Consistent with current knowledge, A high peak at 293̃1 bases in adult testes and a
smaller peak at 262̃7 bases are associated with MIWI- and MILI-binding, respectively.

4.4.4

ZIC2 and MEIS1 may regulate transcription of piRNA
clusters in adult brain

MYBL1 is necessary for the transcription of pachytene piRNA clusters in mouse testes
(Li et al., 2013b). In fact, MYBL1 binds to the promoters of 106 piRNA clusters in
adult testes, including 46 BT piRNA clusters. However, our CAGE expression data
shows that Mybl1 is lowly expressed (see Materials and Methods) in adult brain
(Figure 4.4a). This is consistent with data obtained from other studies (Xu et al.,
2011) as well as Allen Brain Atlas (Sunkin et al., 2013). Moreover, only a subset of
its target piRNA clusters was expressed in adult brain. Thus, we suspect that other
factors, alongside MYBL1, control the expression of this subset. Here, we considered
two possible scenarios: either a TF is activating only BT clusters (Figure 4.4b) or
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a TF repressing piRNA clusters not expressed in adult brain but expressed in adult
testes (non-BT clusters) (Figure 4.4c).

Figure 4.4: Identification of candidate regulators of BT piRNA clusters. A. Expression
profile of Mybl1. B. Diagram depicting the first possible scenarios in which BT clusters are expressed
due to an activator TF. C. Similar to B but for second scenario, in which non-BT clusters are silenced
in adult brain due to a repressor TF. D. Expression profile of candidate TFs that fit first scenario. E.
Expression profile of candidate TFs that fit the second scenario. F. Co-expression network obtained
from GeneMANIA (Warde-Farley et al., 2010) showing that many candidates co-express with Mybl1;
TFs were classified as activator or a repressor based on our suggested scenarios as their assumed
function in the scenarios does not contradict with known literature about their function.

To determine the likely scenario, we used DREME (Bailey, 2011) in conjunction
with TOMTOM (Gupta et al., 2007) to identify discriminatory Transcription Factor
Binding Sites (TFBSs) between the promoters of BT and non-BT clusters. Initially,
we identified 162 discriminatory TFs. Using CAGE to determine their expression
profiles and UniProt (Apweiler et al., 2014) to determine their functional annotation
(repression or activation), we filtered them to five candidate TFs (see Materials and
Methods): two were unique to BT clusters, namely, MEIS1 and SOX4; three were
unique to non-BT clusters, namely, ZIC1, ZIC2 and EOMES (Figure 4.4d,e). All
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TFs were implicated in neuron diﬀerentiation and development (Elsen et al., 2013;
Aruga et al., 2002; Yang et al., 2008; Cheung et al., 2000). Although ZIC2 can
act as both repressor and activator, as a repressor it fits the second scenario. Indeed,
based on public Chromatin Immuno-Precipitation Sequencing (ChIP-Seq) data, ZIC2
binds the promoters of non-BT clusters in adult cerebellum (Frank et al., 2015).
Unfortunately, we did not find data for the other TFs related to their binding in
adult brain. Interestingly, Zic2, Eomes and Meis1 co-express with Mybl1 (Figure
4.4f). Therefore, we predict that MEIS1, EOMES and specifically ZIC2 are likely
candidates for the regulation of piRNA cluster transcription.

4.4.5

Prediction of targets of adult brain piRNA

In addition to the well-established role of piRNAs in TE-silencing, several studies
have suggested that piRNAs may be involved in the regulation of genes in several
species (Gou et al., 2014; Kiuchi et al., 2014; Rouget et al., 2010). In order to investigate whether adult brain piRNAs were involved in mRNA deadenylation, we
adapted the methodology described by (Gou et al., 2014) and took into account only
the top-scoring predicted gene target for each piRNA according to miRanda (Enright
et al., 2003). Considering that putative gene targets should be down-regulated when
compared to non-target genes if adult brain piRNAs were involved in mRNA deadenylation, we performed Mann Whitney test on the non-zero fold change, as calculated
by GFOLD (Feng et al., 2012), of the genes between 14 dpp and adult stages in
brain (see Materials and Methods). Although there was no significant divergence in
diﬀerential expression between predicted target genes and non-target genes (p-value
0.5122) (Appendix A.3), we cannot deny the possibility that a few adult brain piRNAs may be involved in small-scale regulation of target mRNAs. A more recent study
reported an alternative approach to identify piRNA targets (Goh et al., 2015). This
approach relied on a specific signature of partial complementarity of piRNAs to their
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putative targets (see Materials and Methods). Using this specific signature on our
adult brain piRNAs, we were able to identify 41 potential mRNA targets of piRNAs.
Using CPDB (Kamburov et al., 2013), Gene Ontology (GO) enrichment for the putative mRNA targets revealed they were significantly (p-value <0.001) associated with
pigmentation. Moreover, these putative targets were significantly (p-value <0.001)
associated with Cholinergic synapse pathway. Applying the same signature on repeat
elements, we identified 7, 565 putative targets. Of which, 3, 081 were SINEs; 1, 151
were LTRs; 450 were LINEs. GO enrichment for repeat element targets revealed their
significant (p-value <0.001) association with cardiac neural crest cell development involved in outflow tract morphogenesis based on GREAT (McLean et al., 2010). In
conclusion, these in silico predictions of putative targets should help guide future in
vitro experimental validation.

4.5

Discussion

Here, we characterize piRNAs in mouse brain throughout postnatal development
and show that piRNAs are only present in the adult stage of brain development.
These piRNAs display significant 1U bias and are found in an intergenic subset of
previously annotated piRNA clusters (Li et al., 2013b). piRNAs bind to PIWI-like
proteins according to their sequence length (Siomi et al., 2011). The sequence length
of adult brain piRNAs peaks at 26 27 bases, which is a characteristic of piRNAs
that bind MILI. However, the expression of PIWI-like genes– including Mili– were
absent in adult brain. Since piRNAs function as part of a complex with PIWI-like
proteins, it is unclear how these piRNAs function in the adult brain. One hypothesis
is that piRNAs associate with a diﬀerent protein; another is that Mili is expressed
in a unique cell type that is hard to detect using whole brain sequencing. MYBL1
is a key regulator of adult testes piRNA clusters (Li et al., 2013b). In the brain, we
showed that Mybl1 was solely expressed in adult stage based on our CAGE expression
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data. However, despite its expression, only a subset of adult testes piRNA clusters
was expressed. This suggests that TFs other than MYBL1 may be implicated in the
regulation of piRNA clusters in the brain. Consequently, we identified five TFs that
may regulate piRNA clusters’ expression alongside MYBL1. Three of them co-express
with Mybl1. One candidate is ZIC2, which is involved in neurogenesis (Aruga et al.,
2002; Aruga, 2004). Zic2 is widely expressed in adult brain (Brown and Brown, 2009)
and binds promoters of non-BT piRNA clusters in adult cerebellum (Frank et al.,
2015). Thus, we suspect that ZIC2 may repress those piRNA clusters. Another
candidate is MEIS1, an activator TFs, which has binding sites only in promoters of
piRNA clusters expressed in adult brain. In conclusion, we predicted novel candidate
regulators of piRNA clusters for future validation. To determine whether piRNAs
in adult brain were involved in mRNA deadenylation, we used miRanda (Enright
et al., 2003) to identify piRNA targets as previously described (Gou et al., 2014).
However, these predicted targets were not more likely to be down-regulated when
compared to non-target genes (Mann-Whitney test; p-value 0.8714). A more recent
study reported a specific targeting signature of adult testes piRNAs (Goh et al., 2015).
Based on this signature, we predicted 41 candidate mRNA targets and 7, 565 repeat
element targets. GO enrichment of candidate mRNA and repeat element targets were
associated with pigmentation, and cardiac neural crest development, respectively. In
mouse embryo, cardiac neural crest stem cells were shown to be able to diﬀerentiate
into pigment cells (Youn et al., 2003). Furthermore, the predicted mRNA targets
were also associated with cholinergic synapse pathway. In adult testes, LINE L1
elements are repressed through multiple mechanisms, including piRNAs (Di Giacomo
et al., 2013). Furthermore, L1 elements are de-repressed in mice with mutant MILI
(De Fazio et al., 2011). Although L1 elements are active during brain development
(Muotri et al., 2010), how they are controlled in brain and whether piRNAs play a role
in their regulation is still unclear (Iyengar et al., 2014). Therefore, future functional
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analysis is required. In conclusion, we described the developmental expression of
piRNAs in postnatal mouse brain. We showed that these piRNAs are similar to MILIbound piRNAs in terms of their length and suggested new candidate regulators of
those piRNAs. Although a deeper investigation into piRNAs in the brain is required,
we believe the data and results described here provide new insights and a valuable
resource for the small-RNA community.
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Chapter 5
Investigation of ncRNA in the context of skeletal muscle
diﬀerentiation

Parts of this chapter will be submitted as:
Loqmane Seridi, Yanal Ghosheh, Beatrice Bodega, Gregorio Alanis-lobato, Timothy Ravasi and Valerio
Orlando. Profiling Enhancer RNAs during Myogenesis. .

5.1

Seridi et al 2015

Background

The skeletal muscle is the most abundant tissue in the vertebrate body. For example, the human body has over 400 skeletal muscles (40-50% of the total body mass).
It plays a number of crucial roles like provide locomotion and breathing, maintain
posture, support bones and produce heat during cold-stress. The formation of skeletal muscles follows several distinct morphogenetic phases that are globally known as
myogenesis. Mature skeletal muscles consist of muscle fibers that form by the fusion
of mono-nucleated myoblasts. Within the mature muscles and in specific niches, a
unique myoblast lineage, called satellite cells, reside in a quiescent state. This population maintains the plasticity of the skeletal muscles and ascribed for the muscle
regeneration capacity in adults (Ehrhardt and Morgan, 2005; Ferrari et al., 1998;
Seale et al., 2001). For example, in case of severe muscle injury or myogenic disorders, the skeletal muscle degenerate and myofibers undergo necrosis (Grounds and
Yablonka-Reuveni, 1993). To compensate for this cell loss, satellite cells undergo
asymmetrical division to maintain its own identity as a stem cell (self-renewal) and
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to produce myogenic committed progenitors (MCPs). Then, the MCPs will diﬀerentiate into myoblasts that merge to form nascent multinucleated myofibers or fuse
with the existing myofiber (Ferrari et al., 1998). The transcriptional network that directs adult myogenesis is very similar to the embryonic myogenesis and it is controlled
by four Myogenic Regulatory Factors (MRFs) (Bentzinger et al., 2012). MRFs are
highly conserved basic helix-loop-helix TFs that are uniquely expressed in the muscle
lineage. They work in a spatiotemporal hierarchal fashion in which myogenic factor 5
(Myf5) is first expressed in somites and/or satellite cells followed by myogenic diﬀerentiation 1 (MyoD), their expression directs muscle lineage commitment. Afterwards,
myogenin (MyoG) and myogenic factor 6 (Myf6) are expressed to induce terminal differentiation of Myoblasts into mature muscle fibers (Davis et al., 1987; Braun et al.,
1989; Edmondson and Olson, 1989; Rhodes and Konieczny, 1989; Braun et al., 1990;
Miner and Wold, 1990). It is noteworthy that Myf5 and MyoD act in a redundant
manner where only double-knockout mice show a complete loss of skeletal muscle. In
addition to MRFs, an upstream regulator, the paired-homeobox transcription factor
7 (Pax7), is also important for the maintenance of satellite cells and muscle regeneration in adults (Lepper and Fan, 2010). Defects in adult myogenesis exist in human
and are referred to as Muscular Dystrophys (MDs). MDs are caused by inherited
myogenic mutations that are associated with muscle wasting and weakness of various
manifestations and severity (Emery, 2002). DMD is the most prominent childhood
form of MDs. It is a recessive X-linked disease; hence, boys mainly manifest it. Patients aﬀected with DMD often die in late teens or early 20s due to heart or lungs
failure (Fairclough et al., 2013; BLYTH and PUGH, 1959). DMD is directly caused
by mutations in the dystrophin gene, the largest gene in the human genome (Bucher
et al., 1980; Bonilla et al., 1990). These mutations cause the transcribed mRNA to
be frame-shifted which is then abolished through non-sense mediated decay (Kerr
et al., 2001; Monaco et al., 1988). Moreover, the lack of dystrophin in those patients
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causes altered expression of many key myogenic players. For example, HLA-related
proteins, Extra-Cellular Matrix (ECM) proteins and some markers of cell cycle and
growth, muscle necrosis and regeneration have been reported to be variably expressed
between healthy and DMD samples (Noguchi et al., 2003). In addition to the diﬀerential expression of protein-coding RNAs, DMD patients also have aberrant expression
of the ncRNAs (Twayana et al., 2013). For example, the delayed onset of diﬀerentiation in DMD-derived myoblasts compared with healthy cells has been shown to be
partly attributed to the depletion of miR-133 miRNA and accumulation of miR-135
miRNA. miR-133 and miR-135 control myogenic diﬀerentiation by target degradation of MEF2C transcription factor and its co-activator MAML1, respectively (Chen
et al., 2006). Recently, the downregulation of long non-coding RNA, muscle diﬀerentiation 1 (linc-MD1) has been reported to perturb the myogenic diﬀerentiation in
DMD. Interestingly, linc-MD1 works on the same transcriptional network of miR-133
and miR-135 by acting as a ceRNA by directly competing with MEF2C and MAML1
for binding of those miRNAs (Cesana et al., 2011).

5.2
5.2.1

Materials and Methods
RNA-Seq Processing

Adapters were trimmed from raw sequencing reads using cutadapt (Martin, 2011).
Afterwards, low quality bases (Phred Quality Score < 20); and subsequent bases;
were trimmed. Then, short reads (< 20 bases) were discarded. Moreover, ambiguous
reads; reads with more than 15 monomer bases; and reads that map to tRNA and
rRNA were discarded. Following, we mapped the remaining reads to the UCSC
human genome release 19 (Lander et al., 2001).
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5.2.2

Assembly, Biotype and Expression quantification

RNA-Seq reads were assembled using CLASS v1.06 (Song and Florea, 2013) for each
timepoint and for each donor separately. The transcripts were then merged with
each other and with the reference transcriptome using cuﬀmerge v1.0.0 (Trapnell
et al., 2010) to create a myogenesis-oriented reference transcriptome. Afterwards,
I used HTSeq v0.6.0 (Anders et al., 2015) to map back the RNA-Seq reads to the
aforementioned reference transcriptome. In order to determine the coding potential
of each transcript in the updated reference transcriptome, I used CPAT v1.1.2 (Wang
et al., 2013) with the suggested threshold for human coding potential.

5.2.3

Outlier donors, dynamic genes and the divergence between healthy and DMD programs

To assess how the myogenic program progresses in each donor, we calculated, for each
transcript, the complexity-invariant distance across all donors. In order to determine
the distance between two donors, we averaged the distance of all transcripts between
these two donors. In order to create a distance matrix, we computed the distance
between all donors as previously mentioned. We then used MDS to project the
matrix onto two-dimensional space (Figure 5.6). Clearly, healthy donor 3 and DMD
donor 2 are outliers when compared to the other donors of the healthy and DMD
phenotype, respectively. We corroborated this finding by examining the expression
profile of key myogenic genes e.g., MYH2, MYH3, MYH8, MYOD1, and MYOG.
Using the remaining two donors as replicates for each phentype, we used edgeR v3.6.8
(Robinson et al., 2010) to retrieve the significantly (qvalue ≤ 0.05) diﬀerentially
expressed genes between any two timepoints, henceforth denoted as dynamic genes.
In order to examine the progression of the myogenesis program, we clustered the
scaled (z-score) mean expression of the dynamic genes taken over the retained donors
for the healthy phenotype using kmeans. Functional enrichment was done using
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GOstats v1.7.4 (Falcon and Gentleman, 2007). Using the mean expression value of
these dynamic genes at each timepoint over the retained donors for each phenotype,
we compute the distance between that specific timepoint and phenotype and all other
timepoints for both phenotypes using IV given in the following formula:
IV (X, Y ) = H(X) + H(Y )−2 I(X, Y )
where H denotes entropy and I denotes mutual information computed using the
”infotheo” R package (Meyer, 2014).
Using this distance matrix, we constructed a MST and then we project it unto
two-dimensional space using MDS.

5.2.4

Annotation of Repeats in human and mouse

I used the perl script ”analyzeRepeats.pl”, part of the HOMER (Heinz et al., 2010)
suite of programs to retrieve the list of human repeats of the families of L1; Alu;
ERVK; and SVA. Subfamilies within these families have retained their ability to
transpose, namely L1Hs; AluY; HERVK (Dewannieux et al., 2006; Brouha et al.,
2003; Hormozdiari et al., 2011; Raiz et al., 2012; Cordaux and Batzer, 2009; Bannert
and Kurth, 2006).

5.2.5

Expression of Repeats

For CAGE -based expression, I considered only normalized CTSSs within 500 bases
upstream and 100 bases downstream of the RE. The expression of the individual REs
was then obtained as the sum of these CTSSs. Any RE which whose total normalized
expression across all samples was <10 was discarded. The average expression per
subfamily was obtained by calculating the average normalized expression for each
subfamily for each timepoint. The final expression was then combined across donors
using loess regression model.
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5.2.6

Identification of putative de novo insertion sites

Since RNA-Seq reads that originate from de novo insertion sites change the genome
sequence, these reads should not be mappable to the genome. Consequently, I took
the reads that failed to map using Tophat v2.0.14 (Kim et al., 2013). I then mapped
these reads onto the human genome release 19 (UCSC) using bowtie (Langmead et al.,
2009) allowing at most 3 mismatches. For each read that did not align using bowtie,
I extracted two segments; the first 20 bases and the last 20 bases. I mapped the
segments separately also using bowtie but allowing no mismatches. Afterwards, I
only retained reads in which one of the segments was uniquely mapping whereas the
other segment was non-uniquely mapping; or mapping to annotated regions; or did
not map. Based on the size of the RNA-Seq reads, 100 bases, the putative insertion
locus should not be larger than that length. Consequently, I retained only putative
insertion sites in which at least five uniquely mapped segments were found at each
termini, which should not be more than 100 bases. Finally, the putative insertion
locus should not be covered by any RNA-Seq reads which was successfully mapped
using Tophat2.

5.3
5.3.1

Results
Towards a myogenesis-oriented transcriptome

Primary samples were collected from six human donors, 1-3 years old. Three of them
were healthy donors (control) while the other three were inflicted with DMD. The
in vitro diﬀerentiation from myoblasts into mature myotubes was assayed at nine
timepoints across a period of 12 days for each of the samples. For each of the nine
timepoints, RNA was collected and sequenced using RNA-Seq and Helicos CAGE.
Due to low sequencing depth, the CAGE libraries have been re-sequenced using Illumina. In total, we sequenced over 2.5 billion reads. Of which, more than 87% mapped
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to the UCSC human genome release 19 (Lander et al., 2001) (Figure 5.1b). Using
the RNA-Seq data and guided by the RefSeq annotation, we assembled the reads
for each donor at each timepoint separately using CLASS (Song and Florea, 2013).
Afterwards, we merged the assembled transcripts of all donors at all timepoints in
order to obtain a myogenesis-oriented reference transcriptome. We have identified a
total of 54, 176 transcripts, corresponding to 29, 793 genes, across all donors across all
timepoints. In order to assess the quality of the overall transcriptome assembly, we
compared the RNA-Seq based expression of these genes to that obtained by CAGE.
Roughly 72% of the genes were also expressed according to CAGE and the minimum
Pearson correlation between any two matched samples was 0.8 (Figure 5.1c,d). Overall gene expression profiles showed that two donors, one DMD donor and one healthy
donor, do not match with other donors of the same phenotype. As such, we excluded
them from analysis, unless otherwise noted, and relied only on the remaining four
donors which show consistent gene expression profile with respect to their phenotype.
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Figure 5.1: Sequencing myogenesis using RNA-Seq and CAGE. A Top shows muscle
diﬀerentiation diﬀerences between healthy and DMD donors taken at three timepoint using fluorescence microscopy. Bottom shows percentage of cells that underwent fusion at the same timepoints.
Clearly, muscle diﬀerentiation is altered in DMD donors. B Total number of reads retained after
preprocessing, Nearly all the reads mapped to the genome. C Number of expressed genes using
RNA-Seq and CAGE. A significant portion of the expressed genes were non-coding genes. Unknown
genes produced both coding and non-coding transcripts. D The reliability of our data is evidenced
by the high correlation between RNA-Seq and CAGE

By merging the assembled transcripts of all donors, across all time-points, we
were able to capture both the donor-agnostic players of myogenesis as well as donors-
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specific variants that might be important in DMD. Consequently, out of these 54, 176
transcripts we identified 6, 164 transcripts that map to 4, 627 putative novel genes.
Using Coding Potential Assessment Tool (CPAT) (Wang et al., 2013), we classified
these 4, 627 genes into three categories; short genes; Transcripts of Uncertain Coding Potential (TUCP) genes; and long non-coding genes (Figure 5.2a). Comparing
the 4, 627 putative novel genes with GENCODE (Harrow et al., 2012); LNCipedia
(Volders et al., 2015); and MiTranscriptome (Iyer et al., 2015) (Figure 5.2b) revealed
that only 66 genes have not been identified previously. These 66 genes were lowly
expressed throughout myogenesis.
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Figure 5.2: The assembled myogenic-oriented transcriptome. A The putative novel genes
were divided into three categories; genes with length < 200 bases were considered Small genes; Of
the remaining putative novel genes, those with coding potential ≤ 0.364 wre designated as lncRNA
genes. The remaining putative novel genes were designated as TUCP genes. Most of the putative
novel genes were lncRNA genes. B Comparisons against known lncRNA databases revealed that
nearly all of the putative novel genes were already identified. This further confirms the reliability of
the assembled transcriptome

Expectedly, most of the genes produce lncRNA. Out of 4, 627 genes, 3, 254 genes
are putative lncRNAs genes. These 3, 254 lncRNA genes produced 4, 626 lncRNA
transcripts. lncRNA are usually multi-exonic. Indeed, out of 4, 626 putative lncRNA
transcripts, 3, 517 transcripts are multi-exonic. Moreover, lncRNAs are lowly expressed and highly time-specific. In order to assess this, we calculated, for each gene,
the total average expression and the specificity for healthy donors across time (Figure
5.3).
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Figure 5.3: Distribution of average expression and time-specificity of genes. A Assigning
each gene a type, based on its status; length; and coding potential, the distribution of average
expression shows clear diﬀerences between coding and lncRNA genes. TUCP genes, as would be
expected from their ambiguous nature, lie in between coding and lncRNA genes. B Specificity
was determined as the ratio of the maximum expression throughout myogenesis over the median
expression. As would be expected, the distribution of time-specificity shows coding genes to be
stable or gradually changing and TUCP genes are more time-specific than coding genes but less
time-specific than lncRNA genes. The lncRNA that we identified using our data is very consistent
with annotated lncRNA genes.

TUCP genes follow a consistent pattern in which they lie between coding genes

74
and lncRNA genes in both average expression as well as time-specificity. lncRNA
genes are more time-specific than coding genes, as would be expected. Interestingly,
short genes are also highly timepoint-specific. Overall, these lowly expressed novel
genes are also highly timepoint-specific. This may explain how they escaped previous
detection. Furthermore, their time-specificity may be indicative of their function in
myogenesis.

5.3.2

lncRNAs in the dynamic control of myogenesis

Myogenesis is a dynamic process which involves a tight temporal regulation of a
number of genes (Le Grand and Rudnicki, 2007). Consequently in order to gain an
overall understanding of these genes and how they aﬀect myogenesis throughout differentiation, we computed the all-vs-all diﬀerential expression fold change of the genes
across time in control samples. Afterwards, we took all resultant 3, 830 genes that are
significantly diﬀerentially (FDR ≤ 0.05) expressed between at least two timepoints;
henceforth denoted as dynamic genes; using edgeR (Robinson et al., 2010). Following,
we clustered their expression across time using kmeans into 5 clusters. These clusters
are associated with distinct and significant (FDR ≤ 0.05) GO terms and consistent
with current knowledge regarding adult myogenesis (Bentzinger et al., 2012) (Figure
5.4).
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Figure 5.4: Expression profiles of dynamic genes’ clusters. Clustering of dynamic genes
produced 5 clusters. The pattern of consecutive activation of these clusters confirms the tight
temporal regulation of the myogenesis process. The GO enrichment of these clusters is consistent
with current knowledge about the timing of myogenesis.

Interestingly, among these 3, 830 dynamic genes, 113 are lncRNAs. lncRNAs have
already been implicated in the normal progression of the myogenic process (Neguembor et al., 2014). For example, H19; Neat1; and Malat1 are all involved in muscle
diﬀerentiation at various levels (Kallen et al., 2013; Sunwoo et al., 2009; Watts et al.,
2013), all of which were among our 113 lncRNAs. The expression of these lncRNAs
shows that they are involved in myogenesis at diﬀerent timepoints. In contrast, their
expression profile in DMD donors shows that several of them are dysregulated in
terms of their expression profile (Figure 5.5).
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Figure 5.5: Expression profiles of dynamic lncRNAs. Nearly half of the dynamic lncRNAs
peak late during myogenesis in healthy donors (left heatmap). Several lncRNAs during myogenesis
of DMD donors (right heatmap) are dysregulated. Left annotation shows the cluster membership
of each lncRNA; they are in order from Cluster 1 (Purple) to Cluster 5 (Olive). Color key shows
scaled normalized RNA-Seq expression
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5.3.3

Contrast between healthy and DMD donors from the
perspective of lncRNAs

The diﬀerences between DMD and healthy donors are likely due to a complex network of interaction and regulation. Consequently, in order to investigate identify the
critical time at which these diﬀerence become pronounced, we calculated the distance
between each timepoint for each phenotype using information variation. Afterwards,
we projected the timepoints for both phenotypes using MDS coupled with MST (Figure 5.6). Interestingly, early myogenesis in DMD and healthy donors proceeds much
the same way until approximately day 2 of myogenesis in healthy donors. Afterwards,
the myogenesis programs in each phenotype increasingly diverge. In order to identify the potential drivers of this divergence, we retrieved all 100 diﬀerentially (FDR
≤ 0.05) expressed genes between the divergence point and the next immediate timepoint. Using CPDB (Kamburov et al., 2011), the pathway enrichment showed that
genes exclusively diﬀerentially expressed in the myogenic program of DMD donors
compared to the 160 genes diﬀerentially expressed in either myogenic program were
significantly (pvalue < 0.01) associated with extracellular matrix organization pathway, which is in fact heavily aﬀected due to the loss of dystrophin gene in DMD
donors (Rahimov and Kunkel, 2013). In addition, the signaling by G protein-coupled
receptor (GPCR) pathway was also enriched in genes that were exclusively diﬀerentially expressed at the divergence point of the myogenic program of DMD donors.
GPCRs are the most abundant receptors at the cell surface and have already been
shown to be involved in myogenesis (Garcia-Guerra et al., 2014). Finally, the wellknown MRF MYOD1 was exclusively found and down-regulated at the divergence
point of the DMD donors’ myogenic program.
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Figure 5.6: Divergence of myogenic program in healthy and DMD donors. Myogenic
program is similar between healthy and DMD donors during early myogenesis. Divergene between
the programs occurs at the critical step of myotube formation which is consistent with earlier fluorescence microscopy images. Original figure generated by Loqmane Seridi

lncRNAs have also been associated with DMD. Recently, a lincRNA was shown to
act as miRNA sponge in normal myogenesis to sequester away miR-133B and miR135 from their targets MEF2C and MAML1, respectively. Moreover, this particular
lncRNA was shown to have reduced levels in DMD patients when compared to control
patients (Cesana et al., 2011). Another lncRNA implicated in myogenesis is H19. H19
is highly expressed in skeletal muscle and encodes two conserved miRNAs; miR-6753p and miR-675-5p. Moreover, Inhibition of H19 decreases diﬀerentiation (Dey et al.,
2014). Among the 100 genes diﬀerentially expressed at the divergence point, the only
lncRNA was H19. Expectedly, H19 was down-regulated at the divergence point in
the myogenic program of DMD donors.
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5.3.4

Regulation at the divergence point

In order to identify any master regulator responsible for the divergence in myogenic
program between healthy and DMD donors, I performed diﬀerential motif analysis
on the promoters of exclusive diﬀerentially expressed genes at the divergence point.
However, I was unable to identify any over-represented motifs which suggests that
the divergence in myogenic program is not caused by a single master regulator. I
then sought to identify any TF motifs responsible for the up-regulation and downregulation of the exclusively diﬀerentially expressed genes at the divergence point
in the DMD donors’ myogenic program. According to my analysis, there were no
significantly over-represented motifs in the promoters of the diﬀerentially expressed
genes. Another possibility, which has been backed by recent reports, suggests that
epigenetic factors may be implicated in the altered myogenic program of DMD donors
(Acharyya et al., 2010; Colussi et al., 2008). Of particular interested are Histone
Deacetylases (HDACs) which, due to the lack of dystrophin, have increased activity
in DMD donors (Colussi et al., 2008). This increased HDAC activity, on a genomewide scale, also leads to genome-wide dysregulation in transcriptional activity, as
observed previously for genes and lncRNA.

5.3.5

Expression of Repeat Elements in human and mouse

Another type of transcriptional units, REs, have been shown by our collaborators
to be actively transposing during myogenesis. Thus, I used CAGE to investigate
REs expression profile throughout myogenesis in healthy and DMD donors. I limited
my analysis to include only those REs which have been shown to be transpositionally active, either in vitro or in vivo in humans (Dewannieux et al., 2006; Brouha
et al., 2003; Hormozdiari et al., 2011; Raiz et al., 2012). Excluding the subfamilies of
the aforementioned REs which show little expression, I compared the expression of
potentially transposition-competent between healthy and DMD donors (Figure 5.7).
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Figure 5.7: Time-course expression of Repeat Elements. REs shows consistent expression
profiles between healthy and DMD donors but only in the early stages of myogenesis. The total
expression, however, diﬀers between healthy and DMD donors, specifically in the case of Alu and
L1 REs

This expression trend is consistent with our collaborators’ data, specifically in
the case of the L1. The high expression of Alu family of REs may be due to their
enrichment in genic regions (Lander et al., 2001). Overall, the observed dysregulation in REs, which is consistent with the aforementioned dysregulation of genes
and lncRNA further reinforce the notion of genome-wide epigenetic drivers for the
myogenic program in DMD donors.

5.3.6

Identification of de novo insertions through RNA-Seq

The dynamic expression profiles of transpositionally-comptent REs may suggest that
they are actively transposing within the genome during myogenesis. Historically, de-
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tection of insertion sites was first done using Southern blot against an element of
interest (Hodgkin and Doniach, 1997). Afterwards, techniques utilizing polymerase
chain reaction (PCR), such as Transposon display (Van den Broeck et al., 1998)
emerged. The drawback of these methods was their ineﬃciency to recover specific
insertion sites (Huang et al., 2012). Later, microarray and high-throughput sequencing technologies were used to identify transposon insertion sites (Huang et al., 2010;
Iskow et al., 2010; Baillie et al., 2011). Considering that de novo insertions may
be transcribed, I developed a pipeline to utilize RNA-Seq data to identify loci of
possible insertion sites. Using this pipeline on our RNA-Seq time-course data of
myogenesis, I identified a total of 17 putative de novo insertion sites across individuals and time-points. Interestingly, 11 of these insertions overlap each other. Thus,
these 17 putative insertion sites represent 9 distinct loci in the genome. Comparing
these insertion sites with previously published catalogs (Baillie et al., 2011; Iskow
et al., 2010; Ewing and Kazazian, 2010; Wang et al., 2006), none of these insertions
appeared elsewhere, suggesting these may be highly specific de novo insertion sites
to the diﬀerentiating muscle. Several of these insertions are highly conserved in 99
vertebrate genomes (Figure 5.8).
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Figure 5.8: Conservation of putative de novo insertion sites. 5 out of the distinct 9 putative
de novo insertion sites are highly conserved. Dotted blue lines represent intergenic insertion sites.
Solid blue lines represent genic insertion sites. Red vertical lines represent ends of the insertion site,
which we set as 100 bases away from the center. Numbers inside parenthesis represent, for each
distinct loci, the number of individual putative de novo insertion sites that overlap it. We obtained
the phastCons conservation score in a 1, 000 base window around the center of the putative insertion
site.

To be able to identify these de novo insertion sites we relied on RNA-Seq reads.
While this prevents the identification of de novo insertion sites that were not expressed, it also enables us to use CAGE to verify their transcription. Consequently,
we visualized CAGE tags in a 200 base window around the centers of the insertions
(Figure 5.9)
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Figure 5.9: CAGE expression around putative de novo insertion sites. Red and blue
line correspond to healthy and DMD donors, respectively. Dotted and solid lines correspond to
intergenic and genic loci, respectively. CAGE expression was taken in a 200 base window around
the center of the putative insertion site. Numbers inside parenthesis represent, for each distinct loci,
the number of individual putative de novo insertion sites that overlap it.

Most of the de novo insertion sites display erratic expression profile. This may
be due to the diﬀerences between healthy and DMD donors with regards to their
myogenic programs or it may be due to insuﬃcient sequencing depth to capture their
very low expression. Nonetheless, several of them show normalized expression ≥ 1
TPM and consistent profiles throughout myogenesis. The importance of these loci
needs further investigation.
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Chapter 6
Identification of de novo insertion sites in development of
the mouse cortex

6.1

Background

Historically, transposition events have been both hailed as contributors to genome
evolution (Cordaux and Batzer, 2009; Deininger et al., 2003; Kidwell and Lisch, 2000)
and denounced as contributors to disease (Kazazian et al., 1988). Consequently, there
are quite a few methods geared towards their identification. Some of these methods
utilize L1 display (Sheen et al., 2000; Ovchinnikov et al., 2001) and some utilize
suppression PCR (Buzdin et al., 2002; Mamedov et al., 2002; Lavrentieva et al., 1999),
and a combination of L1 display and suppression PCR (Badge et al., 2003). With
the advent of next generation sequencing, high-throughput techniques emerged such
as Transposon-Seq (Iskow et al., 2010) and RC-Seq (Baillie et al., 2011). However,
there is much room for improvement as evidenced by conflicting reports regarding
the widespread transposition events in the brain (Baillie et al., 2011; Evrony et al.,
2015). Somatic retrotransposition events in the brain have been suggested to play
a role in Parkinson’s disease and schizophrenia (Abrusan, 2012), as well as cause
colon cancer (Miki et al., 1992). In order to identify possible somatic transposition
events, I designed a pipeline that, unlike all known methods so far, utilizes RNASeq datasets to identify putative de novo insertion sites. I tested this pipeline on
the mouse embryonic cerebral cortex and I reported 40 highly conserved putative
insertion sites.
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6.2
6.2.1

Materials and Methods
Data and pipeline

The data used to evaluate this pipeline were taken from the publicly available NCBI
Gene Expression Omnibus (GEO), accession number GSE39866 (Dillman et al.,
2013). This illustrates one of the key advantages of this pipeline, its ability to be
used with any standard RNA-Seq dataset. This particular RNA-Seq data represent
four independent samples of embryonic (E17) C57BL/6 mouse cerebral cortex. The
choice of using this data is due to the availability of numerous datasets, both transcriptomic and epigenetic, for this particular tissue. Using the Data obtained, I first
converted the data into FASTQ format using the NCBI SRAtoolkit (Leinonen et al.,
2011) v2.4.5. Afterwards I preprocessed the data using cutadapt v1.8.1 (Martin, 2011)
to trim low quality (<20), and discard any ambiguous read, or short (<40) reads, or
monomer (≥ 15 consecutive bases) reads. Then the reads are mapped to the genome
using Tophat2 v2.0.14, and using the UCSC mm10 gene annotation obtained from
the iGenomes project. Afterwards. I use samtools v0.1.19 (Li et al., 2009b) to convert the unmapped BAM file into SAM format which I use to obtain the reads in
FASTA format. Following, I map the reads using bowtie v1.1.1 (Langmead et al.,
2009) allowing at most 3 mismatches. Any read that has been aligned using tophat2
or bowtie is discarded. The ends of the remaining reads are then used to generate
two fragments, each 18 bases long that enable suﬃciently accurate mapping (Shiraki
et al., 2003), which are then also mapped onto the genome using bowtie but allowing
no mismatches. Afterwards, I retain only uniquely mapped fragments of reads in
which the other fragment either does not map; or maps non-uniquely; or maps inside
annotated repeats as given by the mm10 RepeatMasker annotation (Smit, 1999) obtained from UCSC table browser (Karolchik et al., 2004). Using BEDtools (Quinlan
and Hall, 2010), any loci which has ≥ 5 overlapping fragments is retained. Of these
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loci, any pair that is within 100 bases of each other but not overlapping is retained
and designated as the termini of the de novo insertion site. Finally, I retain only
potential insertion sites which are not overlapped by any read that has been previously mapped using tophat2 and merge potential insertion sites that are within 100
bases of another potential insertion site. In order to evaluate the overlap of the putative insertion sites with genes, I used the UCSC refGene RefSeq gene annotation
downloaded from UCSC table browser.

6.2.2

Evolutionary conservation of putative insertion sites

In order to evaluated the evolutionary importance of the putative insertion sites, if
any, I calculated, using bwtool (Pohl and Beato, 2014), the average conservation of
the putative insertion sites as well as in 1000 bases both upstream and downstream
of the putative insertion sites. This conservation score is based on the phastCons
(Siepel et al., 2005) conservation scores of 60 vertebrate species as obtained from
UCSC. In order to analyze the significance of the conservation of the putative insertion
sites against random genomic background, I ran 1, 000 trials. In each trial, I used
BEDTools (Quinlan and Hall, 2010) to create random genomic regions with both
their size and chromosome matching the putative insertion sites. Then, using bwtool,
I calculated the average conservation score for the random genomic regions for each
trial. Finally, the p-value is obtained as follows:

ρ=

Number of trials in which CR ≥ CI
Total Number of trials

where CR denotes the average conservation of random regions
and CI denotes the average conservation of putative insertion sites

(6.2.1)
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6.2.3

Analysis of epigenetic marks nearby the putative insertion sites

For histone modifications, I obtained processed signal data from GEO for the ENCODE project for adult mouse cerebral cortex, with accession number GSE49847 (Yue
et al., 2014), I modeled the histone modification landscape in 1, 000 base windows
upstream and downstream of the putative insertion sites. These histone modification marks include H3 lysine 27 acetylation (H3K27ac), H3 lysine 4 tri-methylation
(H3K4me3), and H3 lysine 4 mono-methylation (H3K4me1), all of which associate
with active transcription, either through promoter or enhancer. Using bwtool (Pohl
and Beato, 2014), I calculated the signal enrichment of these histone modification surrounding the putative insertion sites. As for DNA Methylation, I obtained BisulfiteSeq processed data for adult mouse cerebral cortex from GEO with accession number
GSE42836 (Hon et al., 2013). After converting them into BED format, I calculated
the significance of the average methylation of the putative insertion sites by comparing
their average methylation within windows of 50, 100, and 250 base long upstream and
downstream, to the average methylation of random genomic regions from the same
chromosome and of the same length within the same-sized windows. This comparison
was run 1, 000 times. The p-value of this comparison is derived as follows:

ρ=

Number of trials in which MR ≥ MI
Total Number of trials

where MR denotes the average methylation of random regions
and MI denotes the average methylation of putative insertion sites

(6.2.2)
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6.2.4

Analysis of involvement of putative insertion sites in
chromatin organization

In order to assess the possible contribution of putative insertion sites in chromatin organization, I utilized publicly available Hi-C data for adult mouse cerebral cortex from
GEO with accession number GSE34587 (Shen et al., 2012). After following the homer
pipeline (Heinz et al., 2010) for filtering reads based on the recommended setting for
HindIII restriction enzyme. I also used the homer pipeline, with parameters “-res
100000” and “-superRes 500000” for the identification of significant interactions. In
order to determine whether putative insertion sites were significantly over-represented
in sites of chromosomal interaction, I used BEDTools (Quinlan and Hall, 2010) to calculate the number of putative insertion sites within regions of significant chromosomal
interaction and compared it with the number of randomly generated genomic regions
of the same chromosome and of the same size. I repeated this comparison 1, 000 times
in order to derive a p-value which is as follows:

ρ=

Number of trials in which HR ≥ HI
Total Number of trials

where HR denotes the average number of chromatin interaction domains overlapping
each random genomic regions
and HI denotes the average number of chromatin interaction domains overlapping
each putative insertion sites
(6.2.3)

6.2.5

Over-represented Motif analysis nearby putative de novo
insertion sites

In order to identify any over-represented motifs in the flanking region around the
putative de novo insertion sites, I used MEME v4.10.1, a part of the MEME suite
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(Bailey et al., 2009), on a 400 base window upstream and downstream of the putative
de novo insertion site. Beside default arguments, the command arguments I used are
the ”oops” and the ”revcomp” parameters. I also limited the number of identified
motifs to only 10. To compare the significantly (E-value ≤ 0.05) over-represented
motifs against TFBSs of known vertebrate TFs, I used TOMTOM (Gupta et al., 2007)
v4.11.2 with the following parameters ”-min-overlap 5 -dist pearson -evalue -thresh
10.0”. For downstream investigation, I only selected significant (q-value ≤ 0.05)
TOMTOM matches.

6.2.6

Investigation of TE family associated with putative de
novo insertion sites

In order to associate each putative de novo insertion sites with a potential type
of RE, I used NCBI BLAST+ v2.2.31 in (Camacho et al., 2009) in conjunction with
RepBase release 20.12 (Bao et al., 2015), using only the Rodent reference repeats. The
command line arguments for BLAST are the default parameters and using ”blastnshort” as the task. Afterwards, I filtered out any blast hit with alignment length < 20
bases or E-value < 0.05.

6.3
6.3.1

Results
A pipeline to identify de novo insertion sites

When mapping reads from RNA-Seq datasets, the mapping rate is never 100%. Instead, the expected mapping rate is approximately 70% − 90% for human (Conesa
et al., 2016). This may be caused by the library preparation method (removal of
rRNA) as well as the quality of the reads themselves in terms of base quality and
abundance of adapters. However, I believe that a very small fraction of the unmapped reads may reflect the transcription of newly inserted REs and I have designed
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a pipeline to identify these insertion sites as shown in the schematic 6.1).

Somaic Transposiion

Transcripion

Sequencing

L

R

Figure 6.1: Schematic depicting the basic idea behind the pipeline to identify putative
de novo insertion sites. Somatic transposition occurs when a REs integrates itself within the
host genome after creating a nick in the DNA. After the DNA is altered, transcription arising from
the genome should include the newly inserted sequence which would then reflect in some of the
sequencing reads. Double lines represent the two strands of the genome. Spline represents the
transposed RE

The major advantage of the pipeline is that it relies on regular RNA-Seq data to
identify de novo insertion sites. Thus, with the huge amount of publicly available
RNA-Seq datasets, this pipeline could give valuable insight into the micro-evolution
of the genome in many diﬀerent cell types, tissues, and across development or diﬀerentiation. Another advantage that can be readily observed from the tentative pipeline
6.2) is its simplicity. This simplicity allows the identification of de novo insertion
sites in reasonable time, usually in the order of a few hours per RNA-Seq dataset,
and also allows for direct alteration to the pipeline itself. Unfortunately, both the
aforementioned advantages are also the disadvantages of the pipeline. The reliance on
RNA-Seq datasets basically restricts the pipeline to only those insertion sites that are
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transcribed, which may be a very small fraction of the total number of transposition
events that occurred. The simplicity of the pipeline forces any desired alteration to
be directly put forth in the main program, which may be cumbersome to some of its
potential users. In addition, the pipeline relies on a few parameters that have been
selected for the specific datasets analyzed in this thesis and may not be suitable for
all RNA-Seq datasets.
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RNA-Seq reads
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putaive inserion
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Examinaion of
putaive inserion
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ïTrim adapters and low quality bases
ïMap ﬁltered reads to genome using Tophat
ïDiscard mapped reads and retain only unmpapped reads

ïExtract a right and a let segment of each unmapped read
ïMap reads using Bowie and retain reads in which one segment is uniquely mapped to the
genome, whereas the other segment is mapped either:
ïNon-uniquely
ïinside an annotated repeat
ïDoes not map

ïMerge nearby reads into potenial inserion site juncions
ïRetain juncions containing at least 5 reads
ïOf the retained juncions, keep only paired closeby juncions

ïRetain only sites which are not covered by any Tophat mapped reads

Figure 6.2: Tentative description of the pipeline to identify putative de novo insertion
sites. The tentative description is composed of four sequential steps. It relies on unmapped reads
as potential “insertion junction-spanning” reads. The size of the left and right fragments may be
set to the desired size. However, very small fragments may result in false positive candidates and
very large fragments may remain unmapped and escape detection. Exclusion of putative de novo
insertion sites which are overlapped by previously mapped reads reduces false positive candidates

The pipeline first begins by preprocessing RNA-Seq reads. This preprocessing
involves trimming low quality bases as well as discarding short reads. After discarding
mapped reads, I reaﬃrm this by mapping the unmapped reads again to the genome
using an ungapped aligner, namely bowtie (Langmead et al., 2009). Any read that
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has been mapped to the genome is discarded. The remaining reads are cut into
two fragments, whose size is specified manually, and aligned to the genome. Since I
am interested in identifying de novo insertion site, I retain only uniquely mapping
fragments in which the other fragment, which belongs to the same read, maps: nonuniquely; or to annotated repeat regions; or does not map. Afterwards, loci with at
least five overlapping fragments are kept. Of these loci, only pairs which are nearby
but not overlapping are designated as potential insertion site boundary and the entire
region between those two boundaries is designated as a putative insertion site (Figure
6.3). As a final check, I only retain putative insertion sites which are overlapped by
any previously mapped read.
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Figure 6.3: Schematic depicting the crux of the pipeline. Starting from the preprocessed
unmapped read, two fragments (green and orange), from each end, are aligned to the genome
(represented as double lines). I retain uniquely mapped fragments, if their corresponding other
fragments map non-uniquely; maps within annotated repeats (red segment); or does not map. Peaks
composed of at least five overlapping fragments are kept and nearby (within 100 bases) peak pairs
are retained.

6.3.2

Putative insertion sites are mostly intergenic

Using this pipeline, I identified a total 79 putative insertion loci across all samples.
However, many of loci found in one sample were also found within 500 bases of another loci in a diﬀerent sample. Indeed, out of these 79 sites putative insertion loci, 64
loci were found in at least one other sample, these 64 loci represent 25 of 40 distinct
putative insertion sites. Using Genomic Regions Enrichment of Annotations Tool
(GREAT) (McLean et al., 2010), these putative insertion sites were not enriched for
any GO terms. Their closest genes, which were on average 36 kilo bases away, were
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over-represented for the visual phototransduction pathway according to ConsensusPathDB (CPDB) (Kamburov et al., 2013). Out of these 40 putative insertion sites, 5
sites overlapped genes, namely Raet1b; Plxdc1; Cnga1; Myrip; 4930503E24Rik, one
of which (4930503E24Rik) is a lncRNA. Moreover, GO enrichment of these genes
did not reveal any significantly over-represented terms. Thus, 35 out of 40 putative
insertion sites were intergenic. Due to the reliance on RNA-Seq reads which span the
junction between the putative de novo insertion site and genomic DNA, the types
of REs associated with these putative de novo insertion site cannot be conclusively
established. Nonetheless, using NCBI BLAST+ (Camacho et al., 2009) and RepBase
(Bao et al., 2015), I retrieved a list of potential TEs which may be associated with
putative de novo insertion site. Out of 40 putative de novo insertion sites, only 11
were associated with at least 1 type of RE. These 11 putative de novo insertion sites
did not show any bias towards any specific family of REs. Instead, several potential
REs were associated with each of the 11 putative de novo insertion sites.

6.3.3

Putative insertion sites are not associated with higherorder chromatin organization through long range interactions

Considering that putative insertion sites themselves were not significantly enriched in
GO terms, but rather their closest genes were significantly enriched for the visual phototransduction pathway. I sought to investigate whether putative insertion sites were
involved in long range interactions with their neighboring genes, I utilized a publicly
available Hi-C dataset for adult mouse cerebral cortex (Shen et al., 2012). Hi-C is
able to capture very long range as well as interchromosomal interactions, however, its
resolution is usually 500KB − 1M B. Therefore, I was unable to use it to investigate
the interaction between the putative de novo insertion sites and their neighboring
genes, which are 41 kilobases away on average. Rather, I investigated whether pu-
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tative insertion sites were within domains of increased intrachromosomal interaction
compared to random genomic background. In order to determine the significance
of this comparison, I repeated this analysis 1, 000 times. I have also conducted the
same analysis but relying only on interchromosomal interactions. Clearly, putative
de novo insertion sites were not within domains of increased chromatin interaction,
either intrachromosomal or interchromosomal (Figure 6.4).

Average number of interactions per site
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Intrachromosomal
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Figure 6.4: Association of putative de novo insertion sites with chromatin interactions.
Putative de novo insertion sites (red dot) do not seem to be in domains with increased chromatin
interaction, either intrachromosomal or interchromosomal, compared to random genomic background
(box plot)

Although I did not find an increased level of chromatin interaction from domain
that encompass the putative de novo insertion sites, it is important to note that
this Hi-C dataset is based on adult cerebral cortex, whereas the putative de novo
insertion sites were identified in the embryonic cerebral cortex. Therefore, it may be
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that some putative de novo insertion sites were involved in chromatin organization
but during embryonic development, a hypothesis that requires further investigation
when embryonic Hi-C data becomes available.

6.3.4

Investigation of epigenetic landscape nearby putative
insertion sites

Repeat elements are known to be usually methylated (Jin et al., 2011). Using publicly
available DNA methylation data of the adult mouse cerebral cortex (Hon et al.,
2013), I calculated the average methylation percentage around the aggregate putative
insertion sites and compared it with random genomic regions. As expected, regions
around putative insertion sites show significantly higher average methylation that
random regions (Figure 6.5) (ρ <0.01) and it is substantially higher than the average
methylation across the entire genome. This increased methylation around the sites of
putative de novo insertion reinforces the notion that these sites may be true de novo
insertion sites. However, further experiments are needed to verify this notion.
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Figure 6.5: Average DNA methylation percentage around the putative de novo insertion sites. Average DNA methylation percentage, as obtained from publicly available Bisulfite-Seq
data, in regions of increasing size around the putative de novo insertion sites (red dot) revealed they
are significantly more enriched with methylated CpG than random genomic background (box plot)
and are much higher than the average percentage of DNA methylation observed in CpG dinuclotides
across the genome (green line)

Methylated regions usually lack transcription (Moore et al., 2013). In order to
further verify that these sites are eﬀectively silenced, I analyzed H3K27ac, H3K4me3,
and H3K4me1 histone modification signal of adult mouse cerebral cortex (Yue et al.,
2014) around the aggregated putative insertion sites, There does not seem to be any
enrichment of these specific histone modification marks (Figure 6.6). It should be
noted however, that these histone modification marks are commonly associated with
promoters and enhancers. This is consistent with the increased DNA methylation
surrounding these putative de novo insertion sites. Unfortunately, there were no
publicly available histone modification marks related to repression, e.g. H3 lysine
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9 di-methylation (H3K9me2) (Martens et al., 2005; Slotkin and Martienssen, 2007),
that I could also investigate to verify the epigenetic state of these regions.
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Figure 6.6: Aggregate histone modification signal at the putative de novo insertion
sites. Histone modification signal in 2, 000 bases around the putative de novo insertion site (red
block) did not reveal any enrichment for the three histone modification marks, H3K4me1 (green);
H3K27ac (red); H3K4me3 (blue)

6.3.5

Putative insertion sites are highly conserved

Being located at intergenic regions, I expected these sites to be conserved no more
than what is expected for the majority of the genome, that is to be lowly conserved.
Surprisingly, these putative insertion sites were very highly conserved among 60 vertebrate species (Figure 6.7). This high conservation was significantly more than
expected by chance when compared to random genome regions (ρ <0.001).
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Figure 6.7: Aggregate phasCons conservation scores at the putative de novo insertion
sites. The average conservation score (red) in a window of 2, 000 bases around the putative de novo
insertion sites (green block) revealed these sites are highly conserved among 60 vertebrate species.
Also, these sites were significantly more conserved than random genomic background (cyan)

The high conservation of these putative de novo insertion sites suggests a mechanism by which these particular regions were selected to receive the putative de novo
insertions. Therefore, I sought to determine whether the surrounding regions of these
putative de novo insertion sites had any over-represented motifs. It is known that L1
insertions in the genome, and those TEs which hijack its machinery, are often flanked
by Target Site Duplications (TSDs) (Jurka and Klonowski, 1996). However, since my
pipeline is not able to identify the type of repeat associated with the putative de novo
insertion site conclusively, I am unable to verify whether this characteristic holds in
the case of these 40 putative de novo insertion sites. I was able to retrieve four significantly (E-value ≤ 0.05) overrepresented motifs in the surrounding regions of the pu-
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tative insertion sites (Appendix ??). Afterwards, I compared these over-represented
motifs against TFBSs of known vertebrate TFs. Only one over-represented motif
was significantly (q-value ≤ .05) similar to the TFBS of Zfp263. However, Zfp263
is not expressed in the embryonic cerebral cortex according to the Allen Brain Atlas
(Sunkin et al., 2013). Consequently, this result may suggest epigenetic control over
the selection of genomic regions to receive the putative de novo insertion sites. A
study conducted in Entamoeba Histolytica reported that DNA structure measures
may also be involved in the selection of de novo insertion sites (Mandal et al., 2006).
Whether this applies to the putative de novo insertion sites described here needs
further investigation.
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Chapter 7
Concluding Remarks

7.1

Summary

In this thesis, I examined non-coding elements and specifically Piwi-Interacting RNA
(piRNA), lncRNA, and Repeat Elements (REs). Although piRNAs represent the
genome’s defense mechanism against disruptive transposition events. However, not
all transposition events are harmful to the host genome. On the contrary, some
transpositions have been shown to be drivers of genome and gene evolution (Studer
et al., 2011). Furthermore, the piRNA machinery, which was first discovered in the
germline (Aravin et al., 2006), is not only used for defense against transposition events,
but also to aﬀect protein-coding genes’ transcripts. Considering that transposition
events are commonplace within the brain (Coufal et al., 2009; Thomas et al., 2012;
Baillie et al., 2011), I sought to determine whether the piRNA machinery is also
active in the brain. Indeed, through my work on piRNAs in mouse brain, I showed
that not only are piRNAs expressed only in the adult stage of postnatal mouse brain
development, but also that they are expressed from a subset of highly abundant,
pachytene piRNA clusters. These pachytene piRNAs were shown to be involved in
massive mRNA degradation, with no enrichment of any significant GO terms, as part
of the spermatogenesis process (Gou et al., 2014). Noting that piRNAs produced from
the subset of piRNA clusters expressed in adult brain were almost identical to those
piRNAs produced from pachytene piRNA clusters, I reasoned that piRNAs may also
be targeting mRNA in the adult mouse brain. Therefore, I computationally predicted
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putative targets for adult brain piRNAs, several of which target protein-coding genes.
However, pathway and GO enrichment did not reveal any over-represented pathways
or terms. This may be due to the fact that whole brain tissue was used to obtain
the samples. Thus, using specific cell types in future investigation may lead to more
precise characterization of the context in which these piRNAs are produced and their
putative targets, both protein-coding and Transposable elements (TEs).
The transcription of pachytene piRNA clusters in mouse testes is controlled by
A-Myb (Li et al., 2013b). Since all piRNA clusters expressed in the adult mouse brain
were among the piRNA clusters expressed in the pachytene stage of spermatogenesis,
I expected that A-Myb should also be expressed in the adult mouse brain. Although
A-Myb is indeed expressed in the adult mouse brain, only a subset of pachytene
piRNA clusters are expressed in the adult mouse brain. This selective transcription
suggests other actors, potentially TFs, may be involved in the transcription of the
piRNA clusters expressed in adult brain. Consequently, through the use of diﬀerentially over-represented motifs, I predicted candidate regulators of this subset, namely
Eomes; Meis1; Sox4; Zic1; Zic2. Several of these TFs were implicated in neurogenesis. Using publicly available ChIP-Seq data for Zic2 in adult cerebellum, I verified
the binding of Zic2 in the promoters of piRNA clusters that were not expressed in
adult brain, which is consistent with its potential function as a repressor. Although
there were no publicly available ChIP-Seq data for the other TFs, the agreement
between experimental Zic2 ChIP-Seq data and my approach, which is based on differential over-represented motifs, testifies to the validity of my approach and raises
confidence in the involvement of the predicted potential regulators of piRNA cluster
transcription in adult mouse brain.
piRNAs bind in a length-dependent manner with proteins of the PIWI-subfamily
(Siomi et al., 2011), which are MILI; MIWI; and MIWI2 in mouse. In order to
identify which of the aforementioned proteins was likely to be binding piRNAs in
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adult mouse brain, I analyzed the length distribution of the piRNAs and compared
it with publicly available IP data. The length distribution of the publicly available
piRNAs is consistent with current literature and reflects distinct preferred lengths for
each of the three PIWI-subfamily proteins. Applying the same approach to piRNAs in
adult mouse brain, I observed that these piRNAs were most similar to piRNAs bound
to MILI in terms of their length. Interestingly however, MILI was not expressed in
the adult mouse brain. Since piRNAs only form a complex with PIWI subfamily of
Argonaute proteins in the germline, it is important to investigate whether this also
holds in the case of somatic tissues and cell types.
Another highly abundant type of Non-Coding RNA (ncRNA) is lncRNAs. lncRNAs have been implicated in almost all cellular processes and through very diﬀerent
mechanisms (Mercer et al., 2009; Chen and Carmichael, 2010; Ponting et al., 2009;
Hannon et al., 2006). As such, it is reasonable to assume some lncRNAs are implicated in myogenesis, one of many well-studied systems in terms of progression and
temporal regulation (Le Grand and Rudnicki, 2007). Nonetheless, very few studies
performed time-course study of myogenesis in healthy primary cells. Moreover, we
also investigated the myogenesis process in Duchenne Muscular Dystrophy (DMD)
patients. Having a time-course study of this depth (>2.5 billion reads) and resolution (52 total samples) enabled me to create a reference transcriptome able to capture
myogenesis-specific lncRNAs. Indeed, I identified 4, 627 putative novel genes, of which
1, 806 were putative lncRNAs. However, most of these lncRNAs have already been
identified by large-scale transcriptome projects (Harrow et al., 2012; Volders et al.,
2015; Iyer et al., 2015). Nonetheless, these putative lncRNAs may very well be involved in the myogenic process even though they were previously identified and our
high-resolution time-course dataset enables us to pinpoint, to a certain extent, the
time at which they become involved in the myogenic process.
Using the myogenic-oriented transcriptome, we clustered the genes that are dy-
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namically expressed across time in healthy donors. This clustering resulted in five
distinct patterns, each of which was enriched in GO terms related to myogenesis.
Moreover, these terms were consistent with current literature regarding the normal
progression of the myogenic process. Among these dynamically expressed genes, I
retrieved many of the well-known lncRNA players involved in myogenesis, such as
H19, Malat1, and Neat1 (Kallen et al., 2013; Sunwoo et al., 2009; Watts et al., 2013).
Our dataset enabled us to focus on their expression profile throughout myogenesis
as well as contrast these expression profile against those belonging to DMD patients.
Based on this contrast, dynamically expressed lncRNAs seem to have been largely
dysregulated in terms of both their abundance as well as their timing. This dysregulation was also observed in well-known protein-coding genes involved in myogenesis,
e.g. MYOD1; MYOG. We then investigated the point in time at which the myogenic
program in DMD donors deviates from that of healthy donors, which we clearly identified in early myotube formation. At this divergence point, we have retrieved many
of the well-known factors involved in myogenesis, e.g. MYOD1; MYOG, as well as
several other that may be implicated, e.g. SMYD1. As for lncRNAs, H19 was the
only lncRNA that was diﬀerentially expressed between the healthy donors’ and DMD
donors’ myogenic programs. H19 is a very well-known lncRNA implicated in myogenesis through several mechanisms; through the production of two miRNA, namely
miR-675-3p and miR-675-5p that promote diﬀerentiation (Dey et al., 2014); and
through acting as scaﬀold for K homology-type splicing regulatory protein (KSRP)
to interact with transcripts that control myogenesis (Giovarelli et al., 2014).
Interestingly, genes that were diﬀerentially expressed in DMD patients only were
enriched for the signaling by GPCRs and extracellular matrix organization pathways
when compared against all diﬀerentially expressed genes at the divergence point.
GPCRs are the largest family of proteins at the cell surface which mediate cellular
response to diverse chemical cues (Hill, 2006). Considering that GPCRs transduce
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signals from the extracellular cellular matrix, a critical player for myogenesis (Stern
et al., 2009) which is altered in DMD patients (Zanotti et al., 2007). These signals are
then converted into intracellular response (Walsh et al., 2008). Thus, it is reasonable
to think GPCRs may be involved in myogenesis. Indeed, GPCR kinase 2 is required
for normal skeletal muscle myogenesis (Garcia-Guerra et al., 2014).
In order to investigate whether this divergence is caused as a result of TF regulation, I used HOMER (Heinz et al., 2010) to retrieve any over-represented motifs.
According to the results, there were no significantly overrepresented motifs which
may suggest that several TFs may be involved rather than a single master regulator.
Another possibility is that this divergence is controlled epigenetically. Recent reports
show that myogenesis is controlled through HDACs at multiple levels (Puri et al.,
2001; Ohkawa et al., 2006, 2007; Sincennes et al., 2016). Furthermore, HDAC2 is
upregulated in mdx mice, a model system for DMD, and mdx mice exhibit a global
increase in acetylation (Colussi et al., 2008).
Consistently with a global altered epigenetic landscape due to dysregulated HDACs
leading to altered transcriptome, our collaborators have shown that REs are also affected in DMD donors when compared to healthy donors. REs are widespread across
the genome, and many of which have already been implicated in various cellular
processes. From providing alternative promoters to nearby genes to up-regulation
of protein synthesis to stem-cell maintenance (Denoeud et al., 2007; Zucchelli et al.,
2015; Fort et al., 2014). To assess the expression arising from REs within the context
of myogenesis, I used CAGE data to profile the expression of possibly transpositioncompetent REs. Consistently with our collaborators’ findings, Alu and L1 seem to
be dynamically expressed throughout myogenesis and diﬀerent between healthy and
DMD donors. The dynamic expression of transposition-competent REs may suggests
that these REs are indeed transposed. Ongoing somatic transposition events have
also been shown to cause cancer and brain disorders (Miki et al., 1992; Abrusan,
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2012).
The identification of bona fide somatic transposition events is fraught with sources
of error, e.g., the rarity of such events; sequencing errors leading to artificial chimeric
reads; lack of clear hallmarks of such events (Richardson et al., 2014). Many methods
have emerged to try and identify these transposition events (Sheen et al., 2000; Buzdin
et al., 2002; Iskow et al., 2010; Baillie et al., 2011; Evrony et al., 2015) and with
contradicting results (Baillie et al., 2011; Evrony et al., 2015). In order to potentially
identify putative de novo insertion sites, I designed a pipeline utilizing RNA-Seq
datasets, unlike other available methods (Levano-Garcia et al., 2005; Nakagome et al.,
2014; Baillie et al., 2011). Although this limits the pipeline to putative de novo
insertions that are transcribed, being able to tap into the huge repository of publicly
available RNA-Seq datasets greatly outweighs this shortcoming. Moreover, Using
RNA-Seq reads to identify putative de novo insertion sites without confirmatory
PCR experiments may be viewed as likely unreliable. However, when I tested this
pipeline on embryonic mouse cerebral cortex, I retrieved a list of 40, mostly intergenic,
putative de novo insertion sites. The reproducibility I observed in which 25 out of
the 40 putative de novo insertion sites were found in at least two of four independent
samples suggests that the approach is robust and the data is consistent.
Examining the epigenetic marks surrounding these putative de novo insertion
sites in adult mouse cerebral cortex, I observed that these putative de novo insertion sites exhibited enrichment of DNA methylation significantly larger than random
genomic regions. Since REs are usually methylated (Jin et al., 2011), I believe this
is corroborating evidence towards the reliability of these putative de novo insertion
sites, although further experiments are needed to verify these putative de novo insertion sites. I also analyzed publicly available histone modification marks of the
adult cerebral cortex, namely H3K27ac; H3K4me1; H3K4me3, near the putative de
novo insertion sites. Consistently with the increased methylation at these putative
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de novo insertion sites, there were no enrichment of any these histone modification
marks which are often associated with enhancers and promoters.
In order to obtain hints regarding the function of these de novo insertion sites, I
used GREAT (McLean et al., 2010) since most of these de novo insertion sites were
intergenic. Although the putative insertion sites themselves were not enriched in any
GO terms, the closest genes to these sites were enriched for the visual phototransduction pathway according to CPDB (Kamburov et al., 2013). The close proximity
of the putative de novo insertion sites to their closest genes, which is 36 kilo bases,
prevented me from utilizing the long range chromatin interaction dataset (Shen et al.,
2012) to investigate direct interactions. Nonetheless, I investigated whether the regions which accepted the putative de novo insertion sites showed increased chromatin
interaction compared to random regions. According to my analysis, regions that accepted the putative insertion sites do not show any significant increase in chromatin
interaction, whether intrachromosomal or interchromosomal. A study has shown an
association between Double Stranded Breaks (DSBs) and enhancers in B cells as part
of the hypermutation process due to an immune response (Papavasiliou and Schatz,
2000). Considering that any transposition requires the generation of a DSB, I sought
to investigate the possible connection between these putative insertion sites and enhancers. Therefore, I compared the putative insertion sites against the FNATOM5
enhancer atlas (Arner et al., 2015), 12 of these putative de novo insertion sites were
within 500 bases from an annotated enhancer. Another hypothesis suggests that the
function of the putative insertion sites may lie with the actual sequence of the REs
being transposed, e.g. the insertion of a TFBS. However, due to the reliance of the
pipeline on the reads that span the junction between the putative insertion site and
genomic DNA, I was unable to conclusively determine the type of REs associated
with each putative insertion site. Nonetheless, using NCBI BLAST and RepBase, I
retrieved candidate REs for only 11 out 40 putative insertion sites. Furthermore, for
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most of these putative insertion sites, the potential REs associated with each of the
putative insertion site are from diﬀerent classes and families of REs.
Unusually, the overwhelming majority of these putative de novo insertion sites
were very highly conserved among vertebrates. Consequently, I investigated whether
these putative de novo insertion sites and their surrounding regions contained any
over-represented motifs which may help explain how these particular, highly conserved regions, were selected for de novo transposition. According to the analysis I
performed, there were four significantly over-represented motifs in the surrounding
region of the de novo insertion sites. When comparing these motifs to known binding
sites of vertebrate TFs, only one of these motifs was significantly similar to the TFBS
of Zfp263. However, Zfp263 is not expressed in the embryonic brain, according to
Allen Brain (Sunkin et al., 2013). While Zfp263 may not bind the region surrounding
the putative insertion sites, the over-represented motifs themselves may be necessary
for the selection of these highly conserved regions as recipients of the putative insertion sites. A study has listed a few measures which control which genomic regions are
selected for de novo insertions (Mandal et al., 2006). While that study was conducted
on Entamoeba Histolytica, it may still apply to embryonic mouse brain. Furthermore,
the role of epigenetics, e.g. histone modifications, as regulators of dynamic switching
between heterochromatin and euchromatin should not be overlooked. Nonetheless,
with the currently available data, it is unclear to me how these particular highly
conserved regions were the target site of the putative de novo insertion events.
Having tested the pipeline, I applied it to the RNA-Seq data of myogenesis. Although I identified nine putative de novo, only three were reproducible in another
sample. Furthermore, only five of the nine putative insertion sites were highly conserved. Using CAGE, I profiled the transcription surrounding these nine sites, only
one highly conserved putative de novo insertion site exhibited consistent expression
profile in both healthy and DMD patients. Incidentally, this single putative insertion
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site lies at the center of a bi-directional enhancer that we identified using CAGE data.

7.2

Future Perspectives

In this section, I will describe my future plans to investigate the results described
throughout the thesis. Regarding piRNA, I believe the biggest question that remains
to be investigated is the function of these piRNAs. Although I have predicted several
targets for these piRNAs, the targeting method I have utilized was originally used for
MIWI, a protein which may not bind piRNAs in the adult mouse brain due to piRNA
length discrepancies. In order to identify the exact targets of these piRNAs, I believe
knockdown experiments are necessary. These knockdown experiments will either focus
on preventing the expression of piRNAs themselves by targeting the regulator(s) of the
transcription of piRNA clusters, or these experiments will focus will target the protein
with which piRNAs bind. Identifying the regulator of piRNA cluster transcription
should be fairly straightforward by regular knockdown experiments aimed at any of
the five candidate regulators I predicted and measuring the level of piRNA cluster
transcription through sRNA-Seq. Identifying the protein which binds piRNAs in
adult mouse brain, albeit more diﬃcult, can be done through adaption of RC-Seq
(Sanchez-Luque et al., 2016) technology in which the RNA of the cells is subjected to
cross-linking followed by IP in which the probe used would match a highly expressed
piRNA sequence. The resulting material from the IP would then be sent for Mass
Spectrometry (MS) in order to identify the protein which binds piRNAs in the adult
mouse brain.
As for lncRNAs, based on my results, I believe the next step would be to investigate the lncRNAs that have been dynamically expressed throughout myogenesis
and try to infer their roles through knockdown experiments. In addition, I believe
that ChIP-Seq experiments for HDACs and histone modifications as well as DNA
methylation experiments throughout myogenic process in healthy and DMD donors
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would shed significant light onto the epigenetic landscape that underlies and perhaps
drives the progression of aberrant myogenesis in DMD donors. This is of particular
importance due to the role that the dystrophin gene plays at the interface between the
intra- and extra-cellular environments. The association between GPCRs and HDACs
could provide important insight, with real clinical applications, on the mechanism by
which HDAC inhibitors aﬀect the cells.
Regarding REs, I believe the most critical step would be to verify that the putative
de novo insertion sites are bona fide de novo insertions. As part of this verification of
the putative insertion sites, the retrieval of the actual REs that were transposed should
help greatly in the understanding of the functions of the putative insertion sites.
Concurrently, applying the pipeline I designed to various other primary cells as well
as cell lines, preferably with an abundance of publicly available data, should help to
better understand the roles which the putative insertion sites may play. Furthermore,
the comparison between the diﬀerent primary cells and cell lines may shed some light
onto the tissue specificity as well as the time specificity of these putative insertion
sites. Finally, experiments that assay the epigenetic landscape of the samples may be
necessary in order to understand the mechanisms which guide the putative de novo
insertion sites to regions of very high sequence conservation.
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Figure A.1: Filters applied to determine the expressed piRNA clusters in each sample
Filtering non-expressed piRNA clusters. Scatter point shows expressed piRNA clusters (blue): pass
threshold of 10 rpkm (horizontal); 100 reads (vertical); have more uniform-like coverage of reads
(metric; see methods).

152

0.5

0.4

Stage
Adult
Day10
Day14

0.3

Density

Day15
Dpc16
E18
Anti.body
MILI

0.2

MIWI
MIWI2

0.1

0.0

25.0

27.5

30.0

32.5

35.0

Length

Figure A.2:

Comparison of piRNA length distribution according to their associated
protein Piwi-like genes bind piRNAs of specific sequence lengths. Line-plot shows sequence length
distribution of piRNAs obtained from publicly available PIWI-like proteins IP datasets. piRANs of
lengths 26−27 bp, 28−29 bp and 29−31 bp associate to MILI, MIWI2 and to MIWI. These datasets
were obtained from the following NCBI GEO series: GSE7414, GSE12757, GSE16023, GSE18825,
GSE19172, GSE26251, GSE27623, GSE32184, GSE39203.

153

Generalized Fold Change (GFOLD)

1

0

−1

−2

−3

Predicted Target Genes

Non−Target Genes

Figure A.3: Comparison of GFOLD Distribution of miRanda-predicted piRNA targets
versus non-targets miRanda-predicted target genes do not exhibit more down regulation than nontarget genes (p-value 0.5122). The similarity between the two distributions suggests that piRNAs
in adult brain may not be implicated in massive mRNA deadenylation.
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Motif 1: E-value 4.1e-035
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Motif 2: E-value 8.9e-012
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Motif 3: E-value 6.4e-008
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Motif 4: E-value 4.2e-005
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Figure B.1: Significant Over-represented Motifs in the flanking region of putative de
novo insertion sites. Four motifs were significantly over-represented in the region surrounding
the putative de novo insertion sites. Only one motif (Motif 2) was significantly similar to the TFBS
of Zfp263. E-value above each motif is as obtained from MEME.
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