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Abstract

In biology and medicine, the expression of particular gene transcripts and proteins
is often used to identify particular cell types, developmental states, or pathogenic states to
which they are unique. In this context, such transcripts and proteins are termed molecular
markers. Molecular markers are indispensable in many facets of scientific research and
can ultimately be used to reveal the biology behind their functions as such. However, in
many cases, knowledge of which markers are ideal for a given task is still an elusive goal.
In particular, developmental and stem cell research strongly relies on both protein and
nucleotide molecular markers for numerous aspects as cell state and identity is very

important in these fields.

To identify protein-coding transcripts which may indicate novel stem cell marker
proteins, a database of heterogeneous murine stem cell microarray data was analyzed
using a novel clustering method. Analysis of transcripts enriched in markers demarcating
undifferentiated and differentiated cells revealed that aggregate functions could be
defined for markers of differentiated cells, but not for those in undifferentiated cells. In
addition, the results indicated that genes expressed in mammalian stem cells and their
immediate derivatives have common ancestors in the sea urchin, suggesting that

mechanisms governing mammalian stem cells were established very early in evolution.

To identify novel non-coding RNA markers in a muscle system, a ncRNA
prediction approach enabling the detection of longer ncRNAs was used to identify
miRNA containing sites in the mouse genome. The use of EST data was determined to
improve ncRNA prediction strategies during the development of this method by

evaluating the performance of miRNA prediction by combining information regarding



structured RNA loci with EST data according to a miRNA biogenesis model. The
methodology described herein was employed to identify and validate novel ncRNAs

exhibiting potential control over Myf5 during myoblast differentiation.
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1.1 General Overview

The general theme of this thesis covers the development of methods used to
predict candidate molecular markers in the forms of either translated proteins or

transcribed nucleotide sequences. It is organized into three major sections:

In the first section, we hypothesized that stem cells exhibit unique patterns of
gene expression. Therefore, to identify potential protein markers with which to
distinguish different types of stem cells, publicly available murine microarray gene
expression data from StemBase (Perez-Iratxeta et al., 2005a) was analyzed. To this end,
a clustering method was developed and used to identify markers, and the contexts in
which some might function was investigated. The work and results surrounding this

theme was published in 2007 (Krzyzanowski and Andrade-Navarro, 2007).

Secondly, the development of ncRNA markers was explored by using miRNA
prediction as a framework. In this wholly computational section of the thesis (Chapter 3),
the value of using published EST data to refine ncRNA prediction methods was
investigated. It was determined that ESTs can increase the quality of miRNA predictions

using a variety of methods currently employed in the literature.

Finally, to further demonstrate how EST data can be leveraged in ncRNA
research, miRNAs with potential expression in developing muscle or myoblast tissues
were predicted and subsequently validated with a custom tiling microarray and follow-up
experiments. In addition to providing evidence for putative novel myoblast expressed
miRNAs, this work identified several candidate ncRNA markers which exert control over

Myf5 transcript levels, a gene governing normal myogenic differentiation. These results
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justify further investigation into the roles of ncRNAs during muscle development.

1.2 Molecular Markers
1.2.1 Introduction

In the context of biomedical sciences, a molecule i1s defined as a marker if it
enables a distinction between different traits of interest to be made. Oftentimes, the
marker itself is not the subject in a line of inquiry, but it is associated with an underlying
characteristic that one is interested in. In addition, multiple markers can generally be
associated with any particular property. Thus, a molecular marker is an object that is

correlative, but not necessarily causative, to some underlying property.

Molecular markers can be any molecular species that help to differentiate between
different types of cells, subcellular structures, or cell states (e.g. developmental, stress
related, pathological). Therefore, the distinction may be spatial, as in cases of different
tissues and their underlying cell types, but it also may be temporal, as in populations
during different stages of a biological process, such as the cell cycle or growth in an
organism. When probed with a cognate RNA molecule, DNA sequences can act as
markers and be used to track specific chromosomes. Expressed mRNA molecules and
proteins can be used for a multitude of marker-like purposes, a major one being the
prediction/detection of pathological conditions. This is well exemplified by the volume
of work devoted to finding markers of cancerous cells and their varying degrees of
aggressiveness (Burton et al., 2002; Coate et al., 2009; Golub et al., 1999; Perou et al.,

2000; Skotheim et al., 2003; Sorlie et al., 2001).
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1.2.1.1 Proteins as markers

In its most basic form, a protein marker is a marker composed of or derived
primarily from peptide sequences. Many well known biological markers are simply
proteins with uniqueness to a particular subcellular structure or cell type. Protein markers
are in turn useful for a variety of purposes, such as indicating the onset of cell
differentiation or lineage commitment (e.g. loss of Oct4/Sox2 to signal loss of embryonic
stem cell pluripotency (Boyer et al., 2005); Gain of Brachyury during mesoderm
formation (Wolpert, 2002); IL-7 receptor expression in the lymphoid-restricted lineage
during hematopoiesis (Kondo et al., 2003)), cell sorting (Isolation of mammary stem cells
using CD49f" (Stingl et al., 2006);Isolation of human HSCs based on CD34"/Thy-1"
(Baum et al., 1992)), or microscopic visualization (Vangl2 in cells undergoing polarized
division (Montcouquiol et al., 2003); Alzheimer’s Disease pathology determined by

observing APP and phosphorylated Tau (Bossy-Wetzel et al., 2004)).

Protein markers have several advantages, a major one being that the presence of a
protein marker is closely related to its functionality as a protein. In other words, the
presence or absence of a protein marker in a certain location can infer whether or not a
correlated cellular process is occurring. The detection of protein species is typically
achieved by antibody hybridization. This allows for detection of specific species, at
times being able to resolve between proteins with different post-translational
modifications (such as phosphorylated and non-phosphorylated variants of the same
peptide), which for functional purposes may be completely different. On the other hand,
an antibody-based protein detection strategy may be at a disadvantage when antibody

generation is either impossible or yields a product with insufficient specificity.
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Antibody-free detection of specific peptides can be achieved by mass spectrometry, but
usually this method forgoes obtaining information about cellular localization, and also

has the general disadvantage of requiring destruction of cells within a sample.

1.2.1.2 Nucleotide sequences as markers

Like proteins, nucleotide sequences can also act as markers in many contexts. In
comparison to protein markers, one large advantage of nucleotide based markers is that
their recognition is usually based on some method of recognizing the marker (target)
sequence using a complementary probe based on sequence and not on any particular
structural features. Classic examples of their application are detection of specific gDNA
sequences by PCR, mRNAs by RT-PCR, and chromosomal gene mapping by FISH
(Lodish, 2000; Ried et al., 1992). The sequence based recognition between probe and
target allows for detection of nucleotide species with high sensitivity and specificity. On
a practical level, sequence based probes can be chemically synthesized very rapidily and

inexpensively.

These qualities of nucleotide markers permit numerous uses. Clinical uses benefit
from the rapidity at which nucleotide probes can be developed, illustrated by the
development of PCR based methods to detect HINT1 influenza virus, which had great
potential to trigger a pandemic crisis in 2009 (Bolotin et al., 2009; Chidlow et al., 2010;
Pabbaraju et al., 2009; Panning et al., 2009). In most cases, sensitivity and/or specificity
levels for the HIN1 variant were high, with one of the most recent reports citing levels of
98.8% and 100%, respectively (Chidlow et al., 2010). Methods of detecting target
marker sequences with such high levels of sensitivity and specificity are also required for

non-diagnostic uses such as biological research involving high-throughput microarrays.
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Well designed nucleotide microarray probes can, and indeed must, detect the presence of
specific RNA species amongst all other competing molecules, given that state of the art
microarrays can contain nucleotide probes numbering in the millions (Gardina et al.,
2006; Steemers and Gunderson, 2005). The in situ detection of nucleotide markers is
also useful for many purposes. For example, fluorescence in-situ hybridization (FISH)
can visualize alterations in genomic DNA to identify female carriers of mutations causing
Duchenne Muscular Dystrophy (Calvano et al., 1997; Voskova-Goldman et al., 1997). In
a research setting, in situ hybridization has been extensively used to visualize RNA
transcript localizations in whole organisms, a technique which has proved useful in

revealing systems behind embryonic patterning in several species.

1.3 Stem cells

In this thesis, potential markers associated with different types of stem cells will
be examined, which can ultimately be useful to characterize and purify these types of
cells. The following section provides a background on stem cells, on some of their
currently defined markers, and on StemBase, a database of stem cell gene expression data

that was used to detect novel markers.

One of the most active biomedical research fields concerns stem cells: identifying
them within organisms and tissues, characterizing their life cycles, and elucidating the
genetic networks that control them. A stem cell can be defined as a type of cell with the
capacity to divide and produce one or more daughter cells with capacity to undergo
identical cell division events. The daughter stem cells are, by definition, identical in
capacity to that of the parent cell. A pool of stem cells therefore possesses self renewing

capacity. Through symmetric division and production of daughter cells of equivalent
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potency, a population of stem cells can expand exponentially. Stem cells can also
undergo asymmetric divisions to produce cells committed to differentiate into more
restricted sets of cell types. Collectively, the property of cells endowed with the
capacities for self-renewal and ability to differentiate into multiple downstream
derivatives is generally referred to as “stemness”. In part by virtue of these properties,
continued development of stem cell related knowledge is believed to yield significant

advances in human health, from regenerating tissues and organs to eradicating cancers.

The most primitive type of stem cell is an Embryonic Stem (ES) cell, which is
derived from the inner cell mass (ICM) of a developing embryo (Figure 1-1). These cells
are hypothesized to have the capacity to form any cell in the organism and are termed
pluripotent. One of the earliest changes in identity of ES cells is marked by their
differentiation into the three major cell lineages: mesodermal, ectodermal, and
endodermal. Once this transition has taken place the cells are termed multipotent and can
generate downstream progenitors of each lineage but are generally committed to a single
path. The appearance of each of the three lineages is signaled by specific markers. For
example, Brachyury is a key marker of the mesodermal lineage (Mitsui et al., 2003); Fgf5
is a marker of the primitive ectoderm (Cappuccio et al., 2006); while Gata4 and Dab2 are
markers for primitive endoderm (Masui et al., 2008). Thus, the use of markers can be

used to distinguish between different cell types and cell lineages.
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Figure 1-1: Examples of different stem cell types in mammalian development.
Following the blastocyst stage of development, tissue-specific stem cells arise and have functions
in different areas of mammalian development (right). The Inner Cell Mass (ICM) of the blastocyst
can be used to produce lines of cultured pluripotent stem cells (left).
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Adult stem cells persist throughout the lifetime of the organism and function in
normal and regenerative processes. For instance, hematopoietic stem cells residing in the
bone marrow provide a life-long reservoir to produce amounts of all mature blood cell
types that are limited only by the lifespan of the organism (Kondo et al., 2003). Muscle
stem cells (To be further described in Section 1.5) also provide critical capacity for
regeneration of muscle tissues following injury in both acute and pathological cases (Le
Grand and Rudnicki, 2007; McKinnell et al., 2005). In order to better understand these
processes, there is a critical need for sensitive markers that can discern stem cells and
their downstream derivatives both from surrounding tissue cells and from each other.
The dynamic nature of cells during growth and regenerative processes makes this need
persist during different stages of stem cell existence, especially during their progression
through differentiation. Efforts to identify stem-cell specific markers by high-throughput
methods such as analyses of transcript or protein expression may also lay the foundation

for research into the mechanisms responsible for maintaining stemness.

1.3.1 Stem cell markers

As with any cells possessing unique properties, stem cells can be identified using
molecular markers, and different types of stem cells generally have different markers or
sets of markers associated with them. However, although specifically identifying stem
cells using molecular markers is a worthy goal, defining mechanisms important for
maintenance of stemness is one of several other key scientific endpoints. In other words,
identifying stem cell markers can contribute towards advancing biological knowedge of
mechanisms responsible for stemness. Certain cellular markers may be shared by two or

more types of stem cells: for instance, Pax6 is a marker of both neural progenitor stem
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cells and retinal stem cells (Watson et al., 2009; Zaghloul and Moody, 2007). The
identification of the same markers in different stem cell types may be used to infer that
similar underlying biological mechanisms are active in both cell types through functional

conservation.

The identification or introduction of stem cell markers can contribute greatly
towards resolving outstanding scientific questions. For instance, the hematopoietic
system is one with numerous markers defined for both stem cells and subpopulations of
cells, and is one that has had several scientific dilemmas solved over the years, in part
due to periodic advances in the knowledge of HSC associated markers and how to
introduce exogenous ones if required. The clonal origin of hematopoietic stem cells was
acknowledged in 1963 when abnormal karyotypes of irradiated bone marrow were used
as markers to help identify cell colonies derived from single cells (Becker et al., 1963). It
was not until much later, when the development of retroviral marker technology enabled
experiments to follow the progeny of transplanted HSCs, that additional research would
reveal the nature of single mammalian stem cell division and fate selection (Jordan and
Lemischka, 1990). In 1994, fractionation of HSCs based on positive or negative
expression of progenitor and lineage markers (e.g. presence or absence of c-kit, Mac-1,
CD4, Sca-1, and other genes expressed in cells downstream from HSCs, generally
grouped as Lin') confirmed models of HSC differentiation that existed for 20 years
(Cairnie et al., 1976; Morrison and Weissman, 1994). Today, manipulating HSCs for
clinical purposes is routinely performed by cell sorting according to characterized HSC

and lineage markers.

" Short form for Lineage.
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As ideal stem cell markers are uniquely associated with the subject cell at hand,
reducing or eliminating the possibility that potential markers are also associated with
other, non-specific, cell types is necessary. To account for this, current modern searches
for novel markers (also referred to in the literature as ‘biomarkers’) exploit high-
throughput techniques to screen a multitude of candidates across numerous different
conditions or cell types. One of the most common strategies to begin searching for novel
cell markers is to analyze large libraries of microarray data, an approach used for tumour
classification (Agrawal et al., 2002; Golub et al., 1999; Sorlie et al., 2003) and identifying

tissue specific marker expression (Su et al., 2004; Zhang et al., 2004).

1.3.2 StemBase

In order to compare sets of gene expression data with one another, it is imperative
to consider and control numerous sources of variability, as each one has an influence on
the uniformity of a gene expression data set as a whole. The types of microarrays,
sample preparation methods, equipment used to scan array, and final data analysis
methods are all common sources of variation in expression array data sets (Irizarry et al.,
2005; Quackenbush, 2006) and all must be controlled. In an ideal situation, large sets of
microarray data would be identically prepared and processed, in the same laboratory or

core facility by the same personnel. Nonetheless, some systematic bias can remain.

StemBase (Perez-Iratxeta et al., 2005a) is a database of high-throughput data sets
derived from stem cells and their associated cell samples, such as differentiated
derivatives or support cells (Figure 1-2). Growing from its inception in approximately
2003, StemBase gradually involved numerous Principal Investigators across Canada from

the Canadian Stem Cell Network. Several of the goals set for the StemBase initiative
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were to utilize high-throughput technology to identify genes with the ability to identify
individual types of stem cells, to increase our understanding of how genes interact to
control stem cells, and to identify novel uncharacterized genes critical for stem cell
function (Perez-Iratxeta et al., 2005a). Identification of marker genes within each of
these contexts by studying the similarities and differences between stem cells across
tissues, organisms, and developmental stages would become contributory elements

towards fulfillment of each of these goals.
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Figure 1-2: StemBase landing page

Part of the uniqueness of the StemBase expression array database is due to
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microarray preparation being performed at a single facility with technical staff
undergoing strict quality control measures to ensure uniformity of the large volumes of
data produced (Perez-Iratxeta et al., 2005a). In fact, the facility at one point became one
of the largest contributors of data to the publicly available Gene Expression Omnibus

(GEO) database maintained by NCBP-.

The data itself predominantly consists of Affymetrix microarray experiment data
sets and the majority of data is of mouse origin. The quality of StemBase microarray
data has been validated through its use by several third parties for many stem cell related
projects, and has been used to: Identify self-renewal genes together with high-throughput
siRNA knockdown data (Hu et al., 2009); compare profiles of human oocytes, hES cells,
and somatic tissues in another large microarray dataset (205 samples) (Assou et al.,
2009); analyze profile differences between undifferentiated and differentiated cells
(Doherty et al., 2008); and construct a dedicated hESC gene expression atlas with data

generated from seven other groups (Assou et al., 2007).

1.4 MicroRNAs

Later chapters of of thesis involve the computational detection of microRNAs
(miRNAs) and their experimental verification as possible markers in muscle stem cell
differentiation. This section provides some background on miRNAs, their prediction

methods, and an overview of miRNA markers in muscle development and regeneration.

1.4.1 Background

Over the past decade, miRNAs have emerged to be important and powerful

? The Ontario Genomics Innovation Centre was the 7™ most significant contributor on January 18", 2006.
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factors in most biological processes. Although distinct from protein coding mRNAs in
their mode of operation, their primary known function is to repress the translation of
target mRNAs, and thus may be considered ‘translation factors’ in analogy to
transcription factors. Of relevance to cell growth and differentiation, miRNAs have been
shown to function during key transitions between cell states, facilitating transcriptional
reprogramming, and are therefore entitled to equivalent attention as possible markers of

stem cells and potentially providing insight into mechanisms of stemness.

miRNAs are small (~21nt) species of non-coding RNA molecules that can
regulate cognate mRNAs exhibiting sequence complementarity. (For extensive review of
their biogenesis, see for example (Bartel, 2004)). In brief, miRNAs are first transcribed
as long primary transcripts containing hatrpin-like structures (pri-miRNAs) (Figure 1-3).
Hairpins in pri-miRNAs are excised by Drosha endonuclease to form pre-miRNAs (Han
et al., 2006; Yeom et al., 2006), which are then exported into the cytoplasm. This

excision process is dependent on function of DGCR8 (Wang et al., 2007b).

In the cytoplasm, exported pre-miRNAs are processed by the Dicer ribonuclease
to form short dsSRNA duplexes. These duplexes ultimately supply the RNA Induced
Silencing Complex (RISC) complex with mature miRNA strands according to the
property of thermodynamic asymmetry between the two termini of the strands
(Hutvagner et al., 2001; Lund et al., 2004; O'Toole et al., 2006). Mature miRNAs are
thought to coordinate rapid transcriptional transitions by repressing large numbers of
mRNA transcripts in parallel (Krek et al., 2005). Based on phylogenetic evidence, it is
thought that mechanisms of microRNA based regulation arose before vertebrate

speciation (Tanzer and Stadler, 2004).
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Figure 1-3: Overview of the miRNA processing pathway.

MicroRNAs are transcribed as long polyadenylated transcripts by RNA Polymerase |l producing
primary miRNA (pri-miRNA) transcripts. Pri-miRNA transcripts contain one or more RNA hairpin
structures which are recognized and cleaved by the Drosha RNA nuclease (red) to liberate pre-
miRNA hairpins. Pre-miRNAs are recognized and exported out of the nucleus by Exportin-5
(purple), where they are recognized by the Dicer ribonuclease (Blue). Dicer cleaves off the
terminal loop structure at approximately 21 nucleotides from the double stranded end of the
hairpins. miRNA duplexes supply the RISC containing complex with one mature miRNA strand
that is used to target transcripts for repression. It is believed that transcripts with good
complementarity with mature miRNAs are generally post-transcriptionally repressed while those
with poor complementarity are degraded.

Due to their ability to control numerous target transcripts simultaneously,
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miRNAs have emerged as regulators of gene expression in an increasing number of
biological processes involving development and tissue regeneration (e.g. (Huang et al.,
2008; Joglekar et al., 2007; Nguyen and Frasch, 2006)), such as differentiation control
(e.g. mir-124a in neurons (Conaco et al., 2006); mir-1 & mir-133 in myoblasts (Chen et
al., 2006)); regulation of cell lineage commitment (e.g. mir-155 in hematopoiesis
(Georgantas et al., 2007)); and regulation of apoptosis (miR-1 & miR-133 in

cardiomyocytes (Xu et al., 2007)).

The activities in many of these important biological processes have yet
unexplained nuances which might be related to a current lack of knowledge regarding
involvement of non-coding RNA genes. For example, identifying miRNAs required for
these processes would in turn permit identification of their targets, and as the interplay
between miRNAs and their targets is a direct observation of one part of cellular signaling
pathways, greater understanding of specific biological processes can be obtained.
Ultimately, this knowledge of basic biological processes may potentially be leveraged to
control pathological processes and generate desirable outcomes such as improving human

health.

1.4.2 MicroRNAs as markers

As discussed in Section 1.2, miRNAs are one type of nucleotide marker that can

be used for in situ staining, disease marker development, and general research purposes.

The in situ detection of miRNA, like that of mRNA, is an important visualization
tool available to molecular biologists (Figure 1-4). In this purpose, what distinguishes

miRNA is that instead of observing locations of transcript transcription (but not
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necessarily translation) as is the case with mRNA, one can directly visualize locations
where gene repression is occurring. Knowledge of miRNA targets can help directly infer
which mRNAs, and hence proteins, are being affected. The directness of the miRNA-
target interaction eliminates secondary considerations when detecting mRNAs or
proteins, such as whether visualized mRNAs are being transcribed or whether the
proteins detected are active or otherwise require co-factors for their inferred activity

(which may not be visualized by the same antibody).

Figure 1-4: miRNA being used for in situ blotting and visualization.
miRNA can be used to mark cells and biological structures at high resolution. Mir-206 staining
developing somites in a mouse embryo (A) (Wheeler et al., 2007); mir-217 (B) and mir-7 (C)
expression in zebrafish exocrine pancreas and islet cells, respectively (Wienholds et al., 2005); In
situ detection of miR-21 accumulation (green) in human bladder tumor (D) and normal (E) frozen
tissue sections (Stenvang et al., 2008).

Initially, miRNA in situ hybridization was challenging due to the small size of

mature miRNAs, which reduced the sensitivity of detection due to low annealing
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strength. This problem was compounded by the occasional miRNA with low abundance.
The development of locked nucleic acid (LNA) probes overcame this limitation by
displaying over 10-fold higher hybridization efficiencies in Northern blotting assays and
specificities that were intolerant of even single nucleotide mismatches (Valoczi et al.,
2004). As with other nucleotide marker probes, LNA probes can be chemically
synthesized according to a desired sequence very rapidly. In the result, detection of most

miRNAs is generally possible making them very viable molecular markers.

These characteristics proved to be useful in research, yielding profound insights
into transcriptional programs. For example, a 2005 study used LNA probes to examine
the localization of 115 known miRNAs during early zebrafish development (Wienholds
et al., 2005). It was observed that over two thirds (68%) were expressed in a tissue
specific manner, furthermore these observations were not observed before at least partial
differentiation in each of these locales had begun. This indicated that many miRNAs
function as tissue specific markers at the resolution of the organism, and implied that
miRNAs were dispensible during early development, at least at the level of individual
tissues. The implication of these findings is that miRNAs may not be required to specify
lineage choices in multipotent cells, but are critical at later stages to maintain processes

involved in actively differentiating tissues and in the static tissues eventually formed.

In a clinical research context, miRNA markers can also be used to study and
diagnose disease states, particularly in diseases of transcriptional dysregulation such as
cancer. Stenvang et al. illustrated that distinct punctuate loci expressing mir-21 can be
seen in bladder carcinoma, a miRNA marker established to play a role in identifying

invasive phenotypes in this cancer (Neely et al., 2008; Stenvang et al., 2008) (Figure
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1-4D to Figure 1-4E). In other investigations of mir-21 in cancer, broad roles in
generating apoptosis resistant and invasive phenotypes have been revealed for this
miRNA in glioblastoma and hepatocellular carcinomas (Chan et al., 2005; Meng et al.,
2007). These examples of mir-21 illustrated the positive regulation of miRNA associated
with diseases. In contrast to positive markers, the loss of miRNA expression can also
mark carcinomas. For instance, let-7 miRNA was observed to be lost in a broad panel of
cancer cell lines (Hammond, 2006) while in specific examination of cells derived from
chronic lymphocytic leukemia (CLL) patients showed that mir-15/16 is commonly lost
(Calin et al., 2002). In addition to functioning as cancer markers, loss of miRNAs can be
exploited to produce therapeutic strategies. Observations of lost let-7 expression in
cancer cells led to the engineering of oncolytic viruses containing let-7 target sites within
viral protein coding transcripts (Edge et al., 2008). Normal cells with normal let-7 levels
attenuate viral replication, but accelerated replication of the oncolytic viruses was
observed in cells with abnormally low let-7 miRNA levels, leading to let-7 miRNA
dependent cell killing. These are examples of how knowledge of normal and diseased
miRNA marker expression patterns make miRNA based cancer markers candidates for

rapid translational development as diagnostic tools or as active therapeutics.

1.4.3 MicroRNA prediction

Most, if not all, functional molecules capable of being generated in the cell have
at one point or another experienced demand for methods to predict them ab initio from
genomic sequences. Different methods have been developed for protein coding genes
found in prokaryotes (i.e. GLIMMER (Salzberg et al., 1998)) and eukaryotes (i.c.

GENSCAN (Burge and Karlin, 1997)), with distinct approaches being taken for ncRNAs
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(i.e. QRNA (Rivas and Eddy, 2001) and Infernal (Nawrocki et al., 2009)). As a special
case of ncRNAs, miRNA prediction has taken various forms over the past decade, but the
general theme that the majority of methods follow is that 1) miRNA producing sites in a
genome contain simple, unbranched RNA hairpin structures and 2) these hairpin
structures have some specific properties that make them distinct from hairpins that arise
at random. miRNA prediction studies are increasingly also using other sources of
information such as evolutionary conservation data and sequence fragments derived from
cloning of small RNAs. The use of Expressed Sequence Tag (EST) data for miRNA

prediction will be explored in Chapter 3.

Arrival at a major consensus in miRNA gene prediction methods is yet to be
achieved, and numerous methods have been published on the subject. Most miRNA
prediction methods rely on the abilities of pre-existing algorithms implemented in
popular software packages to rapidly predict RNA structure from primary sequence
(Hofacker et al., 1994; Hofacker et al., 2004; Zuker, 1989). The results these algorithms
generate are generally the most energetically favourable RNA structures within the
sequence, or sequence windows, provided to the software as input. Generally speaking,
the assumption being made is that folding kinetics of miRNA hairpins is not unlike
kinetics of all other RNA molecules: thus, developing methods to filter output of pre-
existing RNA folding algorithms is more practical than to define completely novel

miRNA-like RNA folding algorithms.

One such method is MiRscan, which was introduced in 2003 (Lim et al., 2003).
This tool was devised to score RNA hairpins generated from the well known RNAfold

software, which is part of the Vienna RNA software suite of programs (Hofacker et al.,
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1994). The innovative addition that MiRscan provided was to distinguish predicted RNA
hairpins likely to harbor mature miRNAs from background RNA hairpins (which would
include other structured ncRNAs and false-positive RNA structures) using seven
characteristics, including: base pairing properties, interspecies conservation (limited to
Caenorhabditis elegans and Caenorhabditis briggsae in the Lim et al. (2003) study), and
geometrical aspects such as observing symmetrical RNA bulges in opposite arms of
predicted RNA structures. Occurrence rates for each characteristic were converted to
log-odds ratios and combined into comprehensive scores for each assessed putative
mature miRNA in pre-miRNA hairpins, and the maximum score obtained for a hairpin
was reported. A threshold for the score was established using a training set of positive
miRNAs to calibrate individual parameters, in the end yielding a method so that both

known and some predicted miRNAs were scored highly.

Another method was motivated by the observation that some miRNAs are found
in clusters (Sewer et al., 2005). In this 2005 study, transcripts containing multiple
consecutive predicted RNA stem loops were examined with a support vector machine
(SVM) classifier trained on known human miRNAs, tRNAs, rRNAs, and mRNAs based
on 40 features which, in summary, still distilled into two factors: geometrical features and
sequence composition of predicted RNA hairpins. This approach was therefore
fundamentally similar to the MiRscan study previously described. Another 2005 study
implemented a genome-wide scan for miRNA hairpins, applying criteria such as RNA
hairpin energetic stability, structural features (hairpin stem and loop lengths, free energy
per nucleotide, counts of matching base pairs and unpaired bulge sizes) (Bentwich et al.,

2005). However, this latter study also also considered conservation criteria using MultiZ



Chapter 1: General Introduction 22

alignment data from the University of California Santa Cruz (UCSC) database (Karolchik
et al., 2003; Kent et al., 2002; Kuhn et al., 2009; Schwartz et al., 2003). The genome-
scale approach of the Bentwich ef al. study also set a lower limit for the number of
human miRNAs at 800, which was approximately quadruple the number of known and
predicted human miRNAs at the time of publication. This would not have been possible

without efficient methods to predict simple RNA structures like hairpins.

1.5 Muscle development and markers thereof

Muscle tissues are responsible for generating mechanical motion which is critical
for biological processes required for life in higher organisms. The development and
regeneration of muscle fibers is dependent on processes regulating gene transcription and
controlling differentiation of stem cells. Many known genes, both protein coding and
RNA based, are markers of critical junctures during these processes and play important,
indispensible roles. In Chapter 4, the prediction of novel miRNAs that may be active in

these processes will be discussed.

1.5.1 General development and regeneration

Three major divisions of muscle tissue in adult mammals are: skeletal muscle,
generally involved in voluntary movements; cardiac muscle, which provides force to
permit blood flow in the circulatory system; and smooth muscle, which is involved in
many involuntary actions in the gastrointestinal tract, the iris of the eye, and within
arteries and veins. Both graceful and catastrophic failures in any one of these muscle
tissue types commonly result in diseases of varying severity. Most muscular diseases are
degenerative, emerging with advancing age or due to a congenital defect, and in both

cases the capacity for muscle regeneration is often impaired.
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In higher vertebrates, most adult skeletal muscles are derived from the cells of
somites, early embryonic structures that form from the paraxial mesoderm on either side
of the neural tube (Christ et al., 1977). The dorsal parts of somites, called the
dermomyotome, will form the dermatome and myotome later in development, giving rise
to dermal layers of the back and the musculature of the limbs and trunk, respectively
(Christ and Ordahl, 1995). The ventral part of each somite forms the sclerotome which,
with time, is destined to yield the cartilage and skeletal structures in the core of the body

such as the vertebral column and ribs.

Restricting mesodermal precursor cells to myogenic fates requires the
corrdination of signals from surrounding cells. One of the first signals of cells being
committed towards myogenic lineages arises in muscle precursor cells arriving at limb
buds, which begin to express the myogenic regulatory factor (MRF) Myf-5 prior to any
other MRF (Tajbakhsh and Buckingham, 1994). In conjunction with MyoD, the
expression of these two factors marks the initial stage of cell commitment towards mature
skeletal muscle, the formation of myoblasts. This is also the point in embryogenesis at
which the transcriptional programming of myogenic cells becomes similar to that
observed in both stationary and regenerating muscles throughout the lifespan of the

organism.

To generate the volume of cells required for a normal phenotype, active
proliferation of myoblast cells occurs during the embryonic stage, promoted in part by
additional transcription factors such as Pax3 and Msx1 (Houzelstein et al., 1999;
Odelberg et al., 2000). The latter stages of differentiation are marked by the activation of

MyoD, Myogenin, Mrf4, Mef2, and finally muscle creatine kinase (MCK) and myosin
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heavy chain (MHC). In the final stages of differention, fusion of myoblasts results in the
production of multinucleated myofibers, which when aggregated into bundles become the
familiar structure of mature muscle tissues. A reservoir of satellite cells is reserved from
undifferentiated myoblasts (Figure 1-5), which ends up residing in the basal lamina
between individual myofibers, and will provide the necessary capacity for muscle tissue

regeneration throughout life.

Stages of Myogenic Differentiation

Embryonic Satellite Cells Myoblasts Myocytes Myotubes
Progenitors

Stemn Cells Myogenic Cells

s o v v [

Pax3 Pax7 Pax7 Pax7 MyoD
Pax7 Myf5 Myf5 Myogenin
MyoD Mef2C
Expressed Marker Genes

Figure 1-5: Stages of myogenic differentiation.

Various stages of celis in the myogenic differentiation hierarchy are shown, from multipotent
embryonic progenitors (left) to terminally differentiated and fused myotubes (right). Key marker
genes expressed at each point are shown. Based on data from (Rudnicki et al., 2008).

In the adult, regeneration of adult muscle tissue follows a similar multi-step
differentiation process. As the most undifferentiated cells, Pax7 expressing satellite cells
form a reservoir of cells competent to regenerate muscle (Seale et al., 2004). Without the
expression of functional Pax7, satellite cells are conspicuously absent and muscle
regeneration is obviously impaired. Initiating the regenerative process, activation of
quiescent Pax7" satellite stem cells is marked by Myf5 activation. Pax7'/MyfS"

myogenic cells proliferate and enter the myoblast stage upon MyoD induction.
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Continuing differentiation, myoblasts upregulate myogenin and Mef2C while
downregulating Myf5 and Pax7 as they transition into myocytes. Similarly to what is
seen during embryonic development, expression of myosin heavy chain (MHC) is a
characteristic indicator that myocytes are fusing into myotubes and terminally

differentiating.

Thus, the successful completion of both muscle development and regeneration
depends on several transitions of transcriptional programming. Although key effectors at
many stages have long been known to be protein-based transcription factors such as
MyfS, MyoD, and Pax7, with the advent of miRNA based regulation, several
equivalently indispensable non-coding RNAs have also been implicated in stages of

muscle development.

1.5.2 MicroRNA roles in muscle

As is the case in numerous other developmental processes, miRNAs participate in
various stages of muscle tissue growth and maintenance. microRNAs were initially
reported to have roles in skeletal muscle development utilizing mouse, drosophila, and
zebrafish models, and currently three major muscle-specific miRNAs (mir-1, mir-133,
and mir-206) have been identified to increase in abundance during muscle cell

differentiation (Brennecke et al., 2005a; Nguyen and Frasch, 2006).

The interplay between muscle miRNAs and MRFs is well documented. Mir-206
can be activated by MyoD expression (Rosenberg et al., 2006) and remains active in
terminally differentiated muscle fibers (Anderson et al., 2006). The induction of

myogenic differentiation in C2C12 cells leads to mir-1 upregulation (Nakajima et al.,
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2006), an activation event that likely requires Myf5 as it is required for expression of mir-
1 and mir-206 in the developing myotome of chicks (Sweetman et al., 2008).
Interestingly, although Myf5 is one of the key regulators of early muscle development, it
itself has been shown to be post-transcriptionally regulated by miRNAs in neurons
(Daubas et al., 2009), raising the possibility that the same can occur in a myogenic
context. FGF4 signalling in developing somites of chicken embryos has been reported to
decrease mir-206 abundance (Sweetman et al., 2006). Thus, muscle related miRNA
regulation is not likely a completely separate pathway distinct from protein based

myogenic genes networks.

The necessity for miRNAs in myogenic processes has also been established. The
most stark example is that of mir-1, which when absent during the development of
Drosophila larvae, results in completely malformed musculature (Sokol and Ambros,
2005). In mammals, mir-206 is nearly absent in proliferating porcine satellite cells but is
greatly induced during murine C2C12 differentiation (Kim et al., 2006; McDaneld et al.,
2009; Rao et al., 2006). Though a mouse phenotype for mir-206 absence has not been
reported, interference with this miRNA maintains cells in a cycling state (Kim et al.,
2006), implying that it is a key requirement for differentiation to proceed. Another more
complex example of miRNAs partaking in myogenic processes involve embedded
miRNAs within several myosin transcripts (van Rooij et al., 2009). In this system,
Myh6, Myh7, and Myh7b contain intronic miRNAs mir-208a, mir-208b, and mir-499,
respectively, which function to repress repressors of distinct gene programs. Two of the
functions imputed from the interplay between these miRNAs are to adapt cardiac gene

expression in the adult in response to physiological stimuli and to affect the balance



Chapter 1: General Introduction 27

between slow and fast muscle fiber gene programs in skeletal muscle. Despite these
concrete examples, many of the precise roles for miRNAs during stages of differentiation

remain to be revealed.

Although many contributors to cell transitions during myogenic differentiation are
known, to our knowledge, no miRNAs have been identified that specifically regulate
Myf5 or Pax7 expression changes in a myogenic context. As identifying key regulators
capable of exerting specific biological functions during muscle regeneration is critical for
the development of treatments for debilitating diseases such as muscular dystrophy, the
discovery of novel miRNAs capable of controlling myogenic gene expression would help
achieve this goal. Identifying such miRNAs might lead to technologies that enable
control of the balance between intermediate myogenic cell populations, potentially

leading to the development of therapeutic strategies to combat degenerative disease.
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1.6 Objectives, Goals, and Hypotheses

The work presented in this thesis addresses the following three specific

hypotheses and thus is organized into three aims as follows:

1.6.1 Known coding transcripts represent uncharacterized stem cell
markers

Advancement in the stem cell field depends on knowledge of appropriate
molecular markers for various categories and subtypes of stem cells. A database of
heterogeneous stem cell microarray data (StemBase) was analyzed with a novel way of
classifying stem cells in order to identify groups of protein coding transcripts with
transcriptional evidence of distinguishing between distinct stem cell types and their

differentiated derivatives.

1.6.2 ESTs increase the quality of ncRNA predictions

Currently published ncRNA prediction methods rely on a combination of
genome-wide analyses of predicted RNA annotations and high throughput validation. To
our knowledge, the existing body of work has not investigated the potential of using
high-throughput transcriptional annotations to guide ncRNA prediction pipelines. As an
example of high-throughput transcriptional annotations, the value of EST records in

ncRNA prediction was investigated using miRNAs as an example of ncRNAs.

1.6.3 Novel miRNAs are involved in myogenic differentiation

miRNAs have documented ability to influence specific myogenic protein markers
and the overall behaviour of myoblasts during differentiation. However, the number of
currently known myogenic miRNAs is not extensive. To expand the number of

myogenic miRNA markers available for muscular research and to contribute to
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knowledge pertaining to muscle biology, a miRNA prediction pipeline was employed to
identify novel miRNAs affecting one or more key regulators of myogenic transcriptional

transitions such as Pax7, Myf5, and MyoD]1.
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2.1 Preface

Sections of this chapter were reproduced from the following publication:

Paul M. Krzyzanowski and Miguel A. Andrade-Navarro. Identification of novel
stem cell markers using gap analysis of gene expression data. Genome Biology;

8(R193); 2007.

BioMed Central is hereby duly identified as the original publisher.

Author contributions: PMK and MAA designed the project. PMK performed the

analyses. PMK and MAA analyzed data and drafted the manuscript.
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2.2 Abstract

We describe a method for the detection of marker genes in large heterogeneous
collections of gene expression data. Markers are identified and characterized by the
existence of demarcations in their expression values across the whole dataset which
suggest the presence of groupings of samples. We apply this method to DNA microarray
data generated from 83 mouse stem cell related samples and describe 426 selected

markers associated with differentiation to establish principles of stem cell evolution.
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2.3 Background.

Gene expression microarrays allow thousands of transcripts in a cellular sample to
be quantified simultaneously. (For reviews of the technology and applications, see
(Heller, 2002; Stoughton, 2005)). Continuing improvements in microarray technology, in
terms of transcript density, technical robustness, and cost, have led to widespread usage
of arrays in experiments. The size of single studies has grown and can encompass the
analysis of up to hundreds of arrays simultaneously (Su et al., 2002; Wang et al., 2005;
Zhang et al., 2004). This vast explosion of reusable data being generated has resulted in
efforts being directed to produce expression data repositories where the data are curated
and presented in an ordered fashion (Barrett et al., 2005; Perez-Iratxeta et al., 2005a;
Sherlock et al., 2001). The large number of data points makes such resources an

exceptional source of biological information.

Some common uses of gene expression data are the identification of co-regulated
genes across many samples (Eisen et al., 1998), identification of differentially expressed
genes in samples of interest (Tusher et al., 2001), and more recently, analysis of
alternative splicing (Johnson et al., 2003; Pan et al., 2004; Yeakley et al., 2002) and
genome-wide surveillance of transcription (Bertone et al., 2004; David et al., 2006;
Shoemaker et al., 2001). They can also be used to identify marker genes associated with
specific sets of samples. As distinguishing features, such markers can be used as
diagnostic tests for disease (Sieuwerts et al., 2006; Wang et al., 2004), or for the
identification and purification of particular cell types (Inacio and Fonseca, 2004; Singh et
al., 2004). The identification of multiple markers for a particular phenotype may also

reveal biological mechanisms by which certain genes act in concert.
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A simple method to identify marker gene candidates is to identify genes that are
differentially expressed between a set of control samples and samples from a condition of
interest. A two-state comparison can be made and genes associated with each type of
sample can be identified and used as markers. Current gene expression databases
typically contain data from many types of samples, and this heterogeneity provides the
potential for more powerful analyses. One can, for example, identify transcripts that are
specific to a sample (or samples) of interest, or make novel comparisons of different
combinations of transcription profiles. The increased size of the databases also increases
the number of possible two-state comparisons exponentially, which poses a
computational problem. Overcoming this problem requires the aid of a computational

method.

We have developed a methodology that uses large heterogeneous gene expression
datasets to identify genes that can function as markers. In summary, we examine the
distribution of expression values of each probe set to identify gaps. These gaps can be
used to partition the database into groups of low- and high-expressing samples, which
suggest the existence of distinct subpopulations of samples. We then score other probe
sets based on their ability to reproduce these database partitions. The characteristics of
samples in each database partition identify the context in which genes may act as
markers, which aids in the subsequent evaluation of genes in terms of their putative

marker roles.

In this work, we illustrate our methodology in the analysis of a database of stem-
cell related DNA microarray samples which we previously developed (StemBase, (Perez-

Iratxeta et al., 2005a)). In particular, we study 83 mouse stem cell related samples
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analyzed with the Affymetrix MOE430 genechip set, which includes approximately
45,000 probe sets. Unbiased application of the method produces a set of 4,449 cell and
tissue markers including 45 of 71 known stem cell markers (69%). Analysis of the
markers that segregate six types of stem cells (hematopoietic, mast, mammospheres,
osteoblasts, and two embryonic) from their differentiated counterparts suggests 426 high
confidence markers, 206 highly expressed in the stem cell and 222 highly expressed in
the differentiated counterpart (two being highly expressed in stem cells in some cases,
and in the differentiated counterpart in others). Of those 426 markers, 17 are involved in
multiple distinct lineages that include at least one non-embryonic cell type; 9 markers are
highly expressed in the stem cells, 6 are highly expressed in the differentiated cells, and 2
show opposite variation in different stem-derivative cell pairs. Analysis of the functions
of the 222 genes highly expressed in the differentiated cells indicates enrichment of

extracellular gene products and enzyme inhibitors (12 genes, 5 of them serpins).

The set of 426 stem cell markers allows us to focus on gene superfamilies which
have undergone repeated gene duplication events for a phylogenetic analysis of the
evolution of proteins involved in stem cell function. By sequence similarity analysis we
identify four such families (nuclear receptors, cytochrome P450, Rab family GTPases,
and early B-cell factors) with multiple members in this set. The study of examples from
each reveals multiple events of gene duplication along the vertebrate lineage giving rise
to genes with a very high degree of sequence similarity, but very different patterns of
expression in stem cells. This leads to a hypothesis that many stem-cell related genes
expressed in particular tissues arose by duplication and specialization of stem-cell related

genes originally expressed in other tissues. Superfamilies with large rates of duplication
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in the vertebrate lineage may have functions related to the development of an
increasingly complex organism, including the generation and control of tissue-specific

stem cell pools.

36
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2.4 Results.

We applied our method to a set of DNA microarray data from 83 samples from
mouse stem cells and derivatives. Samples included embryonic, hematopoietic,
mammosphere, retinal, neurosphere, adipose, and muscle cells (See Table 2-1). All data
were obtained using the Affymetrix MOE430 platform and subjected to quality controls

as previously described in (Perez-Iratxeta et al., 2005a).

We used the nonparametric Mann-Whitney U test to identify series of expression
values able to produce two-state classifications in the microarray expression data. Ata
U-score cutoff of 0.9 our method identified 893 different two-state classifications by
which to segregate the 83 sample data set. Figure 2-1 displays three exemplar
distributions of hybridization values for three probe sets which clearly segregate the data
set and should be desirable if selected as markers. Interpretation of the segregation
pattern becomes obvious from the distribution itself as the group of samples with low
gene expression values is separated from the group of samples with high expression
values by a gap. Simplicity of interrogation allowed us to create a web tool accessible via
the online version of the published manuscript to query these classifications so that users
can determine if a given gene is a marker, the samples selected by a marker, and the

markers separating two sets of samples of choice.
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Class Samples Replicates SamplelDs

Adipose derived stem cells 1 3 S199

Dermis derived stem cells 1 3 S200

Embryonal carcinoma 4 12 8129, S130, S131, S132

Embryonic 8 23 $219, S220, S164, S165,
S166, S167, S168, S169

Embryonic fibroblasts 2 6 §180, S286

Embryonic stem cell 35 105 8153, S154, 8155, S156,

differentiation 8157, S158, S159, S181,
S174, S241, S175, S206,
S207, S208, S209, S210,
S211, S212, S213, 8215,
8216, 8217, S242, S243,
S244, S251, 8252, S245,
S250, S246, S247, S248,
$249, S127, S128

Hematopoietic 12 33 $233, S234, S235, 8236,
S237, S147, S291, S292,
$293, S294, S295, 8296

Mammary 5 15 8255, 8256, S311, S312,
S313

Muscle derived stem cells 3 7 S274, S184, S197

Neural 3 10 8271, 8272, S198

Osteoblast differentiation 7 21 S185, 8186, S188, S190,
S192, S194, S196

Retinal derived stem cells 2 3 S232, S240

Table 2-1: Set of mouse samples selected for our analysis from StemBase.
Various stem cells (SC) are represented in the data set. All original data including sampie and
experiment descriptions are accessible from the StemBase homepage.
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Figure 2-1: Distributions of hybridization values for probe sets.

Each histogram depicts the number of replicates (from a total of 241) with a given hybridization
value for a given probe set. For illustrative purposes, we display the distribution of hybridization
values of three probe sets selected by the gap method as markers corresponding to (a) a known
neural stem cell marker (Nestin, probe set 1449022 _at), (b) a novel stem cell marker encoding a
protein of known function (phospholipase Pla2g7, probe set 1430700_a_at) which we observed
as upregulated in bone marrow mast cell precursors and in undifferentiated mammospheres, and
(¢) a novel stem cell marker corresponding to an uncharacterized transcript upregulated in
undifferentiated V6.5 and J1 mESC (2410146L05Rik, probe set 1460471_at). Details on these
three cases can be obtained through our online webserver by viewing group numbers 73, 497, or
265, respectively. (d) For comparison, we show the distribution for a housekeeping gene (Eef1a1,
probe set 1424635 at), a ribosomal translation elongation factor protein, which is always
expressed and was not classified as a marker in our analysis. For robustness, the segregation of
the samples (indicated by red and blue bars in the three marker distributions for the down and up-
regulated groups, respectively) is derived by analysis of the global set of patterns (see Methods)
and might not correspond perfectly to the distribution observed here. See for example a single
replicate in the distribution of Nestin which is left of the gap in the distribution but was (correctly)
associated to the upregulated (blue) group.

2.4.1 Properties of the set of potential markers

Classifications contained varying numbers of probe sets. Figure 2-2A shows that
patterns with small number of markers are more numerous. The 893 classifications also
separated different numbers of samples into groups. Most patterns assigned small
numbers of samples into “upregulated” groups (e.g. the gene was highly expressed in
three samples vs. 80). Over 80% of the patterns separate 10 or fewer samples from the
remainder of the database as a highly expressed group (see Figure 2-2B). The complete

set of putative markers associated to the 893 patterns includes 10,401 probe sets, or
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approximately 25% of the probes on the microarray, which 1s intuitively quite a large

fraction

We expected that patterns defined by smaller numbers of marker genes would be
more likely to include genes important for stem cell related functions To investigate this,
we examined the distribution of known stem cell markers 1n this set and whether the

method was able to preferentially select them within small clusters

(a) (b)
60 160+
50 0
» » 1204
E £
g £ 100
« k]
g 2 g,
6 B
® T 604
_g % ‘é 60
2 2
10 20,
0 0-
0 50 100 150 200 0 10 20 30 40 50 80 70 80
Probe sets associated Samples in high group

Figure 2-2 Properties of the set of 893 patterns
(a) Number of patterns with a given number of probe sets associated with a score of 90% (b)
Number of patterns with a given number of samples segregated in the high expression group

2.4.2 Known stem cell markers in dataset

We mvestigated whether known stem cell markers were 1dentified 1n our data set
in order to understand the properties and usefulness of the selected patterns 1n the context

of stem cell research

By examination of the literature, we selected 88 marker genes that represented the
variety of stem cell types 1n our data set (see Table 2-2) We 1dentified the corresponding

entries in the Entrez Gene database for 72 of the 88 marker genes In seven of the
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remaining cases we were unable to definitively identify the correct gene through
ambiguity of the provided gene identifier (for example, “laminin” could indicate one of
several possible genes), and in nine cases the identifier could not be related to any entry
in the database (for example, “neuralstemmin’). Of these 72 EntrezGene IDs, 71 had at
least one associated probe set on the Affymetrix MOE430A/B chip set. Our set of 10,401
“potential marker” probe sets, which contains patterns with a maximum of 200 associated

probe sets contained probe sets for 49 of these 71 marker genes (69%).
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Reference Cellular type Gene name Entrez Gene | Probe set polled Pattern | Score | D
309L ? - - - -
Rho1D4 (rhodopsin) | ? - - - -
D2P4 (rhodopsin) 7 - - - -
(Tropepe etal, | differentiated retmal - —=rrr s : Chx10 1419628 _at A Not Found
2000) PKC * - - - -
ROM-1 Roml 1448996 at A 879 0942
Photoreceptor Crx Crx 1418705_at A Not Found
specific homeobox —
Muller gha 10E4 ? - - - B
CD24 -/lo CD24a 1416034 at A 573 0987 2
hCNS-SC CD34 - CD34 1416072 at A 72 0990 2
(Uchida et al , CD45 - Ptprc 1422124 a at A 427 0987
2000) ﬁggl’;"e“m"a' N-CAM Neam! 1426864_a_at A 318 | 1000
Neural CD133 Proml 1419700 a at A 573 0930 2
Hematopoietic CD133 Prom! 1419700 a at A 573 0930 2
%g;;’t al, proliferating neural | Kui-67 Mki67 1426817_at A 8 0991
Trophoblast Cdx2 Cdx2 1422074 at A Not Found
Ectoderm Fgfs Fgf5 1438883 atB 442 1000
(Mitsus et al Neuroectoderm Isll Isl1 1422720 _at A 83 0931
2003) ’ Nanog Nanog 1429388 at A 390 0947
Pluripotent SC Oct3/4 Pousfl 1417945 at A 151 1000
Rexl Zfp42 1418362 at A 547 0964
Mesoderm Brachyury T 1419304 at A 232 0938
Hu B R R - -
Neuralstemmin ? - - - -
ABCG2 Abcg2 1422906 at A Not Found 3
g:;’“zyo‘(‘)';‘)j Neural SC LeX/SSEA-1 Futd 1455843 at B 771 ] 0924
’ Musash1 (Ms11) Msil 1421409 at A Not Found 2
Sox-1 Sox1 1438729 atB 542 0958
Sox-2 Sox2 1416967 at A 71 | 0986
MCK, muscle Ckm 1417614_at A 104 | 1000
creatine kinase —
Muscle specific MHC, myosin heavy
chamn Myh4 1427026_at A Not Found
(Charge and myofiber sarcolemma | Dystrophtn Dmd 1417307 at A 835 0958
Rudnicki, basal lamina Laminin * - - - -
2004) M 1 MyfS Myfs 1420757 at A Not Found
yogenic ineage MyoD Myodl 1418420 at A 32 ] 1000
late myogenic lincage MRF4 Myf6 1419150 at A Not Found
Myogenin Myog 1419391 at A 104 | 1000
Satellite cells Pax7 Pax7 1452510 at A Not Found
Neural restricted MAP2 Mtap2 1434194 atB 108 | 1000 2
(Rao, 2004) precursors Beta3 tubulin Tubb3 1415978 _at A Not Found
Fibronectin Fnl 1426642 at A 681 0984
GAP43 Gap43 1423537 at A 363 0959
(Toma et al , SKP MAP2 Mtap2 1434194 AtB 108 1000 2
2005) Nestin Nes 1449022 at A 73 0980 2
p75NTR Ngfr 1421241 at A Not Found -
Vimentin Vim 1450641 at A 770 | 0977
HSC BCRPI Abcg2 1422906 _at A Not Found 3
skin SP BCRP] Abcg2 1422906 _at A Not Found 3
alpha6-integrin Itga6 1422444 at A Not Found 2
betal-integnn Itgbt 1426918 at A 13 0967 2
(Yano etal , epidermal SC-SP Keratin 14 Krtl-14 1460347 at A 386 | 0983
2005) Sca-1 Ly6a 1417185 at A 637 [ 0929 [ 2
CD34- CD34 1416072 at A 72 | 0990 2
epidermal SP E-cadherin Cdhl 1448261 at A 48 | 0993
Keratin 19 Krtl-19 1417156 _at A 268 | 0989 2
CD71- Tfrc 1452661 at A 845 | 0958

Table continues on following page...
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Reference Cellular type Gene name Entrez Gene [ Probe set polled Pattern | Score | D
Muller gha, retinal Gln synthetase Glul 1426235 a at A 573 | 0901
(Inoue et al , syntaxin * - - - -
2006) retinal Pax6 Pax6 1410271 at A 374 | 0960
rhodopsin Rho 1425171 at A Not Found -
(NeuN) Neuron 9 } ) ) ;
Neural specific protein
Neuron-specific Eno2 1418829 _a_at A Not Found -
enolase — =
Alkaline Akp2 1423611 at A NotFound | -
phosphatase ~
BMP2 Bmp2 1423635 at A Not Found -
BMP4 Bmp4 1422912 at A Not Found -
Bmprla 1425492 at A 581 0939
BMP Receptor | Bmprlb 1437312_atB 446 | 0917
BMP Receptor 2 Bmpr2 1434310_at B 602 0954
osteoblasts
PTH receptor Pthr2 1452129 at A Not Found -
(Strem et al, Type | collagen * - - - -
2005) bone sialoprotein Ibsp 1417484 at A Not Found -
PTH receptor Pthr! 1417092 _at A 368 0964
RunX-1 Runx1 1422865 at A 295 [ 0982
osteonectin Sparc 1448392 at A 581 | 1000
osteopontin sppl 1449254 at A 737 | 0996
fe“e’a] stem cell CD117 Kit 1459588 at B 243 | 0912
actor receptor
Muscle merosin Lama2 1426285 at A 799 0986
aggrecan Agel 1449827 at A Not Found -
cartilage related collagen II * - - - -
ECM collagen IV * - - - -
PRELP Prelp 1416322 _at A 231 0958
CD49d+ Itgad 1421194 at A Not Found -
Adipose derived SC CD106- o _ ] _ j
Bmi-1 Bmil Not on array -
p21 Cdknla 1424638 at A 400 0967
CD49f Itga6 1422444 at A Not Found 2
(CI?"“”“ and Mammary SC Cytokeratin 19 Krtl-19 1417156 at A 268 [ 0989 | 2
arke, 2006)
Sca-1 Lyé6a 1417185 at A 637 0930 | 2
Musashi (Msi11) Msil 1421409 at A Not Found 2
Cytokeratin 5/6 ? - - N B
(Shackleton et Neural enrichment CD24 CD24a 1416034 at A 573 | 0990 2
al, 2006) Skin CD29 Itgb1 1426918 at A 131 0970 | 2
GFAP Gfap 1426508 at A 249 [ 0924
Neural Neurofilament Nefl 1426255 _at A 151 | 0935
Nestin Nes 1449022 at A 731 0980 | 2
(Kohno et al , Photoreceptors Recoverin Revrn 1450215 at A Not Found -
2006) Cytokeratin (904- «
epithelial lineage clone 34betaB4?) ) j ) )
CK18 Krt1-18 1448169 at A 83 | 0917
AEl Slc4al 1416464 at A 41 [ 1000
%(‘)"6;‘ al, epithehal lineage AE3 Slc4a3 1418485 at A 301 | 0931

Table 2-2° Stem Cell markers
Note that some markers may be included in multiple rows of the table (as many as indicated by the number
in column 8) since a number of genes have been identified as markers of more than one cell type eg
Abcg2 for hematopoietic and neural cells ((Pevny and Rao, 2003, Yano et al , 2005)), or Nestin for neural
and skin-derived precursors (SKPs) ((Kohno et al , 2006, Toma et al , 2005)) Some of the markers could
not be assigned to an Entrez gene (column 4) either because the marker name was ambiguous (indicated
with **') or absent from the database of gene names (indicated with ‘?’) Patterns (column 6) can be
All patterns for which a polled probe set (column 5) is a marker can
also be examined at the web server Note that the chip containing the probe set is indicated by ‘A’ or ‘B’
appended to the identifier since some probe sets are included in both the MOE430A and the MOE430B

examined online via the web server

chips
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As previously observed, we obtained numerous patterns which segregate small
subsets of samples and that are defined by small numbers of genes. To test our hypothesis
that these would tend to contain relevant genes (here, genes useful to characterize stem
cells) we examined the recall and precision of our method for the 71 known markers as
the maximum marker list length was reduced from 200 to 3 (Figure 2-3). Precision
measures the number of true positive markers divided by the number of transcripts
identified as markers, which recall measures the number of true positive markers
identified divided by the total number of known positives. Limiting the list to patterns
defined by 63 or fewer markers reduced the total number of probe sets assigned marker
roles from 10,401 to 5,848 (44% reduction), while losing only four known stem cell
markers; a recall rate of 45/71 (63%) (Point marked with a circle in Figure 2-3). This

supports our theory that marker genes are more often contained in small clusters.

The 705 patterns defined by 63 or fewer markers segregated a mean of 9 samples
(median = 5) in the upregulated group and were associated with a mean of 21 markers
(median = 15). This set associates 5,848 probe sets (4,449 genes) with at least one
pattern; approximately 13% of the probe sets on the MOE430 microarray platform. We
propose that many of those can be developed into useful markers. We define this as the

“selected marker” set.
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Figure 2-3: Precision/Recall curves for genes selected by the gap method and k-means.
Precision/recall curves in red are associated with the gap method, and the point marked with a
circle denotes the precision/recall associated with patterns associated with 63 probe sets or less.
Grey curves show precision/recall for all replicates of k-means clustering and the average
expected precision/recall curve is shown in black. Recall values are based on the 71 stem cell
markers defined in Table 2-2, while precision is the fraction of marker genes identified in total
number of predicted marker genes.

We compared the performance of our method with a popular method for analysis
of gene expression data, k-means, a standard clustering algorithm (See Methods). Both
methods performed similarly in producing groups of genes that are expected to be
enriched for stem cell markers (Figure 2-3). However, our method differs from a
clustering algorithm in that we identify markers that segregate sets of samples whereas
clustering algorithms group markers with similar expression patterns. Accordingly, the

groups of associated markers produced by the gap method were somewhat different from
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the clusters obtained using k-means (mean overlap of 69.8%)).

2.4.3 Overview of the selected marker set

To illustrate the variety of patterns identified, Figure 2-4 shows the expression
patterns of the 49 probe sets that represent previously known stem cell marker genes
identified by the algorithm (yellow), together with other 1,252 genes which were
assigned a perfect score by the algorithm (blue). All major divisions in the data set appear
clearly defined, with samples related to one of hematopoietic, sphere (a three dimensional
aggregate of cells, see(Grenier et al., 2007)), or embryonic sample types forming major
groups. For example, hematopoietic samples define many patterns with probe sets

identified uniquely within them.
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Figure 2-4. Heatmap indicating the distribution of patterns for markers.

Horizontal axis: 241 mouse samples used in this study. Vertical axis: patterns for 1,301 markers
either i) scoring 100% if predicted (n=1,252; blue lines) or ii) probe sets belonging to genes
ascribed marker roles based on evidence in the literature (n=49; yellow lines). Rows were
clustered and diagonalized. Vertical separators were used to distinguish major sample cell types,
indicated as coloured groups (top): blue, embryonic cells and derivatives; orange, P19 embryonal
carcinoma; grey, osteoblasts and derivatives; purple, neurospheres; yellow, dermal/adipose
spheres and derivatives; red, hematopoietic cells and derivates. Gene names are indicated only
for the 49 stem cell markers.
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2.4.4 GO statistics of the selected marker set

Since the selection of markers was done without reference to the identity of the
samples, we would expect to find not just stem cell markers, but also general markers of
cell and tissue identity (for example, distinguishing differentiated blood cells from
epithelial cells). To investigate in general terms the function of the genes that were
selected in the marker set, we collected the 5,848 probe sets defining the 705 selected
patterns (with 3 to 63 associated probe sets). These corresponded to 4,449 Entrez Gene
IDs, for which we determined the overrepresentation of GO annotations. Using the
“potential marker” set of 7,478 genes (which defined groups with up to 200 probe sets) as

a reference, we found several significantly enriched functional categories (Table 2-3).

All Selected set High in differentiated | GO

N1 (7,478) | N2 (4,449) P2 N3 (222) P3

976 727 2.85x 10 | 81 1.60 x 10™ | Extracellular region

169 131 1.82x10°% |17 9.34 x 10* | Extracellular matrix

72 57 n.m. 12 1.06 x 10° | Enzyme inhibitor activity

2,061 1,390 8.07x 107" | 73 n.m. Membrane

865 618 244 x 10" | 25 n.m. Signal transducer activity

587 421 400107 | 15 n.m. Receptor activity

925 637 8.62x 107 | 43 n.m. Multicellular organismal
development

312 235 6.34 x 10 | 16 n.m. Defense response

911 614 403x 10" |32 n.m. Cell communication

270 201 485x 10" |17 n.m. Cell adhesion

436 310 596 x 10* | 18 n.m. Organ development

Table 2-3. Gene Ontology terms of marker sets.

Column labels are as follows: N1 is the number of genes for a Gene Ontology (GO) category in
the unselected marker set; N2 and P2 are the number of genes and P value for the smaller
marker set; N3 and P3 are the number of genes and P value for the markers highly expressed in
differentiated stem cells; GO is the description of the GO term; and GOID is the GO identifier. P
values are computed using the ‘All' set of markers as background. GO terms displayed if they
represent more than ten genes have at least one associated P value below 0.01 and do not
overlap more than 80% with another displayed term. (n.m.: Not Meaningful}) Table adapted from
(Krzyzanowski and Andrade-Navarro, 2007)
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Significantly enriched functions (P-value < 0.001) include those that allow cells
to interact and respond to environmental cues (‘defense response’, ‘cell communication’,
‘signal transducer activity’, ‘receptor activity’), to interact with the immediate
neighbourhood of the cell (‘extracellular matrix region’, ‘extracellular matrix’,
‘membrane’, ‘cell adhesion’), and functions related to development (‘multicellular
organismal development’ and ‘organ development’). Finding these development-related
functions is reasonable given that our set of samples is focused on stem cells. The
abundance of functions related to the interaction of cells with their environment, on the
other hand, may generally reflect that cell identity is largely defined at their surfaces; we
would expect to see these functions in the analyses of other collections of gene

expression data sampling multiple tissues.

2.4.5 Examination of markers of stem cells differentiation

One distinctive feature of the gap method is that genes are selected based on their
ability to define binary groupings of samples. This is meaningful and often desired from
the point of view of an experimental researcher. Understanding the significance of the

marker becomes simpler as the pattern itself gives a classification of the sample set.

Likewise, the identified sample partitions allow simple, direct, and intuitive ways
of manipulating the gene expression data. We illustrate this here by applying a selection
procedure to the set of patterns obtained above to focus on markers active in any of

several lineages of stem cell differentiation included in our data set.

Generally, we are interested in the properties of probe sets that separate

undifferentiated and differentiated sets of stem cells. We chose six pairs of stem cell
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samples and their differentiated derivatives from our data set (two embryonic stem cell
lines, hematopoietic stem cells, osteoblasts, mammospheres, and mast cell progenitors;
see Additional data file 3) and selected probe sets that segregated at least one sample pair
with high confidence (99% association score); i.e., the probe set exhibited high
expression in the undifferentiated sample and low expression in the differentiated sample,
or vice versa. This selection identified 488 probe sets (called the “stem cell related” set)
corresponding to 426 genes, of which 206 showed high expression in the undifferentiated
sample, and 222 in the differentiated counterpart. Two genes showed high expression in
the undifferentiated sample for some cell types, and in the differentiated sample in others:
Ugtla? detected by probe set 1426260_a_at, and a gene encoding a hypothetical coiled-
coil domain-containing protein detected by probe set 1444761 _at. This set of 426 genes
included 5 of the 71 known stem cell markers used for benchmarking (Krt/-14, Mtap2,

Ncaml, Sppl, Vim).

Examination of the Gene Ontology terms of the set resulted in a very short list of
significant functions (for P-value < 0.01). Separate analyses of genes upregulated in
undifferentiated and differentiated states failed to identify GO terms over-represented in
the genes highly expressed in stem cells. The only relevant terms for the genes expressed
in the differentiated genes (Table 2-3) were related to the extracellular environment
(“extracellular region’ and ‘extracellular matrix’), but with P-values less significant than
those for the selected list of 4,449 cell markers. It is known that stem cells often rely on
the maintenance of a stable microenvironment (the niche) for physical support and
extrinsic cues (for a review, see (Li and Xie, 2005)). The GO term ‘enzyme inhibitor

activity’, not relevant for the larger marker set, appeared as relevant (P-value = 0.001) for
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a set of 12 genes, 5 of which belonged to the family of serpins (SERine Protease

INhibitors, serpins alb, a3n, b9, g1, and h1).

Serpins are a large class of proteins that are found in all multicellular eukaryotes
and predominantly function as serine protease inhibitors, but can also function as caspase
and cysteine protease inhibitors, and in rare cases, as hormone transporters, chaperones,
or tumor suppressors. In contrast to eukaryotes, prokaryotic serpins are rare and most
serpin-containing prokaryotes have only a single serpin gene (Law et al., 2006). In
agreement with our findings, variation in serpin gene expression has been recently
observed during differentiation in the myeloid lineage (Kennedy et al., 2007; Missen et
al., 2006). Here we give some insight into the functions of the six serpins we identified in

our study.

Serpinb9 is an estrogen-inducible caspase inhibitor which is able to inhibit
Granzyme B (GZMB)-mediated apoptosis, a key mechanism by which cytolytic
lymphocytes are able to destroy target cells. It is expressed at high levels in testis and
placenta and may contribute to the ability of immune-privileged cells to evade destruction
(Krieg et al., 2001), including embryonic stem cells (Abdullah et al., 2007). Serpins a3n
and a3g have been shown to be strongly influenced by LIM-homeobox 2 expression in a
hematopoietic system (Siddiqui and Exton, 1992). Serpina3g was previously reported to
be highly enriched in HSCs (Terskikh et al., 2001), in concordance with our observations.
Similar in function to serpinb9, serpina3n has been implicated in providing protection
from Granzyme B mediated cell death in a study of Sertoli cell secreted factors (Sipione
et al., 2006). Interestingly, Serpinhl is one of the exceptions of the serpin family; it is a

chaperone molecule which plays a role in the maturation of procollagen (Ishida et al.,
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2006). With relevance to stem cell biology, Serpinh1 knock-out ESC produce embryoid
bodies with aberrant morphology (Matsuoka et al., 2004). In summary, the abundance of
serpins as markers might reflect generalized mechanisms of immune system avoidance

activated in cells undergoing differentiation.

The set of cell markers presented here offers a good basis to study principles of
stem cell gene function. For example, of the 426 genes selected as markers, a small
number, 17 genes, were involved in several of the six lineages selected (at least one of
them being non-ESC). Of those, 9 were highly expressed in the stem cells, 6 were highly
expressed in the differentiated partners, and only 2 were expressed in both (see
Additional data file 3). This indicates not only that a single gene can be involved in
multiple stem cell differentiation lineages but that if it does, it will most often follow an

expression pattern that is similar across those lincages.

This set of markers also allowed us also to study stem cell evolution. We were
interested to know whether there would be a relation between sequence similarity and
involvement in stem cell function and involvement in one or many lineages. Large gene
families with frequent duplication and reuse are valuable in these investigations as the
members will have varying degrees of sequence similarity. Our set of stem cell markers
provides a starting point to search for these families. To identify superfamilies within our
set of stem cell markers we performed an exhaustive pairwise sequence comparison of
the protein sequences of the 426 stem cell markers (See Methods and Additional data file
3). Manual examination of the results to select full length similarity identified four
superfamilies containing three or more members: serpins (cluster #18 in Additional data

file 3), the nuclear receptor family (cluster #4), the cytochrome P450 family (cluster #17),
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and the Rab family GTPases (cluster #10). As serpins were described above, we further

investigated members from the additional families in the context of gene evolution in

relation to stem cell function and expression pattern (Figure 2-5).
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Figure 2-5. Phylogenetic distribution of stem cell markers and their close paralogs in four protein

families.
Major taxa along the Coelomata lineage is depicted in boid black text with deduced numbers of
genes from these families in parentheses. Phylogenetic relations between species were taken
from the NCBI's taxa browser except for the relation between Cephalocordata and Urochordata,
which was taken from (Vienne and Pontarotti, 2006). Species names in italics black text.
Coloured text indicate paralogs for four families: red for cyp1, orange for ebf, blue for nr2f1, green
for rab3. Numbers in parentheses indicate multiple copies of gene (for example, in Actinopterygii
genes). Many genes are duplicated in Actinopterygii due to a whole-genome duplication event
postulated to have occurred along the ray-finned fish lineage (Christoffels et al., 2004). Most
expansion of these four families occurs after divergence of Deuterostomia and before divergence
of Teleostei. Underlined genes for mouse indicate genes identified in the selected marker set.
The database identifiers of the sequences are given in Additional data file 4. The inset on the
lower right corner shows schematic phylogenetic trees for the murine members of the four
families. All branches shown had bootstrap values above 0.5. Outlier sequences used for each
family (not displayed): D. melanogaster rab3 for rab3, S. purpuratus cytp1 for cytp1, D.
melanogaster svp for nrf2f1, D. melanogaster knot for ebf. Image adapted from (Krzyzanowski

and Andrade-Navarro).
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2.4.5.1 Nuclear receptors - Nr2f2.

The proteins of the family of nuclear steroid and hormone receptors are
dimerizing transcription factors characterized by a DNA binding domain and a C-
terminal hormone binding domain; they are implicated in cell proliferation,
differentiation, and apoptosis (Mangelsdorf et al., 1995). Three members of this family
were identified in the set of 426 stem cell markers (Nr2f2, Essrb and Rora). We

examined Nr2f2 in greater detail.

Nr2f2/COUP-TF2 (nuclear receptor subfamily 2, group F, member 2) represses
Notch signaling activity in determination of vein identity (You et al., 2005) but it is also
expressed in multiple tissues and organs of the embryo and is required for early
outgrowth of limb buds (Lee et al., 2004). In our set of samples, probe set 1416159 at,
which detects this gene’s transcript, segregates the V6.5 differentiated murine ESC
(mESC) sample from the rest (Figure 2-6). The 80% identical Nr2f1/COUP-TF1 (nuclear
receptor subfamily 2, group F, member 1) (detected by probe set 1418157 at) segregates
the samples of retinal spheres, neurospheres, and T1/2 embryonic fibroblasts, but not any
of V6.5 or other mESC samples, differentiated or not. By contrast, the probe sets for
another close paralog Nr2f6/COUP-TF3 (1460647 _a_at and 1460648 at) were not

identified as markers.
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Figure 2-6. Sample segregation for selected markers.
Samples segregated in the high expression group for probe set markers from the nuclear
receptor (nr2f1, nr2f2), cytochrome P450 family (cytp1a1, cytp1b1), serpin family (Serpins aib,
a3g, a3n, b9, g1, h1), and Rab GTPase (rab3d) superfamilies. The nr2f1/nr2f2 and
cytp1al/cytp1b1 gene pairs are highly similar in sequence but their expression patterns are
notably different. Undifferentiated and differentiated sample pairs are shaded in pink and blue,
respectively. Figure adapted from (Krzyzanowski and Andrade-Navarro).

The genes nr2fl and nr2f2 share a common ancestral gene which is represented in
the fly. This Drosophila homolog of nr2f1 and nr2f2, seven up (svp), regulates stem cell
identity of neuroblasts in order to control the identity of differentiated progeny cells
(Kanai et al., 2005). In this case, there is a conservation of the involvement in stem cell
function from the divergence between Protostomia and Deuterostomia. Phylogenetic
analysis (Figure 2-5) indicates that the gene is conserved as a single copy, possibly until
divergence of Gnathostomata. All Teleostei seem to have the duplicated version of the
gene. However, the patterns of gene expression in stem cells are very different (Figure

2-6) indicating the specialization of the duplicated copies of the gene.
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2.4.5.2 Cytochrome P450 family - Cyplbl.

Cytochrome P450 proteins (CYPs) are a family of enzymes present in bacteria
and Eukarya that participate in the metabolism of exogenous or endogenous chemicals
(Bernhardt, 2006; Hannemann et al., 2007). Four members of this family were identified
in the set of 426 stem cell markers (Cyplbl, Cyp24al, Cyp4f18 and Cyp7b1). All four
were highly expressed in various differentiated cells and expressed at a low level in their

undifferentiated counterparts. We performed a detailed analysis of Cyplbl.

Phylogenetic analysis of Cyplb1 (Figure 2-5) suggests two very close paralogs,
Cyplal and Cypla2. No equivalent sequence in the Drosophila genome (or in any other
Protostomia) was identified, but Echinodermata Strongylocentrotus purpuratus (purple
sea urchin) appears to have an ancestral Cypla/b gene (with four copies, possibly
duplicated after its divergence from Chordates). The ancestral gene appears to have
duplicated before divergence of Actinopterygii from Sarcopterygii into the 1a and 1b
forms, and the subsequent duplication of the 1a form seems to be absent in Sauropsida
(e.g. chicken) but present in all mammals (e.g. opossum). In birds Cypla seems to have

undergone a separate duplication after divergence from mammals.

In our set, Cyplbl segregates differentiated osteoblast cells and differentiated ES
cells from the rest of the data set. Cyplbl metabolically activates estradiol (to produce 4-
OH estrogens), which are able to induce estrogen receptors, and mutation of Cyplbl may
stimulate estrogen-mediated carcinogenesis (Sasaki et al., 2003). It has also been
suggested that Cyplbl is involved in axis control during embryonic development

(Stoilov et al., 2004).
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By examination of the larger set of markers we can see that Cyplal 1s a muscle
stem cell marker, but 1ts paralog, Cypla2, does not behave as a marker 1n our dataset
Thais 1s supported by the observation that Cypla2 (-/-) null mutant mice develop normally
with just some deficiencies in drug metabolism (Liang et al , 1996) To the contrary,
Cyplal 1s potentially mnvolved 1in many cancers and might also have a function 1n murine
embryonic development (Campbell et al , 2005) CYP1A2 1s one of the major CYP1
enzymes that catalyze 2-hydroxylation of estrogen (Long et al , 2006), but the substrate

of CYP1AL1 1s not yet known

Cyplal and la2 are transcribed from the same bidirectional promoter region
(Ueda et al , 2006) Their head-to-head arrangement 1s conserved in mammalian
genomes, which suggests that the genomic organization of these genes 1s of functional
significance The fact that these two genes have different behavior as stem cell markers

mdicates that there are factors uncoupling their expression

2453 Rabfamily of GTPases - Rab3d

The Rab family of small GTPases are involved in intracellular cell signalling
processes, including tethering and docking of vesicles to their target compartment,
vesicle budding and interaction of vesicles with cytoskeletal elements (Zeral and
McBride, 2001) According to SMART® (4 April 2007) there are 66 mouse Rab proteins
(defined as containing a Rab domain and no other annotated domain)(Letunic et al ,
2009) We identified three members of this family 1n the set of 426 stem cell markers
(Rab3d, Rab31, and Rab38) RhoJ was detected by sequence similarity but discarded

after manual examination since 1t belongs to a different family We performed a detailed

* http //smart embl-herdelberg de/
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analysis of Rab3d. In our set of markers Rab3d expression segregates mast cell
precursors. None of its paralogs, Rab3a, 3b, and 3c, was identified as marker by our

methodology.

The ancestral Drosophila gene, Rab3, is expressed in the nervous system
(DiAntonio et al., 1993). Echinodermata S. purpuratus has only this ancestral gene
(Figure 6), but all Teleostei have four copies of the gene, suggesting duplication after the

divergence of Chordata and Echinodermata.

In agreement with Rab3 expression patterns in the fly, the four Rab3 paralogs are
expressed in mouse brain where they regulate vesicular release; genetic deletion of
individual paralogs does not affect viability or fertility in mice, but knock-out of all four
genes results in early perinatal mortality (Schluter et al., 2004). However, these genes are
expressed elsewhere. For example, Rab3a is detected in acrosomal membranes of mouse
sperm (Ward et al., 1999). Rab3d is expressed in the exocrine pancreas and the parotid
gland where it is involved in secretory granule maturation (Riedel et al., 2002). Finally,
Rab3b and Rab3d are expressed in mast cells (Oberhauser et al., 1994) explaining our

observation that Rab3d segregates mast cell precursors.

2.4.5.4 Early B-cell factors — Ebf2 & Ebf3.

In each of the four superfamilies analyzed above (Serpins, nuclear receptors,
cytochrome P450, and Rab GTPases), we note that most members displayed the same
gene expression behavior along differentiation (being highly expressed in either stem
cells or in their differentiated counterparts). However, this is not the general case. If we

consider all 49 clusters of protein sequences (Additional data file 3), roughly half (26 of
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49, 53%) have some family members highly expressed in stem cells and others highly
expressed in the differentiated counterparts; the remaining 23 are highly expressed in
stem cells (10), or highly expressed in differentiated cells (13). It is true that some of
those clusters might be considering not true paralogs, but this is not necessarily the case.

An example is given by the pair Ebf2/Ebf3, which we study here in detail.

The four mouse members of the Early B-cell factors (Ebf) family of helix-loop-
helix transcription factors have non-redundant adipogenic potential in multiple cellular
models (Jimenez et al., 2007). Interestingly, both Ebf2 and Ebf3 are detected in our set,
but with opposite effects. Ebf2 is upregulated in mammospheres and Eb{3 in
differentiated mammospheres. The other two mouse members of this family, Ebfl and
Ebf4, are detected in the selected marker set. Ebfl (probe set 1416301 a_at) is identified
as segregating several bone marrow samples. Ebf4 (probe set 1435044 at) is identified as
segregating differentiated V6.5 mESC (Wang et al., 2002). This family constitutes an
example of genes arising by duplication of an ancestral gene (represented in Drosophila
by the COE/knot transcription factor, which is involved in Hedgehog patterning
(Vervoort et al., 1999) and control of hematopoiesis (Krzemien et al., 2007)), with

multiple and varied stem cell related functions arising as the gene duplicates.

2.5 Discussion

We have developed an unsupervised approach for identifying coordinately acting
biomarkers using heterogeneous microarray data, which can be generalized to any set of
gene expression data regardless of the platform on which it was generated. This method
is a ground-up approach which first determines the extent of the information available in

a set of array data through a discretization step to classify samples and initialize patterns.



Chapter 2: Identifying protein coding transcripts as candidate stem cell markers 60

Genes are then associated with patterns based on the presence of a clear demarcation
threshold in their expression values which can reproduce the classification of samples.

These genes can therefore act as markers for the samples segregated in the subset.

Microarray technology has followed a trend towards increased feature density and
increased coverage, and is customarily used to ask large exploratory questions. Our
development of this method was motivated by the desire to present experimental groups
with information that clearly shows which genes differentiate samples of interest in the
larger context of many samples in the database (which genes are up-regulated in my
samples of interest?), and what other samples are similar to these samples of interest (in

which other samples are these genes up-regulated?).

By identifying probe sets which exhibit bimodal expression level patterns, we
directly cater to researchers wishing to assess the significance of particular genes in
conditions of interest through methods such as PCR or northern blotting. The interactive
graphical presentation of expression values as distributions is exceptionally effective for
assessing the ease with which a proposed marker gene might be validated, and the

samples which it can be used to identify.

In the application we have presented, our approach focuses on probe sets. As
genome annotations have changed, probe set annotations may be altered, changing the
probe-set to gene mapping, or the annotated gene functions. This is understood to be an
intrinsic problem in array design (Perez-Iratxeta and Andrade, 2005), and many probe
sets on Affymetrix arrays are of unknown identity or sparsely annotated. However, these

obstacles do not render a probe set useless for the purposes of marker identification, as
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each probe set has a target sequence that is fixed at the time of array design. This
sequence can be used to detect the molecular RNA species that is acting as a marker.
Further, the obvious inference when using cDNA microarrays is that the associated genes
can function as markers at the protein level. Identification of a marker probe set implies
the existence of a molecule (mRNA or protein) that can potentially be used as a
molecular marker to discriminate between cell types. Even if probe set annotations are
missing or inaccurate, follow-up experiments can be performed to validate or identify the
molecules involved and determine whether development of an mRNA or protein

molecular marker is feasible.

Our gap method stands apart from existing methods of microarray clustering.
Standard clustering algorithms such as hierarchical or k-means clustering have two
impediments commonly raised. The first is that both methods group genes based on
global similarity of expression patterns. That is a restrictive test, which is not necessarily
useful in the search for a marker. Secondly, and more importantly, both methods assign
each gene and condition to a single cluster, which may not always be desirable. Proteins
can have multiple functions in different contexts. In general, these clustering methods are
best used when trying to identify co-regulation or co-expression of genes in a series of
samples that are relatively homogeneous. In contrast, we are striving not to identify strict
co-expression of many genes on a global level, but rather sets of genes with expression
level thresholds that demarcate similar sets of samples in a heterogeneous microarray

data set. This selection procedure is more appropriate to the selection of markers.

Previously established methods also study gene expression values across sets of

samples to identify biomarkers. Our method has some differences from those methods
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that we believe make it more useful for some applications. The methods from Pepe et al.
(2003) (Pepe et al., 2003), SAM (Tusher et al., 2001), and PAM (Tibshirani et al., 2002)
require the investigator to separate the samples into two classes; this might be appropriate
for simple situations but it would be cumbersome for a dataset with multiple cell types
and conditions, especially if a researcher is exploring novel ways to arrange the data. Our

unsupervised classification method is more appropriate for such a case.

Like our method, the method presented by Beattie and Robinson (Beattie and
Robinson, 2006) can produce patterns in an unsupervised manner. However, the binary
patterns are obtained through an analog to digital transformation via a one-dimensional
clustering step. We believe that our use of a threshold value to discover binary patterns is
more intuitive for experimental biologists, and will simplify the development of
following validation studies. As explained above, a clear demarcation of expression level
between the two groups influences the decision for follow up more than the overall
structure of the data in each state. Ideally, we would like to present candidates that also
exhibit large fold-changes with high statistical significance. The logic of using a
threshold value that is directly related to the relative mRNA concentrations represents a
margin of safety for the detection of differential expression, and is commonly illustrated
by the use of a “two-fold rule” in the literature. Put simply, a biologist is more likely to
follow up on a candidate marker that has clear separation of expression level, over other
candidates that may have better statistical support, but would pose a challenge for

validation due to a tight range of expression.

Furthermore, the approach from Beattie and Robinson (Beattie and Robinson,

2006) assembles clusters by combining genes which generate identical binary patterns.
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Our observations indicate that the level of noise in gene expression data must be
accounted for and some degree of fuzziness must be allowed in any analysis. Essentially,
one stray sample should not ruin the association of two genes across a large number of
samples (here, 83). Logically, the possibility that such stray hybridizations are
encountered increases with increasing data set size. One such example is illustrated in
Figure 2-1A. We believe that cluster formation by a measure of discrimination which is
more resilient to small degrees of overlap in the distributions (due to experimental error)
will yield more fruitful results, and that adhering to matches between digital patterns for
cluster formation may be unnecessarily strict. The original data can be always retrieved
and a closer examination can be used to verify whether the classification suggested by

each probe set is true. This allows genes to be detected as markers of similar patterns.

To illustrate the usefulness of our methodology in cases where unsupervised
patterns with resilience to noise are needed, we applied the method to a database of 83
samples from a variety of mouse stem cells and derivatives. Our results indicate that this
method produced a list of candidate markers (the ‘selected marker set’) which was five-
fold enriched for a set of 71 known stem cell markers: we identified 45 of these while

reducing the total number of probe sets under consideration from 45,137 to 5,848.

To verify the performance of our method, we clustered the data set using k-
means, a standard clustering algorithm (see Methods), and found that the precision and
récall values were similar. The overlap of results with the k-means clusters was
appreciable (69.8%). However, our method cannot be considered as simply a duplication
of the results of k-means, as our method groups genes by their ability to segregate the

database and not by the similarity of their patterns of expression. Another important
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difference is that our method generates groupings of samples while identifying markers;
something that k-means lacks. If one were to choose to develop marker genes from the
results generated with k-means, a subsequent analysis of the expression profile in each k-
means cluster would be required to identify the samples in which the cluster of genes
might be more highly expressed. This can be done with a single set of genes but would
require an additional automated method to process all k-means clusters if a meta-analysis
were desired (such as our identification of genes related to differentiation in multiple cell
types). Thus, the gap method presented here provides important additional data that is

useful for a variety of subsequent explorations.

The selected marker set of genes was enriched in genes with particular features:
products located on the exterior of the cell, and functions related to cell communication
and differentiation (Table 2-3). This could be expected since our collection of data
contains samples from diverse cells and tissues, and cell identity is mostly related to the
cell surfaces and to the ways cells interact with their environment, including
communication with other cells. In addition, since our dataset is enriched for
differentiating tissues a number of major functions related to development appeared in

the list.

Although the selected set of markers is somewhat biased towards the objectives of
analysis of stem cells, it also includes markers that, for example, distinguish one lineage
from another (e.g. adult versus embryonic expressed genes). Our methodology facilitates
focusing attention towards markers for samples that one is interested in. Here, we
focused a more detailed analysis on markers segregating at least one of a short list of six

differentiation lineages from the set of 83 samples. The use of these 83 samples as
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background increases the likelihood of identifying markers that are specific for samples

one 1s interested in.

A total of 426 genes were identified as stem cell related markers for the six
differentiating lineages. Functional analysis found fewer statistically over-represented
functions than in the selected set of markers. Analysis of the 222 genes segregating the
differentiated samples (Table 2-3) found that the only over-represented Gene Ontology
(GO) annotations also significant for the selected set of markers were the association of
genes to the extracellular region and the extracellular matrix. It is known that
extracellular interactions are important between stem cells, their progeny, and their
immediate environment in the maintenance of the stem-cell state, control of stem cell
populations and associated progeny (Li and Xie, 2005). The one GO annotation over-
represented only in this set was enzyme inhibition (for 12 genes). This annotation is
represented in the list by five members of the serpin superfamily. A literature search
suggests that these genes may have a role in suppression of immune system effects
against differentiating cells. The absence of other functional enrichments suggests that
there may be no specific gene function that endows cells with the property of ‘stemness’,
in the same way that there appears to be no single stemness gene for all stem cells

(Vogel, 2003).

This set of 426 markers of stem cell differentiation allowed us to make some

general observations regarding stem cell function and evolution.

Firstly, we observe that if a gene is a marker for differentiation in multiple

lineages, then it will act the same way in most cases. Of the 17 genes identified as
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markers in multiple lineages, only 2 were found to be highly expressed in one

differentiated population and an in another undifferentiated population.

To examine whether patterns of expression in stem cells were retained for gene
homologs, we studied gene families represented in the set of markers. Identification of 49
clusters of related protein sequences indicated that gene expression behavior was not
conserved within those families since more than half of the clusters (26) included genes
with conflicting gene expression segregation properties. However, we also wanted to
study how expression patterns in stem cells were conserved with protein sequence
identity. For this we looked for the largest families within the set which reflect a large
number of gene duplication events and therefore offer multiple levels of sequence
identity between their members. We selected four families with two to four true paralogs
in the marker set: nuclear receptors, cytochrome P450s, Rab GTPases, and Early B-cell
factors. These superfamilies share general functional activities, but have obtained
additional functional or tissue specificities through mutation and selection following gene
duplication. Phylogenetic analysis of one example from each family (Figure 2-5) led to
the study of the evolution of a total of 13 genes. An ancestral gene existed for each of the
four families prior to divergence of Deuterostomia, with 3 being present in the
Protostome D. melanogaster (knot, rab3, and svp). Svp and knot are involved in stem cell
differentiation. The 2 genes arising from duplication of svp, and the 4 genes arising from
duplications of knot, are all detected as markers in our selected marker set. Similar
observations are made for the gene, Cypla/b; this gene underwent two duplications to
produce a family of three genes, with two involved in differentiation and identified in our

set of markers. We propose that the ancestral versions of this gene (e.g. in S. purpuratus)
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are involved in differentiation. The Rab3 family illustrates a case where duplication of an
ancestral gene (which has synaptic functions in D. melanogaster) produces Rab3d, which
has a role in mast cell development, and Rab3a/b/c, which we do not identify as
differentiation-related markers. The four murine genes conserve some neural function as
the ancestral Rab3, but they seem to have obtained other functions and tissues in which
they are expressed. Based on the results above we can hypothesize that the duplication of
a gene involved in a development related function is likely to result in genes also

involved in development.

Our second observation is that, in contrast, the range of expression is not
necessarily conserved between close paralogs. Ebf2 and Ebf3, for example, are highly
expressed in undifferentiated and differentiated mammospheres, respectively. Other cases
can be observed in Figure 2-6. We did not identify redundant markers, that is, paralogous

genes with the same segregation properties.

Our third observation is that clusters of genes with stem cell related functions
appeared during a window of evolutionary time. Expansion of gene families associated
with developmental functions is demonstrated by the number of paralogs of each family
present in different organisms (Figure 2-5). Of 13 genes from the four families, three are
present in Drosophila (svp, Rab3, and knot), four in S. purpuratus (COUP, an ancestral
version of Cypla/b, Rab3, and an ancestral Ebf), and probably 11 in Teleostei. By the
time of the Metatherian divergence, all 13 genes are present and there are no subsequent
duplications. A substantial portion of gene family expansions was complete by the
divergence of Teleostei from Chondrichthyes, which agrees with a previous phylogenetic

analysis of genes involved in mouse embryonic stem cell differentiation (Sene et al.,
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2007). The implication of this is that the use of model organisms such as D. rerio
(zebrafish) and Xenopus in stem cell research may yield insights that can be translated
into mammalian systems, provided that the appropriate paralogous genes are chosen for
study. Our analysis also suggests that the completion of the genomes of members of the
Urochordata, Cephalochordata, Hyperoartia, and Chondrichthyes taxa will provide great
insight into the evolution of genes involved in the regulation of cellular and tissue

complexity, in particular of those genes related to stem cell differentiation.

With this analysis we identified many stem cell specific markers in parallel,
allowing us to establish some concepts regarding the evolution of stem cells. This
demonstrates the value of the new tools described in this work. The study of genes from
our marker lists will allow identification of mechanisms and cell populations that together

contribute to stem cell function in a variety of different tissues.

2.6 Conclusions

We have demonstrated a method for detection of markers from heterogeneous
collections of samples of DNA microarray data of gene expression. We have applied this
method to a highly heterogeneous set of stem cell gene expression data with the objective
of detecting markers relevant to stem cells; a specific contextual question. The gap
method detected markers through the unbiased generation of secondary data which

facilitated directed analysis of the results.

We believe that our method is more appropriate for the identification of targets
for biomarker development than standard analytical techniques such as hierarchical

clustering, when applied to DNA microarray data. The gap method is generally
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applicable to other large heterogeneous datasets where one desires to find markers acting

in a small proportion of the samples.
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2.7 Materials and Methods
2.7.1 Environment

Manipulation of data and statistical calculations were performed in the R
language (Version 2.3.1). Packages implemented for biological applications are available
from the Bioconductor project (Gentleman et al., 2004), which runs in the R computing

environment.

2.7.2 Source of experimental data

Raw data in the form of Affymetrix CEL files for the appropriate samples were
obtained from StemBase(Perez-Iratxeta et al., 2005a). A subset of mouse samples based
on the MOE430A/B DNA chip set was selected, encompassing samples from embryonic
and adult stem cells and their derivatives. Expression values were generated from CEL
files with the GCRMA package (Wu and Irizarry, 2005) implemented in Bioconductor.
Initial analyses allowed us to identify some samples whose values were in general
outliers (due to non-standard RNA preparation procedures). These were discarded and the
expression values were recomputed with GCRMA on the reduced data set. The data set
used here contained 241 replicates (unique chips) derived from 83 different samples (of
unique biological origin) (Table 2-1). The expression signals were organized in a matrix
with columns for samples and rows for probe sets, with the entries in the matrix

representing the hybridization level.

2.7.3 Generation of database partitions

To identify possible permutations of partitions for the expression matrix, we used
a strategy to identify individual probe sets whose distribution of expression values

appeared to have a break in continuity (a gap). This was motivated by the observation
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that known marker genes are expressed at two or more obviously distinct levels (see the

example for Nestin in Table 2-1A).

Briefly, for each probe set in the expression matrix, we ordered the expression
values and calculated the differences between consecutive values. Large difference
values suggest a demarcation in the expression values for a particular probe set, which
may be the result of two underlying subpopulations of samples. If the difference exceeds
a cutoff value, samples on either side of the gap are assigned to two groups (low/high
expression), and encoded as binary vectors. The cutoff value used in this analysis was
50%, that is, a 1.5 fold difference, which on a log2 scale translates approximately to 0.6
units. This value was chosen to generate a number of partitions that did not produce an
excessive rate of false positive clusters. Note that we consider the possibility of finding

more than one gap.

We used majority voting rules to correct each binary vector so that all replicates
of any given sample were either 0 or 1. Ties were assigned a 0. For example, if two out of
three replicates were assigned a 1, the remaining replicate also was assigned a 1. This
ensures that database queries corresponded to the underlying vectors used in the analysis.
These corrected vectors were used for scoring probe sets in each cluster, and were also

used for generating visualizations on the web server associated to this work .

2.7.4 Identification of markers for each partition

We identified groups of probe sets which can act as markers for each pattern of
up/down regulation defined by the binary patterns as follows. For each binary vector

(which represents one way of partitioning the database into two), we calculated Mann-
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Whitney U test U-scores for each probe set on the microarray. The U-statistics were
calculated from the expression values in each group designated as highly expressed
versus the expression values exceeding the 90 percentile of the group with low
expression. This modified U-statistic is linearly correlated to the partial Area Under the
Curve (AUC) described in (Pepe et al., 2003) at a False Positive Rate (FPR) of 10% (data
not shown). The advantage of using the U-statistic here lies in its decreased
computational cost versus the calculation and integration of the AUC. The U-scores were
converted into a percentage of their maximum value for each group. Probe sets were
ranked by these scores and those exceeding 90% of the maximum U-score were saved as
candidate markers for each binary vector. The choice of this threshold was determined to

produce satisfactory results according to the precision/recall curves computed below.

2.7.4.1 Filtering marker lists by size and number of classified samples.

Since our analysis examines thousands of probe sets, the analysis above is likely
to identify many non significant markers by chance. A simple way to reduce those is to
accept only sample partitions that are identified by multiple probe sets. To establish a
lower threshold for the length of marker list to be accepted, we generated marker lists
using a randomized version of the expression matrix. The expression values for each
probe set were randomly reassigned to samples in order to destroy their biological
ordering while individually maintaining their range and distribution. We then generated
marker lists for each binary vector as described above. Approximately 98% of patterns
formed from the randomized matrix were associated with 2 or fewer probe sets,
suggesting that such patterns are likely to arise by chance. Thus, in our analysis of the

stem cell data set we decided to report only patterns associated with three or more probe
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sets.

We also observed that the patterns with the largest numbers of probe sets
identified major groups of tissue specific genes and therefore were not useful since they
reproduced obvious sample partitions. For example, a cluster of 242 probe sets was
identified that distinguished all blood related samples (hematopoietic and general bone
marrow related) from others in the database. We therefore did not report clusters with
more than 200 probe sets. This selection resulted in a list of 893 patterns involving a total
0f 10,401 probe sets for 7,478 genes. We define this as the “potential marker set”

(Additional data file 1).

2.7.5 Calculation of precision/recall curves

In order to assess the methods performance in detecting 71 known stem cell
marker genes (Table 2-2), we gradually decreased the upper limit of allowable cluster
size in the data set and calculated precision/recall values on the sets of clusters that
passed the criteria at each step (Figure 2-3). This analysis was used to choose a 90%
cutoff for generating clusters with the gap method, and to define a smaller set of markers
(from the 705 patterns with 63 or fewer markers), the “selected marker” set (Additional

data file 2).

2.7.6 Benchmarking of method with k-means clustering

In order to compare the gap method with an established method of grouping
genes, we identified clusters of probe sets with k-means clustering according to their
patterns of gene expression. We specified 1,000 clusters, which is similar to the number

of clusters generated by the protocol described above, and selected the genes classified in
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those groups. The default algorithm for the ‘kmeans’ function in R was used. We
computed the precision/recall values for k-means clustering by gradually decreasing the
maximum allowable cluster size, as above. As the k-means algorithm is not deterministic,
to estimate the expected precision/recall, we generated a mean precision/recall curve
from 100 repetitions of k-means clustering. This curve is compared to curves generated

with our clustering method in Figure 2-3.

We compared the overlap between the sets of genes selected by the gap method
and k-means. For each of the k-means control runs, we selected the genes from the set of
clusters that produced a recall of at least 45 known stem cell markers (this is the
approximate recall level in Figure 2-3). The overlap between that k-means iteration and
the gap method was computed as the fraction of genes selected by both methods divided
by the total number of genes selected by either method. The mean overlap between the

gap method and all k-means iterations was 69.8%.

2.7.7 Enrichment of Gene Ontology (GO) annotations

We examined the functions of genes associated with each pattern by
characterizing the enrichment of their GO annotations (Ashburner et al., 2000). As many
genes are represented on the array by multiple probe sets, we mapped probes to their
corresponding Entrez GenelDs, and calculated functional enrichment on a per gene basis.
Affymetrix probe sets were mapped to Entrez GenelDs using the April 11, 2006 release
of NetAffx annotations (Liu et al., 2003). Where probe sets had multiple GenelD
mappings the first one was selected since we observed that in the majority of such cases
the first identifier tends to be the only one with a published symbol as opposed to one that

was automatically generated. Links from GenelIDs to GO annotations were obtained from
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on May 9, 2006, and traced up through the GO ontology to identify ‘ancestral’ terms. We
calculated the cumulative hypergeometric P-values for each GO annotation as per
(Tavazoie et al., 1999). Raw P-values were then subjected to a Bonferroni correction to
take into account the number of GO categories considered. These adjusted P-values are
reported in this analysis. The analysis of GO enrichment in the selected and high-in-
differentiated sets of markers (Table 2-3) was done using the potential marker set as

background.

2.7.8 Representation of markers associated to samples

To generate an overview of the markers associated to different samples by the gap
method represented in Figure 2-4, binary patterns were clustered with complete linkage
hierarchical clustering based on their Euclidean distances. Major clusters were manually
identified from the hierarchical tree and assembled into groups. Each row group was then
associated with the column that contained the maximum value of the averaged binary

vectors in the group. Row groups were then arranged by increasing column numbers.

2.7.9 Analysis of protein families involved in stem cell differentiation

We chose six pairs of samples from our database representing undifferentiated
and differentiated states of stem cells (Additional data file 3). We selected all probe sets
segregating at least one of those pairs with a score exceeding 99%. These probe sets were
mapped to RefSeq protein sequence IDs based on NetAffx annotations dated July 12,
2006. The 488 selected probes mapped to 420 RefSeq protein IDs, and these 420 protein
sequences were obtained from NCBI on Feb 23, 2007. Pairwise protein BLAST (blastp)
(Altschul et al., 1997) was performed on this set of sequences and the expect (‘e’) values

were arranged into a pairwise matrix. Cells with no observed protein hit were replaced
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with e = 1, and the diagonal was filled with € = 0. This matrix was converted to a binary
matrix by assigning 1 to cells containing an e value larger than 10 and 0 to the
remaining cells, which was then hierarchically clustered in R using binary distances for
generation of the distance matrix. Finally, we manually chose three illustrative groups of

genes after inspection of sequences and results.

2.7.10 Online Search Engine

Marker databases were created using the MySQL database management system,

with a web interface written in PHP.

2.7.11 Additional data files

The following additional data files are available with the online version of the

paper.

Additional data file 1: 10,401 probe sets in “potential marker” set. Columns
indicate (1 Affy id) Affymetrix probe set identifier, (2 chip) chip set, (3 gene) gene
symbol, and (4 patterns). A marker might be associated to multiple patterns and those are
encoded in column 4 using the marker server pattern identifier followed by the score for
the pattern between brackets, with information for different patterns separated by a colon.
Patterns can be retrieved at the marker server using the marker server identifier or they

can be queried with the Affymetrix probe set identifier.

Additional data file 2: 5,848 probe sets in “selected marker” set. The meaning of

the columns is identical to Additional data file 1.

Additional data file 3: 488 probe sets in “stem cell related” set. Columns indicate
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(1 Affy id) Affymetrix probe set identifier, (2 chip) chip set, (3 gene) gene symbol, (4
pattern) marker server pattern identifier chosen. Columns 5-6 are related to the clustering
analysis (see Methods): (5 protein) NCBI identifier for the protein sequence used, (6
cluster) label for the protein cluster. Columns 7-18 indicate segregation (value of 1) in
pairs of stem cell samples and their differentiated derivatives, respectively: (7 J1-U) and
(8 J1-D) J1 mESC, (9 V6.5-U) and (10 V6.5-D) V6.5 mESC, (11 Mast-U) and (12 Mast-
D) mast cell precursors, (13 MaSC-U) and (14 MaSC-D) mammospheres, (15 Osteo-U)
and (16 Osteo-D) osteoblasts, (17 HSC-U) and (18 HSC-D) hematopoietic cells. Column
(19 multi) indicates (value 0/1) 17 genes differentially expressed along multiple stem cell
lineages (one at least being non mESC). Samples used were S255 versus S256 for
mammary stem cells (undifferentiated and differentiated, respectively), S294 versus five
samples (5291, S292, S293, S295, S296) for HSC, S128 versus S127 for J1 ESC, S153
versus S175 for V6.5 ESC, S185 versus S196 for osteoblasts, and S236 versus S237 for

mast cells.

Additional data file 4: Identifiers of the proteins used in the phylogenetic analysis.
Protein identifiers (GenBank) of the sequences used for the phylogenetic analysis
depicted in Figure 2-5. Occasionally, the label used (e.g. Ebf) differs from the gene name

in the database. Labels used are derived from the phylogenetic analysis.
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3.1 Preface

Sections of this chapter were reproduced from the following publication:

Paul M. Krzyzanowski, Feodor D. Price, Enrique M. Muro, Michael A. Rudnicki,
Miguel A. Andrade-Navarro. Novel muscle miRNA discovery through integration of

EST data and predicted RNA secondary structures. Submitted.
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3.2 Abstract

Predicting novel loci yielding non-coding RNAs (ncRNAs) is a topic which has
enjoyed a considerable upsurge in interest, with many computational methods being
published to predict microRNAs, long ncRNAs, riboswitches and the like. Although all
methods strive to improve the quality of predictions generated through various strategies,
none, to our knowledge, have explicitly considered the impact of integrating existing
cDNA-based Expressed Sequence Tag (EST) data to achieve this goal. To determine
whether EST data can assist in miRNA prediction, we evaluated the performance of
various methods of miRNA prediction both with and without information combined
regarding EST data according to the model of miRNA biogenesis. Our results indicate
that ESTs can improve the quality of miRNA predictions and represent a source of data

that has been underappreciated in the field of ncRNA discovery.
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3.3 Introduction
3.3.1 Non-coding RNA prediction

Interest in non-coding RNAs has increased dramatically since the first reports of
their significance. MiRNAs are one class of many ncRNAs which are of scientific
importance. Current approaches to discover novel miRNAs vary and range from projects
that are predominantly computational (Krek et al., 2005; Washietl et al., 2005a; Washietl
et al., 2007) to high-throughput sequencing projects which attempt to identify them
empirically (Babiarz et al., 2008; Morin et al., 2008). In general, experiments are
designed to utilize complementary information from both angles to generate sets of
candidates. In designing a miRNA prediction experiment, both sets of techniques should
be used together; the order in which they are applied likely depends on the strengths of

the group spearheading the work.

For example, computational prediction methods require experimental validation.
An example of this approach is given in Washietl et al. (2007), where ENCODE
Consortium genomic alignments are analyzed computationally to predict structural non-
coding RNAs (Washietl et al., 2007). Visual inspection of results generated
computationally was followed by RT-PCR validation of selected candidates, yielding an
overall verification rate of 25%. In the Washietl ef al. study, the validation of several
different types of ncRNAs was pursued simultaneously and for reasons such as
complexity of RNA structures, this verification rate was expected to differ for various
RNA types. A separate group ran a study in Saccharomyces cerevisiae, identifying
structural ncRNAs, performing follow up validation using a combination of Northern

blottings, rapid amplification of cDNA ends (RACE), and the integrations of previously
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published tiling array data (Kavanaugh and Dietrich, 2009).

On the other hand, results from experimental techniques such as RNA cloning and
sequencing require a posteriori computational analysis to provide additional evidence
supporting the existence of purported pre-miRNA hairpins. This approach is likely to be
favoured by groups where experimental expertise dominates. For example, Ro et al.
(2007) employed a small RNA cloning approach to identify RNAs in developing mouse
testes, separating sample into sub-populations of miRNAs and piwiRNA-like species and
focusing on the latter (Ro et al., 2007). The ultimate characteristics of the cloned piRNA-
like RNAs was finally confirmed bioinformatically using a combination of size, predicted
RNA structure, and other characteristics of the local genomic neighbourhood (e.g
clustering of multiple piRNA-like candidates). In 2005, an earlier study of cloned zebra
fish small RNAs identified miRNAs by categorizing sequenced small RNAs with an
implementation of BLAST sequence alignment versus an ad hoc database of noncoding
RNAs (Chen et al., 2005). Here, small RNA sequences were searched against profiles for
known RNA families such as rRNA, tRNA, snRNA, snoRNA, scRNA and mRNAs. Any
small RNAs not fitting known ncRNA profiles formed a pool from which subsequent

validation was pursued on an individual basis.

A hybrid approach to ncRNA prediction lies in attempting to identify novel
miRNAs residing within known regions of transcription. One of the most abundant
reservoirs of data to facilitate this work is Expressed Sequence Tag (EST) data previously

generated to characterize the transcriptome.
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3.3.2 Expressed Sequence Tags

Expressed Sequence Tags (ESTs) are nucleotide sequences which are generated
by sequencing the ends of cloned sequences from cDNA libraries. cDNA libraries differ
from genomic DNA libraries in that DNA inserted into plasmid vectors is derived from
genomic regions actually expressed in the samples of interest. There are two main
advantages of creating and using cDNA libraries. Firstly, library vectors are enriched in
genomic sequences expressed in a sample of interest, permitting exclusion of intergenic
genomic regions which may not be of interest to a particular project. Secondly, cDNA
library fragments represent coding mRNA sequences that are more or less fully
processed, and capable of generating peptide sequences corresponding to functional
proteins. This factor is of exceptional utility in cases where mRNA splicing occurs and

expression of a protein in a prokaryotic system is desired.

A standard approach in generating cDNA libraries is to isolate and purify mRNA
from a sample of interest and purify this RNA fraction using oligo-dT purification
columns. This approach excludes non-polyadenylated RNAs such as tRNAs and
ribosomal RNAs from the RNA fraction of interest (Lodish, 2000). Once the purified
mRNA fraction is isolated, oligo-dT primers are used to synthesize a complimentary
DNA strand with a retroviral reverse transcriptase polymerase (Figure 3-1). The original
RNA template 1s eliminated by hydrolysis and a poly-dG sequence is added to the 3°-OH
end of the newly synthesized ssDNA strand, permitting the use of oligo-dC primers and
DNA polymerase to initiate synthesis of a complimentary DNA strand equivalent to the

original RNA molecule.
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Figure 3-1: Construction of a cDNA library.
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To enable insertion of the double stranded cDNA molecules into plasmid vectors,
additional dsDNA linker fragments containing restriction enzyme sites are ligated to the
blunt cDNA ends. Restriction sites in the linker regions are cleaved to produce “sticky
ended” termini (staggered cleavage points) which are cognate to sites within the vector
backbones chosen to ultimately store the library. Recombinant vectors are then
incorporated into a host organism such as E.coli, creating the library where individual

E.coli colonies typically carry a clone originating from a single mRNA fragment.

Using these and similar techniques, over 60 million EST sequences have been
deposited and made publicly available in the NCBI dbEST (Boguski et al., 1993). In
addition, many proprietary EST databases may have sequences derived from specialized

cDNA libraries (Echenique et al., 2002; Lutfiyya et al., 2007; Michael et al., 2006).

Although EST library creation is a time tested technology with historically large
human sequencing initiatives now over a decade old (Adams et al., 1995; Hillier et al.,
1996), their usefulness continues to the present day in a variety of applications. EST
sequencing is being used to identify cochlear genes potentially involved in the
development of hearing disorders (Skvorak et al., 1999), to advance knowledge of diatom
genomics for the purpose of improving silicon based nanotechnology designs (Montsant
et al., 2005), and to analyze economically important crops and livestock (Patel et al.,
2009; Vizoso et al., 2009). Thus, this mature strategy continues to show usefulness in

well defined problems.

However, past EST sequencing projects yielded many transcripts which, at the

time of creation, were annotated with no known functions. Many ESTs map to regions of
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transcriptional activity on genome assemblies which are not predicted to generate protein
sequences according to gene prediction algorithms crafted to identify protein coding
sequences (Burge and Karlin, 1997; Majoros et al., 2004; Sayers et al., 2009). With the
increased understanding of non-protein coding sequences and their important biological
roles, transcripts previously failing protein coding gene tests can plausibly be used to

identify novel alternative functions according to RNA-based models.

3.3.3 Use of EST data in ncRNA prediction

In order to consider whether EST data can be leveraged for ncRNA prediction,
specifically to identify miRNAs, it is important to consider the techniques used to
generate EST libraries and their compatibility with miRNA biochemistry. The most
direct question to address is whether miRNA transcripts are polyadenylated and thus
whether traces of them can be captured in cDNA libraries constructed with poly-T

primers, as explained above.

There are, in fact, numerous observations supporting the connection between EST
data and miRNA prediction based on polyadenylation. For instance, it is known that
pri-miRNAs, the uncleaved precursors of miRNAs bearing mRNA, are polyadenylated in
human cells (pri-mir-155) (Eis et al., 2005; Pawlicki and Steitz, 2009), Arabidopsis
thaliana (pri-miR171a) (Song et al., 2007), and Drosophila melanogaster (pri-mir-281)
(Xiong et al., 2009). The entire mir-290-295 cluster of miRNAs, thought to play a major
role in early embryonic development, is transcribed as a long (~3.1kb), polyadenylated

pri-miRNA (Houbaviy et al., 2005).

The parallels between classical mRNA transcription loci and dedicated intergenic
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miRNA bearing sites can be strengthened further by considering full transcriptional units.
One study concluded that miRNAs spanning up to 10kb can be transcribed as a single
primary transcript, with predicted CpG islands near the promoter region and well defined
5' and 3' boundaries (Saini et al., 2007). Prior to the development of this knowledge of
miRNA transcription sites, an earlier study successfully amplified several pri-miRNAs
using oligo-dT primers (Cai et al., 2004b), providing the most direct information
supporting the hypothesis that miRNA derived sequences can be observed in EST

libraries.

Several groups have examined EST data in ncRNA prediction, but in each case
the strategies designed have been to examine EST sequences directly. At least two
groups attempted to identify novel miRNAs by examining ESTs for hairpin-like
structures (L1 et al., 2006; Zhang et al., 2005). Others have used ESTs to infer miRNA
expression by flanking EST RT-PCR (Gu et al., 2006). This latter approach is
corroborated by the previously observed correlations in expression between intronic
miRNAs and the protein coding transcripts they lie within (Baskerville and Bartel, 2005).
This joint expression leads to a tempting hypothesis that has become a common
assumption in miRNA research — that the two functional molecules are produced ina 1:1
stoichiometric ratio. However, since exogenous factors can affect splicing/pre-miRNA
cleavage efficiencies and respective RNA degradation rates, the ultimate effect on the
relative abundances of the two species is difficult to determine and this line of thought is
difficult to justify as a hard and fast rule. In fact, one group reported that ESTs illustrate
alternative transcription products created via excision of intronic-miRNAs quite nicely,

as is the case with mir-126 in the 7th intron of EGFL7 (Kim and Kim, 2007).
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Furthermore, most recent high throughput sequencing data shows that mature miRNAs of
the same pri-miRNA transcriptional unit, and even of the same pre-miRNA hairpin, can
ultimately be present in different ratios (Babiarz et al., 2008). The implication of all
these observations is that there is a large amount of interplay between miRNAs, their
sequences, the miRNA pathway processing machinery, and most likely many unknown
accessory factors that influence various steps an RNA takes along the way from its site

encoded within genomic DNA to a fully functioning mature miRNA molecule.

In the absence of an all-encompassing model of miRNA biogenesis, we began our
analysis with the hypothesis that currently understood mechanisms of miRNA biogenesis
reduce the likelihood of observing full pri-miRNA transcripts in cDNA evidence. We
hypothesized that, according to the standard model of miRNA biogenesis, the likelihood
of observing full pri-miRNA transcripts in EST data is low, specifically due to the
absence of cDNA-like splicing products as expected from long protein coding mRNAs
(See Figure 3-2). We therefore investigated whether integrating EST data in a way that
considered the cleavage mechanism of miRNA maturation improves predictions
generated via several methods. More specifically, usage of poly-T primers in EST library
construction increases the likelihood of observing only the 3’ end of pri-miRNA
transcripts, ending at the 5’ terminus of a miRNA hairpin. In addition, since poly-T
primers are predominantly used in the construction of EST libraries, the 3’ end of
processed pri-miRNA transcripts is the one most likely amplified. As many examples of
this effect are seen, albeit anecdotally, such as loci of murine mir-145, mir-126 and
mir-206 (Figure 3-2 B-D), we endeavored to investigate the utility of adding EST data

into a miRNA prediction pipeline.
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Figure 3-2: Rationale for miRNA-EST modei of prediction.

Model of miRNA biogenesis and generation of EST evidence of miRNA expression. RNA
polymerase |l transcribes the primary miRNA transcript (pri-miRNA), which is cleaved by the
Drosha-DGCR8 complex. Cleaved pre-miRNAs are further processed, while intervening
fragments are degraded. The remaining polyadenylated 3’ fragments of the pri-miRNA may be
amplified by polyT primers commonly used in the generation of EST libraries.

To this end, we developed a methodology that combines techniques from miRNA
prediction with Expressed Sequence Tag sequences. Our novel reinterpretation of
preexisting public EST data identifies traces of miRNAs and provides probable tissues of
expression from specific expression data annotated to submitted EST libraries. To date,

the usage of ESTs in miRNA prediction has been limited and distinct from our approach.
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Furthermore, we propose that the the significance of this effect is general to any ncRNA
undergoing cleavage, as illustrated with the discovery of a self cleaving RNA motif in the

3’UTR of Clec2d (Martick et al., 2008).
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3.4 Results
3.4.1 EST start points are associated with 3’ termini of miRNAs

We first examined the distributions of EST termini around known miRNAs in the
human and mouse genomes to evaluate the trend of association between the two types of
annotations, and thus to determine whether their use in novel miRNA prediction was
plausible. We observed a distinct clustering of EST termini in sequence regions aligned
with the 3’ ends of known miRNA in the mouse and human genomes, respectively
(Figure 3-3). By comparison, this distinct clustering was not observed when examining

the 5’ termini of known miRNAs.

One important issue in genome wide screens is ascertaining the degree of
background signal present. To explore this, the ncRNA-EST analysis was repeated
numerous times using randomly shuffled miRNA annotations. Randomization of the
annotations is intended to remove any correlations present between known miRNAs and
EST products, while estimating a background level of association between the two. The
baseline results in Figure 3-3 show that miRNAs are associated with EST above expected
background levels. Similar results are maintained when considering different versions of

the mouse genome (Figure 3-6).
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Figure 3-3: EST termini associate with 3’ end of annotated miRNA in mouse and human
genomes.

Accumulation of EST termini adjacent to 3’ ends of known miRNAs in the mouse (mm8) and
human (hg18) genomes. We observed a slight increase in signal downstream in the 5’ figures
which is likely due to EST termini associated with the 3' miRNA terminus and not aligned by virtue
of the variable window sizes of known miRNAs. The expected signal with randomly distributed
ESTs and miRNAs is shown (red lines; 99" percentile of randomized trials). Additional peaks
observed downstream of miRNA 3’ termini (most prominent in mm8 in figure) generally arose
from miRNAs fortuitously aligned with single downstream ESTs (data not shown).

Together, these observations show that ESTs are specifically associated with the
3’ terminus of known miRNAs, supporting our model of concurrent miRNA and EST

generation presented in Figure 3-2. With this information, we inferred that miRNA
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predictions might be generated by identifying genomic regions with the potential to
generate structured RNAs with corresponding EST evidence in proximity of their 3’
termini.

3.4.2 ESTs enrich the quality of microRNA predictions when applied to
several methods of deriving them

Three different methods were used to investigate whether improved miRNA
predictions could be attained by considering potentially structured RNA regions with

supporting ESTs.

3.4.2.1 Predictions by RNALfold

One method of generating structured RNA predictions is RNALfold (Hofacker et
al., 2004). The RNALfold algorithms identify the most energetically stable RNA
structures below a specified size in very long genomic sequences, such as entire
chromosomes. After calibrating settings to discard predicted RNA structures unlikely to
be miRNAs (See methods for details), we obtained approximately 3.3 million structures
in the mouse genome (mm9). In this set of RNA hairpins, it was found that true miRNAs
had lower than average normalized Minimum Free Energy (MFE) (Hereafter, normalized
MEE is referred to as NFE), in agreement with independently reported results (Bonnet et
al., 2004). Known miRNAs exhibited significantly lower NFE than the overall set of
genomic hairpins when computed three different ways, the most significant (P<9x107%%)
being between normalized energies calculated based on the number of nucleotides
contained within the duplexed region excluding those in the single stranded tails and

terminal RNA loop (Distributions are shown in Figure 3-7). We therefore refined this set

of predictions by retaining those with lower than average NFE (under -0.44kcal/mol) and



Chapter 3: Using EST data facilitates noncoding RNA prediction 94

ESTs within 14nt of the 3’ terminus (see Methods for determination of these values).

Using this distance between hairpin annotations and ESTs, we determined that there was
a significant enrichment in annotation associations as compared with randomly shuffled
instances of the same data (Table 3-1). In all cases, positive Signal to Noise (S/N) ratios

were generated.

Using these values to filter the hairpin dataset and observing the rate of known
miRNA re-prediction, this set of RNA hairpins predictions yielded a high recall rate of
almost 85% but a precision rate of only 0.01% when not using EST data. Upon
incorporation of EST data, 81 out of 91 (89%) annotated miRNAs with ESTs within 14nt
were recalled by using this criteria while the precision rate increased to 0.20%.

Therefore, by considering known miRNA annotations recoverable with EST data, we
effectively increased the recall rate by approximately 5% while simultaneously increasing

the preciston by 20 fold (Table 3-2).
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Genome  Objecttype n objects n ESTs Intersecting Bootstrap S/N  Bootstrap

@14nt mean Ratio P-value
mm8 Raw hairpins 3299070 4561569 41347 33182 1.24 <10-4
RNAz 79094 4561569 17245 4176 413 <10-4
Cloned 3442 4561569 112 25 448 <10-4
mm9 Raw hairpins 3340947 4364783 40872 32496 1.26 <10-4
RNAz 62057 4364783 12617 3040 4.15 <10-4
Cloned 3446 4364783 88 18  4.89 <10-4

Table 3-1: ncRNA-EST associations are significantly higher than expected by chance
Associations between structured RNA regions predicted by several methods and existing ESTs
are shown. Simple hairpins generated by RNALfold (Raw hairpins), conserved RNA structures
(RNAz), and high-throughput Illlumina sequenced fragments residing in hairpins (“Cloned”). For
details of bootstrapping, please see Methods section.

mm9
Cloned Hairpins RNAZz
Without  With Without With Without With
ESTs ESTs ESTs ESTs ESTs ESTs
A Number of objects 3446 3446 | 3340947 3340947 62057 62057
(gross)
B Number of objects 3446 540 | 3340947 40782 62057 12617
(net)
C Unigue miRNAs 348 108 393 81 144 35
detected
D Total miRNA 463 132 463 91 463 91
predictable
Precision (C/B) 10.10% 20.00% 0.01% 0.20% 0.23% 0.28%
Recall (C/D) 75.16% 81.82% | 84.88% 89.01% | 31.10% 38.46%

Table 3-2: Considering EST annotations improves rates of miRNA prediction

Rates of known miRNA prediction for three different methods of predicting ncRNAs are shown
with and without including known ESTs in the protocol. Methods considered were: Simple
hairpins generated by RNALfold (Hairpins), conserved RNA structures (RNAz), and high-
throughput lllumina sequence fragments residing in hairpins (Cloned).
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3.4.2.2 Predictions by RNAz

In a similar fashion, we generated predictions of structured RNAs exhibiting
interspecies conservation between mouse, human, dog and rat using RNAz, a method that
considers genomic alignments when generating candidate ncRNAs (Washietl et al.,
2005b). RNAz based ncRNA predictions were also associated with EST annoations at a
significance level below the threshold calculable by our protocol (Table 3-1). However,
the RNAz based results generated a higher Signal-to-Noise ratio than raw hairpins
generated by RNALfold, presumably because interspecies conservation eliminated many
potential false positives in the set of putative ncRNA hairpins. Applying EST data to
predictions using this pipeline increased precision by 22% (0.23% to 0.28%) and recall
by 24% (31% to 38%) (Table 3-2). The lower recall rate observed with the RNAz
implementation may be due to some known miRNAs being located in genomic regions

with lower conservation scores or to some miRNAs being species specific.

3.4.2.3 Predictions derived from high-troughput sequencing data

To further investigate the utility of ESTs data for analysis of small RNA sequence
libraries, we examined EST influence on miRNA predictions using a published data
derived from a embryonic stem cell library generated with Illumina sequencing

technology (Babiarz et al., 2008).

We aligned the sequence fragments deposited in GEO (Accession: GSM314552)
to the mouse genome and identified 4239 small (~21nt) sequence windows. After
restricting the data to windows predicted to be within putative RNA hairpins, we were
left with 3446 potential mature miRNA sequences with experimental support from cloned

library sequences (see Methods for details). When these candidate miRNAs were
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intersected with EST annotations to retain only loci with both forms of experimental
support (e.g. small RNA library and EST), we observed the rates of recall and precision

rise from 75.2% to 81.8% and 10.1% to 20.0%, respectively.

Together, the results from the above three approaches strongly argue that
improvements in prediction rates of non-coding RNAs, and specifically ncRNAs
undergoing processing or cleavage, such as miRNAs, can be attained if future

investigations incorporate EST data into their ncRNA prediction protocols.
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3.5 Discussion

The data above shows that existing EST records are significantly associated with
known miRNA loci. By using miRNAs as a representative class of ncRNAs, these
results also suggest that inclusion of EST data into future ncRNA prediction pipelines

should be considered.

3.5.1 On the utility of EST data to support ncRNA predictions

We have shown that ncRNA predictions can be refined by including EST data
using miRNA predictions as an example. Future development of non-coding gene
prediction strategies should not only consider immediate features of genomic sequence
such as sequence composition, motifs and RNA secondary structures, but also integrate
these factors with knowledge of how transcripts are behaving in specific locales. By
taking into account the predicted behaviour of one type of transcript, one can make
inferences as to what would appear when examining data produced for an entirely
disparate purpose. In the case of miRNAs, this function is served quite nicely with the
combination of miRNA biogenesis where we were able to take advantage of the lack of
splicing products, and an artifact of the molecular steps occurring during EST generation;
namely reverse transcription primed by poly-T primers. Thus, EST proximity was

combined with information regarding predicted RNA structures to predict miRNAs.

The use of high-throughput sequencing data (i.e. Generated with Illumina
Genome Analyzer sequencers and similar technologies) has become more popular
recently with continually decreasing costs. Computational validation of raw sequencing
data is still nonetheless required, as appreciable fractions of reads generated from small

RNA libraries are likely non-miRNA ncRNAs. For miRNA discovery, a standard
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approach is to verify that sequence reads lie within predicted hairpin-like structures.
Furthermore, despite the apparently unbiased results produced from a deep sequencing
assay, the design of the contributing protocols to isolate small RNAs may themselves be
a source of bias, for instance, when small RNA is purified by gel electrophoresis and
excision any larger RNA species are discarded and lost. We have shown that including
EST data in a precise way aids in focusing attention towards plausible miRNA
candidates. It is expected that subsequent validations of strategic candidates with EST

support would enjoy higher success rates.

We furthermore expect that including EST data in ncRNA prediction strategies is
a generalizable approach for other types of ncRNAs that undergo cleavage during their
production or function. This latter point is well illustrated by the Clec2d 3’UTR, which
has been reported to contain a self-cleaving hammerhead ribozyme (Martick et al., 2008)
with the ribozyme cleavage site in close proximity to a cluster of ESTs (See Figure 7-1

for this example).

One might question why not simply sequence all miRNAs, now that
high-throughput sequencing technologies have sufficiently matured so that small RNA
library sequencing is practical, provided that enough tissue is available to extract RNA
from, and ignoring biases in RNA preparation. Foremost, if the appropriate EST libraries
already exist, they offer a means to identify miRNAs without undertaking an additional
sequencing project. In some cases RNA also remains limited (e.g. specific sub-sets of
stem cells) and a pragmatic course of action still remains: ab initio computational

methods followed by strategic validation by more sensitive methods.
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3.5.2 On the utility of ESTs to support ncRNA validation

The most significant value that ESTs have for miRNA prediction is that they
supply a probable tissue where miRNAs can be validated in. ESTs, by their very nature,
indicate the context in which the genomic region(s) they map to are expressed. By
extension, if sequences in a genomic region are expressed, it is reasonable to assume that
genomic features in the vicinity are expressed and possibly functional in the tissues from
which the culpable ESTs are derived from. Thus, a predicted miRNA with EST support
may be reasonably expected to be expressed and functional in the tissue from which the

EST is derived. Using ESTs in this way is investigated later in Chapter 4.

The consideration of ESTs also has a practical aspect in terms of prioritizing
ncRNA predictions for manual validation. The differences in miRNA detection precision
rates before and after addition of EST data shown in Table 3-2 illustrate that this method
facilitates identifying sets of ncRNA predictions containing higher proportions of ‘true
miRNAs’. Relative increases in precision of 2 fold, 20 fold, and 1.2 fold were observed
when examining miRNA predictions generated by small RNA library sequencing and
predicting miRNA-like locations using RNALfold and RNAz, respectively. However, in
practical terms the most significant result is that observed in the doubling of precision
produced when considering EST-supported miRNA predictions derived from sequenced
small RNA libraries, which is also the largest absolute increase out of the three. As
manual validation of miRNA candidates is normally pursued after they have been
identified, these results suggest that prioritizing validation of candidates in proximity to

ESTs translates into an approximate doubling of the achievable overall validation rate.
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3.5.3 On miRNA prediction

Each miRNA prediction method displayed differing performance, as illustrated by
the consistently enriched relationships between ncRNA annotations and EST records
which yielded differing Signal to Noise (S/N) ratios (Table 3-1). Analyses of ENCODE
Consortium regions using similar methods of ncRNA prediction observed S/N ratios in
their experimental setups which ranged between approximately 1.4 to 6.9 (Washietl et al.,
2007). The S/N ratios calculated for analyses presented in this thesis fall within the range

of independently reported in studies conducting similar analyses.

One striking observation were the impaired recall rates observed when examining
data from the RNAz ncRNA prediction method, where rates produced with RNAz
ranged between 31-38% versus 75-89% for both other methods. As RNAz requires
conserved sequence alignments, the low rate of re-identifying known miRNA annotations
could be attributable to known miRNAs displaying either 1) conservation levels below
thresholds than those employed in the RNAz pipeline or 2) bona fide uniqueness to the

mouse genome.

In addition to the variability in recall rates, differing increases in precision were
observed with each ncRNA prediction strategy when adding ESTs to the respective
protocols. As previously discussed, the largest and most dramatic relative increases in
precision were seen after applying ESTs to ncRNA predictions generated by
computational RNA structure predictions, while the largest absolute increase was
observed in a small RNA library sequencing approach. Though completely
computational ncRNA prediction pipelines are possible, the lower rates of overall

absolute precision associated with computational methods of RNA identification versus
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those associated with experimental RNA cloning and sequencing approaches are
somewhat problematic. Considering the increasing ease of constructing a small RNA
library and performing high-throughput sequencing, the drastically higher absolute
precision rates suggest that RNA cloning should be performed, when practical, to
generate candidate ncRNAs that are truly expressed. The resulting sequence data can be
further analyzed and refined computationally to more precisely define the identities of

cloned sequences.

Lastly and on a note specific to miRNA prediction, during calibration of RNAfold
scripts the binding energies of true miRNA hairpins were observed to be generally below
those of average hairpins, in agreement with previous reports (Bonnet et al., 2004).
Considering that the DGCR8 co-factor required for Drosha cleavage of pre-miRNA
hairpins contains two tandem dsRNA binding domains (Sohn et al., 2007), it is tempting
to speculate that lower free energy of formation (ie. stronger RNA hairpin formation) is
required to maintain dsRNA regions intact during pre-miRNA generation. This
conjecture is supported by observations that Drosha cleavage locations can vary slightly
but not stochastically, as the majority of mature miRNA sequences exhibit a dominant
terminus when examining results from high throughput sequencing data (See examples in
(Grimson et al., 2008) and (Morin et al., 2008)). This makes it tempting to hypothesize
that the Drosha/DGCR8 containing complex recognizes a sequence motif that depends on
precise and stable alignment of a dSRNA region, the discovery of which would greatly
simplify the task of predicting miRNA hairpins. One recent report proposes that a
GANNNNGA sequence has such a function in regions flanking miRNAs (Heikkinen et

al., 2008) but such claims are currently restricted to miRNAs originating the
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Caenorhabitis family. Further investigation into miRNA processing steps is needed.

3.5.4 Conclusion

We have shown that research into novel ncRNAs can be supported by considering
EST data. EST sequencing experienced an early surge of interest before genome
assemblies and gene prediction software were widely available and they represent an
existing pool of data which can be leveraged for novel uses. The development of future
non-coding transcript prediction strategies may benefit from reexamining apparently
discordant EST data by taking into account transcript behaviors that are distinct from the
classical model of ESTs being sequenced from cDNAs which are in turn derived from
spliced mRNAs. The conclusions herein are particularly relevant today, when the
throughput of sequencing technologies is increasing dramatically. Ongoing
investigations should not discount producing EST data which may not directly capture
full RNA species of interest, as applying up-to-date knowledge of transcriptome

dynamics can help extract novel findings from minimal sets of experiments.
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3.6 Materials & Methods
3.6.1 Source data

We used mm8, mm9 and hgl8 releases of the mouse genome. 4-way
conservation data used in RNAz included human (hg18), rat (rn4), dog (canFam?2) and
mouse (mm8 or mm9, where appropriate). Where required, miRNA, EST annotations,
and multiZ annotations were obtained from the appropriate releases of the UCSC genome

annotation datasets (Kuhn et al., 2009).

3.6.2 Generating miRNA predictions

miRNA predictions were generated by three different methods: RNALfold,
RNAZz, and using published Illumina sequencing data generated from a small RNA

library (Babiarz et al., 2008).

3.6.2.1 Generating predictions with RNALfold

To generate miRNA predictions based on RNA structures without conservation,
we used RNALfold from the Vienna RNA Package (v1.7), a tool that efficiently scans
sequence identifying regions predicted to harbor locally stable RNA structures (Hofacker
et al., 2004). We processed both strands of each genome analyzed, screening structures

in real-time with filters optimized to reduce false positives.

To calibrate the real-time RNALfold filter, we obtained miRNAs annotated to
mm& and attempted to generate simple RNA hairpins using RNAfold, obtaining 363
miRNA records and adding +5kb of flanking sequence to each window. We ran
RNALfold against these sequences and applied heuristics discarding structures that were

branched, did not exhibit a minimum length of bound bases (s values tested were 0, 21,
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25, 30, 35, and 40 bp), or exhibiting a predicted Minimum Free Energy (MFE) below a
given cutoff (AG values tested were 0,-10,-20,-30,-40,-50,-60,-70 kcal/mol). In addition,
various values of the RNALfold window parameter were tested (L values tested were
150, 200, 250, 300, 350, 400, 600, 800, and 1000 nt). Precision/recall was calculated for
all combinations of filter parameters and the settings retained were L = 600, s = 30bp,
and dG = -30 kcal/more (See Figure 3-4). Furthermore, we discarded hairpins nested in
larger hairpins with identical terminal loop coordinates. For illustration, this stage

generated approximately 3.3 million hairpins with mmS.

3.6.2.2 Generating predictions with RNAz

To generate structures with RNAz (v1.0) (Washietl et al., 2005b), records from
multiz30way and multizl 7way alignments were parsed for mm9 and mm& versions of the
mouse genome, respectively, retaining mouse sequences along with hgl8, canFam2, and
m4. The RNAz rmazWindow script was then run on alignments containing a minimum of
four sequences to prepare jobs for RNAz. RNAz was run analyzing both alignment
strands and retaining candidates with scores above 0.9. The rmnazIndex script was used to

convert results to BED files encoding structured windows.
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Figure 3-4: Calibration of real-time RNALfold filter parameters.

Precision and recall values were calculated by applying RNALfold on genomic DNA sequences
centered on known miRNAs and filtering resultant RNA structures. Filtering parameters used
were: hairpin size; hairpin MFE; and RNALfold window size. The point generated with
parameters used in this study and corresponding precision and recall are shown with a white X.
For computing precision/recall, miRNA-hairpin annotations had a minimum overlap of 80%.

3.6.2.3 Generating predictions with Illumina sequencing

We processed the raw Illumina data provided in GEO record GSM314552
(Babiarz et al., 2008) by aligning all sequence fragments to mouse genomes with

novoalign (Novocraft, 2009) and generating wiggle (UCSC .wig) tracks showing total
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normalized expression for each nucleotide. Each Illumina fragment had a normalized
expression value which was 1 divided by the number of genomic locations it mapped to.
We defined miRNA candidate regions by identifying contiguous 21nt sequence windows
with a minimum expression value which was also the maximum value within +15nt.
Since this sequencing library was shown to capture non-miRNA species as well (Babiarz
et al., 2008), we retained windows which were predicted to reside within a hairpin,

predicted with RNAfold (Hofacker et al., 1994).

3.6.3 Observing relationships between ESTs and known miRNAs

To generate the plots illustrating the relationship between miRNAs and ESTs
(Figure 3-3 and Figure 3-6), 3’ coordinates of microRNA annotations on human and
mouse genomes (hgl18 and mmS§, respectively) were identified and 2kb sequence
windows centered on this location were retrieved. Coordinates of EST termini mapping
within each sequence window were identified and a score for each relative location was
incremented by 1/n, where n equals the number of ESTs mapped to the miRNA
associated sequence window. Pseudocode for this process is in Table 3-3. Scores for all

miRNAs were aggregated, binned in 10nt windows, and plotted.

Significance scores for peaks observed in each genome assembly were determined
by bootstrapping as follows. Briefly, for each miRNA window, coordinates were
shuffled to random locations on the same chromosome and EST termini were identified
in £1kb genomic windows. EST accumulation was scored as described above, and the
scores for each genome assembly and test (upstream/downstream of miRNA) were
aggregated. The number of times a replicate generated a central peak in excess of the

observations was counted and used to determine a P-value.
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3.6.4 Generating EST supported miRNA predictions
3.6.4.1 EST intersections with RNALfold

To further screen candidate miRNA hairpins, we filtered hairpin structures based
on their normalized AG value and the distance to a downstream EST terminus, as true
miRNAs were observed to have lower than average normalized MFE than the entire set
of genomic hairpins. We thus examined the effect of filtering predicted structures based
on precision/recall values computed using NFEs between 0 and -1 kcal/mol and EST
proximities between 0 and 200 nt (See Figure 3-5). We retained predicted hairpin
structures exhibiting a maximum NFE of -0.44 kcal/mol and with one or more EST
termini within the structure, permitting the generation of mature miRNA and up to 14nt

downstream of the 3’ end.

3.6.4.2 EST intersections with RNAz

RNAZz object windows were associated with ESTs if an EST terminus was located
within the sequence window plus 14nt as determined above. As loci generated by RNAz

did not preserve strandedness, objects were considered on either strand.

3.6.4.3 EST intersections with Illumina data

As genomic coordinates of mapped Illumina sequencing fragments approximate
mature miRNA sequences, not pre-miRNA hairpins, we determined the maximal distance
between sequencing fragments independently. We examined distances between termini
of known mature miRNAs and the extents of their corresponding pre-miRNAs. After
calculating upstream and downstream values for each miRNA/pre-miRNA pair, the mean
of the larger values was determined to be S1nt. This distance was the cutoff with which

sequence fragment/EST intersections were considered.
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Figure 3-5: Calibration of filter based on Normalized Free Energy and miRNA-EST distances.
Cutoffs for Normalized Free Energy (NFE) and miRNA-EST distance were calibrated to filter the
set of hairpins generated from the genomewide scan of RNALfold. Precision/Recall curves
shown for each miRNA-EST distance (d) cutoff, with individual points corresponding to NFE
cutoffs at each value of d(Black points, moving counterclockwise). NFE values range from 0 to -1
kcal/mo! and miRNA to EST distances range from Ont to 200nt.

3.6.5 Statistical tests

Bootstrapping to estimate significance of the peak graphs was performed by
randomizing EST start points in the +1kb genomic windows and counting the number of

times replicates generated a peak at the central +10nt.
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3.6.6 Estimating significance of miRNA-EST associations

Enrichment statistics for EST supported miRNA predictions were determined by
bootstrapping. For each bootstrap trial, candidate miRNA annotations were shuffled to
random locations preserving chromosomal annotation and strandedness. Candidate
miRNAs were computed for each trial by intersecting ESTs according to the protocol

appropriate for each miRNA prediction approach, as described above.

3.6.7 Precision/Recall calculations

To calculate the differences in precision and recall between miRNA predictions
generated with and without the inclusion of EST data annotations, the rates at which
known miRNA annotations could be re-identified with the various miRNA prediction
approaches were computed. As known and annotated miRNAs without nearby EST
evidence cannot be identified with a prediction method employing EST data, it was
necessary to determine which miRNA annotations could be theoretically captured by the

various miRNA prediction approaches used.

To adjust for this, the number of known and annotated miRNAs was reduced to
include only those with EST annotations in the vicinity. For RNA structural predictions
using RNALfold and RNAz, the number of known and annotated miRNAs annotations
with ESTs annotations within 14nt of either terminus of structures was determined. For
predictions generated with high-throughput sequencing, the number of miRNA
annotations with ESTs within 51nt of an annotation terminus was determined (See Figure
3-8). This value was used as high-throughput sequence data aligned to the genome
identifies mature miRNA windows, while the available genomic (mm9) miRNA

annotations map the pre-miRNA hairpins without specifying the mature miRNA
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sequence; accordingly, a larger distance was permitted to account for mature miRNA
sequences deriving from the 5° arm of pre-miRNA hairpins. The distributions used to

determine this value are shown in Figure 3-8.

For the high-throughput sequencing data from (Babiarz et al., 2008) (“Illumina
data”), the unique miRNAs reported as detected were the number of known and
annotated miRNA hairpins which also contained at least one Illumina sequencing
fragment mapped within the accepted structure as annotated on mm9. For miRNA
predictions generated by RNALfold and RNAz, the numbers reported as detected were
those exhibiting a greater than 75% overlap between the predicted structures and the
known miRNA structures, as annotated on mm9. In all cases of computing predictions
either with or without EST evidence, the number of miRNAs predicted were those

included in the sets that were predictable by the respective methods, as determined above.
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3.7 Supplementary Information

3.7.1 Supplementary Figures
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Figure 3-6: Distributions of EST peaks near miRNAs are similar across genome versions.
Distributions of miRNA-ESTs are highly similar across different versions of the mouse genome
(mm8 and mm9). EST occupancy surrounding miRNAs was calculated as described in Methods.
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Figure 3-7: Distributions of Normalized Free Energies in sets of miRNAs and set of genome-wide
predictions

Three distributions are shown: The red, black, and blue distributions correspond to values derived
by normalizing the total MFE by the number of nucleotides in the hairpin sections as highlighted
in the inset figure.
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Figure 3-8: Determination of mature miRNA placement within pre-miRNA windows
553 mature miRNA sequences were mapped within their parent pre-miRNA hairpin annotations
and distances between termini were measured (A). d; and d, correspond to the shorter and
longer distances, respectively. Distributions of the values are shown in B. The mean of the d,
and d, are shown (12.7nt and 51.3nt, respectively).
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3.7.2 Supplementary Tables

For each miRNA
Shuffle miRNA to new location on chromosome
Identify coordinates of ESTs +1kb of terminus (5‘ or 3')
Foreach EST terminus {
} Increment relative EST terminus by 1/ (n ESTs)

}

Table 3-3: Pseudocode for EST terminus finding algorithm.
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4.1 Preface

Sections of this chapter were reproduced from the following publication:

Paul M. Krzyzanowski, Feodor D. Price, Enrique M. Muro, Michael A. Rudnicki,
Miguel A. Andrade-Navarro. Novel muscle miRNA discovery through integration of

EST data and predicted RNA secondary structures. Submitted.

Author Contributions for this chapter: PMK designed the project, performed
computational analyses, and drafted the manuscript. FDP performed experimental work
and provided feedback on experimental results. MAR and MAA provided mentorship

and direction.
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4.2 Abstract

We used the EST supported miRNA prediction methodology in the previous
chapter to identify and validate novel miRNA hairpins exhibiting potential control over
either Pax7 or Myf5, which are key regulators governing cell state transitions during
myogenic differentiation. To these ends, miRNA predictions with predicted expression
in differentiating myoblast cells were generated according to the model previously
presented in Chapter 3 and verified by microarray and Northern blotting. Several known
and predicted myogenic miRNA hairpins were detected and confirmed. Further
investigation demonstrated that several ncRNA hairpins expressed in differentiating
myoblast cell culture contribute towards Myf5 reduction, potentially identifying novel

ncRNA regulators of myogenic stem cell differentiation.
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4.3 Introduction

Known muscle microRNAs have been shown to play critical roles during growth
and regeneration. MicroRNAs have also been shown to participate in key regulatory
points during differentiation and development. An overview of muscle development and
miRNAs involved therein was provided in Section 1.5, “Muscle development and
markers thereof”. We endeavored to identify novel ncRNAs active during differentiation

of muscle tissues using a C2C12 myoblast model.

4.3.1 Objectives, Hypotheses

4.3.1.1 miRNA hairpins active during myogenic differentiation can be identified using
combined EST and predicted RNA structure annotations

The EST based miRNA prediction method presented in the previous chapter will
be used to identify miRNA-like hairpins that are expressed in differentiating C2C12
myoblasts. The RNA predictions will be validated using an experimental approach
which will be microarray based, with further experimental validation to verify positive

candidates after analysis of the microarray data.

4.3.1.2 miRNA hairpins expressed in differentiating myoblasts target myogenic
regulatory transcripts

Putative miRNA hairpins predicted and validated in the previous section will be
examined for potential to target transcripts involved in myogenic differentiation. Novel
miRNA hairpins expressed in muscle are hypothesized to show capacity to repress

transcripts involved in myogenic regulation, such as Pax7, Myf5, or Myodl1.
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4.4 Results

4.4.1 A custom microRNA microarray identifies myoblast expressed
miRNA-like hairpins

To examine whether novel myogenic miRNAs could be identified, the expression
of genomic locations containing putative miRNA hairpins was examined in RNA derived
from differentiating myoblasts or mES cells using a custom tiling microarray that we
designed to evaluate whether small RNAs are expressed from each locus. To identify
potential sites of miRNAs expressed in myogenic cell types, genomic sites with predicted
RNA secondary structures were cross-referenced with EST evidence derived from
muscle/myoblast and embryonic tissues (For methods, see Section 3.4.2.1). The
advantage of this miRNA prediction protocol is that it provides putative miRNA-like
RNA loci with annotation concerning their probable tissue(s) of expression based on the
biological sources of supporting cDNA library sequences. An overview of various
numbers of predictions produced in muscle, myoblast, or other tissues is shown in Table

4-1.
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Probable Source Predictions Probable Source Predictions  Probable Source Predictions
Adipose 43 Hematopoietic 482  Owtduct 29
Adrenal 11 Hippocampus 67 Pancreas 591
Amnion 97  Hypothalamus 103  Parthenogenote 38
B cells 126  Inner Ear 420  Puturtary 91
Bladder 77 Intestine 17  Placenta 375
Blastocyst 157  Islet 168 Pooled Cells 2569
Blood 14 Isthmus 85 Prostate 52
Bone 45  Joints 285 Rathke's Pouches 966
Bone Marrow 36 Kidney 973 Retinal 1457
Bowel 17 Lens 11 Salwvary Gland 153
Brain 5201 Leukemia 107 Sarcoma 10
Cancer 404 Limb 166  Sertoli Cells 51
Carcinoma 32 Lwer 656  Skin 321
Cardiac 16  Liver Tumour 242  Small Intestine 147
Cecum 26 Lung 406 Spermatids 72
Cerebellum 419  Lung and Heart 25 Spermatocytes 121
Choroid 113 Lymph Node 104 Spermatogonia 52
Colon 406 Lymphoma 149  Spinal Cord 176
Cornea 13  Macrophage 24  Spinal Ganglion 88
Corpora quadngemina 159  Mammary Gland 906 Spleen 626
Corpus striatum 36 Mammary Tumour 11 Stomach 156
Cortex 94  Mandible 20 Stromal Cells 133
Dendntic 674 Marrow 448  Subformical Organ 40
Diaphragm 46 Maxilla 18  Sympathetic Ganglion 74
Diencephalon 81 Melanocyte 155 T Cells 51
Ear 23  Melanoma 270 Taste buds 114
Ectoplacental Cone 14  Mesenchymal 66 Testis 995
Egg 259 Mesonephron 18 Thymus 898
Embryo 785 Mixed Cells 35 Thyrod 97
Embryonic Carcinoma 13 Mullenan Duct 49  Tongue 89
Embryonic Stem Celi 874  Muscle 52 Tooth 35
Epididymis 26 Myotubes 144  Total Fetus 254
Erythroblast 32  Neural Stem Cells 176  Trophoblast 88
Eye 967  Nullipotent 25  Tumour 1493
Fertilized eggs 36 Olfactory Systems 184  Unknown Ongin 346
Fetus 412 Qocyte 69  Urogenital System 36
Fibroblast 237  Organ of Corti 75 Uterus 17
Gall bladder 24  QOsteoblast 66 Vagina 23
Gastric Epithelium 36 Osteoclast 142  Vein 71
Germ cells 131 Ofocysts 130 Ventricle 514
Head 5568 Ovary 104 Whole Embryo 1661
Heart 398 Ovary and Uterus 24  Wolffian Duct 33

Table 4-1 Overview of predicted mIRNA hairpins in different tissues
13952 unique putative mIRNA hairpins were annotated in the mouse genome (mm9), based on
predictions generated from RNA structures with supporting EST annotations Counts above do
not correspond to this value due to some miIRNA predictions having ESTs derived from multiple

sources, and sources with under 10 predictions being exciuded due to space imitations
shown are

biological

sources

not

retained

In the

source

All
database
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To generate the design for the custom tiling array, sequences for each site
associated with putative myogenic or embryonic stem cell expression were tiled with
60nt windows, overlapping adjacent windows by 20nt. In addition to the experimental
probes, multiple control sequences were included and probes designed to detect their
expression status on the microarray design (Summarized in Table 4-5). RNA from
differentiating C2C12 myoblasts and J1 embryonic stem cells was isolated and submitted
for labeling and hybridization to microarrays (UHN Microarray Centre). Raw data was
normalized and processed according to previously published methods (For further details

on microarray design and analysis refer to Methods starting on Page 150).

We identified high-confidence putative miRNA hairpins by computing the fold
enrichment between probes unanimously expressed in either muscle or ES cells. After
data normalization and analysis, 148 probe sets with >2 fold mRNA enrichment in
muscle RNA versus ES derived RNA were identified, including muscle control probe
sets. Included in this set were probes designed against known muscle miRNAs mir-206
(McCarthy, 2008; Sweetman et al., 2008; Sweetman et al., 2006), mir-133a/b, as well as
let-7 family miRNAs. In contrast, ES specific control miRNAs derived from the mir-293
cluster were strongly expressed in the RNA samples derived from ES cells over those
from differentiating C2C12 cells. Figure 4-1 shows the robust reciprocal expression of

the major muscle and ES cell control miRNAs in the correct RNA samples.
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Figure 4-1: Control miRNAs are expressed correctly on microarray.

Heatmap showing correct expression of control miRNA probe sets for muscle (mir-133a and mir-
206) and ES cell control (mir-293 containing cluster). Probe sets were composed of multiple
probes tiling over each pre-miRNA hairpin sequence, and only probes overlapping mature miRNA
sequences yielded expression signals.

4.4.2 Known miRNAs expressed in differentiating myoblast cultures

We re-examined the hairpin sequences tiled on the microarray to identify known
miRNAs that were both captured by our prediction method and detected as differentially
expressed in myoblasts. Closer inspection showed that several putative miRNA probe
sets were tiled over mir-24-2, mir-351, and mir 26a-2, mir-92-2 and mir-7-2 without
these miRNAs being selected as control probes. miRNAs potentially upregulated in
myoblasts included sequences overlapping mir-24-2, mir-351, and mir-26a-2 while

hairpins representing mir-92-2 and mir-7-2 loci were downregulated (Table 4-2).

Hairpin ID Fold Increase miRNA Location

C2C12 ES
hp1643988 141.56 - mir-24-2 chr8:87098910-87099035
hp3202291 108.27 - mir-351 chrX:49297888-49297981
hp907540 94.12 - mir-26a-2 chr10:126398456-126398589
hp1980840 - 1.52 mir-92-2 chrX:48986474-48986552
hp85655 - 1.72 mir-7-2 chr7:78761795-78761882

Table 4-2: Hairpins with miRNA overlap exhibiting differential expression on microarray.
Hairpins overlapping miRNAs that were tested on the microarray and exhibited differential
expression. Hairpins overlap mm8 annotated miRNAs over at least 33% of their nucleotides.

We manually verified whether the microarray probes yielding these signals were
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aligned with mature miRNA sequences. The mature miRNA mir-24-2 sequence was
detected at 141 fold higher in C2C12 cells by two independent probe sequences (fold
changes of 134.8 and 141.5 for each). The pre-mir-24 hairpin contains another mature
miRNA, mir-24-2*, which overlap by one of these two probes. Mature mir-26a
sequence, contained in pre-mir-26a-2, was also detected. As well, microarray probes
likely detected mature mir-351 sequences due to sequence overlap between probe and
target. The only mature miRNA sequence which was expressed at lower levels in
myogenic samples and aligned with the correct microarray probe was mir-92a. Probes
tiling over the mir-7-2 locus, which yielded hybridization signals slightly higher in ES
samples, did not overlap the mature miRNA sequence and the source of this signal is

unknown.

To better understand the context by which these microarray signals could have
arisen, the genomic contexts of these candidates were examined. Of highest relevance to
the observed expression in myoblasts, the miRNA hairpin mapping to mir-26a-2 was
found to be intronic to a long splice variant of Ctdsp2 (carboxy-terminal domain, RNA
polymerase IL, polypeptide A, small phosphatase 2); it appears that a shorter Ctdsp2
variant would be produced if this miRNA were excised from the longer transcript in
analogy to mir-126 (Kim and Kim, 2007). This gene is able to induce mesodermal
lineage commitment in a Xenopus system (Zohn and Brivanlou, 2001). Mir-26a-2 is also
known to be expressed during myogenesis, where it represses Enhancer of Zeste (Ezh2)

(Wong and Tellam, 2008).

Interestingly, mir-351 is potentially part of a miRNA cluster with mir-503 and

mir-322 lying within 2kb upstream. Supporting this possibility are numerous ESTs
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mapped in the vicinity, though no contiguous regions of expression have been shown to
span the genomic region defined by these three miRNAs. Mir-24-2 is the downstream
most member of miRNA cluster containing mir-27a and mir-23a. This cluster is

downstream from Zswim4, an uncharacterized Zinc finger containing protein.

4.4.3 Target prediction

To investigate potential roles for the known miRNAs identified in the
differentiating myoblast RNA, miRNA target prediction was pursued. The rationale was
that mature miRNAs expressed during myogenic differentiation may be repressing
transcripts during this process, and that identifying these targets might yield potential
functions for the miRNA(s). The TargetScan method of identifying miRNA targets was
re-implemented using a custom script shown to produce results that are very highly
correlated to the results produced by the original authors (Grimson et al., 2007)(See
Methods; ‘Replication of published miRNA targeting protocol’ on Page 157 for further

details).

Potential target transcripts which mature sequences for mir-24-2, mir-26a, and
mir-351 might be repressing were predicted, hypothesizing that known myogenic genes
would be targets. Rather than consider the targets individually, the scores were combined
multiplicatively to identify potential transcripts that might be synergistically repressed by
all three (Table 4-3). This method of combining scores penalizes potential targets where

one or more miRNAs contribute a low score.
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Symbol Description miR-24 miR-26a miR-351

Plod2 Procollagen-lysine,2-oxoglutarate -0.3234 -0.7219 -0.2086
5-dioxygenase 2 Precursor

Dmd Dystrophin -0.352 -0.2867 -0.4483

Tbc1d30 TBC1 domain family member 30 -0.4755 -0.5532 -0.1713

Ret Proto-oncogene tyrosine-protein -0.3827 -0.5018 -0.1895
kinase receptor ret Precursor (C-
ret)

4732454E20Rik  Protein FAM26D -0.7775 -0.3364 -0.1225

Irf4 Interferon regulatory factor 4 -0.1166  -0.516 -0.5252

Papola Poly(A) polymerase alpha -0.5424 -0.229 -0.2491

Zfp697 Zinc finger protein 697 -0.492 -0.3602 -0.1722

Slc25a35 Solute carrier family 25 member 35 -0.3222 -0.2178 -0.4084

St8sia4 CMP-N-acetylneuraminate-poly- -0.3275 -0.335 -0.2319
alpha-2,8-sialyltransferase

Parp14 Poly [ADP-ribose] polymerase 14 -0.401 -0.2517  -0.2463

Mfhas1 Malignant fibrous histiocytoma- -0.099 -0.5613 -0.4147
amplified sequence 1 homolog

Sfxnd Sideroflexin-4 -0.3599 -0.4244 -0.1393

Hdx Highly divergent homeobox -0.3016  -0.4808 -0.1407

Trp53inp1 Tumor protein p53-inducible -0.1942 -0.3591 -0.2874
nuclear protein 1

Kenh7 Potassium voltage-gated channel -0.1669 -0.4631 -0.2587
subfamily H member 7

2410018C17Rik dorsal neural-tube nuclear protein -0.3836 -0.2682 -0.1867

Ceacam1 Carcinoembryonic antigen-related  -0.2563 -0.1633  -0.441
cell adhesion molecule 1 Precursor

Mmp16 Matrix metalloproteinase-16 -0.3102 -04 -0.1485
Precursor

Tmem161b Transmembrane protein 161B -0.3564 -0.213 -0.238

Ttc18 Putative uncharacterized protein -0.1878 -0.5691 -0.1634

Tsc22d2 TSC22 domain family, member 2 -0.2407 -0.4409 -0.1572

FbxI19 F-box/LRR-repeat protein 19 -0.2809 -0.6477 -0.0909

Camsap1 Calmodulin-regulated spectrin- -0.3152 -0.3169 -0.1635
associated protein 1

5830411G16Rik Late secretory pathway protein -0.7576 -0.1321 -0.1574
AVLSY homolog

St8siab Alpha-2,8-sialyltransferase 8F -0.2345 -0.5804 -0.1113

Ceacam2 Carcinoembryonic antigen-related  -0.2908 -0.1159 -0.442
cell adhesion molecule 2 Precursor

Bivm Basic immunoglobulin-like variable -0.1627 -0.596 -0.1484
motif-containing protein

Coq3 Hexaprenyldihydroxybenzoate -0.2912 -0.4987 -0.0974
methyltransferase, mitochondrial
Precursor

A530082C11Rik Solute carrier family 35 member E2 -0.2131  -0.3223 -0.2017

Table 4-3: Top 30 predicted targets for synergistic repression by mir-24, mir-26a, and mir-351.
Top 30 targets for synergistic repression by mir-24, mir-26a, and mir-351. Scores for the lowest
(best) scoring transcript were retained in cases where the same gene was targeted repeatedly
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We investigated the high rank for potential targeting of the Dystrophin (Dmd)
transcript. Dystrophin is transcribed from a large genomic region (~3 megabases),
contains 79 exons, and undergoes numerous alternative splicing patterns (Sironi et al.,
2002). As the second best target, Dystrophin was targeted most robustly by mir-351
(TargetScan score = -0.45). Upon closer inspection, the Dystrophin 3’UTR targeted by
all three miRNAs was a longer Dmd transcript (ENSMUST00000114000) which
terminates approximately 1kb beyond the main transcription stop site, and which has a
single EST as evidence of transcription (CK385805). Despite the low number of ESTs
associated with this Ensembl transcript, it is not possible to conclude that the in vivo
expression of this longer Dmd transcript is proportionally low. When examining
targeting of the three mature miRNAs for the main Dystrophin 3’UTR, only mature mir-
26a was found to map within it (Data not shown). As different Dystrophin splice variants
are expressed in different tissues, with the 3’ region of the transcript undergoing
alternative splicing to produce tissue-specific transcripts in brain, cardiac and muscle
fibers (Sironi et al., 2002), it is possible that miRNAs may be involved to enforce

transcription of some Dmd isoforms over others in certain contexts.

4.4.4 Novel miRNA hairpins are expressed in differentiating myoblasts

To further validate microarray signals associated with putative miRNA hairpins,
several candidates with strong expression scores were selected for further analysis to
determine whether the expression and molecular size of RNAs responsible for the array
expression values were consistent with miRNA presence. To achieve this, Northern
blotting was used to visualize the size of RNA species responsible for microarray signals,

using the respective microarray probe sequences. Any bands observed in the ~21nt or
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60-80nt size ranges would suggest that mature miRNA and pre-miRNA sequences are

present, respectively.

Several of the selected probe sets indeed detected expression of small RNAs in
the ~20-30nt size range (See Figure 4-2). Positive controls using sequences for mir-133a
and mir-206 produced extremely strong signals as these miRNAs are the most highly
abundant in muscle tissues. Three predicted miRNA hairpins—hp566131, hp1621227,
and hp30491555—were detected at higher levels in myoblasts in the microarray data and
Northern blotting confirmed this differential expression in addition to supplying
information regarding their size. Mir-26a is a known cardiomyocyte related miRNA
which was captured using this prediction protocol and it too showed specific expression
in myoblast at a very low level. These results indicate that the microarray signals were
due to small RNA species, likely derived from predicted miRNA hairpins, which are
expressed in myogenic cells undergoing differentiation at higher levels than embryonic

stem cells.
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Figure 4-2: Northern blots showing putative miRNAs at same size as known miRNAs.

Top: Control loading of total RNA showing concentration dependent U6 hybridization. Bottom:
C2C12 enrichment of various miRNAs and hairpins. Known miRNAs include mir-133a, mir-206
and mir-26a-2 while the others were from those predicted in this study. All Northern blotting
courtesy of Feodor Price.

To estimate a validation rate for the EST based miRNA prediction protocol,
attempts to validate seven (two known, five novel) out of the 148 miRNA candidates
enriched in the C2C12s were made. The resulting data yielded support for four positive
candidates (one known, three novel). Tentative validation rates of 50% and 60% can
therefore be implied for known miRNAs and novel miRNA hairpins, respectively,
although greater numbers of observations would be required in order to increase the
robustness of the rates. It is conceivable that the validation rates would fall when
considering a larger spectrum of differentially expressed hairpins, but nevertheless these
rates compare favourably with previously reported validation success rates of

approximately 25% in a larger screen of 175 general ncRNA predictions (Washietl et al.,
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2007).

4.4.5 ncRNA hairpins upregulated in differentiating myoblasts repress
Myf5

To determine whether any predicted RNA hairpin sequences detected by the
microarray were active in myogenic signalling networks, we sought to identify candidates
that could suppress specific mRNA transcripts. As both known and predicted miRNAs
were expressed in differentiating myoblasts, we hypothesized that they might function as
repressors of transcripts downregulated during various stages of myoblast differentiation.
Specifically focusing on Myf5, Pax7, or MyoD1 as potential targets, we selected putative
miRNA hairpins that were both 1) upregulated in the differentiating myoblast samples

and 2) exhibited potential to target one or more of the mRNA transcripts.

The miRNA target prediction algorithm employed was the published TargetScan
algorithm (Grimson et al., 2007). After replicating the software scripts required to use
this algorithm (See Section 4.8.1: Replication of published miRNA targeting protocol,
Page 157), we expected to find examples analogous to the mir-206 mediated repression
of Connexin43 (Gjal) expression during myoblast differentiation (Anderson et al., 2006),

an interaction identified during testing of the miRNA targeting pipeline (See Table 4-8).

Each of the microarray validated RNA hairpins was scored for its ability to target
each of the three transcripts independently. We aimed to focus on hairpins demonstrating
both high expression in differentiating myoblast culture and strong predicted repression

against any one of the transcripts of interest (Figure 4-3).
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Figure 4-3 Scatterplot of hairpin expressions versus TargetScan scores

Predicted mIRNA targeting was predicted for Myf5, Pax7 and Myod1 UTRs for all putative
miRNAs exhibiting over 2-fold increases in expression In differentiating C2C12 myoblasts Points
enclosed with dashed circle represent hairpins that were followed up Targeting scores were
computed according to the TargetScan algorithm

From these data, predicted miRNA hairpins with strong predicted Myf5
repression and strong upregulation 1n C2C12s were selected for subsequent validation
More complete information regarding Myf5 targeting hairpins considered in this phase of

the project 1s in Table 4-14

To test the links between RNA hairpin and Myf5 expression, the full putative
miRNA hairpin sequences, including 200nt flanking sequences, were co-expressed with a
reporter containing the Myf5 3°UTR in HEK293 cells The flanking sequences were
mcluded with the RNA hairpins to avoid discarding sequences 1n flanking regions

thought to be required for proper pre-miRNA excision (Han et al , 2006) As controls,
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the 3°’UTR of Myf5 was transfected both alone and in conjunction with the mir-206
sequence, which is not known to repress Myf5 transcript levels. In this experiment, the

putative miRNA hairpins were expected to reduce levels of Myf5 transcript levels.

Myf5 Expression

125

Relative Expression (%)
3 o

N
wn

@]

Control hp1586126 hp2155182 mir-206
UTR Transfected

Figure 4-4: Transfection of Myf5 targeting hairpins represses Myf5.

Transfection of Myf5 targeting hairpins represses Myf5. From left to right: Myf5 UTR only; Myf5
UTR + sequence encoding hp1586126; Myf5 UTR + sequence encoding hp2155182; Myf5 UTR
+ sequence encoding myogenic mir-206. Relative expression normalized to control levels.
QPCR data courtesy of Feodor Price (M. Rudnicki Lab, OHRI).

A marked reduction in Myf5 transcript levels was observed in cells ectopically
expressing sequences encoding two putative pre-miRNA hairpins hp2155182 and
hp1586126 with predicted Myf5 targeting ability. These results suggest that the Myf5
response to the introduced RNA hairpins is reflected through transcript repression.
Together with the targeting predictions generated by the miRNA targeting algorithm,
these results support the conjecture that the RNA hairpins are putative miRNAs with

Myf5 suppression capacity.

To determine the approximate size of RNAs generating signals on the microarray

and repressing Myf5, Northern blotting using the differentially expressed microarray
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probe sequences was pursued in parallel to the hairpin transfection experiments. In the
results (Figure 4-5), small sub 100nt RNAs were observed in both ES and myoblast cells,
specifically being upregulated in the latter. In contrast, some larger RNAs with either
identity to the probes or cross hybridizing potential exist as background signal in the
embryonic samples but are reduced or nearly absent in samples derived from myoblasts.
As this background signal is reduced more dramatically than the upregulated small RNA,
if cross hybridization was an issue the net observation expected in the microarray data
would have been downregulation — which was not observed. Thus, the small RNA
species expressed in myoblasts, and not generalized background RNAs, are likely to be

responsible for the upregulated signals detected by microarray.
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Figure 4-5: Northern blotting of Myf5-targeting hairpins

Detection of mir-133a yields a specific sub 100nt RNA species with little background signal. Two
predicted miRNA hairpins (hp1586126 and hp2155182) show upregulation of the smallest RNA
species in C2C12 myoblast RNA (marked with triangle) with downregulation of non-specific
background signals. RNA on separate gels were aligned using a DNA marker. Data courtesy of
Feodor Price (M. Rudnicki Lab, OHRI)

The relative size of the smallest RNA species detected for hp1586126 and
hp2155182 compared with the mature mir-133a sequences (Figure 4-5) cannot be
definitively established. However, the estimated size for each of the smallest RNA
species is below 100nt. Thus, there exists a possibility that the small RNA species
detected are larger than fully processed, mature, miRNA fragments (~21nt): possibly pre-
miRNA hairpins are being detected in the blotting experiment or another type of small
RNA species. The explanation that pre-miRNAs are being detected in the absence of
corresponding mature miRNAs requires additional assumptions of a more complicated
system regulating miRNA maturation. For example, it is possible that regulation of
Dicer-limited production of mature miRNAs from pre-miRNA intermediates occurs in

differentiating myoblasts. This type of posttranscriptional control of miRNA genesis has
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been observed in an ESC context where Lin28 can inhibit pre-let-7a processing into the
mature let-7a, and also in a breast cancer model where pri- and pre-miRNA transcripts
from the mir-17..92 containing locus can accumulate prior to being fully processed into
mature miRNAs (Castellano et al., 2009; Rybak et al., 2008). A simpler possibility to
investigate is that the detected RNAs may be other, larger, non-miRNA ncRNAs with

transcript repressing functionality.

The sites from which the two Myf5 repressing hairpins are derived from have
some homology to B2 SINE retroelement sequence (Figure 4-6 and Section 4.8.2). B2
SINE elements are generally RNA polymerase III derived transcripts that have been
shown to specifically control gene expression by associating with RNA polymerase II
complexes and rendering them inactive (Allen et al., 2004b; Espinoza et al., 2007). In
spite of this, sequence similarity between these hairpins and the Myf5 UTR could still
possibly trigger a miRNA-like downregulation response, as the TargetScan miRNA
target prediction algorithm exploits rules based on miRNA-target nucleotide
complementarity. Thus, the possibility that cognate SINE sequence elements were
contained within the Myf5 3’-UTR was considered. However, upon manual inspection
the Myf5 3°-UTR was not seen to contain regions annotated with homology to B2 SINE
repeat sequences (Data not shown). This reduces the possibility of a false B2 SINE
sequence dependent miRNA-target association between these hairpins and the Myf5

UTR.
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Figure 4-6: Minimum Free Energy structures of B2 sequences contained within two Myf5

repressing hairpins

Sequences derived from hp2155182 (left) and hp1586126 (right) were folded with RNAfold to
identify paired bases. Mutations deviating from a reference B2 sequence (Previously described
in (Allen et al., 2004b)) are highlighted, with original B2 nucleotides shown in red. Both
sequences form unbranched hairpins which extend beyond the paired regions shown.As B2 SINE
sequences are present at numerous sites in the genome, the EST sequences supporting each of
the hairpin regions were examined for unique association to their respective genomic

locations(Table 4-4).
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EST Sequence
sequence Hits

Supporting %

Hairpin EST ID Start End Hit position Identity | Rank Total
BE651759 1 631 chr1:63114131-63114761 99.60% 1 1*
CB587035 1 819 | ¢chr1:63113943-63114760 99.60% 1 1*
BP772987 26 619 | chr1:63114168-63114762 99.90% 1 1*
CJ296315 1 460 | chr1:63114302-63114761 100.00% 1 1*

hp2155182 AA153903 30 472 | chr1:63114320-63114762 100.00% 1 1*
Al615914 30 455 | chr1:63114337-63114762 99.80% 1 1*
CK330888 1 375 | chr1:63114387-63114761 99.50% 1 1*
BM196375 1 374 | ¢chr1:63114388-63114761 100.00% 1 1*
BY662314 1 357 | chr1:63114405-63114761 99.50% 1 1*
AV146851 1 288 | chr1:63114470-63114757 98.70% 1 1*
BG080144 9 123 | chrX:90438457-90438580 93.90% 3 >200

hp1586126 BU936244 35 149 | chrX:90438457-90438580 93.90% 3 >200
BG067070 35 149 | chrX:90438457-90438580 93.90% 3 >200
C81606 35 149 | chrX:90438457-90438580 93.90% 3 >200

* >200 hits for EST subsequence with B2 SINE homology

Table 4-4;: BLAT sequence alignment of of ESTs supporting two putative miRNA hairpins.

All EST sequences mapped nearby nearby putative miRNA hairpin hp2155182 align uniquely to
the region. However, all hp2155182 associated ESTs possess a sequence with B2 homology
which, when isolated, maps to numerous genomic sequences. In comparison, ESTs annotated
nearby hairpin hp1586126 aligned to multiple genomic regions. For example, EST BG080144
exhibits 93.90% homology to hp1586126 region, but with the 3" highest score hit out of over 200
BLAT alignments.

The EST sequences in the region of putative miRNA hairpin hp2155182 map
uniquely when considering their entire sequences. Some terminal EST sequences are not
included in the alignments as they consisting of mostly polyT regions, presumably being
post-transcriptionally added. All ESTs associated with hp2155182 also included a
subsequence with homology to the B2 SINE RNA sequence, which when isolated
mapped to over 200 genomic regions in each case. On the other hand, EST sequences
supporting hp1586126 were found to map to multiple genomic regions due to sequence
identity with the B2 SINE element, and although the sequence shows Myf5 repressing
function, whether this is the genomic region of origin for this molecule cannot be
determined. However, the fact that full-length EST sequences associated with

hp2155182 map uniquely to a single genomic region implies that the hp2155182 region is
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transcriptionally active, producing either B2 RNA or a miRNA hairpin with some
identity to B2 RNA sequence, cither of which are able to suppress transcripts containing

the Myf5 UTR.
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4.5 Discussion
4.5.1 Use of ESTs for ncRNA prediction

The work presented demonstrates the value of including EST evidence for the
purposes of identifying ncRNAs, using the miRNA biogenesis pathway as a framework.
These results also demonstrate how supporting EST evidence can be used to assist
downstream validation steps by helping prioritize genomic locations by probable
expression in individual tissues. One of the benefits of using ESTs in this way is that
experimental designs are potentially simplified by minimizing sample size requirements
by reducing resources required to assess a specific goal. In this study, we were able to
focus on RNAs from two biological sources instead of pursuing a systematic screen
across many tissues. By comparison, one group interested in generating ncRNA
predictions in Sacharomyces cerevisiae required an experimental design that tested nine
different environmental conditions during their validation stages (Kavanaugh and
Dietrich, 2009). The scale of this project is tractable in yeast, but in a higher organism
such as mouse, with numerous tissue and cell types, a systematic screen described above
would likely be unmanageable. In these cases, including EST based transcriptome data
can simplify the project design by either directing ncRNA validation efforts to cell types
of greatest interest or by stratifying predictions if pursuing a general systematic screen is

still desired.

However, novel technologies enable different approaches to addressing a ncRNA
prediction experiment. In contrast to implementing the EST assisted pipeline used here,
an alternative would have been to employ one of the many deep sequencing technologies

commonly available to sequence a cDNA library generated from small RNAs.
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Conceivably, such an approach would identify all possible miRNAs (along with other
ncRNAs) within a tissue of interest, however, it is not without its own problems. The
most immediate concern in this strategy is that acquiring sufficient quantities of RNA
depends on the particular cell type of interest. Constructing a library will be technically
challenging if the specific cells of interest are extremely rare. For instance, muscular
Pax7"/Myf5 satellite stem cells comprise approximately 10% of the adult satellite cell
pool (Le Grand et al., 2009), which in turn themselves comprise less than 5% of
sublaminar muscle nuclei (Bischoff, 1994). In this case, the cell population of interest
composes 0.5% of the gross tissue from which they would be isolated and must yield at
least 10 pg of total RNA needed to construct a small RNA library (Morin et al., 2008).
Despite the possibility that adequate amounts of RNA are unobtainable, methods do exist
to amplify as little as 10 pg of RNA without introducing major distortions in abundance
relationships (Iscove et al., 2002). Even with this approach, claims that amplification
procedures reduce reproducibility of data do exist and technical biases that are
insignificant on a macro scale can be amplified (Day et al., 2007). On a positive note,
concerns regarding RNA availability and manipulation are partly mitigated by the
extreme sensitivity of deep sequencing technology. To illustrate this point, a single
mature mir-206 fragment was observed in the embryonic stem cell derived I1lumina
sequencing data examined here (Data not shown). The origin of the fragment is
speculative; it may have arisen due inherent transcriptional leakiness or from a non-
embryonic cell in the sample. Regardless of its source and considering the context of the
sample examined, this mir-206 fragment represents experimental noise and relying on

fortuitous examples such as this to identify novel ncRNAs is an approach that potentially
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creates more problems than opportunities.

The effect of including EST data to enhance RNA fragments identified with high-
thoughput sequencing was not experimentally tested using manual validation.
Conceivably, this could be accomplished by identifying expressed small RNAs in high-
throughput sequencing data, prioritizing those supported by tissue-specific ESTs, and
pursuing them by Northern blotting. The results in the preceding chapter suggest that
these EST supported ncRNA candidates could be identified at a validation rate double to

ncRNA candidates without supporting ESTs.

4.5.2 On other known miRNAs expressed in myoblast samples

Several known miRNAs were detected on the microarray and exhibited
differential expression between differentiating myoblasts and ES cells. mir-92-2 and mir-
7-2 were transcripts downregulated in myoblast as compared with undifferentiated ES
cells and presented some potential to be repressors of transcripts required for myogenic
differentiation. However, the microarray signals for these miRNAs were weakly
downregulated in myoblasts at 0.66x and 0.58x of the ES cell expression levels, and
further a link between the mir-7-2 microarray probe signal and the mature miRNA
sequence was not established. mir-19b-2, a third downregulated microRNA which was
placed as an ES control and also exhibited reduced expression in differentiating C2C12
cells. Considering these results, a dependency of myogenic differentiation on miRNA

downregulation is unlikely to be a strong biological factor.

Interestingly, mir-92-2 and mir-19b-2 are linked in a miRNA cluster situated

slightly downstream of the Kis2 ncRNA, a locus which is transcribed as one contiguous
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RNA (Landais et al., 2007). The miRNAs in this cluster (inclusive of mir-92-2 and mir-
19b-2) demonstrate the ability to repress expression of myosin regulatory light chain
interacting protein (Mylip), an ubiquitin-ligase enzyme involved in regulating cell
motility (Landais et al., 2007; Olsson et al., 1999). The overexpression of this entire
locus appears to be oncogenic, potentially being involved in the development of T-cell
leukemia (Landais et al., 2007). The observed reduction of mir-92-2 and mir-19b-2
expression might thus be ascribed to a normal functions in more potent cells such as ES
cells in contrast to experiencing regulated reductions in expression during myogenic

differentiation.

In contrast, miRNAs upregulated in myoblasts showed robust differential
expression. The upregulated miRNAs captured amongst the set of predicted miRNAs
provide more information regarding function. Three miRNAs, mir24-2, mir-351, and
mir-26a-2, demonstrated comparatively robust increases in expression levels. mir-24-2
was the most strongly overexpressed mature miRNA observed at levels 141 times the
level observed in the embryonic stem cell sample. This miRNA is previously known to
be upregulated during myogenic differentiation (Sun et al., 2008), and lies in a cluster
alongside miRNAs —mir-23a and mir-27a on chromosome 8§ upstream of Zswim4 (zinc
finger, SWIM domain containing 4), an uncharacterized protein. The mir-24 containing
cluster behaves similarly in other cellular contexts with similar effects. For instance, mir-
24 is upregulated during differentiation into multiple blood cell lineages during
hematopoiesis (Lal et al., 2009) and the entire miRNA cluster is thought to be involved in
regulating cell fate choices during hepatic stem cell differentiation (Rogler et al., 2009).

While these other observations together suggest that mir-24 is simply another general
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differentiation associated miRNA, it has been observed to be specifically expressed in
porcine satellite cells in a reciprocal fashion to mir-206, one of the major miRNAs
associated with myogenic differentiation (McDaneld et al., 2009). Placing mir-24 in a
rare myogenic population may hint at a role in regulating satellite stem cell entry into
committed differentiation, possibly by controlling the timing or proportion of cells

entering the process.

mir-26a-2 (94x over ES) was also known to be expressed during myogenesis,
with a demonstrated function in repressing the polycomb group protein Enhancer of Zeste
(Ezh2) (Wong and Tellam, 2008). Ezh2 is known to be involved during early
development of the myotome, where it functions to inhibit progress through myogenic
differentiation (Caretti et al., 2004). Remarkably, Ezh2 is also active in a system
analogous to myogenesis — epidermal differentiation — where it has recently been shown
to contribute towards control of differentiation rates throughout multistage epidermal
shedding (Ezhkova et al., 2009). In general, the expression of Ezh2 decreases as
epidermal layers progress from carly to late differentiated counterparts. Ezh?2 is also
regulated by other miRNAs (mir-101) in other contexts such as bladder carcinoma,
(Friedman et al., 2009). These observations might encourage further investigation of

Ezh2 as a target of multiple miRNAs.

The known miRNA mir-351 is also upregulated in C2C12 RNA at levels 108-fold
over ES. In the mouse, it lies on the X chromosome downstream of mir-503, mir-322,
and an uncharacterized transcript with periodic regions of conservation that also appears
to undergo splicing (dbEST identifier AK021262). Together with mir-351, these

elements may be expressed as unit of a multipart transcript, like Kis2. Interestingly,
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further downstream of miRNA-351 are four additional miRNA coding sites (mir-542,
mir-450a-2, mir-450a-1, and mir-450b) which do not have any evidence of being
transcribed based on known dbEST sequence records. The function of mir-351 and this
region is unknown, but mir-351 has been observed in SAGE tags derived from embryonic
heart (Ge et al., 2006). mir-351 is also one of several miRNAs upregulated in response to
exposure to IFNP, a signaling molecule involved in eliciting systemic anti-viral response,
and can demonstrably attenuate hepatitis C virus replication when introduced on its own
(Pedersen et al., 2007). Given the expression in muscular tissues and the potential for
mir-351 to be a factor in a well known and general cellular antiviral response raises the
possibility that a dual role for this miRNA exists, particularly as it is known that viral
infections are detrimental to normal differentiation processes (Basu et al., 2008; Tsutsui,

2009; Waggoner et al., 2007).

Also investigated was whether predicted co-repression of various transcripts by
all three mature miRNAs would reveal any putative targets involved in myogenic
differentiation. Precedents for miRNAs acting combinatorially exist: mir-84 and let-7
behave synergistically in eliciting C. elegans molting arrest (Hayes et al., 2006); multiple
cell cycle miRNAs in combination perturb G2/G1 ratios differently from what is
observed when individual miRNAs are expressed alone (Ivanovska and Cleary, 2008);
and a set of three miRNAs (mir-9, mir-125a, and mir-125b) behave in an additive fashion
to repress the neurotrophin receptor trkC in neuroblastoma (Laneve et al., 2007). We
reasoned that a possibility existed that the three distinct miRNAs expressed in C2C12s
act in concert to exert effects on transcripts comparable to much more highly expressed

miRNAs that are solitary actors such as mir-206.
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Pursuing this line of thought, possible targets were predicted for cooperative
repression by these three miRNAs. One of the top hits was Dystrophin (Dmd), a
myotubular structural protein critically linked to the manifestation of Duchenne Muscular
Dystrophy (Klamut et al., 1989), which is not expressed during early differentiation of
myoblasts until fusion into myotubes has begun (Nudel et al., 1988). Closer inspection
into the 3’UTR region of this promising candidate found that the Dmd locus has two
known transcriptional termination sites, and that the variant targeted strongly by the three
miRNAs was longer than the region covered robustly by known ESTs. When this 3’UTR
was excluded, predicted targeting for Dmd was eliminated. If the possibility that this
observation is due to spurious targeting is ignored and consider the interaction as
probable, it might suggest a case where active miRNAs are specifically responsible in
eliminating longer Dmd transcripts created from abnormal termination events. This kind
of role for miRNAs has been reported in cases where alternatively spliced or terminated
mRNA isoforms are specifically targeted, exerting control over their expression or

abundance (Ghosh et al., 2008; Laneve et al., 2007; Legendre et al., 2006).

The only predicted target scoring higher than Dmd, Plod2 (LH2), a collagen
cross-linking enzyme (Pornprasertsuk et al., 2004) that has two isoforms with a tissue
specific expression distribution in the adult, with strongest protein expression seen in
muscle tissues (Salo et al., 2006). Plod2 represents a promising target as the integrity of
muscle tissue is strongly dependent on extracellular matrix components and that
expression of particular collagen subtypes is associated with myoblasts in different
modes of proliferation (Alexakis et al., 2007). What is enigmatic of Plod2 is that

transcription of both isoforms is observed in muscle, yet only the longer isoform appears
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to undergo translation (Salo et al., 2006). If the shorter isoform is being specifically
repressed by miRNAs over the longer one, such an observation would be in contrast to
the model of gene dysregulation by miRNA binding site loss via 3’UTR truncation. This
model has been used to explain the dysregulation of oncogenic mRNAs (Mayr and
Bartel, 2009). The only other tissue reported to express transcripts from both Plod2
isoforms is the brain, where little protein expression is observed. Given the strong
expression of Plod2 in muscle and the differential activity of each isoform, combined
with potential targeting by three known miRNAs associated with myoblast, argue that

exploring miRNA mediated control of Plod2 expression may be promising.

4.5.3 On the identification of Myf5 targeting ncRNA hairpins

We provided evidence to support the existence of novel muscle-specific ncRNAs,
including the first small RNAs targeting Myf5 in a myogenic context. It is known that
Myf5 is repressed post-transcriptionally in embryonic brain by miRNAs from the mir-17-
20 cluster and mir-31 (Daubas et al., 2009) but the question of whether Myf5 is similarly

controlled by ncRNAs in muscle tissues is partially addressed by these results.

Myf5 is already known to encourage expression of mir-1 and mir-206 during
myogenic differentiation (Sweetman et al., 2008). The identification of novel Myf5
controlling ncRNAs provides insight into systems involved upstream of this process. It is
known that levels of MyoD and Myf5 are correlated in an approximately reciprocal
fashion throughout the cell cycle and that entrance into committed differentiation occurs
at G1 when Myf5 levels are lowest (Kitzmann et al., 1998). A possible native function
for the novel Myf5 repressing ncRNAs is to contribute towards control of myoblast

entrance into committed differentiation. One possibility is that the ncRNAs contribute to
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cycling Myf5 levels. As our data examined mean Myf5 transcript levels in a pool of
myoblasts, investigating ncRNA correlations to the cell cycle using synchronized
proliferating myoblasts would hint at this possibility and add evidence to a functional link
between the two ncRNAs and Myf5 transcript levels. Considering this model of Myf5
repression, it is also possible that loss of one or both of the ncRNAs would lead to an

impediment in myoblast entrance into differentiation.

Speculating on the potential disease effects of perturbing the Myf5 repressing
ncRNAs is difficult, as the immediate effect of eliminating them would be elevated Myf5
levels. Evidence that extreme alterations in Myf5 levels are well tolerated exists:
elevated Myf5 levels in MyoD null mice result in normal phenotypes (Rudnicki et al.,
1992) and adult Myf5 null mice are viable, only demonstrating impaired capacity for
muscle regeneration (Gayraud-Morel et al., 2007). This effect is due to an clevated rate
of differentiation commitment in these mice, which depletes the pool of satellite cell
counts. A loss of Myf5-repressing ncRNA function could conceivably de-repress Myf5
levels, diminishing the window of myoblast differentiation and increasing relative

numbers of satellite cell counts.

The possibility that the detected ncRNA hairpins are acting as B2 SINE
retroelements, as implied by sequence homology, raises several issues. B2 SINE
elements are generally RNA polymerase III (RNA Pol III) derived transcripts that have
been shown to control gene expression through association with RNA polymerase II
(RNA Pol II) complexes, rendering them inactive (Allen et al., 2004b; Espinoza et al.,
2007). Repression of RNA Pol Il occurs in trans as this behaviour can be reproduced in

vitro using recombinantly expressed and purified B2 SINE sequence. However, B2 SINE
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sequences can have proximal RNA Pol II promoter and expressed as RNA Pol II

transcripts (Ferrigno et al., 2001).

Polyadenylated RNA Pol III transcribed B2 SINE RNAs have been observed
through binding experiments to polyT and polyU oligonucleotides (Bachvarova, 1988;
Borodulina and Kramerov, 2008). These results explain how sequences proximal to these
elements were captured in EST libraries and therefore considered in this study. Both
polyadenylated and unpolyadenylated B2 elements are present in oocytes and
differentiated tissues (Bachvarova, 1988) with unpolyadenylated species detected at
discrete sizes between 100nt and 180nt and polyadenylated B2 elements being detected in
the 200-600nt size range. Furthermore, B2 elements are transcribed and show differential
expression between total embryo differentiated brain tissues, with the latter containing
100nt range B2 RNAs at a higher abundance (Bachvarova, 1988). It has also been
observed that a 178nt B2 RNA species acts as a general inhibitor of transcription during
heat shock (Allen et al., 2004b), suggesting that unpolyadenylated B2 has biological
function. It is unknown whether smaller B2 species, like those potentially detected in this
study, similarly inhibit RNA Pol II transcription. As B2 SINE clements themselves can
have variable numbers of TAAA repeats at their 3’ end (Plass et al., 1992), it is
conceivable that individual B2 loci might have differing repressive potentials against
RNA Pol II. The question of whether the two introduced RNA hairpins are acting to
reduce Myf5 transcript levels at the point of transcription as B2 RNAs or post-
transcriptionally as miRNAs is unfortunately not addressed by the assays performed
above and remains to be determined. It is also possible that the expressed B2 RNA

seqences are intermediates in miRNA evolution and that SINE elements represent an
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itinerant supply of RNA hairpins. However, given their expression in myoblasts and the
ability to modulate Myf5 levels, these RNA hairpins represent possible contributors to

transcriptional reprogramming required during differentiation.

4.6 Conclusion

We have demonstrated how a miRNA prediction strategy using Expressed
Sequence Tag data can be used to produce tissue specific predictions. This method
successfully identified several miRNAs known to be related to myogenic processes and
the bioinformatic analyses of targets for these miRNAs yielded potential targets for future
experimentation. Furthermore, this approach identified novel Myf5 repressing ncRNAs,
either miRNAs or B2 SINE elements, which are potentially agents involved in the control
of differentiation in proliferating myoblasts. These ncRNAs represent novel factors that

may influence the endogenous capacity of muscle regeneration.
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4.7 Materials & Methods
4.7.1 Data extraction & preparation

Source data and annotations were prepared as described in Section 3.6.

4.7.2 MicroRNA predictions

13267 miRNA predictions were generated using the approach described in
Chapter 3 using mouse genome sequences (mm§). Source tissue annotations were added
to each miRNA prediction based on the source of supporting ESTs associated with them,
as derived from dbEST data retrieved on September 9, 2007. A summary of the number
of mouse genome (mm9) miRNA predictions in tissues can be seen in Table 4-1. For
current purposes, miRNAs predicted to be expressed in muscle (32), myotube (88),
embryonic (822), embryonic stem cell (674) were selected. Numbers may differ from
those in Table 4-1 as some predictions had supporting ESTs derived from multiple

Sources.

4.7.3 Design and analysis of miRNA microarray

To detect expression of putative miRNAs, we designed a custom oligonucleotide
tiling microarray with 60mer probes (Agilent). Individual 60mer probes were designed
to tile over selected known and predicted miRNA hairpins with an overlap of 20
nucleotides. Control probe sequences including positive/negative controls for known
miRNAs, other ncRNAs, randomized negative control sequences, and sequences
designed against known protein coding genes were designed. A list of control probes is
in Table 4-5. After this stage of microarray design, additional space on the microarray
was identified for additional putative miRNAs. Accordingly, additional muscle and

myotube expressed candidates were added by ranking and prioritizing extra predictions
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according to hairpin free energies.

Purpose Description Name

mmu-mir-1-1
mmu-mir-1-2
mmu-mir-133a-1
mmu-mir-133a-2
mmu-mir-133b
mmu-mir-206

muscle miRNA

ES miRNA mmu-mir-134

miRNA positive controls mmu-iet-7a-1
mmu-let-7b
mmu-let-7¢
mmu-let-7d
mmu-let-7e
mmu-let-7f-1
mmu-let-7g
mmu-let-7i

Other miRNA

mmu-mir-290, 291a, 292, 291b

ES miRNA .
mmu-mir-293, 294, 295

mmu-mir-15a,16-1
mmu-mir-15b,16-2

miRNA tiling controls mmu-mir-17,18,19a,20a,19b1,92
ES miRNA (bold) mmu-mir-25,93,106b
mmu-mir-96

mmu-mir-130a

mmu-mir-130b, 301b

snRNA U6
snRNA U1
ncRNA positive controls ncRNA snRNA U2
snRNA U4
snRNA 7SK

rRNA 188

Size fractionation controls rRNA
1z fractionation rRNA 28S

Negative control Unmappable to mm9 | Randomized Sequences (x256)

Table 4-5:Table of RNA control sequences included on the miRNA microarray

Individual miRNAs with specific roles included where possible. In cases of clustered miRNAs
where one member of a cluster was identified with a specific function (e.g. ES miRNA), additional
members of the cluster were tiled as well.

Total and size fractionated RNA from undifferentiated J1 ESC and 3 day
differentiated C2C12 cells was extracted with the miRvana miRNA isolation kit

(Ambion). Integrity of RNA samples was verified using an Agilent Bioanalyzer. RNA
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samples were labeled and hybridized using standard Agilent miRNA array protocols
(Wang et al., 2007a) on to custom Agilent 15K arrays (University Health Network,

Toronto, Canada) in duplicate.

To normalize the raw array data, raw signal values were processed with the
Variance Stabilization Normalization protocol (Huber et al., 2002) previously used with
Agilent microarrays (Babak et al., 2005), using the vsn 3.6.0 and biobase 2.0.1
Bioconductor packages under R 2.7.0. 99" percentile signal values of the randomized
control sequences were used as a noise threshold for each hybridization. A floor of zero
was set for arcsinh values produced by vsn and noise threshold values for each
hybridization were subtracted to set the threshold expression levels to zero. Pearson
correlations between hybridizations of the same type were highest between replicates,
except for one ES J1 sample which experienced signal saturations during hybridization
and was discarded (Table 4-6 and data not shown).
| c2C12 Total | C2C12'Small|  J1 Total | J1 Small

100 098] 0.80 0.82| 0.91 068| 0.46 0.42
0.98, 1.00] 080 0.79]| 0.90 0.69| 0.46_ 0.41
0.80 0.80] 1.00 096 059 046 0.72 0.63
0.82 0791 0.96 1.00]| 0.61 047] 0.71 0.65
| 091 _0.90] 059 0.61f 1.00- 074] 0.34  0.37]
0.68 0.69| 046 0.47] 074 1.00]| 0.28 026

0.46 0.46| 072 071] 0.34, 0.28] 1.00, 0.88

0.42 0.41]| 063 065] 037 026| 0.887 1.00

C2C12 Total

C2C12 Smaill

J1 Total

J1 Small

Table 4-6: Pearson correlations between replicates of miRNA tiling microarray.
All samples were performed in duplicate.

The remaining hybridizations suggested that there are no array wide problems in
the data. After further preliminary analysis of the data all samples derived from the same
tissue were considered as replicates for further analysis, yielding data for C2C12 RNA

and ES RNA samples in quadruplicate and triplicate, respectively, which were subjected
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to quantile normalization (Bolstad, 2001). Distributions of signal values during these

normalization steps are shown in Figure 4-7.
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Figure 4-7: Signal value distributions during array normalization.
Left three distributions in each panel are J1 ES samples, and right four are from differentiated
C2C12.

Individual probe specific expression values were generated by averaging probe
expression values within each tissue, and signal calls (Present/Absent) were generated by
labeling probes as present in a tissue if all corresponding signals were positive. To report
a single value per probe set, individual probes with unambiguous signal calls were
considered and the maximum mean signal value associated an individual probe was
reported. We identified high-confidence putative miRNA hairpins by computing the fold

enrichment between probes unanimously expressed in either muscle or ES cells.

4.7.4 miRNA target predictions

To predict targets of the miRNA hairpins, we used the TargetScan protocol
(Grimson et al., 2007) to identify potential miRNA-3’UTR interactions. The algorithm is
described in detail in the original publication but in summary miRNA-target interaction
sites are scored based on 1) the type of “seed sequence” (Bases 1-8 of a miRNA) match,
2) the local AU composition, and 3) proximity of the site to the 3’UTR termini. This

algorithm was replicated locally with custom scripts which produced results very highly
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correlated with published miRNA-target scores (r > 0.99). For additional details, see

Section 4.8.1 ‘Replication of published miRNA targeting protocol’ on page 157.

To generate scores for miRNA-3"UTR pairs, 3’'UTR sequences were retrieved
from Ensembl BioMart for the NCBIM37 data set and targeting scores were computed
between selected 3’UTRs and putative 21nt mature miRNA sequences using the custom
TargetScan scripts described above. In cases where mature miRNA sequences could not
be inferred from hairpins, targeting for each 3’UTR was computed for all possible mature
miRNA windows (referred to as ‘variants’) that arose from each pre-miRNA hairpin and
reporting the lowest scoring one. To generate scores for combined repression by multiple
mature miRNAs, targets for individual mature miRNA sequences were computed

separately against each 3’UTR and combined multiplicatively.

4.7.5 Cell cultures

The mouse ES cell line J1 was maintained on a layer of irradiated MEFs (DR4) in
DMEM high glucose medium (Invitrogen) supplemented with 15% fetal bovine serum
(Hyclone), 1x non essential amino acids, 1x sodium pyruvate, 1x Glutamax, -
Mercaptoethanol, 1x Pen/Strep (Invitrogen), and 1000U ESGRO (chemicon) at 37°C and
5% CO, . Prior to RNA isolation ES cells were trypsinized and preplated for 1hr on 0.1%
gelatin plates to remove the majority of MEFs. Mouse C2C12 cells and HEK293T cells
were maintained in DMEM high glucose medium supplemented with 10% fetal bovine
serum (Hyclone) and 1x Pen/Strep at 37°C and 5% CO,. For differentiation C2C12 cells
were grown to confluence and subsequently cultured in DMEM high glucose with 2%

horse serum (Hyclone) for 3 days prior to RNA isolation.
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4.7.6 Northern Blotting

A subset of biologically interesting miRNA predicting probe sets were identified
and validated by Northern blotting. Five micrograms of total RNA were resolved with
12.5% urea-polyacrylamide gels and electroblotted onto Hybond NX (GE). 60mer 5’
biotinilated oligonucleotides complementary to short hairpin RNA sequences were used
as probes for northern blotting. DNA size marker ladders were used with a minimal size
marker of 100nt. The membrane was developed using the light shift chemiluminescent
kit with a streptavidin horse radish peroxidase secondary antibody according to the
manufacturer’s instructions (Pierce). Membranes were exposed to Biomax MR film

(Kodak) for visualization.

4.7.7 Myf5 3’-UTR knockdown assays

HEK 293T cells were cultured to 80% confluence in 6 well dishes and transfected
with Linear PEI (Polysciences). For knockdown assays a vector containing the 3’UTR of
Myf5 (0.5ug) was cotransfected alone or with putative targets hp1586126, hp2155182 or
a negative control mir206 (3.5ug) and empty backbone to normalize the total DNA mass
to 4ug. After 48 hours cells were washed with PBS and RNA was isolated and subjected
to on column DNase digestion using an RNeasy mini Kit as per the manufacturer’s
instructions (Qiagen). cDNA synthesis was performed using Superscript II reverse
transcriptase with random hexamers (Invitrogen). SYBR Green real-time PCR reactions
were performed in duplicate using an MX3000p PCR machine (Stratagene, La Jolla, CA)
with fold-change normalized against GAPDH. PCR primers for real-time PCR were
designed using the online Primer3 software (Rozen and Skaletsky, 2000) with gene

specific information obtained from Ensembl. Relative fold change in expression was
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calculated using the AACT method (CT values < 30) and primer specificity was validated
by denaturation curve analysis (55-94 °C). Amplification-curve plotting and calculation
of cycle threshold (C,) values were performed using the MX3000p software (v3;
Stratagene), with further calculations performed using Microsoft Excel. Each experiment

was performed independently on at least three occasions.
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4.8 Additional Information
4.8.1 Replication of published miRNA targeting protocol

The TargetScan algorithm for scoring a miRNA-target 3’UTR interaction was
implemented according to the protocol in (Grimson et al., 2007). Pseudocode for the

scripts is shown in Table 4-7.

For each miRNA ({
Identify, classify seed sequence of miRNA
For each 3'UTR sequence {
For each site matching seed sequence |

Score seed site
Score AU content
Score binding
Determine overall site score

Retain site scores

}

Table 4-7: Pseudocode for TargetScan algorithm.

In order to ensure that the results of our analysis matched those generated by the
original authors, published target predictions and source data for Version 4.0 were
obtained from the TargetScan website(Lewis et al., 2007), and scripts were designed to
reproduce these results as closely as possible (Figure 4-8). The algorithm outputs a score,
called a context score, based on several characteristics of a potential site in the 3’UTR of

a putative target mRNA.
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Figure 4-8: Correlation between custom and published implementations of TargetScan.

Pairwise correlation between TargetScan context scores of published and re-produced versions.
Correlation is higher between points at lower range of (better) context scores below the median
score (-0.32, indicated by dashed lines) of demonstrated target interactions in (Grimson et al.,
2007). 672131 data points shown (Pearson correlation > 0.998).

As the authors of TargetScan produced compelling results to support the utility of
context scores to predicting miRNA-target interactions, the algorithm was used to
generate novel predicted miRNA-target sequence interactions that were not provided on
the published website. We predicted targets for murine mir-206 using mature miRNA
sequences corresponding to the published mature mmu-mir-206 and several mature
miRNAs that would occur if the published mature sequence was not precisely correct

(Top predictions are shown in Table 4-8). Functionally, this is achieved by shifting the
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mature miRNA sequence window within the sequence of the pre-miRNA hairpin. Each

mature miRNA sequence arising from a pre-miRNA hairpin was given a variant identifier

corresponding to the starting nucleotide position.

Real mature mir-206 (Primary)

Variant Score Probe Symbol
46 -0.7725 100064_f at Gja1
44 -0.5624 100128_at Cdc2a
48 -0.5418 99039 _g_at Adss
45 -0.3314 94232_at Ccend1
45 -0.3124 160273 _at  Zfp3612
47 -0.3006 162964 _at Rgs4
46 -0.2827 103821_at Cdc6
48 -0.2393 93236_s_at Tyms
45 -0.2289 160501_at Kif20a
48 -0.2264 99541 at Kif11
48 -0.2151 99149 _at Trim59
48 -0.1872 100026_at Bcat1
46 -0.1616 160162_at  TagIn2
48 -0.1586 100116_at  2810417H13Rik
46 -0.1322 101450_at Csf1
45 -0.1185 106012_at Tpx2
45 -0.1086 106256_at Nuf2
44 -0.1043 101521_at Bircb
44 -0.0971 96784 _at Anin
45 -0.0896 99564 at Uhrf1

Table 4-8: Top 20 targets of mature mir-206
The mature miRNA sequence for mir-206 was used to target 3'UTRs derived from the Ensembl

NCBIM37 database.

multiple times, best scoring hits are shown.

In cases where interactions with target transcripts are predicted with

In the original TargetScan publication (Grimson et al., 2007), predicted miRNA-

target interactions with context scores ranging from -0.29 to -0.35 (median = -0.32) were

demonstrated to yield repression of the target transcript. The top six targets presented in

Table 4-8 therefore represent plausible targets according to the criteria used in the

original publication. To examine the top hit, Gjal (Gap junction protein, alpha 1;

connexin43; Cx43), we analyzed myoblast differentiation time course microarray data
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obtained from StemBase to determine if Gjal is indeed downregulated as mir-206 is

upregulated during myoblast differentiation (Kim et al., 2006; Rao et al., 2006, Yuasa et

al., 2008).
Probes downregulated more than Cx43 at Day 1
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Figure 4-9: Analysis of probe sets downregulated more than Gja1 (Cx43)

Myoblast time course was analyzed to determine concordance of TargetScan results with
transcript expression levels. Dark line: Cx43 probe sets; grey lines: probe sets with
downregulation greater than Cx43 at 1d. Data from StemBase E233: Time Course in vitro

Differentiation of Myogenic Primary Myoblast into Myotubes.

After normalization of raw Affymetrix CEL files according to published protocols
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(Krzyzanowski and Andrade-Navarro, 2007) and identifying probe sets detecting Gjal,
we visualized both the Gjal transcriptional decreases and additional decreases of
transcripts reduced more robustly. Figure 4-9 shows that both Gjal probe sets experience

reductions until approximately 18-24h post-induction of differentiation.

During this analysis, we found previous literature stating that Gjal (Connexin43;
Cx43) was regulated post-transcriptionally by mir-206 (Anderson et al., 2006). This
report showed that Cx43 protein is effectively eliminated at 24 hours into differentiation,
but curiously Cx43 mRNA persists until 5 days of differentiation, experiencing a minimal
level at 24 hours and then returning to approximately original levels. Their observations
are contrary to what we observe in our microarray data which contains a higher resolution
of time points and also shows a more simply explained single reduction event which is

sustained until 7 days of differentiation.

Together, the miRNA-target predictions generated with our custom script,
predicted mir-206—Gjal repression score and the corroborating data from the microarray
time course and the reported Cx43 protein levels in (Anderson et al., 2006) reinforce the
use of this implementation of a miRNA target prediction algorithm for our general

purposes.
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4.8.2 Analysis of B2 RNAs

To determine whether the two predicted miRNA hairpins hp1586126 and
hp2155182 could possibly function as B2 RNAs, their sequences were compared to
known published B2 RNA sequences to identify any divergence (Table 4-9 and Table
4-10). Deviations between the predicted RNA hairpins and the previously studied B2
sequence were mapped (Figure 4-6) to identify any mutant sites exhibiting correlation.
Several regions of sequence covariation exist, implying that a biological requirement for
RNA secondary structure has been evolutionarily conserved. The sequence for a mouse
B2 RNA gene used was AC020972(GenBank accession; region 121488-121665 of Mus

musculus chromosome 18, clone RP23-6p18) (Allen et al., 2004b).
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1586126 1 TAAGTACACTGTAGCTGTTTTTCAGACACCCCAGARGAGGGCATCAGATC 50
B2_rf 1 0
1586126 51 TCATTACAGATGGTTGTGAGTCACCATGTGGTTGCTGGAATTTGAACTCA 100
CPRCEEAT T T T
B2_rf 1 gtggttgctgggatttgaactcce 23
1586126 101 GGACCTTCAGAAGAGCAGT-TAGTGCTCTTAACCGCTGAGCCATCTCTCC 149
AR AR e RN RN A R A R R RN R AR AR A N
B2 _rf 24 tgaccttcggaagagcagtcgggtgctcttacccactgagecatcteace 73
1586126 150 AGGCCCCAGTAGAAGAAAAAAAATTTTTTAAAGATTTATTTAATGTTATT 199
111
B2_rf 74 AgQCCC-----m-m o - oo oooo---oooo-ooo-ooo- 78
1586126 200 TATGGGCTGGAGAGATGGTTCAGTGATTAAGAGCA-CTGACTGTTCTTCT 248
RN R A N R N RN AR AN A R A R AR NN
B2 rf 79 --ngggctggtgagatggctcagtgggtaagagcacccgactgectettcee 126
1586126 249 GAAGGTCCTGAGTTC-AATCCCAGCAACCACATGGTGGCTCACAACCATC 297
R RN N I R R AR AR AR RN
B2_rf 127 gaaggtcaggagttcaaatcccagcaaccac 157
1586126 298 TGTAATGAGATCTGGTGCCCTCTTCTGGTGTGTGTCTGTACTCARATTAA 347
B2 rf 158 157
1586126 348 AAATAGTATGTTTATTTAT 366
B2_rf 158 157

Table 4-9: Global sequence alignment between hairpin 1586126 and B2 sequences

Full length hp1586126 sequence aligned to sequence corresponding to a B2 inverted repeat
composed of an antisense and sense B2 sequence. Matrix: EDNAFULL; Gap penalty: 10;
Extension penalty: 0.5.
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2155182 1
B2 fr 1
2155182 50
B2_fr 46
2155182 100
B2 fr 79
2155182 150
B2 _fr 79
2155182 200
B2 fr 79
2155182 250
B2 fr 79
2155182 300
B2 fr 79
2155182 350
B2 fr 79
2155182 400
B2_fr 105
2155182 441
B2_fr 155

Table 4-10: Global sequence alignment between hairpin 2155182 and B2 sequences

AAGCAGGGCTGGAGAGATGGCTCAGTGGCTAAGAGCA-CCGACTGCTCTT

COCECPE-CEPEEEE T EEEE e TRy

gggctggtgagatggctcagtgggtaagagcacccgactgctctt
CCAGAGGTCCTGAGTTCARATCCCAGCAACCACATGGTGGCTCACAACCA
N R R R AR R AR AR AR

ccgaaggtcaggagttcaaatcccagcaaccac--~~-------------~-

TCTGTAATGGGATCCGATGCCCTCTTCTGGTGTGTCTGAAGACAGCTACG

ATTACAGATGGTTGTGAGCCACCATGCGGTTGCTGGGATTTGAACTCACA

A PEEEEEEE PP -

———————————————————————— ngtggttgctgggatttgaactectg

ACCTTCAGAAGAGCAGT-TGGTGTTCTT-~~~---- AACCATCTCTCCAG

FEEEEE PP T AR R RN

accttcggaagagcagtcgggtgctcttacccactgagccatctcaccag

ccc 443

cce 157

49

45

99

78

149

78

199

78

249

78

78

349

78

104

440

164

Full length hp2155182 sequence aligned to sequence corresponding to a B2 inverted repeat

composed of a sense and antisense B2 sequence.

Extension penalty: 0.5.

Matrix;: EDNAFULL; Gap penalty: 10;
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4.9 Supplementary Tables

4.9.1 Predicted targets for three known miRNAs

Symbol Description Score

Nup210 Nuclear pore membrane glycoprotein 210 -1.0609
Precursor

Wdhd1 WD repeat and HMG-box DNA-binding protein 1 -0.846

OTTMUSG00000002043 hypothetical protein LOC217122 -0.8349

Dmrtb1 Doublesex- and mab-3-related transcription -0.7809
factor B1

4732454E20Rik Protein FAM26D -0.7775

Entpd6 ectonucleoside triphosphate diphosphohydrolase -0.7693
6

Sart1 U4/U6.U5 tri-snRNP-associated protein 1 -0.7617

5830411G16Rik Late secretory pathway protein AVL9 homolog -0.7576

Trpm1 Transient receptor potential cation channel -0.755
subfamily M member 1

Bcl2111 Bcl-2-like protein 11 -0.7433

Ccdc114 Coiled-coil domain-containing protein 114 -0.7323

Pla2g4e Cytosolic phospholipase A2 epsilon -0.7283

Arl5c ADP-ribosylation factor-like protein 5C -0.7199

Treh Trehalase Precursor -0.7169

Nmnat1 Nicotinamide mononucleotide -0.7073
adenylyltransferase 1

2610002MO06Rik Charged multivesicular body protein 1b-2 -0.6989
(Chromatin-modifying protein 1b-2)

N4bp2I2 NEDD4-binding protein 2-like 2 -0.6949

Dhx33 Putative ATP-dependent RNA helicase DHX33 -0.6864

EG619597 galactose-3-O-sulfotransferase 2-like -0.6753

[115ra Interleukin-15 receptor subunit alpha Precursor -0.6722

Nek4 Serine/threonine-protein kinase Nek4 -0.6674

KIf8 Krueppel-like factor 8 -0.652

Taf4b TAF4B RNA polymerase I, TATA box binding -0.648
protein (TBP)-associated factor

9030617003Rik UPF0317 protein C140rf159 homolog, -0.6355
mitochondrial Precursor

Slc25a44 Solute carrier family 25 member 44 -0.6283

Table 4-11: Predicted targets of mature miRNA miR-24
Top 30 targets for synergistic repression by mir-24. Scores for the lowest (best) scoring transcript
were retained in cases where the same gene was targeted repeatedly.



Chapter 4: Identifying novel microRNA markers in muscle 166
Symbol Description Score
TIr3 Toll-like receptor 3 Precursor (CD283 antigen) -0.9796
A530053G22Rik Putative uncharacterized protein -0.974
Htr1a 5-hydroxytryptamine receptor 1A (Serotonin receptor 1A) -0.9585
Zdhhc20 Probable palmitoyltransferase ZDHHC20 -0.9424
2810405J04Rik  Protein FAM98A -0.9085
Syradb STEZ20-related kinase adapter protein beta -0.8749
Rap2c Ras-related protein Rap-2c Precursor -0.8686
DmxI1 DmX-like protein 1 (X-like 1 protein) -0.8627
Atp11c Probable phospholipid-transporting ATPase 11C -0.8471
Tnrc6b Trinucleotide repeat-containing gene 6B protein -0.8187
Dock4 Dedicator of cytokinesis protein 4 -0.8075
Pgr15l G protein-coupled receptor 15-like -0.7802
0 tet oncogene family member 2 -0.7778
AK220484 cDNA sequence AK220484 [Source:RefSeq -0.7648
peptide;Acc:NP_001077097]
Clgn Cailmegin Precursor -0.7407
Nab1 NGFI-A-binding protein 1 (EGR-1-binding protein 1) -0.7308
Ptgs2 Prostaglandin G/H synthase 2 Precursor -0.7292
Plod2 Procollagen-lysine,2-oxoglutarate 5-dioxygenase 2 -0.7219
Precursor

Tigd4 Tigger transposable element-derived protein 4 -0.7202
Mab21I1 Protein mab-21-like 1 -0.7179
Thnsl1 Threonine synthase-like 1 -0.7096
Lancli1 LanC-like protein 1 (p40) -0.7073
Rps6kab Ribosomal protein S6 kinase alpha-6 -0.7039
Ulk1 Serine/threonine-protein kinase ULK1 -0.7018
Cdk8 Cell division protein kinase 8 -0.6953

Table 4-12: Predicted targets of mature miRNA miR-26a
Top 30 targets for synergistic repression by mir-26a.

Scores for the lowest (best) scoring

transcript were retained in cases where the same gene was targeted repeatedly.
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Symbol Description Score
AA409316 Protein FAM83H -0.8651
C230095G01Rik Transmembrane protein 72 -0.8481
Arid3a AT-rich interactive domain-containing protein 3A -0.7857
Mobp Myelin-associated oligodendrocyte basic protein -0.7135
Nrm Nurim (Nuclear rim protein) -0.678
Mid1 Midline-1 -0.6639
Sec1412 SEC14-like protein 2 -0.6484
Sstr3 Somatostatin receptor type 3 -0.6398
2610019A05Rik STE20-related kinase adapter protein alpha -0.6294
9830107B12Rik RIKEN cDNA 9830107B12 -0.6231
Lfng Beta-1,3-N-acetylglucosaminyltransferase lunatic fringe -0.6217
Pde4d cAMP-specific 3',5'-cyclic phosphodiesterase 4D -0.6187
Trim71 Tripartite motif-containing protein 71 (Lin-41 homolog) -0.6078
Tmem136 Transmembrane protein 136 -0.6029
Asah3l Alkaline ceramidase 2 -0.5996
Zfp488 Zinc finger protein 488 -0.5767
Smek1 Serine/threonine-protein phosphatase 4 regulatory -0.5652
subunit 3A

Serpinb5 Serine Protease inhibitor 5 (Maspin) -0.5643
Crb2 Crumbs homolog 2 Precursor -0.5631
Hapin3 Hyaluronan and proteoglycan link protein 3 Precursor -0.5574
Bhmt2 Betaine--homocysteine S-methyltransferase 2 -0.5571
Bmf Bcl-2-modifying factor -0.56523
Odf2 Outer dense fiber of sperm tails protein 2 -0.5477
A330008L17Rik Putative uncharacterized protein -0.5446
Grk4 G protein-coupled receptor kinase 4 -0.5431

Table 4-13: Predicted targets of mature miRNA miR-351

Top 30 targets for synergistic repression by mir-351.

transcript were retained in cases where the same gene was targeted repeatedly.

Scores for the lowest (best) scoring
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Fold on
miRNA name Array

Best Probe

Best Probe Location

Myf5 Targeting

miRNA Hairpin Location (incl.

Variant nSites sumScores |200nt padding)

mmu-mir-206

3049115

566131
2659205
2788691
3005642

127082
1621227
2366902
3146230

611475
1291182
1102575
1586126
1163346

892058
2155182
1434202

>200 ESMu_95
50 28 ESMu_11347
4118 ESMu_13874
38 13 ESMu_2883
15 18 ESMu_12309
14 64 ESMu_9313
13 18 ESMu_12442
10 86 ESMu_3637
8 63 ESMu_8962
7 24 ESMu_3055
7 07 ESMu_11332
6 94 ESMu_6065
6 76 ESMu_4939
4 80 ESMu_8944
4 59 ESMu_3350
453 ESMu_10736
363 ESMu_1595
2 05 ESMu_4249

chr1 20664168-20664227(+)
chr12 81641421-81641480(-)
chr17 29362689-29362748(+)
chr2 168003116-168003175(-)
chr14 44670775-44670834(-)
chr10 62728895-62728954(-)
chr14 59433959-59434018(+)
chr3 100439159-100439218(+)
chrX 91185563-91185622(-)
chr2 181570940-181570999(-)
chr12 81393387-81393446(+)
chr6 117843484-117843543(+)
chr5 31732628-31732687(+)
chrX 90438458-90438517(+)
chr3 66077618-66077677(+)
chr11 101036342-101036401(+)
chr1 63114894-63114953(-)
chr4 115649900-115649959(+)

49

96

QO NN NWHAWW_LEBDPRWON-=S-

-0 2548 Control Probe
-0 3743 chr12 81641206-81641696(-)
-0 5443 chr17 29362521-29363074(+)
-0 906 chr2 168002559-168003492(-)
-1 0583 chr14 44670530-44671080(-)
-1 0764 chr10 62728657-62729353(-)
-1 0583 chr14 59433713-59434263(+)
-0 1509 chr3 100438904-100439391(+)
-1 1084 chrX 91185385-91186201(-)
-1 1827 chr2 181570484-181571216(-)
-1 4449 chr12 81392854-81393738(+)
-1 2292 chr6 117843200-117844066(+)
-1 1534 chr5 31732402-31733232(+)
-2 0809 chrX 90438024-90438789(+)
-1 1884 chr3 66077374-66078160(+)
-1 159 chr11 101036034-101036628(+)
-1 4301 chr1 63114383-63115225(-)
-1 3472 chr4 115649695-115650243(+)

Table 4-14 Data used to guide selection of Myf5 targeting hairpin for validation
Putative mIRNAs with more than 2 fold upregulation are shown Predicted Myf5 targeting scores were generated according to the Targetscan

algonthm
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5.1 Overview of findings

In the work composing this thesis, several findings of value were identified. The
primary aim, identifying transcripts to be prioritized for marker development in stem cell
and developmental contexts, was pursued using protein coding transcripts and nucleotide
transcripts as frameworks. Results from the protein coding analysis (Chapter 2) yielded
insights in to functions of transcripts behaving like markers in differentiated derivatives
of stem cell data in the data set. Furthermore, consideration of the entire set of transcripts
fitting the model of marker genes identified several homologous families of protein
coding transcripts, perhaps hinting at fundamental conservation of processes used in the

maintenance of stem cells.

Chapters 3 & 4 explored the potential of transcripts yielding noncoding RNAs as
their primary products in their potential as stem cell or developmental markers. The
unique and novel contribution in Chapter 3 demonstrated that EST data can be used to
improve future ncRNA prediction algorithms. As devising ncRNA prediction algorithms
remains an active field, this knowledge can be incorporated into work conducted in the
near future. Chapter 4 used this knowledge to investigate ncRNA potentials as markers
during myogenic differentiation. The results derived there identified candidates as novel
miRNAs and incidentally revealed the possibility of B2 SINE element mediated
regulation of transcripts during myogenic regulation — a mechanism previously

unreported in this process.
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5.2 On markers related to stem cell and development
5.2.1 Difficulty in defining markers of ‘stemness’

The analyses of protein and nucleotide markers in Chapter 2 and Chapter 4
identified a common theme with the difficulty in obtaining information with regards to
undifferentiated or embryonic stem cells. The difficultly of identifying universal markers
for undifferentiated stem cells — thought to be markers of ‘stemness’ — is a known
challenge (Cai et al., 2004a; Evsikov and Solter, 2003; Ramalho-Santos et al., 2002;
Vogel, 2003). Current knowledge assigns the capability of stemness induction to several
factors — none of which act as solitary factors of stemness — such as Oct3/4, Sox2, K14,
c-Myc, Nanog, and Lin-28 whose expression can induce de-differentiation of fibroblasts
into induced pluripotent stem cells (iPS cells) (Okita et al., 2007; Takahashi et al., 2007;
Takahashi and Yamanaka, 2006). The discovery of a single ‘stem cell factor’ has thus far

remained elusive.

In attempts to identify any unusual combination of active gene functions or
signaling pathways in the stem cell state, Gene Ontology functions of aggregated markers
were analyzed, in particular while generating data for Table 2-3. Despite having several
distinct pairs of undifferentiated and differentiated cell types in the data set, biologically
functional terms to describe active transcripts in undifferentiated cells could not be
identified, implying that no overtly unusual biological activity takes place in stem cells.
For example, no bias towards enrichment in transcription factor activity was seen, as one
would expect according to a model where cells are being poised for conversion to a
differentiated cell state. On the other hand, an increase in significance for genes

associated with the extracellular region was observed in transcripts upregulated during
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differentiation in pairs of stem-cells and derivates in our data set. Functionally, this may

be associated with enhanced requirements for intracellular signaling.

The observations in this study do not exclude identifying specific markers of
multipotent states on a tissue-by-tissue basis. For example, the methods in Chapter 2 re-
identified the known c-Kit transcript as a marker of c-Kit Lin"Sca-1"(KLS) hematopoietic
stem cells and mast cells, both of which express this antigen at high levels (Challen et al.,
2009; Drew et al., 2002). The analysis in Chapter 2 associated also associated some
transcripts with specific expression in previously unreported environments. For example,
high expression of Serpina3g was also associated with hematopoietic stem cells and mast
cells. Following the publication of our analysis (2007), an independent group
subsequently associated expression of this protein with the trabecular bone region of bone
marrow where the hematopoietic niche is found (Mizukami et al., 2008; Zhang et al.,
2003). With time, one would expect that additional individual markers predicted in this
thesis can be assigned to specific stem cell related roles. More recently, in 2009 a group
studying HC11 mammary stem cell-like cells built upon the results of this study
(Williams et al., 2009). By specifically addressing the mammary stem cell system,
differential mRNA and protein expression levels were examined and associated with
genes from all four protein superfamilies described in Chapter 2 (Cytochrome P450
members, nuclear receptors, Rab GTPases, and serpins). Williams ez al. also reported a
particular example involving the Rab family of GTPases, where expression two Rab
members decreased with mammary stem-cell like differentiation while many other
homologs were activated. Whether these types of cases represent ancestral gene

duplications and divergences for stem cell associated functions remains a problem to be
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addressed in the future.

Similarly to the results from the GO analysis of protein coding transcripts,
conclusions from examining non-coding transcripts imply that in general, miRNAs
responsible for ‘stemness’ are not extensive. Despite assaying for approximately 300 and
1500 putative miRNAs predicted to be associated with differentiating myoblasts and
embryonic stem cells, respectively, predictions associated with the ES cell state were not
observed as robustly or often as candidates defined as myogenic in nature. In fact, only 4
hairpins with 10-fold higher expression were observed in ES versus myoblast, a result
unlikely due to physical problems with the RNA derived from the ES cell derived RNA,
as 3 out of the 4 probes with strongest signals were known ES miRNAs used as positive
controls. What makes the lack of signals for novel miRNAs in the ES samples notable is
that the number of candidates predicted for ES samples greatly outnumbered those
predicted for myoblasts, yet did not yield a proportionally greater number of small RNAs

expressed.

However, the lack of expression observed in our set of putative ES miRNAs
correlates well with another independent study which was conducted in parallel. In 2008,
the results of an unbiased sequencing project were published, exploring the abundances
of small RNAs, including miRNAs, in human ES cells and differentiated embryoid
bodies (Morin et al., 2008). This large scale RNA sequencing effort identified numerous
known and unknown putative miRNAs exhibiting differential expression between human
ESCs and associated embyroid bodies, including many that were downregulated while
maintaining robust expression in both (Morin et al., 2008). Amongst those detected by

Morin et al. were human miRNAs known to be positively associated with stemness or
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proliferative cell populations such as hsa-mir-302a/b (Card et al., 2008; Lee et al., 2008;
Lin et al., 2008), hsa-mir-21 (Chan et al., 2005, Iorio et al., 2005; Yanaihara et al., 2006),
and hsa-mir-221/222 (Cardinali et al., 2009). With regards to novel miRNAs, this study
was only able to identify 104 potentially novel miRNA sequences, all of which were
detected at levels of expression approximately 3 orders of magnitude lower than other
known miRNAs associated with pluripotent human cells. These results are despite a
sequence read depth of 5-6 million reads from each of the hES and hEB libraries.
Together, the demonstrated difficulties in detecting novel ES miRNAs in this study and
that of Morin et al. (2008), both using independent miRNA prediction methods and
organisms, suggest that most, if not all, miRNAs with strong expression and activity in

mammalian ES cells have been identified.

Nevertheless, the lack of identifying novel ES related miRNAs may reflect
inherent properties of miRNAs. A model that employs miRNAs to help transcriptional
changes occur during cellular processes (e.g. differentiation) is more parsimonious than
making the assumption that they help maintain static pluripotent cell states by
suppressing production of differentiation factors. Mir-145, for example, fits the former
model as it was recently identified as a key molecule responsible for inhibiting hESC
self-renewal capacity, specifically by reducing Oct4, KIf4 and Sox2 protein levels (Xu et
al., 2009). Furthermore, the latter assumption (that miRNAs are specifically used to
maintain a cell state) deteriorates when considering that embryonic stem cells deficient in
components of the miRNA processing pathway such as DGCRS8 and Dicer display
aberrations in differentiation and proliferation but nevertheless are still able to persist

(Kanellopoulou et al., 2005; Murchison et al., 2005; Wang et al., 2007b). Dicer null ES
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cells are even able to continue embryonic development until establishment of a body plan
during gastrulation is required (Bernstein et al., 2003). Though evidence suggests that
miRNAs are dispensible for self-renewal and potency, it is conceivable that miRNAs are
critical when cells need to integrate signals from different cells in their immediate
environment. The difficulty in identifying novel ES-related miRNAs and the ability to
dispense with miRNA processing in ES culture until the point of gastrulation might imply
that miRNAs are part of a basic strategy generally required for higher order cellular

organization.

5.2.2 Implications of sea urchin in stem cell research

Exploring the properties of transcripts differentiatially expressed in differentiating
cells identified protein coding genes with significant sequence identity (Section 2.4.5).
Several protein coding genes were identified as members of larger families of duplicated
genes, and individual phylogenetic analyses of the separate families suggested that in all
cases divergence occurred at the purple sea urchin, Strongylocentrotus purpuratus. This
observation has twofold implications. It suggests that the sea urchin might be an
appropriate model organism for certain aspects of stem cell research, and it also implies

that mechanisms active in various mammalian stem cell types are conserved.

The recent sequencing of the sea urchin genome provided many possible uses for
it as a model organism (Sodergren et al., 2006). It contains representative genes of nearly
all gene families found in vertebrates, orthologs of many genes involved in animal
sensory functions such as vision, hearing and balance, and of medical relevance orthologs
of numerous human disease related genes. The overall number of orthologs between sea

urchin, mouse, and human is higher than what is found in Ciona intestinalis, a chordate



Chapter 5: General Discussion 176

more closely related to mammals and thus an organism that is used to model vertebrate
systems (Satoh et al., 2006; Sodergren et al., 2006). The sea urchin genome also has
representatives from 97% of human protein kinase subfamilies while containing lower
numbers of kinases in absolute numbers and most kinase families having only one
member in the urchin (Sodergren et al., 2006). The low numbers of paralogs decrease the
chance of genetic redundancies being present. Wnt signal transduction pathway
components are also highly represented with the urchin containing homologs for over
95% (Croce et al., 2006) and significant conservation in Wnt target transcription factors
(Howard-Ashby et al., 2006). Thus, the sea urchin can reasonably be believed to contain
significant overlap with signal transduction pathways in higher vertebrates while

simultaneously reducing genetic redundancy in signaling pathways.

Asymmetric division of stem cells to produce both self-renewing populations and
commited derivative daughter cells relies on mechanisms employed during embryonic
development when cells fated for different lineages are created (Morrison and Kimble,
2006). The sea urchin embryo undergoes asymmetric divisions at an earlier timepoint
than higher animals: the 4-cell blastomere stage yields four macromeres and four
micromeres. The sea urchin micromeres containing specific expression of Vasa protein
(Voronina et al., 2008), which is required for germline cell development in mice and
Drosophila (Styhler et al., 1998; Tanaka et al., 2000). However, it is thought that Vasa
expressing sea urchin micromeres form early stem-cell progenitors that are fated to
produce larval and adult somatic cells, not primordial germ cells (Voronina et al., 2008).
More puzzling are observations of cells in Platynereis dumerilii (A segmented worm)

which contain Vasa and other stem-cell specific proteins — these cells are thought to have



Chapter 5: General Discussion 177

dual potential to produce germ and somatic stem cells (Rebscher et al., 2007). These
developmental differences suggest that the study of urchin embryogenesis might
illuminate how evolutionary processes created mechanisms of pluripotent cell

specification between stem cells dedicated to germline stem cells and somatic functions.

At a higher level, the urchin also may be a potential model for work relating to
hematopoiesis. In mammals, hematopoiesis involves RUNX family members; all three
of which have been involved in the development and formation of various tissues and
cancers (Braun and Woollard, 2009). The urchin contains two Runt homologs which
exhibit no overlapping expression (Braun and Woollard, 2009; Fernandez-Guerra et al.,
2006), and one copy is throught to be associated with proliferating cells (Robertson ¢t al.,
2002). The isolated expression of sea urchin Runt copies potentially reduce the
possibility of encountering genetic redundancy, especially in light of the fact that all three
mammalian Runt copies interact with the same binding partner (Braun and Woollard,
2009). As all the three mammalian Runx members are involved in establishing
hematopoietic cell populations from ES cells and also in mature hematopoietic
populations for differentiation of platelets, T-cells and B-cells (Braun and Woollard,
2009; Growney et al., 2005; Ichikawa et al., 2004; Okumura et al., 2007), it is possible
that S. purpuratus may develop into an appropriate model to study Runt activity in the
development of hematopoietic systems and provide insights applicable to higher

organisms.

Ultimately, the viability of urchin usage as a model system depends several
factors including the conservation of mechanisms to controlling cellular potency and the

capacity to breed stable genetic backgrounds in the organism. Given the degree of
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overlap between the S. purpuratus genome and those of higher organisms (Sodergren et
al., 2006), the data presented in this thesis suggests that some cases may be identified

where sea urchin can model particular mammalian stem cell systems.

5.3 Contributions to ncRNA prediction
5.3.1 Utility of Expressed Sequence Tag data

In Chapter 3 it was shown that the addition of EST data to ncRNA prediction
protocols can augment support for predictions thus generated. This is an important
contribution on several counts. The first aspect is demonstrating that including even
general purpose high-throughput biological data into a computational project can have
dramatic influence on outcomes. This can possibly be attributed to the modification of a
purely computational analysis into one that is fundamentally more experimental. The
fact that the analyis was presented in a linear fashion here, beginning from computational
RNA predictions and then adding EST data is a trivial distinction. The analysis could
have instead pursued the objectives in reverse order. For example, myogenic ESTs could
have been identified and ones with probable RNA hairpins in the vicinity could have
been selected for the microarray. Therefore, this method essentially converted the initial
computational analysis into one that was firmly rooted in experimental data. The
literature has numerous examples of purely computational projects that perform analyses
without including some basic experimental data and/or biological assumptions. Including
biologically based data could be the cause of the increased quality seen when considering

the genome-wide set of known miRNAs.

Secondly, the potentially increased validation rates exhibited in Table 3-2 show

that experimental validation of miRNAs, and by analogy other ncRNAs, can be doubled
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in the case of examining small RNA high-throughput sequence data. This point is of
practical importance for the efficiency of bench work, but more fundamentally provides
further support for the argument put forth above. The data from the EST supported small
RNA library sequences illustrate quite concisely the benefit of using primary
experimental data in a bioinformatic project. In this special case, the data is based on not
one but two separate experimentally generated data sets — EST sequences and small RNA
sequencing fragments — and the increase in relative precision rates reflects the additional
support derived from these two tangible sources. The other two analyses conducted in
parallel (Using the RNAfold and RNAz techniques) investigated computational RNA
structural predictions, and though the results were conclusive, they were not as dramatic
in a practical sense as when using the Illumina data. This doubly supported miRNA
prediction protocol clearly highlights the benefit of working within a single coherent
model (miRNA biogenesis) and saturating it with as much biological data as practicable.
It also hints at a potential synergistic effect of using multiple sources of high-throughput
data. With time, this last point may be examined on a broad scale as appropriate data is
generated by the scientific community and continues to accumulate, becoming available

for computational re-analysis by others.

Lastly, illustrating that existing EST data can be reused for ncRNA prediction
obviously increases their value in the future. These results, together with the importance
continually demonstrated towards ncRNAs by the scientific community, counters the
perception of ESTs as a superceded technology and encourages their continued
generation. This work therefore has the potential to spur groups focusing on ncRNA

research to construct new EST libraries for that explicit purpose, which by extension will
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be made publicly available for re-interpretation by researchers investigating other topics
such as the structure of protein coding RNAs and transcriptome mapping. As well, this
additional EST data may be used to investigate the synergistic effects observed in
miRNA predictions when combining multiple biological sources of data. It is also
possible that EST sequence libraries can be generated with alternative primers (e.g. non-

polyT) that are selective for subsets of transcripts.

5.3.2 Lack of characterized miRNA motif

Both computational and experimental approaches are complicated by the lack of a
characterized motif that can be used to determine whether a RNA hairpin will produce

mature, functional miRNA.

There have been numerous attempts to characterize properties of miRNA hairpins
in primary transcripts. Detailed examinations of the landscape of binding energy
throughout RNA hairpins (Han et al., 2006), number and patterns of bound bases within
the hairpins (Saetrom et al., 2006), as well as several complex machine learning
approaches — some with hundreds of variables (Helvik et al., 2007) — have been pursued
to try and identify some informative details which can separate hairpins what will
produce pre-miRNAs (or mature miRNA) from those that will not. The closest
repeatable observation is that miRNA hairpins have lower than average binding energy
((Bonnet et al., 2004; Brameier and Wiuf, 2007; Freyhult et al., 2005) and this study),
which is likely due to the simple requirement for dsRNA in their structures. The need for
improved motifs to identify ncRNAs is underscored by the increasing ability to perform

whole-genome scans for RNA structures. A previous study identified approximately 11
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million hairpins in the human genome® (Bentwich et al., 2005). The magnitude of these
predictions is comparable with the results of our raw human genome (hg18) scan, which
yielded ~33 million hairpins prior to applying structural screens. Since the
implementation of whole genome scans is now attainable by research groups with
computational resources of intermediate size, repetition of analysis such as these will

soon become more frequent along with examination of structural RNAs.

A definitive miRNA profile could potentially resolve this difficult issue. Over
1300 RNA families have been defined according to sequence alignments and
evolutionary models in the Rfam database (Gardner et al., 2009), and as miRNAs have
distinct hairpin structures and show interspecies conservation, the development of a
universal model which incorporates sequence and structural alignments with sequence
covariation seems to be a logical and desireable goal. Indeed, the need for a universal
model is notable given that numerous separate profiles for individual miRNAs have been

defined in the Rfam database.

A model to describe miRNA bearing hairpins might define recognition sites for
for RNA processing at either the level of DGCRS8/Drosha or Dicer, or both. However,
the Dicer cleavage event seems to depend only on mechanistic recognition of RNA
duplexes with an overlapping ‘sticky’ terminus followed by cleavage at a fixed distance
from that end (Macrae et al., 2006). In contrast, observations that miRNA flanking

regions are required for miRNA excision suggest that a motif might exist outside of the

* The published methods report that 1 kb sequence windows, overlapping by 150 bases, were used to
identify these sequences This implies that a method such as RNAfold was used instead of a method like

RNALfold The latter was used in this thesis
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pri-miRNA hairpin proper (Han et al., 2006; Zeng and Cullen, 2005). These studies have
suggested that unpaired sequences in the flanking regions are required for pre-miRNA
excising. Our current understanding is that most previous searches for ‘miRNA motifs’
have been based on pre-miRNA sequences from the Sanger mirBase (Griffiths-Jones et
al., 2006), which generally include some pre-miRNA flanking sequence (i.e. flanking a
Drosha/DGCRS site) but upon visual inspection of database records it appears that no
systematic method to determine the number of nucleotides to include has been employed.
Future attempts to designing profiles to distinguish mature miRNA producing hairpins
from those that do not should therefore consider flanking regions in a methodical way,
potentially by aligning sequences based on DGCR8/Drosha cleavage points. Once a
miRNA hairpin profile is designed, cleavage of pri-miRNA transcripts with the motif
present, absent, or in various positions, can be tested by simply observing shifts in the

sizes of pre-miRNAs yielded.

5.3.3 Novel muscle ncRNAs and their potential biological roles

The majority of novel ncRNAs identified and validated in Chapter 4 provide
evidence for novel miRNA expression during myogenic differentiation. Their
demonstrated specific expression in in vitro cultures of myoblasts imply that the novel
miRNA hairpins have possible activity during this process, and therefore may act as
markers in certain contexts within this environment. In addition, this study investigated
the functional roles of two of the most highly expressed RNA hairpins, revealing possible

non-miRNA ncRNA involvement during myogenesis.

The novel miRNAs contribute towards understanding factors involved during the

differentiation of cycling myoblasts, at a time point where expression of Myf5, Pax7, and
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Pax3 are reduced. The miRNAs expressed at this developmental stage might interact
with these transcripts or with upstream factors controlling their expression. Out of the
three genes, Myf5 and Pax3 are known to be targeted by miRNAs. MyfS is
downregulated by several miRNAs, but in a neuronal context (Daubas et al., 2009).
During the progress of this work, Pax3 was shown to be targeted by miRNA-27b during
embryogenesis and in muscle models (Crist et al., 2009). To our knowledge, miRNA
targeting of Pax7 has not been shown, but curiously intramuscular injections of miRNA-
1, -133, and -206 can upregulate Pax7 along with other myogenic markers, accelerating
regeneration (Nakasa et al., 2009). This continual accumulation of evidence for miRNA
based regulation of myogenic genes suggests that deeper miRNA involvement in these
processes will be found. Future work examining the expression patterns of miRNAs
throughout myogenic differentiation is required to infer target mRNAs. The observations
of additional muscle miRNAs in this work support the need to characterize additional
myogenic miRNAs beyond those known in the extensively investigated triplet of mir-1,

mir-133 and mir-206.

5.3.4 Potential of B2 RNA activity during myogenic differentiation

It was found that two of the miRNA-like hairpins with predicted Myf5 repression
in fact were able to repress Myf5 transcript levels, but data regarding their size and
sequence homology raise the possibility that they are acting like B2 SINE (Short
Interspersed Nuclear Elements) sequences to repress transcription. In addition, pairwise
sequence analysis between inverted B2 repeats and both hairpins sequence showed that
regions with B2 homology were capable of forming extensive dsRNA regions within the

context of larger unbranched dsRNA hairpins (Figure 4-6). Compensatory mutations in
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both RNA hairpins maintain base pairing, strongly suggesting that a conserved

requirement for RNA hairpin structures exists in these two regions.

The mouse and human genomes are comprised of approximately the same
proportion of genomic repeats at approximately 40-45% (Waterston et al., 2002).
Interestingly, SINE elements in the human genome are dominated by the Alu repeat
while the mouse genome contains several classes of repeats. Despite the different
composition, similar types of repeats have accumulated in orthologous regions of both
organisms. In comparison with local GC composition, the densities of mouse SINEs are
better predictors of human Alu densities in corresponding genomic regions; meanwhile
the density of Alu in human is best correlated with occurrence of the homologous mouse
B1 element which is derived from a common ancestral sequence (Quentin, 1994;
Waterston et al., 2002). On the other hand, murine B2 SINE elements are related to
tRNA genes (Daniels and Deininger, 1985) and are generally transcribed by RNA Pol I1I,
but can also reside within classical pre-mRNA transcripts, and thus can also be
transcribed by RNA Pol I (Li et al., 1999; Sakamoto and Okada, 1985). B2 clements
also exhibit constitutive expression in a wide variety of tissues and are best known by
their induction as part of mammalian responses to heat shock (Li et al., 1999), viral
infection (White et al., 1990; Williams et al., 2004), and chemotherapeutics (Rudin and
Thompson, 2001). They are therefore used to elicit large-scale transcriptional responses
to external signals. However, in contrast to simply being a passive defense mechanism,
evidence suggesting that B2 SINE elements exert important effects on cell biology during

normal conditions is accumulating.

The trans-acting function of B2 and Alu elements via direct interference with
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RNA Pol II transcription in likely their best known function (Allen et al., 2004b; Mariner
et al., 2008). This trans-acting activity can be used to explain the behaviour observed
when examining the two Myf5 repressing RNA hairpins identified in differentiating
myoblast. The transcriptional blocking function of B2 operates at the pre-transcriptional
level: When present during preinitiation complex assembly in in vitro reconstitution
experiments, B2 RNA can interact with RNA Pol II and inhibit the formation of
functional initiation complexes (Espinoza et al., 2004). This transcription blocking
activity can itself be inhibited by the addition of antisense oligonucleotides that block B2
(Allen et al., 2004b), further linking the effects to B2 RNA being present in the system.
In addition, murine B2 RNA can repress RNA Pol II transcription in both human and
mouse systems (Allen et al., 2004b; Espinoza et al., 2004). Despite the apparent presence
of B2-like RNAs in the microarray experiment, transcription of the mir-206 control
miRNA was observed. Myf5 1s required for mir-206 expression (Sweetman et al., 2008),
arguing against observing a simple generalized inhibition of RNA Polymerase II
transcription by the two hairpins with B2 homology, suggesting that they may play a

more complex roles than simply RNA Pol II inhibitors.

Adding to a proposed function in C2C12 cells, B2 SINE elements, like other
functional RNAs, can be polyadenylated to extend their lifetimes (Borodulina and
Kramerov, 2008). The B2 SINE elements contain variable poly(A) tails which are
postranscriptionally added and can extend up to 200nt (Borodulina and Kramerov, 2008).
These modification can affect their half lives, as polyadenylated B2 RNAs have shown to
extend to over 6 hours as compared with approximately 40 minutes for unpolyadenylated

counterparts. The variability of free B2 SINE lifetimes suggests that some level of
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control over periods in which trans-acting SINE mediated responses function exists.

As previously mentioned, trans-acting B2 RNAs are associated with general heat
shock and cellular trauma. The inference from this is that B2 is therefore a systemic
blocker of transcription, but many transcripts, specifically those upregulated during heat
shock such as hsp70, are exempt from the blocking effects of B2 RNAs. While the
system governing which batteries of transcripts are selectively downregulated by this
process has not been elucidated, the estimates of the number of B2 SINE copies in the
mouse genome range between 100 and 350 thousand (Krayev et al., 1982; Waterston et
al., 2002). It is therefore possible that some B2 RNAs have evolved differential affinities
for RNA Pol II or other polymerase complex subunits and thus have different
propensities to control different subsets of transcripts, including during regulated
transcriptional changes during growth and differentiation. Curiously enough, there is
interplay between Alu repeats, heatshock, and miRNA activity in muscular tissues. Heat
shock induced transcription of Alu repeats by RNA Pol III occurs prior to HSP70 protein
induction (Liu et al., 1995), however it is unknown whether HSP70 induction is
dependent on Alu activity. Once heat-shock transcripts are induced, the muscle tissue
miRNA mir-1 represses HSP60 and HSP70 production post-transcriptionally to control
their protein levels in rat ventricular cells under both native conditions and under
oxidative stress (Xu et al., 2007). This appears to be evidence of a more intricate system
relating miRNAs, small ncRNAs, and general control of transcription via heat-shock like

responses.

In terms of gross skeletal functions, impaired regenerative capacity in aged

skeletal muscles has been associated with deficiencies in heat shock protein (HSP)
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production (McArdle et al., 2006). Most critically, it has been shown that the application
of heat stress can increase the number of Pax7 positive satellite cells in uninjured rat
skeletal muscle, enhancing general protein synthesis and regeneration following
cardiotoxin induced muscle injury (Kojima et al., 2007). The molecular mechanism
linking elevated HSPs to increases in Pax7" cells during this process is unclear.
However, it is known that depletion of cytoplasmic B2 RNAs can prolong the S phase of
rat hepatocytes and in turn prolong their growth phases (Crone et al., 1999). Given that
the entry of proliferating myoblasts into myogenic differentiation is sensitive to the stage
of the cell cycle (Kitzmann et al., 1998), it is conceivable that B2 SINE elements might

be involved in the control of this process.

5.3.5 B2 SINE elements as contributors to miRNA evolution

There is a possibility that the B2 SINE elements expressed in myoblasts represent
intermediates in the evolution of novel ncRNAs. All models of miRNA generation
during evolution necessarily require a source of RNA hairpins, regardless of whether they
arise from pre-existing RNA hairpins, such as B2 RNAs, or by chance from completely
random sequences. Once the expression of regions with dSRNA forming potential is
established, evolutionary forces to shape miRNA-target interactions can refine their
function. Repetitive sequences such as B2 SINEs can provide this source of regions with
dsRNA potential, which in turn form novel pri-miRNA sequences if expressed. While
this repeat associated process has been implicated in the formation of some mammalian
miRNAs (Smalheiser and Torvik, 2005), a model of miRNAs arising through the
adaptation of random RNA hairpins has also been proposed (Svoboda and Di Cara,

2006). The argument for this generalized mechanism which includes RNA hairpin
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adaptation is supported by the ability of the Dicer and Drosha ribonucleases to cleave
dsRNAs with various sequences. The inability to find a strict consensus sequence for
either of these enzymes (or their parent complexes) may be indicative of such an
evolutionary mechanism operating. Furthermore, relative importance of the small 6-8nt
‘seed sequence’ within mature miRNA on target recognition (Brennecke et al., 2005b)
indicates that a very small number of mutations are needed to further refine miRNA
targeting once a random RNA hairpin is expressed in a desirable or evolutionarily

fortuitious context.

A third alternative method of miRNA genesis assumes a model where the
evolutionary source of miRNA hairpin sequences are the target genes themselves. In
Arabidopsis, the creation of miRNAs targeting specific genes has been linked to the
production of inverted duplications of target gene sequences (Allen et al., 2004a).
However, generating the possibility of parallel repression of numerous target transcripts
by a single miRNA is difficult to explain with this model, unless multiple target genes

mRNAs have sequence identity to facilitate establishment of this effect.

Another aspect of evolutionary interplay between transposable repeat sequences,
miRNAs, and miRNA targets can be shown using a case of a cluster of miRNAs found in
the human genome. On chromosome 19 lies a large cluster of miRNAs exhibiting RNA
Pol III dependent transcription using Alu as an upstream promoter element (Borchert et
al., 2006). In this case, the entire cluster of miRNAs, spanning approximately 100kb, is
interspersed by Alu repeats on the anti-sense strand. Both miRNAs and Alu elements can
be transcribed by RNA Pol IlI. Furthermore, and perhaps most intriguingly, is the

observation of RNA Pol III termination sequences (TTTT) in the 5° arms of the miRNAs.
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Since the negative strand Alu repeats terminated at these overlapping sites contain
sequences of the miRNAs themselves, the authors propose that Alu RNAs might provide
a source of novel miRNA target sites if retrotransposed into sequences of unrelated
coding genes. Indeed, independently conducted computational analyses do show that Alu
elements residing within gene transcripts can supply miRNA targeting sites for many
well characterized miRNAs (Smalheiser and Torvik, 2006). This mechanism potentially

explains how expansion of miRNA-target interactions might occur.

Returning to the question of miRNA biogenesis, if the possibility that B2 SINEs
are indeed intermediates in miRNA evolution is considered, two questions can be
addressed using a system that considers muscle associated B2 SINE element and/or
miRNAs. If an evolutionary process is occurring, myogenically expressed B2 SINEs can
be expected to have 1) greater than expected sequence similarities to each other as
compared with B2 SINE sequences in general, or 2) greater than expected similarity to
other key myogenic transcripts. Data to address both problems could be collected
through isolation and cloning of myogenically expressed B2 fragments followed by

massively parallel sequencing of the resulting library.

The first point, that myogenic B2 elements are expected to have similarity to each
other, could result due to duplication of genomic regions containing both B2 sequences
and sequences that promote myogenic expression. It is known that B2 SINE elements
can occasionally provide mobile Pol II promoters, permitting transcription of genomic
locations that were previously not translated (Ferrigno et al., 2001). Therefore, it is
possible that duplication of myogenically expressed SINE elements can occur as long as

selective pressures on the integration event are positive or neutral. In cases where
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myogenically expressed B2 SINEs are duplicated by this mechanism and retained,
descendant copies would likely be myogenically expressed as well. The consequence of
this process is that the duplicated B2 SINE sequences have high identity to each other
and thus could be observed as a distinct clade on a phylogenetic tree of murine B2 SINE

elements.

The second point, regarding myogenically expressed B2 SINE hairpins having
greater identity to myogenic transcripts, would be the most direct evidence to show that
evolution of B2 SINE elements into miRNAs occurring. The expectation is that some
convergence between sequences in B2 SINE elements and myogenic transcripts requiring
repression is occurring and that this effect can be observed as lower than average edit
distances between the B2 RNA sequences and muscle related transcripts as compared
with B2 sequences in general. These observations would be a compelling example of

evolution in action.

5.4 General conclusions

Despite developing knowledge of genomic sequences and annotations describing
their landscape, the functions of most biological components remain little understood.
Painstakingly converting genomic data to usable knowledge by serially analyzing
individual components is impractical; thus, generating high-throughput data sets and
methods to strategically analyze them are required. This work fulfills this function in two

major areas: protein coding gene transcriptomics and non-coding RNA prediction.

The methods developed herein can be generalized to situations other than those

presents. The marker detection algorithm applied against mRNA expression data can be
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applied against quantitative data describing the abundance of any molecules, such as
protein fragments, ncRNAs or even metabolites. The observed association between EST
data and miRNAs can be extended to the analysis of other ncRNAs that are
polyadenylated and cleaved. In addition, the demonstrated approach of integrating
predicted RNA structures with sequencing data to interpret RNA sequencing data can be
reapplied to future RNA-seq experiments which are technologically current. This method
also produced several novel miRNAs with expression in differentiating myoblasts,

representing potential markers of differentiation during this process.

Finally, the analysis of outlier putative miRNAs expressed in a myogenic system
revealed data to suggest the involvement of B2-RNA mediated transcriptional control
during myogenic differentiation. This analysis also raised the possibility that expressed
B2-RNA hairpins represent intermediates in miRNA evolution, which is a hypothesis that

needs to be evaluated for future investigation.
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7.1 Miscellaneous Figures
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Figure 7-1: Clec2d is an example of a ribozyme with supporting EST evidence

A: Figure of a ribozyme embedded in the Clec2d 3'UTR as published in Martick et al., 2008
(Martick et al.). B: Layout of the Clec2d 3'UTR region showing a cluster of ESTs terminating in
proximity of the ribozyme cleavage site (Indicated by the black triangle in both panels).



